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Abstract

To identify which data mining technique (parametric or non-parametric) best fits the predictions on imbalanced malaria
incidence dataset. The researchers compared parametric techniques in form of naive Bayes and logistic regression against
non-parametric techniques in form of support vector machines and artificial neural networks and their goodness of fit and
prediction was assessed using 10-fold and 5-fold cross-validation on an independent validation dataset set to determine
which model best fits the predictions on imbalanced malaria incidence dataset. The 10-fold cross-validation outperformed
the 5-fold cross-validation in all performance metrics with the naive Bayes classifier attaining accuracy of 69% with a
sensitivity of 90.9%, a specificity of 55.6%, a precision of 55.6% and F-measure score of 69.0%, the logistic regression
achieved an accuracy of 65.5% with a sensitivity of 83.3%, a specificity of 52.9%, a precision of 55.6% and F-measure score
of 66.7%, the support vector machines achieved an accuracy of 82.8% with a sensitivity of 88.2%, a specificity of 75.0%, a
precision of 83.3%, and F-measure score of 85.7% whereas the artificial neural networks registered an accuracy of 89.7%
with a sensitivity of 94.1%, a specificity of 83.3%, a precision of 88.9%, and F-measure score of 91.4%. Non-parametric
data mining techniques in form of artificial neural networks and support vector machines outperformed the parametric data
mining technique in form of naive Bayes in making predictions emanating from imbalanced malaria incidence dataset on
account of registering higher F-measure values of 91.4% and 85.7% respectively.
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1 Introduction

In the past decade, machine learning models particularly
data mining have gained the attention of several scholars
[1-4] while undertaking predictive studies. According to
Hagenauer, Omrani and Helbich [5], data mining encom-
passes several inductive techniques that identify hidden pat-
terns, by repetitively learning from training data and relating
a target output attribute to underlying explanatory attributes.
The learned model from the training data can then be used
to classify or predict previously unknown instances [6, 7].
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Agyapong, Hayfron-Acquah, & Asante [8] assert that pre-
dictive data mining approaches also known as classification
learns from the training set, where all attributes are already
associated with known class labels and build a model which
is used to estimate unknown values of new attributes [9, 10].

Furthermore, predictive data mining techniques are split
into parametric and non-parametric depending on the nature
of assumptions about the form of relationship between the
antecedent and consequent attributes [11, 12]. Parametric
techniques in the context of machine learning assume a
finite set of parameters and underlying assumptions about
data structure whereas non-parametric are generalized since
they do not take into consideration any assumptions about
the probability distribution of the data [13]. Parametric
data mining techniques such as linear or multi regression,
and naive Bayes have gained popularity as predictive and
heuristic models [11] due to their capability to comprehend
underlying interactions among attributes in data. Whilst
these parametric models have conventionally contributed
to understanding underlying relationships and assumptions
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between antecedent and consequent attributes in predictive
modeling [14, 15], their results are only reliable when model
assumptions are fulfilled [5].

On the otherhand, a number of non-parametric data min-
ing techniques have been developed to circumvent prob-
lems associated with parametric predictive techniques [16,
17]. Some of these include Decision Trees [18], Support
Vector Machines (SVM) [18], Artificial Neural Networks
[19], K Nearest Neighbour [20]. In contrast to parametric
techniques, non-parametric techniques depend on machines
(computers) to examine the data for its structure, devoid of
the concept of the underlying data structure assumptions
[17]; henceforth permitting dynamic data structure for
modeling, which lead to improved predictive abilities [21,
22]. Nevertheless, the performance of estimates emanating
from parametric and non-parametric predictive data mining
techniques have not been compared in a systematic manner
particularly on similar imbalanced data and thus being a
subject of debate [23-26]; which presents a challenge of
which appropriate model to adopt with regards to imbal-
anced dataset. Imbalanced data refers to a classification
dataset where the number of instances in the consequent
attribute are not uniformly represented [27-29] wherever
the majority of instances are recorded for one of the classes
(majority class) and fewer instances for the other class(es)
[30]. Consequently, the ultimate alarm raised by the imbal-
anced learning obstacle is that the performance of standard
predictive data mining techniques is significantly compro-
mised due to failure to take into consideration class imbal-
ance; leading to a reduction in performance of the classifier
as a result of inaccurate estimates [27, 30, 31]. Pertinent
literature surveyed suggests that prior to undertaking data
mining, the imbalanced data situations can be resolved by
approaches such as resampling in form of under-sampling
to eliminate selected observations of the dominant class and
over-sampling to generate fresh observations of the lesser
class respectively [27, 32, 33] and hybridization in form of
applying boosting and bagging based ensemble algorithms
[33, 34].

