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Abstract

Email direct marketing is one of the cornerstone pillars of digital marketing
playing a pivotal role in engaging target audiences and achieving campaign suc-
cess.

This collaborative research between IKEA and Lund University explores op-
timizing and tailoring email send times to better correspond with customers’
behavioral patterns. The study delves into the realm of send time optimization
(STO), a methodology marketers adopt to enhance the impact of email cam-
paigns by increasing customer engagement. Furthermore, this study builds upon
prior research by incorporating web engagements alongside Recency, Frequency,
and Monetary (RFM) values as additional features. The incorporation of web en-
gagements not only facilitated tailored send times to a wider range of customers
but also enhanced the scope of data collected about each customer.

Through the use of various regression algorithms, the model was trained on
data from 90 days of customer interactions. The evaluation results indicated
XGBoost to be the best-performing algorithm on the dataset, leading to its se-
lection for A/B testing in a production environment. The A/B test, conducted
over two weeks, was designed to benchmark the newly proposed model against
the current model at IKEA. The comparative analysis evaluates the efficacy of
each model by examining the click-through, open, and opt-out rates. The find-
ings suggest marginally superior performance exhibited by the proposed model
compared to IKEA’s current model. Notably, both models outperform fallback
send times, indicating that optimizing send times positively influences email en-
gagement.

Keywords: Send time Optimization, STO, Regression, Increase engagement, Send Hour,

Marketing Emails, Subscriber
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Chapter 1

Introduction

In the modern digital lzmdscape, email communication has become an essential tool for busi-
nesses to reach out to consumers. Just in 2022 alone, 319 billion business and consumer emails
were sent and received daily, projecting an increase to 376 billion emails being sent and re-
ceived in 2026 [5]. Email communication is a cost-effective strategy that involves sending
messages to customers for order confirmations, digital receipts, promoting products and ser-
vices, as well as building a relationship with customers, just to name a few. It is a direct and
targeted type of communication that allows businesses to reach customers in a personalized
fashion.

Digital email marketing plays a pivotal and cost-effective role in contemporary business
communication. One remarkable metric highlighting its effectiveness is the Return On In-
vestment (ROI). Specifically, in email marketing, every 1 USD invested yields an impressive
average return of 36 dollars. In certain sectors like retail and e-commerce, this ﬁgure can
soar even higher, reaching up to 45 USD [5]. This highlights the significance of leveraging
digital marketing strategies, particularly email campaigns, as they not only facilitate effective
communication but also demonstrate a substantial return on investment for companies.

Despite the cost-effectiveness and impressive ROI associated with email marketing, the
challenge arises from the sheer volume of emails sent daily to billions of consumers, leading to
issues such as emails being lost in the inbox, flagged by spam filters, or outright ignored. The
primary culprit behind these challenges is the overload of emails, where individuals receive
a multitude of messages on a daily basis, making it easy for emails to get lost or overlooked
in the deluge of communication. Several contributing factors exacerbate this problem such
as irrelevant content or the delivery of emails at an unwanted frequency and inconvenient
timings can lead recipients to ignore messages that fail to deliver genuine value, and in adverse
cases, prompt customers to opt out of further communications.




1. INTRODUCTION

1.1 Thesis Purpose

This paper secks to delve into solutions aimed at enhancing email engagement by specifi-
cally addressing the issue of email dispatch timings. Given that messages often get lost or
overlooked when sent during busy periods or non-optimal times of the day, this scudy adopts
a Send Time Optimization (STO) approach. The focus is on tailoring email send times to
align with the hours when customers are most likely to actively engage with their inbox.
While STO can encompass factors such as email content, subject lines, and relevance for in-
dividual consumers, this paper places particular emphasis on the timing of email dispatch as
a key solution to bolstering email consumer engagement.

The approach of this thesis is speciﬁcaﬂy designed to a]ign with the preferences and re-
quirements within the IKEA ecosystem. The process involves the incorporation of STO into
a targeted advertising approach for email marketing. In this context, emails are scheduled for
dispatch without relying on the model’s capability to determine the relevance of the email
content for a customer. Given that existing systems are adept at ascertaining the relevance
of email content for recipients, the primary emphasis is placed on optimizing the timing of
email dispatch.

The secondary objective of this thesis is to conduct a comparative evaluation between
the thesis-produced STO model in collaboration with Lund University and an STO model
currently utilized by IKEA for optimizing the dispatch timings of marketing emails. This
evaluation will be conducted within the context of a single campaign and market to deter-
mine if the thesis model performs at or above an industry standard level. If successful, the
model could be adapted for broader application across various aspects of IKEA’s email com-
munications, thereby supporting more personalized and timely email marketing initiatives
at IKEA.

1.2 Research Questions

+ Question 1: How does the thesis-developed Send Time Optimization model measure
up to the Send-Time Optimization model that is currently adopted by IKEA?

+ Question 2: How do we effectively manage email delivery scheduling for customers
with no prior engagement data in the Send Time Optimization model? What stracegies
or methodologies can be employed to ensure optimal email send-out times for these
subscribers, considering the absence of historical interaction patterns?

+ Question 3: What specific Send Time Optimization strategies have proven effective
in enhancing email engagement?




1.3 GDPR

1.3 GDPR

INGKA is an international enterprise that owns and operates IKEA stores worldwide. It
manages the retail operation of IKEA stores under franchise agreements with Inter IKEA
Systems BV.

INGKA is dedicated to upholding rigorous data privacy standards and Complying with
the provisions of the General Data Protection Regulation (GDPR). The research collabora-
tion between Lund University and INGKA strictly operates within a robust framework of
data ethics, respecting user privacy and confidentiality. It is crucial to note that all data
used in this study is sourced and processed in strict accordance with principles of the GDPR,
with a formal agreement in place to define data sharing. Throughout this thesis, we priori-
tize individual privacy rights and ethical data handling, ensuring fairness, transparency, and
accountability.
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Chapter 2
Background

The following chapter highlights relevant and related work found in literature including a
brief background about the STO model currently adopted at IKEA. This chapter further
explores the limitations of this paper.

2.1 Related Work

This section highlights different modeling approaches to STO that have been found in the
literature. The predictive approaches to the prob]em have been divided into two branches;
classification and regression. The models in the licerature are based on customer profile data
in conjunction with customer behavior data, such as open and click-through rates.

2.1.1 Classification Approach

Paralic et al. [15] aimed to improve the open rate of emails sent to customers in marketing
campaigns. The model uses classification into 3 phases (i) a model that classifies whether a
user opens or ignores an email and thus filters out users who are predicted to not open the
email and will therefore not be considered in a particular campaign. If a user is classified to
open the email they will continue to (ii) a 24-label classifier to predict the best hour of the
day and (iii) a 7-label classifier that predicts the preferred day of the week. Paraliac et al.
achieved an accuracy of 80.54% using a decision tree for predicting the best hour of the day.
The study concludes that the model should increase the open rate on the site of potential
customers. Further work is to run the experiment in a live environment with a cooperating
company.

Luo et al. [T4] aimed to improve open rates using two classification algorithms by model-
ing whether a subscriber will open or ignore an email based on email content, historic email
interaction information such as the day and time when the email was opened, and demo-

graphic data. The study used Decision Trees and Support Vector Machines, both based on
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2. BACKGROUND

email and customer profile data. The Decision Trees with an Fl-score of 80% on the open
predictions outperformed Support Vector Machines with an Fl-score of 74% on open predic-
tions.

What both studies have in common is the goal of maximizing the open rates and thus
excluding the subscribers that the model predicts to be non-openers for a certain campaign
or email.

2.1.2 Regression Approach

Deligiannis et al. [7] aimed to evaluate a new method for schedu]ing reminder messages com-
pared to a company’s standard practice of fixed time intervals. The evaluation focused on
message seen and click-through rates, as well as customer repurchase rates. The new opti-
mized scheduling was tested on a cohort of 40 repeat customers, while historical data from a
year earlier formed a benchmark cohort under the previous standard method.

Results from the one-week live deployment indicated that the new method outperformed
the standard approach. The experiment cohort consistently showed higher message seen and
click-through rates, as well as increased customer repurchase rates at 1, 2, and 24 hours. Sta-
tistical significance was observed with a 95% confidence level. A comparison of repurchase
rates over time illustrated the superior performance with optimized reminders. Overall, the
findings supported the hypothesis that the optimized scheduling method led to higher cus-
tomer engagement and repurchase rates compared to fixed time intervals.

Limitations of this project are the short testing period as well as the small size of the
dataset. Also worth noting is that the study focused more on what day to schedule the message
and less on what hour of the day to send the message.

Aratjo et al. [2] introduces a service that estimates the optimal day of the week as well as
the time of the day for sending a marketing message to individual subscribers. The project
segments subscribers using profile attributes, such as equipment, email domain, operating
system and lastly demographic data. The paper [2] uses regression to predict the optimal
period to send a marketing message and experiments with various regression algorithms are
done with the K-Neighbors Regressor coming on top with an R? of 0.898 and MAE of 0.166
(see section 3.1.2 for further explanation of regression metrics). The study further creates an
ML Ensemble model stocking multiple regressors achieving an R? 0f0.91 and MAE of 0.204.
The paper proposes future work to segment subscribers into recency, frequency, and mone-
tary value (RFM) as well as furcher segmentation of the lifetime value (LTV) of subscribers.

