Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Bidirectional Prediction of Diabetes-Hypertension
Comorbidity Transitions from Multimodal
Outpatient EMRs: A Reference-Deviation-Aware
Multimodal Stacking Framework (RD-MMS)

Shaofeng Tan

University of Science and Technology Beijing
Haogqiang Liu

University of Science and Technology Beijing

Luyao Tong

University of Science and Technology Beijing
Xiaoxuan Zhao

Beijing Pinggu Hospital
Jiamin Zhang

University of Science and Technology Beijing

Lisha Shuai
University of Science and Technology Beijing

Min Zhang
University of Science and Technology Beijing

Xiaolong Yang

yangx18usth,edu, ch

University of Science and Technology Beijing

Research Article

Keywords: multimodal learning, ensemble learning, reference interval encoding, data leakage control,
chronic disease comorbidity prediction

Posted Date: July 10th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-9517695/v1

License: © ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License


https://doi.org/10.21203/rs.3.rs-9517695/v1
https://doi.org/10.21203/rs.3.rs-9517695/v1
https://doi.org/10.21203/rs.3.rs-9517695/v1
https://creativecommons.org/licenses/by/4.0/

Additional Declarations: No competing interests reported.



Bidirectional Prediction of Diabetes—Hypertension
Comorbidity Transitions from Multimodal
Outpatient EMRs: A Reference-Deviation-Aware
Multimodal Stacking Framework (RD-MMS)

Shaofeng Tan'?, Haoqiang Liu', Luyao Tong!, Xiaoxuan Zhao?,

Jiamin Zhang!, Lisha Shuai!, Jialin Shi!, Min Zhang!,
Xiaolong Yang!”

"School of Computer and Communication Engineering, University of
Science and Technology Beijing, 30 Xueyuan Road, Beijing, 100083,
China.
2Department of Medical Engineering, Beijing Pinggu Hospital, No.59
Xinping North Road, Beijing, 101200, China.
3Information Management Center, Beijing Pinggu Hospital, No.59
Xinping North Road, Beijing, 101200, China.

*Corresponding author(s). E-mail(s): yangxl@ustb.edu.cn;
Contributing authors: winber@126.com; lhqbuaa@ustb.edu.cn;
ya20001026@163.com; 373178067Qqq.com; zhangjm_ustb@163.com;
promethusls@outlook.com; shijlQustb.edu.cn; zhangm@ustb.edu.cn;

Abstract

Background The highly specialized management of chronic diseases creates sys-
tematic blind spots in cross-disease risk identification. Existing predictive models
predominantly rely on inpatient data and focus on unidirectional disease pre-
diction, lacking systematic solutions tailored to the characteristics of real-world
outpatient data.

Methods A large-scale real-world outpatient multimodal dataset spanning
2023 to 2024 is constructed, and the Reference-Deviation-Aware Multimodal
Stacking (RD-MMS) framework is proposed to perform bidirectional prediction
of transitions between diabetes mellitus (DM) and hypertension (HTN) as a
representative comorbidity prediction task.



Results RD-MMS achieves an area under the receiver operating characteristic
curve (AUROC) of 0.767 for DM-to-HTN and 0.735 for HTN-to-DM in 5-fold
patient-level cross-validation, outperforming existing benchmarks in an outpa-
tient setting where laboratory test coverage is only 13-18%. External validation
on a 2025 holdout cohort confirms temporal stability, with AUROC values of
0.748 and 0.715 and temporal drift below 1.5%. Reference-Deviation (RD) seman-
tic perturbation causes AUROC decreases of 0.028—0.030, confirming that the
model depends on clinical semantics. The top 10% high-risk group achieves
2.9-fold enrichment in the event rate, and decision curve analysis (DCA) demon-
strates consistently superior net benefit over extreme strategies across threshold
probabilities of 2%-50%.

Conclusions Through reference-deviation-aware encoding, four-dimensional
leakage control, and multimodal stacking, the RD-MMS framework achieves
robust performance on low-quality outpatient data, with temporal stability con-
firmed by external validation. The core design is decoupled from specific disease
types and supports task switching in a configuration-driven manner, providing
a complete methodological paradigm for constructing reliable and deployable
chronic comorbidity prediction models from real-world outpatient electronic
medical records (EMR).

Keywords: multimodal learning; ensemble learning; reference interval encoding; data
leakage control; chronic disease comorbidity prediction

1 Introduction

The growing burden of metabolic chronic diseases, exemplified by DM and HTN, con-
tinues to escalate. The 11th edition of the International Diabetes Federation (IDF)
Diabetes Atlas projects that the global DM population will reach 589 million in
2025 and grow to 853 million by 2050 [1]. A pooled analysis by the NCD Risk Fac-
tor Collaboration of over 104 million participants demonstrates that HTN prevalence
continues to rise, with substantial regional disparities in control rates [2]. The co-
occurrence of DM and HTN is increasingly common [3, 4]. These two conditions
engage in bidirectional pathophysiological reinforcement: DM promotes HTN through
chronic hyperglycemia-induced endothelial injury, while HTN impairs insulin signal-
ing and induces insulin resistance via renin-angiotensin-aldosterone system (RAAS)
activation [5-8]. Comorbidity further multiplies the risk of cardiovascular events and
end-stage renal disease [9, 10]. Early identification of patients at high risk of chronic
disease transition, enabling a shift from passive treatment to proactive prevention, is
a central goal of precision chronic disease management.

However, the progressive specialization of medicine means that DM patients are
primarily managed by endocrinologists while HTN patients are seen by cardiologists.
When patients with comorbidities seek care, each specialist attends to conditions
within their own domain without systematically screening for cross-disease risks, leav-
ing many patients at high transition risk unrecognized during the early stage of



comorbidity development. In primary care settings, this cross-disease diagnostic gap
is even more pronounced due to limited technical expertise [11, 12].

In recent years, data-driven predictive models have advanced chronic disease risk
identification; however, important limitations remain. Existing studies predominantly
use inpatient records or population surveys, which differ substantially from real-world
outpatient data in information density and quality [13-15]. Some studies using real-
world data focus on complications rather than comorbidity transitions [16], and most
prediction tasks adopt unidirectional or single-disease modeling that cannot reveal
the task asymmetry between DM-to-HTN and HTN-to-DM transitions [17-19]. Sys-
tematic solutions remain lacking for the technical challenges specific to outpatient
data, including cross-instrument heterogeneity in laboratory information system (LIS)
data, hidden information leakage risks, and high sparsity [20, 21]. These issues limit
model generalizability in real clinical environments, underscoring the need for predic-
tive models built on real-world outpatient multimodal data that can simultaneously
characterize bidirectional comorbidity transitions with adequate interpretability.

Hospital outpatient settings serve as the principal setting for chronic disease pre-
vention and management. The longitudinal visit trajectory data recorded in outpatient
EMR systems cross specialist boundaries and contain rich information for identify-
ing disease transition risks. Nevertheless, constructing reliable predictive models from
real-world outpatient data still faces four core technical challenges: the limitation of
unidirectional modeling, which cannot reveal bidirectional task asymmetry [17-19];
reliance on single-modality data, with the predictive value of free text and visit behav-
ior trajectories yet to be systematically quantified [15, 22]; technical pipeline challenges
including systematic heterogeneity in LIS data and multiple hidden leakage pathways
in longitudinal EMR [20, 21]; and insufficient clinical utility validation, lacking DCA,
risk stratification, and other practical analyses [11, 12, 23-25].