Numerous researchers [2, 35-37] attest that some of the
most successful application of predicting abilities of both
parametric and non-parametric data mining techniques
have been demonstrated in disease surveillance systems.
Unfortunately, majority of datasets stemming from disease
surveillance systems are often imbalanced [38, 39], where
the occurrence of an event in one target class significantly
varies from that of other target classes [23, 40]. Thus an
imbalanced dataset is a precursor to biasedness and vari-
ance in predictive estimates [41], which is a hindrance in
building reliable prediction models [39, 40]. Additionally, in
the healthcare domain, dataset attributes habitually contain
incomplete and heterogeneous instances [42, 43]. Moreover,
due to concerns of patient privacy, and the proprietary nature
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of electronic medical records, the healthcare databases are
always imbalanced in nature [43]. This skewness in the dis-
tribution of class attributes creates a serious challenge of
biasedness in the predictive modeling of several healthcare
related datasets [43].

1.1 Malaria as a case study

The problem of imbalanced data is very common in the
healthcare industry and has been underscored by several
scholars [44—-47]. Hence, majority of healthcare datasets
such as malaria usually have fewer positive cases, when
compared to the number of negative patients in the dataset
[48]. In undertaking this study, malaria incidence rates in
Uganda were used as the disease model due to the fact that
current technological malaria predicting systems are insuf-
ficient at estimating the extent of malaria incidence rates,
principally in highly endemic countries such as Uganda [49].
This may possibly be due to the presence of imbalanced
data, given that it’s a key challenge to achieving successful
estimates from predictive data mining algorithms [24, 35].
Malaria incidence rate refers to the number of malaria cases
per 1,000 population at risk [50]. Malaria incidence rates
enable the calculation of incidence thresholds for activating
an epidemic or outbreak alert signal [51]. Above all, malaria
remains a fundamental health problem in Uganda accounting
for atleast 20% of all hospital deaths [52].

Hence, the purpose of this paper is to assess the perfor-
mance of parametric and non-parametric data mining tech-
niques for predicting malaria incidence thresholds from a
similar imbalanced dataset, leading to a suitable data min-
ing technique for predicting future monthly malaria inci-
dence thresholds in Uganda’s urban areas. In this study,
the researcher compared a parametric technique in form of
naive Bayes classifier [3, 53] and logistic regression [54]
against non-parametric techniques in form of SVM [55-57]
and ANN [58-60]. This is on account of their greater abil-
ity in modeling classification type prediction problems [61]
coupled with the fact that all are logic-based systems, which
tend to perform better when dealing with categorical conse-
quent attributes [62, 63].

Motivated by the fact that real-life datasets are imbal-
anced in nature and there is no specific recommended data
mining technique that works best under such scenarios; thus
creating a challenge of which type of technique to adopt.
Hence, the need to evaluate the performance of parametric
and non-parametric predictive data mining techniques in a
systematic manner using a similar imbalanced dataset.

1.2 Problem statement

A key limitation for parametric data mining techniques
is their reliance on several underlying assumptions



Health and Technology

particularly linearity, which are too rigid for the pre-
dominantly non-linear real-life data modeling investiga-
tions, homoscedasticity and absence of correlation among
explanatory attributes. Failure to fulfill the above assump-
tions may lead to inaccurate and unreliable estimates. To
address these pitfalls, non-parametric machine learning
methods have been proposed on the basis of their ability to
make fewer assumptions and proficiency of learning from
more data as the number of attributes increases; henceforth
permitting a dynamic data structure for predictive mod-
eling, leading to improved estimates. Nevertheless, para-
metric and non-parametric data mining techniques have not
been compared in a systematic manner on the same imbal-
anced dataset and thus a subject of debate, which creates a
challenge of which type of technique to adopt.

Additionary, imbalanced data is very common in the
healthcare domain particulary malaria datasets due to the
presence of heterogeneous and incompete instances, as
well as considerations of patient privacy and the patented
nature of electronic medical records. This skewness in the
distribution of class attributes generates a key challenge of
biasedness in the predictive modeling of malaria incidences.
Hence, the need to identify which model (parametric or non-
parametric) best fits the predictions on imbalanced malaria
incidence dataset.

