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Abstract

Background: Patients with stable chronic obstructive pulmonary disease (COPD) experience
psychological distress that evolves in dynamic and heterogeneous patterns. Conventional cross-
sectional screening and baseline-only prediction models fail to capture longitudinal
heterogeneity, and few tools integrate trajectory analysis with machine learning (ML) for
individualized risk stratification. This study aimed to identify longitudinal trajectories of
psychological distress and develop, validate, and deploy a web-based ML risk calculator for
clinical use.

Methods: We enrolled 323 stable COPD outpatients from three tertiary hospitals in Chongqing,
China, between March and December 2024. Baseline data included sociodemographic, clinical,
and key psychosocial variables. Psychological distress was reassessed at 1 week, 1 month, 3
months, and 6 months. Growth mixture modeling (GMM) identified distinct longitudinal
trajectory classes. The trajectory outcome was dichotomized for prediction: patients in the
persistent low-distress group were defined as low-risk, and all others as high-risk. Candidate
predictors were screened using univariate analysis and least absolute shrinkage and selection
operator (LASSO) regression. Eight ML algorithms were trained, internally validated, and
compared, and the best-performing model was selected for final development.

Results: GMM revealed four trajectories: persistent high distress (8.0%), transient threshold-
exceeding distress with rapid decline (15.2%), persistent near-threshold distress with gradual
decline (65.0%), and persistent low distress (11.8%). Using the persistent low-distress group as
reference, nine predictors were retained: symptom burden, number of children, negative coping,
payment method, perceived stress, acute exacerbation frequency, dyspnea severity, educational
level, and gender. The XGBoost model achieved the best-balanced performance, with AUC
values of 0.859 (training), 0.686 (validation), and 0.739 (test), indicating moderate
discriminative ability. The model showed high positive predictive value but limited negative

predictive value, constraining its utility for ruling out distress. A web-based calculator was
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subsequently developed for clinical implementation.

Conclusion: Stable COPD patients follow four distinct longitudinal trajectories of psychological
distress. The XGBoost model provides moderate predictive performance as an exploratory risk-
stratification tool. The web-based calculator may support clinicians in early identification of
individuals at elevated risk of persistent psychological distress, but further validation in

independent, diverse cohorts is required before widespread clinical adoption.
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Introduction

Chronic obstructive pulmonary disease (COPD) remains a major global health burden,
characterized by persistent respiratory symptoms and progressive airflow limitation.'
Worldwide, the prevalence of COPD is projected to exceed 600 million by 2050,> with
annual deaths anticipated to surpass 5.4 million by 2060.> In China, more than 100
million people live with COPD,* posing substantial challenges to public health and
socioeconomic systems.

Beyond physical impairment, the chronic and progressive nature of COPD exerts
considerable psychological strain. Patients with COPD face a significantly higher risk
of psychological distress - a broad, transdiagnostic state of overall emotional suffering
- than the general population.® Cross-sectional studies report clinically significant
distress in 42.9% of community-dwelling COPD patients and in 64% of those
experiencing acute exacerbations,’® indicating that psychological distress is substantial
in the stable state and further elevated during acute exacerbations. According to
Bonanno’s framework,” exposure to chronic illness elicits heterogeneous long-term
adaptation patterns rather than uniform responses. Distinct longitudinal distress
trajectories have been identified in cancer, cardiovascular diseases, and other chronic
conditions,®!° yet longitudinal evidence specifically mapping dynamic trajectories of
psychological distress in stable COPD remains limited.!!'!* Most existing studies rely
on cross-sectional assessments or simple mean-change models that overlook

heterogeneity,'""1?

and few characterize how distress evolves during outpatient self-
management after clinical stabilization.'?

We therefore hypothesize that psychological distress in stable COPD follows
heterogeneous longitudinal trajectories across 6 months of follow-up. Growth mixture
modeling (GMM) is uniquely suited to identify unobserved latent subgroups with
distinct temporal patterns.'* Unlike traditional repeated-measures methods that assume

homogeneous change, GMM captures heterogeneity in level, slope, and curvature,'”

making it ideal for delineating diverse adaptation pathways to chronic illness.
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However, GMM results are not directly translatable to bedside risk assessment:
they describe group-level patterns rather than generating individual-level predictions,
and their clinical application requires advanced statistical expertise.'® Machine learning
(ML) offers a pragmatic solution by converting trajectory-defined risk into a clinically

usable prediction tool.!”

Compared with conventional regression, ML better models
non-linear relationships and high-dimensional predictor interactions, which are
common in psychosocial and clinical data. Moreover, explainable ML approaches such
as SHapley Additive Explanation (SHAP) improve transparency and clinical
interpretability.!® Hence, in this study, we employed ML techniques to predict the risk
of psychological distress utilizing the classification results of GMM along with
covariates. This dual approach of GMM and ML techniques not only provides a refined
understanding of psychological distress but also enables the prediction of individual
risk levels.!®

The present study addresses the currently available gaps by: (1) characterizing the
longitudinal evolution of psychological distress in stable COPD over 6 months; (2)

developing a ML-based risk prediction model for psychological distress; and (3)

building a user-friendly web-based calculator for clinical use.

Methods

Study design

We conducted a longitudinal observational study in outpatient clinics of three tertiary
hospitals in Chongqing, China. The study was reported in accordance with the
STROBE guideline for cohort studies.

