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Abstract
Background  Short stature is a prevalent pediatric endocrine disorder for which early detection and prediction are 
pivotal for improving treatment outcomes. However, existing diagnostic criteria often lack the necessary sensitivity 
and specificity because of the complex etiology of the disorder. Hence, this study aims to employ machine learning 
techniques to develop an interpretable predictive model for normal-variant short stature and to explore how growth 
environments influence its development.

Methods  We conducted a case‒control study including 100 patients with normal-variant short stature who were 
age-matched with 200 normal controls from the Endocrinology Department of Nanjing Children’s Hospital from April 
to September 2021. Parental surveys were conducted to gather information on the children involved. We assessed 
33 readily accessible medical characteristics and utilized conditional logistic regression to explore how growth 
environments influence the onset of normal-variant short stature. Additionally, we evaluated the performance of the 
nine machine learning algorithms to determine the optimal model. The Shapley additive explanation (SHAP) method 
was subsequently employed to prioritize factor importance and refine the final model.

Results  In the multivariate logistic regression analysis, children’s weight (OR = 0.92, 95% CI: 0.86, 0.99), maternal 
height (OR = 0.79, 95% CI: 0.72, 0.87), paternal height (OR = 0.83, 95% CI: 0.75, 0.91), sufficient nighttime sleep duration 
(OR = 0.48, 95% CI: 0.26, 0.89), and outdoor activity time exceeding three hours (OR = 0.02, 95% CI: 0.00, 0.66) were 
identified as protective factors for normal-variant short stature. This study revealed that parental height, caregiver 
education, and children’s weight significantly influenced the prediction of normal-variant short stature risk, and both 
the random forest model and gradient boosting machine model exhibited the best discriminatory ability among the 
9 machine learning models.
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Introduction
Short stature refers to children whose height falls below 
the third percentile (P3) of the growth curve for healthy 
children of the same race, age, and sex in a comparable 
environment or more than two standard deviations (SDs) 
below the mean [1]. Surveys indicate that 90% of children 
with short stature experience various degrees of inferi-
ority, introversion, depression, and other behavioral or 
psychological disorders [2–4]. These issues can adversely 
affect their academic performance, employment oppor-
tunities, and marital prospects [5]. Short people often 
exhibit negative personality traits. They are susceptible to 
physical weakness, reduced activity levels, a lack of con-
centration, memory decline, and poor learning efficiency, 
all of which are exacerbated by fatigue, which can further 
exacerbate negative emotions [6]. Society must acknowl-
edge the challenges individuals face with short stature 
in their professional and daily lives, which contribute to 
social costs. Therefore, short stature represents a signifi-
cant risk to both physical and mental health, as well as to 
social stability and harmony.

Short stature is the result of various etiological fac-
tors, which can be categorized into normal variations and 
pathological causes. Normal-variate short stature (NVSS) 
encompasses familial short stature (FSS) and constitu-
tional growth delay (CGD), while pathological causes 
are further delineated into endocrine disorders, clini-
cally defined syndromes, chronic illnesses, and metabolic 
diseases [7]. Recently, clinicians have classified NVSS 
as idiopathic short stature (ISS), a diagnosis made after 
evidence of systemic, endocrine, nutritional, or chromo-
somal abnormalities is excluded [8, 9]. Currently, short 
stature affects approximately 3% of Chinese children, 
there are already 8 million children suffering from short 
stature in China, with the prevalence of 161,000 people 
increasing every year [10]. Most research on children 
with short stature at home and abroad focuses on the 
analysis of etiology, diagnostic methods, drug treatment, 
and safety. The influences of diet, sleep, psychology, and 
other factors on height are less important. Studies have 
shown that sleep disorders cause physical and psycho-
logical developmental disorders in children [11], ISS 
harms children’s psychological behavior [12], and a poor 
diet can contribute to the development of nutritional 
diseases, such as growth retardation [13]. Factors such 
as the growth environment [14, 15] and parental height 
also play significant roles [16, 17]. However, research on 

the impacts of sleep, diet, and behavior on growth and 
development is limited. Early screening, diagnosis, and 
treatment of children with short stature are of paramount 
importance.

The etiology of NVSS is highly complex, posing chal-
lenges for both diagnosis and treatment, even for endo-
crinologists, who may frequently encounter misdiagnoses 
[18]. In underdeveloped and remote regions with limited 
healthcare resources, missed, misdiagnosed, or mis-
treated cases are more common. In the era of big data, 
hospital electronic medical record (EMR) systems serve 
as crucial medical data repositories, garnering increasing 
attention for their role in assisting diagnostic processes 
[19]. Processing and analyzing this wealth of medical 
data can significantly increase decision-making support 
for healthcare professionals. In recent years, medical data 
to derive valuable insights into prevention, diagnosis, 
and treatment have become imperative. These machine 
learning (ML) methods, which are based on EMRs, have 
garnered recognition and attention from clinical prac-
titioners [20–22]. Leveraging EMRs to extract expert 
knowledge and establish computer-assisted diagnos-
tic systems not only optimizes the utilization of medi-
cal records but also increases healthcare professionals’ 
efficiency, thereby alleviating their workload. Moreover, 
these systems facilitate diagnostics in remote areas, 
enabling timely detection at the grassroots level, thereby 
facilitating early prevention and treatment to halt further 
progression.

