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A B S T R A C T

Anemia is a public health issue with serious ramifications for human health globally. Anemia particularly affects
pregnant women and children from 6 to 59 months old even though every individual is at risk. Anemia occurs
when the Hb level is below its normal threshold or when the red blood cells are weakened or destroyed. To
discover medical remedies on time, early detection or diagnosis of anemia assist patients to understand their
condition.

The invasive approach for anemia detection is costive and time-consuming as compared to the non-invasive
approach which is reliable and suitable for developing communities where medical resources and personnel
are inadequate. This study uses palpable palm images (dataset) collected from 710 participants in selected hos-
pitals in Ghana. The images were extracted, segmented and converted into RGB percentile to train, validate and
tested the machine learning models. A hybrid model was developed with the application of ensemble learning
models using the R programming language on the R Studio platform. Stacking, voting, boosting and bagging
ensemble model techniques were used to build the hybrid models, the stacking ensemble model achieved an
accuracy of 99.73 %. The study justifies that ensemble models are efficient for medical disease diagnosis or
detection such as anemia.
1. Introduction

Technology is influencing the future of healthcare where the use of
non-invasive medical techniques aided by technology is preferred in
medical diagnostics. Computer-aided disease diagnosis is less expensive,
saves time, is more accurate, and reduces the need for additional labor in
medical decision-making [1–3]. Anemia is a worldwide public health
issue with serious ramifications for human health [4]. Anemia is one of
the most common medical disorders affecting people all over the world,
particularly pregnant women and children. Tackling this issue with
improved technology would significantly lower the occurrence.

Anemia is a condition in which the hemoglobin level is low. Hemo-
globin is an iron-rich protein that gives blood its red colour and is
responsible for assisting red blood cells in transporting oxygen from the
lungs throughout the body, including vital organs such as the heart,
kidneys, and other organs [1,5,6]. The World Health Organization
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discovered that 42 % of children below the age of 59 months and 40 % of
pregnant females universally are anemic [7–9] and this affects 33 % of
the global population due to iron deficiency [10].

Anemia is common in people with heart failure, with a frequency
ranging from 9 % to 69.6 % depending on the patient's features [4]. Early
detection and diagnosis of anemia would assist persons to understand
their condition and discover medical remedies on time [7]. It would also
be beneficial to the economy through efficient productivity. A high
prevalence of anemia in the community has implications for both mor-
talities, and the physical and mental health of people affected [11].

Other non-invasive methods of identifying anemia include examina-
tion of the conjunctiva eyes, the colour of the fingernail, palpable palms,
and tongue. The use of images of the palpable palm in the diagnosis of
anemia is uncommon, although it is a non-invasive procedure that yields
reliable results. The traditional method of detecting anemia with the
palm was to examine how pale or yellowish the individual's palm is, and
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then proceed to the laboratory for a clinical confirmation test to distin-
guish either one is anemic or not with the use of a blood sample.

The clinical approach for the detection of anemia involves collecting
blood samples from patients, either by pricking their fingertips or with a
syringe and then performing a laboratory test on these blood samples.
The extraction of blood samples is an intravenous procedure that requires
sophisticated surgical equipment. Nonetheless, diagnostic procedures are
costive, and take enough time and effort, to obtain the findings. This also
exposes biomedical scientists and medical laboratory technicians to the
danger of blood-borne diseases, and patients may experience pain when
blood samples are taken, while frequent blood collection causes
discomfort for patients [12].

The novelty of this study is the combination of several individual or
single machine learning algorithms to develop an ensemble model to
detect anemia by comparing both ensemble learners and single or indi-
vidual machine learning models. In addition, most studies used the
conjunctiva of the eye images for the detection of anemia, however, this
study utilizes medical images of the palpable palm to detect anemia in
children for the reason that the human palm is one of the sensitive spots
for detecting anemia in children. This is due to the reason that children
may be exposed to falling objects or infected with bacteria when the
conjunctiva of the eye is exposed for examination during the period of
diagnosis.

The main contribution to knowledge by this study is the use of
palpable palm images in the detection of anemia since most studies used
the conjunctiva of the eye images. Moreover, the size of the dataset
(images of the palpable palm from 710 participants) used for the study is
made publicly available on the Mendeley dataset repository which is the
highest number of palpable palm medical images used for the detection
of anemia.

In this study, we used an ensemble model, that is, stacking, bagging,
voting, and boosting to detect anemia in children aged 6–59 months
using the palpable palm images. The ensemble model techniques were
used to build the hybrid models which are used to diagnose and detect
anemia at its preliminary stage since early detection of anemia would
help prevent serious complications such as heart problems, pregnancy
complications and developmental delays in children [13].

2. Related works

Over the years, machine learning has been used for the automated
detection of anemia using deep convolutional models, Ensemble models
or individual machine learning classifiers. Machine learning is applied to
pick characteristics and trends, analyze these trends and make pre-
dictions or diagnoses based on the trends. These predictions or diagnoses
have been seen to possess high accuracy levels and have aided in
replacing non-invasive anemia detection progressively.

Dalvi & Vernekar [13] presented a comparative analysis of the per-
formance of machine learning classifiers with the application of ANN,
Decision Tree, k-NN, and Naïve Bayes which was used to classify the
dataset. Among the individual classifiers, ANN performed better with an
accuracy of 97.63 %, while k-NN had the least accuracy. In addition, the
application of the Stacking ensemble learner was assigned to the k-NN
and Decision tree for the classification of anemia which achieved 92.12
% accuracy better than the ANN.

Tamir et al. [14] analyzed the anterior conjunctival polar of the eye,
quantifying the conjunctival colour from digital images. The digital im-
ages were taken with a smartphone camera under proper lighting and
had a good resolution. The images were processed to obtain their red and
green (RG) component spectra of the conjunctiva and compared against a
threshold to determine if a patient is anemic or non-anemic.

