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Abstract

Background

Pancreatic cancer (PANC) is often diagnosed at late stages due to the absence of specific early
symptoms, resulting in one of the highest cancer mortality rates. While imaging modalities such
as MRI and CT offer high diagnostic accuracy, their population-wide application is however
impractical due to the cost. Electronic health records (EHRS) provide a routine, easily accessible,
longitudinal and scalable data source for risk prediction, particularly for diseases with no specific

symptom such as PANC.

Method

We introduce PANCDetect, a multimodal framework that leverages large language model
(LLM)-derived embeddings of diagnoses, procedures, medications, and laboratory tests, and
integrates these data modalities through a Transformer-based architecture. We train the model
on MarketScan (=250M patients), and validate it externally on additional large real-world EHR
datasets of University of Michigan Precision Health, or UMPH data (n=6M patients) and
OneFlorida+ data (n=26M patients). We then fine-tuned the general model on UMPH EHR data.

We evaluated the performance of both models using metrics including area under the receiver

operating characteristic curve (AUROC) and area under the precision-recall-gain curve

(AUPRG). We assessed the top predictive features with integrated gradients (I1G).

Result
In the MarketScan cohort, PANCDetect achieved an AUROC of 0.812 and AUPRG of 0.851 at

the 6-month prediction window, and an AUROC of 0.735 and AUPRG of 0.629 for 60-month
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prediction, significantly outperforming CancerRiskNet. External validation on UMPH and
OneFlorida+ demonstrated good generalizability, with 6-months AUROC scores of 0.711 and
0.793, respectively. Fine-tuning on UMPH with laboratory data further improved performance,
reaching an AUROC of 0.927 and an AUPRG of 0.979 at 6 months. Even at the 60-month
horizon, the refined PANCDetect model maintained strong performance, with an AUROC of
0.835 and AUPRG of 0.911. Attribution analysis highlighted type 2 diabetes, pancreatic

diseases, personal and family cancer history as the most important risk factors.

Conclusion

PANCDetect is the state-of-the-art method integrating multimodal EHR data with LLM
embeddings for accurate, interpretable, and generalizable early prediction of pancreatic cancer.
This framework holds promise for precision screening of high-risk patients, with the potential to

improve survival outcomes without increasing healthcare costs.
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Introduction

Pancreatic cancer (PANC), is characterized by the lack of specific early clinical manifestations.’
In many cases, individuals may experience vague or nonspecific symptoms that precede
diagnosis by years.? Based on a global analysis of data from 48 countries, incidence and
mortality of PANC are rising globally, particularly among women and individuals aged 50 and
older, with concerning increases also seen in younger populations.® The absence of validated
screening protocols, lack of reliable early biomarkers, combined with the retroperitoneal and
anatomically inaccessible location of the pancreas, hinders timely detection. As a result, less
than 20% patients are diagnosed at an early, resectable stage, resulting in a persistently high
mortality rate of this malignancy.* Additionally, delayed diagnosis of PANC imposes substantial
financial burdens on patients, families, and healthcare systems, as late-stage treatments are far

more costly than early surgery with adjuvant therapy.®

Routine MRI and CT can be an effective screening method for detecting PANC with high
sensitivity and specificity,® but applying cross-sectional imaging at a population scale is
impractical due to prohibitive costs and resource burden.” Electronic health record (EHR) is a
much more economical, accessible and scalable data resource. EHR data include valuable
baseline information such as demographics, as well as the longitudinal information including
disease diagnoses, laboratory results, medication, and procedures, making them well-suited for
early detection and prognosis modeling.2 Moreover, the standardized EHR frameworks allow
them to be more Al-ready, and comparable across different healthcare systems, which

enhances the generalizability of predictive models across health centers.®"