2 Methods

To address these challenges, this study proposes the RD-MMS framework as an inte-
grated solution that simultaneously addresses bidirectional comorbidity prediction,
multimodal outpatient EMR integration, systematic leakage control, and robustness
to sparse data within a unified architecture, with each design choice validated through
perturbation experiments.

2.1 Overview of the RD-MMS Framework

Real-world outpatient EMRs pose three challenges that existing comorbidity predic-
tion pipelines do not systematically address: cross-instrument heterogeneity in LIS
data that conventional normalization cannot resolve, multiple subtle leakage pathways
that inflate internal validation performance [20, 21], and high laboratory sparsity that
undermines models relying solely on structured features [13, 14]. RD-MMS is designed
to address all three within a unified architecture by encoding laboratory values rela-
tive to patient-specific reference intervals, enforcing a four-dimensional leakage control
protocol, and fusing structured and text modalities so that clinical narratives actively
compensate when laboratory coverage is low.



The framework consists of four core components (Fig.1). RD encoding invokes
patient-specific reference intervals maintained by the LIS system to convert labo-
ratory values into relative deviations: values within the normal range are encoded
as zero, abnormal values as directional deviations, and missing values are preserved
intact. This approach resolves cross-instrument comparability and enables tree-based
models to learn from the absence of specific tests. Multimodal feature fusion concate-
nates RD numerical features, bidirectional encoder representations from transformers
(BERT) text embeddings, term frequency-inverse document frequency (TF-IDF) rep-
resentations, visit behavior statistics (density, intervals, and related quantities), and 20
guideline-based clinical threshold features, allowing structured and unstructured sig-
nals to complement each other. A four-dimensional leakage control boundary enforces
patient-level fold splitting, temporal cutoff, sensitive field masking, and within-fold
preprocessing fitting, ensuring that the model uses only information recorded prior to
the index visit. A stacking ensemble then trains an L2-regularized logistic regression
meta-learner on out-of-fold (OOF) predictions from multiple base models to reduce
overfitting. The entire framework is driven by a configuration file that enables task
switching and is not tied to specific disease types.

Leakage Prevention Strategy: (. La

7\ ( 7\ [ \cm'url"‘uc"wuu\
y S Ee

! Feature Encoders
EMR Data '
Diagnosis/Surgery/Prescription BERT (768 Dim)
| MedBERT-KD-Chiness - Semantic Extraction

LIS Data i | TF-IDF (500 Dim)
330+ rocorda —» 2.1M samplsn *® Bigrams & Trigrams - Textual Pattem
+ | RO Features (1,089 1,054)
PACS Data \| Relstive Deviation of Lab Indicators
Medical Impact Rapart] V| roe B -

Base Models (OOF)

XGBoost

Stacking Performance

Internal
AUROC 0.76

Mal ner
LR (L2)

LightGEM

External
AUROC 0.74

CatBoost

Decay < 1.5%

Demographics (20 Dim)
ESC/ADA Guidslines - HbATc - CKD-EFI

v | clinical indicators (70 Dim)
+ | Trand Statistics - SD/CY - Missing Rates

Relative Deviation (RD) Definition:

RD=0ifLsxsU

RO = {x - U}4 {U - L) if x > U {Positive Deviation)

RD = (x - L)/ (U- L} if x = L (Negative Deviation) Mote: LA = Lowen

imits of Laboratory Refarence

g

Range; x = measured vaiue.

Fig. 1 RD-MMS: Reference-Deviation-Aware Multimodal Stacking Framework. Three input sources
(EMR, LIS, and PACS) are encoded into five feature types: BERT semantic embeddings, character-
level TF-IDF, Reference-Deviation (RD) encoded laboratory values, guideline-based demographic
features, and clinical indicator features. A four-dimensional leakage prevention strategy (label
separation, diagnosis masking, laboratory blind processing, and temporal windowing) is enforced
throughout. Four base models are trained via 5-fold GroupKFold cross-validation, and a logistic
regression meta-learner (L2, C' = 0.1) integrates out-of-fold predictions into a final risk score. The
RD encoding formula is shown in the lower panel: RD =0 L <z <U; (zx—U)/(U-L) if z > U;
(x—L)/(U—-L) if x < L, where L and U are the lower and upper bounds of the patient-specific
laboratory reference interval and z is the measured value.



2.2 Data Source and Cohort Construction

This study constructs a large-scale real-world outpatient multimodal dataset spanning
2023 to 2024, covering the primary data sources on which outpatient physicians base
their diagnoses. The dataset is drawn from three sources: outpatient EMR (2,849,738
visit records containing structured diagnostic information and unstructured clinical
narratives), LIS (33,211,443 raw test records, reduced to 2,188,770 records after qual-
ity filtering, covering 107 core laboratory indicators with patient-specific reference
intervals fully retained), and a picture archiving and communication system (PACS)
(633,489 imaging diagnostic reports). These three data types are aligned at the individ-
ual visit level, providing multidimensional coverage of outpatient clinical information.
The dataset encompasses 276,392 patients, representing over 61% of the local per-
manent resident population, while the hospital accounts for approximately 30% of
local outpatient volume (over 98% of patients are local residents), indicating strong
population representativeness (Fig.2, Fig.??). Compared with existing similar studies
that typically rely on inpatient records or targeted surveys [13-15], this dataset offers
substantial advantages in scale, modality completeness, and real-world outpatient
representativeness.

To focus on high-prevalence metabolic chronic diseases while remaining within
practical computational constraints, patients with documented diagnoses of DM, HTN,
or dyslipidemia are selected from the full patient pool to form the study cohort. The
DM-to-HTN cohort includes patients with any confirmed DM diagnosis and no prior
HTN record before the baseline date, with the first DM diagnosis set as the baseline
date and the first incident HTN during follow-up as the positive outcome. The HTN-
to-DM cohort is defined symmetrically. Disease names and targeted drug names in
clinical text are masked with [UNK] tokens to prevent label leakage from clinical
narratives. Negative samples are down-sampled at a 5:1 ratio [26]. The final cohort
includes 13,290 patients for DM-to-HTN (positive rate 16.7%) and 13,086 patients for
HTN-to-DM (positive rate 16.7%), comprising a total of 794,986 visit records.

2.3 Reference-Deviation Encoding

The core challenge in LIS data standardization is that even within a single hospital,
the same laboratory indicator may correspond to multiple reference intervals due to
differences in instrument platforms, reagent batches, and patient-specific characteris-
tics [27, 28]. Conventional Z-score and min-max normalization share three limitations:
they apply global summary statistics and cannot accommodate reference interval dif-
ferences across instruments or patient populations; they map measurements within
the normal range and abnormal values onto a common continuous scale, erasing the
clinically meaningful zero-deviation signal encoded in normal-range values; and they
require mean imputation for missing values, which destroys the ability of tree-based
models to exploit “not tested” as a weak negative signal [29-31]. Generative adver-
sarial imputation networks (GAIN) and similar methods can produce more realistic
imputed values [32], but the imputation process itself introduces additional distribu-
tional assumptions that may obscure the clinical behavioral signal conveyed by “not
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Fig. 2 Study Design and Patient Flow Diagram. Multi-source data (EMR, LIS, and PACS) from
2023-2024 are integrated into a comorbidity study population of 66,110 patients. Two bidirectional
cohorts are derived: DM-to-HTN (n = 13,290, positive rate 16.7%) and HTN-to-DM (n = 13,086,
positive rate 16.7%), each with negative samples down-sampled at a 1:5 ratio. Five feature modalities
are assembled within a GroupKFold validation scheme, and the stacking ensemble is evaluated by
internal OOF validation and an independent 2025 holdout cohort.

tested.” The present framework retains NaN values intact so that tree-based models
can natively exploit missingness patterns.

