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Abstract

Background: Health literacy (HL) is a major factor associated with population health. However, no visualized predictive
model has been developed to identify populations with low HL in a cost-effective manner.

Objective: This study aims to identify key determinants of HL and develop a predictive nomogram model for population-level
HL screening.

Methods: This study analyzed cross-sectional data from 56,340 residents (aged 15-69 y) in Zhejiang Province (2023) And
used the Chinese Health Literacy Scale to measure HL. We used 3 complementary analytical approaches: logistic regression
(LR) analysis to identify HL-associated factors, machine learning models (gradient boosting decision tree [GBDT], extreme
gradient boosting [XGBoost], LR, and random forest [RF]) with Shapley additive explanations (SHAP) to quantify predictor
importance, and nomogram development using 2023 data with external validation on 2024 data. In the nomogram, model 1
used all the predictive variables, while model 2 used the 5 core predictive variables determined through SHAP analysis. Model
performance was evaluated using receiver operating characteristic curves, calibration plots, and decision curve analysis.

Results: The nomogram models designed for predicting HL demonstrated robust stability, with good results in external
validation. The area under the curve (AUC) values for both the test and validation sets of the machine learning models
exceeded 0.75. At the 0.5 threshold, the sensitivities of the GBDT, XGBoost, LR, and RF test sets and validation sets were all
>60%. The specificity of the test sets and validation sets of all 4 machine learning models was >75%. The positive predictive
value (PPV) and negative predictive value (NPV) were both >60%. The AUC value of nomogram model 1 developed using the
data from 2023 was 0.821, and the AUC value of the externally validated nomogram model 1 was 0.814. Similarly, nomogram
model 2 had AUC values of 0.819 in the internal validation and 0.812 in the external validation. The PPV and NPV of both the
internal validation model 1 and model 2 were all >60%. The integration of GBDT, XGBoost, LR, and RF models, along with
the SHAP method, highlighted education level, age, annual household income, smoking, and occupation as the 5 most critical
determinants.

Conclusions: By using the GBDT, XGBoost, LR, RF, and nomogram models, a predictive model with substantial efficacy
was effectively developed and validated for forecasting the HL levels of the population. This comprehensive model not only
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exhibits a commendable predictive capacity but also identifies the pivotal factors influencing HL. Such insights are crucial for
shaping health policies and fostering healthier behaviors across the population.
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Introduction

Health literacy refers to the ability of accessing, understand-
ing, and applying health information to promote health [1].
The concept of health literacy was first proposed by Simonds
in his book Health Education as Social Policy in 1974 [2].
In recent years, with the popularization of health education
and people’s increasing attention to health issues, research
on health literacy has also received widespread attention [3].
Health literacy is a significant factor related to an individu-
al’s health. Research indicates that individuals with lower
health literacy often have a higher prevalence of chronic and
infectious diseases as well as higher mortality rates. Addition-
ally, there is a notable correlation between low health literacy
and increased rates of disability [4-6]. For mental health,
health literacy was negatively associated with depressive
symptoms, and those with high health literacy were signifi-
cantly less likely to have anxiety and sleep disorders [7,8]. In
addition, previous studies have found that health literacy may
increase engagement in social activities as well as enhance
self-management abilities [9,10].

Over the past few decades, China has made great strides
at improving the health literacy of the entire population,
but disparities between regions and populations still exist.
From 2022 to 2023, the proportion of people with health
literacy in the economically developed eastern region saw a
rise from 31.88% to 33.30%. In contrast, the health literacy
level of residents in the less developed western regions in
2023 was only 24.44%, lower than the national average of
29.70%. In addition, the health literacy of the urban pop-
ulation is higher than in rural areas [11,12]. Meanwhile,
there are large differences in health literacy levels between
age groups, with youth and middle-aged individuals having
higher levels of health literacy than older adults [13,14]. To
address the imbalance in health literacy among regions and
their populations and to raise the level of health literacy in
the community, the government needs to pay more attention
to populations with limited health literacy, formulate health
policies in a targeted manner, and allocate resources to them.

Therefore, the key step to improving health literacy among
the entire population is to identify populations with limited
health literacy. Currently, the available methods for assessing
health literacy are rather restricted, predominantly relying on
extensive questionnaire-based assessments [15,16]. Typi-
cally, conducting a survey questionnaire involves substantial
investments of human and material resources, necessitat-
ing comprehensive training for the personnel involved in
administering the questionnaire, which can result in signifi-
cantly elevated costs. In response to this issue, scholars have
used machine learning methods to streamline the items in a
functional health literacy survey questionnaire for Denmark

https://medinform.jmir.org/2026/1/e77654

[17]. In previous research, scholars have used machine
learning methods to determine the relative importance of the
primary factors associated with health literacy [18]. Addition-
ally, researchers have conducted predictive assessments on
whether residents and employees possess infectious disease
health literacy using machine learning models based on the
synthetic minority over-sampling technique (SMOTE) [19].
However, the factors influencing health literacy differ by
region; therefore, the model might not apply in China. Studies
have been conducted with the Chinese population using
machine models and Shapley additive explanations (SHAP)
analysis [20]. Furthermore, machine learning prediction
models tend to be less intuitive and user-friendly in their
application. Therefore, there is an urgent need for a low-cost,
highly accurate, and more intuitive tool to predict the Chinese
population’s health literacy.

Consequently, we used nomograms and machine learning
to predict health literacy. Nomograms serve as a visualiza-
tion tool that intuitively communicates model predictions,
enhancing their comprehensibility. Furthermore, they can
be developed into interactive web applications, enabling
swift computation of an individual’s likelihood of possessing
health literacy without requiring specialized knowledge or
complex software [21,22]. Nomograms have found wide-
spread application across various domains, including medical
predictions for diverse diseases [23], energy sector forecasts
for generator output [24], and environmental assessments of
tropical soil suitability [25], among others.

To our knowledge, few studies have used nomograms to
predict health literacy in the Chinese context. We used the
interpretability and simplicity of nomograms as well as the
effectiveness and robustness of machine learning algorithms
to develop and evaluate predictive models for assessing
population health literacy. The proposed predictive model
holds the potential to significantly enhance holistic individual
health management, facilitate optimal allocation of medical
and educational resources, and inform the formulation of
pertinent policies.