Previous transformer-based pretrained models demonstrated the feasibility of applying self-
attention architectures to structured EHR data for the general prediction of future diagnoses of

patients. Models such as BEHRT'?, Hi-BEHRT"S, and Med-BERT'* adapted BERT-style
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encoders to longitudinal claims and clinical coding sequences, effectively capturing temporal
dynamics, disease progression, and patient heterogeneity. Building on this trend, researchers
have applied Transformers to pancreatic cancer risk prediction, leveraging self-attention
mechanisms to better model temporal dependencies and disease evolution. Moreover, recent
advances in large language models (LLMs) offer new opportunities to extract clinically
meaningful patterns hidden among the millions of patients’ EHR data. By treating EHRs as
sequences of “clinical tokens”, such as diagnoses (ICD/SNOMED), procedures (CPT),
medications (RxNorm/NDC), and discretized lab values, pretrained LLMs can learn rich
contextualized embeddings that capture clinical semantics and longitudinal continuity across
care settings.’>'® General-purpose LLMs such as GPT have been adapted to biomedical
corpora (e.g., BioGPT'") and even to institution-scale EHR data (e.g., NYUTron'®), enabling
predictive modeling, free-text understanding, and zero or few-shot adaptation to diverse

downstream tasks.

A few recent studies have leveraged EHR data to build models tailored for predicting PANC risk,
enabling identification of high-risk patient cohorts’®?2. Among these efforts, CancerRiskNet?'
stands out as a representative study that demonstrated the feasibility of using Transformers in
this domain. However, its multi-window prediction design, which does not exclude disease
events occurring shortly before cancer diagnosis, carries the risk of data leakage, potentially
inflating accuracy estimates. Moreover, CancerRiskNet relies solely on diagnosis codes, and it
is acknowledged that incorporating other clinically informative modalities could further improve
prediction accuracy with the real-world availability of data. Many existing models are trained on
relatively small datasets, restricting generalizability across diverse populations and health
systems?2. To address these limitations and take advantage of LLMs, we propose PANCDetect,
a Transformer-based multimodal prediction framework trained on the MarketScan dataset,

which contains over 110,000 pancreatic cancer patients, making it the largest resource of its
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98 kind to date (Fig. 1). PANCDetect not only incorporates diagnostic information but also
99  procedures, medications, and laboratory tests into LLM-based embeddings. We also employed
100 a more rigorous exclusion strategy to minimize data leakage in modeling and improve reliability.
101 To validate the generalizability of our approach, we tested and fine-tuned the model across two
102  independent healthcare systems. Consequently, PANCDetect substantially enhances
103 prediction accuracy and clinical applicability for early pancreatic cancer detection as compared

104  to other earlier efforts.

105 Methods

106  Study Cohorts

107  This study is conducted on three different retrospective datasets: Merative MarketScan
108  Databases,?® University of Michigan Precision Health (UMPH),?* and OneFlorida+ Clinical
109  Research Network.?®> MarketScan is a commercial database, which we have access to through
110  the University of Michigan. UMPH and OneFlorida+ data usage was approved by the
111 Institutional Review Board (IRB) of the University of Michigan Medical School (HUM#00259964 )
112 and the IRB of the University of Florida (#/IRB202400752), with a waiver of informed consent for
113 secondary use of de-identified EHR data. No data from UMPH or OneFlorida+ was shared

114  outside the respective organizations, ensuring compliance with data security and confidentiality.

115 MarketScan Database contains records from approximately 250 million patients from 2009-
116  2022. We identified 113,518 individuals diagnosed with PANC based on the diagnosis codes
117  listed in Supplementary Table 1. UMPH includes approximately six million patients from 2006 to
118 2025, among whom 8,257 individuals are recorded as PANC.. OneFlorida+ Clinical Research
119  Network encompasses around 26 million patients from 72 hospitals across Florida, Alabama,

120  Georgia, and Arkansas. We identified 10,500 individuals diagnosed with PANC during 2013—
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121  2024. For each cohort, we identified corresponding matched control patients, by applying a 1:5
122 matching strategy based on sex, age, and geographic location (Supplementary Fig. 1) to

123  mitigate the substantial class imbalance.

124 We then used the MarketScan cohort as the primary training set given its largest PANC patient
125  size. We performed external validation on UMPH and OneFlorida+, and fine-tuned the model on

126  the UMPH cohort for better adaptation to the local population characteristics.

