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Abstract

Sepsis, a serious medical condition often leading to patients requiring intensive care, has
prompted numerous scientists to employ mathematical techniques to aid in its diagnosis.
This thesis uses logistic regression and a machine learning technique, XGBoost, to predict
true sepsis (as opposed to sepsis mimics) and culture-positive sepsis (among true sepsis)
in critical care using blood test results, physiological measurements and other patient
characteristics.

In this study, the dataset employed for constructing the prediction models comprises
the information of 2,667 patients across 105 variables. Notably, a considerable portion of
these variables exhibits missing values. To address this issue, imputation techniques are
systematically applied to rectify the gaps within the dataset.

The predictive models acquired in this study are evaluated with the area under the
operating characteristic curve (AUC) and using cross-validation. To address the imputed
missing values within the dataset, a modified cross-validation technique is employed. This
methodology ensures that imputed values are exclusively utilized during the training phase,
while the testing phase exclusively involves the use of the original, unaltered data. Variable
selection and analysis have been conducted employing forest plots for regression, while for
XGBoost models, significance is determined through the utilization of importance plots
and SHAP value plots.

The result of this study shows that XGBoost performs better than the regression mod-
els. In predicting true sepsis, the XGBoost model achieves an AUC of 0.74, while the
regression model yields an AUC of 0.72. In predicting culture positivity, the XGBoost
model attains an AUC of 0.77, whereas the regression model yields an AUC of 0.74. Both
the XGBoost algorithm and regression models demonstrated efficacy in predicting true
sepsis and culture-positive sepsis. The performance of these prediction models exhibits
potential for enhancement with the utilization of a more extensive dataset. Consequently,
mathematical models serve as valuable and effective aids in supporting medical profession-
als’ clinical judgement.
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1 Introduction

1.1 Backgrounds

Sepsis is a severe condition resulting from the body’s hyperactive response to an infection,
leading to damage to its own tissues and organs. It poses a risk to individuals of all ages but
particularly affects older adults, infants, pregnant women, and those with underlying health
issues, as suggested in [1, 2|. Typical indicators of sepsis encompass fever, elevated heart rate,
rapid breathing, cognitive disorientation, and bodily discomfort. If untreated, from [3], it can
progress to septic shock, multiple organ failure, and even mortality. While bacterial infections
commonly trigger sepsis, it can also arise from viral, parasitic, or fungal sources. Timely iden-
tification and appropriate clinical intervention, including optimal antimicrobial administration
and fluid replenishment, will improve the chances of survival as shown in [4, 5].

To treat sepsis effectively, healthcare practitioners usually first observe concerning symp-
toms and conduct tests for accurate diagnosis. Then it will come to identifying the primary
infection source which often involves conducting blood culture tests as discussed in [4]. How-
ever, from [4], diagnosing sepsis presents challenges due to overlapping symptoms with other
ailments. Conditions such as pneumonia, urinary tract infections, and influenza may present
symptoms that resemble those of sepsis. Therefore, it becomes imperative to explore alternative
methodologies to augment the diagnosis of sepsis.

Apart from healthcare professionals’ diagnoses, applying mathematical and data science ap-
proaches has demonstrated its potential in addressing this problem. In particular, "whether or
not" problems can be effectively treated as binary classification problems, leveraging statistical
techniques. By leveraging medical data obtained from previous patients, predictive models can
be developed to aid in diagnosing new patients. Investigating and assessing these models aims
to advance the field of medical diagnostics and provide healthcare practitioners with valuable
insights. Leveraging statistical predictive models in diagnostic processes presents several ad-
vantages. Firstly, it operates independent of a physician’s experience, relying solely on data and
model analysis for diagnoses. Moreover, diagnoses are rendered post the patient’s completion
of all requisite tests, offering rapidity crucial in time-sensitive scenarios, expediting diagnoses

and potentially hastening treatment onset. Additionally, mathematical models, inherently im-



partial, yield relative accuracy, particularly when supported by extensive data sets, as shown
in [6]. With proper training and validation, these models consistently exhibit high accuracy
rates in diagnosing illnesses.

Numerous instances and research endeavors have showcased the application of mathematical
methodologies. Hazem Koozi and collaborators, for instance, developed a statistical model
aimed at predicting patient mortality, yielding commendable outcomes as evidenced by their
work in [7]. Notably, their model demonstrated comparable performance to the widely utilized
SAPS III system, a well-established tool in forecasting the mortality of patients in intensive
care units illustrated in [8]. There are many studies in predicting sepsis occurrence among
patients in ICUs and most of them acquired favourable outcomes, such as [9].

In conclusion, sepsis continues to pose a significant medical challenge, particularly in its
diagnosis. Conventional diagnostic techniques, which rely predominantly on clinical observation
and laboratory tests, may not always suffice for accurate sepsis identification. Therefore, the
integration of mathematical and data science methodologies presents promising opportunities

to enhance diagnostic precision and efficiency in addressing this critical healthcare concern.

1.2 Previous Studies

Numerous investigations have employed mathematical models to assess the suitability of
biomarkers or medical tests as indicators for predicting sepsis. Tan et al. determined that, with
respect to the diagnostic accuracy of C-reactive protein (CRP) for sepsis, the comprehensive
area under the summary receiver operator characteristic (SROC) curve was 0.73. Conversely,
in evaluating the diagnostic accuracy of procalcitonin (PCT) for sepsis, the overall area under
the SROC curve was calculated to be 0.85. This suggests that PCT holds greater promise as
an indicator for predicting sepsis when compared to CRP [10]. Wacker and colleagues also
reported procalcitonin (PCT) as a valuable biomarker for distinguishing between sepsis and
other non-inflammatory syndromes, achieving an area under the receiver operating character-
istic (AUROC) of 0.85 [11]. Their investigations have revealed that specific variables exhibit
significant relevance to the prediction outcome of "having sepsis." Consequently, increased em-
phasis will be placed on these variables in future model building within this study.

Moreover, additional investigations have been conducted, constructing models by leveraging



biomarker and medical test data to ascertain the likelihood of a patient having sepsis. Barton
and colleagues developed a predictive model utilizing the XGBoost machine learning algorithm
in [12] for sepsis prognosis. Their model demonstrated a superior performance with the highest
achieved area under the receiver operating characteristic curve (AUC) being 0.88, notably
surpassing the AUC of the Systemic Inflammatory Response Syndrome (SIRS), which stood at
0.66. Their research demonstrated the efficacy of employing the XGBoost algorithm as a viable
approach for addressing this particular challenge. Consequently, the models within this study
will also incorporate the XGBoost algorithm.

Calvert and collaborators introduced a novel machine learning system named InSight in
[13]. The InSight system exhibits noteworthy predictive capabilities for sepsis, demonstrating
a comparatively high area under the receiver operating characteristic curve (AUC), reaching
a peak value of 0.965. Hye Jin Kam and Ha Young Kim employed both the InSight system
and deep neural networks to construct models for the early detection of sepsis in [14]. Their
results yielded an area under the receiver operating characteristic curve (AUC) approximately
at 0.9. They also showed that the efficacy of neural networks in outperforming alternative
methodologies in specific instances.

The predictive models established in these studies demonstrated favourable outcomes; how-
ever, they are not without certain limitations to the patients they studied. Notably, these
models are founded on data from all patients admitted to the ICU. The ICU admits patients
for a spectrum of reasons, making it intricate to distinguish sepsis cases from other conditions.
This differentiation will offer limited insights into sepsis diagnosis. In the clinical setting, physi-
cians can readily distinguish that a patient admitted to the Intensive Care Unit (ICU) due to
cerebral hemorrhage is unlikely to be suffering from sepsis, obviating the necessity for mathe-
matical models in such cases. However, the challenge lies in accurately identifying ambiguous
cases where patients exhibit symptoms that overlap with those of sepsis. Hence, it is advisable
for studies to focus on patients manifesting at least a subset of symptoms associated with sepsis,

rather than conducting predictions for all ICU patients indiscriminately.



1.3 Thesis Objective

As elucidated previously, several factors necessitate alterations in the construction of predic-
tive models for sepsis diagnosis, thereby ensuring their alignment with real-world complexities
and enhancing their practical significance. In this study, predictive models are exclusively de-
veloped within the subset of patients who undergo blood culture testing, indicating suspicion
of sepsis. By focusing solely on this cohort, the predictive model aligns more closely with
real-world scenarios. It aims to offer practical assistance and valuable insights to healthcare
practitioners encountering difficulty in determining whether a patient presents with sepsis or
not. Moreover, the novel predictive models developed in this study for anticipating culture
blood test outcomes have not been previously introduced. These models serve as a valuable
resource for healthcare practitioners, aiding in the early identification of the specific type of
infection present in patients.

Predictive models will be constructed employing logistic regression alongside various ma-
chine learning methodologies such as XGBoost, neural networks, and Random Forests. The
findings will primarily showcase the outcomes derived from the XGBoost method and logis-
tic regression. The presentation will solely include the results from these two methodologies
as other machine learning methods, upon evaluation, demonstrated inferior performance com-
pared to XGBoost. Also, predictive models in this study not only aid in diagnosing sepsis but
also forecast the likelihood of positive culture results in patients, contributing to comprehensive

care strategies.



2 Data Pre-processing

2.1 General Pre-processing

The data set employed in this research study, denoted as D, are medical data of 2667 patients
provided by the local hospital in Lund and Malmé. The data set D encompasses an extensive
array of variables, numbering over one hundred in total. These variables are categorised into
distinct domains, including basic demographic information, laboratory test results, medical
history regarding diseases, past medication records, and doctor’s notes. To enhance the data
set’s coherence and utility, an initial step involves the consolidation of certain variables. This
consolidation is necessary due to variations arising from the use of different testing instruments,
even though they pertain to the same target variables.

