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Abstract. Pancreatic cancer is notoriously difficult to detect, with di-
agnosis often relying on symptoms that only develop at advanced stages
of the disease. Routine blood tests may signal a developing cancer before
these symptoms appear. Limited research has investigated the use of
time-varying information from laboratory tests before diagnosis. This
study used UK primary care data to compare machine learning ap-
proaches for detecting pancreatic cancer at various time-intervals before
diagnosis. The machine learning challenge is that such real-world data is
irregular and sparse and therefore difficult to use for model creation.

In this study, deep learning time-series models (LSTM and GRU-D) were
compared to a feature engineering approach. We found that while pre-
dictive performance was strongest at diagnosis date (maximum AUROC
of 0.85), cases could be detected 18 months before diagnosis, with GRU-
D achieving an AUROC of 0.57. Closer to the diagnosis date, where
diagnostic signals are stronger, feature engineering approaches outper-
formed the deep learning models. However, further from diagnosis, the
deep learning models, particularly the GRU-D, maintained marginally
better performance. Calibration of the models was good at the diagno-
sis date but was poor across all models at a lead time of greater than
6 months. This study demonstrates that routine blood tests show some
predictive capacity for earlier detection of pancreatic cancer. However,
this capacity quickly decreases further from diagnosis date, with poor
discrimination beyond 6 months. These results should be of interest to
researchers interested in using machine learning and electronic health
records to support earlier diagnosis of cancer.

Keywords: Machine Learning - Electronic Health Records - Time-Series
- Pancreatic Cancer

1 Introduction

Pancreatic cancer (PC) is one of the leading causes of cancer mortality world-
wide, accounting for almost 5% of all cancer deaths [2]. A key factor influencing
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the mortality of PC is late diagnosis: more than half of PC cases are diagnosed
at an advanced stage, resulting in reduced treatment options [10]. As a result,
early detection of PC has become an active area of research with the aim of
improving patient outcomes by identifying cancers in the early stages [10] . A
key barrier to the diagnosis of PC is that symptoms are often silent in the early
stages of the disease and are often nonspecific when they do develop [11]. As
an alternative, laboratory tests could be investigated in their predictive value
for the early detection of PC: routine blood tests have been shown to change in
the lead-up to cancer diagnosis, providing a possible opportunity for early de-
tection [12]. Previous works primarily use symptoms and diagnosis data; those
that include laboratory tests generally do so in the form of categorical features
indicating abnormal tests, or aggregate values (e.g., mean) which may be sus-
ceptible to inter-subject variability [8]. Changes in laboratory tests may be more
informative, therefore the dynamic nature of measurements should be explored
[12]. Previous work by Park et al. investigated the use of time-series laboratory
tests for PC detection using neural networks to embed trajectories for each blood
test, however, their architecture fails to account for dependencies between time
points. There remains a wide range of time-series architectures which may be
better suited to the clinical problem.

Time-series data has been utilised in many areas of medicine, including for
early detection of PC from symptoms and diagnoses [3]. Previously, we reviewed
approaches to the use of time series data for cancer prediction [9]. Long Short-
Term Memory networks (LSTMs) are a commonly used model, chosen for the
ability to learn longer term dependencies than vanilla recurrent neural networks
(RNNs). The GRU-D model (where D denotes decay) was developed to learn
from patterns of missingness which may be informative in time-series medical
data, making it well-suited to problems involving irregularly sampled laboratory
tests [4].

Many countries have structured primary care systems that serve as the first
point of contact for most patients. In these systems, primary care data is crucial
for cancer detection as it captures early symptoms and healthcare interactions.
Since most patients first present with symptoms in primary care, leveraging this
data enables earlier detection of cancer. Time-series models for prediction from
laboratory tests often use data with a relatively high sampling rate, e.g. ICU
data, where models have more data within a patient’s trajectory to learn tem-
poral patterns. In primary care, measurements are more sporadic and potentially
more susceptible to noise. As a result, deep learning networks may not perform
as well as they do in settings with higher density data, meaning there is a need
to assess these models in primary care settings.

In this research, common approaches to time-series analysis in electronic
health record (EHR) data were evaluated for their ability to detect PC early in
primary care records in the UK. To the authors’ knowledge, this research is the
first to use the GRU-D model in primary care laboratory test data.
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2 Methods

2.1 Overview

This work compared the performance of LSTMs, GRU-Ds, and standard tabular
ML methods combined with feature engineering when detecting PC in primary
care and assessed their performance of the models when detecting PC at various
time points before diagnosis. These models were chosen based on prevalence in
the literature and performance in preliminary experiments.

