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Abstract: Anemia is a common condition among adults, particularly in children and pregnant women. Anemia is
defined as a lack of healthy red blood cells or hemoglobin. Early identification of anemia is critical for excellent health
and well-being, which contributes to the sustainable development goals (SDGs), notably SDG 3. The intrusive way to
detecting anemia has several hurdles, including anxiety and cost, which impedes health development. With the advent
of technology, it is critical to create non-invasive techniques to diagnose anemia that can minimize costs while also
improving detection efficacy. A distinct non-invasive technique is developed in this study employing machine learning
(ML) models. This study's dataset contains 4260 observations of non-anemic (0) and anemic (1) children. To train the
dataset, six (6) different ML models were employed: k-Nearest Neighbor (KNN), decision tree (DT), logistic regression
(LR), nave bayes (NB), random forest (RF), and kernel-support vector machine (KSVM). The DT and RF models
obtained the highest accuracy of 99.92%, followed by the KNN at 98.98%. The ML models used in this study produced
substantial results. The models also received high marks on performance evaluation metrics such as accuracy, recall,
F1-score, and Area Under the Curve-Receiver Operating Characteristics (AUC-ROC). When compared to the other ML
models, the DT and RF had the best precision (1.000), recall (0.9987), F1-score (0.9994), and AUC-ROC (0.9994)
ratings. According to the findings, ML models are crucial in the detection of anemia using a non-invasive technique,
which is critical for health facilities to boost efficiency and quality healthcare. Various machine learning models were
used in this study to detect anemia in children using palm images. Finally, the findings confirm earlier studies on the
effectiveness of ML algorithms as a non-invasive means of detecting iron deficiency anemia.

Index Terms: Anemia, machine learning, health, artificial intelligence, sustainable development, deep learning
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1. Introduction

Anemia is a condition in which the number of red blood cells declines and the blood's oxygen-carrying capacity
becomes insufficient to fulfill physiological demands [1, 2]. This condition can also be affected by altitude, smoking,
age, gender, and other health factors such as pregnancy. This ailment causes anemia, or a lack of hemoglobin levels in
the human body. The most prevalent cause of anemia is a lack of iron [3]. Iron is required by your body to produce
hemoglobin [4]. Hemoglobin is an iron-rich protein that gives blood its red hue. Hemoglobin is responsible for
transporting oxygen from the lungs to the rest of the body. Anemia comes in a variety of forms. Each has its own set of
causes and therapies. Some types, such as the mild anemia that occurs during pregnancy, are not a major concern.
However, some types of anemia can indicate a serious underlying medical condition. Anemia is also characterized by
fatigue, weakness, pale or yellowish complexion, irregular heartbeats, shortness of breath, dizziness or lightheadedness,
chest discomfort, and chilly hands and feet. Anemia is a severe global public health issue that disproportionately affects
young children, menstrual teenage girls and women, pregnant and postpartum women, and pregnant and postpartum
women. The World Health Organization (WHO) estimates that 40% of children aged 6 to 59 months, 37% of pregnant
women, and 30% of women aged 15 to 49 are anemic globally [5]. Anemia may go unnoticed in many people owing to
modest symptoms, especially in undeveloped places where there are fewer medical facilities, health care, and self-
awareness. The usual method for determining whether a person is anemic or not involves measuring hemoglobin levels
in the blood. A blood sample is taken from a person and the hemoglobin concentration is measured using a hematocrit
test. This test is performed to determine the proportion of red blood cells in the blood.

