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Abstract. Vitamin D (VitD) is an essential nutrient that is critical for the well-being of
both adults and children, and its deficiency is recognized as a precursor to several diseases.
In previous studies, researchers have approached the problem of detecting vitamin D defi-
ciency (VDD) as a single "sufficient/deficient” classification problem using machine learning
or statistics-based methods. The main objective of this paper is to predict a patient’s VitD
status (i.e., sufficiency, insufficiency, or deficiency), severity of VDD (i.e., mild, moderate, or
severe), and 25-hydroxyvitamin D (25(OH)D) level in a separate deep learning (DL)-based
models. An original dataset consisting of complete blood count (CBC) tests from 907 pa-
tients, including 25(OH)D concentrations, collected from a public health laboratory was used
for this purpose. CNN, RNN, LSTM, GRU and Auto-encoder algorithms were used to de-
velop DL-based models. The top 25 features in the CBC tests were carefully selected by
implementing the Extra Trees Classifier and Multi-task LASSO feature selection algorithms.
The performance of the models was evaluated using metrics such as accuracy, F1-score, mean
absolute error, root mean square error and R-squared. Remarkably, all three models showed
satisfactory results when compared to the existing literature; however, the CNN-based predic-
tion models proved to be the most successful.

Key-words: 25(OH)D level; classification; deep learning; feature selection; prediction;
vitamin D deficiency.



296 U. E. Essiz et. al.

1. Introduction

Vitamin D (VitD) is one of the essential vitamins for both adult and child health, and its
deficiency is seen as a risk factor for many diseases [1]. Many medical conditions are thought to
have a basis in VitD Deficiency (VDD) [2]. Because of this, a proper estimate of this deficiency
is crucial for patients as well as clinicians. This prediction makes it possible to get rapid results
without laboratory testing, allowing the clinician to effectively guide the patient and enabling the
patient to take the necessary precautions in a timely manner.

Based on external and internal data, VDD prediction aims to determine a patient’s VitD status
or 25-hydroxyvitamin D (25(OH)D) level. Since multivariate inputs are preferred for highly
accurate results, models that are more flexible are needed to make predictions. In recent years,
the development of high-precision prediction models has been a focus of research in various
fields:

Pozna and Precup [3] explored a novel framework for modelling observational processes in
the context of cognitive processes rooted in a new pattern of human knowledge, analyzing its
cultural origins from philosophical, psychological and linguistic perspectives. Borlea et al. [4]
proposed a method for improving clusters generated by the K-means algorithm by employing a
supervised learning algorithm in a post-processing step, with an emphasis on improving cluster
quality rather than reducing processing time. Ren et al. [5] presented a medical image segmen-
tation network with an attention mechanism and a multi-feature fusion structure, which incorpo-
rates a convolutional group encoder module and a self-attention module to enhance multi-scale
information acquisition, improve edge details, and enable accurate segmentation of medical im-
ages. Zamfirache et al. [6] conducted a performance analysis of three control system structures
that combine Reinforcement Learning and Metaheuristic Algorithms to optimize control prob-
lems, using the Gravitational Search Algorithm for parameter initialization in Deep Q-Learning.
The prediction of many parameters, such as the diagnosis of Parkinson’s disease [7], Alzheimer’s
disease [8], tumor segmentation [9], early severity detection of COVID-19 cases [10] and gov-
ernment statistics on COVID-19 [11] have been studied.

When the previous studies on VDD prediction are analyzed, it can be seen that models based
on statistics [12], [13] and Machine Learning (ML-based) have been carried out in recent years:
Sluyter et al. [1] developed ML-based prediction models and compared their performance with
the statistical based models. Carretero et al. [14] used a dataset obtained from 1002 hypertension
patients at a Spanish university hospital to determine the VDD status. Support Vector Machine
(SVM), RF, NB, and Extreme Gradient Boost (EGB) algorithms were used to develop classifica-
tion models. Gonoodi et al. [15] proposed a Decision Tree (DT) based prediction model to assess
the risk factors for VDD. According to the results, blood Zn levels are a significant risk factor
for identifying individuals with VDD among Iranian adolescent girls. Karamizadeh et al. [16],
Amiri et al. [17], Padmaja et al. [18], Guo et al. [19], and Bechrouri et al. [20] used ML-based
and data mining algorithms to build models for predicting VDD.

