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Abstract

Background: Traditional Chinese medicine (TCM) constitution is a structured health state taxonomy used in preventive care,
but its relationship with routinely collected health examination data, disease-related markers, and longitudinal change remains
difficult to interpret in clinical informatics settings.

Objective: This study aimed to develop and evaluate a longitudinal clinical informatics framework for characterizing TCM
constitution as a computable, explainable, record-based phenotype using routine health examination records.

Methods: We conducted a retrospective longitudinal analysis of 47,417 examination-constitution records from 11,355 older
adults examined between 2017 and 2026. Baseline analyses used the first available record per participant, and longitudinal
analyses used 32,648 pairs of adjacent annual visits. The framework included bidirectional disease-constitution mapping,
nonoverlapping multimarker burden modeling, lagged next-visit association models, constitution-state transition analysis, and
temporal evaluation of routine examination—based label prediction models. Additional sensitivity analyses evaluated partici-
pant overlap across calendar-year splits, participant-disjoint temporal evaluation, BMI-only and BMI-plus-waist baselines,
exclusion of anthropometric predictors, adiposity adjustment of longitudinal models, and new-onset and persistence outcomes.

Results: Phlegm-dampness showed the clearest record-based signature and was associated with higher cardiometabolic
marker burden than balanced constitution (incidence rate ratio 1.65, 95% CI 1.60-1.70). In lagged models, its associations
with a subsequent abdominal ultrasound abnormality flag and cardiometabolic risk clustering persisted after BMI adjustment,
whereas associations with diabetes-related markers, proteinuria, dyslipidemia, and glucose abnormalities were substantially
attenuated. Of 11,355 participants, 8122 appeared in at least 2 original calendar-year splits. In a participant-disjoint temporal
sensitivity analysis with 1054 new test participants, extreme gradient boosting (XGBoost) identified phlegm-dampness label
presence with an area under the receiver operating characteristic curve of 0.927 (95% CI 0.912-0.941). A BMI-only model
achieved 0.923 (95% CI 0.907-0.938), whereas XGBoost without anthropometric predictors achieved 0.685 (95% CI 0.653-
0.717).

Conclusions: Routine health examination data captured a reproducible, predominantly adiposity-centered phlegm-dampness
label phenotype in this cohort of older adults. High discrimination was retained in participant-disjoint evaluation but was
nearly matched by the BMI-only model, and several longitudinal associations were explained by adiposity. The models should
therefore be interpreted as decision-support and communication aids for an existing constitution assessment process and not as
stand-alone diagnostic systems or comprehensive classifiers of TCM constitution.
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Introduction

Clinical informatics increasingly depends on the ability to
reuse routinely collected health data to construct interpreta-
ble phenotypes for prevention, risk stratification, decision
support, and patient-centered communication. Electronic
health record phenotyping has made substantial progress in
deriving computable disease definitions from structured and
unstructured clinical data [1]. Informatics research has also
emphasized the need for next-generation phenotype repre-
sentations that can handle longitudinal, heterogeneous, and
multidimensional clinical data [2]. Transportable phenotype
algorithms and shared phenotype knowledge bases further
illustrate how clinical concepts can be made reproducible
across settings [3].

The challenge is broader than conventional disease
phenotyping. Health systems often contain locally meaningful
categories, patient-reported patterns, functional taxonomies,
and culturally embedded health state classifications that are
not fully represented by diagnosis codes. Digital phenotyping
was initially popularized as moment-by-moment quantifica-
tion of individual-level human phenotype using data from
personal digital devices [4]. Subsequent work has emphasized
purpose, quality, safety, and interpretability rather than data
volume alone [5]. In this study, we used digital phenotyping
in the narrower clinical informatics sense of computationally
characterizing an existing health state label from longitudi-
nal routine records; we do not imply continuous or passive
behavioral sensing. We used label prediction for models
that reproduce an existing recorded constitution label and
longitudinal association for models relating current consti-
tution to subsequent recorded marker status. Neither term
denotes a stand-alone diagnosis.

Traditional Chinese medicine (TCM) constitution is one
such structured health state taxonomy. The constitution
framework has been discussed as a basis for individualized
and preventive health management in Chinese medicine [6].
Constitution assessment is widely used in China to describe
relatively stable yet modifiable patterns of physiological and
functional status, commonly grouped into balanced constitu-
tion and several biased constitution types, including phlegm-
dampness, yang-deficiency, qi-deficiency, and yin-deficiency.
The Constitution in Chinese Medicine Questionnaire has been
psychometrically validated in Chinese-speaking populations
[7], and short-form and Cantonese versions have been
evaluated for health management and older adult populations
[8.9].

Previous clinical and epidemiological studies have linked
constitution patterns, particularly phlegm-dampness, with
metabolic syndrome, cardiometabolic risk, and diabetes-rela-
ted conditions [10,11]. However, much of this evidence
remains cross-sectional, condition specific, or focused on
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conventional association testing. Two practical clinical
informatics questions remain insufficiently answered. First,
among people with recorded disease histories or examina-
tion abnormalities, which constitution patterns are overrepre-
sented? Second, among people with a given constitution
pattern, which disease-related markers are currently present
or subsequently recorded? These questions matter because
patients and clinicians often need bidirectional explanations:
what a disease or marker may imply about constitution, and
what a constitution label may imply about prevention and
follow-up.

Therefore, the relevance of TCM constitution in clinical
informatics is not limited to traditional medicine. Constitu-
tion can be viewed as a structured health state taxonomy
that captures patient-level heterogeneity through a cultur-
ally specific lens. If such a taxonomy can be mapped,
tracked, and predicted using routine examination data, it may
provide a model for studying other non-Western, patient-
reported, or locally embedded health classifications. This
requires moving beyond single-marker correlation analysis.
A computable constitution phenotype should have measura-
ble clinical content, longitudinal behavior, temporal general-
izability, model interpretability, and transparent uncertainty.
It should also be evaluated using more than discrimination
metrics alone because a high area under the receiver operating
characteristic curve (AUC) does not guarantee calibration
[12] and apparent discrimination does not by itself establish
clinical usefulness [13].

In this study, we developed a longitudinal clinical
informatics framework for TCM constitution using routine
health examination records of older adults. We treated
constitution as a structured health state phenotype rather than
as a clinical diagnosis. The framework combines bidirectional
disease-constitution mapping, multimarker burden modeling,
lagged longitudinal association modeling, constitution state
transition analysis, and temporally evaluated label prediction
from routine examination variables. To align model evalu-
ation with clinical informatics expectations, we incorpora-
ted explainable machine learning, calibration assessment,
decision curve analysis, sensitivity analysis for unmeasured
confounding, and exploratory uncertainty quantification. Our
aim was not to deploy an autonomous diagnostic model
but to test whether routine examination data can character-
ize a culturally embedded health taxonomy as an interpreta-
ble, reproducible, and longitudinally informative record-based
phenotype.
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Methods
Study Design and Data Source

We conducted a retrospective longitudinal analysis of routine
health examination records linked with TCM constitution
assessments. The records were collected from residents of 2
communities in Deyang City who underwent routine health
examinations between February 22, 2017, and March 30,
2026. The baseline analytic cohort had an observed age
range of 64 to 104 years. Each record included demographic
information, anthropometric measurements, blood pressure,
routine biochemical and hematologic measurements, urine
test results, selected examination findings, recorded disease
history fields, and TCM constitution labels. These records
arose from routine community health management rather than
protocol-driven research recruitment.

The analysis was designed to address 3 complementary
questions. First, we mapped how recorded diseases and
examination-derived disease-related markers were distributed
across constitution patterns. Second, we assessed whether
baseline and current constitution states were associated with
concurrent and next-visit disease or disease marker burden.
Third, we evaluated whether routine health examination
variables could be used to predict constitution states without
using the TCM constitution questionnaire items.

The study size was determined by all eligible routine
examination—constitution records available in the source
database during the study period; no a priori sample size
calculation was performed because the study was retrospec-
tive and record based. Reporting was informed by the
STROBE (Strengthening the Reporting of Observational
Studies in Epidemiology) guidance for observational studies
[14] and RECORD (Reporting of Studies Conducted Using
Observational Routinely Collected Health Data) guidance for
studies using routinely collected health data [15].

Ethical Considerations

The study used routinely collected health examination and
TCM constitution assessment records. The study protocol was
reviewed and approved by the Medical Ethics Committee
of the Affiliated Hospital of Chengdu University of Tradi-
tional Chinese Medicine (approval 2021KL-055). Written
informed consent was obtained from participants before
inclusion in the routine health examination and constitution
assessment database. Analyses were conducted on deidenti-
fied records. Publicly released outputs were restricted to
analysis code, data dictionaries, aggregate tables, figures, and
synthetic demonstration data; participant-level records were
not released because they contain sensitive health informa-
tion.