The entire invasive process necessitates laboratory setup and testing, which takes time and may expose health
professionals to blood-borne illnesses. Today, technology has advanced and has had a massive impact. The use of
artificial intelligence (Al) and machine learning (ML) algorithms are becoming increasingly used for non-invasively
estimating health-related data [6]. There is a need for effective non-invasive procedures for detecting anemia in order to
prevent the complications caused by invasive methods. Some historical customs include checking the eye and nail
pallor for an approximate estimate of a person's anemic status; however, most scientific approaches include collecting a
patient's blood sample and then measuring the hemoglobin count. Invasive procedures have their own set of
complications, such as a lack of attribution data, over-attribution to iron deficiency anemia, and biomarker complexity
[7]. Due to cost and other administrative concerns, it is not reasonable to expect every individual in rural areas to
choose a hemoglobin count test. It should be noted that various rural places have varied cultures and customs, with
some considering the intrusive procedure to detect anemia to be a taboo. This makes detection in these regions
challenging. Because of the risks and severity of anemia, particularly in children and pregnant women, it is critical to
develop strong and quick machine learning models for non-invasive anemia detection. Numerous investigations have
been undertaken with the use of non-invasive approaches such as machine learning algorithms in the identification of
anemia, primarily with the use of the conjunctiva of the eyes, however the palpable palm is utilized far less frequently
than the conjunctiva in most studies. This has resulted in a scarcity of research employing palpable palm images to
detect anemia in a non-invasive approach. In comparison to the conjunctiva and fingernails, research has demonstrated
that the use of palm images to detect anemia in a non-invasive way is significant [8]. As a result, in this study, several
artificial intelligence and machine learning algorithms are employed to detect anemia in a non-invasive technique using
palpable palm-based images, therefore alleviating the issues associated with the invasive method. The present paper
presents the most recent method in the literature for detecting anemia in a non-invasive manner utilizing machine
learning techniques. The following are summary of the expected work's contributions as adapted from [9, 10]:

e Todevelop a reliable, novel and robust machine learning non-invasive models to detect anemia.

e Use of palpable palm-based images for analyzing and detecting anemia through estimation of the hemoglobin
level patient.

e Application of different machine learning algorithms for accurate detection of anemia based on hemoglobin
levels.

e Use of different performance evaluation metrics, thus, accuracy, precision, recall, F1-score, and Area Under
the Curve-Receiver Operating Characteristics (AUC-ROC) score.

e It is a novel contribution to the literature in which novel approaches for detection of anemia for effective and
productivity outcomes for health workers.

The remainder of the paper is structured as follows: Section 2 provides a detailed review of previous studies that
employ various machine learning models to detect anemia. Section 3 describes the suggested framework that will be
used in the present study. The findings of the experiments are presented in Section 4. Section 5 contains a full
discussion of the study's findings. Finally, Section 6 gives the study's general conclusion and future work.
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2. Related Works

Artificial intelligence and machine learning have been used in various sectors various sectors such as health in
prediction of kidney disease [11], cybersecurity [10], economic prediction of unemployment [12], network botnet
detection [9], and agriculture [13]. To begin with, Appiahene et al. [14] in a study proposed models for the detection of
anemia using various algorithms, which include convolutional neural network (CNN), k-Nearest Neighbor (k-NN),
nawe bayes (NB), support vector machine (SVM), and decision tree (DT). Their study justified that the study supports
other similar studies on the potency of the machine learning algorithm as a non-invasive method in detecting iron
deficiency anemia. Their study focuses mostly on using conjunctiva images to detect anemia, but it adds to the field by
advocating the use of deep learning models rather than machine learning models. In another study, Mitani et al. [15]
proposed that anemia can be detected via machine-learning algorithms trained using retinal fundus images. Their study
used metadata including race or ethnicity, age, sex and blood pressure of participants in their dataset. Their study
showed that automated anemia screening on the basis of fundus images could particularly aid patients with diabetes
undergoing regular retinal imaging and for whom anemia can increase morbidity and mortality risks. Additionally, a
study by KILICARSLAN et al. [16] proposed two hybrid models using genetic algorithm (GA) and deep learning
algorithms of Stacked Autoencoder (SAE) and Convolutional Neural Network (CNN) for the prediction of HGB-
anemia, nutritional anemia, (iron deficiency anemia, B12 deficiency anemia, and folate deficiency anemia), and patients
without anemia. Their study revealed that the performance of the proposed genetic algorithm-convolutional neural
network (GA-CNN) algorithm whose layers trained separately and sequentially was found to be better than the
performance of the studies proposed in the literature, by a 98.50% accuracy. It should be noted that their research adds
to and supports the use of non-invasive ways to diagnose anemia in order to reduce the impact and repercussions of the
condition.