The research outlined in this paper employs a regression approach, distinguishing itself
from prior studies along three critical dimensions. This project introduces a model that not
only (i) forecasts the optimal send hour without excluding potential nonresponders but also
(i1) incorporates subscribers’ REM values. Furthermore, (iii) it introduces a novel layer of
web data interactions to encompass a larger dataset of subscribers’ interaction behaviors.

2.2 STO Model Currently Used at IKEA

The current model adopted by IKEA is an Al model that uses 90 days of email engagement
data to train the model and determine the best time to send an email to each customer within
a 24-hour interval. The idea behind it is to analyze individual customer engagement data

12



2.3 LIMITATIONS

such as open and click rates and through that predict the most optimal time. The model is
essentially a black box and little to no information is known about the details of its imple-
mentation.

2.3 Limitations

While our study highlights valuable insights into the development and usage of an STO model
in a business context, it is important to highlight the limitations of the study that might have
impacted the final results of the model and our findings. Pointing out these limitations is a
crucial part of ensuring the reproducibility of the work and guiding future research in this
area.

Data is one of the most significant components of any machine learning model, and the
quality of the data determines the quality of the model. A considerable limitation is missing
or incomplete data, which was a frequent challenge in the preprocessing stage of the study.
Upon studying a sample dataset consisting of the features needed for the model, we found that
40% had at least one missing piece of information. These issues required careful evaluation
and handling to avoid introducing noise into our analysis.

Furthermore, an important factor to take into account when working with customer-
based data is that biases can arise. This can occur in various ways, such as through the data
collection process, the sampling methods, or inherent biases in the studied customer sample.
The model was trained using 90 days of data sourced from customers residing in one specific
country who have engaged with IKEA, with weekly training sessions conducted. There were
anumber of biases introduced by this method of working, including disproportionate repre-
sentation and an inability to account for seasonality or external factors such as holidays and
promotions.

Moreover, when attempting to create a model that identifies patterns in human behav-
ior, it is necessary to consider various factors that drive these behaviors. Human behavior is
extremely complex, so there can be no guarantee that there is always a clear pattern or con-
nection between different factors. A model created for these predictions needs to account for
this complexity and what drives certain behaviors from perspectives such as psychology, so-
ciology, anthropology, and neuroscience. However, these types of data are heavily regulated
and scarce, which presents a limitation when trying to factor in behavior-related features
within companies like IKEA.

Last]y, one notable constraint we encountered during the model testing phase was time
limitations. Achieving statistically significant evaluation results necessitated running the
model for an extended duration. However, due to the time constraints inherent in the thesis
project, we were unable to allocate the ideal timeframe required for optimal results.

13
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Chapter 3
Theory

In our empiric study certain theoretical frameworks served as the fundamental building
blocks. As part of this chapter, we aim to introduce the key concepts underlying these build-
ing blocks by providing an overview of the algorithms used, the evaluation process and an
overview of the various types of email types and their influence on the construction of the
model.

3.1 Machine Learning Methods

The nature of the learning task that machine learning algorithms are designed to carry out
is what broadly categorizes them into different types. In this section, we explore two funda-
mental machine learning types: classification and regression.

3.1.1 Classification

The fundamental objective of a classification model is to correctly predict the class label
based on the features. Typical classification techniques include 1ogistic regression, decision
trees, support vector machines (SVM), k-nearest neighbors (KNN), and neural networks [3].
The implementation approaches and methodologies used in each of these approaches vary
in degree of complexity and performance, but they all share the fundamental concept of
categorizing input data into categories.

Various methods can be used to assess a classification model. Metrics commonly used
include:

+ Accuracy: The classifier’s prediction accuracy percent. Essentially accuracy is the ra-
tio between the number of correctly classified predictions and the total number of
predictions. It can be described with the following formula:

TP+TN (31)

Accuracy = N rpiEn

15



3. THEORY

where TP are the true positives, TN are the true negatives, FP are the false positives
and FN the false negatives

« Precision: In the case where False Postitve is of higher concern than False Negatives,
we can calculate precision. It is essentially the ratio between the True Positives and
the total number of positives. It can be described with the following formula:

.. TP
Precision = w5—5. (3.2)

+ Recall: Recall is a metric used to measure how well the model can correctly identify
positive instances from the samp]es that are actually positive in the dataset. It can be
described with the following formula:

Recall = TPTJFI;N. (3.3)

A high recall indicates that the model is good at finding the positive instances of the
target in the dataset. A recall of 1.0 indicates that the model is able to find all instances.

+ Fl-score: The Fl-score calculates the harmonic mean of precision and recall. Essen-
tially, a high Fl-score indicates that the model performed well on both the recall and
the precision.

It can be described with the following formula:

Fl=). fpmetea 64

« AUC-ROC: AUC also known as Area Under the Curve, is a metric used in order to
measure the classifiers ability to separate between classes. A ROC curve plot has an
y-axis that plots the true positives and an x-axis that plots the false positives. The area
under the graph gives us the AUC-ROC, where a score of 1 indicates perfect perfor-
mance of a binary classification model. A diagonal line starting from 0 has an AUC-
ROC of 0.5, indicating that the model has no ability to separate the binary classes and
is as good as a random guess.

The definitions have been taken from the following sources: [6] [17]

3.1.2 Regression

Acregression model’s objective is to fit a mathematical function to independent variables (fea-
tures) and dependent variables (targets) in order to establish a link between the two. Com-
mon regression techniques include Linear Regression, Decision Tree Regression, Random
Forest Regression, and algorithms such as Gradient Boosting and XGBoost. Gradient Boost-
ing is an ensemble learning technique that builds a strong model by sequentially adding weak
learners, each correcting the errors of its predecessor. XGBoost (Extreme Gradient Boosting)
is an advanced implementation of gradient boosting algorithms. While Gradient Boosting
and XGBoost are versatile and can be utilized for regression tasks, they are not inherently ex-
clusive to regression. Each of these methods uses a different strategy to predict a continuous
value based on one or more input characteristics.

16



3.1 MACHINE LEARNING METHODS

+ Linear Regression: In linear regression it is assumed that the relationship between the
dependent and independent variables are linear. The idea is for the model to fit a linear
line to the data points. The linear line has the following formula:

Y=a+bX +u, (3.5)

where a is the intercept, which indicates the baseline of the dependent variable, b is
the slope coefficient and u is the error term.

The coefficients @ and b are calculated using a method called Ordinary Least Square,
the goal is to find the values of a and b that minimizes the sum of squared differences
between the observed values of the dependent variable and the values predicted by the
regression model[18] [1].

+ Decision Tree Regression: In the Decision Tree Regression the relationship between
features and target is modeled by recursively partitioning the feature space into sec-
tions and then assigning each section a constant value. Based on these values and the
mean square errors of the splits the tree is either split to the left or the right until a

final leaf node is reached [16].

Ensemble techniques

The following regression approaches are based on Ensemble learning. The idea behind it is
to create multiple models often using a weaker regression model and then combining them
in order to improve the predictive performance [20].

+ Random Forest Regression: Random forest builds multiple Decision Trees and com-
bines them in order to make the finale prediction [20].

+ Gradient Boosting Regression: Gradient Boosting Regression builds an ensemble of
decision trees sequentially. The idea behind it is that a learner corrects the errors made
by the previous ones and thus minimizing the error for each step. Once all the trees
are trained the predictions are combined to make the finale prediction [22] .

« XGBoost Regression: Extreme Gradient Boosting (XGBoost) regression is an opti-
mized version of gradient boosting regression. The difference is that XGBoost incor-
porates advanced regularization techniques and tree pruning to improve efficiency and
predictive performance [4].

The regression models above are all evaluated with the same metrics, commonly used
metrics to evaluate and compare the performance of a regression model are the following;

+ Mean Absolute Error (MAE): MAE measures the difference between the predicted
value and the actual value. The value is obtained by taking the absolute value of the
difference between them for each data point and then calculating the average. It can
be described with the following formula:

1 n
MAE = — i = Yil, 3.6
=)= (.6)

i=1

17



3. THEORY

where y; is the actual output value, ¥; is the predicted output value and n is the total
number of data points.

A smaller MAE suggests that the model is more accurate in predicting the actual values

[17].

Mean Squared Error (MSE): MSE measures the square difference between the pre-
dicted value and the actual value. It is Computed by squaring the difference for each
data point, and then finding the average of these squared differences.

It can be described with the following formula:

1 n
MSE = — D= 9% 37
n;(y 9) (37)

Because of its property of squaring the differences, MSE has the advantage of priori-
tizing larger errors over smaller ones. A smaller MSE suggests that the model is more
accurate in predicting the actual values [17].

Median Absolute Error (MedAE): MedAE is very similar to MAE, with one signifi-
cant distinction: it computes the median instead of the mean absolute error over the
calculate absolute differences. This characteristic renders the metric less sensitive to
outliers. It can be described with the following formula:

MedAE = median(ly; — Vi|). (3.8)

A smaller MedAE suggests that the model is more accurate in predicting the actual
values [12].