RD encoding is motivated by the routine clinical practice of interpreting laboratory
results relative to reference intervals. This study formalizes that interpretive conven-
tion into a machine learning feature engineering scheme and systematically validates
its predictive utility through perturbation experiments [27, 28]. Each measurement x;;



is encoded as a clinically meaningful relative deviation:

Tij — Uz

S0 g > U
UilfLijﬁ 1L x5 > Ugy

RDij - 20, if Ly < x5 < Uy (1)
Tiq —LZ" .
ﬁ7 if Tij < Lij

where U;; and L;; denote the upper and lower bounds of the patient-specific reference
interval for laboratory test j of patient ¢, respectively.

RD encoding addresses each of the aforementioned limitations. By invoking the
patient-specific reference interval corresponding to each individual test, it fundamen-
tally resolves cross-instrument heterogeneity. Encoding normal-range values as zero
and abnormal values as directional continuous deviations aligns with the granular-
ity of clinical judgment. Preserving NaN values for untested items enables tree-based
models to simultaneously exploit both “what was tested” and “what was not tested”
as informative signals [29-31]. After filtering columns with missingness exceeding 95%
(sensitivity analyses at 70%, 80%, and 90% missingness thresholds show AUROC
changes smaller than 0.005), 1,089 numerical features are retained for DM-to-HTN
and 1,054 for HTN-to-DM.

2.4 Multimodal Feature Engineering

Throughout this study, the term “multimodal” refers to the integration of het-
erogeneous data types originating from distinct clinical source systems, specifically
structured numerical records, free-text narratives, and behavioral logs, following the
convention adopted in the medical informatics literature [17, 18].

This study integrates five categories of heterogeneous features. BERT semantic
embeddings (768 dimensions) are obtained by concatenating six types of text fields and
feeding them into a pretrained Chinese BERT model (bert-base-chinese), followed by
mean pooling to capture deep clinical semantics. This approach leverages contextual
representations shown to be highly effective in clinical text modeling and prediction
tasks [33, 34]. Character-level TF-IDF (500 dimensions, 2-3-gram) is fitted indepen-
dently within each training fold to prevent data leakage. Visit behavior features (7
dimensions) include visit density, mean and standard deviation of visit intervals, coef-
ficient of variation, and visit count in the past 90 days; these features carry no missing
values and have zero acquisition cost, making them particularly useful in primary
care settings [35]. For deeper modeling of longitudinal visit sequences, Transformer-
based architectures such as Bidirectional Encoder Representations from Transformers
for Electronic Health Records (BEHRT) offer an alternative [36], but this framework
instead adopts computationally less expensive and more interpretable visit behavior
statistics. Guideline-based clinical threshold features (20 dimensions) are constructed
primarily according to the European Society of Cardiology (ESC)/European Society
of Hypertension (ESH), American Diabetes Association (ADA), and Chronic Kid-
ney Disease Epidemiology Collaboration (CKD-EPI) guidelines, directly encoding key



clinical abnormality states such as blood pressure grading, glycemic threshold cross-
ings, and estimated glomerular filtration rate (eGFR) staging [37-39]. The above
features are concatenated into a final feature set of approximately 2,357 dimensions
for DM-to-HTN and approximately 2,322 dimensions for HTN-to-DM.

2.5 Four-Dimensional Leakage Control System

Data leakage is the primary systematic threat to clinical predictive models, as it
leads to inflated internal validation performance, unreliable external generalization,
and reproducibility failures. To strictly simulate real clinical decision-making con-
straints and ensure that the model uses only information recorded prior to the index
visit [20, 21], four complementary controls are enforced throughout the pipeline.
Patient-level splitting through group-stratified k-fold cross-validation (GroupKFold)
ensures no patient overlap between folds, preventing the model from implicitly mem-
orizing individual patient patterns across longitudinal visit records, a form of leakage
that random record-level splitting would introduce and that is frequently overlooked
in studies using longitudinal EMR, data [20, 21]. Temporal cutoff restricts features
to records dated before the baseline date. Semantic masking adds LIS year fields
and other fields containing implicit temporal information to a restricted list, and
replaces disease diagnosis names and targeted drug names in clinical text with [UNK]
tokens. Within-fold leakage prevention ensures that TF-IDF, Synthetic Minority Over-
sampling Technique (SMOTE), and StandardScaler are fitted exclusively within the
training fold, and the stacking meta-learner is trained on OOF predictions [40, 41].

2.6 Model Architecture and Evaluation

This study adopts differentiated preprocessing strategies to address class imbalance
and data heterogeneity. Conventional models (multilayer perceptron [MLP], ran-
dom forest [RF], and logistic regression [LR]) apply SMOTE oversampling combined
with StandardScaler normalization within the training fold. Gradient boosting trees
(XGBoost, LightGBM, and CatBoost) use built-in class weights and retain missing
values. Six heterogeneous base models are trained in parallel using 5-fold patient-
level GroupKFold cross-validation [29-31, 42—44]. The stacking meta-learner is an
L2-regularized logistic regression (C' = 0.1) [40, 41], taking as input the OOF predic-
tion probability matrix from the four base models with the highest OOF AUROC and
outputting the final integrated risk score.

The evaluation framework uses AUROC as the primary discriminative metric, with
average precision (AP), sensitivity, specificity, positive predictive value (PPV), neg-
ative predictive value (NPV), and F1 score as secondary metrics; the classification
threshold is determined by the Youden index. Robustness is assessed through three
systematic perturbation experiments: sparsity robustness, which randomly masks lab-
oratory values to simulate missingness rates from 0% to 90% in increments; RD
semantic perturbation, which randomly pairs reference intervals from one patient with
laboratory values from a different patient; and temporal order perturbation, which
randomly shuffles visit sequences. Clinical utility is comprehensively evaluated through
DCA [23, 25], Hosmer-Lemeshow calibration testing, top-10% risk stratification net



benefit, and subgroup analyses by age, sex, and baseline disease severity. External tem-
poral validation uses an independent 2025 holdout cohort (DM-to-HTN: n = 17,274;
HTN-to-DM: n = 13,086), strictly following the future-validation principle to avoid
temporal leakage. Interpretability analysis is based on SHAP TreeExplainer [45, 46],
deriving feature contributions and interaction effects from 2,000 randomly sampled
cases.

To evaluate the incremental contribution of each design layer in the RD-MMS
framework, three baseline methods are constructed and evaluated under the same
patient-level GroupKFold cross-validation scheme (k = 5) and leakage-prevention rules
as the main pipeline. B1 is a logistic regression model using only demographic and visit
behavior features. B2 is a logistic regression model with raw laboratory values added
to B1. B3 is an XGBoost model using all structured features but excluding clinical
text. All baselines use the same data partitioning as the main pipeline to ensure fair
comparison. Statistical significance of AUROC differences between methods is assessed
using the DeLong test (two-sided).

3 Results

Results are organized in five parts: overall model performance and external valida-
tion (Section 3.1), comparison against baseline methods (Section 3.2), ablation of
design decisions and modality contributions (Sections 3.3-3.4), perturbation validation
(Section 3.5), SHAP feature importance analysis (Section 3.6), and clinical utility anal-
ysis (Section 3.7). Baseline characteristics of both development cohorts are summarized
in Table 1.

