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Abstract

Background

Previous epidemiological studies have examined the prevalence and risk factors for a vari-
ety of parasitic ilinesses, including protozoan and soil-transmitted helminth (STH, e.g., hook-
worms and roundworms) infections. Despite advancements in machine learning for data
analysis, the majority of these studies use traditional logistic regression to identify significant
risk factors.

Methods

In this study, we used data from a survey of 54 risk factors for intestinal parasitosis in 954
Ethiopian school children. We investigated whether machine learning approaches can sup-
plement traditional logistic regression in identifying intestinal parasite infection risk factors.
We used feature selection methods such as InfoGain (I1G), ReliefF (ReF), Joint Mutual Infor-
mation (JMI), and Minimum Redundancy Maximum Relevance (MRMR). Additionally, we
predicted children’s parasitic infection status using classifiers such as Logistic Regression
(LR), Support Vector Machines (SVM), Random Forests (RF) and XGBoost (XGB), and
compared their accuracy and area under the receiver operating characteristic curve
(AUROC) scores. For optimal model training, we performed tenfold cross-validation and
tuned the classifier hyperparameters. We balanced our dataset using the Synthetic Minority
Oversampling (SMOTE) method. Additionally, we used association rule learning to establish
a link between risk factors and parasitic infections.

Key findings
Our study demonstrated that machine learning could be used in conjunction with logistic
regression. Using machine learning, we developed models that accurately predicted four
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parasitic infections: any parasitic infection at 79.9% accuracy, helminth infection at 84.9%,
any STH infection at 95.9%, and protozoan infection at 94.2%. The Random Forests (RF)
and Support Vector Machines (SVM) classifiers achieved the highest accuracy when top 20
risk factors were considered using Joint Mutual Information (JMI) or all features were used.
The best predictors of infection were socioeconomic, demographic, and hematological
characteristics.

Conclusions

We demonstrated that feature selection and association rule learning are useful strategies
for detecting risk factors for parasite infection. Additionally, we showed that advanced classi-
fiers might be utilized to predict children’s parasitic infection status. When combined with
standard logistic regression models, machine learning techniques can identify novel risk fac-
tors and predict infection risk.

Author summary

In developing countries such as Ethiopia, intestinal parasites are a significant public health
problem. These parasites are detrimental to the health of schoolchildren. Numerous risk
factors for parasitic infections have been identified using uni- and multi-variate logistic
regression. However, logistic regression has inherent limitations when applied to data sets
with a large number of risk factors. We used machine learning techniques in conjunction
with logistic regression models to identify relevant risk factors for parasitic infections in a
dataset of 954 Ethiopian schoolchildren with 54 different risk factors for parasitic infec-
tions. Additionally, we developed predictive models of parasitic infection. Compared to
logistic regression, we discovered that machine learning techniques identified novel risk
factors and had higher predictive accuracy. Furthermore, we discovered that infection
prediction could be aided by combining socioeconomic, health, and hematological char-
acteristics. As a result, we concluded that advanced machine learning methods should be
used in conjunction with logistic regression to study parasitic infections.

Introduction

Gastrointestinal parasitic infections, caused by protozoans and helminths, are endemic to
developing countries [1]. The prevalence of such parasites is highest in children in sub-Saharan
Africa [2]. For instance, in Ethiopia, intestinal parasitic infections continue to be a widespread
public health problem, with a prevalence of around 25% for protozoal infections and 21.7% for
soil-transmitted helminths [3]. Intestinal protozoans include Giardia lamblia and Entamoeba
histoytica, and soil-transmitted helminths include roundworms (Ascaris lumbricoides and
Strongyloides stercoralis), hookworms (Ancylostoma duodenale and Necator americanus), and
the human whipworm (Trichuris trichiura). These parasites can cause serious health problems
such as lack of appetite, anemia, decreased physical growth, and impaired intellectual develop-
ment [4-7].

Previous literature suggests that risk factors for intestinal parasites include a combination
of socioeconomic, demographic, and environmental factors [8, 9]. These studies often use
standard statistical tests like logistic regression and frequency analysis [10]. These approaches,
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however, may have drawbacks such as overfitting the data when applied to data sets with a
large number of highly correlated variables. As a result, they may not accurately depict the rela-
tionship between risk factors and disease outcomes [11].

Advanced machine learning approaches are based on the premise that computers can mine
complex patterns and interactions from data sets based on mathematical rules and statistical
assumptions [12]. In contrast to an epidemiological or statistical approach, machine learning
does not rely on strong assumptions about the data’s linearity or predictor variables’ mutual
dependence but rather on iterative computing techniques to learn from massive data sets.
Recent studies have used various machine learning approaches to accurately predict and iden-
tify relevant risk factors for disease outcomes like heart failure, acute renal failure, Type 2 dia-
betes, and malaria [13-16]. However, effective algorithms, such as association rule learning,
have not been widely used in disease risk factor analysis. Historically, association rule learning
has been used in market basket analysis to determine consumer behavior in supermarkets
[17]. Although this strategy may have novel applications in the field of epidemiology, it has
been used in only a few studies to date; when applied to public health data sets, association rule
learning was capable of identifying patterns of disease co-occurrences [18].

To our knowledge, no study has attempted to combine multiple machine learning tech-
niques to investigate risk factors and make accurate predictions for intestinal parasitic diseases.
Thus, our analysis could provide important information for directing targeted public health
interventions for intestinal parasitosis prevention and awareness. In this study, we used data
from a comprehensive Ethiopian school survey to identify risk factors for parasite infections
and to create predictive prevalence models utilizing powerful machine learning techniques.
Additionally, we employed association rule learning to find combinations of risk factors that
contribute to the development of a particular infection. Our findings demonstrate the potential
of machine learning in epidemiology.

Methods
Ethics statement

We obtained written or fingerprint consent from children’s parents or their legal guardians
after informing them of the study procedures. To ensure participant privacy, confidential
numerical identifiers were assigned to each child and all participant information remains pass-
word protected in electronic files. The children were also informed about their ability to with-
draw from this study at any time without jeopardizing their right to receive any services at
their school. Children who were found to have intestinal parasites were treated with anti-para-
sitic drugs in local health centers. Departmental Research and Ethics Review Committee
(DRERC) of Addis Ababa University College of Health Sciences, Department of Medical Labo-
ratory Sciences, approved the study.

Data collection. In 2016 and 2017, we conducted surveys among school children in Ethio-
pia’s Oromia region. We surveyed five elementary schools: Abdi Boru, Laga Dima, and
Wasarbi in the town of Sululta, and Batu and Sher in the town of Ziway. We obtained written
consent from the parents or legal guardians of the children and used an interviewer-led ques-
tionnaire. We collected data from a total of 954 schoolchildren. Additionally, we tested each
child’s stool and blood for parasite infection. Within 30 minutes of collection, fecal samples
were analyzed using direct wet mount microscopy and the Kato-Katz technique. Any remain-
ing fecal samples were analyzed using formol-ether concentration analysis at the Department
of Medical Laboratory at Addis Ababa University, Ethiopia. A more in-depth description of
each parasitological test can be found in our previously published study [19]. Allergic disorders
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Table 1. Risk factors for intestinal parasitic infections grouped by categories such as demographic, socioeconomic, health, environmental, and hematological

factors.
Demographic Factors | Socioeconomic Factors Health Factors Environmental Factors Hematological Factors
Age Sleeps on a bed Cockroach skin Application of dung to farm fields Hematocrit
Deworming Household burns Prick test Cigarette smokers in the house Hemoglobin
Family Size Charcoal Child has asthma Location of cooking area Lymphocytes count
Residence Household burns Child has hay Family has a cat Mean Corpuscular Hemoglobin
Sex Dung Fever Family has a cow Mean Corpuscular Hemoglobin
Household burns gas Child has had hay Family has a dog Concentration
Household burns leaves fever in last year Family has a hen Mean Corpuscular Volume
Household burns nafta Child with rash in last year | Family has a horse Platelet count
Household burns wood Child has wheeze in last year | Family has a pig Red Blood Cell count
Household uses electricity Father with asthma Family has a sheep White Blood Cell count
Composition of floor in the home | Father with hay fever Source of water in household
Maternal Education Father with wheeze Type of toilet in the home
Maternal Occupation Mother with asthma Location of household waste disposal
Child’s mattress Mother with hay fever
Roof on the home Mother with wheeze

Composition of walls in the home

What the child sleeps on
https://doi.org/10.1371/journal.pntd.0010517.t001

related questions were derived from the widely used and validated ISAAC symptoms question-
naire [20], which had previously been used in this age group of children [21, 22] in Ethiopia.

Risk factors surveyed. We collected data on demographic, socioeconomic, health related,
environmental, and hematological variables. Table 1 contains the comprehensive list of risk
factors.

