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Abstract

Introduction: Accurate risk prediction can facilitate screening and early detection of pancreatic
cancer (PC). We conducted a systematic review to critically evaluate effectiveness of machine
learning (ML) and artificial intelligence (Al) techniques applied to Electronic Health Records
(EHR) for PC risk prediction.

Methods: Ovid MEDLINE(R), Ovid EMBASE, Ovid Cochrane Central Register of Controlled
Trials, Ovid Cochrane Database of Systematic Reviews, Scopus, and Web of Science were
searched for articles that utilized ML/AI techniques to predict PC, published between January
15t 2012 to February 15t, 2024. Study selection and data extraction were conducted by two
independent reviewers. Critical appraisal and data extraction was performed using CHARMS
checklist. Risk of bias and applicability was examined using PROBAST.

Results: Thirty studies including 169,149 PC cases were identified. Logistic regression was

the most frequent modeling method. Twenty studies utilized a curated set of known PC risk
predictors or those identified by clinical experts. ML model discrimination performance (C-index)
ranged from 0.57 to 1.0. Missing data was underreported, and most studies did not implement
explainable-Al techniques or report exclusion time intervals.

Discussion: Al/ML models for PC risk prediction using known risk factors perform reasonably
well and may have near-term applications in identifying cohorts for targeted PC screening if
validated in real-world data sets. The combined use of structured and unstructured EHR data
using emerging language models while incorporating explainable-Al techniques has the potential
to identify novel PC risk factors and this approach merits further study.
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INTRODUCTION:

While pancreatic cancer (PC) is ranked as the 11th most common cancer in the world with
458,918 new cases in 2018 1, it is projected to be the second leading cause of cancer-related
mortality in the United States by 2030 2. Most of the mortality is attributed to advanced
stage at diagnosis, and hence, only a minority of patients (15-20%) are eligible for surgical
resection 3 4. Earlier diagnosis of PC with localized disease correlates with improved
survival °. The low incidence of PC and lack of accurate biomarkers for early-stage disease
have made effective screening challenging and hindered efforts to improve overall survival.
As PC screening in the general population is not recommended, efforts have been made to
identify high-risk individuals who may benefit from PC screening 8. In current practice PC
screening is limited to individuals with pathogenic/likely pathogenic germline mutations in
PC susceptibility genes and those with multiple affected family members 7 8. However, less
than 20% of PC patients have known familial and genetic risk factors thereby limiting the
ability to enrich and screen the population at risk. Therefore, identifying novel risk factors
for PC is critical.

Electronic Health Records (EHR) data contain a variety of structured and unstructured data,
which have shown promising results in disease and risk prediction. With EHR being more
pervasively used across health systems and with the recent developments in the field of
machine learning (ML) and deep learning (DL), EHR data could potentially be explored for
effective prediction of PC risk 9. Identified high risk individuals could then benefit from

PC screening. Also, with emerging Explainable-Artificial Intelligence (X-Al) techniques,
interpretable risk factors of PC could be identified from the EHR data 19,

We therefore sought to systematically review the existing ML/AI literature that utilizes EHR
data to predict PC risk, and to summarize model development, evaluation strategies, and
model effectiveness in predicting PC.

METHODS:

Data sources and searches

A comprehensive search of several databases from January 1%t, 2012 to February 1st, 2024 in
the English language, was conducted. The databases included Ovid MEDLINE(R) and Epub
Ahead of Print, In-Process & Other Non-Indexed Citations, and Daily, Ovid EMBASE, Ovid
Cochrane Central Register of Controlled Trials, Ovid Cochrane Database of Systematic
Reviews, Scopus, and Web of Science. The search strategy was designed and conducted

by an experienced librarian with input from the study’s principal investigator. Controlled
vocabulary supplemented with keywords was used to search for ML and natural language
processing (NLP) models pertaining to prediction of PC and PC risk factors using EHR data.
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The actual strategy listing all search terms used and how they are combined is available in
the ‘Supplementary Digital Content 1 - Article Search Strategies’ document.