Mean Squared Logarithmic Error (MSLE): MSLE measures the difference between
the predicted and actual values that have been transformed into logarithmic units. It
is computed by taking the mean of the squared differences between the logarichms
of the actual and predicted values, each incremented by 1, across all samples in the
dataset. It can be described with the following formula:

MSLE = 12(1og(y,. + 1) — log(¥; + 1))* (3.9)
n —

1

A smaller MSLE suggests that the model is more accurate in predicting the actual values

[10].

R-squared : Statistically, R-square measures the extent to which the independent vari-
ables contribute to the variation of the dependent variables. R-squared is computed
through a two-step process. First, the unexplained variation is calculated by summing
the squared errors, similar to the methodology used in calculating MSE. Then, this
sum is divided by the total variation, which is calculated by adding up the differences
between each actual value and the average of all actual values. The result is then sub-
tracted from one to obtain the R-squared coefficient. It can be described with the
following formula:

(v — 9.)?

18



3.2 MACHINE LEARNING ALGORITHMS

where ¥ is the mean of the actual values. The R-squared value ranges between 0 and 1.
A score of 1 signifies that all variations in the dependent variable can be explained by
variations in the independent variable, implying better predictive performance as the

score approaches 1 [9].

3.2 Machine Learning Algorithms

The choice of the right machine learning algorithm is of critical importance to the success
of the model. In our study, we used two widely used machine learning algorithms: XGBoost
and k-means clustering.

3.2.1 XGBOOST

XGBoost, short for eXtreme Gradient Boosting is a particularly powerful implementation of
gradient boosting algorithms and could be used for building supervised regression models.
This method involves combining weak learners, such as decision trees, iteratively in order to
create a strong learner, which is known as boosting. XGBoost offers numerous advantages
over other machine leaming algorithms and Consistently outperforms them [4]. The model

can be described with the following algorichm [19]:

Algorithm 1 XGBoost Algorithm
Data: Input data X, Regularization parameter A, Learning rate p, Maximum depth
max_depth, Threshold y, Validation set X,
Resule: Ourtput resule ¥
Initialize a single leaf tree
tree depth «—0

while tree depth < max_depth do
Make initial predictions by averaging the target variable values

Compute residuals using the chosen loss function
Calculate the root similarity score:

(3 Residuals)?
Number of Residuals + A

where A is the regularization hyperparameter

Root Similarity_Score =

end

19



3. THEORY

foreach possible split do
Compute left similarity score and right similarity score:
(> Left Residuals)?
Number of Left Residuals + A
(X Right Residuals)?
Number of Right Residuals + 1

Left Similarity_Score =

Right Similarity_Score =
Compute the information gain:

Gain = Left Similarity Score + Right Similarity Score — Root Similarity Score

if Gain > threshold y then
| Split the current node

Update the residuals for the next iteration:

New residuals = Old Residuals + p - XPredicted Residuals

where p is the learning rate
Increment the tree depth: tree depth « tree depth + 1

The initial step in the XGBoost algorithm is to establish a baseline model. This baseline
is constructed by making an initial prediction. Typically, this prediction is computed by
taking the average of all the target variables. Visualizing this as a line, we then assess the
difference between each actual target value and this baseline prediction, termed residuals.
These residuals essentially quantify the distance between the target variable and the initial
model.

Then, the XGBoost algorithm iteratively refines this base model to minimize these resid-
uals. By fitting subsequent models to these residuals, the idea behind XGBoost is to progres-
sively improve predictions. This is achieved by evaluating potential splits in the data using a
similarity score. Using the similarity score for the root, and right and left node, we then cal-
culate the gain, which represents the improvement obtained from each split. Following that,
the root is either split or not split based on a predefined threshold. If the gain is higher than
the threshold, which indicates improvements in the split, the split is executed; otherwise, the
process halts, maintaining the existing structure.

The model’s predictions from the current iteration are then scaled by the learning rate
and then added to the previous residuals. This update mechanism helps adjust the residuals
based on the model’s latest predictions, guiding the model towards better predictions in
subsequent iteration.

This iterative process continues until the maximum tree depth is met. By iteratively re-
fining the model’s structure and minimizing residuals, XGBoost effectively utilizes ensemble
learning to make accurate predictions.

3.2.2 K-means

K-means is an unsupervised machine learning algorithm. The goal of the algorithm is to
group similar data points together into k clusters based on the underlying patterns of the

20



3.3 CATEGORICAL ENCODING METHODS

data points, thus creating clusters that contain data points that have certain similarities. K-
means can be described with the following algorithm [21]:

Algorithm 2 K-means A]gorithm

Data: Input data X, Number of clusters k

Resule: Set of k clusters

Randomly initialize k centroids C = ¢y, ¢z, ..., ¢x;
while not converged do

foreach data point x; € X do
Calculate the distance between x; and each centroid ¢; Assign x; to the nearest cen-

| woid: y; = argmin; [lx; — ¢;|I%
foreach centroid ¢; do
Update its location as the mean of all points assigned to it: ¢; = ﬁ Yxes; Xi, where

| S is the set of points assigned to ¢;;

| Check for convergence by comparing the new centroids to the previous centroids;

3.3 Categorical Encoding Methods

In general, machine learning algorithms can only handle numerical inputs, but categorical
inputs may be needed in certain situations. Categorical variables represent characteristics or
attributes with discrete values. In this part, we look at two common encoding techniques:
label encoding and one-hot encoding. These strategies enable us to convert categorical data
into a format usable by machine learning algorichms.

3.3.1 Label Encoding

Label encoding transforms categorical variables by assigning a unique integer value to each
category. The objective of this encoding is to preserve the ordinal relationship among the
categories by representing them with ordered numerical values. For instance, if we were to
encode income ranges such as "Low", "Medium", "High" where there exists a natural order, the
encoding would assign them the numerical values 0, 1 and 2, respectively.

An advantage of using label encoding is its simplicity and ability to preserve ordinal
information. However, if used on data that is not appropriate for this type of encoding, it
may introduce unintended ordinality into nominal variables, which could have a negative
impact on the machine learning algorithm’s performance.

An important consideration before app]ying Label Encoding is to Carefully study the
nature of the categorical variables and decide whether or not it is appropriate to introduce

ordinality [13].

3.3.2 One-Hot Encoding

One-hot encoding encodes categorical data by transforming it into binary form. Essentially,
this requires constructing as many binary columns as there are distinct categories; each col-
umn will then represent a category, with just one column having a value of 1, indicating the
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presence of that category. For example, if we have the colours "RED", "GREEN", and "BLUE",
three binary columns will be formed. In the first category, just the first column will have a 1,
while the remaining columns will be 0. The same principle is then applied to the remaining
tWo groups.

This sort of encoding has the benefit of being compatible with a wide range of machine
learning algorithms and being able to handle categorical variables in many categories. How-
ever, if the data contains many distinct categories, utilizing one-hot encoding will resule
in the curse of dimensionality due to the generation of a huge number of additional fea-
tures. This increase in dimensionality might provide challenges such as increased computing
complexity, sparsity, overfitting, and difficulty interpreting and understanding the model’s
behavior.

It is important to consider the difficulties and additional complexity that One-hot en-
coding brings to the model while encoding data. To manage the increase in data size and
Complexity, consider using feature selection techniques [13].

3.4 Overview of A/B Testing

The A/B testing methodo]ogy, also known as split testing, is used when conducting customer
experience research. It is essentially a randomized experiment where different versions of
the same component are tried concurrently to see which is more effective in yielding specific
results depending on the context of the experiment. A/B testing entails segmenting users into
cqually large, separate subgroups and then implementing the various versions that should be
tested on each segment [g].

When incorporating the STO model into email marketing campaigns, the experimental
variations are compared based on click rate, click-through-rate, and opt-out-rate to deter-
mine which version produces optimal outcomes.

i
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|..\ J o ~
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Figure 3.1: A/B testing split.

Overall, A/B testing gives us valuable insights into the actions of the clients receiving the
emails, allowing us to make data-driven decisions about how to increase the efficacy of the
email marketing campaigns.
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3.5 Email Metrics for A/B Test Evaluation

An important component of this study is to systematically evaluate the STO model’s perfor-
mance through real-time customer data in order to get the full understanding of the efficiency
and impact of the model on customer engagement. The performance is quantified using met-
rics such as click-through rate, open-rate and opt-out-rate. These metrics provides valuable
insights and perspectives on the application of an STO model on emails.

3.5.1 Open-rate

The open rate is a measure that indicates how many of the emails sent are opened. This
measure is a crucial indicator of the recipient’s interaction with the email that was delivered.

The open rate is calculated by dividing the number of opens by the number of emails sent
and then multiplying by 100 to get the percentage.

_ NumberofOpens X
Open_rate ~ Numberof Delivered Emails 100% (311)

In the context of STO, including open-rate in the model evaluation step provides us with
a good first indication of the model’s efficacy and whether a personalized send time has an
impact on capturing the customer’s attention and driving them to open the email. One draw-
back of this metric is that in certain cases, such as with Apple Mail, emails are opened auto-
matically due to the application’s feature designed to enhance user experience by providing a
quick glimpse of the email’s content without requiring the user to explicitly open the email.
This behavior can potentiaiiy skew the results and introduce bias in tracking email open rates.
Fortunately, this automatic opening accounts for only a small percentage of the emails [11].