Outcome definition. For each sample, we classified infections as binary (infected or not
infected) for each of four outcomes: (1) any STH (with "infected" testing positive for any A.
lumbricoides, T. trichiura, A. duodenale, N. americanus, or S. stercoralis), (2) helminths (with
"infected" testing positive for any eggs or larvae of any helminthic parasites), (3) protozoans
(G. lamblia or E. histolytica), or (4) any parasite infection (positive for any protozoan and hel-
minthic parasites).

Data processing. Any sample that lacked a value for one of the outcome variables (n = 12)
in our investigation was omitted from the data set. We also excluded risk factors with a missing
value rate greater than 5% across all samples surveyed. Additionally, we used one-hot encoding
to convert risk factors with more than two categories to multiple factors and eliminated one
category for each factor to avoid multicollinearity in our data set. Following data processing,
we had 942 samples with 68 risk factors for each infection outcome. Finally, we performed fea-
ture scaling (a.k.a. min-max normalization) on continuous variables to standardize them to a
range of 0 to 1 for data imputation and data balancing (discussed later).

Logistic regression and statistics. We performed univariate and multivariate logistic
regression for each infection outcome. We compared risk factors identified through univariate
and multivariate logistic regression to those identified using four machine learning feature
selection methods. Due to the fact that logistic regression models require multiple hypothesis
testing, we utilized the Benjamini-Hochberg p-value correction, which limits the rate of false
discovery to 5% [23].

Feature selection. We employed feature selection algorithms to identify and eliminate
redundant risk factors for each infection outcome (dependent variable). We used the ranking-
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based approaches Information Gain (IG) and ReliefF (ReF) to determine the importance of
each risk factor (also referred to as feature throughout the paper) independently from the
other risk factors in the data set. IG calculates information gain for each risk factor for the
infection outcome. The risk factors contributing the most information for the infection out-
come have a higher information gain and are selected [24]. ReF determines the risk factor’s sig-
nificance by randomly selecting samples and computing the Manhattan distance between
neighboring samples and their disease outcomes [25]. We also used subset-based approaches
such as Joint Mutual Information (JMI) and Minimum Redundancy Maximum Relevance
(MRMR) to identify relevant risk factors. These subset-based methods identify risk factors
with a higher mutual information score with the outcome than the mutual information
between the selected risk factors [26, 27]. To avoid bias in our classification runs, we per-
formed feature selection on the training data and filtered the validation/test data using the
same features. We then ranked our risk factors using ranking or subset-based scoring metrics
and included the top twenty features in our classifier. The strength of risk factors for each out-
come was determined by their occurrences across multiple feature selection methods as well as
univariate and multivariate logistic regression. We defined consensus as a feature being in the
top twenty for at least 95% feature selection runs.

Classifiers and hyperparameters. To ensure the robustness of our findings, we used a
variety of classifiers, machine learning methods that model the relationship between risk fac-
tors and infection outcomes. We used tree-based methods like Random Forests (RF) and
XGBoost (XGB) and linear models like Support Vector Machines (SVM) and Logistic Regres-
sion (LR) [28-30]. We evaluated the performance of our classifiers using accuracy scores and
area under receiver operating characteristic (AUROC) curves. Classifiers incorporate a variety
of hyperparameters that must be customized for each dataset. As a result, we used preliminary
testing to determine an appropriate range of hyperparameters for each classifier, followed by
grid searching to determine the optimal combination of hyperparameters for maximizing
accuracy. For Logistic Regression classifier, we used no penalization method and utilized the
default optimizer, Large-scale Bound-constrained Optimization (L-BFGS-B) [31].

Data imputation. Data collection through questionnaires or surveys frequently results in
missing or inconsistent data [32]. Missing values hinder our ability to conduct unbiased data
analysis and negatively affect machine learning algorithms, including feature selection and clas-
sification [33]. Simply eliminating rows of data with a single missing value can result in skewed
statistical results and a decrease in statistical power. We used k-nearest neighbors’ imputation
to overcome this issue, which finds missing values and estimates them using a number, k, of
nearest neighbors belonging to the same class [34]. We chose a value of 5 for k based on empiri-
cal evidence. KNN imputation has been shown to reduce the bias for feature selection
approaches such as ReliefF (ReF) [35]. Imputation was done only on training data samples.

Model validation. We employed stratified tenfold cross-validation to determine each
model’s generalizability. We divided the data set into ten folds (subsets) for each combination
of feature selection method and classifier, maintaining a consistent distribution of our out-
come class for each fold. Then, we performed the k-nearest neighbors’” imputation for each
fold. To ensure robust results, we did the cross-validation ten times using a different random
number generator seed each time.

Class imbalance. If a dataset is unbalanced, the feature selection and classification models
tend to overfit to the majority outcome. As a result, the model may be inaccurate. We
employed Synthetic Minority Oversampling (SMOTE) technique to increase model accuracy
by balancing the unbalanced dataset. SMOTE accomplishes this by identifying the k-nearest
neighbors (we used k = 5 based on empirical evidence) and randomly generating new data
along the line between two neighbors of the same class [36].
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SMOTE is increasingly being employed in epidemiological research with highly skewed
data sets. For example, SMOTE improved the prediction accuracy of decision tree models on a
data set of patients with chronic kidney disease [37]. Additionally, SMOTE was utilized in con-
junction with a Random Forest classification technique to distinguish between patients and
non-patients in a cervical cancer data set to increase the overall accuracy after balancing [38].
In our investigation, to avoid bias, we used SMOTE to oversample the number of cases for
each of the four outcomes in order to balance the training data set. We ran our classification
runs with and without SMOTE to determine whether balancing improved our models. We
also used under sampling on our training sets. However, due to the small number of outcome
variables, we obtained lower accuracies than without any data balancing or with SMOTE.

Association rule learning. We used association rule learning to deduce risk factor combi-
nations that had a strong connection with the four disease outcomes [39]. The technique
employs a metric called "support" that quantifies a rule’s frequency of occurrence as a propor-
tion of all samples, as well as "confidence," a metric that quantifies the likelihood that the ante-
cedent (e.g., a subset of risk factors) caused the consequent (e.g., outcome). As a proxy for the
association rule’s strength, we use lift, the ratio of observed to expected support when the ante-
cedent and consequent are unrelated. A lift greater than one indicates that the antecedent is
likely to result in the consequent. We chose a lift of two as our cutoff value and used rules with
the highest support and confidence values. In the event of tied lift values, we identified rules
that contained risk factors in greater than 20% of the top association rules.

Code availability. The study’s code was written in Python and R due to their user-friend-
liness and advanced statistical learning libraries. Our code can be found at https://github.com/
Ziad-Attia/Machine-Learning-Package.git.

Results
Characteristics of the study population

In our study of 942 children, 54.8% (516) were female, 55.7% (525) were urban residents, 9.2%
(87) were younger than 6, 43.4% (408) were between the ages of 6 and 10, and the remaining
were older than 10. 79.5% (749) of children were dewormed. We found that 5.1% of children
were infected with STH (48 cases), 5.8% (55) with protozoans, 15.1% (142) with any helminth,
and 20.1% (189) with any parasite.

Logistic regression

Multivariate logistic regression models showed a significant decrease in the odds of having an
STH infection among children who lived in cities versus villages and were dewormed
(p < 0.05). On the other hand, we found a significant increase in the odds of having STH infec-
tion for children belonging to households that sometimes used nafta for cooking, and in chil-
dren whose fathers had hay fever (p < 0.05). (S1 Table contains all odds ratios and p-values).

A separate logistic regression using any protozoan infection as the outcome was signifi-
cantly related to paternal wheezing, sometimes burning leaves, and having a dog (p < 0.05). In
addition, cooking in the home and child’s wheezing was found to significantly decrease the
odds of having a protozoal disease (p < 0.05). (S2 Table contains all odds ratios and p-values).

Furthermore, any helminth infection was significantly associated with paternal hay fever,
maternal occupation, family size, mean corpuscular hemoglobin concentration, hematocrit
levels, and type of mattress on which the child sleeps (p<0.05). (S3 Table contains all odds
ratios and p-values for this infection).

Lastly, looking across any parasite (defined positive either protozoa or helminths) infec-
tions, we found few demographic and lifestyle factors such as family size, increase in
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hematocrit were inversely associated with any parasite infection, while a significant increase in
odds of any parasite infection was found with disposing of waste in an open field, paternal hay
fever, and a positive dust mite skin prick test. (S4 Table contains all odds ratios and p-values
for this infection). However, after Benjamini-Hochberg correction, all of the aforementioned
risk factors lost statistical significance due to the high dimensionality of the data. This demon-
strates the value of combining advanced machine learning-based feature selection methods
with traditional logistic regression once more.