A system application was developed by Dimauro et al. [4] to examine
anemic conditions. In their study, a non-invasive dimension was utilized
for the demonstration of the results while the conjunctiva of the eye
pictures was taken with a smartphone connected to a microlens. 113
datasets (images) of the conjunctiva of the eyes were captured, which
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were made up of anemic and non-anemic patients. A k-NN algorithm was
utilized to evaluate the results with the use of 113 datasets which iden-
tified a correspondence of 0.745 higher than the other two models.

With the utilization of the k-Means algorithm, Sevani et al. [15]
detected anemia which was based on conjunctiva pallor images. The
study achieved an accuracy of 90 %with a proposed clustering technique
employed. Through the application of six machine learning algorithms
for the detection of iron deficiency anemia, the palpable palm images
were used to detect anemia by comparing the performance of CNN, Naïve
Bayes, Decision Tree, k-NN and SVM algorithms by Appiahene [7]. The
CNN achieved the highest accuracy of 99.92 % while the SVM had the
least accuracy of 96.34 %. The study concluded that the palpable palm is
one of the vital features for detecting anemia in children mostly with the
use of a non-invasive approach.

The palpable palm, fingernails and conjunctiva of the eye images
were used to detect iron deficiency anemia in a comparative study via the
application of machine learning models by Asare et al. [16]. The study
compares these three features, that is, the palpable palm, the colour of
the fingernails and the conjunctiva of the eye images to justify which of
them has higher efficiency in detecting anemia in children with the
application of Naïve Bayes, CNN, SVM, k-NN, and decision tree algo-
rithms. The SVM had the least accuracy of 95.4 %, while the CNN ach-
ieved a higher accuracy of 99.12 %. Based on the performance of the
models, the study concludes that the non-invasive approach is an effec-
tive mechanism for anemia detection.

A “finger-mounted photo-plethysmogram (PPG) device” was created
to capture PPG signals at (590, 660, 810, and 940 nm) wavelengths
proposed by Chakraborty et al. [17] for the detection of anemia. Utilizing
a machine-learning method, a three-way hierarchical ensemble classifi-
cation system was created utilizing a set of 13 attenuation and
ratio-of-ratio features that were produced from the peak and trough in-
formation retrieved from the PPG signals. In detecting anemic and
non-anemic patients in women, the study achieved 92.00 % and 84.00 %
sensitivity and specificity respectively. The study also demonstrated a
sensitivity of 76.00 % and a specificity of 74.00 % for detecting detection
based on its severity.

The “Least Absolute Shrinkage and Selection Operator (LASSO),
Ridge, Elastic Net, Ada Boost and Support Vector Regression (SVR)” are
two-layer stacks of regressors that were built and tested as a proposed
machine learning model for anemia detection by Acharya et al. [18]. The
study provided a significant Pearson's correlation coefficient (PCC) of
0.81 (p<; 0.01) between the Hb value determined using the suggested
approach and the gold standard values of Hb, with a Root Mean Square
Error (RMSE) of 1.353 0.042 g/dL. In terms of performance (low RMSE
and improved CC; p < 0.05), the stacked regressor model performed
noticeably better than the individual regressor models.

In a study by Sen et al. [19] microscopic images were processed and
red blood cells were classified into three shapes in a comparative anal-
ysis. Where Microscopic images were preprocessed and results were
compared among machine learning algorithms such as Random Forest,
Logistic Regression Naïve Bayes and Support Vector Machine. Kasi-
viswanathan et al. [20] used a deep learning approach for the segmen-
tation of the conjunctiva area for non-invasive anemia screening
applications. A proposed U-Net Based Conjunctiva Segmentation Model
(UNBCSM) makes use of fine-tuned U-Net architecture to effectively
semantically separate conjunctiva from digital eye pictures taken by
consumer-grade cameras in an uncontrolled setting. To boost the data
amount andmodel performance, image augmentation and pre-processing
were used. UNBCSM produced strong segmentation results, with an
Intersection over Union (IoU) score of 96 % and 85.7 % for training and
validation, respectively. Jain et al. [21] used ANN to detect anemic pa-
tients from images of eye conjunctiva. Image augmentation techniques
were used to improve the number of available images. Computer vision
algorithms were used for preprocessing and feature extraction. The
model was able to achieve the best accuracy of 97.00 %with a sensitivity
of 99.21 % and a specificity of 95.42 % on the created dataset.
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Bauskar et al. [22] used conjunctiva of the eyes images and for the
Region of Interest (ROI) of the images to be obtained the images were
manually extracted. The red and green (RG) components of the mean
intensity values of the extracted ROI images were obtained and mapped
to the image pixels for corresponding. Afterwards, a patient was classi-
fied as anemic or non-anemic via the application of a tuned machine
learning algorithm.

Florestiyanto& Peksi [23] used the Naïve Bayes classificationmethod
and categorized the nail and palm image data into anemia and
non-anemia. This method achieved 90 % accuracy paleness classification
of palm and nail images.

For optimal extraction of morphological traits and categorising the
severity of anemic conditions, a “three-tier deep convolutional fused
network (3-TierDCFNet)” was proposed by Shahzad et al. [24] for such a
study. The study achieved a significant result of 98.95 % accuracy and
98.12 % of specificity after training, validating and testing the models.

A smart (mobile) phone application was developed by Jayakody [25]
to detect anemia using images of the fingernails of different hemoglobin
level patients to develop a neural network-based algorithm. The smart-
phone app provides the findings, which are then processed by a machine
learning algorithm to produce the output.

Karagül et al. [26] proposed a system for the detection of anemia
through the guidelines of conventional practice by the global public
health standard. ANN, SVM, NB and Ensemble Decision Tree were used
for classification. Along with accuracy values, each model was evaluated
using metrics for classification error, AUC, precision, recall, and f1-score.
Bagged Decision Trees, Boosted Trees, and ANN was utilized and ach-
ieved a maximum accuracy of 85.60 %, 83.00 % and 79.60 % respec-
tively. Meena & Tayal [27] developed a decision support system using
data mining methods for anemia in children. In their proposed model,
they used the decision tree and association rules methods and obtained
successful results.