Participants and setting

Assessments were scheduled at five time points: baseline (index clinic visit), 1 week, 1
month, 3 months, and 6 months. The one-week time point was included to capture
distress during the early transition from clinic-supervised management to home-based

self-care, when emotional strain was anticipated to be greatest. Patients were eligible if
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they: (1) had a confirmed diagnosis of COPD per Global Initiative for Chronic
Obstructive Lung Disease (GOLD) criteria (post-bronchodilator FEV1/FVC <0.70); (2)
were in clinically stable condition (no acute exacerbation or hospitalization in the prior
4 weeks); (3) were aged >40 years; (4) had sufficient cognitive and communication
ability to complete questionnaires; and (5) provided electronic informed consent.
Exclusion criteria: (1) acute exacerbation or hospitalization within 4 weeks before
enrollment; (2) severe comorbidities that could interfere with study outcomes, such as
severe cardiovascular disease; (3) diagnosed severe mental illness or documented
cognitive impairment; (4) development of an acute exacerbation of COPD during the
6-month follow-up period; and (5) participation in concurrent structured pulmonary
rehabilitation or psychological intervention trials.

Sample size

Sample size was estimated using G*Power software.!” With a=0.05, #=0.10 and an
assumed effect size f=0.10, a minimum of 154 participants was required. Accounting
for an expected 30% attrition rate in longitudinal follow-up, we aimed to recruit at least
200 patients at baseline.

Data collection

A total of 398 clinically stable outpatients with COPD were recruited between March
and December 2024. At baseline (T1), participants completed a questionnaire battery
covering sociodemographic characteristics, psychological distress, COPD knowledge,
symptom burden, dyspnea severity, coping strategies, social support, perceived stress,
and stigma. After data cleaning, 386 participants provided valid baseline data (12 were
excluded for invalid or incomplete baseline questionnaires). Of these, 63 participants
were lost to follow-up at the first follow-up assessment, with no further attrition
thereafter. Consequently, 323 participants completed all five assessments and
constituted the final analytic sample. Follow-up surveys were administered via the
SoJump platform.

Instruments
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Socio-demographic and clinical characteristics

A purpose-designed form was used to capture participants’ sociodemographic and
clinical data, including age, gender, marital status, number of children, place of
residence, educational level, payment method, smoking and alcohol consumption
history, monthly household income, body mass index (BMI), frequency of exercise,
disease duration, Global Initiative for Chronic Obstructive Lung Disease (GOLD) stage,
acute exacerbation frequency, and presence of comorbidities (recorded as any versus
none).

Psychological distress

Psychological distress was measured using the Distress Thermometer (DT), a
single-item visual analog scale ranging from 0 (no distress) to 10 (extreme distress).?’
Originally developed for psycho-oncology and endorsed as a routine screening tool, the
DT has been validated in Chinese populations.?! Because the optimal cut-off value is
population-specific, we applied the >5 threshold that we previously derived and
validated specifically in patients with stable COPD,?? rather than carrying the oncology
cut-off over unchanged. A DT score of >5 was therefore treated as a positive screen
requiring further assessment, not as a psychiatric diagnosis.

Symptom burden

Symptom burden was evaluated using the COPD Assessment Test (CAT),” a
GOLD-recommended instrument for symptom assessment. The CAT comprises eight
items, each scored from 0 to 5, yielding a total score range of 0—40. Higher total scores
reflect a greater symptom burden.

Dyspnea severity

The modified Medical Research Council (mMRC) dyspnea scale was employed to
grade breathlessness, with scores ranging from 0 (only during strenuous exercise) to 4
(breathlessness at rest).2* Higher scores indicate more severe dyspnea.

COPD knowledge

The COPD Knowledge Questionnaire (COPD-Q) consists of 13 items covering clinical
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manifestations, risk factors, medication use, oxygen therapy, prevention, and disease
outcomes.?> Each correct answer receives a score of 1, while incorrect or “do not know”
responses receive 0. Total scores thus range from 0 to 13, with higher scores denoting
better disease-related knowledge.

Coping style

Coping style was assessed using the Simplified Coping Style Questionnaire (SCSQ), a
20-item scale comprising two subscales: positive coping (12 items) and negative coping
(8 items).?® Each item is rated on a 0-3 scale, producing subscale scores of 0-36 for
positive coping and 0-24 for negative coping. Higher scores on each subscale indicate
greater use of that particular coping style.

Social support

The Perceived Social Support Scale (PSSS),?” adapted for Chinese populations by
Jiang,?® contains 12 items measuring three domains: family, friends, and significant
others. Items are answered on a 7-point Likert scale, with total scores ranging from 12
to 84. Higher scores reflect stronger perceived social support.

Perceived stress

The 10-item Perceived Stress Scale (PSS-10) was used to assess stress experienced over
the preceding month.?’ Each item is scored on a 5-point scale, giving a total score
between 0 and 40, with higher scores indicating greater perceived stress. The Chinese
version of the PSS-10 has demonstrated sound psychometric properties.*°

Perceived stigma

Perceived stigma was measured using the 8-item Stigma Scale for Chronic Illness
(SSCI-8). Items are rated from 1 (never) to 5 (always), yielding total scores between 8
and 40.%! Higher scores denote a higher level of perceived stigma. The Chinese version
has established reliability and validity in chronic illness populations.*?

