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This thesis examines the suitability of analytical infrastructure for decision support in organi-

zations with limited dedicated analytics capacity. The study uses an integrated mixed-methods 

design combining semi-structured interviews with a controlled TPC-H benchmark. The inter-

views identify organizational requirements, infrastructure and data flows, resource con-

straints, and priorities shaping architectural suitability. The benchmark evaluates analytical 

performance across three database configurations: a normalized OLTP schema with col-

umnstore indexing, a dimensional OLAP schema with columnstore indexing, and a dimen-

sional OLAP schema with rowstore indexing. 

 

The findings show that architectural suitability depends on technical performance alongside 

factors such as competence, data movement, coordination, maintainability, and analytical re-

quirements. The benchmark shows that the columnstore-indexed OLTP configuration per-

formed comparably to the dimensional columnstore configuration for many analytical queries, 

while some join-intensive workloads favoured the dimensional schema. 

 

By interpreting benchmark performance in relation to the organizational requirements identi-

fied through the interviews, the study shows that integrated HTAP-oriented architectures may 

be suitable under some conditions, while separated OLAP architectures remain advantageous 

where workload or organizational requirements justify them. The study contributes to Infor-

mation Systems research by demonstrating how organizational requirements, resource 
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constraints, and technical performance can be considered together when assessing analytical 

infrastructure for decision support. 
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1 Introduction 

1.1 Background 

Business intelligence and analytics (BI&A) systems are used to transform organizational data 

into information and insights that can support decision-making. A recent literature review by 

Ain et al. (2025), synthesizing 173 BI&A studies published between 2000 and 2024, describes 

decision support as a central purpose of these systems and examines their success through 

outcomes extending beyond the technical operation of the system itself. BI&A also has a di-

rect conceptual relationship with the Information Systems field of decision support systems 

(DSS). Phillips-Wren et al. (2021) argue that BI&A can be understood as part of the broader 

DSS research tradition. They classify BI&A and DSS publications into four categories: “con-

ceptual framework, design & implementation, business value & organizational use, and cog-

nition & decision making” (Phillips-Wren et al., 2021, p.4). Analytical infrastructure is there-

fore relevant to Information Systems not merely because it processes data, but because it 

forms part of the arrangements through which data are made available for organizational deci-

sion-making (Ain et al., 2025; Phillips-Wren et al., 2021). 

The ability to get value from analytics, however, cannot be reduced to access to analytical 

technology. Gupta and George (2016) define big data analytics capability “as a firm’s ability 

to assemble, integrate, and deploy its big data-specific resources” (p.1049). Their framework 

distinguishes between tangible resources, including data, technology, time, and investment; 

human resources, including technical and managerial skills; and intangible resources, includ-

ing a data-driven culture and organizational learning. This multidimensional view remains in-

fluential in more recent research. Huynh et al.’s (2023) systematic review of the big-data ana-

lytics capability literature similarly treats analytics capability as an organizational capability 

composed of multiple complementary elements rather than as the possession of a particular 

technological artefact. Recent empirical IS research further supports the importance of this 

complementarity: Abubakar et al. (2025) found that business-analytics capabilities and the 

competencies of key personnel jointly contribute to the development of a data-oriented culture 

and subsequent organizational outcomes. Taken together, these studies provide a basis for dis-

tinguishing analytical technology from the broader organizational capacity to use and sustain 

it (Gupta & George, 2016; Huynh et al., 2023; Abubakar et al., 2025). 

This distinction is important to the concept of resource constraints used in this thesis. Here, 

resource constraints do not refer exclusively to financial limitations or to a particular category 

of firm size. Instead, the term refers to limitations in the resources and capabilities that can be 

dedicated to establishing, operating, and maintaining analytical decision support. Depending 

on the setting, these may include limited specialist competence, personnel, time, technical ca-

pacity, organizational readiness, or financial resources. This definition is consistent with the 

multidimensional view of analytics capability described by Gupta and George (2016) and 

Huynh et al. (2023). It is also consistent with contemporary research on BI adoption. Al-

Daraba et al. (2025), in a systematic review of 68 studies published between 2015 and 2024, 

identify organizational readiness, compatibility, complexity, management support, and 
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perceived ease of use among recurrent determinants of BI adoption. Their review therefore 

shows that the conditions surrounding an information system remain relevant alongside the 

characteristics of the technology itself. 

Research on small and medium-sized enterprises provides one particularly visible example of 

such constraints, but it does not exhaust the phenomenon studied here. Justy et al. (2023) in-

terviewed 35 respondents at 32 SMEs. They conclude that firms with fewer in-house data 

skills, no clear strategy for using data, and a culture resistant to it were the least likely to 

adopt analytics. Difficulties finding vendors or staff, and problems with data volume or qual-

ity mattered less by comparison. Earlier SME research has likewise examined BI adoption as 

the result of combinations of technological, organizational, and environmental conditions ra-

ther than firm size alone (Puklavec et al., 2018). These studies remain useful to this thesis be-

cause they demonstrate how constrained analytical capacity can affect the feasibility of ana-

lytics initiatives. However, this thesis does not use the formal SME category as its population 

boundary. Instead, it focuses on organizational settings in which the resources that can be 

dedicated to analytical work are limited relative to the analytical requirements that must be 

supported. SME research is therefore treated as evidence concerning one form of resource-

constrained setting, rather than as a basis for assuming that resource constraints are unique to 

small firms. 

Once analytical capability is understood in this way, the design of analytical infrastructure be-

comes more than a question of selecting the technically fastest database configuration. Infra-

structure determines how organizational data are stored, transferred, prepared, and made 

available for analysis, and different architectural choices can place different demands on the 

organization that operates them. Foundational empirical IS research by Ariyachandra and 

Watson (2010) demonstrates this relationship directly in the context of data warehousing. 

Their survey of 400 organizations found that architecture selection varied with organizational 

conditions and that whether the warehouse was seen as strategic infrastructure or as a short-

term solution had the most consistent effect on which architecture was chosen. Their results 

do not imply that technical characteristics are irrelevant, but they do demonstrate that archi-

tecture selection cannot be understood solely as a technical optimization problem. This con-

tinues to align with more recent BI research in which compatibility, complexity, and organi-

zational readiness remain recurrent factors affecting whether analytical systems can be 

adopted and used (Al-Daraba et al., 2025). Architectural suitability can therefore be under-

stood as a question of fit between what an analytical infrastructure provides and what an or-

ganization is able and needs to support (Ariyachandra & Watson, 2010; Al-Daraba et al., 

2025). 

One important architectural issue concerns the relationship between transactional and analyti-

cal processing. A table can be read along two dimensions: rows and attributes. Song et al. 

(2024) describe Online Transaction Processing (OLTP) and Online Analytical Processing 

(OLAP) as reading along these dimensions in opposite ways. Transactional work is narrow in 

rows and wide in attributes. Analytical work is the reverse. Song et al. (2024) treat this differ-

ence as the reason the two workload types require different optimizations. Transactional data-

bases are commonly designed to support frequent operational updates, whereas analytical en-

vironments are designed for read-intensive decision-support workloads. Fotache et al. (2026) 

tested this assumption under TPC-H workloads and found the opposite of what the conven-

tional trade-off predict: higher normal forms produced faster query execution and higher rates 

of successful query completion than lower normal forms even though lower normal forms re-

quire fewer joins. The distinction between OLTP and OLAP therefore reflects different 
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workload requirements rather than merely different labels for database systems (Song et al., 

2024; Fotache et al., 2026). 

A conventional response to these different requirements is to maintain operational and analyt-

ical processing in separate environments. In this arrangement, data generated by operational 

systems are transferred to an analytical environment where they can be prepared and queried 

for decision-support purposes. Extract-Transform-Load (ETL) processes have traditionally 

provided this connection. Separation allows transactional and analytical environments to be 

structured and optimized for their respective workloads, but the architecture also requires the 

organization to operate the process through which data are transferred and transformed. Song 

et al.’s (2024) recent survey of Hybrid Transactional/Analytical Processing characterizes tra-

ditional ETL as a time-consuming process and explains that periodic ETL can limit the fresh-

ness of the data available for analysis. The same survey notes that OLTP and OLAP have sub-

stantially different access patterns and optimization demands, which explains why simply 

combining the workloads is not technically trivial. Separation therefore offers genuine tech-

nical advantages, but it also creates an additional boundary that must be managed between op-

erational data generation and analytical use. 

The demands associated with such infrastructure are not limited to machine resources. Data 

warehousing research has long shown that organizational resources and competence affect im-

plementation outcomes. Wixom and Watson’s (2001) survey of 111 data warehouse projects 

found that resources and user participation predicted success with both organizational and 

project-level implementation issues, and that team skills predicted project-level success but 

not technical success. Source systems quality and development technology quality predicted 

technical implementation success (Wixom & Watson, 2001). Although the technological 

landscape has changed substantially since that study, contemporary BI research continues to 

identify organizational readiness, compatibility, complexity, and human or organizational 

conditions as relevant to system adoption and use (Al-Daraba et al., 2025). The older data-

warehousing evidence is therefore not used here to describe the specific tools of current ana-

lytics environments, but to establish a persistent IS concern: analytical infrastructures depend 

on organizational work, skills, and coordination in addition to database technology. 

This relationship is particularly relevant where dedicated analytical capacity is limited. A sep-

arated architecture may provide an analytically optimized environment, consolidated data, and 

workload separation, while simultaneously requiring an organization to sustain an additional 

analytical environment and the processes connecting it to operational systems. Whether these 

requirements constitute a meaningful burden cannot be determined from the architecture 

alone; it depends on the resources available and on what the organization actually needs from 

its analytical infrastructure. An organization that requires complex historical analysis across 

several source systems may derive substantial value from separation, while an environment 

with different analytical requirements may place greater value on reducing data movement or 

infrastructure complexity. These possibilities should therefore be treated as conditions to in-

vestigate rather than assumptions made in advance. The relevant IS question is therefore not 

whether integration or separation is universally preferable. Ariyachandra and Watson (2010) 

show that data warehouse architecture selection depends on organizational conditions while 

Song et al. (2024) show that no single database architecture performs best across all workload 

conditions. 

Hybrid Transactional/Analytical Processing (HTAP) has developed in response to some of the 

limitations of strict transactional–analytical separation. Song et al. (2024) describe HTAP as 

running transactional and analytical workloads inside one system which removes the ETL 
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step that would otherwise move data into a separate analytical environment and allows analyt-

ical queries to run on recently written data. Their survey also emphasizes, however, that inte-

gration creates its own technical challenges. OLTP and OLAP have different access patterns 

and execution requirements, and an HTAP system must manage issues such as workload in-

terference, data formats, resource isolation, and query execution. More integrated processing 

should consequently not be treated as an uncomplicated replacement for dedicated analytical 

systems. It represents an alternative architectural design with a different combination of po-

tential advantages and trade-offs (Song et al., 2024). 

One technological development that makes this question particularly relevant is the use of 

column-oriented storage structures for analytical workloads. Column-oriented processing can 

reduce the amount of unnecessary data accessed by queries that scan many records but require 

only selected attributes, making it relevant to analytical processing. Modern HTAP architec-

tures consequently employ combinations of row- and column-oriented structures in different 

ways to reconcile transactional and analytical requirements (Song et al., 2024). At the same 

time, recent empirical research suggests that assumptions about database structure and analyt-

ical performance should not be taken for granted. Fotache et al. (2026), examining different 

degrees of normalization in decision-support databases using TPC-H workloads, note that em-

pirical evidence on the performance implications of normalization in decision-support sys-

tems remains limited. Their results challenge a simple assumption that reducing joins through 

greater redundancy necessarily improves analytical performance, since the additional data 

volume can itself impose performance costs. Although their comparison does not answer the 

architectural question examined in this thesis directly, it demonstrates that the relationship be-

tween database design and decision-support performance remains empirically relevant rather 

than theoretically settled (Fotache et al., 2026). 

The resulting architectural decision therefore contains both an organizational and a technical 

dimension. Organizational evidence is needed to establish what analytical infrastructure must 

support: the kinds of decisions for which data are used, the required freshness of that data, the 

nature of the analytical workloads, the difficulties associated with current infrastructure, and 

the resources and criteria that shape feasible alternatives. Technical evidence is then needed to 

establish how candidate architectures actually perform when subjected to analytical work-

loads. Either form of evidence on its own provides only part of the assessment. Practitioner 

accounts can identify organizational requirements and constraints but cannot establish the 

comparative query performance of alternative database configurations. Conversely, a con-

trolled benchmark can establish performance differences but cannot determine whether those 

differences are important enough to justify the additional organizational requirements associ-

ated with a particular architecture. This distinction follows the broader IS position that BI&A 

involves design and implementation as well as organizational use and decision-making, and 

the empirical finding that architecture selection is affected by organizational context (Phillips-

Wren et al., 2021; Ariyachandra & Watson, 2010). 

This thesis addresses analytical infrastructure under resource constraints through these two 

interdependent perspectives. Semi-structured interviews are used to investigate how practi-

tioners describe analytical decision support, existing infrastructure and data flows, current 

constraints, and priorities when analytical capacity is limited. These findings establish the or-

ganizational requirements and conditions against which architectural suitability can be inter-

preted. A controlled TPC-H benchmark then compares the analytical performance of an inte-

grated, HTAP-oriented configuration with dedicated analytical configurations. The bench-

mark is not intended to determine architectural suitability independently. Instead, its perfor-

mance evidence is interpreted in relation to the organizational requirements and constraints 
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established through the interviews. Architectural fit is therefore the common object of the 

study: the interviews establish what an appropriate analytical infrastructure must accommo-

date, while the benchmark evaluates one important technical dimension of whether the tested 

architectural alternatives can do so. 

Because the study combines organizational and database-architectural concepts, Table 1.1 

summarizes the central technical terms used throughout the thesis. 

Table 1.1: Key concepts and technical terms used in this thesis 

Term / 

Abbreviat-

ion 

Meaning Use in this thesis 

Analytical 

infra-

structure 

Systems and processes that 

make organizational data 

available for analysis and 

decision support 

Refers to the technical arrangements through 

which data are stored, prepared, transferred, 

and made available for reporting and analysis. 

Architectural 

fit 

Suitability of an architec-

ture in relation to its con-

text of use 

Refers to how well an analytical architecture 

matches organizational requirements, re-

source constraints, and relevant technical per-

formance characteristics. 

Resource 

constraints 

Limitations in resources 

and capabilities available 

for analytical work 

Refers specifically to limitations in dedicated 

analytical capacity, including relevant human, 

organizational, technical, and financial re-

sources, as defined in Section 1.1. 

DSS Decision Support System An information system that provides infor-

mation or analytical support for human organ-

izational decision-making. 

OLTP Online Transaction Proces-

sing 

Processing associated primarily with opera-

tional activities involving frequent transac-

tions, inserts, updates, and retrieval of rela-

tively small amounts of data. 

OLAP Online Analytical Proces-

sing 

Processing associated primarily with analyti-

cal workloads such as aggregation, reporting, 

and analysis across larger volumes of data. 

HTAP Hybrid Transactional/Ana-

lytical Processing 

An architectural approach designed to support 

transactional and analytical processing within 

a closely integrated database environment. 
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HTAP-ori-

ented 

Architecture incorporating 

characteristics associated 

with HTAP 

Used for the integrated configuration evalu-

ated in this thesis. It is described as HTAP-

oriented because the benchmark evaluates an-

alytical performance but does not test simul-

taneous transactional and analytical work-

loads. 

ETL Extract, Transform, Load A process in which data are extracted from 

source systems, transformed into a suitable 

form, and loaded into another environment, 

commonly an analytical database or data 

warehouse. 

TPC-H TPC Benchmark H A standardized decision-support benchmark 

containing a defined schema, generated data, 

and analytical business-oriented queries. 

3NF Third Normal Form A normalized relational design form intended 

to reduce redundancy and certain data-modifi-

cation anomalies. 

Star schema Dimensional schema 

structure 

An analytical data model in which a central 

fact table is connected to dimension tables 

containing descriptive information. 

Columnstore 

index 

Column-oriented index-

ing/storage structure 

Stores or indexes values by column rather 

than primarily by row and is designed to sup-

port efficient analytical processing over se-

lected attributes and large numbers of records. 

1.2 Problem Formulation 

The suitability of analytical infrastructure cannot be determined solely by technical perfor-

mance. Research on analytics capability shows that organizations depend on combinations of 

technological resources, human skills, and organizational capabilities to make effective use of 

analytics (Gupta & George, 2016; Huynh et al., 2023). Research on data warehouse architec-

ture also indicates that architectural choices are influenced by organizational conditions such 

as available resources and IT capability (Ariyachandra & Watson, 2010). This means that a 

technically strong architecture may still be unsuitable if it requires resources or competencies 

that an organization cannot realistically provide. 

This issue becomes particularly relevant in settings with limited dedicated analytical capacity. 

Conventional separation between transactional and analytical processing can provide work-

load isolation and structures optimized for decision support, but it also requires data 
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movement, transformation, maintenance, and coordination between operational and analytical 

environments. More integrated HTAP-oriented approaches may reduce some of these de-

mands by bringing transactional and analytical processing closer together, although this can 

introduce technical trade-offs in performance and workload management (Song et al., 2024). 

The central problem is therefore not simply whether an integrated architecture can execute an-

alytical workloads, nor whether organizations experience limitations in their current analytical 

infrastructure. Rather, the problem is how technical performance should be interpreted in rela-

tion to the organizational requirements and resource constraints that shape architectural suita-

bility. Organizational studies can identify what organizations need from analytical infrastruc-

ture and what limits their ability to sustain it, but they cannot determine the comparative per-

formance of specific database configurations. Conversely, controlled benchmarks can demon-

strate performance differences, but cannot establish whether those differences are meaningful 

in a particular organizational context. 

This thesis addresses this problem by combining semi-structured interviews with a controlled 

TPC-H benchmark. The interviews identify analytical requirements, current infrastructure, 

constraints, and priorities, while the benchmark provides technical performance evidence for 

integrated and separated database architectures. The two forms of evidence are subsequently 

interpreted together in order to assess architectural fit for analytical decision support under re-

source constraints. 

1.3 Research Question 

RQ1: How do organizational requirements and resource constraints shape the suitability of 

analytical infrastructure for decision support? 

RQ2: How do benchmarked performance differences between integrated HTAP-oriented and 

separated OLAP architectures inform their suitability under the conditions identified in RQ1? 

1.4 Purpose 

The purpose of this thesis is to assess the suitability of analytical infrastructure for decision 

support under resource constraints by integrating organizational requirements with technical 

evidence on database architecture performance. Through semi-structured interviews, the study 

identifies how organizational requirements, existing infrastructure, and resource constraints 

shape what organizations with limited dedicated analytics capacity need from their analytical 

infrastructure. These findings establish the conditions against which architectural suitability is 

assessed. 

A controlled TPC-H benchmark is then used to compare the analytical performance of an in-

tegrated HTAP-oriented database architecture with separated dedicated OLAP alternatives. 

The integrated architecture is represented by a normalized OLTP schema enhanced with col-

umnstore indexing, while the separated analytical architecture is represented by dimensional 

OLAP schemas using both columnstore and rowstore indexing. The benchmark is not treated 

as an independent evaluation of architectural suitability. Instead, its results are interpreted in 

relation to the requirements and constraints identified through the interviews. By combining 
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these two forms of evidence, the study aims to assess when a more integrated analytical archi-

tecture may constitute a suitable alternative to a separated analytical environment, and under 

which conditions the advantages of a dedicated OLAP architecture remain important. 

1.5 Delimitations 

In this thesis, analytical decision support is delimited to the use of data, reporting and analyti-

cal information to inform human organizational decision-making. This corresponds to the 

broader BI&A and decision-support literature, which treats analytical systems in relation to 

the production and use of information for decision-making (Phillips-Wren et al., 2021; Ain et 

al., 2025). Automated decision-making systems and the performance of machine-learning or 

artificial-intelligence models are therefore outside the scope of the study. 

For the purposes of this thesis, resource constraints are delimited to limitations in the re-

sources and capabilities that can be dedicated to analytical work, rather than being operation-

alized through organizational size. This delimitation is informed by analytics-capability re-

search that conceptualizes capability in terms of multiple technological, human and organiza-

tional resources (Gupta & George, 2016; Huynh et al., 2023). 

The architectural assessment is further delimited to relational database architectures and the 

degree of separation between transactional and analytical processing. RQ2 consequently con-

cerns an integrated HTAP-oriented relational architecture in relation to a separated dedicated 

OLAP architecture. Alternative database paradigms, including NoSQL systems, data lakes, 

and distributed big-data platforms, are outside the architectural scope of the study. 
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2 Literature Review 

2.1 Decision Support and Analytical Capability in Information Sys-
tems 

Business intelligence and analytics (BI&A) is an established research area within Information 

Systems. Chen et al. (2012) published an MIS Quarterly special issue on this topic and de-

scribed how the technology has developed through several generations. They also state that a 

BI&A project does not succeed based on technology alone. Projects also need people who un-

derstand the business and can communicate, and they see this combination of technology and 

business as a reason why IS departments should study the area. 

Sharma et al. (2014) criticize two assumptions that are often taken for granted. Firstly, that 

better insights from data automatically lead to better decisions and that large amounts of data 

therefore lead to a large effect on the business. Secondly, that an organization can get value 

from analytics without changing anything else about how it works. They argue that the latter 

assumption failed for earlier technologies where both enterprise systems and knowledge man-

agement systems only delivered benefits after organizations changed their processes and 

structures too. Instead, Sharma et al. (2014) describe the path from data to value in three 

stages: (1) data to insight, (2) insight to decision, and (3) decision to value. Each stage can fail 

on its own (Sharma et al., 2014). In the first stage, they argue that an insight is not something 

a tool produces on its own. Before raw data turns into an insight, analysts and managers have 

to work on it together, and what determines how well that goes depends on the decision-mak-

ing structures and routines that already exist in the organization.  

Grover et al. (2018) note that it is still not clear how often big data analytics projects succeed 

and how much value they actually create. Their framework therefore has two separate pro-

cesses. One for building analytics capability and one for realizing value from it (Grover et al., 

2018). This separation is important because it means that simply buying and installing tools is 

only the first step, and value does not automatically follow. 

Other studies point in the same direction. Popovic et al. (2012) surveyed 181 medium and 

large organizations and found that more mature BI systems mainly improved access to infor-

mation, but access itself had no significant effect on whether the information was actually 

used in business processes. What did affect utilization was the organization’s analytical deci-

sion-making culture, meaning how used the organization is to basing decisions on data (Popo-

vic et al., 2012). Chen et al. (2015) found that value creation is connected to the actual use of 

analytics rather than simply having the technology, and that organizational readiness only af-

fects use indirectly through support from top level management. Corte-Real et al. (2017) 

found that analytics affect performance through knowledge management and organizational 

agility. 

Bozic and Dimovski (2019) interviewed respondents from nine medium and large organiza-

tions. According to their respondents, an organization ideally wants analysts who have both 

technical and business competence in one and the same person, but such people are difficult 

to find. The technical staff that organizations manage to hire tend to have their education in 

purely technical fields such as computer science, statistics, or mathematics rather than 
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business (Bozic & Dimovski, 2019). Because of this, they can work with the data, but strug-

gle to say what it means for the organization (Bozic & Dimovski, 2019). The organizations in 

the study therefore handle this through how they design their teams: a team is comprised of 

both technical members and business managers (Bozic & Dimovski, 2019). In other words, 

they solve the problem by hiring more employees. 

Looking at these studies, we can draw two conclusions. Firstly, two organizations can have 

the same tools and still get different results because the results also depend on whether the or-

ganization has both technical and business competence. Secondly, the solution described 

above, i.e. hiring one person of each kind, only works for organizations that can afford it. The 

studies above cover medium and large organizations that can often afford this. This is a gap 

that this thesis addresses.  

The choice of analytics infrastructure is not only a technical question but also an organiza-

tional one, and IS research has tested this. Ariyachandra and Watson (2010) studied how or-

ganizations choose data warehouse architecture. They found that the three factors that best 

predicted the choice were how strategically the organization viewed the system, how many 

resources it had, and how capable it believed its own IT staff to be. Factors such as infor-

mation interdependence between units and executive sponsorship only affected the choice in-

directly through the strategic view (Ariyachandra & Watson, 2010). Their research model 

only contained organizational factors so it cannot show that technical factors are not im-

portant. But it does show that organizational factors have considerable weight in a decision 

that is often treated or perceived as technical. March and Hevner (2007) describe decision-

support infrastructure as layers where each layer depends on the layers below it. Two of their 

points are especially relevant here. Firstly, that “effective integration decisions can only be 

made by those thoroughly familiar with the domain ontologies both internal and external to 

the business system” (March & Hevner, 2007, p.1041), in other words by people who know 

what the data means in the context of the business. Secondly, they place end-user training and 

support among the challenges of the use layer, i.e. the layer where the system is actually used. 

From these two studies, we can draw a conclusion that the choice of architecture also decides 

which in-house skills the organization must have, and an organization can choose an architec-

ture that requires more skills than it has in practice. 

The rest of this literature review builds on this in two steps: sections 2.2 and 2.3 examines 

what actually limits analytical capabilities in organizations with limited dedicated analytics 

capacity and whether it is the same limitations these organizations report themselves. Then, 

sections 2.4 to 2.7 examines which architectural response follows from this limitation and 

how it can be tested. 

2.2 Analytical Capacity as the Binding Constraint: Cost, Compe-
tence, Capability 

Tsiu et al. (2025) conducted a systematic review of 93 studies on data mining and business 

intelligence (BI) in SMEs on a global level, published in recent years (2014 to 2024). These 

tools allow SMEs to analyze large volumes of data resulting in competitive advantages 

through the discovery of actionable insights and competitive advantage (Tsiu et al., 2025). 

Kgakatsi et al. (2024) reviewing the same 93 studies report a similar finding: that big data 

adoption in SMEs is accompanied by measurable gains “in operational efficiency, revenue 

generation, and competitiveness”. Because the two reviews share a corresponding author and 
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identical underlying study data, what may look like an independent confirmation of two dif-

ferent papers agreeing is actually more of a one research group agreeing with itself. 

Maroufkhani et al. (2020) working on a separate sample of SME survey data document simi-

lar advantages, specifically in financial and marketing performance. 

Tsiu et al. (2025) also quantify the advantages across different performance dimensions 

ranked by certainty of evidence: with high certainty, BI utilization is associated with an aver-

age of 15% revenue growth and a 20% improvement in risk management outcomes; with 

moderate certainty, a 10% increase in customer retention, an 8% mean difference in new 

product success rates, a 12% mean difference in process completion times, and a 1.8 risk ratio 

for improved decision-making quality; and with low certainty, a hazard ratio of 1.5 for faster 

market adaptation through data mining. These findings suggest that financial and risk out-

comes are the biggest advantages of analytics in SMEs. However, Champa and Segall (2026) 

complicate this. In their review, only a quarter of the studies reported no cost savings at all, 

and when savings did appear, they were rarely why the firm had invested in the first place. 

The value they did find was concentrated elsewhere: 69% of the reported outcomes had to do 

with how firms plan and decide, not with what they save (Champa & Segall, 2026). The two 

reviews aren’t fully comparable since Tsiu et al.’s (2025) numbers are effect-size estimates 

while Champa and Segall’s (2026) are proportions of studies reporting a given outcome. Still, 

this suggests that SMEs may get financial returns like Tsiu et al.’s (2025) 15% revenue 

growth mostly as a byproduct of perhaps making better strategic decisions rather than because 

cost reduction was ever the goal. This might also explain why cost is the most common rea-

son that SMEs give for not adopting analytics even though it turns out to be one of the smaller 

benefits once they do adopt it (Champa & Segall, 2026). 

The difference between owning analytics tools and getting value out of them has a name in IS 

research: analytics capability. Cosic et al. (2015) argue that it is capabilities rather than the 

technology itself that likely give a firm an advantage. In their framework, capability arises 

when tools are combined with the firm’s people, culture, and governance, and it is that spe-

cific combination competitors struggle to copy. Mikalef et al. (2018) reviewed 84 studies on 

this and found that the research says a lot about which resources a firm needs but very little 

about how firms actually combine them. For an organization with no dedicated analytics staff, 

this is the hard part. 

Kgakatsi et al. (2024) describes financial limitations as a “major hurdle” along with limited 

technical knowledge, cultural resistance to change, and low technological maturity. However, 

two other studies disagree about the financial limitations. Caldeira and Ward (2002) studied 

12 Portuguese manufacturing SMEs and found that financial limitations did not emerge as the 

primary barrier to adoption. It was rather the top management’s attitude towards IS/IT and the 

in-house IS/IT skills that separated the most successful firms from the least successful. Liu et 

al. (2020) had similar findings from a UK manufacturing sample where cost was noted as a 

barrier, but only half of the respondents were even aware that big data analytics even existed. 

Gupta and George (2016) explain that this pattern keeps coming back. They define big data 

analytics capability as a “firm’s ability to assemble, integrate, and deploy its big data-specific 

resources” (Gupta & George, 2016, p.1049). In their model, three kinds of resources are 

needed at the same time: tangible resources like data, technology, money, and time; human 

skills, both technical and managerial; and intangible resources, meaning a data-driven culture 

and a habit of organizational learning. The point is that these do not substitute for each other. 

A firm can have all the data and technology in the world and still get nothing out of it if no-

body knows what to do with it, or if decisions are made on a gut feeling anyway. Justy et al. 

(2023) conducted 35 interviews at 32 SMEs and found that internal factors such as mismatch 
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between business strategy and IS, shortage of analytics skills, lack of data-driven culture, hurt 

adoption more than external barriers such as shortage of specialized service providers or 

skilled labor.  

This matches what Gupta and George (2016) predict: what organizations were missing were 

the human and intangible resources, and those are exactly the ones that a firm cannot just buy. 

Champa and Segall (2026) offer possible explanations for this pattern rather than treating it as 

settled. One is that the literature itself may be skewed: vendor-funded studies have reasons to 

emphasize growth stories over savings. Another explanation is that whatever savings BI does 

produce are spread out and hard to trace back to the system so they go unreported. Even with 

this insight, both old and new evidence suggests that competence and organizational readiness 

is the real constraint rather than cost alone even though cost is still the most mentioned bar-

rier. 

This shift away from cost also shows up outside of the SME literature too: Ain et al. (2019) 

reviewed 111 BI studies and found that most research focuses on organizational and IS-re-

lated factors while human factors have been largely ignored even through user resistance, low 

motivation, and missing technical skills keep appearing as the real reasons why systems suc-

ceed or fail. Al-Daraba et al. (2025) back this up at the firm level: across their review of 68 

studies, top management’s support is the most commonly cited reason BI adoption succeeds, 

ahead of any purely technical factor. They also found that adoption is best explained by sev-

eral factors synergizing, for example technological, organizational, environmental, and indi-

vidual, rather than by any of them in isolation. Stjepic et al. (2021) mostly agree but add a 

complication. In their survey of 100 Croatian SMEs, what predicted BI adoption was whether 

the firm had enough people, skills, and resources, and whether its data was in order. The prop-

erties of the technology itself barely mattered. But support from top management did not mat-

ter either in their results, which contradicts both Caldeira and Ward (2002) and Al-Daraba et 

al. (2025). So, the studies agree that the obstacle is organizational but not on exactly which 

part of the organization it sits in. 

This does not mean that resource constraints do not matter. It just changes what kind of re-

source is actually missing. Champa and Segall (2026) draw a line between access gaps and 

outcome gaps. Obtaining the tools is no longer the main problem. The gap that remains is in 

what firms manage to do with them and it appears wherever organizational, cultural, or hu-

man skills are lacking. Chen and Lin (2021) found the same pattern outside of SME-specific 

literature. When surveying 231 Chinese firms they found that a BI system’s driving capabil-

ity, i.e. turning information and knowledge into real decisions and actions, did not produce the 

cumulative effect on firm performance that the earlier stages of the model showed, even 

though a weak direct effect was found. They attributed this to organizational structure and re-

sistance to change rather than weaknesses in the BI system itself. For resource constrained 

SMEs, the takeaway is that analytical capability should probably be built up step-by-step ra-

ther than attempted all at once. A firm might start with cheap and basic descriptive tools lay-

ered onto systems it already has and only move on to predictive or prescriptive tools once 

each step yields real returns (Champa & Segall, 2026). 

The shift from cost to competence is not just a theory but a claim about how SMEs actually 

experience their analytical systems on a day-to-day basis, and the literature gives additional 

related but separate evidence here. Iranmanesh et al. (2023) who surveyed 187 Malaysian 

SMEs found that organizational readiness, i.e. capital, IT infrastructure, analytical skills, and 

staff, affects whether a firm chooses to outsource big data analytics rather than building it in-

house. Firms with lower readiness were more likely to outsource. So according to this 
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literature, outsourcing is the main way resource-constrained SMEs manage these limits, not 

falling back on the systems that they already have. But outsourcing is not always affordable or 

even possible, and the literature does not say what do when they can neither build their own 

in-house systems nor outsource them. A likely answer is that they just use their existing oper-

ational systems for analysis even though those systems were not necessarily built for that. 

Whether or not this actually happens and whether it helps or obstructs, and what SME staff 

themselves see as the real obstacle are questions that the literature cannot answer on its own. 

This is exactly what this thesis’s interviews are meant to find out (RQ1). Only once we under-

stand how SMEs actually experience their current systems does the second RQ make sense. If 

competence and organizational readiness rather than cost on its own are what really limits an 

SME’s ability to run separate analytical infrastructure (OLAP), what kind of database design 

could lower that burden without needing the dedicated staff and infrastructure that separate 

systems have historically required (RQ2)? 

This also decides which organizations this thesis is about. Of Gupta and George’s (2016) 

three resource types, the tangible ones are the easiest to obtain. What tends to be missing is 

the rest, i.e. skills, culture, and data specialists. This thesis is about organizations in that situa-

tion, i.e. organizations where analytical work is done without a dedicated analytics function, 

by people whose main duties are something else, and without in-house data engineering capa-

bilities. Firm size is a sub-optimal way of identifying these organizations. Gupta and George 

(2016) found no meaningful connection between how large an organization is and how good 

it is at analytics. The condition this thesis is interested in can exist inside a unit of a large 

group, and it can be absent in a small firm that happens to have the right people employed. 

Defining the population by size limits like Stjepic et al. (2021) do with headcount and turno-

ver would therefore miss the point. This thesis instead defines its population by capacity: not 

how many employees a firm has but instead whether they have employees who can do this 

work. That is also why RQ2 matters. When there is no one to maintain a data pipeline and no 

one to interpret what comes out of it, every extra system is just one more thing that the organ-

ization cannot really support. 

2.3 Analytical Practice Under Limited Capacity 

Kasiri et al. (2024) interviewed 50 SMEs about what they use to analyze their data. The or-

ganizations ranged from micro (<10 employees), small (<50 employees), and medium (<250 

employees), where the majority were micro (Kasiri et al., 2024). No matter the size, the most 

prevalent tool that was used was spreadsheets, more specifically Excel (Kasiri et al., 2024). 

Other tools such as “Google Analytics, Social Media Marketing, and Email Marketing Sys-

tems” were also widely used (Kasiri et al., 2024). All 50 organizations used at least one of 

seven data- and analytics their study examined (Kasiri et al., 2024).  

 

The organizations mainly pointed out two constraints: expertise and money (Kasiri et al., 

2024). The number of identified constraints did not show a consistent pattern relative to or-

ganization size (Kasiri et al., 2024). However, the type of constraint did correlate to organiza-

tion size: money was most reported in micro organizations while medium organizations re-

ported lack of expertise and were also the ones holding the most data (Kasiri et al., 2024). It is 

worth mentioning that Kasiri et al.’s (2024) study is exploratory and the authors themselves 

state the need for a larger sample of respondents and survey data before causal conclusions 

can be drawn. They note that more research is required to determine whether organization size 

matters.  
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There is a paradoxical choice to make when choosing analytics software between two short-

comings (Coleman et al., 2016). On the one hand, operating a product with real analytical 

power takes a specialist (Coleman et al., 2016). On the other hand, the products that a non-

specialist can operate accomplish less (Coleman et al., 2016). Few products escape this trade-

off and Coleman et al. (2016) include it in their list of what has held analytics adoption back. 

 

The alternative this literature describes is a second system that sits apart from the operational 

ones. In a data warehouse, the data has already been made ready for decision support (Wixom 

& Watson, 2001). Watson and Wixom (2007) assign the work of filling it to a dedicated team 

which has to take data out of the systems that hold it and rework it until decision support can 

use it. They estimate that this stage takes around 80% of the time and effort in a BI project. 