Subsequently, a rigorous data pre-processing procedure is enacted to ensure the data set’s
quality. Outliers, extraneous variables, and those with an excess of 35% missing values are
meticulously identified and removed. As a result of this meticulous curation, a refined dataset
is obtained, characterised by a total of 66 variables pertaining to a cohort of 2,667 patients.

However, it is worth noting that even after this curation process, the data set is not yet
amenable to rigorous analytical procedures. A significant portion of the remaining variables
still contain missing values. Therefore, the crucial preparatory step before embarking on model-
building activities is the implementation of a data imputation strategy. This data imputation
process is essential to address the gaps in the data set and render it suitable for subsequent

analyses and modelling endeavours.

2.2 Data Imputation

The presence of missing values in dataset D may arise due to instances where certain patients
either did not undergo specific medical tests or the recorded test results were not documented
within the system. Readers can gain a general overview of the extent of missing values within
D by referring to the histogram in figure 1. In this graphical representation, the x-axis denotes
the percentage of missing values associated with each variable. For instance, variables with less
than 5% missing values, represented by the first bar in 1 exhibit a frequency of approximately

60, indicating that these variables constitute around 60% of the total variables.
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Figure 1: Histogram of the percentage of missing values of variables in data set D.

As depicted in the histogram, following the exclusion of variables with in excess of 35%
missing values, a noteworthy observation is that the majority of the remaining variables ex-
hibit a relatively modest presence of missing values, typically falling below the 5% threshold.
This finding suggests that these missing data points are amenable to resolution through an ap-
propriate imputation method, facilitating a more comprehensive and analytically robust data
set for subsequent analyses.

In the context of data imputation, there typically exist two prominent choices, namely
MissForest, illustrated in [15] and the K-nearest neighbours (kNN) imputation techniques.
MissForest stands as a machine learning algorithm designed specifically for the imputation of
missing values within datasets. Leveraging the random forest methodology, it predicts missing
values by drawing insights from the available non-missing data across various columns. Notably,
its efficacy remains robust even when dealing with a substantial proportion of missing data,

outperforming other conventional imputation techniques.



K-Nearest Neighbours (KNN) imputation stands as a method employed for completing
missing values within a data set by approximating them through neighbouring data points.
Numeric missing values are imputed by assigning them the mean value derived from their
k nearest neighbours. Categorical missing values are filled by employing a majority voting
approach, wherein the most frequently occurring category among their k nearest neighbours
determines the imputed value. While considered straightforward and user-friendly, its efficacy
can diminish when dealing with data sets characterized by high dimensionality or sparsity.

To ascertain the optimal method for imputation and rigorously evaluate its performance,
a simulation study is conducted using a subset of the dataset characterised by the absence of
missing values across all variables. Fortunately, this subset comprises data entries from a cohort
of 246 patients who exhibit complete data records for all relevant variables. A new data set,
denoted as D, is constructed from the information contained within these 246 patients. Next,
a certain percentage of data is randomly removed from D.. In this process, the percentage
of missing values corresponding to each variable in the original data set is mirrored within
D., resulting in the creation of a new data set, D,,,, which incorporates missing values. By
implementing imputation on D, and comparing the imputed data set with the original data
set D., one can infer how different imputation techniques will perform for this data set.

Subsequently, both MissForest and kNN imputation methods are applied to D.,,, yielding an
imputed data set, D.. To evaluate the efficacy of these imputation techniques, a comparative
analysis is performed by contrasting D, against D,; using two distinct criteria: the normalised
root-mean-square error (NRMSE) for numeric variables and the proportion of false classification

(PFC) for categorical variables. NRMSE is defined as:

mean ((Xire — Ximp)Q)
NRMSE =
RMS \/ var (Xirue) ’

where X, is the real data set or data matrix and Xj,, is the imputed data set or matrix
Jfollowing the definition in [16]. NRMSE quantifies the disparity between predicted and actual
data values in the context of real-valued data. A lower NRMSE signifies superior imputation
accuracy. PFC is defined as the ratio between the number of falsely classified instances and

the total number of instances in the data set. It serves as a measure for evaluating the efficacy



of imputation methods applied to categorical data. A reduced PFC value indicates enhanced
performance of the imputation model.
The outcomes of this comparative assessment, elucidating the performance of the two im-

putation methods, are presented in table 1 and 2 for reference.

Table 1: NRMSE of two imputation methods.

NRMSE 95% CI
MissForest ~ 0.569  (0.525, 0.624)
kNN, k=3  0.696 (0.616, 0.715)
( )
( )

kNN, k=5 0.661 0.556, 0.767
kNN, k=7  0.659 0.568, 0.750

Table 2: PFC of two imputation methods.

PFC 95% CI
MissForest  0.425 (0.403, 0.446
kNN, k=3 0.499 (0.480, 0.518
kNN, k =5 0.481 (0.453, 0.508
kNN, k =7 0.467 (0.449, 0.485

Py Py P P
~— [ — | — | —

As delineated in the table, it is discernible that MissForest imputation method demonstrates
superior performance. Nevertheless, it is imperative to underscore that this simulation serves
primarily as a reference point. This stems from the fact that the data set D at large is
considerably more extensive, tenfold in magnitude, compared to the reduced dataset D, utilised
in this simulation.

In forthcoming modelling endeavours, it is envisaged that both of these imputation tech-
niques, MissForest and kNN, will be employed. The ultimate selection between the two will
hinge upon their respective performance in enhancing the modelling outcomes, with the area
under the receiver operating characteristic curve (AUC) serving as the primary metric of eval-
uation within this study. The approach is to prioritise the imputation method that contributes
to superior modelling performance, as gauged by the AUC metric.

The MissForest method is ultimately selected for imputation in this study. The inclusion of
both methods serves as a prudent decision, as assessing imputation performance is impossible

without knowing the actual values of the missing data.
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3 Predicting "TrueSepsis"

The complex and elusive nature of sepsis makes accurate diagnosis a formidable task for
healthcare professionals. Consequently, the need to develop robust methods for distinguishing
sepsis in patients is of paramount significance. To address this imperative, this section aims
to apply mathematical methodologies, specifically logistic regression and XGBoost, as tools
to tackle the challenge of sepsis identification. The target variable Y under consideration is
"TrueSepsis" within the data set denoted as D, other independent variables will be denoted as
x. When the binary variable Y is assigned a value of true, it signifies the presence of sepsis
in the patient, while a false value indicates the absence of this condition. These analytical
techniques will be leveraged to provide a reliable means of discerning the presence or absence of

sepsis in patients, thereby contributing to enhanced clinical decision-making and patient care.

3.1 Logistic Regression

Given that the desired outcome Y is a binary variable, employing logistic regression rep-
resents a dependable methodology for addressing this issue. Logistic regression is a statistical
technique applied in binary classification, aiming to forecast the likelihood of an event or out-
come occurrence, often represented as either 1 (positive class) or 0 (negative class), as described
in [17]. Its versatility extends across diverse domains including machine learning, where it serves
as a foundational method for predictive modelling. Hence, it will serve as a valuable benchmark

for the ostensibly more potent machine learning methods under consideration in this study.

3.1.1 Full Model

First of all, a full model using logistic regression including all variables is introduced.

When Y; = 1 for the i-th patient, it signifies the presence of sepsis, whereas Y; = 0 indicates
the absence of sepsis in that individual. Let x; = (1, - - , 2;;) denote the independent variables
or medical test results for the i-th patient, where k£ is the total number of independent variables.

To perform the logistic regression, assume that the probability of Y; =1 is ¢;,

Pr(V;=0)=1-Pr(Y;=1)=p,.



Y; is a random variable with Bernoulli distribution,
Y; ~ Bernoulli(g;).
The logistic regression model will be:

E(Y;) = logit (Qz) = log 1 ziq. = x;3,

where 3" = (By, - , ) is the vector of unknown parameters for each variable. 3 will be
estimated through maximum likelihood method and after that, the regression model will be
complete. If 5, = 0, it means that the k-th independent variable should not be included in the
regression model.

In assessing the performance of the developed model, the metric utilized will be the Area
Under the Receiver Operating Characteristic (ROC) Curve, commonly referred to as AUC. This
metric serves as an evaluation tool specifically designed for assessing statistical and machine
learning models, particularly in the context of binary classification problems.

The ROC curve graphically represents a classifier system’s performance while varying its
discrimination threshold. It plots the true positive rate (TPR) or sensitivity against the false
positive rate (FPR) or specificity at different threshold settings. Sensitivity and specificity are

defined as follows,

True Positives

Sensitivity = ,
Y True Positives + False Negatives

True Negatives

Specificity =
P Y True Negatives + False Positives ’

where terms like "True Negatives" are defined in the table 3,

Table 3: Definitions of TP, FP, FN, TN.

Predicted Positive  Predicted Negative
Actual Positive  True Positive (TP) False Negative (FN)
Actual Negative False Positive (FP) True Negative (TN)

10



The harmonic mean of specificity and sensitivity is defined as F1-score, which is:

specificity X sensitivity
specificity + sensitivity

Fl-score = 2 x

The AUC quantifies the entire two-dimensional area under this curve, spanning from the

coordinates (0,0) to (1,1). A sample ROC plot is given in figure 2, where the x-axis is specificity

and the y-axis is sensitivity.
1.00-
0.75-

0.50-

sensitivity

1.00 0.75 0.50 0.25 0.00
specificity

Figure 2: Illustration of the ROC curve.