Methods

Data Sources

Data were derived from the 2023 Zhejiang Citizen Health
Literacy and Tobacco Use Questionnaire administered by the
Zhejiang Provincial Center for Disease Control and Preven-
tion (March 2023-September 2023). The survey encompassed
56,340 respondents across 90 counties in 11 prefectural-level
cities, collecting data on health literacy, tobacco use, and
sociodemographic characteristics.
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The study population comprised community-dwelling
Chinese residents aged 15 to 69 years. We excluded
individuals residing in institutional settings (military bases,
hospitals, prisons, nursing homes, dormitories). The age
range was selected to capture individuals who had comple-
ted compulsory education (=15 y) and minimize potential
cognitive impairment bias (<70 y).

This cross-sectional study was part of the 2023 China
Health Literacy Survey, targeting noncollective Chinese
residents aged 15 to 69 years in counties (cities and districts)
across Zhejiang Province, excluding those living in military
bases, hospitals, prisons, nursing homes, and dormitories. We
excluded individuals younger than 15 years, as this age group
typically has not completed compulsory education; we also
excluded those older than 69 years, as this age group is more
prone to cognitive impairment [26]. The external validation
used data from 2024, which included a sample size of 56,863
individuals, also derived from the questionnaire survey on
citizens' health literacy and tobacco use conducted by the
Zhejiang Provincial Center for Disease Control and Preven-
tion in Zhejiang Province [27]. During the data processing
stage, no missing nor omitted entries were found, so there
was no need for imputation of missing values. As a result, we
obtained 56,340 complete and valid samples for the year 2023
and 56,863 complete and valid samples for the year 2024. The
data acquisition rate was 100% [27].

Outcome Variable: Health Literacy

The first part of the questionnaire assesses health literacy
using the Chinese Health Literacy Scale developed by the
Chinese Health Education Center using the Delphi method,
comprising 50 items across 3 dimensions: knowledge and
attitudes, behaviors and lifestyle, and health-related skills
[28]. The overall Cronbach a for the scale was 0.95, and the
Spearman-Brown coefficient was 0.94 [29].

The scale includes 3 question types: true/false (1 point
for correct), single answer (1 point for choosing the correct
one from multiple options), and multiple answers (2 points
for selecting all correct answers from several options). If the
health literacy score is =53, it implies that residents possess
good health literacy (health literacy=1). Conversely, if the
health literacy score is <53, it suggests that residents have
limited health literacy (health literacy=0) [30].

Predictors

We included a set of predictors based on previous stud-
ies. The set included sex (male or female), the continu-
ous variable age (modeled as a continuous variable in all
regression and machine learning analyses; the age brack-
ets were quantile-based groupings for descriptive purposes
only), ethnicity (Han or Minority), marital status (married
or unmarried/divorced), education level (primary school and
below, junior high school, senior high school or higher
education including junior college, bachelor’s degrees, and
postgraduate degrees) [31,32], occupation (technical/profes-
sional, student, manual, commercial, or unemployed/others),
family size (1-2, 3-5, or >5), annual household income
(0-49,999, 50,000-99,999, 100,000-149,999, or =150,000),

https://medinform jmir.org/2026/1/e77654

Zhang et al

local registered residence (yes or no), current smoking (yes or
no), presence of chronic diseases (yes or no), and self-rated
health (very good, good, fair, bad, or very bad) [13,33-36].
The unemployment/other occupation group was set as the
reference, and 4 dummy variables were established: tech-
nical/professional (Occupation_1), student (Occupation_2),
manual (Occupation_3), and commercial (Occupation_4).

Statistical Analysis

We used STATA 18.0, Scikit-Learn, and SHAP for gradient
boosting decision tree (GBDT), extreme gradient boosting
(XGBoost), logistic regression (LR), and random forest (RF)
models in Python (version 3.8.10), and the “rmda” package
for Nomogram in R (version 4.5.1) was used to perform
statistical analyses. The nomogram was constructed based on
LR. The 2 machine learning models, GBDT and XGBoost,
excel at handling structured datasets and imbalanced datasets
[37]. LR is a machine learning model mainly used for binary
classification [38], while RF is a collection of decision trees
that can reduce the adverse effects of overfitting [39]. In the
4 machine learning models, we randomly divided the data
into a training set, validation set, and test set at an alloca-
tion ratio of 6:2:2. We also applied SMOTE to the training
set. Meanwhile, we analyzed the performance indicators of
the 4 models under the threshold of 0.1-0.9 (Table S1 in
Multimedia Appendix 1). Univariate and multivariable LR
analyses were used to identify risk factors associated with
health literacy.

GBDT is an ensemble learning algorithm that builds
an ensemble of weak prediction models, typically decision
trees, with the aim of improving the predictive accuracy
of the model. GBDT is known for its ability to handle
complex relationships and interactions between features,
making it suitable for our dataset that has a large number
of variables [40]. It is a widely used machine learning
algorithm with high efficiency, accuracy, and interpretabil-
ity. GBDT achieves state-of-the-art performance in many
machine learning tasks such as multiclass classification, click
prediction, and learning to sort [41].

XGBoost is an optimization of the gradient boosting
framework that is designed to be highly efficient, flexible,
and scalable. XGBoost differs from GBDT in its regulariza-
tion approach, which helps prevent overfitting by adding a
penalty term to the loss function for larger numbers of trees
and deeper trees. This makes XGBoost particularly effective
at handling large datasets with complex interactions while
being efficient in terms of training time [42]. In addition,
the advantages of XGBoost are that it can handle various
types of data as well as missing values and outliers. It has
the flexibility to choose different loss functions and weak
predictive models, and it uses 10-fold cross-validation as a
model evaluation strategy to avoid overfitting [43].

LR is the most commonly used simple machine learning
model, mainly applied to binary classification problems. The
core idea is to extend the linear regression model by using
the sigmoid function to map the predicted values to the range
of [0, 1]. LR has been widely applied in various fields of
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medicine, such as the prediction of cardiovascular diseases
[44].

RF is an ensemble model composed of multiple decision
trees. Each tree is grown randomly from the training set, and
the final prediction is made by integrating the results of all the
trees [45]. It can significantly reduce overfitting and increase
prediction accuracy [46].

