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Abstract

Background

Neonatal sepsis is a significant cause of neonatal death and has been a major challenge worldwide. The difficulty in early diagnosis of neonatal sepsis
leads to delay in treatment. The early diagnosis of neonatal sepsis has been predicted to improve neonatal outcomes. The use of machine learning
techniques with the relevant screening parameters provides new ways of understanding neonatal sepsis and having possible solutions to tackle the
challenges it presents. This work proposes an algorithm for predicting neonatal sepsis using electronic medical record (EMR) data from Mbarara Regional
Referral Hospital (MRRH) that can improve the early recognition and treatment of sepsis in neonates.

Methods

A retrospective analysis was performed on datasets composed of de-identified electronic medical records collected between 2015 to 2019. The dataset
contains records of 482 neonates hospitalized in Mbarara Regional Referral Hospital, Uganda. The proposed algorithm implements Support Vector
Machine (SVM), Logistic regression (LR), K-nearest neighbor (KNN), Naive Bayes (NB), and Decision tree (DT) algorithms, which were trained, tested, and
compared based on the acquired data. The performance of the proposed algorithm was evaluated by comparing it with the physician's diagnosis. The
experiment used a Stratified K-fold cross-validation technique to evaluate the performance of the models. Statistical significance of the experimental results
was carried out using the Wilcoxon Signed-Rank Test.

Results

The results of this study show that the proposed algorithm (with the lowest Sensitivity of 95%, lowest Specificity of 95%) outperformed the physician
diagnosis (Sensitivity = 89%, Specificity = 11%). SVM model with radial basis function, polynomial kernels, and DT model (with the highest AUROC values
of 98%) performed better than the other models in predicting neonatal sepsis as their results were statistically significant.

Conclusions

The study provides evidence that the combination of maternal risk factors, neonatal clinical signs, and laboratory tests effectively diagnose neonatal
sepsis. Based on the study result, the proposed algorithm can help identify neonatal sepsis cases as it exceeded clinicians' sensitivity and specificity. A
prospective study is warranted to test the algorithm's clinical utility, which could provide a decision support aid to clinicians.

Author Summary

About 2.5 million neonates die worldwide every year, and most of these deaths occur in low-resource settings. The estimated neonatal mortality rate (NMR)
in Sub-Saharan Africa (SSA) is 28 per 1000 live births, with Uganda struggling with a high rate of 20 per 1000 live births. Sepsis is one of the major causes
of this neonatal deaths worldwide, accounting for 17% of neonatal deaths in Uganda. Due to the difficulty in the early diagnosis of neonatal sepsis which
leads to delay in treatment, there is a growing need to discover new and improved way of diagnosing neonatal sepsis. We have proposed a diagnostic
algorithm for the prediction/diagnosis of sepsis in neonates. We have tested this algorithm using retrospective neonatal data and machine learning
algorithms. The algorithm outperformed the physician’s diagnosis. Our algorithm has provided insight into the prediction and diagnosis of neonatal sepsis.
It has shown that the combination of maternal risk factors, neonatal clinical signs, and laboratory tests effectively diagnose neonatal sepsis.

Background

About 2.5 million neonates die worldwide every year, and most of these deaths occur in low-resource settings (2,3). It is estimated that the neonatal
mortality rate (NMR) in Sub-Saharan Africa (SSA) is 28 per 1000 live births, with Uganda struggling with a high rate of 20 per 1000 live births (2,4). The
pediatric consensus definition of sepsis is systemic inflammatory response syndrome (SIRS) in the presence of or due to suspected or proven infection (5).
The SIRS cause damage to the body and can quickly advance to severe sepsis, multi-organ system failure, and death (6,7). Therefore, early recognition and
prompt treatment, which have been predicted to improve clinical management of sepsis, is required to reduce the morbidity and mortality of neonatal
sepsis (8-12).

Neonatal sepsis is a significant cause of neonatal mortality and morbidity worldwide (13-15), and a majority of the morbidity and mortality from sepsis is
preventable. Sepsis is one of the major causes of neonatal deaths in Uganda, like in other Sub-Saharan African countries, accounting for 17% of neonatal
deaths in Uganda (1). Several authors classify neonatal sepsis as a community-and hospital-acquired instead of early-and late-onset in developing
countries. Neonatal sepsis is usually classified as early-onset (<48-72h) and late-onset sepsis (>48—72h), depending on the age at onset (16,17). About 30-
50% of survivors of neonatal sepsis end up with major long-term impairments and also faced with prolonged hospitalization, chronic lung disease, and
neurodevelopmental disabilities (18—21). Recent data highlight the costs and burdens of sepsis, as it remains the most expensive cause of

hospitalization (22-25). The development of clinical trials and global recommendations is hindered by the population's susceptibility, lack of consensus in
definitions, and variability between regions (26). Multiple challenges in diagnostic and treatment decisions are faced by physicians caring for infected
neonates. To date, there have been just modest improvements in terms of sepsis outcomes in neonates despite the increased understanding of its
pathophysiology and efforts to improve clinical decision support in intensive care (27). The after-effect of sepsis-infected adults and children's impending
intervention is receiving attention in recent studies (28,29).
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Despite the explored significance of early treatment of sepsis, there are still unresolved challenges due to impeding recognition and intervention of
sepsis (15,27,30-34). Neonates have a non-specific clinical presentation that overlaps with other neonatal disease processes. Also, laboratory tests have
suboptimal diagnostic accuracy, which makes a rapid diagnosis of neonatal sepsis difficult. The blood culture, the standard gold test for neonatal sepsis
diagnosis, faces the challenge of insufficient blood volume for blood culture and a low amount of invading microorganisms in the blood; this usually
generates false-negative results (21,35). Despite negative culture results, neonates presumed to have sepsis are kept on a longtime antibiotic treatment.
Studies have previously applied machine learning and statistical modeling techniques to tackle the problems related to sepsis recognition and
intervention (36-39).