Study inclusion criteria

We included articles that developed a multivariable ML model to predict PC using EHR
data.

Outcome

The outcome was PC.

Compilation and screening of articles

Two independent reviewers (A.K.M., B.C.) screened articles for eligibility, based on title
and abstract, followed by a second round of full-text review to identify eligible articles.
This was followed by screening their respective reference lists and citation matching for
additional articles. A third independent review (S.M.) adjudicated any disagreement in
eligible articles. The articles were archived into Endnote software 1.

Extraction and quality assessment

We used the CHecklist for critical Appraisal and data extraction for systematic Reviews

of prediction Modelling Studies (CHARMS) checklist 12 to extract data for the appraisal

of the articles. We extracted study details including study type and time-period, data
sources, participants, reporting and handling of missing data, machine learning modeling
methods, model calibration, validation, and performance. In addition to the CHARMS
checklist, we extracted data including choice of candidate predictors in the study: curated PC
predictors derived from literature or identified by experts versus non-curated predictors in
the EHR; study population type: high-risk subgroups versus general population; prediction
time window; and novel risk factor identification through model explainability. We also used
PROBAST to evaluate risk-of-bias and applicability of the models developed and validated
in the included articles 13 14, For quality assessment, we applied the PRISMA checklist to
guide our systematic review 1°.

We used the C-index metric as the metric for model performance. Studies included in

our systematic review were very heterogeneous in data exclusion windows (excluding data
immediately prior to diagnosis), prediction time windows (duration of future disease risk
period from date of clinical assessment), number of independent datasets and subset groups
used and modeling techniques. Thus, for studies that explored multiple data exclusion
windows, results corresponding to the smallest exclusion window were used. For studies that
experimented with multiple prediction time windows, results corresponding to the shortest
prediction window were considered. If studies utilized multiple independent datasets, all
datasets were included as individual data points. However, if studies performed both full
cohort and subset analyses, e.g. subset to patients with new onset diabetes, full cohort
results are reported but subset results were excluded. For studies that explored multiple
modeling techniques, results from each modeling technique were included as individual data
points if the corresponding results were reported consistently across datasets. If results from
two or more similar modeling techniques (e.g. Light Gradient Boosting machine, Gradient
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Boosting Machine) were reported in an article, only results from best performing model
were reported. Also, modeling techniques were categorized into three groups: Group A
included linear ML models, Group B included non-linear models excluding deep learning
models, and Group C included deep learning models only.

Study characteristics

With our PICO search, we identified 183 articles after removing duplicates. These articles
were screened to identify 21 articles which have implemented ML algorithms to predict

PC. We added nine additional articles from references that met our inclusion criteria. Figure
1 shows the process of study identification and inclusion for data extraction and analysis.
Tables 1 and 2 describe the study characteristics for risk prediction models including study
type, data sources, modeling development techniques, validation results using the CHARMS
checklist framework. Supplementary Tables 1 and 2 describe novel risk factors identified by
studies and additional modeling characteristics such as missing data handling, respectively.
We excluded four articles due to unclear data sources 16, no multivariate model development
17 unclear predictor utilization in modeling 18, and significant overlap of data and modeling
methods with another included study 1°.

Most studies considered a composite PC outcome and did not differentiate between
pancreatic ductal adenocarcinoma, neuroendocrine tumors, or other specific types of PC.

Most of the studies utilized curated high-risk predictors based on PC literature or clinical
expertise (n=20) 2939, Figure 2a shows the percentage of studies that utilized curated

vs non-curated predictors. Moreover, we observed that a greater proportion of models in
Group A (linear models, 8/14) and Group B (non-linear models excluding deep learning,
9/14) utilized curated sets of candidate predictors as compared to Group C (deep learning,
1/9) (Figure 3a). Models that limited their analysis to curated risk-factors reported a
similar discrimination performance (mean C-index=0.81, min=0.61, max=1.0, n=18) when
compared to models that did not (mean C-index=0.80, min=0.72, max=0.93, n=19) (Figure
3b).