Additionally, it takes knowledge specific to that system, along with coordination, to get the 

data held in those systems (Wixom & Watson, 2001). Across the 111 organizations that re-

sponded to Wixom and Watson’s (2001) survey, there was an association between the rise of 

technical issues and the quality of the source systems and development technology available. 

 

Puklavec et al. (2018) studied what happens when the BI system comes built into the enter-

prise resource planning (ERP) system instead of being bought separately. They describe an 

ERP system “as a business management software that a company can use to collect store, 

manage, and interpret data from many business activities” (Puklavec et al., 2018, p.259).  

Puklavec et al. (2018) surveyed 181 SMEs and measured three stages: evaluating BI, adopting 

it, and using it. Having the BI system built into the ERP was positively associated with all 

three stages (Puklavec et al, 2018). For use, the association holds once the indirect effects run-

ning through the two earlier stages are counted (Puklavec et al., 2018). The reason they give 

is that the integrated arrangement saves work for employees (Puklavec et al., 2018). Employ-

ees only have to learn one single system, nobody has to examine how the organization’s own 

ERP system is built before installing, and preparing the data is simpler because the tools for it 

come with the product (Puklavec et al., 2018). Cost effectiveness was not deemed to be a de-

terminant at all the three stages which the authors interpret as these organizations not being 

sensitive to it rather than as cost efficiency deterring them (Puklavec et al., 2018). 

 

Purchasing analytical SaaS moves the purchase decision away from the IT function (Schnei-

der & Sunyaev, 2016). Schneider and Sunyaev (2016) reviewed 88 empirical studies of IT 

sourcing and coded 625 relationships of which 542 have direct bearing on the sourcing deci-

sion. A single department can also purchase its own account since nothing has to be installed 

on anyone’s machine when the service runs in a browser and a subscription sized for one de-

partment tends to stay inside what its manager is already permitted to spend (Schneider & 

Sunyaev, 2016). Schneider and Sunyaev (2016) call this shadow IT. Whether an organization 

still needs capability of its own is not conclusive in Schneider and Sunyaev’s (2016) material 

because cloud studies disagree with one another on this while the outsourcing studies do not. 

The authors suggest that the disagreement exists because from what is being bought, with thin 

in-house capability drawing organizations toward hosted software while holding them back 

from infrastructure and platform services. 

 

2.4 The Separated Architecture and the Cost of the Gap 

This section aims to connect the limitations described in sections 2.2 and 2.3 to the architec-

tural question that the rest of this chapter examines. The nature of the separated architecture is 
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already covered in the introduction (chapter 1) and in this literature review (chapter 2), so we 

only state its costs and downsides here. The first cost is infrastructure because the organiza-

tion runs a second database along with the ETL process that loads it. March and Hevner 

(2007) place ETL at the stage of a data warehouse project that requires more time and money 

than any other stage does, and Watson (2002) describes it as a reason that some data ware-

housing projects have outright failed. The second cost is delay since analytical queries only 

see what the most recent ETL run returned, and Song et al. (2024) report that such runs “usu-

ally takes minutes to hours” (Song et al., 2024, p.1485).   

The larger cost is competence because a separated architecture requires two kinds of work at 

the same time: (1) someone has to build and maintain the pipeline that moves data out of the 

operational systems, and (2) someone has to know what the data means well enough to decide 

what should be loaded and how the results should be interpreted. Jukic et al. (2017) show how 

much work the first kind is. According to them, ETL is where data warehousing implementa-

tions lose time more often than anywhere else, and what makes it expensive is creating surro-

gate keys and then matching them to incoming records, since every record has to be checked 

against the dimension tables before it can be loaded (Jukic et al., 2017). In their case at the 

Federal Reserve Bank of Kansas City, inserting 200 GB of data took twelve hours under this 

arrangement (Jukic et al., 2017). The two kinds of work are also interconnected and depend-

ent on each other: Jukic et al. (2017) describes that the people using the data, and who may 

need a variable that the schema does not already contain cannot simply just add it since varia-

ble changes the target schema and therefore the ETL, and that change has to be made by who-

ever maintains the pipeline. Wixom and Watson (2001) who surveyed 111 organizations and 

found that the relationship between the two sides affects whether the project succeeds since 

user participation was associated with both organizational and project implementation suc-

cess, and team skills, which they define as covering both technical ability and the ability to 

work with users, were associated with project implementation success. Their sample con-

tained only operational data warehouses so it cannot show what happens when the two sides 

fail to work together with each other. However, it does show that skills and the working rela-

tionship between the technical staff and users are among the factors that separate more suc-

cessful implementations from less successful ones. We conclude something that neither study 

states itself: that what a separated architecture consumes is exactly the human and intangible 

resources that section 2.2, following Gupta and George (2016) identifies as the ones an organ-

ization cannot buy, and an organization without dedicated analytics or in-house data engineer-

ing capacity has to supply both from people whose main duties are something else.  

In section 2.1 we used Ariyachandra and Watson (2010) to show that the choice of data ware-

house architecture is made on organizational grounds. The factors that best predicted which 

architecture an organization chose were the strategic view it took of the warehouse, the re-

sources available to it, and how capable it believed its own IT staff to be. This is what allows 

the two research questions to be treated as one study rather than two separate ones. If architec-

ture selection depends on organizational conditions, then an architecture cannot be assessed 

for a given population without first establishing what those conditions are. RQ1 characterizes 

the conditions through interviews, and RQ2 tests one architecture against them.  
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2.5 The Architectural Differences: Normalization vs. Dimensional 
Modelling 

The choice between normalized and dimensional database schemas reflects a deeper question 

about how organizations structure their information for decision support. Two distinct design 

traditions have shaped how data is organized for different purposes. One originates from 

Codd’s relational model and its emphasis on logical integrity, redundancy control, and data 

independence (Codd, 1970). The other is from Kimball’s dimensional modeling approach and 

its emphasis on analytical simplicity and query performance (Kimball & Ross, 2013). While 

framing this contrast as a direct opposition between Codd and Kimball risks simplifying a 

more nuanced development in database theory and data warehousing practice, it still captures 

a difference in architectural priorities that is directly relevant to the questions examined in this 

thesis. 

Normalization originates from the relational design logic proposed by Codd, where data is or-

ganized into relations and structured in ways intended to minimize redundancy and prevent 

inconsistency (Codd, 1970). In practical terms, normalization works through decomposition. 

Data is distributed across multiple related tables so that each fact is ideally stored once, 

thereby reducing update anomalies and preserving integrity (Fotache et al., 2026). This logic 

has made normalized schemas particularly suitable for OLTP environments, where frequent 

write operations require that insertions, deletions, and updates can be performed consistently 

without introducing conflicting values. As Kimball and Ross also acknowledge, normalized 

third normal form (3NF) structures are highly useful in operational processing because an up-

date or insert transaction ideally touches the database in only one place (Kimball & Ross, 

2013). Normalization should therefore be understood not only as a technical procedure, but as 

a design philosophy oriented toward logical correctness, consistency, and reliable operational 

data management. 

Dimensional modeling emerged from a different set of priorities. Whereas normalization em-

phasizes integrity and decomposition, dimensional modeling focuses on analytical accessibil-

ity and performance. According to Kimball and Ross (2013), dimensional modeling is the 

preferred technique for presenting analytic data (OLAP) because it simultaneously supports 

understandability for business users and fast query performance. Its characteristic structure is 

the star schema, in which a central fact table containing quantitative measures is linked to sur-

rounding dimension tables that provide descriptive context. This design reduces the number 

of joins required by typical analytical queries and creates a simpler and more symmetrical 

structure for reporting and decision support. Kimball and Ross (2013) argue that normalized 

schemas are often too complex for business intelligence queries because users struggle to un-

derstand and navigate them, while database optimizers may perform poorly when faced with 

large numbers of unpredictable joins. In this sense, dimensional modeling accepts controlled 

redundancy in exchange for simpler querying and greater analytical usability. 

However, the performance trade-off between these two design logics is not as settled as the 

conventional contrast might imply. A central empirical contribution in this area is provided by 

Fotache et al. (2026) who note that there are hardly any empirical studies on the query perfor-

mance implications of different degrees of normalization in decision support systems. Using 

the TPC-H benchmark across SQL Server, PostgreSQL, and MySQL, they found that higher 

normal forms were associated with better query completion rates and faster execution times 

than less normalized schemas (Fotache et al., 2026). A key explanation to this is that normali-

zation can substantially reduce total data volume by eliminating redundancy, so that the gains 
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from scanning smaller tables may outweigh the costs introduced by additional joins. Im-

portantly, Fotache et al. (2026) do not compare normalized schemas with dimensional star 

schemas directly, and their results should therefore not be taken as disproving the value of di-

mensional modeling. Nevertheless, their findings complicate the widespread assumption that 

normalization is inherently disadvantageous for analytical workloads. For this thesis, that 

complication is significant. If the relationship between normalization, join complexity, and 

analytical performance is more nuanced than the conventional narrative suggests, then the 

question of whether a normalized operational database can support decision support work-

loads becomes empirically open rather than theoretically settled in advance. 

This distinction is particularly important from an Information Systems perspective because it 

is not only a matter of technical design, but also of architectural choice under organizational 

constraints. If acceptable analytical performance requires a dedicated dimensional OLAP en-

vironment, then organizations must also maintain separate infrastructures, ETL processes, and 

additional layers of technical complexity. Ariyachandra and Watson (2010) surveyed 400 or-

ganizations and found that how capable an organization believed its own IT staff to be was 

one of the biggest predictors of which architecture was selected alongside resource constraints 

and how strategically it viewed the warehouse. Organizations that rated their IT staff’s capa-

bility lower were more likely to choose architectures such as independent data marts rather 

than enterprise data warehouses (Ariyachandra & Watson, 2010). The contrast between nor-

malization and dimensional modeling therefore becomes highly relevant for organizations 

with limited dedicated analytics capacity, where the issue is not simply which schema is theo-

retically preferable, but whether analytical capability can be achieved in a way that is organi-

zationally feasible and economically sustainable. In that sense, the architectural difference ex-

amined here is not merely a database design issue, but a practical decision-support problem at 

the intersection of technical performance, infrastructural complexity, and organizational fit. 

2.6 Columnstore Indexing and HTAP 

Hybrid Transactional/Analytical Processing (HTAP) was coined by Gartner Group in 2014 

(Song et al., 2024) to describe database systems designed to support both transactional and 

analytical processes (Özcan et al., 2017). Attempts to design database systems that could pro-

cess a combination of both OLTP and OLAP workloads were made prior to this but were to a 

high degree superseded by the introduction of HTAP (Song et al., 2024). However, some key 

remnants laid the groundwork for the progress of HTAP (Song et al., 2024). Historically, sev-

eral relational database management systems (RDBMS) have attempted to implement support 

for both OLTP and OLAP workloads into one single system (Özcan et al., 2017). These 

mainly utilized rowstore rather than columnstore and were not efficient for either workload in 

most cases (Özcan et al., 2017).  

Because of these inefficiencies and the incompatible nature of combining OLTP and OLAP, 

most database systems have historically attempted to satisfy only one of these two systems ra-

ther than combining them (Özcan et al., 2017). The main difference between how database 

systems handle OLTP and OLAP workloads is the data organization that is used (Özcan et al., 

2017). The first type of data organization is called rowstore and is normally used in transac-

tional database systems with OLTP workloads (Özcan et al., 2017). The second type is called 

columnstore and is mainly used in analytical database systems with OLAP workloads (Özcan 

et al., 2017). Rowstore, where data are stored row-by-row so that columns are stored contigu-

ously and together represent a row in a table, are efficient for transactional operations that 
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affect single records, but less appropriate due the inefficiency for analytical operations that 

may read millions of rows just to aggregate a few columns (Angeles & Castro, 2013; Larson 

et al., 2011). This is because “the query processor retrieves the value of the attribute involved 

in the query from each record in the relation along with other attribute values stored next to 

it” which “wastes cache space to store data that will not be referenced” (Angeles & Castro, 

2013, p.941). The reason for this is that data is not read at one attribute at the time. Disk and 

memory transfers happen in fixed units so the smallest amount that can be read is a whole 

sector or page, and under a row-by-row layout several complete rows sit inside such a unit 

which means individual attributes cannot be read on their own (Abadi, 2008). A columnstore 

instead keeps the values of each column on separate pages so that a query only reads pages 

holding the columns that it needs (Larson et al., 2011). Additionally, running analytical que-

ries on a rowstore risk impeding transactional day-to-day operations which prolong response 

times for an organization’s systems (Jukic et al., 2017). 

Columnstore solves this type of analytical bottleneck by storing each column separately, 

meaning queries retrieve only the specific attributes they need rather than entire rows which 

directly reduces I/O costs (Angeles & Castro, 2013; Abadi et al, 2008). Because values within 

a single column share the same data type and often repeat, columnstore enables significant 

compression, for example, through “run-length encoding - where a sequence of repeated val-

ues is replaced by a count and the value” (Abadi et al., 2008, p.970) which reduces the vol-

ume of data that must be read from disk (Abadi et al., 2008; Jukic et al., 2017). Additionally, 

columnstore systems delay combining column data into rows until the very end of a query 

plan (Abadi et al., 2008). This technique is known as “late materialization” which allows 

predicates to be applied directly on compressed columns and irrelevant rows to be discarded 

before tuple reconstruction (Abadi et al., 2008). This yields approximately a factor of three 

improvements in performance (Abadi et al., 2008). There is an additional technique called 

“block iteration” that processes arrays of column values in a single operator call rather than 

one value at a time which reduces per-tuple overhead further (Abadi et al., 2008). However, 

columnstore performs poorly for transactional operations because retrieving or updating a sin-

gle record requires reconstructing it from multiple separate column stores – a process Angeles 

and Castro (2013) describe as “extremely slow” for tuple reconstruction. This structural in-

compatibility is precisely why organizations have historically kept separate systems for each 

workload. 

Additionally, the need to have two separate database systems with different responsibilities 

normally requires an ETL process where data is extracted from the OLTP system and then 

batch inserted into the OLAP system (Song et al., 2024; Özcan et al., 2017). The ETL process 

is described by Jukic et al. (2017) as “the most common time-consuming bottleneck in most 

implementations of data warehousing for quality decision support” (p.61). This process is ex-

pensive and often takes minutes or hours, resulting in delayed or outdated data in the OLAP 

system (Song et al., 2024). Additionally, it makes real-time analytics unattainable (Song et al., 

2024). With the introduction of HTAP, which can handle both transactional and analytical 

workloads in one single database system concurrently, the expensive ETL process can be dis-

posed of, and real-time analytics can be made possible (Song et al., 2024). Prior research on 

hybrid architectures demonstrated this principle directly: Angeles and Castro (2013) showed 

that by routing each query at execution time to whichever storage engine – rowstore or col-

umnstore – minimizes I/O cost, organizations can serve both OLTP and OLAP workloads 

from a unified system while also reducing infrastructure costs since columnstore requires less 

disk capacity due to compression. 
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2.7 Normalization’s Impact on Mixed-Workload Performance 

The debate over database design for HTAP systems is closely connected to the relationship 

between data integrity and query performance. Highly normalized schemas generally reduce 

redundancy and strengthen consistency. Denormalized schemas, by contrast, are often used to 

improve analytical performance by reducing the number of joins required during query execu-

tion. In mixed transactional and analytical environments, this creates a central trade-off. De-

signs that preserve transactional reliability may make analytical queries more costly, while 

designs optimized for analysis may introduce redundancy and weaker control over data con-

sistency (Bog et al., 2012). 

This tension is visible in applied industrial database contexts. In their study of normalization 

and denormalization in Manufacturing Execution System (MES) databases, Zhou and Gao 

(2024) found that strict adherence to Third Normal Form (3NF) resulted in response times 

that were approximately 99% slower than a moderately denormalized design. The study also 

shows that fragmented data structures can lead developers to rely on inefficient application-

layer processing, such as repeated loop-based operations. In their case, this increased response 

times to over 38 seconds (Zhou & Gao, 2024). After optimizing the implementation and using 

a denormalized structure, the study reported a throughput increase of nearly 97% (Zhou & 

Gao, 2024). These findings illustrate why denormalization has often been treated as a practi-

cal strategy for improving performance when analytical response time is important. 

At the same time, research on modern mixed-workload systems complicates the assumption 

that denormalization is always necessary for performance. Bog et al. (2012) show that tradi-

tional disk-based database systems may struggle with normalized data in mixed OLTP and 

OLAP scenarios. However, systems designed specifically for mixed workloads can perform 

well with normalized schemas. In their study, a highly normalized schema performed best in 

the tested mixed-workload environment (Bog et al., 2012). Fotache et al. (2026) report the 

same direction of effect in a decision support setting where the 3NF schema completed more 

queries within a time limit and was faster than the 2NF and 1NF versions across three differ-

ent database systems (SQL Server, MySQL, and PostgreSQL). Their tests only use data re-

trieval, so they say nothing about the transactional side of a mixed workload (Fotache et al., 

2026). They also conclude that join reduction “do not compensate for the penalties associated 

with retrieving data from larger tables” (Fotache et al., 2026, p.2). This indicates that the per-

formance effects of normalization depend on more than schema design alone. They are also 

shaped by the underlying database architecture, storage model, and execution mechanisms.  

The storage model is the part of this that has been examined most directly in the Information 

Systems literature. Jukic et al. (2017) had a pre-joined analytical table in columnar form and 

found it faster than a row-based star schema on a dataset of around 100 million rows for que-

ries that read fewer than roughly 20 columns. They also argue that the same design would not 

be usable in a row-based system at all because such a system has to read whole rows from 

disk and the pre-joined table is very wide (Jukic et al., 2017). Jukic et al.’s (2017) comparison 

changes the storage model and the schema at the same time which we interpret as a reason 

why the two effects cannot be separated in their result. Dreseler et al. (2020) add another limi-

tation: TPC-H uses a normalized schema rather than the star schema that is more common 

when it comes to analytical workloads. However, they do emphasize that TPC-H is “relevant 

for the evaluation of relational database systems” (Dreseler et al., 2020, p.1206). 
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For this thesis, this is important because it supports the need to empirically test whether a nor-

malized schema enhanced with columnstore indexing can perform sufficiently well for analyt-

ical decision-support workloads. 

2.8 Theoretical Framework 

In section 2.2 we showed that analytical capacity is not one resource but three. Gupta and 

George (2016) separate tangible resources, human skills, and intangible resources, and section 

2.2 concluded that the tangible ones are the easiest to obtain while the other two usually are 

not as easy to obtain. The literature disagrees about which resources actually limit resource 

constrained organizations. Cost is the barrier that is often reported, but several studies find 

that competence and organizational readiness matter more once adoption is studied directly. 

The interviews aim to find out which one binds in practice. 

Section 2.4 showed that a separated architecture consumes two resources that are difficult to 

get. It needs someone to build and maintain the ETL pipeline and someone who understands 

the data well enough to say what should be loaded and what the output means (Jukic et al., 

2017; March & Hevner, 2007). Moving the data also risks losing or corrupting it along the 

way (Wixom & Watson, 2001). At the same time, a separated architecture (OLAP and OLTP) 

delivers data already prepared for decision support and pulled together from several source 

systems (Wixom & Watson, 2001) and a solution built into a system the organization already 

uses saves employee work (Puklavec et al., 2018). Architectural fit is therefore a question of 

what a configuration delivers weighed against what it costs to run. Section 2.6 adds another 

additional cost since analytical queries that run against a rowstore can slow down the transac-

tional system they share (Jukic et al., 2017). 

Existing research treats organizational barriers to analytics adoption and database perfor-

mance under different schema designs as separate literatures. Neither side looks at how the 

technical alternatives it studies would fare against the organizational conditions that the other 

side describes. The framework below connects them and treats analytical need and organiza-

tional capacity as jointly determining architectural fit. 

Which configuration an organization picks is in itself an organizational decision. Ariyachan-

dra and Watson (2010) found that available resources and the organization’s own belief in its 

own IT staff affected what architecture was chosen. This gives the framework used in this the-

sis: analytical need (which decisions are supported), how current the data must be, what kinds 

of queries are run, and which analysis are desirable but not possible or feasible, combined 

with organizational capacity, determines which configuration is viable. RQ1 examines these 

through interviews. RQ2 tests whether an integrated configuration performs well enough for 

that need, given the constraint’s capacity places on it. The benchmark measures execution 

speed and not whether the organization’s staff could write the query in the first place which 

section 2.5 already flags as a limitation of normalized schemas (Kimball & Ross, 2013).  

Table 2.1: Constructs in the framework, basis in the literature, and how each is studied 

Construct Basis in literature Research question Data source 

Analytical needs (de-

cisions, freshness, 

Kasiri et al. (2024); 

Song et al. (2024); 

Coleman et al. (2016) 

RQ1 and defines the 

workload for RQ2 
Interviews 
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query shape, unmet 

demand) 

Default tooling in 

practice 

Kasiri et al. (2024); 

Coleman et al. (2016) 
RQ1 Interviews 

Organizational ca-

pacity (tangible, hu-

man, intangible re-

sources) 

Gupta & George 

(2016) 
RQ1 Interviews 

Division of work, 

ETL burden, and 

data integrity in 

transfer 

Jukic et al. (2017); 

Wixom & Watson 

(2001); March & He-

vner (2007) 

RQ1 Interviews 

Interference between 

analytical and trans-

actional work 

Jukic et al. (2017); 

Özcan et al. (2017) 
RQ1 and RQ2 

Interviews and 

benchmark 

Selection criteria: 

cost, non-cost, re-

source availability, 

staff capability 

Ariyachandra & Wat-

son (2010); Puklavec 

et al. (2018) 

RQ1 Interviews 

Schema design and 

storage model under 

analytical workload 

Fotache et al. (2026); 

Bog et al. (2012) 
RQ2 Benchmark 
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3 Methodology 

3.1 Overall Research Strategy 

This thesis uses two different research methods, one for each research question. RQ1 is pri-

marily addressed through interviews; the benchmark provides the technical evidence for RQ2, 

which is answered by interpreting that evidence against the conditions established through 

RQ1. Combining qualitative and quantitative methods in one project is called mixed-method 

research (Bell et al., 2019; Recker, 2021). This is not to be confused with multi-method re-

search where there is more than one method, but it does not mix qualitative and quantitative 

strategies (Bell et al., 2019). This choice is made from the research questions themselves: it is 

important to match the strategy most suitable for answering it (Bell et al., 2019). RQ1 exam-

ines how practitioners experience and manage their analytical infrastructure which requires a 

method that can be used to access their insights. RQ2 examines measurable performance dif-

ferences between database configurations which requires an amount of control and replicabil-

ity that a controlled experiment can provide. Neither method could answer both research 

questions. Combining the two allows the strengths of each to compensate for the weaknesses 

of the other, although a mixed-method design is not automatically better than a single-method 

and must be justified by the problem at hand (Bell et al., 2019). Of the five purposes for 

mixed-method research that Recker (2021) lists – triangulation, complementarity, initiation, 

development, and expansion – this study is primarily motivated complementarity, because the 

interviews give organizational meaning to the benchmark results. It also has a developmental 

element because respondents’ descriptions of their analytical workloads inform the business 

relevance of the TPC-H queries. 

Two decisions follow from mixed-method designs: (1. Priority) how much weight each strat-

egy carries, and (2. Sequence) in what order the methods are used (Bell et al., 2019). In this 

study they carry the same weight. The quantitative controlled experiment was conducted be-

fore the qualitative interviews. However, for the sake of logic and our research questions, the 

qualitative strategy precedes the quantitative strategy in this thesis. The reason for this is that 

the interview findings are required for interpreting the results of the experiment.  

3.2 Qualitative Interview Study 

3.2.1 Choice of Semi-Structured Interviews 

RQ1 inquires how organizational requirements and resource constraints shape the suitability 

of analytical infrastructure for decision support. This question is about practitioners’ own ex-

periences and judgements and cannot be measured directly. Interviews are a suitable data gen-

eration method when the researcher needs detailed information, when questions are open-

ended and may need follow-up or a different order for different respondents, and when the 

topic is about experiences that are difficult to obtain through predefined answer options 
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(Oates et al., 2022). The interview study therefore complements the experiment in section 3.3. 

This is because the experiment removes organizational context in order to isolate a technical 

effect while the interviews provide this context. 

Interviews can be structured, semi-structured, unstructured (Oates et al., 2022). A structured 

interview uses identical and predetermined questions for all respondents which would have 

limited the study to obstacles the authors had already thought of. This makes it a poor fit, be-

cause the purpose of this study is to discover which obstacles actually exist. An unstructured 

interview on the other hand gives the respondent most of the control over the topics. This 

would have made it difficult to compare the interviews from different organizational settings. 

The semi-structured type was therefore chosen. In a semi-structured interview, the researcher 

has a list of themes and questions but can change their order, ask additional questions, and let 

respondents bring up issues that were not planned for (Oates et al., 2022; Bell et al., 2019). 

This flexibility did have concrete effect on the study: issues were raised by respondents out-

side the planned themes and questions contributed to the revised population definition de-

scribed in section 3.2.2.  

Semi-structured interviews are suitable when needing to discover rather than checking, and 

because they involve a small number of respondents, of whom all are not suitable to answer 

the same questions, they cannot support generalizations about a whole population (Oates et 

al., 2022). This limitation is accepted and discussed further in section 3.2.6. The interview 

study also has interpretive assumptions where the point is not to establish what the respond-

ents’ situations objectively are, but instead how the respondents themselves understand and 

value them, and two respondents in similar situations may describe them differently without 

either being wrong (Oates et al., 2022). Additionally, the interviews have a supporting role for 

RQ2. When respondents describe how current their data must be, what kind of questions they 

run against it, and whether reporting has ever slowed down their operational systems, they are 

describing real analytical workloads. These descriptions later provide an empirical basis for 

assessing how closely the standardized TPC-H workloads correspond to the analytical re-

quirements described by respondents. This correspondence is evaluated when the benchmark 

findings are interpreted in Chapter 5. 

3.2.2 Sampling and Respondents 

The respondents were not chosen randomly. In qualitative studies, respondents are normally 

chosen on purpose. and the research question(s) determines which kinds of people can give 

useful answers, and the researcher then looks for people of those kinds, often building varia-

tion into the sample on characteristics that matter for the questions (Bell et al., 2019). A ran-

dom sample was in any case not possible here since it would require something like a com-

plete list of all organizations with limited dedicated analytics capacity, and no such list is 

likely to exist. Additionally, the goal was to get a breadth of perspectives rather than statistical 

representativeness (Bell et al., 2019). Initial selection criteria were established before data col-

lection and were derived from the research questions, following the purposive sampling logic 

described by Bell et al. (2019). As described later in this section, these criteria were subse-

quently revised during data collection when the emerging interview material indicated that or-

ganizational size was a less appropriate population boundary than analytical capacity.  

Recker (2021) uses the term key informant for a respondent whose role gives them access to 

knowledge about a setting that most people in that setting would not have. Both respondent 
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profiles were defined with this in mind: practitioners for their knowledge of a single organiza-

tion, and consultants for insights that spans several. 

Two main respondent profiles were defined. The first were practitioners who provide depth 

about a single setting since they work hands-on with data, reporting, or analytical infrastruc-

ture within an organization. The second profile is consultants who build or maintain analytical 

solutions for client organizations. A consultant can compare conditions across different organ-

izational settings in a way that most in-house respondents cannot. Candidates were reached 

through LinkedIn. Availability and willingness to participate played a major role in who 

ended up in the sample, but they had to fit into one of the two profiles first. This is what sepa-

rates the procedure from convenience sampling where availability alone decides who partici-

pates (Bell et al., 2019).  

 

Table 3.1: Overview of respondents 

ID Role Organizational context Profile Analytical capacity 

R1 

Analytics/cus-

tomer success, 

also part of 

product R&D 

About 20 employee sensor-

data company, almost entirely 

engineers, IT competence dis-

tributed rather than held by a 

separate department 

Practitioner 

High: entire analyti-

cal pipeline built and 

maintained in-house 

by their own R&D 

team 

R2 

Consultant, 

data/analytics 

engineer 

Recent assignments at two 

mid-sized firms, earlier also a 

smaller firm (about 200 em-

ployees) 

Consultant 

N/A: relays condi-

tions across clients 

of varying capacity 

R3 
Controller and 

data analyst 

About 100 employees in Swe-

den (food sector), subsidiary of 

a 6000-employee European 

group, much of the infrastruc-

ture sits with the parent 

Practitioner 

Low to medium: 

one-person, self-

built BI function 

serving the whole or-

ganization 

R4 
Principal data 

scientist 

About 35-person data sci-

ence/analytics consultancy, no 

dedicated IT department 

Consultant 

Low to medium: 

technically strong as 

a firm but no dedi-

cated BI/reporting 

function 

R5 

Consultant, 

Engineering 

AI and Data 

Local office (about 3000 staff) 

of a global professional-ser-

vices firm employing several 

hundred thousand worldwide 

Consultant 

Low: no dedicated 

analytics tooling on 

current engagement, 

office 365 is the de-

fault platform 

R6 

Part-time, 

news-feed 

data sourcing 

and 

About 9-person early-stage 

startup, dedicated CTO plus 

two full-time data engineers, 

builds its own in-app analytics 

Practitioner Medium: small team 

but self-built, 
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product/inter-

face design 

rather than adopting external 

BI tools 

purpose-integrated 

tooling 

R7 

Partner con-

sultancy, data 

platform sup-

port 

Predominantly large clients, 

smaller-firm experience is ear-

lier in career 

Consultant 

N/A: direct experi-

ence skews large, 

comments on 

smaller firms are 

general observation, 

not current assign-

ments 

R8 
Software dev, 

team lead 

Large bank: about 260 in de-

partment, about 3000 at the lo-

cal office, tens of thousands 

group-wide, previously a con-

sultant 

Practitioner 

High: strong in-

house build capacity, 

interfaces with lower 

capacity, Excel-

based business users 

downstream 

R9 IT manager 

Organization currently running 

about 40 systems, previously 

15 years at a larger industrial 

group running about 200 sys-

tems 

Practitioner 

Medium: current 

part-time analytical 

capacity, through 

previously full-time 

in a similar role 

 

The selection rules did not stay fixed: they were originally written around SMEs. As the inter-

views accumulated it became clear that the conditions the study is interested in – few special-

ists, unclear responsibility between those who produce data and those who analyze it, systems 

that do not connect – appear and disappear no matter the size of the organization. Respond-

ents placed them inside units of large groups while the smallest company in the sample ran 

the most unified setup. The population criterion was therefore changed from size to capacity. 

The methodology literature accepts that a qualitative study may discover along the way that it 

needs participants of a kind the original plan did not consider (Bell et al., 2019). This is also 

treated as a result in itself since the mismatch between size and capability in the sample is part 

of what motivates the revised research question. 

When it comes to the number of interviews, the methodological literature offers no fixed rule 

for how many are enough. What is required instead is an explicit argument for why the chosen 

number fits the specific study (Bell et al., 2019). The argument in this study is about purpose. 

This study does not build theory and does not try to establish how widespread the findings 

are. Rather, it looks for patterns that repeat across deliberately different organizational set-

tings. The respondents in this study include startups, subsidiaries of large groups, public or-

ganizations, and consulting firms. A purposive sample says nothing about how common 

something is outside of the sample (Bell et al, 2019; Oates et al., 2022). What this study con-

tributes instead is enough description of each case for readers to judge the findings’ relevance 

to settings they know. 
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3.2.3 Interview Guide 

The interview guide has four blocks. The first block, background, asks about the respondent’s 

role, how they work with data or reporting, and the size and IT staffing of the organization. 

These questions are easy for the respondent to answer which helps the interview get going 

(Oates et al., 2022), and the answers are needed anyway. Collecting information about the re-

spondent’s position and organization is recommended because their remaining answers can 

only be understood in relation to it (Bell et al., 2019). The second block, decision support, 

asks how data and reports are utilized to support decisions, which decisions are the most im-

portant, which tools and systems are used, and whether there are analyses the respondent 

wants but cannot do. The third block, infrastructure and data flows, asks where data is stored, 

whether reporting runs in the operational systems or in a separate solution, what goes wrong 

when data is moved between systems, how current the data needs to be, whether analytical 

questions are quick lookups or reach into large amounts of history, and whether reporting has 

ever been seen to slow down the operational systems. The fourth block, constraints and priori-

ties, addresses RQ1 by asking about the biggest obstacles in current reporting, whether report-

ing directly in the existing operational systems would be valuable if fast and reliable enough, 

and what matters most when choosing an analytics solution. Respondents with a technical 

background also got the question of whether OLTP, OLAP, and HTAP were familiar terms. 

The reason for this was to see how far these concepts have spread among practitioners. 

The interview guide follows the recommendations of Bell et al. (2019): the blocks were given 

a natural order that the interviewer was free to depart from, the questions were tied to the re-

search questions without steering the answers in a particular direction, everyday professional 

vocabulary was used rather than academic terms, and formulations that suggest desired an-

swers were avoided. Most questions were built so that they cannot be answered with a yes-or-

no or a single word which pushes the respondent toward explaining rather than confirming 

(Oates et al., 2022). During the interviews, interesting answers were followed up and the in-

terviewer repeated back their interpretation of important answers so that the respondent had 

the chance to object (Oates et al., 2022). For consultants, every question was reformulated to 

be about the client organizations they had worked with instead of their employer. Every inter-

view finished with the respondent being asked whether the questions had missed anything im-

portant (Oates et al., 2022). 

3.2.4 Data Collection 

The interviews were held one at a time over video calls in June and July. Video was chosen 

for practical reasons because it removed geography as a restriction on who could participate 

and cost the respondents no more time than the conversation itself (Oates et al., 2022). Inter-

viewing over video changes little methodologically: the demands regarding information, con-

sent, and preparation are the same as face-to-face, but building a comfortable atmosphere can 

take somewhat more work at a distance (Oates et al., 2022). Every session started the same 

way: we, the authors, introduced ourselves, repeated what the study is for, explained what 

would happen with the recording and the material, and asked for permission to record (Oates 

et al, 2022). Permission was given in all cases.  

Audio was recorded because notes and memory lose too much for later analysis, and because 

a recording let us concentrate on the conversation, and because it leaves raw material that can 

be examined and fact-checked afterwards (Oates et al., 2022; Bell et al., 2019). Recording fol-

lowed by transcription is also the normal way of working in qualitative interviewing since the 
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analysis depends on the exact formulations the respondents used which notes rarely preserve 

(Bell et al., 2019). The recorder can make some respondents careful about what they say 

(Oates et al., 2022). This was handled by asking for permission to record, offering anonymity, 

and placing the more evaluative questions later in the interview guide.  

The recordings were transcribed using OpenAI Whisper which runs privately and locally on 

our computers, rather than running online in the cloud. In later chapters, quotes from the inter-

views may have been translated from another language, for example from Swedish to English, 

by us authors, with the context in mind so that the actual meaning was not lost in translation. 

The transcripts in the appendix keep the respondents’ working verbatim as spoken. However, 

some disfluency may have been filtered away while still keeping the meaning and content in-

tact which is common and accepted practice (Oates et al., 2022). In cases where audio could 

not be heard or made out properly, the transcripts mark these parts as inaudible without any 

guessed fillings. Each transcript can be identified by a respondent’s code and date rather than 

identifiable information such as name in order to preserve anonymity (Oates et al., 2022).  

3.2.5 Analysis of Interview Data 

The interviews are analyzed thematically. In this study, a theme is defined as a category that 

we built from codes from the interviews and that relates to the research questions (Bell et al., 

2019). The main indication that something may be a theme is that several respondents brought 

it up (Bell et al., 2019). However, repetition and recurrence are not enough (Bell et al., 2019). 

It should only become a theme if it also has a bearing on the research question (Bell et al., 

2019), in our case this is RQ1.  

The analysis was informed and inspired by the steps described by Bell et al. (2019) and Oates 

et al. (2022). We started by listening to and reading the transcripts in order to become familiar 

with the material (Bell et al., 2019; Oates et al., 2022). Then, we categorized the content of 

each transcript into three categories: (1) material outside the scope of the study, (2) back-

ground material about the respondent and their organization, and (3) material with bearing on 

the research question (Oates et al., 2022). The background material was used for the respond-

ent overviews in table 3.1 and when presenting the respondents in chapter 4. The material in 

the third category which had bearing on the research questions was coded: we wrote a short 

code for each segment, and a segment could get several codes, and we did not limit the num-

ber of codes at this stage. We then reviewed the code list so that codes that described similar 

things were merged and codes that occurred infrequently were either combined with others or 

set aside (Bell et al., 2019; Oates et al., 2022). Lastly, the codes were grouped into the themes 

that chapter 4 presents. A theme was kept only if it had support in several transcripts (Oates et 

al., 2022).  

