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Abstract

Background: Multimorbidity, the
co-occurrence of 2 or more chronic
conditions, is important in patients with
inflammatory bowel disease (IBD) given
its association with complex care plans,
poor health outcomes, and excess
mortality. Our objectives were to describe
premature death (age < 75 yr) among
people with IBD and to identify patterns
between multimorbidity and premature
death among decedents with IBD.

Methods: Using the administrative
health data of people with IBD who died
between 2010 and 2020 in Ontario,
Canada, we conducted a population-
based, retrospective cohort study. We
described the proportion of premature

deaths among people with IBD. We
developed statistical and machine
learning models to predict premature
death from the presence of 17 chronic
conditions and the patients’ age at
diagnosis. We evaluated models using
accuracy, positive predictive value,
sensitivity, F, scores, area under the
receiver operating curve (AUC), cali-
bration plots, and explainability plots.

Results: All models showed strong
performance (AUC 0.81-0.95). The best
performing was the model that
incorporated age at diagnosis for each
chronic condition developed at or before
age 60 years (AUC 0.95, 95% confidence
interval 0.94-0.96). Salient features for

predicting premature death were young
ages of diagnosis for mood disorder,
osteo- and other arthritis types, other
mental health disorders, and hyper-
tension, as well as male sex.

Interpretation: By comparing results
from multiple approaches modelling the
impact of chronic conditions on
premature death among people with
IBD, we showed that conditions
developed early in life (age < 60 yr) and
their age of onset were important for
predicting their health trajectory.
Clinically, our findings emphasize the
need for models of care that ensure
people with IBD have access to high-
quality, multidisciplinary health care.

Inflammatory bowel disease (IBD) is a group of chronic inflam-
matory disorders that primarily affect the gastrointestinal tract,
including Crohn disease and ulcerative colitis. Canada has
among the highest incidence and prevalence of IBD in the world.
About 470000 (equivalent to 1 in 91) people in Canada are fore-
casted to be living with IBD by 2035.2 People with IBD have a
higher mortality rate (17 v. 12 per 1000 person-years), with rate
differences greatest in mid-life (ages 20-59 years, depending on
IBD subtype),® and shorter life expectancy (differences of up to
8 years among females and 6 years among males) than people
without IBD.* Premature death (< 75 yr)>7 is a robust marker of
population health and health system performance, as many pre-
mature deaths are considered avoidable through appropriate

prevention or early and effective treatment.5'! Understanding
the predictors of premature death can guide improvement of
health systems.>®

Multimorbidity, the co-occurrence of 2 or more chronic condi-
tions,™ is an emerging concept of study in IBD.** People with IBD
are more likely to develop chronic health conditions than those
without IBD.*!> Multimorbidity can alter the natural history of
IBD.* In the general population, multimorbidity is associated
with complex care plans,’” poor health outcomes,!® and excess
deaths.’ Although multidisciplinary care is an established IBD
care goal, structural barriers inhibit the implementation of multi-
disciplinary care in practice, including the funding and organiza-
tion of clinical care.?-22 Understanding whether (and which)
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comorbidities predict premature death among people with IBD
can ascertain priorities for improving the multidisciplinary man-
agement of IBD.

Machine learning models have been used to predict pre-
mature death in the general population.?-? Although such pre-
dictive models cannot determine causal relationships,??" they
have identified data-driven patterns to inform further causal
research. Our objectives were thus to describe the proportion of
premature deaths among people with IBD in Ontario and to iden-
tify patterns between non-IBD chronic conditions and premature
death among decedents with IBD.

Methods

Study design and data sources

We conducted a predictive, population-based, retrospective
cohort study using Ontario administrative health data. In
Ontario, all residents are eligible for publicly funded health
coverage from the Ontario Health Insurance Plan (OHIP), so
health administrative data include more than 99% of the Ontario
population (around 14.5 million people). However, the health
system covers medications only for those aged 65 years or older
and those on social assistance. We used data housed at ICES, a
prescribed entity under section 45 of Ontario’s Personal Health
Information Protection Act, allowing it to collect and analyze
health care and demographic data, without consent, for health
system evaluation and improvement.