3.1 Model Prediction Performance

Table 2 presents the baseline characteristics of both task development cohorts. Patients
who experience comorbidity transition (positive cases) are significantly older at first
visit than negative cases (DM-to-HTN: 60.8 & 12.7 years vs. 53.6 + 15.3 years; HTN-
to-DM: 61.4 £ 13.1 years vs. 60.0 £ 13.7 years; both p < 0.001). Positive cases have
a lower median visit count than negative cases (4 vs. 6), but higher visit density and
smaller standard deviation of visit intervals, reflecting more regular and concentrated
visit patterns among positive cases.

The full-modality stacking model achieves the best performance: DM-to-HTN
AUROC = 0.767 (AP = 0.413, sensitivity = 0.708, specificity = 0.689, NPV = 0.923);
HTN-to-DM AUROC = 0.735 (AP = 0.401, sensitivity = 0.679, specificity = 0.658,
NPV = 0.912). Gradient boosting tree models consistently outperform MLP and
LR [29-31], and stacking improves upon the best single model (Light GBM) by 4+0.010
to +0.018 [40, 41]. AP values for both tasks are approximately 2.4-2.5 times the ran-
dom baseline (0.167) [26] (Table 2, Fig.??, Fig.3). Compared with similar existing
studies [17, 47, 48], the present study achieves superior performance using real-world
outpatient laboratory data with coverage of only 13-18%, a quality substantially lower
than that of the inpatient or survey data used in those studies. Temporal drift on
the holdout external cohort remains below 1.5%, demonstrating the robustness of the
framework under low-quality real-world data conditions.



External validation on the 2025 holdout cohort yields AUROC values of 0.748
and 0.715, with temporal drift of 1.3%-1.5% (Fig.??), confirming the effectiveness of
the leakage control system [20, 21]. The external AUROC of RF drops from 0.737
to 0.615 (a decrease of 0.122), while the stacking ensemble declines by only 0.013,
demonstrating the systematic suppression of overfitting by the OOF mechanism [40,
41].

Table 1 Baseline characteristics of the study cohorts (development cohort, 2023-2024)

Characteristic Positive Negative P
DM—HTN cohort (npos = 1,817; nneg = 9,085)

Age at first visit (years, mean £ SD) 60.8 +12.7 53.6 +15.3 <0.001
Age at last visit (years, mean £ SD) 61.2+12.7 54.2+15.3 <0.001
Visit count (median [IQR]) 4 [2-10] 6 [2-13] <0.001
Visit density (visits/month, median [IQR]) 1.52 [0.54-4.29]  1.20 [0.51-3.20] <0.001
Visit interval SD (days, median [IQR]) 8.0 [0.0-24.5] 13.5 [0.0-36.2] <0.001
LIS test coverage (patient-level aggregate) 51.1% 51.5% 0.310
HTN— DM cohort (npos = 1,846; mneg = 9,230)

Age at first visit (years, mean £+ SD) 61.4+£13.1 60.0 £ 13.7 <0.001
Age at last visit (years, mean + SD) 61.8+13.0 60.7 £ 13.7 <0.001
Visit count (median [IQR]) 4 [2-9] 6 [2-13] <0.001
Visit density (visits/month, median [IQR]) 1.39 [0.55-4.83]  1.04 [0.49-2.43] <0.001
Visit interval SD (days, median [IQR]) 7.5 [0.0-26.8] 17.2 [0.0-39.7]  <0.001
LIS test coverage (patient-level aggregate) 51.3% 51.6% 0.283

Notes: Positive: comorbidity transition occurred during follow-up; Negative: no transition.
LIS test coverage denotes the proportion of LIS items with recorded values among all LIS
items across a patient’s visit history (single-visit coverage 13%—18%, see main text). Between-
group comparisons for continuous variables use the Mann-Whitney U test. SD: standard
deviation; IQR: interquartile range; LIS: laboratory information system.

3.2 Performance Comparison with Baseline Methods

Table 3 presents the performance comparison between RD-MMS and the three baseline
methods under the same data partitioning.

Baseline B1, a logistic regression model using only demographic and visit behavior
features, achieves AUROC values of 0.690 and 0.633 for the DM-to-HTN and HTN-to-
DM tasks, respectively, demonstrating that longitudinal visit behavior patterns carry
an independent predictive signal.

Baseline B2, which augments B1 with raw laboratory values, does not improve
performance on the DM-to-HTN task (AUROC 0.673 vs. 0.690 for B1; AAUROC =
—0.094 relative to RD-MMS). This indicates that raw laboratory measurements, with-
out appropriate feature transformation, can introduce noise when processed by a linear
classifier.
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Table 2 Predictive performance of all models (5-fold patient-level OOF evaluation)

Task Model AUROC AP Sens Spec PPV NPV F1
DM—HTN  Stacking 0.767 0.413 0.708 0.689 0.316 0.923 0.436
Light GBM 0.757 0.401 0.697 0.678 0.308 0.920 0.425
XGBoost 0.754 0.396 0.648 0.726 0.320 0.912 0.430
CatBoost 0.750 0.387 0.685 0.691 0.308 0.918 0.428
Random Forest 0.737 0.352 0.751 0.601 0.275 0.925 0.401
MLP 0.725 0.349 0.693 0.648 0.282 0.915 0.402
LR 0.671 0.275 0.643 0.614 0.251 0.898 0.361
HTN—DM Stacking 0.735 0.401 0.679 0.658 0.282 0.912 0.398
Light GBM 0.717 0.377 0.641 0.677 0.284 0.905 0.394
CatBoost 0.716 0.385 0.638 0.674 0.281 0.904 0.390
XGBoost 0.713 0.374 0.578 0.734 0.304 0.898 0.399
Random Forest 0.687 0.321 0.621 0.647 0.261 0.896 0.368
MLP 0.684 0.316 0.561 0.719 0.285 0.892 0.378
LR 0.646 0.266 0.498 0.718 0.262 0.879 0.345

Notes:All models are trained on the full feature set (RD-encoded laboratory tests, clinical text
embeddings, and structured clinical features) using 5-fold patient-level GroupKFold OOF
evaluation. The classification threshold is determined by the Youden index. AUROC: area
under the ROC curve; AP: average precision; Sens: sensitivity; Spec: specificity; PPV: positive
predictive value; NPV: negative predictive value; LR: logistic regression; MLP: multilayer
perceptron; OOF': out-of-fold.

Replacing logistic regression with XGBoost and incorporating all structured fea-
tures in B3 yields substantial performance gains (DM-to-HTN AUROC = 0.737;
HTN-to-DM AUROC = 0.697), confirming the necessity of nonlinear modeling for
high-dimensional laboratory data.

The complete RD-MMS framework achieves AUROC values of 0.767 and 0.735
for the two tasks, representing improvements of 0.030 and 0.037 over B3. These
incremental gains are attributed to the synergistic effect of RD semantic encoding,
clinical text embedding features, and the stacking ensemble. All pairwise comparisons
between baseline methods and RD-MMS are statistically significant (DeLong test, all
p < 0.001).

The degradation from Bl to B2 indicates that raw laboratory values without
semantic normalization introduce net noise into a linear classifier, directly motivating
the RD encoding and nonlinear modeling choices in RD-MMS.