Age, sex, symptoms, chronic illnesses, and blood parameters, along
with other factors, were considered in the collaborative efforts with
skilled medical specialists for the detection of anemia performed by
Verma & Arjun [28]. A notable approach like an artificial neural
network, support vector machine, decision tree, k-NN and Naïve Bayes
algorithms were applied to the Hb values which were utilized for the
study. Also, clinical symptoms which were centered on the pallor palm
and fingernail images with intense colour for the detection of anemia
through the utilization of a non-invasive approach were proposed by
Peksi et al. [29]. The red, green and blue mean intensity colour compo-
nents of 20 medical images were extracted and a Naïve Bayes technique
was used for the study and resulted in an accuracy of 90 %.

Acar et al. [30] proposed the use of a colour fundus image-based
automated approach to identify cataract disease. The study used a deep
learning-based method, specifically the VGGNet and DenseNet archi-
tectures, to extract the ROI of the conjunctiva from the photos and
discovered anomalies for the description of the region of interest in the
human eyes. The proposed system achieves a diagnostic accuracy for
cataract disease of 97.94 % by the VGGNet and 95.07 % by DenseNet,
respectively.

A rule-based approach was presented by Belginova & Uvaliyeva [31]
to detect iron deficiency anemia with the application of machine learning
models. The authors outlined a decision-support system for specialized
medical advisors that would incorporate patient data (identity, socio-
economic status, medical history, complaints or sensations, medical in-
dicators, and statistical data on the condition) as well as information on
the patient's complaints or sensations. The medical professional's rec-
ommendations regarding the disease might be more precisely made
through the incorporation of the aforementioned data.

In a study conducted by Appiahene et al. [32], a smartphone appli-
cation is developed to diagnose anemia. The study centres on pallor
analysis and uses images of the conjunctiva of the eyes to detect anemia
using machine learning techniques. A publicly available dataset of 710
conjunctiva of the eye images was obtained with a unique tool that
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eliminates any interference from ambient light. Convolutional Neural
Networks, Logistic Regression, and Gaussian Blur algorithm were com-
bined to develop a conjunctiva detection model and an anemia detection
model which runs on a Fast API server connected to a frontend mobile
app built with React Native.

In the study conducted by Noor et al. [33] 104 participants were
enrolled for the study which consisted of 54 females and 50 males with
their correlated clinical Hb value from the laboratory to indicate their
anemic status and corresponding images of the conjunctiva of the eyes.
For image quality to be derived, a smartphone camera was used to cap-
ture the images. The percentile of the RGB pixels of the images was
extracted and processed with the application of MATLAB. 81 out of the
104 images were used to train the models while 23 of the remaining
datasets were used for testing the models. The Decision tree algorithm
achieved the highest accuracy of 82.61 % and was tested and plotted
with the Hb values.

A conjunctival pallor dataset and benchmark for anemia detection in
children were proposed by Appiahene et al. [34], The study focuses on
conjunctiva image-based datasets supported with Hb levels (g/dL) an-
notations for accurate diagnosis of anemia. The authors deploy a joint
deep neural network that concurrently classifies anemia and estimates
hemoglobin levels (g/dL) based on the conjunctival pallor images. The
results of their study show the efficacy of the joint deep neural network in
both the tasks of anemia classification and Hb levels (g/dL) estimation.

Yang [35] proposed MATLAB-based image processing for medical
engineering applications. The author highlighted the importance of
image data in medical engineering as the main source of information
exchange and proposed that the medical engineering application of
digital image processing attracts a huge cost-effective mechanism, it also
produces efficient results by minimizing noise effects and enhancing the
image quality.

Sharma et al. [36] used Ensemble learning of various Transfer
Learning (TL) Architecture to improve the performance of predictive
models. Six TL architectures viz, InceptionV3, ResNet152V2, Xception,
DenseNet201, InceptionResNetV2, and VGG19 were considered by the
authors, and their various ensemble models were used to carry out the
task of deficiency diagnosis. The ensemble-based architecture enhanced
the highest classification accuracy of 100 % from 99.17 % in the Men-
deley dataset, while for the Kaggle dataset, the accuracy was enhanced
from 90 % to 90 %.

A systematic review was performed by Asare et al. [37] to examine
current trends and concepts of machine learning in healthcare services
and to identify viable approaches for anemia detection and diagnosis.
The study compares the most successful non-invasive approaches
currently in use regarding machine learning algorithms, evaluation
metrics, image augmentation, and the origin and size of the dataset used
for the various studies reviewed. The study concluded that non-invasive
methods such as the use of machine learning algorithms to detect anemia
are affordable, and provide results on time.

Regarding the related studies mentioned, it is generously clear that
non-invasive approaches, such as the use of machine learning algorithms,
are trustworthy in the detection of anemia due to their timely, cost-
effective, and results-oriented [7] nature, as the palm is one of the pri-
ority components of the human body for anemia detection in children [7,
38] when using a non-invasive approach. Our study, however, focused on
the use of the palm since it is one of the promising locations in anemia
detection using the ensemble model approach. This is the reason that
most of the studies employed the use of the conjunctiva of the eye images
[39].

2.1. Machine learning models

� Naïve Bayes (NB)

It uses independent assumption and Bayes theorem, and it assumes
that neither the presence nor absence of a particular attribute is related to
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the presence or absence of other attributes [18]. A small amount of
training dataset is considered fit for the calculation of the mean and
variance [7] of the variables associated [40] while splitting fields that
continue into a discrete bin and target value fields. The Nave Bayes
typically generalizes effectively due to the reason that there are no
hyperparameters to adjust.

Mathematically, the Naïve Bayes is expressed as specified in equation
(1);

Pðc∕ xÞ¼Pðx∕ cÞPðcÞ
PðxÞ (1)

� Artificial Neural Networks (ANN)

It is computational that is similar to the structure of the human brain
and gains knowledge by learning from the training dataset [21].
Knowledge learnt is applied to the classification of a dataset. It consists of
the output layer, the input layer and the hidden layer [21]. The input
layer receives the input, the hidden layer performs the computation and
the output layer predicts the final output. The system is fed through the
input layer.