Data Cleaning and Variable
Harmonization

Raw variables were harmonized into a reproducible analytic
data frame. Examination dates were parsed as calendar dates,
and examination year was derived from the examination date.
Numeric values were extracted from raw fields, and values
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outside prespecified plausible ranges were set to missing.
Bilateral blood pressure measurements were summarized
as mean systolic and diastolic blood pressure for continu-
ous analyses and as maximum systolic and diastolic blood
pressure for high blood pressure classification. Estimated
glomerular filtration rate (eGFR) was calculated from serum
creatinine, age, and sex using the 2021 Chronic Kidney
Disease Epidemiology Collaboration creatinine equation.

For repeated record analyses, all records with a valid
participant identifier, examination date, and constitution label
were retained. For baseline descriptive analyses, the first
available record per participant was used. For longitudinal
analyses, adjacent records for the same participant were
paired if the interval between examinations was 180 to 730
days, creating an adjacent annual visit design.

For regression-based association analyses, records were
included when the outcome, constitution exposure, and
required covariates for the relevant model were nonmissing.
For prediction models, missing continuous predictors were
imputed using the median within the training pipeline, and
missing categorical predictors were encoded as a separate
missing category.

TCM Constitution Assessment and
Grouping

Constitution was assessed using the national 33-item Older
Adult TCM Constitution Scale, which was incorporated into
China’s basic public health service specifications for primary
care-based health management of older adults in 2013 [16].
Each item is scored from 1 to 5. Each of the 8 biased
constitution types is represented by 4 items: a summed score
of 11 or higher indicates that constitution, a score of 9 to
10 indicates a tendency toward it, and a score of 8 or lower
indicates its absence. Balanced constitution is assessed using
5 items, of which 4 are reverse scored. A balanced constitu-
tion summed score of 17 or higher together with scores of 8
or lower for all 8 biased types indicates balanced constitution.
When this definite criterion is not met, the same balanced
constitution summed score together with scores of 10 or
lower for all 8 biased types indicates a tendency toward
balanced constitution. Other score combinations do not meet
the balanced constitution criterion. Notably, the standardized
phlegm-dampness subscale includes an item scored from
BMI categories and an item scored from waist circumference
categories.

The routine assessment system automatically applied
the standardized rules to calculate constitution scores
and generate preliminary classifications. A clinician then
reviewed and confirmed the resulting constitution labels. The
analytic export retained responses to the 33 items, separate
determination fields for all 9 constitution types, an original
constitution label field, and a corrected constitution label
field. It did not retain assessor identity or a detailed audit
trail showing whether and how preliminary classifications
changed during clinical confirmation. We therefore analyzed
the clinician-confirmed corrected labels recorded in routine
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practice rather than rerunning the scoring algorithm from
individual items.

The recorded labels included balanced constitution
(Pinghe), qi-deficiency, yang-deficiency, yin-deficiency,
phlegm-dampness, dampness-heat, blood stasis, qi-stagnation,
and special diathesis. Multiple labels could be stored in
one record. For mutually exclusive descriptive and associa-
tion analyses, the first-listed label was used as a reprodu-
cible primary label convention; the source export did not
document whether the first position represented the highest
score, clinical dominance, or procedural priority. Primary
labels were grouped into balanced, phlegm-dampness,
yang-deficiency, qi-deficiency, yin-deficiency, and other
biased constitutions. The category other biased constitutions
combined dampness-heat, blood stasis, gi-stagnation, and
special diathesis because of sparse counts and was interpreted
descriptively only.

Balanced constitution was used as the reference group in
constitution-to-marker and longitudinal association models.
For label prediction, 2 binary targets were defined: any biased
primary label vs a balanced primary label and phlegm-damp-
ness appearing anywhere among the recorded labels vs all
other records. Thus, the phlegm-dampness prediction target
was not restricted to the first-listed label.

Recorded Diseases and Examination-
Derived Risk Markers

Recorded disease history fields were analyzed as recor-
ded diseases rather than adjudicated clinical diagnoses.
Disease history fields included cerebrovascular disease,
kidney disease, heart disease, vascular disease, eye disease,
neurological disease, and other system disease. Examination-
derived disease-related markers included electrocardiogram
(ECG) abnormality flag, abdominal ultrasound abnormality
flag, urine protein trace or positive, urine glucose trace
or positive, urine occult blood trace or positive, liver
enzyme elevation, anemia, kidney impairment or proteinuria,
diabetes-related markers, and cardiometabolic risk clustering.
The analytic export contained structured ECG and abdominal
ultrasound interpretation codes only; code 1 was harmonized
as normal and code 2 as abnormal. It did not retain free-text
interpretations or specific abnormalities such as arrhythmia,
fatty liver, gallstones, cysts, or masses. These broad fields
were therefore treated as heterogeneous screening flags rather
than disease diagnoses.

Overweight was defined as BMI 224 kg/m? and obesity as
BMI >28 kg/m?. High blood pressure was defined as systolic
blood pressure =140 mm Hg or diastolic blood pressure
=90 mm Hg. Fasting glucose thresholds were defined as
26.1 mmol/L and =7.0 mmol/L. High triglycerides were
defined as triglycerides =1.7 mmol/L, high total cholesterol
as total cholesterol =5.2 mmol/L, high low-density lipopro-
tein cholesterol (LDL-C) as LDL-C =3.4 mmol/L, and low
high-density lipoprotein cholesterol (HDL-C) as HDL-C <1.0
mmol/L. Any dyslipidemia was defined as any abnormal-
ity in triglycerides, total cholesterol, LDL-C, or HDL-C.
Kidney impairment or proteinuria was defined as eGFR<60
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mL/min/1.73 m? or urine protein trace or positive. Diabetes-
related marker was defined as fasting glucose =7.0 mmol/L
or urine glucose trace or positive. Liver enzyme elevation
was defined as alanine aminotransferase (ALT) >40 U/L
or aspartate aminotransferase (AST) >40 U/L. Anemia was
defined as hemoglobin<130 g/L. for men and<120 g/L for
women. Cardiometabolic risk clustering was defined as at
least 2 positive markers among obesity, high blood pressure,
fasting glucose =6.1 mmol/L, and any dyslipidemia, requiring
at least 2 available component markers.

Baseline Descriptive Analysis

Baseline characteristics were summarized using the first
available record for each participant. Continuous varia-
bles were reported as mean (SD), and binary variables
were reported as number (percentage). Differences across
constitution groups were assessed using Kruskal-Wallis
tests for continuous variables and chi-square tests for
binary variables. Standardized mean differences vs balanced
constitution were calculated to assess the magnitude of
between-group imbalance.

Bidirectional Disease-Constitution
Mapping

We performed a bidirectional mapping analysis to answer
2 clinically different questions. The disease-to-constitution
analysis estimated, among participants with each recor-
ded disease or examination-derived marker, the proportion
belonging to each constitution group. This analysis was
intended to answer the patient-facing question: given a
disease or marker abnormality, which constitution patterns are
most common?

Additionally, we calculated enrichment ratios by com-
paring the case-specific constitution proportion with the
baseline constitution distribution. For example, the phlegm-
dampness enrichment ratio for a disease or disease marker
was calculated as the percentage of primary phlegm-damp-
ness constitution among cases divided by the percentage of
primary phlegm-dampness constitution in the baseline cohort.

The constitution-to-disease analysis addressed the reverse
question: given a constitution pattern, which recorded
diseases or examination-derived markers are more frequent?
For each biased constitution group, age- and sex-adjus-
ted logistic regression models were fitted with balanced
constitution as the reference group. Results were reported as
odds ratios and 95% Cls. False discovery rate correction was
applied across tested associations.

Constitution-Wide Phenome Association
Analysis

To complement the focused disease mapping analyses, we
performed a constitution-wide phenome association analy-
sis across routine biochemical, hematologic, anthropomet-
ric, and binary risk marker outcomes. For continuous
outcomes, values were standardized and modeled using
linear regression. For binary outcomes, logistic regression
was used. Models compared each biased constitution group
with balanced constitution and adjusted for age, sex, and
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examination year. Because participants could contribute
repeated records, robust SEs clustered by participant were
used. This analysis was used primarily for heat map visu-
alization and hypothesis generation rather than for causal
inference.

Multimarker Burden Modeling

To summarize overall clinical burden beyond individual
binary markers, we constructed 3 marker burden scores at
baseline: recorded disease burden, cardiometabolic marker
burden, and examination-derived marker burden. For each
participant, the number of positive markers was divided by
the number of nonmissing eligible markers. The recorded
disease burden included recorded cerebrovascular, kidney,
heart, vascular, eye, and neurological disease fields. The
cardiometabolic marker burden included obesity, high blood
pressure, fasting glucose =6.1 mmol/L, high triglycerides,
high LDL-C, low HDL-C, and eGFR<60 mL/min/1.73 m?.
In the revised examination-derived burden, all components
were mutually nonoverlapping: high blood pressure, fasting
glucose =7.0 mmol/L, any dyslipidemia, ECG abnormality
flag, an abdominal ultrasound abnormality flag, proteinuria,
glycosuria, hematuria, liver enzyme elevation, anemia, and
eGFR<60 mL/min/1.73 m?. The earlier composite compo-
nent kidney impairment or proteinuria was removed so that
proteinuria would not be counted twice.