Risk factor analysis

Feature selection methods provided a novel and complementary approach to logistic regres-
sion for risk factor analysis. Table 2 compares the risk factors identified by feature selection
approaches to the significant risk factors identified through logistic regression models. For
each respective feature selection method, a risk factor was considered important if it appeared
in at least 95% of the runs performed. We found nafta burning (frequent and infrequent), fre-
quent burning of leaves, having a positive cockroach skin prick test, and father with wheeze as
strong predictors for all outcome variables. These risk factors were present in at least eight fea-
ture selection or logistic regression models. Risk factors such as, child with asthma in last year,
source of water, and household with thatched roof, mother with hay fever, platelets’ count, and
having a pig were identified across all infection outcomes using eight feature selection methods
but were not identified using logistic regression models. (Table 2). We observed some varia-
tions in selected risk factors for each outcome variable. For example, frequent dung burning
was identified by feature selection for STH infections, but not or any parasitic infections.
Cooking inside living area and some leaves burning were identified by feature selection and
logistic regression for predicting protozoans, but not for any STH infections (Table 2). Fur-
thermore, our feature selection model frequently identified none statistically significant fea-
tures in logistic regressions. In contrast, logistic regressions identified only two features of
STH infection that were missed by feature selection.

Classification performance

The RF and SVM classifiers had the highest predictive accuracy for all infection outcomes.
Using SVM and JMI, we obtained an accuracy of 79.9% for predicting whether a child has an
infectious parasite or not (Fig 1A). Additionally, using SVM and ReF, we obtained the highest
accuracy of 84.9% for predicting whether a child has or does not have a helminth infection
(Fig 1B) The RF and SVM models predicted protozoan and STH infection status with the high-
est accuracy (94.2% and 94.9%, respectively) (Fig 1C and 1D). These accuracies were obtained
primarily by utilizing all risk factors or by utilizing a subset of risk factors. SVM, RF, and XGB
achieved comparable results across all infection outcomes, and their accuracy was higher than
Logistic Regression (LR). Similarly, on average, all feature selection methods were equally
accurate. However, combining JMI feature selection with SVM classification resulted in the
highest overall accuracy across four infection outcomes (Fig 1) We also observed that risk fac-
tors selected through feature selection methods lead to similar prediction accuracy than classi-
fication using all features. Classification with data balancing using SMOTE produced
comparable accuracies to classification without any data balancing. However, LR’s classifica-
tion accuracy was significantly worse with SMOTE than without any data balancing. (Fig 1
and S1 Fig).

We created receiver operating characteristic (ROC) curves and calculated area under the
ROC curves (AUC) to assess the performance of classification methods using the set of features
and hyperparameters that produced the highest accuracy scores. Across all parasitic infections,

PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0010517  June 14, 2022 7/19


https://doi.org/10.1371/journal.pntd.0010517

Machine learning for intestinal parasitic infection risk factors analysis

PLOS NEGLECTED TROPICAL DISEASES

200¥ 2150100 paud jewinol/L 210 /B10Iop//:sdny

BUIISE YIM Io1je]

>

>

>

>

UOoneIIU3dU0d Eﬂn—O—.WGEOJ hNMSUwﬂ-&hOU UeIN

9Z33UM JIM IOYIOTA

<

JUNO? [[32 POO[q Py

<

Suruing poom awog

<

JLID0JBWIH]

SIS S

SIS IS S

SIS S S

urqofSoway Jenosndiod ueay

Suruingq sed swrog

>

>

>

urqojdoura

>

S

>

Junod [[23 poo[q ATYA

SIS S SN S

QuInjoA hmﬁﬂuwﬁ&hcu UeI]N

Suruinq Sunp juanbarg

>

mﬁ:ﬁ:.ﬂﬁ SIALI wos

eare Surar] apisur Sunjoo))

>

>

>

Junod saykooyduwd] ySr

N

0UIPISAY URQIN

>

>

>

>

S1d e aaepy

Junod s[RI

Suruingq sed yuanbaxg

<

<

1591 youd upys ayrw 3sn(q

19A3J ey ()M 1Yo

N

6 uey) 1918213 3z1s A[rure,

o

ToA3) AR IIM IO

N

spray urrey o3 Sunp jo uonesrddy

JOooI paydjey) sey pjoyasnoy

UIBI1)S/TOALT TWOIJ IJR M

Teak Jse] UT BUIYISE YIIM PIIYD

<

9Z33UM JIM J3YIe]

3533 Yo11d UDs YoBOID0D 2ATISOJ

Suruingq eyyeu juonbarg

Suruinq saaea] Juenbary

SIS NN NSNS S

SIS NSNS

SIS S NS NSNS

SIS SIS SIS S NSNS NS>

<

SIS NN NSNS

SIS SIS DS

o

SIS SN NSNS

SIS SN NSNS S

Suruing eyeu swog

W | n | Il

ANIN

424

oI

IN(

AN

B
9
=7

oI

IN{

ANAN

LG

o1

A

ANAN

G2

)

J0)08] YSIY

UONIPUY JIYJUIWPH

Uo11>3Ju] dNIsered

UOoIdPU] UB0Z0)J0Id

uonosyu HIS

‘Jusunsn(pe anfea-d SroquooH-Turui(usg 1a)ye 2ouedYIUIs [eONSNL)S 1S0] , B YILM SMOLIY “] UBY)
195S3] OTJBI SPPO 2)edIPUT SMOITE SPIEMUMOP PUE ‘T Uel]) 19)ea13 orjer sppo juedyrudis sajedrpur smoire spremdp) ‘sayoeordde aa1y) ut 95ua1mM00 Jo A>uanbaiy 1oy 0y Surproooe paxuer axe s1030e] Ysryg
“(poyIoW Yora 10§ SUNI UON3[as 1n3edj 00T Jo 07 4ol 3y Jo 966 ut pareadde) sanyes) pagosfes Asnqoy *(YIAMIN) 99UBAI[PY WNWIXE AOULPUNPIY WNWIUIJA] PUE ‘UOT)BUWLIOJU] [enjnjy Jutof
“(49Y) AJ2TY “(DI) UTEHOJUT :SPOYIIW UOTIII[IS 3INJedJ dY) pue (50°( = V) UOISSIIII d13s130] (JA[) JeLIBAN[NW PUE (()) SJBLIBAIUN UO PIse( SUI0IINO UOT)IIJUI Yo 10 SI0)0B) SN ‘7 A[qe],

8/19

PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0010517  June 14, 2022


https://doi.org/10.1371/journal.pntd.0010517.t002
https://doi.org/10.1371/journal.pntd.0010517

PLOS NEGLECTED TROPICAL DISEASES Machine learning for intestinal parasitic infection risk factors analysis

a. b.

Helminthic Infection

Parasitic Infection

60.2%

79.4%

All-

80.0%
5 s
= IMI-20 S IMI20 SR
[V [}
% -70.0% %
) MRMR-20- 67.8% 76.2% I MRMR-20-  70.5%
@ e
2 2 .
o 1G-20 ST 3% 79 o 1G-20 JEEN A -60.0%
[N g -
-60.0%
ReF-20- 71.2% 75.2% 76.2% 2% ReF-20 47.9% 69.3% 84.2% 83.6%
LR RF SVM GB LR RF SVM XGB
Classifier Classifier
Ce d.
Protozoan Infection STH Infection
All- 77.7% 94.2% 93.6% Al-  73.7% 94.9% 94.9% 94.7%
90.0%

c =
2 MI20-  67.2% 94.2% CERC 2 jMi-20 JECERES 94.6% 94.9% 94.5%
] 75.0%
Q Q
[0 @ -80.0%
) MRMR-20-  65.2% 86.4% 92.9% 88.0% ) MRMR-20-  80.4% 91.2% 89.1% 90.5% )
v e
2 2
© 1G-20- 70.1% 92.1% 94.1% 93.2% © 16-20 EREL 93.8% 94.8% 94.3%
B 50.0% 70.0%
ReF-20 8% 9% 2% 9% ReF-20 .3%: 92.8% 93.3% .0%
66.9% 69.5% 83.9% 79.39 % 93.0%
LR RF SVM XGB LR SVM XGB
Classifier Classifier

Fig 1. Heatmaps illustrating the accuracy scores for different feature selection and classifier combinations using SMOTE; for infection by (a) any parasite, (b) any
helminth, (c) protozoan, and (d) any STH. Green indicates a high accuracy, while red indicates a low accuracy. Feature selection include all features, or top 20 features
selected through Joint Mutual Information (JMI-20), Minimum Redundancy Maximum Relevance (MRMR-20), InfoGain (IG-20) and ReliefF (ReF-20). Classifiers
include Logistic Regression (LR), Random Forests (RF), Support Vector Machines (SVM), and XGBoost (XGB).

https:/doi.org/10.1371/journal.pntd.0010517.g001

we found that RF had higher AUC scores than SVM, XGB, and LR (Fig 2). Data balancing
slightly decreased the AUC scores for LR and XGB, though marginally increased for RF (52

Fig).