127  Feature Embedding

128  As shown in Fig. 2A, the input features comprise time-varying information and time-invariant
129  features. Time-varying information includes EHR clinical events such as diagnoses, procedures,
130  and medications, each annotated with temporal markers such as visit date and patient age at
131  that visit. Time-invariant attributes include sex and geographic location. For the time-variant
132 features, standardized textual descriptions of medical codes are encoded using the OpenAl
133 text-embedding-3-small model to generate dense semantic representations (without patient
134  private information). These embeddings are combined with positional embeddings to capture
135 temporal order and irregular intervals after linear projection, thereby enhancing the
136  representation of longitudinal patient trajectories. During fine-tuning on the UMPH cohort, we
137  integrated laboratory test results as a new input modality, using the same embedding
138 generation method to maintain consistency while enabling exploration of richer multi-modal
139  inputs in a real-world clinical setting. Other time-invariant features (e.g., sex and geographic
140  location) are mapped into dense representations using a feed-forward layer before being

141  concatenated with the longitudinal sequence representations.
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142 Multi-modal Fusion Strategy

143 The proposed framework integrates multi-modal information within a Transformer-based
144 architecture (Fig. 2A). Here, three modalities, namely diagnoses, procedures, and medications,
145 are modeled through self-attention blocks to capture intra-modality dependencies. Cross-
146  attention mechanisms are then applied, using diagnosis events as queries and procedure and
147  medication events as key—value inputs, enabling the model to learn complementary information
148  across modalities. During fine-tuning on the UMPH cohort, additional modalities, such as
149  laboratory tests, can be incorporated in the same manner. The resulting multimodal
150  representations are concatenated and passed through a fusion multilayer perceptron (MLP) to
151  construct longitudinal patient representations, which are subsequently combined with time-
152 invariant features to predict pancreatic cancer risk (Fig. 2A). This framework is modular and can
153  be readily extended to accommodate further modalities as they become available, such as in

154  the refined model using UMPH data.

155  Diagnosis Prediction Intervals

156  Compared with prior studies®'??, we adopted a single-interval prediction design. When
157  predicting “PANC diagnosis within N months”, all EHR information on visits occurring within the
158  N-month interval before the PANC diagnosis was masked and only earlier EHR information was
159  retained to train the model (Fig. 2B). Specifically, for each PANC patient, we extracted all
160  diagnoses, procedures, and medication records occurring prior to the PANC diagnosis date. We
161  truncated the clinical trajectories according to different predefined prediction intervals N (N=6-,
162  12-, 24-, 36-, 60- month). For non-PANC controls, the reference date was defined as the end of
163 their observation period, and their records were truncated backward from this time point using

164  the same prediction intervals. This strategy is essential to reduce the risk of data leakage from
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165  prodromal symptoms very close to the diagnosis date and provides a more realistic assessment

166  for early detection potential.

167 Implementation Details & Evaluation Metrics

168  Patients with valid longitudinal trajectories after preprocessing are randomly split into training,
169  validation, and test sets in an 8:1:1 ratio. The model was trained using the binary cross-entropy
170 loss with logits, optimized with AdamW (initial learning rate of 10+, weight decay applied). All
171  training experiments were performed on 4 NVIDIA A40 GPUs for 10 epochs with a batch size of
172 128. Model performance was primarily assessed using several metrics: (1) the area under the
173 receiver operating characteristic curve (AUROC), (2) the area under the precision-recall-gain
174  curve (AUPRG),?® normalized adjusted area under the precision—recall curve (AUPRC) with
175  precision-gain and recall-gain scores, which handles the imbalances between case vs control
176 ~ samples. For each metric, we used the 95% confidence interval (Cl) estimated via 200
177  bootstrap resamples. To provide a more comprehensive assessment, we also reported

178  precision, recall, F1 score, and specificity (Supplementary Table 2-5).