The neurons from one layer are connected to another layer through
channels. Also, channels are assigned values known as weights. The input
values are multiplied by the corresponding weights and their sum is sent
as input to the hidden layer as shown in equation (2). Its neuron is
associated with a value known as a bias which is added to the input sum.
The value is passed through an activation function and the results of the
activation function determine which neuron would be activated. Acti-
vated functions transmit neurons to the next layer which is the output
layer, forward propagation occurs when the data is propagated through
the channel [41].

The AlexNet, Adam optimization and ReLu were used to train the
ANN. The activation function has a regularisation of a ¼ 0.001 and a
maximum iteration of 10. The activation function's main task is to turn
the nodes' signal inputs into signal outputs.

The neuron with the highest probability determines the output. The
predicted output of the network is compared to the actual output. When
the outputs are not the same, the system uses back-propagation to send a
message to the system to reiterate changing the weights of each neuron.
This process continues until accuracy from the system is achieved.

f

 
bþ

Xn
i¼1

xiwi

!
(2)

where b ¼ bias, x ¼ input to the neuron, w ¼weights, n ¼ the number of
inputs from the incoming layer, and i ¼ a counter from 1 to n.

� Support Vector Machine (SVM)

In n-dimensional feature space, it is relatively difficult to segregate
the training data with a linear hyperplane, where “n” is the number of
features in the training dataset. The fundamental algorithm of the SVM
model converts the input features from the original n-dimensional space
to a higher dimensional space, fragmenting datasets into multiple ho-
mogeneous fragments using linear hyperplanes [7]. The Sigmoid was
used for the operation with 100 iterations as the limit, cost ðcÞ ¼ 100 and
epsilon of regression (εÞ was assigned to 1.100 while the numerical
tolerance was set to 0.10000. The coefficients (a1, a2, a3, …, a and b) of
the hyperplanes indicated in equation (3) are optimized throughout the
training process. Optimization maximizes the boundary (δ) between the
training data points and the hyperplanes.

a1 : x1þ a2 : x2þ……þ an : xnþ C ¼ 0 (3)

Converting the training dataset from the original n-dimensional
feature space to a higher dimensional space is achieved through the
4

kernel-trick method. In the converted space, the data points are linearly
divisible with the help of the hyperplanes [42]. The most commonly used
Radial Basis Function (RBF) as described in equation (4) is implemented
in this study, where k (xi, xj) is the kernel function amongst two points xi
and xj and σ symbolize the kernel width. In this study, the value of k (xi,
xj) signifies the resemblance between two almond grains. For two similar
almond kernels, the value of k (xi, xj) □ 1.

K
�
xixj
�¼ e

�
jxixjj
2σ2

�
(4)

� Random Forest (RF)

Random forest is a scalable, simple-to-use machine learning algo-
rithm that delivers a good result much of the time, even without
hyperparameter tuning. It is also one of the most commonly used algo-
rithms due to its simplicity and versatility which can be used as both
regression and classification algorithms [43]. The random forest does
both row and column sampling with a decision tree as a base. Random
forest is an ensemble technique for multiple decision trees.

The maximum depth (max_depth) used was 10, 50, and 100, trees
which indicate the longest path between the root and the leaf node, while
the minimum sample (min_sample) split was 5, 10, and 15 indicating the
number of samples required to split an internal node. The number of trees
(n_estimation) for the forest is 100, 200, and 300, with the maximum
feature (max_feature) as 20, 30, and 40 which is the number of features
considered for splitting a node.

� Decision Tree

In the Decision Tree classifier, the training dataset is represented by
using a tree structure, and the decision tree is used for calculating
discrete-valued target functions [7]. Instances are classified by sorting
them down the tree from some root to the leaf node, while each tree node
represents an attribute and each branch represents a value for that
attribute [33].

It splits a dataset until we are left with a real leaf root. The minimum
number of instances in the leaf was set to 10 and a minimum of 100 trees,
while smaller subsets of less than 5 were not divided and were used as the
limit in the binary tree. It consists of a decision node that has the con-
dition to splits the dataset and a leaf node that determines the class of
data. Usually, the whole datasets are found at the root node where the
dataset is split based on the provided conditions. Mostly with large
datasets, a majority voting is performed and it's assigned a majority class.

The mathematical model for the Entropy of the target class is shown
in equations (5) and (6).
X

pðxÞlog pðxÞ (5)

where p(x) is

Gini Index¼ 1�
Xn
i¼1

pi2 (6)

2.2. Ensemble models

� Stacking; this technique picks combinations of machine learning
algorithms to find the ones with the best compatibility [44]. The most
compatible models will yield the highest accuracy.

� Voting; it picks combinations of the machine learning models and
classifies the test data per class that obtains the maximum vote [13].

� Bagging; this method makes use of SVM, ANN, NB, RF and DT as
individual learners and will use the training data set to draw up a
sample that would be independently used to induce models when
classifying data from the test data set, the induced models are



Fig. 1. Block diagram of proposed methodology.

Table 1
Samples of the converted palm images into components of the RGB values.

Image ID Red (R) Green (G) Blue (B) Status

Image 001 39.03780 34.134139 26.82800 anemic
Image 002 37.01250 33.848009 29.13950 anemic
Image 003 43.87580 30.547063 25.57720 anemic
Image 004 40.80080 32.910173 26.28900 anemic
Image 005 45.47100 31.396006 23.13300 anemic
Image 006 41.97590 32.606409 25.41770 anemic
Image 007 48.48130 31.811414 19.70720 anemic
Image 008 46.19070 31.875195 21.93410 anemic
Image 009 35.57260 32.911054 31.51640 anemic
Image 010 50.50530 29.025078 20.46960 anemic
Image 011 38.65060 31.666920 29.68250 non-anemic
Image 012 41.66790 30.727582 27.60460 non-anemic
Image 013 41.66790 30.727582 27.60460 non-anemic
Image 014 38.56460 31.732560 29.70280 non-anemic
Image 015 38.30320 29.544891 32.15190 non-anemic
Image 016 41.66790 30.727582 27.60460 non-anemic
Image 017 41.71130 30.715082 27.57370 non-anemic
Image 018 40.43840 32.181344 27.38030 non-anemic
Image 019 42.57700 30.442059 26.98100 non-anemic
Image 020 43.23470 30.973125 25.79220 non-anemic
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combined in a using a simple voting scheme [13,28]. The class of the
new instance is generated using the most frequent among the models.