Essiz et al. [21] predicted VDD in diabetic patients using data mining techniques and feature
selection based on historical electronic health records, achieving a classification accuracy of
97.044% using the SVM model with radial kernel and 18 selected features. The motivation for
this paper stems from the main shortcomings of Egsiz et al.’s study reported in [21], and these
can be outlined as follows:

¢ The detection of VDD without the need for costly laboratory tests is an important health
indicator, not only for people with diabetes, but also for the general population.
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¢ Categorizing VDD severity into only two classes, ignoring both VitD status and 25(OH)D
level, led to a simplistic assessment under a single model; these scenarios need to be in-
vestigated independently and thoroughly.

* While ML and data mining are established techniques, DL, as a subset of ML, enhances
power and flexibility by representing the world as a nested hierarchy of concepts. Utilizing
DL-based methods in VDD prediction models increases their effectiveness and adaptabil-

1ty.

In this paper, an original dataset consisting of Complete Blood Count (CBC) tests of 907
patients (including 25(OH)D concentrations) from a public health laboratory in Turkey was col-
lected to develop three groups of VDD prediction models using DL-based methods:

Model 1: The first model predicts the VitD status of the patient (i.e., sufficiency, insuffi-
ciency, or deficiency). Model 2: The second model predicts the severity of the patient’s VDD
(i.e., mild, moderate, or severe). Model 3: The third model predicts the patient’s 25(OH)D
level (e.g., it has been handled as a regression problem). DL-based prediction models combined
with feature selection algorithms (i.e. Extra Trees Classifier (ETC) and multi-task LASSO) have
been proposed to accurately estimate 25(OH)D levels from CBC test results while reducing the
necessary parameters for the prediction models. In line with this goal, individual and hybrid
comparisons of the methods were performed using different classification, regression, and fea-
ture selection methods.

The contributions of this paper are listed as follows:

* Most VDD detection studies have addressed the problem as a single “sufficient/deficient”
classification. This approach gives superficial results in assessing VitD status and VDD
severity. The present paper addresses both problems as separate multi-class models.

* To the best of authors’ knowledge, this is the first paper to predict VitD status, VDD
severity, and 25(OH)D levels as separate models using CBC tests.

* Most of the literature on VDD prediction is based on statistical and ML-based methods,
and there is a lack of studies investigating the performance of DL-based models. All three
models we developed gave satisfactory results using well-known performance metrics.

¢ In addition to the development of DL-based models, studies were also carried out to find
the parameter that has the most influence on the result in CBC tests, and the top 25 features
were selected for each model.

* CBC tests are widely used in the diagnosis of many medical conditions. The remark-
able ability of these tests to provide accurate predictions of VitD status and levels through
advanced DL-based models promises to reduce both laboratory costs and time spent on
testing procedures.

The remainder of this paper is organized as follows. The second section provides a detailed
exposition of the research methodology used in this paper, which includes both data analysis and
DL-based prediction algorithms. The third section presents the research results and a perfor-
mance comparison of the algorithms. Concluding remarks are summarized in the fourth section.
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2. Material and Methods

This section introduces some issues related to the methodology used in this paper, including
data preprocessing, feature selection methods, and DL-based prediction models.

2.1. Data source

The retrospective data used in this paper consisted of CBC tests including 25(OH)D concen-
trations collected from a public health laboratory in southern Turkey between February 2016 and
April 2019. CBC (a.k.a. full blood count) test provides information about the blood and general
health. Table 1 shows the basic statistics of the dataset describing the minimum, maximum, and
standard deviation of each attribute with normal ranges. The distribution of CBC tests with re-
spect to VitD status and VDD, as well as the age distribution of the patients, are presented in the
supplementary file [22].

2.2. Data processing

The data preprocessing was carried out through a three-step procedure: The first step involved
data imputation, which focused on addressing missing values before analyzing the data. To ad-
dress this, Multivariate Imputation by Chained Equations (MICE) algorithm [23] (a.k.a. iterative
data imputation) was employed. Due to the imbalanced nature of the dataset, the second step
of the data preprocessing involved addressing data balancing. For this purpose, the Synthetic
Minority Oversampling Technique [24] (SMOTE) was employed for both Model 1 and Model 2.
The third step, feature selection, is a fundamental preprocessing technique commonly employed
in most prediction models. For this task, Randomized Decision Trees (a.k.a. the ETC method)
was utilized, which belongs to the ensemble classifier family and incorporates the RF algorithm
in Model 1 and Model 2. By using training examples, the ETC method calculates the importance
of features that affect the model’s output [25]. Model 3 utilized the multi-task LASSO technique
[26], a widely adopted method for feature selection in datasets with numerous dimensions, as the
VitD Dataset contained 51 features (except 25(OH)D).

