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ABSTRACT

Checkpoint inhibitor—associated autoimmune diabetes (CIADM) affects about 1% of patients
treated with immune checkpoint inhibitors and presents with diabetic ketoacidosis in about
two-thirds. The pancreas is smaller before treatment and markedly smaller at diagnosis in
CIADM, but it is unknown when shrinkage begins, because few patients have been studied
with scans taken during treatment. To determine whether pancreatic volume measured
automatically on routine restaging CT falls before CIADM is diagnosed, and whether a
simple threshold can provide early warning. Retrospective multicentre nested case—control
study. Sixty CIADM cases will be matched to 240 ICI-treated controls by incidence-density
sampling on centre, regimen, tumour group, age, sex and time since ICI start. Every CT from
baseline to the index date will be segmented with an open-source deep-learning model and
checked by a blinded radiologist. Pancreatic volume will be indexed to body surface area.
Linear and piecewise mixed-effects models will compare volume trajectories and estimate
when decline accelerates. Thresholds of 10%, 15% and 20% decline will be evaluated with
conditional logistic regression, time-dependent ROC curves, lead time and decision curves.
Automated and manual volumetry will be compared in 20% of scans. Sixty cases provide
84% power to detect a 6-point difference in percentage change. A positive result would allow
radiologists to flag impending CIADM on scans that patients already receive, creating a
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study

Introduction

Immune checkpoint inhibitors (ICIs) that block programmed
cell death 1 (PD-1), its ligand PD-L1, or cytotoxic T-
lymphocyte antigen 4 (CTLA-4) have changed the outlook
for many advanced cancers, but they also cause immune-
related adverse events that can affect almost any organ [1, 2].
Checkpoint inhibitor-associated autoimmune diabetes mel-
litus (CIADM) is one of the least common of these events,
but one of the most serious. In a claims database of more
than 30,000 ICI-treated patients, insulin-requiring diabetes
developed in 0.86%, and the risk was higher with combined
anti-CTLA-4 and anti-PD-1 therapy [3]. Single-centre series
report similar rates of about 1% to 2% [4, 5].

CIADM differs from classical type 1 diabetes. Itusually starts
abruptly, often without islet autoantibodies, and causes near-
complete and permanent loss of insulin secretion [5, 6]. A
systematic review of 192 patients found that 69.7% presented
with diabetic ketoacidosis (DKA), and only 40.4% had type 1
diabetes autoantibodies [7]. Because the onset is sudden
and frequently unrecognised until ketoacidosis develops,
the clinical priority is not only to predict who will develop
CIADM, but to detect it before it becomes an emergency.
Current guidelines recommend checking glucose during ICI
therapy, but they offer no tool that identifies impending
beta-cell failure [2].
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window to prevent ketoacidosis.
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The pancreas shrinks in CITADM

Several independent case series have shown that the pancreas
becomes smaller in CIADM (Table 1). Byun and colleagues
described marked radiological pancreatic atrophy in 18 pa-
tients [8]. In a multicentre Australian series, pancreatic
volume was already lower before ICI treatment in patients
who later developed CIADM and fell by a mean of 41%
from pre-treatment to six months after diagnosis [9]. In a
Taiwanese cohort of 2829 ICI-treated patients, the ten who
developed diabetes showed a median fall of 19.9% from
baseline at diagnosis and 37.1% at last follow-up [10]. Most
recently, a nested case—control study in metastatic melanoma
reported that baseline pancreatic volume was 60 versus 73 mL
in future cases and controls, and that pancreatic volume com-
bined with low-level islet autoantibodies predicted CIADM
[11]. A similar picture is seen in classical type 1 diabetes,
in which pancreatic volume is reduced before diagnosis and
continues to decline after it [12, 13].

The unanswered question

None of these studies could show when the pancreas begins to
shrink. They compared volume before treatment with volume
at or after diagnosis, and the most recent study noted that
most patients had no scan on treatment before onset [11]. Yet
patients receiving ICIs have restaging CT every 8 to 12 weeks
as part of routine cancer care. If pancreatic volume falls
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Table 1:
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Published evidence on pancreatic volume in checkpoint inhibitor-associated diabetes

Study Population Imaging

Main finding on pancreatic volume

18 ICI-DM cases, mixed
tumours, USA

17 CIADM cases with
volumetry and ICI-treated
comparison groups,
Australia

10 ICI-DM cases among
2829 IClI-treated patients,
Taiwan

14 cases, 28 matched
controls, melanoma,
Australia

Byun, 2020 [8]