The coding approach was mainly inductive, but with some deductive elements. Most codes 

come from the interview material itself (Oates et al., 2022). We also used concepts from the 

literature review during the analysis, especially the contrast between cost and competence as 

constraints as well as the governance concepts. The risk with prior concepts that we as ana-

lysts only finds what the literature has prepared us for (Oates et al., 2022), but the free inde-

pendent coding in step three limits this risk. Patterns without bearing on the research ques-

tions were not pursued further which Bell et al. (2019) describe as reasonable for projects 

with deadlines and constraints. 
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Each code was given a written definition that states which statement belongs to it. The defini-

tions worked as decision rules where a segment only received a code if it matched the defini-

tion. The codes were not fixed in advance. Codes were added, merged, and renamed during 

the coding process described above. Table 3.2 shows the final version. 

 

Table 3.2: Coding scheme 

Theme Code Definition 

Decision support and analyt-

ical demands 
Division of analytical work 

Analytical work is per-

formed by people other than 

those running day-to-day op-

erations. 

 Freshness requirement 

A stated requirement about 

how current the data must 

be. 

 Query shape 

Shape of analytical ques-

tions, for example quick 

lookups, aggregations etc. 

Infrastructure and data flows Default tooling 

Excel or self-built tooling is 

named as the destination 

data ends up in regardless of 

what more capable systems 

exists. 

 Data integrity in transfer 

Data loses accuracy or re-

quires substantial work 

when moved, for example 

corrections that fail, corrup-

tion during transfer, or 

cleaning and conversion ef-

fort. 

 
Value of the current arrange-

ment 

The existing separated setup 

is described as sufficient. 

Constraints on analytical ca-

pacity 

Competence as limiting re-

source 

Constraint regarding the 

skill available in individuals, 

whether capability rests on 

one or more people, or the 

people lack the required un-

derstanding. 

 Handoff breakdown 
Knowledge fails to pass be-

tween those who move data 

and those who know what it 
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means, or lack of responsi-

bility for the transfer. 

 Workload interference 

Analytical activity degrades 

operational system perfor-

mance, or scheduling is cho-

sen to avoid degradation. 

Priorities and direction Cost criteria 

Cost is named as a govern-

ing consideration when 

choosing analytical solu-

tions. 

 Non-cost criteria 

Usability, compatibility, 

risk, lock-in, longevity, an 

existing technical ecosys-

tem, or something else gov-

erns, instead of, or ahead of, 

cost. 

 Integration stance 

 A stated position on merg-

ing operational and analyti-

cal systems. 

 

3.2.6 Trustworthiness of the Interview Study 

The criteria used for the experiment in section 3.3.9 is built on the assumption that repeating 

the same procedure should produce the same outcome. This assumption fails for interviews 

since a conversation cannot re-run under identical conditions (Bell et al., 2019), the situations 

the respondents describe change over time, and the answers depend partly on who is asking 

(Oates et al., 2022). The interview study is therefore instead judged against four criteria pre-

sented by Bell et al. (2019) and Oates et al. (2022): credibility, transferability, dependability, 

and confirmability: 

• Credibility concerns whether the reader has reason to trust the picture of the respond-

ents that the study gives. Three things support this here. Firstly, the interviews were 

carried out according to the documented procedures in sections 3.2.3-3.2.4. Secondly, 

everything was recorded and transcribed instead of reconstructed from notes. Thirdly, 

misunderstandings could be corrected on the spot since the interviewer repeated their 

interpretation of important answers during the interviews.  

• Transferability concerns where else the findings might hold. This study cannot settle 

this question for the reader. Instead, what it can do is describe each case extensively 

enough so that readers can recognize, or fail to recognize, their own situation in it. Ta-

ble 3.1 and the quotes in chapter 4 exist for this purpose (Bell et al., 2019; Oates et al., 

2022).  

• Dependability concerns whether the road from raw data to conclusions can be in-

spected afterwards. Everything needed to retrace this study exists in documented form: 

the interview guide, the anonymized transcripts, and this methodology’s sections. An 
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outside reviewer can hence follow the chain from recording to finding (Oates et al., 

2022; Bell et al., 2019). 

• Confirmability asks whether the conclusions come out of the material or out of the 

researchers. This question is important in this study because we, the authors, also de-

signed the benchmark experiment and could therefore have an interest in the inter-

views pointing a certain way. We have two countermeasures for this: every theme in 

chapter 4 stands on quotes that the reader can check for themselves in the transcripts, 

and secondly, the coding procedure includes deliberately searching for statements that 

contradicted or corroborated each theme rather than only statements that supported it. 

The overall weaknesses of this method remain because an interview documents an account of 

practice rather than practice itself, and the two can differ; respondents know that they are 

speaking on the record which can affect what they choose to say; and the answers are affected 

by who is asking (Oates et al., 2022). Additionally, for this particular study, there are two 

more weaknesses that stand out: the consultants only relay their clients’ conditions like sec-

ondary sources, and our purposive sample of nine respondents allowed no conclusions about 

how prevalent the identified constraints are (Bell et al., 2019).  

3.2.7 Ethical Considerations in the Interview Study 

This interview study processes personal data and the obligations that come with human partic-

ipants therefore apply in this case. Participation had to be voluntary and possible to end at any 

point in time, consent had to be given with knowledge of what participation involved, and 

both the respondents’ identities and what they divulged had to be protected (Oates et al., 

2022). Bell et al. (2019) outlines the same obligations as principles of avoiding harm, ensur-

ing informed consent, ensuring privacy, and preventing deception. 

Before each interview, the respondent received written information about what the study was 

for, what participation means, and how the material would be handled. Consent was not 

treated as settled by that document alone. At the start of the session itself, the purpose, han-

dling of the material, right to withdraw was explained and the recording started after the re-

spondent had explicitly agreed to be recorded (Oates et al., 2022).  

No respondent, organization, or third party named in an interview can be identified in this the-

sis. In a group of nine professionals in specialized roles, seemingly harmless details such as an 

unusual product, well-known client, niche industry can point out a person even when the 

name is gone and this risk is known to grow as samples shrink (Bell et al., 2019). Details of 

that kind are therefore rewritten or redacted in the transcripts and quotes wherever they risked 

someone’s anonymity in a way that does not change what the quote means. The realistic harm 

in a study like this one is professional rather than physical: several respondents spoke openly 

about weaknesses in their organizations’ data work and statements of that kind can damage 

someone’s position or career which is something that the principle about avoidance of harm 

covers (Bell et al., 2019). 

The original audio recordings were accessible only to the authors. Offline AI-based tools were 

used to assist with transcription. Interview material included in the thesis has been anony-

mized, and identifying details have been removed or generalized where necessary to protect 

respondents and third parties. The original recordings and identifiable working material will 

be deleted once the examination process is completed. Handling collected material about 
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people is part of the researcher’s responsibilities when it comes to data collection and storage 

(Oates et al., 2022).  

3.3 Quantitative Benchmark Experiment 

3.3.1 Overall Research Strategy 

The research strategy for RQ2 is a controlled experiment where a factor being tested, the in-

dependent variable, is varied while all other conditions are fixed so that any change in the 

measured outcomes, the dependent variables, can be traced to the factor that was deliberately 

varied (Oates et al., 2022). In this experiment, the independent variable is the database config-

uration (schema design and indexing strategy) varied across three types: a normalized 3NF 

schema with non-clustered columnstore indexing (HTAP), a dimensional star schema with 

rowstore indexing (OLAP-RS), and finally a dimensional star schema with columnstore in-

dexing (OLAP-CS). The dependent variables are each query’s execution time, CPU time, log-

ical reads, and lob logical reads. Because everything else in the environment is held con-

sistent, any difference in these measures can be attributed to the configuration rather than 

other factors (Oates et al., 2022; Bell et al., 2019).  

Using research from the literature review, this experiment tests our predicted outcome that the 

dimensional configurations will achieve lower analytical query times than HTAP with the size 

of any difference being dependent on the workload. Having a testable prediction in advance 

rather than simply observing what happens is what separates a true experiment from an un-

controlled trial where the results support no actual conclusion because other explanations re-

main uncontrolled (Oates et al., 2022).  

Case study and action research were considered but excluded. Both examine how systems op-

erate in a real-world scenario by observing an existing case or studying a change while it is 

introduced into a live organization where many uncontrolled factors vary all at once (Oates et 

al., 2022). Neither one offers the variable control needed to isolate the performance effect of 

schema and indexing choices (Oates et al., 2022). Hence, a controlled experiment is the most 

appropriate way to examine this. 

3.3.2 The TPC-H Benchmark as Research Instrument 

Evaluating the performance of database architectures for decision support requires a standard-

ized and reproducible benchmarking framework. In the context of this thesis, where three da-

tabase configurations are compared under analytical workloads, the choice of benchmark di-

rectly affects the validity and interpretability of the results. The TPC-H benchmark is a deci-

sion support benchmark that consists of a suite of business-oriented ad-hoc queries designed 

to examine large volumes of data, execute queries with a high degree of complexity, and give 

answers to critical business questions (Transaction Processing Performance Council, 2022). 

Dreseler et al. (2020) describe TPC-H as “the most widely used benchmark for relational 

OLAP systems” (p.1206), and Fotache et al. (2026) similarly observe that TPC-H has retained 

its popularity for decision support benchmarking even as the benchmark itself may have 

grown dated. Part of the reason for this continued relevance is that standardized benchmarks 

for decision support systems are relatively scarce compared to those available for transaction 

processing, with TPC-H being one of a small number of established alternatives alongside 

benchmarks such as TPC-DS (Fotache et al., 2026). 
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From a measurement perspective, database performance in decision support systems is typi-

cally assessed through query execution latency rather than throughput, since the relevant con-

cern is how quickly a given analytical query can return results to the end user rather than how 

many concurrent transactions the system can handle (Fotache et al., 2026). This aligns with 

the metrics used in this thesis, where execution time and CPU time serve as the primary per-

formance indicators for comparing the schema configurations. 

What makes TPC-H particularly appropriate for this study is that its queries are not abstract 

computational tasks but are designed to represent concrete business scenarios with broad in-

dustry-wide relevance (Transaction Processing Performance Council, 2022). The 22 queries 

simulate analytical tasks such as pricing summary reporting, supplier cost evaluation, ship-

ping mode analysis, order priority monitoring, promotion effectiveness assessment, and more 

(Transaction Processing Performance Council, 2022). More broadly, the TPC-H queries rep-

resent standardized business-oriented decision-support tasks rather than abstract computa-

tional workloads. Using TPC-H therefore allows the experiment to compare the three database 

configurations under a common set of analytically relevant conditions. Their correspondence 

with the analytical requirements described by interview respondents is considered when the 

benchmark results are interpreted in Chapter 5. The specific mapping between individual 

TPC-H queries and their corresponding business decision contexts is presented in Section 

3.3.7. 

3.3.3 Experimental Environment 

To isolate the effect of the independent variable, the experiment is conducted in a controlled 

local environment with dedicated hardware allocation. Doing this eliminates factors that could 

distort the experiment such as network latency and cloud-provider throttling, so that the ob-

served differences in performance can be purely attributed to the configuration rather than the 

environment (Oates et al., 2022). Controlling the environment like this is a deliberate means 

to ensure internal validity of the experiment (Bell et al., 2019). 

The hardware specification is also a deliberate control measure. The memory available to the 

database instance is capped at 4096 MB of memory so that all three configurations are evalu-

ated under the same fixed resource conditions. The purpose of the cap is to improve compara-

bility between configurations. 

• Hardware: Intel i5 9300H (4 cores, 8 threads), 8 GB DDR4 RAM (limited to 4096 

MB for the SQL server instance), SSD. 

• Software: This experiment uses Microsoft SQL Server 2025 as the primary database 

management system (RDBMS) for its native support for columnstore indexing, in-

stalled natively on Windows without containerization and virtualization. SQL Server 

Management Studio (SSMS) is used to create the databases and execution of DDL. 

However, it is not necessary to execute the TPC-H queries and is hence not used for 

this purpose to minimize the amount of non-essential processes running in the operat-

ing system. Instead, PowerShell scripts are utilized for consistent query benchmarking. 

• Operating system: Windows 11. 
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3.3.4 Design of Schema and Data Artifacts 

The experiment compares three architecturally different database configurations populated 

with the same underlying test data. By purposefully keeping the test data consistent across all 

three configurations, a side-by-side comparison follows that any observed differences in per-

formance during the execution of the queries can be attributed solely to the manipulated inde-

pendent variable, i.e. schema design and indexing strategy, rather than to differences in data 

(Oates et al., 2022). This ensures the internal validity of this experiment which is the confi-

dence that the measured effect is actually produced by the manipulation and not other factors 

(Bell et al., 2019). The following three configurations are used: 

1. HTAP (Normalized): A traditional schema designed for day-to-day transactional sys-

tems (OLTP). The schema strictly adheres to the third normal form (3NF). To enable 

analytical capabilities, non-clustered columnstore indexing is applied to specific col-

umns and coexists alongside the default rowstore indexing used for transactions. 

2. OLAP (Dimensional, two versions): The OLAP candidate has a traditional denor-

malized star schema. It features a central fact table surrounded by dimension tables 

that each have a unique ID. The fact table contains the foreign keys of the surrounding 

dimension tables. Two versions of this schema are used: one with default rowstore, 

and the other with columnstore indexing applied. 

3.3.5 Collection of Data/Results 

The measurements of the dependent variable are the essence of an experiment and the time 

taken to process data is a standard experimental measure in IS and computing research (Oates 

et al., 2022). The dependent variables are execution time, CPU time, and to some extent logi-

cal- and lob logical reads. These are captured for each query across the three configurations 

through the following process: 

1. Generation: Approximately 1 GB of synthetic machine-generated data is generated 

using the database population program DBGen tool, bundled with the TPC-H down-

load, provided via the official TPC website (tpc.org) (Transaction Processing Perfor-

mance Council, 2022). This translates to a scale factor of 1 which represents the mini-

mum amount of data that DBGen can generate (Transaction Processing Performance 

Council, 2022). The outcome of using this tool will be eight .tbl files (Transaction Pro-

cessing Performance Council, 2022) named according to their respective table name, 

i.e. [table name].tbl. 

2. HTAP schema and database creation: A normalized 3NF schema is created based 

on the TPC-H schema found in the dss.ddl file bundled with the installation. The 

schema consists of eight tables: part, partsupp, supplier, customer, nation, lineitem, re-

gion, and orders. Additionally, primary keys, foreign keys, and referential integrity 

constraints will be enforced. 

3. Loading of data into HTAP: Each of the generated .tbl files are loaded into the 

HTAP schema artifact using bulk insert to ensure identical and consistent data. 

4. Indexing of HTAP: Non-clustered columnstore indexing is applied on columns in ta-

bles in the HTAP schema artifact. Specifically, the non-clustered columnstore index is 

applied to all foreign key columns as well as frequently aggregated numeric columns 

http://tpc.org/
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within the three primary transaction-heavy tables. This approach results in an indexing 

strategy designed to accelerate analytical read-heavy and aggregation-heavy work-

loads without unnecessarily impeding transactional write performance.  

Specifically, columnstore indexing is applied to the tables lineitem, orders, and part-

supp while excluding columns in these tables that are not foreign keys or the subject of 

frequent aggregation and filtering. Additionally, large columns are excluded: in a real-

world scenario, large columns lead to higher storage as well as declined performance 

for both transactional and analytical workloads. The columns lineitem.l_comment, or-

ders.o_comment, and partsupp.ps_comment are all long strings and are not frequently 

used for aggregation or filtering. They have therefore been excluded from columnstore 

indexing. 

5. OLAP schema creation and ETL: The normalized data from the HTAP artifact is 

manually designed and transformed into a star schema which represents the OLAP 

schema for this experiment. A central fact table and surrounding dimensions tables are 

designed and created. An ETL process from the normalized HTAP schema is then 

conducted to load the data into the OLAP schema.  

6. OLAP columnstore indexing variant: A second variant of the OLAP schema artifact 

is created to reflect modern data warehousing environments where columnstore is 

commonly applied. Columnstore indexing is applied to columns in tables fact_lineitem 

and dim_orders, excluding the comment columns, which mirrors the equivalent col-

umnstore application in the HTAP candidate.  

7. Query adaptation: The standard TPC-H query templates are adapted for SQL Server 

compatibility. This includes replacing ANSI date syntax with DATEADD() and re-

placing EXTRACT() with YEAR. Placeholders in the templates are replaced with 

SQL code as per the TPC-H specification (Transaction Processing Performance Coun-

cil, 2022). 

To support the interpretation of the benchmark results, each TPC-H query is mapped 

to the business decision context defined in the TPC-H specification, for example pric-

ing summary reporting (Q1), national market share (Q8), and order priority checking 

(Q4) (Transaction Processing Performance Council, 2022). This mapping provides a 

business-oriented description of the standardized queries. Their correspondence with 

the analytical requirements identified through the interviews is assessed separately in 

Chapter 5. 

8. Automated query execution through script: A PowerShell script is developed to au-

tomate query execution using sqlcmd. Each query is executed 6 times per schema arti-

fact with SQL Server statistics enabled using SET STATISTICS TIME ON and SET 

STATISTICS IO ON. CPU time, execution time, logical reads, and lob logical reads 

are captured automatically for each run and written to an output .txt file for analysis. 

Automating execution like this is itself a control because measurement procedure is 

identical for each run and is not interfered with by the researcher which removes ex-

perimenter effects, i.e. variation introduced by the person conducting the test, as a 

threat to internal validity (Oates et al., 2022). 

9. Warm-up: Each query is run at least once as a warm-up run within the PowerShell 

script to ensure tables are stored in the buffer/data cache (RAM) and to compile 
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execution plans to be stored in the plan/procedure cache. This first run is excluded 

from the reported results. Performance metrics are collected from the five subsequent 

executions only. This prevents cold reads from the disk and simulates real-world sce-

narios more appropriately where the database system has usually already been in ac-

tive use. 

10. Execution of HTAP: The HTAP schema artifact is benchmarked first. CPU time, exe-

cution time, logical reads, and lob logical reads are captured using the automated 

script described in step 8.  

11. Execution of OLAP schema artifact: The experiment for the OLAP schema is con-

ducted using the same script described in step 8. The buffer cache and plan cache are 

cleared before execution using DBCC DROPCLEANBUFFERS and DBCC FREE-

PROCCACHE to ensure an unpolluted baseline and consistency. 

 

12. Execution of OLAP columnstore indexing variant: The OLAP columnstore variant 

is executed in the same way as the previous candidates. Cache is cleared in the same 

way. 

3.3.6 Analysis of Data/Results 

The CPU time, execution time, logical reads, and lob logical reads are compared through 

quantitative analysis to assess architectural efficiency, performance, and cost of running the 

queries through the three configurations. 

• Execution time: Primary indicator of real-world performance which reflects whether 

HTAP is fast enough for organizations. From an organizational perspective, execution 

time is often the most important metric because it is directly experienced by users. For 

example, an analyst waiting for a report observes only the time it took to generate that 

report, not the underlying CPU time or logical reads. 

• CPU time: Indicative of processing efficiency and hardware costs. 

• Logical reads & lob logical reads: Measures I/O efficiency. Demonstrates how much 

unnecessary data is scanned during an operation. 

The queries are grouped by their operational nature as follows with all the individual TPC-H 

queries predefined prior to execution: 

• Aggregation-intensive: queries involving heavy aggregation, for instance COUNT(), 

SUM(), AVG(), MIN(), MAX(). 

• Join-intensive: queries involving compiling data from several tables into a single 

view through joins. 

• Filtering-intensive: queries involving heavy filtering through keywords such as 

WHERE, AND, OR, and LIKE. 

• Multi-layered: queries involving subqueries and/or correlated queries. 
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For each query, performance is measured by using the median of the five runs rather than the 

mean value. The median is the central value once all the five runs are ordered by size and un-

like the mean, is not pulled up or down by a few unusually fast or slow runs (Bell et al., 

2019). Because individual runs are vulnerable to OS background activity the median is a more 

stable and representative summary of each configuration’s performance than the mean. Time 

metrics for each of the queries are compared between the artifacts using the formula below: 

𝑆𝑝𝑒𝑒𝑑 =
Time (HTAP)

Time (OLAP)
 

Speed < 1 (Speed less than one) indicates that HTAP is faster than OLAP whereas Speed > 1 

(Speed greater than one) indicates that OLAP is faster than HTAP. The same formula is ap-

plied to CPU time for each of the queries. However, CPU time indicates processing efficiency 

rather than speed. 

The analysis describes the results rather than testing them statistically. The claim that the dif-

ferences in performance are caused by the schema and indexing strategy doesn’t come from a 

statistical test but rather the control built into the experiment. Since the configuration is the 

only thing that changes between runs, it is the only factor left that could explain any differ-

ence in the results (Oates et al., 2022; Bell et al., 2019). 

3.3.7 TPC-H Queries and Mapping/Categorization 

Table 3.3 explains the characteristics of individual TPC-H queries according and interpreted 

through the official TPC-H specification (Transaction Processing Performance Council, 

2022). 

 

Table 3.3: TPC-H queries and their business scenarios and technical nature 

Query 

number 

Query name Business scenario Technical nature 

Q1 Pricing Summary Re-

port 

Reports total and average 

sales and discounts met-

rics 

Primary: aggregation-in-

tensive 

Secondary: filtering-in-

tensive 

Q2 Minimum Cost Sup-

plier 

Identifies the supplier of-

fering the lowest cost for 

specific parts under given 

conditions 

Primary: multi-layered 

Secondary: join-intensive 

Tertiary: filtering-inten-

sive 

Q3 Shipping Priority Identifies high-value or-

ders that should be priori-

tized for shipping 

Primary: join-intensive 

Secondary: aggregation-

intensive 
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Tertiary: filtering-inten-

sive 

Q4 Order Priority Check-

ing 

Monitors order priorities 

to identify delays in order 

fulfillment 

 

Primary: multi-layered 

Secondary: aggregation 

intensive 

Tertiary: filtering-inten-

sive 

Q5 Local Supplier Vol-

ume 

Measures revenue gener-

ated from local suppliers 

within a specific region 

 

Primary: join-intensive 

Secondary: aggregation-

intensive 

Tertiary: filtering-inten-

sive 

Q6 Forecasting Revenue 

Change 

Estimates revenue impact 

under different pricing or 

discount conditions 

 

Primary: filtering-inten-

sive 

Secondary: aggregation-

intensive 

Q7 Volume Shipping Analyzes shipping volume 

and revenue between re-

gions over time 

 

Primary: join-intensive 

Secondary: aggregation-

intensive 

Tertiary: multi-layered 

Q8 National Market Share Measures market share of 

a product within a specific 

region or nation 

 

Primary: join-intensive 

Secondary: aggregation-

intensive 

Tertiary: multi-layered 

Q9 Product Type Profit 

Measure 

Analyzes profit by product 

type across regions and 

time 

 

Primary: join-intensive 

Secondary: aggregation-

intensive 

Tertiary: multi-layered 

Q10 Returned Item Report-

ing 

Identifies customers and 

revenue associated with 

returned items 

 

Primary: join-intensive 

Secondary: aggregation-

intensive 
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Tertiary: filtering-inten-

sive 

Q11 Important Stock Iden-

tification 

Identifies high-value in-

ventory items that repre-

sent significant stock in-

vestment 

 

Primary: multi-layered 

Secondary: aggregation-

intensive 

Tertiary: join-intensive 

Q12 Shipping Modes and 

Order Priority 

Analyzes how shipping 

methods affect order pri-

ority and delivery perfor-

mance 

 

Primary: aggregation-in-

tensive 

Secondary: filtering-in-

tensive 

Tertiary: join-intensive 

Q13 Customer Distribution Analyzes customer distri-

bution based on number of 

orders placed 

 

Primary: multi-layered 

Secondary: aggregation-

intensive 

Tertiary: join-intensive 

Q14 Promotion Effect Evaluates the impact of 

promotions on revenue 

share 

 

Primary: aggregation-in-

tensive 

Secondary: filtering-in-

tensive 

Tertiary: join-intensive 

Q15 Top Supplier Identifies the supplier gen-

erating the highest reve-

nue contribution 

 

Primary: multi-layered 

Secondary: aggregation-

intensive 

Tertiary: join-intensive 

Q16 Parts/Supplier Rela-

tionship 

Analyzes availability of 

suppliers for specific parts 

 

Primary: multi-layered 

Secondary: filtering-in-

tensive 

Tertiary: aggregation-in-

tensive 

Q17 Small-Quantity-Order 

Revenue 

Analyzes revenue contri-

bution from small-quan-

tity orders 

Primary: multi-layered 

Secondary: filtering-in-

tensive 
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 Tertiary: join-intensive 

Q18 Large Volume Cus-

tomer 

Identifies customers with 

high-volume orders and 

their revenue contribution 

 

Primary: multi-layered 

Secondary: aggregation-

intensive 

Tertiary: join-intensive 

Q19 Discounted Revenue Analyzes revenue gener-

ated from discounted 

product sales 

 

Primary: filtering-inten-

sive 

Secondary: join-intensive 

Tertiary: aggregation-in-

tensive 

Q20 Potential Part Promo-

tion 

Identifies parts suitable for 

promotion based on avail-

ability and supply condi-

tions 

 

Primary: multi-layered 

Secondary: filtering-in-

tensive 

Tertiary: join-intensive 

Q21 Suppliers Who Kept 

Orders Waiting 

Identifies suppliers re-

sponsible for delays in or-

der fulfillment 

 

Primary: multi-layered 

Secondary: join-intensive 

Tertiary: aggregation-in-

tensive 

Q22 Global Sales Oppor-

tunity 

Identifies potential cus-

tomers and sales opportu-

nities across regions 

 

Primary: multi-layered 

Secondary: filtering-in-

tensive 

Tertiary: aggregation-in-

tensive 

 

3.3.8 Delimitations and Scope 

Several deliberate decisions regarding scope are included in this experiment in order to pre-

serve control and focus. Each decision has an implication for external validity, i.e. the degree 

to which the findings generalize beyond the conditions tested (Oates et al., 2022; Bell et al., 

2019). 

Firstly, a fixed limited TPC-H scale factor is utilized to provide a standardized and consistent 

baseline. Specifically, the scale factor is set to 1 (approximately 1 GB) (Transaction Pro-

cessing Performance Council, 2022). This is partly because of the memory cap described in 
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section 3.3.3: at 4096 MB, the working set stays within the resource envelope the study con-

cerns, so that measured differences reflect schema and indexing rather than memory pressure. 

Fotache et al. (2026) also benchmarked TPC-H at 0.1 GB and 1.0 GB. The delimitation is 

about data volume, not organizational size. As established previously, resource constraints 

here are defined by the capacity that can be dedicated to analytical work, and organizations of 

any size may run analytical workloads at or well above this volume. The findings are there-

fore delimited to workloads of approximately this scale, and the relative performance of the 

configurations may differ at substantially larger volumes. 

Secondly, the experiment is limited to a single DBMS, Microsoft SQL Server, so that ob-

served differences can be attributed to schema and indexing rather than to differences between 

engines. SQL Server's columnstore divides rows into groups and stores each column as a sep-

arately compressed segment, with directory metadata that allows whole segments to be 

skipped before being read and can process scans in batch mode rather than row-at-a-time 

(Larson et al., 2011). Song et al. (2024) classify this as one of several HTAP architectures that 

organize storage differently. The execution times in chapter 4 are therefore engine-specific. 

The workload-dependent pattern is more likely to transfer, since it follows from a storage lay-

out in which each column occupies its own segments and a scan touches only those belonging 

to attributes the query references (Larson et al., 2011) which is common to columnar imple-

mentations. Verifying this across engines is however outside the scope of this study. 

Thirdly, this experiment mainly focuses on analytical queries rather than transactional queries. 

In other words, analytical and transactional queries are not tested concurrently to simulate the 

real-world dynamic workload of an HTAP database system. The purpose of this is to clearly 

isolate analytical performance from other system activities.  

Additionally, machine-generated synthetic test data generated by TPC-H’s DBGen tool is re-

lied upon rather than real organizational data. This guarantees reproducibility while sacrific-

ing the inconsistencies commonly found in real-world organizational data. Finally, the scope 

is strictly limited to relational database systems, excluding NoSQL and other big data archi-

tectures. 

Recker (2021) warns that “the danger with experiments is that they become internally valid 

but not plausible in a realistic setting” (Recker, 2021, p.114), and instructs researchers to ad-

dress this gap. The interview study is how we address that recommendation. Section 3.4 uses 

the workloads that the respondents report to assess how far the tested conditions correspond to 

real analytical demands. 

3.3.9 Reliability and Replicability 

The measures in this section are applied to address two quality criteria when it comes to quan-

titative research: reliability, concerned with whether the study would produce the same results 

if it were run again, and replicability, which demands that the procedure of the experiment 

have to be specified in enough detail for the study to be reproduced by others (Bell et al., 

2019). Repetition of measurement under controlled conditions is also important in experi-

mental research and is used to confirm that the measured outcomes are not the result of transi-

ent factors such as OS background activity (Oates et al., 2022). The procedures below ensure 

that these criteria are fulfilled: 
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3.3.9.1 Query execution and managing variability 
• Repetition: Every query is executed a minimum of 6 times for each of the three con-

figurations so that a single divergent run cannot determine the final reported result 

(Oates et al., 2022). 

• Warm up: The first execution of a query is excluded from the results. This is to pre-

vent cold reads from disk which is not realistic in a real-world operational production 

scenario.  

• Median time: For the remaining 5 executions the median execution time is calculated 

rather than the mean. The reason for this is to prevent extremes and spikes caused by 

external noise such as OS background activity from distorting the results (Bell et al., 

2019).  

• I/O aggregation: For queries accessing multiple tables, total I/O reads are reported as 

the sum of all lob logical reads and standard logical reads across all tables accessed in 

that query execution. For columnstore-enabled configurations, I/O is primarily re-

flected as lob logical reads. For the rowstore configuration, I/O is reflected as standard 

logical reads. For queries accessing both columnstore-indexed and non-columnstore-

indexed tables within the same configuration, both lob logical reads and standard logi-

cal reads are reported. By specifying this rule explicitly, it makes the I/O measure-

ments replicable (Bell et al., 2019). 

3.3.9.2 Environmental consistency 
• Clearing of cache: Between each test, the SQL Server buffer cache and plan cache are 

cleared using DBCC DROPCLEANBUFFERS and DBCC FREEPROCCACHE to en-

sure an unpolluted baseline and prevent potentially cached data from influencing the 

experiment. This helps control a factor that would otherwise threaten the internal va-

lidity by introducing differences unrelated to the manipulated independent variable 

(Oates et al., 2022). 

• Fixed resource allocation: SQL Server maximum server memory is capped at 4096 

MB across all tests to ensure that each schema artifact is benchmarked under identical 

and consistent resource constraints. 

3.3.10 Ethical Considerations 

This experiment only uses synthetic machine generated data from TPC-H, and there is no in-

volvement of personal data or humans. Ethical frameworks that concern research on humans, 

such as the participant rights by Oates et al. (2022) and the principles of avoiding harm, hav-

ing informed consent, respecting privacy, and preventing deception described by Bell et al. 

(2019) therefore do not come into play in this experiment. The same holds for the legal duties 

that comes from holding personal data about individuals, as presented by Oates et al. (2022), 

since the test data does not describe real persons and that no personal data is collected, stored, 

or processed. This was one of the reasons for opting for synthetic benchmark data over real 

organizational data. The most important ethical requirement of this experiment is to be honest, 

accurate, and transparent (Oates et al., 2022) and describe the process so that others can repli-

cate it (Bell et al., 2019) which is done in the sections above in this chapter.  
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3.4 Integration of Methods 

This section describes where in the thesis the two methods are brought together. Sections 3.2 

and 3.3 describe the interview study and the experiment separately because the two methods 

have different procedures and quality criteria. However, in a mixed-method study, the two 

methods are expected to integrate its findings rather than present them separately side-by-side 

(Bell et al., 2019). 

Chapter 5 (discussion) is where we interpret the results of the experiment against the inter-

view findings. The experiment can show under which workload conditions an integrated data-

base configuration (HTAP) performs close to a dedicated analytical configuration (OLAP). It 

cannot show whether this performance difference really matters in practice. The interview 

findings are what provides that judgment because they show what burdens organizations with 

limited dedicated analytics capacity actually report, for example, lack of specialists, unclear 

responsibility, and problems with ETL. Chapter 5 therefore examines whether the measured 

performance differences between the configurations are consequential under the organiza-

tional requirements and constraints identified through the interviews. It also considers 

whether potential advantages associated with greater integration, such as reduced data move-

ment, are relevant under those conditions, while recognizing that separated analytical arrange-

ments can provide organizational benefits of their own. The interview findings on workload 

characteristics in table 3.3 are also used in chapter 5 to some extent to evaluate how well the 

workload conditions tested in the experiment match the workloads the respondents describe. 

Putting quantitative results in the context that qualitative findings provide is a recognized 

function of mixed-methods research (Bell et al., 2019). Chapter 6 (conclusion) then answers 

both research questions and states what the combined findings support and what they do not 

support.
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4 Results and Analysis 

This chapter presents the results of the qualitative interviews and the benchmark experiment. 

Sections 4.1-4.4 will present the results of the interviews, which will be further divided into 

subchapters based on the codes identified in the analysis process. Subsequently, 4.5-4.10 will 

present the results of the benchmark experiment and the performance of the different queries.  

4.1 Decision Support and Analytical Demands 

4.1.1  Division of Analytical Work 

The division of analytical work can be defined as workloads being performed by different 

roles in an organization. Mainly, the analytical role which identifies long-term trends creates 

larger reports for presentation to managers, and processes larger amounts of data. And the op-

erational role, the ones that treat real-time numbers and are responsible for inputting daily 

data into the system. The codified material shows how some respondents describe analytical 

work as divided between different roles. And these can depend on factors such as time hori-

zons, technical responsibility, preparation of data, interpretation and decision-making.  

R3 directly describes a division based on time horizon while R4 conversely describes his ex-

perience from a perspective outside of the direct context of analytical projects ([9] R4). R3 

states clearly: 

[5] R3: “I mainly look at the long-term trends while many other departments work with the 

short-term, what needs to be done here and now.” 

This shows how the division of analytical work can be divided by both time horizon and or-

ganizational roles, and how data is used for different purposes. R4 also notes that this experi-

ence of divided analytical work comes mainly from working with product companies, the re-

spondent also states how it cannot speak generally about the issue.  

A similar division is described by R7, where the preparation of data for BI-analysts and the 

analysis itself is not handled by the same role: 

[3] R7: “[...] often I sit and populate the data itself for the BI-analysts who maybe have looked 

at HR-information. Others look at product information, and so on. [...] You also want to look 

at where the data is coming from initially. That is what I have been doing mostly, not taking 

business related decisions based on the data.” 

Here R7 describes a clear bridge between the processing of the data itself, and the subsequent 

transfer of the data to the analysts who will use it for their own tasks. This shows a distinction 

between enabling analytical work and using data-based analysis for decision-making. Simi-

larly, R6 gives insight into a further division within the analytical infrastructure: 
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[17] R6: “[...] I am instead, like I said, getting the RSS-feed to Python. [...] There we have a 

website and then our application, if you will. I am a bit involved in the design. [...] So, I am 

designing it, and making sure our information from our Python, or internal database, ends up 

in the right place [on the website]. But the storage, or data management, I am not very in-

volved in.” 

Managing the data or maintaining the local database is also separate from the tasks R6 de-

scribes, making sure the data ends up in the right place in an application or on a website. This 

is a separation between technical responsibilities within the analytical infrastructure, although 

the company R6 is employed by is very small, only nine employees ([2] R6). The division of 

responsibilities was still present.  

Similarly, R8 who, conversely, is employed at a much larger organization ([2] R8), also de-

scribes a division between data management and BI analysis, where the respondents work 

mainly involve combining and organizing data for the analysts so they do not have to sift 

through thousands of columns of data: 

[7] R8: “[...] we are working a lot with raw data, databases, direct integration and similar. 

And all the old case workers or financial posts work a lot with Excel.” 

[18] R8: “[...] We have a type diagram in QMC, but a lot more numerical data which is struc-

tured in a way that gives this overview like a graphical tool does, but in a numerical format. 

So, you work a lot with compiling a lot of data at the bottom, and gives you as a case worker 

for example, or financial analyst an insight without having to read through all these thou-

sands of columns of data.” 

The common pattern emerging is that analytical work is most often divided and further subdi-

vided into different roles in organizations, and that these roles all have different functions and 

responsibilities. This division occurs both between the operational short-term and the long-

term analytical roles, as well as in different stages of the analytical process, like collecting, 

integrating, and preparing data. Maintaining data quality, presenting or structuring infor-

mation for other employees, interpreting that data in a business context, and using the data as 

basis for decision-making.  

4.1.2  Freshness Requirement 

Throughout the codified material, a topic which was identified was the current nature of data. 

