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low sunlight exposure, high oxidative stress, low physical activity and sleep disorders. In
this paper we are going to investigate the most crucial parameters associated with serum
vitamin D levels in survey of ultraviolet intake by nutritional approach (SUVINA) study with
a data mining approach.

Material and Methods: Data including demographic, anthropometric, clinical and
laboratory information were extracted from the SUVINA dataset comprising 289 subjects
who were enrolled into our study. The XGBoost algorithm was used to define the most
important features related to vitamin D level in our population.

Results: Applying XGBoost modeling for vitamin D level showed that the presented scheme
can determine the most important determinants of serum vitamin D level with an accuracy
0f 91%. Pro-oxidant anti-oxidant balance (PAB), body fat percentage, physical activity level

(PAL), age, restless leg syndrome (RLS), and dietary inflammatory index (DII) density were
the most important variables correlated with vitamin D deficiency.

Conclusion: Using XGBoost and with an accuracy of more than 90%, we showed that the
six most important risk factors for vitamin D deficiency are PAB, PAL, age, body fat
percentage, RLS and DII density, respectively.
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Introduction

Vitamin D deficiency is one of the most
prevalent micronutrient deficiencies (1, 2). It
is estimated that more than one billion people
are affected with vitamin D deficiency which
makes it a significant global concern (1, 3, 4).
Approximately 80% of Iranian adolescents
are vitamin D deficient and the prevalence is
even higher among elderly (5, 6). Vitamin D is
crucial to the health, survival and fertility of
human beings and its deficiency has been
connected to many diseases such as many
cancers and even obesity (1, 3, 7). Hence, it is
of great importance in the management of
this situation to not only identify risk factors
for vitamin D deficiency but also to determine
to which degrees these factors are effective.

Despite the fact that low sunlight exposure
is the primary known risk factor for vitamin
D deficiency, recent studies have determined
several other factors influencing vitamin D
levels (8, 9). However, existing medical
literature in this filed is rather non-
conclusive. While physical activity level
(PAL) has been shown to boost serum
vitamin D levels in general population (10),
some studies did not find significant
difference in vitamin D levels between active
and sedentary participants (11)]. Other
issues including age-related changes in
vitamin D level (12, 13), oxidative stress
markers and their relation with vitamin D
deficiency (5) and the impact of body fat
percentage on the vitamin D level (14-17)
were also the subject of recent studies.
However, due to the small sample size,
observational nature of most of the studies in
this field, and confounding variables, the
results are rather contradictory and
inadequate.

Data mining and machine learning are
promising  estate-of-the-art  techniques
dealing with big datasets and have been
adopted in medical research with great
success (18-23). In recent medical research
these techniques are used especially for
developing predictive models (24-28). In this
article, we have used Xtreme Gradiant
Boosting (XGBoosting) as the model, because
of its high performance in the context of
vitamin D deficiency risk factors (29).

The aim of the present paper was to
contribute to a deeper understanding of
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vitamin D deficiency risk factors and their
effect using machine learning and decision-
tree models.

Materials and Methods
Clinical Trial

This paper is based on a total-blind clinical
trial, applying fortified low-fat dairy products
including nano-encapsulated vitamin D
(1500 IU). It was done between January 2019
and March 2019 in Mashhad, Iran (for 2.5-
month). The protocol was approved by
National Institute for Medical Research
Development (NIMAD) (protocol ID:
IR.NIMAD.REC.1396.027) before starting the
study. This paper was a pilot study (Trial
registration: IRCT20101130005280N27,
wwww.IRCT.ir).

Study Population

This cross-sectional research is a part of the
SUVINA study which is discussed in details
elsewhere (30). In summary, the participants
were recruited from Mashhad University of
Medical Sciences staffs and students from
which 289 met the eligibility criteria and
finished the trial (146 female, 143 male). The
inclusion criteria were as following: subjects
who were 30 and 50 years old, with central
obesity, defined according to the
International Diabetes Federation (IDF)
criteria (31), reported energy intake (800-
4200 kcal/d), no history of chronic diseases
such as liver, renal, malignancy, bone
disorders and thyroid, and as well as no drug
history of agents interacting with bone
metabolism and vitamin D (such as diuretics,
corticosteroids, and bisphosphonates),
vitamin D supplements, and medications for
mood or sleep disorders.