The prediction outcomes derived from a logistic regression model yield probabilities ranging
from 0 to 1. The predicted probability ¢;, denoted as ¢;, signifies the probability of Y; = 1,
indicating the probability of the i-th patient exhibiting sepsis. The primary objective of the
regression model is to classify patients into respective classes. Consequently, a threshold is
typically designated for this purpose. If g; falls below the chosen threshold, the patient is
classified into the class of not having sepsis; conversely, if ¢; surpasses the threshold, the patient
is classified into the opposite class.

Therefore, varying the threshold value will result in different predicted outcomes, thereby
influencing specificity and sensitivity measures. The ROC curve illustrates the relationship
between specificity and sensitivity across the entire range of threshold values from 0 to 1. For

instance, if the threshold is set to 0, all patients will be classified into class "1," leading to a

11



sensitivity of 1 and specificity of 0. Conversely, if the threshold is chosen as 1, all patients will
be predicted as "0", and the sensitivity will be 0 and the specificity will be 1.

The AUC is defined to be the area under the ROC curve. The AUC’s value is confined
within the range of 0.5 to 1. A higher AUC value signifies superior discrimination capability
within the model. An AUC of 1 denotes flawless discrimination, while an AUC of 0.5 indicates
performance equivalent to random chance.

This metric’s robustness lies in its insensitivity to the classification threshold employed.
Consequently, AUC serves as a prevalent tool for comparing distinct models or refining models
throughout the developmental stages.

Additionally, for model evaluation purposes, cross-validation will be employed. Cross-
validation serves as a technique utilized in statistical analysis and machine learning to appraise
the performance of predictive models. Its primary objective is to gauge the model’s ability,
trained on a specific data set, to generalize effectively to an independent dataset.

In the process of building and testing models for regression analyses or machine learning, it
is customary to partition the dataset randomly into two subsets: the training set and the test
set. The training set is utilized to train the model, while the test set serves to evaluate the
model’s performance. Notably, the test set comprises data that the model has not encountered
during its training phase, enabling an assessment of the model’s generalization capabilities to
unseen data. Typically, the majority of the dataset, ranging from 70% to 80%, is allocated to
the training set, with the remainder reserved for the test set. However, allocating only 20% of
the data to the test set may not adequately reflect the model’s true performance, prompting
the adoption of cross-validation techniques. Through cross-validation, each data point in the
dataset serves as the test set at least once, facilitating a more comprehensive evaluation of the
model’s performance.

The fundamental concept underlying cross-validation involves the partitioning of the dataset
into multiple subsets, commonly referred to as folds. Subsequently, the model is trained on a
subset of the data, known as the training set, and subsequently evaluated on the remaining
data, designated as the test set. This iterative process is repeated multiple times, each iteration
involving a distinct partitioning of the data into training and test sets.

The prevalent approach in cross-validation is k-fold cross-validation shown in [18], involving

12



the division of the dataset into k subsets or folds of comparable sizes. Through this method,
the model undergoes training k times, utilizing k-1 folds for training in each iteration and
reserving the remaining fold for validation or testing. This process ensures that each data
point contributes to the validation process precisely once. The resulting performance metrics

from each fold are amalgamated to derive an overall assessment of the model’s performance.

Fold 1 5'1 52 5'3

Fold 2 Sl SZ S3

Fold 3 51 S, S;3

E Validation set
\:’ Training set

Figure 3: Example of 3-fold cross validation

Figure 3 illustrates an instance of k-fold cross-validation with k set to 3. Initially, the dataset
SS is divided into three equal parts. Subsequently, in each fold, one of these parts (57, Ss, or
S3) is designated as the validation or test set, while the remaining two parts are utilized as
the training set. The process iterates such that each part serves as the test set once, while the
others collectively form the training set. Following the training and testing of all three folds,
the model’s performance is evaluated by aggregating the outcomes from each fold. Specifically,
in this thesis, the result of a 3-fold cross-validation is represented by the mean of the three
AUC values obtained from the models of the respective folds.

Cross-validation plays a pivotal role in more accurately estimating the model’s performance
compared to a single split of the dataset into training and testing sets. By leveraging multiple
data splits, it effectively mitigates variance in performance estimation, contributing to a more

reliable evaluation methodology.
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The full regression model’s performance is evaluated by 5-fold cross-validation, where 20
per cent of the data was used as a validation set, detailed results shown in table 4. In the train
test split, no individual will appear in both sets. The mean of test AUC is 0.719, with the 95%
confidence interval (0.689, 0.750).

Table 4: Results of cross validation for the full regression model predicting "TrueSepsis."

Resample AUC Spec Sens Fl-score
Fold1 0.702  0.898 0.229 0.365
Fold2 0.717 0912 0.213 0.345
Fold3 0.691 0.937 0.206 0.338
Fold4 0.753 0.935 0.227 0.365
Fold5 0.733 0.935 0.244 0.387

In this context, cross-validation can only serve as a point of reference due to the potential
presence of imputed data within the validation set. It is impractical to utilise the entire set of
real data as a validation set in the full model, as only 246 patients out of the total number 2667
have complete medical data without any missing values. A test set comprising less than 10%
of the total dataset may not provide sufficient evaluative capacity. However, in subsequently
reduced models, validation will exclusively be performed using real data. A modified cross-
validation approach tailored for data sets containing missing values will be introduced to address
the challenge of missing values. This adapted method ensures appropriate validation and

assessment of the model’s performance.

3.1.2 Stepwise Selection Based on P-value

In regression analysis, there is a general inclination towards favouring a smaller reduced
model over the full model. This preference is rooted in the reduced model’s tendency to offer
increased generality and a measure of mitigation against overfitting. Additionally, within this
study, numerous variables exhibit missing values. These missing values, even post-imputation,
might adversely impact the model’s performance. The strategic removal of unnecessary vari-
ables can mitigate the potential influence of these missing values on the model.

In this section, a backwards stepwise selection based on the P-value is implemented to

reduce the full model. In regression analysis, a small p-value, typically below a chosen signif-
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icance level such as 0.05, associated with a predictor variable indicates substantial evidence
against the null hypothesis. This suggests that the predictor variable is statistically significant
in its contribution to predicting the response variable. Conversely, a large p-value indicates
limited evidence against the null hypothesis, implying that the predictor variable may not be
statistically significant in predicting the response variable.

Stepwise selection based on p-values serves as a technique for identifying the significant
variables within a regression model. This iterative process involves the continual addition or
removal of variables contingent upon their statistical significance, commonly assessed through
p-values. This method offers an expedient and automated approach to variable selection, par-
ticularly advantageous when handling a substantial pool of potential predictors. The intricacies

of this stepwise methodology are delineated in the accompanying flowchart in figure 4.
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Fit a regression model
with all variables

h 4

Identify the variable
with the highest P-value

the highest P-value greater than the
significance
level, which1s 0.2

No

Remove this variable, fit a new
model with the remaining variables

Finished i

Figure 4: Procedure of the stepwise selection method based on P-value.

Following the stepwise selection process, a reduced model of 12 features is obtained. This
model’s training area under the curve (AUC) is 0.757 with a 95% confidence interval (0.749,
0.765) , while the test AUC is measured at 0.714 with a 95% confidence interval (0.709, 0.719).

3.1.2.1 Forest Plot

To further analyse this model, the forest plot raised in [19] is introduced. A forest plot within
regression analysis serves as a graphical depiction presenting estimated coefficients alongside
their associated confidence intervals for distinct predictor variables within a regression model.

Frequently utilized in meta-analyses and multiple regression analyses, this visualization facil-

16



itates the comparative examination of effect sizes among diverse predictors. Its utility lies
in enabling researchers to expeditiously evaluate the influence of varied predictors within the
model. Furthermore, by visually contrasting the lengths and positions of confidence intervals,
this plot offers valuable insights into the relative significance and precision of these estimates.

The forest plot depicting the key findings of the reduced model is presented as figure 5.

The plot encompasses several key components:

Variables: Each predictor variable within the regression model is delineated along the
vertical axis of the plot.

Effect Size: Represented by squares, the estimated effect sizes or coefficients for each
predictor are graphically depicted as points.

Confidence Intervals: Horizontal lines extending from these points signify the confidence
intervals encircling the estimated coefficients. The length of these lines serves as an indicator
of estimate precision, with shorter lines reflecting higher precision.

Vertical Line: A vertical line, positioned at the null value, aids in discerning the statistical
significance of a predictor’s effect. If the confidence interval does not intersect or cross this line,

it implies statistical significance.
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Variable N | 0Odds ratio p
SapsKroppstemp 2134 . 1.21(1.11,1.32) <0.001
SapsLeukocyter CcC 389 * Reference
A 121 i—.—' 1.88 (0.98, 3.83) 0.069
B 40 '—I-—' 1.07 (0.45, 2.90) 0.879
D 1077 .: 0.70 (0.52, 0.95) 0.021
E 507 'I-' 1.06 (0.74, 1.50) 0.761
SapsIiVB_NIV_CPAP 872 - Reference
1262 .E 0.68 (0.54, 0.86) 0.001
PF_kvot 2134 — 0.99 (0.98, 1.00) 0.001
InNoradrenalin 2134 - 1.38 (1.22, 1.57) <0.001
SapsKomorbidBlodmalignitet 2064 * Reference
70 : 0.38 (0.21, 0.69) 0.001
SolidTum 1914 — Reference
220 I: 0.66 (0.47, 0.94) 0.019
B_CO_Hb 2134 -I 0.87 (0.77, 0.97) 0.014
P_CRP 2134 : 1.60 (1.45, 1.76) <0.001
P_Standardbikarbonat 2134 I- 1.03 (1.01, 1.04) 0.007
Smoke N 1336 - Reference
A 364 -i 0.71 (0.53, 0.95) 0.020
O 434 .E 0.63 (0.48, 0.82) <0.001
lowtemp 0 2009 ] Reference
125 E 2.53 (1.44, 4.52) 0.001
5 1

N o

Figure 5: Forest plot of the stepwise selection model for predicting "TrueSepsis."
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From the forest plot, a compilation of 12 variables was considered in this model, with
three variables exhibiting confidence intervals that do not intersect the vertical line: "Sap-
sKroppstemp," "InNoradrenalin," and "P-CRP." It is noteworthy that the variable "P-CRP"
demonstrates a notable odds ratio of 1.6, accompanied by a relatively narrow confidence inter-
val. This finding underscores a robust correlation between "P-CRP" and the outcome variable
"TrueSepesis."