The freshness requirement is therefore defined as a stated requirement about how current the 

data must be (section 3.2.5). As will be apparent in this section, freshness does not equate to a 

need for the data to be in real-time, or constantly updating live, rather it will be shown how 

different requirements depend on the purpose of the analysis, the type of information, and the 

activity being supported.  

In the range of freshness requirements, there were some respondents who had a need for near 

real-time data. This data did not need to be updated every second but needed to be available 

within an hour of time. R1 described this as following: 

[9] R1: “It’s not real time but it’s near real time [...] between that acquisition and processing 

everything [...] they’re usually available within an hour or something like that.” 

Similarly, R2 describes: 
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[14] R2: “[...] real time in terms of milliseconds, no, but within an hour it needs to be, so 

daily is not enough, but I think we are running our product jobs every 15th minute, and that’s 

what I have seen, every 15th or 30th minute is what I have seen quite a lot lately [...]” 

Although, the respondent does not explicitly states that data needs to be real-time, R2, seems 

to suggest that data needing to be available within an hour is a type of real time data as the 

quote above is preceded by: “Real time is always an interesting word because it depends on 

what you mean by it.” ([14] R2). Both R1 and R2 describe their freshness requirement to be 

available data within an hour. R1 characterizes this as near real-time, while R2 presses on the 

importance of context when defining the concept of real-time. 

The freshness requirement also seems to be dependent on the purpose of the analysis. What 

kind of analysis needs to be done will determine how current the data must be. Both R3 and 

R5 describe how the requirement depends on the purpose. R3 states: 

[12] R3: “[...] daily is mostly enough. Weekly also. We have some reports we only take out 

monthly. But in general for the organization, daily. But for the more overarching questions, 

strategic questions it is weekly or monthly.” 

Although R5 does not give as concrete of a time requirement as R3, the respondent nonethe-

less presses on the dependency of the analysis: 

[10] R5: “It is simply completely dependent on the purpose. If there is a certain engagement 

which needs very current data, then the reporting will occur according to that purpose. If it 

were to be based on a slightly longer period, the data might not need to be as detailed or as 

current.” 

What both R3 and R5 describe is how their freshness requirement is dependent on decision 

horizon. Short-term operational decisions concerning day-to-day tasks have a certain require-

ment, and the longer-term strategic tasks have different requirements.  

Another aspect which determines freshness requirements is the source of the data. In the same 

way R5 and R3 described varying requirements based on purpose, R6 also gives an insight 

into the variation of requirements coexisting within the same organization: 

[9] R6: “[...] if we want to look at profit in a company. [...] we use data from annual reports 

for example. And they only come out yearly. But if you take news, that is something we are 

live updating all the time. [...]. If we have an RSS-file on Aftonbladet, and a news article 

about, well Ikea. Then we retrieve it almost instantly into the system.” 

What is described is the dependency of the data source itself. For R6’s purposes, the freshness 

requirement is based on how frequently the data updates. Financial data gathered from annual 

reports can only be updated when a new report is published. News information, on the other 

hand, is gathered continuously and enters the system almost immediately after publication. 

What can be garnered from this is that freshness of data is not only an organizational prefer-

ence but can also be determined or limited by the source of data.  

A further insight into the coexistence of multiple freshness requirements within a technical 

environment is provided by R8: 

[12] R8: “The main system I work with. That is real time data. It is very important for it to be 

real-time [...] Everything that happens in real time in this QRM-system. And then we have a 
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database in between in Amazon Dynamo which is polling in real time and updates every sec-

ond, actually. [...] But then of course we have older and lower interval data. It is the type I 

mentioned earlier where we have monthly jobs which run and then everything is processed 

during the week. And then you see the result at the end of the week” 

Within the same technical environment there is not a singular freshness requirement, some 

systems require continuous polling and updating, while others require data updated at longer 

intervals. R8 also notes, about the data updated at less frequency: “It is not a major rush to 

retrieve this data, as long as you know it is treated correctly.” ([12] R8). 

Freshness requirements can also be limited by system performance. As described by R9, the 

update schedule is determined by the technical conditions: 

[9] R9: “We usually ran it once per day, early in the morning, in order not to reduce the per-

formance of the system. There was still quite a lot of data that needed to be processed and 

moved. In some cases you need to run tighter updates. Running it maybe 2-3 times per day, 

and you pick a suitable time when it is not very busy.” 

The desired update frequency may need to be weighed against the performance impact of 

data-transfer and processing jobs. Update frequency is not solely based on a users ideal, but 

can be limited by the volume of data being moved, the processing load created by updates, 

and the need to avoid affecting the operational system.  

The codified material shows how the freshness requirement for an organization can vary 

widely and be determined by several factors. The material has shown how the range of fresh-

ness can vary from real time polling to annual updates. Real-time updates were shown to be 

associated with rapidly changing operational information, transactions, news, and other time-

sensitive activities. Within the same organization multiple freshness requirements can coexist 

at the same time. The required freshness depends on the purpose and time horizon of the anal-

ysis, the availability of the source data, and the processing demands placed on the operational 

system.    

4.1.3  Query Shape 

The code Query shape is defined as the shape of analytical questions; this can for example be 

quick lookups, aggregations, and other ways in which data is being searched or processed. 

The codified material shows that query shapes vary according to the purpose of the analytical 

task. This variation can include quick and simple lookups, historical trend analysis, continu-

ous comparison against accumulated data, and large periodic calculations. Different factors 

such as historical scope and technical complexity should not initially be treated as the same 

thing.  

An important concept is introduced by R2 who describes what was mentioned in the para-

graph above, when asked about what analytical questions are most common, and whether it 

includes simple lookups or large amounts of historical data, the respondent answers: 

 

[15] R2: “Well, there exists all variants I would say. And I would say that simple queries and 

large amounts of historical data are not opposed to one another. There can be very simple 

queries which uses a lot of historical data. [...] The amount of history is rarely a parameter in 

how complex a query needs to be.” 
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R2 distinguishes between the complexity of a query and the historical scope of the data it ac-

cesses. As stated, simple queries can use a lot of historical data, and thus the Query shape has 

more than one dimension; the complexity of the operation being performed and the volume or 

historical scope of the data being examined.  

R3 gives insight into two different query shapes based on organizational purposes. The re-

spondent gives a distinction of the query shapes, where the respondent focuses on the long-

term trends while his colleagues focus on daily operations: 

[13] R3: “Our salespeople are viewing our customers on a daily basis. [...] But also the order 

intake and when we put orders there are a lot of quick simple searches. While I who look 

more overarching organization can take historical data, and then I can use up to 3, 4 years 

back in time to find trends and identify patterns.” 

The respondent distinguishes quick searches connected to customers, order intake, and pur-

chasing from broader analyses using several years of historical data. Importantly, what cannot 

be garnered from this material is whether R3’s analytical queries are considered more com-

plex than those of his colleagues.  

A similarity which can be identified between R1 and R6 is the way data accumulation over 

time affects query shape. As R1 states: 

[10] R1: “When we do our analytical, it considers the entire history of the asset. [...] we use 

what we call continuous learning in such a way that whenever each new measurement comes 

into place it's always compared towards the history but the history should remain static in 

every certain amount of time we just ensure the entire consistency like we revaluate that the 

entire consistency is there, especially whenever there's an overall update to any of our mod-

els.”  

What emerges is an analytical pattern based on repeated comparison between current observa-

tions and accumulated history. This analytical pattern is similar to the one described by R6 

who states: 

[10] R6: “Right now it is mostly simple searches. Then as I said, the longer this goes on, the 

more historical data there will be.” 

Taken together, both respondents show that historical scope of an analytical workload can ex-

pand as new data accumulates, even when the basic analytical operation remains the same. 

The structure of the analytical task can remain while being applied onto an expanding histori-

cal dataset.  

Some query shapes are large-scale and processes large amounts of data with many parame-

ters. R8 describes how an aggregated analytical workload is used to produce a monthly finan-

cial decision value: 

[5] R8: “[...] for example our monthly calculations where we have a week when pretty much 

all IT is paused while we crunch [large amounts of data] in a database which includes pa-

rameters such as [...] All of this is finalized into a final number [...]. This is being done every 

month. Then also, this workload is being done daily, but in smaller parameters and smaller 

segments.” 
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What is described by the respondent is a clear example of an aggregation-oriented analytical 

workload. Large monthly total calculations of a variety of financial and economic parameters 

which need substantial processing, to the point where most of the organization’s other IT ac-

tivity is paused for a certain time period while this runs. This workload was also described as 

being performed in smaller segments more frequently.  

In terms of historical scope. R9 gives some insight into why some Query shapes require a 

broader historical scope to be valuable.  

[10] R9: “historical data you want to be able to follow up maybe when you want to spot 

swings and tendencies, for example sales, how this has changed over a longer period of time. 

And from there act accordingly, then it is not enough to look at one day or week, instead you 

look at a quarter, half-year, year or even many years to see if there are any tendencies. Some 

products and markets are pretty slow. Viewing day-to-day you might not see any difference 

but looking over many years, you can notice, here we have gained shares, here we have lost 

shares.” 

The respondent gives a thorough explanation for the benefit of the longer time interval Query 

shape. What can be gathered from the material is that the appropriate query depends partly on 

the rate of change of the underlying phenomenon. While the question of immediate opera-

tional conditions may require a certain historical scope, the questions concerning gradual 

changes in slow markets will require a broader historical comparison.  

What the material therefore has shown is that most query shapes are heterogeneous and de-

pend on many factors. Query shapes can include quick and simple lookups, searches across 

several years of data, repeated comparisons of new observations against accumulated data, 

large aggregation-oriented workloads, and smaller segments of broader calculations per-

formed more frequently. As the respondents described, the shape of the analytical query de-

pends on the question being answered, as well as the phenomenon being examined. The re-

spondents also gave insight into how data volume, historical depth, and query complexity are 

distinct concepts in themselves, and not necessarily correlated. Some queries were described 

as simple lookups but nonetheless using large amounts of historical data. The material shows 

in summary that organizational analytical workloads vary in operational complexity, historical 

scope, scale, and purpose.  

 

4.2 Infrastructure and Data Flows 

4.2.1 Default Tooling 

The code Default tooling is defined as cases where Excel or self-built tooling is named as the 

destination data ends up in, even when a more capable system exists. The material presented 

in this chapter will show a pattern of how many respondents describe two main forms of de-

fault tooling, firstly a familiar standard software, particularly Excel, and secondly, internally 

developed tools, script, or application-integrated analytical functions. The default tool is not 

necessarily the most technically capable tool, but it will be shown to be the tool where users 

most commonly receive, inspect, manipulate, document and present data. As well as how dif-

ferent employee groups use different tools within the same analytical process.  
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Although the material will show that there are self-built tools in which analysis is being done, 

many of the respondents mention Excel as the practical destination for data. R7 gives an ac-

count of what happens when analysts are about to receive data: 

 

[4] R7: “[...] what always happens in the end is that a BI-analyst will always say ‘Can’t I just 

get the data so I can run it in Excel?’ [...] It is what you begin with and you want to use it all 

the time. It may not be that scalable, but that is where it ends up. Files easily end up on em-

ployer computers and they want to run their things in Excel.” 

The main insight from this is that even though data can exist in a database, or a more special-

ized system, the endpoint of the analytical workflow is often Excel, since the BI-analysts are 

more familiar with that environment. This should, however, not be interpreted as technologi-

cal inadequacy since the respondent also describes a consistent user preference and estab-

lished working practice.  

Similarly, R8 gives further insight into the use of Excel and expands it by describing its use 

by certain organizational roles: 

[6] R8: “All the case handlers and financial staff work a lot in standard tools like Excel and 

similar. As long as they can retrieve data from us and return data to use, we are satisfied.” 

Therefore, it can be gathered that not all organizational roles must work directly under the 

same database or within the same analytical environment. For employees outside of the tech-

nical data role, Excel appears to act as the working interface.  

From R5 and R9 it can be gathered that Excel has several functions beyond being a destina-

tion for exported datasets. For example, R5 describes how documentation regarding insurance 

gets done in Excel: 

[5] R5: “I work with the K-system in insurance. [...] How all metadata looks within the system 

is most often documented in Excel I would say.” 

R9, describes the use of Excel as a simple analytical option where the respondent creates mac-

ros for filtering and dividing data: 

[4] R9: “[...] in some places I have made it easy for myself and used Excel. Created some 

macros of my own to filter and divide the data in order to identify deviations.” 

The respondent continues to identify some positive qualities Excel can have for his workflow 

while still pressing on the fact that it remains a simpler tool “[...] there is good functionality 

like the use of symbols, like upward arrow, downward arrow, green and red color coding et 

cetera. But it is a bit simpler” ([4] R9). Both R9 and R5 therefore provide evidence of how 

Excel can work as a lightweight tool for documentation and simpler analytical tasks, but one 

should be careful of interpreting this as primitive or ineffective even though R9 states how 

there are more advanced analytical tools like Qlik and PowerBI:  

[4] R9: “These particular systems I find better at doing more advanced calculations and anal-

yses.” 

This statement does not discredit the value of tools like Excel, instead it should be seen as 

how different tools are suited for different tasks.  
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Other respondents give insight into how self-built tools also provide value to the analytical 

process. R7 gives an account of how many places use tools built in Python: 

[12] R7: “But a lot of places have self-built solutions. Like in Python. Pandas Data Frames is 

something many people like since it is similar to Excel. They write long Python-scripts or Ju-

pyter notebooks using Pandas and then run them as a form of cron job.” 

Here we see the other side of the code Default tooling, the self-built tools, and it becomes ap-

parent that the code does not necessarily mean non-technical. In some environments, the de-

fault tool is a collection of scripts and notebooks instead of a formal BI platform. The re-

spondent compares Pandas Data Frames with Excel which suggests a continuity in the tabular 

way users interact with data, even when the implementation is more technical. Also, the 

scheduled execution means that relatively informal development artifacts can become part of 

recurring analytical infrastructure.  

The described self-built tools above use a more un-integrated form of analysis. Conversely, 

R6 describes how the organization has developed their own integrated analytical solutions 

which integrate directly into the company’s application: 

[5] R6: “[...] those who work more with it have built their own analytical solution that inte-

grates with the applications. [...] We do not use anything external like Power BI, but it is sim-

ilar to Power BI, you could say.” 

Here a clear distinction from the self-built tools described by R7 emerges, R6 shows how self-

built tools can also be directly integrated into the organizational applications. Both are self-

built but represent different levels of integration and user interaction. This material also shows 

how an organization does not have to depend on Excel to perform analytical tasks.  

The material thus far has described default tooling and its uses. But many of the respondents 

also mention certain limitations certain tools can have. For example, R7 mentions how data 

often ends up in Excel environments which the respondent claims is “Maybe not very scala-

ble” ([4] R7). This is also echoed by R9 who described how there are more suitable tools for 

advanced calculations and analytical tasks ([4] R9). R8 also mentions the limitations of Excel: 

[11] R8: “[...] they had stored all their archeological data in an Excel-file. This excel file con-

tained, well maybe 50 million rows with 120-130 columns of data” 

Although the exact numbers of rows and columns should be taken with caution, it is still ap-

parent from the respondent’s account that this became an issue when the respondent was 

tasked with migrating this data into a different solution ([11] R8).  

What becomes clear with these accounts taken together is that familiar tooling may continue 

to be used even when the volume or complexity of the data exceeds the use case for which the 

tool would ordinarily be expected to be useful. 

In summary, the codified material shows that analytical data often ends up in familiar or lo-

cally adapted tools with an established working practice. Excel remains a recurring interface 

for business users, meanwhile self-built scripts and integrated applications provide custom-

ized options. More specialized systems exist, but they do not necessarily replace the tools 

which are already a part of an employee’s established working practice.     
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4.2.2 Data Integrity in Transfer 

The code Data integrity in transfer can be defined as how data loses accuracy or requires sub-

stantial work when moved, for example, corrections that fail, corruption during transfer, or 

cleaning and conversion efforts. What the codified material will show is how the integrity of 

data concerns more than just instances of visible corruption. The respondents will give ac-

counts of inconsistency, outdated data, incompatible formats, and failed synchronization. 

A problem described by R1 is conflicting versions and the “source of truth”, or how the same 

information can exist in several places: 

 

[8] R1: “The main challenge [...] is handling what we call the source of truth. [...] So the 

main challenge is when they do one change in one side, they do another change in the other 

site, so just to make it match.” 

The insight given is that when several systems can represent or modify the same information, 

problems of integrity can arise. Preserving this integrity then requires not only transferring 

data but determining which version should be seen as authoritative.  

Another issue described by R1 is the heterogeneity of data, meaning that data is sometimes 

preprocessed or integrated in different ways by customers. What is described is mainly an is-

sue of input consistency: 

 

[12] R1: “Not at all of them preprocess or integrate data in the same way. [...] The main 

challenge on our side is to ensure that [...] new features and characteristics are available or 

meaningful for all our customers independently of the sensor they have” 

The integrity of the data is therefore not only a question of organizational competency and 

policy, but it can also be a matter of input consistency, in what fashion does the organization 

receives data from customers. R1 works with raw wave format data and describes how they 

aim to provide their service regardless of what sensor the customer has ([12] R1). Data integ-

rity can be affected before it enters the analytical system since the information of the same 

type may have already been processed differently by different sources.  

R1 continues to describe another phenomenon, mainly how integration must be properly han-

dled at both ends of the process, when data is received and enters the system and when 

providing analytical results to another user. The respondent states: 

[18] R1: “[...] there’s always two different kinds of integration. One part is the receiving the 

data, and another one is producing the results. Those are two different sets of requirements.” 

This gives a broader view of the concept of transfer. Data integrity must be preserved both at 

entry of the analytical environment and when it leaves as analytical results. The compatibility 

requirements at the input stage and output stage are different.  

Another issue of data integrity is how the correction of data sometimes does not propagate 

through the analytical pipeline. R3 gives an insight into the inconsistency of different system 

layers: 

[11] R3: “[...] It is not that we lose historical data. But, say that it is wrong. And needs cor-

rection. Sometimes it can be difficult, because it is not always updated in the last stage. And 

there we sometimes have issues.” 
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What the respondent describes is how historical data which is in need in correction sometimes 

do not propagate this correction throughout the system, meaning the uncorrected versions of 

the historical data will remain in some places. This gives an account of how data integrity de-

pends not only on identifying and correcting an error but also making sure that this correction 

is propagated through the complete data flow.  

Before data is ready to enter a system, a certain groundwork has to take place to ensure high 

data quality. R4 describes the importance of this: 

 

[13] R4: “If you do good groundwork, you can usually achieve good data quality. Once you 

have reached that point and set up a pipeline that cleans the data and makes sure it is where 

it should be, everything flows after that. But the groundwork can be enormous. It can take 

years.” 

Note that this is merely R4’s own account, the respondent makes clear that this particular 

topic is not exactly his field ([13] R4), but the insight remains. Reliable transfer is partly pro-

duced by thorough preparatory work involving data cleaning rules, construction of pipelines, 

and decisions about where data should be located. 

Similar to what was described by R1, the heterogeneity of data, R7 gives further insight into 

the combination of heterogenous sources of data, and the different structures these can have. 

The respondent states: 

 

[8] R7: “Transforming data that comes from many different sources and may have very differ-

ent structures, and trying to put it into the same structure in the database in a way that feels 

logically understandable, is also a very large task.” 

What this shows is how transformation is not necessarily a loss of integrity itself, but it does 

create work and opportunities for error. And the preservation of integrity does not necessarily 

mean the preservation of every source structure. Data must often be transformed, but this 

transformation must maintain the data’s meaning while making different sources compatible. 

The respondent continues his account of data integrity by giving an example of data passing 

through several systems. And how this can result in an end user receiving data from a data-

base which has not been updated for months. Although this echoes the code Freshness re-

quirement presented in section 4.1.2, the distinction here is still notable. Instead of being a 

case of the age of data, the issue also concerns the loss of reliability due to an inconsistent 

chain of transfer. R7 describes this as follows: 

[9] R7: “They may receive all their data from a database that has not been updated for six 

months. If they are sitting in an end system and it has passed through three different places 

before arriving there, they may make a completely incorrect decision.” 

The integrity of the data can be compromised for each additional layer of transfer, which can 

make it difficult for the end user to determine the information’s origin, when it was updated, 

and whether it still represents the source correctly.  

R8 describes a problem of integrity when spreadsheet-data is moved into a database. The re-

spondent describes how a supplier building a new system may need to migrate existing 

spreadsheet data into a database: 
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[11] R8: “[...] if we as supplier build a new system and migrate the data into an existing data-

base, we need to convert the data into the form we want.” 

The problem arising with this construction and migration often concerns cleaning data: 

[11] R8: “Cleaning the data so that it can actually be used is the hardest part, or at least what 

usually takes the most time in projects.” 

The claim here is not that databases cannot handle large datasets, instead, it is the transfer be-

tween tools which is not always a process of copying. Existing data may require extensive 

cleaning and restructuring before it can be used in the destination system.  

The accounts above all describe issues with data integrity, but here follows the account of a 

respondent who did not experience any substantial issues in this regard. Although R2 

acknowledges that data volumes and speed can be an issue in principle, in general the re-

spondent claims these issues are not substantial:  

[13] R2: “Data volume can be a problem. Often with the case of financial data it is often not 

a big problem. There can be an issue with the speed of which the data needs to enter the sys-

tem. [...] No, there have not been any major issues with that part.” 

What the codified material has shown is how data integrity can be impacted on many levels 

and at several points in the data flow. The receiving of differently formatted or preprocessed 

data, deciding which system represents authoritative sources, propagations of corrections 

through every layer of the system, transforming heterogeneous sources into a shared structure, 

converting legacy or spreadsheet-based data. To maintain consistency, considerable cleaning, 

conversion, pipeline, and governance work is required. The material shows how integrity of 

data in transfer concerns more than just movement of information between locations. Reliable 

transfer requires the preservation of meaning, consistency, and traceability across systems 

with different formats, owners, and update processes. Each additional transformation or sys-

tem boundary can introduce work or a potential point of integrity failure. 

4.2.3 Value of the Current Arrangement 

The code Value of the current arrangement is defined as how the existing separated setup is 

described as sufficient. With this it refers to the separation of the operational and analytical 

environments. Note however, that the codified material will represent a broader view and 

should not be interpreted as evidence for or against the separation of OLTP and OLAP archi-

tectures. The following accounts will instead show how respondents identify practical value in 

arrangements already fitted to their workflows, although those arrangements differ structur-

ally. The common pattern which will emerge is how respondents describe their current ar-

rangements as practically useful or sufficient, not technically optimal. What will be shown is 

how the perceived value is connected to how well the arrangement supports the organization’s 

existing work. 

R1 explains how their current arrangement minimizes movement by handling data in one con-

tainer at a time, which the respondent associates with flexibility: 

[6] R1: “[...] it gives you plenty of flexibility because now we just need to deal with each con-

tainer at a time. So, there is not that much movement from one place to another. And we keep 

everything within the single container.”  
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The respondent values this arrangement due to its reduction of movement between environ-

ments and allows data to remain within a contained technical unit. 

Meanwhile, R2 gives a positive account of a separated environment. When asked if it would 

be valuable if both operational and analytical tasks could be performed in the same place, the 

respondent answered: 

 

[18] R2: “Would it be valuable? Yes, it is already possible. Some of it is probably done, but 

often it is not sufficient. Something more is needed, and that is why one chooses to invest in a 

separate analytical solution.” 

Value is given to a combined architecture of operational and analytical systems. But the re-

spondent presses on the fact that this is not often sufficient, and more often something addi-

tional in terms of analytical solution is needed. This account gives clear support for the code 

definition. Although not claiming that separation is universally necessary, the respondent 

gives a clear insight into the value of keeping the analytical solution separate and the insuffi-

ciency of the combined solution. This insufficiency should also not be taken as a universal 

truth, but the input is valuable.  

Another value described by R3 is that of consolidation, how several existing operational sys-

tems which would require individual extraction from each system, instead can be gathered 

into one analytical solution, in this account Power BI: 

 

[16] R3: “There may be a department working with three systems, and to perform the analysis 

they must extract it from all three. Instead, we can have Power BI collect the three and pro-

vide an overall analysis more quickly.” 

The value of the existing analytical arrangement for the respondent is therefore the consolida-

tion of data from several operational systems and the reduction of the need for users to collect 

information separately. Even though giving a positive account of the separated solutions, the 

respondent still gives some value to the idea of a combined approach: “Yes. It would be a bit 

valuable on a daily basis [...]” ([16] R3).  

An account in favor of decentralization is given by R4 who describes how the centralization 

of data into one large data warehouse is often very costly, difficult, and slow. Instead, the re-

spondent favors distributing responsibility across the organization: 

[14] R4: “The experience is that centralizing the data in one large data warehouse or some 

kind of data-lake solution managed by one team is very difficult, costly and slow. [...] The 

data probably benefits from remaining as close to its own business activity as possible.” 

The respondent does not outright reject central reporting, but instead questions the full cen-

tralization of data and responsibility. The value of the arrangement lies in the combination of 

local ownership of data with controlled exchange, and, where useful, centralized reporting. 

This account does not straightforwardly support the formal definition that a separated setup is 

sufficient. It can thus be seen as a distinct position for the benefit of a distributed or federated 

organizational arrangement.  

R5 gives a brief account of the sufficiency of the current arrangement: “It is a lot of Office 

365. It feels like that is the majority, and it is very good.” ([16] R5). What this shows is how 
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the value of an existing arrangement can lie in commonly available tools, instead of a special-

ized analytical infrastructure.  

Moreover, R6 provides a positive account of the organization’s own analytical solution. As 

the respondent describes the analysis is integrated in the application and the respondent con-

siders the arrangement to work very well: 

[8] R6: “It is our own solutions that we use for that. [...] if you also think about analysis. It is 

integrated into the application.”  

[13] R6: “I think it works very well instead of going through another external site. We have 

built it in the way we want it. […] There aren’t that many clicks we have to perform com-

pared to if we would have used a Power BI system. [...] It is only a few button presses, and 

then we get what we want quite quickly.” 

What the respondent seems to value with the current arrangement is the way the analytical 

functionality can be tailored to fit the organization’s needs and how the functionality is em-

bedded directly into an application employees already use. Although the respondent values 

their current arrangement above systems like Power BI, one should be cautious of interpreting 

this as evidence of self-built analytical solution being superior to Power BI. Instead, the supe-

riority concerns workflow since external data import would be required, users would need to 

specify the analysis themselves, the current system already contains much of the required 

setup.  

Beyond producing reports, R9 gives insight into further value of certain arrangements. The 

respondent gives an account of a case where stock was added to an inventory, but withdrawals 

were not registered. The value of the current analytical arrangement thus came from interpret-

ing how reasonable this was: 

[8] R9: “It is of course also a part of the analysis to see if it is reasonable, if there is an error 

in the source data. [...] we had issues with inventory balances. [...] We just stocked up the in-

ventory. It didn’t register when we withdrew from the inventory. Finally, we realized this was 

not reasonable.” 

What becomes clear by this account is how the value of an analytical arrangement can be the 

interpretation of the data’s reasonability. The value is not limited to decision support based on 

assume-correct data. It can also provide a means of validating operational information and de-

tecting failures in source systems. 

What can be seen from all these different accounts is how the value of a current arrangement 

is never due to one universal architectural principle. Instead, the value can come from differ-

ent reasons. A contained setup can reduce movement, a separate analytical solution can con-

solidate data from many sources, the distribution of responsibility can keep the data close to 

its organizational context, standard tools can be considered sufficient for common tasks, a 

self-built application-integrated analysis can reduce user effort and fit established workflows, 

an analytical solution can also support the validation of data. Respondents also sometimes de-

scribe current operational capabilities as sufficient while deeming them insufficient for 

broader analytical requirements.  
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4.3 Constraints on Analytical Capacity 

4.3.1 Competence as Limiting Resource 

The code Competence as limiting resource can be described as the constraint regarding the 

skill available in individuals, whether the capability rests on one or more people, or the people 

lack the required understanding. Throughout the codified material there will not be any single 

one skill gap identified, instead the respondents will describe several forms of limited compe-

tence. What will become clear is how analytical capacity depends not only on whether a tool 

exists, but on whether the organization has people who can maintain, operate, understand, and 

critically assess it.  

R7 gives an insight into the idea of key-person dependency. Meaning, when many roles are 

comprised by one individual, and the issues this can bring to the organization if this individual 

no longer has these roles, the respondent gives an illustrative example: 

[6] R7: “Lasse, who has worked here for 20 years, has kept track of this database. He is the 

only person who knows that it exists. Then he retires, resigns, starts somewhere else, or 

changes roles. Suddenly people are using a database, but nobody knows where it is, and no-

body knows who is responsible for it.” 

It becomes clear with this account that the limiting resource is not the database itself, but the 

distribution and continuity of knowledge surrounding it. The respondent also assesses these 

types of issue to be quite common: “I would say this collection of problems are quite com-

mon” ([6] R7), note however that this is the respondent’s perspective and should not be seen 

as a verified fact across organizations.  

Apart from organizational dependence, there can also exist limited technical competency. R7 

continues to describe limited competency in how employees have trouble working in enter-

prise systems like Salesforce and ServiceNow, how column names and relationships can be 

difficult to understand, and the difficulty BI-analysts can have with basic join-operations: 

[7] R7: “Problem is many of these column names in these products like Salesforce and Ser-

viceNow [...] can be really difficult to figure out. It can be very difficult to determine the pri-

mary- and foreign-key relationships between these tables. How do I join them? Many BI ana-

lysts do not even understand a join. What is the difference between an outer and an inner 

join? They do not know that. Often, you have to explain it to them or help construct the 

query.”  

This account is the respondent’s perspective and experience and should not be seen as evi-

dence that BI analysts as a professional group lack database knowledge in general. But what 

can be garnered from the material is how analytical capacity can be constrained by a mis-

match between access to data and the technical knowledge to retrieve and combine it cor-

rectly. This account also echoes what was mentioned in the subsection Division of analytical 

work (section 4.1.1). Analysts may understand the business question but may also depend on 

people with deeper database knowledge to access the data they need.  

R8 gives a description of limited competence as a problem of both adaptation and founda-

tional understanding. The respondent juxtaposes two contrasting patterns, where the first is 

employees accustomed to older Excel-based practices may resist newer tools and methods, 
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and the second is employees using AI-based tools to generate outputs while not understanding 

the underlying software or process ([14] R8). The respondent presents the refusal to learn new 

technology, and the refusal to learn the technical foundation as a limitation on analytical 

work: 

[14] R8: “[...] there is an extremely large gap between those who completely refuse new tech-

nology and those who refuse to learn how it works at a fundamental level.”  

For the respondent, competence can be seen both as the willingness to adopt new technologies 

in the form of tools, as well as the willingness to learn the fundamentals of said technologies. 

Once again, the account should be taken as the respondent’s own perception and be seen as a 

general statement for organizations. 

Another perspective on competency as a limiting resource is provided by R9 who describes 

how it can also depend on the frequency of use of the analytical tools. The respondent recalls 

when working as a full-time analyst how the more advanced systems worked well, but notes 

that if these analyses only take place once a month it can be more difficult: 

[11] R9: “I worked full-time as an analyst, and then it works well. But if you are going to do 

this once a month and use an advanced system, it usually becomes more difficult.”  

What is described is not how skills necessarily disappear, instead that infrequent use can make 

the use of more advanced systems more difficult. An organization may technically have em-

ployees with access to an analytical system but lack the necessary frequency of use in order to 

maintain practical proficiency. R9 continues by describing how competency is not only lim-

ited to the technical system in use but also the need for employees to have enough knowledge 

to interpret and question analytical outputs. They must be able to judge if reported revenue, 

deliveries, inventory, or other values are plausible. And how a lack of this judgement, errone-

ous outputs can be accepted since the system successfully produced a number: 

[12] R9: “You need both competence and experience so that you can quickly question the re-

sult. Does this seem reasonable? Do we normally have this turnover? Do we normally deliver 

this much?” 

This shows how analytical competence also includes contextual judgment, not only the tech-

nical ability to execute a query. This contrasts with the previous account from R7 where com-

petency was described as technical database understanding, while R9 presses on organiza-

tional and domain understanding.  

What the presented codified material has shown is how competency has many dimensions, it 

can include technical competence, operational competence, domain competence, and organi-

zational continuity. Analytical capacity is shown to depend on both employees’ technical abil-

ity to access and process data and also on their contextual ability to understand and critically 

evaluate the results.  

4.3.2 Handoff Breakdown 

This code refers to a situation when knowledge fails to pass between those who move the data 

and those who know what it means, or lack responsibility for the transfer. In contrast to the 

previous code which concerns whether the required knowledge exists, this code is about 

whether existing knowledge is successfully communicated and coordinated between roles.  
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A first account is given by R1 who describes how the handoff of knowledge can occur at both 

ends of an analytical process. This account was already visited in the subsection Data integ-

rity in transfer (section 4.2.2), there the focus was format compatibility and preserving data, 

here the focus is whether the result is defined and presented in a way that another individual 

can actually use. As R1 states: 

[18] R1: “[...] there's always two different kinds of integrations. One part is the receiving the 

data, and another one is producing the results. And those are two different set of require-

ments.” 

The respondent then goes on to explain how the input stage requires a certain robustness to-

ward different formats and technical methods, while the output stage requires deciding what 

information should be provided ([18] R1). The main takeaway from the respondent’s descrip-

tion is that a successful handoff requires more than technically transmitting data. The ones 

producing the results must also properly define its content and adapt the format for the end 

user.  

A clear description of the code is provided by R2 who identifies two distinct groups, firstly 

the data engineers or other employees who build pipelines and move data, and secondly plat-

form or domain specialists who understand what the data means. R2 states this as follows: 

[13] R2: “A lot of it is about understanding what the data means.” 

And when asked what the biggest hurdles with the current reporting were, the respondent an-

swers: 

[17] R2: “It is probably the knowledge transfer between the data engineers and the platform 

specialists, the people who know what the data means and those who need to build the data 

pipelines. I would say that is the biggest problem.”   

When a pipeline built by technical staff depends on knowledge held by employees outside of 

the pipeline-building role, problems can arise. The breakdown occurs when the data can be 

technically transferred, but its meaning, context, or correct use is not successfully transferred.  

A brief account of how the same data can be interpreted differently is provided by R3: 

[15] R3: “The data is actually correct, but it is viewed through different eyes.” 

According to the respondent, data can technically be correct but by viewing it from another 

perspective the knowledge fails to properly transfer. This account is preceded by an explana-

tion of how there can be different working practices in other countries where the business op-

erates ([15] R3). Transferring the same dataset does not guarantee a shared understanding of 

what it means.  

A rather detailed example of handoff breakdown in an organizational context is provided by 

R4. The respondent describes how since the responsibility is dispersed throughout the organi-

zation, and since this often leads to each team modifying the data to their own liking without 

notifying the data scientists, it can lead to failures between departments: 

[13] R4: “The data may be somewhat dispersed in the organization, perhaps between different 

IT departments responsible for different parts of the complete dataset.” 
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The description of how data may be spread out in the organization is followed by: 

[13] R4: “If there is no shared responsibility for the data […] and they do not communicate 

that they are making updates, things will break repeatedly because contracts that do not exist 

are being broken between the data-science department and the IT department.”  

An important note with the previous quote is that the word “contracts” does not seem to imply 

formal legal contracts, the respondent instead seems to refer to technical or organizational 

agreements between data producers and users. But nonetheless, the account gives a clear de-

scription of how the handoff breakdown is not only a failure to explain individual data fields. 

Instead, it can result from unclear data ownership and responsibility between the individuals 

producing, maintaining, and analyzing the data.  

R7 describes how certain domain-roles can act as bottlenecks in an analytical pipeline. The 

necessary domain knowledge may exist, but its communication and transfer fail due to being 

handled by employees who already have a full workload and who would need to take time to 

explain the proper meaning of the data: 

[8] R7: “The bottleneck is usually the business. You have to find people who are already fully 

occupied who can give you information and explain what the data means. That is what takes 

the most time.” 

The knowledge exists, but to obtain it employees must find the right individual and get a full 

explanation of what it means in order to prevent the handoff breakdown. And these individu-

als might have their primary responsibility elsewhere. The handoff is therefore constrained by 

availability and organizational priorities rather than by a total absence of knowledge. While 

R2 identified the knowledge transfer boundary, R7 gives insight into why that transfer can be 

slow in practice. 

Similarly, R8 also describes a handoff breakdown in the organizational context. The respond-

ent gives an account of how different departments working according to different needs and 

routines can give rise to issues:  

[7] R8: “We currently have a very large mismatch where the data we want and the data they 

want do not really align, because we work in two different ways.” 