ML model development and evaluation

Logistic regression was most frequently (n=18) utilized for model development (Table 2).

In addition, a diverse range of modeling techniques were employed to build PC prediction
models. These include tree-based models such as XGBoost, random forests, survival models
such as random survival forests, cox regression, multistate models. Furthermore, neural
network-based models such as artificial neural networks, as well as more advanced deep
learning-based approaches including gated recurrent units, and transformers were utilized to
build the models.

Sixteen studies provided information about missing data and how missing data was handled
(Supplementary Table 2, Figure 2b). The most common approaches of missing data handling
included exclusion of patients 2840, exclusion of predictors with large percentage of
missingness 22-25. 33 and imputation of predictors 22: 24 25,39 | three studies, missingness
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had been replaced by categorical values such as ‘Not known’ 26 and ‘missing’ 28 or created
a binary variable with value -1 for missing data 3. We also observed that in one study,
missing laboratory result values were considered the same as those with normal results 36

The studies predicted PC occurrence within a prediction time window of up to 8 years

after the date of risk assessment (Table 2). We observed that six articles did not provide

any information about the prediction time window or data exclusion time intervals 20 26.
28,31,36,41 Only twelve studies experimented with 1 month to 5 years of data exclusion
time intervals 2129, 30, 33, 35,40, 42-47_C_index for the models without a curated set of
predictors and 1 year lead time or exclusion time interval ranged from 0.71 to 0.83 for
internal validations and 0.60 to 0.78 for external validations. Figure 4 shows performance of
the same models with no data exclusion (or smallest time interval data exclusion) settings
versus data exclusion (or maximum time interval data exclusion) settings in different model
groups. The figure represents results from internal validations of nine models presented

in five different manuscripts (Group A: linear models, n=3 21 40; B: non-linear models
excluding deep learning models, n=3 49: 43: and C: deep learning models only, n=3 33.

42), Four studies that experimented with data exclusion intervals were excluded from this
analysis due to no minimum and maximum data exclusion experiment results reported 29: 30,
no ¢ - index reported 3, or no internal validation results reported 44.

We observed that 24 studies performed either an internal or external or both internal and
external validations (Table 2). Some internal validations were conducted by evaluating

the model on a holdout test set, typically 20% of the dataset. Several studies used
bootstrapping for internal validation. External validations were conducted by evaluating
the model performance on an external dataset from a different health system or geographic
region 42 44.46_ A distribution of model validation methods utilized in the different studies
included in our review is presented in Figure 2c. Figure 5a and 5b present the performance
of different model groups in internal and external validation settings, respectively. Models
from the six studies that did not perform any form of validation were excluded from this
illustration 26-28.32, 34,36 For internal validation, the average C-index for models in Group
A, B, and C were 0.77, 0.83, and 0.83, respectively. For external validation, the average
C-index for models in Group A, B, and C were 0.77, 0.79, and 0.88, respectively. Group C
for external validation included results from a single study only. Model performances on all
exclusion/lead time intervals, prediction time windows, and datasets are presented in Table
2.

Ten studies performed a calibration analysis (Figure 2d, Supplementary Table 2) 20-25.
37,43,44.46 The model calibration analyses were conducted using Hosmer—Lemeshow
chi-square goodness-of-fit tests, Greenwood-Nam-D’Agostino (GND) calibration tests, Platt
calibration, and calibration graphs.