Study population

Eligible participants were residents of Ontario who had received
a diagnosis of IBD and died between Jan. 1, 2010, and Jan. 31,
2020. Decedents with missing ages or dates of death were
excluded. We further excluded people with invalid health cards
or those who were non-Ontario residents at their date of death.
To identify those with IBD, we used the Ontario Crohn’s and Col-
itis Cohort, which identifies incident IBD cases among residents
of Ontario using validated age-specific algorithms applied to
inpatient hospitalization records, same-day surgery records,
physician billing claims, and medications data (among those
aged = 65 years only).*?° We calculated the minimum sample
size — including a 95% confidence interval, a 5% margin of error,
and 18 parameters — with pmsampsize R package (version
1.1.3)* using the approach by Riley and colleagues (Appendix 1,
Supplemental Methods, available at www.cmaj.ca/lookup/
doi/10.1503/cmaj.241117/tab-related-content).®!

Chronic conditions

Using validated algorithms for health administrative data, we
identified people with a history of certain chronic conditions,
including asthma,* congestive heart failure,® chronic obstruct-
ive pulmonary disease,** diabetes,* rheumatoid arthritis,3®
hypertension,®” and dementia.*®3® Cancer was identified from the
Ontario Cancer Registry.* For chronic conditions without valid-
ated algorithms, we required a relevant diagnostic code present
on any hospital discharge or on 2 physician visits within a 2-year
period; these included acute myocardial infarction, osteoporosis,

cardiac arrhythmia, chronic coronary syndrome, stroke, renal
failure, osteo- and other arthritis types (nonrheumatoid), mood
disorders, and other mental health disorders (Appendix 1, Sup-
plementary Table S1).4-4

Sociodemographic characteristics

We identified age of death and sex from the Registered Persons
Database. We identified material resources and rurality of all
decedents based on their postal code on their date of death.
Material resources is a dimension of the Ontario Marginalization
Index that is closely connected to poverty and refers to the ability
for individuals and communities to attain basic material needs
(i.e., housing, food, clothing, and education). Material resources is
measured at the level of the dissemination area (the smallest
standard census geographic area) and categorized into quintiles.*
Rurality was defined using the Rurality Index for Ontario scores,
with scores of 40 or higher indicating rural locations.*’

Outcome

The primary outcome of interest was premature death, defined as
any death before 75 years of age. The age of 75 years is commonly
employed in Canada as a standard benchmark for premature
deaths®7 and used widely in the literature.5® In Ontario, 37% of all
deaths between 2018 and 2022 occurred prematurely.*

Statistical and machine learning analyses

We descriptively summarized sociodemographic and clinical
characteristics of the cohort. We used supervised machine learn-
ing approaches across 3 predictive tasks (Figure 1). Model fea-
tures (chronic conditions) were determined using a priori clinical
knowledge and preprocessed differently across each task. Task 1
predicted premature death from conditions present (yes or no)
at death to capture entire health trajectories. Task 2 predicted
premature death from conditions developed by age 60 years
(early-life conditions). Task 3 predicted premature death from
normalized age of diagnosis of early-life conditions. We chose
the threshold of 60 years for early-life conditions because most
people with IBD are diagnosed by age 60 years,* this age is when
increases in multimorbidity across age cohorts move from grad-
ual to substantial and graded,* and this threshold provides clin-
ical lead time for premature death prevention. Choosing these
tasks allowed us to explore different aspects of the relationship
between non-IBD chronic conditions and premature death.