� Boosting; the training dataset is split into sub-datasets and the
various sub dataset are used to train the individual machine learning
models [17,45]. The ensemble process combines the individual
models and boosts the performance of the weak models [46]. The
combined results using majority voting are used in the prediction of
the test set.

2.3. Proposed method

2.3.1. Conceptual framework of the study
This section discusses the various steps and processes that were used

for the study. This phase is segmented into three main categories, which
are; dataset acquisition, preprocessing and segmenting of the dataset and
training, validation and testing of the models.

The dataset used for the study was collected from selected hospitals in
Ghana. Professional biomedical scientists were given proficiency training
on how to use the Kobo Collect application to collect medical images
(data) with the use of an electronic tablet device and then submitted to a
database for easy access and preprocessing.

The images were then segmented into their various RGB percentile
components. The RGB function describes a colour giving the intensity of
the 3 primary colours: red, green and blue. To use the function: RGB (red,
green, blue, alpha), a quantity of red (between 0 and 1), of green and of
blue, and finally transparency (alpha). To show the colours acquired for a
given red value (Y axis), green value (X axis) and blue value, the trans-
parency is set to 1. The image acquisition process, preprocessing and
segmentation are detailed in section 3.2.

To detect whether a patient is anemic or non-anemic, a machine
learning model, that is, ANN, SVM, Naïve Bayes, Decision Tree and RF
were used for the classification of the anemia status. The classifier with
the highest accuracy was recorded after training, validating and testing
the machine learning models with the dataset. Afterwards, ensemble
learning techniques such as stacking, bagging, voting and boosting were
used to create a hybrid system to check for optimal accuracy. The per-
formance of each ensemble learning technique is measured using math-
ematical models [13,46] like accuracy.

The experimental setup for this study used for detecting anemia uti-
lized image processing capabilities of MATLAB 2018 and R programming
language and the R studio platform for training, validating and testing
models. The methodology as illustrated in Fig. 1 using a block diagram
further explains in detail the various steps such as image acquisition,
preprocessing and segmentation. It also includes the feature extraction of
the ROI of the images, calculating the percentage of RGB pixels in the
images as indicated in Table 1, class labelling and classification and
cross-validation of the models. This means, the conceptual framework
gives a pictorial summary of how the study is carried out, which is
detailed in sections 3.2–3.4.1.

2.4. Image acquisition, pre-processing and segmentation

A Kobo collect app was developed and deployed on an electronic
mobile tablet. The participants’ biodata which includes Hb values, age,
and sex, and based on the Hb value result a comment (anemic or non-
anemic) was added with the palpable palm images and uploaded to the
cloud storage for easy access. The age range of the participants in the
dataset for this study is 5–59 months. The datasets utilized the Hb value;
11 g/dL indicates anemia, whereas�11 g/dL indicates non-anemia.

Certified biomedical scientists who underwent a weeklong compe-
tence training at the “Centre for Research in Applied Biology, University
of Energy and Natural Resources, Sunyani, Ghana”, on how to take pic-
tures of infants between the ages of 6 and 59 months collected the
dataset. Before the study began, it was reviewed and approved by the
“Committee for Human Research and Ethics (Reference number: CHRE/
CA/042/22)”. Parents or guardians were given their consent for their
5
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ward(s) before enrolling them for the study.
For the motive that participants were children, their hands (of the

participants) were held and their palms were stretched through the fin-
gers by the biomedical scientists before taking pictures of the palm. A
mechanism was put in place to serve as an immense approach to elimi-
nate the impact of ambient light on the images. When taking pictures of
the images, the cameras' flashlights were turned off to prevent dispro-
portionate gleam effects on the picture quality that could have an impact
on the models' performance. Figs. 2 and 3 show a sample of the raw
image of the palm indicating the ROI and extracted images of the palm of
anemic and non-anemic images respectively.

The images were converted to grayscale images. A median filter was
used to emit noise from the grayscale images. The final step was to
enhance the image. The Region of Interest (ROI) of the palm images were
then extracted from the captured image. It involved two steps which were
the conversion of the image from RGB to YCbCr and thresholding. From
the thresholding process, a binary image was generated that separated
the object from the background. The images were converted back to RGB
with the background removed.

2.5. Feature extraction

RGB value was used as a parameter of this study. From the segmented
image, the system then calculated the percentage of RGB pixels in the
image. The obtained results which are the percentile RGB pixels of the
palms as Table 1 show samples of the converted images into RGB values.

Each image consists of a certain percentage of red, green and blue
colour pigment hence, we calculated the percentages that make up each
image usingMATLAB. The RGB percentage value of the training data was
entered into the database, while the RGB value of the data was used as
input in the classification process.

2.6. Class labelling and classification

This is done if the data entered is in the form of training data. There
are two types of classes in this study, namely Non-Anemic and Anemia
with a number matching to each. After feature extractions, flipping,
rotation and translation techniques were used to increase the dataset size
through the application of image augmentation techniques. The dataset
Fig. 2. A sample of the Region of Interest (ROI) of the palm [7].

6

was grouped into 10 subsets of 426 instances. 7 subsets were used to train
the models, 1 subset would be used to validate the model using K folds
validation techniques and the remaining subset would be used to test the
model. The process is repeated 10 times to generate 10 results. The final
estimation is obtained by averaging the 10 results.