Identifying novel risk factors of PC

Six studies that did not rely on a curated set of predictors 42-47 identified novel risk factors
utilizing X-Al techniques (Supplementary Table 1). Chen et al. utilized XGBoost gains to
identify that pancreatic disorders (honcancerous and not relating to diabetes mellitus) was
the most important model predictor 43. Placido et al. explored integrated gradients in neural
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networks, finding jaundice, abdominal pain, and weight loss as key features 0—6 months
before PC diagnosis #2. With a longer interval before cancer diagnosis, key contributors
included diabetes mellitus, anemia, functional bowel disease, and other pancreatic, bile
duct diseases, and cancers. 42, Salvatore et al. grouped relevant ICD codes into clinically
relevant phenotypically related aggregates, ‘phecodes’. Using co-occurrence analysis, they
identified that digestive and neoplasm phecodes were strong predictors of PC 44, Park et
al. utilized SHapley Additive exPlanations (SHAP) values to identify that kidney group,
liver function group, diabetes group, red blood cell, and white blood cell group of labs
contributed the most in predicting PC risk from labs 47. Jia et al. ranked features by
univariate AUC to identify the independent contributors to PC risk prediction 46, The

top 5 predictors from their analysis were age, number of recent records, creatinine in
serum, plasma, or blood, number of early records, diabetes mellitus without complications
diagnosis group, and essential hypertension diagnosis group. Zhu et al. reported that
disease of pancreas, unspecified (ICD10 K86.9), malignant neoplasm of transverse colon
(ICD10 C18.4), pseudocyst of pancreas (ICD10 K86.3), hypertrophy of breast (ICD10 N62),
neoplasm of unspecified behavior of digestive system (ICD 10 D49.0) were the key factors
based on model odds ratios 4°.

Risk of bias assessment

We used PROBAST to assess risk of bias of the models included in our studyl3. If two or
more models were developed in a study, risk of bias for the best performing model (highest
C-index) was assessed using PROBAST. Models from only four studies had low risk of bias
33,42,46,47 sypplementary Table 3 presents a summary of the PROBAST risk of bias and
applicability assessment.

DISCUSSION:

We extracted and reviewed data from thirty studies to discern state-of-the-art ML methods
for predicting PC risk and identifying novel risk factors from EHR data. Most studies
could develop models with a discriminative performance ranging from 0.57-1.0. However,
there were many potential sources for risk of bias including outcome definition, predictor
selection, short prediction time window, and reporting and handling of missing data.

Most of the studies defined PC as a composite outcome, by using a range of ICD codes. Two
types of PC account for most cases: pancreatic adenocarcinoma, PDAC; (85% of cases),

and pancreatic neuroendocrine tumor, PNET; (less than 5%) 48. PDAC, PNET, and other

PC types have different tumor biology, natural history, and risk factors. Predicting PC as a
composite outcome is problematic, as key contributing predictors identified for all PCs may
not apply to PDAC or PNET, specifically.

Most of the studies used logistic regression for model development but did not provide
information about assessing modeling assumptions. Nor was sufficient information provided
to determine whether controls were sampled appropriately, ensuring they are representative
of the population from which cases develop at the case index date 4°. Non-linear and

deep learning-based Al models had similar discrimination performance (C - index) when
compared with traditional linear machine learning models (Figure 5). It is crucial to note that
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more caution is warranted for computationally expensive models to prevent overfitting 5.
This is because the model complexity that enables identifying signal in the training data to
make accurate predictions can also make the model more susceptible to capturing nuanced
noise that does not generalize to other populations as patterns. Therefore, to mitigate these
issues, increasing sample size, employing regularization and resampling/internal model
validation techniques, and conducting external validation in data from other populations and
institutions is crucial. External validations will test model robustness and generalizability
beyond the initial development setting. Also, it is important to note that Group C has

only one sample. Hence, our understanding of the performance of Group C in an external
validation setting is currently limited.

It is critical to examine performance of the final models in different subgroups to ensure
that the model is fair to the subgroups (similar discrimination ability) and not significantly
advantaged/disadvantaged in certain groups. We found that only four studies performed/
mentioned any subgroup analysis by age3: 43 and race32 33, Jia et al. performed model
development using data from different race groups and geographic locations and tested
model performance using data from excluded races and locations*6. However, none of the
studies reported any fairness matrices such as equalized odds and equalized opportunity®2.