Data Analysis

Descriptive and univariate analysis

Continuous variables are reported as mean =+ standard deviation, and categorical
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variables as frequencies (percentages). A complete-case analysis was used in this study:
participants who did not complete all five assessments were excluded from the analyses,
and no data imputation was performed. Univariate analyses, employing the
Mann-Whitney U test, chi-square test, or Fisher-Freeman-Halton test as appropriate,
were performed to identify potential factors associated with psychological distress. All
analyses were conducted using SPSS version 26.0 (IBM Corp., Armonk, NY, USA),
and a two-tailed p-value <0.05 was considered statistically significant.

Longitudinal trajectory pattern analysis

GMM was performed in Mplus 8.8 to identify distress trajectories over time. Model
selection followed established recommendations'>-* based on: (1) fit indices (Akaike
Information Criteria [AIC], Bayes Information Criteria [BIC], and sample-size adjusted
BIC [aBIC], with lower values indicating better fit; (2) likelihood ratio tests (Lo-
Mendell-Rubin [LMR] test and adjusted LMR likelihood-ratio test [LRT]), with
significant p-values favoring the K-class model over K-1; (3) classification accuracy
(entropy near 1.0, average posterior probabilities [AvePP] >0.70, and class
proportions >5%). The final model was chosen based on statistical fit, parsimony, and
interpretability.

Feature selection

Consistent with prior recommendations,* participants following a “persistent low
distress” trajectory were classified as non-cases, while all others were classified as cases.
Predictor selection was performed using least absolute shrinkage and selection operator
(LASSO) regression, which shrinks coefficients of irrelevant predictors to zero.*> The
penalty parameter (lambda) was optimized via 10-fold cross-validation (LassoCV), and
predictors with non-zero coefficients were retained for further analysis.

Machine learning model development

Eight machine learning algorithms were trained and compared: logistic regression,
support vector machine (SVM), k-nearest neighbors (KNN), random forest (RF), light

gradient boosting machine (LightGBM), extreme gradient boosting (XGBoost),
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decision tree, and multilayer perceptron (MLP). Model implementation was carried out
in Python 3.7 using the xgboost 1.2.1, lightgbm 3.2.1, and scikit-learn 0.22.1 libraries.
The dataset was randomly partitioned into training (70%) and testing (30%) sets, with
bootstrap resampling applied during the training phase. Model performance on the
validation set was evaluated using the area under the receiver operating characteristic
curve (AUROC), accuracy, sensitivity, specificity, positive predictive value (PPV),
negative predictive value (NPV), and F1 scores. Clinically relevant thresholds were
defined as: AUROC >0.70,%¢ sensitivity and specificity >0.70, PPV and NPV >0.70,
and F1 scores >0.75. Calibration was assessed by plotting predicted distress incidence
against observed outcomes.

Model optimization and evaluation

Five-fold cross-validation was employed to ensure generalizability. Discriminative
ability was evaluated via ROC analysis and the resulting AUC. Calibration plots were
used to compare predicted probabilities with observed outcomes. Decision curve
analysis (DCA) was performed to estimate the clinical net benefit.>” Feature importance
was interpreted using SHAP, where larger absolute SHAP values indicate a greater
contribution to the prediction.*®

Ethical considerations

The study protocol was approved by the Institutional Review Board of Chongqing
Traditional Chinese Medicine Hospital (Approval No. 2024-KY-HY-35). The study
was conducted in accordance with the Declaration of Helsinki. Written informed
consent was obtained from all participants prior to enrolment. Participation was

voluntary, and all data were kept confidential.

Results

Participant characteristics
Of the 398 patients who completed the baseline survey, 12 were excluded due to invalid

or incomplete responses. The remaining 386 individuals were invited to participate in
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the follow-up assessments, of whom 63 declined after the first wave. No patient was
lost from the subsequent follow-up points, a total of 323 patients therefore completed
all study measures and were included in the final analytical sample. Table 1 summarizes
the baseline demographic and clinical characteristics. The sample was predominantly
female (79.3%), with a mean age of 63.7 years (SD = 9.0) and an average disease
duration of 13.3 years (SD = 4.1). The majority lived in urban areas (81.1%) and had
completed only primary education or less (68.1%). Monthly household income was
below ¥3,000 for 39.3% of participants, and 72.8% relied on out-of-pocket payment for
healthcare. Clinically, 75.6% of patients were classified as GOLD stages III or IV, and
the mean annual frequency of acute exacerbations was 2.51 (SD = 1.08). Comorbidities
were present in 52.3% of the cohort. A history of smoking was reported by 51.4%,
alcohol use by 47.1%, and only 19.8% engaged in regular physical exercise. Body mass
index (BMI) distribution was balanced across underweight, normal, and overweight
categories.

Baseline psychosocial variables

At baseline, the mean Distress Thermometer (DT) score was 3.86 (SD = 1.50). The
mean COPD Assessment Test (CAT) score was 20.07 (SD = 7.49), indicating a
substantial symptom burden. The mean modified Medical Research Council (mMRC)
dyspnea score was 1.96 (SD = 0.77). Additional baseline measures included the
COPD-Q (mean=6.38, SD=4.01), coping style (mean =30.15, SD = 13.06), perceived
social support (mean = 14.17, SD = 1.86), perceived stress (mean = 19.34, SD = 7.94),
and perceived stigma (mean = 23.60, SD = 6.59).

