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Machine learning prediction model sl

with shap interpretation for chronic bronchitis
risk assessment based on heavy metal exposure:
a nationally representative study

Tiansheng Xia' and Kaiyu Han""

Abstract

Background Chronic bronchitis (CB), as a core precursor of Chronic Obstructive Pulmonary Disease (COPD), is crucial
for global disease burden prevention and control. Although the association between heavy metal exposure and res-
piratory damage has been preliminarily demonstrated, traditional linear models are difficult to resolve the nonlinear
interactions and dose-response heterogeneity. The aim of this study was to construct the first heavy metal exposure-
chronic bronchitis risk prediction model by integrating exposureomics data through machine learning (ML).

Methods Weighted logistic regression was used to assess the association of 14 blood and urine heavy metals

with CB based on nationally representative samples from the 2005-2015 National Health and Nutrition Examina-
tion Survey (NHANES). The Boruta algorithm was further applied to screen the characteristic variables and construct
10 ML models. The best model was selected by four evaluation metrics: accuracy, specificity, sensitivity, and area
under the ROC curve (AUC), and the best model was visually interpreted using Shapley’s additive interpretation
(SHAP).

Results The multifactorial logistic regression model showed that urinary cadmium (OR=1.53,95% Cl=1.17-1.98)
versus blood cadmium (OR=1.36, 1.13-1.65) was an independent risk factor for CB. The CatBoost model had the best
predictive performance (AUC=0.805), with smoking as the most significant predictor, followed by blood cadmium
concentration and gender.

Conclusion In this research, the first risk prediction diagnostic model for heavy metal-chronic bronchitis was devel-
oped, in which CatBoost model had the best performance, and it provides a referenceable prediction model
for the screening of high-risk groups.

Keywords Machine Learning, Heavy Metal Exposure, Chronic Bronchitis, NHANES

Introduction

CB is a respiratory disease characterised by persistent
cough and sputum as the main clinical symptoms, which
are diagnosed by cough and sputum symptoms lasting
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have lung function in the normal range.The main risk fac-
tors for CB include chronic smoking, air pollution, and
occupational exposure to hazardous gases, particles,
or biomass fuel [1-3]. Epidemiological evidence fur-
ther suggests that chronic respiratory diseases (CRDs)
globally totalled 77.6 million cases in 2019, resulting in
approximately 4 million deaths, with COPD dominating
the picture [4]. As a core precursor phenotype of COPD
progression, early identification and intervention of CB
is strategically important to reduce the global disease
burden.

Heavy metal exposure, as a harmful environmental
pollutant, is widely present in water, soil, air, and food,
and has become a serious public health problem world-
wide. Heavy metal exposure is closely linked to many
diseases and aggravates the risk of predisposition to vari-
ous diseases, such as cardiovascular diseases [5], immune
system diseases [6], and also neurotoxicity [7], and hepa-
totoxicity [8]. Heavy metal exposure is also closely linked
to the respiratory system [9-11]. Heavy metal exposure
leads to apoptosis and tissue damage in the lungs through
enhanced oxidative stress and inflammatory response,
which in turn destroys alveolar structure, triggers chronic
inflammatory response and emphysema, and ultimately
increases the risk of COPD [9]. Mixed heavy metal expo-
sure leads to lung function impairment with significant
reduction in FVC and FEV1 levels [10]. Heavy metal
exposure affects the genomic stability and mutation rate
of lung adenocarcinoma cancer-related genes, which play
an important role in the development of lung adenocar-
cinoma [11]. However, traditional linear regression mod-
els have difficulty in capturing the nonlinear interactions
between such complex diseases and metal exposure,
which severely limits the clinical applicability of existing
risk assessment frameworks.

In this background, machine learning (ML) technology
provides a new paradigm for solving the above methodo-
logical bottlenecks. ML, as a cutting-edge technology,
has shown great potential for application in the medical
field by virtue of its ability to process large-scale, complex
and diverse data.The application of ML not only provides
new directions for biomedical research and individu-
alised medicine, but also brings new opportunities for
computer-aided diagnosis, which is expected to signifi-
cantly advance the development of global healthcare. By
applying ML to clinical datasets, it is possible to develop
powerful risk prediction models and optimise patient
classification, thus improving the accuracy of medical
decisions [12, 13]. However, the ‘black-box’ nature of
ML algorithms makes the prediction results difficult to
understand intuitively, limiting their wide application in
some fields. The SHAP method, as an advanced inter-
pretability tool, provides an intuitive and comprehensive
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visual interpretation by quantifying the contribution of
each feature to the model prediction, thus significantly
overcoming the ‘black box’ limitation of traditional mod-
els [14, 15].

Based on this, the study used NHANES from 2005-
2015 to study the correlation between heavy metal expo-
sure and chronic bronchitis risk, and constructed 10
machine learning models and evaluation metrics through
machine learning methods to construct a diagnostic
model with good performance for predicting CB risk and
SHAP visualisation.

Methods

Data sources and study population

NHANES is a representative cross-sectional study con-
ducted by the National Center for Health Statistics
(NCHYS) to assess the health and nutritional status of the
US ambulatory population. It is conducted every two
years and collects data from a variety of sources including
demographic information, physical examinations, labora-
tory tests, and questionnaires. All participants provided
written informed consent, and the study was approved by
the NCHS Research Ethics Review Board [16, 17].

In this research, we collected and analysed NHANES
data from 2005 to 2015, resulting in the inclusion of 7,493
participants representing the exposure-disease associa-
tion profile of the US ambulatory population, with the
screening and study process shown in Fig. 1. All statisti-
cal analyses integrated sampling weights (WTMEC2YR),
clustering (SDMVPSU) with stratification variables
(SDMVSTRA) through the R survey package to reflect
national population representation.