3.3 Design Decision Ablation and Encoding Comparison

Ablation experiments systematically validate the effect of key engineering decisions
on model performance (Table 4), using the configuration after removing the LIS year
field as the reference point (DM-to-HTN: 0.760; HTN-to-DM: 0.721). The effects of
individual decisions vary considerably across configurations.
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Fig. 3 ROC Curves: Internal Validation (5-fold Patient-Level OOF). Left panel: DM-to-HTN task;
right panel: HTN-to-DM task. The solid red curve represents the Stacking ensemble (AUROC = 0.767
and 0.735, respectively). Dashed lines show the six base learners: XGBoost, Light GBM, CatBoost,
NeuralNet (MLP), Random Forest, and Logistic Regression. The dotted diagonal line represents the
no-discrimination reference. All curves are derived from complete 5-fold patient-level OOF prediction
vectors.

Table 3 Performance comparison of RD-MMS against baseline methods (5-fold patient-level
GroupKFold OOF evaluation)

Task Method AUROC AP Sens Spec PPV NPV F1 AAUROC p

DM—HTN B1 0.690 0.301 0.690 — 0.584 — 0.366 —0.077 <0.001
B2 0.673 0.270 0.643 — 0.638 — 0.373 —0.094 <0.001
B3 0.737 0.356 0.763 — 0.587 — 0.399 —0.030 <0.001
RD-MMS 0.767 0.413 0.708 0.689 0.316 0.923 0.436 Ref Ref

HTN—DM B1 0.633 0.240 0.652 — 0.544 — 0.331 —0.102 <0.001
B2 0.652 0.263 0.611 — 0.628 — 0.352 —0.083 <0.001
B3 0.697 0.316 0.656 — 0.622 — 0.370 —0.037 <0.001
RD-MMS 0.735 0.401 0.679 0.658 0.282 0.912 0.398 Ref Ref

Notes: B1: LR using demographics and visit behavior features only. B2: LR with B1 features
plus raw laboratory values. B3: XGBoost using all structured features, excluding clinical text.
RD-MMS: proposed full-modality stacking framework. Specificity (Spec) and NPV are not
reported (—) for B1, B2, and B3 as these baselines do not produce a matched specificity under
the same threshold scheme. AAUROC: the AUROC of each method minus the AUROC of
RD-MMS; p: DeLong test (two-sided). Sens: sensitivity;LR: logistic regression; Ref: reference.

The most prominent finding involves SMOTE misuse: when SMOTE oversampling
is incorrectly applied to all models including gradient boosting trees, AUROC for the
HTN-to-DM task drops by 0.041 (from 0.721 to 0.680). This decline arises because
the interpolation mechanism of SMOTE disrupts the “not tested” weak negative sig-
nals captured by the native missing-value handling of tree-based models [29-31, 49],
a clinically discriminative behavioral pattern that existing studies have largely over-
looked in chronic disease screening [20, 21]. Restricting SMOTE to MLP, LR, and RF
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restores performance to the reference level, confirming the necessity of differentiated
preprocessing.

The leakage control effect ranks second in magnitude: systematic masking of the
LIS year field yields approximately 0.030 AUROC improvement across both tasks,
revealing the concealed nature of implicit leakage pathways in EMR temporal data.
Such time-related metadata typically fall outside the scope of intuitive auditing, and
existing studies lack standardized field-level leakage screening procedures.

Feature engineering gains are stable but show diminishing returns at the margin.
Upgrading text features from word-level TF-IDF to 500-dimensional character-level
2-3-gram representations yields incremental improvements of +0.002 for DM-to-HTN
and +0.006 for HTN-to-DM. Adding 20 guideline-based clinical threshold features to
the final configuration yields improvements of 0.007-0.014 AUROC over the reference,
confirming the value of embedding domain knowledge. These features, constructed
according to ESC/ESH, ADA, and CKD-EPI guidelines, directly encode key clinical
abnormality states such as blood pressure grading, glycemic threshold crossings, and
estimated glomerular filtration rate (eGFR) staging as explicit features.

Table 4 Design decision ablation study (sequential steps, 5-fold OOF evaluation)

Configuration DM—HTN HTN—DM Primary effect
AUROC AUROC

Reference (LIS year field removed) 0.760 0.721 Engineering baseline

SMOTE applied to all models (incl. 0.738 0.680 NaN signal disrupted

trees) (max }0.041)

SMOTE applied to MLP/LR/RF only 0.760 0.722 NaN signal restored

(correct)

TF-IDF upgraded to 500-dim char 0.762 0.728 -+0.002/+0.006

2-3-gram

20 clinical threshold features added 0.767 0.735 +0.005/4-0.007

Notes: Each row represents an incremental step relative to the reference configuration. OOF:
out-of-fold; MLP: multilayer perceptron; LR: logistic regression; RF: random forest; TF-IDF:
term frequency-inverse document frequency.

3.4 Modality Ablation and Sparsity Robustness

Modality ablation experiments (Fig. 4 and Table 5) reveal the asymmetric contribu-
tions of different information sources to the two prediction tasks. The gain from text
features is substantially larger for HTN-to-DM (AAUROC = 40.038) than for DM-
to-HTN (40.020), quantifying the fundamental difference in information structure
between the two transition directions [13, 50]. This asymmetry cannot be identified in
unidirectional modeling, highlighting the methodological necessity of the bidirectional
framework.

The independent value of visit behavior features is particularly noteworthy: using
only 7-dimensional visit behavior metrics (with zero additional examination cost),
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AUROC values of 0.606-0.611 are achieved, substantially above chance level, demon-
strating that patient visit behavior itself carries an independent signal for disease
transition risk. This finding suggests that behavioral trajectory analysis can serve
as a low-cost screening tool in resource-limited settings, with important practical
implications for primary care institutions.

Table 5 Modality ablation study (LightGBM, 5-fold OOF evaluation)

Feature configuration DM—HTN AUROC HTN—DM AUROC
Visit behavior features only (7 dim) 0.606 0.611
BERT embeddings only (768 dim) 0.682 0.631
TF-IDF only (500 dim, char 2-3-gram) 0.693 0.653
Numerical only (RD LIS + BP + behavior) 0.747 0.697
Numerical + TF-IDF (BERT removed) 0.759 0.726
Numerical + BERT (TF-IDF removed) 0.750 0.709
Full-modality Stacking (final) 0.767 0.735

Notes:Full-modality Stacking uses Light GBM, XGBoost, CatBoost, and Random Forest as the
four base models. TF-IDF is fitted independently within each training fold (within-fold leakage
prevention). BERT: bidirectional encoder representations from transformers; TF-IDF: term
frequency-inverse document frequency; RD: reference deviation; LIS: laboratory information
system; BP: blood pressure; dim: dimensions.

The marginal contribution of text features is modality-dependent. Using BERT
semantic embeddings alone achieves AUROC values of only 0.631-0.682, with lim-
ited improvement over visit behavior features alone (40.025-40.071), while carrying
the risk of high-dimensional sparsity. Their predictive contribution is contingent
on the anchoring effect of structured laboratory data; the final multimodal fusion
configuration achieves AUROC gains of 0.085-0.103 over the single-text modality.

Sparsity robustness experiments (Fig.5, Table 6) show that as laboratory miss-
ingness increases from 0% to 90%, the numerical-only configuration degrades sub-
stantially: DM-to-HTN AUROC falls from 0.747 to 0.598 (A = —0.149), while the
full-modality configuration declines only to 0.708 (A = —0.059), representing a 60.4%
reduction in degradation.