2 Literature review

A number of studies have been undertaken in the past decade
utilizing either parametric or non-parametric data mining
techniques amenable to the prediction of malaria incidence
rates [64—66].

In 2012, Oluwagbemi & Clarence [66] built predictive
models to control and reduce malaria incidences in Africa.
Based on an artificial neural network intelligence system,
experimentation was executed by feeding the annual data of
each country into the predicting system and controlling some
malaria occurrence influencing attributes to 30%, 60%, and
90% respectively. At 90% predicting intensity, the system
showed that malaria incidences would reduce by 2014 in
all the study nations. For instance, malaria incidences were
estimated to decline by 15.71% in Madagascar, 38.44% in
Nigeria, 38.98% in Sudan, 42.61% in Kenya, and 45.21% in
Uganda. They concluded that the generated system could
be used to predict future malaria occurrences by govern-
ments, and other relevant health agencies for appropriate
public health planning.

In 2013, Zacarias and Bostrom [67] developed a model to
predict malaria incidences in rural settings of Mozambique.
They used support vector machines and the developed model
performed better than other models when employing cross-
validation on the training set since it obtained the smallest

Mean Square Error (MSE) of 0.65% and it was thus chosen
for further analysis. The somewhat small MSE suggests that
the developed model is useful for predicting malaria inci-
dences in the surveyed area with acceptable accuracy.

In order to predict malaria incidence using incidence
records and weather patterns in Indonesia, Arifianto, Barmawi,
and Wibowo [68] employed artificial neural networks. The
researchers proposed a modified Neural Network to reduce the
learning time and computation while maintaining accuracy in
predicting Malaria incidence by relating it to weather patterns.
It was proven that the modified GMDH PNN was able to reduce
the learning time by 72% and improve the accuracy to 88.02%.

To predict the malaria epidemic in the Indian state of
Maharashtra, Sharma et al. [69] employed Support Vector
Machines (SVM) and Artificial Neural Networks (ANN).
The researchers observed that the SVM was more accurate
than ANN since the SVM model predicted the outbreak 15
-20 days in advance. They concluded that the accuracy of
estimates can be increased using more training data and scal-
ing it up to the country level. Buczak et al. [70] proposed
“Fuzzy association rule mining and classification for the
prediction of malaria in South Korea”. The authors wanted
to extract relationships between epidemiological, mete-
orological, climatic, and socio-economic data from Korea
with respect to predicting malaria using association rules
with future malaria cases classified as LOW, MEDIUM, or
HIGH. HIGH was considered an outbreak based on user
recommendations. The fuzzy association rule technique
produced a positive predictive value (PPV) and Sensitivity
scores 0.842 and 0.681 respectively, for the HIGH classes.
The fuzzy model estimates were considerably better than
those obtained by other models generated using a decision
tree, Support Vector Machine, Random Forest, and Holt-
Winters techniques. Hence, this study proves that a data-
driven methodology based on data mining can be utilized
for the prediction of different disease incidences.

In their study to test the efficacy of artificial neural net-
works on malaria abundances, Santosh and Ramesh [71]
used clinical and environmental variables collected from
Khammam district in India. Study findings revealed that
clinical data such as the number of patients treated with
symptoms and without symptoms can improve the predic-
tion level when combined with environmental variables. The
average error of the prediction model ranged from 18% to
117%. They concluded that more exploration is required in
the prediction of malaria using big data to improve the accu-
racy in real practice.

Olayinka and Chiemeke [4] proposed “Predicting Pedi-
atric Malaria Occurrence Using Classification Algorithm
in Data Mining”. Using decision tree classification algo-
rithms, a model was developed to predict the occurrence
of malaria in children aged less than six (5) years. Findings
reveal that the J48 generated better results with the least root
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Table 1 Description of variables used in this study

Label Description Data Type

Definition

U5_POP2 The population of persons under 5 years of age Numeric

The average number of people under the age of 5

Max_Temp2 Average maximum temperature Numeric The average maximum temperature recorded in a month in degrees
Celcius
Min_Temp2 Average minimum temperature Numeric The average minimum temperature recorded in a month in degrees
Celcius
Rainfall2 Rainfall totals Numeric Total rainfall recorded in a month in millimeters
Incidence_  Monthly incidence threshold of malaria per Categorical The number of monthly malaria cases per 1,000 population at risk
rate_ 1,000 population where Moderate ="21-37 cases per 1,000 population at risk” and
Threshold Low="8-20 cases per 1,000 population at risk”.

mean squared error of 0.1641, thus improving the accuracy
of the prediction. Hence the generated model is an efficient
and effective tool for early detection of malaria incidence in
children to diminish the mortality rate.