Table 1. Basic statistics of the dataset with normal ranges (SD=Standard Deviation)

Attribute . Normal Range

Index Altributes (Measurement 2ngnit) Mean +5D
0 Gender Male: 398 (43.89%) Female: 509 (56.11%)
1 Age 0-100 43.85+19.54
2 Glycated Hemoglobin (HbAlc) 4-6.2 (%) 6.26 £4.01

HbA ¢ International Federation of

3 Clinical Chemistry Unit (HbAlc (IFCCy) | 2042 (mmol/moD) 42.83+13.30
4 Creatinin 0.84-1.25 (mg/dL) 0.77 £0.21
5 Urea 17-43 (mg/dL) 28.89 £ 9.57
6 Uric Acid 3.5-7.2 (mg/dL) 535+1.44
7 Alanine Transaminase (ALT) 7-40 (U/L) 21.80 £ 14.05
8 Aspartate Aminotransferase (AST) 9-45 (U/L) 21.24 £9.15
9 Alkaline Phosphatase (ALP) 30-120 (U/L) 70.59 +26.68
10 Gamma-Glutamyl Transferase (GGT) 0-55 (U/L) 22.55 £36.32
11 Sodium 136-146 (mEq/L) 138.90 = 2.63
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Attribute . Normal Range

Index Altributes (Measurement Ianit) Mean +5D
12 Potassium 3.5-5.1 (mEq/L) 4.51+0.40
13 Total Cholesterol 120-200 (mg/dL) 195.83 +45.52
14 High Density Lipoprotein (HDL) 40-60 (mg/dL) 4772 £12.13
15 Low Density Lipoprotein (LDL) 0-130 (mg/dL) 123.18 +34.27
16 Triglyceride 40-160 (mg/dL) 171.03 £ 122.92
17 Iron 40-160 (ug/dL) 78.04 +37.68
18 Iron Binding 155-355 (ug/dL) 260.00 + 75.34
19 Calcium 8.8-10.6 (mg/dL) 41.38 +544.22
20 Magnesium 1.3-2.7 (mg/dL) 2.07£0.33
21 Creatine Kinase (CK) 30-294 (U/L) 100.50 + 114.36
22 C-reactive protein (CRP) 8-10 (mg/L) 0.93 £2.03
23 White Blood Cell (WBC) 4-11 (x10™3/uL) 7.03 £1.88
24 Red Blood Cell (RBC) 3.8-5.8 (x1076/uL) 4.67 +£0.47
25 Hemoglobin (HGB) 11.5-16.5 (g/dL) 13.10 £ 1.48
26 Hematocrit (HCT) 37-47 (%) 40.08 £4.06
27 Mean Corpuscular Volume (MCV) 78-100 (fL) 86.12 + 6.92
28 Mean Corpuscular Hemoglobin (MCH) 27-32 (pg) 28.30 £3.86
29 Mean Corpuscular Hemoglobin Concentration (MCHC) 30-35 (g/dL) 33.24 +13.33
30 Red Blood Cell Distribution Width (RDW-CV) 11.5-14.5 (%) 14.10 £ 1.51
31 Platelet (PLT) 150-400 (x10"3/uL) | 265.02 + 66.59
32 Mean Platelet Volume (MPV) 8-12 (fL) 9.50 £ 1.21
33 Procalcitonin (PCT) 0.12-0.36 (%) 0.25 £ 0.06
34 Platelet Distribution Width (PDW) 25-65 (%) 50.04 £7.78
35 Lymphocytes (LY) 1.5-4 (x10°3/uL ) 2.25+197
36 Monocytes (MO) 0-0.8 (x10"3/uL) 0.41 +£0.15
37 Neutrophils (NE) 2-7.5 (x10"3/uL) 4.10+1.52
38 Eosinophil (EO) 0-0.4 (x10"3/uL) 0.20 £ 0.15
39 Basophils (BA) 0-0.1 (x10"3/uL) 0.04 £0.13
40 MO% 0-10 (%) 5.81+£1.27
41 NE% 40-75 (%) 57.39 £ 8.83
42 EO% 0-6 (%) 2.89+ 191
43 BA% 0-2 (%) 0.54 +£0.29
44 LY % 20-50 (%) 32.19 £16.32
45 Sedimentation 0-20 (mm) 11.32+941
46 Triiodothyronine (T3) 0.92 -2.76 (nmol/L) 3.17 £0.54
47 Thyroxine (T4) 0.7-1.48 (ng/dL) 1.31 £4.00
48 Thyroid Stimulating Hormone (TSH) 0.35-4.94 (uIU/mL) 241 +£3.22
49 Ferritin 10-291 (ng/mL) 49.23 +53.61
50 Vitamin B12 (VB12) 187-883 (pg/mL) 372.35 £233.22
51 25(OH)D 20-40 (ng/mL) 23.72 £16.53