3.5.2 Click-through rate

One of the most important metrics in our evaluation is click-through rate (CTR), which
measures not only the effectiveness of recipients opening their emails but also the effective-
ness of‘driving a person to take action when an email is opened. Essentiaiiy, it represents the
percentage of customers who have opened an email and interacted further with that email
by engaging with one or more links in the message. In A/B testing, this metric is critical
to understand how the model and the prediction of an optimal time drive actions such as

making a purchase, visiting the website, or responding to the survey.
The CTR is calculated by dividing the number of clicks on links in sent emails by the

number of emails sent and multiplying by 100 to get the percentage.
CTR = Numberof Clicks __ . 1))z, (3.12)

Number of Delivered Emails

In the context of STO, personalizing send times to each customer could potentially play a
role in influencing CTR positively. By implementing STO strategies the goal is to maximize
CTR. The idea behind it is to send emails at the most opportune moment which should
increase the chances of capturing the recipients attention and prompting them to take action,
resulting in higher CTR and overall positive customer engagement.
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3.5.3 Opt-out-rate

Opt-out-rate(OOR), also known as unsubscribe rate is a metric that measures the percentage
of recipients that unsubscribe from receiving further emails from the company.

Obtaining the OOR is calculated by dividing the number of recipients who unsubscribe
from the received emails by the number of emails sent, then multiplying it by 100 to obtain
the percentage.

OOR = Number of people that unsubscribed . 100% (313)

Number of Delivered Emails

In the context of STO, OOR is an important metric for evaluating the connection between
the time an email was sent and customer satisfaction. By implementing STO strategies the
goal is to minimize OOR.

3.6 Email Types

Every day, a wide array of emails is deployed from IKEA, cach created to serve its specific
purpose and objective. The type of email selected for use in the construction of the model
plays a critical role in how well it predicts both on the basis of live data and evaluation
data. Consequently, understanding the nuance behind these emails plays a crucial role in
understanding customer interactions and thus improving the likelihood of creating a model
that captures the underlying behavioral patterns. The aim of this section is to provide insight
into the influence these emails have within the context of STO at IKEA by examining two
of the most important email types.

Pull

Pull emails, commonly referred to as triggered emails, are selectively dispatched to customers
exclusively in response to specific actions they have taken, rendering them eligible to receive
such correspondence. In essence, these emails are triggered by customer-initiated actions,
with the primary objective being to attract or "pull” recipients toward engagement. Examples
of these triggering events may include customer interactions with IKEA’s website or mobile
application.

Push

Push emails, commonly known as newsletters, are sent to all subscribers who have consented
to receive such communications. Unlike personalized emails, push emails are not tailored
to individual recipients and are distributed at a predetermined time set by the department
responsible for the send out of newsletters.
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Chapter 4
Method

The purpose of this chapter is to describe the methodological framework used to conduct the
research. It encompasses an overview of methodological alignments across the models, along-
side the design and implementation of the three distinct models: The Historical Interaction-
Based Model, The Demographics-Integrated Model, and The Customer Engagement Pre-
diction Model. Each of these models represents a unique strategy aimed at addressing the
research problem.

Developing the optimal STO model was a process of iterative development, with the ini-
tial two models serving as both benchmarks and foundations for further enhancement. The
insights obtained from the first two models shed light on the features and strategies influ-
encing the predictive performance of an STO model. Utilizing these insights, we refined our
approach to develop the ultimate iteration: The Customer Engagement Prediction Model.

4.1 Methodological Alignment Across Mod-
els

While distinct differences exist among the models, fundamental similarities also emerge. To
ensure consistent and comparable results, a uniform approach was adopted across all three
models: the utilization of the same email type and the implementation of identical data
preprocessing procedures.

4.1.1 Email Type Selection

All three models use the same email type for training and evaluation. Due to the nature
of Push and Pull being inherently different, the choice of emails would greatly affect the
performance and outcomes of the models. Nevertheless, both of them could offer insight
into the behaviors of the customers. Pull emails, characterized by their triggered sending,
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offer us a more realistic interaction distribution for each customer, resulting in fewer biases
in the data. However, due to the fact that these emails are dependent on customer actions in
order to be sent, the volume of data available will be low. In contrast, Push emails provide
a greater amount of data for training and evaluation. However, this type of email is sent in
bulk, resulting in a spike in customer interaction during the hour the message is sent, as we
can see in Figure Where customers are more likely to interact the first hours after an email
is sent, which leads to biases in the data. Overall, the targeted nature of Pull emails may
provide a more accurate representation of customer behavior over time, and the low volume
was addressed by including a longer observation window.

3 send hour: 6
3 send hour: 8
3 send hour: 13
I send hour: 18

9 10 1 12 13 14 15 16 17 18 19 20 21 22 23
Click Hour

Figure 4.1: Relationship between Send hour and click hour.

4.1.2 Data Preprocessing

Figure illustrates the training life cycle for all three models, each of which underwent
similar preprocessing procedures. First and foremost, relevant data was collected from IKEA
databases. Ensuring data cleanliness was an important part of the preprocessing phase; it es-
sentially involved identifying and dealing with any instances of duplicates or inconsistencies.

Following that, we selected essential features that were significant to each model. We
also developed features by altering existing data, resulting in features that were better suited
to solving the problem. Finally, we used Pearson’s correlation matrix to examine the rela-
tionship between the features and the target, identifying the most important ones. Lastly,
the categorical variables were translated into numerical representations. Label encoding was
applied to features with an inherent order, while One-Hot encoding was used for unordered
or nominal categories.
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In order to evaluate the performance of the model, the data was split into an 80/20 split.
The features were then trained on various models and fine tuned depending on performance
and feature importance. This was done repeatedly until the performance of the model met
our expectations.

Training
Data Data Featl'lre Feature Data Model
R X selection/ . . .
collection cleaning . . processing splitting selection
engineering

Figure 4.2: Model training life cycle.

Model training
and tuning

Model
validation

=/

4.2 Model 1-Historical Interaction-Based Model

The initial model, also referred to as the base model, was developed solely using histori-
cal customer data. The main objective was to gather information on customer interactions,
specifically focusing on email clicks and opens within the past 6 months. Predictions were
then carried out using a classifier model based on the scheduled weekday for sending emails.

The model’s training and testing phases focused on customers who had interacted by
clicking on at least two emails during the observed months. Specifically, the model was
trained using data from customers who had both clicked on and opened emails within the
last 6 months, as illustrated in Figure Predictions were then generated for customers who
had interacted by clicking on and receiving emails at least once within that same timeframe.

For customers who had no previous click or open activity, the send time was determined
using statistics on the most interacted-with hours within their specific market.

At least 2
recent
emails

Training and
testing the
model

Features

Features

Customer
data

24 *
(hour,
score)

1 recent

. [— Features
email

not
clicked

Historical data-driven
statistics on a day-
to.day basis

not
opened

Figure 4.3: Model 1 diagram.

The features used for the model consisted of when the email was sent, when the email was
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opened, when the email was interacted with in form of click, time-intervals and interaction-
counts.

The base model was divided into two distinct versions, each exploring this approach in
different ways.

4.2.1 Model 1.1

In the first version, the training data included the customer’s last two interacted emails. The
last one was used to extract the dependent variable, and the previous one was used to extract
the independent variable, as shown in Figure Thus, each customer appeared once in the
training set.

Email n-3 Email n-2 Email n-1 Email n
Feature 1 Feature 2 Feature 3 ... Target_hour

Figure 4.4: Model 1 version 1 data extraction

4.2.2 Model 1.2

In the second version, the independent variables were derived from the subsequent inter-
action and the prediction was made based on the current interaction. Thus, each customer
appears n-1 times in the dataset, where n is the number of emails that the customer have

interacted with through both click and email within the timeframe as shown in Figure

Email n-3 Email n-2 Email n-1 Email n
1
click_hour click_hour cllckiour
Features Target_hour Features Target_hour Features Target_hour

Figure 4.5: Model 1 version 2 data extraction
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4.3 Model 2-Demographics-Integrated Model

The idea behind the second model was to incorporate additional customer information with
the interaction history of that customer. More speciﬁcally, extending the second version of
the base model to include demographic data of the customers. A crucial component in the
development of this model entailed an examination of the demographic variables influenc-
ing customer interactions and the magnitude of associated correlations. This preliminary
inquiry was conducted through comprehensive data analysis, employing visualization tech-
niques such as diagrams and graphs, alongside statistical methodologies including Pearson’s
correlation matrix.

9AM 2PM 1AM &6FM 10AM TAM 9PM SPM 10PM aPM

Figure 4.6: Correlation between demographic age groups and cus-
tomers’ interaction time.

In Figure we present an illustration depicting the correlation between demographic
data and customers’ interactions. The analysis reveals distinct interaction preferences among
demographic groups; for instance, the "purple” group exhibits a preference for interaction
times at either 9 AM or 2 PM, while the "orange” group favors interaction times at 1 AM or 6
PM, and so forth. This examination was systematically conducted for each feature believed
to influence the timing of customer interactions with their emails. Features exhibiting weak
correlations with customer interactions were consequently excluded from furcher consider-
ation.
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Figure 4.7: Model 2 diagram.
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As seen in [4.7] the customer data in model 2 was divided into three section based on
the information we had available for that customer. It was divided into the following four
sections:

1. Customers who have interacted through opens and clicks but have no demographic
data:
Customers who have engaged with at least two different emails by opening and clicking
them, but lack demographic data, were included in the initial model. Their sent hour
was then predicted using this first model.