Furthermore, Alzubaidi et al. [17] proposed lightweight deep learning models that classify the erythrocytes into
three classes: circular (normal), elongated (sickle cells), and other blood content. To tackle this issue and optimize the
performance, the transfer learning technique was utilized in their study. Their findings demonstrated that their model
achieved state-of-the-art performance and exceeded the most recent approaches for detecting anemia. A study by
Alsayegh et al. [18] proposed a robust multi-algorithm interpretable machine learning (ML) pipeline, and 20 relevant
risk factors to fit predictive models to 4,044 patients presenting with acute coronary syndromes (ACS) between 2012
and 2013. Their model pipeline was able to elucidate ACS risk of individual patients based on their unique risk factors.
They came to the conclusion that the usage of artificial intelligence technologies to identify anemia is vast and
significant. Finally, Waisberg et al. [19] proposed that retinal fundus photography and deep learning may be utilized to
help further understand this microgravity-induced, anemic process for future spaceflight. Their approach allowed for a
non-invasive retinal photograph that can be done frequently during spaceflight as opposed to an invasive blood draw
and subsequent tests.

3. Methodological Design

This section explains the proposed non-invasive anemia detection approach based on palpable palm-based images
in general.

a) Data source and description

The study made use of 4260 publicly accessible dataset observations from the Mendeley data repository via
"Justice Williams Asare. (2022)." <i>Anemia Detection using Palpable Palm Image Datasets from Ghana</i> [Dataset].
https://doi.org/10.17632/CCR8CM22VZ.1" accessed April 18, 2023. Clinical laboratory personnel from Komfo
Anokye Teaching Hospital, Bolgatanga Regional Hospital, Kintampo Municipal Hospital, Ahmadiyya Muslim Hospital,
Sunyani Municipal Hospital, Manhyia District Hospital, Ejusu Government Hospital, Seventh Day Adventist (SDA)
Hospital, Nkawie-Toase Government Hospital, and Holy Family Hospital all worked together to compile the data. This
study's dataset focuses on young children aged five and under. The laboratory personnel took all images, and the
hemoglobin (Hb) values of the patients, age, sex, and a remark (anemic or non-anemic) based on the Hb value collected
were uploaded by technicians or medical laboratory officers using standard high-quality cameras with a minimum of
12MP. Before the datasets were collected, the ethical committees from the various hospitals involved in this study
approved the ethical consent. The University of Energy and Natural Resources (UENR), Sunyani's Committee for
Human Research and Ethics (CHRE) provided an ethical letter for the research's conduct, with the identification
CHRE/CAJ042/22.

b) Preprocessing techniques

Real-world data is frequently inconsistent, which can have an impact on model performance [20]. Preprocessing
data before feeding it into classifiers is an essential aspect of constructing a machine-learning model [21]. The original
dataset that consists of images were converted to comma separated values (csv) files using the Squeeze function in
matrix laboratory (MATLAB). The Fig. 1 depicts the data preprocessing techniques utilized in this study.
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e MATLAB Squeeze function: The Squeeze command in MATLAB was used to determine the red, green and
blue (RGB) percentiles. The values were stored in an array where the RGB values were extracted into an csv
file. The RGB values extracted were matched with the corresponding status (anemic or non-anemic). The
squeeze theorem is a mathematical proof that demonstrates the value of a limit by squeezing a hard function
between two equal and known values [22]. The equations 1 and 2 below shows the Squeeze function utilized

in this study.
h(x) < f(x) @
when x is near a, except possibly at a, and
lim,q f(x) =lim h(x) = L )

All this means is that if g(x) is squeezed between f(x) and h(x) near a, and if f(x) and h(x) have the same limit
L at a, then g(x) is trapped and must have the same limit L as well.

Ociginal datasst —» Missing data management stage

!

Labels (RGB
values and
Status)

Categorical data management
stage

Feature Engineering (Feature

Scaling)

Fig. 1. Anemia disease dataset preprocessing stage.

e Handling missing values: Real-world data frequently contains a large number of missing values. Missing
values can be caused by data corruption or a failure to record data [23]. Missing data management is critical
during dataset preparation since many machine learning algorithms do not handle missing values. It should be
noted that the data used in this study had no missing values. The clinical laboratory personnel labeled the data
such that there were no missing values.

e Handling categorical values: The dependent variable was changed into the necessary format at this stage. The
nominal data were transformed into numerical data in the form of 0 (non-anemic) and 1 (anemic).

e Feature Engineering: Feature engineering is an important stage in the development of accurate and successful
machine learning models. Scaling, normalization, and standardization are important aspects of feature
engineering since they require changing data to make it more suited for modeling. The feature scaling method
was employed in the present study. Feature scaling is a data preparation technique that includes scaling down
the values of features or variables in a dataset [24]. This is done to guarantee that all characteristics contribute
equally to the model and that bigger values do not dominate the model.
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c) Proposed model building flow

The final dataset is utilized to train the proposed models of k-Nearest Neighbor (KNN), decision tree (DT), logistic
regression (LR), nawe bayes (NB), random forest (RF), and kernel-support vector machine (K-SVVM). The Fig. 2
presents the proposed model framework.