This study aims to develop an explainable predictive 
model for the normal-variant short stature of children 
via machine learning on the basis of previous diagnos-
tic cases. By analyzing patient characteristics, physi-
cal examinations, lifestyle habits, and other indicators, 
the model seeks to predict NVSS. The SHapley additive 
explanations (SHAP) method was used to clarify the 
machine learning model [23]. Although individuals diag-
nosed with NVSS were included, the key aspect of the 
machine learning model is to extract and explain the fac-
tors influencing the differences between this group and 
the normal population. By leveraging rich clinical data, 
targeted statistical analyses will explore the combined 
impacts of sleep, diet, and behavior on children with 
NVSS. The findings from this research will provide scien-
tific evidence to support the diagnosis and prevention of 
normal-variant short stature.

Conclusions  This study revealed a close correlation between environmental growth factors and the occurrence 
of normal-variant short stature, particularly anthropometric characteristics. The random forest model and gradient 
boosting machine model performed exceptionally well, demonstrating their potential for clinical applications. These 
findings provide theoretical support for clinical identification and preventive measures for short stature.

Keywords  Short stature, Machine learning, Predictive model, Growth environment, SHAP
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Materials and methods
Participants and study design
From April to September 2021, children with normal-
variant short stature were selected from the Endocri-
nology Department of Nanjing Children’s Hospital of 
Nanjing Medical University in Nanjing, China. The con-
trol group consisted of age-matched normal children 
without NVSS who attended the hospital for routine 
medical care.

The diagnostic process for NVSS involves several 
steps to ensure accurate assessment and exclusion of 
other potential pathological causes. First, the physician 
conducts a detailed history taking, reviews the child’s 
growth development history and to establish a normal 
growth pattern. Next, the physician performs a physical 
examination and compares the data with the “Height and 
weight standardized growth charts for Chinese children 
and adolescents aged 0 to 18 years“ [24]. This comparison 
helps identify whether the child’s height falls within the 
normal range of growth for their age and gender. Addi-
tionally, X-ray examinations are conducted to assess bone 
age, determining whether skeletal development aligns 
with chronological age. After excluding other potential 
causes of short stature, the physician will perform a com-
prehensive hormonal evaluation, including the assess-
ment of growth hormone levels, along with other routine 
tests such as CBC, CMP, inflammatory markers, karyo-
type analysis, and genetic testing to ensure there are no 
underlying endocrine disorders, nutritional deficiencies, 
or chronic diseases. Combining all collected information 
with the insights of pediatric endocrinology specialists, 
the physician will arrive at a diagnosis that accurately dif-
ferentiates between “normal variants” and pathological 
short stature. Ultimately, conditions that do not meet the 
established diagnostic criteria, as well as those with miss-
ing data, are excluded, ensuring that only children with 
normal-variant short stature are included in the case 
group.

Following age matching, this case‒control study ulti-
mately included 300 patients with a ratio of 1:2 (100 
patients with NVSS and 200 controls), all of whom 
were term infants at birth. This study followed the prin-
ciples outlined in the Helsinki Declaration and received 
approval from the Institutional Review Board of Nanjing 
Children’s Hospital. We obtained written informed con-
sent from the legal guardians of each child participating 
in this study.

Data collection
Through face‒to-face interviews with the caregivers of 
the children involved, information about the study par-
ticipants was collected via a structured questionnaire. 
The questionnaire comprises five sections: (1) Gen-
eral information about the children, including gender, 

age, height, race/ethnicity, place of residence, parity, 
preterm birth, delivery method, and caregiver’s educa-
tional background. (2) Anthropometric measurements, 
including child height and weight, parents’ heights and 
weights, and history of early puberty, were taken. The 
weights of the children were measured while they were 
lightly dressed and barefoot. (3) Children’s dietary hab-
its included feeding methods after birth, fried foods, bar-
becued foods, foreign fast foods, soft drinks, vitamin D 
supplements, and the material of the children’s bowls. (4) 
Sleep habits included the time of going to bed at night, 
the average hours of sleep per day, the hours of sleep 
during the day (from 07:00 to 19:00) and at night (from 
19:00 to 07:00), the number of wakes during the night, 
the time spent tucking in, and snoring. (5) Parental habits 
included the time the child started at a screening device, 
the duration and intensity of outdoor activities, and sec-
ondhand smoke inhalation. The structured questionnaire 
was designed based on existing relevant studies to cap-
ture potential factors influencing child health and devel-
opment [14–17]. Before data collection commenced, 
researchers underwent training to ensure the quality of 
the clinical research practices. The data were entered 
by professional staff with uniform coding, one person 
input, and one person verification. The questionnaire 
was pre-tested in a small sample to identify any ambigui-
ties or biases, and adjustments were made accordingly. 
Although age and height are essential characteristics of 
children, they have strong covariance with the NVSS, 
which can lead to inaccurate model estimation and 
increased instability of the coefficients [25]; therefore, 
these variables are not selected for model development 
and logistic regression.