Several studies have used machine learning models to predict if a patient is at risk of developing sepsis or the onset time (36,38,40-42). Electronic health
record (EHR) data have been used in recent studies to train models to enable early diagnosis of neonatal sepsis (21). HeRO score, which is a statistical
prediction model, supported early recognition of neonatal sepsis as it was used to lessen deaths related to sepsis in very low birth weight neonates (<1500
grams) (43). However, in a retrospective study with a larger population, the HeRO score could not identify neonates with sepsis. This suggests that the
predictive value is unreliable in clinical practice (44). In recent research, a machine learning model was developed using electronic health record data to
recognize early neonatal sepsis in the neonatal intensive care unit. Though the model could predict neonatal sepsis, additional features are still required to
improve its performance (21). This resulted from the uncertainty of the adequate screening parameters for the diagnosis of neonatal sepsis. Research that
was carried out in India aimed at comparing the neonatal sepsis rapid diagnostic tests with blood culture for specificity and sensitivity. The study pointed
out that the use of either two tests or three tests can rule out negative sepsis cases, which will help avoid antibiotics' overuse (35). In another research, the
authors focused on assessing the performance of the Adult Sepsis Pathway and algorithm for the Modified St. John Rule, which were compared with
gSOFA score algorithm using R scripts (45). Although this work identified algorithms that performed more than gSOFA, adults and children's immunology
and physiology differ significantly that these algorithms may not be directly applicable to neonates. Hence, this study seeks to address the difficulty in early
diagnosis of neonatal sepsis by developing an algorithm that combines maternal risk factors, neonatal clinical signs, and laboratory tests.

Methods

A Standard approach was implemented, a structured data mining project methodology defined by the Cross-Industry Standard Process for Data Mining
(CRISP-DM) developed in 1996 (46,47). The experiment was executed in five phases, which include; business understanding, data understanding, data
preparation, modeling, and evaluation. The experimental steps were performed in Python language using scikit-learn library. Scikit-learn (48) is an open-
source machine learning library featuring various classification, regression, and clustering algorithms for the python programming language. This research
aims to propose an algorithm that can improve the early recognition and treatment of sepsis in neonates using EMR data collected over a time span of four
years.

The method is categorized into sub-sections adhering to the CRISP-DM framework, as shown in figure 1 above. The phases are performed based on the
previous phase's accomplishments, and the subsections provide detailed information on the experiment.

Business Understanding

This study is a retrospective study, and the key focus of the study is to propose an algorithm that can improve the early recognition and treatment of sepsis
in neonates. The design of the study is shown in figure 2 above.

Data Understanding

Secondary data was used in this study, based on the data reliability, suitability, and adequacy of the data. The dataset contains information about sepsis
screening parameters from hospitalized neonates collected from the EMR of MRRH that covers a period of 4 years. The Mbarara Regional Referral Hospital
is located in rural Uganda and is the main teaching hospital situated adjacent to the Mbarara University of Science and Technology campus. The hospital
typically has about 21.3% cases of presumed neonatal sepsis per the pediatric ward's annual admissions, as it is the referral center for southwestern
Uganda. A data abstraction tool was developed (see supplementary table 1) to retrieve information essential to the study. The dataset contains records of
482 neonates hospitalized from October 1st, 2015 to September 30th, 2019, that met the inclusion criteria with 38 different neonate screening features
(Table 1). The category of neonates of concern is the group with early-onset sepsis (<48-72h). The predictor variables are both continuous and categorical
in nature.

Table 1: Screening parameters information
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Variable Attributes Description

Maternal risk factors | maternal febrile Maternal febrile episodes during pregnancy (Count)

fever_during_labour Fever during labor

abnormal_vaginal discharge Abnormal vaginal discharge during pregnancy

Antibiotic Any antibiotic therapy received by mother in perinatal period

gest_age Gestation age at birth (weeks)

place_of delivery Place of delivery

mode_of_delivery Mode of delivery

duration_of labour Duration of labor

duration_of ROM Duration from rupture of membranes to delivery of baby

foul_smelling liquor Foul smelling liquor

rupture_of mem Rupture of membrane

Neonatal signs gender Female, Male
age_days 0-3 days old
fever Fever
cold_body Cold body

poor_feeding Poor feeding

crying_excessively Crying excessively

weak_cry Weak cry

lethargy Lethargy
respiratory_difficulty Respiratory difficulty
weight Weight

temperature Temperature

respiratory_rate Respiratory rate

heart rate Heartrate
tachypnoea Tachypnoea
apnoea Apnea
Laboratory tests whc White blood cells
neu_count Neutrophils
lym_count Lymphocytes
mon_count Monocytes
eos_count Eosinophils
bas_count Basophils
Rbc Red Blood Cells

platelet_count Platelets

crp_count C-reactive protein

OOZZZZZZZZOOZZZZOOOOOOOZOOOZZOOZOOOZQ
he}
©]

blood_culture Blood culture

Table 1 above contains the summary of the dataset, where attributes are the screening parameters, and type represents the data type of each parameter, i.e.,
'N' for numeric values and 'C' for categorical values.

Inclusion Criteria

The EMR data from MRRH was used base on the following conditions:
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¢ Have gestational age (GA) of =37 weeks.

Data of each neonate should have at least two observations from each of these variables;

1. Maternal risk factors (fever during labor, maternal febrile during pregnancy, duration of rupture of membrane, duration of labor, foul odor of the
amniotic fluid, and antibiotic treatment received by mother <4 hours prior to delivery).

2. Neonatal clinical signs (heart rate, temperature, respiratory distress, apnea condition, lethargy condition, and feeding difficulty).
3. Laboratory tests (C-reactive protein, white blood cell count, neutrophil count, and platelet count).
¢ Availability of a defined neonatal sepsis status report.