2.3. DL-based prediction models

A DL-based prediction model is a type of artificial intelligence model that uses Deep Neural
Networks (DNN) to learn and make predictions from data. These models have gained significant
popularity and achieved state-of-the-art results in various domains due to their ability to auto-
matically learn representations from raw data and capture complex patterns and relationships

[27].

There are two training phases in all DL-based prediction models: feed-forward and back-
propagation (BP). DNNs use weight modification as a learning strategy. BP is a strategy for
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updating weights and training DNNs [28]. In BP, errors are sent to hidden layers to train the
network. Each neuron has an activation function that can help with the training problem. In
general, the mathematical method of DNN can be described as follows:

First step, weight initialization. Weight initialization is a procedure to set the weights of a
neural network to small random values that define the starting point for the optimization (learning
or training) of the neural network model.

Second step, error calculation as (e), which can be done by Mean Squared Error (MSE).
MSE compares the predicted output with the true output, which can be a single number or a
vector of numbers. The MSE penalizes the DNN for deviating from the true output by squaring
the difference between them. It is calculated as the average of the squared differences between
the predicted output (P) and the true output (O)

n

1 2
=— O;,—F 1
= ; ( ) M
Third step, reducing the error by adjusting the weights as follows:
Oe
w(n) = i +aw(n —1) )
0
Aw =~ 3)
ow

where, w stands for weight, n and « are constant. The weight is adjusted according to the
difference between the weighed value and the network output, specified as the error. All the
above procedures are common DNN steps. Depending on the model selected, the other steps
will be affected. The following sections provide brief information on the DNN architectures
used in this paper.

2.3.1. Convolutional Neural Network (CNN)

A Convolutional Neural Network (CNN) is a Feed Forward Neural Networks (FFNN) con-
sisting of convolutional operations and a depth structure and is a typical algorithm for DL [29].
Deep CNNs perform as well in traditional classification and regression problems as they do in
image classification tasks [30]. An illustration of the components of a CNN, encompassing an
input layer, a convolutional layer, an activation function, a pooling layer, and a fully connected
layer given in [22]. The convolutional layer, often referred to as the convolutional kernel, serves
as the core of the neural network. It is usually the first layer in a CNN. A convolutional layer has
the main advantage of weight distribution [31]. This step can be represented mathematically in
terms of:

7n - ZIL ! * W#n + bTLL/ (4)

where m and n are the dimensions of the convolution filter, L represented the layer, x represented
the features, W represents the weight, and b represents the basis, * signifies the convolutional
operation and f is the activation function, which may be a sigmoid, a rectified linear unit, or a
hyperbolic tangent (tanh). Activation methods can be modified based on the type of data [31].
In addition, the features extracted by the convolution layer are connected to the next layer
(pooling layer). The pooling layers are generally intermediate layers between the convolution
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and fully connected layers. The pooling layer reduces the number of training parameters and
computational cost, and controls overfitting [31]. The output of the pooling layer can be repre-
sented mathematically as follows:

zE = down (mﬁ;l) (5)

where down (-) is a type of pooling operation and can be max pooling or average pooling, etc.
Once this process is complete, the extracted features from multiple convolutions and pooling
layers are connected to the fully connected layers. These are simply FFNNs. They are also the
last few layers in the network structure of a CNN. The output of a fully connected layer can be
represented using: .

1+ exp(—wTx) ©

(y = la;w) =
where y represents the labels of the data, z € R¥*1 x 1 denotes the feature vector in K dimen-
sion, w € RE+1 x 1 denotes the parameters of the weight vector.