179  Feature Interpretation

180  To enhance model interpretability, we applied integrated gradients (IG)?*” to perform attribution
181  analysis on the input embeddings. IG is a path-integrated, gradient-based attribution method
182  that quantifies feature contributions to the prediction outcome (see Supplementary Appendix for
183 formulation). Specifically, it computes feature attributions by accumulating gradients of the
184  prediction score with respect to the input along a straight-line path in the embedding space,
185 interpolating from a baseline input to the actual input. We defined the baseline as a zero

186  embedding vector, representing the absence of any clinical information. Based on the attribution


https://www.zotero.org/google-docs/?GikUiW
https://www.zotero.org/google-docs/?moiT0f
https://doi.org/10.1101/2025.10.03.25337210
http://creativecommons.org/licenses/by/4.0/

medRXxiv preprint doi: https://doi.org/10.1101/2025.10.03.25337210; this version posted November 14, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.

It is made available under a CC-BY 4.0 International license .

187  results, we aggregated importance scores for all inputs and identified the clinical features most

188  relevant to PANC risk prediction.

139 Results

190 Overview of Study cohorts

191  This study includes 3 large real-world patient clinical databases: (1) MarketScan Database
192  which contains records from approximately 250 million patients from 2009-2022. (2) UMPH
193 which includes approximately six million patients from 2006-2025. (3) OneFlorida+ Clinical
194  Research Network which encompasses around 26 million patients from 72 hospitals across
195  Florida, Alabama, Georgia, and Arkansas from 2013-2024. We employed 1:5 matching for
196  PANC patients and controls, based on sex, age, and geographic location. As shown in Table 1,
197 we identified 113,518, 8,257 and 10,500 PANC individuals in MartketScan, UMPH and
198  OneFlorida+ respectively, among which the males account for 50.8%, 53.3% and 52.7%, similar
199  among the datasets. The highest proportion of diagnoses is observed between ages 55 and 65,
200  65-70 and 65-75 (Fig. 3A, 3C and 3E). For MarketScan, most PANC patients exhibit trajectory
201  lengths of 0—6 years with 50—-400 accumulated diagnosis records (Fig. 3B), reflecting intensive
202  healthcare utilization and multiple comorbidities in the years preceding diagnosis. Compared to
203  the MarketScan database, PANC patients in UMPH generally have shorter trajectory lengths

204  with most of them spanning 2 years or less, reflecting the high volume of referred high-risk

205  patients in a research hospital (Fig. 3D). The OneFlorida+ cohort showed that PANC patients

206  had trajectory lengths of <4 years (Fig. 3F) and accumulated a median of 96 diagnosis records

207 (Table 1). In contrast, non-PANC patients generally have shorter trajectories in all three

208 datasets, consistent with lower healthcare utilization.
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209 Model Building on MarketScan Cohort

210  For each prediction interval setting, we obtained the model that achieved the minimum
211  validation loss on the validation set, and then we evaluated its predictive ability on the
212 MarketScan hold-out test set. As shown in Figs. 4A-B, the 6-month prediction window achieves
213 the best performance, with an AUROC of 0.812 (95% CI, 0.807-0.818) and an AUPRG of
214 0.851 (95% CI, 0.843-0.860). The AUROC and AUPRG decrease as the prediction period gets
215 longer, as expected. Still, the 60-month prediction window reaches the AUROC of 0.735 (95%
216  Cl, 0.724-0.745) and AUPRG of 0.629 (95% CI, 0.600-0.656). The shorter prediction window
217 also has a larger training patient size, likely contributing to better model performance
218  (Supplementary Table 6). To show where PANCDetect stands, we compared our model with
219  CancerRiskNet?!, with the same data preprocessing and the same training, validation, and
220  testing cohorts. PANCDetect consistently outperforms CancerRiskNet across all prediction
221  intervals (averaged AUC 0.633-0.765), particularly on long-term predictions over 36 and 60

222 months (Supplementary Fig. 2).