"P-CRP" denotes the measurement of C-reactive protein, a standard medical test utilized to
assess CRP levels in the bloodstream. C-reactive protein is synthesized by the liver as a response
to inflammation. Elevated CRP levels in the blood typically signify ongoing inflammation
within the body. Within the context of sepsis, which is triggered by the body’s exaggerated
reaction to an infection, notable increases in CRP levels often occur. Therefore, the considerable
significance of "P-CRP" within the regression model is rational.

Regarding "SapsKroppstemp," it represents the measurement of body temperature, also
indicative of inflammation within the body and it has been included in Systemic inflammatory
response syndrome(SIRS) criteria from [20] for defining sepsis. Studies conducted by P. Povoa
et al. in [21] proved that CRP serves as a superior marker for sepsis compared to temperature.
This observation aligns with the findings derived from the linear model in this study.

"InNoradrenalin" represents the measurement of noradrenaline, pivotal in regulating blood
pressure and modulating the body’s stress response mechanisms. During sepsis, the body
often enters a state of shock prompted by an overwhelming immune reaction. This can result
in a decline in blood pressure. To sustain blood pressure levels and ensure adequate blood
circulation to essential organs, the body releases noradrenaline as a component of its natural
stress response. Therefore, the presence of noradrenaline can serve as an indicator for the
presence of sepsis, justifying its inclusion within the model.

Additionally, several other variables exhibit statistically significant odds ratios, although it
is imperative to acknowledge that these findings may be influenced by the limited sample size
of certain categories. Consequently, the confidence intervals associated with these odds ratios
tend to be wider.

For instance, consider the category "1" within the variable "lowtemp," which constitutes

only 6% of the total training set. Despite this relatively small representation, it yields a sub-
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stantial odds ratio of 2.53. However, due to the limited sample size in this category, the
corresponding confidence interval is noticeably wider, suggesting the need for a cautious inter-
pretation of this particular result.

In the regression models of this study, which involve multiple hypothesis tests, the appli-
cation of the Holm-Bonferroni method for p-value adjustment is deemed necessary. However,
it is important to note that the p-values of the variables are not the primary consideration for
determining their importance in this study. Following the completion of the stepwise selection
model, variable importance analyses are conducted by examining the odds ratio component in
the forest plot.

Throughout the stepwise selection process, the p-value serves as a criterion. However, only
the variable with the largest p-value is removed at each step. For the largest p-value, the
significance level remains unadjusted in the Holm-Bonferroni method and remains at 0.05. The
threshold chosen for p-value stepwise selection in this study is 0.2. Consequently, the absence

of p-value adjustments is not anticipated to impact the model’s outcome.

3.1.2.2 Modified Cross Validation

Considering the reduced variables within the stepwise selected model, there has been a
notable increase in the size of the non-imputed real data. To mitigate this change, a modi-
fied cross-validation method is introduced in this study by the author. This newly developed
modified cross-validation technique ensures that exclusively authentic data are utilized as test
data, thereby enhancing the alignment of the test results with real-world scenarios. Initially,
the patients’ medical data is partitioned into two subsets: P; (containing imputed data) and
P, (comprising non-imputed real data).

For the training phase, only P; is utilised. Subsequently, P, is randomly partitioned into K
segments denoted as { P!, P2, ..., P*}, where each segment represents approximately 20 per cent
of the entire set. In each iteration of the training process, the ith fold utilises P’ as the validation
set, while the remaining P, segments are employed as the training set alongside P;. After
conducting K training folds, the average test-AUC across these folds is calculated. Readers
may refer to the figure below to understand how this model operates. Figure 6 illustrates the

functioning of the modified cross-validation method when the parameter k is set to 3.
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Figure 6: Procedure of modified cross validation method.

The process is repeated ten times to account for variability and ensure robustness, effectively

removing uncertainty and generating more reliable results.

When employing this method, it is crucial to exercise caution regarding the proportion of
outcomes within the prediction results of P,. Specifically, the ratio between "True" and "False"

outcomes in P, should align with that of the entire data set. Failure to ensure this consistency

may lead to intriguing yet inaccurate results.

The results from the modified cross-validation method are given as follows. P, here con-
tains 1111 patients’ medical data, and 356 patients’ variable "TrueSepsis" is "False", which is
relatively consistent with the ratio 0.25 from the entire set. Detailed results of the ten tests is

shown in table 5. The mean test-AUC is 0.716 with a 95% confidence interval (0.711, 0.721).
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Table 5: Results of the modified cross validation for the stepwise selection model for predicting
"TrueSepsis."

Training-AUC Test-AUC

0.755 0.720
0.754 0.718
0.753 0.720
0.753 0.713
0.755 0.722
0.753 0.726
0.752 0.714
0.756 0.712
0.754 0.703
0.755 0.710

The findings derived from modified cross-validation demonstrate a slight improvement over
the ordinary cross-validation method. Given the substantial difference in sizes between the
training and test sets, it is worth noting that imputed data could exert a more pronounced
influence on the test set compared to the training set.

Interpreting the results suggests that the regression model holds a 71% probability of accu-
rately discerning whether a patient suspected of having sepsis indeed exhibits septic conditions.
This statistical accuracy, when juxtaposed with clinical judgment, appears relatively accept-
able. Within the dataset D, 75% of patients receive a correct diagnosis. Notably, the false
instances of the variable "TrueSepsis" denote misdiagnoses as sepsis, excluding cases where
patients wrongly classified as having sepsis are not encompassed within D. Consequently, the
actual rate of correct diagnoses by physicians might be lower, rendering the performance of the
regression model relatively acceptable.

In comparing the outcomes with those of the full model, the AUC (Area Under the Curve) re-
mains nearly identical. This similarity underscores the success of the stepwise selection method
based on p-values, as it effectively reduces model complexity while preserving performance.
Furthermore, it highlights that certain variables bear minimal relevance to the target variable

"TrueSepsis."
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3.1.3 Uni-variate AUC

While the outcomes obtained through the stepwise selection method are promising, it is
essential to acknowledge the inherent limitations of this approach. The variables selected may
exhibit variance when applied to diverse training sets. To mitigate this potential variability, a
strategic approach involves integrating alternative models developed through distinct criteria
for variable reduction. This technique aims to temper the adverse impact stemming from the
potential instability of variable selection across varying training data sets.

In this section, a uni-variate method will be incorporated for model reduction. Initial models
will be constructed for each variable in conjunction with the outcome variable. Subsequently,
variables whose models achieve an AUC exceeding a predefined threshold will be identified and
chosen for inclusion. A novel model will be constructed using these selected variables and the
outcome variable.

Thus, the selection of variables hinges upon the targeted evaluation metric, prioritizing opti-
mal performance. Nonetheless, this methodology overlooks potential interrelationships among
variables. Certain variables might exhibit predictive efficacy when in conjunction with others,
despite lacking robust individual associations.

As before, this model’s forest plot is presented below as figure 7.
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Variable N Odds ratio p
SapsKroppstemp 2412 - 1.09 (1.01, 1.17) 0.024
SapsHjartfrekvens 2412 1.00 (1.00, 1.01) 0.415
SapsSystBP 2412 = 1.00 (0.99, 1.00) 0.477
SapsLeukocyter C 448 . Reference
A 137 : . 1.51(0.80, 3.09) 0.225
B 48 . + 0.84 (0.37, 2.13) 0.700
D 1216 : 0.68 (0.51, 0.90) 0.008
E 563 '—-:—' 0.89 (0.64, 1.24) 0.503
SapsBilirubin 2412 1.00 (1.00, 1.01) 0.417
SapsIVB_NIV_CPAP 0 1027 = Reference
1 1385 - 0.65 (051, 0.82) <0.001
PF_kvot 2412 . 0.99 (0.98, 1.00) 0.008
SapsRLS 2412 1.02 (0.97, 1.07) 0.490
InMAP 2412 = 1.01 (1.00, 1.01) 0.179
InNoradrenalin 2412 : l 1.37 (1.20, 1.58) <0.001
IHD 0 1956 | Reference
1 456 —— 0.71 (056, 0.92) 0.008
aB_Pa02/FiO2_kvot 2412 - 1.00 (0.99, 1.00) 0.151
aB_pCO02_(37C) 2412 . 1.02 (0.95, 1.08) 0.615
B_Hemoglobin_(Hb) 2412 - 1.00 (0.99, 1.00) 0.341
P_ALAT 2412 0.98 (0.97, 1.00) 0.082
P_APT_tid 2412 = 1.00 (0.99, 1.01) 0.439
P_ASAT 2412 . 1.01 (1.00, 1.02) 0.273
P_Bilirubin 2412 - 1.00 (0.99, 1.00) 0.186
P_CRP 2412 1 . 1.56 (1.42, 1.72) <0.001
P_Fosfat 2412 —.—1' 0.84 (0.71, 0.99) 0.037
P_PK(INR) 2412 -.- 1.08 (0.95, 1.25) 0.258
P_Urea 2412 1.01 (1.00, 1.02) 0.247
Smoke 1532 = Reference
402 '_._' : 0.62 (0.47,0.81) <0.001
478 - 0.56 (0.44, 0.73) <0.001
05 1 15 2253

Figure 7: Forest plot for the uni-variate model for predicting "TrueSepsis."