Statistical analysis
We used SPSS statistical software 23.0 to analyze the 
data collected from the questionnaires to explore the eti-
ology of NVSS. Frequencies and percentages were used 
for categorical variables, and means ± SDs were used 
for continuous variables. To assess the statistically sig-
nificant differences between cases and controls, we used 
Pearson’s chi-square test (χ2) or Fisher’s exact test for 
categorical variables and Student’s t test for continuous 
variables. Univariate and multivariate conditional logistic 
regression analyses were performed to assess the effects 
of environmental factors and genetic and socioeco-
nomic factors on the NVSS of children. In the univari-
ate conditional logistic regression analysis, all variables 
that showed significant differences (at the P < 0.05 level) 
between the case and control groups were included, and 
only those variables that remained statistically significant 
(at the P < 0.05 level) were retained in the multivariate 
conditional logistic regression.
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A predictive model was constructed to forecast the 
NVSS using the aforementioned 33 collected factors. 
Nine machine learning models were employed: logistic 
regression (LR), k-nearest neighbors (KNN), decision 
tree (DT), naive Bayes (NB), random forest (RF), multi-
nomial naive bayes (MNB), extreme gradient boosting 
(XGBoost), support vector machine (SVM), and gradient 
boosting machine (GBM). These models were chosen for 
their diverse methodologies and strengths in handling 
various aspects of the dataset; details can be found in 
supplementary Table 1. We constructed the RF model 
via the random forest package version 4.6–14 in R ver-
sion 4.0.1. The area under the receiver operating charac-
teristic (ROC) curve, known as the AUC, was utilized to 
evaluate the reliability of these models. The ROC curve 
represents the trade-off between sensitivity (true positive 
rate) and specificity (false positive rate) across thresholds. 
The AUC quantifies the model’s ability to discriminate 

between positive and negative classes, with values rang-
ing from 0.5 (no discrimination) to 1.0 (perfect discrimi-
nation) [26]. After the optimal model was identified, 
SHAP values were used to assist in factor selection by 
ranking the importance of the 33 factors. This process led 
to the reduction of features to a final set of 20, which were 
chosen on the basis of their significance across the mod-
els [27]. SHAP quantifies how each factor contributes to 
the model’s output, providing a consistent framework to 
identify the top 20 most impactful features across differ-
ent models and ensuring that the final predictive model 
is both robust and interpretable in predicting the NVSS. 
This process was conducted via Python version 3.6.5.

Results
Comparison of essential characteristics between the Short-
Stature and control groups
This case‒control study included 100 children with NVSS 
and 200 normal children (Table  1). The proportions of 
boys were 54% and 56%, with mean ages of 8.29 ± 2.53 
years and 7.96 ± 0.50 years in the case and control groups, 
respectively. Sex (P = 0.74) and age (P = 0.21) did not differ 
between the two groups. However, there were differences 
in place of residence (P < 0.01) and caregiver education 
(P < 0.01) between the two groups.

Comparison of the anthropometric measurements 
between the Short-Stature and control groups
The case and control groups presented differences in 
terms of child weight (t = -4.60, P < 0.01), maternal height 
(t = -10.17, P < 0.01), maternal weight (t = -3.17, P < 0.01), 
paternal height (t = -9.73, P < 0.01), and paternal weight (t 
= -4.95, P < 0.01) (Table 2).

Comparison of the dietary habits between the Short-
Stature and control groups
The comparison of dietary habits between the two groups 
revealed differences in the consumption of barbecued 
food (χ2 = 5.61, P = 0.02) and foreign fast food (χ2 = 7.61, 
P = 0.01) between the case and control groups (Table 3).

Comparison of sleep habits between the Short-Stature and 
control groups
Table 4 presents the differences in sleep habits between 
the short stature group and the control group, with dif-
ference in the frequency of nocturnal awakening (P < 0.01, 
Fisher’s exact test).

Comparison of the parenting habits between the Short-
Stature and control groups
Table  5 shows the comparison of parenting habits 
between the two groups, revealing difference in the time 
children spent outdoors (χ2 = 11.17, P = 0.01).

Table 1  General information for the case and control groups
Variable Case Control t/χ2 P-value
Boys 0.11 0.74
N (%) 54 (54.00) 112 (56.00)
Age (years) 8.29 ± 2.53 7.96 ± 0.50 1.73 0.21
Ethnicity (%) 1.62 0.20
Hans 97 (97.00) 187 (93.50)
Others 3 (3.00) 13 (6.50)
Resident (%) 57.83 0.00
City 72 (72.00) 199 (99.50)
Township 17 (17.00) 1 (0.50)
Countryside 11 (11.00) 0 (0.00)
Parity (%) 0.20*
1 79 (79.00) 172 (86.00)
2 20 (20.00) 26 (13.00)
3 1 (1.00) 2 (1.00)
Preterm birth (%) 3.69 0.06
Yes 4 (4.00) 21 (10.50)
No 96 (96.00) 179 (89.50)
Delivery method (%) 3.53 0.06
Natural birth 44 (44.00) 111 (55.50)
Cesarean section 56 (56.00) 89 (44.50)
Caregiver education 
(%)

67.71 0.00

Elementary school and 
below

4 (4.00) 2 (1.00)

Junior high school 30 (30.00) 4 (2.00)
High school/technical 
secondary school

23 (23.00) 28 (14.00)

College/vocational 
college

11 (11.00) 38 (19.00)

University and above 32 (32.00) 128 (64.00)
Note: *, Fisher’s exact test. The t-test was used to compare all continuous 
variables and the results were presented in mean ± SD. The χ2 test or Fisher’s 
exact test was used to compare the categorical variables and the results were 
presented as frequency and percentage (%). Only variables significant at 
p < 0.05 were entered into the univariate conditional logistic regression
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Logistic regression
To reduce the possibility of missing potentially important 
variables, we incorporated variables that revealed statis-
tically significant differences between cases and controls 
at P < 0.01 into the logistic regression analysis. Certain 
variables, although not reaching the level of significance 
in the univariate analysis, may be significant in the mul-
tivariate analysis, and to avoid missing suspicious factors, 
we also included all variables in the multivariate logistic 
regression.