Model development and evaluation

We randomly split the data into training and testing cohorts
(80:20), with the same cohorts used across tasks. For each task,
we developed logistic regression,* random forest,* and Extreme
Gradient Boosting (XGBoost)*? models to determine which model
best characterized the relationship between non-IBD chronic con-
ditions and premature death. For task 3, we trained only an
XGBoost model (XGB3) as it alone could handle missing values.
The logistic regression and random forest models were developed
using scikit-learn version 1.3.0.%* The XGBoost model was
developed using the XGBoost package version 1.7.6.2 The hyper-
parameters of all models (Appendix 1, Supplemental Table S3)
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Figure 1: Overview of prediction pipeline and models used across prediction tasks. We specified 3 modelling tasks for predicting premature death
among people with inflammatory bowel disease (IBD). We then used 3 types of models, namely logistic regression, random forest, and Extreme Gradi-
ent Boosting (XGBoost); XGBoost was the only model used for task 3 as it enabled direct modelling of missing data (those without conditions would
have missing data). See Related Content for accessible version. Note: CCS = chronic coronary syndrome, CHF = congestive heart failure, COPD = chronic
obstructive pulmonary disease, ED = emergency department, HTN = hypertension, Ml = myocardial infarction, RA = rheumatoid arthritis.
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were optimized on accuracy using 5-fold cross-validation and
GridSearchCV.> For logistic regression, we used a classification
threshold of 0.5.

We evaluated model performance by assessing the confusion
matrix, accuracy (percentage of correct predictions), positive pre-
dictive value (PPV), sensitivity (recall), F, scores (balance of preci-
sion and recall), area under the receiver operating curves (AUC),
and calibration plots. As the goal was to determine whether and
which chronic conditions were predictive of premature death,
AUC and precision were the most clinically important metrics. We
derived confidence intervals from bootstrapping, with 1000 ran-
dom resamples of the testing data. In the best performing model,
we evaluated model performance stratified by sex and IBD sub-
type (Crohn disease, ulcerative colitis, and unspecified) and con-
ducted a manual analysis of predictive errors (decedents mis-
classified with a probability threshold of 0.5).

We assessed feature importance using coefficients (for
logistic regression) and the Gini importance (for random forest
and XGBoost).**>> For the XGBoost models, we employed Shapley
Additive Explanations analysis to interpret the contribution of
feature values to the prediction.>® All analyses (except sample
size calculation) were performed using SAS version 8.3 and
Python version 3.7. Appendix 1, Supplemental Methods, provides
further details on model development and evaluation.

Sensitivity analyses

For the best performing model, we modified the outcome vari-
able by using age of death instead of premature death and
employed XGBoost regression predictive modelling. The object-
ive was to determine the specificity of our findings to the defin-
ition of premature death. Second, we included all conditions
diagnosed up to age 75 years and repeated both the classifica-
tion (premature death) and regression (age of death) predictive
modelling. The objective was to determine the specificity of our
findings to the definition of early onset conditions.

Study reporting

For study reporting, we used the Reporting of Studies Conducted
using Observational Routinely Collected Health Data (RECORD)
reporting guidelines,”” the 2024 Transparent Reporting of Multi-
variable Prediction Model for Individual Prognosis or Diagnosis
plus Artificial Intelligence (TRIPOD+AI) checklist,’® and the
APPRAISE-Al framework.*

Ethics approval

Data use was authorized under section 45 of Ontario’s Personal
Health Information Protection Act and did not require review by
institutional research ethics boards. All data were deidentified
before access. Data are available in uncleaned, unedited format
to ICES researchers and data analysts.

Results
Cohort characteristics

The cohort included 9278 decedents (49.3% female) with IBD
(Table 1 and Appendix 1, Supplementary Figure S1). Of these,

47.2% were premature deaths (44% for females and 50% for
males; Appendix 1, Supplemental Table S4). Conditions most
prevalent at age 60 years were osteo- and other arthritis types
(39.0%), mood disorders (38.3%), and hypertension (29.5%). At
death, conditions with the highest prevalence were osteo- and
other arthritis types (76.8%), hypertension (72.8%), mood dis-
orders (69.0%), renal failure (49.6%), and cancer (46.1%).

Prediction of premature death

All 7 models demonstrated strong performance and calibration
on testing data (n = 1856) (Table 2). Model performance
improved when features included only conditions diagnosed
before age 60 years (Task 2 and 3), and further improved when
age of diagnosis was included (Task 3).

The strongest feature for predicting premature death var-
ied across and within tasks, demonstrating that although
models had similar performance metrics, they may have
drawn on different relationships within the data (Figure 2 and
Appendix 1, Supplemental Figure S3). For task 1, the absence
of chronic conditions, particularly those commonly developed
later in life (e.g., dementia, chronic coronary syndrome, con-
gestive heart failure), was leveraged by our model to predict
premature death. However, models in task 2 and 3 captured a
relationship between the presence of non-IBD chronic condi-
tions and premature death. For task 3, important features
were young age at diagnosis for mood disorders, osteo- and
other arthritis types, mental health disorders, and hyperten-
sion, as well as male sex (Figure 2).