The uni-variate model in total has 23 variables, which is about double the size of the stepwise
selection method. When building the uni-variate model, all variables whose regression model
using "TrueSepsis" as the outcome have an AUC larger than 0.53 were included. This criterion

is meant to include all variables that may contribute to the prediction.
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Upon scrutinizing the odds ratios, akin to the stepwise selection model, certain variables—
specifically, "SapsKroppstemp," "InNoradrenalin," and notably, "P-CRP" —demonstrate rel-
ative significance. Particularly, "P-CRP" exhibits the highest odds ratio value. Besides, two
variables, "P-Fosfat" and "P-PK(INR)," absent in the stepwise selection model, exhibit signifi-
cance in this univariate model. However, "P-PK(INR)" displays an odds ratio only marginally
above 1, while the confidence interval for "P-Fosfat" is considerably wide and nearly intersects
with the vertical line. The prominence of "P-CRP" remains unaffected. On comparative anal-
ysis, it could be argued that these two models bear similarities concerning significant variables.

Regarding its performance, the Modified CV results are shown in table 6. The mean test-
AUC is 0.709, with a 95% confidence interval (0.706, 0.711).

Table 6: Results of the modified cross validation for the uni-variate model for predicting "True-
Sepsis."

Training-AUC Test-AUC

0.751 0.712
0.751 0.712
0.752 0.705
0.751 0.707
0.751 0.711
0.751 0.706
0.751 0.711
0.752 0.706
0.751 0.702
0.751 0.714

Table 7: Performance results of two regression models for predicting "TrueSepsis."

test-AUC 95% CI
Stepwise selection 0.716 (0.711, 0.721)
Univariate AUC 0.709 (0.706, 0.711)

From table 12, the mean test-AUC observed in the univariate model is marginally lower than
that of the stepwise selection model. However, this discrepancy appears rational when consid-
ering the variance inherent in certain test datasets. It is plausible that with an alternative test

set, the univariate model could potentially outperform the stepwise selection model. Hence, one
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might contend that the AUC performance of these models is notably similar. Consequently, it
suggests a scenario where only a limited number of variables exhibit association with the out-
come. Furthermore, the notion that augmenting the model with additional variables—despite
their individual AUC test validation—might not significantly enhance predictive capability.
Such a scenario raises concerns about model efficacy, as relying solely on three variables might
not yield a robust prediction. This inherent issue might persist as the dataset remains static.
At present, it is plausible to assert that the predictive performance of regression models is
limited, yielding an AUC of 0.716 with a 95% confidence interval (0.711, 0.721).

To choose between the two regression models, the stepwise selection model boasts a more
concise set of variables and demonstrates superior performance in terms of AUC. Consequently,

the stepwise selection model is the more suitable choice within the regression domain.

3.2 Machine Learning: XGBoost

XGBoost, an abbreviation for eXtreme Gradient Boosting illustrated in [22[, is a prominent
and formidable machine learning algorithm predominantly applied to regression and classifica-
tion tasks. It is classified within the domain of gradient boosting algorithms, which strategically
construct an ensemble of decision trees to facilitate predictive modelling. Renowned for its ex-
ceptional computational efficiency, remarkable predictive accuracy, and high processing speed,
XGBoost has consistently outperformed its peers in numerous machine-learning competitions.
This exceptional performance has solidified XGBoost as a favoured choice in academic and
industrial circles. Subsequently, a model utilising XGBoost will be presented below. Its impor-

tance plot and Shap value plot will be given.

3.2.1 The Theory

Before implementing the XGBoost algorithm, an explanation of it mathematical theory
will be first given. XGBoost is based on gradient boosted trees, which originated from gradient
boosting developed in [23]| and detailed explanations of the gradient boosted trees will be shown

in the following sections.
3.2.1.1 Elements of the learning algorithm
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XGBoost is a supervised machine learning algorithm, which uses the training data ax; to

predict the outcome y;. The main aim of the learning algorithm is to find function f such that

Parameters The function f typically lacks a closed-form expression. To address this
challenge, existing functions are often employed to approximate f, with these approximations
commonly referred to as models. An illustrative example of such models in supervised machine
learning is the employment of linear models, denoted as §; = f(x;) = > 05, as discussed in
the preceding section.

Within the model function, certain components remain undetermined until derived from the
provided data. These components, commonly known as parameters, are typically denoted as
0, analogous to its usage in the linear model. It is noteworthy that various models may entail
multiple parameters. For instance, within the XGBoost algorithm, several commonly utilized

parameters include 7, denoting the learning step size, A, representing the L2 regularization

term, and the maximum number of leaves.

Objective Function In seeking the appropriate values for 6, a fundamental objective
entails the minimization of |g; —y;|, often achieved through the minimization of the loss function

L(0).A prevalent selection for the loss function L is the mean squared error, defined as:
L(0) = Zl (vi> 9s) = Z (yi — ?)z’)Q‘

For classification problems in this study, the logistic loss function is chosen as:

7

L(0) = Z Ly ) = ) [yiln (L+e7) + (1= y) In (14 €%)] .

Nevertheless, the minimization of the loss function primarily ensures that the parameter 6
adequately fits the training data {x;,y;}. Subsequently, the trained model is applied to new
data i.e. test data, to forecast the outcomes. It is noteworthy that, on occasions, despite

achieving a smaller loss function value, the performance of the model may deteriorate. Figure 8
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[24], depicted below, serves as an illustrative example, demonstrating that although the training

data is fitted well, the model may fail to generalize effectively to the test data.

(a) underfitting (b) overfitting (¢) balanced model

Figure 8: An example of different training strategies affect the test results. Black dots are the
training set, while red dots are the test sets.

Figure 8 illustrates three distinct levels of model performance. In Figure 8(a), the depicted
straight line inadequately fits both the training data and test data. Conversely, Figure 8(b)
portrays a scenario where the model perfectly fits the training data but fails to provide accurate
predictions for the test data. Finally, Figure 8(c) exemplifies a balanced model, exhibiting
proficient fitting capabilities for both the training and test datasets.

The exclusive minimization of L(#) may lead to overfitting issues. To mitigate this chal-
lenge, a regularization term is introduced to regulate the model’s complexity. Together, the

regularization term denoted as R(#) and loss function L(6) forms the objective function Fy;,
Foj = L(0) + R(6).

The objective function is a representation of the bias-variance trade-off concept in machine
learning as shown in [25]. Generally, as the number of tunable parameters in a model is
increased, its flexibility increases, leading to improved adaptation to a given training dataset.
This enhanced flexibility results in reduced bias. Nonetheless, with heightened model flexibility,
there is a propensity for increased variance in the model’s fit when applying different samples
to generate new training datasets. Consequently, with variations in the training dataset, a
substantial divergence in parameters will be observed. This divergence implies that the trained

model may exhibit suboptimal performance when applied to test data, leading to diminished
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predictive accuracy. Thus, the primary objective of the XGBoost model is to minimize the

objective function, with detailed elucidation provided in subsequent sections.

3.2.1.2 Classification and Regression Tree Ensembles

To find 6 that minimise the objective function, ensemble tree methods are applied in the
learning process of XGBoost algorithm. In machine learning, ensemble methods combines
multiple simple individual models to formulate a more potent and robust predictive model.
The fundamental concept underlying ensemble methods posits that through the amalgamation
of predictions from numerous simple models, enhanced performance can be attained compared
to any individual model in isolation, as proved in |26, 27]. These methodologies find extensive
application across diverse machine learning tasks and are renowned for augmenting both the
overall accuracy and generalization capabilities of the model.

The ensemble model employed in XGBoost comprises a collection of classification and re-
gression tree (CART). CART initiates by meticulously selecting a specific feature to partition
the dataset. Upon the selection of the splitting feature, the dataset undergoes division into two
subsets contingent upon the values of that feature. For instance, if the chosen splitting feature
pertains to "age," the dataset may be bifurcated into subsets comprising individuals either
younger or older than a certain age threshold. Subsequent to the split, each terminal node,
also referred to as a leaf, is assigned a predictive value. The predictive value assigned to each
terminal node serves as a crucial component within the algorithm, facilitating the derivation
of prediction outcomes in subsequent stages of analysis. Figure 9 is an example of CART for

predicting whether or not one likes Kpop music.
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Target: Like Kpop music
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<
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Figure 9: Illustration of CART based on five individuals.

The prediction in the aforementioned example is constructed using data from 5 individuals

" is illustrated in figure 9.

and several input variables. The CART, based on the variable "age,’
Each leaf node within the tree is assigned a prediction score. The final prediction is determined
by aggregating the prediction scores from the leaf nodes across multiple trees, reflecting the
underlying principle of ensemble methods.

Figure 10 is an example of an ensemble of two trees. The final prediction scores are given

for all the five individuals.
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Figure 10: Ensemble of two CARTs and calculation of the prediction score for each individual.

Following this example, the mathematical expression of the ensemble trees are given as

below:

K
Ji=> felz), fu € F,
k=1
where K is the number of CARTSs, and f}, is a function in the functional space F, which is the
space of all possible CARTs. The objective function to be minimised is given by
n K
Fopi(0) = Zl(yu?)z’) + ZW (fx)

k=1

where [ (y;,9;) is the loss function and w(fy) is the complexity of the tree fi, and it is meant

to be the regularization term. Detailed definition of w( f) will be given in the later sections.

3.2.1.3 Model Training

As observed in the aforementioned example, the prediction scores assigned to each leaf node,
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such as "+42", are not arbitrary but are determined through the training or learning process, as
are the structures of the trees themselves. From a mathematical perspective, it is imperative
to identify a suitable function f;, that encapsulates both of these aspects. The learning process
of fi is done additively, whereby a new tree is sequentially incorporated into the model based
on the previous training outcomes. This is necessary as training all the trees simultaneously
by merely considering the gradient is not feasible. Denote the prediction value ; at step s as

g)fs), which can be written as:

The objective function can be updated as:

Fuy® Zl(y,,yz )+Zw £)
_Zl( 81)+fsxz) waz.