¢ The age at the time of onset should be less than or equal to 48-72h.
Exclusion Criteria
Excluded cases include:

¢ Bacteria cultures were positive from sources other than blood.
¢ Positive cultures for viral or fungal pathogens.
¢ Undefined results due to pending cultures at the time of data extraction.

¢ Cultures positive for known contaminants.
A detailed overview of the steps carried out for data preparation and feature engineering used in this study is provided in the following section.
Data Preparation

The data preparation phase covers every activity involved in transforming and cleaning the data to make it fit to be used in the modeling phase. The
missing values, noise, and outliers present in the data identified during the data understanding phase were removed in data pre-processing. The identified
missing values were assigned using the mean value of the feature.

SMOTE Algorithm - Balancing of Dataset

The main problem with the data is that it is highly imbalanced and small in size. There were approximately 22% records with neonatal sepsis as ‘0’, and the
rest 78% of the records have neonatal sepsis as “1". Proceeding to modelling without balancing the data will cause the trained model to be biased and have
a high cost of misclassifying minority class.

Sampling techniques such as under-sampling or over-sampling, should be implemented to balance the data set, as shown in figure 3 above.

Looking at the fact that the data set is relatively small in size, this makes all the instances to be highly important, and no information should be at the risk
of loss. Therefore, under-sampling is eliminated, and the over-sampling technique will be preferable for the experiment.

The synthetic samples are created in the space, as shown in figure 4 by Synthetic Minority Over-sampling Technique (SMOTE) algorithm, which applies the
KNN approach where it selects K-nearest Neighbors and joins them. The algorithm takes the feature vectors and its nearest neighbors, and it computes the
distance between these vectors. A random number between (0, 1) is used to multiply the difference, and it is added back to the feature.

Normalization and Standardization: Z-score

Unscaled or unstandardized features are known to make the learning algorithms to predict recklessly. Normalization or standardization, an important step
to be carried out before proceeding to model building, is required to ensure that all the feature values are on the same scale. The values of features are
standardized from different dynamic ranges into specific ranges through standardization, a preprocessing step. All the parameters are scaled to have zero
mean and unit variance, converted by standard score, also known as z-score.

One-Hot Encoding: Categorical Variables

The neonatal sepsis data set has 21 categorical variables out of 38 features. In order to build the SVM model, categorical variables need to be converted
into numeric variables as vector machine works on numeric variables. This problem was overcome by constructing a dummy variable from the categorical
variables using the Pandas library in python.

Random Forest Classifier: Feature Importance

Finally, each variable's importance in predicting neonatal sepsis was identified with the Random Forest algorithm, an ensemble modeling technique based
on iteratively removing variables with low ranking and using cross-validation to assess the learning performance. Each variable was assigned a score to
show the importance of the variables in the model. The higher the score, the higher the importance of that particular variable. While variables with a lower
score are considered the least important. Data pre-processing techniques assist in extracting more useful information, which helps build a model with
higher accuracy and performance.

Modelling
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The study developed a diagnostic algorithm for predicting neonatal sepsis, which was used to train the machine learning (ML) algorithms used in this
study. Therefore, five supervised ML algorithms, Support Vector Machine (SVM), Logistic regression (LR), K-nearest neighbor (KNN), Naive Bayes (NB), and
Decision tree (DT), were implemented to build the models. SVM is a relatively new classification method that resulted from the collaboration between
statistical and machine learning developed by Vapnik et al. in the 1990s (50), whereas the most commonly used prognostic modeling method is LR. The
KNN algorithm is used for classification and regression, and it is a non-parametric method. The NB is a probabilistic classifier that performs well in multi-
class prediction. Furthermore, DT builds classification or regression models in the form of a tree structure.

SVM, which is also a supervised machine learning technique, is similar to LR, and they are both used for regression and classification problems. The
dissimilarity is that SVM models input variables by finding a boundary for the classification of the target variable known as hyper-plane. When the hyper-
plane has data points nearest to it, the data points are called support vectors. The removal of these points will lead to the alteration of the dividing
hyperplane as they are the data set's critical elements. SVM functions for both regression and classification, respectively.

SVM algorithms find boundaries for classification when there is no possible separation within a high number of input variables, as shown in figure 5 above.
The input variables are transformed by increasing the dimensionality of the variable space to generate the separation boundary.

The SVM Linear kernel model, SVM radial kernel model, and SVM polynomial kernel model were built as part of the experiment. Each model is tuned with
different values of tuning parameter 'C' and 'y'. SVM model separates classes that cannot be separated using line or plane but only using kernel function
and requires a non-linear region to separate such classes. This transformation of the data into higher dimensional feature space to separate it linearly is
known as the kernel trick.

Evaluation

In order to ascertain the performance of the proposed algorithm for this experiment, two steps were used. Firstly, a stratified K-fold cross-validation
technique was used for the validation of the trained ML algorithms. In this validation technique, the folds are selected in a way that each class labels in
each fold are equally distributed. The target variable is binary; therefore, each fold contains roughly the same proportions of the two types of class labels.
The data set was split into k subsets where k =10, and each time one of these k subsets was used as the test set, and the k-1 subsets were used as a
training set. This way, all data points are part of the test set exactly once and also gets to be in training set k-1 times. Single estimation was produced by
taking the average results from the k folds. The algorithm takes time for training, which is the only disadvantage of using k-fold cross-validation.

Secondly, the performance of the proposed algorithm was compared with the physician's diagnosis. In order to achieve this, the sensitivity and specificity of
the models were compared with that of the physician. By using the sepsis labels and blood culture information, the physician diagnosis matrix was created
by assigning each of the 482 neonates to the appropriate cell in the 2x2 matrix. Table 9 below shows the physician diagnosis matrices for the study
samples. To compare the proposed algorithm performance to the physician, first, the ML algorithms performance measures were generated such that their
sensitivities and specificities are the same as that of the physician. This allowed us to deduce whether the proposed algorithm performs better or worse
than the physician's diagnosis. Statistical significance of the experimental results was carried out using the Wilcoxon Signed-Rank Test.