Data Preprocessing

!l

Feature Scaling

Detection

Fig. 2. Proposed model building flow.

The final dataset is separated into two parts: training (70%) and testing (30%). The dataset is used to train the
various machine learning classifiers. The detection of the models is validated using 10-fold cross validation. Cross-
validation is a strategy for testing ML models that involves training numerous ML models on subsets of the available
input data and then evaluating them on the complementary subset [25]. To achieve the objectives, the proposed model
architecture leverages transfer learning from the same domain as the target dataset as recommended to solve the
shortage of training data in anemic disease classification tasks. This approach has the potential to improve performance
substantially. In addition, using the transfer-learning approach, primary data that are comparable to the target task
images were acquired. The proposed models' detection results are assessed using evaluation measures.

d) Machine learning models

To train the models in this study, six (6) different machine learning (ML) techniques are used. The k-Nearest
Neighbor (KNN), decision tree (DT), logistic regression (LR), nawe bayes (NB), random forest (RF), and kernel-
support vector machine (KSVM) are the ML models used in this study. The ML models are detailed as below:

o K-Nearest Neighbor (KNN) is a basic ML method that uses the supervised learning approach. The KNN
algorithm assumes similarity between new and existing data and places the new data in the category that is
most similar to the existing categories. The KNN algorithm maintains all available data and uses similarity to
classify new data points [26]. This implies that as fresh data arrives, it may be quickly sorted into a well-suited
category using the KNN algorithm.

e A decision tree (DT) algorithm is a machine learning method that predicts using a decision tree. It follows a
tree-like model of decisions and their potential outcomes. The method divides the data recursively into subsets
depending on the most significant attribute at each node of the tree [27]. A popular machine learning approach
that may be used for both regression and classification applications is decision trees. The classification feature
is used to examine the data in this study. The aim of machine learning is to reduce the amount of uncertainty
or disorder in the dataset. The entropy metric is used to assess the uncertainty in a dataset or as a measure of
disorder. The equation 3 represents the entropy formula. Entropy is a measure of a node's impurity. Impurity is
a measure of randomness; it indicates how random our data is.

E(S) = —pwlogp) — p—logp-) )
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Here p, is the probability of positive class, p._y is the probability of negative class, S is the subset of the training
example.

e A supervised learning approach used to predict a dependent categorical target variable is logistic regression
(LR). The logistic regression model forecasts a dependent variable by examining the connection between one
or more existing independent variables. It enables machine learning systems to categorize incoming input
based on past data. As more relevant data is added, the algorithms improve their ability to predict
classifications within datasets. The LR is essential because it reduces complicated probability calculations to a
simple arithmetic task.

e The nawe bayes (NB) method is a supervised learning technique that uses the Bayes theorem to solve
classification issues. The Bayes theorem is used to evaluate the likelihood of a hypothesis given prior
knowledge. It is determined by the conditional probability. The equation 4 represents the Bayes theorem
formula.

P(B|A)P(B)

P(4|B) = 22

(4)
Where P(A|B) is the posterior probability, P(B]A) is the likelihood probability, P(A) is the prior probability, and
P(B) is the marginal probability.

The NB converts the input dataset into frequency tables, which then build a likelihood table by calculating the
probabilities of the given features. To compute the posterior probability, the NB employs the Bayes theorem.

e The random forest (RF) constructs decision trees by segmenting samples and seeks the best conclusion based
on the voting forecast; it is difficult to overfit while dealing with regression difficulties [28]. One of the most
essential characteristics of the RF algorithm is that it can handle data sets with both continuous variables, as in
regression, and categorical variables, as in classification. This study employs the classification feature of the
RF algorithm.

e The support vector machine (SVM) techniques rely on a collection of mathematical functions known as the
kernel. The kernel's function is to receive data as input and transform it into the desired form [25]. The kernel
functions compute the inner product of two points in a given feature space [29]. The sigmoid kernel function
was utilized in the present study. The idea of SVM is to generate a hyperplane in D-dimensional feature space
that approximates h(x), which is the target (Fig. 3). The data is given in equation 5.