Data collection

Urine and blood heavy metal assessment

Total of 14 metal variables were extracted in this study,
including mercury (Hg), lead (Pb) and cadmium (Cd) in
blood, and cobalt (Co), molybdenum (Mo), cadmium
(Cd), antimony (Sb), caesium (Cs), barium (Ba), tung-
sten (W), thallium (TI), lead (Pb), uranium (U) and
arsenic (AS) in urine. The metal concentrations (ug/L)
in whole blood and urine were measured by induc-
tively coupled plasma mass spectrometry (ICP-MS),
whereas the concentration of AS in urine was deter-
mined by inductively coupled plasma dynamic reaction
cell mass spectrometry (ICP-DRC-MS). According to
the standard, all metal concentration values below the
detection limit (LOD) were processed by dividing by
/2. Urine metal concentrations (ug/L) were corrected
for urinary creatinine (mg/dL) and expressed as micro-
grams per gram of creatinine (ug/g creatinine) [18,
19]. Detailed information on the LOD and detection
rates of the 14 blood or urine heavy metals is shown in
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Fig. 1 Study Design Flowchart

Supplementary Table 1. To ensure the reliability of the
analytical results, only those heavy metals with a detec-
tion rate >70% were further analyzed [18]. The results
showed that all 14 heavy metals included in the analysis
had high detection rates (>70%). More detailed infor-
mation on laboratory procedures and data processing is
available in the NHANES database.

Definition of chronic bronchitis

The definition of patients with chronic bronchitis in
this study was based on two questions, (1) ‘Have you
ever had chronic bronchitis?” (2) ‘Do you still suffer
from chronic bronchitis?’ [20]. Participants who answer
"no" to the first question are considered to have never
had chronic bronchitis. If they answer "yes" to the first
and "no" to the second, they are identified as former
sufferers of chronic bronchitis. A "yes" response to both
questions indicates current chronic bronchitis suffer-
ers. In this study, patients with current chronic bron-
chitis were used as the case group, and the rest of the
participants were used as the control group.

Covariates

Multiple covariates were included in this study, including
demographic variables, body mass index (BMI), smoking,
alcohol consumption, hypertension, diabetes, cancer, and
cardiovascular disease (CVD). Demographic variables
included age, gender, race, education level, poverty-to-
income ratio (PIR), and marital status. Smoking history
was categorised based on two questions, ‘Have you ever
smoked at least 100 cigarettes in your life?” and ‘Do you
currently smoke? Based on the responses, participants
were categorised as non-smokers, former smokers and
current smokers [21]. Drinking history was based on
‘whether more than 12 bottles of alcohol were consumed
in a year, and participants were categorised as drinkers
or non-drinkers. Hypertension was defined as partici-
pants who had three consecutive measurements of sys-
tolic blood pressure >140 mmHg and/or diastolic blood
pressure > 90 mmHg or who answered ‘yes’ when asked if
they had been told more than twice that they had hyper-
tension or if they were taking medication for hyperten-
sion [22]. The diagnosis of diabetes is based on three
questions, (1) ‘Have you been diagnosed with diabetes
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by a healthcare professional?’ (2) ‘Are you currently using
insulin? (3) ‘Are you currently taking oral hypoglycemic
medication to regulate your blood sugar levels?? CVD
includes stroke, congestive heart failure, angina, and cor-
onary heart disease [23].

Statistical analyses

Baseline analysis and logistic regression

In this research, we used the R programming environ-
ment for data processing and analysis. Continuous vari-
ables were presented in the form of mean +standard
deviation, while categorical variables were expressed as
percentages. For between-group comparisons, we used
the Mann—Whitney U test or t test to assess differences
in continuous variables, as well as survey-weighted chi-
square tests and linear regression to analyse differences
in categorical and continuous variables.

To assess the correlation between heavy metal expo-
sure and the prevalence of CB, this research used uni-
variate and multivariate logistic regression analyses and
presented the results step by step through three models.
Model 1 was an unadjusted model; Model 2 adjusted
for demographic variables, BMI, smoking and drink-
ing history on the basis of Model 1; and Model 3 further
adjusted for potential confounders such as cancer, CVD,
hypertension and diabetes on the basis of Model 2.

Variable selection
Boruta’s algorithm is a supervised classification fea-
ture selection method based on Random Forest, which
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identifies important features that contribute signifi-
cantly to the model by comparing the z-values of real
features with randomly generated ‘shadow features. The
algorithm forms the smallest optimal subset of features
through multiple iterations and rigorous statistical tests
to ensure the stability and reliability of feature selection
[24]. Boruta’s algorithm is suitable for high-dimensional
and complex datasets, and can significantly improve
the predictive ability and interpretability of the model.
Therefore, in this research, we utilised the Boruta algo-
rithm to screen variables related to the research outcome.
To ensure the accuracy and reliability of the results, we
set the number of trees in the random forest to 1500 to
improve the accuracy of feature importance assessment.
At the same time, we set the p-value threshold for judg-
ing feature significance to 0.001 in order to strictly screen
out features that contribute significantly to the target
variables. Finally, 25 meaningful variables were screened,
and the screening results are shown in Fig. 2.