Longitudinal trend of psychological distress

The mean DT scores across the five time points were as follows: 3.86 (SD = 1.50) at
T1,4.72 (SD =1.17) at T2, 4.34 (SD = 1.72) at T3, 4.06 (SD = 1.28) at T4, and 3.76
(SD =1.20) at T5. A generalized estimating equation (GEE) model with distress as the
dependent variable and time as the independent factor revealed a significant main effect

of time (Wald y* = 1143.046, p < 0.001), indicating that distress levels varied
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significantly over the study period.

Identification of four distinct distress trajectories

GMM was applied to test one- to five-class solutions (Table 2). All models yielded
entropy values above 0.9. The BLRT was significant for all class solutions, whereas the
LMR test was significant for one- to four-class models. The AIC, BIC, and aBIC
decreased progressively from one to four classes but increased from four to five classes.
Based on statistical fit indices, interpretability, and parsimony, the four-class model was
selected (Figure 1). The average latent class probabilities for most likely class
membership ranged from 0.996 to 1.000 (Table 3), indicating excellent classification
accuracy. With the DT cut-off of >5 defining clinically significant distress, the four
trajectories were labeled as follows: (1) persistent high distress (scores >5 throughout
follow-up), (2) transient threshold-exceeding distress with rapid decline (scores >5
early in follow-up that then fell below 5), (3) persistent near-threshold distress with
gradual decline (scores of approximately 3.5-4.5, just below the clinical threshold), and
(4) persistent low distress (scores below 3.5). Among these, the persistent low distress
trajectory was the only one that achieved sustained recovery to a low-distress state, and
it therefor served as the reference (“non-case”) group; the other three trajectories, which
did not achieve this recovery, were pooled as “cases.” The persistent near-threshold
trajectory was classified as a case on the basis of its time course rather than its absolute
level, since distress that persisted just below the clinical threshold throughout follow-
up signified incomplete adaptation rather than recovery, and therefore a state warranting
monitoring.

Feature selection for trajectory classification

Univariate analyses identified 15 variables that differed significantly across the four
trajectory classes: gender, age, residence, education, payment method, number of
children, disease duration, GOLD stage, acute exacerbation frequency, CAT score,
mMRC dyspnea score, SCSQ-Positive score, SCSQ-Negative score, PSS-10 score, and

SSCI-8 score (Table 4). These variables were entered into a least absolute shrinkage
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and selection operator (LASSO) regression with 10-fold cross-validation. Nine
predictors retained non-zero coefficients: gender, number of children, education,
payment method, acute exacerbation frequency, CAT score, mMRC score,
SCSQ-Negative score, and PSS-10 score (Figure 2).

Comparative performance of classification models

Table 5 and Figure 3 summarize the performance of eight ML models on the training
and validation sets. The XGBoost model achieved the best predictive performance
overall. Receiver operating characteristic (ROC) curves (Figures 3A, 3B) suggested
that KNN and RF were more prone to overfitting, whereas XGBoost exhibited greater
stability. Calibration plots (Figure 3C) demonstrated good agreement between predicted
probabilities and observed outcomes. A forest plot (Figure 3D) provides a summary of
ROC results across all models.

Optimization of the XGBoost model

Performance metrics for the final XGBoost model are presented in Table 6. The AUC
values were 0.859 for the training set, 0.686 for the validation set, and 0.739 for the test
set, indicating moderate discriminative ability (Figures 4A—4C). The learning curve
(Figure 4D) showed convergence of training and validation errors, suggesting no
underfitting or overfitting. The calibration curve (Figure 4E) indicated close alignment
between predicted and observed probabilities. DCA (Figure 4F) revealed that the
XGBoost model provided greater net benefit than either the “treat-all” or “treat-none”
strategies across a range of threshold probabilities.

Model interpretation

SHAP summary plots (Figure 5A) illustrate the contribution of each feature to the
model’s predictions. Bar graphs (Figure 5B) rank feature importance by mean absolute
SHAP values. Individual patient-level explanations are provided for two example cases
(Figures 5C, 5D), detailing how specific feature values shift the predicted risk of
psychological distress upward or downward.

Model presentation
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The final XGBoost model was implemented as an interactive web application using the
R Shiny package. This tool allows clinicians to input patient data and obtain an
estimated risk score for psychological distress, thereby supporting clinical

decision-making. A preview of the user interface is shown in Figure 6.

Discussion

This study delineated four distinct longitudinal trajectories of psychological distress
among patients with stable COPD and further developed a ML-based predictive model
to identify individuals at elevated risk. Among eight ML algorithms evaluated,
XGBoost demonstrated superior predictive performance. To facilitate bedside or
outpatient application, we also constructed a web-based risk calculator.