Individuals who completed less than 10%
of the food frequency questionnaire (FFQ)
were excluded (6). Also, we excluded those
with weight changes more than 5 Kg over the
last year or those with especial diets such as
vegetarianism and participants who smoke
or consume alcohol. Additionally, those with
missing data regarding metabolic syndrome
(MetS) components (waist circumference,
systolic and diastolic blood pressure, serum
blood glucose, triglyceride, and high-density
lipoprotein) were also excluded. For all the
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participants informed written consent was
obtained. The research ethics committee of
NIMAD approved the study (protocol ID:
IR.NIMAD.REC.1396.027).

Measurements

Data regarding age, gender, marital status,
education level, smoking status and PAL were
obtained during an interview with healthcare
professionals using validated questionnaires
described previously (30, 32, 33). Five
certified nutritionists from Mashhad
University of Medical Science approved the
65 dietary items of FFQ that is applied to
evaluate dietary intake and the patients were
divided into low and high antioxidant-dietary
patterns based on the questionnaire. Also
dietary inflammatory index (DII) and the
healthy eating index (HEI), were evaluated
according to validated FFQ (34). Other
validated questionnaires such as depression
anxiety stress scale (DASS-42), Pittsburg
sleep quality index (PSQI), restless legs
syndrome (RLS), Epworth, insomnia,
premenstrual symptoms screening tool
(PSST), apnea and quality of life (QoL) were
used as described previously (30).

Anthropometric  variables including
weight, height, body mass index (BMI) and
the circumference of hip, waist, neck and mid-
arm were also assessed according to
standard protocols (35). We also used a bio-
impedance device (TANITA BC 418, Japan) to
determine total body water (TBW), Body fat
mass, body fat percentage, free fat mass
(FFM), trunk fat and basal metabolic rate
(BMR). Other variables such as systolic blood
pressure (SBP), diastolic blood pressure
(DBP), pro-oxidant-oxidant balance (PAB)
was determined according to the scheme
determined in (5). MetS and hypertension
were measured based on the IDF criteria (31)
and diabetes mellitus were measured based
on the scheme in (36).

Biochemical and hormonal features
including serum 25 (OH) vitamin D, complete
cell count (CBC) parameters, lipid profile,
fasting blood sugar (FBS), iron, magnesium,
calcium, creatinine, phosphorus, blood urine
nitrogen (BUN), liver enzymes and bilirubin,
creatine phosphokinase (CPK), uric acid, total
protein and albumin, high sensitivity C-
reactive protein (Hs-CRP), serum insulin,
homeostatic model assessment for insulin
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resistance index (HOMA-IR), quantitative
insulin sensitivity check index (QUICKI) were
also measured based on protocols described
previously (30, 37).

Data Analysis

One of the reliable and powerful algorithms
is XGBoost that provides applicable results
for various complex problems. It is an
implementation of gradient boosted decision
trees designed for speed and performance.

Sometimes it happens that we should select
the important features for training data when
there is a large number of features, because it
takes much computational cost to train the
dataset. This importance is calculated
explicitly for each attribute in the dataset,
allowing attributes to be compared to each
other, giving an importance score for each
attribute. Importance scores display how
useful or valuable each feature was within the
model, which means the more an attribute is
used, the higher its relative importance.

An advantage of using gradient boosting is
that it is simple to obtain importance scores
for each feature. Importance is calculated for
a single decision tree by the amount that each
attribute  split point improves the
performance measure, weighted by the
number of observations the node is
responsible for. There are two properties that
could be considered in any appropriate
feature attribution method:

1. Accuracy. The sum of all the feature
importance should sum up to the total
importance of the model.

2. Consistency. The attributed importance
of that feature should not diminish when we
modified a model that relies more on a
feature.