SHAP is a method for interpreting the output of any
machine learning model. It is based on the concept of Shapley
value in game theory and assigns a fair contribution score
to each feature or feature value to indicate their effect on
the model prediction. SHAP can not only help us to under-
stand how the different features affect the model output
and the magnitude of each feature’s contribution but also
provide various visualizations of the global and local effects
of features on the model [47].

A nomogram is a graphical representation that allows
for the visualization of the relationship between multiple
predictors and the outcome based on the results of a regres-
sion analysis. In our study, the data for 2023 were further
divided into a development dataset and an internal valida-
tion dataset in a 7:3 ratio to create the nomogram model
[48]. This division allowed us to develop the nomogram
on the development dataset and validate its performance
on the internal validation dataset, ensuring that the model’s
predictive accuracy and generalizability were assessed [49]. A
nomogram, as a visual model, can predict the probability of
clinical outcomes and assist clinicians with making judgments
[50].

Calibration curves were used to evaluate the perform-
ance of the nomogram model by comparing the predicted
probabilities with the observed outcomes. This method
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provides a visual representation of the model’s calibration,
with an ideal calibration curve being a diagonal line,
indicating perfect agreement between predicted and observed
probabilities [51]. Calibration curves are commonly used to
evaluate models such as LR and Cox regression [52]. In this
paper, we used it to assess the effectiveness of the nomogram
model.

As shown in Table 1, to evaluate the performance of
each machine learning model, we referred to and included
the following indicators: area under the receiver operating
characteristic (ROC) curve (AUC), sensitivity (equation 1),
specificity (equation 2), accuracy (equation 3), positive
predictive value (PPV; equation 6), negative predictive value
(NPV; equation 7), and balanced accuracy (equation 5)
[53,54]. Among them, balanced accuracy is the arithmetic
mean of sensitivity and specificity [55]. Each machine
learning model measured the probability that a resident had
a high health literacy level. To further assess and interpret
the predictive models, we calculated the net benefit of
the nomogram model using decision curve analysis (DCA;
equation 4). True positive (TP) and true negative (TN)
indicate residents who were correctly identified as having
a high level of health literacy or a low level of health
literacy, respectively; false positive (FP) and false negative
(FN) indicate residents who were inaccurately identified as
having a high level of health literacy or a low level of
health literacy, respectively. In binary classification, machine
learning models predict the likelihood of individuals having
health literacy. A threshold of 0.5 was used, classifying those
with a probability of =0.5 as having a high level of health
literacy and those with a probability <0.5 as not having a high
level of health literacy.

Table 1. Equations for sensitivity, specificity, accuracy, net benefit, balanced accuracy, positive predictive value (PPV), and negative predictive

value (NPV).

Equation number Equation

Equation 1 Sensitivity=TP%(TP+FNP)

Equation 2 Specificity=TN®/(TN+FP)d

Equation 3 Accuracy=(TP+TN)/(TP+TN+FN+FP)

Equation 4 Net benefit=(sensitivityxprevalence)—(1-specificity)*(1-prevalence)[P/(1-Py)]
Equation 5 Balanced accuracy=(sensitivity+specificity)/2

Equation 6 PPV=TP/(TP+FP)

Equation 7 NPV=TN/(TN+FN)

4TP: true positive.

PEN: false negative.

°TN: true negative.

dFP: false positive.

°P,: threshold probability.

Ethical Considerations

Ethical Review Statement

The data analysis plan for this study was reviewed and
approved by the Ethics Committee of the Zhejiang Provincial
Center for Disease Control and Prevention of China (appro-
val number: 2022-027-01), and it complies with relevant
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laws and institutional regulations, including the Measures
for Ethical Review of Life Science and Medical Research
Involving Humans, the Personal Information Protection Law
of the People’s Republic of China, and the Data Security Law
of the People‘s Republic of China. All data were collected,
stored, and analyzed in accordance with these requirements.
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Informed Consent

The participants gave their informed consent during the
original data collection. According to the relevant national
laws and regulations as well as the institutional requirements,
the ethics committee waived the need for a written informed
consent request for this study.

Privacy and Confidentiality Protection

To protect the privacy of the participants, all collected data
underwent de-identification processing and were only used in
an anonymous form for analysis and reporting. The research
data are stored in encrypted storage devices and are accessible
only to authorized researchers.

Compensation
The participants of the questionnaire survey received an

average gift worth ¥60 (US $8.94).

Protection of Images and Identifiable
Information

No images that could identify the identities of the participants
were used in this article or multimedia appendix.
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Results

As shown in Table 2, 56,340 participants in 2023 were
included in this study. The number of respondents by gender
did not differ significantly, with 26,357 (26,357/56,340,
46.78%) men and 29,983 (29,983/56,340, 53.22%) women,
and there was not a significant difference in the mean
health literacy scores by gender. Additionally, we conducted
a demographic and health literacy score analysis on data
from 56,863 participants in 2024 (Table S4 in Multimedia
Appendix 1). Compared with 2023, the number of respond-
ents in the survey was larger in 2024, and the average health
literacy score was lower. There was no significant difference
in the average health literacy score between men and women.
In terms of population structure, there was little difference
between 2023 and 2024.

Table 2. Demographic characteristics and average health literacy scores of the research population in the 2023 cross-sectional study in Zhejiang

Province.
Predictors Participants (N=56,340), n (%) Health literacy score, mean (SD)
Entire sample 56,340 (100) 43.827 (13.446)
Age group (years)
15-33 8286 (14.71) 52.610 (8.646)
34-41 7959 (14.13) 51.131(9.814)
42-49 8533 (15.15) 47.368 (11.852)
50-54 7638 (13.56) 42.802 (12.857)
55-59 8704 (15.45) 39.323 (13.134)
60-64 7433 (13.19) 37.731 (13.215)
65-69 7787 (13.82) 34.995 (12.925)
Gender
Male 26,357 (46.78) 44.184 (13.110)
Female 29,983 (53.22) 43.513 (13.726)
Ethnicity
Han 55,545 (98.59) 43.835 (13.445)
Other 795 (1.41) 43281 (13.511)