Psychological distress in COPD is well recognized to correlate with diminished
health-related quality of life, suboptimal self-management, and heightened risks of
acute exacerbations, hospital admissions, and mortality.*® Although earlier
cross-sectional studies have documented the prevalence and associated factors of

distress, "1

its evolution over time has remained poorly characterized. In our cohort,
distress levels rose shortly after the clinic visit (within one week) and then gradually
subsided over a six-month period—a pattern analogous to that reported in patients with
oesophageal cancer undergoing radiotherapy*® and in ovarian cancer patients.*! From
the perspective of stress-adaptation theory,*? the initial increase likely reflects an acute
stress response triggered by the transition from direct clinical supervision to
home-based self-care, a shift accompanied by reduced environmental security,
heightened illness awareness following the comprehensive baseline assessment
(including spirometry and symptom questionnaires), and the emergence of new
self-management demands. The subsequent decline may represent successful
adaptation, mediated by cognitive reappraisal of the illness and a growing sense of

self-efficacy.* Given that the one-week time point emerged as an inflection point for

distress, we propose a dual-phase supportive strategy: structured symptom monitoring
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coupled with dyspnea management training at the time of discharge, followed by
proactive tele-assessment one week after the clinic visit.

Using GMM, we identified four heterogeneous adaptation pathways. A small
subgroup (8.0%) exhibited persistently high distress and may benefit from targeted
psychosocial interventions, such as mindfulness-based programmes** or cognitive
behavior therapy.* Another subgroup (15.2%) showed transient distress that exceeded
the clinical threshold only during the care transition; for these patients, timely
interventions—for instance, mindfulness-based breathing exercises initiated at
discharge*® could enhance emotional regulation. The largest subgroup maintained
subthreshold distress that gradually declined yet remained near the clinical cutoff for
three months, highlighting the need for sustained health education and psychological
support to avert progression. The predominance of this near-threshold class (65.0%)
suggests that, for most patients with stable COPD, distress persists as a chronic, low-
grade emotional strain that fluctuates just below the clinical threshold rather than
remitting fully, reflecting the persistent yet partially manageable burden of living with
a progressive chronic illness. Only a minority (11.8%) sustained consistently low
distress levels; for this group, continued emotional and informational reinforcement is
warranted to preserve psychological well-being.

Early recognition of high-risk patients enables targeted interventions aimed at
improving both psychological and clinical outcomes. Although tools such as the DT
and the Hospital Anxiety and Depression Scale (HADS) are valuable for cross-sectional
screening, they lack the capacity to forecast future distress. Conventional modelling
approaches often struggle with high-dimensional data and non-linear relationships.*’
ML algorithms, by contrast, can accommodate a broader array of predictors and model
complex interactions more effectively,*® d which explains their growing adoption in
medical prognosis. In the present study, the XGBoost-based model achieved area under
the curve (AUC) values of 0.859, 0.686, and 0.739 in the training, validation, and test

sets, respectively, indicating moderate discriminative performance rather than high
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accuracy. Calibration and DCA provided preliminary support for reliability, yet the
marked decline from training to validation AUC suggests overfitting, consistent with
observations in other modest-sample ML prediction studies. Furthermore, the model
yielded high PPV but very low NPV, meaning it can effectively identify high-risk
individuals but cannot reliably exclude low risk, which constrains its clinical utility as
a rule-out tool. To address the “black box” concern commonly raised with ML, we
applied SHapley Additive exPlanations (SHAP) to elucidate predictor contributions at

the individual level,*

thereby enabling clinicians to tailor interventions based on
modifiable factors highlighted by the model. Notably, several core predictors (CAT,
mMRC, and PSS-10) overlapped with variables defining GMM trajectory classes,
which introduces circularity that may partially inflate predictive performance; this
analytical constraint should be considered when interpreting model validity.

A key strength of this study is the novel integration of GMM and ML to capture
dynamic distress trajectories while providing individualized risk prediction—an
advance over conventional statistical approaches. Nevertheless, several limitations
should be acknowledged. First, the convenience sample was recruited from a single
region (three hospitals in Chongqing) and was predominantly female (79.3%), which
limits the generalizability of findings to broader, more sex-balanced COPD populations;
63 participants (16.3%) were also lost to follow-up, and although the retained sample
supported the planned analyses, differential attrition cannot be fully excluded. Second,
the six-month follow-up is relatively brief; longer observation would be needed to fully
delineate long-term trajectories. Third, the sample size (n = 323) is below the n >500
heuristic recommended for latent class models and is modest for robust ML model
development and validation, which may contribute to overfitting and performance
instability. Fourth, distress was measured with a screening instrument rather than a
gold-standard diagnostic interview, and comorbidity was recorded as a binary (any
versus none) variable, so the severity of distress and the number of comorbidities could

not be determined. Fifth, all data were self-reported, introducing possible recall and
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social desirability biases. Sixth, LASSO feature selection was performed on the full
dataset prior to data splitting, which raises risks of data leakage without nested cross-
validation. Finally, the conversion of multi-class trajectories into binary outcome
simplifies complex longitudinal patterns and may reduce conceptual validity, and
unmeasured confounders, such as medication adherence, family dynamics, and genetic

factors, may influence distress trajectories.

Conclusions

This study identified four distinct longitudinal trajectories of psychological distress in
patients with stable COPD. We further developed an ML-based predictive model with
moderate, exploratory predictive accuracy for identifying distress risk. The model has
been translated into an online risk calculator to assist healthcare professionals in early
recognition of high-risk patients and delivery of targeted psychological support.
Widespread clinical application requires further validation in larger, independent, and

demographically diverse cohorts before definite clinical utility can be established.