Wu, 2024 [9]

Wei, 2024 [10] Manual CT

Wu, 2026 [11]
reader

Routine CT, qualitative

CT volumetry

segmentation

CT volumetry, single

Significant pancreatic atrophy after diagnosis
Lower volume before ICI; mean 41% fall from
pre-treatment to 6 months after diagnosis
Median fall of 19.9% at diagnosis and 37.1% at

last follow-up

Baseline volume 60 vs 73 mL; large fall at
diagnosis; few on-treatment scans before onset

measurably on these scans weeks before hyperglycaemia, the
information needed to prevent DK A is already being collected
and simply not being measured. Automated deep-learning
segmentation now allows the pancreas to be measured on
routine CT without manual tracing [14, 15, 16], which makes
a large multicentre analysis feasible.

Study questions
PANC-WATCH (PANCreatic volume WATCH during check-
point inhibitor therapy) will answer four questions:

1. Does pancreatic volume decline faster in patients who
develop CIADM than in matched ICI-treated controls
during the months before diagnosis?

2. Is there a point of acceleration, and how long before
diagnosis does it occur?

3. Can a simple rule (for example, a fall of 15% or more
from baseline) flag future CIADM with useful sensitivity,
specificity and lead time?

4. Is automated volumetry on routine CT reliable enough
for clinical use?

Materials and Methods

The study is organised into four work packages (WPs), shown
in Figure 6. It will be reported according to STROBE for
observational studies [17] and TRIPOD+AI for the early-
warning rule [18].

WPI. Study population and case—control sampling
Design and setting. PANC-WATCH is a retrospective
nested case—control study within the ICI-treated populations
of participating cancer centres in Pakistan and partner centres
abroad (to be named). The source cohort includes all adults
who started anti-PD-1 or anti-PD-L1 therapy, with or without
anti-CTLA-4, between January 2016 and December 2025,
and who had a CT of the abdomen within 90 days before the
first dose and at least one CT during treatment.

Cases. Cases meet the CIADM definition used in previous
studies [7, 9]: (i) previous ICI therapy; (ii) new hyper-
glycaemia, with blood glucose > 11.1 mmol/L or HbAlc
> 6.5%; and (iii) insulin deficiency, with DKA or C-peptide
< 0.4 nmol/L within one month. Patients with insulin-
treated diabetes before ICI are excluded. Pre-existing type 2
diabetes not treated with insulin is allowed and recorded,
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Table 2: Matching factors for controls (4 per case)

Factor Matching rule

Centre Same centre (controls scanning
protocol)

Anti-PD-1/PD-L1 alone vs combined
with anti-CTLA-4

Melanoma; lung; kidney/urothelial;

ICI regimen

Tumour group

other

Age Within 5 years

Sex Same

Time since ICI start At risk at the case’s index time (risk
set)

Calendar period First ICI dose within 2 years of the case

because it is a known risk factor [3]. The index date is the
date of CIADM diagnosis.

Controls. Controls are selected by incidence-density (risk-
set) sampling (Figure 1). For each case, four controls are
drawn from patients in the same source cohort who were still
on follow-up, alive and free of diabetes at the same time since
ICI start as the case at its index date. This time becomes
the control’s pseudo-index date. Controls are matched on
the factors listed in Table 2. Risk-set sampling ensures that
cases and controls have had the same exposure time to ICIs
and the same opportunity to have restaging scans, and makes
the odds ratio an unbiased estimate of the hazard ratio.

Exclusions. Patients are excluded if they had pancreatic
primary cancer or metastasis, pancreatic surgery, acute pan-
creatitis before ICI, or no baseline CT that includes the
whole pancreas. Pancreatitis or lipase elevation during ICI
treatment is not an exclusion criterion, because it may be part
of the pathway to CIADM [4, 9]; it is recorded and examined
in sensitivity analyses.

WP2. Image retrieval and automated volumetry
All CT scans that include the pancreas from 90 days before
the first ICI dose to the index or pseudo-index date are
retrieved from the picture archiving and communication
system, de-identified, and processed with the same pipeline
(Figure 2). Each scan must meet minimum quality criteria
(Table 3).
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Source cohort: all ICI-treated adults with baseline and on-treatment CT

index date of case C

Patient A @ | . . . . Q- . . . sampled control
1

PatientB @ - - - - - ¢ - sampled control
1

Patient C ; " ; ; i CIADM case

6-month | ! ! ! o X

PatientD @ - - - . : not eligible: follow-up ended
1

PatientE @ | | - - - O - - - - sampled control
T
1

Patient F @ | | . . . O . . sampled control
T
1

Months since first ICI dose  (ticks = restaging CT, about every 12 weeks)

Figure 1: Nested case—control design with incidence-density sampling. When a case develops CIADM, four controls are
drawn from patients still at risk at the same time since ICI start. All CT scans up to the index or pseudo-index date are
measured. The shaded segment marks the six-month window before diagnosis used for the primary acceleration analysis.