The best performing model in task 3 had few prediction
errors (11%), most of which were for patients with conditions
diagnosed close to age 60 years (Appendix 1, Supplemental
Figure S5). The false positive predictions commonly involved
osteo- and other arthritis types (58%), hypertension (56%), and
mood disorders (53%); false negative errors largely occurred
among those with few comorbidities (Appendix 1, Sup-
plemental Table S5). Similar performance was observed across
sexes (Table 2 and Appendix 1, Supplemental Figure S4) and
IBD subtypes (Appendix 1, Supplemental Table S8), with slight
improvements among those with Crohn disease or unspecified
IBD, potentially owing to the increased prevalence of pre-
mature deaths among people with those subtypes (Table 3), as
indicated by the difference in model performance for the pre-
diction of premature and nonpremature deaths (Appendix 1,
Supplemental Table S8).

Sensitivity analyses

In the first sensitivity analysis predicting age of death, we
observed strong performance and similar feature importance as
the main analyses, with subtle differences in the relative order
of features (Appendix 1, Supplemental Table S9 and Supple-
mental Figure S6). In the second sensitivity analysis predicting
from chronic conditions developed by age 75 years, we also
observed similar performance and feature importance. How-
ever, unlike the original analysis, these models identified condi-
tions developed near 75 years as protective of premature death
(Figure 2C).
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Table 1 (part 1 of 2): Characteristics of decedents with inflammatory bowel disease (IBD) at time of death

No. (%) of decedents*

All decedents with IBD Training set Testing set
Characteristic n=9278 n=7422 n=1856
Age of death, yr, median (IQR) 76 (64-85) 76 (64-85) 75 (64-85)
Premature death
Yes 4380 (47.2) 3478 (46.9) 902 (48.6)
No 4898 (52.8) 3944 (53.1) 954 (51.4)
Sex
Female 4577 (49.3) 3679 (49.6) 898 (48.4)
Male 4701 (50.7) 3743 (50.4) 958 (51.6)
IBD subtype
Crohn disease 4109 (44.3) 3325 (44.8) 784 (42.2)
Ulcerative colitis 4769 (51.4) 3789 (51.1) 980 (52.8)
Unspecified IBD 400 (4.3) 308 (4.1) 92 (4.9)
Rurality Index for Ontario score
Rural (= 40) 944 (10.2) 759 (10.2) 185 (10.0)
Urban (< 40) 8234 (88.7) 6580 (88.7) 1654 (89.1)
Missing 100 (1.1) 83 (1.1) 17 (0.9)
Area-level material resources
Q1 (most resources) 1710 (18.4) 1347 (18.1) 363 (19.6)
Q2 1713 (18.5) 1360 (18.3) 353 (19.0)
Q3 1835 (19.8) 1483 (20.0) 352 (19.0)
Q4 1871 (20.2) 1521 (20.5) 350 (19.0)
Q5 (least resources) 2069 (22.3) 1648 (22.2) 421 (22.7)
Missing 80 (0.9) 63 (0.8) 17 (1.0)
Chronic conditions diagnosed by death
Hypertension 6755 (72.8) 5438 (73.2) 1317 (71.0)
Cancer 4274 (46.1) 3406 (45.9) 868 (46.8)
Renal failure 4606 (49.6) 3685 (49.6) 921 (49.6)
Chronic coronary syndrome 4194 (45.2) 3368 (45.4) 826 (44.5)
Cardiac arrhythmia 3065 (33.0) 2474 (33.3) 591 (31.8)
Congestive heart failure 3042 (32.8) 2445 (32.9) 597 (32.2)
Myocardial infarction 2949 (31.8) 2370 (31.9) 579 (31.2)
Diabetes 3233 (34.8) 2607 (35.1) 626 (33.7)
Stroke 3309 (35.7) 2653 (35.7) 656 (35.3)
COPD 4011 (43.2) 3208 (43.2) 803 (43.3)
Asthma 1982 (21.4) 1563 (21.1) 419 (22.6)
Dementia 2109 (22.7) 1667 (22.5) 442 (23.8)
Mood disorder 6402 (69.0) 5128 (69.1) 1274 (68.6)
Other mental health disorder 4485 (48.3) 3625 (48.4) 860 (46.3)
Rheumatoid arthritis 530 (5.7) 410 (5.5) 120 (6.5)
Osteo- and other arthritis types 7122 (76.8) 5713 (77.0) 1409 (75.9)
Osteoporosis 1965 (21.2) 1572 (21.2) 393 (21.2)
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Table 1 (part 2 of 2): Characteristics of decedents with inflammatory bowel disease (IBD) at time of death