Educational level
Primary school and below
Junior high school
Senior high school
Higher education
Marital status
Single/widow/divorced
Married
Occupation
Technical/professional (Occupation_1)

Student (Occupation_2)

15,099 (26.80)
18,010 (31.97)
9824 (17.44)

13,407 (23.80)

10,449 (18.55)
45891 (81.45)

6708 (11.91)
1816 (3.22)

33.67 (12.66)
4191 (12.25)
4891 (9.99)
54.11 (7.64)

46.121 (13315)
43304 (13.421)

52.707 (9.502)
52.685 (7.818)
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Predictors

Participants (N=56,340), n (%)

Health literacy score, mean (SD)

Manual (Occupation_3)
Commercial (Occupation_4)
Unemployed/others
Number of family members
1-2
3-5
>5
Annual household income (¥)
0-49,999
50,000-99,999
100,000-149.,999
=150,000
Local registered residence
Yes
No
Smoking
No
Yes
Chronic disease
No
Yes
Self-rated health
Very good
Good
Fair
Bad
Very bad

28,231 (50.11)
11,641 (20.66)
7944 (14.10)

18,969 (33.67)
32,233 (57.21)
5138 (9.12)

15,568 (27.63)
13,549 (24.05)
12,644 (22 44)
14,579 (25.88)

52,229 (92.7)
4111 (7.3)

46,090 (81.81)
10,250 (18.19)

40,702 (72.24)
15,638 (27.76)

18,337 (32.55)
18,905 (33.56)
16,753 (29.74)

1851 (3.29)
494 (0.88)

39.041 (13.419)
49.378 (10.887)
43.176 (12.922)

40.777 (13.709)
45.693 (12.918)
43380 (13.614)

38.238 (13.920)
42.340 (13.040)
45487 (12.435)
49.737 (11.266)

43.670 (13.494)
45.823 (12.644)

44.150 (13.500)
42.374 (13.106)

45.488 (13.071)
39.502 (13.446)

44253 (13.312)
46.171 (12.789)
41722 (13.573)

37.830 (13.837)
32.146 (13.390)

We also analyzed crude and adjusted odds ratios (ORs) for
health literacy of the population using single and multiple
variable binary LR analysis (Table 3). Although there was
no significant difference in average health literacy scores
between men and women (Table 2), after adjusting for
confounding factors such as socioeconomic and demographic
variables, the results showed that women were more likely
to have lower health literacy (adjusted OR=0.902, 95% CI
0.860-0.947), while no significant difference was observed
between Han Chinese and ethnic minorities. Moreover, the
health literacy level increased with education level. Those
with junior high school, senior high school, and higher
education had higher health literacy levels than those with
a primary school education and below, and the highest
levels of health literacy were found among those with higher
education (adjusted OR=14.604, 95% CI 13.256-16.089).
Marital status also affected health literacy, although Table
2 shows that the average health literacy score of those
with a partner was lower than that of single, divorced, or
widowed individuals after adjusting for confounding factors
and those who had partners (adjusted OR=1.253, 95% CI
1.176-1.336) had higher health literacy than those who were
single, divorced, or widowed. Furthermore, occupation was
related to health literacy; the health literacy levels of technical
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and professional workers were higher than those of peo-
ple in other occupations. Table 2 shows that the average
health literacy score of those with 3-5 family members was
higher. However, after adjusting for confounding factors, the
number of family members was not a significant independ-
ent predictor of health literacy level. Additionally, annual
household income and household registration were associated
with the health literacy, although Table 2 shows that the
average health literacy score of nonlocal registered residents
was higher than that of local registered residents after
adjusting for confounding factors and those who had a higher
income and local registration had higher health literacy levels
than those who had lower income and nonlocal registration
(adjusted OR=0.654, 95% CI 0.605-0.706). Finally, health
behaviors and conditions also influenced health literacy
levels, and those who smoked (adjusted OR=0.814, 95% CI
0.765-0.866) and had chronic diseases (adjusted OR=0.931,
95% CI 0.880-0.986) had lower health literacy levels than
those who did not smoke and did not have chronic diseases,
respectively. Self-rated health was also correlated with health
literacy levels, and those who rated their health as good had
higher health literacy levels than those who rated their health
as bad.
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Table 3. The crude odds ratios (ORs) and adjusted ORs obtained through logistic regression analysis of the factors related to residents’ health literacy

in Zhejiang province in 2023.

Predictors Crude OR (95% CI) P value Adjusted OR (95% CI) P value
Age (years) 0.934 (0.932-0.935) <.001 0.970 (0.967-0.972) <.001
Gender

Male Reference —a Reference —

Female 0.974 (0.940-1.009) .14 0.902 (0.860-0.947) <.001
Ethnicity

Han Reference — Reference —

Other 0.943 (0.811-1.096) A5 1.043 (0.873-1.245) 64
Educational level

Primary school and below Reference — Reference —

Junior high school 4.390 (4.070-4.734) <.001 3.338 (3.087-3.609) <.001

Senior high school 11.968 (11.072-12.937) <.001 6.713 (6.150-7.328) <.001

Higher education 35.346 (32.751-38.148) <001 14.604 (13.256-16.089) <001
Marital status

Single/widow/divorced Reference — Reference —

Married 0.612 (0.585-0.639) <001 1.253 (1.176-1.336) <001
Occupation

Technical/professional (Occupation_1) 4.284 (4.061-4.518) <.001 1.317 (1.214-1.429) <.001

Student (Occupation_2) 3.301 (3.000-3.634) <.001 0.921 (0.808-1.050) 22

Manual (Occupation_3) 0.241 (0.232-0.250) <.001 1.100 (1.029-1.176) 005

Commercial (Occupation_4) 2.520 (2.417-2.628) <.001 1.083 (1.008-1.163) 03

Unemployed/others Reference — Reference —
Number of family members

1-2 Reference — Reference —

3-5 1.970 (1.893-2.051) <.001 1.052 (1.000-1.107) 051

>5 1470 (1.374-1.573) <.001 0.994 (0.915-1.080) .88
Annual household income (¥)

0-49,999 Reference — Reference —

50,000-99,999 1.581 (1.495-1.672) <.001 1.306 (1.226-1.391) <.001

100,000-149,999 2.520 (2.386-2.662) <001 1.324 (1.242-1.411) <.001

=150,000 5.009 (4.755-5.278) <.001 1.681 (1.576-1.792) <.001
Local registered residence