223 Tests on the technical rigor of PANCDetect

224  We further evaluated several LLMs pretrained on biomedical corpora, such as BioGPT'"”, which
225 is trained on PubMed abstracts, and GatorTron?8, which is trained on large-scale de-identified
226  clinical notes of University of Florida (UF) Health, PubMed articles, and Wikipedia. These
227  domain-specific models were compared against the general-purpose embedding model OpenAl
228  text-embedding-3-small, with predictive performance evaluated by AUROC and AUPRG on the
229  test set. Experimental results show that the OpenAl text-embedding-3-small model achieves the
230  performance that is comparable to, and in most cases better than, these specialized biomedical

231  domain-specific models (Supplementary Table 7). This aligns with some of the existing literature

10
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232 showing that specialized models, whether trained from scratch or fine-tuned, often underperform

233 compared to more general large-scale models across multiple tasks.?%:3

234  We also performed another ablation study on multimodal fusion strategies by sequentially
235  removing procedure and/or drug medication modalities (Supplementary Table 8). The model
236  using diagnosis codes alone provided the baseline performance (AUROC of 0.779 and AUPRG
237  of 0.810 for 6-month prediction). Adding procedures or drugs yielded consistent gains, with
238  AUROC of 0.802 and AUPRG of 0.841, and AUROC of 0.801 and AUPRG of 0.828, for 6-month
239  prediction, respectively. The best results were obtained when all three modalities were
240  combined (AUROC of 0.812 and AUPRG of 0.851 for 6-month prediction). The results show that
241  incorporating both procedure and drug information led to a significant improvement on predictive

242 accuracy, revealing the complementary nature of these modalities.

243  External Validation Results on UMPH and OneFlorida+ Cohorts

244 To further evaluate the generalizability of our models, we tested them on two additional cohorts
245  from the OneFlorida+ research network and the UMPH (Fig. 4C-F). The model achieves
246  comparable results on the OneFlorida+ cohort (Fig. 4C-D), particularly in short-term (6-12
247  months) prediction with AUROCs of 0.793 and 0.729, and AUPRGs of 0.917 and 0.859. The
248  performance declines with longer exclusion intervals as expected, as fewer patients are
249  remaining for training the model and the inherent difficulty for prediction over longer intervals .
250  On the other hand, for the UMPH Cohort, the model shows decent but lower predictive AUROC
251  scores, ranging from 0.711 at 6-month prediction to 0.584 at 60-month prediction (Fig. 4E).
252 AUPRG, however, decreases as the exclusion interval lengthens, from 0.891 at 6-month

253 prediction to 0.598 at 60 months (Fig. 4F).

11
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254  Fine-tuning results on the UMPH Cohort

255  The performance decline observed on the two EHR cohorts (particularly UMPH data), as
256  compared to that of MarketScan hold-out data, is primarily attributable to the difference in EHR
257  data structure as compared to the MarketScan claims-based data. This includes differences in
258  coding systems, variable coverage, patterns of missingness,®' as well as the underlying patient
259  populations, age distributions, and care-seeking behaviors, etc. Collectively, these factors
260  contribute to input feature distribution shifts that limit the generalizability of the models trained
261  on the MarketScan cohort originally. Therefore, it is necessary to fine-tune the model on the

262  EHR cohort to improve adaptability and healthcare-specific predictive performance.

263  Thus, we fine-tuned the model previously trained from the MarketScan cohort, using the training
264  subset of the UMPH hospital EHR data. We incorporated laboratory test results as an additional
265 Lab modality. We kept the data processing pipeline and model architecture unchanged. As
266  shown in Fig. 4G-H, the fine-tuning results on UM hold-out testing data drastically improved the
267  model's performance on UMPH test data. The AUROC reached 0.927 (95% CI, 0.899-0.951)
268 and the AUPRG reached 0.979 (95% CI, 0.968-0.986) for the 6-month prediction window,
269  whereas the 60-month prediction window achieved an AUROC of 0.835 (95% CI, 0.783-0.879)

270 and an AUPRG of 0.911 (95% CI, 0.849-0.955).

271  Top risk predictor for pancreatic cancer

272 Based on IG attribution analysis, we summarized the top ten risk factors identified across
273 different prediction windows (Fig.5). In the MarketScan cohort, the model consistently
274  highlighted type 2 diabetes mellitus and other diseases of pancreas (except acute pancreatitis)
275  as the top 1 and top 2 most important risk factors across all prediction windows, respectively.