S= X, Yt ()
The SVM considers approximating functions of form based on the knowledge of S in equation 6,
flow) = Eiwigi(x) + b (6)
where @, (x) are the features and w; are the coefficients which are estimated by minimizing in equation 7.
R(C) = ~ZXalyi — f (xy w)le + Allwll? %

where 4 is the constant term and |y; — f(x;, w)]|, is the robust error function. The equation of the main separator line is
called a hyperplane equation.

y=mx+c

Ty

C Slope=m

Fig. 3. The hyperplane equation separator.
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The hyperplane equation dividing the points (for classifying) is easily summarized in equation 8.
H:wl(x)+b=0 (8)

Here: b = Intercept and bias term of the hyperplane equation. In D dimensional space, the hyperplane would
always be D -1 operator. For example, for 2-D space, a hyperplane is a straight line (1-D).

e) Performance evaluation measures

The evaluation of performance is a vital stage in constructing an accurate machine-learning model. The prediction
model must be examined to ensure that it matches the dataset and works well on untested data. The goal of an
evaluation of performance is to quantify a model's generalization accuracy on unseen/out-of-sample data [5]. Cross-
Validation (CV) is a performance evaluation approach that divides data into divisions to evaluate and compare models
[30]. The final dataset was divided into folds, which are equal-sized subsamples. In this investigation, tenfold cross-
validation was utilized. The model was trained using nine folds, and the ML models were tested or validated using one-
fold. Accuracy, precision, recall, F1-score, and Area Under the Curve-Receiver Operating Characteristics (AUC-ROC)
are among the performance evaluation metrics evaluated. The performance evaluation measures are generated using the
computed data's true positive (TP), true negative (TN), false positive (FP), and false negative (FN) values. The ability of
the classification algorithm to properly anticipate the classes of the data set is referred to as accuracy [31]. It quantifies
how close the projected value is to the real or theoretical value. In general, accuracy is defined as the ratio of correct
predictions to total number of instances. The equation 9 shows the formula of the accuracy.

TP+TN
TP+FP+TN+FN

Accuracy = 9
Precision is calculated by subtracting the true values that were successfully predicted from the total predicted
values in the real class. Precision measures a classifier's ability to avoid labeling a negative example as positive. The

formula of the precision is presented in equation 10.

TP
TP+FP

Precision = (10)

The micro averaging method is used because it assigns equal weight to each sample. The equation of the micro
average precision is shown in equation 11.

TPy+ TPy+-+ TPy
TPy+ TPy+-+ TPy+ FPy+ FPy+--+ FPy,

PrecisionMicroAverage = (11)

The rate of properly categorized positive values is measured by recall. Recall solves the issue of how many true
positives are accurately categorized. Equation 12 presents the formula for the recall.

TP
TP+FN

Recall =

(12)

Because the micro average is used to calculate model recall, the micro average recall is calculated using equation
13.

TPy+ TPy++ TPy
TPy+ TPy+-+ TPp+ FNy+ FNy+-+ FNy

RecallMicroAverage = (13)

The F1 score is a machine learning assessment statistic that measures the accuracy of a model. It combines the
precision of a model and recall scores. The F1-score formula is shown in equation in 14.

Precision * Recall

Flgore = 2 % (14)

Precision+Recall

The AUC - ROC curve is a performance metric for classification issues at various threshold levels. AUC is the
degree or measure of separability, whereas ROC is a probability curve. The higher the AUC, the better the model
predicts O classes as 0 and 1 classes as 1. The ROC curve is displayed using true positive rate (TPR) vs false positive
rate (FPR), with TPR on the y-axis and FPR on the x-axis.

In machine learning, ensuring the reliability and precision of findings requires a mix of thorough data preparation,
model selection, training, assessment, and continual monitoring [30]. The study strikes a careful balance between model
complexity and interpretability, and the approaches used are tailored to the unique issue and situation. In this study,
cross-validation is used to estimate how effectively the model generalizes to new, unknown data, as well as the relevant
assessment criteria used. Accuracy may not be the optimal statistic in many circumstances, particularly for unbalanced
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datasets; nonetheless, metrics like as precision, recall, F1-score, ROC-AUC, are used to provide a broader view of
model performance.