Development and evaluation of machine learning models

In order to ensure the rigour of the research and the reli-
ability of the results, this research divides the dataset
into a training set (70%) and a test set (30%). Based on
the training set, we used the Boruta algorithm to screen
out the key variables and constructed 10 machine learn-
ing models using these variables, specifically including
logistic regression (LR), support vector machine (SVM),
Gaussian plain Bayes (GNB), neural network (NN), ran-
dom forest classifier (RF), k-nearest neighbours (KNN),
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& | i
~N E
o i
Shadow - :
- A =
N . Rejected 5 T
o © [] Tendiive 2 3 7 =
s *
2 EE
K EEE
N l:l Confirmed i
: . T EE S
o - H ° 4
g o~ o = a1 -
=4 —_— H H : E R T
g ° - | - EEE ' E - o
£ o o i ' . ' H
i 1] L L L LA
“ 1 T 1 MmN L - »
o - —— s o
2 T L
— °
— 8
T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T
£ € @ X O ® » 9 F B 5 O O ® O E © 5 Q =T W £ Qo 42 5 o 9o 2 W o
s §§ 823 288 282 2a82F 263822385 %8 8 £ $8a 23 8%
2 5 = 3§ £ g xx 2 2 5 8 § B 2 g o £ E g & x B & O 2 F 5 2 B o
8 $ & 3 5 = n £ < 8 £ £ £ £ & £ £ = ] ; 8 g £
£ 5 5 2 s 8 t £ 5 5 £ s 2 s 0 & £ o £
@ o O k] g 2 o @ 2 2 S D o @ o = T O @m >O
< g8 = 2 T s Q
e 8 = @ [} S T
» = 3
w

Fig. 2

Feature Selection for Machine Learning Using the Boruta Algorithm
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adaptive augmented classifier ( AdaBoost), Classifica-
tion Boost (CatBoost), Light Gradient Booster Machine
(LightGBM) and Extreme Gradient Boost (XgBoost).
During the model development process, in order to fur-
ther improve the generalisation ability of the model and
the reliability of the evaluation results, the research used
tenfold repeated cross-validation. Through this approach,
the performance of the model on different data subsets
can be assessed more comprehensively, thus providing a
more reliable basis for model selection and optimisation.

Benchmarking is a key method for evaluating and com-
paring the performance of machine learning models, the
core of which lies in evaluating multiple models through
standardised datasets and adopting uniform evaluation
metrics to ensure a fair comparison [25]. Based on the
characteristics of the classification task, this research
selected accuracy, sensitivity/recall, specificity, and AUC
as the evaluation metrics for model performance. Among
them, the AUC value is the most important indicator for
selecting the best model, and its value ranges from 0 to
1. The larger the value, the better the predictive perfor-
mance of the model.

Model Interpretation

SHAP is a game theory-based model interpretation
method proposed by Lundberg and Lee in 2017 to quan-
tify the contribution of each feature to model predic-
tions. It evaluates the marginal contribution of features
in different combinations by calculating Shapley values
to enable local and global interpretation of model pre-
dictions.The SHAP method satisfies the key attributes of
local accuracy, missingness, and consistency, and is able
to effectively reveal the impact of features on individual
predictions, while providing a visualisation of the impor-
tance of the global features to enhance the interpretabil-
ity and trustworthiness of a complex model [26]. In this
research, SHAP is used for the visualisation of the best
model, revealing the importance of features through
global interpretation and showing the contribution of dif-
ferent features to individual predictions.

Results

Baseline characteristics

In this research, we included 7,493 participants dur-
ing 2005-2015, of which 199 were patients with chronic
bronchitis. Using baseline characteristics analysis
(Table 1), the research found that compared to the con-
trol group, patients with chronic bronchitis had a higher
proportion of women, were older, had a higher propor-
tion of smokers, and had a higher prevalence of diabetes,
hypertension and tumours. In addition, patients with
chronic bronchitis had significantly higher urinary con-
centrations of cadmium, cobalt, lead and uranium, and
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significantly higher blood concentrations of cadmium.
In contrast, patients with chronic bronchitis had sig-
nificantly lower urinary creatinine concentrations and
significantly lower blood mercury concentrations. The
differences in all of these indicators were statistically sig-
nificant (p < 0.05).

Correlation between heavy metal exposure and risk of CB
In this research, we used weighted logistic regression
analyses to assess the correlation between heavy metal
exposure and the risk of CB. First, we performed a base-
line comparison of 14 heavy metal concentrations in
blood and urine (Table 1) to analyse the differences in
metal exposure concentrations between the chronic
bronchitis group and the non-chronic bronchitis group.
The results showed that the difference in concentrations
of seven heavy metals between the two groups was sta-
tistically significant (P<0.05). Based on this, the study
further conducted a multifactorial logistic regression
analysis of the seven heavy metals to investigate their
independent association with the risk of chronic bron-
chitis. The results showed that there was a significant
association between some heavy metal exposures and the
prevalence of chronic bronchitis, as shown in Table 2. In
addition, the results of the multifactorial logistic regres-
sion analyses of blood and urine heavy metals and the
risk of chronic bronchitis, which did not reach signifi-
cance (P>0.05) in the baseline analyses, can be seen spe-
cifically in Supplementary Table 2.

Without adjusting for any confounders (Modell), uri-
nary Cd concentration (OR=2.31, 95% CI=1.33-4.02),
blood Cd concentration (OR=1.95, 95% CI=1.62-2.35),
and blood Pb concentration (OR=1.07, 95% CI=1.02—
1.12) were all significantly correlated with the risk of
chronic bronchitis (p < 0.05).

After adjusting for all potential confounders (Model3),
both wurinary Cd concentration (OR=1.53, 95%
CI=1.17-1.98) and blood Cd concentration (OR=1.36,
95% CI=1.13-1.65) remained significantly associated
with the prevalence of chronic bronchitis (P<0.05).

Specifically, the prevalence risk of CB increased signifi-
cantly with increasing Cd concentrations in urine. These
results suggest that CB is strongly associated with heavy
metal Cd exposure, and that Cd exposure may increase
the prevalence risk of CB and is one of the risk factors for
CB.