Here we choose the "weight" criterion to
select feature importance of our dataset as
among all criteria it performs well for both
accuracy and consistency. Weight criterion
scores is measured according to the number
of times a feature is used to split the data
across all trees. After selecting important
features, we use XGBoost classifier model to
fit it to testing and training subsets. In order
to build more robust model, we need to
consider different parameters and their
values to be specified. This model requires
parameter tuning to improve and fully
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leverage its advantages over other
algorithms. Python version 3.8.6 was applied
to interpret our data using XGBoost classifier.

Here we used the XGBoost model on 77
features such as: vitamin D, age, gender,
educational level, weight, height, BMI, mid-
arm circumference (MAQ), wrist
circumference, neck circumference, waist
circumference (WC), hip circumference (HC),
DBP, SBP, PAL, PAB, RLS, Qol, apnea,
insomnia, Epworth, PSIQ, PSST, depression,
anxiety and stress score, high/low
antioxidant dietary pattern, DII density, HEI,
MetS, hypertension, diabetes, TBW, FFM,
BMR, trunk fat, body fat mass and
percentage, platelets, red and white blood cell
count, red cell distribution width, hematocrit,
hemoglobin, mean corpuscular hemoglobin
concentration, mean corpuscular
hemoglobin, mean corpuscular volume, mean
platelet  volume, triglyceride, total
cholesterol, FBG, high and low-density
lipoprotein cholesterol, creatinine, BUN,
calcium, phosphorus, iron, magnesium, Hs-
CRP, total and direct bilirubin, alanine
aminotransferase, alkaline phosphatase,
aspartate aminotransferase, total protein,
gamma-glutamyl transferase, and albumin,
CPK, uric acid, serum insulin, HOMA-IR,
QUICKI.

Results

Figure 1 shows the plot of the fifteen most
important selected features including their
scores with respect to the target. We set Y as
“vitamin D” and the target and the other
features were set as X. For selecting the most
important variables, XGBoost classifier with
weight measure was used and hyper-
parameters were tuned as eta=0.01, col-
sample-by-tree=1, subsample=0.6, and max-
depth=5. We chose the 6 top variables with
the important score and the greatest impact
on the target as: PAB, PAL, age, body fat
percentage, RLS, DII density. Figure 2 depicts
the relative percentage of importance for the
selected features and their attributed scores.
In accordance with the relative percentage,
PAB was the most important feature
(36.21%) followed by PAL (19.23%), age
(13.46%), body fat percentage (10.57%), RLS
(10.25%) and DII density (10.25%). Using
tertiles, we categorized vitamin D levels as
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the target into three classes, with less than
33% in class 0, 33% in class 1, and more than
33% in class 2.

We split X and Y into train and test subsets.
A ratio of 85/15 was used for the data
splitting where 85% were used for the train
subset and 15% for the test subset. The
XGBoost classifier model trained on the train
dataset and then evaluated the model on the
test dataset, such that the same feature
selection approach, given us 91% accuracy.

Discussion

Vitamin D is an essential nutrient that has
been linked to various diseases, cancers, and
even overweight and obesity (7). To date,
studies regarding vitamin D deficiency and its
risk factors have had considerable limitations
and have been inconsistent, and as we know,
there is not an attempt to prioritize the
importance of risk factors for vitamin D
deficiency. According to our study, among
the fifteen most important features for
vitamin D level, the top six were PAB, PAL,
age, body fat percentage, RLS and DII density,
respectively.

An important finding of our study was that
serum PAB had the greatest impact on serum
vitamin D levels; this was twice that for PAL.
These outcomes appear to be consistent with
earlier studies, which showed that in patients
with low levels of vitamin D, the activity of
catalase, an antioxidant enzyme, is
considerably decreased in comparison to
healthy people (38). However, research on
PAB indicated that high dose vitamin D
supplementation increased the serum PAB
levels in teenage girls. Although this study
had some limitations including the lack of
control group, short intervention period and
high dose of vitamin D compared to previous
studies, it highlights the need for further
prospective and clinical trial studies to clarify
the exact relationship (5).