Since trees before f; have been learned and established, the complexity term can be simplified,

whereby the complexity of the prior trees can be reduced to a constant value:
Fug™ =300 (5 37" + o (20)) +w (f,) + constant.
i=1
In the application of XGBoost models to various problem domains, including regression

and classification, the choice of loss function varies. Certain loss functions may not yield a

straightforward closed-form expression for the objective function. Consequently, a second-order
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Taylor expansion is employed to approximate the loss function:

9 (- (s 1 (s
Fobj( ) :Z |:l (3/1; yf 1)) + aggsfl)l (yw yf 1)) fs (xz) =+ 58;371)[ <y17y7,( 1)> f52 (xl):|

i=1

+ w (fs) + constant.

To simplify the expression, define the two partial derivatives as g; and h; respectively:

g9i = aﬁ(sfl)l <yi7g)§5_1)> )

h; = 82(371)l (yi’@53_1)> .

As mentioned before, the training process is done additively so f, and gji(s_l) has already be
decided, which means they are constant. Since constant terms do not affect the minimisation,

they can be removed to simplify the expression:
9_\ 1
Fp =>" {gifs (i) + GhifS (x:) | +w (£

=1

Following the treatment of the loss function, it is pertinent to provide the definition of the

regularization term. First, define f as:
fs(x) = Ug(z), U € RT ¢:R'— {1,2,---,T},

where v is a vector recording the prediction scores on leaves, and ¢ is a function whose input
is the data or object and the output is the leaf the data belongs, and T is the total number of

leaves. Reader can refer to figure 11 as an example.
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Figure 11: Explanation of the tree function f;.

In this example, the tree has two leaves, and function ¢ allocate the young boy in to leaf 1.
Hence, the prediction score of the young boy in this tree is v; which is 2.

In XGBoost models, the model complexity w(f) is usually defined as:
1 X
w(f)=~T+ 5)\21)]2-.
j=1

This definition comes out of experience as shown in [22].

Finally, combining the loss and regularization term, the objective function can be expressed

as:

n -

T
S 1 1
For® 2 ) | givyay + §hivg<xi)] +aT+ §AZ“;2'
- L j=1

= Zgi Uj—i—% Zhi—i-/\ U]2~ +T,

j=1 icl; icl;

where [; = {i| ¢ (z;) = j} is a set of indices, indicating data points that are assigned to the

j-th leaf. The second equality comes from that the prediction scores of data points belong to
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the same leaf are the same. To further simplify this equation, define

Gi=> g

icl;

Hyj=> h

iEIj
The expression can be reduced to:
T
Fop;® Z{Gv] (H; + M) v }+7T
7j=1

which is a quadratic function of v;.
Since the prediction scores v; in different leaves are independent, the quadratic form Gv; +

% (H; + ) UJQ- has a minimum, which is achieved at v}:

The minimum at v} given the structure function g is:

T 2
REAE
£ o= E T
obhj = 3 H+A+7

For varying tree structures, denoted by different ¢, the minimum of F,;; will vary accordingly.

The minimum, denoted as F’% ., is commonly termed as the structure score. A lower value of the

obj
minimum structure score indicates that the tree structure provides a better fit for the particular
problem.

Ultimately, the remaining question pertains to the method for learning the true structure
function ¢g. One potential approach involves employing the exhaustive method, entailing the

calculation of F™

op; for all conceivable combinations. However, this approach may prove imprac-

tical due to the substantial computational time required.
To resolve this, a common strategy involves splitting a leaf into two leaves. The new

structure score gained from this split is defined as:
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2|Ho+X Hr+ X Hp+Hp+ A

From left to right, each term in this expression means, the score of the new leaf in the left, the
score of the new leaf in the right, the score of the original leaf, the regularization term of the
additional leaf. If the Gain is less than 0, meaning that it is less than the regularization term,
this new branch should not be added since the gain in the loss function does make up the loss
in model complexity.

Now the whole tree boosting theory is complete. In the next sections, specification on how

to evaluate the performance of XGBoost models will be given.

3.2.2 Evaluation Methods

In XGBoost, importance plots serve as visual aids illustrating the relative significance of
various features within a predictive model. These graphical representations facilitate the com-
prehension of the most impactful variables or features on the model’s predictions. The impor-
tance of features is evaluated primarily through the metric known as "Gain" or "Importance
score." This metric gauges the enhancement in AUC attributable to a specific feature within
the decision branches it influences. A higher gain value denotes a more pivotal feature in the
decision-making process of the model.

Another way to measure the feature’s importance is using SHAP (SHapley Additive exPla~
nations) in [28]. SHAP values serve as a method to comprehensively assess the contribution of
individual features towards predictions for specific instances within a model. SHAP value plots
provide a visual depiction of the influence exerted by various features on model predictions
for individual data points. In the context of classification models, SHAP value plots illustrate
the significance of each feature through horizontal bars, delineating their positive or negative
contributions. The length of each bar within the plot signifies the magnitude of a feature’s
impact on the prediction. This visualization technique proves instrumental in not only gauging
the overall importance of features within the model but also in delineating the nuanced impact

of each feature on individual predictions.
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3.2.3 Model Analyses

P_CRP
SapsKroppstemp
P_APT_tid
InNoradrenalin
Nonsmoke
SapslLeukocyter
SapsTidforelVA
PF_kvot
aB_PaO2/FiO2_kvot
SapsHjartfrekvens
P_Fosfat
SapsSystBP
P_Pankreasamylas
P_Magnesium
B_CO_Hb

P_ASAT
SapsBilirubin

IHD
P_Kreatinin_(enz)
InDiures

P_ALP

Kon

P_ALAT
SapsIVB_NIV_CPAP
aB_p02_(37C)

I I I I I
0.0 0.1 0.2 0.3 0.4

Importance

Figure 12: Feature importance of the top 20 variables used in the XGBoost model for predicting
"TrueSepsis".

From the importance plot in figure 12, the XGBoost model encompassed 25 variables, some
of which were not previously presented in the regression models. Notably, "P-APT-tid," absent

in the regression models, ranked third in importance within the XGBoost model. This discrep-
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ancy might stem from XGBoost’s capacity to discern nonlinear relationships during training.
However, the identification of new variables potentially contributing to prediction might not
markedly enhance model performance. This observation arises from the substantial importance
attributed to "P-CRP," significantly outweighing the importance of all other variables within
this model.

Alternatively, it can be inferred that the remaining variables do not contribute substantial
or valuable information to the model. This observation aligns with our earlier findings in the
context of regression models, where "P-CRP" consistently emerged as the dominant factor. In
light of these findings, it is conceivable that augmenting the data set with additional data may

improve the model’s performance.
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Figure 13: SHAP summary plot of top 5 most important variables the XGBoost model for
predicting "TrueSepsis."

Within the SHAP summary plot in figure 13, several components are discernible:
Variables: Each predictor variable in the XGBoost model is displayed along the vertical
axis of the plot. Typically, features are arranged in descending order of importance, highlighting
the most influential ones at the top.

Feature Importance: The significance of each feature in the model’s prediction is depicted
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through its SHAP value. A higher SHAP value indicates a more substantial impact on the
model prediction. The average absolute SHAP value for each variable is indicated adjacent to
the variable name on the y-axis.

Feature Effects: This section illustrates how each feature contributes to either elevating
or reducing the model’s prediction. Positive SHAP values signify contributions towards "True"
of the outcome, while negative values indicate contributions towards "False" of the outcome.

Color Gradients: The SHAP values are visualized using varied colors corresponding to
the magnitude of each feature value, enabling the visualization of each feature’s impact.

Baseline: The baseline value selected for prediction serves as a reference point. In this
context, the baseline is established at 0, with two categories set to 1 and -1, respectively, for
this particular study. This choice provides context for interpreting the effects and contributions
of the features within the model.

In reviewing the SHAP summary plot, the prominence of "P-CRP" remains evident, ex-
hibiting both the widest range and highest magnitude of SHAP values. "SapsKroppstemp" and
"InNoradrenalin" continue to hold top positions in terms of SHAP values, albeit with notably
lower importance compared to "P-CRP." These findings align with the earlier importance plot
and regression results.

Interestingly, "Nonsmoke" occupies a significant position in SHAP values despite its rel-
atively lower importance in the regression model. However, it is pertinent to note that this
variable contains over 30% missing data, casting uncertainty on its actual impact within the
model.

As a result, the findings from the SHAP value plot correspond harmoniously with the
importance values and the logistic regression models, reaffirming the dominance of "P-CRP"
within this model. This suggests that the existing data might not suffice for the development
of an improved model.

In addition to the SHAP summary plot, the SHAP contribution dependency plot of the XG-
Boost model will be presented. This visualization illustrates the correlation between a feature’s
value and its influence on the model’s output. These plots serve to elucidate how alterations in
a specific feature’s value throughout the data set impact predictions, facilitating the validation

of model reliability. They offer precise insights into how the magnitude of variables directly

40



influences predictions.
In this study, the dependence plot encompasses solely the top 5 most crucial variables.
Given the relatively smaller SHAP values and importance of other variables, their inclusion

might not yield substantial analytical significance.
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Figure 14: Shap value plot of top 5 important variables used in the XGBoost model for pre-
dicting "TrueSepsis."

The dependency plots as in figure 14 for the variables "P-CRP," "SapsKroppstemp," "In-
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"and "P-APT-tid" reveal an overall increasing trend concerning variable values.