Constitution-specific burden associations were estimated
using robust Poisson regression with the log number of
available markers as an offset. Models were adjusted for age
and sex. Results were reported as incidence rate ratios relative
to balanced constitution.

Lagged Longitudinal Risk Modeling

For longitudinal analyses, pairs of adjacent annual visits
were used to evaluate associations between current constitu-
tion and subsequent disease-related marker status. For each
current biased constitution group, analyses were restricted
to records with either balanced constitution or the target
biased constitution at the current visit. Logistic regression
models were fitted for next-visit outcome status, with the
target constitution indicator as the exposure. Models were
adjusted for current status of the same outcome, current age,
sex, follow-up interval in years, and current examination year.
Robust SEs clustered by participant were used to account
for repeated observations. These models estimated subsequent
status conditional on current status; they were not interpreted
as causal effects or confirmed disease development.

New-onset analyses were restricted to visit pairs in which
the marker was normal or absent at the current visit, and
persistence analyses were restricted to pairs in which the
marker was positive at the current visit. Recurrence was
not analyzed because it requires at least 3 appropriately
spaced observations and a prespecified remission interval. For
the main phlegm-dampness outcomes, additional sensitivity
models adjusted for current BMI, current waist circumfer-
ence, and both measures together to distinguish associations
that persisted from those explained by body size. False
discovery rate correction was applied across the original
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longitudinal association tests; the additional adiposity-adjus-
ted models were interpreted as sensitivity analyses.

Constitution State Transition Analysis

Constitution state dynamics were described using pairs of
adjacent annual visits. A transition matrix was constructed
by cross-tabulating the current constitution group against the
next-visit constitution group. The crude change rate was
defined as the proportion of adjacent pairs in which the
next constitution group differed from the current constitution

group.

We then modeled the predictors of 2 clinically interpreta-
ble transitions: transition from balanced constitution to any
biased constitution and transition from phlegm-dampness
constitution to balanced constitution. Candidate predictors
included age, BMI, waist circumference, systolic blood
pressure, diastolic blood pressure, fasting glucose, triglycer-
ides, HDL-C, LDL-C, ALT, creatinine, eGFR, and hemoglo-
bin. Continuous predictors were standardized, and logistic
regression models estimated ORs per SD increment. Models
were adjusted for age when age was not the predictor, sex,
follow-up interval, and current examination year; robust SEs
clustered by participant were used.

Temporal Validation of Digital
Constitution Prediction Models

We developed routine examination—based prediction models
for 2 constitution screening tasks: any biased constitution vs
balanced constitution and phlegm-dampness label presence
vs all other records. TCM questionnaire items were not
included as predictors. Candidate predictors included age,
height, weight, waist circumference, BMI, mean systolic
and diastolic blood pressure, hemoglobin, white blood cell
count, platelet count, fasting glucose, ALT, AST, total
bilirubin, creatinine, urea, eGFR, total cholesterol, triglycer-
ides, LDL-C, HDL-C, lifestyle variables, self-rated health and
function fields, cognitive and emotional assessment fields,
and recorded disease history fields.

The original calendar-year evaluation used 2017-2023
records for model training, 2024 records for threshold
selection, and 2025-2026 records for testing. Because
participants could contribute records in more than 1 period,
this design was interpreted as future record prediction within
a recurring examination cohort rather than as independ-
ent validation. We quantified participant overlap across all
3 periods. As an additional sensitivity analysis, we then
implemented a participant-disjoint temporal evaluation based
on each participant’s first entry into the entire cohort:
participants first observed in 2017-2023 were assigned to
training, those first observed in 2024 to validation, and those
first observed in 2025-2026 to testing. The first eligible
labeled record per participant was used within each disjoint
split, and no participant appeared in more than 1 split.

The evaluation was aligned with the Transparent Report-
ing of a Multivariable Prediction Model for Individual
Prognosis or Diagnosis (TRIPOD) principles [17] and the
updated TRIPOD + Al guidance [18]. Two modeling
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strategies were compared: penalized logistic regression and
XGBoost. Classification thresholds were selected in the
validation set by maximizing balanced accuracy and applied
unchanged to the test set. We additionally fitted BMI-only
and BMI-plus-waist logistic regression baselines and repeated
the full models after removing height, weight, waist cir-
cumference, and BMI. Test set AUC, precision-recall AUC
(PR-AUC), and Brier score were accompanied by 95%
percentile bootstrap Cls in the participant-disjoint analysis.

Model discrimination and classification performance were
evaluated using AUC, average precision (PR-AUC), balanced
accuracy, Fp-score, precision, recall, specificity, confusion
matrix counts, and Brier score. The evaluation strategy
was designed to reduce avoidable prediction model bias
and applicability concerns emphasized in Prediction Model
Risk of Bias Assessment Tool (PROBAST) + AI [19]. As
a sensitivity analysis, all anthropometric variables directly
related to body size and adiposity (height, weight, waist
circumference, and BMI) were removed, and models were
refit using the same temporal validation framework.

Explainability, Calibration, Decision Curve
Analysis, and Uncertainty Quantification

For the XGBoost models, Shapley additive explanations
(SHAP) analysis was performed on a sample of temporal
test records to estimate the mean absolute contribution of
each predictor to model output [20]. Feature importance was
summarized using mean absolute SHAP values.

Calibration was assessed in the temporal test set using
deciles of predicted probability, Brier score, calibration
intercept, calibration slope, 10-bin expected calibration
error, and integrated absolute calibration error. Decision
curve analysis was performed across prespecified threshold
probabilities to estimate model net benefit relative to treat-all
and treat-none strategies.

As exploratory uncertainty quantification, split confor-
mal set prediction was applied to XGBoost model probabil-
ities using the 2024 validation set as the calibration set
and the 2025-2026 temporal test set as the evaluation set.
Conformal prediction provides a distribution-free framework
for prediction sets under exchangeability assumptions [21].
Clinical applications still require caution because temporal
shift can undermine nominal coverage [22]. Because the
temporal test period showed a distribution shift, conformal
results were interpreted as temporal stress test summaries
rather than as guaranteed clinical coverage estimates.

Quantitative Sensitivity and Subgroup
Analyses

For selected longitudinal associations, E-values were
calculated to quantify the minimum strength of association
that an unmeasured confounder would need to have with both
the constitution exposure and next-visit outcome, conditional
on measured covariates, to explain away the observed
association [23]. E-values were reported for the point estimate
and for the confidence limit closest to the null.
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The main phlegm-dampness associations were repeated by
sex and by age group using the cohort median age as the cut
point. Interaction terms were tested to evaluate whether the
association between the phlegm-dampness constitution and
key outcomes differed by sex or age group. Medication names
were present in 42.3% of records, but a blank field could
not be distinguished from no medication use, and drug names
were not standardized for the source database. Medication
was therefore not included as a covariate; its incomplete
ascertainment was treated as a source of residual confound-
ing.

Reproducibility

All data cleaning, statistical analyses, prediction modeling,
and figure generation were implemented using reproducible
scripts. Main analysis outputs were saved as structured CSV
tables, and publication figures were exported as vector files
(PDF/scalable vector graphics [SVG]) and high-resolution
bitmap files (PNG/TIFF). The raw Microsoft Excel work-
book was not modified during analysis. For public reprodu-
cibility, the repository package contains executable scripts,
environment specifications, a file manifest, data dictionaries,
aggregate result tables, submission-oriented figure files, and
synthetic demonstration data that reproduce the expected
feature schema without exposing participant-level records.

Results

Study Population and Digital
Phenotyping Framework

The source workbook contained 47,417 examination-consti-
tution records from 11,355 unique older adults between
February 22, 2017, and March 30, 2026. Constitution labels
were available for 47411 records, with only 6 records
missing constitution information. The median number of
records per participant was 4 (IQR 2-6, maximum 11), and
9134 participants had at least 2 records.

Across all valid records, balanced constitution (Pinghe)
accounted for 28,417 of 47417 records (59.9%), followed
by phlegm-dampness constitution (11,443/47417; 24.1%),
yang-deficiency constitution (4,245/47417; 9.0%), qi-defi-
ciency constitution (1,743/47417; 3.7%), yin-deficiency
constitution (1,346/47.417; 2.8%), and other biased constitu-
tions (217/47417; 0.5%). The baseline descriptive analy-
sis used the first available record for each participant
(n=11,354). In this baseline cohort, 7786 participants had
balanced constitution, 2215 had phlegm-dampness constitu-
tion, 699 had yang-deficiency constitution, 316 had qi-defi-
ciency constitution, 311 had yin-deficiency constitution, and
27 had other biased constitutions. Because the other biased
constitutions group was extremely small, its estimates were
treated as descriptive only. Annual lagged analyses included
32,648 adjacent record pairs with an interval of 180 to 730
days; the median follow-up interval was 363 (IQR 348-383)
days (Figure 1).
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Figure 1. Study cohort and constitution distribution. (A) Overview of the routine health examination cohort; (B) the distribution of primary

traditional Chinese medicine constitution groups.
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The overall analytic framework treated TCM constitution as
a structured health state phenotype rather than as a diagno-
sis. We used routine examination data to construct bidirec-
tional disease-constitution maps, multimarker burden models,
subsequent status association models, transition models, and
temporally evaluated label prediction models.