2.2 Study Design

This research used data from the SAIL Databank [7] which contains health and
social care datasets covering the entire Welsh population. We used data from the
Welsh Longitudinal General Practice (WLGP) dataset and the Welsh Cancer
Surveillance Unit (WCSU) dataset. The WLGP dataset covers approximately
80% of Welsh General Practices (GPs), or around 2.8 million patients. The
WCSU is the Welsh cancer registry, containing data on all cancer cases diagnosed
or treated in Wales. Data was used from between 2009 and 2019.

Inclusion and exclusion criteria Patients were included in the study based
on the existence of valid registration blocks (see 2.3). Cases were any patient
with a diagnosis of PC within the study period, as recorded in the WCSU with
an ICD-10 code beginning with C25. Controls were selected from all patients
without a recorded PC diagnosis using 1:4 age and sex matching. Patients were
excluded if there was insufficient demographic data to perform matching.

Time windows The terminology used in this work to define the windows of
interest within a patient’s timeline is provided in Figure 1. We investigated
the performance of models at numerous lead times until a visible plateau in
performance was reached. Patients were required to have a minimum registration
of two years so this served as a minimum observation window, however, all data
measured within the study period was used to classify the patients. A follow-up
period of 1-year with no PC diagnosis was required for controls.

Candidate Predictor Variables This research used blood test variables from
a matched cohort to assess the predictive capacity of routine blood tests. The
variables were selected based on prevalence in the PC literature [12, 5], discus-
sions with clinicians, and the frequency with which they are recorded in primary
care. This work used 31 blood tests: Haemoglobin, Platelets, White blood cells,
Red blood cells, Neutrophils, Mean corpuscular volume, Lymphocytes, Mono-
cytes, Eosinophils, Basophils, Alanine aminotransferase, Total bilirubin, Alka-
line phosphatase, Albumin, Total protein, Gamma-glutamyl transferase, Urea,
Sodium, Potassium, Calcium, Creatinine, Cholesterol, High-density lipoprotein,
Low-density lipoprotein, Triglycerides, C-reactive protein, Erthyrocyte sedimen-
tation rate, Amylase, HbAlc, Blood glucose, and Ferritin.
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Timeline of patient history

Observation window (min. 2 years) Lead time Follow-up period (1 year)
___________________________________________________
F i ?—C L 2 i l >
First First Most recent Cancer
encounter observation observation diagnosis /
recorded used in model used in model Index date

R Prediction point @ Observation used in model M Observation not used in model

Fig. 1. Diagram showing the terminology used to describe the models.

2.3 Preprocessing

Selection of cohorts using registration blocks The inclusion criteria neces-
sitated sufficient registration at a GP practice. Valid registration was determined
using WLGP data, which provided GP practice registration dates. These records
were combined to create registration ‘blocks’, indicating periods patients were
registered with any GP practice in SAIL. Valid registration blocks were selected
for each lead time, ensuring a window within the study period that was at least
as long as the observation period plus the lead time. This approach maximized
the number of patients eligible for each lead time experiment.

Sampling of index date The index date for the case cohort was the date
of diagnosis. For the control cohort, a pseudo-index was selected by randomly
selecting a date within their registration period, while still allowing a minimum of
the observation window (2 years) between the block start and the index date, and
the follow-up period (1 year) between the index and the block end. This approach
reduced temporal bias in control index dates by shifting the distribution of dates
closer to uniform to match the distribution of PC diagnosis dates.

Feature cleaning and selection Feature cleaning and selection were per-
formed for the feature engineering models using the development set (see 2.4).
Features with a missing rate above a threshold were removed: thresholds of 99%
and 90% were used for the count variables and remaining features respectively.
Highly correlated features were removed by calculating pairwise Pearson’s corre-
lation coefficients and randomly removing a feature from each pair with a value
above 0.7. Further feature selection was achieved by fitting a Logistic Regression
model with L1 penalty to the development set and selecting features with a co-
efficient above le-5. Missing data in the time dimension were not addressed in
preprocessing, as the models did not require regular time steps. At time points
with present measurements, missing variables were imputed using the mean, ex-
cept in the GRU-D, which has mechanisms to impute missing values. Blood test
values were scaled using z-score normalisation.
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2.4 Models

Feature Engineering A gradient boosting classifier (FE+GB) and a random
forest (FE+RF) were used to classify patients using engineered features which
were generated to describe dynamic characteristics of the data. These were the
mean value and number of measurements for each blood test within two windows:
less than 6 months before index (the proximal window), and between 6 and 12
months before index (the distal window). A trend feature was generated by
subtracting the proximal mean from the distal mean. This gave 5 features for
each blood test, resulting in 155 features overall. These were reduced before
model training through feature cleaning and feature selection (see 2.3).