Comparative performance of feature selection methods

We observed a distinction between the most frequently occurring risk factors within ranking-
based (IG and ReF) and subset-based (JMI and MRMR) techniques. IG and ReF did not fre-
quently identify the same features, with the exception of the protozoan infection. As for sub-
set-based methods, there was very little overlap in the selected features, except for platelets
count, which both JMI and MRMR selected for all four infection outcomes. The greatest over-
lap was observed between ReF and MRMR across all four outcomes (Table 2).
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In terms of robustness, both ranking and subset-based methods tended to identify the top
features, despite the high cutoff of 95%. Most of the top features were identified by ReF and
MRMR simultaneously, while IG and JMI showed relatively less robust and identified few fea-
tures across the infection outcomes (Table 2).
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Fig 2. Receiver operating characteristic (ROC) curves for different classifiers using best feature selection method and best hyperparameters for that infection
outcome with SMOTE; for infection by (a) any parasite, (b) any helminth, (c) protozoan, and (d) any STH. Classifiers include Logistic Regression (LR), Random
Forests (RF), Support Vector Machines (SVM), and XGBoost (XGB). Blue dashed line represents the ROC curve for a random guess. The Area Under Curve (AUC) scores
are (a) LR: 0.52, RF: 0.56, SVM: 0.50, XGB: 0.54, (b) LR: 0.47, RF: 0.51, SVM: 0.50, XGB: 0.48, (c) LR: 0.70, RF: 0.73, SVM: 0.50, XGB: 0.58, and (d) LR: 0.54, RF: 0.62, SVM:

0.50, XGB: 0.52.

https://doi.org/10.1371/journal.pntd.0010517.9002
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Association rules

We found some overlap between the features discovered through feature selection, logistic
regression, and association rule learning. Due to a large number of rules with tied lift and con-
fidence values, we chose five association rules for each outcome with risk factors that appeared
in at least 20% of the top rules. This way, we avoided choosing similar and redundant associa-
tion rules. The key results for the association rules can be found in Table 3. Burning of nafta,
wood, charcoal, and dung were found in 10 of the 20 rules across the four outcomes, as well as
in feature selection (Table 3). Additionally, a strong association was discovered between own-
ing dogs and horses and having parasitic infections. However, neither of these animals was
found to be significant in logistic regression models for parasite infection. Additionally, certain

Table 3. The top five rules based on association rule learning with SMOTE for each infection outcome. For each
infection, the five rules with the highest lift values are chosen and sorted. The combinations of risk factors specified on
the left leads to the given infection.

Parasitic Infection Support | Confidence | Lift
Child’s sleeping, Smokers in the household, Sex, Family of size 6 to 9 members 0.011 1 2
Ages between six to ten, Water from open well, Waste disposal in open pit, Low White | 0.011 1 2
Blood cell count

Have a dog, Have a horse, Frequent wood burning, Low mean corpuscular hemoglobin | 0.010 1 2
concentration

Have a horse, Low hemoglobin, Sex, Low mean corpuscular hemoglobin concentration | 0.010 1

Have a horse, Sex, Frequent wood burning, Low mean corpuscular hemoglobin 0.010 1 2
concentration

STH Infection Support | Confidence | Lift
Urban residence, Have a cow, Frequent nafta burning, Some wood burning 0.014 1 2
Informal maternal education, Some dung burning, Some nafta burning, Low mean 0.014 1 2
corpuscular volume

Low hemoglobin, Some charcoal burning, Frequent nafta burning, Some wood 0.014 1 2
burning

Urban residence, Informal maternal education, Frequent nafta burning, Some wood 0.014 1 2
burning

Informal maternal education, Some charcoal burning, Frequent nafta burning, Some 0.014 1 2
wood burning

Protozoan Infection Support | Confidence | Lift
Sex, Low mean corpuscular hemoglobin, High mean corpuscular hemoglobin 0.016 1 2
concentration, Low mean corpuscular volume

Dewormed, Some wood burning, High mean corpuscular hemoglobin concentration, | 0.016 1 2
Low mean corpuscular volume

Dewormed, Sex, High mean corpuscular hemoglobin concentration, Low mean 0.016 1 2
corpuscular volume

Dewormed, Low hemoglobin, High mean corpuscular hemoglobin concentration, Low | 0.016 1 2
mean corpuscular volume

Some gas burning, Some wood burning, Mother is a housewife, Low White Blood cell | 0.016 1 2
count

Helminthic Infection Support | Confidence | Lift
Have a sheep, Frequent charcoal burning, Low mean corpuscular hemoglobin, Low 0.013 1 2
mean corpuscular volume

Have a sheep, Sex, Frequent charcoal burning, Low mean corpuscular hemoglobin 0.011 1 2
Child’s mattress, Child’s sleeping, Cooking in living area, Age greater than 10 0.009 1 2
Child’s bed, Child’s mattress, Cooking in living area, Age greater than 10 0.009 1 2
Child’s mattress, Child’s sleeping, Dewormed, Age greater than 10 0.009 1 2

https://doi.org/10.1371/journal.pntd.0010517.t003
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rules identified sex as a significant associative predictor, which was not detected in any of the
other analyses conducted in the study. Similar to feature selection, association rules showed a
combination of different hematological parameters, such as a low or high mean corpuscular
hemoglobin concentration and low white blood cell count, to be significant predictors. Addi-
tionally, urban residence was found in two association rules for STH infection, despite our
findings from logistic regression models indicating that urban residence is protective against
STH infection. Finally, association rule learning also found deworming to be positively associ-
ated with protozoal and helminthic infections.

Discussion

In our study, we used a variety of machine learning approaches to identify risk factors for four
types of parasitic infection as outcome variables. According to several previous studies, machine
learning classifiers do not outperform logistic regression in predictive tasks [40-42]. Here, we
demonstrated that the SVM, RF and XGB achieved the higher accuracy than LR for all four
infection outcomes (Fig 1) Our highest accuracies were obtained when features from JMI were
used, indicating that selected features may contain useful information for predictive purposes.

We demonstrated that data balancing with SMOTE did not improve classification accuracy
for all infection outcomes in our analysis. This may be due to the rarity of infections, necessi-
tating a significant oversampling of cases in order to balance the data set. This may have
resulted in the removal of a substantial amount of variation from our data set, preventing us
from achieving a higher level of accuracy.

We found a strong correlation between lower hematological parameters and parasitic infec-
tions using feature selection methods and association rules. Previous research indicates that
this association is due to intestinal parasites associated with appetite loss and malnutrition,
which can manifest as symptoms of anemia in children [43]. We also found association
between intestinal parasites and burning of fuels like leaves, nafta, wood, charcoal, and dung.
This could be due to the correlation between the use of such fuels, as opposed to electricity as a
proxy of lower socioeconomic status. Alternatively compared to nafta uses, study subjects who
use wood as main source of fuel are farmers and are usually exposed to soil without protective
shoe that could increase chance of acquiring hookworm and other STH infection. A previous
study in Ethiopia also confirms that there is a higher prevalence of STHs among farmers than
others. [44]

Additionally, we discovered that living in an urban area and cooking in the living room
were protective factors. This may be because these characteristics serve as proxy indicators of
higher socioeconomic status. Previous research has established a link between low socioeco-
nomic status and an increased risk of intestinal parasites [45]. Lastly, our findings that paternal
hay fever and wheeze are generally strong predictors of outcome variables may suggest that
families with respiratory allergies are also at compromised immune system, with an increased
risk susceptibility of parasitic infections [46]. Also, it could be a result of these factors acting as
a proxy measure for other respiratory problems in the family or health access. Lack of access to
health care has been linked to intestinal parasite infections [47]. However, the relationship
between atopic diseases and helminthic infection remains controversial. Some studies showed
that decreased prevalence of atopy among helminthic infected [48, 49], while others showed
either positive, or no relation between helminthic infection and allergic disease [50, 51]. Most
these studies are cross sectional, and do not allow making any strong temporal associations. A
more reliable longitudinal study by Cooper et al [52] showed that a deworming programme in
Ecuadorian schoolchildren reduced helminthiases without promoting atopy or atopic diseases.
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Our study population also enrolled in mass deworming program, which limits the possibility
that helminthic induced allergic disorder to be an alternative explanation. Furthermore, a posi-
tive association between dust mite skin prick test and infection with any parasite in this study
could be due to helminths induced non-functional sensitization of IgE against environmental
allergens. Doyen et al [53] documented that Helminth induced sensitization to Dpt was not
explained by sensitization to N-glycans nor to major allergens.

In this study protozoan infection was inversely associated with child wheezing but not
with paternal wheezing. This could partly explained by difference in age of the population
being studied and/or the time of infection. Studies showed that early life infection reduced
allergic disorders due to the fact that programming of Th cell memory against allergens
commonly occurs during early childhood [54]. However, others have reported conflicting
findings either no [55] or positive [56] association between protozoan infection and child-
hood wheezing. Further investigation is required to elucidate immune regulatory mecha-
nisms involved in the association between intestinal protozoan infections and allergic
manifestations.