Yes Reference — Reference —

No 1.285 (1.204-1.372) <001 0.654 (0.605-0.706) <001
Smoking

No Reference — Reference —

Yes 0.703 (0.670-0.737) <.001 0.814 (0.765-0.866) <.001
Chronic disease

No Reference — Reference —

Yes 0.392 (0.375-0.410) <001 0.931 (0.880-0.986) 01
Self-rated health

Very good Reference — Reference —

Good 1.296 (1.242-1.351) <001 1.163 (1.107-1.223) <001

Fair 0.689 (0.658-0.722) <.001 1.009 (0.954-1.067) 75

Bad 0.401 (0.354-0.454) <.001 0.938 (0.812-1.085) 39

Very bad 0.149 (0.105-0.210) <.001 0.573 (0.397-0.827) 003

#Not applicable.

Table 4 shows the performance in terms of AUC of the
GBDT, XGBoost, LR, and RF models in the test set
(GBDT: 0.810, 95% CI 0.801-0.819; XGBoost: 0.795, 95%

https://medinform.jmir.org/2026/1/e77654

CI 0.786-0.805; LR: 0.814, 95% CI 0.805-0.823; RF: 0.817,
95% CI 0.808-0.826) and in the validation set (GBDT: 0.807,
95% CI 0.798-0.816; XGBoost: 0.789, 95% CI 0.780-0.799;
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LR: 0.809, 95% CI 0.799-0.818; RF: 0.813, 95% CI 0.804-
0.822; Figure 1). The AUC values of the 4 models in the test
set and validation set were all >0.75, and the results in the
test set and validation set were the same, which indicates that
these 4 models are robust models for distinguishing residents
with health literacy from those without. Meanwhile, at the 0.5
threshold, the specificity of the test set and validation set for
the GBDT, XGBoost, LR, and RF models was >75%, and
the LR model had the highest sensitivity in both the test set
and validation set. Moreover, the PPV and NPV were both
>60%. The performance indicators of the 4 models in the
validation sets, which were at the 0.1-0.9 threshold, showed

Zhang et al

that the AUC value of the RF model was the highest (0.813),
and its performance was slightly better than that of the
other models. As the threshold increased, the sensitivity and
NPV of each model gradually decreased, while the specific-
ity and PPV gradually increased (Table S1 in Multimedia
Appendix 1). Since the AUC value of the RF validation set
was the highest, the 2024 data were brought into RF for
external validation. The AUC value of the 2024 validation
set was 0.815, and various performance indicators under the
0.1-0.9 threshold were calculated. As the threshold increased,
sensitivity decreased while specificity increased (Table S2 in
Multimedia Appendix 1).

Table 4. The 4 machine learning models (gradient boosted decision tree [GBDT], extreme gradient boosting [XGBoost], logistic regression [LR],

and random forest [RF]) constructed based on the 2023 data were tested at the 0.5 threshold for various performance indicators of the test set and

validation set.

e P Balanced
AUC? (95% b c d o Sensitivity,  Specificity ~ Accuracy PPV (95%  NPVE(95%
Model CI INTTPEENTOFPT osgony @swen (95w cn  Aoeuray o)) CI
(95% CI)
Test set
GBDT 0.810 6167 2440 1325 1336 0.648 0.822 0.764 0.735 0.646 0.823
(0.801-0.819) (0.633-0.663)  (0.813-0.831) (0.756-0.772)  (0.726-0.744)  (0.631-0.661)  (0.815-0.832)
XGBoost  0.795 6047 2435 1330 1456 0.647 0.806 0.753 0.726 0.626 0.820
(0.78-0.805) (0.631-0.662)  (0.797-0.815)  (0.745-0.761)  (0.717-0.735)  (0.611-0.641)  (0.811-0.828)
LR 0.814 5916 2645 1120 1587 0.703 0.788 0.760 0.746 0.625 0.841
(0.805-0.823) (0.688-0.717)  (0.779-0.798)  (0.752-0.768)  (0.737-0.754)  (0.610-0.640)  (0.832-0.849)
RF 0.817 5971 2636 1129 1532 0.700 0.796 0.764 0.748 0.632 0.841
(0.808-0.826) (0.685-0.715)  (0.787-0.805)  (0.756-0.772)  (0.739-0.757)  (0.618-0.647)  (0.832-0.849)
Validation
GBDT 0.807 (0.798- 6248 2310 1333 1377 0.634 0.819 0.759 0.727 0.627 0.824
0.816) (0.618-0.650) (0.811-0.828) (0.752-0.767) (0.718-0.736)  (0.611-0.642)  (0.816-0.833)
XGBoost  0.789 6133 2291 1352 1492 0.629 0.804 0.748 0.717 0.606 0.819
(0.780-0.799) (0.613-0.645)  (0.795-0.813)  (0.740-0.756)  (0.708-0.726)  (0.590-0.621)  (0.811-0.828)
LR 0.809 6030 2476 1167 1595 0.680 0.791 0.755 0.735 0.608 0.838
(0.799-0.818) (0.665-0.695)  (0.782-0.800)  (0.747-0.763)  (0.726-0.744)  (0.593-0.623)  (0.829-0.846)
RF 0.813 6063 2475 1168 1562 0.679 0.795 0.758 0.737 0.613 0.838

(0.804-0.822) (0.664-0.695)

(0.786-0.804)

(0.750-0.766)  (0.728-0.746)  (0.598-0.628)  (0.830-0.847)

2AUC: area under the curve.
PTN: true negative.

°TP: true positive.

dEN: false negative.