Model evaluation and selection

In this research, we conducted a comprehensive evalu-
ation of the performance of ten machine learning mod-
els, including key metrics such as accuracy, sensitivity,
specificity, and AUC (Table 3). The ROC curves and their
confidence intervals for 10 of these models can be seen
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Table 1 Demographic Baseline Chart of NHANES Participants from 2005 to 2015
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Characteristic N’ Overall N=52,434,794> Non-Chronic Bronchitis Chronic Bronchitis  p-valu®
N=51,114,0352 N=1,320,7592

Gender 7,493 0.001

Male 3,796 (50%) 3,733 (51%) 63 (32%)

Female 3,697 (50%) 3,561 (49%) 136 (68%)

Age 7,493 46.72+(16.59) 4647 +(16.58) 56.40+(14.18) <0.001

Race 7,493 <0.001

Mexican American 1,153 (8.1%) 1,142 (8.3%) 11 (2.2%)

Other Hispanic 726 (5.1%) 714 (5.2%) 2 (2.3%)

Non-Hispanic White 3,437 (70%) 3,306 (70%) 131 (83%)

Non-Hispanic Black 1,493 (10%) 1,452 (10%) 41 (11%)

Other Race—Including Multi-Racial 684 (6.2%) 680 (6.4%) 4 (1.8%)

Education Level 7,493 0.062

Less than 9th Grade 766 (5.6%) 747 (5.5%) 19 (9.8%)

9-11th Grade 1,070 (10%) 1,029 (10%) 41 (15%)

High School 1,679 (22%) 1,640 (22%) 39 (23%)

Some College 2,208 (32%) 2,139 (32%) 69 (33%)

College Graduate 1,770 (30%) 1,739 (31%) 31 (19%)

Marital Status 7493 <0.001

Married 3,918 (55%) 3,837 (56%) 81 (51%)

Widowed 542 (5.1%) 516 (5.0%) 26 (10%)

Divorced 783 (10%) 741 (10%) 42 (17%)

Separated 239 (2.3%) 229 (2.2%) 10 (2.9%)

Never married 1,361 (18%) 1,335 (18%) 26 (11%)

Living with partner 650 (8.8%) 636 (8.8%) 14 (7.6%)

Ratio of family income to poverty 7,493 3.02+(1.63) 3.04+(1.63) 242+(1.62) 0.001

BMI 7,493 28.74+(6.50) 28.68+(6.42) 31.14+(8.78) 0.034

Smoke 7,493 <0.001

Never 4,052 (54%) 4,007 (54%) 45 (27%)

Former 1,909 (26%) 1,845 (26%) 64 (31%)

Current smoker 1,532 (20%) 1,442 (20%) 90 (42%)

Alcohol 7,493 0.220

No 2,051 (21%) 1,999 (21%) 52 (26%)

Yes 5442 (79%) 5,295 (79%) 147 (74%)

Hypertension 7,493 <0.001

No 4,839 (70%) 4,752 (70%) 87 (45%)

Yes 2,654 (30%) 2,542 (30%) 112 (55%)

CVvD 7,493 <0.001

No 6,876 (94%) 6,717 (94%) 159 (83%)

Yes 617 (6.4%) 577 (6.1%) 40 (17%)

Diabetes 7493 0.002

No 6,408 (89%) 6,266 (89%) 142 (77%)

Borden 136 (1.7%) 129 (1.7%) 7 (3.4%)

Yes 949 (9.5%) 899 (9.3%) 50 (20%)

Cancer 7,493 <0.001

No 6,802 (91%) 6,641 (91%) 161 (81%)

Yes 691 (9.4%) 653 (9.2%) 38 (19%)

URXUCR 7,493 115.79+(76.43) 116.14 +(76.65) 102.36+(66.18) 0.027

URXUBA 7493 2.12+(3.36) 2.12+(3.38) 2.09+(2.84) 0.386

URXUCD 7493 0.31+(0.36) 0.30+£(0.35) 0.58+(0.47) <0.001

URXUCO 7493 0.51+(0.87) 0.50+(0.87) 0.57+(0.49) <0.001
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Table 1 (continued)

Characteristic N’ Overall N=52,434,794> Non-Chronic Bronchitis Chronic Bronchitis  p-valu®

N=51,114,0352 N=1,320,759?

URXUCS 7493 512+(3.51) 509+(3.13) 6.23+(10.43) 0.399
URXUMO 7,493 47.76+(38.18) 47.69+(38.21) 50.39+(37.03) 0.160
URXUPB 7,493 0.58+(0.76) 0.58+(0.76) 0.62+(0.45) 0.006
URXUSB 7,493 0.07 +(0.09) 0.07 +(0.09) 0.06+(0.04) 0.861
URXUTL 7493 0.18+(0.14) 0.18+(0.14) 0.17+(0.11) 0.080
URXUTU 7,493 0.11£(0.21) 0.11£(0.22) 0.10+(0.10) 0.173
URXUUR 7493 0.01+(0.04) 0.01+(0.04) 0.01+(0.01) 0.020
LBXBCD 7,493 047+(0.53) 046+(0.52) 0.85+(0.83) <0.001
LBXBPB 7493 143+(1.36) 1.42+(1.36) 1.60+£(1.15) 0.020
LBXTHG 7493 155+(243) 1.57+(2.46) 0.94+(0.97) <0.001
URXUAS 7493 14.29+(40.55) 14.30£(40.75) 14.22+(32.01) 0.131

Urine heavy metal concentrations (ug/g creatinine): URXUCR: Creatinine concentration in urine, URXUBA: Barium concentration in urine, URXUCD: Cadmium
concentration in urine, URXUCO:Cobalt concentration in urine, URXUCS: Cesium concentration in urine, URXUMO: Molybdenum concentration in urine; URXUPB:
Lead concentration in urine, URXUSB:Antimony concentration in urine; URXUTL: Thallium concentration in urine, URXUTU: Tungsten concentration in urine, URXUUR:
Uranium concentration in urine, URXUAS: Total arsenic concentration in urine, Blood heavy metal concentrations (ug/L):

LBXBCD: Cadmium concentration, LBXBPB: Lead concentration, LBXTHG: Total mercury concentration

N not Missing (unweighted)
2 n (unweighted) (%); Mean +(SD)

3 pearson’s XA2: Rao & Scott adjustment; Design-based KruskalWallis test

in Fig. 3. These metrics provide an important basis for
selecting the most suitable model.