4. Experimental Results

This section describes the performance of the ML models used and the measures used to evaluate their
performance.

4.1 Results from the machine learning models

The experiments are carried out using proposed ML models, and the experimental outcomes are calculated using
various performance evaluation measures. The proposed ML models predict hemoglobin levels using k-Nearest
Neighbor (KNN), decision tree (DT), logistic regression (LR), nawe bayes (NB), random forest (RF), and kernel-
support vector machine (KSVM) classification models. The data was divided into test and training sets, and both were
analyzed using the confusion matrix model. This was important since assessing the feasibility of the accuracy of
classification methods. Table 1 emphasizes the manner of value distribution based on the confusion matrix.

Table 1. Adapted from [9, 32] about confusion matrix.

Real
Classification prediction True False
True TP FN
False FP TN

According to Table 1, positive data correctly classified by the models is known as the "true positive" (TP), negative
data correctly identified as negative is known as the "true negative" (TN), negative data incorrectly perceived as
positive is known as "false negatives" (FN), and "positive" data incorrectly recognized as "positive" is known as "false
positives" (FP). The Fig. 4 depicts the confusion matrix distribution of the six (6) classification machine learning

models.
- 750 - 750
¥- 600 o - 600
- 450 - 450
- 300 - 300
- 79e+02
- 150 - 150
T \ 0
0 1

0 1

K-Nearest Neighbor (KNN) Decision Tree (DT)
- 450
- 600
= - 400
450
- 350
300 - 300
e 74e+02 “ 47e402
150 - 250
0 1 0 1
Logistic Regression (LR) Naive Bayes (NB)
-750
- 600
° - 600 °
450 450
. 300 - 300
- 79e+02 = Ui
-150 - 150
] 0 0 1
0 1
Random Forest (RF) Kernel Support Vector Machine (KSVM)

Fig. 4. The confusion matrix distribution of the ML models.
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Table 2 displays the accuracy, precision, recall, and F1-score values from six (6) classification models. Table 2
shows that the decision tree and random forest had the same outcomes in terms of accuracy (0.9992), precision (1.000),
recall (0.9987), and F1-score (0.9994). Because random forests are built on decision trees, the classification results of
decision trees and random forests were similar. To promote generalization and avoid overfitting, random forests use the
notion of averaging predictions from several trees. Random forests produce more robust and accurate classification
results than single decision trees because they combine the predictions of individual decision trees. Because of the
robustness of the former (random forest), the authors recommend using random forest rather than decision tree for
detecting anemia.

Table 2. The performance evaluation measure scores of the ML models.

Model Accuracy (%) Precision Recall F1-score
K-Nearest Neighbor (KNN) 0.9898 0.9949 0.9887 0.9918
Decision Tree (DT) 0.9992 1.000 0.9987 0.9994
Logistic Regression (LR) 0.6283 0.6376 0.9307 0.7568
Na'we Bayes (NB) 0.5900 0.6997 0.5957 0.6435
Random Forest (RF) 0.9992 1.000 0.9987 0.9994
Kernel-Support Vector Machine (KSVM) 0.6510 0.6532 0.9345 0.7689

2 Green is the highest performing measure, blue denotes the second-best performing measure, and purple denotes the third best performing measure.

In all performance evaluation measures, the KNN came in second place. Despite having the third best accuracy
(0.6510), recall (0.9345), and F1-score (0.7689), the KSVM failed to achieve the best precision score. The na'we bayes
classifier earned the third highest precision score, but the lowest accuracy (0.5900). The NB is the lowest performing
ML classifier in terms of accuracy (0.5900), but it has a better precision (0.6997) score than the KSVM (0.6532) and the
LR (0.6376). Based on the dataset, the various machine learning models performed well in detecting anemia. The
findings demonstrate how important machine learning models have been utilized to forecast disease in this sector. The
outputs of the ML models may be used to improve risk stratification, thus, prioritize patients (anemic patients) for
further examination and treatment, hence maximizing healthcare resources and improving patient management. The
results from the six (6) machine models are graphically represented in Fig. 5.