°FP: false positive.

fPPV: positive predictive value.
ENPV: negative predictive value.
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Figure 1. Comparison chart of receiver operating characteristic (ROC) curves for the (A) test set and (B) validation set of the 4 machine learning
models (gradient boosting decision tree [GBDT], extreme gradient boosting [XGBoost], logistic regression, and random forest [RF]) constructed

based on the 2023 data.
A

True Positive Rate

—— GODT: 0.610 (0.801-0.619)
— x 0.795 (0.786-0.805)

0.814 (0.805-0.823)
(0.808-0.826)

0 o @ o
False Positive Rate

In nomogram model 1, we selected all the variables
involved in LR analysis, including gender, age, ethnic-
ity, marital status, education level, family size, annual
household income, local registered residence, smoking,
chronic conditions, self-rated health, and 4 dummy variables
representing occupation (Figure 2). By analyzing the training
set of GBDT, XGBoost, LR, and RF models using the SHAP

B

True Positive Rate

—— GBDT: 0.807 (0.798-0.816)

—— XGRoost: 0.789 (0.780-0.799)
Regression: 0.809 (0.799-0.818)
513 (0.804-0.822)

2 o
False Positive Rate

method, we found that, based on the average rankings of
the 15 variables in these 4 models, the top 5 most impor-
tant features for predicting health literacy were education
level, age, annual household income, smoking, and manual
occupation (Occupation_3; Figure 3; Table 5). Therefore, we
included these 5 variables and 3 additional dummy variables
for occupation in nomogram model 2 for analysis (Figure 2).

Figure 2. Nomogram models used to visually present the prediction of individual health literacy: (A) model 1 adjusted for gender, age, ethnicity,
marital status, education level, occupation, number of family members, annual household income, local registered residence, smoking, chronic
conditions, and self-rated health and (B) model 2 adjusted for educational level, age, annual household income, occupation, and smoking.
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Figure 3. The Shapley additive explanations (SHAP) analysis explaining the influence of each feature on the predictions in the 4 machine learning
models (gradient boosting decision tree [GBDT], extreme gradient boosting [ XGBoost], logistic regression [LR], and random forest [RF]) constructed
using the 2023 data; the larger the SHAP or mean SHAP value, the greater the influence, and a higher ranking on the y axis indicates a greater
impact of the feature on the model output: (A) SHAP summary plot for GBDT, (B) feature importance for GBDT, (C) SHAP summary plot for LR,
(D) feature importance for LR, (E) SHAP summary plot for RF, (F) feature importance for RF, (G) SHAP summary plot for XGBoost, (H) feature

importance for XGBoost.
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Table 5. Rankings of predictors in the Shapley additive explanations (SHAP) analysis of the 4 machine learning models as well as the final average

ranking.
SHAP analysis SHAP analysis SHAP analysis SHAP analysis

Predictors ranking of GBDT? ranking of XGBoost ranking of LR ranking of RFY Average ranking
Age 2 2 2 2 2
Educational level 1 1 1 1 1
Annual household income 6 3 3 3 3.75
Smoking 3 5 7 9 6
Technical or professional 12 13 9 6 10
(Occupation_1)
Student (Occupation_2) 15 14 15 13 14.25
Manual (Occupation_3) 5 9 4 4 55
Commercial (Occupation_4) 11 11 11 8 10.25
Number of family members 10 6 12 7 8.75
Gender 4 10 10 12 9
Ethnicity 14 15 14 15 145
Marital status 13 12 5 14 11
Residence 8 7 6 11 8
Chronic disease 7 8 8 5 7
Self-rated health 9 13 10 9

4GBDT: gradient boosting decision tree.
bXGBoost: extreme gradient boosting.
°LR: logistic regression.

dRF: random forest.

In nomogram models 1 and 2, the calibration was assessed on
the development set (70% of the 2023 data) using bootstrap
optimism correction. The calibration plots (Figure 4) display
both the apparent and bias-corrected curves, both of which
closely follow the ideal diagonal line (absolute error 0.003
for both models), confirming excellent agreement between
predicted and observed probabilities. The ROC graphs for
model 1 and model 2 of the internal validation show AUC
values of 0.821 and 0.819 (Figure 5), respectively, and
the ROC graphs for model 1 and model 2 of the external
validation show AUC values of 0.814 and 0.812, respectively

(Figure 6). The AUC values of the 2 models in the inter-
nal and external validation were >0.75. Furthermore, the
performance indicators of the internal validation (30% of the
2023 data) models 1 and model 2 on the test sets within
the threshold range of 0.3 to 0.7 show that, as the threshold
increases, specificity increases while sensitivity decreases and
PPV and the NPV were both >60% (Table 6). The perform-
ance indicators of the test sets for external validation models
1 and 2 under the threshold range of 0.1 to 0.9 showed that, as
the threshold increased, specificity increased while sensitivity
decreased (Table S3 in Multimedia Appendix 1).

Figure 4. The calibration curves of nomogram (A) model 1 and (B) model 2 constructed based on the data from 2023.
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Figure 5. (A) Decision curve analysis (DCA) and (B) receiver operating characteristic (ROC) curve for internally validated nomogram models,
developed and tested on the 2023 Zhejiang dataset. AUC: area under the curve.
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Figure 6. (A) Decision curve analysis (DCA) and (B) receiver operating characteristic (ROC) curve for the external validation of nomogram models
1 and 2 (developed based on 2023 data) on the 2024 dataset. AUC: area under the curve.

Table 6. Performance indicators of the internal validation models 1 and 2 under the threshold range

A

\\

B

Sensiivity

04 06
High Risk Threshold

23 32
Cost:Benefit Ratio

developed using 2023 data from Zhejiang.

Specificity

—— Model 1 (AUC: 0814)
— Model 2 (AUC: 0.812)