In the performance evaluation of different machine
learning models in the task of predicting CB, we observed
significant differences in the performance of the models
on the key metrics. Specifically, the KNN model demon-
strated the highest specificity, however, its sensitivity was
only 0.085, suggesting that the model is heavily biased
towards negative class prediction and has limited prac-
tical application value. In contrast, the CatBoost model
performed well and balanced across multiple key metrics,
with the highest AUC value (0.805), showing excellent
classification performance.The LightGBM and Logistic
models had relatively high sensitivity but low specificity,
which limited their application in identifying negative
individuals and limited the overall performance of the
models. The NeuralNetwork model has a more balanced
performance in all indicators, with an AUC value at a
medium level, which indicates that it has a certain advan-
tage in classification differentiation ability. The Random-
Forest model, on the other hand, performs generally in all
indicators, and the overall performance of the model is
poor. Meanwhile, SVM, GBM, Adaboost and other mod-
els have poor ability in identifying positive patients, with
low sensitivity.

Comprehensive evaluation showed that the CatBoost
model demonstrated balanced and excellent perfor-
mance in terms of accuracy, sensitivity, specificity, and
AUC value, and especially significantly outperformed

the other models in terms of the combined ability to
distinguish between positive and negative class samples
(AUC=0.805). Although Logistic Regression and Light-
GBM have a slight advantage in sensitivity, their overall
lack of balance limits their practical application value.
Therefore, CatBoost is the best model for this research.

Variable Correlation and SHAP Visualisation

Figure 4 illustrates the heat map of the correlation of the
variables. The research found a strong positive correla-
tion between smoking status and blood Cd concentration
(correlation coefficient of 0.54), indicating that smok-
ing may significantly affect blood Cd concentration. In
addition, heat map analyses revealed inter-correlations
between heavy metals, with some heavy metals show-
ing more significant inter-correlations. For example,
there was a significant positive correlation between uri-
nary barium and urinary uranium (r=0.22), and a strong
positive correlation between urinary caesium and uri-
nary thallium (r=0.31), which suggest that there may
be a synergistic effect between some of the heavy metal
exposures.

In this research, SHAP analysis was used to visually
interpret the best model CatBoost, revealing the con-
tribution of characteristic variables to model predic-
tion. Specifically, the bar chart(Fig. 5 A) and the swarm
chart(Fig. 5 B) emonstrated the importance of the feature
variables and their mean SHAP values, with the feature
variables ranked in descending order of their importance
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Table 2 The multivariate logistic regression table of heavy metal
exposure and chronic bronchitis
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Table 3 Assessment of Performance Metrics for 10 Machine
Learning Models in Predicting Chronic Bronchitis

Model 1 Model 2 Model 3 Machine Accuracy Sensitivity Specificity AUC
OR(95%Cl) OR(95%Cl) OR(95%Cl) Model
URXUCD 2.31(1.33,402) 1.52(1.15,2.02) 1.53(1.17,1.98) Logistic 0.673 0.814 0.669 0.801
Q1 Reference Reference Reference SYM 0.762 0.576 0.767 0.674
Q2 2.07 (0.99,4.34) 1.19(0.54,2.63) 1.20 (0.54,2.68) GBM 0.767 0.627 0.771 0.751
Q3 6.33(3.72,10.08) 2.00(1.09,3.67) 2.04(1.11,3.75) NeuralNetwork 0.701 0.763 0.7 0.785
URXUCO 1.06 (0.99,1.13) 0.97 (0.88,1.07) 0.97 (0.87,1.07) RandomForest 0.686 0.695 0.686 0.740
Q1 Reference Reference Reference Xgboost 0.773 0.661 0.777 0.779
Q2 140 (0.96,2.03) 1.12(0.74,1.69) 1.09 (0.71,1.65) KNN 0.958 0.085 0.981 0533
Model 1 Model 2 Model 3 Adaboost 0.75 0.542 0.755 0.649
OR(95%Cl) OR(95%Cl) OR(95%C) LightGBM 0672 0.763 067 0719
Q3 1.72(0.70,4.23) 1.24 (046,3.33) 1.23(0.47,3.24) CatBoost 0773 0.695 0.775 0.805
URXUPB 1.05(0.97,1.12) 0.79(0.54,1.18) 0.83(0.57,1.19)
Q1 Reference Reference Reference
Q2 1.71(1.03.282) 1.10(063,1.90) 114 (066,1.97) (Fig. 5 C) and force diagrams (Fig. 5 D) demonstrate the
Q3 1.74(1.15,2.66) 085 (0.52,1.40) 090057145 yigual interpretation of the contribution of the character-
URXUUR 0.90(0.253.22) 0.03 (0.00,24) 0.04(00026.3)  jstic variables to the predicted values through individual
Q1 Reference Reference Reference cases. The waterfall plot clearly presents the ranking and
Q2 126(0.76,2.10) 0.99(0:58,1.68) 0.94(0561.60)  Jevel of contribution of different features to the individual
Q3 163 (1.01,264) 1.06 (0.61,1.85) 102(0581.80)  prediction of CB. In this case, the yellow arrows indicate
LBXBCD 1,95 (1.62,2.35) 136 (1.12,1.64) 136(1.13165  positive contribution while the brown arrows indicate
QT Reference Reference Reference negative contribution with a final cumulative predicted
Q2 137(076,248) 0760391500 079(056,1.55)  value of 0.0207. The force diagram presents the contri-
Q3 3.82(2.286:40) 116(0.59.228)  119(060233)  bution of the feature variables in a different way, where
LBXBPB 107(1.021.12) 0.94(081,1.10) 095(0831.10)  the colour and length of the arrows represent the posi-
Q1 Reference Reference Reference tive or negative contribution of the feature variables to
Q2 126 (0.79,2.01) 077(043,1.38) 080(045142)  the prediction of an individual and the magnitude of their
Q3 1.63(1.05,.2.54) 0.77(041,1.45) 081(046144)  contribution, respectively, which ultimately results in the
LBXTHG 0.73 (0.46,1.15) 080(051,126) 081053125  predicted output value of the individual.
Q1 Reference Reference Reference SHAP dependency plots further revealed the three
Q2 0.53(0.27,1.05) 0.53(0.27,1.04) 055(0.29104)  most important variables for predicting Chronic Bron-
Q3 045(0.18,1.12) 0.58(0.22,1.53) 060(023159)  chitis: smoking, blood Cd concentration, and gender