Retrieve De-identify Segment Review Quantify Store
all eligible CT —>| DICOM to NIfTI; | TotalSegmentator |—>| radiologist checks [—> volume, PVI, —>|  locked database
from PACS study ID only (nnU-Net) and corrects mask attenuation for WP3
vy ~

.

Quality control: slice thickness < 5 mm; whole pancreas in
field; no severe artefact; contrast phase recorded; 20% of scans

segmented manually by two readers

Blinding: readers do not know case or control status, scan date
or glucose results; scans are presented in random order

Figure 2: Imaging pipeline for automated pancreatic volumetry. PACS = picture archiving and communication system; PVI
= pancreatic volume index (volume divided by body surface area).

Segmentation. The pancreas is segmented automatically
with TotalSegmentator, a publicly available nnU-Net—based
model trained on more than 1200 routine clinical CT ex-
aminations [14, 15]. A radiologist reviews every mask and
corrects errors, particularly at the pancreatic head and duode-
nal border, where automated segmentation is least accurate
[16]. Readers are blinded to case status, scan date and
glucose results.

Measurements. For each scan we record (i) total pancreatic
volume (mL); (ii) the pancreatic volume index (PVI), defined
as volume divided by body surface area, to adjust for body size
and weight loss [19, 13]; (iii)) mean parenchymal attenuation
in Hounsfield units, as a marker of oedema or fat; and (iv)
the percentage change from baseline,

Vi—W
Vo

where V/; is the baseline volume and V; the volume on a scan

at time ¢. Pancreatic volume falls slowly with age and varies

with body fat [19], so analyses always compare cases with
time-matched controls.

AV; % =100 x (D

Reliability. A random 20% of scans will also be segmented
manually by two radiologists. Agreement between automated
and manual volumes, and between the two readers, will
be measured by the intraclass correlation coefficient [20],
the Dice similarity coefficient and Bland—Altman limits of
agreement [21]. Automated volumetry will be considered
adequate if the ICC is at least 0.90 and the limits of agreement
for percentage change are within +10 percentage points.

WP3. Statistical analysis
The analysis plan is summarised in Table 4.
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Table 3: CT acceptance and quality-control criteria

Item Requirement

Coverage Entire pancreas from head to tail

Slice thickness < 5 mm; 1-3 mm preferred

Phase Portal venous preferred; non-contrast
and arterial accepted and recorded

Artefact No major motion or metal artefact over
pancreas

Pathology No pancreatic mass, metastasis, or
surgery

Timing Baseline within 90 days before first ICI;
on-treatment scans up to index date

Segmentation Mask reviewed; corrected if boundary

error > 2 slices

Primary analysis: volume trajectories. The primary
outcome is the trajectory of PVI over time before the index
date. We will fit a linear mixed-effects model [22] with
time before index (months), group (case or control) and their
interaction as fixed effects, adjusted for age, sex, baseline
body mass index, contrast phase and centre, with random
intercepts and slopes for each patient and a random intercept
for each matched set. To test whether decline accelerates
before diagnosis, a piecewise (change-point) model will
allow a different slope in the final six months before the
index date (Figure 3). The change point will be estimated
by profile likelihood over the range 1 to 9 months, with a
bootstrap confidence interval.

Secondary analysis: early-warning rule. For each patient,
the last eligible scan is the latest CT at least 14 days before
the index or pseudo-index date, so that a flag on that scan
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Change in PVI from baseline
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warning zone: fall > 15%
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Figure 3: Hypothesised (not observed) trajectories of pan-
creatic volume index (PVI) before diagnosis. Cases are
expected to show slow decline followed by acceleration;
controls change little. The analysis will estimate the change
point and the slopes.

could have led to action. The association between percentage
change in PVI on that scan and CIADM will be estimated by
conditional logistic regression within matched sets. Discrim-
ination over time will be assessed with time-dependent ROC
curves [23], and pre-specified thresholds of 10%, 15% and
20% decline will be reported with sensitivity, specificity, pre-
dictive values and the median lead time from the first flagged
scan to diagnosis. Because cases are over-represented in a
case—control sample, predictive values will be recalculated
for a CIADM incidence of 1% [3]. Clinical usefulness will
be examined by decision-curve analysis [24]. A combined
model with baseline PVI, percentage change and ICI regimen
will be developed with penalised (ridge) regression and inter-
nally validated by bootstrap, reporting optimism-corrected
discrimination and calibration slope [18, 25].