Generally, this study emphasizes the need to identify
which model (parametric or non-parametric) best fits the
predictions on imbalanced malaria incidence data given that
several researchers have applied dissimilar data mining tech-
niques for generating estimates from the same imbalanced
data with varying results. Consequently, the current study
compared parametric techniques in form of naive Bayes and
logistic regression classifiers against non-parametric tech-
niques in form of SVM and ANN classifiers on the same
imbalanced data in order to identify and recommend an
appropriate technique to adopt under scenarios of predic-
tions based on imbalanced consequent attributes.

3 Methods
3.1 Data preprocessing
3.1.1 Data sources

Malaria incidence data were obtained from the Ministry of
Health through the District Health Information Software
(DHIS2), meteorological data were obtained from Uganda
National Meteorological Authority (UNMA)!, whereas
demographic data were obtained from Uganda Bureau of
Statistics (UB0S)?. Monthly data were extracted for the
period January 2012 to December 2019 for Kampala from
all the above-stated sources (Table 1).

A total of 96 instances, each instance representing a
monthly observation from January 2012 to December 2019
were collected. The attributes in Table 1 were selected
due to the fact that evidence from several studies [72, 73]

! www.unma.go.ug

2 www.ubos.org
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corroborate that malaria incidence in highly endemic coun-
tries such as Uganda is closely related to meteorological and
demographic conditions particularly among children aged
below five years. Additionally, temperature and rainfall were
the only meteorological attributes collected consistently by
formal government of Uganda entities over the past decade.

3.1.2 Data cleaning

The researchers resolved inconsistencies in data by augment-
ing missing data through linear interpolations particularly
for monthly data between subsequent years using the fol-
lowing equation [74];

z-2y\ _[(z21-12
(X—X0>_<X1—X0> M

where z;, and z, were the existing data in x, and x; months
respectively. The population parameter z was linearly inter-
polated in each month.

3.1.3 Data transformation

The researchers employed z-scores to normalize the data as
a way of re-scaling all attribute values, thus ensuring that all
non-categorical antecedent attribute values were in similar
ranges [74, 75]. The mean and standard deviation of the
attributes were used for normalization as illustrated in equa-
tion (2);

)

2
= @

where D;=normalised attribute value b; =original attribute
value, y=mean attribute value and §=standard deviation of
the attribute.

Additionally, the researchers also discretized continuous
attributes in order to develop more comprehensible inter-
vals and reveal non-linear interactions among attributes
in the dataset [76]. Furthermore, discretization facilitated
an improvement in the predictive accuracy of a classifier
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through the derivation of discrete data [68]. The procedure
adapted from Li and Wang [77] was employed during the
discretization process;

i Let B be a continuous attribute with [x, y] as its domain
values

ii  We establish cut-off thresholds (al, yy e ... sy )
where x < a, <a, < - < a,_<y

Hence separating [x, y] into m disjoint thresholds .i.e.

[x,a)), (a;,a;],..., (a,_,,Y]

iii The continuous values of B were transformed into m dif-
ferent discrete values (d;, d,, ... ... ,d,, ), as illustrated in
equation (3);

d,ifa,  <B<y 3)

where indexi=1,2,3... ... ,m—1

3.1.4 Deriving malaria incidence thresholds

In deriving malaria incidence thresholds, the researchers
embraced a World Health Organization (WHO) classifica-
tion for various transmission settings with high defined as
greater than or equal to 450 cases per 1,000 people annual
parasite incidence (API); moderate defined as 250 to 450
cases per 1,000 API; low defined as 100 to 250 cases per
1,000 API; and very low defined as less than 100 cases per
1,000 API [78]. The researchers divided the above thresh-
olds by 12 in order to generate the average monthly inci-
dence rate thresholds. This implies that the average monthly
incidence rate classification would be defined as:

i High denoting “> = 38 cases per 1,000 population at
risk”

ii  Moderate denoting 21-37 cases per 1,000 population at
risk”

iii Low denoting”8-20 cases per 1,000 population at risk”

iv  Very low denoting ”< 8 cases per 1,000 population at
risk”

3.1.5 Training and validation datasets

The researchers split the dataset into training and testing
datasets. 70% of the dataset was assigned to the training
group for the development of the classifiers. The rest of the
dataset (30% of the total cases) was assigned to the valida-
tion groups for the assessment of model performance [79].