Urine heavy metal concentrations (ug/g creatinine):

URXUCD: Cadmium concentration in urine, URXUCO:Cobalt concentration in
urine, URXUPB: Lead concentration in urine, URXUUR: Uranium concentration
in urine

Blood heavy metal concentrations (ug/L):

LBXBCD: Cadmium concentration, LBXBPB: Lead concentration, LBXTHG: Total
mercury concentration

Model 1 is the baseline model with no adjustments

Model 2 adjusts for ethnicity, age, sex, PIR, body mass index, educational
attainment, marriage condition, alcohol, and smoking behavior

Model 3 adds hypertension, diabetes, CVD, and cancer to the adjustments in
Model 2

and contribution. Among them, smoking status was iden-
tified as the most important feature variable with the
largest mean SHAP value, followed by blood Cd concen-
tration and gender. This indicates that smoking status,
blood Cd concentration and gender contributed most
significantly to the model predictions. Waterfall plots

(Fig. 6 A-C). The results showed that smoking, increased
blood Cd concentration, and females were all associated
with an increased risk of CB, suggesting that these factors
are potential risk factors for CB.

Discussion

In this research, we found that heavy metal exposure
is correlated with CB risk and constructed a machine
learning model with good predictive performance by
integrating nationally representative exposure group
data with interpretable machine learning. The study
found that patients with chronic bronchitis exhibited
significantly higher cadmium exposure levels com-
pared to non-CB individuals. Specifically, the blood and
urinary cadmium concentrations in CB patients were
0.85+0.83 and 0.58+0.47 ug/g creatinine, respectively,
while the corresponding values in non-CB individuals
were 0.46+0.52 pg/g creatinine for blood cadmium and
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0.30+£0.35 pg/g creatinine for urinary cadmium. Fur-
ther analysis showed that urinary cadmium (OR=1.53
[1.17-1.98]) and blood cadmium (OR=1.36 [1.13-1.65])
were independent risk factors for CB. In addition, the
CatBoost model (AUC=0.805) achieved accurate predic-
tion of heavy metal-chronic bronchitis risk, and its SHAP
visualisation showed that blood cadmium, smoking

behaviour, and gender were significant variables pre-
dicting the risk of chronic bronchitis, which may pro-
vide a valuable combination of biomarkers for clinical
screening.

In this research, we found that smoking and gender are
important risk factors for chronic bronchitis. Therefore,
we performed a stratified analysis of the association of
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smoking and gender with chronic bronchitis, the results
of which are presented in Supplementary Table 3. The
stratified analysis showed that women had a higher risk
of developing chronic bronchitis compared with male
participants (OR=2.34, 95% CI=1.43-3.83). In addi-
tion, compared to non-smokers, former smokers did not
have a significantly increased risk of chronic bronchitis
(OR=1.81, 95% CI=0.94-3.46), whereas current smok-
ers had a significantly increased risk of chronic bronchitis
(OR=3.68, 95% CI=2.15-6.30). During the course of the
research, we also assessed the relationship between other
respiratory diseases, including asthma and emphysema,
and heavy metal exposure (see supplementary materi-
als, Table 4-7). The results showed that blood cadmium
(OR=1.12, 95% CI: 0.92-1.35) and urinary cadmium
(OR=0.88, 95% CI: 0.65-1.20) were not significantly
associated with the risk of asthma, but there was a sig-
nificant positive association with emphysema (blood cad-
mium OR=1.94, 95% CI: 1.65-2.28; urinary cadmium
OR=2.18, 95% CI. 1.55-3.07). This suggests that the
toxic effects of cadmium may be airway phenotype spe-
cific, there are differences in effects on different respira-
tory diseases.

In recent years, high concentrations of heavy metals
in the atmosphere, soil, hydrosphere and biosphere have
become a global problem [27]. Heavy metal exposure has
an increasing impact on human health and may lead to
severe damage to the nervous system, kidneys, and meta-
bolic system [7, 28] and increase the risk of chronic dis-
eases [29, 30]. Therefore, accurate assessment of heavy
metal exposure levels in humans is essential for public
health. Commonly used assays include measurement of
heavy metal concentrations by blood and urine samples.
Whole blood is a good biomarker for mercury, cadmium,
lead, and arsenic, but is not suitable for barium and ura-
nium [31]. Cadmium has a biological half-life of about 2
to 3 months [32], and cadmium concentrations in whole
blood are usually reflective of recent exposure levels,
especially in the case of occupational exposures, where
concentrations can increase rapidly [33]. Accumulation
of cadmium in the body affects blood cadmium con-
centrations, but blood cadmium levels do not decrease
to pre-exposure levels after exposure has ceased. Blood
cadmium concentrations remain a valid assessment tool
for some time after exposure is terminated [33]. Blood
lead concentration is a reliable indicator for assessing
recent lead exposure [34]. In addition, whole blood can
reflect long-term molybdenum intake and chronic thal-
lium exposure [35, 36]. Urine is the most commonly used
biomarker of metal exposure and is suitable for assessing
exposure levels of antimony, uranium and arsenic [31],
and also reflects short-term thallium, barium and molyb-
denum exposure [35, 37, 38]. Due to the advantages of
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its noninvasive operation, urine testing can be used as a
long-term biomonitoring tool for lead levels [34]. In addi-
tion, emerging biomarkers such as toenails, teeth, and
hair can be used to assess long-term exposure to essential
and non-essential metal levels, providing a reliable basis
for heavy metal exposure [31].