In the univariate conditional logistic regression analysis 
(Table 6), child weight was associated with a reduced risk 
of NVSS, with an odds ratio (OR) of 0.92 (95% CI: 0.88, 
0.96), indicating that each unit increase in child weight 
corresponds to a 8% decrease in the odds of NVSS. 
Maternal height and weight also showed significant asso-
ciations with NVSS, exhibiting OR of 0.77 (95% CI: 0.72, 
0.83) and 0.95 (95% CI: 0.92, 0.98), respectively. This indi-
cates that each unit increase in maternal height is linked 
to a 23% reduction in the odds of NVSS, while each unit 
increase in maternal weight corresponds to a 5% decrease 

in the odds. Similarly, paternal height exhibited an OR 
of 0.77 (95% CI: 0.72, 0.82), reinforcing the genetic influ-
ence on short stature, with each unit increase linked to 
a 23% decrease in odds. Paternal weight, while show-
ing a smaller effect (OR = 0.94, 95% CI: 0.91, 0.96), still 
revealed a significant association, with each unit increase 
correlating to a 6% reduction in the odds of NVSS. Fur-
thermore, eating barbecued food (OR = 0.56, 95% CI: 
0.34, 0.91) is associated with an 44% decrease in the odds 
of NVSS, suggesting that individuals who consume bar-
becued food have significantly lower odds of experienc-
ing NVSS compared to those who do not. Similarly, the 
intake of foreign fast food was associated with a reduced 
risk of NVSS, with an OR of 0.48 (95% CI: 0.28, 0.81), 
indicating that consuming foreign fast food may lead to 
a 52% decrease in the odds of NVSS. Child’s time spent 
on screening devices also significantly impacted NVSS, 
with those spending less than 30 min showing an OR of 
2.75 (95% CI: 1.02, 7.40), 1–2  h showing an OR of 2.93 
(95% CI: 1.06, 8.11) and those spending more than 2  h 

Table 2  Comparison of the anthropometric measure between 
the case and control groups
Variable case control t/χ2 p-value
Children
Child height 
(cm)
  3–5 years old 99.99 ± 6.23
  5–8 years old 115.53 ± 5.94 130.66 ± 5.65 -14.43 0.00
  >8 years old 132.53 ± 7.37 135.04 ± 10.51 -1.00 0.32
Child weight 
(kg)

24.51 ± 9.01 28.51 ± 5.92 -4.60 0.00

Maternal height 
(cm)

156.46 ± 6.04 162.45 ± 4.05 -10.17 0.00

Maternal weight 
(kg)

53.59 ± 8.32 56.58 ± 7.34 -3.17 0.00

Paternal height 
(cm)

168.97 ± 4.44 174.67 ± 4.94 -9.73 0.00

Paternal weight 
(kg)

68.92 ± 9.75 74.54 ± 9.03 -4.95 0.00

Maternal his-
tory of early 
puberty (%)

0.15*

Yes 2 (2.00) 12 (6.00)
No 98 (98.00) 188 (94.00)
Paternal his-
tory of early 
puberty (%)

1.00*

Yes 2 (2.00) 5 (2.50)
No 98 (98.00) 195 (97.50)
Note: *, Fisher’s exact test. The t-test was used to compare all continuous 
variables and the results were presented in mean (± SD). The χ2 test or Fisher’s 
exact test was used to compare the categorical variables and the results were 
presented as frequency and percentage (%). Only variables significant at 
p < 0.05 were entered into conditional logistic regressions except for child BMI, 
maternal BMI, and paternal BMI, which were entered as potential risk factors for 
precocious puberty

Table 3  Comparison of dietary habits between the case and 
control groups
Variables Case Control χ2 P-value
Feeding method after 
birth (%)

2.73 0.26

Breastfeeding 44 (44.00) 79 (39.50)
Formula feeding 21 (21.00) 32 (16.00)
Mixed feeding 35 (35.00) 89 (44.50)
Fried food (%) 1.43 0.23
Yes 60 (60.00) 134 (67.00)
No 40 (40.00) 66 (33.00)
Barbecued food (%) 5.61 0.02
Yes 40 (40.00) 109 (54.50)
No 60 (60.00) 91 (45.50)
Foreign fast food (%) 7.61 0.01
Yes 63 (63.00) 156 (78.00)
No 37 (37.00) 44 (22.00)
Soft drinks (%) 0.25 0.62
Yes 57 (57.00) 120 (60.00)
No 43 (43.00) 80 (40.00)
Vitamin D (%) 0.07 0.80
Yes 65 (65.00) 127 (63.50)
No 35 (35.00) 73 (36.50)
Child’s bowl materials 
(%)