3.1.6 Testing classifier assumptions

Assumptions of various classifiers employed in this study
were tested before the models were fit on training dataset. In
cases were the assumptions such as normality of the dataset

were not initially met, the data pre-processing phases as
indicated in equations (1-3) were employed to transform
the initial dataset to meet the basic requirements for the
assumptions.

3.2 Analysis

Predictive models using the following data mining tech-
niques: naive Bayes; a classifier for computing the posterior
probability that an antecedent attribute belongs to a target
class [80, 81], logistic regression; a classifier that builds a
linear combination of attributes to compute each class value
of the target attribute [82—84], support vector machines; a
classifier which utilizes a non-linear mapping procedure to
transform training data into a higher dimension by maxi-
mizing the distance between the closest instances within
the class labels of the target attribute [85—87] and artificial
neural networks; a classifier with the capability to learn from
training data through reiteration without prior knowledge
about the relationships between input and output variables
[58, 60, 88] were established and learnt based on the train-
ing dataset and later evaluated using test dataset using the R
programming software.

3.3 Goodness of fit and prediction

The researchers employed a k-fold cross-validation (CV)
method and confusion matrix evaluation metrics.

3.3.1 Evaluation metrics

The researchers computed and compared the performance of
the naive Bayes, logistic regression, SVM, and ANN classi-
fiers using a confusion matrix. The classifiers’ performance
was assessed using accuracy, sensitivity, specificity, preci-
sion, and F-measure as illustrated in Table 2. Due to the
imbalanced nature of the dataset under investigation, the
researchers mainly used one performance metric to assess
the overall performance of the classifiers; the F-measure,
which is the harmonic mean of precision and recall. In gen-
eral, precision and recall are trade-offs; that is, if the recall
is low, then the precision will be high [89]. The researcher
chose the F-measure because several studies [90-93] suggest
that the F-measure is a more reliable metric among all classi-
fication metrics emanating from imbalanced data. Neverthe-
less, the researchers computed and compared other metrics
by the classifier as illustrated in Table 2.

In the context of this study, the entries in the confusion
matrix were defined as:

i True positive (TP): is the number of actual “LOW”
instances classified as “LOW”.
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Table 2 Performance metrics computed [94]

Metric Formula Description
Accuracy/recognition rate (%) __IPHTN) Number of correctly classified malaria incidence thresholds to total number of
(TP+TIN+FP+FN) .
incidences
Sensitivity/ true positive rate (%)/Recall _rw The proportion of low incidence thresholds that are correctly classified
(TP+FN)
Specificity/ true negative rate (%) il The proportion of “moderate” incidence thresholds that are correctly classified
(FP+TN)
Precision (%) I The proportion of “low” incidences
(TPFP) predicted to be “low” that are truly “low” incidences
F-Score/F-measure 2« Precision  Recall | The harmonic mean of precision and recall
Precision + Recall

ii  False-positive (FP): is the number of actual “MODER-
ATE” instances classified as “LOW”

iii False Negative (FN): is the number of actual “LOW”
instances classified as “LOW”.

iv True Negative (TN): is the number of actual “MODER-
ATE” instances classified as “MODERATE”.

3.3.2 (lassifier validation and generalizability

Ascertaining the validity and generalizability of a model
helps determine how well it can classify new participants
who may have dissimilar characteristics than those in the
original sample [95]. The researchers employed the k-fold
cross-validation approach [96] where the data was randomly
partitioned into k disconnected groups, and one group at a
time was used for classifier testing while the remaining k-1
groups were used for classifier training [97].
The algorithm adapted from [98] is as follows:

i Randomly divide the data set into K groups (K-fold)

ii  Reserve 1 group and train the classifier on all the remain-
ing (K-1) groups

iii Test the classifier on the reserved group and register the
prediction error

iv Repeat this process until each of the k groups has served
as the test set.

v Compute the average of the K registered errors, which
serves as the performance metric for the classifier.