Heavy metal cadmium exposure mainly comes from
occupational exposure and environmental exposure. In
occupational exposure, cadmium mainly exists in the
form of fumes or dust, and its main exposure route is the
respiratory system, which is commonly found in indus-
trial places such as smelters, pigment factories and bat-
tery factories [33]. Environmental exposure, on the other
hand, includes smoking, diet, air, and drinking water.
Among them, smoking is an important source of cad-
mium exposure, with each cigarette containing about
1-2 pg of cadmium; smokers have 4-5 times higher
cadmium concentrations in their bodies compared to
nonsmokers [39-41]. In non-smokers, diet is usually
the main source of cadmium exposure, and cadmium is
widely present in all types of food [42]. Industrial emis-
sions and sewage sludge contamination lead to elevated
levels of cadmium in soils, which in turn increases cad-
mium accumulation in crops and vegetables [33]. Dietary
cadmium intake is higher in women who are non-smok-
ers and who consume mainly cereals, root vegetables or
shellfish compared to women who consume a mixed diet
[43, 44].

Cadmium, as a toxic heavy metal, enters the human
body mainly through air, water, soil and food, and causes
serious health damage through long-term accumulation
in the kidneys, liver and bones [45]. In this study, cad-
mium exposure was found to be one of the risk factors
for the risk of developing chronic bronchitis, a finding
consistent with the conclusions of previous research by
Humairat H. Rahman [46]. Cadmium exposure induces
the accumulation of intracellular reactive oxygen spe-
cies (ROS), which in turn activates mitogen-activated
protein kinase (MAPK) signalling pathways, includ-
ing c-Jun N-terminal kinase (JNK), extracellular signal-
regulated kinase (ERK), and p38 pathways. Activation
of these pathways further triggers the mitochondrial
apoptotic pathway, which is manifested by activation of
caspase-9 and imbalance of Bcl-2/Bax ratio, ultimately
leading to apoptosis of bronchial epithelial cells [47].
Meanwhile, cadmium exposure significantly up-regulates
the expression of several inflammatory factors, such as
interleukin-6 (IL-6), tumour necrosis factor-a (TNF-
a) and interleukin-1f (IL-1pB), which promotes cellular
infiltration of lung tissues and exacerbation of inflamma-
tory responses [48, 49]. In addition, cadmium exposure
promotes peribronchial fibrosis and lung remodelling by
inducing wave protein phosphorylation, activating the
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SMAD signalling pathway and up-regulating the expres-
sion of a variety of inflammation- and fibrosis-related
mediators [50].

The synergistic effects of cadmium exposure and smok-
ing may impair lung and airway health through multi-
ple mechanisms. Cadmium exposure may exacerbate
smoking-associated lung disease by inhibiting phago-
cytosis in macrophages and causing an imbalance in
oxidative stress [51]. In addition, low-dose Cd exposure
significantly upregulates ANO1 (Anoctamin 1) expres-
sion in airway epithelial cells by downregulating miR-381
expression, which in turn affects functions such as mucus
secretion and fibroblast differentiation [52]. Cadmium
also induces endoplasmic reticulum stress and inflam-
matory responses in bronchial epithelial cells through
activation of the CCAAT enhancer-binding protein (C/
EBP) signalling pathway and its downstream target gene,
DDIT3, which promotes smoking-related lung diseases
[53]. These mechanisms may explain the finding of high
risk of cadmium-smoking co-exposure in the research.

Machine learning has demonstrated unique advantages
in processing complex, high-dimensional medical data,
advancing global healthcare and making significant con-
tributions to early health management and disease pre-
vention. Different of these machine learning models have
their own unique advantages when dealing with different
types of data. Logistic regression model is a traditional
method used for clinical predictive modelling with the
advantages of simplicity, transparency, and interpretabil-
ity [54], KNN enables flexible classification fitting; SVMs
have higher memory efficiency and lower computational
cost [55]. RF and XGBoost are suitable for large datasets,
LightGBM is fast and has a low memory footprint. Cat-
Boost excels in handling categorical variables and pre-
venting overfitting [15, 56]. Neural networks have strong
nonlinear modelling capabilities, while the AdaBoost
algorithm gives good classification results on general-
purpose datasets [57].

Based on this, in this research, we used machine
learning techniques to process high-dimensional and
complex data to deeply explore the correlation between
heavy metal exposure and the risk of chronic bronchi-
tis, and successfully constructed a high-performance
Catboost prediction model and visualised it with SHAP.
The model is based on a combination of blood cadmium
and biomarkers such as smoking and gender, and pro-
vides an important reference for assessing and manag-
ing the risk of chronic bronchitis in people at high risk
of heavy metal exposure. In addition, this research pro-
poses a new idea of constructing a predictive diagnostic
model by integrating basic demographic information,
disease history, personal history, and environmental
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and biological pollutant data. This approach is not only
applicable to the prediction of disease risk in high-risk
environmentally exposed populations, but also helps
to achieve early prevention of disease and health man-
agement, which is of great significance to the healthy
development of public health.