2. Customers W]'IO have interacted through opens and have demographic data:

For these customers, segmentation was conducted based on their demographic data.
A classification model was then applied to this segmented data to predict the optimal
time for sending emails.

3. Customers who have not interacted but have demographic data:

For customers who have either not opened any previous email or opened but did not
click, and who possess relevant segmentation information, data from the segmentation
performed on the previous group—where the relationship between customer segmen-
tation and interaction patterns was established—was utilized to predict the optimal
time for this specific group.

4. Customers who have not interacted and have no demographic data:

For the customers that lack any relevant data, the optimal time was derived from day-
based statistics. These statistics were based on the customers who have interacted with
the emails within the time frame of the training data.
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4.4 Model 3-Customer Engagement Predic-
tion Model

The third model is fine-tuned to prioritize the hours when subscribers actively engage, shift-
ing the emphasis from when emails are sent to when subscribers choose to interact. Essen-
tially, this model disregards the timing of historic email dispatch and instead focuses on the
hours when subscribers decide to engage, thus the model is scalable to include timestamps
of web engagement as an interaction hour in the dataset. The subscribers in the model are
segmented based on (i) interaction hours, (ii) recency, frequency, and monetary values from
the past year (iii) email domain, and (iv) demographic data.

The model is designed to predict the level of engagement of a subscriber at various times
throughout the day. It assigns an engagement score to each subscriber and unique interaction
hour, leveraging historical interaction metrics. These historical metrics are analyzed and
weighted to reflect the degree of engagement. The weighting process involves grading each
subscriber’s interaction metrics to emphasize their engagement levels. By doing so, the model
aims to provide a nuanced understanding of when subscribers are most likely to engage with
marketing emails, which formulates the problem for a regression solution that aims to predict

Customer Data
with 24-labels

Predict

|

—Train ﬁ@ Predictions

Customer
Classification
Data

subscribers’ level of engagement at a certain hour of the day.

Data processing

Customer
Segments

Nonopen

Add to cart action

Figure 4.8: Architecture of Model 3.

Customer
Email Data

Web

Interaction
data

The strategy of emp]oying a Weighted hierarchy system ana]yzes subscriber interactions
based on the time of day. This system assigns distinct weights to three key types of email
interactions: clicking, opening, and ignoring as well as one type of web interaction: web
action (i.c add to cart) as seen in Figurc By doing so, the hours of the day that yield higher
engagement rates are prioritized, specifically those with higher rates of clicks, and opens as
well as web actions, whereas hours, when emails are mostly ignored, are deprioritized. This
method involves ranking each historical interaction by hour, using the assigned weights to
calculate an overall score for each interaction hour. The process is outlined as follows:

1. Assign Weights: Each type of interaction (click, open, web action, ignore) is assigned
a speciﬁc Weight. Clicks, being the most valuable action, receive the highest Weight,
followed by opens and web action. Ignored emails receive a negative weight or a low
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weight to reflect a lack of or low engagement.

2. Analyze Historical Data: Historical email interaction data of the past 90 days along
with 1 week of web action data are extracted and examined to identify patterns in sub-
scriber behavior, focusing on what times of the day subscribers are most likely to click,
open, or ignore emails, and spend time on the web store.

3. Calculate Scores for Each Hour: For each customer and historic engagement hour of
the day, an engagement score is calculated based on the weighted interactions. This
score reflects the subscriber’s level of interaction as well as the desirability of send-
ing emails during that hour, with higher scores indicating times when subscribers are
more engaged and low or negative scores indicating times when subscribers are low to
nonengaged. The formula for this calculation is outlined in the following equation

engagement_score = click_weight - normalized_clicks +

open_weight - normalized_opens + 41

ignore_weight . normalized_ignores +

web_action_weight - normalized_web_actions

By implementing this hierarchical system, customer interaction hours are systematically
arranged and ranked from best to worst. This ranking serves as the ground truth in the
regression model, determining the level of customer engagement during specific hours of the
day.

Following the extraction of historical customer interactions, demographic data, REM
(Recency, Frequency, Monetary) values, and email domains, the dataset undergoes prepro-
cessing. Categorical data suitable for one-hot encoding has been transformed according]y,
while non-suitable categorical variables have been label encoded.

The dataset underwent training with various regression models to assess their predic—
tive performance for subsequent A/B testing. The regressors employed included (i) Linear
Regression, (ii) Random Forest Regressor, and finally, (iii) XGBOOST Regressor. Through
experimentation and tuning, the algorithms were optimized, and the regressor demonstrat-
ing the highest R? score is selected for the A/B testing phase.

Given the limited data points for numerous customers, particularly lacking interaction
data at various hours of the day, new hour labels are generated to fill the gaps as additional
data points for each customer. This approach enables the model to predict engagement scores
for every customer and hour of the day as visualized in Figure The predictions are then
ranked based on the engagement scores for the 24 hours of the day. The top 3 hours, deter-
mined by the highest predicted engagement scores, are then selected as subscriber predictions
for the A/B testing phase.

The model’s predictions are stored in Google Cloud Platform (GCP), specifying send-
time optimized hours for 20% of the total subscribers in the A/B-testing market. Within
this subset, some customers possess sufficient data to be considered statistically significant
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predictions, while others with less data have predictions deemed ficting by the model. Cus-
tomers without stored predictions default to 3 possible fallback hours determined through
statistical analysis as send-time optimized hours.

4.4.1 Classification Approach

This section explores the two types of approaches taken to construct and experiment with
an STO model using classification.

Binary labels

By reframing the question of how engaged a customer is at a certain hour of the day to whether
a customer will engage or not at a certain hour of the day, a classification approach can be
employed. This could be done by redefining the labeling strategy. The key task becomes
predicting a binary label for customer engagement during specific hours of the day. Two
distinct labels are established for this purpose: (i) indicating whether a customer will engage
and (ii) not engage during a particular hour.

To implement this classification solution, an essential step involves determining a cutoff
value within the engagement scores of the dataset. This threshold acts as a demarcation point,
with hours falling below the cutoff labeled as instances of non-engagement and those equal
to or above the cutoff as instances of engagement. Subsequently, the model can be trained
utilizing well-established classifiers such as XGBOOST, random forest, or logistic regression.

Similar to the regression approach, 24-hour labels are generated for each customer in the
prediction phase. This is done to account for hours with no prior historical data to explore
if other dispatch hours are more suitable for the customers.

Thereafter, predictions of whether customers will engage or not at different hours of the
day can be made and chosen with no regard to ranking. Instead, hours that are predicted
to be significant for a subscriber can be randomly extracted with an API solution each time
emails are scheduled for dispacch.

24-labels

An alternative classification approach is implemented by restructuring the dataset, moving
the interaction hour from the features and using it as a target label. Classifiers inherently
calculate probability distributions over the 24 labels and pick the highest probability as the
prediction deemed most fitting for the features given. The advantage of this approach is
the out of the box inclusion of a ranking system for the hours and eliminating the necessity
of generating 24-hour labels for each customer in the prediction phase, unlike previous ap-
proaches. For this to be possible, each customer is only allowed one data point in the dataset,
otherwise the data will include duplicates of the same subscriber data, creating a prediction
conflict. This results in the necessity of filtering a large portion of data by only including the
prediction hour that the subscriber has the highest engagement.
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4.5 Methodology of A/B Testing the Model

The A/B testing is carried out over a period of two weeks in one market and one IKEA
campaign. The model is trained weekly on a 90-day historic data. The email dispatches for a
specific campaign is split into 2 versions:

(A) Current model

(B) Thesis model

The volume of the emails is split among the two versions. Each version is assigned to
deliver 50% of the overall campaign volume to conduct a fair comparison across the versions.

The evaluation metrics employed for assessment are (i) click-through rates, (ii) open rates,
and lastly (iii) opt-out rates. A good model would maximize the overall campaign click-
through and open rates and minimize or hold the opt-out rate at a low level.

After the testing period, the metrics produced for each version are Compared against each
other to determine which model outperforms the other or whether there will be a significant
difference in the performance between the models.
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Model Evaluation and Discussion

In this chapter we present the classification resules for Model 1 and Model 2. We also present
the results of the A/B testing where Model 3 was tested along with the model that IKEA’s
current model as well as the results for the internal tests of Model 3.

5.1 Model 1-Historical Interaction-Based Mode

The idea behind model 1 was to use a classification model in order to predict exact interaction
hour based on previous emails. As we can see in table5.1] the predictive performance of the
model was very low, meaning that the model did not capture the underlying patterns of the
data effectively.

Model versions Accuracy
Version 1 6 %
Version 2 10 %

Table 5.1: Model 1 classification results.

There are numerous reasons for the model’s poor performance.