For instance, the researchers mathematically computed
the 10 k cross-validation based on equation (4);

Sl 1 <10
10k cross validation = = et Digroup, (Vi = &1) )
where gff denotes the predicted value of y; from the model
estimated on all instances not found in group,.

Additionally, in order to generalize the performance of the
classifiers on new data, we assessed classifier performance
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on test data, which was not originally included in the train-
ing estimation [99].

3.4 Software

The researchers undertook data processing and analysis
entirely in R, version 3.6.3 [100], by means of R packages
“funModeling” version 1.9.3 [101], “dplyr” version 0.8.5
[102], “tidyr” version 1.0.2 [103], “caret” version 6.0.86
[104], packages.

4 Results

In this section, the researchers first present the results from
each classifier and then presents the comparison results.

4.1 Malariaincidence thresholds

Findings revealed that the “High” and “Very low” thresholds
were none existent in malaria cases recorded for Kampala
for the study period under investigation and thus, the tar-
get attribute eventually comprised two classes (“Low” and
“Moderate”) as the thresholds for malaria incidence rates.
Therefore, for the period under consideration, malaria cases
were estimated to be as low as 8 cases per 1000 population at
risk and not exceeding 37 cases per 1000 population at risk.
With regards to imbalancedness, the ratio of imbalancedness
for the malaria incidence thresholds was 0.54:0.46 in favour
of the “low” class.

4.2 Comparison of the 5-fold and 10-fold
cross-validation

The prediction results of each model for test data were calcu-
lated over both five and ten random samples generated by the
5-fold and 10-fold cross-validation procedures respectively.
The researchers evaluated the performance of the classifica-
tion algorithms using a confusion matrix, which revealed
actual versus predicted values as illustrated in Table 3.
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Table 3 Comparison of the 10-fold and 5-fold cross-validation with
their confusion matrix metrics

Classifier K-fold Cross- TP FN FP TN
Validation

Naive Bayes 5-fold 9 1 9 10
10-fold 10 1 8 10

Logistic regression 5-fold 10 2 8 9
10-fold 10 2 8 9

SVM 5-fold 13 1 5 10
10-fold 15 2 3 9

ANN 5-fold 15 4 3 7
10-fold 16 1 2 10

From Table 3, a comparison of the diagonal metrics totals
on the confusion matrices for both 5 and 10-fold cross-
validation revealed that the 10-fold was a better performer
across all classifiers, and thus the researchers focussed on
results emanating from the 10-fold cross-validation confu-
sion matrix for the subsequent analysis.

4.3 The 10-fold cross-validation prediction results

Using 10-fold cross-validation performance metrics from
Table 3, the performance of the classifiers was evaluated
based on their capacity to classify the instances of the data
set into “Low” and “Moderate” malaria incidence thresh-
olds. Calculation of the performance metrics indicated in
Table 3 revealed the following results indicated in Fig. 1.

100.0% 88.2% 94.1%

90.0%
80.0%
70.0%

89 79 | 90-9%

82.8%
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SPECIFICITY
Performance metric

= SUPPORT VECTOR MACHINE

Figure 1 shows the accuracy, sensitivity, specificity, pre-
cision, and F-Score of each consequent class attained by
the four techniques. The results reveal that the parametric
naive Bayes and logistic regression models correctly clas-
sified (sensitivity) 90.9% and 83.3% of malaria cases in the
low incidence threshold and only 55.6% and 52.9% of the
cases in the moderate incidence threshold respectively. On
the other hand, the non-parametric SVM and ANN model
correctly classified 88.2% and 94.1% of malaria incidence
rates in the low incidence threshold, as well as 75% and
83.3% of malaria incidence rates in the moderate incidence
threshold respectively.

Additionally, both naive Bayes and logistic regres-
sion classified only 55.6% of the low incidences correctly
(precision) whereas the SVM, and ANN classified 83.3%,
and 88.9% of the low incidences correctly (precision)
respectively.

From the observations made in Fig. 1, the non-parametric
classifiers achieved higher prediction accuracy for incidence
thresholds at 89.7% and 82.8% for the ANN and SVM respec-
tively compared to 69% and 65.5% attained by the paramet-
ric naive Bayes and logistic regression models respectively.
Furthermore, the non-parametric SVM and ANN were more
specific since they identified 75% and 83.3% of the “nega-
tive” moderate incidences respectively compared to 55.6%
and 52.9% registered by the parametric naive Bayes and
logistic regression classifiers.