Regarding association rule learning, we discovered that deworming in conjunction with
anemia was positively associated with protozoan infections. However, deworming was only
found to have a mitigative effect for STH infections in our multivariate logistic regressions,
which is supported by previous literature [57]. This may suggest that deworming may be creat-
ing an environment for other intestinal parasites such as protozoans by mitigating STH infec-
tions, as some previous studies have suggested [19]. In association rule learning, we also
observed that having animals such as dogs, cows, horses, and sheep was positively associated
with different intestinal parasites, which agrees with previous studies that have found a higher
prevalence of intestinal parasitosis among children raising animals compared to those not rais-
ing animals [58]. This association may be because raising animals may act as a proxy for rural
residence, but could also be a result of fecal contamination by infected animals. Our analysis
found urban residence in two association rules as increased risk for STH infection, despite
conflicting in logistic regression models. This discrepancy could be due to differences in these
models. Unlike the logistic regression model, which relies on a single model to compute the
probability that the module has a fault (i.e., fault-prone) based on its module metrics, associa-
tion rule mining is that a large set of rules can characterize various types of faulty modules.
This could increase the prediction performance since we can select rules based on interesting-
ness measures of a rule such as support and confidence [59]

Our findings provided support for the hypothesis that hematological parameters associated
with anemia are strong predictors of intestinal parasitic infections, possibly due to the strong
biological connection. Future studies may prioritize data collected from blood samples for
predictive purposes due to the high biological relevance of blood samples to intestinal para-
sites. Our findings, however, demonstrated the importance of socioeconomic and atopy-
related factors, implying the importance of combining internal biological parameters with
certain external risk factors.

Recent advances in computational capacity and machine learning (ML) have shown the
ability to accurately identify patients at high risk of mortality [60] and cardiovascular disease
[61] using electronic health record (EHR) data. Although such an approach is not commonly
used in parasite epidemiological surveys, our ML algorithm may shed light on new possibilities
to use and develop new models to assess risk factors in similar epidemiological studies. Fur-
thermore, applying association rule mining to parasite survey data sets could further confirm
existing knowledge regarding parasite risk factors and discover new risk factors that could
potentially lead to improved prevention efforts, decision support, and hypothesis generation.
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However, further clinical and biomedical studies should be done to determine the clinical
validity of the new associations generated in our machine learning algorithm.

Limitations

Our findings should be considered in light of some limitations. First, this is a cross-sectional
data collection which makes it difficult to attribute causality based on the observed association.
Second, the size of our data set and the class imbalance in our data limited our model’s predic-
tive capabilities. Additionally, by oversampling certain combinations of features using
SMOTE, we may have increased the bias in our association rule learning. Third, it is worth
noting that while machine learning methods can help us understand the significance of certain
risk factors, they do not always indicate whether these risk factors are additive or mitigating.
As aresult, it is best to combine traditional statistical techniques with advanced machine learn-
ing techniques to obtain a more holistic view of risk factors. Finally, our models may not gen-
eralize well to other populations, given that they were trained on data from school children
enrolled in one region in Ethiopia. Further validation of these models is recommended in
other geographic settings to determine generalizability.

Conclusion

Our findings emphasize the importance of using machine learning algorithms to identify
novel risk factors and validate the significance of previously identified risk factors. While fea-
ture selection approaches overlapped with logistic regression in our study, they also revealed a
large number of risk factors that were not discovered by these approaches. Additionally, asso-
ciation rule learning revealed links between certain risk factor combinations and parasitic
infections that were not evident using logistic regression models or feature selection
approaches. Finally, SVM, RF and XGB classifiers produced highly accurate predictive models
in comparison to LR classifiers. Our findings demonstrate the importance of combining bio-
logically relevant predictors, such as hematological characteristics, with socioeconomic and
health-related factors for predicting parasitic infections.
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S1 Fig. Heatmaps illustrating the accuracy scores for different feature selection and classi-
fier combinations without any data balancing; for infection by (a) any parasite, (b) any hel-
minth, (c) protozoan, and (d) STH. Green indicates a high accuracy, while red indicates a
low accuracy. Feature selection include All features, or top 20 features selected through Joint
Mutual Information (JMI-20), Minimum Redundancy Maximum Relevance (MRMR-20),
InfoGain (IG-20) and ReliefF (ReF-20). Classifiers include Logistic Regression (LR), Random
Forests (RF), Support Vector Machines (SVM), and XGBoost (XGB).
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S2 Fig. Receiver operating characteristic (ROC) curves for different classifiers using best
feature selection method and best hyperparameters for that infection outcome without
data balancing; for infection by (a) any parasite, (b) any helminth, (c) protozoan, and (d)
STH. Classifiers include Logistic Regression (LR), Random Forests (RF), Support Vector
Machines (SVM), and XGBoost (XGB). Blue dashed line represents the ROC curve for a ran-
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0.53, (b) LR: 0.54, RF: 0.54, SVM: 0.54, XGB: 0.49, (c) LR: 0.72, RF: 0.72, SVM: 0.49, XGB: 0.69,
and (d) LR: 0.54, RF: 0.61, SVM: 0.50, XGB: 0.59.

(TIFF)

PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0010517  June 14, 2022 14/19


http://journals.plos.org/plosntds/article/asset?unique&id=info:doi/10.1371/journal.pntd.0010517.s001
http://journals.plos.org/plosntds/article/asset?unique&id=info:doi/10.1371/journal.pntd.0010517.s002
https://doi.org/10.1371/journal.pntd.0010517

PLOS NEGLECTED TROPICAL DISEASES Machine learning for intestinal parasitic infection risk factors analysis

S1 Table. Univariate and multivariate logistic regression analysis of risk factors for STH
infection. For each risk factor, corresponding references and survey results are provided.
Adjusted p-values are provided in parenthesis.

(DOCX)

$2 Table. Univariate and multivariate logistic regression analysis of risk factors for infec-
tion with any protozoan. For each risk factor, corresponding references and survey results are
provided. Adjusted p-values are provided in parenthesis.

(DOCX)

$3 Table. Univariate and multivariate logistic regression analysis of risk factors for infec-
tion with any helminth. For each risk factor, corresponding references and survey results are
provided. Adjusted p-values are provided in parenthesis.

(DOCX)

$4 Table. Univariate and multivariate logistic regression analysis of risk factors for infec-
tion with parasites. For each risk factor, corresponding references and survey results are pro-
vided. Adjusted p-values are provided in parenthesis.

(DOCX)

Acknowledgments

We gratefully thank the parents/guardians and children at each school, who generously pro-
vided their information and thank the school administrators for facilitating stool collection
and their commitment during the fieldwork. We would like to thank Colgate University for
providing resources to perform this study. We would also like to thank Van Tran 20 and Taz
Saad 22 for the software they provided to us. Finally, we would like to thank Samantha Nino
and Ryan Gamer for their preliminary work on modeling STH infections.

Author Contributions
Conceptualization: Bineyam Taye.

Data curation: Mehret Tesfaye, Sosina Walelign, Moges Wordofa, Dessie Abera, Kassu Desta,
Aster Tsegaye, Bineyam Taye.

Formal analysis: Aziz Zafar, Ziad Attia, Ahmet Ay.
Funding acquisition: Bineyam Taye.

Investigation: Aziz Zafar, Ziad Attia, Mehret Tesfaye, Sosina Walelign, Moges Wordofa, Des-
sie Abera, Kassu Desta, Aster Tsegaye, Ahmet Ay, Bineyam Taye.

Methodology: Aziz Zafar, Ziad Attia, Mehret Tesfaye, Sosina Walelign, Moges Wordofa, Des-
sie Abera, Kassu Desta, Aster Tsegaye, Ahmet Ay, Bineyam Taye.

Project administration: Sosina Walelign, Moges Wordofa, Kassu Desta, Aster Tsegaye,
Ahmet Ay, Bineyam Taye.

Resources: Mehret Tesfaye, Sosina Walelign, Moges Wordofa, Dessie Abera, Kassu Desta,
Aster Tsegaye, Ahmet Ay, Bineyam Taye.

Software: Aziz Zafar, Ziad Attia, Ahmet Ay.
Supervision: Kassu Desta, Aster Tsegaye, Ahmet Ay, Bineyam Taye.
Validation: Mehret Tesfaye, Ahmet Ay, Bineyam Taye.

PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0010517  June 14, 2022 15/19


http://journals.plos.org/plosntds/article/asset?unique&id=info:doi/10.1371/journal.pntd.0010517.s003
http://journals.plos.org/plosntds/article/asset?unique&id=info:doi/10.1371/journal.pntd.0010517.s004
http://journals.plos.org/plosntds/article/asset?unique&id=info:doi/10.1371/journal.pntd.0010517.s005
http://journals.plos.org/plosntds/article/asset?unique&id=info:doi/10.1371/journal.pntd.0010517.s006
https://doi.org/10.1371/journal.pntd.0010517

PLOS NEGLECTED TROPICAL DISEASES Machine learning for intestinal parasitic infection risk factors analysis

Visualization: Aziz Zafar, Ziad Attia, Ahmet Ay.

Writing - original draft: Aziz Zafar, Ziad Attia.

Writing - review & editing: Aziz Zafar, Kassu Desta, Aster Tsegaye, Ahmet Ay, Bineyam

Taye.

References

1.

10.

11.

12.

13.

14.

15.

