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Background and objectives: Vitamin D (25-hydroxyvitamin D or 25OHD) has a key role in the pathogenesis of several chronic disorders. Vitamin D deﬁciency is a common global public health problem. We
aimed to evaluate the risk factors associated with vitamin D deﬁciency using a decision tree algorithm.
Methods: A total of 988 adolescent girls, aged 12e18 years old, were recruited to the study. Demographic
characteristics, serum biochemical factors, all blood count parameters and trace elements such as Zinc,
Copper, Calcium and SOD were measured. Serum levels of vitamin D below 20 ng/ml were considered to
be deﬁciency. 70% of these girls (618 cases) were randomly allocated to a training dataset for the constructing of the decision-tree. The remaining 30% (285 cases) were used as the testing dataset to evaluate
the performance of decision-tree. In this model, 14 input variables were included: age, academic
attainment of their father, waist circumference, waist to hip ratio, zinc, copper, calcium, SOD, FBG, HDL-C,
RBC, MCV, MCHC, HCT. The validation of the model was assessed by constructing a receiver operating
characteristic (ROC) curve.
Results: The results showed that serum Zn concentration was the most important associated risk factor
for vitamin D deﬁciency. The sensitivity, speciﬁcity, accuracy and the area under the ROC curve (AUC)
values were 79.3%, 64%, 77.8% and 0.72 respectively using the testing dataset.
Conclusions: The results suggest that the serum levels of Zn is an important associated risk factor for
identifying subjects with vitamin D deﬁciency among Iranian adolescent girls.
Crown Copyright © 2019 Published by Elsevier Ltd on behalf of Diabetes India. All rights reserved.
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Vitamin D (25-hydroxyvitamin D or 25OHD) is a member of the
steroid nuclear hormone superfamily, which has an essential role in
the occurrence and development of skeletal disorders and calcium
homeostasis [1]. Mainly, it has been shown that vitamin D has an
essential role in growth and puberty of adolescents [2,3]. Most

https://doi.org/10.1016/j.dsx.2019.03.020
1871-4021/Crown Copyright © 2019 Published by Elsevier Ltd on behalf of Diabetes India. All rights reserved.

1774

K. Gonoodi et al. / Diabetes & Metabolic Syndrome: Clinical Research & Reviews 13 (2019) 1773e1777

chronic conditions such as autoimmune diseases, malignancies,
metabolic disorders and infectious diseases can be affected by
Vitamin D levels [4]. Several chronic diseases including cardiovascular disease (CVD) have their origins in childhood and adolescence
[5].
Vitamin D deﬁciency is a particular public health problem in
developed [4,6], and developing countries [7]. It is highly prevalent
worldwide [8], and it is reported that the prevalence is 79% of
Iranian adults [7]. Knekt et al. have reported that sufﬁciency of
vitamin D can protect against type 2 diabetes mellitus (T2DM)
[9e11]. Although, this has not been a consistent ﬁnding. Others
have reported that there is no relationship between serum 25OHD
levels with metabolic syndrome (MetS) and CVD [7]. It has been
shown that the serum levels of copper and zinc can be affected by
gender, age and diet. Moreover, the serum concentrations of these
trace elements may be inﬂuenced by CVD risk factors such as body
mass index (BMI), physical activity level (PAL), serum HDL-C and
CRP [12].
Previous studies have reported that there is an association between vitamin D and hematological factors [13e15]. It has been
shown that erythropoiesis can be affected by vitamin D, because
the vitamin D receptor is expressed in the bone marrow by stromal
and accessory cells [14]. Aucella et al. have reported that hemoglobin (HB) and hematocrit (HCT) levels are signiﬁcantly increased
by taking vitamin D for a period of 4 months in patients with
chronic kidney disease undergoing hemodialysis [16]. Moreover, it
has been demonstrated that serum vitamin D levels can affect the
production of systemic levels of cytokines and cause to an
augmentation in white blood cell (WBC) count [17].
In the current study, we aimed to assess the risk factors associated with vitamin D deﬁciency by applying a decision tree model,
in an Iranian large population.
2. Materials and methods
2.1. Subjects
This study was undertaken in the cities of Mashhad and Sabzevar, in northeastern Iran between January and April 2015. Participants were selected using a randomized clustering method and
computer-generated random numbers. Written consent was obtained from the girls and their parents. We excluded girls with any
auto-immune diseases, cancer, metabolic bone disease, hepatic or
renal failure, cardiovascular disorders, malabsorption or thyroid,
parathyroid or adrenal diseases. Subjects who were taking antiinﬂammatory, anti-depressant, anti-diabetic, or anti-obesity
drugs, vitamin D or calcium supplement use and hormone therapy within the last 6 months were also excluded. A total of 1026
adolescents aged 12e18 y old were screened; of whom, 988 met the
inclusion criteria. The protocol was approved by the Ethics Committee of MUMS and all the subject gave informed written consent
to participate in the study.
Fasting blood samples (14 h overnight fast) were obtained at
baseline and after intervention by venipuncture of an antecubital
vein into vacuum tubes. The sera were separated by centrifuging
blood samples (Hettich model D-78532) and stored at 80  C at the
reference laboratory in Mashhad University of medical science for
future analysis. An electrochemi-luminescence method (ECL,
Roche, Basel, Switzerland) was used for the measurement of serum
25OHD concentrations. Complete blood count (CBC) was measured
using the Sysmex autoanalyser system KX-21 N in whole blood
samples. Serum biochemical parameters and trace elements
included zinc, copper, calcium and SOD were assessed using Pars
Azmoon kits (Tehran, Iran), as described previously [18].
In this study, subjects were classiﬁed as having deﬁciency of