Performance Evaluation of the ML models

1.00-
.
0.00-
DIT KI\IJN N|B RIF
4.2 AUC-ROC evaluation results of the ML models

KSI\/M L;R
Model_Fit
Fig. 5. Performance evaluation scores of the ML models.

The ML models' Area Under the Curve-Receiver Operating Characteristics (AUC-ROC) scores are used to
determine how efficient the models are. The AUC-ROC score is a popular machine learning evaluation measure for
binary classification problems. It assesses a classification model's ability to distinguish between positive and negative
data across multiple classification criteria. The AUC, which is used as a summary of the ROC curve, is utilized for

~
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B Fi_score
- Precision
0 Recan

value
o
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o

N
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distinguishing between the binary (anemic and non-anemic) data used in this study. Table 3 summarizes the AUC-ROC
scores of the ML classifiers employed. An AUC value greater than 0.5 indicates that the classifier is capable of
identifying more True positives and True negatives than False negatives and False positives.

Table 3. The AUC-ROC scores of the ML Models.

Model AUC-ROC
K-Nearest Neighbor (KNN) 0.9902
Decision Tree (DT) 0.9994
Logistic Regression (LR) 0.5315
Na'we Bayes (NB) 0.5881
Random Forest (RF) 0.9994
Kernel-Support Vector Machine (KSVM) 0.5602

® Green is the highest performing measure, blue denotes the second-best performing measure, and purple denotes the third best performing measure.

The random forest and decision tree models have the highest AUC-ROC (0.9994), followed by k-Nearest Neighbor
(0.9902). The third AUC-ROC produced by the naive bayes was 0.5881. It is obvious that the models used in the
present study obtained substantial AUC-ROC values over 0.5. Fig. 6 presents the graphical representation of the AUC-
ROC of the models employed in this study.
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Fig. 6. AUC-ROC of the ML models.
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The Fig. 7 below shows the graphical representation of the AUC-ROC values achieved by each ML model. When
compared to other metrics such as accuracy, the AUC-ROC score is less affected by imbalanced class distributions.
Accuracy can be deceptive in cases when one class dominates the dataset, but AUC-ROC gives a more trustworthy
assessment. It is crucial to remember, however, that the AUC-ROC score has a few drawbacks. As a result, in this study,
a variety of assessment measures was used to acquire a thorough knowledge of model performances.

AUC-ROC scores of the ML models
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Fig. 7. Graphical representation of AUC-ROC values of the ML models.

4.3 Data visualization performance of the ML models
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Fig. 8. Data visualization of the training sets of the ML models.
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Data visualization aids in understanding how each machine learning model distributes data equitably. The
variables in the dataset are non-anemic (0) and anemic (1). This contributes to the development of a relationship
between the two variables, namely non-anemic (0) and anemic (1). Fig. 8 and Fig. 9 show the data visualization for the
training and testing sets, respectively.
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Fig. 9. Data visualization of the testing sets of the ML models.

According to the visualizations in Fig. 7 and Fig. 8, the data are uniformly distributed in both the training and
testing sets. The machine learning models employed in this study provide a considerable distribution that gives insight
into the non-anemic (0) and anemic (1) variables.

5. Discussion

Anemia is a severe global public health issue that disproportionately affects young children, menstrual teenage
girls and women, pregnant and postpartum women, and pregnant and postpartum women. According to the WHO, 40%
of infants aged 6 to 59 months, 37% of pregnant women, and 30% of women aged 15 to 49 are anemic globally. The
invasive technique, which involves blood tests, endoscopy, colonoscopy, and bone marrow biopsy, is the most often
used method of identifying anemia. There are several obstacles that impede the successful identification of anemia,
including fear and customs from various religious and/or ethnic groups. The following machine learning models were
used in this study: k-Nearest Neighbor (KNN), decision tree (DT), logistic regression (LR), nawe bayes (NB), random
forest (RF), and kernel-support vector machine (KSVM). The study included 4260 data observations from Ghanaian
hospitals of non-anemic (0) and anemic (1) people. The MATLAB Squeeze function was used to extract the red, green,
and blue (RGB) values from the image dataset. The final dataset, hence the carefully labeled dataset, was trained with
the study's machine learning models. The decision tree and random forest both obtained an accuracy of 0.9992,
followed by the k-Nearest Neighbor with 0.9898. Based on performance, all of the machine learning models used in this
study produced significant values with higher accuracies, with kernel-support vector machine obtaining an accuracy of
0.6510, logistic regression achieving an accuracy of 0.6283, and na'we bayes achieving an accuracy of 0.5900. Precision,
recall, F1-score, and AUC-ROC scores were used to assess the machine learning models used in this study. The
decision tree and random forest had the highest precision, recall, F1-score, and AUC-ROC scores. Data visualization
was applied to the training and testing sets of the various machine learning models. The data visualization revealed that
the variables, thus non-anemic (0) and anemic (1) data, were uniformly distributed, indicating a significant link between