Firstly, the target of the model consisted of 24 labels, representing each individual hour
of the day. The problem behind this approach is the granularity of the target, which poses
as a challenge since it requires precise predictions at the hour level. Consequently, even a
slight deviation from the actual prediction, such as a prediction of 11 instead of 10, would
essentially be classified as an incorrect prediction. This fine-grained prediction requirement
increases the difficulty of the task and lead to lower overall model performance.

Secondly, the data was not unifbrmly distributed across the hours of the day, which led
to sparse data for certain time intervals. This means that for the hours with fewer training
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examples, the model had a hard time learning the patterns effectively. As a result, the model
struggled to generalize well to these underrepresented hours, leading to lower accuracy.

Additionally, to be included in the training data, the customers needed at least two in-
teractions with separate emails, and to be able to make predictions for the customers, they
needed to have interacted at least one time with an email. Consequently, customers who have
only interacted through openings or only interacted once through opens or clicks as well were
ignored, despite providing valuable information regarding that customer’s interaction. This
meant that for the 6 months training data, the base-model could only be applied on 42.8% of
the customers within that timeframe. Meaning that the other customers who are not eligible
to be used on the model receive a fallback hour.

In the initial iteration, only the two most recent emails with which the cuscomer inter-
acted were considered. This meant that out of, for example, ten emails exchanged during
the training data timeframe, only two were processed to be part of the training dataset. This
approach presented a significant flaw as it disregarded a substantial portion of the customer’s
interactions, resulting in the loss of valuable information.

Lastly, the task of predicting the exact hour of customer interaction is inherently a com-
plex problem. The approach of the first models and the complexity of the solution may not
have been sufficient to capture the intricacies of the problem. Thus, more sophisticaced mod-
eling techniques or feature engineering approaches was necessary to improve performance.

5.2 Model 2-Demographics-Integrated Model

Compared to the base-model, incorporating demograpnic data as features yieided better re-

sults as we can see in Table

Demographic data Accuracy

Demographic feature 1 12.80 %
Demographic feature 2 1311 %
Demographic feature 3 14.12 %

Table 5.2: Model 1 classification results.

Despite having produced better results, the predictive performance of model 2 was still
low. This was largely due to the fact that the previous issues of model 1 had not been addressed

correctly. Model 2 still had a target that consisted of 24 labels, and again the fine-grained

)
target approach increased the difficulty of the task.

The unique aspect of model 2 compared to model 11is that segmentation was used to man-
age the customers who had no open interactions or had an open interaction but were short
of a click interaction. As depicted in Figure certain demographic groups displayed pre-
ferred preferences regarding interaction times. However, it is noteworthy that not all groups
demonstrated such distinct preferences. For instance, the "green” group exhibited a prefer-
ence across a spectrum of at least 7 different time slots, posing a challenge in establishing a
consistent pattern between demographic features and interaction times.

The main difficulty in using demographic data to predict customer behavior is that it’s

often unclear what exactly influences how a person acts. While many factors might logically
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seem important, a major challenge is actually getting access to this information at a company
like IKEA.

Despite the poor performances of Model 1 and Model 2, both models added valuable
insight into how different features and machine learning approaches affect the predictive
performance of a model predicting human behavior. This knowledge was then used in order

to build and refine Model 3.

5.3 Model 3-Customer Engagement Predic-
tion Model

Model 3 had the best performance when it came to the internal evaluation and was thus
chosen to be part of the A/B testing.

In Table[5.3|we can see the open-rate, click-through-rate and Opt-Our rate. Each of these
metrics gives us an insight into how the STO model has performed on live data. The table
shows Model 3 without fallback, only the fallback, Model 3 with fallback, and finally the
model that IKEA currently use as a benchmark.

Model Metrics Open-Rate Click-Through Rate Opt-Out Rate
IKEA’s current model benchmark benchmark benchmark
Model 3 with fallback 0% +8 % +14 %

Model 3, no fallback +14 % +22 % +14 %

Model 3 fallback -15% -6 % +7 %

Table 5.3: Model 3 A/B testing results.

The performance analysis of Model 3 without fallback reveals its effectiveness on cus-
tomers present in the training data. Notably, the STO model exhibited superior perfor-
mance in both open rate and click-through rate metrics, outperforming the fallback mecha-
nism, which relied solely on statistical data and yielded the least favorable outcomes. Conse-
quently, the integration of these two approaches resulted in a diminished overall performance
for Model 3 with fallback.

Comparing our model with IKEA’s current model, we observe comparable performance
in terms of open rate metrics. However, Model 3 marginally outperforms in click-through
rate while also showing an increase in the opt-out rate. Although an increased opt-out rate
might initially seem negative, it does not necessarily indicate worse performance. Opting
out is more often a reflection of content relevance and send frequency rather than timing.
Therefore, this can be interpreted as the model sending the message at the most opportune
time, prompting the customer to opt out. Moreover, customers opting out of an email cam-
paign list can be advantageous for companies, as it helps refine the audience to those who
truly want to receive the emails, thereby increasing overall engagement.

The approach to identifying the optimal algorithm involves training and evaluating the
dataset on various algorithms, comparing their performance, and subsequently selecting the
algorithm with the highest efficacy for operation in the A/B test. Table 5.4/ summarizes the

best results of each algorithm after hyper-parameter tuning. The metrics for comparing the
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algorithms are primarily R? score and MAE along with additional error metrics commonly
used for evaluation in regression model performance.

Metrics

. R? MAE MSE Median-AE | MSLE
Algorithm
Random Forest 0.68 0.2879 0.7028 0.0862 0.0485
Linear Regression 0.38 0.5228 1.3649 0.24 0.1729
XGBOOST 0.74 0.2946 0.8194 0.1034 0.0499

Table 5.4: Model 3 regression results.

As seen in table XGBOOST came out on top, attaining an R* score of 0.74 and with
an MSE of 0.8194. On the other side of the spectrum, is linear regression which achieved the
lowest R? of 0.38 and MSE of 1.3649 as expected from a linear model that assumes a linear
relationship between the features and label rather than a complex nonlinear relationship.
Even though Random forest resulted in slightly lower MAE and MSE values, XGBOOST
was deemed to be the better algorithm due to attaining higher R? score. A lower MAE and
MSE indicate that random forest is better at predicting individual data points however they
were only marginally lower, and might not explain as much of the variance in the model,
hence the lower R? in random forest.

After various experiments, tuning, and adjusting parameters, the performance of the
model was observed to fluctuate depending on the weights selected to represent the engage-
ment score. Selecting a decimal Weight such as 0.7 resulted in a model with lower R? than a
model trained with an engagement score using integer weights such as 1,2,3. And training the
model with no weights at all resulted in the highest performance in regard of R?. However,
calculating the engagement scores with no weights will add less nuance to the predictions
since click rates, open rates, web action rates, and ignore rates are not valued equally. For
this reason, we decided to use Weights however assigned them integer values rather than dec-
imal values. The algorithms in Table were examined with the same weights for a fair
comparison.

5.3.1 Time Intervals

Another factor to account for in the performance metrics is the number of time slots. In the
proposed model, each customer and unique hour is assigned an engagement score creating a
higher variance between the dependent variable e.g. interaction hour, and the independent
variable i.e. engagement score. Achieving a higher R? score is attainable by grouping hours
into larger time slots, for instance, 4-hour slots instead of hourly slots, thereby reducing vari-
ance in the data. The rationale behind grouping the hours into larger time slots is grounded
in the understzmding that, in real-life scenarios, predicting human behavior within broader
time frames may be equally or more effective than attempting to predict specific hours. Ad-
ditionally, one-hour difference in prediction might not have as much of an impact in practice
as a 4-hour shift. Rather than predicting top 3 hours for a subscriber which might be adja-
cent hours in some instances, another approach should be predicting the top 3 time intervals.
However, even though this approach might result in a higher R* score it would not neces-
sarily indicate a better model in practice. A higher R? score in this example highlights that
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correlation does not always imply causation. While a high R? score is indicative of the model's
predictive perfbrmance, it may not be accurate]y tailored to be effective in real-life scenarios.
Therefore, experimenting with different time slots should ideally take place in a production
environment, where additional metrics come into play and provide a more comprehensive
evaluation of the model’s practical performance.

5.3.2 Web Data

When adding the web action to the data we were faced with two approaches, (i) use web
action timestamps only if the customer has interacted with an email at the same hour in the
past 90 days, or (ii) use web actions as an independent data point, regardless if a customer
have interacted with an email at the same timestamp or not. For the proposed model we
decided to go with the latter approach since it has the potential to add more data for each
customer, possibly making the predictions more statistically significant. This approach as-
sumes the premise that subscribers should interact with IKEA emails based on any historical
recorded interactions with IKEA e.g. web actions. The first approach instead assumes that
subscribers interact with emails at designated hours and web data is to be used as additional
pointers to strengthen only the existing relationships in the data concerning subscriber email
interactions.

The addition of web actions might come with the risk of adding noise to the data, and
exc]uding it may potentia”y resultina s]ight]y higher or lower perfbrming R? score. However,
as mentioned earlier the performance that matters is the one in the production environment,
and adding web data as the latcer strategy suggests, allows for capturing a broader perspective
of subscriber interactions, by spanning across extended hours and a broader customer base,
potentially leading to enhanced practical performance.