There is a large body of evidence on the
effect of PAL on vitamin D levels. Our
observation is consistent with that of Ha et al.
who found that in the Korean pediatric
population, serum vitamin D levels were
positively related to accelerometer-based
PAL including low, moderate, and vigorous
levels which is consistent with other studies
on this population (10, 39, 40). Bauer et al. in
a 2020 article stated that physical activity is
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Figure 1. Vitamin D related factors; 15 most important features related to vitamin D. PAB pro-oxidant anti-
oxidant balance, PAL physical activity level, RLS restless leg syndrome, DII density dietary inflammatory
index density, BUN blood urea nitrogen, ALP alkaline phosphatase, QOL quality of life, MAC mid-arm
circumference, HEI healthy eating index, BMI body mass index.
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Figure 2. The importance percentage of the six most important features related to vitamin D. PAB pro-
oxidant anti-oxidant balance, PAL physical activity level, RLS restless leg syndrome, DII density dietary
inflammatory index density.
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associated with higher concentrations of
vitamin D independent of sunlight exposure
duration in multiple sclerosis (MS) patients
(41). However, some studies were unable to
found a clear association between physical
activity and serum vitamin D levels (11, 42).
This controversy of findings could be due to
the cross-sectional design of the researches,
different methods of analysis and exclusion of
frailest participants.

Findings of the present study were in line
with previous research on the age-related
changes in vitamin D levels and the effect of
body fat percentage on this vitamin. Many
articles showed that with aging, not only the
cutaneous synthesis of vitamin D is
decreased, but also the dietary consumption
of vitamin D is declined which makes elderly
more susceptible to vitamin D deficiency (43-
45). Moreover, in a 2020 study, Leiu et al.
observed that vitamin D insufficiency was
more likely to happen in older women with
high body fat percentage and low dairy
product consumption (46). In the same vein,
many researches such as that of Ong et al.
reported the association between body fat
percentage and anthropometric measures
with vitamin D deficiency especially in the
elderly (46-49). Conversely, Grgnborg et al.
reported no significant association between
vitamin D and body fat percentage status
(50). In this study, the sample size was small,
which may raise some controversy.

We also found a RLS as a risk factor for
vitamin D deficiency. These results are
similar to those of Wali et al and Balaban etal.
who found an inverse association between
vitamin D levels and RLS (51, 52). A previous
study has reported that vitamin D
supplementation improves the severity of
RLS symptoms (53). On the other hand, this
concept has recently been challenged by
Romano et al. demonstrating there is still
limited evidence to substantiate the role of
vitamin D supplementation in preventing or
treating sleep disorders such as RLS (54).
Another clinical trial was also unable to found
improvement in RLS symptoms with vitamin
D supplements (55). However, this study had
some weaknesses which could affect the
results such as short follow-up period,
inadequate sample size, no objective measure
of RLS symptoms and the loss of patients
during follow-up.
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Our analysis provides new insights into DII
density and vitamin D relationship. As far as
we know no study has examined the direct
relationship between vitamin D and DII
density factor so for the first time the present
research explores this relationship using a
decision tree.

Strengths and Limitations

To the best of our knowledge, this is the first
study investigating factors associated with
vitamin D status, using a machine learning
method. The powerful and reliable algorithm
of XGBoost provided advanced findings for
many complex issues, particularly when
accuracy and speed is needed. The limitations
of the present study are the rather small
sample size and observational design.
Notwithstanding the limitations, the findings
reported here shed new light on our
understanding of factors affecting serum
vitamin D level. Using the thriving technology
of Al and machine learning to make a
predictive model of factors with the greatest
effect on the vitamin D deficiency, will help to
prevent and reduce the prevalence of this
disease.

Conclusion

Despite similarities and contradictions
between the effects of different factors on
Vitamin D, our results showed that PAB, PAL,
age, body fat percentage, RLS, and DII density
are the most important risk factors for
vitamin D deficiency in an Iranian population
and they are crucial to consider in order to
reduce vitamin deficiency in our society. For
the future works, we can consider the other
data mining algorithms for analyzing the
data.
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