Exploratory analyses. These include parenchymal attenu-
ation; the baseline threshold of 75 mL suggested by Wu and
colleagues [11]; the association of pre-index volume loss
with DKA at presentation; and subgroups by tumour type,
ICI regimen and lipase elevation.

Missing data. Patients differ in the number and timing
of scans; mixed models use all available scans without im-
putation, assuming data are missing at random. Missing
covariates will be handled by multiple imputation. A sen-
sitivity analysis will restrict to patients with at least two
on-treatment scans before the index date.

Sample size

The sample size is driven by the primary comparison of
percentage change in PVI on the last eligible scan. Published
series suggest a fall of about 20% by diagnosis in cases
[10, 9]; before diagnosis the fall will be smaller. We therefore
assumed a mean fall of 12% (SD 15) in cases and 3% (SD
10) in controls, a difference of 9 percentage points, and also
considered a more conservative difference of 6 points. With
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Tt T T T T T =" planned: 60 ~ ~
L 60%
g
£
40% :
A % 6 points
20% — A= 9 points
- A % 12 points
0% ; ; ; i : )
20 30 40 50 60 70 80

Number of cases (4 controls per case)

Figure 4: Power to detect a difference (A) in mean percentage
change of pancreatic volume index between cases and con-
trols (SD 15 in cases, 10 in controls; two-sided o = 0.05).

four controls per case and a two-sided « of 0.05, the number
of cases needed is

(21-a2 21-8)° (02 o2k)
A2 ’

@

Ncases =

where k = 4 is the number of controls per case. For A = 9,
33 cases give 90% power; for A = 6, 55 cases give 80%
power. We will therefore aim for 60 cases and 240 controls,
which gives 84% power for the conservative difference and
over 99% for the expected one (Figure 4, Table 5). With 60
cases, a combined model with three predictors has 20 events
per predictor, consistent with current guidance on minimum
sample size for prediction models [25].

At an incidence of about 0.9% [3], 60 cases require a source
population of roughly 6700 ICI-treated patients. This is why
the study is planned as a consortium of at least four to six
centres.

WPA4. From measurement to clinical action

If the early-warning rule performs well, it will be trans-
lated into a simple pathway for radiologists and oncologists
(Figure 5). A flagged scan would prompt same-week capil-
lary glucose, blood ketones, HbAlc and C-peptide, patient
education on symptoms of hyperglycaemia, and review by
an endocrinologist. This WP will draft the pathway and
the wording of a structured radiology report, to be tested
prospectively in a later study.

Timeline
The project will take 24 months (Figure 6). Image processing
can start at each centre as soon as its cases and controls are
identified.

Ethics and data governance

The study uses existing clinical records and images, so a
waiver of individual consent will be requested from each
institutional review board. Images will be de-identified at
each centre; only study identifiers and derived measurements
will be shared. The segmentation software is open source
and runs locally, so no images leave the hospital network.
The study follows the Declaration of Helsinki.

Expected Results

No data have been collected. The results will be presented
as follows: a flow diagram of patients and scans; baseline
characteristics of cases and controls (Table 6); the observed
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Table 4: Statistical analysis plan

Question

Outcome or exposure

Method

Key output

Q1. Faster decline before
diagnosis?

Q2. When does decline
accelerate?

Q3. Early-warning rule

Q3b. Combined model

Q4. Reliability

PVI over time
PVI over time
% change on last scan

> 14 days before index

Baseline PVI, % change,
regimen
Automated vs manual;

Linear mixed model,
time X group
Piecewise mixed model;
profile likelihood
Conditional logistic
regression;
time-dependent ROC;
decision curve

Ridge regression;
bootstrap validation
ICC; Dice;

Difference in slope (%/month), 95% CI

Change point (months before index),
bootstrap CI

OR per 5% fall; AUC; sensitivity,
specificity, lead time; net benefit

Optimism-corrected AUC; calibration slope

Agreement and limits of agreement

reader 1 vs 2

Bland—Altman

Table 5: Cases required (4 controls per case)

Difference A  80% power 90% power
6 points 55 73
9 points 25 33
12 points 14 19

SD 15 (cases) and 10 (controls); two-sided a = 0.05.