No. (%) of decedents*

All decedents with IBD Training set Testing set
Characteristic n=9278 n=7422 n=1856
Chronic conditions diagnosed by age 60 years
Hypertension 2739 (29.5) 2211 (29.8) 528 (28.4)
Cancer 1376 (14.8) 1072 (14.4) 304 (16.4)
Renal failure 1247 (13.4) 985 (13.3) 262 (14.1)
Chronic coronary syndrome 1202 (13.0) 968 (13.0) 234 (12.6)
Cardiac arrhythmia 615 (6.6) 482 (6.5) 133(7.2)
Congestive heart failure 420 (4.5) 323 (4.4) 97 (5.2)
Myocardial infarction 715 (7.7) 568 (7.7) 147 (7.9)
Diabetes 1245 (13.4) 1008 (13.6) 237 (12.8)
Stroke 739 (8.0) 601 (8.1) 138 (7.4)
COPD 1399 (15.1) 1108 (14.9) 291 (15.7)
Asthma 1030 (11.1) 804 (10.8) 226 (12.2)
Dementia 79 (0.9) 62 (0.8) 17(0.9)
Mood disorder 3558 (38.3) 2835 (38.2) 723 (39.0)
Other mental health disorder 2097 (22.6) 1676 (22.6) 421 (22.7)
Rheumatoid arthritis 208 (2.2) 161 (2.2) 47 (2.5)
Osteo- and other arthritis types 3618 (39.0) 2885 (38.9) 733 (39.5)
Osteoporosis 627 (6.8) 499 (6.7) 128 (6.9)
No. of chronic conditions at death
0-1 198 (2.1) 166 (2.2) 32(1.7)
2-4 1860 (20.0) 1460 (19.7) 400 (21.6)
51 3320 (35.8) 2671 (36.0) 649 (35.0)
>8 3900 (42.0) 3125 (42.1) 775 (41.8)

Note: COPD = chronic obstructive pulmonary disease, IQR = interquartile range.
*Unless indicated otherwise.
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Interpretation

Among Ontario residents with IBD who died between 2010 and
2020, almost half died prematurely. Non-IBD comorbidities
showed a strong predictive relationship with premature death
(AUC 0.81-0.95). Important features for predicting premature
death were younger ages of diagnosis for mood disorders, osteo-
and other arthritis types, mental health disorders, and hyper-
tension, as well as male sex. Strengths of this study include its
large sample size, population-based nature, and exploration of
the relationship between non-IBD chronic conditions and pre-
mature death. Our findings emphasize the importance of further
causal work on multimorbidity in IBD and integrated, multi-
disciplinary care of those with IBD across the lifespan.

We built on previous research by modelling the ability of indi-
viduals’ non-IBD chronic conditions to predict premature death
with machine learning and using premature death as our out-
come. Using comorbidity scores (i.e., Charlson Comorbidity
Index and Adjusted Clinical Groups) can mask interrelationships
between conditions and impedes understanding the specific

conditions associated with the outcome.®®-¢? Indeed, although
having 3 or more conditions was associated with an increased risk
of death, there are discordant effects depending on the specific
combinations of conditions.®* Machine learning models can better
reflect complex relationships between features without a priori
specification. As such, machine learning models predicting death
in other clinical areas have demonstrated higher discrimination
than traditional classification and regression models. For exam-
ple, machine learning performed better than traditional regres-
sion models for predicting in-hospital death after elective cardiac
surgery® and premature death in the general population.®>% The
use of premature death as the outcome more directly identifies
opportunities for health system improvements, as premature
deaths are considered avoidable through appropriate prevention
or early and effective treatment.5%1°