' 1
04 0.2

0.0

of 0.3 to 0.7 in the internal validation set

Model TN? Sensitivity ~ Specificity ~ Accuracy Balanced PPV (95% NPV (95%
and (95% CI) (95% CI) (95% CI) accuracy (95% CI) CI)
threshol CI AUC (95%
d TP> FN¢ Fpd CD
Model 1 0.821
(0.814-0.827)
03 8944 3888 1662 2408 0.701 0.788 0.759 0.744 (0.737-0.751) 0.618 0.843
(0.688-0.713)  (0.780-0.795)  (0.753-0.766) (0.606-0.630)  (0.836-0.850)
04 9448 3547 2003 1904 0.639 0.832 0.769 0.736 (0.728-0.743) 0.651 0.825
(0.626-0.652)  (0.825-0.839) (0.762-0.775) (0.638-0.663) (0.818-0.832)
0.5 9801 3199 2351 1551  0.576 0.863 0.769 0.720 (0.713-0.727) 0.673 0.807
(0.563-0.589) (0.857-0.870) (0.763-0.775) (0.660-0.687) (0.800-0.814)
0.6 10,103 2840 2710 1249 0.512 0.890 0.766 0.701 (0.694-0.708) 0.695 0.789
(0.499-0.525) (0.884-0.896) (0.759-0.772) (0.680-0.709)  (0.781-0.796)
0.7 10,375 2468 3082 977 0.445 0914 0.760 0.679 (0.672-0.686) 0.716 0.771
(0.432-0.458)  (0.909-0.919)  (0.753-0.766) (0.701-0.731)  (0.764-0.778)
Model 2 0.819
(0.813-0.826)
03 9252 3703 1847 2100 0.667 0.815 0.766 0.741 (0.734-0.748) 0.638 0.834
(0.655-0.680)  (0.808-0.822) (0.760-0.773) (0.626-0.650)  (0.827-0.841)
04 9496 3513 2037 1856  0.633 0.837 0.770 0.735 (0.728-0.742) 0.654 0.823
(0.620-0.646)  (0.830-0.843) (0.763-0.776) (0.642-0.667) (0.816-0.830)
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Model TN? Sensitivity ~ Specificity ~ Accuracy Balanced PPV (95% NPV (95%
and (95% CI) (95% CI) (95% CI) accuracy (95% CD CI)
threshol CI) AUC (95%
d TP> FEN¢ FpPd (@)
0.5 9722 3288 2262 1630 0.592 0.856 0.770 0.724 (0.717-0.732)  0.669 0.811
(0.580-0.605) (0.850-0.863) (0.763-0.776) (0.655-0.682) (0.804-0.818)
0.6 9909 3085 2465 1443  0.556 0.873 0.769 0.714 (0.707-0.722) 0.681 0.801
(0.543-0.569) (0.867-0.879) (0.762-0.775) (0.668-0.695)  (0.794-0.808)
0.7 10,099 2845 2705 1253 0.513 0.890 0.766 0.701 (0.694-0.708) 0.694 0.789

(0.499-0.526)  (0.884-0.895)

(0.759-0.772)

(0.680-0.708)  (0.782-0.796)

ATN: true negative.
PTP: true positive.

°FN: false negative.
dEP: false positive.

Further evaluation through DCA indicated that, within the
threshold range examined, the net benefits of the GBDT, LR,
and RF models were consistently higher than those of the
XGBoost model (Figure 7). All 4 models showed broadly
comparable discrimination (AUC range 0.789-0.813), and the
DCA results suggested a potential advantage in net benefit
for GBDT, LR, and RF under the evaluated probability
thresholds. In the 2 DCA plots for the internally validated
and externally validated nomogram models, the net gains for

models 1 and 2 were very close to each other, suggesting
that model 1 (incorporating 12 individual predictors, with
occupation as a categorical predictor represented by 4 dummy
variables) and model 2 (incorporating 5 core predictors
[education level, age, annual household income, occupation,
and smoking], with occupation as a categorical predictor
represented by 4 dummy variables) performed similarly, as
do the 2 models in external validation.

Figure 7. The decision curve analysis of the 4 machine learning models (gradient boosting decision tree [GBDT], extreme gradient boosting
[XGBoost], logistic regression [LR], and random forest [RF]) for health literacy levels constructed based on the 2023 data.
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Discussion

Principal Findings

To our best knowledge, this study conducted the first
comprehensive approach combining nomograms and machine
learning models to predict population health literacy,
developed and externally validated using large-scale survey
data. The models demonstrated robust performance across
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both development and external validation cohorts, establish-
ing their utility for population-level health literacy prediction.
The nomogram was constructed based on LR [56]. The AUC
values of this nomogram were 0.821 in the internal valida-
tion model 1 and 0.814 in the external validation model
1, indicating its excellent predictive performance. Moreover,
this nomogram is simple and easy to understand and has high
interpretability in clinical practice.
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In this study, the GBDT, XGBoost, LR, and RF mod-
els achieved AUC values exceeding 0.75 in both test and
validation sets, indicating strong discriminatory power and
low false prediction rates. To enhance interpretability and
practicality, we constructed and validated 2 nomogram
models. Both internally validated nomogram models and
externally validated nomogram models exhibited diagnostic
accuracy, as evidenced by their AUC values, and their
calibration curves demonstrated good concordance between
predicted and actual probabilities, signifying high precision
at distinguishing individuals with differing levels of health
literacy. SHAP analysis of the GBDT, XGBoost, LR, and RF
models revealed 5 critical predictors for nomogram model
2. Despite varying variable compositions, models 1 and 2
exhibited strikingly similar performance, substantiating the
viability of reducing the predictor set. In previous studies,
nomograms combined with machine learning have been used
to develop risk prediction models for cerebral infarction,
eHealth literacy, and thymoma [57-59]. In conclusion, the
results of machine learning and nomogram to predict diseases
or other risks supported the feasibility and validity of the
study hypothesis.