0.56*

Glass 3 (3.00) 10 (5.00)
Hard transparent plastics 1 (1.00) 0 (0.00)
Hard opaque plastics 5 (5.00) 5 (2.50)
Ceramics 78 (78.00) 155 (77.50)
Stainless steel 12 (12.00) 26 (13.00)
Others 1 (1.00) 4 (2.00)
Note: *, Fisher’s exact test. The χ2 test or Fisher’s exact test was used to 
compare the categorical variables and the results were presented as frequency 
and percentage (%). Only variables significant at p < 0.05 were entered into 
univariate conditional logistic regressions
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having an OR of 6.44 (95% CI: 1.63, 25.51). This suggests 
that spending less than 30  min and 1–2  h on screening 
devices are associated with 2.75 and 2.93 times the odds 
of experiencing NVSS compared to those who spend less 
time. Similarly, spending more than 2  h correlates with 
6.44 times the odds of NVSS compared to those who do 
not engage in such screen time. This highlights a strong 
link between increased screen time and a higher risk of 
NVSS. Additionally, spending time outdoors was shown 
to promote child growth, with those engaging in outdoor 
activities for less than 1 h having an OR of 0.33 (95% CI: 
0.16, 0.69), those spending 1–3  h having an OR of 0.34 
(95% CI: 0.16, 0.74), and those spending more than 3  h 
showing an OR of 0.17 (95% CI: 0.03, 0.90). This indicates 
that spending more time outdoors is associated with a 
67% reduction in the odds for less than 1 h, a 66% reduc-
tion for 1–3 h, and an 83% reduction for more than 3 h, 
suggesting that increased outdoor activity is linked to a 
lower risk of NVSS.

In the multivariable conditional logistic regression 
analyses (Table  6), child weight (OR = 0.92, 95% CI: 
0.86, 0.99), again demonstrates a 8% reduction in odds 
with each unit increase, which is clinically significant 

for monitoring children’s growth. Maternal height 
(OR = 0.79, 95% CI: 0.72, 0.87), indicates a 21% lower 
risk with each unit increase, suggesting that taller moth-
ers may contribute to better growth outcomes for their 
children. Paternal height (OR = 0.83, 95% CI: 0.75, 0.91), 
maintains a similar interpretation as in the univariate 
analysis, emphasizing the consistent influence of paren-
tal height. Nighttime sleep duration (OR = 0.48, 95% CI: 
0.26, 0.89) indicates that adequate sleep can also facilitate 
height growth, suggesting that children who get sufficient 
sleep have better growth outcomes compared to those 
who do not. Additionally, more than 3 h of outdoor activ-
ity per day (OR = 0.02, 95% CI: 0.00, 0.66) suggests that 
high levels of outdoor activity are associated with a sub-
stantial reduction in the odds of NVSS, emphasizing the 
importance of physical activity in child development.

Model selection and explanation
The collected data were used to develop nine machine 
learning models to predict the onset of NVSS. Each 
model was trained and evaluated via a stratified k-fold 
cross-validation approach to ensure robustness and miti-
gate overfitting. The performance of each model was 

Table 4  Comparison of sleep habits between the case and 
control groups
Variables Case Control t/χ2 P-value
Children
Bedtime at night (24 h) 9.76 ± 0.61 9.87 ± 0.82 -1.14 0.26
Sleep hours per day 
(24 h)

9.13 ± 0.93 9.26 ± 0.89 -1.19 0.24

Day sleep (24 h) 0.37 ± 0.60 0.33 ± 0.64 0.52 0.61
Night sleep (24 h) 8.77 ± 0.77 8.94 ± 0.71 -1.92 0.06
Wake-up at night (%) 0.00*
Once 33 (33.00) 55 (27.50)
2 times 6 (6.00) 0 (0.00)
≥ 3 times 2 (2.00) 3 (1.50)
Not at all 59 (59.00) 142 (71.00)
Time to put a child to 
sleep at night (%)

0.98*

0–10 min 26 (26.00) 60 (30.00)
10–20 min 37 (37.00) 69 (34.50)
20–30 min 25 (25.00) 45 (22.50)
30–40 min 6 (6.00) 13 (6.50)
40–60 min 4 (4.00) 9 (4.50)
> 60 min 2 (2.00) 4 (2.00)
Child snore (%) 0.09*
Never 39 (39.00) 61 (30.50)
Only on cold or allergy 20 (20.00) 57 (28.50)
Sometimes 37 (37.00) 80 (40.00)
Always 4 (4.00) 2 (1.00)
Note: -, no data; *, Fisher’s exact test. The t-test was used to compare all 
continuous variables and the results were presented in mean (± SD). The χ2 test or 
Fisher’s exact test was used to compare the categorical variables and the results 
were presented as frequency and percentage (%). Only variables significant at 
p < 0.05 were entered into univariate conditional logistic regression

Table 5  Comparison of parenting habits between the case and 
control groups
Variables Case Control χ2 P-value
Child’s time spent on 
screening devices (%)

8.82 0.07

Never 6 (6.00) 29 (14.50)
< 30 min 29 (29.00) 51 (25.50)
30–60 min 34 (34.00) 76 (38.00)
1–2 h 23 (23.00) 38 (19.00)
> 2 h 8 (8.00) 6 (3.00)
Child’s time spent out-
doors (%)

11.17 0.01

None 0 (0.00) 0 (0.00)
Rarely 21 (21.00) 16 (8.00)
Often but < 1 h 44 (44.00) 102 (51.00)
1–3 h 33 (33.00) 73 (36.50)
> 3 h 2 (2.00) 9 (4.50)
Outdoor activities (%) 2.20 0.33
High 32 (32.00) 57 (28.50)
Moderate 51 (51.00) 94 (47.00)
Low 17 (17.00) 49 (24.50)
Secondhand smoke (%) 3.90 0.27
None 56 (56.00) 128 (64.00)
Several times a month but 
less than once a week

21 (21.00) 26 (13.00)

Several times a week but 
less than once a day

11 (11.00) 18 (9.00)