Early-life conditions important for predicting premature
death among those with IBD align with previous literature. In
the general population, premature mortality rates are higher
among males.® Mental health and mood disorders have been
associated with premature death owing to health behaviours
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Table 2: Model performance for predicting premature death from chronic conditions among individuals (n = 1856) with

inflammatory bowel disease

Task*

Task 1

Logistic regression (accuracy: 0.75, 95% Cl
0.73-0.77; AUC: 0.82, 95% CI 0.81-0.84)

Random forest (accuracy: 0.74, 95% Cl
0.72-0.76; AUC: 0.82, 95% Cl 0.80-0.84)

XGBoost (accuracy: 0.75, 95% Cl 0.72-0.77;
AUC: 0.82,95% CI 0.81-0.84)

Task 2

Logistic regression (accuracy: 0.82, 95% Cl
0.81-0.84; AUC: 0.91, 95% C1 0.90-0.92)

Random forest (accuracy: 0.82, 95% Cl
0.81-0.84; AUC: 0.91, 95% CI 0.90-0.93)

XGBoost (accuracy: 0.82, 95% Cl 0.81-0.84;
AUC: 0.91, 95% CI 0.90-0.93)

Task 3

XGBoost (accuracy: 0.89, 95% Cl 0.88-0.91;
AUC: 0.95, 95% Cl 0.94-0.96)

XGBoost, males (accuracy: 0.88, 95% Cl
0.86-0.90; AUC: 0.94, 95% Cl 0.92-0.95)

XGBoost, females (accuracy: 0.91, 95% Cl
0.89-0.93; AUC: 0.96, 95% CI 0.95 - 0.97)

Prediction class
evaluatedt

Nonpremature death
Premature death
Weighted average
Nonpremature death
Premature death
Weighted average
Nonpremature death
Premature death

Weighted average

Nonpremature death
Premature death
Weighted average
Nonpremature death
Premature death
Weighted average
Nonpremature death
Premature death

Weighted average

Nonpremature death
Premature death
Weighted average
Nonpremature death
Premature death
Weighted average
Nonpremature death
Premature death

Weighted average

Positive predictive
valuet

0.75 (0.72-0.78
0.75 (0.72-0.78
0.75 (0.73-0.77
0.72 (0.70-0.75
0.77 (0.74-0.80)
0.75 (0.72-0.76)
0.74 (0.71-0.77)
0.76 (0.73-0.79)
0.75 (0.73-0.77)

)
)
)
)

0.81 (0.78-0.83)
0.85 (0.83-0.87)
0.83 (0.81-0.84)
0.82 (0.80-0.84)
0.83 (0.80-0.85)
0.82 (0.81-0.84)
0.82 (0.80-0.84)
0.83 (0.81-0.86)
0.83 (0.81-0.84)

0.87 (0.85-0.89)
0.93 (0.91-0.94)
0.89 (0.88-0.91)
0.85 (0.82-0.88)
0.91 (0.89-0.94)
0.88 (0.86-0.90)
0.89 (0.86-0.92)
0.94 (0.91-0.96)
0.91 (0.89-0.93)

Note: AUC = area under the curve, Cl = confidence interval, XGBoost = Extreme Gradient Boosting.

Model performance (95% Cl)

Sensitivity§

0.77 (0.75-0.80)
0.73 (0.70-0.75)
0.75 (0.73-0.77)
0.81 (0.78-0.83)
0.67 (0.64-0.70)
0.74 (0.73-0.77)
0.79 (0.76-0.82)
0.71 (0.67-0.74)
0.75 (0.73-0.77)

0.87 (0.85-0.89)
0.78 (0.75-0.80)
0.83 (0.81-0.84)
0.84 (0.82-0.86)
0.80 (0.78-0.83)
0.82 (0.81-0.84)
0.85 (0.82-0.87)
0.80 (0.78-0.83)
0.83 (0.81-0.84)