Implications for clinical practice

The web-based risk calculator offers a practical tool for early stratification of stable
COPD patients at elevated risk of psychological distress. By integrating routinely
available predictors—including symptom burden, dyspnea severity, negative coping
style, and perceived stress—the tool categorizes patients into distinct risk tiers. In
clinical use, a clinician enters the patient’s nine predictor values into the interface, and
the calculator returns an estimated probability of belonging to an elevated-distress
trajectory to guide triage. Several retained predictors (female sex, lower educational
level, and a larger number of children) are non-modifiable and instead identify
subgroups that warrant closer monitoring, whereas the modifiable predictors (symptom
burden, dyspnea severity, negative coping style, and perceived stress) are actionable

targets for intervention. A high predicted risk should prompt a formal psychological
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assessment (for example, the PHQ-9 for depression or the GAD-7 for anxiety) or
referral to psychological support, whereas scores in the border zone around the decision
threshold should trigger brief follow-up monitoring rather than immediate referral,
because the model’s limited negative predictive value means it cannot reliably rule out
distress. This stratification enables more efficient allocation of limited psychosocial
support resources, ensuring that interventions are directed toward those most likely to
benefit. The online interface supports point-of-care use during routine follow-up visits,
facilitating timely clinical decisions and fostering a more personalized, proactive

approach to managing psychological comorbidity in COPD.

Implications for future research

Further external validation in larger, multicenter, sex-balanced cohorts is required to
confirm the generalizability of the prediction model across diverse clinical settings and
demographic groups. Extending follow-up beyond six months would clarify long-term
distress trajectories and the durability of risk predictions. Research should also explore
the mechanisms linking predictors such as negative coping and perceived stress to
persistent distress, potentially uncovering more precise intervention targets.
Methodological improvements including nested cross-validation, stricter anti-leakage
protocols, and reduction of predictor-outcome circularity are needed to enhance model
robustness. Finally, implementation studies examining the integration of the risk
calculator into clinical workflows and its impact on patient-centered outcomes (e.g.,
quality of life, exacerbation rates, and healthcare utilization) are essential to translate

this tool into tangible clinical benefit.
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Table 1. Socio-demographic and clinical characteristics of study participants

(n=323).
Variable Mean SD
Age, years 63.71 8.96
Disease duration, years 13.28 4.09
Number of acute exacerbations 2.51 1.08
Variable Number of patients Proportion, %
Gender
Male 67 20.7
Female 256 79.3
Residence
Rural 61 18.9
Urban 262 81.1

Educational level

Primary school or below 220 68.1
Junior high 39 12.1
Senior high 31 9.6
University or above 33 10.2

Marital status

Single 83 25.7
Married 158 48.9
Divorced/Widowed 82 25.4

Payment method

Private payment 235 72.8

Partial medical insurance 44 13.6

Complete medical insurance 44 13.6
Quantity of children

0 46 14.2

1 31 9.6
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>2 246 76.2

Household monthly income, Chinese

yuan
<3,000 127 39.3
3,000-8,000 95 29.4
>8,000 101 31.3
Smoking history
No 157 48.6
Yes 166 514
Drinking history
No 171 52.9
Yes 152 47.1

Co-morbidity
No 154 47.7
Yes 169 52.3

Frequency of exercise

Never 62 19.2
Occasionally 197 61.0
Regularly 64 19.8
BMI, kg/m?
<18.4 107 33.2
18.4-23.8 108 33.4
>23.8 108 33.4
GOLD degree
I 38 11.8
11 41 12.7
11 216 66.9
v 28 8.7

COPD, chronic obstructive pulmonary disease; GOLD, global initiative for chronic
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obstructive lung disease; BMI, body mass index.
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Table 2. Model fit indices for trajectory patterns with different classes.

Class AIC BIC aBIC LMR(p) BLRT(p) Entropy Sample proportion (%) per
class
1 4125.777 4163.548 4131.829 n.a. n.a. n.a. n.a.

2 3940.250 3989.359 3948.125 <0.001 <0.001 0.996 62.209/37.791

3 3809.960 3870.403 3819.652 0.006 <0.001 0.992  20.124/62.229/17.647

4 3121.098 3192.873 3132.608 0.012 <0.001 0.997 8.050/15.170/65.015/11.765
5 3127.098 3210.206 3140.425 0.879 <0.001 0.997  8.050/15.170/65.015/0.000

AIC, Akaike Information Criterion; BIC, Bayesian Information Criterion; aBIC, adjusted Bayesian Information Criterion; LMR, Lo—Mendell—

Rubin; BLRT, bootstrap likelihood ratio test; n.a., not applicable.
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Table 3. Classification probabilities for the most likely trajectory class membership

by latent class.