The text compensation effect expands monotonically, with the compensation gain
increasing from +0.020 under complete data to +0.110 under 90% missingness, a
5.5-fold increase. This indicates that text and structured data form a strong comple-
mentary relationship rather than redundant overlap [48, 51], with text features actively
capturing substitute signals from clinical narratives when laboratory data are sparse.
This property has critical practical value for primary care settings: even for patients
who have never undergone laboratory testing, the narrative information recorded by
physicians in outpatient records, including chief complaints, physical examination find-
ings, and medication adjustments, maintains discriminative ability at approximately
AUROC 0.61 (Fig.??). The framework does not degrade when patients have few test
records. This robustness derives from the reference-interval prior embedded in RD
encoding: even when laboratory values are absent, “not tested” can itself participate
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Fig. 5 Robustness to Missing Laboratory Data. AUROC as a function of laboratory data missing
rate (0%—90%) for the numerical-only (dashed, circles) and full multimodal RD-MMS (solid, squares)
configurations in the DM-to-HTN (left, blue) and HTN-to-DM (right, green) tasks. The shaded region
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vertical dotted line indicates the approximate real-world single-visit missing rate (13%—-18%).

in prediction through the encoding mechanism, forming complementary redundancy
alongside semantic compensation from the text modality.

The asymmetric text gain across tasks reflects a structural difference in how each
transition manifests in outpatient records, a pattern that unidirectional modeling
would average away and therefore miss entirely.

15



Table 6 Sparsity robustness experiment: AUROC at varying laboratory data missingness

rates
Configuration 0% 20% 40% 60% 80% 90%
DM—HTN, numerical only 0.747 0.717 0.696 0.665 0.636 0.598
DM—HTN, full modality 0.767 0.743 0.732 0.722 0.713 0.708

Text compensation gain (A)  +0.020 +40.026 40.036 +0.057 +0.077 +40.110

HTN—DM, numerical only 0.697 0.669 0.638 0.602 0.559 0.552
HTN—DM, full modality 0.735 0.705 0.691 0.674 0.653 0.659
Text compensation gain (A)  +0.038 40.036 40.053 40.072 40.094 +0.107

Notes:Missingness is introduced by randomly masking laboratory values at the specified rate.
Full-modality configuration uses the complete RD-MMS feature set. AUROC: area under the
receiver operating characteristic curve.

3.5 Perturbation Validation

For RD semantic perturbation, laboratory values and reference intervals from differ-
ent patients are randomly mismatched, preserving the numerical value distribution
while destroying patient-specific clinical semantic alignment. DM-to-HTN AUROC
decreases from 0.767 to 0.737 (A = —0.030) and HTN-to-DM from 0.735 to 0.707
(A = —0.028), demonstrating that performance gains do not derive from simple
numerical scale transformation but rather from the clinical prior knowledge embedded
in patient-specific reference intervals (Table 7).

For temporal order perturbation, visit sequences are randomly shuffled to elimi-
nate temporal dependencies, reducing DM-to-HTN AUROC to 0.721 (A = —0.046)
and HTN-to-DM to 0.698 (A = —0.037). This indicates that longitudinal visit tra-
jectories represent a more fundamental predictive signal than laboratory semantics,
and that models based on cross-sectional or single-visit data [14, 25] cannot capture
this dynamic evolutionary pattern. This finding explains why the framework achieves
performance comparable to inpatient cohort studies in the lower-quality outpatient
setting: the critical factor is thorough modeling of longitudinal care-seeking behavior
rather than reliance on data completeness alone.

3.6 SHAP Feature Importance Analysis

SHapley Additive exPlanations (SHAP) interpretability analysis reveals fundamental
differences in feature dependency patterns between the two transition tasks [45, 46]
(Table 8), providing mechanistic justification for modeling the two directions indepen-
dently.

The DM-to-HTN task is dominated by vascular aging-related features, with age at
first visit (|[SHAP| = 0.196) and blood pressure trajectory constituting the core pre-
dictors, consistent with the progressive vascular stiffening and endothelial dysfunction
observed in DM patients with advancing age [5, 52, 53]. The HTN-to-DM task presents
a markedly different information structure: visit density (|]SHAP| = 0.246) ranks
first, and text-extracted glucose anomaly mentions (exam_glucose, |[SHAP| = 0.142)
rank third, both exceeding traditional laboratory biomarkers. This finding aligns
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Table 7 Perturbation experiments: RD semantic perturbation and temporal order perturbation

Perturbation type DM—HTN HTN—DM Clinical interpretation
AUROC AUROC

Original RD encoding (refer- 0.767 0.735 -

ence)

RD semantic perturbation (ref- 0.737 (40.030) 0.707 (J0.028) Performance derives from clin-

erence intervals randomly mis- ical semantics, not numerical

matched) scale

Temporal order perturbation 0.721 (J0.046) 0.698 (10.037) Longitudinal visit trajectory is

(visit sequence randomly shuf- the core predictive signal

fled)

with clinical practice, in which increased visit frequency among hypertensive patients
often reflects poor blood pressure control, while sustained blood pressure fluctuation
induces insulin resistance through RAAS activation and oxidative stress [6, 7]. Glucose
abnormalities documented by physicians in clinical notes frequently precede formal
diagnosis, constituting a cross-disease early warning signal that specialist-centered
management is most likely to miss [48, 51].

Feature importance is markedly asymmetric across tasks. In a unidirectional
DM-to-HTN model, the contribution of text features would be substantially under-
estimated (gain of only +0.020), whereas text features are a critical driver in the
HTN-to-DM direction (gain of 40.038). This directional dependency can only be
identified within a bidirectional unified framework. Visit behavior features surpass tra-
ditional laboratory indicators in both tasks, independently validating the predictive
value of healthcare utilization behavior as a digital phenotype [45, 46] (Figs.??,2?,27).
These findings have been confirmed through clinical expert review as consistent with
the observed disease progression patterns in chronic comorbidity development.

That temporal shuffling causes greater performance loss than semantic mismatch-
ing suggests that longitudinal visit trajectories carry more fundamental predictive
information than any individual laboratory deviation.

3.7 Clinical Utility and Risk Stratification

Clinical utility is assessed across four dimensions: decision support, probability
calibration, risk stratification, and population heterogeneity.

Decision curve analysis (Fig.6) shows that across the full range of clinical decision
threshold probabilities from 2% to 50%, the net benefit of the framework consis-
tently exceeds both the treat-all and treat-none strategies [23, 25], with the advantage
most pronounced in the 10%-30% threshold range. This indicates that the model pro-
vides the greatest decision support value when physicians must choose between close
monitoring and initiating intervention.

Regarding probability calibration, the model is well calibrated in the low-to-
moderate predicted risk range (0-0.60) but shows mild overestimation above 0.60.
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Table 8 Top 10 SHAP feature importances (XGBoost, n = 2,000 random samples)

Rank DM—HTN feature [SHAP| Rank HTN—DM feature |SHAP|
1 Age at first visit 0.196 1 Visit  density  (visits/-  0.246
month)
2 Visit density 0.157 2 Visit interval SD 0.157
3 Visit interval SD 0.138 3 Text-extracted  glucose 0.142
(exam _glucose)
4 Chronic disease prescrip- 0.123 4 Total visit count 0.095
tion flag
5 Age at last visit 0.079 5 Diastolic BP at last visit 0.088
6 Maximum SBP 0.076 6 Visit interval CV 0.075
(sbp_max)
7 Mean SBP (sbp_mean) 0.070 7 Proportion of elevated BP  0.071
readings
8 Comorbidity count 0.063 8 Mean heart rate 0.059
9 Visit count in past 90 days 0.058 9 Age at first visit 0.057
10 Mean visit interval 0.054 10 Heart rate at last visit 0.056

Notes: exam_glucose is a numerical glucose value (mmol/L) extracted from outpatient clinical
text via regular expression and is classified as a text-derived feature. Complete top-20 feature
importance bar charts and beeswarm plots are shown in Supplementary Fig. S5. SHAP:
SHapley Additive exPlanations; SD: standard deviation; BP: blood pressure; SBP: systolic
blood pressure; CV: coefficient of variation.