Haque R. Human intestinal parasites. J Health Popul Nutr. 2007; 25(4):387-91. Epub 2008/04/12.
PMID: 18402180.

Harhay MO, Horton J, Olliaro PL. Epidemiology and control of human gastrointestinal parasites in chil-
dren. Expert Rev Anti Infect Ther. 2010; 8(2):219-34. Epub 2010/01/30. https://doi.org/10.1586/eri.09.
119 PMID: 20109051.

Tegen D, Damtie D, Hailegebriel T. Prevalence and Associated Risk Factors of Human Intestinal Proto-
zoan Parasitic Infections in Ethiopia: A Systematic Review and Meta-Analysis. J Parasitol Res. 2020;
2020:8884064. Epub 2020/10/22. https://doi.org/10.1155/2020/8884064 PMID: 33083045.

Bauhofer AFL, Cossa-Moiane I, Marques S, Guimaraes EL, Munlela B, Anapakala E, et al. Intestinal
protozoan infections among children 0—168 months with diarrhea in Mozambique: June 2014—January
2018. PLoS Negl Trop Dis. 2020; 14(4):e0008195. Epub 2020/04/23. https://doi.org/10.1371/journal.
pntd.0008195 PMID: 32320399.

WHO. Soil-transmitted helminth infections 2020.

Jourdan PM, Lamberton PHL, Fenwick A, Addiss DG. Soil-transmitted helminth infections. Lancet.
2018; 391(10117):252—65. Epub 2017/09/09. https://doi.org/10.1016/S0140-6736(17)31930-X PMID:
28882382.

Kabatende J, Mugisha M, Ntirenganya L, Barry A, Ruberanziza E, Mbonigaba JB, et al. Prevalence,
Intensity, and Correlates of Soil-Transmitted Helminth Infections among School Children after a Decade
of Preventive Chemotherapy in Western Rwanda. Pathogens. 2020; 9(12). Epub 2020/12/30. https://
doi.org/10.3390/pathogens9121076 PMID: 33371488.

Rivero MR, De Angelo C, Nunez P, Salas M, Motta CE, Chiaretta A, et al. Environmental and socio-
demographic individual, family and neighborhood factors associated with children intestinal parasitoses
at Iguazu, in the subtropical northern border of Argentina. PLoS Negl Trop Dis. 2017; 11(11):e0006098.
Epub 2017/11/21. https://doi.org/10.1371/journal.pntd.0006098 PMID: 29155829.

Campbell SJ, Nery SV, Wardell R, D’Este CA, Gray DJ, McCarthy JS, et al. Water, Sanitation and
Hygiene (WASH) and environmental risk factors for soil-transmitted helminth intensity of infection in
Timor-Leste, using real time PCR. PLoS Negl Trop Dis. 2017; 11(3):e0005393. Epub 2017/03/28.
https://doi.org/10.1371/journal.pntd.0005393 PMID: 28346536.

Kattula D, Sarkar R, Rao Ajjampur SS, Minz S, Levecke B, Muliyil J, et al. Prevalence & risk factors for
soil transmitted helminth infection among school children in south India. Indian J Med Res. 2014; 139
(1):76-82. Epub 2014/03/08. PMID: 24604041.

Ranganathan P, Pramesh CS, Aggarwal R. Common pitfalls in statistical analysis: Logistic regression.
Perspect Clin Res. 2017; 8(3):148-51. Epub 2017/08/23. https://doi.org/10.4103/picr.PICR_87_17
PMID: 28828311.

Camacho DM, Collins KM, Powers RK, Costello JC, Collins JJ. Next-Generation Machine Learning for
Biological Networks. Cell. 2018; 173(7):1581-92. Epub 2018/06/12. https://doi.org/10.1016/j.cell.2018.
05.015 PMID: 29887378.

AbdelRahman SE, Zhang M, Bray BE, Kawamoto K. A three-step approach for the derivation and vali-
dation of high-performing predictive models using an operational dataset: congestive heart failure read-
mission case study. BMC Med Inform Decis Mak. 2014; 14:41. Epub 2014/06/083. https://doi.org/10.
1186/1472-6947-14-41 PMID: 24886637.

Dauvin A, Donado C, Bachtiger P, Huang KC, Sauer CM, Ramazzotti D, et al. Machine learning can
accurately predict pre-admission baseline hemoglobin and creatinine in intensive care patients. NPJ
Digit Med. 2019; 2:116. Epub 2019/12/10. https://doi.org/10.1038/s41746-019-0192-z PMID:
31815192.

Alghamdi M, Al-Mallah M, Keteyian S, Brawner C, Ehrman J, Sakr S. Predicting diabetes mellitus using
SMOTE and ensemble machine learning approach: The Henry Ford Exerclse Testing (FIT) project.
PLoS One. 2017; 12(7):e0179805. Epub 2017/07/25. https://doi.org/10.1371/journal.pone.0179805
PMID: 28738059.

PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0010517  June 14, 2022 16/19


http://www.ncbi.nlm.nih.gov/pubmed/18402180
https://doi.org/10.1586/eri.09.119
https://doi.org/10.1586/eri.09.119
http://www.ncbi.nlm.nih.gov/pubmed/20109051
https://doi.org/10.1155/2020/8884064
http://www.ncbi.nlm.nih.gov/pubmed/33083045
https://doi.org/10.1371/journal.pntd.0008195
https://doi.org/10.1371/journal.pntd.0008195
http://www.ncbi.nlm.nih.gov/pubmed/32320399
https://doi.org/10.1016/S0140-6736%2817%2931930-X
http://www.ncbi.nlm.nih.gov/pubmed/28882382
https://doi.org/10.3390/pathogens9121076
https://doi.org/10.3390/pathogens9121076
http://www.ncbi.nlm.nih.gov/pubmed/33371488
https://doi.org/10.1371/journal.pntd.0006098
http://www.ncbi.nlm.nih.gov/pubmed/29155829
https://doi.org/10.1371/journal.pntd.0005393
http://www.ncbi.nlm.nih.gov/pubmed/28346536
http://www.ncbi.nlm.nih.gov/pubmed/24604041
https://doi.org/10.4103/picr.PICR%5F87%5F17
http://www.ncbi.nlm.nih.gov/pubmed/28828311
https://doi.org/10.1016/j.cell.2018.05.015
https://doi.org/10.1016/j.cell.2018.05.015
http://www.ncbi.nlm.nih.gov/pubmed/29887378
https://doi.org/10.1186/1472-6947-14-41
https://doi.org/10.1186/1472-6947-14-41
http://www.ncbi.nlm.nih.gov/pubmed/24886637
https://doi.org/10.1038/s41746-019-0192-z
http://www.ncbi.nlm.nih.gov/pubmed/31815192
https://doi.org/10.1371/journal.pone.0179805
http://www.ncbi.nlm.nih.gov/pubmed/28738059
https://doi.org/10.1371/journal.pntd.0010517

PLOS NEGLECTED TROPICAL DISEASES Machine learning for intestinal parasitic infection risk factors analysis

16.

17.

18.

19.

20.

21.

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

Morang’a CM, Amenga-Etego L, Bah SY, Appiah V, Amuzu DSY, Amoako N, et al. Machine learning
approaches classify clinical malaria outcomes based on haematological parameters. BMC Med. 2020;
18(1):375. Epub 2020/12/01. https://doi.org/10.1186/s12916-020-01823-3 PMID: 33250058.

Kaur M, Kang S. Market Basket Analysis: Identify the Changing Trends of Market Data Using Associa-
tion Rule Mining. Procedia Computer Science. 2016; 85:78-85. https://doi.org/10.1016/j.procs.2016.
05.180

Kost R, Littenberg B, Chen ES. Exploring generalized association rule mining for disease co-occur-
rences. AMIA Annu Symp Proc. 2012; 2012:1284—-93. Epub 2013/01/11. PMID: 23304407.

Mohamed N, Muse A, Wordofa M, Abera D, Mesfin A, Wolde M, et al. Increased Prevalence of Cestode
Infection Associated with History of Deworming among Primary School Children in Ethiopia. Am J Trop
Med Hyg. 2019; 101(3):641-9. Epub 2019/07/25. https://doi.org/10.4269/ajtmh.19-0284 PMID:
31333166.

Asher MI, Keil U, Anderson HR, Beasley R, Crane J, Martinez F, et al. International Study of Asthma
and Allergies in Childhood (ISAAC): rationale and methods. The European respiratory journal. 1995; 8
(3):483-91. https://doi.org/10.1183/09031936.95.08030483 PMID: 7789502

Dagoye D, Bekele Z, Woldemichael K, Nida H, Yimam M, Hall A, et al. Wheezing, allergy, and parasite
infection in children in urban and rural Ethiopia. American journal of respiratory and critical care medi-
cine. 2003; 167(10):1369-73. Epub 2003/05/10. https://doi.org/10.1164/rccm.200210-12040C PMID:
12738598.