Noradrenalin,’
Although occasional instances of decreasing trends exist, these exhibit relatively modest slopes.
It can be inferred that as the values of these four variables increase, the prediction tends toward
"True" for "TrueSepsis." These outcomes align with real-world scenarios. For instance, when
the value of "SapsKroppstemp" hovers around 37, indicating normal body temperature, its
corresponding SHAP value approximates 0. However, an increase beyond 37 leads to a positive
SHAP value, shifting the prediction toward "True," signifying the presence of sepsis. This
observation corresponds to the SIRS criteria, where a patient displaying a body temperature
exceeding 38°Cindicates a potential septic condition.

Conversely, "Nonsmoke," being a categorical variable, is represented as a straight line in
the plot. Here, "True" for "Nonsmoke" denotes a patient who is a non-smoker, resulting in a

prediction of "False," indicating the absence of sepsis.

As to the performance of the XGBoost model, Modified CV will again be implemented for
evaluation. The outcomes are provided in table 8. The mean test-AUC is 0.742 with a 95%
confidence interval (0.738, 0.745). The omission of Training-AUC in the table is deliberate due
to its variability, spanning from 0.85 to 0.97 with different parameters. Notably, this metric
demonstrates significant fluctuation, whereas the test-AUC remains relatively stable despite

parameter variations.

Table 8: Results of the modified cross validation for the XGBoost model for predicting "True-
Sepsis."

Test-AUC
0.744
0.742
0.734
0.746
0.749
0.740
0.747
0.743
0.736
0.736

When contrasting the logistic regression model with XGBoost models, the latter prove more
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straightforward to construct due to the incorporated regularization term and automated vari-
able selection. In logistic regression, the process involves manual reduction of models based on
diverse criteria, followed by comparisons among the reduced models. While adjusted regression
methods such as Lasso regression in [29] and Ridge regression in [30] exist, their application to

the data set D in this study unfortunately yields suboptimal performance.

Table 9: Performance results of regression and XGBoost models for predicting "TrueSepsis."

test-AUC 95% CI
Stepwise selection 0.716 (0.711, 0.721)
Univariate AUC 0.709 (0.706, 0.711)
XGBoost 0.742  (0.738, 0.745)

As to performance, from table 9, XGBoost exhibits a modest improvement relative to the
regression models; nevertheless, it falls short of achieving a significantly favourable outcome.
It is essential to acknowledge that, given the existing data set, there are limited avenues for
enhancing the model’s performance. The prospect of conducting further investigations and
achieving improved results would be contingent upon acquiring a more extensive data set.

Even though same as logistic regression, the main contributing variable of the XGBoost is
"P-CRP" only, XGBoost’s superior performance underscores the advantages of ensemble meth-
ods in mitigating variance. However, the enhancement in performance is marginal, primarily
due to the dominance of "P-CRP," rendering the model close to a simple logistic regression.

The promising training performance exhibited by XGBoost suggests potential for improved
models with larger datasets, both in terms of size and variable count or fewer missing values.

Considering the current findings, the model’s diagnostic accuracy is only 1% lower than that
of a medical professional, an accuracy that could potentially diminish, as previously mentioned.
Nevertheless, the process of training a healthcare professional necessitates a considerable dura-
tion. For example, in Sweden, acquiring a medical license necessitates completion of extensive
5 to 6 years of degree studies. Remarkably, a model capable of providing near-comparable
diagnostic efficacy within seconds is quite remarkable and effective. However, it is essential
to note that while the current results offer valuable insights, they should not be relied upon
exclusively. They could possibly serve as a valuable reference aiding diagnostic decision-making

processes.
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4 Predicting "CultureBloodPositive"

Blood culture tests serve as vital diagnostic tools for identifying the presence of microor-
ganisms, such as bacteria or fungi, within a patient’s bloodstream, particularly in the context
of sepsis.

Their significance lies in pinpointing the specific pathogen causing the infection, a critical
step in sepsis diagnosis. This identification is pivotal as it enables the prescription of precise and
effective antibiotic or anti-fungal treatments. Upon the identification of the causative microor-
ganism via blood cultures, healthcare providers possess the capability to customize antibiotic
therapy to effectively target the specific pathogen. Timely administration of appropriate med-
ications is imperative in managing sepsis and preventing its escalation to severe stages.

These tests not only facilitate the identification of the responsible microorganism but also
aid in determining the most suitable medications, especially in instances where the infection
might exhibit resistance to certain antibiotics. As a result, culture blood tests play an integral
role in the diagnostic process for sepsis, guiding healthcare providers in administering timely
and tailored treatments to patients.

Statistical methods’ predictions concerning the culture blood test results aim to further
stratify patients and expedite doctors’ diagnostic processes.

This section focuses on predicting the blood culture test outcomes, specifically the outcome
variable "CultureBloodPositive" within dataset D. "CultureBloodPositive" represents a cate-
gorical variable, where "True" indicates a positive test result and "False" denotes a negative
test result. For the prediction task, logistic regression and XGBoost methodologies will be
employed.

It is important to note that the blood culture test results are exclusively documented for
septic patients within dataset D, comprising a total of 2011 patients, constituting approximately
75% of the entire dataset. The independent variables utilized for prediction will mirror those

employed in predicting "TrueSepsis."
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4.1 Logistic Regression

4.1.1 Full Model

Consistent with the previous approach, logistic regression is utilised as a benchmark. To
commence, the full model encompassing all variables will be presented, followed by subsequent
iterations featuring reduced models.

The results of cross validation for the full model are shown in table 10.

Table 10: 5 fold cross-validation results for the full regression model for predicting "Culture-
BloodPositive."

Resample Test-AUC Spec Sens F1l-score

Fold1 0.777 0.485 0.875 0.624
Fold2 0.781 0.522  0.860 0.650
Fold3 0.767 0.492 0.842 0.621
Fold4 0.728 0.507 0.804 0.622
Fold5 0.726 0.507 0.812 0.624

The mean test-AUC stands at 0.756 with a 95% confidence interval (0.723, 0.789). Interest-
ingly, compared to the full regression model for predicting "TrueSepsis," this AUC is marginally
higher, despite the smaller dataset size. This slight elevation can be attributed to the greater
number of contributing variables in this specific model, a point that will be elucidated further

in the subsequent analyses of the reduced models.

4.1.2 Stepwise Selection Based on P-value

In the context of the stepwise selection method, the analysis unfolds as follows: The forest
plots in figure 15 reveal the presence of seven variables with notably significant odds ratio val-
ues. The model has 14 variables in total and half of them are of high significance. This notable
discrepancy compared to the "TrueSepsis" prediction, in which "P-CRP" singularly dominates,
suggests the existence of multiple variables holding valuable information. Having more con-
tributing variables signifies a positive development in model prediction, notably reflected in the

elevated AUC value, despite the reduction in dataset size.
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Variable N Odds ratio P
SapsTidforelVA 1609 . 0.98 (0.97, 1.00) 0.015

SapsIVB_NIV_CPAP 0 707 i Reference
1 902 i E 0.54 (0.41, 0.70) <0.001
INMAP 1609 -: 0.98 (0.97, 0.99) <0.001
InNoradrenalin 1609 E. 1.31(1.12, 1.53) <0.001
aB_Laktat 1609 .- 1.13(1.08, 1.20) <0.001
aB_pC02_(37C) 1609 -. 0.87 (0.80, 0.95) 0.002
aB_pH_(37C) 1609 | —l— E 0.04 (0.01, 0.21) <0.001
B_p50 1609 .E 0.69 (0.56, 0.85) <0.001
B_Trombocyter 1609 * 1.00 (1.00, 1.00) <0.001
P_ALP 1609 I- 1.14 (1.07, 1.21) <0.001
P_ASAT 1609 i 0.99 (0.98, 1.00) 0.005
P_CRP 1609 I. 1.18 (1.10, 1.27) <0.001
P_Urea 1609 I. 1.01 (1.00, 1.03) 0.017

Smoke N 1042 I. Reference
262 i i 0.39 (0.26, 0.58) <0.001
(e} 305 [ | E 0.55 (0.40, 0.76) <0.001

1

0.010.02 0.050.1 0.2 0.5

Figure 15: Forest plot of the stepwise selection model for predicting "CultureBloodPositive."

Regarding the Modified Cross Validation result, the mean test-AUC is observed at 0.743,
with a 95% confidence interval (0.739, 0.747). Results of the ten tests are shown in table 11.
Although marginally lower than the full model, this difference is reasonably accounted for by

the reduction in the number of variables utilized in this analysis.
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Table 11: Modified cross validation results of the stepwise selection model for predicting "Cul-
tureBloodPositive."

Training-AUC Test-AUC

0.798 0.737
0.797 0.746
0.796 0.741
0.796 0.741
0.797 0.747
0.798 0.746
0.797 0.742
0.798 0.752
0.797 0.746
0.798 0.734

4.1.3 Uni-variate AUC

Concerning the uni-variate model, it is noteworthy that its performance and model size
closely mirror those of the stepwise selection method.