Almost everyday 12 (12.00) 28 (14.00)
Note: *, Fisher’s exact test. The χ2 test or Fisher’s exact test was used to 
compare the categorical variables, the results were presented as frequency 
and percentage (%). Only variables significant at p < 0.05 were entered into 
conditional logistic regressions
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assessed via the AUC. The results showed that both the 
RF model and the GBM model emerged as the top pre-
dictors, each achieving an AUC of 0.95. They were closely 
followed by the XGB model with an AUC of 0.93 and 
the KNN model with an AUC of 0.92 (Fig. 1). The SHAP 
plot (Fig.  2) was used to interpret the output of the RF 
model, illustrating the contribution of each feature to the 
model’s predictions. In the SHAP plot, the values on the 
x-axis represent the SHAP values, which quantify the 
impact of each feature on the predicted risk of NVSS. A 
higher SHAP value indicates a greater contribution to 
the likelihood of the outcome. The color coding further 
illustrates the direction of the feature’s effect: red signifies 
features that increase the risk of short stature, whereas 

blue indicates features that decrease this risk. The plot 
revealed that paternal height was the strongest predictor 
of the risk of short stature, followed by maternal height, 
caregiver education, and child weight. This visualization 
not only highlights the most influential variables but also 
provides insights into their respective effects.

Discussion
In the case‒control study, we used a machine learn-
ing approach to identify the optimal model for predict-
ing the NVSS, explained it through a SHAP plot, and 
investigated the influence of environmental growth 
factors on the NVSS. We found that the random forest 
model and gradient boosting machine model were the 

Table 6  Conditional logistic regression for short stature and related factors
Variable Univariate P-value Multivariate P-value

OR (95%CI) OR (95% CI)
Children
Child weight (kg) 0.92 (0.88, 0.96) 0.00 0.92 (0.86, 0.99) 0.02
Maternal height (cm) 0.77 (0.72, 0.83) 0.00 0.79 (0.72, 0.87) 0.00
Maternal weight (kg) 0.95 (0.92, 0.98) 0.00 1.02 (0.96, 1.08) 0.50
Paternal height (cm) 0.77 (0.72, 0.82) 0.00 0.83 (0.75, 0.91) 0.00
Paternal weight (kg) 0.94 (0.91, 0.96) 0.00 1.01 (0.96, 1.06) 0.75
Barbecued food
No 1 1
Yes 0.56 (0.34, 0.91) 0.02 0.59 (0.24, 1.43) 0.24
Foreign fast food
No 1 1
Yes 0.48 (0.28, 0.81) 0.01 0.52 (0.20, 1.38) 0.19
Children sleep habits
Night sleep (24 h) 0.72 (0.52, 1.01) 0.06 0.48 (0.26, 0.89) 0.02
Wakeup at night
Not at all 1 1
Once 1.44 (0.85, 2.45) 0.17 0.66 (0.27, 1.61) 0.36
2 times NA NA
≥ 3 times 1.61 (0.26, 9.85) 0.61 1.66 (0.03, 103.08) 0.81
Child snore
Never 1 1
Only on cold or allergy 0.55 (0.29, 1.05) 0.07 0.88 (0.30, 2.60) 0.82
Sometimes 0.72 (0.41, 1.27) 0.26 1.17 (0.46, 2.93) 0.75
Always 3.13 (0.55, 17.90) 0.20 0.86 (0.04, 17.36) 0.92
Child’s time spent on screening devices
Never 1 1
< 30 min 2.75 (1.02, 7.40) 0.05 2.95 (0.56, 15.44) 0.20
30–60 min 2.16 (0.82, 5.69) 0.12 4.05 (0.83, 19.63) 0.08
1–2 h 2.93 (1.06, 8.11) 0.04 3.37 (0.58, 19.66) 0.18
> 2 h 6.44 (1.63, 25.51) 0.01 3.76 (0.36, 39.44) 0.27
Child’s time spent outdoors
None NA NA
Rarely 1 1
Often but < 1 h 0.33 (0.16, 0.69) 0.00 0.34 (0.09, 1.30) 0.12
1–3 h 0.34 (0.16, 0.74) 0.01 0.45 (0.12, 1.75) 0.25
> 3 h 0.17 (0.03, 0.90) 0.04 0.02 (0.00, 0.66) 0.03
Note: NA, Not applicable
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most effective predictors and that characteristics such 
as parental height, caregiver education, and child weight 
significantly impacted the prediction of NVSS. Multi-
variate conditional logistic regression revealed that child 
weight, maternal height, paternal height, sufficient night-
time sleep duration, and children’s outdoor activity time 
of more than 3 h per day were protective factors related 
to a lower risk of developing NVSS.

In the present study, child weight and parental height 
were protective factors against a reduced risk of child-
hood short stature according to both univariate and mul-
tivariate regression analyses. A study by Li et al. revealed 
that birth weight and a family history of short stature 
were significantly associated with an increased risk for 
the development of childhood short stature [28]. A study 
by Huang et al. reported similar findings [5]. Previous 
studies have demonstrated that genetics significantly 
influences the growth and development of children 
and that individuals with short stature in their immedi-
ate family are much more likely to develop this disorder 
than those without a family history of short stature [29, 
30]. While early menarche in mothers has been associ-
ated with certain growth patterns in offspring, it is essen-
tial to acknowledge the complexity of the relationship 
between early puberty and child growth. Early menarche 

in mothers may reduce the occurrence of childhood 
stunting due to favorable genetic backgrounds and supe-
rior living conditions [31–34]. Some studies indicate that 
early reproductive maturity can lead to an initial increase 
in height during childhood, followed by an accelerated 
growth spurt. However, this can often result in a prema-
ture cessation of growth, ultimately leading to a shorter 
adult stature. For example, research has shown that early 
menarche is linked to shorter adult height due to this pat-
tern of growth dynamics [35, 36]. Moreover, the assertion 
that early menarche reflects favorable growing condi-
tions is contentious and requires careful consideration of 
socioeconomic and demographic factors. In particular, 
populations such as Black/African Americans and His-
panics, who traditionally face significant health dispari-
ties and socioeconomic challenges, tend to experience 
an earlier onset of puberty compared to non-Hispanic 
whites. This relationship complicates the notion that 
early menarche is solely indicative of a favorable environ-
ment, as these groups often have less access to quality 
healthcare, nutrition, and supportive resources that are 
critical for optimal growth and development. Therefore, 
when evaluating the impact of early menarche on growth 
and development, it is crucial to consider these broader 
contextual factors, as they can significantly influence 