Including web data is a good way to broaden the customer base and extend the hour
coverage in the model data. However, web data introduces two significant challenges, (i) low
identification rate and (i) high volume. The low identification implies that a considerable
number of customers who interact through the web remain un-logged, making it impossible
to identify the users to track historical interactions, unless cookie-based identification is
implemented, a practice not supported by IKEA. As for the large volume of web data, the
challenge arises from the high cost associated with querying a large dataset through Google
Cloud’s BigQuery. To address this, we opted to incorporate only one week of web data,
focusing solely on one type of web interaction (add-to-cart action). This approach facilitated
minimized query costs, while still including web interactions into the model. As for the low
identification rate, no modifications were implemented, adhering to IKEA’s guidelines.

5.3.3 Predictions

Generating 24 hours, and filling the missing hours of each subscriber before prediction could
be perceived as introducing unnecessary noise to the data before making predictions however,
the motivation behind adding the full 24 hours of the day for each customer is to improve
overall engagement by suggesting new hours to subscribers with only negative or low engage-
ment scores and remaining neutral to subscribers with higher engagement scores. Another
strategy to employ would be, generating and adding 24 hours solely for subscribers with low
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engagement while keeping the subscribers with a clear interaction pattern (i.e. high engage-
ment score) as they are in the dataset without trying to over-optimize.

An approach that is worth exploring involves leveraging the low engagement scores of
subscribers as valuable insight, rather than solely relying on a hierarchical system of 24 hours.
By identifying the hours with low or negative engagement scores, these hours are to be
blocked for respective subscribers. This approach reduces the likelihood of the model making
predictions during hours with low engagements. This type of refinement would be an addi-
tional layer of supervising the model to perform more accurate predictions. Furthermore, the
prediction dataset will be smaller when blocking hours along with skipping the generation
of 24 hours for subscribers with higher engagement, thus cutting the computational costs in
Big Query.

Any customer who has not interacted with IKEA in the past 90 days throug}i email nor
the past 7 days through the web (i.e. Add to cart action) falls under the fallback category.
Customers in the fallback category do not have any customer-specific predicted hours, rather
statistical analysis is applied on the predictions of the model, and the top 3 most interacted
with hours are utilized as fallback hours for "new" customers. The top 3 fallback hours are
ranked to account for different periods of the day depending on when the campaign is trig-
gered for the customer. This approach has the potential problem of creating sending spikes
where new customers drive up the interactions the three hours that are used as a fallback.
This presents a twofold challenge: Firstly, the concentration of new customer interactions
within these three hours introduces biases into the dataset, diminishing the reliability of the
model. Secondly, the underlying premise of the STO model is iterative improvement through
weekly training, necessitating the exploration of diverse interaction times for cach customer.
Restricting the options to only three hours limits the model’s ability to gain a nuanced un-
derstanding of individual customer behaviors across various time slots. An improvement in
this approach that could solve the issue is to randomize the top hours for dispatch rather than
utilizing a ranking system and thus introduce a better distribution over the hours which has
the potential of making the model better over time.

5.3.4 Data Engineering

The current pull email requirements at IKEA stipulate that once an email is triggered for
dispatch to a specific customer (pulled), any hour preceding the pull time becomes ineligible
for that customer. The email is required to be scheduled the same day as being pulled at any
hour post the trigger time. This poses a cha”enge, as a customer’s optima] send-out time may
have already passed and therefore the optimal time is no longer eligible since the email must
be sent and cannot be scheduled for the next day. The challenge can be addressed either by (i)
sending the email right away assuming the next best time is the earliest opportunity, or (ii)
using the top 3 predicted hours for cach subscriber. The latter approach was implemented
in production, however, this resulted in a furcher challenge that was unsolved in this project
due to time limitations. The model sometimes predicted the top 3 hours to be adjacent
(e.g. 14, 15, 16). In a scenario where the pull is triggered after the latest predicted hour, the
email is sent immediately rather than scheduled by an actual predicted hour of the model.
To resolve this, we propose adopting the use of time interval slots rather than hourly slots,
thus each subscriber will be assigned top 3 time slots, reducing the risk of deviating from the
predictions.
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For some customers, the model predictions result in a ranking system where the top hour
is at a later time of the day than the hours ranked second and third (e.g. 19, 12, 8). While such
customers will most of the time receive the email at the predicted optimal time, the second
and third-ranked hours will always be ignored resulting in unnecessary and redundant mem-
ory allocation in the database with no practical purpose. This problem arises for the fallback
hours as well, if the top-ranked fallback hour is at a later time of the day than the second and
third-ranked hours, only the top hours will be of practical use. A way to resolve this problem
is to adopt an API solution that randomizes the top hours that are post the trigger time. This
allows for more variation in the send-outs, while still maintaining a prediction hour that fits
the subscriber.

When constructing the data for model 3, we were faced with two approaches: (i) Train the
model on what send hours result in the highest engagement score or (ii) train the model on
what engagement hours yield the highest engagement score. The former approach produces
a model that predicts the send hour as a successful one even though the customer might in-
teract with the email several hours or days after delivery but ultimately tries to find the send
hour/hours that produces the highest engagement. This problem could be resolved by adding
weights to the send hours dependent on the send-to-interaction times, assigning send hours
with lower send-to-interaction times a larger weight to supervise the model into prioritizing
send hours that yield quicker interactions. However, the problem with the first approach
arises with incorporating web actions, since web actions do not have send times, and are
solely interaction-based. One way to resolve this problem is by applying web action times as
supporting Weight for send hours. Another issue with targeting send-out times is the occur-
rence of biases towards one hour more than others. Machine learning is as good as the data
used to train the model, and if the email dispatches are more biased towards certain hours
of the day, so will the model predictions. The latter approach however strikes directly at the
time of engagement and disregards completely when the email was sent. The latter approach
felt more natural to g0 with for incorporating web actions since web actions do not have any
send-out times. Further, there is no need to monitor the send-to-interaction times using the
latter approach since engagement hours are targeted directly from subscribers’ interaction
hours. Furthermore, targeting the time of engagements reduces the biases, since the outcome
is solely a result of when the subscribers choose to interact. The downside of targeting the
interaction times directly arises whether an email should be sent at the time the interaction
occurs or prior. A way to determine this is by A/B testing sending on the predicted hour
versus scheduling the dispatch one hour before the prediction.

5.3.5 Binary Classification

The binary classification approach was not tested in a production environment, it was how-
ever experimented with, to compare against the regression approach. The binary approach
has the potentia] to perform well in a production environment even though the hours are
not ranked. Instead, the hours that are predicted to be instances of engagement for each sub-
scriber ought to be stored and linked to the subscriber. When it is time to for dispatch, the
hours that are predicted to be instances of engagement can be randomized since there is no
way to rank the hours. The advantage of randomizing the hours for each prediction enables
more variation in the send times which makes the send-outs less monotonous. The results
compiled for the binary approach are presented in the following table:
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) Algorichm XGBOOST | Random Forest Logistic Regression

Metrics

Precision 0.8934 0.9005 0.8304
Recall 0.8395 0.8011 0.6271
Accuracy 0.9181 0.9017 0.8605
F1 score 0.8657 0.8479 0.7146
Log loss 0.1737 0.2829 0.3618
ROC AUC 0.9763 0.9674 0.8880

Table 5.5: Model 3 binary classification results.

At first glance, the binary classification results look promising, showcasing a superior
performance over the regression model, with an Fl-score of 0.86 for the XGBOOST Classi-
fier. It’'s however important to consider the number of labels in the dataset, as models with
fewer labels often exhibit better performance than those with multiple labels. The efficacy of
the classifier is also heavily influenced by the cut-off point chosen to distinguish engagement
instances from non-engagement instances. The cut-off point for the result presented in Table
[5.5]is chosen at a value of 0.5.

Even though comparing classification models and regression models head to head is in-
herently complex, the results of the binary classifier could be interpreted to exhibit superior
predictive performance, by simply comparing the R?-score to the Fl-score. It is crucial to
consider the limitations of the binary classifier approach, particularly its inability to rank
the predictions. Furthermore, the classifiers pose the risk of predicting all hours to be in-
stances of‘non—engagement. In such a scenario, the subscriber would either be discarded
from the campaign or get assigned one of the fallback hours as a solution.

The binary classification model was ultimately deemed unfitting for IKEA’s current ecosys-
tem. The strategy of discarding subscribers from the campaign, as implied by the binary
approach, is not aligned with IKEA’s requirements nor does the approach provide a ranking
system for the prediction hours. The rejection of the approach does however not prec]ude its
applicability in other contexts with different variables.

5.3.6 24-label Classification

The drawback of the 24-hour approach in comparison to the binary, is the filtering of large
size of the data since only one record per customer ought to be used i.c. the record with the
highest engagement score. This results in a significant loss of valuable data concerning cus-
tomer behavior. One possibility is to include all the data in the training however, extracting
the prediction only from the prediction with the highest engagement score. The resules for
the 24-hour label approach are the following:

The results demonstrate that the best-performing algorithm is XGBOOST with an F1-
score of x, which is a large decrease in performance when compared to a binary classification
model rather than a model trained on 24-labels. The Fl-score was expected to be lower how-
ever, the question of whether a binary model will perform better in production is yet to be
tested before any conclusions are drawn. A middle approach to group the labels into time
slots and thus reduce the label variance should be explored. The middle approach possibly
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boosts the f1-score of the model. Regardless, the 24-label classification did not make it to the
production environment either due to the filtering of a large portion of the data.