Latent Latent class membership

class CI1 (26) C2 (49) C3 (210) C4 (38)
Cl 0.998 0.000 0.000 0.002
C2 0.000 1.000 0.000 0.000
C3 0.000 0.000 1.000 0.000
C4 0.004 0.000 0.000 0.996
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Variable C1 (N=26) C2 (N=49) C3 (N=210) C4 (N=38) Statistics P-value
Age, yearss 64.50£6.65 64.311£7.28 62.291+9.74 59.61£10.26 9.646° <0.001
Disease duration, years 12.81£2.55 13.471£2.41 12.97+£4.26 11.63+5.80 7.298% 0.008
Number of acute exacerbations  2.77%0.51 2.821+0.44 246+1.13 1.84+1.39 11.210* <0.001
CAT 25.65+5.64 24.57+3.29 19.20£7.87 15.21£5.06 20.009* <0.001
mMRC 2.35£0.63 2.39+0.57 1.89+0.78 1.53+0.60 13.337% <0.001
COPD-Q 6.42+4.12 5.71+4.00 6.371+3.96 7.29+4.09 1.105% 0.347
SCSQ-Positive 14.27+5.50 14.82t4.15 19.70£7.04 22.165.55 15.514* <0.001
SCSQ-Negative 16.2714.26 14.92+3.14 11.52+5.31 8.951+3.46 18.881% <0.001
SCSQ-Total 30.58+15.73  28.67%=12.69 30.55£13.03 29.58+12.04 0.307* 0.820
PSSS-Family 4.6211.10 4.67x1.13 4.74+1.04 4.53+1.01 0.499* 0.683
PSSS-Friends 4.65+1.09 4.63+1.04 4.80+1.12 5.05+1.23 1.157% 0.326
PSSS-Others 4.42+0.90 4,78 +£1.07 470+1.08 4.6611.10 0.668* 0.572
PSSS-Total 13.69+1.69 14.08+1.72 14.24+1.96 14.24+1.55 0.717% 0.542
PSS-10 23.88+6.97 24.35+4.13 18.49£8.25 14.50£5.75 17.090* <0.001
SSCI-8 27.58+£4.46 26.691t4.70 22971691 20.39£5.41 11.421° <0.001
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31.682¢ <0.001
Male 26 (100.00%) 49 (100.00%) 159 (75.71%) 22 (57.90%)
Female 0 (0.00%) 0 (0.00%) 51 (24.29%) 16 (42.11%)
Residence 27.051¢ <0.001
Rural 0 (0.00%) 0 (0.00%) 47 (22.38%) 14 (36.84%)
Urban 26 (100.00%) 49 (100.00%) 163 (77.62%) 24 (63.16%)
Educational level 50.518°¢ <0.001
Primary school or below 26 (100.00%) 49 (100.00%) 130 (61.91%) 15 (39.47%)
Junior high 0 (0.00%) 0 (0.00%) 30 (14.29%) 9 (23.68%)
Senior high 0 (0.00%) 0 (0.00%) 24 (11.43%) 7 (18.42%)
University or above 0 (0.00%) 0 (0.00%) 26 (12.38%) 7 (18.42%)
Marital status 5.183° 0.159
Single 10 (38.46%) 9 (18.37%) 56 (26.67%) 8 (21.05%)
Married 10 (38.46%) 24 (48.98%) 107 (50.95%) 17 (44.74%)
Divorced/Widowed 6 (23.08%) 16 (32.65%) 47 (22.38%) 13 (34.21%)
Payment method 44.375°¢ <0.001
Private payment 26 (100.00%) 49 (100.00%) 142 (67.62%) 18 (47.37%)
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Partial medical insurance
Complete medical
insurance
Quantity of children
0
1
>2
Household monthly income,
Chinese yuan
<3,000
3,000-8,000
>8,000
Smoking history
No
Yes
Drinking history
No

0 (0.00%)
0 (0.00%)

0 (0.00%)
0 (0.00%)
26 (100.00%)

11 (42.31%)
7 (26.92%)
8 (30.77%)

9 (34.62%)
17 (65.38%)

11 (42.31%)

0 (0.00%)
0 (0.00%)

0 (0.00%)
0 (0.00%)
49 (100.00%)

22 (44.90%)
16 (32.65%)
11 (22.45%)

27 (55.10%)
22 (44.90%)

26 (53.06%)

38 (18.10%)
30(14.29%)

34 (16.19%)
24 (11.43%)
152 (72.38%)

80 (38.10%)
61 (29.05%)
69 (32.86%)

102 (48.57%)
108 (51.43%)

114 (54.29%)

6 (15.79%)
14 (36.84%)

12 (31.58%)
7 (18.42%)
19 (50.00%)

14 (36.84%)
11 (28.95%)
13 (34.21%)

19 (50.00%)
19 (50.00%)

20 (52.63%)

39.015°¢

1.837°

2.886°

1.330°
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Yes
Co-morbidity

No

Yes
Frequency of exercise

Never

Occasionally

Regularly
BMI, kg/m?