Deep Learning Models The LSTM architecture processed the entire patient
sequence and used the last hidden state as input to a sigmoid activation layer to
predict the probability of cancer. LSTMs do not account for irregular time-gaps
between data, which may be an informative feature in primary care records,
therefore, the inputs were concatenated with the number of days since the last
measurement. The GRU-D model is an adaptation of a standard GRU model
designed to learn from patterns of missingness in time-series data. The model,
described in detail elsewhere [4], augments the inputs with a mask to indicate
missing measurements, and a matrix with time since last measurement. The
model learns a decay function for imputing missing values, so values decay to a
stable value (the mean) if they have not been measured for a long time, or else
they are closer to the most recent measurement.

Training Protocol The models were evaluated using cross-validation. The
data set was divided into five folds. Each fold was used as a holdout set in turn,
with the remaining four folds used as a development set to train and validate
the model. Hyperparameter tuning was performed using Bayesian optimization
(implemented using the Optuna framework [1]) for each of the data splits using
the development set.

2.5 Evaluation

The discriminative performance of the classifiers was assessed at each of the lead
times using area under the receiver operating characteristic curve (AUROC),
chosen as a threshold-independent indicator of performance. In addition, bal-
anced accuracy, precision, recall, and F1 score are provided at lead times 0, 90,
180, and 540 days. These metrics were calculated for each fold, and summarised
using the mean and estimated upper and lower bounds for the 95% confidence
interval. The classification metrics are presented at discrete times using thresh-
olds chosen to maximise balanced accuracy. We also provide calibration plots to
show how predicted risks of the models align with the distribution in the dataset.



6 V. Moglia et al.
3 Results

3.1 Cohorts

The number of PC patients available in the cohort ranged from 3764 at lead
time 0 and 3040 at lead time 630. This gave control cohorts between 15056 (lead
time 0) and 12160 (lead time 630).

3.2 Discriminative performance at intervals before diagnosis

The best AUROC at each lead time is provided in Table 1. AUROC is shown for
models trained between 0 and 630 days before diagnosis, where the performance
seemed to plateau. Figure 3.2 shows how the AUROC changes with earlier de-
tection for the GRU-D and FE+4+GB models, also indicating the 95% confidence
interval for each time point.

Table 1. Best performing model and corresponding AUROC at each lead time. *In-
dicates a model where the improvement in mean AUROC was significant at the 95%
confidence level.

Lead Best Model Best Lead Best Model Best
Time AUROC Time AUROC
0 FE + GB* 0.85 180 GRU-D* 0.61
30 FE + GB* 0.72 270 GRU-D* 0.60
60 FE + GB* 0.67 360 GRU-D 0.58
90 GRU-D 0.62 450 GRU-D 0.57
120 GRU-D 0.61 540 GRU-D 0.57

3.3 Performance at discrete times before index date

Table 2 shows the performance of the models at lead times 0, 90, 180, and 540
days. Calibration curves are provided for each model at these times in figure 3.

4 Discussion

We show that laboratory tests can be used to predict PC status, without in-
formation on symptoms, diagnoses, or demographics. The models show strong
predictive ability at lead time of 0, however, this diminishes as the lead time is
increased. While the decrease in performance appears to be steep, we show that
the models are still able to discriminate between PC patients and controls up
to a year before diagnosis. Some of the models maintain a small degree of dis-
criminative ability past this point, however, the performance seems to plateau at
around 0.55 and does not drop to 0.5 for three of the models, indicating potential
bias in the dataset.
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AUROC at different lead times for the GRU-D and Gradient Boosting models
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Fig.2. AUROC of the FE+GB model and the GRU-D against lead time. These
FE+GB model performed best up to 3 months before diagnosis. Beyond 3 months, the
GRU-D performed best. 95% confidence interval estimated from the cross-validated
AUROC scores are shown.

Between 0 and 90 days before the index, the FE4+GB model achieves signif-
icantly higher discrimination than the other models. It is possible that within
this window there are highly predictive features that are explicitly included in
the feature engineering models, for example, a count of a blood test used in the
diagnostic process. These may be missed by the more complex models. At lead
times earlier than 3 months, the GRU-D model achieves the best performance.
At the 95% confidence level, this improvement in performance is significant at
180 and 270 months before diagnosis, maintaining an AUROC of 0.6 in this
window. The confidence intervals of all models widen as the lead time increases,
indicating more variable performance and increased uncertainty over longer pre-
diction horizons. We report an AUROC of 0.58 at 12 months before diagnosis;
similar to results achieved by Park et. al [6] in a US dataset (AUROC of 0.6
at 12 months pre-index), however, comparisons are limited due to the differing
health systems and apparent data leakage in their methodology.

The FE+GB model shows the best calibration at the index date, however
past 90 days the performance seems to collapse. The LSTM and GRU-D models
both show worse calibration at greater lead times, but the calibration of the deep
learning models is much better than that of the feature engineering models.