Fig. 1  Performance of machine learning models to predict normal-variant short stature. This figure shows the Receiver Operating Characteristic (ROC) 
curves for various machine learning models used to predict normal-variant short stature. The ROC curve plots the true positive rate (sensitivity) against 
the false positive rate (1-specificity) at various threshold settings. The area under the curve (AUC) for each model is also provided, indicating the model’s 
overall performance. Higher AUC values represent better model performance
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both the timing of puberty and the overall growth tra-
jectory of children. A nuanced understanding of these 
relationships can lead to more informed clinical prac-
tices aimed at supporting healthy growth among diverse 
populations.

Aside from genetic factors, changes in the environ-
ment and lifestyle may also play a significant role in the 
growth and development of children. Recent trends 
indicate a significant increase in beverage consumption 
among children, which may contribute to rising obesity 
rates. From 1977 to 78 to 2003-06, average daily energy 
intake from beverages rose by 203  kcal, while portion 
sizes increased by 97  g. Although overall food energy 
consumption has also increased, the steady rise in bev-
erage consumption—particularly those with high energy 
density—suggests that these drinks may play a crucial 

role in the obesity epidemic [37]. A parallel meta-analy-
sis of cohort studies found that children with high intake 
levels of sugar-sweetened beverages had a 55% increased 
risk of being overweight or obese compared to those with 
lower intake levels (95% CI 32%-82%) [38]. This elevated 
risk is concerning because an obese state can disrupt the 
endocrine system, particularly leading to imbalances in 
insulin and growth hormone secretion [39]. Such hor-
monal imbalances can adversely affect the normal devel-
opment of bones and soft tissues [40]. We also found that 
regular outdoor activity reduces the risk of childhood 
NVSS, possibly because outdoor activity helps promote 
healthy bone growth and increased bone density [41]. 
Exercise stimulates the secretion of growth hormone 
and supports vertical bone growth, thereby promoting 
children’s height development [42, 43]. Second, outdoor 

Fig. 2  SHAP Plot on the importance of factors. This figure displays the SHAP (SHapley Additive exPlanations) plot, which illustrates the importance of 
various factors in the machine learning model’s predictions. Each dot represents a SHAP value for a particular feature for a specific observation. The color 
of each dot indicates the feature’s value (e.g., high or low). Features are ranked by their importance, with the most important features at the top. This plot 
helps in understanding how each feature contributes to the model’s output
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activity increases children’s exposure to sunlight, which 
helps them synthesize vitamin D, which is essential for 
calcium absorption and mineralization in bones [44, 45]. 
In addition, outdoor activities promote the health of the 
cardiovascular system [46] and improve blood circulation 
throughout the body [47, 48], which facilitates the deliv-
ery and absorption of various nutrients and enhances the 
body’s metabolic level [49].

Research shows that obese children have an average 
whole-body bone mineral content (BMC) of 500 g, signif-
icantly higher than the 400 g observed in normal-weight 
children (p < 0.01) [50]. Additionally, lumbar BMC values 
are 300 g for obese children compared to 250 g for nor-
mal-weight children (p < 0.05) [51], further supporting 
the association between increased body fat and elevated 
BMC. This indicates that obese children bear greater 
skeletal loads due to weight gain, which may restrict bone 
growth velocity and lead to skeletal deformities [52, 53]. 
Furthermore, obesity is often accompanied by chronic 
low-grade inflammation, characterized by elevated 
pro-inflammatory markers, which exacerbates insulin 
resistance and the development of metabolic syndrome 
[54–56]. This inflammation may also interfere with 
growth hormone signaling and inhibit osteoblast func-
tion, further affecting skeletal health [57, 58]. Therefore, 
appropriate dietary management and regular physical 
activity are crucial for preventing short stature.

Adequate nocturnal sleep also plays a crucial role in 
supporting growth-related endocrine regulation, meta-
bolic homeostasis, and inflammatory modulation, thus 
reducing the risk of short stature. Growth hormone (GH) 
secretion, which predominantly occurs during slow-
wave sleep (SWS), is essential for stimulating insulin-like 
growth factor 1 (IGF-1) production and promoting linear 
growth [11, 59, 60]. Sleep deprivation disrupts glucose 
metabolism, increases cortisol levels, and alters leptin/
ghrelin ratios, diverting energy from growth processes 
[61–63]. Additionally, prolonged sleep deficiency elevates 
pro-inflammatory cytokines, potentially suppressing 
growth plate activity [64, 65]. Sleep also affects the hypo-
thalamic-pituitary-gonadal axis, influencing pubertal 
timing and growth plate closure [66, 67].