vitamin D less than 20 and the others were considered as normal
group [19].
Data mining algorithms, particularly the decision tree, does not
work with missing values in target variable, and so even if records
had a single missing value, they were deleted from the dataset.
Therefore after data cleaning, 903 subjects were included in the
ﬁnal data analysis. All the variables that were signiﬁcantly different
between vitamin D deﬁciency group and normal group were
considered as input variables. All the demographic and biochemical
markers, blood count parameters and trace elements which were
signiﬁcantly different between two groups, were considered as
input variables. Target variable consisted of two classes. One class
was regarded as vitamin D deﬁciency group and the other one was
related to normal level of vitamin D group. In this model, 14 input
variables included as age, academic degree of father, waist
circumference, waist to hip ratio, zinc, copper, calcium, SOD, FBG,
HDL, RBC, MCV, MCHC, HCT.
2.2. The decision tree
Data mining is a popular technique to extract unknown patterns
or prediction rules. One of most popular data mining algorithm is
decision tree. The decision-tree procedure is a non-parametric
method which creates a tree-structured model [20]. It divides
subjects into groups or predicts values of a target variable based on
values of predictor variables. The main goal of decision tree is to
make a predictive model for the target variable according to predictors [21]. The decision tree algorithms consist of three types of
nodes, the root node, internal node, and end node (leaves) [20,22].
Decision-tree algorithms use splitting criteria to make branches
from root node to leaves to form a tree. It means that the root node,
that contains the entire dataset, is split into subgroups by using all
predictor variables. This procedure creates the nodes repeatedly, up
to form the homogenous subsets with respect to target variable.
Therefore tree is constructed from root-node to leaves [21].
Reduction of node impurity is the main goal of splitting criteria.
Splitting criteria provide a rate for each predictor variable. Variables
which have the best rate of splitting criterion are chosen to remain
in the model. Information Gain, Gini index and Gain ratio are the
most popular and important splitting criteria [23]. The Classiﬁcation And Regression Tree (CART) is one decision tree algorithm.
CART is constructed by splitting subsets of data using all predictor
variables. By this procedure, progressively all leaves are created.
The CART algorithm creates a binary division of the tree and
pruning a tree on the cost-complexity [24]. Also, the CART algorithm uses the Gini impurity index for selecting the best variable.
The Gini index measures impurity:

GiniðDÞ ¼ 1 

m
X

P2i

i¼1

where Pi is the probability that a record in D belongs to class Ci and
is estimated by jCi,Dj/jDj [24]. The sum is computed over m classes.
In the decision-tree, the ﬁrst variable in the root node, is the most
important variable and others can be classiﬁed according to their
importance in association with target variable. It is common in data
mining methods to divide the data set into two parts; a training
data set, and the testing dataset. The model is constructed on
training dataset and it is tested on testing dataset.
3. Statistical analysis
All statistical analyses were carried out using R version 3.4.2.
The training dataset included 70% of the data (618) were
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randomly chosen to construct the decision tree. The testing dataset,
means the remaining 30% (285 cases), and these data were used to
evaluate the performance of the model. A confusion matrix was
applied to validate the performance. The accuracy, sensitivity,
speciﬁcity and the receiver operating characteristics (ROC) curve
were measured for comparison. A ROC graph is a technique for
visualizing, organizing and selecting classiﬁers based on their
performance [25]. The area under the ROC curve of the classiﬁer can
be described as the probability of the classiﬁer to rank a randomly
selected positive case higher than a randomly selected negative
case, and the higher area under the ROC curve results the higher
accuracy [22,26].
4. Results
The data were divided into a training dataset (70% of the total)
and testing dataset (the remaining 30%). In this model, a decision
tree was built on the training dataset (618 records). The testing
dataset (285 records) were used to evaluate the model. The algorithm used the Gini index for selecting the variables, and the ﬁnal
tree was pruned. In this model, 14 variables such as age, academic
degree of father, waist circumference, waist to hip ratio, zinc,
copper, calcium, SOD, FBG, HDL, RBC, MCV, MCHC, HCT were
considered as input variables which were signiﬁcantly different
between two groups.
The variables, serum zinc, FBG, HGB, serum calcium, MCV, HCT,
and MCHC remained in the model. The ﬁnal decision tree, with size
17, 9 leaves and 6 layers is shown in Fig. 1. The if-then rules created
by model is shown in Table 1. The evaluation of the model was
carried out using a confusion matrix on a testing dataset and is
shown in Table 2. This model had an accuracy of 77.8%. Of the 25
individuals without vitamin D deﬁciency in the testing dataset, 16
were classiﬁed correctly using the decision-tree with a speciﬁcity of
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64%. For the 260 cases with vitamin D deﬁciency in the testing
dataset, the decision tree correctly classiﬁed 206 individuals, with
sensitivity of 79.3%. A ROC curve was obtained by applying
decision-tree on testing dataset is shown in Fig. 2. The tree showed
that in a subgroup with serum zinc<88 (mg/dl), the probability of
having vitamin D deﬁciency was 98% and in a subgroup who had
serum zinc  88 (mg/dl) and FGB  98 (mg/dl) and HGB  14, the
probability of having deﬁciency was 85%. In the other subgroup
with serum zinc  88 (mg/dl), FBG  98 (mg/dl), HGB<14 and
MCV> ¼ 91, 78% of individuals were identiﬁed as subjects with
normal level of vitamin D. In a subgroup of Zinc  88, FBG  98,
HGB<14, MCV<91 and HCT> ¼ 41, the probability of non-presence
of deﬁciency was 55%. In a same subgroup, with HCT<41, subjects
have deﬁciency with probability of 91%. In the subgroup with
serum zinc  88, FBG<98, Calcium<9.8, subjects had deﬁciency
with probability of 92%. In the same subgroup with Calcium  9.8,
the role of MCV comes up. If MCV<92, the probability of having
deﬁciency was 84%. If MCV  92, MCHC comes in the model. If
MCHC<32, the subjects had no deﬁciency with probability of 70%.
By MCHC  32, subjects had deﬁciency with probability of 86%
(Table 1). The sensitivity, speciﬁcity, accuracy and under the ROC
curve (AUC) values for this model was 79.3%, 64%, 77.8% and 0.72
respectively using the testing dataset.
5. Discussion
A major strength of the present study was that it has explored a
new application of the decision tree model for examining and
evaluating the predicators related to vitamin D deﬁciency among
Iranian population, which has not been considered before. Moreover, this is the ﬁrst model using blood count parameters beside the
other factors as a component in the determination of vitamin D
deﬁciency.