12 Volume 14 (2024), Issue 1



Machine Learning Algorithms for Iron Deficiency Anemia Detection in Children Using Palm Images

the variables. The study's findings indicate that machine learning algorithms are useful in detecting anemia in a non-
invasive manner. It is advised that the non-invasive way of identifying anemia improves health quality, which
contributes to Sustainable Development Goal 3 (SDG 3), and hence to excellent health and well-being. Table 4
compares the performance of the models used in this study to other studies that used machine learning models in the
domain.

Table 4. The AUC-ROC scores of the ML Models.

Reference Authors Research Year Model Employed Accuracy (%)
Zhang et al. [33] 2023 Random Forest 91.50
Appiahene et al. [14] 2023 k-Nearest Neighbor 97.92
Asare et al. [34] 2023 k-Nearest Neighbor 98.92
Alsayegh et al. [18] 2022 Logistic Regression 60.19
Proposed Model RF, DT, KNN, LR 99.92, 99.92, 98.98, 62.83

When the proposed models are compared to current research in similar domains, they outperform the existing ones.
The proposed models share commonalities with previously published studies in terms of the operationalization of the
algorithms, however they differ in terms of the core dataset utilized to train the models. It should be noted that the use
of machine learning algorithms to detect anemia in a non-invasive manner has improved; nonetheless, this study gives
the latest developments in the field. Based on the accuracy and performance evaluation measures, the machine learning
employed in the study demonstrates resilience above previously known models.

6. Conclusion and Future Works

a) Conclusion

Early detection is essential for both professionals and patients in preventing and progressing anemia, particularly in
children and pregnhant women. The invasive way to detecting anemia has several obstacles that impede community
health and well-being. With the growth of technology and its massive influence, it is essential to create a non-invasive
method of detecting anemia. The non-invasive method of detecting anemia can save money and time. The proposed
algorithms are built using six (6) different machine learning models: k-Nearest Neighbor, decision tree, logistic
regression, nawe bayes, random forest, and kernel-support vector machine. With tenfold cross-validation, the dataset
was divided into training (70%) and testing (30%) halves. The performance of the built models was assessed using
accuracy, precision, recall, F1-score, and AUC-ROC scores after tenfold cross-validation. The final dataset was used to
train the machine learning models, and the results were substantial. The decision tree and random forest had the greatest
accuracy of 99.92% each, followed by k-Nearest Neighbor at 98.98%. With 65.10% accuracy, the kernel-support vector
machine placed third. The na'we bayes model has the lowest accuracy of 59.00%. The decision tree and random forest
models performed best in terms of precision, recall, and F1-score. The use of the palpable palm in the identification of
iron deficiency anemia with substantial findings, that is, the greater performance of the models, is the most novel
characteristic of this study, as earlier research employed the conjunctiva of the eyes [2]. According to Appiahene et al.
[14], when the palpable palm, color of the fingernails, and conjunctiva of the eyes were utilized to diagnose anemia in
children, the palm had a better accuracy than the conjunctiva and the fingernails. Furthermore, the current study
outperforms their performance as well as other state-of-the-art in the field of study. This demonstrates that the palpable
palm is an important area for anemia detection. Although the proposed framework demonstrates improved sensitivity
with an acceptable range of errors and classification accuracy, it attempts to evaluate the repeatability of samples
acquired from primary sources over time. We feel that machine learning is critical to contributing to the identification of
anemia in a non-invasive method based on the substantial outcomes of the various models.

b) Future works

It is envisaged that the study would utilize diverse datasets to train the models and compare the outcomes.
Furthermore, ensembles of machine learning models will be employed to train the dataset. To train the dataset, deep
learning methods such as convolutional neural networks and capsule networks will be employed.
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