And the respondent follows up with: 

[7] R8: “There is always some problem between departments. One person works in one way 

and someone else works in another way, and then it becomes difficult.” 

The mismatch described by the respondent should not be taken as a mismatch of data formats. 

The account has broader wording and may concern requirements, processes, or priorities.  

What has been presented in this subsection is the different types of handoff breakdown. In 

summary these types can be grouped into three categories. Firstly, the breakdown can be se-

mantic where the understanding of the data fails to transfer during the handoff. Secondly, 

technical handoffs which concern the defining of formats, structures, and outputs that another 

system or user can receive. And thirdly, organizational handoffs which concern the establish-

ment of ownership, communication responsibilities, and agreements between departments. 

The codified material shows how analytical work can depend on the coordination between 

two groups of individuals. Individuals who understand the business meaning of the data, and 
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the individuals who technically collect, transform, or deliver it. The handoff breakdown oc-

curs when meaning, requirements, changes, or responsibility do not properly pass successfully 

across the boundary between these two groups.  

4.3.3 Workload Interference 

The code Workload interference is defined as how analytical activity degrades operational 

system performance, or scheduling is chosen to avoid degradation. This subsection will intro-

duce a pattern showing how interference in workloads in organizations can be seen as a condi-

tional constraint, and how it is dependent on architecture, size and timing of the analytical 

workloads.  

R3 starts by providing an example of how a separate solution can limit interference, and gives 

an account of how older tools used could be more cumbersome: 

[14] R3: “Since we have a separate solution for most of it, it does not affect us very much. 

Then we also have some older tools from which we previously extracted many reports, and 

those were somewhat more cumbersome. At certain times, such as the end of the month, when 

many reports run automatically, you notice that it becomes slower.” 

Although it is not explicitly stated that the older solution had more interference than the new 

separate solution. The respondent still associates the limited interference in the current envi-

ronment with the use of the separate analytical solution. The interference in terms of slow-

down is experienced with the older solutions and during concentrated periods of increased re-

porting, like at the end of the month. This account from the respondent does not explicitly 

prove that a separate solution will reduce workload interference, instead it should be seen as 

the respondent’s description of this effect in a particular setting.  

A clear example of how operational and analytical activity interfere with each other comes 

from R6 who states: 

[11] R6: “There were a number of occasions when we were producing a report. We use some 

data in real time, and sometimes, particularly in the beginning, when we generated a report, 

the report was produced, but the real-time data coming in stopped and we had to restart the 

process.” 

Important contextual note about this account is that what is referred to as the “beginning” is 

the time period in which they were building the application ([11] R6). But the insight is still 

relevant. The respondent describes how reporting did not only become slower, but it was also 

interrupting the ongoing real-time flow of data and required operational recovery.  

Another example of workload interference is provided by R8, who describes this interference 

at a much larger organizational scale: 

[5] R8: “One example is our monthly calculations, where we have a week during which al-

most all IT at the bank is paused while we process [large amounts of data] in a database.”  

While it is not claimed that all IT at the bank was shut down, there was still a major disruption 

by pausing “almost all” of it while generating the monthly calculations. In contrast to R6’s ac-

count, this instance of workload interference was scheduled and deliberate, instead of 
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unintended. The respondent describes an analytical workload large enough to affect the sched-

uling and availability of other IT activities across the organization.  

R9 gives us a further insight into how organizations manage interference instead of merely 

experiencing it. The respondent describes how the organization scheduled report generation in 

order to not affect the organization’s workflow: 

[9] R9: “We usually ran it once per day, early in the morning, in order not to reduce the per-

formance of the system. There was still quite a lot of data that needed to be processed and 

moved.” 

The respondent also describes how sometimes updates closer in time are necessary, how you 

run these updates maybe two to three times per day. These updates would also be performed 

in hours when organizational activity was slower, like in the morning ([9] R9). The respond-

ents account shows how workload interference can shape the timing of analytical processing. 

The description is clear in how the organization adjusted the update frequency and execution 

time in order to limit competition with operational use. 

There are also instances in the codified material where workload interference is not described 

as a problem, or where it is outright denied. R1, for example gives a brief comment about how 

sometime a large dataset can lead to additional loading time, but how the analytical process 

itself was not a major source of interference ([11] R1). R5 describes a minor slowing down of 

workflow when working with large Excel files but the respondent did not describe this as sig-

nificant ([12] R5). In the same fashion does R7 describes how the bottleneck is rarely the per-

formance of the IT-systems themselves ([8] R7). 

From R8 we can gain an insight into how the performance of the IT system can be compro-

mised. The respondent describes how certain jobs can start competing for resources: 

[13] R8: “Another job may be running and taking up too many resources, so your job fails af-

ter four hours of calculations because the memory runs out.” 

The context of this quote is in terms of running traditional data storage in Microsoft SQL 

([13] R8). For the cloud-based solutions the respondent instead mentions network problems as 

the main issue ([13] R8).  

Taken together the described instances of workload interference can be presented as follow-

ing. Firstly, there is the performance degradation where systems become slower during inten-

sive reporting periods ([14] R3, [9] R9). Secondly, the operational interruption, where report-

ing or analytical processing stops an ongoing real-time data process ([11] R6). And thirdly, 

the resource and scheduling constraints where large jobs occupy shared processing resources 

or are scheduled during quiet periods to avoid affecting daily operations ([5] R8, [13] R8, [9] 

R9). The extent of the identified instances of workload interference was varied, and several 

respondents did not identify system performance as a significant limitation.   
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4.4 Priorities and Direction 

4.4.1 Cost Criteria 

The code Cost criteria is defined as where cost is named as a governing consideration when 

choosing analytical solutions. This criteria of cost are discussed in several ways by the re-

spondents, some will describe the solving of as many analytical needs as cost-effective as pos-

sible, others will refer to the direct operating cost of a solution. The material will show how 

organizations do not always choose the cheapest alternative, and one respondent will explic-

itly state how certain improvements may justify a greater expense.  

R2 gives an account of cost-effectiveness, the respondent describes the goal of solving prob-

lems as cost-effective as possible as well as emphasizing the satisfaction of as many needs as 

possible. The respondent states: 

[19] R2: “We should solve the problem as cost-effectively as possible. Meet as many of the 

needs as possible in the most cost-effective way.” 

Instead of interpreting this as a demand for the lowest-priced system, it should be seen as an 

instance of where cost is a criterion for evaluating how much analytical capability can be ob-

tained for the resources spent.  

When asked about cost criteria, R7 clearly states cost as the primary criteria. The respondent 

specifies this by referring to the cost of running a solution: 

[12] R7: “Number one is probably cost, how much it costs to run something. Number two is 

what you are accustomed to.” 

The respondent immediately ranks another criterion which is not cost. This is included merely 

to show that while cost was deemed important by the respondent, it was not the sole criteria 

for choosing an analytical solution.  

Another account is provided by R8 who describes how cost can be experienced as a governing 

organizational constraint. The respondent connects the company’s size with the prioritization 

of cost. The respondent also emphasizes this priority in a negative manner: 

[15] R8: “Unfortunately, when you are a company of this size, cost always becomes the first 

priority.” 

This statement should not be generalized as a fact of how organizations of a particular size al-

ways prioritize cost. Nonetheless, the respondent describes how cost is not merely one tech-

nical evaluation criteria. It also functions as an organizational condition that structures which 

alternatives can be considered. The respondent will also identify other factors, but this will be 

handled in the subsequent subsection.  

In contrast to the previous accounts where cost is described merely as a criterion. R4 provides 

an important qualification to the value of this criterion. Sometimes, organizational improve-

ment is not defined as reducing cost. A solution can also create value by improving the user 

experience, and how this improvement can justify higher expenditure: 
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[15] R4: “It is not always necessarily about cost efficiencies. It can definitely concern im-

provements that provide a better user experience, even if it costs a little more.” 

The respondent does not reject cost as irrelevant but instead provides insight into why it is not 

always the decisive criterion. Additional expenditure may be accepted where another organi-

zational benefit is considered sufficiently valuable. In relation to the code, this should be 

taken as a boundary case which can also be included in the next subsection Non-cost criteria, 

it does concern cost as a criterion but also juxtaposes it to the value certain higher cost deci-

sions can provide. 

In summary, the respondents all name the importance of cost as a criterion when choosing an 

analytical solution. Some respondents describe cost in regard to optimization, obtaining suffi-

cient analytical capability for the expenditure, others describe it as a constraint which limits 

which solutions can be realistically selected. Respondents also describe cost as one criterion 

among many, which will be explored in the next subsection. 

4.4.2 Non-Cost Criteria 

This code is defined as criteria like usability, compatibility, risk, lock-in, longevity, an exist-

ing technical ecosystem, or something else governing, instead of, or ahead of, cost. This sub-

section will explore the criteria for determining the value of an analytical solution beyond 

cost. Respondents will emphasize the importance of employees being able to practically use 

the system, and how some criteria concern immediate use while others concern long-term or-

ganizational risk.  

Respondents R3 and R4 provide a similar insight into the importance of usability as the pri-

mary reason for change. R3 describes how previous arrangements were not considered user-

friendly enough and how this was changed, and that this is described as the main reason for 

said change: 

[17] R3: “I would probably say usability, actually. […] I did not think it was very user-

friendly for the end user, so we needed to make it more generally accessible. I would say that 

is the main reason for us.” 

As explored in previous subsection, R4 also presses on the importance of usability, even in 

situations where costs will increase: 

[15] R4: “It is not always necessarily about cost efficiencies. It can definitely concern im-

provements that provide a better user experience, even if it costs a little more.” 

What the respondents share is their prioritization of usability over other criteria. A solution 

can be valuable because it is easier or better for employees to use, even when it is not the least 

expensive alternative.  

R5 also emphasizes the importance of usability when choosing an analytical solution but also 

highlights the importance of being compatible with the surrounding technical environment: 

[15] R5: “It should be user-friendly and easy to use. It should be compatible with other sys-

tems, and it should simply be easy to work with.” 
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The respondent mentions both technical compatibility and simplicity. But these should not be 

seen as interchangeable. Compatibility concerns the system’s ability to operate alongside ex-

isting technologies, while simplicity concerns the user’s interaction with the system. The re-

spondent combines a user criterion with a technical one. Employees must understand a system 

while at the same time this system functions alongside the organization’s other systems.  

R6 also gives the criterion of usability high priority. And the respondent also describes how 

usability means in practice: 

[13] R6: “We have built it in the way we want it. There are not many clicks required. […] Al-

most everything is already set up since before, so it is only a few button presses and then we 

obtain what we want quite quickly.” 

The organization’s solution is directly integrated into its existing application, and so users do 

not need to move through external platforms. The system is configured according to the or-

ganization’s needs and user can therefore perform the analyses with relatively few actions. 

These benefits are contrasted by the association the respondent has to tools such as Power BI 

where there would be a requirement of additional imports and configuration work. This asso-

ciation should not be seen as a general disqualification of tools such as Power BI; this is the 

respondent’s comparison based on the organization’s particular workflow. The respondent 

values the solution since it reduces the number of steps between the user and the required ana-

lytical result.  

R7 names another important criterion besides what was mentioned in the previous subsection. 

The respondent also describes how previous technological choices will constrain or guide 

later one: 

[12] R7: “Number two is what you are accustomed to. If you are already deeply invested in 

Azure and the Microsoft ecosystem, you may not choose something from AWS, for example.” 

The respondent describes how an analytical solution is not evaluated independently of the or-

ganization’s existing infrastructure, skills, or vendor relationships. If the organization is in-

vested in a certain solution, employees are accustomed to its workflow, and the solution is 

compatible with current services, it is valued higher, and can also determine any future 

changes of this analytical solution.  

R8 provides a rather detailed account of long-term non-cost criteria and how risk also influ-

ences the choice of an analytical solution. The respondent phrases this as longevity, meaning 

how a solution will hold up in the long run, and what happens if the use of the solution is sud-

denly disrupted due to licensing issues or supplier disruption: 

[15] R8: “The second priority is longevity. Licensing and longevity. […] We conduct a sub-

stantial risk analysis concerning how quickly we could withdraw from the software we use.” 

The respondent also puts emphasis on a solutions replaceability: 

[15] R8: “Excel, for example, is a fantastic tool, and there are hundreds of similar tools, so 

the risk is very low because it can always be converted away from.”  

Note that the respondents mention of hundreds of tools similar to Excel should not be taken as 

a solid fact, this is the respondents’ justification for considering it low risk. The respondent 

thus provides three distinct criteria. Longevity, or if the current solution is likely to remain 
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viable in the future. Licensing risk, how the organization will handle a change in conditions or 

increase in costs from the supplier. Exist possibility, whether data and processes can be mi-

grated to another platform. The respondent evaluates a solution in part after the organization’s 

ability to continue using the platform or the migration away from it if the underlying commer-

cial or technical conditions change.  

While most of the respondents have prioritized one or two non-cost criteria. R9 describes how 

the choice of an analytical solution may involve several requirements simultaneously: 

[13] R9: “It should be efficient, secure, affordable, user-friendly, and not create a lock-in ef-

fect. It should be flexible enough that we can change it when circumstances change.” 

Instead of ranking criteria in priority like previous respondents have, R9 instead describes 

how the desired solution must satisfy a combination of operational, technical, financial, and 

strategic requirements. The respondent does not claim that the organization currently pos-

sesses a solution which satisfies all these requirements, it is merely the respondent’s descrip-

tion of a solution’s desired characteristics.  

The respondents have all mentioned several criteria which they deem important besides cost. 

These criteria have shown to operate at several levels. One important criterion is at the user- 

and workflow level, this criterion concerns user-friendliness, simplicity, fewer steps, faster ac-

cess to prepared analyses. Then there is the technical level where the concern is about com-

patibility with other systems, how the solution fits with established vendor systems, and how 

the solution integrates with existing applications. Finally, there is the strategic level, this con-

cerns aspects such as security, longevity, licensing risk, possibilities of migration, flexibility, 

and the avoidance of lock-in effects. The implication of these stated criteria is not that cost as 

a criterion disappears; many respondents rank non-cost factors alongside cost. Analytical so-

lutions are assessed according to their fit with users, workflow, existing technologies, and fu-

ture organizational needs. If conditions change, the solution will depend on factors such as 

longevity, flexibility, migration possibility, and a limited lock-in effect. Meanwhile, usability 

and compatibility determine whether a system works in the present environment.    

4.4.3 Integration Stance 

The code Integration stance is defined as a stated position on merging operational and analyti-

cal systems. The codified material will show how this will not be a uniform preference for ei-

ther complete integration or strict separation of systems. Some respondents will describe ben-

efits of having an analytical solution separate when the operational solution is insufficient. 

Other respondents will describe a desire for a shared analytical layer which combines data 

from several operational systems. In instances of a desire for a single solution, there must be 

caution about what this entails. Respondents often discuss integration at the level of applica-

tions, workflows, interfaces, or reporting rather than database architecture.  

R1 provides an insight into how integration is not always a binary choice. Although explicitly 

stating a hesitancy of answering the question ([16] R1), the respondent sees advantages and 

disadvantages in different arrangements, the organization wants a certain independence while 

also facilitating the work: 

[16] R1: “I can see some pros and cons in different situations. At the end of the day, we want 

a certain level of independence, but at the same time we want to facilitate the work.” 
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The respondent also describes how there is now an ongoing discussion about placing certain 

analytical functions on the operational side: 

[16] R1: “Normally, we have tried to keep everything on the analytical side, but we see that 

there may be an increasing need to put some things on the operational side.” 

Integration is therefore described as being a question of deciding which functions should re-

main on the analytical side, and which should move closer to operational use. The respond-

ent’s hesitancy to answer the question means a certain caution of the interpretation of this ma-

terial is necessary. The respondent describes this as an ongoing discussion with an unresolved 

balance.  

A more explicit preference is provided by R2 who describes how a separate analytical envi-

ronment is still preferable. Even if some analytical functions can be performed by the opera-

tional system, this is often insufficient. When asked about the benefits if a combined solution 

was possible, the respondent answers: 

[18] R2: “It is already possible, and some of it is probably done, but it is often not sufficient. 

Something more is needed, and that is why one chooses to invest in a separate analytical solu-

tion.” 

This statement does not outright reject integration in all circumstances. Instead, it supports 

separation when the existing capability is insufficient, not as a universal principle. The re-

spondent’s position is based on analytical sufficiency.  

From R3, a middle position between separation and integration is presented. The respondent 

describes how a department may work in several operational systems, and instead of extract-

ing from each of these individually, a shared layer in Power BI can collect the data and pro-

vide a combined view of these sources more quickly. The respondent states: 

[16] R3: “There may be a department working with three systems. To perform the analysis, 

they must extract data from all three. Instead, Power BI can collect the three and provide an 

overall analysis more quickly.”  

This material does not describe an integrated source system, instead it concerns how data is 

brought together for analysis, and how this data originates from systems which are not neces-

sarily merged. The shared analytical solution provides an integration from the user’s perspec-

tive. The evidence supports consolidated reporting through Power BI. 

Further support for separation is provided by R4 who describes the challenges a full central-

ized data warehouse can bring. The challenge is described as following: 

[14] R4: “Centralizing the data in one large data warehouse or some kind of data-lake solu-

tion managed by one team is very difficult, costly and slow.” 

The respondent continues by giving benefit to a central solution for reporting, but presses on 

the benefits of having data remain close to its immediate business context: 

[14] R4: “There can absolutely be a central system that handles reporting […] but I think the 

data probably benefits from remaining as close to its own business activity as possible.” 
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This position described by the respondent can be seen as selective integration. A clear benefit 

for a central system for reporting is provided, but the respondent favors distributing responsi-

bility for the underlying data.  

A positive stance for integration is provided by R5, who describes how working in two differ-

ent systems can have its limits. In response to the question of whether it would be valuable if 

reporting could be done directly from an existing operational system, the respondent answers: 

[14] R5: “Absolutely. As I said, I work in two different systems for the implementation work 

and for the documentation, which is in Office 365. But it is easier said than done for many dif-

ferent reasons.” 

Since the respondent does not specify what kind of integration would be beneficial, this state-

ment should be interpreted with caution. Nonetheless, the respondent expresses a positive 

stance towards integration while acknowledging that the existing division between systems 

cannot be easily removed.  

R8 provides a clear desire for an integrated solution. The respondent first describes how users 

of the financial department currently use Excel, and how the respondent wants them to use the 

organization’s own web portal instead. This web portal, developed by the respondent, can per-

form functions such as calculations, starting jobs, extracting data, uploading rules, and related 

activities ([7] R8). The respondent expresses the goal of improving user experience and the 

removal of any need to process the data through numerous intermediate steps: 

[7] R8: “What they currently do in Excel should instead be possible directly in the web portal, 

so that they receive a better user experience and we avoid processing their data through ten 

steps before we can actually use it.” 

The respondent supports integration due to its effect of reducing movement between tools and 

allowing operational users and analytical employees to work through the same platform. The 

respondent continues to describe the broader goal and the expected organizational value: 

[20] R8: “My goal is to combine it into one system so that we can perform our analyses while 

they can view their transactions and everything in one place.” 

The respondent further emphasizes the benefits: 

[20] R8: “We gain better insight, more control over the system, and we know how the data is 

handled, while above all reducing the risk from the human factor.”  

The respondent’s main argument for the benefit of an integrated solution is that of workflow 

simplification, control over data handling, and the removal of a transfer boundary between the 

internal platform and Excel. Although the respondent in this full quote refers to terms such as 

OLTP and OLAP, this should not be interpreted literally, the respondent appears to use these 

terms in a more conceptual fashion ([20] R8). The use of these terms does not in itself estab-

lish that the proposed integrated platform constitutes a technically implemented HTAP data-

base.  

Another account which describes integration in a favorable way comes from R9. The respond-

ent describes how integration is desirable but difficult at scale. The respondent had a plan for 

consolidating data with Power BI with the purpose of connecting financial outcomes with ser-

vice and maintenance tasks:  
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[7] R9: “My plan was to begin using Power BI to combine data from the different systems and 

obtain an overall view.” 

Previous experience with organizations containing approximately 40 to 200 systems makes 

the respondent uncertain of if a unified solution can cover everything: 

[15] R9: “I am interested in seeing a unified solution, but from experience I have seen the 

challenges and problems involved when data still has to be extracted from different systems.” 

Analytical integration is favored by the respondent due to it enabling comparisons across 

functional areas. The respondent also recognizes that the number and diversity of source sys-

tems constrain how complete that integration can become.  

From all the respondents accounts we can gather that integration can be desirable, and how 

integration can occur on different levels. Integration can be at the level of data, where data is 

combined from different source systems, it can be at the level of application and workflow, 

allowing operational and analytical users to work through the same interface or platform. Inte-

gration also concerns architecture, running both operational and analytical workloads within 

the same database environment. The positions taken by the respondents depend on analytical 

sufficiency, the number of source systems, organizational responsibility, workflow complex-

ity, and the risk created by transferring data between tools. In summary, integration is favored 

where it supports a unified view of workloads and removes unnecessary boundaries. Separa-

tion on the other hand is favored where dedicated analytical capability or organizational de-

pendence is required.  

4.5 Overview of Benchmark Findings 

This chapter presents the findings of the TPC-H benchmark experiment which compares three 

configurations: HTAP (a normalized 3NF schema with non-clustered columnstore indexing 

applied), OLAP-CS (a dimensional star schema with columnstore indexing applied), and 

OLAP-RS (a dimensional star schema with default rowstore indexing). Performance is evalu-

ated using two primary metrics: execution time and CPU time. These metrics are directly 

comparable across all three configurations. Execution time reflects the response time experi-

enced by the end user while CPU time reflects processing efficiency and hardware utilization.  

I/O activity is reported as lob logical reads for tables accessed through its columnstore index 

and standard logical reads for tables accessed through its rowstore index. These are presented 

as complementary descriptive metrics within each category subchapter. Because these two 

read types are not directly comparable when considering unit size, no collective I/O formula is 

applied.  

For each query, the first run of the six executions is excluded since they are considered warm-

up runs. Hence, all reported values represent the median of runs 2-6. Since all three configura-

tions operate on identical datasets under controlled conditions, the observed performance dif-

ferences are attributed to schema design and indexing strategy, rather than external factors. 

The findings in this chapter are descriptive and form the empirical base for the discussion in 

chapter 5. At the same time, the results are presented not only as isolated performance meas-

urements, but as empirical evidence for assessing whether a more integrated data architecture 

may be sufficient for resource constrained organizations in certain decision-support tasks. 
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Table 4.1 presents the complete findings regarding execution time and CPU time for all three 

configurations. 

Table 4.1: Median execution time and CPU time across all three configurations 

Query 

Num-

ber 

Query 

Name 

Pri-

mary 

tech-

nical 

nature 

HTAP 

exec 

(ms) 

OLAP-

CS 

exec 

(ms) 

OLAP-

RS 

exec 

(ms) 

HTAP 

CPU 

(ms) 

OLAP-

CS 

CPU 

(ms) 

OLAP-

RS 

CPU 

(ms) 

Q1 Pricing 

Summary 

Report 

Aggre-

gation-

inten-

sive 

91 85 1,737 173 172 11,750 

Q2 Minimum 

Cost Sup-

plier 

Multi-

layered 

36 363 811 31 359 6,030 

Q3 Shipping 

Priority 

Join-in-

tensive 

392 132 328 391 250 1,816 

Q4 Order Pri-

ority 

Checking 

Multi-

layered 

71 70 564 63 63 3,172 

Q5 Local 

Supplier 

Volume 

Join-in-

tensive 

110 101 301 189 173 2,110 

Q6 Forecast-

ing Reve-

nue 

Change 

Filter-

ing-in-

tensive 

71 71 219 63 78 1,359 

Q7 Volume 

Shipping 

Join-in-

tensive 

150 64 131 141 125 798 

Q8 National 

Market 

Share 

Join-in-

tensive 

145 90 100 141 157 639 

Q9 Product 

Type 

Profit 

Measure 

Join-in-

tensive 

253 205 290 391 328 2,029 

Q10 Returned 

Item Re-

porting 

Join-in-

tensive 

97 95 140 94 94 1,047 
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Q11 Important 

Stock 

Identifica-

tion 

Multi-

layered 

35 99 228 31 173 1,484 

Q12 Shipping 

Modes 

and Order 

Priority 

Aggre-

gation-

inten-

sive 

134 135 194 125 125 1,437 

Q13 Customer 

Distribu-

tion 

Multi-

layered 

271 443 1,084 530 843 7,249 

Q14 Promo-

tion Ef-

fect 

Aggre-

gation-

inten-

sive 

52 53 169 79 94 1,314 

Q15 Top Sup-

plier 

Multi-

layered 

54 54 169 47 62 1,249 

Q16 Parts/Sup-

plier Re-

lationship 

Multi-

layered 

167 238 447 125 375 2,685 

Q17 Small-

Quantity-

Order 

Revenue 

Multi-

layered 

54 59 75 110 124 558 

Q18 Large 

Volume 

Customer 

Multi-

layered 

9,651 442 2,535 9078 438 18,577 

Q19 Dis-

counted 

Revenue 

Filter-

ing-in-

tensive 

73 82 83 141 156 611 

Q20 Potential 

Part Pro-

motion 

Multi-

layered 

62 95 172 63 94 1,170 

Q21 Suppliers 

Who Kept 

Orders 

Waiting 

Multi-

layered 

209 208 318 391 375 2,393 
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Q22 Global 

Sales Op-

portunity 

Multi-

layered 

87 116 401 156 203 2,998 

Exec = median elapsed time in milliseconds, runs 2-6. CPU = median CPU time in millisec-

onds, runs 2-6. 

4.6 Aggregation-Intensive Queries (Q1, Q12, Q14) 

The aggregation-intensive category is comprised of three queries: Q1, Q12, and Q14. Each of 

these queries perform large-volume column scanning with summary computations. These 

queries can represent the type of frequent financial and operational monitoring that managers 

and analysts rely on, for example, financial statistics, pricing performance, shipping mode 

comparisons, and promotion effectiveness. The results of these types of queries are highly rel-

evant to the day-to-day decision-making processes rather than strategic or periodic analysis. 

Table 4.2: Execution times and speed ratios for aggregation-intensive queries 

Query 

Number 

Query 

Name 

HTAP 

exec 

(ms) 

OLAP-

CS exec 

(ms) 

OLAP-

RS exec 

(ms) 

HTAP/OLAP-

CS 

HTAP/OLAP-

RS 

Q1 Pricing 

Sum-

mary Re-

port 

91 85 1,737 1.07 0.05 

Q12 Shipping 

Modes 

and Or-

der Pri-

ority 

134 135 194 0.99 0.69 

Q14 Promo-

tion Ef-

fect 

52 53 169 0.98 0.31 

Speed ratio < 1 indicates HTAP is faster. Speed ratio > 1 indicates OLAP is faster. 

 

Table 4.3: CPU time and ratios for aggregation-intensive queries 

Query 

Number 

Query 

Name 

HTAP 

CPU 

(ms) 

OLAP-

CS CPU 

(ms) 

OLAP-

RS CPU 

(ms) 

HTAP/OLAP-

CS 

HTAP/OLAP-

RS 



 Analytical Infrastructure Under Resource Constraints  Jack Magnell, Nils Törnqvist, Felix Bergman 

– 72 – 

Q1 Pricing 

Sum-

mary Re-

port 

173 172 11,750 1.01 0.01 

Q12 Shipping 

Modes 

and Or-

der Pri-

ority 

125 125 1,437 1.00 0.09 

Q14 Promo-

tion Ef-

fect 

79 94 1,314 0.84 0.06 

Speed ratio < 1 indicates HTAP is faster. Speed ratio > 1 indicates OLAP is faster. 

4.6.1 Q1: Pricing Summary Report 

The Pricing Summary Report query aggregates shipped lineitems up to a recent cutoff date by 

return flag and line status. It summarizes revenue, discounted revenue, tax-adjusted totals, av-

erage quantities, and average discounts. Q1 reported a median execution time of 91 ms for 

HTAP and 85 ms for OLAP-CS. With a speed ratio of 1.07 this indicates nearly identical per-

formance between the two columnstore configurations with OLAP-CS being marginally 

faster. OLAP-RS reported a median of 1,737 ms, resulting in a speed ratio of 0.05, meaning 

HTAP completed the query in approximately 5% of the time required by OLAP-RS. CPU 

time followed the same pattern: 173 ms for HTAP, 172 ms for OLAP-CS, and 11,750 ms for 

OLAP-RS. Q1 accesses only the columnstore-indexed lineitem table which produces lob logi-

cal reads for both the HTAP and OLAP-CS configurations, as well as standard logical reads 

for OLAP-RS which is consistent with the large page-level scanning required by rowstore ac-

cess on the fact table. 

4.6.2 Q12: Shipping Modes and Order Priority 

The Shipping Modes and Order Priority query supports logistics decisions by counting the 

amount of lineitems received by customers in a given year. It compares two shipping methods 

by how many of their deliveries arrive after the committed date. Q12 reported 134 ms for 

HTAP and 135 ms for OLAP-CS, with a speed ratio of 0.99, indicating almost identical per-

formance. OLAP-RS reported 194 ms, with a speed ratio of 0.69. CPU time was identical for 

HTAP and OLAP-CS at 125 ms (speed ratio 1.00), compared to 1,437 ms for OLAP-RS 

which resulted in a speed ratio of 0.09. Out of all three aggregation-intensive queries, Q12 

shows the smallest execution time difference between columnstore and rowstore configura-

tions which is consistent with its heavy filtering in the WHERE clause which narrows the da-

taset significantly before the aggregation even begins. This drastically reduces the volume ad-

vantage that the columnstore indexing provides. 
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4.6.3 Q14: Promotion Effect 

The Promotion Effect query calculates the share of total monthly revenue that can be at-

tributed to promotional products. Q14 reported 52 ms for HTAP and 53 ms for OLAP-CS 

with a speed ratio of 0.98. OLAP-RS reported 169 ms with a speed ratio of 0.31. CPU time 

was 79 ms for HTAP and 94 ms for OLAP-CS, resulting in a speed ratio of 0.84, compared to 

1,314 ms for OLAP-RS with a speed ratio of 0.06. The lower CPU time for HTAP relative to 

OLAP-CS despite near identical execution times displays a difference in processing efficiency 

that does not demonstrate as an end-user-observable speed difference.  

4.6.4 Summary for Aggregation-Intensive Queries 

Across the aggregation-intensive category, HTAP and OLAP-CS reported execution times 

with a maximum gap of 6 ms of each other in all three queries while OLAP-RS required be-

tween 1.45 and 19.09 times more time. CPU time differences between the two columnstore 

configurations were minimal, and in some cases congruent, whereas OLAP-RS required be-

tween 11.50 and 68.31 times more CPU time. This category displays the narrowest perfor-

mance gap between HTAP and OLAP-CS out of any category in this benchmark experiment. 

4.7 Join-Intensive Queries (Q3, Q5, Q7, Q8, Q9, Q10) 

The join-intensive query category consists of six queries: Q3, Q5, Q7, Q8, Q9, and Q10. 

These queries combine data from several tables in order to produce analytical outputs involv-

ing customers, suppliers, orders, regions, products, and revenue. Examples include shipping 

prioritization, supplier evaluation, regional sales analysis, market share assessment, product 

profitability, and returned item reporting. Unlike aggregation-intensive queries, where perfor-

mance is mainly driven by scanning and summarizing large volumes of data, join-intensive 

queries place greater demands on how efficiently each architecture reconstructs relationships 

between tables. 

Table 4.4: Execution times and speed ratios for join-intensive queries 

Query 

Number 

Query 

Name 

HTAP 

exec 

(ms) 

OLAP-

CS exec 

(ms) 

OLAP-

RS exec 

(ms) 

HTAP/OLAP-

CS 

HTAP/OLAP-

RS 

Q3 Shipping 

Priority 

392 132 328 2.97 1.20 

Q5 Local 

Supplier 

Volume 

110 101 301 1.09 0.37 

Q7 Volume 

Shipping 

150 64 131 2.34 1.15 
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Q8 National 

Market 

Share 

145 90 100 1.61 1.45 

Q9 Product 

Type 

Profit 

Measure 

253 205 290 1.23 0.87 

Q10 Returned 

Item Re-

porting 

97 95 140 1.02 0.69 

Speed ratio < 1 indicates HTAP is faster. Speed ratio > 1 indicates OLAP is faster. 

 

Table 4.5: CPU time and ratios for join-intensive queries 

Query 

Number 

Query 

Name 

HTAP 

CPU 

(ms) 

OLAP-

CS CPU 

(ms) 

OLAP-

RS CPU 

(ms) 

HTAP/OLAP-

CS 

HTAP/OLAP-

RS 

Q3 Shipping 

Priority 

391 250 1,816 1.56 0.22 

Q5 Local 

Supplier 

Volume 

189 173 2,110 1.09 0.09 

Q7 Volume 

Shipping 

141 125 798 1.13 0.18 

Q8 National 

Market 

Share 

141 157 639 0.90 0.22 

Q9 Product 

Type 

Profit 

Measure 

391 328 2,029 1.19 0.19 

Q10 Returned 

Item Re-

porting 

94 94 1,047 1.00 0.09 

Speed ratio < 1 indicates HTAP is faster. Speed ratio > 1 indicates OLAP is faster. 



Analytical Infrastructure Under Resource Constraints  Jack Magnell, Nils Törnqvist, Felix Bergman 

– 75 – 

4.7.1 Q3: Shipping Priority 

The Shipping Priority query retrieves the highest-revenue unshipped orders and their shipping 

priority. 

Q3 reported a median execution time of 392 ms for HTAP and 132 ms for OLAP-CS. This 

produces a speed ratio of 2.97, meaning that HTAP required almost three times as much exe-

cution time as OLAP-CS. OLAP-RS reported 328 ms, which means that HTAP was also 

slower than the rowstore dimensional schema for this query, with a speed ratio of 1.20. CPU 

time followed a similar pattern: HTAP used 391 ms, OLAP-CS used 250 ms, and OLAP-RS 

used 1,816 ms. 

This result indicates that Q3 is one of the clearer cases where the dimensional columnstore 

configuration outperformed the integrated HTAP configuration. Although HTAP still com-

pleted the query in less than half a second, the relative difference compared with OLAP-CS is 

quite substantial. 

4.7.2 Q5: Local Supplier Volume 

The Local Supplier Volume query measures revenue volume by nation for transactions where 

customers and suppliers are located in the same nation within a selected region, supporting 

evaluation of local distribution decisions. 

Q5 reported a median execution time of 110 ms for HTAP and 101 ms for OLAP-CS. The re-

sulting speed ratio of 1.09 indicates that OLAP-CS was slightly faster, but the absolute differ-

ence between the two configurations was only 9 ms. OLAP-RS reported 301 ms, meaning that 

HTAP completed the query in approximately 37 % of the time required by OLAP-RS. CPU 

time showed a similar pattern: HTAP used 189 ms, OLAP-CS used 173 ms, and OLAP-RS 

used 2,110 ms.  

Unlike in Q3, the performance gap between HTAP and OLAP-CS is small. Although OLAP-

CS remained the faster configuration, the difference here is unlikely to be meaningful from an 

end-user perspective in this experimental setting. For this type of supplier-volume analysis, 

the result suggests that a columnstore-indexed normalized database can approximate the per-

formance of a dedicated dimensional columnstore schema to a high degree. 

4.7.3 Q7: Volume Shipping 

The Volume Shipping query measures discounted revenue from goods shipped between two 

nations over time, supporting evaluation of shipping relationships and contract decisions. The 

query is join-intensive because it combines supplier, customer, order, and lineitem data in or-

der to produce a regional revenue view. 

Q7 reported a median execution time of 150 ms for HTAP and 64 ms for OLAP-CS. This 

gives a speed ratio of 2.34, indicating that HTAP required more than twice the execution time 

of OLAP-CS. OLAP-RS reported 131 ms, which means that HTAP was also slower than the 

rowstore dimensional schema for this query, with a speed ratio of 1.15. CPU time was closer 

between HTAP and OLAP-CS: HTAP used 141 ms, OLAP-CS used 125 ms, and OLAP-RS 

used 798 ms. 
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The result shows that OLAP-CS had a clear execution-time advantage for Q7, even though 

the CPU-time difference between HTAP and OLAP-CS was relatively limited. This suggests 

that the dimensional structure may have reduced execution-time overhead for this regional 

shipping analysis. 

4.7.4 Q8: National Market Share 

The National Market Share query measures how a nation’s market share within a region 

changes over two years for a selected product type. 

Q8 reported a median execution time of 145 ms for HTAP and 90 ms for OLAP-CS. The re-

sulting speed ratio of 1.61 indicates that OLAP-CS was faster in execution time. OLAP-RS 

reported 100 ms, meaning that HTAP was also slower than OLAP-RS, with a speed ratio of 

1.45. However, CPU time showed a different pattern: HTAP used 141 ms compared with 157 

ms for OLAP-CS and 639 ms for OLAP-RS. This means that HTAP used slightly less CPU 

time than OLAP-CS, even though its elapsed execution time was higher. 