The performance of the models was compared based on the accuracy obtained in the prediction of neonatal sepsis. Also, the evaluation parameters were
obtained, such as average classification accuracy, receiver operation curve (ROC) (51), and area under the curve (AUC) (52). The mean accuracy of each
model was visualized by generating the ROC-AUC plot of each model, the derived curve is called AUROC.

Another evaluation metric used to describe a classifier's performance is the confusion matrix, which involves calculating evaluation parameters. The
confusion matrix is used to generate the values of true positive rate and false-positive rate.

Comparing the models will help determine the performance difference between the models in terms of classification accuracy.
Ethics approval and consent to participate

The study was approved by the Research Ethics Committee of Mbarara University of Science and Technology (Ref: MUREC 1/7), which waived the need for
written informed consent given that the study was carried out retrospectively and made use of anonymized data. All methods were performed in
accordance with the relevant guidelines and regulations.

Results

Data Understanding

Table 2: Statistical Description of data
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S/No. | Parameters Count Mean Standard Minimum | 25% 50% 75% Maximum
Deviation

1 Age in days | 482.000000 | 1.746888 0.699154 0.000000 | 1.000000 2.000000 2.000000 3.000000

2 Gestation 482.000000 | 39.595643 1.747241 37.000000 | 38.000000 | 39.000000 |41.000000 |41.000000
age at birth

3 Duration of | 422.000000 | 19.594787 17.640458 | 0.000000 | 8.000000 14.000000 |24.000000 | 72.000000
labor

4 Duration of | 440.000000 | 15.328409 12.626562 | 0.000000 | 5.000000 13.000000 |23.000000 | 72.000000
rupture  of
membrane

5 weight 482.000000 | 3.016979 0.539018 1.140000 | 2.690000 3.000000 3.3400001

6 temperature |482.000000 | 38.611411 1.356349 33.700000 | 38.025000 | 38.700000 |39.200000 |50.000000

7 Respirator 477.000000 | 60.616352 17.778799 | 0.000000 |50.000000 |[59.000000 [69.000000 168.000000
rate

8 Heart rate 474.000000 | 151.940928 |23.925021 84.000000 | 138.000000 | 160.000000 | 166.000000 |228.000000

9 WBC 396.000000 | 16.785253 12.369180 |2.100000 |4.767500 13.150000 | 30.725000 |60.570000

10 Neutrophils | 178.000000 | 4.019719 4.966946 1.250000 | 1.580000 1.700000 2.500000 23.000000
count

11 Lymphocytes | 73.000000 | 5.341507 2.632397 1.300000 | 3.200000 4.400000 7.100000 13.200000
count

12 Monocytes 24.000000 |1.565417 0.672607 0.510000 | 1.135000 1.475000 1.787500 3.070000
count

13 Eosinophils | 24.000000 | 0.222500 0.319255 0.000000 | 0.050000 0.110000 0.217500 1.480000
count

14 Basophils 24.000000 |0.058333 0.099681 0.000000 |0.010000 0.030000 0.052500 0.390000
count

15 RBC 87.000000 |4.201839 1.021249 0.750000 | 3.705000 4.340000 4.855000 6.130000

16 Platelet 360.000000 | 205.013889 | 131.820856 | 18.000000 | 113.750000 |147.000000 |283.250000 [ 708.000000
count

17 Neonatal 482.000000 | 0.784232 0.411781 0.000000 | 1.000000 1.000000 1.000000 1.000000
sepsis

The descriptive statistics of the data are shown above in table 2. The target variable (neonatal sepsis) is binary and has a value either "1, i.e., neonatal
sepsis is true or ‘0, i.e., no neonatal sepsis. Information about the mean, standard deviation, maximum value, minimum value, and distribution (quartile
range) of each numeric parameter are presented in the table above.

Table 3: Missing Value Analysis (numeric parameters)
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Parameter Missing Count | Missing Percent
Duration of labor 60 0.12
Duration of rupture of membrane | 42 0.09
Respiratory rate 5 0.01
Heart rate 8 0.02
WBC 86 0.18
Neutrophils count 304 0.63
Lymphocytes count 409 0.85
Monocytes count 458 0.95
Eosinophils count 458 0.95
Basophils count 458 0.95
RBC 395 0.82
Platelet count 122 0.25

The Count column presents information about the total number of records of each feature. 12 parameters, duration of labor, duration of rupture of
membrane, respiratory rate, heart rate, WBC, neutrophils count, lymphocytes count, monocytes count, eosinophils count, basophils count, RBC and platelet
count have missing value out of 17 parameters which is given in table 3 above. Parameters with missing percent above 0.80 were dropped.

Figure 6 shows the distribution of the numeric features with respect to the target variable (neonatal sepsis). Age in days, gestation age at birth, weight, and
respiratory rate, are normally distributed with the neonatal sepsis. Parameters such as duration of labor, duration of rupture of membrane, WBC, platelet
count, and neutrophils count are positively skewed. While temperature and heart rate are negatively skewed.

The frequency plot of categorical variables; gender, maternal febrile episodes during pregnancy, fever during labor, abnormal vaginal discharge during
pregnancy, antibiotic, place of delivery, mode of delivery, rupture of membrane, foul smelling liquor, fever, cold body, poor feeding, crying excessively, weak
cry, lethargy, respiratory difficulty, respiratory distress, tachypnoea, apnea, CRP count, and blood culture are plotted as shown in figure 7 and figure 8 above.
The ‘Target (neonatal sepsis)’ variable is highly biased as per the information provided by the bar graph. Only 22% of the values are ‘0, and the rest of the
records have "1’ values. The balancing of this target feature will be addressed in the data preparation section. The categorical variables are binary, as shown
in figures 7 and 8 above.