2.3.2. Recurrent Neural Network (RNN)

In contrast to conventional FFNNs, RNNs incorporate recurrent connections that establish
self-connections to capture temporal dynamics. These connections exhibit two key distinctions
compared to traditional networks [32]: (1) the nodes within the same hidden layer of an RNN
are interconnected, and (2) the inputs to the hidden layer at the current time step consist of both
the outputs from the input layer at the current time step and the hidden layer at the previous time
step. The fundamental structure of an RNN is depicted in [22]. The symbol x; represents the
inputs at time step t, S; represents the outputs of the hidden layer at time step t (referred to as
the memory at time t), y, represents the outputs of the output layer at time step t, and [W,U,V]
represents shared parameters (where W denotes the weights of inputs, U denotes the weights of
inputs at the current state, and V denotes the weights of outputs) [33]. The modeling process is
described by:

Sy = f(Uze + WSi—1 +bp),y = fF(VS, + bo) (N

Here, f(.) denotes an activation function, and b;, and by represent the biasing vectors of the
hidden layer and the output layer, respectively.

2.3.3. Long Short-Term Memory (LSTM)

LSTM is a specialized RNN-based algorithm that assumes the role of conventional neurons in
hidden layers, referred to as memory blocks. It performs information updates and checks through
the utilization of forgetting gates within these memory blocks [34].

Differing from FFNNs, LSTM incorporates feedback connections, enabling it to process en-
tire sequences of data rather than just individual data points. When compared to other variants of
RNN, the LSTM, which solely computes memory units using distinct activation functions, boasts
a straightforward architecture. The structure of the LSTM unit is visually depicted in [22].

The LSTM unit consists of three key components referred to as gates, responsible for reg-
ulating the flow of information in and out of the memory cell or LSTM cell. The first gate is
termed the Forget gate, the second is known as the Input gate, and the final one is the Output
gate. Combining these three gates with a memory cell or LSTM cell forms an LSTM unit that
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can be likened to a layer of neurons in a traditional FFNN, with each neuron comprising a hidden
layer and a current state [28].

2.3.4. Gated Recurrent Units (GRU)

A GRU has the adaptive ability to capture the dependencies of different time scales within
each recurrent unit. Compared to the LSTM, the GRU introduces two significant improvements:
(1) it synthesizes the forget gate and input gate of the LSTM into a single update gate, and (2)
it combines the cell state and hidden state [33]. The architectural layout is shown in [22]. The
modelling process of the GRU can be briefly illustrated as follows [35]:

Step 1: Disregard inconspicuous information from the previous hidden states and the current
inputs, which is determined by the reset gate according to

ry =Wy - [he—1, 2] + by) (8)

Here, ”.” stands for dot-product operation, b, denotes the bias vector, and its function is akin
to that in LSTM, where a smaller value of r; allows for less information to be propagated. The
new candidate memory is then computed using:

2z = o(Wy - [he—1, 2] + D) &)

Here, b, represents the bias vector.
Step 2: Control the removal and addition of old and new information, which is governed by
the update gate following:

hy = tanh(W - [ry % hy_q, 2] + bp) (10)

stands for multiplication, by, is the bias vector. Finally, the new memory state is

99399

where
obtained using .
ht:(l—zt)*ht_l +Zt*ht (11)

In general, both LSTMs and GRUs effectively preserve essential features through various
gate functions, guaranteeing the preservation of information during long-term propagation. Con-
sequently, their gate control mechanisms address the vanishing gradient problem encountered in
traditional RNNs [34], [35].

2.3.5. Autoencoders (AE)

An AE functions as a three-layer FFNN, comprising an input layer, hidden layer, and output
layer. Notably, the input layer and output layer consist of an equal number of neurons, allowing
the AE to learn the reconstruction of the provided input. The primary purpose of the hidden layer
is to encode the input vector from the input layer into meaningful code, representing distinctive
features. Training the AE involves adjusting the number of neurons in the hidden layer in relation
to those in the input layer. Throughout the training phase, the input vector is transformed into
these features. By introducing labeled data during the training process, AE can be adapted to
handle classification tasks. Similarly, for regression tasks, the AE can be modified by altering
the output layer to produce continuous values [36].