A variation to the 24-label approach is restructuring the dataset from scracch. Instead
of including all interactions of a given hour in one data row (like it is done in model 3), the
data is re-engineered to contain one row per interaction in the dataset. This creates a larger
data size. However, the time was limited and thus restructuring the dataset to exp]ore this
approach was not an option for this project. This should, nevertheless, be considered and
compared to the model proposed in this thesis.

5.3.7 A/B Testing

A/B testing has the advantage of giving us insights into how different system works compared
to each other. But there are some things to keep in mind when conducting A/B testing. The
duration of the experiment is important from the aspect that a test that is run for too long or
not long enough might yield results that are not reliable. Due to time constraints, the project
could only run for two weeks, which resulted in an insufficient volume of data to generate
fully statistically significant results.

Another aspect that could have an impact on the performance of Model 3 are market
trends and changes in user behaviors. It would be possible to mitigate this in future work by
running the test over multiple time periods and on more markets to account for variability
and validate results, which was not possible for this project.

Lastly, in order to make sure there are as little biases in the experiment, we assured ran-
dom assignment of subjects to each of the three groups, by doing that we minimize sample
bias.

For further improvements in the A/B testing, it would be valuable to delve into additional
metrics beyond those currently assessed. Specifically, exploring metrics such as revenue gain
and purchase rate resulting from the implementation of an STO model could provide deeper
insights. These metrics offer a more detailed understanding of the model’s impact on the
overall effectiveness of email marketing campaigns. By incorporating revenue-related met-
rics, we can gain a clearer picture of the direct financial benefits derived from optimizing

email send times.

5.4 Future Work

Identified opportunities for refinement across model and methodology are listed in the fol-
lowing:

+ Dedicated Database Development: As an extension to this project, the development
of a dedicated database focused on STO presents an intriguing opportunity. Email
engagement is influenced by a multitude of factors, and capturing a comprehensive
view of user behavior and routines on an individual level is paramount for effective
STO implementation. For example, studying a person’s morning routine, work hours,
commute time, or their preférences regarding email engagement can provide valuable
insights into crafting targeted and effective email delivery strategies.
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+ Time intervals: An interesting aspect to further explore is A/B testing hourly slots

versus time interval slots and comparing the two approaches with respective yielded
click-through, open, and opt-out rates to evaluate which of the two approaches per-
forms more effectively in a production environment.

A/B Metrics: Regarding the metrics of A/B testing, further research should expand
the scope of the metrics beyond the conventional parameters of click-through, open,
and opt-out rates. The inclusion of conversion rates provides a new dimension to gauge
campaign success, measuring not just email interaction metrics but also monetary out-
comes. The conversion rates of subscribers could further be incorporated as a method
for segmenting customers, in addition to recency, frequency, and monetary values to
explore possible performance improvement.

Web data: Future research should incorporate both a larger volume of web data as
well as additional types of web actions, which could potentially make a model trained
on a dataset of 90 days more statistically significant with its predictions resulting in
increased model as well as production performance.

Blocking hours: The model should be supervised further by implementing a strategy
of blocking hours for specific customers that exhibit low engagement. Additionally
adding missing hours to the data should only be applied to customers with low or
negative engagement, to reduce the biases introduced to the data as well as cut query
COsts.

Continuous refinement: The underlying principle of STO is rooted in the iterative
process of continuous refinement enabled by feedback loops and ongoing learning
mechanisms. Through careful examination of customer behavior and the systematic
tracking of engagement metrics, the model aims to enhance its predictive capabilities
by iteratively adjusting send times. This iterative refinement process aims to incre-
mentally improve the model’s effectiveness over successive iterations.

Extended runtime: To gather a comprehensive dataset that accurately reflects the nu-
ances of customer engagement patterns, the model requires a longer runtime period.
This extended duration allows the model to accumulate a sufficient volume of model-
tuned data, which is crucial for robust evaluation. Consequently, a prolonged runtime
period is essential to ensure the model’s exposure to diverse scenarios and enable it to
adapt and optimize its predictions accordingly.

Dynamic adjustments: As a proposed strategy to further improve the performance of
the model, we suggest extending the model’s runtime duration and allowing itto adjust
dynamically based on performance metrics before testing the model out formally. This
has the potential of substantially improving the predictive accuracy and overall model
effectiveness. Overall, this approach holds the potential to augment the model’s abilicy
to capture complex nuances in customer behavior, thereby enhancing its performance
across various evaluation metrics.
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Chapter 6

Conclusion

This thesis explored the optimization of Send Time Optimization (STO) through a data-
driven approach, incorporating web engagements and REM values. The key findings from
our research are promising and address the research questions outlined at the beginning of
the study.

First, our exploration of Send Time Optimization yielded promising results in a produc-
tion environment. The results from the two week long A/B test indicated that the in-house
thesis model slightly outperformed the model that IKEA currently uses in terms of both open-
rate and click-through rate. This indicates that the incorporation of additional features such
as web engagements and RFM values can lead to a more precise understanding of customer
behavior, resulting in higher engagement. It’s also worth noting that although the opt-out
rate increased, this does not necessarily reflect poorer performance. In fact, it could suggest
that the message reached customers at a time when they had the opportunity to engage with
the email. Since opting out is often more related to content relevance and send frequency
than timing alone, this may be more of a reflection of those factors rather than the timing
optimization itself.

Second, managing email scheduling for customers with no prior interaction data was
addressed by incorporating a fallback mechanism into the model. A significant challenge in
the project was that the models were tested on pu” emails, meaning that these emails had to
be sent to customers regardless of prior engagement. This created the difficulty of predicting
optimal send-out times for customers who had no previous interactions with IKEA during
the training period. To handle this issue, both Model 2 and Model 3 included a fallback
option. By providing a default strategy for scheduling email deliveries to these customers,
the fallback ensured that all customers were included in the model. This fallback mechanism
was tested in production as part of Model 3 and based on our analysis it is evident that while
the fallback strategy is important for ensuring practical application by maximizing coverage,
the strategy has certain limitations.

As shown in Table Model 3 without fallback had the highest open and click rates,

while the fallback on its own produced the lowest results for these metrics. When combining
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both approaches, we observed a significant negative impact on the overall performance of
the model. This suggests that while the fallback strategy is crucial for maximizing coverage,
it requires refinement to better balance effectiveness and inclusivity in future work.

Lastly, the effectiveness of STO strategies was demonstrated through several key factors.
The most impactful strategies involved integrating web engagement data and historical email
interaction data from customers. While segmenting customers based on factors such as de-
mographics, email domains, and engagement patterns provided a slight improvement, it still
enhanced the model’s ability to predict optimal send times. Certain demographic groups
displayed distinct interaction preferences, and aligning email delivery with these preferences
led to better engagement. Though the improvement from demographic segmentation was
modest, it contributed to a more targeted and personalized approach, boosting overall en-
gagement.

While these findings are promising, further research is necessary to extend the analysis
over a longer period and different customer segments. Additionally, refining the fallback
mechanism and exploring other features that could enhance engagement will be essential to
fully realize the potential of STO.
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That's what Send Time Optimization (STO) is for, the process of using machine
learning to tailor email send times in correspondence with the customers’ activity

patterns.

The use of email as a medium for exchange of
information and promotions has become a ma-
jor part of communication between companies and
customers. In the digital age, where many compa-
nies compete to gain the attention of customers,
the timing of email delivery has a substantial im-
pact on engagement and response rates. Thus,
tailoring send times for emails has become a cru-
cial tactic for maximizing communication efficacy.

In our thesis, we explored what factors influ-
ence when a person interacts with their emails.
We then utilized these discovered factors to build a
Send Time Optimization model. We went through
several rounds of model building, by repeating the
steps in the diagram below. First, we gathered
data. Then, we analyzed which features were most
important for understanding how customers inter-
act. Finally, we trained and fine-tuned the model
for multiple iterations, analyzing the performance
for each iteration and refining the model. This
helped us grasp which features and technologies
had a positive impact on the model’s performance.

Data Feature traiMniO:EIan d Model
collection engineering '8 validation
tuning

The factors found to impact email interactions
included: (i) demographic data, (ii) customer loy-
alty levels, and (iii) interaction data. The model
built on these features, named the Customer En-
gagement Prediction Model was then trained and
tested on a sample of customers. With high ac-
curacy, it managed to predict when a customer is
most likely to interact.

The Customer Engagement Prediction Model
(CEP) was then trained on a 90 day customer
interaction data. It was then tested in produc-
tion over a period of two weeks and bench-marked
against the performance of the model that IKEA
currently uses.

The results of the comparison experiment
demonstrate a stronger performance by the CEP
model compared to the model currently used by
IKEA. While both models yielded the same num-
ber of email opens, the CEP model exhibits a
22% increase in the number of clicks compared to
the current model. In simple terms, it means our
model resulted in more customers engaging with
IKEA by clicking on email links.

These findings are promising and warrant fur-
ther investigation over an extended period to en-
hance their statistical significance.
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