The classification of anemia detection was designed and implemented
utilizing the application of a probability approach for anemic and non-
anemic conditions indicated in equations 7–11.

PðStatus¼AnemicÞ¼Anemic=Dataset (7)

P ðStatus¼Non AnemicÞ¼Non Anemic=Dataset (8)

The probabilities of individual attributes known as conditional
probabilities are calculated.

Vnb ¼ argmax PðvjÞπi P
�
ai
vj

�
(9)

where vj ϵ (Anemic, Non-Anemic) and aj are the attributes

VnbðAnemicÞ¼ VnbðAnemicÞ
VnbðAnemicÞ þ VbnðNon� AnemicÞ (10)

VnbðNon� AnemicÞ¼ VnbðNon� AnemicÞ
VnbðAnemicÞ þ VbnðNon� AnemicÞ (11)

Prior probabilities and conditional probabilities were used to classify
the new instances.

2.6.1. Cross-validation
The codes used for cross-validation for the models trained are noted

here. 5 folds of cross-validation were performed.

� Cross Validation for Individual Models

#defining training controls for model
Cv < - trainControl (
Method ¼ “cv",
Number ¼ 5,
SavePredictions ¼ ‘final',
ClassProbs ¼ TRUE).

� Cross Validation for Ensemble Models.

#defining training controls for model
Cv < - trainControl (
Method ¼ “cv",
Number ¼ 5,
SavePredictions ¼ ‘final',
ClassProbs ¼ TRUE,
Index ¼ createResample (training_set$Status, 25))

3. Results and discussions

The results of the various individual machine learning and ensemble
models are deduced, analyzed and discussed in this section. The seg-
mentation phase of the palm images has been shown to play an essential
role in the detection of anemia. After training and validation of the
models, each model was evaluated with the use of accuracy, specificity,
recall, precision and f1 score.
3.1. Individual models

As stated in the methodology, 70 % of the dataset was used to train
the model, 10 % was used to validate the model where k folds validation
was used and 20 % of the dataset was used to test the model. Features



Fig. 3. Sample of extracted anemic and non-anemic images of the palm.
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have been extracted from the segmented images and are fed into the
individual machine learning models and the final results are presented in
Table 2.

As shown in Table 2, the classification accuracies of the individual
machine learning models for the detection of anemia using palm images
varied in the range of 99.53 % and 64.45 %. Random forest recorded the
highest accuracy which was 99.53 % while ANN recorded the lowest
accuracy which was 64.45 %. Other individual models such as SVM,
Naïve Bayes and Decision Tree recorded accuracies of 75.80 %,70.16 %
and 99.20% respectively. For specificity, random forest and decision tree
performed better than the other individual models. Random forest and
decision tree also recorded the highest value in precision, sensitivity and
F1 score.

From the results achieved by the individual machine learning models,
the random forest and decision tree are the best accuracy of 99.53 % and
99.20 % respectively in performance by the individual models used for
the classification of anemic and non-anemic statuses of patients using the
images of the palm in children. Whereas, ANN had less accuracy of 74.45
% in performance based on the accuracy of classifying images into their
right status (anemic or non-anemic). So, among the individual classifiers,
the random forest performs better, followed by Decision Tree, SVM
classifier, and naïve Bayes with an accuracy of 99.20 %, 81.80 % and
78.16 % respectively while the model with the least performance is the
ANN with an accuracy of 74.45 %.

Fig. 4 shows the accuracy, specificity, precision, sensitivity and f1
score of the five classifiers used. The RF achieved the highest accuracy of
99.53 % in terms of performance in all individual models, followed by
the Decision tree, SVM, NB and ANN which achieved 99.20 %, 81.80 %,
78.16 %, and 74.45 % respectively. Fig. 5 is a graphical representation of
the area under the curve for each single model. The AUC of the individual
models are recorded as follows; RF (1.000000), DT (0.999939), NB
(0.782753), ANN (0.763514) and SVM (0.812904), while Fig. 6 shows a
Table 2
Evaluation metrics for individual machine learning models.

Classifiers Evaluation Metrices%

Accuracy Specificity Precision Sensitivity F1 Score

Random Forest 99.53 % 100 % 100 % 99.22 % 99.61 %
SVM 81.80 % 82.62 84.24 % 87.49 % 80.72 %
Naïve Bayes 78.16 % 79.19 % 73.09 % 77.45 % 74.13 %
ANN 74.45 % 76.47 % 92.71 % 78.14 % 75.83 %
Decision Tree 99.20 % 100 % 100 % 98.71 % 99.35 %
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fgraphical representation of the AUC of the Stacking Ensemble models.
3.2. Ensemble methods

The accuracy of each ensemble method for the detection of anemia
related to the general achieved accuracy, specificity, sensitivity, preci-
sion and f1-score as indicated in Table 3. In stacking, even though naïve
Bayes is among the classifiers with the lowest or weakest accuracy when
combined with the random forest it recorded the highest accuracy of
99.98 %, and 100 % for specificity, sensitivity, precision and f1 score.
Table 4 shows a comparative analysis between the results of other related
studies and that of this (proposed) study.

The next best ensemble classifier was the combination of all 5 clas-
sifiers which recorded the same values as the combination of Naïve Bayes
and random forest. It was also observed that the addition of Random
Forest to other classifiers produced higher percentages of accuracy,
specificity, precision, sensitivity and f1 score. The combination of the
three individual models that recorded the lowest accuracy (ANN þ NB þ
SVM) recorded an accuracy of 72.12 %, specificity of 63.99 %, precision
of 74.35 %, sensitivity of 78.22 % and f1 score of 76.23 % which are the
lowest values in the stacking as shown in Table 3.

In evaluating the models based on their accuracies, the combination
of all five models produced the highest accuracy, followed by the com-
bination of naïve Bayes and random forest then, the combination of
random forest and naïve Bayes and SVM followed by the combination of
RF þ NB þ SVM þ ANN and lastly SVM þ ANN þ NB.