This bias arises from the sparsity of positive cases in the training set; Platt scal-
ing or isotonic regression is recommended for post-hoc calibration before clinical
deployment [26].

Risk stratification validation demonstrates that the top 10% high-risk group
achieves actual positive rates of 48.0% (DM-to-HTN) and 45.9% (HTN-to-DM), rep-
resenting 2.9-fold and 2.8-fold enrichment over the baseline incidence, respectively.
The low-risk group (bottom 70%) has positive rates of 9.3% and 10.2%, yielding
an approximately fivefold difference in incidence between high- and low-risk groups
(RR = 4.8-5.2). Concentrating limited specialist follow-up resources on the top
10% high-risk patients alone would cover approximately 50% of true transition cases
while achieving nearly a threefold improvement in follow-up efficiency, offering signif-
icant cost-effectiveness advantages for primary care institutions with scarce specialist
resources [12, 25].

Subgroup analysis shows that AUROC is maintained above 0.713 across all age
groups, demonstrating robust model generalizability. Patients aged 65 years and older
show the highest incidence rates (DM-to-HTN: 25.1%; HTN-to-DM: 18.7%), and text
feature contribution is elevated in this subgroup (4+0.008 AUROC), possibly reflecting
more detailed clinical notes for elderly patients. This population should be considered
a priority intervention target [53, 54].
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Fig. 6 Clinical Utility Analysis: Decision Curve Analysis and Calibration. Upper panels show DCA
for the DM-to-HTN (left) and HTN-to-DM (right) tasks. The solid colored curve is the Stacking
model; the dashed line is treat-all; the dotted line is treat-none. The shaded region indicates net
benefit gain over both extreme strategies. Lower panels show calibration curves; the dashed diagonal
represents perfect calibration. Both tasks show good agreement between predicted probability and
observed event rate in the low-to-moderate risk range, with mild overestimation at higher predicted
probabilities.

4 Discussion

4.1 Fundamental Distinction of RD Encoding from Existing
Normalization Approaches

Compared with Z-score normalization, which relies on global distributional statistics,
and min-max normalization, which relies on global extremes, the fundamental distinc-
tion of RD encoding from these methods lies in its grounding in clinical cognition.
RD encoding replicates the reasoning process by which clinicians interpret laboratory
reports using the reference interval as the coordinate origin, encoding normal values
as zero and degrees of deviation as directional relative quantities, thereby achieving
cross-instrument and cross-reagent clinical semantic consistency [27, 28].

RD encoding differs from existing methods in three respects. Unlike Z-score
and min-max normalization, which cannot accommodate cross-instrument reference
interval differences, RD encoding directly invokes patient-specific reference intervals,
resolving cross-instrument heterogeneity at its source. Conventional normalization
methods also require mean imputation for missing values, which destroys the ability

19



of tree-based models to exploit “not tested” as a weak negative signal [29-31]; RD
encoding retains NaN values so that the model can exploit both “what was tested”
and “what was not tested” as informative signals. Binary abnormality flags avoid
the imputation problem but discard the degree-of-deviation information that captures
pathological severity, whereas RD encoding retains continuous deviation quantities
consistent with the granularity of clinical interpretation.

The RD semantic perturbation experiment, causing AUROC decreases of 0.028—
0.030, demonstrates that performance gains originate from clinical semantic alignment
rather than numerical scale transformation. Temporal order perturbation causes
greater loss (0.037-0.046), revealing that longitudinal visit trajectories are a more
fundamental predictive signal than single-visit laboratory tests, consistent with the
clinical characteristics of chronic diseases as conditions with insidious onset and pro-
tracted course [5, 6]. Models based on cross-sectional or single-visit data [14, 25] cannot
capture this signal, explaining why the framework achieves comparable performance
in the lower-quality outpatient setting. Furthermore, RD encoding is decoupled from
specific disease types and can be directly extended to other chronic disease predic-
tion tasks such as chronic kidney disease and coronary artery disease [37, 55]. Binary
abnormality flags are a common clinically interpretable baseline in rule-based decision
systems, and the superior performance of RD encoding over this baseline indicates
that continuously modeling the direction and magnitude of deviations provides more
predictive value than a binary normal-versus-abnormal classification.

4.2 NaN Signal Preservation and Leakage Control

Ablation experiments reveal two engineering pitfalls that are prevalent in existing
research. One is the inappropriate application of SMOTE to tree-based models, with
AUROC impact as large as —0.041. Studies addressing class imbalance typically apply
SMOTE uniformly to all models [49] without distinguishing between the missing-value
handling mechanisms of tree-based and non-tree-based models, systematically destroy-
ing the “not tested” weak negative signals that tree-based models can natively exploit.
A more insidious issue is implicit leakage through EMR temporal fields, with LIS
year field masking yielding an impact of approximately —0.030. Such leakage is linked
to temporal associations with disease progression and introduces hidden information;
existing studies acknowledge its prevalence but rarely implement systematic field-
level auditing [20, 21]. The four-dimensional leakage control system integrates these
scattered engineering lessons into a reproducible systematic methodology, providing a
replicable standard for similar studies.

The practical consequences of leakage are directly illustrated by the temporal
cross-validation results for Random Forest: its internal OOF AUROC is 0.737, but
it degrades to 0.615 on the 2025 holdout external validation (a decrease of 0.122).
Random Forest does not employ the OOF mechanism, so its internal validation is
systematically inflated due to patient overlap across folds. In contrast, the stacking
ensemble shows drift of only 0.013 on the same external cohort, a tenfold difference.
This comparison demonstrates that without rigorous leakage control, internal valida-
tion metrics are poor proxies for clinical deployment performance; even when a single
model performs well internally, serious generalization risks may still exist [40, 41].
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4.3 Methodological Implications of Baseline Analysis

The layered baseline comparisons reveal an important pattern: in the DM-to-HTN
task, adding raw laboratory values to logistic regression B2 produces lower perfor-
mance than the demographic-plus-visit-behavior baseline B1 alone (AUROC 0.673
vs. 0.690). This is consistent with existing findings that high-dimensional clinical
measurements require nonlinear models or explicit feature engineering to generate pre-
dictive value [29, 30]. This finding supports two core design choices in RD-MMS: the
semantically normalized encoding of reference intervals through RD encoding, and the
nonlinear modeling architecture based on tree ensembles. Together, these transform
the heterogeneity of raw measurements into discriminative feature representations.

The incremental improvement of RD-MMS over B3, an XGBoost model using the
same structured features, with AAUROC of 40.030 and 40.037 respectively, further
demonstrates that clinical text records carry independent information not captured
by structured data. This corroborates the findings from feature ablation experiments
and supports the inclusion of free text in chronic comorbidity prediction models built
on Chinese community outpatient EMR data.