Baseline Characteristics by Constitution
Group

In the baseline cohort, phlegm-dampness constitution showed
a distinct adiposity-centered cardiometabolic profile (Table

Table 1. Baseline characteristics by constitution group.?

20 40 60
Share of valid records, %

1). Mean BMI was 28.34 (SD 2.59) in the phlegm-dampness
constitution group compared with 23.65 (SD 2.74) in the
balanced constitution group, and mean waist circumference
was 94.02 (SD 6.79) vs 81.01 (SD 7.04) cm. Overweight was
present in 2175 of 2215 (98.2%) participants with phlegm-
dampness constitution compared with 3473 of 7784 (44.6%)
participants with balanced constitution; the corresponding
proportions for obesity were 49.9% (1106/2215) and 5.3%
(410/7784) for participants with phlegm-dampness constitu-
tion and balanced constitution, respectively.

Other P Maximum

Characteristic =~ Balanced Phlegm-dampness  Yang-deficiency  Qi-deficiency  Yin-deficiency biased  Overall  value SMDP
Number of 7786 2215 699 316 311 27 11,354 —¢ —
observations
N)
Age (years), 75.36 73.38 (5.84); 75.02 (7.36); 78.18 (7.64); 75.52 (6.89); 73.04 75.03 <001 04
mean (SD) (6.41); n=2215 n=699 n=316 n=311 (6.27); (6.48);

n=7786 n=27 n=11,354
BMI (kg/m2), 23.65 28.34 (2.59); 22.99 (3.22); 24.11 (3.78); 24.14 (3.18); 23.06 24.55 <001 1.76
mean (SD) (2.74); n=2215 n=699 n=316 n=311 (2.28); (3.36);

n=7784 n=27 n=11,352
Waist 81.01 94.02 (6.79); 80.89 (9.02); 83.97 (9.67); 83.63 (8.63); 81.74 83.70 <001 1.88
circumference (7.04); n=2215 n=699 n=316 n=311 (5.79); (8.88);
(cm), mean n=7784 n=27 n=11,352
(SD)
Systolic BP9, 140.02 143.06 (17.53); 136.38 (18.31); 137.61 (17.32); 140.02 (17.49); 138.89  140.32 <001 02
(mm Hg), mean (18.60); n=2215 n=699 n=316 n=311 (16.81); (18.38);
(SD) n=7785 n=27 n=11,353
Diastolic BP 83.20 85.57 (10.35); 81.48 (10.00); 81.78 (10.08);  82.98 (9.78); 84.33 83.52 <001 022
(mm Hg), mean (10.67); n=2215 n=699 n=316 n=311 (11.43); (10.58);
(SD) n=7785 n=27 n=11,353
Fasting glucose 5.94 6.23 (2.05); n=2208 5.68 (1.95); n=695 6.36 (2.50); 6.42 (2.44), 5.60 601 <001 021
(mmol/L), mean (2.09); n=314 n=310 (1.57); (2.10);
(SD) n=7758 n=27 n=11,312
Triglycerides 1.63 1.97 (1.56); n=2201 1.49 (1.03); n=694 1.60 (1.37); 1.77 (1.36); 1.95 1.69 <001 022
(mmol/L), mean (1.53); n=316 n=306 (2.59); (1.51);
(SD) n=7752 n=27 n=11,296
HDL-C® 1.65 1.50 (0.36); n=2111 1.68 (0.44); n=644 1.64 (0.43); 1.52 (0.41); 1.55 1.62 <001 04
(mmol/L), mean (0.43); n=249 n=261 (0.37); (0.42);
(SD) n=6566 n=24 n=9855

https://medinform.jmir.org/2026/1/e100063

JMIR Med Inform 2026 | vol. 14 1 100063 | p. 7
(page number not for citation purposes)


https://medinform.jmir.org/2026/1/e100063

JMIR MEDICAL INFORMATICS Huo et al
Other P Maximum
Characteristic ~ Balanced ~Phlegm-dampness ~ Yang-deficiency ~ Qi-deficiency ~ Yin-deficiency ~biased ~ Overall — value SMDP
LDL-Cf 248 2.72(0.82); n=2110 2.68 (0.87); n=645 2.66 (0.90); 2.51(0.95); 298 2.55 <001 057
(mmol/L), mean (0.88); n=249 n=261 (0.85); (0.87);
(SD) n=6567 n=24 n=9856
ALT (UL), 21.22 25.82 (17.89); 19.91 (13.98); 2295(29.38); 2243 (15.26); 20.22 22.11 <001 0.29
mean (SD) (14.17); n=2204 n=696 n=316 n=305 (12.59); (15.70);
n=7737 n=27 n=11285
Creatinine 69.77 69.72 (23.01); 68.12 (24.36); 72.52(29.32);  72.87 (39.70); 68.70 69.82 015 0.1
(pmol/L), mean (27.54); n=2203 n=694 n=316 n=306 (22.81);  (26.99);
(SD) n=7746 n=27 n=11,292
Hemoglobin 13592 139.95 (14.68); 134.59 (14.61); 135.36 (17.40); 135.62(13.87); 13693  136.60 <001 028
(g/L), mean (13.99); n=2202 n=694 n=314 n=306 (13.70);  (14.36);
(SD) n=7748 n=27 n=11,291
Female sex, n/N  4296/7786 1171/2215 (52.9%)  461/699 (66.0%)  182/316 183/311 (58.8%) 16/27 6309/113 <001 0.22
(%) (55.2%) (57.6%) (59.3%) 54
(55.6%)
Overweight 3473/7784 2175/2215 (98.2%)  249/699 (35.6%)  147/316 149/311 (47.9%) 8/27 6201/113 <001 147
(BMI=24kg/  (44.6%) (46.5%) (29.6%) 52
m?), /N (%) (54.6%)
Obesity (BMI ~ 410/7784  1106/2215 (49.9%)  39/699 (5.6%) 46/316 (14.6%) 41/311 (13.2%)  1/27 1643/113 <001 1.15
228 kg/m?), /N (5.3%) (3.7%) 52
(%) (14.5%)
High BP 4001/7785 1449/2215 (654%)  330/699 (472%)  154/316 159/311 (51.1%) 16/27 6109/113 <001 0.29
(=140/90 mm  (51.4%) (48.7%) (59.3%) 53
Hg), n/N (%) (53.8%)
FPGE 26.1 1904/7758  743/2208 (33.7%) 136/695 (19.6%)  107/314 112/310 (36.1%) 6/27 3008/113 <001 0.25
mmol/L, n/N (24.5%) (34.1%) (222%) 12
(%) (26.6%)
FPG =7.0 1147/7758 421/2208 (19.1%) 75/695 (10.8%) 65/314 (20.7%) 76/310 24.5%)  2/27 1786/113 <001 0.25
mmol/L, n/N (14.8%) (74%) 12
(%) (15.8%)
High 2226/7752  975/2201 (44.3%) 184/694 (26.5%)  90/316 (28.5%) 111/306 (36.3%) 9/27 3595/112 <001 0.33
triglycerides, (28.7%) (33.3%) 96
/N (%) (31.8%)
Low HDL-C, 163/6566  102/2111 (4.8%) 24/644 (3.7%) 12/249 (4.8%)  13/261 (5.0%) 2/24 316/9855 <001 0.26
/N (%) (2.5%) 83%) (32%)
eGFRM <60 568/7746  155/2203 (7.0%) 48/694 (6.9%) 40/316 (12.7%) 27/306 (8.8%) 3/27 841/1129 011  0.18
mL/min/1.73 (7.3%) (11.1%) 2 (74%)
m?, /N (%)
Any dyslipide-  4668/7753 1467/2202 (66.6%)  420/694 (60.5%)  188/316 192/306 (62.7%) 19/27 6954/112 <001 0.21
mia, n/N (%) (60.2%) (59.5%) (70.4%) 98
(61.6%)

4Continuous variables are presented as mean (SD); n=available observations. Binary variables are presented as events/available observations (%).

YSMD: standardized mean difference.

“Not applicable.

dBP: blood pressure.

CHDL-C: high-density lipoprotein cholesterol.
fLDL-C: low-density lipoprotein cholesterol.
8FPG: fasting plasma glucose.

heGFR: estimated glomerular filtration rate.