Haileamlak A, Dagoye D, Williams H, Venn AJ, Hubbard R, Britton J, et al. Early life risk factors for
atopic dermatitis in Ethiopian children. The Journal of allergy and clinical immunology. 2005; 115
(2):370-6. Epub 2005/02/08. https://doi.org/10.1016/j.jaci.2004.10.024 PMID: 15696097.

Benjamini Y, Hochberg Y. Controlling the false discovery rate: a practical and powerful approach to mul-
tiple testing. Journal of the Royal statistical society: series B (Methodological). 1995; 57(1):289-300.

Quinlan JR. Induction of decision trees. Machine Learning. 1986; 1(1):81-106. https://doi.org/10.1007/
BF00116251

Robnik-Sikonja M, Kononenko |, editors. An adaptation of Relief for attribute estimation in regression.
ICML; 1997.

Ding C, Peng H. Minimum redundancy feature selection from microarray gene expression data. J Bioin-
form Comput Biol. 2005; 3(2):185-205. Epub 2005/04/27. https://doi.org/10.1142/s0219720005001004
PMID: 15852500.

Yang HH, Moody J. Data visualization and feature selection: new algorithms for nongaussian data. Pro-
ceedings of the 12th International Conference on Neural Information Processing Systems; Denver, CO:
MIT Press; 1999. p. 687-93.

Breiman L. Random Forests. Machine Learning. 2001; 45(1):5-32. https://doi.org/10.1023/
A:1010933404324

Chen T, Guestrin C. XGBoost: A Scalable Tree Boosting System. Proceedings of the 22nd ACM
SIGKDD International Conference on Knowledge Discovery and Data Mining; San Francisco, Califor-
nia, USA: Association for Computing Machinery; 2016. p. 785-94.

Boser BE, Guyon IM, Vapnik VN, editors. A training algorithm for optimal margin classifiers. Proceed-
ings of the 5th Annual ACM Workshop on Computational Learning Theory.

Zhu C, Byrd RH, Lu P, Nocedal J. Algorithm 778: L-BFGS-B: Fortran subroutines for large-scale bound-
constrained optimization. ACM Trans Math Softw. 1997; 23(4):550-60. https://doi.org/10.1145/279232.
279236

Tsiampalis T, Panagiotakos DB. Missing-data analysis: socio- demographic, clinical and lifestyle deter-
minants of low response rate on self- reported psychological and nutrition related multi- item instru-
ments in the context of the ATTICA epidemiological study. BMC Med Res Methodol. 2020; 20(1):148.
Epub 2020/06/10. https://doi.org/10.1186/s12874-020-01038-3 PMID: 32513107.

Gill MK, Asefa T, Kaheil Y, McKee M. Effect of missing data on performance of learning algorithms for
hydrologic predictions: Implications to an imputation technique. Water Resources Research. 2007; 43
(7). https://doi.org/10.1029/2006wr005298

Troyanskaya O, Cantor M, Sherlock G, Brown P, Hastie T, Tibshirani R, et al. Missing value estimation
methods for DNA microarrays. Bioinformatics. 2001; 17(6):520-5. Epub 2001/06/08. https://doi.org/10.
1093/bioinformatics/17.6.520 PMID: 11395428.

Beretta L, Santaniello A. Nearest neighbor imputation algorithms: a critical evaluation. BMC Med Inform
Decis Mak. 2016; 16 Suppl 3:74. Epub 2016/07/28. https://doi.org/10.1186/s12911-016-0318-z PMID:
27454392.

Chawla N, Bowyer K, Hall L, Kegelmeyer W. SMOTE: Synthetic Minority Over-sampling Technique. J
Artif Intell Res (JAIR). 2002; 16:321-57. https://doi.org/10.1613/jair.953

PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0010517  June 14, 2022 17/19


https://doi.org/10.1186/s12916-020-01823-3
http://www.ncbi.nlm.nih.gov/pubmed/33250058
https://doi.org/10.1016/j.procs.2016.05.180
https://doi.org/10.1016/j.procs.2016.05.180
http://www.ncbi.nlm.nih.gov/pubmed/23304407
https://doi.org/10.4269/ajtmh.19-0284
http://www.ncbi.nlm.nih.gov/pubmed/31333166
https://doi.org/10.1183/09031936.95.08030483
http://www.ncbi.nlm.nih.gov/pubmed/7789502
https://doi.org/10.1164/rccm.200210-1204OC
http://www.ncbi.nlm.nih.gov/pubmed/12738598
https://doi.org/10.1016/j.jaci.2004.10.024
http://www.ncbi.nlm.nih.gov/pubmed/15696097
https://doi.org/10.1007/BF00116251
https://doi.org/10.1007/BF00116251
https://doi.org/10.1142/s0219720005001004
http://www.ncbi.nlm.nih.gov/pubmed/15852500
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1145/279232.279236
https://doi.org/10.1145/279232.279236
https://doi.org/10.1186/s12874-020-01038-3
http://www.ncbi.nlm.nih.gov/pubmed/32513107
https://doi.org/10.1029/2006wr005298
https://doi.org/10.1093/bioinformatics/17.6.520
https://doi.org/10.1093/bioinformatics/17.6.520
http://www.ncbi.nlm.nih.gov/pubmed/11395428
https://doi.org/10.1186/s12911-016-0318-z
http://www.ncbi.nlm.nih.gov/pubmed/27454392
https://doi.org/10.1613/jair.953
https://doi.org/10.1371/journal.pntd.0010517

PLOS NEGLECTED TROPICAL DISEASES Machine learning for intestinal parasitic infection risk factors analysis

37.

38.

39.

40.

41.

42,

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Prasad Potharaju S, Sreedevi M. An Improved Prediction of Kidney Disease using SMOTE. Indian Jour-
nal of Science and Technology. 2016; 9(31). https://doi.org/10.17485/ijst/2016/v9i31/95634

Abdoh SF, Abo Rizka M, Maghraby FA. Cervical Cancer Diagnosis Using Random Forest Classifier
With SMOTE and Feature Reduction Techniques. IEEE Access. 2018; 6:59475-85. https://doi.org/10.
1109/access.2018.2874063

Agrawal R, Srikant R. Fast Algorithms for Mining Association Rules. Proc 20th Int Conf Very Large Data
Bases VLDB. 2000;1215.

Christodoulou E, Ma J, Collins GS, Steyerberg EW, Verbakel JY, Van Calster B. A systematic review
shows no performance benefit of machine learning over logistic regression for clinical prediction mod-
els. Journal of Clinical Epidemiology. 2019; 110:12-22. hitps://doi.org/10.1016/}.jclinepi.2019.02.004
PMID: 30763612

van der Ploeg T, Austin PC, Steyerberg EW. Modern modelling techniques are data hungry: a simula-
tion study for predicting dichotomous endpoints. BMC Medical Research Methodology. 2014; 14
(1):137. https://doi.org/10.1186/1471-2288-14-137 PMID: 25532820

Jiang Y, Zhang X, Ma R, Wang X, Liu J, Keerman M, et al. Cardiovascular Disease Prediction by
Machine Learning Algorithms Based on Cytokines in Kazakhs of China. Clin Epidemiol. 2021; 13:417—
28. Epub 2021/06/18. https://doi.org/10.2147/CLEP.S313343 PMID: 34135637.

Oliveira D, Ferreira FS, Atouguia J, Fortes F, Guerra A, Centeno-Lima S. Infection by Intestinal Para-
sites, Stunting and Anemia in School-Aged Children from Southern Angola. PLoS One. 2015; 10(9):
e€0137327. Epub 2015/09/16. https://doi.org/10.1371/journal.pone.0137327 PMID: 26371758.

Anegagrie M, Lanfri S, Aramendia AA, Scavuzzo CM, Herrador Z, Benito A, et al. Environmental char-
acteristics around the household and their association with hookworm infection in rural communities
from Bahir Dar, Amhara Region, Ethiopia. PLoS Negl Trop Dis. 2021; 15(6):e0009466. Epub 2021/06/
23. https://doi.org/10.1371/journal.pntd.0009466 PMID: 34157019.

Ostan |, Kilimcioglu AA, Girginkardesler N, Ozyurt BC, Limoncu ME, Ok UZ. Health inequities: lower
socio-economic conditions and higher incidences of intestinal parasites. BMC Public Health. 2007;
7:342. Epub 2007/11/29. https://doi.org/10.1186/1471-2458-7-342 PMID: 18042287.

Cooper PJ. Interactions between helminth parasites and allergy. Curr Opin Allergy Clin Immunol. 2009;
9(1):29-37. Epub 2008/12/25. https://doi.org/10.1097/ACI.0b013e32831f44a6 PMID: 19106698.

Raso G, Utzinger J, Silue KD, Ouattara M, Yapi A, Toty A, et al. Disparities in parasitic infections, per-
ceived ill health and access to health care among poorer and less poor schoolchildren of rural Cote
d’lvoire. Trop Med Int Health. 2005; 10(1):42-57. Epub 2005/01/19. https://doi.org/10.1111/j.1365-
3156.2004.01352.x PMID: 15655013.