The Pearson correlation coefficient was used in the experiment to interpret the linear association between the numeric-continuous variables. The correlation
coefficient range is from -1 to 1; the linear relationship is stronger as the absolute value increases. The correlation heatmap matrix shown in figure 9 shows
the strength of the relationship between the features. The result deduced from the matrix is stated below:

. All the variable features have very little correlation with neonatal sepsis.

. Platelet count and temperature are highly negatively correlated.

. Heart rate has a weak positive correlation with respiratory rate and temperature.

. Duration of rupture of membrane is weakly positively correlated with duration of labor.
. Neutrophils count is weakly positively correlated with WBC.

Figure 10 shows the relationship strength and magnitude of relations between independent features (variables) and Target (neonatal sepsis). The features
on the left side of the axis have a negative correlation with neonatal sepsis, i.e,, the increase in the value of these features will decrease the risk of neonatal
sepsis. Whereas the variables on the right side of the axis have a positive correlation, i.e., the increase in these features' value will increase neonatal sepsis's
risk. In addition, the height of the bar graph from the center of the axis shows the magnitude of the correlation strength of each feature with neonatal
sepsis.

Data Preparation

After the data has been analyzed; the first step is to remove the issues identified in the dataset to enable it to fit for the modeling. The missing values of
duration of labor, duration of rupture of membrane, respiratory rate, heart rate, WBC, neutrophils count, and platelet count was imputed, respectively, with the
mean value of each feature having missing values.

SMOTE Algorithm: Balancing of Dataset
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Standard classifier algorithms like Logistic Regression have the likelihood to make results biased regarding classes with a higher number of instances.
Base on this characteristic, classifiers most times ignore minority class features regarding them to be noise. Therefore, the probability of misclassification
of the minority class as compared to the majority class is high.

Table 4: SMOTE oversampling

Target: Neonatal sepsis | Imbalanced Dataset | Balanced Dataset
1 378 378
0 104 378

The data set was balanced by creating synthetic records using the SMOTE algorithm, an over-sampling technique. Initially, the number of records belonging
to neonatal sepsis as ‘1" is significantly higher than those belonging to class ‘0’, as shown in table 4 above. The number of samples containing the ‘0’ value
is increased to 50% after running SMOTE oversampling algorithm.

Random Forest Classifier: Feature Importance

Finally, the Random Forest algorithm was used to identify each feature's importance in predicting neonatal sepsis, shown in figure 11. Each feature is
assigned a score to show the importance of the feature in the model. The higher the score, the higher the importance of that particular feature. While
features with a lower score are considered the least important. The height of the bar graph shows how important each feature is with neonatal sepsis.

Modelling
The Developed Algorithm for Neonatal Sepsis Prediction

The proposed algorithm consists of four phases: maternal condition, observational condition, laboratory condition, and neonatal sepsis.

Table 5: Pseudo code for the maternal condition
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Step 1: Create a tuple M of the 6 parameters declared above, M = (ay...a,), 1 =n <6
Step 2: Initialize elements of tuple M; R = (by... by), 1 <= i< 6

Step 3: FOR each i in R DO
[Fie by= = “Yes” THEN

RETURN True

ELIF i « by = = “Yes” THEN
RETURN True

ELIF i« by, = = “=18 hours” THEN
RETURN True

ELIF i« by = = “=18 hours” THEN
RETURN True

ELIF i« b, = = “Yes” THEN
RETURN True

ELIF i« by = = “No” THEN
RETURN True

ELSE

RETURN False

END IF

END FOR
Step 4: IF True = 1

RETURN “Maternal Condition”
ELSE

RETURN “No Maternal Condition”
END IF

Phase I: Maternal Condition

This phase checks if a neonate has a maternal condition. The algorithm looks through the maternal risk characteristics provided and determines based on
the values if a neonate has a maternal condition or not. Table 5 shows the pseudo-code of the maternal condition phase.

The Parameters used (matemnal risk characteristics):

a0 = Fever during labor.

al = Maternal febrile during pregnancy.

a2 = Duration of rupture of membrane

a3 = Duration of labor

a4 = Foul odor of the amniotic fluid.

a5 = Antibiotic treatment received by mother <4 hours prior to delivery.
Parameter’s value:

b0 = (a0 = Yes)

b1 =(al = Yes)

b2 = (a2 = =18 hours)
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b3 = (a3 = =18 hours)
b4 = (a4 = Yes)

b5 = (a5 = No)

Table 6: Pseudo code for the observational condition

Step 1: Create a tuple O of the 6 parameters declared above, O = (cy... ¢y), 1 =x <6
Step 2: Initialize elements of tuple O; S = (dg... dj), 1 =j <6
Step 3: FOR eachjin S DO
IF jedp= = “=160” OR “<100” THEN
RETURN True
ELIF je dq = = “=38” OR “<36.5” THEN
RETURN True
ELIF je dy = = “Yes” THEN
RETURN True
ELIF je d3y = = “Yes” THEN
RETURN True
ELIF je dy = = “Yes” THEN
RETURN True
ELIF je ds = = “Yes” THEN
RETURN True
ELSE
RETURN False
END IF
END FOR
Step 4: IF True = 2
RETURN “Observational Condition”
ELSE
RETURN “No Observational Condition”
END IF

Phase lI: Observational Condition

This phase checks if a neonate has an observational condition. The algorithm looks through the neonatal clinical signs provided and determines based on
the values if a neonate has an observational condition or not. Table 6 shows the pseudo-code of the observational condition phase.