Nonetheless, the results in Table 1 show that the conse-
quent attribute classes were imbalanced and therefore the
F-measure is a more reliable metric than accuracy is such
circumstances [91, 92]. Subsequently, the best classifier

85.7%

88.9%

PRECISION F-Measure

ARTIFICIAL NEURAL NETWORK

Fig.1 Comparison of classifiers’ performance using 10 fold cross-validation. NB: Microsoft Excel was used to generate the figures
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in scenarios of imbalanced data is the classifier with the
highest F-measure value irrespective of its accuracy metric
and thus the non-parametric techniques in form of ANN
and SVM were identified as better classifiers than the para-
metric technique in form of naive bayes on the account of
registering a higher F-measure value of 91.4% and 85.7%
respectively.

5 Discussion

The main aim of this research is to evaluate the perfor-
mance of parametric and non-parametric predictive data
mining techniques in a systematic manner using a similar
imbalanced dataset. The researchers compared parametric
and non-parametric classifiers for predicting malaria inci-
dences thresholds emanating from an imbalanced dataset.
The specific techniques employed were naivebayes, logis-
tic regression, SVM, and ANN respectively. The results
showed that the non-parametric models in form of SVM
and ANN outperformed the parametric model in form of
naive Bayes and logistic regression in terms of accuracy,
specificity, precision, and F-measure whereas the naive
Bayes outperformed the SVM and only in terms of the
sensitivity metric on imbalanced data.

Additionally, the findings are in agreement with the
notion that high sensitivity and specificity may not be
attainable in real-world situations concurrently [105] due
to the fact that they are inversely related, implying that as
the specificity increases, the sensitivity decreases and vice
versa [106]. Hence there is a trade-off between sensitiv-
ity and specificity for both parametric and non-parametric
models with the SVM and ANN classifiers recording a
lower specificity of 75% and 83.3% and higher sensitiv-
ity of 88.2% and 94.1% respectively. A similar trend was
observed among the parametric models with the naive
Bayes and logistic regression registering a higher sensi-
tivity of 90.9% and 83.3% compared to a lower specificity
of 55.6% and 52.9% respectively.

On the other hand, the findings of this study are in
agreement with those of other previous studies [94] [107]
that suggest that the nature of underlying data assumptions
such as imbalanced target attributes significantly influence
the success of a predictive data mining technique. A key
limitation of this study is that the researchers did not take
into consideration the effect of merging parametric and
non-parametric techniques in order to utilize the strengths
of each individual technique and compensate for each oth-
er’s weaknesses [108—110].
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6 Conclusion

The researchers compared parametric classifiers in the
form of naive Bayes and logistic regression against non-
parametric classifiers in the form of SVM and ANN mod-
els to determine which model best fits the predictions on
imbalanced data. Findings revealed that the naive Bayes
classifier attained an accuracy of 69% with a sensitivity
of 90.9%, a specificity of 55.6%, a precision of 55.6% and
F-measure score of 69%, the logistic regression achieved
an accuracy of 65.5% with a sensitivity of 83.3%, a speci-
ficity of 52.9%, a precision of 55.6% and F-measure score
of 66.7%, the SVM achieved an accuracy of 82.8% with a
sensitivity of 88.2%, a specificity of 75%, a precision of
83.3% and F-measure score of 85.7% whereas the ANN
registered an accuracy of 89.7% with a sensitivity of 94.1%,
a specificity of 83.3%, a precision of 88.9% and F-measure
score of 91.4%. However, on account of the imbalanced
nature of the consequent attribute, the best-classifier identi-
fication was made based on the F-measure metric instead of
accuracy. Hence after comparative analysis, we concluded
that non-parametric data mining techniques in form of
ANN and SVM outperformed the parametric data mining
techniques in form of naive Bayes and logistic regression
in making predictions emanating from imbalanced data
because they registered a higher F-measure metric of 91.4%
and 85.7% respectively.

Above all, the current study could benefit future works,
particularly the amalgamation of parametric and non-
parametric data mining techniques that would address the
drawbacks of the independent parametric and non-para-
metric techniques which the researchers intend to investi-
gate in the near future.
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