Fig. 1. Decision tree with training dataset: Zn; serum zinc (mg/dl), FBG; fasting blood glucose (mg/dl), calcium; (mmol/l).
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Table 1
The 9 rules extracted through the decision tree model.
R1:
R2:
R3:
R4:
R5:
R6:
R7:
R8:
R9:

IF
IF
IF
IF
IF
IF
IF
IF
IF

serum
serum
serum
serum
serum
serum
serum
serum
serum

Zn < 88 (mg/dl), THEN class: person with deﬁciency (207/212 or98%)
Zn  88 (mg/dl) and FBG  98 and HGB  14, THEN class: person with deﬁciency (23/27 or 85%)
Zn  88 (mg/dl) and FBG  98, HGB<14 and MCV> ¼ 91, THEN class: person without deﬁciency (7/9 or 78%)
Zn  88 (mg/dl) and FBG  98, HGB<14, MCV<90 and HCT> ¼ 41, THEN class: person without deﬁciency (6/11 or 55%)
Zn  88 (mg/dl) and FBG  98, HGB<14, MCV<90 and HCT<41, THEN class: person with deﬁciency (10/11 or 91%)
Zn  88 (mg/dl) and FBG<98 and Calcium<9.8, THEN class: person with deﬁciency (223/243 or 92%)
Zn  88 (mg/dl) and FBG<98 and Calcium  9.8 and MCV<92, THEN class: person with deﬁciency (68/81 or 84%)
Zn  88 (mg/dl) and FBG<98, Calcium  9.8, MCV  92 and MCHC<32, THEN class: person without deﬁciency (7/10 or 70%)
Zn  88 (mg/dl) and FBG<98, Calcium  9.8, MCV  92 and MCHC  32, THEN class: person with deﬁciency (12/14 or 86%)

R: abbreviation of rule.

Table 2
Confusion matrix of testing dataset.
Predicted outcome
Person without deﬁciency Person with deﬁciency Actual outcome
54
16

206
9

Person with deﬁciency
Person without deﬁciency

shown that vitamin D dependent calcium binding protein has also
an important role in 25OHD's functions. The synthesis and secretion of insulin in islet beta cells can be induced by 25OHD, when it
combined with the VDR and vitamin D dependent calcium binding
protein [29].
Another point in the model was that for the subjects had FBG
98 (mg/dl), HB, MCV and HCT were the indicators of presence or
non-presence of vitamin D deﬁciency. The results are consistent
with previous studies reported that there is an association between
25OHD and hematological factors [13e17].
In future studies, it is aimed to develop prediction models with
more sensitivity and speciﬁcity, which can be used for determining
the presence or absence of vitamin D deﬁciency more accurately.
6. Conclusion
In current study, biochemical and hematological markers were
used as input variables in a large Iranian adult girls and the results
determined the factors associated to vitamin D deﬁciency. This
study provides an easy to use classiﬁcation rules for categorizing
risk factors associated with vitamin D deﬁciency that can be useful
to improve programs for its management.
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Fig 2. Roc curve of the decision tree model in testing dataset.
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