0.94 (0.92-0.95)
0.85 (0.83-0.87)
0.89 (0.88-0.91)
0.92 (0.89-0.94)
0.84 (0.81-0.87)
0.88 (0.86-0.90)
0.95 (0.93-0.97)
0.87 (0.84-0.90)
0.91 (0.89-0.93)

F, scoreq|

0.76 (0.74-0.78)
0.74 (0.72-0.76)
0.75 (0.73-0.77)
0.76 (0.74-0.78)
0.72 (0.69-0.74)
0.74 (0.72-0.76)
0.76 (0.74-0.78)
0.73 (0.71-0.76)
0.75 (0.73-0.77)

0.84 (0.82-0.85)
0.81 (0.79-0.83)
0.82 (0.81-0.84)
0.83 (0.81-0.85)
0.82 (0.80-0.83)
0.82 (0.81-0.84)
0.83 (0.81-0.85)
0.82 (0.80-0.84)
0.82 (0.81-0.84)

0.90 (0.89-0.92)
0.89 (0.87-0.90)
0.89 (0.88-0.91)
0.88 (0.86-0.94)
0.87 (0.85-0.90)
0.88 (0.86-0.90)
0.92 (0.91-0.97)
0.90 (0.88-0.92)
0.91 (0.89-0.93)

*Accuracy refers to pooled premature and nonpremature prediction. AUC refers to premature death.

TWe report metrics for each class (premature and nonpremature death) and as a weighted average across classes.

1 Positive predictive value (also known as precision in the machine learning literature) refers to the proportion of true positive predictions out of all positive predictions.
§Sensitivity (also known as recall in the machine learning literature) is the proportion of true positive predictions from all actual positive samples in the data set.

4 The F, score considers both positive predictive value (precision) and sensitivity (recall).

and psychosocial and medication-related factors.-"* Hyper-
tension, particularly when diagnosed young, has also been
associated with all-cause death.”>™ Osteoarthritis has been
associated with increased risk of death, particularly among those
younger than 65 years,” although this relationship is unclear.” In
the context of IBD, the co-occurrence of these conditions with IBD
can be related to pathophysiology or the psychosocial implica-
tions of living with IBD. For example, mood disorders are more

common among people with IBD,” perhaps because of chronic
pain, chronic fatigue, systemically circulating cytokines (e.g.,
tumour necrosis factor a), medications (e.g., corticosteroids),” or
psychosocial reasons (e.g., social isolation).” Importantly, other
conditions have well-known associations with IBD (e.g., cardio-
vascular disease,® renal failure,® osteoporosis®?®) but were less
important in our final model.®* This may have occurred because
these conditions commonly occur after age 60 years. However,
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Figure 2: Feature importance for predicting premature death from (A) presence or absence of all chronic conditions (Extreme Gradient Boosting 1 [XGB1]
model), (B) presence or absence of chronic conditions developed at or before age 60 years (XGB2 model), and (C) age of chronic conditions developed at
or before age 60 years (XGB3 model), as denoted by the Shapley Additive Explanations (SHAP) analysis. Each dot represents a single patient in the data
set. The X axis shows SHAP values, which quantify the impact of each predictor variable’s value on the model’s output. Positive SHAP values indicate a
higher likelihood of premature death, while negative values indicate a lower likelihood. Colours represent the variable values for each condition across
each patient in the data set. In subplots A and B, red values indicate the condition was present, while blue values indicate that the condition was absent. In
subplot C, red corresponds to an older age of condition diagnosis (up to age 60 yr) and blue corresponds to younger age. In all panels, sex is distinguished
such that red indicates males and blue indicates females. Grey values represent patients with missing values (e.g., no diagnosis of condition). The correla-
tion between blue dots and positive SHAP values indicates that younger ages of diagnosis were primarily used by the model to predict premature death.
The vertical dispersion of points for each feature reflects variability in its impact across patients. This visualization helps identify key predictors and their
relative influence on model decisions. See Related Content for accessible version. Note: COPD: chronic obstructive pulmonary disease.
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Table 3: Number of deaths among those with inflammatory