Phlegm-dampness constitution was also characterized by
higher cardiometabolic marker burden. High blood pressure
was observed in 1449 of 2215 (65.4%) participants in the
phlegm-dampness group vs 4001 of 7785 (51.4%) partici-
pants in the balanced group. Fasting glucose =6.1 mmol/L
was present in 743 of 2208 (33.7%) vs 1904 of 7758
(24.5%) participants with the phlegm-dampness constitution
and balanced constitution, respectively, and high triglycer-
ides were present in 975 of 2201 (44.3%) vs 2226 of 7752
(28.7%) participants with the phlegm-dampness constitution
and balanced constitution, respectively.

https://medinform.jmir.org/2026/1/¢100063

Bidirectional Disease-Constitution
Mapping

We first examined the patient-facing question of which
constitution patterns were common among participants with
recorded diseases or disease-related examination markers.
Several disease or disease marker groups showed a higher
proportion of biased constitution overall and a higher
proportion of primary phlegm-dampness constitution (Figure
2, panel A). Among participants with an abdominal ultra-
sound abnormality flag, biased constitution accounted for
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429% (2284/5323), and primary phlegm-dampness con-
stitution accounted for 30.6% (1626/5323) (enrichment
ratio vs baseline 1.57). Among participants with recorded
cerebrovascular disease, biased constitution accounted for
66.5% (135/203), and primary phlegm-dampness constitu-
tion accounted for 30.5% (62/203) (enrichment ratio 1.57).
Among participants with cardiometabolic risk clustering,

Huo et al

biased constitution accounted for 39.2% (2253/5744), and
primary phlegm-dampness constitution accounted for 28.5%
(1635/5744) (enrichment ratio 1.46). Primary phlegm-damp-
ness constitution was also enriched among participants
with liver enzyme elevation, diabetes-related markers, urine
protein trace or positive, kidney impairment or proteinuria,
and an ECG abnormality flag.

Figure 2. Bidirectional constitution-disease map at baseline. (A) Constitution composition among participants with each recorded disease or
examination-derived marker; (B) age- and sex-adjusted odds ratios relative to balanced constitution. Cell labels show percentages or odds ratios; *
indicates a false discovery rate of q<0.05. ECG: electrocardiogram; OR: odds ratio.
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Next, we examined the reverse question of which recorded
diseases or disease-related markers were more common in
each constitution group compared with balanced constitu-
tion, adjusted for age and sex (Figure 2 panel B; Table
2). Phlegm-dampness constitution was strongly associated
with cardiometabolic markers and an abdominal ultrasound
abnormality flag. Compared with balanced constitution,

B Constitution — disease/marker
age- and sex-adjusted OR

Cerebrovascular oo 6.76" 667"
disease
e o o

Heart
disease

ECG abnormality 1.35° 1800 178 127
flag : . - :

Abdominal ultrasound 118 1.80° 162
abnormality flag

Proteinuria 146" 0.98 1.48" 1.37

Glycosuria 1.04 0.96 1.86" 1.89°

Liver enzyme 1.60* 0.89 107 131
elevation

Anemia 068" 116 142 0.97

Kidney marker 1.36* 0.88 1.41% 127

Diaetes, 1.38 072 155 192
marker

‘Cardiometabolic 342 0.86 121 127
cluster

Phlegm- Yang- Qi- Yin-

log(OR)

phlegm-dampness constitution was associated with cardio-
metabolic risk clustering (OR 3.42, 95% CI 3.07-3.80),
an abdominal ultrasound abnormality flag (OR 3.35, 95%
CI 2.98-3.76), liver enzyme elevation (OR 1.60, 95% CI
1.38-1.84), diabetes-related markers (OR 1.38, 95% CI
1.22-1.56), and kidney impairment or proteinuria (OR 1.36,
95% CI11.21-1.53).

Table 2. Baseline associations of constitutions with diseases and disease-related markers.?

Outcome Phlegm-dampness Yang-deficiency Qi-deficiency Yin-deficiency
Recorded cerebrovascular disease 3.11(2.18-4 42)* 6.76 (4.48-10.21)* 6.67 (3.84-11.58)* 5.91(3.33-1047)*
Recorded heart disease 1.08 (0.65-1.81) 1.44 (0.68-3.02) 421 (2.12-8.34)* 1.19 (0.37-3.81)
ECGP abnormality flag 1.35 (1.22-1.49)* 1.80 (1.54-2.10)* 1.78 (1.42-2.24)* 1.27 (1.01-1.61)
Abdominal ultrasound abnormality flag 3.35(2.98-3.76)* 1.18 (1.00-1.40) 1.80 (1.37-2.36)* 1.62 (1.22-2.14)*
Liver enzyme elevation 1.60 (1.38-1.84)* 0.89 (0.67-1.18) 1.07 (0.73-1.58) 1.31 (0.92-1.88)
Diabetes-related marker 1.38 (1.22-1.56)* 0.72 (0.56-0.91)* 1.55 (1.18-2.04)* 1.92 (1.47-2.49)*
Kidney impairment or proteinuria 1.36 (1.21-1.53)* 0.88 (0.71-1.08) 1.41 (1.09-1.82)* 1.27 (0.96-1.67)
Cardiometabolic risk cluster 3.42 (3.07-3.80)* 0.86 (0.73-1.00) 1.21 (0.96-1.52) 1.27 (1.01-1.59)

2Values are age- and sex-adjusted odds ratios (95% CIs) for each biased constitution group relative to balanced constitution. * indicates a false

discovery rate-adjusted q value <0.05.
PECG: electrocardiogram.

Recorded cerebrovascular disease showed a broader pattern
across biased constitutions. Compared with balanced
constitution, the odds of recorded cerebrovascular disease
were higher for phlegm-dampness constitution (OR 3.11,
95% CI 2.18-4.42), yang-deficiency constitution (OR 6.76,
95% CI 4.48-10.21), gi-deficiency constitution (OR 6.67,
95% CI 3.84-11.58), and yin-deficiency constitution (OR

https://medinform.jmir.org/2026/1/e100063

591, 95% CI 3.33-10.47). An ECG abnormality flag was
also more common in phlegm-dampness, yang-deficiency,
and qi-deficiency constitutions. Compared with balanced
constitution, Yin-deficiency constitution showed a stronger
association with diabetes-related markers than balanced
constitution (OR 1.92, 95% CI 1.47-2.49). while qi-defi-
ciency constitution showed higher odds of recorded heart
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disease (OR 4.21, 95% CI 2.12-8.34) and kidney impairment
or proteinuria (OR 1.41,95% CI 1.09-1.82).

Multimarker Burden Modeling

To move beyond single-marker associations, we summarized
recorded disease burden, cardiometabolic marker burden, and
examination-derived marker burden. Compared with balanced
constitution, phlegm-dampness constitution was associated
with a higher cardiometabolic marker burden (incidence rate
ratio [IRR] 1.65, 95% CI 1.60-1.70), corrected nonoverlap-
ping examination—derived marker burden (IRR 1.23, 95% CI
1.20-1.25), and recorded disease burden (IRR 1.38, 95% CI
1.10-1.72) after adjustment for age and sex.

Other biased constitutions showed a different burden
profile. Recorded disease burden was higher in yang-defi-
ciency constitution (IRR 2.07, 95% CI 1.54-2.78), qi-defi-
ciency constitution (IRR 2.77, 95% CI 1.93-4.00), and
yin-deficiency constitution (IRR 2.33, 95% CI 1.49-3.62),
whereas the cardiometabolic marker burden was most
prominent for phlegm-dampness constitution.

Huo et al

Longitudinal Constitution-to-Risk
Associations

In lagged annual analyses, current constitution was associ-
ated with marker status at the next visit after adjustment
for the current status of the same marker, age, sex, exami-
nation year, and follow-up interval (Figure 3; Table 3).
Compared with balanced constitution, current phlegm-damp-
ness constitution was associated with a subsequent abdominal
ultrasound abnormality flag (OR 2.66, 95% CI 2.46-2.88),
cardiometabolic risk clustering (OR 2.02,95% CI 1.88-2.17),
diabetes-related markers (OR 1.32, 95% CI 1.20-1.45), urine
protein trace or positive (OR 1.36, 95% CI 1.26-1.48), kidney
impairment or proteinuria (OR 1.31, 95% CI 1.21-1.41), and
recorded cerebrovascular disease (OR 1.50, 95% CI 1.29-
1.75). These estimates describe associations with subsequent
recorded status and do not establish new disease develop-
ment.

Figure 3. Current constitution and subsequent disease-related markers. Models were adjusted for age, sex, follow-up interval, and current marker
status. Cell labels show percentages or odds ratios; * indicates a false discovery rate of q<0.05. BP: blood pressure; FPG: fasting plasma glucose;
HDL-C: high-density lipoprotein cholesterol; OR: odds ratio; TG: triglycerides.
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Table 3. Current constitution and subsequent disease-related markers.?