276 ~ Even though their absolute scores decrease with the increase of prediction interval, these

12
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277  abnormalities maintained high importance scores throughout, indicating that they are the most
278  stable and significant signals preceding pancreatic cancer.3>-3* Abdominal & pelvic pain and
279  acute pancreatitis are additional top risk factors as well, though their importance decreases as
280  the prediction interval increases. By 60-month prediction, abdominal & pelvic pain falls below

281  the top 10 risk factors.

282  In addition, personal or family history of malignant neoplasms repeatedly appear among the top
283 10 risk factors (Fig. 5), reflecting their importance in the preclinical phase of pancreatic cancer
284  and potential comorbidity mechanism. In particular, neoplasm in different organs, such as colon
285  and other Gl tract organs, prostate and breast are also identified as important risk factors across
286  different prediction windows, suggesting possible shared risk pathways or genetic susceptibility
287  mechanisms with pancreatic cancer. Previous epidemiological studies have confirmed that
288 these factors indeed elevate the risk of pancreatic cancer, thereby providing strong external

289  evidence of our attribution result.35-39

200 Discussion

291  This study leveraged the large-scale MarketScan database to develop a predictive model using
292  multi-modal EHR information, including diagnoses, procedures and medications. Incorporating
293 laboratory test data during fine-tuning on UM hospital validation cohort further improved model

294  performance.

295 The strengths of this study lie in three areas. First, at the data level, the MarketScan database—
296  covering a large and diverse population—provided a solid foundation for robust model
297  development. We also conducted rigorous testing and validation on two regional hospital-based
298  datasets, UMPH and OneFlorida+, to ensure the comprehensiveness of the study design and

299  the reliability of the experimental results. Moreover, we show that inclusion of multimodal
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300 attributes in the EHR data can substantially improve the accuracy of cancer risk prediction
301 through the ablation study. In particular, the inclusion of laboratory test results in hospital
302 datasets significantly increased sensitivity and precision in the fine-tuned model. It is expected
303 that with the inclusion of additional data modalities, such as unstructured clinical notes, the
304 model performance will improve further. Second, at the methodological level, the proposed
305 LLM-based embedding plus multimodal fusion framework also contributes to superior
306 performance. This is demonstrated by better performance of PANCDetect in comparison to
307 CancerRiskNet, using the same ftraining, validation, and testing cohort. Interestingly, our
308 embedding comparison revealed that representations derived from general LLMs outperformed
309 those trained exclusively on biomedical text, underscoring the cross-domain transferability and
310  robustness of general-purpose models. Third, at the study design level, the integration of IG-

311  based interpretability revealed clinically meaningful drivers of predictions.

312  Nevertheless, several limitations remain. First, the generalizability of the model requires further
313  improvement, as performance may decline when applied to external institutions or different
314  populations. Second, discrepancies in coding systems across healthcare settings have not been
315 resolved, posing challenges for real-world deployment and cross-system adaptation.
316  Additionally, using ICD codes as diagnostic criteria is not perfectly accurate, as miscoding or
317  incomplete documentation may introduce noise into the data. Thirdly, longer exclusion intervals
318 tend to exclude a much larger number of patients and truncate the available trajectories,
319  resulting in shorter and potentially less informative input sequences. This increases the difficulty
320 of the prediction task over a long period of time. Federated learning frameworks could be
321  utilized to facilitate more powerful long-term risk prediction, while preserving patient privacy,
322 thereby improving generalizability*. Lastly, future efforts should focus on testing PANCDetect in
323  prospective studies, before being deployed in real-world clinical environments for clinical

324  decision support.
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325 In conclusion, we present a multimodal disease risk prediction framework based on large-scale
326 EHR data and applied it to pancreatic cancers, which demonstrated superior performance and
327  interpretability compared with existing methods. Our model shows promise for potential
328  applications in high-risk pancreatic cancer screening, early diagnosis, and personalized
329 interventions. Ultimately, it may improve pancreatic cancer survival outcomes while reducing

330 healthcare costs.