See [22] for an illustration of an AE as a three-layer network, with x and z represented as
follows:

Z =hD WDz 4 pm) (12)
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The output layer, denoted by:
X' =hPwW®z 4 p?) (13)

where, the same dimensions as the input layer (x’) used for input reconstruction. To evaluate the
error between the original input x and the reconstructed input x’, the AE employs

Lossqwpwr ) = Y |z — aj]|? (14)
=1

which corresponds to either the squared Euclidean distance or the cross-entropy loss as fol-
lows [28]:

Loss(y 2y = — Zmilog(ac;) + (1 — z4)log(1 — %) (15)
i=1

All of the techniques described in the previous sections were developed using the Python
Scikit Learn library [37] and TensorFlow [38] within the Google Colaboratory [39] environment.

3. Results and Discussions

The block diagram and pseudo codes of the DL-based prediction models and parameter set-
tings of the methods are given in the supplementary document of the paper [22]. Before testing
the models, missing data were imputed using the MICE algorithm, and the class imbalance prob-
lem was solved using the SMOTE algorithm, as described in Section 2.2. The dataset is split into
appropriate input-output data for each prediction model. Following this step, the features that
most affected the models’ output were obtained using the ETC technique for Model 1 and Model
2, and the multi-task LASSO technique for Model 3. Once the features were extracted, the DL
models used in this paper were trained and evaluated using a 5-fold cross-validation technique,
with 80% of the data used for training and 20% for testing.

Attaining higher accuracy, improved efficiency, and favorable convergence heavily relies on
the optimization of parameters. We have used grid search [40] to optimize each hyper-parameter
while maintaining the remaining variables as constants. Subsequently, we selected the most
suitable parameter values, striking a balance between performance metrics and computational
time. See [22] for a table of all parameter settings for the methods.

3.1. Performance metrics

A complexity matrix is used as part of the model performance assessment process and has
four distinct variables: True Positive (TP), True Negative (TN), False Positive (FP), and False
Negative (FN) [41]. The Accuracy of a prediction model is determined using:

Accuracy(%) = (TP +TN)/(TP+TN + FP+ FN) (16)
Precision measures the classifier’s ability to correctly predict relevant data as follows:

Precision(P) = TP/(TP + FP) (17)
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while Recall assesses the proportion of relevant data identified by the classifier using:
Recall(R) =TP/(TP + FN) (18)

The F1-score is a metric employed to evaluate the model’s performance, calculated by taking
the harmonic mean of Precision and Recall denoted by:

F1 — Score =2 - Precision - Recall /(Precision + Recall) (19)

Mean Absolute Error (MAE) is a common way to measure how accurate a regression model
is. It essentially defines how far off the model’s predictions are from the actual values, on average:

I ,
MAE = — ; lyi — v (20)
Root Mean Square Error (RMSE) serves as an alternative metric for evaluating a regression
model’s goodness of fit. Analogous to MAE, RMSE quantifies the average magnitude of the
prediction errors. However, unlike MAE which utilizes absolute differences, RMSE incorporates
a squared term. This squared term amplifies the influence of larger residuals, placing greater
emphasis on substantial deviations between predicted and observed values.

2y

R-squared (R?) is a statistical value in regression analysis that tells you how well a model
explains the variability in the data. It ranges from O to 1, with a higher R? indicating a better fit
between the model’s predictions and the actual observations.

> i1 (Wi — i)
> (Wi —i)?

where y; is the predicted value, y, is the observed value, and g is the mean value of y.

R’=1- (22)

3.2. Feature selection

This paper employs feature importance to identify the factors influencing the target variable.
This approach not only enhances the model’s performance but also significantly improves its
execution time by excluding unnecessary features. In this paper, the top 25 features were selected
to ensure that the models worked optimally, striking the right balance between feature inclusion
and performance output. The prominent features selected by ETC in Model 1 and Model 2.
Since Model 3 is a regression model, the multi-task LASSO approach was used to identify the
25 most optimal features for estimating the patient’s 25(OH)D level. The best attribute indexes
and feature importance distribution of the models is given in [22].

3.3. Performance results of the prediction models

Fig. 1.a presents the Accuracy and F1-Score outcomes of Model 1 employing various meth-
ods, namely CNN, RNN, LSTM, GRU, and AE, both with and without ETC. Throughout all
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the obtained results, predictions employing feature selection consistently showed superior per-
formance compared to those without it. Notably, the CNN model with ETC showed the highest
Accuracy and F1-Score, achieving values of 0.9630 and 0.9757, respectively, while the AE al-
gorithm displayed comparatively lower performance than the others. Among the considered
methods, the RNN approach in conjunction with ETC achieved the second-best performance
with an Accuracy of 0.9490 and an F1-Score of 0.9416. Subsequently, the LSTM method with
ETC followed closely as the third-best, showcasing an Accuracy of 0.9384 and an F1-Score of
0.9509, in the prediction of the patient’s VitD status. Additionally, the performance outcomes
of the DL-Based prediction models exhibited close proximity, and further enhancements were
observed through the implementation of the ETC algorithm.