Most of the studies used a curated set of high-risk predictors based on PC literature or
clinical expertise (Supplementary Table 2). The EHR clinical data include structured data
such as medications, and unstructured data such as free text clinical notes. Few studies used
a combination of structured and unstructured data to develop the models. Figure 3b shows
that not utilizing a curated set of high-risk predictors resulted in similar mean discriminatory
performance, though this could potentially favor identifying novel risk factors. Chen et al.
used various EHR-based candidate predictors to develop their XGBoost models, but many
of the features have limited interpretability, such as “strain” and “runny” 43. The XGBoost
model viewed each word in clinical notes individually, while a transformer-based approach
can retain the context of words and phrases in the clinical notes data 2.

Several studies did not provide any information about missing data and missing data
handling (Supplementary Table 2) 20: 21, 27, 30, 32, 34, 38, 4144, 53 ' Mssing data and how the
missingness has been handled could impact prognostic model performance and applicability
54, The estimated predictor outcome associations and predictive performance measures of
the model are unbiased only if excluded participants are a completely random subset of

the original study sample 3. A comparison of the participants with and without missing
values could provide better understanding of potential bias in the data. For models utilizing
structured data, multiple imputation has shown to perform superior in terms of bias and
precision 657 Also, deep learning-based approaches including recurrent neural networks
can efficiently handle irregularities and missing patterns in time series clinical data 8 59,

The PC occurrence prediction time window in the studies ranged up to 8 years of the date
of risk assessment (Table 2). Most studies did not consider data exclusion intervals. Such
modeling strategies are not appropriate for early detection and can introduce high risk of

bias (Supplementary Table 3), as the predictor data close to the time of PC diagnosis will
most likely be symptoms of the disease instead of true predictors of future risk. Among
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studies that did consider data exclusion intervals, deep learning-based modeling techniques
performed better on average with minimum or no data exclusion and performed comparable
to non-linear models for maximum data exclusion periods (3 months to one year) for the
same models in each group; linear models had least discrimination performance with data
exclusion intervals as shown in Figure 4. There was also a decline in performance with data
exclusion in Group C models when compared with Group A and B models. With a sample
size of three across groups it is difficult to draw any strong conclusions. However, this could
suggest that the Group C deep learning models developed in these studies depended more on
data closer to the PDAC event than other groups. Studies show that predictor data considered
with a lead time of 24 to 36 months prior to PC diagnosis may be most appropriate 3 6061

Identification of novel risk factors is important as about 80% of PC is considered sporadic

in etiology. Explainability of an ML model pertains to the clarity of its internal logic and
mechanics, enabling deeper comprehension of its training and decision-making processes 19,
Few articles explored such techniques (Supplementary Table 1) 42-44, Pancreatic disorders,
diseases of biliary tract, abdominal-pelvic pain, digestive neoplasms, and jaundice were
identified as the most common risk factors.

Table 3 presents a list of best practice recommendations for Al/ML model development to
predict PC early using EHR data.

A limitation of this review was potentially missing studies that could be relevant. We
excluded studies if they were written in non-English. Another limitation of this study is

the sample size for different groups of models in the figures and analysis. For instance,

we only have one Model C sample that performed external validation as seen in Figure

5. Therefore, it is important to consider the sample size when interpreting the results. The
strength of this study is that we critically appraised the studies utilizing guidelines provided
in the CHARMS checklist. Another strength of our study is that we did not limit our
analysis to specific ML/AI modeling techniques. Our comprehensive review and discussion
of model development, evaluation, and explainability strategies could guide future research
studies attempting to develop PC risk prediction models and efforts on novel risk factor
identification utilizing EHR data.

Real-world utilization of the models developed in these studies was limited. Only two of the
studies conducted a prospective validation after model development 2% 35, Multiple studies
have considered identifying individuals at high risk, provided a decision curve, or reported
model performance by thresholding predicted risks by the models in the validation cohort
22-25,21-29, 31,32, 35, 37, 40, 42-46 None of the studies reported an integration of their model
into the EHR or to identify high risk individuals in a real-world setting; in the authors’
opinion this is appropriate since all of the algorithms potentially require further external
model validation before being ready for this.