-0.2 0.0 0.2
log(OR), adjusted for current marker status

Yang-deficiency

Qi-deficiency

Yin-deficiency

Outcome Phlegm-dampness
High triglycerides 1.62 (1.51-1.73)*
Low HDL-CP 1.92 (1.64-2.25)*

FPG® 26.1 mmol/L
FPG =7.0 mmol/L

1.36 (1.26-1.46)*
130 (1.19-1.43)*

High BPY (=140/90 mm Hg)

Abdominal ultrasound abnormality flag

1.16 (1.08-1.23)*
2.66 (2.46-2.88)*
2,02 (1.88-2.17)*
132 (1.20-1.45)*
1.36 (1.26-1.48)*
131 (121-141)%
1.50 (1.29-1.75)*

Cardiometabolic risk cluster
Diabetes-related marker

Urine protein trace/positive
Kidney impairment or proteinuria

Recorded cerebrovascular disease

0.97 (0.85-1.11)
0.89 (0.63-1.26)
0.92 (0.78-1.07)
0.99 (0.81-121)
0.78 (0.70-0.88)*
1.09 (0.96-1.23)
0.78 (0.69-0.88)*
0.98 (0.81-1.19)
1.02 (0.86-1.19)
1.07 (0.93-1.22)
1.76 (1.40-2.22)*

0.94 (0.78-1.13)
1.16 (0.75-1.79)
0.83 (0.66-1.05)
1.07 (0.80-1.43)
0.83 (0.70-0.98)
0.91 (0.76-1.09)
0.89 (0.76-1.05)
1.06 (0.81-1.39)
1.14 (0.92-1.40)
1.24 (1.05-1.48)*
1.17 (0.81-1.69)

1.10 (0.91-1.33)
133 (0.81-2.20)
1.28 (1.04-1.57)
1.09 (0.81-1.46)
1.00 (0.83-1.20)
142 (1.16-1.75)*
132 (1.11-1.58)*
1.12 (0.84-1.48)
1.14 (0.89-1.45)
1.15 (0.94-1.42)
1.03 (0.62-1.72)
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Outcome Phlegm-dampness Yang-deficiency Qi-deficiency Yin-deficiency
Anemia 0.85 (0.76-0.94)* 1.00 (0.85-1.17) 1.52 (1.23-1.88)* 0.85 (0.65-1.11)
eGFR® <60 1.04 (0.91-1.20) 1.23 (1.00-1.51) 1.60 (1.24-2.06)* 1.20 (0.87-1.65)

4Values are odds ratios (95% CIs) adjusted for age, sex, examination year, follow-up interval, and current status of the same marker. * indicates a

false discovery rate-adjusted q value <0.05.
bHDL-C: high-density lipoprotein cholesterol.
°FPG: fasting plasma glucose.

dBP: blood pressure.

€eGFR: estimated glomerular filtration rate.

Among biochemical risk markers, current phlegm-dampness
was associated with subsequent high triglycerides (OR 1.62,
95% CI 1.51-1.73), low HDL-C (OR 1.92, 95% CI 1.64-
2.25), fasting glucose =6.1 mmol/L (OR 1.36, 95% CI
1.26-1.46), fasting glucose =7.0 mmol/L (OR 1.30, 95% CI
1.19-1.43), any dyslipidemia (OR 1.20, 95% CI 1.12-1.29),
and high blood pressure (OR 1.16,95% CI 1.08-1.23).

Additional adiposity adjustment materially changed
interpretation. After BMI adjustment, associations remained
for a subsequent abdominal ultrasound abnormality flag (OR
146, 95% CI 1.33-1.61) and cardiometabolic risk cluster-
ing (OR 1.19, 95% CI 1.09-1.30). In contrast, associations
with diabetes-related markers (OR 1.04, 95% CI 0.92-1.18),
proteinuria (OR 1.09, 95% CI 0.98-1.20), kidney impairment
or proteinuria (OR 1.07, 95% CI 0.97-1.17), any dyslipi-
demia (OR 1.07, 95% CI 0.98-1.17), and fasting glucose
>6.1 mmol/L (OR 1.04, 95% CI 0.94-1.15) were attenu-
ated to include the null. New-onset analyses showed the
same pattern: BMI-adjusted associations persisted for a new
abdominal ultrasound abnormality flag (OR 1.43, 95% CI
1.24-1.66) and new cardiometabolic risk clustering (OR 1.21,
95% CI 1.06-1.38), whereas the other reviewed outcomes did
not remain statistically distinguishable from the null. Waist
circumference—adjusted models produced similar conclusions.
Persistence analyses are reported separately from new-onset
analyses in Multimedia Appendix 1.

Other constitution-specific longitudinal patterns were also
observed. Yang-deficiency constitution was associated with
subsequent recorded cerebrovascular disease (OR 1.76, 95%
CI 1.40-2.22) but was inversely associated with subsequent
cardiometabolic risk clustering (OR 0.78, 95% CI 0.69-0.88).
Qi-deficiency constitution was associated with subsequent

https://medinform.jmir.org/2026/1/e100063

anemia (OR 1.52,95% CI 1.23-1.88) and eGFR <60 mL/min/
1.73 m? (OR 1.60,95% CI 1.24-2.06).

E-value analysis was used as a quantitative sensitivity
analysis for selected longitudinal associations. The stron-
gest robustness signals were observed for associations of
phlegm-dampness constitution with a subsequent abdomi-
nal ultrasound abnormality flag (OR 2.66, 95% CI 2.46-
2.88; E-value for the confidence limit closest to the
null=4.36), cardiometabolic risk clustering (OR 2.02, 95%
CI 1.88-2.17; E-value=3.17), low HDL-C (OR 1.92, 95%
CI 1.64-2.25; E-value=2.66), and high triglycerides (OR
1.62, 95% CI 1.51-1.73; E-value=2.38). For the associa-
tion between yang-deficiency constitution and subsequent
recorded cerebrovascular disease, the corresponding E-value
was 2.15. These sensitivity estimates do not establish
causality but quantify how strong an unmeasured confounder
would need to be to fully explain away each observed
association.

Constitution State Transitions

Adjacent constitution state transitions showed that con-
stitution was not a fixed label (Figure 4, panel A).
Across adjacent observed records, the crude constitution
group change rate was 35.6% (12833/36057). Among
records initially classified as balanced constitution, 70.3%
(17181/24424) remained balanced at the next observed visit,
while 13.6% (3322/24424) transitioned to phlegm-dampness,
9.7% (2364/24424) to yang-deficiency, 3.4% (826/24424)
to qi-deficiency, and 2.5% (601/24424) to yin-deficiency.
Among records initially classified as phlegm-dampness,
65.6% (5260/8019) remained phlegm-dampness, and 23.1%
(1850/8019) transitioned to balanced constitution.
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Figure 4. Constitution-state transition dynamics. (A) The adjacent state transition matrix; (B) presents standardized predictors of selected transitions.
ALT: alanine aminotransferase; eGFR: estimated glomerular filtration rate; HDL-C: high-density lipoprotein cholesterol; OR: odds ratio.
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Baseline adiposity and metabolic markers were associated
with subsequent constitution state transitions (Figure 4, panel
B). Among individuals with balanced constitution, higher
BMI (OR 2.05 per SD, 95% CI 1.96-2.14), larger waist
circumference (OR 1.80 per SD, 95% CI 1.72-1.88), older
age (OR 1.16 per SD, 95% CI 1.12-1.20), higher triglycer-
ides (OR 1.10 per SD, 95% CI 1.07-1.14), higher ALT (OR
1.11 per SD, 95% CI 1.06-1.15), and higher fasting glucose
(OR 1.06 per SD, 95% CI 1.03-1.10) were associated with
transition to biased constitution, whereas higher HDL-C was
protective (OR 0.83 per SD, 95% CI 0.79-0.86). Among
individuals with phlegm-dampness constitution, higher BMI
(OR 0.26 per SD, 95% CI 0.23-0.29) and larger waist
circumference (OR 0.37 per SD, 95% CI 0.34-0.41) were
associated with lower odds of returning to balanced constitu-
tion.

Digital Constitution Prediction,
Explainability, Calibration, and Utility

Finally, we evaluated whether routine examination variables
could identify recorded constitution labels without using the
33 assessment items. In the original record-level tempo-
ral evaluation, XGBoost achieved an AUC of 0.935 and
PR-AUC of 0.898 for phlegm-dampness label presence,
while the broader biased-vs-balanced task showed moderate
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discrimination (XGBoost AUC, 0.733). However, 6694
participants overlapped between training and validation, 6382
between training and testing, and 6558 between validation
and testing; 8122 of 11,355 participants appeared in at least 2
periods. We therefore interpret these results as future record
prediction within a recurring cohort rather than as independ-
ent temporal validation.

In the participant-disjoint temporal sensitivity analysis, the
training, validation, and test sets contained 9219, 1081, and
1054 participants, respectively. For phlegm-dampness label
presence, full-model XGBoost achieved an AUC of 0.927
(95% CI10.912-0.941), a PR-AUC of 0.881, and a Brier score
of 0.123. Full logistic regression achieved an AUC of 0.924
(95% CI 0.909-0.938). A BMI-only logistic model achieved
an AUC of 0.923 (95% CI 0.907-0.938), and adding waist
circumference did not improve discrimination (AUC 0918,
95% CI 0.903-0.933). Without anthropometric predictors,
XGBoost AUC decreased to 0.685 (95% CI 0.653-0.717).
The corresponding participant-disjoint biased-vs-balanced
XGBoost AUC was 0.739 (95% CI 0.708-0.768). These
results show that participant overlap did not explain the high
phlegm-dampness discrimination, but BMI alone captured
nearly all of that discrimination. The results of participant-
disjoint temporal evaluation are summarized in Table 4.

Table 4. Participant-disjoint temporal evaluation of constitution label prediction models.?