Based on the significant association between cad-
mium exposure and chronic bronchitis risk observed
in this study, as well as the characteristics of high-risk
populations (females, current smokers), the follow-
ing intervention strategies are recommended. At the
occupational exposure level, efforts should be made
to enhance cadmium level control in industrial set-
tings, incorporate blood cadmium monitoring into
occupational health surveillance, and develop predic-
tive models to screen high-risk workers. For smok-
ing populations, public education on the link between
cadmium exposure and respiratory disease should be
implemented, emphasizing the contribution of cad-
mium from tobacco smoke to chronic bronchitis risk,
particularly among females. Additionally, promoting
diversified diets can help reduce cadmium intake from
food sources.

In this research, there are still some limitations in
using the NHANES database to conduct research on
the correlation between chronic bronchitis and heavy
metal exposure. First, the NHANES database lacks
detailed medical records and a gold standard for dis-
ease diagnosis, resulting in the definition of patients
with chronic bronchitis relying only on questionnaires,
which may introduce recall bias. Single measurements
of heavy metal concentrations in blood or urine are
insufficient to accurately assess long-term exposure
levels. Future studies should enhance the accuracy of
exposure assessment by conducting repeated measure-
ments of heavy metal concentrations or by using bio-
markers that reflect long-term exposure, such as nail
or hair samples. In addition, the NHANES database is
a cross-sectional design, which does not allow for the
inference of causality. Although this study controlled
for certain covariates, there may still be potential con-
founders interfering with the research results. Second,
the model construction in this research was based on
the NHANES database and lacked data support from
other regions. Also, the model was not externally vali-
dated to verify its actual clinical efficacy in different
populations. Therefore, measures such as collecting
data from different regions, designing prospective stud-
ies, and designing external validation are needed to
further construct more accurate and reliable diagnostic
prediction models to provide a scientific basis for early
diagnosis and intervention of chronic bronchitis.
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Conclusion

In this research, a machine learning model with SHAP
visualisation for predicting chronic bronchitis risk was
constructed based on heavy metal exposure data from
the NHANES. The model showed excellent predictive
performance, with smoking status and blood cadmium
concentration contributing the most to the model as one
of the important risk factors for chronic bronchitis risk.
The results of this research suggest that the incorporation
of environmental pollutants into diagnostic models can
help to achieve early management and prevention of the
disease.
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Additional file 1: Supplementary Table 1: Detection rate and limit of detec-
tion for blood and urinary heavy metals in our study.Detection rate and
limit of detection for blood and urinary heavy metals in our study. This
table presents the detection rates and limits of detection (LOD) for blood
and urinary heavy metals analyzed in our study. Blood heavy metal con-
centrations are expressed in pg/L, while urinary heavy metal concentra-
tions are expressed in pg/g creatinine. The table includes data for mercury
(Hg), lead (Pb), cadmium (Cd) in blood, and cobalt (Co), molybdenum
(Mo), cadmium (Cd), antimony (Sb), cesium (Cs), barium (Ba), tungsten
(W), thallium (T1), lead (Pb), uranium (U), and arsenic (As) in urine.

Additional file 2: Supplementary Table 2: Multivariate Logistic Regres-
sion Analysis of Heavy Metal Exposure (with Baseline P>0.05) and

Chronic Bronchitis. Multivariate Logistic Regression Analysis of Heavy
Metal Exposure (with Baseline P>0.05) and Chronic Bronchitis. This table
presents the results of multivariate logistic regression analyses examin-
ing the association between heavy metal exposure (P>0.05) and chronic
bronchitis in NHANES participants. The analysis includes various heavy
metals measured in urine, expressed as pg/g creatinine. Three models are
presented: Model 1 is the unadjusted baseline model; Model 2 adjusts for
demographic factors (ethnicity, age, sex), socioeconomic status (PIR, edu-
cational attainment, marriage condition), and lifestyle factors (alcohol and
smoking behavior); Model 3 further adjusts for comorbidities (hyperten-
sion, diabetes, CVD, and cancer).

Additional file 3: Supplementary Table 3: Stratified Analysis of Chronic
Bronchitis by Gender and Smoking Status. Stratified Analysis of Chronic
Bronchitis by Gender and Smoking Status. This table provides a stratified
analysis of chronic bronchitis risk by gender and smoking status among
NHANES participants. The analysis includes odds ratios (OR) and 95% con-
fidence intervals (Cl) for each category of smoking behavior and gender.
The results highlight the differential risk of chronic bronchitis associated
with smoking status and gender

Additional file 4: Supplementary Table 4: Demographic Baseline Chart of
NHANES Participants from 2005 to 2015. Demographic Baseline Chart

of NHANES Participants from 2005 to 2015. This table provides detailed
information of NHANES participants included in the study, including
demographic data, examination data, disease data, and heavy metal
exposure data. Urine heavy metal concentrations are presented as pug/g
creatinine, while blood heavy metal concentrations are presented as pg/L.
This table focuses on asthma and non-asthma participants.

Additional file 5: Supplementary Table 5: The multivariate logistic regres-
sion table of Chromium exposure and asthma. The multivariate logistic
regression table of Chromium exposure and asthma. The table presents
the results of multivariate logistic regression analyses (Model1-Model3)
assessing the association between chromium exposure and asthma risk.

Additional file &: Supplementary Table 6: Demographic Baseline Chart of
NHANES Participants from 2005 to 2015. Demographic Baseline Chart of
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NHANES Participants from 2005 to 2015. This table provides detailed infor-
mation of NHANES participants included in the study, including demo-
graphic data, examination data, disease data, and heavy metal exposure
data. Urine heavy metal concentrations are presented as pg/g creatinine,
while blood heavy metal concentrations are presented as pg/L. This table
focuses on emphysema and non-emphysema participants.

Additional file 7: Supplementary Table 7: The multivariate logistic regres-
sion table of Heavy Metal Exposure and emphysema. The multivariate
logistic regression table of Heavy Metal Exposure and emphysema. The
table includes the outcomes of multivariate logistic regression analyses
(Model1-Model3) evaluating the relationship between Heavy Metal Expo-
sure and the risk of emphysema.
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