Beyond performance, there are additional considerations that make a model
appropriate for a clinical setting. While GRU-D outperforms feature engineering
models, it does not provide any interpretability or model reasoning. If feature
engineering models can be improved, they may be more acceptable to clini-
cians and patient’s than black-box models as the features used are interpretable.
In addition, GRU-D doesn’t extend well to categorical features such as symp-
toms/comorbidities. Including these features may improve performance signifi-
cantly, and while they can be incorporated using fusion techniques, it is a much
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Table 2. Classifications metrics for the models at four lead times, presented as mean

=+ standard error. Bold indicates the highest performing model at each lead time.

Lead Model Balanced F1 Score Precision Recall

Time Accuracy

0 FE+GB 0.75 + 0.01 0.66 + 0.01 0.87 + 0.01 0.53 + 0.02
FE+RF 0.71 + 0.00 0.55 + 0.00 0.46 + 0.01 0.67 £+ 0.00
GRU-D  0.66 &+ 0.00 0.50 & 0.01 0.45 + 0.03 0.56 + 0.02
LSTM 0.74 + 0.00 0.62 + 0.01 0.73 + 0.01 0.53 + 0.01

90 FE+GB 0.51 &+ 0.01 0.04 + 0.03 0.29 £ 0.18 0.02 & 0.02
FE+RF 0.53 + 0.01 0.35 + 0.00 0.22 + 0.0 0.87 £+ 0.05
GRU-D 0.56 + 0.02 0.38 £+ 0.01 0.24 + 0.01 0.83 + 0.03
LSTM 0.57 &+ 0.01 0.36 &= 0.004 0.24 + 0.005 0.721 = 0.018

180 FE+GB 0.50 + 0.00 0.00 + 0.00 0.00 + 0.00 0.00 + 0.00
FE+RF 0.53 + 0.01 0.35 + 0.00 0.22 + 0.00 0.84 + 0.03
GRU-D 0.58 +£ 0.00 0.36 £ 0.00 0.27 £+ 0.01 0.57 &+ 0.04
LSTM 0.55 + 0.01 0.34 + 0.01 0.23 + 0.01 0.69 + 0.04

540 FE+GB 0.50 & 0.00 0.00 &+ 0.00 0.00 & 0.00 0.00 & 0.00
FE+RF 0.52 4+ 0.00 0.34 + 0.00 0.21 4+ 0.00 0.87 + 0.03
GRU-D 0.54 + 0.00 0.34 + 0.01 0.21 + 0.01 0.83 + 0.04
LSTM 0.52 &+ 0.00 0.34 &+ 0.00 0.21 &+ 0.00 0.91 &+ 0.02

simpler process to add the features into a technique such as gradient boosting
or random forest.

A key strength of this work is the use of a large, population-based, multi-
centre dataset. We demonstrate how predictive capacity of routine blood tests
changes in the months before diagnosis, providing potential windows where fu-
ture research should focus. We also provide calibration of the models, which is
often unreported in clinical prediction model research. This work provides the
first evaluation of GRU-D in a primary care setting, showing that the model
achieves improved performance in detecting weak signals, but that it may miss
simple, stronger features that can be summarised by simple feature engineering,
as seen close to diagnosis.

We acknowledge limitations to our work. Firstly, the engineering of the trend
features was relatively simple, meaning more complex patterns may have been
missed. We do not perform external validation due to the limited availability
of open-access datasets, however, we aim to mitigate this by leveraging cross-
validation to reduce optimism in the performance. While this research demon-
strates the potential for earlier detection of PC in primary care, we do not
explore how such models could be integrated into clinical workflows, such as
forming decision support tools for GPs. The performance in this research is not
comparable to real-world performance due to the matched cohort. We also do
not discuss the potential implications of earlier detection, such as increased false
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Calibration curves at each lead time (Pooled CV predictions)
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Fig. 3. Calibration curves for each model at four time points. The curves show the
relationship between predicted risk and observed event rates.

positives, unnecessary investigations, and increased anxiety for patients, which
are important considerations when evaluating clinical utility.

Future work should aim to focus on improving prediction between 3-12
months, where there is evidence of weak diagnostic signals that may aid early
detection. More extensive validation of models in primary care data is required
before tools can be assessed in a prospective setting, which is a critical step for
clinical translation of decision support tools. Further investigation of appropri-
ate feature engineering techniques could improve the feature engineering models
while maintaining lower computation requirements, for example, by using anal-
ysis of population level trends to inform engineering. In addition, differences
in performance between different patient subgroups should be investigated to
assess bias. The GRU-D shows promise in primary care, with implications for
broader research in primary care, however, the increase in performances comes
with increases in computation and training times.
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