Task, feature set, and model AUCP (95% CI) PR-AUC* Brier score Test N Test events
Biased vs balanced constitution
BMI only
Logistic regression 0.699 (0.665-0.731) 0.896 0.290 1054 814
BMI and waist
Logistic regression 0.714 (0.683-0.746) 0.905 0.276 1054 814
Full clinical
Logistic regression 0.734 (0.704-0.764) 0913 0.248 1054 814
XGBoostd 0.739 (0.708-0.768) 0912 0.318 1054 814
No anthropometry
Logistic regression 0.608 (0.571-0.648) 0.825 0.207 1054 814
XGBoost 0.608 (0.569-0.650) 0.823 0.236 1054 814
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Task, feature set, and model AUCP (95% CI) PR-AUC® Brier score Test N Test events
Phlegm-dampness label vs others
BMI only
Logistic regression 0.923 (0.907-0.938) 0.859 0.118 1054 376
BMI and waist
Logistic regression 0.918 (0.903-0.933) 0.864 0.122 1054 376
Full clinical
Logistic regression 0.924 (0.909-0.938) 0.874 0.111 1054 376
XGBoost 0.927 (0.912-0.941) 0.881 0.123 1054 376
No anthropometry
Logistic regression 0.681 (0.650-0.711) 0.500 0.264 1054 376
XGBoost 0.685 (0.653-0.717) 0.527 0.238 1054 376

4No participant appeared in more than 1 split.

PAUC: area under the receiver operating characteristic curve.
°PR-AUC: area under the precision-recall curve.

dXGBoost: extreme gradient boosting.

SHAP-based interpretation of the original XGBoost phlegm-
dampness model identified waist circumference and BMI as
the dominant predictors, followed by body weight, hemo-
globin, age, triglycerides, total bilirubin, total cholesterol,
HDL-C, white blood cell count, ALT, creatinine, LDL-C,

and diastolic blood pressure (Figure 5, panel B). Together
with the BMI-only and no-anthropometry comparisons, this
indicates that the model primarily reproduces an adiposity-
centered component of the recorded phlegm-dampness label
rather than a comprehensive constitution construct.

Figure 5. Constitution label prediction and model explanation. (A) Participant-disjoint temporal evaluation; (B) presents mean absolute Shapley
additive explanations (SHAP) values for the original temporal extreme gradient boosting (XGBoost) phlegm-dampness label prediction model and
excludes traditional Chinese medicine (TCM) assessment items. ALT: alanine aminotransferase; anthrop.: anthropometry; AUC: area under the
receiver operating characteristic curve; HDL-C: high-density lipoprotein cholesterol.

A Constitution label-prediction performance

@085

mog2?
Phiegm-dampness

label vs others
90924

0923

$0.608

0739
Biased vs
balanced BMI-only logistic
@ Fullogistic

B Full XGBoost

@ XGBoost, no anthrop.

00734

0,699

06 07 08 09
Participant-disjoint test AUC

Calibration analyses showed that the phlegm-dampness
prediction task was more stable than the broad biased-vs-bal-
anced task under temporal validation (Multimedia Appendix
2). For phlegm-dampness prediction, the XGBoost model
had a temporal test Brier score of 0.120, 10-bin expected
calibration error of 0.085, and calibration slope of 0.65;
the logistic regression model had a Brier score of 0.118,
expected calibration error of 0.073, and calibration slope of
0.78. By contrast, the broad biased-vs-balanced task showed
weaker calibration, reflecting temporal distribution shift in the
2025-2026 test period.

Decision curve analysis suggested potential utility for the
phlegm-dampness model across clinically plausible threshold
probabilities. For the XGBoost phlegm-dampness model, net
benefit exceeded both treat-all and treat-none strategies from
threshold probabilities of 0.20 to 0.50, with a net benefit of

https://medinform.jmir.org/2026/1/e100063

B Model explanation for phlegm-dampness

Waist circumference ]
BMI 1]

Diet category |=~@

Weight |~@
Hemoglobin |-@
Age |@
Triglycerides |®
Total biliubin | @
Total cholesterol @
HOL-C |@
White blood cells |®

AT |

00 05 10 15 20
Mean [SHAP value|

0.301 at a threshold of 0.20, 0.277 at a threshold of 0.30,
0.251 at a threshold of 0.40, and 0.228 at a threshold of 0.50.
The broad biased-vs-balanced model showed less favorable
decision curve behavior because of temporal changes in event
prevalence.

Exploratory split-conformal summaries further highligh-
ted the temporal stress imposed by the 2025-2026 test
period. For the XGBoost phlegm-dampness model, the
nominal 90% set prediction procedure achieved empirical
coverage of 0.83 with an average set size of 098 in
the temporal test set. For the broader biased-vs-balanced
task, empirical coverage was 0.70 with an average set
size of 1.29. These results are best interpreted as explora-
tory uncertainty quantification under temporal shift rather
than guaranteed clinical coverage. Supplementary tables for
disease-to-constitution enrichment, burden score definitions,
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burden models, E-value sensitivity analysis, subgroup and
interaction analyses, prediction sensitivity analysis, confor-
mal uncertainty, variable missingness, and disease marker
missingness are provided in Multimedia Appendix 3.

Discussion

Principal Findings

In this longitudinal analysis of 47,417 examination-con-
stitution records of 11,355 older adults, we found that
TCM constitution labels could be characterized as record-
based phenotypes using routine health examination data.
Phlegm-dampness constitution showed the clearest and most
reproducible signal. At baseline, it was characterized by
higher BMI, larger waist circumference, more frequent
obesity, higher blood pressure, higher fasting glucose, and
higher triglycerides than balanced constitution. In multi-
marker burden models, phlegm-dampness constitution was
associated with substantially higher cardiometabolic marker
burden and higher corrected, nonoverlapping examination-
derived marker burden. In lagged annual models, current
phlegm-dampness was associated with multiple subsequent
marker states after adjustment for the current status of the
same marker and other covariates; however, most glucose,
lipid, kidney, and proteinuria associations attenuated after
adiposity adjustment.

The findings also showed that constitution is dynamic
rather than a fixed label. More than one-third of adjacent
annual visit pairs changed constitution group, and adiposity-
related markers were strongly associated with transitions.
Among participants currently classified as balanced consti-
tution, higher BMI and larger waist circumference were
associated with transition to biased constitution. Among
participants with phlegm-dampness constitution, higher BMI
and larger waist circumference were associated with lower
odds of returning to balanced constitution. These results
support a longitudinal interpretation of constitution as a
modifiable health state phenotype linked to body composition
and metabolic status.

The label prediction analysis provided a complementary
perspective. High discrimination persisted after enforcing
complete participant separation, showing that overlap did
not account for model performance. However, BMI alone
nearly matched the full model, and performance fell markedly
without anthropometric variables. The evidence therefore
supports a reproducible adiposity-centered phlegm-dampness
label phenotype and not a broad classifier that captures the
complete TCM constitution construct.

Contribution to Clinical Informatics

A central contribution of this study is methodological. We did
not attempt to prove that a traditional taxonomy is equivalent
to biomedical disease categories. Instead, we asked which
measurable components of an existing culturally embedded
label could be recovered from routine records, how those
labels changed over time, and where the limits of prediction
became visible. This framing preserves the local classification
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while subjecting it to reproducible data-driven characteriza-
tion and explicit boundary testing.

This approach extends prior electronic health record
phenotyping work, which has often focused on deriving
disease labels from structured and unstructured clinical data
[1]. It also aligns with efforts to make phenotype algorithms
portable and transparent across clinical datasets [3]. Here, the
target was not a conventional disease diagnosis but a health
state taxonomy used in preventive care. The same logic could
be applied to other culturally specific, functional, behavioral,
or patient-centered classifications. The key requirement is
not that the taxonomy originate from biomedicine but that
it can be linked transparently to observable data, longitudinal
outcomes, and uncertainty-aware prediction.

Interpretation of Phlegm-Dampness as a
Cardiometabolic Digital Phenotype

Among the constitution groups, phlegm-dampness had the
strongest record-based signature. Its association with obesity,
waist circumference, dyslipidemia, glucose abnormalities,
and abdominal ultrasound flags is consistent with previous
studies linking phlegm-dampness constitution with metabolic
syndrome and cardiometabolic risk [10]. This anthropometric
signal is partly expected because the standardized older adult
scale directly incorporates BMI and waist-circumference
categories into the phlegm-dampness score [16]. Therefore,
the high AUC of a model containing those same measure-
ments cannot be interpreted as independent validation of the
full phlegm-dampness construct. The additional sensitivity
analyses substantially narrowed interpretation: BMI alone
produced almost the same discrimination as the full model,
whereas model performance fell markedly after anthropo-
metric variables were removed. Adiposity adjustment also
explained most longitudinal associations with glucose, lipids,
and kidney-related markers. Associations with subsequent
abdominal ultrasound abnormality and cardiometabolic risk
clustering persisted but were attenuated. Thus, the evidence
identifies an adiposity-centered recorded phenotype with
limited additional cardiometabolic information rather than a
general digital representation of phlegm-dampness.