This result is important because it shows that execution time and CPU time do not always 

point in exactly the same direction. From the user’s perspective, OLAP-CS produced the 

faster response. From a processing-efficiency perspective, however, HTAP used slightly less 

CPU time. 

4.7.5 Q9: Product Type Profit Measure 

The Product Type Profit Measure query analyzes profit for a selected line of parts, broken 

down by supplier nation and year. The query is join-intensive because profitability must be 

calculated by combining product, supplier, order, and lineitem information. 

Q9 reported a median execution time of 253 ms for HTAP and 205 ms for OLAP-CS. This 

gives a speed ratio of 1.23, meaning that OLAP-CS was faster, but the difference was less 

pronounced than in Q3 and Q7. OLAP-RS reported 290 ms, meaning that HTAP was faster 

than OLAP-RS with a speed ratio of 0.87. CPU time followed the same general pattern: 

HTAP used 391 ms, OLAP-CS used 328 ms, and OLAP-RS used 2,029 ms. 

Q9 therefore shows a moderate advantage for OLAP-CS, while HTAP still remained clearly 

faster and more CPU-efficient than OLAP-RS. 

4.7.6 Q10: Returned Item Reporting 

The Returned Item Reporting query identifies customers associated with returned items and 

ranks them by revenue, which can indicate customers who may be experiencing problems 

with shipped parts. 

Q10 reported a median execution time of 97 ms for HTAP and 95 ms for OLAP-CS. The 

speed ratio of 1.02 indicates near-identical execution performance between the two configura-

tions. OLAP-RS reported 140 ms, meaning that HTAP completed the query in approximately 

69% of the time required by OLAP-RS. CPU time was identical for HTAP and OLAP-CS at 

94 ms, while OLAP-RS required 1,047 ms. 
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This is one of the strongest join-intensive results for HTAP. Despite the query requiring joins 

across several business entities, the HTAP configuration performed almost identically to 

OLAP-CS in both execution time and CPU time. 

4.7.7 Summary for Join-Intensive Queries 

Across the join-intensive category, OLAP-CS was the fastest configuration in execution time 

for all six queries. However, the size of the performance gap varied considerably. In Q5 and 

Q10, HTAP performed almost identically to OLAP-CS, with execution time ratios of 1.09 and 

1.02 respectively. In Q9, the gap was moderate, with a ratio of 1.23. By contrast, Q3 and Q7 

showed clearer OLAP-CS advantages, with HTAP/OLAP-CS ratios of 2.97 and 2.34. Q8 also 

favored OLAP-CS in execution time, although HTAP used slightly less CPU time. 

Compared with OLAP-RS, the HTAP configuration performed better in Q5, Q9, and Q10, but 

worse in Q3, Q7, and Q8. This indicates that the rowstore dimensional schema did not con-

sistently provide a useful middle ground between HTAP and OLAP-CS. Instead, the category 

demonstrates that performance is strongly query dependent. 

The join-intensive category provides a more cautious result than the aggregation-intensive 

category. HTAP can approximate OLAP-CS for some join-intensive business analyses, espe-

cially returned item reporting and supplier-volume analysis. However, for queries involving 

more demanding cross-table reconstruction, such as shipping priority and regional volume 

shipping, the dedicated dimensional columnstore schema retains a clearer performance ad-

vantage. 

4.8 Filtering-Intensive Queries (Q6, Q19) 

The filtering intensive queries category consists of two queries: Q6, and Q19. These queries 

mainly test how efficiently each configuration can reduce a large dataset to the rows that 

match specific conditions. The filters include dates, discounts, quantities, product attributes, 

shipping modes, and delivery instructions. 

Table 4.6: Execution times and speed ratios for filtering-intensive queries 

Query 

Number 

Query 

Name 

HTAP 

exec 

(ms) 

OLAP-

CS exec 

(ms) 

OLAP-

RS exec 

(ms) 

HTAP/OLAP-

CS 

HTAP/OLAP-

RS 

Q6 Forecasting 

Revenue 

Change 

71 71 219 1.00 0.32 

Q19 Discounted 

Revenue 

73 82 83 0.89 0.88 

Speed ratio < 1 indicates HTAP is faster. Speed ratio > 1 indicates OLAP is faster. 
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Table 4.7: CPU time and ratios for filtering-intensive queries 

Query 

Number 

Query 

Name 

HTAP 

CPU 

(ms) 

OLAP-

CS CPU 

(ms) 

OLAP-

RS CPU 

(ms) 

HTAP/OLAP-

CS 

HTAP/OLAP-

RS 

Q6 Forecasting 

Revenue 

Change 

63 78 1,359 0.81 0.05 

Q19 Discounted 

Revenue 

141 156 611 0.90 0.23 

Speed ratio < 1 indicates HTAP is faster. Speed ratio > 1 indicates OLAP is faster. 

4.8.1 Q6: Forecasting Revenue Change 

The Forecasting Revenue Change query estimates the revenue effect of discount conditions 

during a specific time period. In practical terms, it represents a “what if” revenue analysis. 

Q6 reported a median execution time of 71 ms for HTAP and 71 ms for OLAP-CS. This gives 

a speed ratio of 1.00, meaning that the two columnstore configurations performed identically 

in execution time. OLAP-RS reported 219 ms. HTAP therefore completed the query in ap-

proximately 32% of the time required by OLAP-RS. CPU time followed the same general pat-

tern. HTAP used 63 ms, OLAP-CS used 78 ms, and OLAP-RS used 1,359 ms. This means 

that HTAP was slightly more CPU-efficient than OLAP-CS and substantially more compared 

to OLAP-RS. 

The results show that HTAP did not suffer any execution time disadvantage in Q6. For this 

type of targeted revenue query, the integrated configuration performed just as well as the ded-

icated dimensional columnstore schema. 

4.8.2 Q19: Discounted Revenue 

Q19 calculates discounted revenue for selected products shipped under specific conditions. 

The query filters by brand, container type, quantity, part size, shipping mode, and delivery in-

struction. 

Q19 reported a median execution time of 73 ms for HTAP and 82 ms for OLAP-CS. This 

gives a speed ratio of 0.89, meaning that HTAP was slightly faster. OLAP-RS reported 83 ms, 

which means that HTAP was also slightly faster than the rowstore dimensional configuration. 

CPU time showed the same direction. HTAP used 141 ms, OLAP-CS used 156 ms, and 

OLAP-RS used 611 ms. The difference between HTAP and OLAP-CS was small, but HTAP 

was still the most efficient configuration on both primary metrics. 

Q19 is therefore one of the cases where the HTAP configuration performed best. The absolute 

differences are not large, but the result is still relevant. It shows that the normalized, 
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columnstore-indexed configuration can handle this type of selective revenue analysis without 

losing performance compared with the dimensional alternatives. 

4.8.3 Summary for Filtering-Intensive Queries 

Across the filtering-intensive query category, HTAP performed strongly. In Q6, HTAP and 

OLAP-CS had identical execution times, and in Q19, HTAP was slightly faster than both 

OLAP configurations. On top of this, HTAP also used less CPU time than both alternatives in 

both queries. 

These queries represent targeted revenue and discount analyses rather than broad enterprise 

reporting. In this category, the integrated HTAP configuration provided performance that was 

equal to, or slightly better than the dedicated dimensional columnstore, as well as the rowstore 

schemas. The result should be limited to the queries tested here, but the pattern clearly sup-

ports the viability of HTAP for this type of workload. 

4.9 Multi-Layered Queries (Q2, Q4, Q11, Q13, Q15, Q16, Q17, Q18, 
Q20, Q21, Q22) 

The multi-layered query category consists of eleven queries: Q2, Q4, Q11, Q13, Q15, Q16, 

Q17, Q18, Q20, Q21, and Q22. These queries are characterized by nested conditions, 

subqueries, correlated subqueries, common table expressions, and multi-stage aggregation. In 

practice, they represent analytical tasks where the database must do more than scan and aggre-

gate data. It must also evaluate intermediate results before producing the final output. These 

include procurement analysis, customer segmentation, stock identification, supplier evalua-

tion, promotion planning, and sales opportunity analysis. Such queries are often less routine 

than basic revenue reports, but they can still be important for managerial decision-making. 

The category is therefore useful for assessing whether an integrated HTAP-oriented configu-

ration remains viable when the analytical workload becomes structurally more complex. 

Table 4.8: Execution times and speed ratios for multi-layered queries 

Query 

Number 

Query 

Name 

HTAP 

exec 

(ms) 

OLAP-

CS exec 

(ms) 

OLAP-

RS exec 

(ms) 

HTAP/OLAP-

CS 

HTAP/OLAP-

RS 

Q2 Minimum 

Cost Sup-

plier 

36 363 811 0.10 0.04 

Q4 Order Pri-

ority 

Checking 

71 70 564 1.01 0.13 

Q11 Important 

Stock 

Identifi-

cation 

35 99 228 0.35 0.15 
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Q13 Customer 

Distribut-

ion 

271 443 1,084 0.61 0.25 

Q15 Top Sup-

plier 

54 54 169 1.00 0.32 

Q16 Parts/Sup-

plier Re-

lationship 

167 238 447 0.70 0.37 

Q17 Small-

Quantity-

Order Re-

venue 

54 59 75 0.92 0.72 

Q18 Large Vo-

lume 

Customer 

9,651 442 2,535 21.84 3.81 

Q20 Potential 

Part Pro-

motion 

62 95 172 0.65 0.36 

Q21 Suppliers 

Who Kept 

Orders 

Waiting 

209 208 318 1.00 0.66 

Q22 Global Sa-

les Op-

portunity 

87 116 401 0.75 0.22 

Speed ratio < 1 indicates that HTAP is faster. Speed ratio > 1 indicates that OLAP is faster. 

 

Table 4.9: CPU time and ratios for multi-layered queries 

Query 

Number 

Query 

Name 

HTAP 

CPU 

(ms) 

OLAP-

CS CPU 

(ms) 

OLAP-

RS CPU 

(ms) 

HTAP/OLAP-

CS 

HTAP/OLAP-

RS 

Q2 Minimum 

Cost Sup-

plier 

31 359 6,030 0.09 0.01 

Q4 Order Pri-

ority 

Checking 

63 63 3,172 1.00 0.02 
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Q11 Important 

Stock 

Identifi-

cation 

31 173 1,484 0.18 0.02 

Q13 Customer 

Distribut-

ion 

530 843 7,249 0.63 0.07 

Q15 Top Sup-

plier 

47 62 1,249 0.76 0.04 

Q16 Parts/Sup-

plier Re-

lationship 

125 375 2,685 0.33 0.05 

Q17 Small-

Quantity-

Order Re-

venue 

110 124 558 0.89 0.20 

Q18 Large Vo-

lume 

Customer 

9,078 438 18,577 20.73 0.49 

Q20 Potential 

Part Pro-

motion 

63 94 1,170 0.67 0.05 

Q21 Suppliers 

Who Kept 

Orders 

Waiting 

391 375 2,393 1.04 0.16 

Q22 Global Sa-

les Op-

portunity 

156 203 2,998 0.77 0.05 

Speed ratio < 1 indicates that HTAP is faster. Speed ratio > 1 indicates that OLAP is faster. 

4.9.1 Q2: Minimum Cost Supplier 

Minimum Cost Supplier identifies the minimum cost supplier for parts of a given type and 

size within a selected region. It also reports supplier information such as account balance, 

name, nation, address, phone number, and comment information. 

Q2 reported a median execution time of 36 ms for HTAP and 363 ms for OLAP-CS. This 

gives a speed ratio of 0.10, meaning that HTAP completed the query in about one tenth of the 

time required by OLAP-CS. OLAP-RS reported 811 ms, making HTAP substantially faster 

than both dimensional configurations. CPU time followed the same pattern: HTAP used 31 

ms, compared with 359 ms for OLAP-CS and 6,030 ms for OLAP-RS. 
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This result is one of the clearest advantages for HTAP in the multi-layered category. Despite 

the query’s nested supplier-cost logic, the normalized columnstore-indexed configuration han-

dled the query efficiently. 

4.9.2 Q4: Order Priority Checking 

Order Priority Checking counts orders from a given quarter where at least one lineitem was 

received later than its committed date. The result is grouped by order priority. This makes the 

query relevant for delivery performance monitoring and operational follow-up. 

Q4 reported a median execution time of 71 ms for HTAP and 70 ms for OLAP-CS. The speed 

ratio of 1.01 indicates practically identical execution performance. OLAP-RS reported 564 

ms, meaning that both columnstore configurations were substantially faster than the rowstore 

dimensional schema. CPU time was identical for HTAP and OLAP-CS at 63 ms, compared 

with 3,172 ms for OLAP-RS. 

The result shows that HTAP performed almost exactly like OLAP-CS for this query. 

4.9.3 Q11: Important Stock Identification 

Important Stock Identification identifies parts that represent a significant share of supplier 

stock value in a given nation. It does this by calculating stock value from supply cost and 

available quantity. 

Q11 reported a median execution time of 35 ms for HTAP and 99 ms for OLAP-CS. This 

gives a speed ratio of 0.35, meaning that HTAP was notably faster. OLAP-RS reported 228 

ms. CPU time showed an even larger relative difference: HTAP used 31 ms, compared with 

173 ms for OLAP-CS and 1,484 ms for OLAP-RS. 

This result suggests that HTAP handled the stock-value calculation particularly well. The 

query includes aggregation and a threshold condition, but the normalized HTAP configuration 

still outperformed both dimensional alternatives. 

4.9.4 Q13: Customer Distribution 

Customer Distribution analyzes the distribution of customers by the number of orders they 

have placed. It also excludes orders with a specified comment pattern. 

Q13 reported a median execution time of 271 ms for HTAP and 443 ms for OLAP-CS. This 

gives a speed ratio of 0.61, meaning that HTAP was faster than OLAP-CS. OLAP-RS re-

ported 1,084 ms, which again placed it clearly behind the two columnstore configurations. 

CPU time followed the same direction: HTAP used 530 ms, OLAP-CS used 843 ms, and 

OLAP-RS used 7,249 ms. 

The result is relevant because Q13 is not a simple scan-and-aggregate query. It includes an 

outer join and a nested aggregation step. Even so, HTAP performed better than the dedicated 

dimensional columnstore schema. 
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4.9.5 Q15: Top Supplier 

Top Supplier identifies the supplier or suppliers that contributed the most revenue from parts 

shipped during a given quarter. 

Q15 reported a median execution time of 54 ms for both HTAP and OLAP-CS. This gives a 

speed ratio of 1.00, indicating identical execution-time performance. OLAP-RS reported 169 

ms. CPU time was 47 ms for HTAP, 62 ms for OLAP-CS, and 1,249 ms for OLAP-RS. 

The results show that HTAP and OLAP-CS were equivalent in user-observable response time 

for this query. HTAP also used slightly less CPU time. For this type of supplier-revenue anal-

ysis, the integrated configuration therefore produced performance comparable to the dedicated 

dimensional columnstore schema. 

4.9.6 Q16: Parts/Supplier Relationship 

Parts/Supplier Relationship counts distinct suppliers for combinations of part brand, type, and 

size. It also excludes suppliers whose comments indicate customer complaints. 

Q16 reported a median execution time of 167 ms for HTAP and 238 ms for OLAP-CS. This 

gives a speed ratio of 0.70, meaning that HTAP was faster. OLAP-RS reported 447 ms. CPU 

time showed an even stronger HTAP advantage: 125 ms for HTAP, compared with 375 ms 

for OLAP-CS and 2,685 ms for OLAP-RS. 

This result suggests that the normalized HTAP configuration handled the supplier-counting 

and exclusion logic efficiently. 

4.9.7 Q17: Small-Quantity-Order Revenue 

Small-Quantity-Order Revenue estimates the average yearly revenue that would be lost if 

small-quantity orders were no longer accepted for selected parts. 

Q17 reported a median execution time of 54 ms for HTAP and 59 ms for OLAP-CS. The 

speed ratio of 0.92 indicates that HTAP was slightly faster, although the absolute difference 

was only 5 ms. OLAP-RS reported 75 ms. CPU time was 110 ms for HTAP, 124 ms for 

OLAP-CS, and 558 ms for OLAP-RS. 

The result shows that all three configurations completed Q17 relatively quickly, but HTAP 

remained the fastest on both primary metrics. The practical difference between HTAP and 

OLAP-CS is small, yet it still supports the broader pattern that HTAP can be highly competi-

tive for several multi-layered queries. 

4.9.8 Q18: Large Volume Customer 

Large Volume Customer ranks the top customers who have placed large-quantity orders. It 

reports customer, order, date, total price, and quantity information. 

Q18 is the major outlier in the multi-layered category. It reported a median execution time of 

9,651 ms for HTAP, compared with 442 ms for OLAP-CS and 2,535 ms for OLAP-RS. This 
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gives a speed ratio of 21.84 compared with OLAP-CS and 3.81 compared with OLAP-RS. In 

other words, HTAP was more than twenty-one times slower than the dimensional columnstore 

schema and almost four times slower than the dimensional rowstore schema. CPU time 

showed the same general pattern. HTAP used 9,078 ms, while OLAP-CS used 438 ms and 

OLAP-RS used 18,577 ms. Compared with OLAP-CS, HTAP required more than twenty 

times as much CPU time. Compared with OLAP-RS, however, HTAP used less CPU time, 

even though its execution time was slower than OLAP-RS. This indicates that Q18 created a 

severe elapsed-time problem for the HTAP configuration, but not the highest CPU load 

among the three alternatives. 

The result is important because it limits any broad claim that HTAP can generally approxi-

mate OLAP-CS for multi-layered queries. Q18 first identifies high-quantity orders and then 

joins back to customer, order, and lineitem data. Under the tested configuration, this structure 

was much less favorable for the normalized HTAP schema than for the dimensional col-

umnstore schema. 

4.9.9 Q20: Potential Part Promotion 

Potential Part Promotion identifies suppliers in a selected nation who have sufficient available 

quantity of selected parts to support potential promotion. 

Q20 reported a median execution time of 62 ms for HTAP and 95 ms for OLAP-CS. This 

gives a speed ratio of 0.65, meaning that HTAP was faster. OLAP-RS reported 172 ms. CPU 

time was also lower for HTAP: 63 ms compared with 94 ms for OLAP-CS and 1,170 ms for 

OLAP-RS. 

The result suggests that HTAP handled this promotion-planning query efficiently, despite the 

use of nested conditions. 

4.9.10 Q21: Suppliers Who Kept Orders Waiting 

Suppliers Who Kept Orders Waiting identifies suppliers in a given nation whose product was 

part of a multi-supplier order where they were the only supplier who failed to meet the com-

mitted delivery date. 

Q21 reported a median execution time of 209 ms for HTAP and 208 ms for OLAP-CS. The 

difference was only 1 ms, producing a speed ratio of 1.00 when rounded to two decimals. 

OLAP-RS reported 318 ms. CPU time was also close between the two columnstore configura-

tions: 391 ms for HTAP and 375 ms for OLAP-CS, compared with 2,393 ms for OLAP-RS. 

The result shows near-identical performance between HTAP and OLAP-CS. Given the 

query’s relatively complex logic, this is a meaningful finding. For supplier-delay analysis, the 

integrated HTAP configuration performed at practically the same level as the dedicated di-

mensional columnstore schema. 
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4.9.11 Q22: Global Sales Opportunity 

Global Sales Opportunity identifies country codes where customers have not placed orders for 

seven years but have above average positive account balances. The query also reports the 

number of such customers and the total account balance for each country code. 

Q22 reported a median execution time of 87 ms for HTAP and 116 ms for OLAP-CS. This 

gives a speed ratio of 0.75, meaning that HTAP was faster. OLAP-RS reported 401 ms. CPU 

time followed the same pattern: HTAP used 156 ms, OLAP-CS used 203 ms, and OLAP-RS 

used 2,998 ms. 

This result indicates that HTAP performed well for this customer-opportunity query. The 

query includes filtering, aggregation, and exclusion logic, yet the normalized columnstore-in-

dexed configuration outperformed both dimensional alternatives. 

4.9.12 Summary for Multi-Layered Queries 

The multi-layered query category produced the most varied results in the benchmark. In most 

queries, HTAP either outperformed OLAP-CS or performed very close to it. HTAP was faster 

than OLAP-CS in Q2, Q11, Q13, Q16, Q17, Q20, and Q22. It performed identically or near-

identically in Q4, Q15, and Q21. The only clear exception was Q18, where HTAP was drasti-

cally slower than both OLAP-CS and OLAP-RS in execution time.  

When comparing with OLAP-RS, HTAP was faster in all multi-layered queries except Q18. 

This confirms the broader pattern that the rowstore dimensional schema was generally less 

competitive than the two columnstore-based configurations. However, Q18 also shows that 

columnstore indexing alone does not guarantee strong performance when the query structure 

interacts unfavorably with the normalized schema. 

This category gives a nuanced result. Many complex analytical tasks, including supplier-cost 

analysis, stock identification, customer distribution, promotion planning, and sales oppor-

tunity analysis were handled effectively by HTAP. This supports the potential viability of an 

integrated architecture. At the same time, Q18 demonstrates that certain high-volume cus-

tomer and order analyses may still create serious performance problems for the HTAP config-

uration. 

The main finding in this category is therefore not that HTAP is generally better or worse than 

OLAP-CS. Rather, the result shows that performance depends strongly on the specific query 

structure. 

4.10 Summary of Observed Patterns Across Query Categories 

The results show that the performance relationship between HTAP, OLAP-CS, and OLAP-RS 

was strongly dependent on query type. No single configuration was uniformly superior across 

all queries. Instead, the benchmark indicates that the viability of the integrated HTAP config-

uration depends on the structure of the analytical workload. 

The clearest pattern is that OLAP-RS was generally the weakest configuration. In most que-

ries, the rowstore dimensional schema required substantially more execution and CPU time 
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than the two columnstore-based configurations. This was especially visible in aggregation-

intensive queries, where OLAP-RS was much slower than both HTAP and OLAP-CS. The 

result suggests that dimensional modeling alone was not enough to produce strong analytical 

performance in this experiment. Columnstore indexing appears to have been a more decisive 

factor. 

The aggregation-intensive category produced the narrowest performance gap between HTAP 

and OLAP-CS. Across Q1, Q12, and Q14, the two columnstore configurations performed al-

most identically in execution time. This is an important result because these queries represent 

recurring financial and operational monitoring tasks, such as pricing summaries, shipping 

mode analysis, and promotion evaluation. This category provides the strongest evidence that a 

columnstore-indexed normalized OLTP database can approximate the performance of a dedi-

cated dimensional OLAP schema. 

The filtering-intensive category showed a similar pattern. In Q6, HTAP and OLAP-CS had 

identical execution times, while in Q19, HTAP was slightly faster than both OLAP alterna-

tives. These queries represent targeted revenue and discount analyses, where the database fil-

ters data according to specific business conditions. The results suggest that this type of analyt-

ical workload can be handled effectively by the HTAP configuration. 

The join-intensive category produced a more cautious result. OLAP-CS was the fastest con-

figuration in execution time for all six join-intensive queries, but the size of the gap varied. In 

Q5 and Q10, HTAP performed very close to OLAP-CS. In Q9, the difference was moderate. 

In Q3 and Q7, however, OLAP-CS had a clearer advantage. Q8 also favored OLAP-CS in ex-

ecution time, even though HTAP used slightly less CPU time. This indicates that join-inten-

sive workloads cannot be assessed as one uniform category. Some join-heavy business anal-

yses may be suitable for an integrated HTAP approach, while others still benefit from the di-

mensional structure of OLAP-CS. 

The multi-layered category was the most varied. In several queries, HTAP outperformed 

OLAP-CS, including Q2, Q11, Q13, Q16, Q17, Q20, and Q22. It also performed identically 

or near-identically in Q4, Q15, and Q21. These results show that multi-layered query structure 

alone does not necessarily disadvantage the normalized HTAP configuration. However, Q18 

was a major exception. In that query, HTAP was substantially slower than both OLAP-CS 

and OLAP-RS in execution time. This makes Q18 an important warning case. It shows that 

some customer- and order-focused analyses can interact unfavorably with the normalized 

HTAP schema, even when columnstore indexing is applied. 

Taken together, the results suggest that the main distinction is not simply between normalized 

and dimensional schemas. Instead, performance appears to depend on the interaction between 

schema design, indexing strategy, and query structure. HTAP performed particularly well in 

aggregation-intensive, filtering-intensive, and several multi-layered queries. OLAP-CS re-

tained clearer advantages in parts of the join-intensive category and especially in Q18. OLAP-

RS was generally less competitive, which indicates that the dedicated OLAP schema only be-

came consistently strong when combined with columnstore indexing. 

The results do not support a general conclusion that resource constrained organizations al-

ways need a separate dimensional OLAP schema for analytical performance. For several 

types of analytical tasks, especially recurring monitoring, targeted revenue analysis, stock 

identification, supplier evaluation, and promotion planning, the integrated HTAP configura-

tion delivered performance that was comparable to or better than OLAP-CS. At the same 
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time, the results also show that HTAP should not be treated as a universal replacement for 

dedicated OLAP environments. Certain workloads, particularly those resembling Q18, may 

still justify having a dedicated analytical schema. 

The overall empirical pattern therefore supports a workload-dependent interpretation. A col-

umnstore-indexed normalized OLTP database can approximate the analytical performance of 

a dedicated dimensional OLAP schema in several decision-support scenarios, but not across 

all query types. The practical implication is therefore that architectural decisions should be 

based on the specific analytical workload the organization needs to support, rather than on a 

general assumption that either integrated HTAP-oriented architectures or separated 

OLTP/OLAP architectures are always preferable.
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5 Discussion 

5.1 What Constrains Analytical Capacity in Practice 

This section uses the interview material to answer a question that section 2.2 left open. The 

earlier research in the literature review agrees that the obstacle to analytical capability is or-

ganizational rather than technical. The literature does not agree exactly on which part of the 

organization the obstacle is in. Kgakatsi et al. (2024) call financial limitations a major hurdle. 

Caldeira and Ward (2002) found that in-house IS/IT skills rather than money were what sepa-

rated the more successful firms from the less successful ones. Kasiri et al. (2024) reported 

both expertise and money and in their material the balance between the two shifted depending 

on the size of the organization. The interviews were a way to establish which of these con-

straints in practice. 

The interview material supports a distinction that the literature does not draw. Cost is a real 

criterion, but it applies at a different point in the process than competence does. Respondents 

named cost when we asked what governs the choice regarding the analytical solution. R7 

ranked cost first among the selection criteria, and R8 described it as an organizational condi-

tion that decides which alternatives can be considered at all. When we asked what obstructs 

their analytical work, the same respondents described competence rather than budget. Cost 

therefore applies at the point of purchase where this criterion decides which solutions an or-

ganization can consider. Competence applies when the solution is in use where it decides 

whether the solution produces anything useful. 

This matches the distinction that Champa and Segall (2026) draws between an access gap and 

an outcome gap. It also fits their observation that cost is the barrier firms report most often 

while being one of the smaller benefits once adoption occurs. The interviews suggest a reason 

for this pattern. Cost is the criterion that respondents are asked about when they buy some-

thing so it is the criterion they can name. Competence only becomes visible once the tools are 

in practical use. This explanation is our own interpretation from the interview material and 

neither Champa and Segall (2026) nor the respondents explicitly state it. 

The material also adds something to Gupta and George’s (2016) resource model. Their model 

treats human skills as one resource class covering technical and managerial ability. Respond-

ents instead described four different things an organization can be missing, and an organiza-

tion can be missing one of them while having the three others. The first is knowing how the 

database works. R7 said that BI analysts sometimes cannot code a join (in SQL) or figure out 

the primary and foreign key relationships between tables.  The second is knowing the business 

well enough to see when a number is wrong. R9 said that a user should be able to look at a re-

ported figure and ask whether the organization normally has that turnover and whether it nor-

mally delivers that much.  

The third is practice. R9 said that an advanced system works well for someone who analyses 

data full time, but becomes harder for someone who only uses it once a month. The fourth is 
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having more than one person who knows how something works. R7 gave the example of an 

employee who had worked there for twenty years who is the only person who knows that a 

particular database exists, and described what happens when that person leaves. These ac-

counts are the respondents’ own perceptions and should not be read as evidence about any 

professional group in general. Together, they still show that a description such as a shortage 

of analytics skills is too coarse for what limits these organizations. The relevant material is 

presented in section 4.3.1.  

R2 addressed the division of work that section 2.4 derived from the literature. When we asked 

what the biggest obstacle in the current reporting was, R2 identified the knowledge transfer 

between data engineers who build the pipelines and the platform specialists who know what 

the data means. Section 2.4 derived the same roles from Jukic et al. (2017) who showed that 

the two kinds of work depend on each other. An analyst who needs a variable that the schema 

does not contain cannot simply add it because the change needs to be reflected in the ETL 

pipeline and has to be made by whoever maintains it. R1 described the same division from the 

other direction and separated the requirement for receiving data from the requirements for 

producing results. Wixom and Watson (2001) found that team skills, which they define as 

covering both technical ability and the ability to work with users, were associated with imple-

mentation success. Their sample contained only operational data warehouses so it cannot 

show what happens when two sides fail to work together. The interviews describe cases where 

that happened and these are presented in section 4.3.2.  

The material also shows that the transfer between two roles fails in more than one way and 

not always just because knowledge is missing. R3 described data that is technically correct 

but understood differently across different contexts, e.g. across countries and different work-

ing practices which is a failure of shared meaning rather than a technical failure. R4 described 

data ownership spread across several IT departments and described how things break when 

teams change the data without telling the data science function. This is an organizational fail-

ure rather than a failure of any specific individual. R7 described a third case where the 

knowledge exists but cannot be obtained. The people who hold it are already fully occupied 

and explaining the meaning of the data takes time that they do not have. 

R7’s case has a consequence for the argument in section 2.2. It indicates that the constraint is 

not always an absence of the human resource but its unavailability. This means that an organi-

zation can fail the capability test Gupta and George (2016) describe while technically having 

all three resource classes. Ain et al. (2019) argue that BI research has focused mostly on or-

ganizational and IS factors and has neglected human factors even though these keep appearing 

as the reason why systems fail or succeed. From this we can infer something that Ain et al. 

(2019) does not state themselves: that factors such as availability and coordination belong in 

that neglected category alongside skill. However, one respondent’s account of this is a thin 

basis for a claim so it is more of a proposition than an actual finding. 

The burden described above about separate systems did not necessarily make the respondents 

dissatisfied with their separated arrangements. R2 stated that reporting directly from the oper-

ational systems is already possible but not often sufficient, which is why a separate analytical 

solution gets purchased. R3 valued Power BI because it collects data from three operational 

systems that would otherwise have to be extracted one-by-one. R6 described an analytical so-

lution built into the organization’s own application and considered it to work well. These ac-

counts do not describe organizations struggling under the burden of separation. They rather 

describe organizations that have found arrangement appropriate for what they do. The 
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interviews therefore do not settle whether the burden is heavy enough to motivate a change in 

architecture, and we will return to this in section 5.5. 

The constraints that have been described in this section are also not primarily about query ex-

ecution. If competence and coordination are what constrains then an architecture that runs 

faster but is harder for the staff to operate does not improve matters. Section 2.8 already noted 

that the benchmark measures execution speed and not whether an organization’s staff could 

write the query in the first place. The material in this section shows why that limitation mat-

ters for the interpretation of the benchmark. 

5.2 The Shape of Analytical Work Under Limited Capacity 

In the previous section, it was established what factors limit and constrain analytical capacity 

(section 5.1). This section, on the other hand, will establish what analytical work actually 

looks like under those conditions and also attempt to identify what workload requirements an 

appropriate analytical infrastructure should support. These requirements will be interpreted 

against the literature findings, particularly those in section 2.3 Analytical Practice Under Lim-

ited Capacity, and the theoretical framework established in section 2.8. This section will, to-

gether with 5.1, help define the organizational and workload conditions against which archi-

tectural fit is later assessed in section 5.5.  

In section 2.3, Kasiri et al. (2024) described how organizations across the size categories in 

their SME sample commonly used simple spreadsheet-like analytical tools, mainly Excel. 

Furthermore, Coleman et al. (2016) describes how more powerful analytical tools often re-

quire expertise. Taken together, these two accounts suggest how constrained analytical prac-

tice can favor more accessible tooling. The interview material adds a workload perspective 

which is less explicitly stated in the literature. For example, R2 and R3 both describe a variety 

of analytical demands, from quick simple lookups to multi-year analyses (section 4.1.3). R2 

further emphasizes how even technically simple queries can require large amounts of histori-

cal data. Furthermore, R6 describes how the current analytical operation consists mainly of 

simple searches, while the underlying historical dataset to which those searches are applied 

will continue to grow over time. R9 also gives a perspective on the shape of analytical de-

mand, and its importance for decision support by describing the need for longer historical ho-

rizons in order to identify slow-moving trends (section 4.1.3). An interpretation of the litera-

ture taken together with the interview material is how limited analytical capacity should not 

be assumed to imply limited analytical demand. The limitations concern the resources availa-

ble to support analytical work, while the analytical questions that still need to be answered 

can remain varied in their purpose, historical scope, and scale.  

Song et al. (2024) describe in section 2.4 how freshness can be reduced due to analytical que-

ries being dependent on the most recent ETL-run, which can take minutes to hours to com-

plete. Reducing this delay can therefore provide architectural value. The interview material 

further qualifies this benefit by showing how respondents do not share one universal require-

ment for highly current, or real-time data. For example, some respondents described a rela-

tively high demand for current data, R1 describes how data is most often required within an 

hour, R2 similarly describes how daily updates are insufficient, and subsequently describes 

how intervals such as 15 to 30 minutes are common examples of what may constitute suffi-

ciently current data (section 4.1.2). Other respondents instead describe a need for less current 

data, R3 for example describes how daily updates are most often enough, while weekly or 

monthly updates are required for more overarching questions (section 4.1.2). Similarly, R6 
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also describes requirements ranging from rapidly updated news data to information that only 

updates annually. An interpretation of this is how freshness is partly inherent to the analytical 

purpose and source. Furthermore, different requirements for freshness can also coexist within 

the same organization. R8 describes how data can be polled second-by-second, and con-

versely how some tasks run once a month and need an entire week of processing (section 

4.1.2). Organizations should therefore not simply be identified as “real-time” or “batch-ori-

ented”. Instead, the implied suggestion is that one organization can have different require-

ments for freshness dependent on the analytical work it supports. R9 also gives an insight into 

how freshness can partly be a business requirement, and how achievable freshness can also be 

negotiated against processing and operational constraints, as the respondent described it, up-

dates needed to be scheduled during quieter working hours to reduce the risk of negatively 

impacting operational performance (section 4.1.2). The literature and interviews, taken to-

gether, suggest how architectural suitability should not be simply evaluated by the reduction 

in delay the infrastructure can achieve, but instead whether the provided freshness is appropri-

ate for the decisions and the analytical activities which the infrastructure supports. The poten-

tial advantage of reducing ETL-related delays therefore becomes more important for the 

workloads requiring current data, compared to the workloads using daily, weekly, or monthly 

data.  

The literature reviewed in sections 2.5-2.7 indicates that analytical performance can be influ-

enced by both join requirements and the data that must be processed. While Kimball and Ross 

(2013) press on the benefits of reducing joins through dimensional modelling, Fotache et al. 

(2026) describes how less normalized structures can increase data volume which itself can 

create performance costs. The interview material adds another distinction by showing how 

historical scope does not necessarily correspond to technical query complexity. As previously 

mentioned, R2 describes how simple queries can use large amounts of historical data, and that 

the amount of history accessed does not necessarily determine the complexity of the query 

(section 4.1.3). Furthermore, respondents R3 and R9 suggest how the purpose of the analysis 

and the phenomena it examines also can broaden historical scope (section 4.1.3). Workload 

scale can also vary over time; respondents R1 and R6 both describe how the historical scope 

changes through the accumulation of data, while the underlying analytical operation remains 

the same (section 4.1.3). Another dimension of analytical workload is provided by R8, who 

describes a variation in processing scale and recurrence (section 4.1.3). The respondent gives 

an example with a comparatively large aggregation-oriented process performed monthly 

alongside smaller versions of the same workload being performed daily. Taken together, these 

accounts provide a more detailed characterization of the analytical workload described by the 

respondents. The workload varies in query operation, historical scope, data volume, and exe-

cution frequency. The material also indicates that these characteristics do not necessarily 

change together.  