Routine restaging CT during ICI therapy

|

Automated pancreatic vol-
ume compared with baseline

!

Fall > threshold? (for example, > 15%)

i

Flag in radiology report; alert oncology team

|

Same-week glucose, ketones,
HbAlc, C-peptide; patient education

|

[ Endocrine review; early insulin if deficient J

monitoring

o N e N e Y e N

J
J
]< Nor routing
J
J

Figure 5: Proposed early-warning pathway to be developed
in WP4. The threshold will be chosen from the WP3 results;
the pathway itself will require prospective testing.

PVI trajectories with the estimated change point; the per-
formance of each threshold with lead time; and reliability
statistics. A positive study would show (i) a steeper fall in
PVIin cases than controls before diagnosis, (ii) a measurable
change point, and (iii) a threshold that flags a meaningful
proportion of cases at least two weeks before diagnosis while
flagging few controls.

Discussion

PANC-WATCH addresses the question left open by recent
biomarker studies: not whether the pancreas is smaller
in CIADM, which is now established [8, 9, 10, 11], but
whether its shrinkage can be seen early enough on routine
scans to change care. The approach has three practical
advantages. It uses imaging that patients already receive,
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Table 6: Result shell: characteristics of cases and controls
(to be completed)

Characteristic Cases Controls

n _ -
Age, years, mean (SD) - -
Male, n (%) - -
Tumour: melanoma / lung / other - -
Combined anti-CTLA-4, n (%) - -
Pre-existing type 2 diabetes, n (%) - -
Scans per patient, median (IQR) - -
Baseline PVI, mL/m? - -
Change in PVI on last scan, % - -
Flagged (> 15% fall), n (%) - -
Lead time, days, median (IQR) - n/a
DKA at diagnosis, n (%) - n/a

so it adds no cost, radiation or burden. It uses open-source
automated segmentation [14], which removes the need for
time-consuming manual tracing. And because the rule
depends on change within the same patient, it may be less
affected by differences in body size and scanner than a single
baseline threshold [19].

Threats to validity

Table 7 lists the main threats and how the design addresses
them. The most important is confounding by cancer cachexia
and treatment-related weight loss, which may reduce pancre-
atic volume regardless of diabetes. Matching on time since
ICI, normalising volume to body surface area, and adjust-
ing for body mass index reduce this risk, and parenchymal
attenuation will help to separate atrophy from fat loss.

Limitations

As a retrospective study, PANC-WATCH depends on the
timing of routine scans, which differs between patients and
centres. Glucose was not measured systematically in controls,
so undiagnosed mild hyperglycaemia cannot be excluded.
Predictive values from a case—control sample cannot be used
directly in practice and must be recalculated for the true
incidence. Finally, a warning rule developed here will need
external validation and a prospective study to show that
acting on a flag actually reduces DKA.
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Mi2 MI5 Mi18 M21 M24

about 1500 scans

Figure 6: Gantt chart of the four work packages over 24 months. M = month.

Table 7: Threats to validity and mitigation

Threat

Why it matters

Mitigation

Too few cases

Cancer cachexia

Unequal scan schedules
Pancreatitis during ICI
Segmentation error
Contrast phase and scanner

Reader bias
Overfitting of warning rule

CIADM is rare (about 1%)

Weight loss may shrink the pancreas

Cases may be scanned more often near

diagnosis
Swelling can mask atrophy

Pancreas borders are hard to define

Phase changes apparent volume
Knowing diagnosis may influence tracing

Few events

Multicentre consortium; power calculated for a
conservative effect

Volume indexed to BSA; BMI adjustment;
time-matched controls; attenuation analysis

Only scans > 14 days before index; risk-set sampling
on time since ICI

Lipase and pancreatitis recorded; sensitivity analysis
excluding them

Radiologist review of every mask; reliability sub-study
Phase recorded and adjusted; matching on centre
Readers blinded to status and dates; random scan order
Few pre-specified predictors; penalised regression;
bootstrap validation

Conclusion

Patients receiving immune checkpoint inhibitors already
have regular CT scans that include the pancreas. PANC-
WATCH will determine whether automated measurement of
pancreatic volume on these scans reveals checkpoint inhibitor—
associated diabetes before it presents as ketoacidosis. If it
does, a low-cost addition to routine radiology reporting could
give clinicians a window of several weeks to test, educate
and treat.
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