Model 1: Prediction of VitD Stakus Model 2: Prediction of VitD Deficiency Severity
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Fig. 1. Accuracy and F1-Score results of Model 1 (a), Model 2 (b).

Model 3: Prediction of 25(0H)D Levels
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Fig. 2. MAE, RMSE and R-Squared results of Model 3.

Fig. 1.b shows the Accuracy and F1-Score outcomes of Model 2. Similar to Model 1, the
CNN-ETC method proves to be the best-performing model, achieving an Accuracy of 0.9486
and an F1-Score of 0.9548. Correspondingly, the relative performance rankings of the other
methods remain unchanged. RNN-ETC secures the second position with an Accuracy of 0.9348
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and an F1-Score of 0.9214, while LSTM-ETC follows as the third-best method, demonstrating an
Accuracy of 0.9243 and an F1-Score of 0.9305. The performances of the GRU and AE models,
along with ETC, align closely with the aforementioned three. The close resemblance in results
between Model 1 and Model 2 can be attributed to the fact that the data utilized in Model 2
constitutes a subset of that employed in Model 1.

Model 3, dedicated to the prediction of 25(OH)D levels, presents a distinct regression model
compared to the preceding two models, as highlighted in Fig. 2. Given its regression nature,
the model evaluation employed MAE, RMSE, and R-Squared metrics. For feature selection, a
well-established Multi-task LASSO method was employed, yielding performance improvements
across all DL-based methods. Notably, despite the differences in performance criteria and feature
selection methods, the performance ranking of DL-based methods remained unaltered in Model
3. The CNN-Multi-task LASSO method emerged as the most favorable approach, attaining the
lowest MAE (0.4814) and RMSE (0.6738), as well as the highest R-squared value (0.9778).
Following closely were the Multi-task LASSO-enhanced versions of RNN, LSTM, GRU, and
AE, maintaining their relative performance positions.

Model 1 Accuracy (CNN with ETC) Model 1 Loss (CNN with ETC)

0.98 { — validation —— validation
— train — train

accuracy
loss

0.30

0 20 0 60 80 100 0 20 0 &0 80 100
epoch epoch

(a) (b)
Fig. 3. Convergence plots of Model 1: (a) Accuracy, (b) Loss.

Fig. 3 shows convergence plots for training and validation of Model 1. The training learning
curve calculated from the training dataset gives an idea of how well the model is learning. The
validation learning curve, calculated from average of the 5-fold cross-validation dataset, gives an
idea of how well the model generalizes. All models have been successfully trained and tested.
As Model 1 is the model with the highest performance results, the convergence graphs are shown
in Fig. 3, and the convergence graphs of Model 2 and Model 3 are shown in the supplementary
document [22].

4. Conclusions

The primary goal of this paper was to develop DL-based models for predicting VitD status,
VDD severity, and 25(OH)D levels using CBC tests. To achieve this objective, the paper ana-
lyzed three sets of prediction models: (1) Model 1, which forecasts the patient’s VitD status as
sufficient, insufficient, or deficient; (2) Model 2, which predicts the severity of VitD deficiency,
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categorized as mild, moderate, or severe; and (3) Model 3, which estimates the patient’s 25(OH)D
level, treated as a regression problem. To conduct the research, a dataset containing 907 CBC test
results was utilized, with 4.4% pertaining to children (aged < 10), 8.5% to adolescents (aged 11-
17), 86% to adults (aged 18-64), and 1.1% to elders (aged 65+). Prior to model development, the
dataset underwent three stages of preprocessing, involving the MICE algorithm, data balancing
through the SMOTE technique, and feature selection using ETC and multi-task LASSO tech-
niques. The results demonstrated that all three models surpassed the performance of ML-based
or statistics-based approaches previously suggested in the literature.

Acknowledgements. The authors would like to thank the Republic of Turkey Ministry of
Health for letting us use CBC tests.
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