331  Data Availability

332 This study analyzed de-identified EHR and claims data from three sources: the MarketScan
333  Research databases (licensed from Merative), the University of Michigan Precision Health
334  (UMPH), and the OneFloridat+ Clinical Research Network. Due to licensing restrictions,
335 institutional regulations, and patient privacy considerations, these data are not publicly available.
336  Access to MarketScan requires a data use agreement and paid license from Merative. Access
337 to UMPH and OneFlorida+ data may be provided to qualified researchers upon reasonable
338  request to the corresponding author and is subject to approval by the respective institutional

339 review boards and data custodians.
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456  Figure Legend

457  Fig 1. Overall workflow of this study.

458 (1) Cohort selection: The MarketScan cohort was used for model training, while two
459  independent cohorts (UMPH and OneFlorida+) served as external validation datasets. (2)
460  Feature Engineering: During model training, diagnoses, procedures, and medications were
461  extracted as inputs. Standardized textual descriptions of these medical codes were encoded
462  into embeddings using a pretrained LLM. (3) Model Building and Validation: The generated
463  embeddings were passed into a Transformer-based model, with the best model selected based
464  on minimized validation loss. Evaluation was conducted on the held-out test set and external
465  validation cohorts. Attribution analysis using Integrated Gradients (IG) was applied to identify
466  key risk factors. (4) Model Refinement: Fine-tuning was further performed on the UMPH cohort
467  to include additional laboratory tests into the pretrained model using MarketScan data. UMPH:

468  University of Michigan Precision Health; PANC: pancreatic cancer.
469  Fig 2, Model structure of PANCDetect and single-interval prediction design.

470  Panel A shows the overall model structure of PANCDetect. Firstly, time-varying EHR events
471  (diagnoses, procedures, medications) are encoded with LLM-based embeddings and temporal
472 markers to represent longitudinal patient trajectories and then processed by a Transformer with
473  masked self- and cross-attention. The resulting sequence representation is pooled into a patient
474  vector and late-fused by concatenation with time-invariant attributes (e.g., sex, geographic
475  location); a final MLP maps the fused vector to a continuous pancreatic cancer risk score. Panel
476 B illustrates the single-interval prediction design, where EHR events within N months before
477  cancer diagnosis are masked to reduce data leakage, and trajectories are truncated according
478  to predefined prediction windows (6, 12, 24, 36, and 60 months). LLM: large language model;

479  MLP: multi-layer perceptron; PANC: pancreatic cancer.
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480  Fig 3. Characteristics of the MarketScan, UMPH and OneFlorida+ cohorts.

481 Panels A,C, and E show the age-sex distribution of pancreatic cancer patients on MarketScan
482  (Panel A), UMPH (Panel C) and OneFlorida+ (Panel E) cohorts, respectively. Panels B,D, and F
483  show heatmaps of the joint distribution of diagnosis trajectory length and the number of distinct
484  disease codes for PANC and non-PANC patients in the MarketScan (Panel B), UMPH (Panel D),
485  and OneFlorida+ (Panel F) cohorts. Color intensity reflects the number of patients in each bin of
486  age group, with darker shades indicating larger patient counts. UMPH: University of Michigan

487 Precision Health; PANC: pancreatic cancer.

488 Fig 4. Model performance across MarketScan, UMPH, and OneFlorida+ cohorts.

489 Panels A and B show results of the model trained on MarketScan training set tested on
490  MarketScan hold-out test data; Panels C and D show OneFlorida+ external validation results
491  using the model trained on MarketScan training data; Panels E and F show UMPH external
492  validation results on the model trained on MarketScan training data; Panels G and H show fine-
493  tuning results on UMPH hold-out data, after adding laboratory test data to the model built on
494  MarketScan data. Panels A,C,E, and G: Results in AUROC; Panels B,D,F, and H: Results in
495  AUPRG. Shaded areas represent 95% confidence intervals. AUROC: area under the receiver
496  operating characteristic curve; AUPRG: area under the precision-recall-gain curve; UMPH:

497  University of Michigan Precision Health; PANC: pancreatic cancer.

498  Fig. 5. Attribution analysis of top EHR risk predictors for pancreatic cancer.

499  Top 10 features from the model trained on MarketScan data. The top predictive clinical features

500 across different prediction windows are ranked by the IG attribution scores.
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Tables

Table 1: Summary of patient statistics in the three datasets of this study

General dataset information MarketScan UMPH OneFlorida+
Dataset timeline 2009-2022 2006-2025 2013-2024
Total n patients 680,821 48,318 54,853

Male (%)

346,084(50.8%)

25,751(53.3%)

27,596 (50.3%)

Female (%)

334,737(49.2%)

22,567(46.7%)

27,257 (49.7%)

Median n disease codes per patient 101 298 77

Median length of trajectory in years 3 5 2

Pancreatic cancer cohort information

Total n patients 113,518 8,257 10,500

Male (%) 57,713(50.8%) |4,406(53.4%) |5,537 (52.7%)
Female (%) 55,805(49.2%) [3,851(46.6%) (4,963 (47.3%)
Median age at PC diagnosis 62 67 67

Median n disease codes per patient 242 193 96

Median length of trajectory in years 3 1 1

Smoker (%) 24,965(22.0%) [891(10.8%) 4,319 (41.1%)

Alcohol user (%)

5,520(4.9%)

239(2.9%)

693 (6.6%)

lllegal drug user (%)

3,819(3.4%)

328(4.0%)

712 (6.8%)
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Test results on MarketScan holdout test set
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Feature attribution results

6-month Prediction Score | 12-month Prediction | Score | 24-month Prediction | Score | 36-month Prediction | Score | 60-month Prediction | Score
Type 2 diabetes mellitus 2.070 Type 2 diabetes mellitus 1.118 Type 2 diabetes mellitus 0.777 Type 2 diabetes mellitus 0.358 Type 2 diabetes mellitus 0.259
Other diseases of 1.169 Other diseases of 0.749 Other diseases of 0.395 Other diseases of 0183 Other diseases of 0.081
pancreas ’ pancreas ’ pancreas ) pancreas ) pancreas )
. . . . Benign neoplasm of Benign neoplasm of Benign neoplasm of
Abdomma;liralmd pelvic 0.773 Abdommz;liralmd pelvic 0.214 colon, rectum, 0.230 colon, rectum, 0.087 colon, rectum, 0.041
P P anus and anal canal anus and anal canal anus and anal canal
Acute pancreatitis 0.444 Acute pancreatitis 0.207 Abdominal and pelvic 0.207 Family history of 0.082 Family history of 0.034
pain malignant neoplasm malignant neoplasm
Malignant neoplasm of 0277 Malignant neoplasm of 0.157 Personal history of 0182 Abdominal and pelvic 0.070 Personal history of 0.027
prostate ) prostate ) malignant neoplasm : pain : malignant neoplasm )
Benign neoplasm of P | hist ¢ Mali ¢ | ¢
colon, rectum, 0.258 ersona: ustory o 0.138 Acute pancreatitis 0.163 Acute pancreatitis 0.063 alighant heoplasm o 0.026
anus and anal canal malignant neoplasm prostate
. . . . Malignant neoplasm
Malignant neoplasm of 0216 Benign neoplasm of 0.106 Malignant neoplasm of 0.158 Personal history of 0.061 of kidney, except renal 0024
colon other digestive organs prostate malignant neoplasm pelvis
Personal history of 0.198 Malignant neoplasm of 0.101 Malignant neoplasm of 0.098 Malignant neoplasm of 0.052 Acute pancreatitis 0.023
malignant neoplasm colon breast breast
Benign neoplasm of 0178 Genetic susceptibility to 0.100 Malignant neoplasm of 0.090 Malignant neoplasm of 0.044 Other disorders of 0.022
other digestive organs ) malignant neoplasm ) colon ) prostate ) kidney and ureter )
Other diseases of biliary 0.153 Family history of 0.098 Family history of 0.087 Benign neoplasm of 0.040 Malignant neoplasm of 0019
tract ’ malignant neoplasm ’ malignant neoplasm : other digestive organs : breast ’
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