The Parameters used (neonatal clinical signs):
c0 = Heart rate

c1 = Temperature

c2 = Respiratory distress

¢3 = Apnea condition.

c4 = Lethargy condition.

c5 = Feeding difficulty
Page 11/30



Parameter’s value:

do0 = (c0 = =160 (tachycardia) or =100 (bradycardia) BPM)
d1 = (c1 = =38°C (fever) or =36.5°C (hypothermia))

d2 = (c2 = Yes)

d3 =(c3 = Yes)

d4 = (c4 = Yes)

d5 = (c5 = Yes)

Table 7: Pseudo code for the laboratory condition

Step 1: Create a tuple L of the 4 parameters declared above, L = (gj...e;), l =c <4
Step 2: Initialize elements of tuple L; T = (f,... f), 1 =k <4
Step 3: FOR each k in T DO
IF kefy= = “=10” THEN
RETURN True
ELIF ke f;= = “<5,000” OR “=30,000” THEN

RETURN True
ELIF ke f,= = “<1,750” THEN

RETURN True
ELIF ke f3= = “<150,000” THEN
RETURN True
ELSE
RETURN False
END IF
END FOR
Step 4: IF True = 2
RETURN “Laboratory Condition”
ELSE
RETURN “No Laboratory Condition”
END IF

Phase lll: Laboratory Condition

This phase checks if a neonate has a laboratory condition. The algorithm looks through the laboratory tests provided and determines based on the values if
a neonate has a laboratory condition or not. Table 7 shows the pseudo-code of the laboratory condition phase.

The Parameters used (laboratory tests):
€0 = C-reactive protein

e1 = White blood cell count

e2 = Neutrophil count

e3 = Platelet count

Parameter's value:
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f0 = (e0 = =10mg/L)
f1 = (e1 = 5,000 or =30,000 per microL)
f2 = (e2 = =1,750 per microlL)

f3 = (€3 = =150,000 per microL)

Table 8: Pseudo code for the neonatal sepsis

Step 1: Create a set N of the 3 parameters declared above, N = (gy...g.), 1 =e <3
Step 2: Initialize elements of set N; P = (h,... h),1=y=3

Step 3: FOR each y in P DO
IF y= = “Yes” THEN
RETURN True
ELSE
RETURN False
END IF
END FOR
Step 4: IF True = = 3
RETURN “Neonatal Sepsis”
ELSE
RETURN “No Neonatal Sepsis”
END IF

Phase IV: Neonatal Sepsis

This phase checks if a neonate has neonatal sepsis. The algorithm looks through the maternal condition, observational condition, and laboratory condition
and determines based on their outcomes if a neonate has sepsis or not. Table 8 shows the pseudo-code of the neonatal sepsis phase.

The Parameters used (neonatal sepsis variables):
g0 = Maternal condition

g1 = Observational condition

g2 = Laboratory condition

Parameter’s value:

h0 = (g0 = Yes)

h1=(g1 = Yes)

h2 = (g2 = Yes)

Support Vector Machine: Target Values

The linear SVM algorithm model obtained a minimum and maximum accuracy of 89% and 97%, with average classifier accuracy of 95%. From the ROC
curve, it can be seen that almost half of the folds achieved accuracy above 85%, as shown in figure 12 above. It can be deduced from the results that the
model's performance with linear SVM is slightly higher than KNN and NB models.

The ROC curves were plotted separately for SVM radial basis function and polynomial kernels. The average classifier accuracy and accuracy per iteration
are shown in figure 13 and figure 14. Both models obtained a mean accuracy of 98%.

Logistic Regression: Target Values
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Similarly, the Logistic Regression model is built using 10 k-fold stratified samplings to create training and test datasets. The model is a binary classification
regression model. After the training of the model, then it is used to predict the target value. The model's score is created through this process, which then
gives the prediction accuracy of the model. Finally, 10 scores are then created in which the mean of these scores gives the average accuracy of the LR
classifier. The LR model obtained a minimum and maximum accuracy of 91% and 99%, respectively, with an average mean accuracy of 95%, as shown in
figure 15 above.

K-Nearest Neighbor: Target Values

K-nearest neighbor model is built using 10 k-fold stratified samplings to create training and test datasets. KNN is preferably used when the features all have
continuous value. Classification is achieved when the nearest neighbor is identified, which helps determine the class of an unknown sample. The model
obtained a minimum and maximum accuracy of 86% and 97% with average classifier accuracy of 91%, as shown in figure 16 above.

Naive Bayes: Target Values

Naive Bayes model is built using 10 k-fold stratified samplings to create training and test datasets. The model uses all the attributes in the data and
analyses these attributes individually as though they all have equal importance and independent of each other. The model obtained a minimum and
maximum accuracy of 83% and 95% with average classifier accuracy of 90%, as shown in figure 17 above.

Decision Tree: Target Values

The decision tree model is built using 10 k-fold stratified samplings to create training and test datasets. For the model to classify a new item, it first needs
to generate a decision tree based on the attribute values of the available training data. The model obtained a minimum and maximum accuracy of 95% and
100% with average classifier accuracy of 98%, as shown in figure 18 above. The classifiers' classification accuracy will be discussed further in the next
section, 'Discussion.’

Evaluation

In order to evaluate the model performance, a ROC-AUC curve is required, which was created in the modeling section. The computing of True Positive Rate
(TPR) and False Positive Rate (FPR) is the key requirement for plotting of ROC curve. roc_curve() and auc() are inbuilt functions in Sklearn, which returns
TPR and FPR as output.

Table 9: Physician diagnosis matrix

Physician diagnosis versus gold standard | Blood culture +ve | Blood culture -ve
Septic 47 383

Not septic 6 46

Physician sensitivity 0.89

Physician specificity 0.11

Physician PPV 0.11

Physician NPV 0.88

The models were compared with an average accuracy achieved after each iteration from the stratified k-fold validation technique used to split train-test
data. The proposed algorithm's performance was then compared with the physician's diagnosis shown in table 9 above.