In conclusion, through this systematic review, we found that several studies have attempted
to develop ML models using EHR data to predict PC risk with some success. However,
it was observed that most studies utilized a curated set of predictors instead of utilizing
unbiased approaches within the EHR. Logistic regression was the most common modeling
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technique. Lack of reporting on missing data was also common and a significant limitation.
Novel risk factor identification was conducted in only six studies. We believe that utilization
of longitudinal structured and unstructured data together in a population-based cohort
coupled with utilization of X-Al techniques may identify novel PC risk factors and should
be important considerations in future studies. We also recommend using the TRIPOD
statement to report prediction model development and validation method details 62. Finally,
for PC risk modeling strategy, it is crucial to evaluate the modeling assumptions and ensure
collaboration across a spectrum of content expertise, including physicians,epidemiologists,
biostatisticians, data scientists, and AI/ML experts. Such multidisciplinary collaborative
efforts will help develop the most effective model for early prediction of PC risk by
judiciously utilizing the available EHR data while minimizing biased estimates, inefficient
models, and incorrect conclusions.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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STUDY HIGHLIGHTS:

WHAT IS KNOWN:

Pancreatic cancer (PC) is often diagnosed at an advanced stage when
treatment options are limited.

PC detection at an early stage can improve survival.

Artificial Intelligence (Al) -based models have been developed to predict
pancreatic cancer utilizing Electronic Health Records (EHR).

There is limited guidance on the optimal selection of modeling techniques,
study design, and utilization of EHR data for PC prediction.

WHAT IS NEW HERE:

The review provides recommendations for optimal ML/AIl modeling
approaches to utilizing EHR data for PC prediction.

Underutilization of EHR data, sparse use of advanced Al methods, and
limited experimentation with data exclusion intervals, were some of the major
limitations.

Efforts on identifying novel risk factors to predict PC from EHR are currently
limited.

Non-linear and deep learning-based Al models were found to perform similar
to traditional linear statistical and ML models in predicting PC.

Deep learning models generally utilized a wide range of candidate predictors,
instead of a set of curated known risk factors for PC.
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183 Records identified through 9 Additional articles identified through
database screening other sources?

192 Title and abstract screened

:{ 158 Title and abstract excluded

A

34 Full-text articles assessed for
eligibility

( 4 Full-text articles excluded

N 1 Unclear data source

1 No ML model development

1 Unclear predictor use in modeling

1 Significant data/modeling overlap
with another included study

30 Studies included in systematic review

Figure 1.
Systematic review flow diagram — selection of articles
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CANDIDATE PREDICTORS
USED FOR MODEL
DEVELOPMENT

MISSING DATA HANDLING
INFORMATION

mProvided (n=16)
@ Not provided (n=14)

m Curated high-risk predictors (n=20)
B Non-curated predictors (n=10)

(a) (b)
MODEL VALIDATION MODEL CALIBRATION
mInternal only (n=15) mYes (n=10) ENo (n=20)

mExternal only (n=4)
Olnternal and external (n=5)
ONo validation (n=6)

(d)

Figure 2.
Study and ML/AI modeling characteristics - (2): EHR candidate predictors used for model

development by the studies. (b): Missing data reported by the studies. (c): Model validation
conducted by the studies. (d): Model calibration conducted by the studies.
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Figure 3.
Use of curated risk factors by models. (2) Number of models with and without using curated

risk factors per model groups (A: linear, B: non-linear excluding deep learning models, and
C: deep learning models only). (b) Performance of models in internal validations with and
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Figure 4.
Model performance by groups (A: linear, B: non-linear excluding deep learning models, and

C: deep learning models only) with and without data exclusion intervals before diagnosis.
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Figure 5.
Internal and external validation model performances by groups (A: linear, B: non-linear

excluding deep learning models, and C: deep learning models only).
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