In voting, since the method majority voting technique was used to get
the right results only an odd number of models was combined. A com-
bination of three different models was used and later the combination of
all 5 models. The combination of all 5 individual models produced an
accuracy, specificity, precision, sensitivity and f1 score of 87.30 %, 90.09
%, 94.40 %, 86 %, and 90.01 % respectively whereas the combination of
decision tree, random forest and Naïve Bayes produced the highest re-
sults with accuracy as 99.22 %, specificity as 100 %. Precision is 100 %,
sensitivity is 98.71 % and f1 score is 99.35 %. Also, the combination of
ANN þ NB þ SVM produced an accuracy of 82.00 %, specificity of 87.60
%, precision of 81.90 %, sensitivity of 78.22 % and an f1 score of 87.89
%.

The combination of NB þ RF þ DT and the combination of all 5 in-
dividual models produced the highest accuracy and specificity. Precision,
sensitivity and f1 score.

Bagging the individual models such as NB, SVM, ANN, and DT



Fig. 4. Graphical representation for evaluation metric for individual models.

Fig. 5. ROC for the individual models.

Fig. 6. ROC of the stacking ensemble techniques.
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recorded a decrease in the evaluation metrics as compared to the single
models. In the bagging process, the accuracy ranged between 80.48 %
and 78.56 % where SVM recorded the highest accuracy and ANN
recorded the lowest accuracy. Boosting the model produced an accuracy
of 74.67 % with a specificity of 71.39 %, precision of 86.07 % sensitivity
of 73.20 % and f1 score of 79.11 %. Based on the results in Table 3 the
results achieved on the Ensemble techniques, stacking performed the best
followed by voting, boosting and bagging.

Dalvi & Vernekar [13] used 4 ensemble techniques and performed 10
folds of cross-validation which were repeated, the boosting and the
bagging achieved the highest accuracy of 91.806 % each by the ANN,
while the k-NN achieved the least accuracy of 80.784 % and 82.332 % by
the bagging and boosting respectively. However, among the voting and
stacking, the Voting achieved a higher accuracy of 91.49 % with the
application of (ANN þ K-NN þ Naïve þ Decision) and lower accuracy of
90.234 % with the application of (Decision Tree þ ANN) and Stacking
with higher accuracy of 92.122 % by the (Decision þ KNN) and lower
accuracy of 90.862 % by the (Decision þ ANN). As compared to the
8

proposed study, Voting achieved a higher accuracy ¼ 99.22 % and a
lower accuracy of 72 %while Stacking also achieved a higher accuracy of
99.98 % as applied to the ensemble models.

In addition, the study by Dhakal et al. [46] achieved a lower accuracy
of 92.20% (NBþ LR) and a higher accuracy of 98.40% (RFþDTþANN)
were achieved when the voting ensemble model was used, while the
Stacking ensemble model also achieved the least accuracy of 92.70 %
(NB þ LR), and a higher accuracy of 98.70 % by the (RF þ ANN) and the
(RF þ LR)with the Bagging and Boosting achieving an accuracy of 98.80
% and 98.40 % all by the Random Forest respectively.

In the study conducted by Sevani et al. [15] the k-means algorithm
achieved an accuracy of 90 % when a clustering technique was used,
while the Naïve Bayes also achieved an accuracy of 90 % in a study
conducted by Peksi et al. [29], and 85.60 %, 83.00 % and 79.60 % ac-
curacy achieved by Bagged Decision Trees, Boosted Trees, and ANN
respectively in a study conducted by Karagül et al. [26]. However, the
ensemble learners’ results achieved in this study performed better than
the results of the single and other models reviewed in the literature.

Moreover, the study by Dalvi & Vernekar [13] stated that the per-
formance of a voting technique improves when additional classifiers are



Table 3
Evaluation metrics for ensemble models.

S/N Ensemble method Evaluation metrics

Accuracy Specificity Precision Recall/Sensitivity F1 Score

1 Bagging NB 79.75 % 59.68 % 70.18 % 76.02 % 72.99 %
SVM 80.48 % 86.75 % 82.94 % 22.14 % 77.17 %
ANN 78.56 % 75.79 % 79.56 % 81.36 % 83.36 %
DT 79.24 % 100 % 100 % 60.81 % 75.63 %

2 Boosting 74.67 % 71.39 % 86.07 % 73.20 % 79.11 %
3 Voting RF þ SVM þ ANN 82.46 % 88.00 % 94.14 % 80.16 % 86.59 %

RF þ DT þ NB 99.22 % 100 % 100 % 98.71 % 99.35 %
SVM þ NB þ RF 83.16 % 80.50 % 87.76 % 84.78 % 86.24 %
ANN þ SVM þ NB þ DT þ RF 87.30 % 90.09 % 94.40 % 86 % 90.01 %
SVM þ ANN þ NB 82 % 87.67 % 81.90 % 78.22 % 87.89 %

4 Stacking NB þ RF 99.98 % 100 % 100 % 100 % 100 %
RF þ NB þ SVM 99.53 % 100 % 100 % 99.22 % 99.61 %
NB þ RF þ SVM þ ANN 99.30 % 100 % 100 % 98.84 % 99.42 %
ANN þ DT þ RF þ SVM þ NB 99.98 % 100 % 100 % 100 % 100 %
SVM þ NB þ ANN 82.12 % 83.99 % 89.35 % 88.22 % 89.23 %

Table 4
Comparative Analysis between other studies.