Table 10: Comparing model prediction with Physician diagnosis
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Algorithm | Sensitivity | Difference | Positive Predictive | Difference | Negative Predictive | Difference | Area under the ROC
Value (PPV) Value (NPV) curve (AUC)

Fixed specificity (0.11)

Physician 0.89 0.11 0.88 NA

SVM_L 0.97 0.08 0.8 0.69 0.97 0.09 0.95
SVM_RBF |1.0 0.11 0.95 0.84 1.0 0.12 0.98
SVM_POLY | 1.0 0.11 0.93 0.82 1.0 0.12 0.98

LR 0.97 0.08 0.88 0.77 0.97 0.09 0.95

KNN 0.94 0.05 0.92 0.81 0.94 0.06 0.91

NB 0.95 0.06 0.95 0.84 0.95 0.07 0.90

DT 0.95 0.06 0.95 0.84 0.95 0.07 0.98
Table 10 above shows the performance measures generated by fixing specificity at 0.11.
Table 11: Comparing model prediction with Physician diagnosis

Algorithm | Sensitivity | Difference | Positive Predictive | Difference | Negative  Predictive | Difference | Area under the ROC

Value (PPV) Value (NPV) curve (AUC)

Fixed sensitivity (0.89)

Physician | 0.11 0.11 0.88 NA

SVM_L 0.97 0.86 0.97 0.86 0.90 0.02 0.95
SVM_RBF |0.95 0.84 0.95 0.84 0.95 0.07 0.98
SVM_POLY | 0.97 0.86 0.97 0.86 0.95 0.07 0.98

LR 0.95 0.84 0.94 0.84 0.86 -0.02 0.95

KNN 1.0 0.89 1.0 0.89 0.76 -0.12 0.91

NB 0.97 0.86 0.97 0.86 0.95 0.07 0.90

DT 0.95 0.84 0.95 0.84 0.95 0.07 0.98

Table 11 above shows the performance measures generated by fixing sensitivity at 0.89.

Statistical Significance of the Experimental Results

The Wilcoxon Signed-Rank Test was performed on the accuracy scores recorded for each model, i.e., 10 accuracies per model, to test the statistical
significance of the experimental results. The cut-off chosen to determine the significance of the results is '0.05'.

Table 12: Statistical significance of experimental results
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Model p-Value
SVML - SVM_RBF <0.01

SVML - SVM_POLY 0.02

SVML - LR 0.92
SVML - KNN 0.06
SVML - NB <0.01

SVM_RBF - SVM_POLY | 0.92

SVM_RBF - LR <0.01
SVM_RBF - NB <0.01
SVM_RBF - DT 0.87
SVM_POLY - LR 0.01
SVM_POLY - NB <0.01
SVM_POLY - DT 0.86
LR-NB 0.02
LR-DT <0.01
NB - DT <0.01

As shown in table 12 above, 10 out of 15 results are statistically significant. Support vector machine algorithms with radial basis function, polynomial
kernels, and Decision tree algorithm performed better than the other algorithms in predicting neonatal sepsis as the results were statistically significant.

Discussion

This section gives a detailed analysis of the results of the experiment carried out in the previous section. The proposed algorithm and the ML algorithms'
performance will be discussed, and there will be a conclusion of the experiment's strengths and limitations after a critical evaluation.

This research proposes an algorithm for neonatal sepsis prediction, which was used to train five supervised machine learning algorithms, and their
performance was evaluated using the AUROC value. The classifiers are trained on a set of samples with balanced dependent variable values by applying
the oversampling data technique. Before the training, data preprocessing steps such as imputation of missing values, feature standardization, and
normalization, generation of dummy variables have been applied to the features.

Performance Evaluation of the Proposed Algorithm

The proposed algorithm is four-phased, consisting of maternal risk characteristics, neonatal clinical signs, and laboratory tests. In order to evaluate the
diagnostic performance of the proposed algorithm, the performance of the trained ML algorithms was compared to the physician's diagnosis using the
dataset from MRRH. The study used a representative set of ML algorithms. Their performance measures were generated so that their sensitivities and
specificities are the same as that of the physician. The specificity of the ML algorithms was fixed at the physician's specificity while calculating the
sensitivity. The ML algorithms' sensitivity was fixed at the physician's sensitivity while calculating the specificity, as shown in tables 13 and 14. This
allowed deducing of whether the proposed algorithm performs better or worse than the physician diagnosis. This study's result shows that the proposed
algorithm outperformed the physician diagnosis. The results also suggest that the proposed algorithm can be used for the early prediction of neonatal
sepsis.

One of the studies that are closest to this study reported in the literature is a retrospective study for predicting neonatal late-onset sepsis (LOS) using the
RALIS algorithm that consists of neonatal clinical signs (53). Mithal et al. (2018) reported an AUC of 0.90 for LOS prediction using linear regression based
on a comparison between cases and controls (53). The second is also a retrospective study for predicting neonatal LOS using a diagnostic algorithm
consisting of neonatal clinical signs and laboratory tests (54). Mani et al. (2014) explored a set of ML algorithms (SVM, NB, TAN, AODE, KNN, CART, RF, LR,
and LBR) with the highest AUROC value been 0.65 based on a comparison with the physician's treatment (54). In contrast, this study focused on early-onset
sepsis (EOS). It explored a set of ML algorithms with the highest AUROC value been 0.98 and the lowest being 0.90 based on a comparison with the
physician's diagnosis. It included more variables in the proposed algorithm to distinguish neonates without sepsis to avoid subjecting neonates without
sepsis to unnecessary antibiotics use.

The proposed algorithm with ML algorithms may also identify truly infected neonates before the availability of blood culture tests and, therefore, contribute
to earlier detection and treatment. The improvement in the sensitivity of the proposed algorithm is not at the cost of its specificity. The proposed algorithm
and the ML algorithms used in this study have significant real-time strengths. They could be used as an early warning system to alert physicians that
neonatal sepsis may be present or developing. However, like the vital signs monitoring proposed by Gur et al. (2015) and clinically evaluated by Mithal et al.
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(2018), these tools should be used as decision support tools and not as stand-alone decision-making expert systems (53,55). The proposed algorithm has
to be tested in prospective settings and using data from other institutions (in future studies) to ascertain its clinical setting performance.