This distinction is important for interpreting the contri-
bution of the prediction models. The close performance of
the BMI-only model indicates that the strongest recoverable
signal for the recorded phlegm-dampness label was largely
captured by a simple anthropometric measure, whereas the
decline after removing anthropometric variables indicates that
body-size information was central to model performance.
This finding does not invalidate the broader TCM consti-
tution construct. Rather, it defines the information content
of the operational phenotype that could be reconstructed
from this routine examination dataset. The study therefore
contributes not only a predictive framework but also an
empirical assessment of construct boundaries and incremental
predictive value. In practical terms, the recorded phenotype
may support risk communication and hypothesis generation,
but it should not be interpreted as an independent diagnostic
classifier or as evidence that phlegm-dampness has a causal
effect on metabolic disease.
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These findings suggest that phlegm-dampness may
function as an adiposity-centered cardiometabolic pheno-
type within this older adult examination cohort. However,
this interpretation should remain descriptive rather than
causal. The constitution label and several risk markers
were measured in routine practice rather than under a
prospective experimental protocol. The observed associations
may reflect shared upstream determinants, including body
composition, diet, activity, socioeconomic factors, medication
use, comorbidities, and health care use. E-value analyses
quantified the strength of unmeasured confounding that
would be required to explain selected longitudinal associa-
tions, but they do not eliminate the possibility of residual
confounding [23].

Why Bidirectional Mapping Matters for
Patients and Clinicians

The bidirectional analysis addresses a practical communica-
tion gap. Patients may ask 2 different questions: “Given
my disease or examination abnormality, which constitution
pattern is common?”’ and “Given my constitution, which
health problems should I pay attention to?” These questions
are not statistically identical. Disease-to-constitution mapping
showed which constitution patterns were overrepresented
among people with specific recorded diseases or examination-
derived markers. Constitution-to-disease modeling estimated
the adjusted association between a constitution state and each
marker relative to balanced constitution.

This bidirectional framing may make constitution research
more interpretable to clinicians and patients outside TCM.
It also reduces the risk of presenting constitution as
a single-direction causal exposure. For clinical informat-
ics applications, such mapping could support patient-fac-
ing explanations, preventive counseling, and hypothesis
generation. For example, a decision support interface
could use the disease-to-constitution map to contextual-
ize a patient’s abnormal ultrasound or metabolic markers,
while using the constitution-to-risk map to highlight follow-
up priorities. Such applications would require prospective
evaluation before clinical use.

Model Evaluation Beyond AUC

The phlegm-dampness label prediction model achieved high
temporal test discrimination, but the broader evaluation
showed why AUC alone is insufficient. Calibration analy-
ses suggested that model probabilities were not perfectly
calibrated under temporal shift, and the broad biased-vs-bal-
anced model showed weaker calibration than the phlegm-
dampness model. Decision curve analysis suggested potential
net benefit for phlegm-dampness label prediction across
the evaluated threshold probabilities, but this retrospective
analysis does not establish clinical effectiveness. Exploratory
conformal summaries further demonstrated that uncertainty
behavior differed across tasks when the model was evaluated
in a later calendar period.

These findings align with broader concerns in clini-
cal prediction and artificial intelligence evaluation. Pre-
diction models can appear accurate in one setting yet
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perform differently when prevalence, measurement practices,
population characteristics, or care pathways change [24].
Transparent reporting is therefore essential when prediction
models are developed from routine clinical data [17]. For
clinical informatics tools, calibration is especially important
because users may interpret model outputs as actionable
probabilities rather than simple risk rankings [12]. Decision
curve analysis provides a complementary view of potential
clinical utility, but it cannot replace prospective implemen-
tation evaluation [13]. Our results therefore support the
feasibility of digital constitution phenotyping while empha-
sizing that deployment would require prospective validation,
workflow integration, and monitoring for temporal drift.

Privacy-Preserving Reproducibility and
Deployment Boundary

This study illustrates a common tension in clinical infor-
matics research: the data most relevant for phenotyping
often cannot be fully open because they contain sensitive
health information. Algorithmic governance discussions have
emphasized that transparency must be balanced with privacy,
accountability, and contextual risk [25]. We addressed this
tension by separating reproducible code and aggregate
evidence from restricted participant-level data. The public
package contains scripts, data dictionaries, aggregate output
tables, figure-generation workflows, a file manifest, and
synthetic demonstration data, while the original workbook
and individual-level derived analysis frames remain restric-
ted. This approach is consistent with the findable, accessible,
interoperable, reusable (FAIR) data management principles in
that reusable metadata and analytic outputs are shared even
when individual-level data cannot be open [26].

The same privacy-aware framing is important for
implementation. Adaptive mobile health design work has
shown that patient-facing systems require explicit workflows,
adaptation logic, usability assessment, and carefully defined
deployment boundaries rather than a prediction model alone
[27]. Our models are therefore best viewed as research
prototypes for decision support and communication. They
should not replace clinician assessment or the original TCM
constitution assessment, and any patient-facing use would
require prospective workflow evaluation, local recalibration,
and clear explanation of uncertainty.

Strengths

This study has several strengths. It used a large longitudi-
nal routine examination dataset with repeated constitution
assessments, separated recorded diseases from examina-
tion-derived marker flags, used bidirectional mapping,
and evaluated constitution state transitions. The additional
analyses also quantified participant overlap, added a strictly
participant-disjoint temporal evaluation, compared the full
model against simple adiposity baselines, separated new
onset from persistence, adjusted longitudinal associations
for adiposity, and corrected overlapping burden components.
These additions make both performance and limitations more
transparent.
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Limitations

Several limitations should be considered. First, this obser-
vational study cannot establish causal effects of constitu-
tion on disease. Adjustment for current marker status does
not eliminate residual confounding from disease severity,
treatment, repeated measurements, or health care use. Second,
the standardized older adult scale explicitly includes BMI and
waist circumference in phlegm-dampness scoring. Therefore,
strong performance of anthropometry-based models partly
reflects criterion overlap rather than independent recovery of
constitution from unrelated biomarkers. Although the system
automatically calculated scores and the resulting labels were
confirmed by a clinician, the analytic export did not pre-
serve assessor identity or a detailed correction audit trail.
We could not quantify how often preliminary classifications
changed during confirmation or evaluate between-assessor
variation. Third, participants were residents of 2 commun-
ities in Deyang City undergoing routine health examina-
tions; generalizability to other regions, recruitment settings,
and age groups requires external validation. Fourth, ECG
and abdominal ultrasound were available only as heteroge-
neous structured normal or abnormal flags; specific find-
ings and free-text interpretations were unavailable. Fifth,
medication names were recorded in only 42.3% of records,
and blanks could not be distinguished from no medication
use, preventing reliable adjustment. Socioeconomic status,
detailed lifestyle intensity, and adjudicated diagnoses were
also unavailable. Sixth, the original calendar-year evaluation
included repeated participants across periods. Participant-dis-
joint sensitivity analysis reduced this bias but remains an
internal validation within the same source cohort. Seventh,
BMI alone nearly matched the full phlegm-dampness model,
and most longitudinal cardiometabolic associations attenuated
after adiposity adjustment. Because BMI, waist circumfer-
ence, and the constitution label share information by design,
residual construct overlap and collinearity are unavoidable
in models that include anthropometry. Accordingly, adipos-
ity adjustment in this study evaluates statistical incremental
value rather than causal mediation or equivalence between
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phlegm-dampness constitution and adiposity. The model
should therefore not be interpreted as a comprehensive
constitution classifier. Eighth, the other biased constitutions
group was too small for stable inference. Finally, recurrence
was not evaluated, and subgroup analyses did not constitute a
full fairness audit.

Future Work

Future studies should validate this digital phenotyping
framework in independent cohorts, younger age groups,
different regions, and other clinical and health examina-
tion settings. Prospective studies are needed to determine
whether digital constitution phenotyping improves preven-
tive counseling, risk communication, or follow-up adherence.
Model development should incorporate external validation,
calibration updating, subgroup performance assessment,
fairness analysis, and human-centered evaluation, consistent
with broader recommendations for health equity in machine
learning [28]. If digital constitution tools are deployed, they
should be presented as decision support and communica-
tion aids rather than stand-alone diagnostic systems. Future
research should also examine whether longitudinal changes
in body composition, lifestyle, medication use, and metabolic
markers precede constitution transitions or whether constitu-
tion changes mainly reflect concurrent health state reassess-
ment.

Conclusions

Routine health examination data captured a reproducible,
predominantly adiposity-centered phlegm-dampness label
phenotype in this older adult cohort. Strong discrimination
persisted in participant-disjoint evaluation but was nearly
matched by BMI alone, and several longitudinal associa-
tions were explained by adiposity. The framework is useful
for transparent characterization of an existing culturally
embedded health state label, but it does not establish a
stand-alone diagnostic system or a comprehensive digital
classifier of TCM constitution.
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Temporal test calibration curves for digital constitution screening models. Calibration curves compare mean predicted
probability with observed event rate across deciles of predicted risk in the 2025-2026 temporal test set. (A) Biased vs balanced
constitution and (B) phlegm-dampness label presence vs all other records. The dashed diagonal line indicates ideal calibration.
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Supplementary tables for disease-to-constitution enrichment, burden score definitions, burden models, E-value sensitivity
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