Machine learning techniques are powerful computa-
tional approaches for handling complex and extensive 
data and are capable of managing highly variable datas-
ets and comprehending intricate relationships between 
variables in a flexible and trainable manner [68]. Among 
the nine ML models, the random forest model and gradi-
ent boosting machine model achieved the highest AUC 
value. RF integrates a set of decision trees through major-
ity voting and is widely recognized as an effective classifi-
cation model [69]. While incorporating additional factors 
can provide richer information for the predictive model, 
introducing too many features—especially those without 

direct causal relationships to the outcome—can lead to 
overfitting. Overfitting occurs when the model becomes 
overly tuned to the noise in the training data, which in 
turn diminishes its ability to generalize to new data. To 
mitigate this risk, we employed the SHAP method to help 
select the most relevant factors [27]. The RF model serves 
as a straightforward and convenient machine learning 
predictive tool aimed at enhancing clinical decision-
making for children with NVSS. ML technology has often 
been criticized as a “black box,” offering limited insight 
into how predictions are generated [70]. This concern 
may lead clinicians to hesitate in adopting such models 
for medical decisions owing to the opacity of their pre-
dictions. To mitigate this concern, we utilized the SHAP 
method to improve interpretability. SHAP allows us to 
explain how the model generates predictions by iden-
tifying the contribution of each feature for individual 
cases, thus making the model more transparent and clini-
cally relevant. However, further work is needed to fully 
describe the model-building process and the role that 
SHAP plays in enhancing clinical applicability.

This case‒control study identified predictors of short 
stature, emphasizing the significant influence of paren-
tal height on child height, as shown in the column‒line 
graphical prediction model. Childhood height growth 
involves both genetic and environmental factors. The 
height heritability ranged from 0.75 to 0.98 in an analy-
sis of 6,752 individuals across 2,508 families [29]. Genetic 
factors significantly influence a child’s height, with 
the probability of NVSS decreasing as parental height 
increases. Therefore, providing early screening, regular 
follow-up, and timely treatment for children with shorter 
parents is crucial. Moreover, this study corroborates 
previous research indicating that environmental growth 
factors independently contribute to short stature onset 
in children [71–74]. Caregiver education level was mod-
erately yet significantly linked to the risk of short stature 
in children across all the column plot prediction mod-
els. In a longitudinal cohort of 10,127 children evaluated 
by Ghajar et al. [75], higher caregiver education levels 
were associated with higher age-specific height-for-age z 
scores (HAZ), which aligns with findings from previous 
studies [5, 76]. The hypothesis posited that family struc-
ture characterized by higher levels of parental education, 
more significant family income, and higher socioeco-
nomic status is associated with better nutritional status 
for children.

In this study, our prediction model aims to identify fac-
tors associated with normal-variant short stature, partic-
ularly focusing on the risk of growth deceleration. While 
our analysis is cross-sectional and examines data at a 
single point in time, we intend for the model to serve as a 
tool for identifying children who may be at risk of falling 
off their growth trajectory in the future. By assessing key 
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indicators such as parental height, children’s weight, and 
environmental factors, the model can provide insights 
into potential growth patterns. Although we do not have 
longitudinal data in this study, the factors identified can 
help clinicians recognize children who may require closer 
monitoring for growth issues, thereby facilitating timely 
treatment if growth deceleration is observed over time.

The strength of this study lies in the matching of cases 
and controls based on basic characteristics, including 
gender, age, ethnicity, parity, whether the birth was pre-
term, and the method of delivery, thereby ensuring con-
sistency in these characteristics and reducing the impact 
of confounding variables and selection bias. Addition-
ally, researchers underwent training before data collec-
tion to ensure high-quality clinical research practices. 
Comprehensive information, including basic informa-
tion, anthropological characteristics, diet, sleep pat-
terns, and behavior, was collected. This study identified 
the effects of multiple environmental growth factors on 
NVSS. More importantly, the etiology of short stature is 
complex. This paper explores an explainable disease pre-
diction model using machine learning methods, which 
provides clinicians with a reliable theoretical basis for 
diagnosing and treating NVSS. Our model can assist cli-
nicians in differentiating between cases that may require 
intervention and those that are consistent with normal 
growth patterns based on genetic potential.

This study also has several limitations. (1) One limita-
tion of this study is the regional sampling source, which 
may not be nationally representative of the population. 
Due to the limitations of the sample, there is an imbal-
ance between the case and control groups regarding their 
place of residence and the education level of caregivers. 
Further sampling across regions and ethnicities is needed 
to ensure experimental accuracy; (2) most information, 
such as anthropometric measurements, children’s eating 
and sleeping habits, and parenting habits, was obtained 
through interview questionnaires rather than direct mea-
surements, potentially introducing recall bias; and (3) 
the sample size was small, and separate analyses were 
not conducted on children of different genders. A larger 
study is needed to obtain a comprehensive understanding 
of the growth and development history of children and 
to maximize the discovery of potential disease factors. 
(4) This case‒control study cannot clarify causal rela-
tionships. A large cohort study should comprehensively 
investigate the factors affecting NVSS.

Conclusions
Our findings suggest that related factors such as child 
weight, parental height, sufficient nighttime sleep dura-
tion, and outdoor activity of more than 3  h per day are 
protective factors for the normal-variant short stature of 
children. The random forest model and gradient boosting 

machine model performed exceptionally well, demon-
strating its potential for clinical applications. Parental 
height, caregiver education, and child weight were the 
most important predictors. These findings can help in 
the development of public health strategies to prevent 
and manage the onset of normal-variant short stature in 
children.
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