Strength and Limitations of the Study

The study proposed an algorithm that explores the combination of maternal risk factors, neonatal clinical signs, and laboratory tests as predictor variables
in neonatal sepsis prediction. The study found the combination to be very efficient in the diagnosis of neonatal sepsis.

The research also studied the contribution of supervised machine learning techniques in clinical diagnosis. The experiment used five machine learning
algorithms (SVM, LR, KNN, NB, and DT) belonging to different families and trained on the same dataset. The algorithms used are similar in a way that they
can all be used for the classification of instances but also different as some of the algorithms are preferred where the data is linearly separable or have a
single decision surface while some of the algorithms work best with non-linearly separable classification problems.

Lastly, Data pre-processing techniques, namely feature scaling using z-score, balancing of the dataset using SMOTE algorithm, and creating a dummy
variable using one-hot encoding, are studied extensively throughout this research, and this was used on the data to improve the results. Multiple iterations
are used in the modeling by applying stratified 10 k-fold validation. The mean accuracy of the accuracies derived from each fold is taken, which is the
average accuracy of the classifiers.

Moving ahead to the limitations, this study made use of retrospective data and requires a follow-up prospective study. The proposed algorithm was
developed based on the available screening parameters on the patient's records from MRRH. This limited the study from exploring some important
screening parameters. The missing values in the dataset were higher with the laboratory tests, limiting the number of laboratory tests used. The proposed
algorithm may function differently if modified with the identified screening parameters that are not currently in the algorithm. This can be explored further
as part of the future study.

Another limitation of this study is that the ML algorithms' training and testing are based on a small-sized dataset. The dataset trends are biased; records
containing neonatal sepsis as true are (3/4) of the records. If a relevant size of data is used for the experiment, the ML algorithms may function differently,
and this can also be explored further as part of the future study. Lastly, the ML algorithms were not compared with an AUPRC value due to the time limit.

Conclusion

The proposed algorithm was developed based on three main variables, which include; maternal risk factors, neonatal clinical signs, and laboratory tests.
The proposed algorithm was compared with the physician's diagnosis, and the proposed algorithm was found to outperform the physician's diagnosis. The
study provides evidence that the combination of maternal risk factors, neonatal clinical signs, and laboratory tests can effectively diagnose neonatal
sepsis. Based on the study result, the proposed algorithm can help identify neonatal sepsis cases as it exceeded clinicians' sensitivity and specificity. A
prospective study is warranted to test the algorithm's clinical utility, which could provide a decision support aid to clinicians. This will undoubtedly improve
the early recognition and treatment of neonatal sepsis. The study results suggest that ML algorithms can identify neonatal sepsis cases within a large and
complex database.

Future Work & Recommendations

The proposed algorithm was developed on limited screening parameters. It was based on the available screening parameters on the patient’s records from
MRRH, and the dataset used in the experiment is small in size. A sufficient number of screening parameters could be included in the algorithm to develop a
more robust algorithm. Screening parameters such as chorioamnionitis, GBS status, heart rate variability, absolute neutrophil count, I/T ratio, M-ESR, and
total leukocyte count can be used to modify the proposed algorithm. Hence, another area for future research would be to conduct the research prospectively
by directly monitoring the patients, enabling the capturing of required patient’s information that will help develop a more generic algorithm, and validation
of this algorithm is required to understand its functionality in a clinical setting.

This research focused on five algorithms: support vector, logistic regression, k-nearest neighbor, naive bayes, and decision tree. However, ML algorithms
such as random forests (RF) and neural networks can be further compared to find the best algorithm in relation to learning time, prediction accuracy, and
size of data available. Due to time constraints, there was no much tuning of the SVM algorithm. Hence, future work can apply deep learning algorithms.
Carry out a more enhanced tuning on the SVM algorithm to improve its prediction accuracy. Use a sufficient amount of data to train algorithms, and
evaluate using the area under the precision-recall curve (AUPRC).

Abbreviations
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AUPRC Area Under the Precision-Recall Curve
AUROC Area Under the Receiver Operating Characteristics
CRISP-DM  Cross Industry Standard Process for Data Mining

DT Decision Tree

EHR Electronic Health Records

EMR Electronic Medical Record

EOS Early-Onset Sepsis

FN False Negative

FP False Positive

FPR False Positive Rate

GBS Group B Streptococcus

I/T ratio Immature to Total Neutrophil Ratio
KNN K-Nearest Neighbor

LOS Late-Onset Sepsis

LR Logistic Regression

M-ESR Micro Erythrocyte Sedimentation Rate
ML Machine Learning

MRRH Mbarara Regional Referral Hospital
NB Naive Bayes

NMR Neonatal Mortality Rate

NPV Negative Predictive Value

PPV Positive Predictive Value

gSOFA quick Sepsis-Related Organ Dysfunction Assessment Score
RF Random Forests

SIRS Systemic Inflammatory Response Syndrome

SMOTE Synthetic Minority Oversampling Technique

SSA Sub-Saharan Africa

SVM Support Vector Machine
TN True Negative

TP True Positive

TPR True Positive Rate

WBC White blood cell

WHO World Health Organization
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CRISP-data mining process model (47)
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Figure 6

Distribution plot of numeric features with target (neonatal sepsis)

Figure 7

Distribution plot of categorical features with target (neonatal sepsis)
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Distribution plot of categorical features with target (neonatal sepsis)
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Heatmap matrix of features with Target (neonatal sepsis)
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Random Forest Classifier: Feature importance
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ROC curve: Support Vector Machine — Linear
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ROC Curve: Support Vector Machine - Radial
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ROC curve: Support Vector Machine — Radial
ROC Curve: Support Vector Machine - Poly
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ROC curve: Support Vector Machine — Poly
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Figure 15

ROC Curve: Logistic regression
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ROC curve: K-nearest neighbor

ROC Curve: K-nearest neighbor
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ROC Curve: Gaussian Naive Bayes
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ROC curve: Naive bayes

ROC Curve: Decision Tree
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Figure 18

ROC curve: Decision tree
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