Stein M, Greenberg Z, Boaz M, Handzel ZT, Meshesha MK, Bentwich Z. The Role of Helminth Infection
and Environment in the Development of Allergy: A Prospective Study of Newly-Arrived Ethiopian Immi-
grants in Israel. PLoS Negl Trop Dis. 2016; 10(1):e0004208. Epub 2016/01/12. https://doi.org/10.1371/
journal.pntd.0004208 PMID: 26752538.

Cooper PJ, Chico ME, Rodrigues LC, Ordonez M, Strachan D, Griffin GE, et al. Reduced risk of atopy
among school-age children infected with geohelminth parasites in a rural area of the tropics. J Allergy
Clin Immunol. 2003; 111(5):995-1000. Epub 2003/05/14. https://doi.org/10.1067/mai.2003.1348 PMID:
12743563.

Alcantara-Neves NM, Badaro SJ, dos Santos MC, Pontes-de-Carvalho L, Barreto ML. The presence of
serum anti-Ascaris lumbricoides IgE antibodies and of Trichuris trichiura infection are risk factors for
wheezing and/or atopy in preschool-aged Brazilian children. Respir Res. 2010; 11(1):114. Epub 2010/
08/25. https://doi.org/10.1186/1465-9921-11-114 PMID: 20731833.

Cooper PJ, Chico ME, Bland M, Griffin GE, Nutman TB. Allergic symptoms, atopy, and geohelminth
infections in a rural area of Ecuador. Am J Respir Crit Care Med. 2003; 168(3):313-7. Epub 2003/04/
26. https://doi.org/10.1164/rccm.200211-13200C PMID: 12714349.

Cooper PJ, Chico ME, Vaca MG, Moncayo AL, Bland JM, Mafla E, et al. Effect of albendazole treat-
ments on the prevalence of atopy in children living in communities endemic for geohelminth parasites: a
cluster-randomised trial. Lancet. 2006; 367(9522):1598—603. Epub 2006/05/16. https://doi.org/10.
1016/S0140-6736(06)68697-2 PMID: 16698413.

Doyen V, Truyens C, Nhu Thi H, Mong HTT, Le Chi T, De Blay F, et al. Helminth infection induces non-
functional sensitization to house dust mites. PLoS One. 2021; 16(7):e0253887. Epub 2021/07/02.
https://doi.org/10.1371/journal.pone.0253887 PMID: 34197505 PLOS ONE policies on sharing data
and materials. Other authors declare that they have no conflict of interest associated with the present
paper.

Holt PG. Parasites, atopy, and the hygiene hypothesis: resolution of a paradox? Lancet. 2000; 356
(9243):1699-701. Epub 2000/11/30. https://doi.org/10.1016/S0140-6736(00)03198-6 PMID:
11095252.

PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0010517  June 14, 2022 18/19


https://doi.org/10.17485/ijst/2016/v9i31/95634
https://doi.org/10.1109/access.2018.2874063
https://doi.org/10.1109/access.2018.2874063
https://doi.org/10.1016/j.jclinepi.2019.02.004
http://www.ncbi.nlm.nih.gov/pubmed/30763612
https://doi.org/10.1186/1471-2288-14-137
http://www.ncbi.nlm.nih.gov/pubmed/25532820
https://doi.org/10.2147/CLEP.S313343
http://www.ncbi.nlm.nih.gov/pubmed/34135637
https://doi.org/10.1371/journal.pone.0137327
http://www.ncbi.nlm.nih.gov/pubmed/26371758
https://doi.org/10.1371/journal.pntd.0009466
http://www.ncbi.nlm.nih.gov/pubmed/34157019
https://doi.org/10.1186/1471-2458-7-342
http://www.ncbi.nlm.nih.gov/pubmed/18042287
https://doi.org/10.1097/ACI.0b013e32831f44a6
http://www.ncbi.nlm.nih.gov/pubmed/19106698
https://doi.org/10.1111/j.1365-3156.2004.01352.x
https://doi.org/10.1111/j.1365-3156.2004.01352.x
http://www.ncbi.nlm.nih.gov/pubmed/15655013
https://doi.org/10.1371/journal.pntd.0004208
https://doi.org/10.1371/journal.pntd.0004208
http://www.ncbi.nlm.nih.gov/pubmed/26752538
https://doi.org/10.1067/mai.2003.1348
http://www.ncbi.nlm.nih.gov/pubmed/12743563
https://doi.org/10.1186/1465-9921-11-114
http://www.ncbi.nlm.nih.gov/pubmed/20731833
https://doi.org/10.1164/rccm.200211-1320OC
http://www.ncbi.nlm.nih.gov/pubmed/12714349
https://doi.org/10.1016/S0140-6736%2806%2968697-2
https://doi.org/10.1016/S0140-6736%2806%2968697-2
http://www.ncbi.nlm.nih.gov/pubmed/16698413
https://doi.org/10.1371/journal.pone.0253887
http://www.ncbi.nlm.nih.gov/pubmed/34197505
https://doi.org/10.1016/S0140-6736%2800%2903198-6
http://www.ncbi.nlm.nih.gov/pubmed/11095252
https://doi.org/10.1371/journal.pntd.0010517

PLOS NEGLECTED TROPICAL DISEASES Machine learning for intestinal parasitic infection risk factors analysis

55.

56.

57.

58.

59.

60.

61.

Souza VM, Sales IR, Peixoto DM, Costa VM, Rizzo JA, Silva AR, et al. Giardia lamblia and respiratory
allergies: a study of children from an urban area with a high incidence of protozoan infections. J Pediatr
(Rio J). 2012; 88(3):233-8. Epub 2012/05/25. https://doi.org/10.2223/JPED.2184 PMID: 22622669.

Overeem MM, Verhagen LM, Hermans PW, del Nogal B, Sanchez AM, Acevedo NM, et al. Recurrent
wheezing is associated with intestinal protozoan infections in Warao Amerindian children in Venezuela:
a cross-sectional survey. BMC Infect Dis. 2014; 14:293. Epub 2014/06/03. https://doi.org/10.1186/
1471-2334-14-293 PMID: 24885094.

Adriko M, Tinkitina B, Arinaitwe M, Kabatereine NB, Nanyunja M, E MT. Impact of a national deworming
campaign on the prevalence of soil-transmitted helminthiasis in Uganda (2004—2016): Implications for
national control programs. PLoS Negl Trop Dis. 2018; 12(7):e0006520. Epub 2018/07/06. https://doi.
org/10.1371/journal.pntd.0006520 PMID: 29975696.

Liao CW, Chiu KC, Chiang IC, Cheng PC, Chuang TW, Kuo JH, et al. Prevalence and Risk Factors for
Intestinal Parasitic Infection in Schoolchildren in Battambang, Cambodia. Am J Trop Med Hyg. 2017; 96
(3):583-8. Epub 2017/01/11. https://doi.org/10.4269/ajtmh.16-0681 PMID: 28070012.

Kamei Y, Monden A, Morisaki S, Matsumoto K-i, editors. A hybrid faulty module prediction using associ-
ation rule mining and logistic regression analysis. Proceedings of the Second ACM-IEEE international
symposium on Empirical software engineering and measurement; 2008.

Sahni N, Simon G, Arora R. Development and Validation of Machine Learning Models for Prediction of
1-Year Mortality Utilizing Electronic Medical Record Data Available at the End of Hospitalization in Multi-
condition Patients: a Proof-of-Concept Study. J Gen Intern Med. 2018; 33(6):921-8. Epub 2018/02/01.
https://doi.org/10.1007/s11606-018-4316-y PMID: 29383551.

Weng SF, Reps J, Kai J, Garibaldi JM, Qureshi N. Can machine-learning improve cardiovascular risk
prediction using routine clinical data? PLoS One. 2017; 12(4):e0174944. Epub 2017/04/05. https://doi.
org/10.1371/journal.pone.0174944 PMID: 28376093.

PLOS Neglected Tropical Diseases | https://doi.org/10.1371/journal.pntd.0010517  June 14, 2022 19/19


https://doi.org/10.2223/JPED.2184
http://www.ncbi.nlm.nih.gov/pubmed/22622669
https://doi.org/10.1186/1471-2334-14-293
https://doi.org/10.1186/1471-2334-14-293
http://www.ncbi.nlm.nih.gov/pubmed/24885094
https://doi.org/10.1371/journal.pntd.0006520
https://doi.org/10.1371/journal.pntd.0006520
http://www.ncbi.nlm.nih.gov/pubmed/29975696
https://doi.org/10.4269/ajtmh.16-0681
http://www.ncbi.nlm.nih.gov/pubmed/28070012
https://doi.org/10.1007/s11606-018-4316-y
http://www.ncbi.nlm.nih.gov/pubmed/29383551
https://doi.org/10.1371/journal.pone.0174944
https://doi.org/10.1371/journal.pone.0174944
http://www.ncbi.nlm.nih.gov/pubmed/28376093
https://doi.org/10.1371/journal.pntd.0010517