Nevertheless, in contrast, only three variables within the uni-variate model exhibit sub-
stantial odds ratio values. Variables highly significant in the stepwise selection model, such
as "InNoradrenalin," "aB-pH-(37C)," and "B-p50," are notably absent from the uni-variate
model. This absence may suggest their reliance on combination with other variables to con-

tribute effectively to the prediction.
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Variable N Odds ratio P
SapsSystBP 1609 . 1.00 (1.00, 1.01) 0.770
SapsBilirubin 1609 I. 1.02 (1.00, 1.03) 0.008
InMAP 1609 .I 0.98 (0.97, 0.99) <0.001
aB_Laktat 1609 :. 1.06 (1.01, 1.12) 0.013
aB_pC02_(37C) 1609 ] : 0.80 (0.74, 0.87) <0.001
B_Trombocyter 1609 - 1.00 (1.00, 1.00) <0.001
Ecv_Basoverskott 1609 - 0.99 (0.97, 1.02) 0.599
P_APT_tid 1609 .- 1.01 (0.99, 1.02) 0.340
P_Bilirubin 1609 -I 0.99 (0.98, 1.00) 0.056
P_CRP 1609 ' | 1.21(1.12,1.31) <0.001
P_Kreatinin_(enz) 1609 - 1.00 (1.00, 1.00) 0.121
P_PK(INR) 1609 -Il-' 1.06 (0.92, 1.22) 0.417
P_Standardbikarbonat 1609 .I 0.99 (0.96, 1.02) 0.454
P_Urea 1609 I. 1.02 (1.01, 1.03) 0.007
Smoke N 1042 i Reference

262 [ —— 0.37 (0.25, 0.54) <0.001

305 —— 0.54 (0.39, 0.75) <0.001

0r os 08 112

Figure 16: Forest plot of the Uni-variate model for predicting "CultureBloodPositive."

Table 12: Performance results of two regression models for predicting "CultureBloodPositive."

test-AUC 95% CI
Stepwise selection 0.756 (0.723, 0.789)
Univariate AUC 0748 (0.745, 0.751)

The mean test-AUC from the modified cross-validation is 0.748 with a 95% confidence
interval (0.745, 0.751), which is almost the same as the stepwise selection method. Results of

the ten tests are given in table 13.

48



Table 13: Modified cross validation results of the Uni-variate model for predicting "Culture-
BloodPositive."

Training-AUC Test-AUC

0.768 0.748
0.767 0.755
0.768 0.747
0.768 0.748
0.768 0.740
0.767 0.751
0.767 0.750
0.767 0.745
0.767 0.748
0.768 0.749

4.2 Machine Learning: XGBoost

In contrast to the predictive model for "TrueSepsis," the XGBoost model for forecasting
"CultureBloodPositive" encompasses a notably more extensive set of variables. Observed from
the importance plot, the variable "B-Trombocyter" wields the highest influence; however, it is
imperative to underscore that numerous other variables exhibit high importance values, coinside
with the observation from the logistic regression models. Additionally, it is noteworthy that no
variable demonstrates extreme dominance over others, a departure from the scenario observed
in models predicting "TrueSepsis."

This phenomenon underscores the presence of valuable information distributed across mul-

tiple variables, which, in turn, augments the potential for a more robust model performance.
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Figure 17: Importance plot of the XGBoost model for predicting "CultureBloodPositive."

The variable "B-Trombocyter" did not exhibit significance in either of the two reduced
regression models despite having the highest importance. This discrepancy might stem from
its nonlinear relationship with the outcome variable which logistic regression models cound not

catch.
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Figure 18: SHAP value summary plot of the XGBoost model for predicting "CultureBloodPos-
itive."

Much like the importance plot, the SHAP value summary plot also indicates the absence
of the singular dominant variable, highlighting the significance of numerous variables. The
disparity in the magnitude of SHAP values across different variables isn’t substantial. These
observations, along with insights from regression models, suggest that multiple variables carry
valuable information for predicting "CultureBloodPositive." This insight could potentially guide
improvements in predicting "TrueSepsis." In addition to expanding the data set by recording
data from more patients, augmenting the significance tests could serve to enhance the model’s

performance.
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Figure 19: SHAP contribution dependency plot of the top 5 most important variables used in
the XGBoost model for predicting "CultureBloodPositive."

The SHAP contribution dependency plot reveals a pattern where the curve levels off before
or after a specific point. This observation suggests that the blood culture test result might be
influenced when the test outcome deviates from the normal range or exceeds certain thresholds,
which aligns with reasonable expectations.

As to the model performance, the average test-AUC obtained through the modified cross-
validation is 0.774 with a 95% confidence interval (0.770, 0.777). Detailed results are shown in
table 14
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Table 14: Modified cross validation results of XGBoost model for predicting "CultureBlood-
Positive."

Test-AUC
0.773
0.780
0.780
0.779
0.767
0.777
0.772
0.773
0.769
0.766

Table 15: Performance of two XGBoost models

test-AUC 95% CI
Predicting "TrueSepsis" 0.742 (0.738, 0.745)
Predicting "CultureBloodPositive" 0.774 (0.770, 0.777)

From table 15, the performance of the "CultureBloodPositive" prediction slightly surpass
those of the preceding XGBoost model. It is crucial to recognize that this prediction pertains
exclusively to patients with a "True" value for "TrueSepsis." Consequently, this improved per-
formance is achieved with a smaller the data set size. The observed improvement is evident in
both the regression and XGBoost models. It could be inferred that incorporating additional
variables with pertinent information would likely elevate the performance of the classification
model.

Once again, the performance of the XGBoost model surpassed that of the regression models.
As observed previously, adjusting the parameters can elevate the training-AUC of the XGBoost
model to approximately 0.85 to 0.97, yet the test-AUC remains consistent. This pattern implies
the potential for further enhancement within the XGBoost model. Strategies for improvement

will be deliberated upon in the subsequent sections.
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5 Model Comparison

Numerous studies have explored the subject matter, and their findings consistently demon-
strate superior performance in the prediction models’ AUC values. Some investigations have
even achieved an impressive area under the curve (AUC) of approximately 0.9 as shown in |3,
9, 12, 13, 14, 31]. This outcome variance can likely be attributed to the disparity in dataset
sizes. Our dataset comprises only 2667 patients, whereas most other studies have amassed over
10,000 patient samples. Augmenting current dataset with additional data can enhance our
results significantly. Also, in this study, the samples exclusively comprise individuals suspected
of "TrueSepsis." In contrast, other research endeavours have utilised datasets encompassing all
patients within the ICU, a subset of whom were admitted for reasons unrelated to sepsis, such
as severe injuries. Consequently, the inclusion of these non-"TrueSepsis" patients in the dataset
has the potential to yield an elevated AUC due to the relatively easier task of distinguishing
them from "TrueSepsis" cases.

Of particular concern is the predictive accuracy of "TrueSepsis," as indicated by the im-
portance plots, which reveal that only the "P-CRP" variable exerts a dominant influence on
our model. Conversely, previous research, such as |9, 32, 33, 34| highlights the significance
of other variables, such as neutrophil to lymphocyte ratio(NLR) and procalcitonin(PCT), in
contributing positively to the model’s performance. Also, "PCT" and "NLR" exhibit a greater
contribution to the predictive modeling of sepsis compared to "P-CRP", as shown in [34, 35].
Regrettably, these variables could not be consider due to their substantial missing data. Only
367 patients in dataset D have complete records for all three tests.

Furthermore, it is important to note that most of the variables in data set D contain varying
degrees of missing values. While imputation techniques have been applied to address these gaps,
there will inevitably be disparities between the imputed values and the actual data, potentially
impacting the model’s overall performance.

Lastly, it is worth acknowledging the inherent complexity in identifying cases of "TrueSepsis"
for medical professionals. In dataset D, misidentified patients exist, which could adversely affect
the model’s accuracy and reliability.

In light of these considerations, further research and data augmentation efforts are warranted

to improve the robustness and generalisability of models in this study.
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6 Conclusions

Within this investigation, predictive models for sepsis diagnosis are developed utilizing both
logistic regression and the XGBoost algorithm. The outcomes yielded by these models shown
in section 3.2.3 is only 1% lower compared to the accuracy of trained healthcare professionals’
judgement. Hence, it is appropriate to assert that the mathematical models demonstrate con-
siderable efficacy, thereby offering valuable assistance to medical professionals in their clinical
assessments. It is evident that mathematical methodologies hold promise in aiding the pre-
diction and identification of certain medical conditions. Nevertheless, from the discussion in
section 5, other studies produce better results with larger data sets, so the efficacy of these
mathematical approaches may be contingent upon the extent and quality of the available data
set.

In comparative analyses of prediction models, XGBoost machine learning models have
demonstrated a slight performance advantage, which is about 4% higher as shown in section
3.2.3, over logistic regression models. This observed difference aligns with expectations. How-
ever, it is important to note that from section 5, the exclusion of two significant variables from
this study due to a considerable amount of missing data may limit the predictive capacity of
these models, constraining their ability to yield exceptional results.

For the issue of predicting "TrueSepsis," it is advisable for medical practitioners to consider
incorporating the Neutrophil-to-Lymphocyte Ratio (NLR) and Procalcitonin (PCT) tests for
patients exhibiting suspicious symptoms. This observation arises from the significant correlation
between these tests and "TrueSepsis," and they have been proved to be better predictors in
modelling of sepsis in comparison to "P-CRP" as shown in [34, 35]. These diagnostic tests are
anticipated to make substantial contributions to future investigations on this subject. However,
in data set D, more than 50% data of these two variables are missing and they were excluded
in the data pre-processing step in section 2. Hence, it is recommended for medical practitioners
to take these two tests into consideration.

Enhancing both prediction models necessitates the accumulation of more patient data. A
refined model will emerge as the dataset accumulates and expands. For future studies, the con-
struction of models on an expanded dataset is advisable. If the research framework necessitates

reliance on data from local patients, a requisite duration is essential for the systematic accrual of
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pertinent data. Conversely, if the research scope allows for a departure from local patient data,
alternative open-source datasets such as MIMIC III may be employed. In leveraging external
datasets, the strategy could involve utilizing them exclusively to enhance model performance
and subsequently applying these refined models to the local patient data for predictive analyses,
which means using the richer data sets as training set only and the target local data set as
the test set. An alternative approach involves amalgamating the open-source dataset with the

local dataset, followed by the development of models through a train-test split methodology.
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