Comparison With Prior Work and
Influencing Factors

In this study, we further analyzed the performance indica-
tors of the GBDT, XGBoost, LR, and RF models on the
test set and validation set at the 0.5 threshold (Table 4) as
well as the performance indicators of the 4 machine learning
models on the validation set at the 0.1-0.9 threshold (Table
S1 in Multimedia Appendix 1). The health literacy predic-
tion model demonstrated high efficacy for health literacy
prediction, but at thresholds of 0.1 and 0.9, there were
situations where the model’s sensitivity or specificity was
low. Therefore, in practical applications, we should select an
appropriate threshold to balance sensitivity and specificity,
thereby achieving high accuracy and cost-effectiveness. As
shown in Figure 7, when the threshold was 0.5, the LR model
had a high net benefit and balanced sensitivity and specificity.
The models constructed in this study contained 12 variables
(with occupation as a categorical predictor represented by
4 dummy variables), which were more comprehensive than
short health literacy screening tools such as the HL-SF3
[60] and HL-SF6 [61]. In the context of accelerating the
construction of regional information health platforms and
the digitization of health information in China [62], this
model conducted population-based health literacy screening
and monitoring based on big data. By integrating data from
regional health information systems, this model can assess
health literacy at the public health level, helping to identify
health literacy gaps among different groups and regions.
Moreover, the AUC values of model 1 and model 2 in the
internal and external validations were both >0.75, indicating
good predictive efficacy and the ability to provide a basis for
policy formulation, resource allocation, and the implementa-
tion of targeted intervention measures, thereby improving
overall health literacy levels.
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To investigate the risk factors associated with health
literacy, this study analyzed and integrated the findings
from LR analysis and SHAP models. Overall education,
age, occupation, household income, smoking, and self-rated
health emerged as significant predictors related to health
literacy. Studies have noted that education, age, and economic
status are associated with health literacy [18,63]. Essentially,
there was a strong positive relationship between educa-
tional attainment and health literacy, with individuals with
higher education often having greater access to compre-
hensive health education and information. These individu-
als demonstrate enhanced abilities in understanding and
processing such data, which can lead to a more effective
grasp of medical advice, disease prevention measures, and
the importance of health management [64]. Age has been
identified as a key variable in health literacy, with a Bei-
jing-based survey indicating higher health literacy among
individuals aged 25 to 44 years [14]. Aging may enable
the accumulation of health-related knowledge and skills
through life experiences, but it can also be associated with
cognitive decline, potentially affecting older adults’ ability
to absorb and use health information [65]. Younger genera-
tions, on the other hand, may benefit from modern health
education systems to gain access to updated health concepts
and technologies [66]. Additionally, occupational dispari-
ties can influence health literacy. Professionals in technical
or specialized fields often engage in specific training and
continuous learning, which may include relevant health and
safety knowledge and skill development [67]. For exam-
ple, medical practitioners and educators, who benefit from
advanced education, may also have access to favorable
working environments and benefits such as health insurance
and fitness facilities, factors that can contribute to their health
literacy [68]. The association between household income and
health literacy is well-documented. Individuals with higher
economic status often have access to better educational
resources and a wider range of in-depth health guidance,
which are critical to enhancing their health literacy levels.
Individuals who rate their health status positively may be
more likely to actively monitor and manage their well-being,
seeking out and applying health-related knowledge, which
can result in higher levels of health literacy [13,69,70].
At the same time, there are studies that have shown that
smoking habits are related to health literacy. Compared with
smokers, nonsmokers have a higher level of health literacy
[71]. Self-rated health is also related to health literacy [72].
Health literacy is defined as an individual’s ability to acquire,
understand, and use health information and services and make
appropriate health decisions [73]. Self-rated health is defined
as an individual’s perception of their own health status [74].
Studies have shown that people who rate their own health
as good have higher health literacy [72], while those who
rate their health as average or poor have insufficient health
literacy [75]. Meanwhile, the results of the LR and SHAP
analyses showed that factors such as ethnicity were not
significantly correlated with health literacy. Another cross-
sectional study from Malaysia demonstrated that ethnicity
was not significantly correlated with the level of health
literacy [76].
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Implications and Future Applications

In this study, the health literacy prediction model exhibi-
ted commendable performance, highlighting its substantial
potential for effective implementation and wide-ranging
practical application in addressing health literacy challenges.
At the individual level, individuals predicted to have high
health literacy can act as catalysts, not only imparting health
knowledge and skills to their peers but also extending these
teachings to those around them, including older adults,
thereby enhancing their health literacy. As health literacy
improves, it can boost work productivity [77], heighten health
awareness, facilitate better self-management, and elevate
overall quality of life. On a broader societal canvas, the
health literacy prediction model can seamlessly interface with
health big data systems in the future, allowing for a system-
atic and exhaustive assessment of health literacy rates across
different population groups and regions [78]. This approach
stands to reduce the reliance on large-scale questionnaire
surveys, thereby saving costs and resources. This capacity
facilitates targeted interventions and the strategic roll out of
health education programs in populations or regions with low
health literacy scores, progressively closing health literacy
gaps and promoting a more equitable distribution of health
care and education resources. At the national level, leverag-
ing the health literacy prediction model provides policymak-
ers with a unique vantage point to foresee the contours
of the country’s health literacy landscape. It can direct
strategic fund allocation to health literacy—deficient areas,
concurrently orchestrating the refinement of health strategies
and bolstering investments in cultivating a skilled workforce
of health care technology professionals. At the same time,
the reliability of the model can be verified through national
medical data, and it can be incorporated into national primary
health care work to monitor the health literacy levels of
residents, thereby informing targeted measures to enhance
health literacy levels. This concerted endeavor is geared
toward a paramount objective: elevating the overall health
literacy of the nation’s population, thereby charting a course
toward comprehensive wellness and informed health care
engagement.

In conclusion, the use of machine learning and nomograms
for health literacy prediction can deepen the understanding

Zhang et al

of population health literacy and enable both individuals and
policymakers to take proactive measures to improve public
health and optimize resource allocation.

Limitations

This study has several limitations. First, this study used
cross-sectional data. Although our data showed correlations
between variables, due to the nature of the data and the study
design, we were unable to determine if these relationships
were causal. Future studies may need to use a longitudinal
research design or experimental methods to further explore
the relationships between these variables. Second, although
the sample size of this study was large enough, at 56,340
residents, the sample was concentrated in Zhejiang, China.
The generalizability of the results may still be influenced
by regional characteristics; this limits the model’s direct
applicability to other provinces or cultural contexts. Future
studies could use the same models to validate the findings
in other provinces. Finally, as aforementioned, due to the
limitations of data accessibility, this study included only basic
information about the population in the model and did not
include influencing factors such as dietary habits and the
availability and utilization of health services. We included
social factors such as education, occupation, and income to
enhance the model’s accuracy. However, due to the limita-
tions of the research method, it was impossible to capture
dynamic changes in economic factors such as income. In the
future, the design method can be changed, such as conducting
a cohort study and incorporating more comprehensive data, to
make the model’s predictions more accurate.

Conclusion

This study used machine learning and LR analysis models
to successfully develop and validate a predictive model for
assessing the health literacy level of Chinese adults. The
models identified education level, age, annual household
income, smoking, and occupation as the most influential
determinants of health literacy. This predictive framework
provides a practical tool for targeted intervention measures to
enhance the health literacy of the population and can guide
resource allocation and the formulation of targeted health
promotion strategies.
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