<18.4

18.4-23.8

>23.8
GOLD degree

I

II

I

15 (57.69%)

11 (42.308%)
15 (57.692%)

9 (34.615%)
8 (30.769%)
9 (34.615%)

6 (23.077%)
9 (34.615%)
11 (42.308%)

0 (0.000%)
0 (0.000%)
26
(100.000%)

23 (46.94%)

23 (46.939%)
26 (53.061%)

17 (34.694%)
13 (26.531%)
19 (38.776%)

14 (28.571%)
19 (38.776%)
16 (32.653%)

0 (0.000%)
0 (0.000%)

49 (100.000%)

96 (45.71%)

106 (50.476%)
104 (49.524%)

33 (15.714%)
144 (68.571%)
33 (15.714%)

72 (34.286%)
71 (33.810%)
67 (31.905%)

30 (14.286%)
29 (13.810%)
130 (61.905%)

18 (47.37%)

14 (36.842%)
24 (63.158%)

3 (7.895%)
32 (84.211%)
3 (7.895%)

15 (39.474%)
9 (23.684%)
14 (36.842%)

8 (21.053%)
12 (31.579%)
11 (28.947%)
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2.750°

0.191°

1.774b%

13.488°¢
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v 0 (0.000%) 0 (0.000%) 21(10.000%) 7 (18.421%)

COPD, chronic obstructive pulmonary disease; GOLD, global initiative for chronic obstructive lung disease; BMI, body mass index. In this

table, superscript a indicates F-value, b indicates % value, and ¢ indicates results from the Fisher-Freeman-Halton test.
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Table 5. Predictive performance of the eight machine learning algorithms in the

training and validation sets for psychological distress among patients with stable

CODP.
Models AUC  Accuracy Sensitivit Specificit PPV NPV  FI score
y y

Training set

Logistic 0.780 0.611 0.574 0.895 0977 0.222 0.720
SVM 0.876  0.929 0.951 0.764 0.968  0.684 0.959
KNN 1.000  1.000 1.000 1.000 1.000  1.000 1.000
RF 1.000  1.000 1.000 1.000 1.000  1.000 1.000

LightGBM 0.697 0.732 0.743 0.652 0.9430 0.271 0.827
XGBoost 0.828 0.737 0.727 0.809 0969 0.297 0.826
Decision Tree  0.705  0.724 0.731 0.679 0.946  0.257 0.822
MLP 0.631 0.527 0.484 0.848 0969 0.196 0.597

Validation set

Logistic 0.753  0.589 0.554 0.85 0963 0.203 0.703
SVM 0.651 0.759 0.804 0.425 0912 0229 0.853
KNN 0.582  0.579 0.579 0.575 0910 0.158 0.706
RF 0.695 0.746 0.804 0.318 0.898  0.182 0.847

LightGBM 0.608 0.706 0.737 0.479 0918 0.165 0.813
XGBoost 0.704 0.672 0.684 0.579 0.925  0.210 0.777
Decision Tree  0.561  0.678 0.712 0.411 0906 0.141 0.794
MLP 0.689 0.536 0.495 0.839 0.969 0.193 0.615

COPD, chronic obstructive pulmonary disease; AUC, area under the curve; PPV,
positive predictive value; NPV, negative predictive value; SVM, support vector
machine; KNN, K-Nearest Neighbor; RF, random forest; GBM, gradient boosting

machine; XGBoost, extreme gradient boosting; MLP, multilayer perceptron.
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Table 6. Performance of the XGBoost classification model for predicting the risk of

psychological distress among patients with stable COPD.

Models AUC  Accuracy Sensitivity  Specificity PPV NPV  FI score
Training set  0.859  0.765 0.757 0.823 0970 0.326 0.848
Validation set 0.686  0.703 0.728 0.517 0.924 0.182 0.808
Test set 0.739  0.753 0.802 0.364 0.908 0.19 0.852

COPD, chronic obstructive pulmonary disease; AUC, area under the curve; PPV,
positive predictive value; NPV, negative predictive value. XGBoost, extreme gradient

boosting.
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Figure legends

Figure 1. Four longitudinal trajectory patterns of psychological distress in patients

with stable COPD. COPD, chronic obstructive pulmonary disease.
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Figure 2. Feature selection based on the LASSO regression. Coefficient profile (A)
and penalty plot (B). The minimum criteria and the one standard error of the
minimum criteria were chosen as the optimal values for the drawn dotted vertical

lines.
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Figure 3. Construction and comparison of eight ML models. ROC curves of eight ML

algorithms for predicting psychological distress in the train (A) and validation (B) sets

as well as calibration curves (C) and forest plot of various models (D). ROC, receiver

operating characteristic; ML, machine learning.
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Figure 4. Development and evaluation of XGBoost classification model. ROC curves
of XGBoost using the 5-fold cross-validation in the training (A), validation (B) and
test (C) sets, respectively. D-F represent machine learning curve, calibration curve for

XGBoost, and decision curve for XGBoost classification model, respectively. ROC,

receiver operating characteristic.
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Figure S. Interpretation of the results of XGBoost classification model based on the
SHAP method. SHAP summary chart (A) and bar chart (B). The left dot plot
represents the direction of contribution of each value of each variable, with red
indicating larger values and blue indicating lower values of each variable. The right
bar plot represents the importance of the variables and their overall contribution to the
model predictions. C and D indicate that the SHAP scores explain the predicted risk

of psychological distress in two subjects.
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Figure 6. The web-based calculator for predicting the risk of psychological distress

among patients with stable COPD. COPD, chronic obstructive pulmonary disease.

The web-based calculator for predicting the risk of
psychological distress among stable COPD patients

gender Female

Children 0

SCSONegative

resetting Eng =l
The probability of the occurmmence of the disease is: 86.1% (the threshold of the occurrence of the
disease is: 84 2%).
If the predicted risk is higher than the threshold, it is considered that the possibility of developing

clinically significant psychological distress is high, and therefore preventive strategies should be
taken to address the progression of psychological distress in the patient.
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