The baseline comparisons in this study focus on methodological-level internal abla-
tions rather than performance competition with externally published models. Since
no existing study conducts the same bidirectional prediction task on a fully homo-
geneous Chinese community EMR dataset, cross-heterogeneous-dataset comparisons
do not constitute fair benchmarks and are therefore not used as the primary line of
argument.

4.4 Bidirectional Task Asymmetry

The HTN-to-DM task achieves an AUROC of 0.735, slightly below that of the DM-to-
HTN task (0.767). The difference in information structure between the two directions
explains this asymmetry and simultaneously reveals systematic limitations of existing
unidirectional modeling studies.

In terms of information density, glucose test coverage for HTN patients in the
outpatient LIS (approximately 12.8%) is substantially lower than blood pressure mon-
itoring coverage for DM patients (approximately 18.3%), leading to fewer available
structured signals in the HTN-to-DM direction. Mechanistically, the transition from
HTN to DM involves multiple parallel pathways including RAAS activation and
diuretic effects [6, 7, 56], resulting in more dispersed signals.

This asymmetry has important methodological implications. In a unidirectional
DM-to-HTN model, the contribution of text features would be underestimated
(40.020), in turn underestimating the overall value of multimodal fusion. In the
HTN-to-DM direction, text features are a critical compensatory source (+0.038), as
physician-documented glucose abnormalities in clinical notes (exam-_glucose, ranked
third by SHAP analysis) frequently precede formal diagnosis [48, 51]: these cross-
disease early warning signals are precisely what specialist-centered management is
most likely to miss. The BERT interaction dependence plot in Supplementary Fig.??
further shows that the SHAP effect of exam_glucose is significantly modulated by
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BERT semantic dimensions, providing direct evidence that text semantics and numer-
ical features form genuine interactions rather than merely additive contributions.

4.5 Clinical Deployment Prospects

When a confirmed DM patient presents for an endocrinology follow-up, the system
can automatically output an HTN transition risk score in the hospital information
system (HIS) interface. The physician simultaneously receives a cross-disease risk alert
while formulating the diabetes management plan, enabling a decision about whether
to incorporate blood pressure monitoring or initiate a referral during the current visit.
This design embeds cross-specialty screening into the existing visit workflow without
additional burden, directly targeting the cross-disease blind spot inherent in specialist-
centered management.

A three-tier risk management strategy is proposed. The top 10% high-risk patients
(actual positive rates 48%—46%) are recommended for shortened follow-up intervals
and enhanced monitoring of relevant indicators. Intermediate-risk patients (10%-30%)
are the priority target for proactive health education interventions. Low-risk patients
maintain routine follow-up frequency, freeing limited medical resources [12, 25]. Con-
centrating intensive follow-up on high-risk patients alone would cover approximately
half of all true transition cases while achieving a nearly threefold improvement in the
concentration of follow-up resources.

The framework is also well-suited for primary care deployment. It relies solely
on data sources universally available in primary care institutions, namely outpatient
EMR, LIS records, and visit logs. Single-inference latency is below 50 ms (CPU
environment, excluding offline BERT inference), and no specialist interpretation is
required. The 7-dimensional visit behavior features (zero additional collection cost,
AUROC 0.606-0.611) provide a lightweight alternative for resource-constrained set-
tings. This makes the framework practically feasible for embedded deployment within
primary care HIS systems, precisely where the cross-disease diagnostic gap caused by
specialized fragmented management is most acute.

A natural extension of this work targets community-level high-risk populations.
Given the well-established familial aggregation of chronic diseases, first-degree rela-
tives constitute an important group for prospective screening. A lightweight derivative
of this framework, combining wearable device data (blood pressure, heart rate, step
count), family history questionnaires, and a small number of self-measurable indi-
cators (body weight, waist circumference, fasting blood glucose), holds potential for
the development of simplified screening tools for community and household high-risk
populations, extending the intervention window further upstream to the pre-onset
period.

4.6 Framework Generalizability and Scalability

RD-MMS uses DM-HTN bidirectional prediction as a proof of concept. Unlike existing
task-specific models, the modular design of the framework, in which task switching is

driven by a configuration file, supports extension to other chronic comorbidity pairs
such as CKD-DM, HTN-coronary artery disease, and dyslipidemia-DM [57]: the RD
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encoding mechanism and leakage control system are both decoupled from specific
disease types, and only the prediction labels and semantic masking list need to be
redefined to configure a new task. Complete cross-disease generalizability validation
awaits prospective multi-disease studies, which represent the core research direction
for the next phase of this framework.

4.7 Limitations

Several limitations of this study warrant acknowledgment. Data are derived from a
single center, and cross-institutional generalizability requires validation in prospec-
tive multi-center studies [58]. Laboratory test coverage in the outpatient setting
is low (approximately 13%—-18%), reflecting an inherent sparsity constraint in real-
world data. Mild probability overestimation in the high-risk range necessitates Platt
scaling calibration before clinical deployment [26]. The prediction time window def-
inition and independent predictive performance for specific DM subtypes require
dedicated follow-up studies [13]. Visit behavior features do not distinguish between
voluntary visits and scheduled follow-ups, potentially losing information about clini-
cal urgency [58]. AUROC comparisons with existing studies are influenced by dataset
differences in scale, positive rate, and data quality, and should be interpreted with
caution; multi-center independent validation constitutes a more rigorous external
reference.

5 Conclusion

The highly specialized management of chronic diseases creates systematic blind spots
in cross-disease risk identification, while longitudinal outpatient data provide a nat-
ural foundation for addressing this gap. Through three core design elements, namely
reference-deviation-aware encoding, four-dimensional leakage control, and multimodal
stacking, the RD-MMS framework systematically addresses the three principal chal-
lenges of real-world outpatient EMR: LIS standardization, information leakage, and
laboratory sparsity. It achieves predictive performance comparable to or better than
existing similar studies under conditions of substantially lower data quality than those
typical of inpatient cohort data.

Methodological comparisons demonstrate that a bidirectional unified framework
is a necessary condition for identifying task-level information asymmetry, a difference
that unidirectional modeling cannot reveal. The OOF-stacking mechanism exhibits
markedly superior temporal generalizability compared with single models (exter-
nal validation drift of 0.013 vs. 0.122 for RF). RD semantic perturbation (AUROC
decrease of 0.028-0.030) provides key methodological evidence confirming that perfor-
mance gains originate from clinical semantic alignment. Temporal order perturbation
(decrease of 0.037-0.046) demonstrates that longitudinal visit trajectories are a more
fundamental predictive signal than single-visit laboratory tests.

Regarding clinical utility, the top 10% high-risk group achieves 2.9-fold and 2.8-fold
enrichment in the event rate, and DCA demonstrates net benefit superior to extreme
strategies across the full threshold range, constituting a complete evidence chain from
technical performance to clinical practical value. The framework relies solely on data
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sources universally available in primary care institutions and is practically feasible for
embedded deployment in outpatient and primary care HIS systems. It offers a prac-
tical technical pathway for addressing the cross-disease diagnostic blind spot arising
from specialized management, and a complete methodological paradigm for construct-
ing reliable and deployable chronic comorbidity prediction models from real-world
outpatient data.
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AP Average precision

AUROC Area under the receiver operating characteristic curve

BEHRT Bidirectional Encoder Representations from Transformers for Elec-
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BERT Bidirectional encoder representations from transformers
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IDF International Diabetes Federation
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LightGBM Light gradient boosting machine

LR Logistic regression
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NPV Negative predictive value

OOF Out-of-fold

PACS Picture archiving and communication system

PPV Positive predictive value
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