As previously mentioned, in section 2.3, Kasiri et al. (2024) showed how spreadsheets, more 

specifically Excel, were the most prevalent analytical tools among the 50 SMEs included in 

their study, although other analytical tools were also used. Separately from this, Coleman et 

al. (2016) identified a trade-off in analytical software, between the analytical capability of a 

tool and the specialized expertise required to operate it. A similar pattern to what is shown by 

Kasiri et al. (2024) is provided by the interview material. Both R7 and R8 describe the use of 

Excel or similar tools by certain user groups, where R7 describes it as a frequent endpoint re-

quested by BI analysts, and R8 describes it as a working interface for case handlers and finan-

cial staff (section 4.2.1). Furthermore, respondents R5 and R9 give an input into the practical 

analytical function of Excel like documenting metadata, filtering and dividing data, and iden-

tifying deviations, while R9 also contrasts these uses from more advanced calculations 
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performed by tools such as Qlik or Power BI. Although this distinction does not directly es-

tablish the trade-off described by Coleman et al. (2016), it does show how different tools are 

regarded as suitable for different analytical tasks. What is shown therefore is how Excel ap-

pears to be an established working interface for certain analytical tasks and for certain user 

groups. Taken together, these accounts provide a user-facing dimension of analytical work-

load. For an analytical infrastructure to be appropriate, it needs to accommodate workflows in 

which analytical results are accessed through established user-facing interfaces. The user-fac-

ing aspect identified here is not measured by the benchmark, which evaluates database-level 

execution performance, but it remains part of the organizational context against which said 

performance is later assessed.  

As described in section 2.3, a study conducted by Puklavec et al. (2018) found that BI func-

tionality which was built into an existing ERP (Enterprise Resource Planning) system had a 

positive association with evaluation, adoption, and use. The authors explained this positive as-

sociation partly by the fact that this integration of functionality resulted in reduced employee 

work, that employees needed to learn only one system, and a simplification of data prepara-

tion (section 2.3). An important takeaway from this is where analytical functionality is situ-

ated relative to existing systems can matter for its practical use. Note however, that this takea-

way should not be seen as a general statement for integration in all contexts. A case relating to 

the study previously mentioned - although not identical - is given by R6 who describes a simi-

lar configuration. The similarity does not lie in the integration of BI functionality and an ERP 

system, instead the similarity lies in the takeaway; R6’s organization also directly integrated 

analytical functionality into their existing system (section 4.2.1). As a contrast to the previous 

paragraph, the example of R6 provides an insight into how analytical work can be delivered 

as part of an existing application and workflow rather than through a separate recognizable BI 

interface. R6 also further expands this point by describing how the integration results in fewer 

steps needing to be taken by the users (section 4.2.3). A similar and yet distinct example from 

R6 is that of R7 who also describes a self-built configuration, where scripts and notebooks are 

built using frameworks such as Pandas - who the respondent describes being similar to Excel 

– and Jupyter which were sometimes executed as cron jobs, or scheduled jobs (section 4.2.1). 

This shows how recurring analytical work can also be supported through locally developed 

and relatively informal technical artifacts. What both R6 and R7 together show is how locally 

adopting tools, from scheduled scripts to functionality embedded directly into applications, 

can let organizations operationalize recurring analytical work. When specifying what analyti-

cal workload means for the benchmark, what emerges from this is a dimension of workflow-

embedment. Analytical workloads are not only defined by what data they process or how fre-

quently they run, but also how their execution and outputs are incorporated into recurring or-

ganizational workflows. The interview material therefore complements the study by Puklavec 

et al. by showing how analytical functionality can be incorporated into existing work through 

practical forms, while not establishing that one degree or form of integration is generally pref-

erable. For the benchmarking, this also adds a workflow context for when the measured per-

formance is later interpreted as architectural suitability.  

Returning to the theoretical framework established in section 2.8 we can see a distinction be-

tween analytical need and organizational capacity. The framework also proposes how a com-

bination of the two determines the viability of an analytical configuration. The interview ma-

terial in this section has shown how analytical demand varies across organizations, freshness 

ranges substantially, historical horizons can vary, workloads also vary in operation, scale and 

recurrence, and how relatively lightweight and substantial analytical tasks can coexist. From 

the literature it can be shown why organizational capacity and practical burden matter. Ariya-

chandra and Watson (2010) found, in section 2.1, the selection of architecture to be associated 
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with available resources and the organization’s view of its IT staff. Coleman et al. (2016) 

identified the trade-off between capability and specialist expertise, while Puklavec et al. 

(2018) showed how integration of BI functionality could save employee work through one 

system to learn and simplify data preparation. These studies do not collectively prove any 

conclusions, but once again they establish specific reasons for why organizational capacity 

and practical burden matter. They also show how available resources, staff capability, and the 

burden imposed on employees influence which analytical arrangements are adopted by organ-

izations. The interviews give practical examples of this relationship, how analytical work is 

frequently routed through familiar tools, locally developed scripts, or functionality integrated 

into existing applications. In section 5.1, it was shown how competence, availability, and co-

ordination were identified as practical constraints, and these patterns, along with the ones pre-

sented in this section, suggest how capacity places conditions on how analytical requirements 

can realistically be serviced. In this study, limited analytical capacity can be interpreted pri-

marily as constraining the means through which analytical demand can be met, instead of de-

fining the analytical demand itself. The analytical capacity affects which tools can be properly 

maintained, how much burden, organizational or technical can realistically be sustained, and 

how analytical functionality can be integrated into existing workflows. What emerges in this 

section, in relation to the benchmark, is a profile for the workload which later will be inter-

preted. This profile has specific demands like freshness, query operation, historical scope, 

data volume, and recurrence, along with a support context which includes user-facing accessi-

bility, embedment of workflow, and limited capacity to sustain additional complexity.  

In summary, the findings in this section provide a profile of the analytical work that must be 

supported under the capacity conditions identified in section 5.1. The first thing to be included 

in this profile is differing freshness requirements, ranging from highly current information to 

daily, monthly, or annual data. And how this depends on analytical purpose. It also includes 

workloads that vary in historical scope, query operation, data volume, and execution fre-

quency; these characteristics do not necessarily change together. At the same time, the analyt-

ical workload will be taking place in certain user-facing environments, like locally developed 

solutions, and functionality embedded into existing workflows. These analytical requirements, 

when under limited analytic capacity, must be supported by arrangements which the organiza-

tion can realistically operate and maintain. When relating to the theoretical framework in sec-

tion 2.8 which distinguishes between analytical need and organizational capacity, where the 

first specifies what the infrastructure must support, and the second constraints which ways of 

supporting it are feasible. What has been tested in the benchmark should therefore be inter-

preted against the analytical requirements identified here, and if the measured performance 

differences are consequential under the organizational conditions described in sections 5.1 

and 5.2. Subsequent sections 5.3 and 5.4 can now establish the technical performance differ-

ences between the configurations tested.  

5.3 Performance in Relation to Schema Design 

The benchmark analysis shows that columnstore indexing had a considerably stronger effect 

on performance than schema design alone. The two columnstore-indexed configurations, 

HTAP and OLAP-CS, outperformed OLAP-RS on most of the 22 queries. In the aggregation-

intensive category, for instance, OLAP-RS required between 11.50 and 68.31 times more 

CPU time than either columnstore configuration for the same TPC-H workload (see Table 

4.3). This indicates that columnstore indexing was a decisive factor for efficient analytical 

performance, even when applied to a dimensional schema. Schema design was not irrelevant, 
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but the results suggest that it should be interpreted together with indexing strategy rather than 

as the primary determinant of performance. 

For organizations with limited analytical capacity, this distinction between schema design and 

indexing strategy is important. If meaningful analytical performance gains can be achieved 

through indexing within an existing operational environment, the need for a separate OLAP 

environment may be reduced for some workloads. For organizations without dedicated analyt-

ics staff or in-house data engineering capacity, this suggests that improved analytical capabil-

ity may be achievable without immediately operating a separate data warehouse. Optimizing 

an existing operational database may therefore be sufficient for some of the analytical work-

loads examined here. 

These results are consistent with the architectural logic established in the literature review. As 

Abadi (2008) explains, columnstore indexing allows the database to access only the columns 

needed by a query. Predicates can also be applied efficiently to reduce unnecessary row pro-

cessing. This reduces unnecessary data access and improves both performance and efficiency. 

The benchmark results are consistent with this mechanism. The columnstore-indexed configu-

rations, both normalized (HTAP) and dimensional (OLAP-CS), performed better overall than 

OLAP-RS. The major exception is Q18, where HTAP performed substantially slower than 

OLAP-CS. This shows that query structure remains relevant and can affect the performance 

of a particular schema design. 

The value of these results for the organizations this thesis concerns where database expertise 

or technical resources are limited lies not only in query speed but also in processing require-

ments. They may therefore benefit from configurations where processing demands are lower. 

Columnstore indexing reduces the amount of data processed for common analytical tasks and 

is therefore well suited to this kind of environment. Within a smaller technical environment, 

several decision-support workloads may become feasible on a columnstore-indexed configu-

ration. This fits some of what the respondents described as their limitation: R7 talked about BI 

analysts who could not write a join or identify primary and foreign key relationships across 

enterprise systems, and R9 described advanced systems becoming harder to use when the 

work is done monthly rather than on a full-time basis. In both of these accounts the difficulty 

is in retrieving and combining data correctly rather than the lack of a tool. The results suggest 

that columnstore indexing may allow such organizations to extract greater analytical value 

from systems they already operate. The Q18 result indicates, however, that this should not be 

treated as a guarantee for all query types. 

The results also indicate that the difference between a normalized schema and a dimensional 

star schema mattered less than expected for several workloads. Kimball and Ross (2013) de-

scribe how normalization can lower the performance of analytical queries through join com-

plexity. As shown in Chapter 4, this disadvantage was substantially reduced when col-

umnstore indexing was applied. Although the HTAP schema is highly normalized into 3NF 

and therefore introduces join complexity, it performed very close to OLAP-CS in many que-

ries. For example, in Q15 both configurations completed the query in 54 milliseconds. This 

suggests that, for several analytical workloads, columnstore indexing can reduce the perfor-

mance gap between normalized and dimensional schemas. 

This finding is especially relevant for organizations that have limited analytical capacity, 

where architectural decisions are not only a matter of technical optimization. A dedicated 

OLAP environment requires additional infrastructure, ETL processes, data duplication, and 
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ongoing maintenance. R2 named the knowledge transfer between data engineers who build 

the pipelines and the specialists who know what the data means as the biggest obstacle in cur-

rent reporting which is a cost that does not appear in any performance measurement. If many 

of an organization’s decision-support tasks can be served by a normalized columnstore-in-

dexed database, the value of a dedicated OLAP configuration must be weighed against its or-

ganizational cost. The question is therefore not whether HTAP is theoretically optimal. The 

more relevant question is whether it is practically sufficient for the analytical tasks the organi-

zation actually performs. 

The results are also supported by Fotache et al. (2026), who found that higher normal forms 

did not necessarily worsen the performance of analytical queries. Their study did not, how-

ever, compare normalized and dimensional schemas directly. Similarly, Bog et al. (2012) 

showed that normalized schemas can perform well when the database can manage the join 

complexity that normalization introduces. In this study, the SQL Server query optimizer and 

the applied columnstore indexing appear to have reduced the expected performance penalty 

from normalization. This is particularly evident in the filtering-intensive category, where 

HTAP performed similarly to, or in some cases outperformed, the dimensional configurations. 

Applying filters directly on compressed column data and eliminating irrelevant rows early in 

query execution, as described by Abadi (2008), reduces the impact of schema-level differ-

ences for certain workloads. 

These results diverge from those of Zhou and Gao (2024), who found that strict adherence to 

3NF resulted in response times approximately 99% slower than a denormalized design in an 

industrial manufacturing context. A likely explanation is that their study was conducted on a 

disk-based system without columnstore indexing. The present experiment, by contrast, bene-

fits from SQL Server’s columnstore implementation and query optimizer. This suggests that 

the suboptimal performance traditionally associated with normalized schemas may be signifi-

cantly reduced when a modern system with columnstore indexing is used. This distinction is 

relevant for organizations evaluating whether to denormalize an operational database schema. 

For organizations, this challenges the assumption that operational databases are inherently un-

suitable for analytical tasks. Several respondents described extracting data from the opera-

tional systems and working on it elsewhere. R7 said that a BI analyst will eventually ask to 

get the data so it can be run in Excel, and R8 described case handlers and financial staff work-

ing in standard tools and being satisfied as long as the data can be retrieved and returned. 

Other respondents did not work this way: R6 described analytics built directly into the organi-

zation’s own application. Enhancing those systems to support analytical workloads could 

therefore reduce the need for fully implemented data warehouses in some cases. This should 

not be read as a claim that normalized schemas are generally better for analytics. Rather, the 

results suggest that normalized operational databases may be more capable than commonly 

expected when supported by columnstore indexing and a query optimizer that can handle ad-

ditional joins. 

Schema design nonetheless remains relevant for join-intensive queries. For Q3, Q7, and Q8, 

OLAP-CS was substantially faster than HTAP. In Q3, the difference was several hundred mil-

liseconds, with OLAP-CS completing the query in 132 ms compared with 392 ms for HTAP. 

This points to a structural advantage of the dimensional star schema when fewer table opera-

tions are required. Schema design is therefore still a relevant performance factor, even if it 

was not the primary one across the benchmark as a whole. The extent to which columnstore 
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indexing can compensate for the join complexity of a normalized schema depends on the 

structure of the specific query. 

The question of whether a particular organization should adopt an HTAP-oriented configura-

tion therefore depends on the organization’s actual analytical workload. If the workload re-

sembles those tested in this study, such as continuous monitoring, filtering, aggregation, sup-

plier evaluation, inventory visibility, or promotion analysis, the results suggest that an HTAP-

oriented implementation may be sufficient. A dedicated OLAP schema may still be valuable 

if the organization frequently performs complex analytical tasks that reconstruct relationships 

across customers, orders, suppliers, products, and regions. An organization should therefore 

evaluate whether the performance benefits provided by OLAP-CS justify the additional archi-

tectural complexity. 

It is also important to clarify the meaning of “HTAP” as used in this thesis. The HTAP litera-

ture defines HTAP systems as capable of supporting transactional and analytical workloads 

concurrently in a single environment (Özcan et al., 2017; Song et al., 2024). The benchmark 

in this study evaluates analytical performance in isolation rather than under concurrent mixed 

workloads. The configuration tested is therefore best understood as HTAP-oriented. It is a 

normalized OLTP schema augmented with columnstore indexing to support analytical work-

loads. It is not a full HTAP system operating under concurrent transactional and analytical 

pressure. This distinction is important for interpreting the results and is revisited in section 

5.6. Additionally, it matters because the respondents described the interference that this 

benchmark does not reproduce: R9 ran the update once per day early in the morning in order 

to not reduce the performance of the system, and R8 described monthly calculations during 

which almost all IT is paused.  

5.4 Workload-Dependent Performance Differences 

The benchmark results show that performance differences between HTAP and OLAP-CS de-

pended strongly on the type of query tested. No single configuration was uniformly superior 

across the workload categories. Instead, performance depended on how each query accessed, 

filtered, joined, and aggregated data. This matters for organizations because analytical deci-

sion support is not one uniform activity. Different business questions place different demands 

on the database architecture. R3 described salespeople viewing customers on a daily basis and 

running quick simple searches on order intake while the respondent themself used up to three 

or four years of historical data to find trends, both inside the same organization. Rather than 

restating the categorical results from Chapter 4, this section discusses the mechanisms that ap-

pear to explain the workload-dependent pattern. 

The strongest similarity between HTAP and OLAP-CS occurred in the aggregation-intensive 

and filtering-intensive categories. The shared mechanism in both cases is that columnstore ex-

ecution can read only the relevant columns, apply predicates efficiently to compressed column 

data, and eliminate rows early in the query plan (Abadi, 2008; Larson et al., 2011; Jukic et al., 

2017). When most of the work in a query consists of scanning and summarizing a limited 

number of columns, schema layout contributes less to total execution time. This helps explain 

why HTAP, despite its normalized structure, performed close to OLAP-CS in Q1, Q12, Q14, 

Q6, and Q19. R8’s monthly calculation is aggregation of this kind, running over a set of pa-

rameters in full each month and in smaller segments daily.  
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The join-intensive category requires more caution. OLAP-CS was the fastest configuration for 

all six join-intensive queries, but the size of the advantage varied. In Q5 and Q10, the gap was 

small. This suggests that the optimizer was able to exploit columnstore execution effectively 

even on the normalized schema. In Q3, Q7, and Q8, the gap was larger. This suggests that the 

dimensional structure produced more favorable join plans for these queries. This is consistent 

with Kimball and Ross’s (2013) argument that dimensional modelling can simplify analytical 

access by organizing data around fact and dimension tables. The mechanism is not that nor-

malization is always penalized by joins. Rather, join order, foreign-key cardinality, and the 

optimizer’s ability to use columnstore rowgroup elimination interact with schema design in 

ways that depend on the specific query. 

The multi-layered category produced the most variable results. In several queries, including 

Q2, Q11, Q13, Q16, Q17, Q20, and Q22, HTAP outperformed OLAP-CS. Q4, Q15, and Q21 

produced near-identical performance. This indicates that nested conditions and multi-stage 

logic do not, in themselves, disadvantage a normalized schema. This pattern is consistent with 

Bog et al. (2012) and Fotache et al. (2026), who argue that normalized schemas can perform 

competitively for analytical workloads when the database system handles join complexity ef-

ficiently. It also fits R2’s point that simple queries and large amounts of historical data are not 

opposed to one another and that the amount of historical data is rarely a parameter in how 

complex a query needs to be. The four categories separate queries by operation type, not by 

difficulty.  

Q18 is the principal exception. HTAP was more than twenty times slower than OLAP-CS in 

execution time, while using less CPU time than OLAP-RS for the same query. The combina-

tion of high elapsed time and lower CPU time relative to OLAP-RS suggests that the bottle-

neck is unlikely to be raw computation alone. A more plausible explanation is that the query 

plan chosen for the normalized schema involved costly intermediate result handling. Q18 first 

identifies orders whose total lineitem quantity exceeds a threshold. It then joins that result 

back to customer, orders, and lineitem data. On the dimensional schema, this pattern aligns 

naturally with the fact and dimension structure and benefits from columnstore access on the 

fact table. On the normalized schema, the optimizer appears to have produced a less favorable 

join order or used columnstore rowgroup elimination less effectively. This resulted in signifi-

cantly longer execution time despite lower CPU consumption than OLAP-RS. This is con-

sistent with Kimball and Ross’s (2013) observation that dimensional schemas can simplify 

analytical access for queries involving extensive customer- and order-level reconstruction. 

Q18 therefore illustrates a type of workload where the normalized schema’s structural disad-

vantage is not fully compensated for by columnstore indexing. 

Taken together, the patterns suggest a single overall interpretation. HTAP-oriented configura-

tions perform well when the dominant cost of a query is column scanning, filtering, and ag-

gregation. They perform less consistently when the dominant cost lies in reconstructing rela-

tionships across multiple large tables. Whether organizations can adopt an HTAP-oriented ar-

chitecture therefore depends less on whether the architecture is generally superior to OLAP-

CS. It depends more on whether the organization’s analytical workload tends toward the first 

or the second pattern. 
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5.5 Architectural Fit Under Limited Analytical Capacity 

Sections 5.3 and 5.4 established what the three configurations do under different query types, 

and sections 5.1 and 5.2 established what constraints these organizations and what their ana-

lytical work looks like. This section looks at whether the performance differences measured 

here matter under the conditions the interviews describe. Section 2.8 states that architectural 

fit depends on analytical need together with organizational capacity, and this section applies 

that. 

The tested workload matches part of what respondents described. R8 described a monthly fi-

nancial calculation that aggregates a large number of parameters into one figure and is also 

run daily in smaller segments, and R3 and R9 described analyses reaching back three to four 

years or longer (section 4.1.3). Q1 performs the same kind of aggregation over the lineitem 

table. The aggregation-intensive category is where HTAP and OLAP-CS came closest, with a 

maximum gap of 6 ms (section 4.6.4). The match is partial in three ways. None of the 22 que-

ries in section 3.3.7 is a single-record lookup, but R3 and R6 described such lookups as a reg-

ular part of the work, and R3 noted that different people perform them (section 4.1.3). Several 

business scenarios in section 3.3.7, such as supplier evaluation in Q15 and promotion plan-

ning in Q20, have no counterpart in the material. And R1 and R6 described a workload where 

the operation stays the same while the historical scope grows and data increases, which a 

fixed scale factor of 1 GB does not measure. 

The differences between HTAP and OLAP-CS are small and neither of the two is consistently 

faster than the other. In 18 of the 22 queries the gap is under 100 ms, the exceptions being Q2 

at 327 ms, Q3 at 260 ms, Q13 at 172 ms, and Q18 at 9,209 ms (table 4.1). HTAP was faster in 

Q2, Q11, Q13, Q16, Q17, Q19, Q20, and Q22, and by 1 ms in Q12 and Q14. R3 reported that 

most reporting runs daily and that strategic questions are answered weekly or monthly (sec-

tion 4.1.2). Against reports that run once a day or once a week a few hundred milliseconds do 

not change what the decision that the report is used for. The delay that matters in a separated 

architecture is a different one. Song et al. (2024) describe the ETL process as taking minutes 

or hours and leaving the analytical system with delayed data, and Jukic et al. (2017) call it the 

most common bottleneck in data warehousing for decision support. Section 4.2.2 shows a re-

lated cost in the interviews, where respondents described inconsistency, outdated data, incom-

patible formats, and failed synchronization when data is moved between systems. Neither 

source compares these two delays; that comparison is ours. But if moving the data costs hours 

and the schema choice costs milliseconds, the schema choice is not what an organization 

would notice. R1 and R2 needing data within the hour and R8 describing a system polled 

every second (section 4.1.2) are requirements about how fresh the data have to be (ETL), not 

about how long a query takes to run. 

Q18 is the one query a user would notice, at 9,651 ms for HTAP against 442 ms for OLAP-

CS. Its scenario is the identification of high-volume customers, but it ranks the largest orders 

by total price across the whole dataset with no time restriction, while R3 and R9 described 

following customers and sales across several years. The query with the worst HTAP result is 

therefore also one of the queries with the weakest support in the interviews, though the inter-

view guide asked about the shape of analytical questions rather than for a list of the queries an 

organization runs (section 3.2.3), and section 4.9.8 treats Q18 as a warning case rather than an 

anomaly. 

The benchmark did not test what the interviewees had most to say about, which is whether an-

alytical work slows down operational work. Jukic et al. (2017) note in section 2.6 that running 
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analytical queries against a rowstore can prolong response times for the transactional opera-

tions sharing it, and Özcan et al. (2017) and Song et al. (2024) define HTAP by the concurrent 

handling of both workloads. Analytical and transactional queries were not run concurrently 

here (section 3.3.8), which is why section 5.3 described the configuration as HTAP-oriented. 

Section 4.3.3 shows this happening in practice. R3 attributed the low level of interference to 

the analytical solution being separate, R6 described report generation stopping the incoming 

real-time data during the period when the application was being built, R8 described a monthly 

calculation that pauses almost all other IT activity, and R9 scheduled updates for early morn-

ing to protect system performance. R1, R5, and R7 did not describe interference as a signifi-

cant problem, so the material does not settle the question. It does show that the cost Jukic et 

al. (2017) identify is real for some of these organizations, and that this study says nothing 

about whether columnstore indexing reduces it. 

Respondents did not judge their arrangements on speed. Most described their setup as suffi-

cient, and the reasons were consolidation of several operational systems (R3), fit to an estab-

lished workflow and fewer steps to reach a result (R6), and the sufficiency of common tools 

(R5). R2 stated that reporting from operational systems is already possible but that something 

more is usually needed (section 4.2.3). R6's account matches what Puklavec et al. (2018) 

found across 181 SMEs, that a BI system delivered inside the system the organization already 

runs was associated with evaluation, adoption, and use, though for use the explanation only 

holds once counting the indirect effects that run through the two earlier stages. The explana-

tion for the association is that the arrangement saves the employee’s work. Performance does 

not enter their model at all, so the comparison with response time is ours rather than theirs. 

The non-cost criteria named in section 4.4.2, usability, compatibility, longevity, licensing risk, 

and the possibility of migrating away, are of the same kind, and Ariyachandra and Watson 

(2010) found architecture selection predicted by the strategic view of the system, available re-

sources, and the organization's belief in its own IT staff. None of these is a measure of query 

response time. 

Respondents disagreed about whether operational and analytical systems should be merged, 

and they were mostly not talking about the database when they answered. R8 wanted the fi-

nancial users' work moved out of Excel and into one platform so that analyses and transac-

tions sit in the same place, while R2 preferred a separate analytical solution and R4 favoured 

keeping data close to the business activity that produces it (section 4.4.3). Section 4.4.3 also 

notes that respondents discussed integration at the level of applications, workflows, and re-

porting rather than database architecture, and that R8's use of the terms OLTP and OLAP was 

conceptual. These accounts show what respondents want from an arrangement, not whether 

an HTAP-oriented configuration would give it to them. 

Section 5.1 concluded that competence rather than money was the resource that is in short 

supply, and one part of that applies specifically to the schema tested here. Kimball and Ross 

(2013) argue in section 2.5 that normalized schemas are unsuitable for business intelligence 

work because users struggle to understand and navigate them, which is a problem relating to 

the structure the HTAP configuration uses. R7 described enterprise products where the pri-

mary and foreign key relationships are difficult to determine, and described BI analysts, as R7 

encountered them, who could not tell the difference between an inner join from an outer join 

(section 4.3.1). Gupta and George (2016) give the reason this matters for the comparison: tan-

gible resources do not substitute for human and intangible ones, so a technical gain that raises 

the skill requirement does not by itself raise capability. Coleman et al. (2016) describe the 

same trade-off from the product side, where tools with real analytical power need a specialist 

and tools a non-specialist can operate accomplish less. 
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How much this matters depends on who writes the queries. Section 4.1.1 showed that analyti-

cal work is most often divided between roles, and where a query is written once by someone 

with database competence and then run through a reporting layer, the schema is only a prob-

lem for the person who writes the query, not for the people who later just runs it. Section 4.2.1 

showed that the work often ends in Excel, which is what Kasiri et al. (2024) found across 50 

SMEs, or in local Python scripts. Section 2.8 splits this into analytical need and organizational 

capacity. The analytical need these organizations described are achievable in both configura-

tions, and what separates them is organizational capacity: whether the person who can operate 

the schema is available, and whether the analytical jobs are small enough to prevent disturb-

ing the daily operations. If an organization has neither of these, i.e. no one to write the queries 

and analytical jobs are too disruptive to the operational systems, then the choice between 

HTAP and OLAP-CS stops being the relevant question. Then it becomes a question whether 

to move off Excel at all rather than which database configuration is faster. This is however 

our own conclusion, rather than something the literature or respondents said. 

5.6 Limitations and Considerations 

This study combines qualitative interview evidence with a controlled database benchmark, 

and the limitations of both methods affect the conclusions that can be drawn. The interviews 

provide evidence about organizational requirements, constraints, and analytical practices, 

while the benchmark provides controlled evidence about one technical dimension of architec-

tural suitability. Neither method provides a complete assessment independently, and their in-

tegration should therefore be interpreted as conditional evidence about architectural fit rather 

than as a general prescription for analytical infrastructure. 

Limitations of the interview study. The qualitative findings are based on a purposive sample 

of nine respondents and cannot establish how widespread the identified requirements or con-

straints are across organizations. This follows from the purpose of qualitative sampling in this 

study: respondents were selected because their roles provided relevant experience rather than 

to produce a statistically representative sample (Bell et al., 2019, p. 389; Oates et al., 2022, p. 

195). The findings concerning competence, coordination, data movement, freshness require-

ments, and infrastructure priorities should therefore be interpreted as patterns identified within 

the material rather than estimates of their prevalence in a wider population. 

The sample is also deliberately heterogeneous. It contains practitioners and consultants and 

includes organizational settings with low, medium, and high analytical capacity. Some con-

sultants primarily describe experiences from client organizations, while some practitioners 

work in organizations with considerably greater technical capacity than the condition at the 

center of this thesis. This variation is useful because it allows contrasting arrangements to be 

compared, but it also means that the nine interviews should not be treated as nine direct obser-

vations of organizations with limited dedicated analytics capacity. The relevance of particular 

accounts depends on the organizational conditions from which they were drawn. 

A related limitation concerns the development of the population definition. Recruitment ini-

tially began with SMEs as the intended population, but the interview material contributed to 

changing the criterion from organizational size to dedicated analytical capacity. This revision 

is documented in Section 3.2.2 and is consistent with the flexible character of qualitative re-

search (Bell et al., 2019, p. 397). Nevertheless, because the final population definition was not 
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used from the beginning of recruitment, the sample was not systematically constructed around 

that definition. The interviews therefore provide evidence for understanding limited analytical 

capacity, but they cannot establish that every respondent or organizational setting represented 

that condition to the same degree. 

The interviews also capture respondents’ accounts of practice rather than direct observation of 

organizational practice. Respondents may interpret the same situation differently, may not 

have access to all relevant information about their organization, and may be affected by the 

interview situation itself (Oates et al., 2022, pp. 207, 301–303). Consultants additionally de-

scribe client environments retrospectively rather than providing evidence collected directly 

from those client organizations. Some interview material was translated into English by the 

authors and lightly edited for readability, which introduces an additional interpretive step even 

though the original recordings and transcripts were retained. These limitations are partly ad-

dressed through recorded interviews, documented coding procedures, respondent quotations, 

and the deliberate consideration of material that contradicted emerging interpretations, as de-

scribed in Section 3.2.6. 

Limitations of the benchmark experiment. The benchmark uses synthetic TPC-H data ra-

ther than data collected from actual organizational systems. This allows all three configura-

tions to be evaluated using identical and reproducible data, but means that the experiment 

measures performance under the structure and distributions defined by TPC-H rather than un-

der the data conditions of a particular organization. The results should therefore be interpreted 

as comparative performance evidence under standardized decision-support workloads rather 

than as predictions of execution times in real organizational databases. 

The experiment also uses a single TPC-H scale factor of SF=1, corresponding to approxi-

mately 1 GB of generated data. This provides a fixed baseline for comparing the configura-

tions, but the study does not establish how the observed performance relationships change as 

data volume increases. The scale factor should therefore not be interpreted as representative 

of organizations with limited analytical capacity, since the population in this thesis is defined 

by analytical capacity rather than organizational size or data volume. In particular, the inter-

view findings show that relatively simple analytical questions may still operate over growing 

or multi-year datasets. Whether the relative performance of HTAP, OLAP-CS, and OLAP-RS 

remains similar at larger scales cannot be determined from this experiment. 

The experiment is further limited to Microsoft SQL Server 2025 running in one controlled lo-

cal hardware environment. The observed results are consequently influenced by SQL Server’s 

query optimizer, columnstore implementation, memory management, and execution strate-

gies. The experiment supports conclusions about the tested configurations under these condi-

tions, but it does not establish that the same performance relationships will occur in other rela-

tional database management systems, hardware environments, or indexing implementations. 

A particularly important limitation concerns the use of the term HTAP. Transactional and an-

alytical workloads were not executed concurrently in the experiment. The benchmark isolates 

analytical query performance and therefore does not measure workload interference, transac-

tion latency, or resource competition between OLTP and OLAP activity. The tested configu-

ration is consequently described as HTAP-oriented rather than as a complete HTAP system 

in the concurrent sense described by Özcan et al. (2017) and Song et al. (2024). This limita-

tion is particularly relevant because several interview respondents described analytical pro-

cessing interfering with operational work or being scheduled specifically to avoid such 
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interference. The experiment cannot determine whether columnstore indexing would reduce, 

preserve, or increase that interference under concurrent workloads. 

The benchmark also measures a restricted set of technical outcomes: execution time, CPU 

time, and logical reads. These measures allow controlled comparison of analytical perfor-

mance and resource use, but do not measure other dimensions of architectural suitability iden-

tified through the interviews, such as usability, maintainability, licensing, governance, com-

patibility, required expertise, or the organizational effort involved in maintaining data pipe-

lines. The benchmark should therefore be understood as evidence about performance, not as 

a complete technical or economic evaluation of either architectural approach. 

Limitations of the integration between methods. Finally, the relationship between the inter-

view workloads and TPC-H is only partial. The TPC-H queries were not constructed directly 

from the interview material. They constitute a standardized decision-support workload whose 

relevance is subsequently assessed against the analytical activities respondents described. As 

Section 5.5 shows, some correspondence exists, particularly for aggregation and analyses over 

historical data, but respondents also described single-record lookups that are not represented 

by the benchmark, while several TPC-H business scenarios have no direct counterpart in the 

interviews. The query categories used in Chapter 4 are therefore useful analytical groupings 

but should not be interpreted as a complete classification of analytical work in organizations 

with limited dedicated analytics capacity. 

The integration also depends on interpretation by the same researchers who designed the 

benchmark and analyzed the interviews. This creates a risk that organizational evidence could 

be interpreted in ways that favor the architectural comparison being tested. The use of explicit 

coding rules, respondent quotations, contradictory cases, and clear separation between re-

spondent statements and the authors’ own interpretations reduces this risk but cannot remove 

it completely. Accordingly, the combined findings support a conditional assessment of ar-

chitectural fit rather than a general claim that either an integrated HTAP-oriented architec-

ture or a separated OLAP architecture is preferable. The study can identify conditions under 

which each alternative appears more or less suitable; determining suitability for a particular 

organization would still require evaluation of that organization’s workloads, capabilities, ex-

isting infrastructure, and operational requirements.  
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6 Conclusion 

6.1 Answer to the Research Questions 

This thesis addressed two research questions concerning the relationship between organiza-

tional conditions and the performance of alternative analytical database architectures. The 

first research question examined how organizational requirements and resource constraints 

shape the suitability of analytical infrastructure for decision support. The second examined 

how benchmarked performance differences between integrated HTAP-oriented and separated 

OLAP architectures inform their suitability under the conditions identified in RQ1. 

RQ1: How do organizational requirements and resource constraints shape the suitabil-

ity of analytical infrastructure for decision support? 

The findings show that the suitability of analytical infrastructure is shaped by the relationship 

between what an organization requires from analytics and the resources it can dedicate to sup-

porting those requirements. Resource constraints were not expressed through one single fac-

tor. Cost influenced which analytical solutions respondents considered feasible, but the inter-

view material indicated that competence, access to relevant expertise, coordination between 

technical and business roles, and the ability to understand and maintain data flows were im-

portant constraints once analytical work was being performed. In particular, the findings dis-

tinguish between possessing analytical technology and having the organizational capacity re-

quired to use and maintain it effectively. 

The findings also show that limited dedicated analytical capacity should not be equated with 

limited analytical demand. Respondents described analytical activities ranging from simple 

lookups and recurring reports to aggregation over large amounts of historical data and anal-

yses extending several years into the past. Requirements for data freshness also differed sub-

stantially. Some analytical activities required data within minutes or hours, whereas daily, 

weekly, or monthly updates were sufficient for others. Different freshness requirements could 

also coexist within the same organization. Analytical infrastructure must therefore be assessed 

against the particular decisions and workloads it supports rather than against a general as-

sumption that more current data or more sophisticated infrastructure is always preferable.  

Existing infrastructure and organizational work practices further shaped suitability. Respond-

ents did not evaluate their current arrangements primarily in terms of database query speed, 

and separated analytical environments were not universally experienced as undesirable. Some 

respondents valued separate solutions because they consolidated data from several operational 

systems or fitted established reporting workflows. Others described more integrated arrange-

ments as effective because they reduced steps between operational activity and analysis. The 

interviews therefore do not support a general preference for either integration or separation. 

Instead, they indicate that suitability depends on factors such as analytical requirements, data 

movement, competence, maintainability, compatibility with existing workflows, and the or-

ganizational capacity available to operate the infrastructure.  
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The answer to RQ1 is consequently that organizational requirements define what the ana-

lytical infrastructure must provide, while resource constraints determine which ways of 

providing it are practically feasible. Architectural suitability emerges from the fit between 

these two conditions rather than from the technical characteristics of an architecture in isola-

tion. 

RQ2: How do benchmarked performance differences between integrated HTAP-ori-

ented and separated OLAP architectures inform their suitability under the conditions 

identified in RQ1? 

The benchmark shows that an integrated HTAP-oriented configuration can provide analytical 

query performance comparable to a separated dimensional OLAP configuration for many of 

the tested workloads. The normalized OLTP configuration with columnstore indexing per-

formed particularly close to the dimensional columnstore configuration for aggregation- and 

filtering-intensive workloads, while it also performed competitively in several multi-layered 

queries. Across 18 of the 22 TPC-H queries, the execution-time difference between HTAP 

and OLAP-CS was below 100 milliseconds. These results indicate that normalization alone 

does not necessarily make an operational database technically unsuitable for analytical pro-

cessing when columnstore indexing is available. 