bowel disease (IBD) by sex, age group, sex-stratified age
group, and IBD subtype

No. (%) of deaths

Premature Nonpremature
deaths deaths
Group n=4380 n=4898
Sex
Male 2371 (54.1) 2330 (47.6)
Female 2009 (45.9) 2568 (56.1)
Age group (both sexes), yr
<34 178 (4.1) =
35-49 540 (12.3) -
50-74 3662 (63.6) =
75-94 = 4605 (94.0)
=95 - 293 (6.0)
Age group (males), yr
<34 110 (2.5) =
35-49 286 (6.1) -
50-74 1975 (42.0) -
75-94 = 2245 (45.8)
=95 - 85 (54.2)
Age group (females), yr
<34 68 (1.5) =
35-49 254 (6.5) -
50-74 1687 (38.5) =
75-94 = 2360 (48.2)
=95 - 208 (51.8)
IBD subtype
Crohn disease 2319 (52.9) 1790 (36.5)
Ulcerative colitis 1887 (43.1) 2882 (58.8)
Unspecified IBD 174 (4.0) 226 (4.6)

our second sensitivity analysis (including conditions diagnosed up
to age 75 years) demonstrated similar features.

The uniqueness of our findings is twofold. We predicted pre-
mature death among decedents with IBD without including
details of IBD diagnosis or management in the model, and we
used models trained on early-life chronic conditions, which
improved performance relative to including conditions developed
at any age. The clinical implication is that chronic conditions
developed early in life may be more important in determining a
patient’s health trajectory, although further causal research is
needed to elucidate this relationship. Although our insights are
not causal insights, they identify patients potentially at higher risk
of premature death. Our model helps dissect and capture patient
heterogeneity, identifying areas where more targeted follow-up is
needed to better understand their clinical importance and rela-
tion to IBD severity. Literature on multidisciplinary care in IBD
focuses on increasing availability of IBD nurses, dietitians, and

mental health professionals, with the occasional mention of
rheumatologists or dermatologists who are specifically involved
in treating IBD extraintestinal manifestations. Our work points to
a need to expand availability to other medical specialties and to
enhance care coordination among specialties. Surveillance, early
intervention, and preventive care efforts led by multidisciplinary
teams that include diverse medical specialties will be key in
ensuring patients receive appropriate care for their co-occurring
health conditions. Our results can be used to inform strategies for
multidisciplinary and personalized approaches to care; however,
these strategies should be evaluated to determine their effective-
ness prior to widespread implementation.

Limitations

We used health administrative data to identify chronic conditions
and premature death; all studies using health administrative data are
at risk of misclassification bias and people who seek care may be sys-
tematically different from those who do not.>” We minimized these
biases by conducting our study in a single-payer health care system
and using validated disease identification algorithms. The lookback
period for incident cases extended only to the 1990s; conditions diag-
nosed earlier may not have been captured if no additional care was
received after 1990. However, most conditions included require
ongoing health care and would be captured. Feature importance for
prediction of premature death does not signify clinical importance.
We fit a prediction model for premature death; however, to say
chronic conditions developed early in life cause premature death,
alternative analytic approaches, such as target trial emulations, are
needed. From our study, it was not possible to conclude whether
conditions predictive of premature death indicate severe IBD or func-
tion independently. Lastly, the models developed were not intended
for use as population risk prediction tools because the cohort
includes only deceased individuals; rather, our findings provide
insights on the relationship between multimorbidity and premature
death. Given our strong model performance, future work could
extend and validate these results by applying similar prediction
methods to living individuals, developing time-to-death prediction
models, and including data on IBD treatment regimes.

Conclusion

We demonstrated that, among decedents with IBD, machine
learning models can accurately predict premature death associ-
ated with non-IBD comorbidities, with stronger performance for
models trained on early-life conditions (age < 60 yr), suggesting
these may be more important in determining one’s health trajec-
tory. These findings provide scientific support for providing multi-
disciplinary and integrated health care across the lifespan (par-
ticularly during young and middle adulthood). Further research is
needed to provide more nuanced understanding on how multi-
morbidity can cause premature death among people with IBD to
inform effective preventive care at population scale.
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