Reference Ensemble Technique Accuracy

Dalvi & Vernekar [13] Boosting, bagging, Bayesian Boosting, voting and Stacking Ensemble. Boosting: Min ¼ 82.332 % (KNN)
Max ¼ 91.806 % (ANN).
Bagging: Min ¼ 80.784 % (KNN)
Max ¼ 90.86 % (ANN)
Voting: Max ¼ 91.49 % (ANN þ K-NN þ Naïve þ Decision)
Min ¼ 90.234 % (Decision Tree þ ANN)
Stacking: Max ¼ 92.122 % (Decision þ KNN)
Min ¼ 90.862 % (Decision þ ANN)

Dhakal et al. [46] Voting, stacking, bagging and boosting Voting: Min ¼ 92.20 % (NB þ LR), Max ¼ 98.40 % (RF þ DT þ ANN)
Stacking: Min ¼ 92.70 (NB þ LR), Max ¼ 98.70 % (RF þ ANN) and (RF þ LR)
Bagging: RF ¼ 98.80 %
Boosting: RF ¼ 98.40 %

Proposed Study ANN, SVM, NB, DT, RF, Stacking, Boosting, Bagging, Voting. Boosting:72.69 %
Bagging: Min ¼ 53.56 % (ANN)
Max ¼ 70.48 % (SVM)
Voting: Max ¼ 99.22 %
Min ¼ 72 %
Stacking: Max ¼ 99.98 %
Min ¼ 72.12.
RF ¼ 99.53 %
SVM ¼ 75.80 %
ANN ¼ 64.45 %
NB ¼ 70.16 %
DT ¼ 99.20 %
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added to the ensemble of voting methods [13].
However, with the Stacking approach, it is not the case. The highest

accuracy was attained by the Decision Tree and K-NN classifier combi-
nation alone, and extra classifiers were not able to improve the accuracy
of this ensemble. This indicates that with the Stacking approach, the best
classifiers are not always required in order to attain the highest accuracy.
In contrast, the accuracy of diagnosis increases proportionally as the
number of classifiers increases in voting.

In this study, developing the stackingmodels we used naïve Bayes as a
meta-learning because it does not require much training and can handle
both continuous and discrete data. The two models with the highest
accuracy were chosen and paired with a naïve Bayes and based on the
results obtained we realized that combining a strong model with a naïve
Bayes increases its accuracy. We then decided to pair a strong model with
a weak model and realized an increase in accuracy.

With this, we realized that the combination of any model with a
strong classification model increases its accuracy. Three of the weakest
models were added and they performed better as compared to the indi-
vidual models. Majority voting is a technique that only allows you to add
odd numbers of individual models. This is a technique used for creating
voting ensemble. A combination of randomly selected strong models and
9

weak models was chosen for building the ensemble model. The combi-
nation of the two best models and a naïve Bayes for maximum accuracy.

An essential observation was the performance of random forest and
decision tree, these two models are the best individual models because
the data was split into binary because our study had just two classes
(anemic and non-anemic) and the number of trees used was 500 which is
also a factor when using random forest and decision tree. This study used
a larger number of datasets and was able to provide higher accuracy for
stacking and voting. The individual models, random forest and decision
tree produced higher accuracies.
3.3. Limitations to the study

This study is limited to the use of Hemoglobin and other related
components such as complete blood count, mean corpuscular hemoglo-
bin concentration and mean corpuscular volume values as the integral
dataset for the training, validating and testing the models, even though
they were utilized by most studies. In addition, since the study's main
focus is based on the use of the palpable to detect anemia in children
using an ensemble approach, other medical images such as the palpable
tongue, colour of the fingernails and the conjunctiva of the eye images
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were exempted. The outcome of this study would compare us to conduct
a comparative in anemia detection using medical images such as the
palpable palm, colour of the fingernails and conjunctiva of the eye im-
ages with the application of ensemble model techniques to know which
of them has higher accuracy in anemia detection in children.

3.4. Conclusion

A new and non-invasive method to detect anemia based on digital
images of the palm has been presented. Realizing that the detection and
diagnosis of anemia are mostly based on the use of conjunctiva of the eye
images, this study utilized digital images of the palm for the detection of
anemia. Images acquired were augmented, trained, validated and tested
using machine learning models, that is, SVM, ANN, DT, NB and RF and
evaluation metrics for every single model.

Based on various research made, it was noted that to build an efficient
and effective model, then a combination of one or more models must be
made. Hence, we implored the process of creating a hybrid model using
various Ensemble techniques such as bagging, voting, boosting and
stacking. The effectiveness of the various ensemble machine learning
classifiers to predict anemia classification was evaluated and compared.

For each datum, a training set and a test set were constructed for the
extensive examination of a trained model with five-fold cross-validation.
Additionally, the model on the test set was evaluated using several
measures, such as accuracy, recall, F-1 score, precision, specificity, and
AUC metrics.

The stacking approach, which was one of the four ensemble methods
evaluated, outperformed the other three ensemble methods by attaining
the highest levels of accuracy, specificity, precision, sensitivity, and f1
score. Naive Bayes are used as the base learners and the other models are
used as stacking learners in the stacking approach [13] to accomplish this
performance. Voting, boosting, and then bagging come after the stacking
procedure. The top-performing effective individual classifier is the RF,
followed by the DT, SVM, NB, and ANN. Individually, the NB is part of the
model that performs the worst.

The best accuracy in the Stacking ensemble, however, was achieved
by a combination of NB and RF. According to the results of the study, an
ensemble of several algorithms or models performs significantly better
than a single classifier or model. As a result, an ensemble of learners
should be utilized to produce effective, swift, and cost-effective results
while developing a model based on machine learning for the detection of
anemia. Future works would be based on deploying the developed pro-
posed models on a smartphone application to assist in anemia diagnosis
where medical personnel, facilities and resources and scarce, mostly in
developing communities.

4. The Study's consent and ethics

Before the study began, the collection of the dataset had been
authorized by the ethical committees of all hospitals where it was ob-
tained for this research. Since the study's participants were minors, their
guardians/parents provided ethical consent on their behalf and informed
them of the study's purpose. Before participants in the data collection
were enlisted, their parents'/guardians' consent was authorized. In
addition, this work was given authorization by the University of Energy
and Natural Resources, Committee for Human Research and Ethics
(CHRE) (Reference number: CHRE/CA/042/22). Additionally, during
the image-capturing process, participants' names and faces were hidden,
making it impossible to determine their identity.
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