The performance differences were nevertheless workload-dependent. The separated dimen-

sional columnstore configuration was faster in all six queries categorized as join-intensive, 

although the magnitude of the advantage varied considerably. Q18 represented the clearest 

warning case, where the HTAP-oriented configuration was substantially slower than OLAP-

CS. The benchmark therefore does not support treating an integrated architecture as a univer-

sal replacement for a dimensional analytical schema. Where analytical workloads depend 

heavily on reconstructing relationships across several tables, the dimensional structure can re-

tain an important performance advantage.  

However, RQ1 changes how these technical differences should be interpreted. For analytical 

activities that run daily, weekly, or monthly, a difference of tens or hundreds of milliseconds 

may have little practical relevance compared with other requirements such as data freshness, 

movement between systems, maintainability, or the availability of specialist competence. The 

interview material showed that data transfer between systems could involve outdated data, in-

compatible formats, synchronization problems, and additional organizational coordination. 

Consequently, where an integrated architecture provides sufficient performance for the re-

quired workload, avoiding or reducing separation may have organizational value that is not 

visible in benchmark execution times alone.  

The opposite also applies. A dedicated OLAP environment may provide organizational value 

that cannot be reduced to query performance. Respondents described benefits from consoli-

dating several operational sources, separating analytical activity from operational systems, 

and fitting analytical infrastructure to established workflows. Furthermore, the benchmark did 

not test simultaneous transactional and analytical activity, even though several respondents 

described workload interference as a practical concern. The experiment therefore cannot de-

termine whether the HTAP-oriented configuration would preserve acceptable transactional 

performance under concurrent use.  

The answer to RQ2 is therefore that the benchmarked performance differences inform archi-

tectural suitability by establishing whether the tested alternatives are technically 
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credible for particular analytical workload characteristics, but performance alone does 

not determine which architecture is suitable. An integrated HTAP-oriented architecture be-

comes a credible alternative where its analytical performance is sufficient for the required 

workload and where reducing separation between operational and analytical processing ad-

dresses meaningful organizational constraints. A separated OLAP architecture remains advan-

tageous where its performance characteristics, workload isolation, data consolidation, or ana-

lytical structure justify the additional infrastructure and organizational resources required to 

maintain it. 

Taken together, the two research questions lead to one central conclusion: analytical infra-

structure under resource constraints should be evaluated as a question of architectural 

fit rather than architectural superiority. Neither integrated HTAP-oriented nor separated 

OLAP architectures are inherently more suitable for organizations with limited dedicated ana-

lytics capacity. Suitability depends on whether the architecture can support the required ana-

lytical workloads and freshness requirements while remaining feasible in relation to available 

competence, coordination, maintenance capacity, existing infrastructure, and operational de-

mands. Technical performance is therefore an important condition of architectural suitability, 

but it is not the architectural decision itself. 

6.2 Contributions to IS Research 

This thesis contributes to Information Systems research by examining analytical infrastructure 

as a question of fit between organizational requirements, resource conditions, and technical 

system characteristics. This framing is situated within the broader Information Systems tradi-

tion of decision support, in which BI&A and DSS are treated as closely related areas con-

cerned with supporting organizational decision-making (Phillips-Wren et al., 2021). Rather 

than treating database architecture as an isolated performance problem, the study combines 

evidence about how analytical work is organized and constrained with controlled evidence 

about the performance of alternative database configurations. The contribution therefore lies 

not only in the individual interview and benchmark findings, but in how these findings jointly 

explain architectural suitability. 

The first contribution concerns the understanding of resource constraints in analytical work. 

Existing analytics-capability research conceptualizes analytical capability as dependent on 

combinations of tangible resources, human skills, and intangible resources (Gupta & George, 

2016). The interview findings provide a more detailed view of how such constraints can ap-

pear in practice. In particular, the findings suggest a distinction between cost and competence. 

Cost was primarily described as a condition affecting which analytical solutions could be con-

sidered, whereas competence became more visible when respondents discussed whether ana-

lytical work could actually be performed effectively after technology was available. The find-

ings also indicate that competence itself should not necessarily be treated as a single resource. 

Respondents distinguished between technical database knowledge, understanding of the busi-

ness meaning of data, continued practice in analytical work, and the organizational risk cre-

ated when important knowledge is concentrated in a single person. Given the qualitative and 

limited sample, these patterns should not be interpreted as a general model of analytical capa-

bility. They nevertheless provide a more specific account of the forms that limited analytical 

capacity can take and suggest dimensions that future IS research could investigate further. 
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The second and central contribution concerns architectural fit. The study shows that the suita-

bility of analytical infrastructure cannot be inferred from technical performance alone. Previ-

ous IS research has established that combinations of organizational factors influence the se-

lection of data warehouse architectures (Ariyachandra & Watson, 2010). The benchmark 

demonstrates that a normalized, columnstore-indexed HTAP-oriented configuration can pro-

vide performance close to a dedicated dimensional columnstore configuration for many of the 

tested analytical workloads, while dedicated OLAP retains advantages for some join-intensive 

workloads. However, the interview findings show that organizations assess analytical arrange-

ments through additional concerns, including competence, data movement, freshness, main-

tainability, compatibility with existing work practices, and workload interference. The same 

measured performance difference can therefore have different significance under different or-

ganizational conditions. 

By integrating these two forms of evidence, the thesis contributes a conditional view of ana-

lytical architecture. An integrated architecture is not suitable simply because its benchmark 

performance approaches that of a dedicated analytical system, and a separated architecture is 

not unsuitable simply because it introduces additional infrastructure and data movement. In-

stead, technical performance becomes one dimension of a broader assessment in which the 

advantages and demands of an architecture are evaluated against the analytical needs and or-

ganizational capacity of the setting in which it will operate. This extends the architectural 

comparison from the question of which configuration performs best to the Information Sys-

tems question of which configuration provides an appropriate fit between technology, organi-

zational capability, and decision-support requirements. 

The third contribution is methodological. The study illustrates how qualitative organizational 

evidence and a controlled technical benchmark can be combined when investigating infra-

structure choices in Information Systems. The benchmark provides internal control and allows 

performance differences between configurations to be isolated, but it cannot determine 

whether those differences matter to an organization. The interviews provide the organizational 

context required for that interpretation but cannot establish the comparative technical perfor-

mance of the architectures themselves. The mixed-methods design therefore allows each 

method to address a limitation of the other. This does not constitute a new mixed-methods 

methodology, but it demonstrates the usefulness of integrating technical performance evi-

dence with practitioner accounts when system suitability depends simultaneously on techno-

logical and organizational conditions. 

Taken together, these contributions support a view of analytical infrastructure in which tech-

nical capability, organizational capacity, and analytical requirements are interdependent. For 

Information Systems research, the implication is that architectural choices for decision sup-

port should not be evaluated solely through technical optimization or solely through organiza-

tional adoption conditions. The relationship between the two is itself part of the phenomenon 

being studied. 

6.3 Future Research 

The findings and limitations of this study suggest several directions for future research. First, 

the organizational patterns identified through the interviews should be examined in broader 

and more systematically selected samples. This study suggests that analytical capacity can be 
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constrained in different ways, including through technical competence, business knowledge, 

availability of knowledgeable personnel, coordination between roles, and dependence on indi-

vidual employees. It also suggests that cost and competence may operate at different stages, 

with cost shaping which solutions can be considered and competence affecting whether those 

solutions can be used effectively. Because these findings are based on nine purposively se-

lected respondents, future studies could examine whether the same distinctions appear across 

larger samples, particular industries, or organizations selected specifically according to differ-

ent levels of dedicated analytical capacity. 

A second direction concerns the relationship between organizational requirements and tech-

nical workloads. The TPC-H benchmark provided a standardized analytical workload, but its 

correspondence with the activities described in the interviews was only partial. Respondents 

described, for example, both simple lookups and analyses over several years of historical data, 

while some TPC-H business scenarios had no direct counterpart in the interview material. Fu-

ture research could therefore derive benchmark workloads directly from case organizations or 

combine standardized benchmarks with queries collected from real analytical environments. 

This would allow technical performance to be assessed against organizational requirements 

with a closer empirical connection between the two forms of evidence. 

Third, the technical comparison should be extended beyond the conditions tested in this study. 

The experiment used a single TPC-H scale factor of SF=1 and one Microsoft SQL Server en-

vironment, meaning that the observed performance relationships cannot be assumed to persist 

at larger data volumes or in other database systems. Future experiments could test larger scale 

factors and alternative relational database management systems to determine whether the ob-

served workload-dependent relationship between normalized columnstore and dimensional 

OLAP configurations remains stable under different technical conditions. 

A particularly important extension would be to evaluate concurrent transactional and analyti-

cal workloads. The present benchmark measured analytical performance in isolation and 

therefore cannot establish how the HTAP-oriented configuration affects transactional perfor-

mance when both workloads compete for the same resources. This is especially relevant be-

cause several respondents described analytical or data-processing activities that interfered 

with operational systems or had to be scheduled during quieter periods. Future studies using 

mixed-workload benchmarks or controlled combinations of OLTP and OLAP activity could 

therefore examine whether the analytical performance advantages observed here can be main-

tained without unacceptable operational interference. 

Finally, future research could study organizations before and after an architectural change. 

Case studies of organizations moving from separated analytical infrastructure toward a more 

integrated arrangement, or in the opposite direction, could examine consequences that a 

benchmark cannot capture directly, including maintenance effort, competence requirements, 

data-pipeline complexity, usability, governance, and changes in analytical work. Such longi-

tudinal evidence would provide a stronger basis for understanding whether the architectural fit 

identified in this thesis translates into sustained organizational value over time. 
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Appendix 1: AI declaration 

In this thesis, AI-based tools have been used for language refinement, structural suggestions, 

brainstorming, translation, and support during the planning and drafting process. AI tools 

have also assisted with the formulation of a PowerShell script, feedback on database schemas 

and query adaptation, and the summarization and organization of working material. In relation 

to the qualitative interview study, AI-based tools were used to support transcription.  

All substantive academic decisions regarding the research questions, research design, coding 

and interpretation of interview data, benchmark design, argumentation, conclusions, and final 

written content have been made by the authors. All sources cited in the thesis have been se-

lected, reviewed, and incorporated by the authors. 

The AI-based tools used in the thesis were ChatGPT, Claude, GitHub Copilot, Gemini, and 

OpenAI Whisper. 
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Appendix 2: OLAP DDL 

CREATE TABLE dim_customer ( 

    dc_customerkey   INT NOT NULL, 

    dc_name          VARCHAR(25) NOT NULL, 

    dc_address       VARCHAR(40) NOT NULL, 

    dc_phone         CHAR(15) NOT NULL, 

    dc_acctbal       DECIMAL(15,2) NOT NULL, 

    dc_mktsegment    CHAR(10) NOT NULL, 

    dc_comment       VARCHAR(117) NOT NULL, 

    dc_nationkey     INT NOT NULL, 

    dc_nation        CHAR(25) NOT NULL, 

    dc_regionkey     INT NOT NULL, 

    dc_region        CHAR(25) NOT NULL, 

    PRIMARY KEY (dc_customerkey) 

); 

 

CREATE TABLE dim_supplier ( 

    ds_suppkey       INT NOT NULL, 

    ds_name          CHAR(25) NOT NULL, 

    ds_address       VARCHAR(40) NOT NULL, 

    ds_phone         CHAR(15) NOT NULL, 

    ds_acctbal       DECIMAL(15,2) NOT NULL, 

    ds_comment       VARCHAR(101) NOT NULL, 

    ds_nationkey     INT NOT NULL, 

    ds_nation        CHAR(25) NOT NULL, 

    ds_regionkey     INT NOT NULL, 

    ds_region        CHAR(25) NOT NULL, 

    PRIMARY KEY (ds_suppkey) 

); 

 

CREATE TABLE dim_part ( 

    dp_partkey       INT NOT NULL, 

    dp_name          VARCHAR(55) NOT NULL, 

    dp_mfgr          CHAR(25) NOT NULL, 

    dp_brand         CHAR(10) NOT NULL, 

    dp_type          VARCHAR(25) NOT NULL, 

    dp_size          INT NOT NULL, 

    dp_container     CHAR(10) NOT NULL, 

    dp_retailprice   DECIMAL(15,2) NOT NULL, 

    dp_comment       VARCHAR(23) NOT NULL, 

    PRIMARY KEY (dp_partkey) 

); 

 

CREATE TABLE dim_orders ( 

    do_orderkey      INT NOT NULL, 
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    do_orderstatus   CHAR(1) NOT NULL, 

    do_totalprice    DECIMAL(15,2) NOT NULL, 

    do_orderdate     DATE NOT NULL, 

    do_orderpriority CHAR(15) NOT NULL, 

    do_clerk         CHAR(15) NOT NULL, 

    do_shippriority  INT NOT NULL, 

    do_comment       VARCHAR(79) NOT NULL, 

    PRIMARY KEY (do_orderkey) 

); 

 

CREATE TABLE fact_lineitem ( 

    fl_orderkey      INT NOT NULL, 

    fl_linenumber    INT NOT NULL, 

    fl_partkey       INT NOT NULL, 

    fl_suppkey       INT NOT NULL, 

    fl_customerkey   INT NOT NULL, 

    fl_quantity      DECIMAL(15,2) NOT NULL, 

    fl_extendedprice DECIMAL(15,2) NOT NULL, 

    fl_discount      DECIMAL(15,2) NOT NULL, 

    fl_tax           DECIMAL(15,2) NOT NULL, 

    fl_supplycost    DECIMAL(15,2) NOT NULL, 

    fl_availqty      INT NOT NULL, 

    fl_returnflag    CHAR(1) NOT NULL, 

    fl_linestatus    CHAR(1) NOT NULL, 

    fl_shipdate      DATE NOT NULL, 

    fl_commitdate    DATE NOT NULL, 

    fl_receiptdate   DATE NOT NULL, 

    fl_shipinstruct  CHAR(25) NOT NULL, 

    fl_shipmode      CHAR(10) NOT NULL, 

    fl_comment       VARCHAR(44) NOT NULL, 

    PRIMARY KEY (fl_orderkey, fl_linenumber), 

    FOREIGN KEY (fl_orderkey) REFERENCES dim_orders(do_orderkey), 

    FOREIGN KEY (fl_partkey) REFERENCES dim_part(dp_partkey), 

    FOREIGN KEY (fl_suppkey) REFERENCES dim_supplier(ds_suppkey), 

    FOREIGN KEY (fl_customerkey) REFERENCES dim_customer(dc_customerkey) 

);



Analytical Infrastructure Under Resource Constraints  Jack Magnell, Nils Törnqvist, Felix Bergman 

– 111 – 

 

Appendix 3: OLAP Queries 

-- Q1 - Pricing Summary Report 

SELECT 

fl_returnflag, 

fl_linestatus, 

SUM(fl_quantity) AS sum_qty, 

SUM(fl_extendedprice) AS sum_base_price, 

SUM(fl_extendedprice * (1 - fl_discount)) AS sum_disc_price, 

SUM(fl_extendedprice * (1 - fl_discount) * (1 + fl_tax)) AS sum_charge, 

AVG(fl_quantity) AS avg_qty, 

AVG(fl_extendedprice) AS avg_price, 

AVG(fl_discount) AS avg_disc, 

COUNT(*) AS count_order 

FROM 

fact_lineitem 

WHERE 

fl_shipdate <= DATEADD(day, -90, '1998-12-01') 

GROUP BY 

fl_returnflag, 

fl_linestatus 

ORDER BY 

fl_returnflag, 

fl_linestatus; 

 

-- Q2 - Minimum Cost Supplier Query 

SELECT TOP 100 

ds_acctbal, 

ds_name, 

ds_nation, 

dp_partkey, 

dp_mfgr, 

ds_address, 

ds_phone, 

ds_comment 

FROM 

dim_part, 

dim_supplier, 

fact_lineitem 

WHERE 

dp_partkey = fl_partkey 

AND ds_suppkey = fl_suppkey 

AND dp_size = 15 
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AND dp_type LIKE '%BRASS' 

AND ds_region = 'EUROPE' 

AND fl_supplycost = ( 

SELECT 

MIN(fl_supplycost) 

FROM 

fact_lineitem, 

dim_supplier, 

dim_part 

WHERE 

dp_partkey = fl_partkey 

AND ds_suppkey = fl_suppkey 

AND ds_region = 'EUROPE' 

) 

ORDER BY 

ds_acctbal DESC, 

ds_nation, 

ds_name, 

dp_partkey; 

 

-- Q3 - Shipping Priority Query 

SELECT TOP 10 

fl_orderkey, 

SUM(fl_extendedprice * (1 - fl_discount)) AS revenue, 

do_orderdate, 

do_shippriority 

FROM 

dim_customer, 

dim_orders, 

fact_lineitem 

WHERE 

dc_mktsegment = 'BUILDING' 

AND dc_customerkey = fl_customerkey 

AND fl_orderkey = do_orderkey 

AND do_orderdate < '1995-03-15' 

AND fl_shipdate > '1995-03-15' 

GROUP BY 

fl_orderkey, 

do_orderdate, 

do_shippriority 

ORDER BY 

revenue DESC, 

do_orderdate; 

 

-- Q4 - Order Priority Checking Query 

SELECT 

do_orderpriority, 

COUNT(*) AS order_count 

FROM 

dim_orders 
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WHERE 

do_orderdate >= '1993-07-01' 

AND do_orderdate < DATEADD(month, 3, '1993-07-01') 

AND EXISTS ( 

SELECT * 

FROM fact_lineitem 

WHERE 

fl_orderkey = do_orderkey 

AND fl_commitdate < fl_receiptdate 

) 

GROUP BY 

do_orderpriority 

ORDER BY 

do_orderpriority; 

 

-- Q5 - Local Supplier Volume Query 

SELECT 

ds_nation, 

SUM(fl_extendedprice * (1 - fl_discount)) AS revenue 

FROM 

dim_customer, 

dim_orders, 

fact_lineitem, 

dim_supplier 

WHERE 

dc_customerkey = fl_customerkey 

AND fl_orderkey = do_orderkey 

AND fl_suppkey = ds_suppkey 

AND dc_nation = ds_nation 

AND ds_region = 'ASIA' 

AND do_orderdate >= '1994-01-01' 

AND do_orderdate < DATEADD(year, 1, '1994-01-01') 

GROUP BY 

ds_nation 

ORDER BY 

revenue DESC; 

 

-- Q6 - Forecasting Revenue Change Query 

SELECT 

SUM(fl_extendedprice * fl_discount) AS revenue 

FROM 

fact_lineitem 

WHERE 

fl_shipdate >= '1994-01-01' 

AND fl_shipdate < DATEADD(year, 1, '1994-01-01') 

AND fl_discount BETWEEN 0.05 AND 0.07 

AND fl_quantity < 24; 

 

-- Q7 - Volume Shipping Query 

SELECT 
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supp_nation, 

cust_nation, 

l_year, 

SUM(volume) AS revenue 

FROM 

( 

SELECT 

ds_nation AS supp_nation, 

dc_nation AS cust_nation, 

YEAR(fl_shipdate) AS l_year, 

fl_extendedprice * (1 - fl_discount) AS volume 

FROM 

dim_supplier, 

fact_lineitem, 

dim_orders, 

dim_customer 

WHERE 

ds_suppkey = fl_suppkey 

AND do_orderkey = fl_orderkey 

AND dc_customerkey = fl_customerkey 

AND ( 

(ds_nation = 'FRANCE' AND dc_nation = 'GERMANY') 

OR (ds_nation = 'GERMANY' AND dc_nation = 'FRANCE') 

) 

AND fl_shipdate BETWEEN '1995-01-01' AND '1996-12-31' 

) AS shipping 

GROUP BY 

supp_nation, 

cust_nation, 

l_year 

ORDER BY 

supp_nation, 

cust_nation, 

l_year; 

 

-- Q8 - National Market Share Query 

SELECT 

o_year, 

SUM(CASE 

WHEN nation = 'BRAZIL' THEN volume 

ELSE 0 

END) / SUM(volume) AS mkt_share 

FROM 

( 

SELECT 

YEAR(do_orderdate) AS o_year, 

fl_extendedprice * (1 - fl_discount) AS volume, 

ds_nation AS nation 

FROM 

dim_part, 
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dim_supplier, 

fact_lineitem, 

dim_orders, 

dim_customer 

WHERE 

dp_partkey = fl_partkey 

AND ds_suppkey = fl_suppkey 

AND fl_orderkey = do_orderkey 

AND fl_customerkey = dc_customerkey 

AND dc_region = 'AMERICA' 

AND do_orderdate BETWEEN '1995-01-01' AND '1996-12-31' 

AND dp_type = 'ECONOMY ANODIZED STEEL' 

) AS all_nations 

GROUP BY 

o_year 

ORDER BY 

o_year; 

 

-- Q9 - Product Type Profit Measure Query 

SELECT 

nation, 

o_year, 

SUM(amount) AS sum_profit 

FROM 

( 

SELECT 

ds_nation AS nation, 

YEAR(do_orderdate) AS o_year, 

fl_extendedprice * (1 - fl_discount) - fl_supplycost * fl_quantity AS amount 

FROM 

dim_part, 

dim_supplier, 

fact_lineitem, 

dim_orders 

WHERE 

ds_suppkey = fl_suppkey 

AND dp_partkey = fl_partkey 

AND do_orderkey = fl_orderkey 

AND dp_name LIKE '%green%' 

) AS profit 

GROUP BY 

nation, 

o_year 

ORDER BY 

nation, 

o_year DESC; 

 

-- Q10 - Returned Item Reporting Query 

SELECT TOP 20 

dc_customerkey, 
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dc_name, 

SUM(fl_extendedprice * (1 - fl_discount)) AS revenue, 

dc_acctbal, 

dc_nation, 

dc_address, 

dc_phone, 

dc_comment 

FROM 

dim_customer, 

dim_orders, 

fact_lineitem 

WHERE 

dc_customerkey = fl_customerkey 

AND fl_orderkey = do_orderkey 

AND do_orderdate >= '1993-10-01' 

AND do_orderdate < DATEADD(month, 3, '1993-10-01') 

AND fl_returnflag = 'R' 

GROUP BY 

dc_customerkey, 

dc_name, 

dc_acctbal, 

dc_phone, 

dc_nation, 

dc_address, 

dc_comment 

ORDER BY 

revenue DESC; 

 

-- Q11 - Important Stock Identification Query 

SELECT 

fl_partkey, 

SUM(fl_supplycost * fl_availqty) AS value 

FROM 

fact_lineitem, 

dim_supplier 

WHERE 

fl_suppkey = ds_suppkey 

AND ds_nation = 'GERMANY' 

GROUP BY 

fl_partkey 

HAVING 

SUM(fl_supplycost * fl_availqty) > ( 

SELECT 

SUM(fl_supplycost * fl_availqty) * 0.0001 

FROM 

fact_lineitem, 

dim_supplier 

WHERE 

fl_suppkey = ds_suppkey 

AND ds_nation = 'GERMANY' 
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) 

ORDER BY 

value DESC; 

 

-- Q12 - Shipping Modes and Order Priority Query 

SELECT 

fl_shipmode, 

SUM(CASE 

WHEN do_orderpriority = '1-URGENT' 

OR do_orderpriority = '2-HIGH' 

THEN 1 

ELSE 0 

END) AS high_line_count, 

SUM(CASE 

WHEN do_orderpriority <> '1-URGENT' 

AND do_orderpriority <> '2-HIGH' 

THEN 1 

ELSE 0 

END) AS low_line_count 

FROM 

dim_orders, 

fact_lineitem 

WHERE 

do_orderkey = fl_orderkey 

AND fl_shipmode IN ('MAIL', 'SHIP') 

AND fl_commitdate < fl_receiptdate 

AND fl_shipdate < fl_commitdate 

AND fl_receiptdate >= '1994-01-01' 

AND fl_receiptdate < DATEADD(year, 1, '1994-01-01') 

GROUP BY 

fl_shipmode 

ORDER BY 

fl_shipmode; 

 

-- Q13 - Customer Distribution Query 

SELECT 

c_count, 

COUNT(*) AS custdist 

FROM 

( 

SELECT 

dc_customerkey, 

COUNT(DISTINCT fl_orderkey) AS c_count 

FROM 

dim_customer LEFT OUTER JOIN fact_lineitem 

ON dc_customerkey = fl_customerkey 

AND fl_orderkey NOT IN ( 

SELECT do_orderkey FROM dim_orders 

WHERE do_comment LIKE '%special%requests%' 

) 
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GROUP BY 

dc_customerkey 

) AS c_orders 

GROUP BY 

c_count 

ORDER BY 

custdist DESC, 

c_count DESC; 

 

-- Q14 - Promotion Effect Query 

SELECT 

100.00 * SUM(CASE 

WHEN dp_type LIKE 'PROMO%' 

THEN fl_extendedprice * (1 - fl_discount) 

ELSE 0 

END) / SUM(fl_extendedprice * (1 - fl_discount)) AS promo_revenue 

FROM 

fact_lineitem, 

dim_part 

WHERE 

fl_partkey = dp_partkey 

AND fl_shipdate >= '1995-09-01' 

AND fl_shipdate < DATEADD(month, 1, '1995-09-01'); 

 

-- Q15 - Top Supplier Query 

WITH revenue AS ( 

SELECT 

fl_suppkey AS supplier_no, 

SUM(fl_extendedprice * (1 - fl_discount)) AS total_revenue 

FROM 

fact_lineitem 

WHERE 

fl_shipdate >= '1996-01-01' 

AND fl_shipdate < DATEADD(month, 3, '1996-01-01') 

GROUP BY 

fl_suppkey 

) 

SELECT 

ds_suppkey, 

ds_name, 

ds_address, 

ds_phone, 

total_revenue 

FROM 

dim_supplier, 

revenue 

WHERE 

ds_suppkey = supplier_no 

AND total_revenue = ( 

SELECT 



Analytical Infrastructure Under Resource Constraints  Jack Magnell, Nils Törnqvist, Felix Bergman 

– 119 – 

MAX(total_revenue) 

FROM 

revenue 

) 

ORDER BY 

ds_suppkey; 

 

-- Q16 - Parts/Supplier Relationship Query 

SELECT 

dp_brand, 

dp_type, 

dp_size, 

COUNT(DISTINCT fl_suppkey) AS supplier_cnt 

FROM 

fact_lineitem, 

dim_part 

WHERE 

dp_partkey = fl_partkey 

AND dp_brand <> 'Brand#45' 

AND dp_type NOT LIKE 'MEDIUM POLISHED%' 

AND dp_size IN (49, 14, 23, 45, 19, 3, 36, 9) 

AND fl_suppkey NOT IN ( 

SELECT 

ds_suppkey 

FROM 

dim_supplier 

WHERE 

ds_comment LIKE '%Customer%Complaints%' 

) 

GROUP BY 

dp_brand, 

dp_type, 

dp_size 

ORDER BY 

supplier_cnt DESC, 

dp_brand, 

dp_type, 

dp_size; 

 

-- Q17 - Small Quantity Order Revenue Query 

SELECT 

SUM(fl_extendedprice) / 7.0 AS avg_yearly 

FROM 

fact_lineitem, 

dim_part 

WHERE 

dp_partkey = fl_partkey 

AND dp_brand = 'Brand#23' 

AND dp_container = 'MED BOX' 

AND fl_quantity < ( 
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SELECT 

0.2 * AVG(fl_quantity) 

FROM 

fact_lineitem 

WHERE 

fl_partkey = dp_partkey 

); 

 

-- Q18 - Large Volume Customer Query 

SELECT TOP 100 

dc_name, 

dc_customerkey, 

do_orderkey, 

do_orderdate, 

do_totalprice, 

SUM(fl_quantity) 

FROM 

dim_customer, 

dim_orders, 

fact_lineitem 

WHERE 

do_orderkey IN ( 

SELECT 

fl_orderkey 

FROM 

fact_lineitem 

GROUP BY 

fl_orderkey 

HAVING 

SUM(fl_quantity) > 300 

) 

AND dc_customerkey = fl_customerkey 

AND do_orderkey = fl_orderkey 

GROUP BY 

dc_name, 

dc_customerkey, 

do_orderkey, 

do_orderdate, 

do_totalprice 

ORDER BY 

do_totalprice DESC, 

do_orderdate; 

 

-- Q19 - Discounted Revenue Query 

SELECT 

SUM(fl_extendedprice * (1 - fl_discount)) AS revenue 

FROM 

fact_lineitem, 

dim_part 

WHERE 
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( 

dp_partkey = fl_partkey 

AND dp_brand = 'Brand#12' 

AND dp_container IN ('SM CASE', 'SM BOX', 'SM PACK', 'SM PKG') 

AND fl_quantity >= 1 AND fl_quantity <= 11 

AND dp_size BETWEEN 1 AND 5 

AND fl_shipmode IN ('AIR', 'AIR REG') 

AND fl_shipinstruct = 'DELIVER IN PERSON' 

) 

OR 

( 

dp_partkey = fl_partkey 

AND dp_brand = 'Brand#23' 

AND dp_container IN ('MED BAG', 'MED BOX', 'MED PKG', 'MED PACK') 

AND fl_quantity >= 10 AND fl_quantity <= 20 

AND dp_size BETWEEN 1 AND 10 

AND fl_shipmode IN ('AIR', 'AIR REG') 

AND fl_shipinstruct = 'DELIVER IN PERSON' 

) 

OR 

( 

dp_partkey = fl_partkey 

AND dp_brand = 'Brand#34' 

AND dp_container IN ('LG CASE', 'LG BOX', 'LG PACK', 'LG PKG') 

AND fl_quantity >= 20 AND fl_quantity <= 30 

AND dp_size BETWEEN 1 AND 15 

AND fl_shipmode IN ('AIR', 'AIR REG') 

AND fl_shipinstruct = 'DELIVER IN PERSON' 

); 

 

-- Q20 - Potential Part Promotion Query 

SELECT 

ds_name, 

ds_address 

FROM 

dim_supplier 

WHERE 

ds_suppkey IN ( 

SELECT fl_suppkey 

FROM fact_lineitem fl_outer 

WHERE 

fl_outer.fl_partkey IN ( 

SELECT dp_partkey FROM dim_part WHERE dp_name LIKE 'forest%' 

) 

AND fl_outer.fl_availqty > ( 

SELECT 0.5 * SUM(fl_quantity) 

FROM fact_lineitem l2 

WHERE l2.fl_partkey = fl_outer.fl_partkey 

AND l2.fl_suppkey = fl_outer.fl_suppkey 

AND l2.fl_shipdate >= '1994-01-01' 
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AND l2.fl_shipdate < DATEADD(year, 1, '1994-01-01') 

) 

) 

AND ds_nation = 'CANADA' 

ORDER BY 

ds_name; 

 

-- Q21 - Suppliers Who Kept Orders Waiting Query 

SELECT TOP 100 

ds_name, 

COUNT(*) AS numwait 

FROM 

dim_supplier, 

fact_lineitem l1, 

dim_orders 

WHERE 

ds_suppkey = l1.fl_suppkey 

AND do_orderkey = l1.fl_orderkey 

AND do_orderstatus = 'F' 

AND l1.fl_receiptdate > l1.fl_commitdate 

AND EXISTS ( 

SELECT * 

FROM fact_lineitem l2 

WHERE 

l2.fl_orderkey = l1.fl_orderkey 

AND l2.fl_suppkey <> l1.fl_suppkey 

) 

AND NOT EXISTS ( 

SELECT * 

FROM fact_lineitem l3 

WHERE 

l3.fl_orderkey = l1.fl_orderkey 

AND l3.fl_suppkey <> l1.fl_suppkey 

AND l3.fl_receiptdate > l3.fl_commitdate 

) 

AND ds_nation = 'SAUDI ARABIA' 

GROUP BY 

ds_name 

ORDER BY 

numwait DESC, 

ds_name; 

 

-- Q22 - Global Sales Opportunity Query 

SELECT 

cntrycode, 

COUNT(*) AS numcust, 

SUM(dc_acctbal) AS totacctbal 

FROM 

( 

SELECT 
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SUBSTRING(dc_phone, 1, 2) AS cntrycode, 

dc_acctbal 

FROM 

dim_customer 

WHERE 

SUBSTRING(dc_phone, 1, 2) IN 

('13', '31', '23', '29', '30', '18', '17') 

AND dc_acctbal > ( 

SELECT 

AVG(dc_acctbal) 

FROM 

dim_customer 

WHERE 

dc_acctbal > 0.00 

AND SUBSTRING(dc_phone, 1, 2) IN 

('13', '31', '23', '29', '30', '18', '17') 

) 

AND NOT EXISTS ( 

SELECT * 

FROM fact_lineitem 

WHERE fl_customerkey = dc_customerkey 

) 

) AS custsale 

GROUP BY 

cntrycode 

ORDER BY 

cntrycode;
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Appendix 4: PowerShell Script 

$PSDefaultParameterValues['Out-File:Encoding'] = 'utf8' 

 

$server = "<server-name>" 

$database = "<database-name>" 

$queryFolder = "<path-to-folder>" 

$outputFile = "<path-to-file>" 

$queries = 1..22 

 

"" | Out-File $outputFile 

 

foreach ($q in $queries) { 

    $queryFile = "$queryFolder\$q.sql" 

     

    if (-not (Test-Path $queryFile)) { 

        "Query file not found: $queryFile" | Out-File $outputFile -Append 

        continue 

    } 

 

    "========================================" | Out-File $outputFile -Append 

    "QUERY $q" | Out-File $outputFile -Append 

    "========================================" | Out-File $outputFile -Append 

 

    $queryContent = Get-Content $queryFile -Raw 

 

    $wrapper = @" 

SET NOCOUNT ON; 

SET STATISTICS TIME ON; 

SET STATISTICS IO ON; 

GO 

$queryContent 

GO 

SET STATISTICS TIME OFF; 

SET STATISTICS IO OFF; 

GO 

"@ 

 

    $tempFile = "$env:TEMP\tpch_q$q.sql" 

    $wrapper | Out-File $tempFile -Encoding utf8 

 

    for ($run = 1; $run -le 6; $run++) { 

        "--- Run $run ---" | Out-File $outputFile -Append 
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        $statsFile = "$env:TEMP\tpch_stats_q$q_r$run.txt" 

 

        $elapsed = Measure-Command { 

            sqlcmd -S $server -d $database -E -C -r 1 -i $tempFile -o $statsFile 

        } 

 

        if (Test-Path $statsFile) { 

            Get-Content $statsFile | Where-Object { 

                $_ -match "SQL Server Execution Times" -or 

                $_ -match "CPU time" -or 

                $_ -match "elapsed time" -or 

                $_ -match "logical reads" -or 

                $_ -match "Table '" 

            } | Out-File $outputFile -Append 

        } 

 

        $ms = [math]::Round($elapsed.TotalMilliseconds) 

        "Wall clock time: $ms ms" | Out-File $outputFile -Append 

        "" | Out-File $outputFile -Append 

 

        "." | Write-Host -NoNewline 

    } 

    Write-Host " Q$q done" 

} 

 

Write-Host "Benchmark complete. Results saved to $outputFile" 
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Appendix 5: Interview guide 

 Background  

1. What is your role, and how do you work with data or reporting? 

2. How many employees does the company have, and is there dedicated IT staff?  

1. (For consultants): What did this look like at the companies you have worked 

with? 

Decision support in practice  

3. How are data and reports used to support decisions, and which decisions are most im-

portant? 

 

4. What tools or systems do you use for reporting and analytics? 

 

 

5. Are there analyses you'd like to do but currently can't? 

Infrastructure and data flows  

6. Where is the data used for reporting stored, and do you need to move or combine data 

from different systems to create reports? 

 

7. Do you use your existing operational systems for reporting, or do you have a separate 

analytics solution? 

1. (If separate systems are used): What problems arise when data is moved be-

tween the systems? 

 

8. How current does the data need to be − are daily reports sufficient, or is more real-

time data needed? 

 

9. Are analytical questions usually simple searches, or do they involve large amounts of 

historical data? 

 

 

10. Have you noticed that reports or analyses slow down the system? 

Constraints and priorities  

11. What are the main obstacles with your current reporting − are they related to cost, 

technical complexity, lack of competence, data quality, or the maintenance burden of 

having separate systems? 
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12. Would it be valuable if reporting could be done directly from existing operational sys-

tems, if it was fast and reliable enough? 

 

 

13. What is most important when choosing an analytics solution? 

Closing  

14. (For technical respondents): Are you familiar with terms such as OLTP, OLAP, or 

HTAP? 

 

15. Is there anything important we have not covered? 

 

 

16. May we follow up if we need clarification?
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