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Background. Liver transplantation is essential for many people with primary sclerosing cholangitis (PSC). People with
PSC are less likely to receive a deceased donor liver transplant compared with other causes of chronic liver disease. This dis-
parity may stem from the inaccuracy of the model for end-stage liver disease (MELD) in predicting waitlist mortality or dropout
for PSC. The broad applicability of MELD across many causes comes at the expense of accuracy in prediction for certain
causes that involve unique comorbidities. We aimed to develop a model that could more accurately predict dynamic changes
in waitlist outcomes among patients with PSC while including complex clinical variables. Methods. We developed 3
machine learning architectures using data from 4666 patients with PSC in the Scientific Registry of Transplant Recipients
(SRTR) and tested our models on our institutional data set of 144 patients at the University Health Network (UHN). We evalu-
ated their time-dependent concordance index (C-index) for mortality prediction and compared it against MELD-sodium and
MELD 3.0. Results. Random survival forest (RSF), a decision tree—based survival model, outperformed MELD-sodium
and MELD 3.0 in both the SRTR and the UHN test data set using the same bloodwork variables and readily available demo-
graphic data. It achieved a C-index of 0.868 (SD 0.020) and 0.771 (SD 0.085) on the SRTR and UHN test data, respectively.
Training a separate RSF model using the UHN data with PSC-specific achieved a C-index of 0.91. In addition to high MELD
score, increased white blood cells, time on the waiting list, platelet count, presence of Autoimmune hepatitis-PSC overlap,
aspartate aminotransferase, female sex, age, history of stricture dilation, and extremes of body weight were the top-ranked
features predictive of the outcomes. Conclusions. Our RSF model offers more accurate waitlist outcome prediction
in PSC. The significant performance improvement with the inclusion of PSC-specific variables highlights the importance of
disease-specific variables for predicting trajectories of clinically distinct presentations.

(Transplantation Direct 2025;11: e1774; doi: 10.1097/TXD.0000000000001774.)

rimary sclerosing cholangitis (PSC) is a chronic and
progressive cholestatic liver disease with a median time
from diagnosis to death or liver transplantation (LT) of 20 y.1.2
There are no approved pharmacological treatments that show
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consistent evidence of efficacy, and LT is an essential treat-
ment for many.13 Organ allocation in the United States and
Canada relies on the model for end-stage liver disease-sodium
(MELD-Na) or MELD 3.045 scores to predict mortality. The
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MELD score is generalizable to many causes of liver diseases;
however, it is not a disease-specific risk prediction model.
Bilirubin is underweighted and mortality of cholestatic diseases
such as PSC is not well captured.¢® Therefore, despite having
excellent posttransplant overall survival and graft survival 11
people with PSC are currently disadvantaged by the MELD-Na
allocation system. They wait longer on the deceased donor LT
(DDLT) waitlist and disproportionately rely on living donor LT
(LDLT) when compared with other populations.” Recent pub-
lications confirm that people with PSC have a higher risk of
mortality on the DDLT waitlist when LDLT is not available.12.13

Machine learning (ML) models, unlike traditional statisti-
cal regression models, do not assume fixed shapes to hazard
functions and can consider changing hazard dynamics to
make more accurate predictions. Recent publications dem-
onstrated applications of ML risk prediction in the field of
LT.1416 We hypothesize that ML models can more accurately
predict waitlist outcomes in PSC than the MELD score and
that the integration of PSC-specific complications as variables
is important to enhance model performance.

MATERIALS AND METHODS

Setting and Study Design

The University Health Network (UHN) in Toronto is the
largest LT center in Canada, with >300 people listed for LT
annually. The Scientific Registry of Transplant Recipients
(SRTR) and its 11 Organ Procurement and Transplantation
Network (OPTN/United Network for Organ Sharing) is a US
registry with 200000 waitlisted LT candidates. This study ret-
rospectively retrieved data from consecutive adult patients with
PSC listed for LT from November 2012 to June 30,2021, at the
UHN and from February 27,2002, to December 31,2020, from
the SRTR. The study was ethically approved by the Research
Ethics Board of UHN (approval No. REB 21-6104). The study
start period corresponded to the adoption of the MELD-based
allocation system for the UHN and the OPTN regions. We
reported our ML protocol in accordance with the MINIMAR
reporting standards!” for artificial intelligence in healthcare as
recommended by the equator network (Enhancing the QUAlity
and Transparency Of health Research).

Participants

Patients who required multiorgan transplants or retrans-
plantation were excluded. Those listed with HIV, concomi-
tant hepatocellular carcinoma (HCC), and other chronic liver
diseases were excluded, given that PSC was not the only con-
tributor to their transplant listing. Those listed with exception
MELD scores or status 1 were also excluded, given that their
calculated MELD score was not used for organ allocation.

Variables and Outcomes Measured

Variables from the UHN database were collected using the
electronic transplant database (Organ Transplant Tracking
Record: Transplant Care Platform 6, Organ Transplant
Tracking Record Chronic Care Solutions, Omaha, NE).
From both the SRTR and the UHN, demographic and clini-
cal variables were collected, namely age, biological sex, race,
ABO blood group, body mass index, and presence of ascites.
Laboratory variables collected are creatinine, bilirubin, inter-
national normalized ratio (INR), sodium, and albumin, which
also corresponds to all the variables used in MELD-Na and
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MELD 3.0. PSC-specific complications were available in the
UHN database. These include episodes of cholangitis, con-
comitant cirrhosis, pruritus, ascites, stricture dilation, biliary
dysplasia, biliary stent, concomitant autoimmune disease
including inflammatory bowel disease, colorectal dysplasia on
colonoscopy, cholecystectomy, and colectomy. The UHN data
set also included expansive laboratory variables such as white
blood count, platelet count, serum sodium, creatinine, INR,
bilirubin, albumin, aspartate aminotransferase (AST), and
alanine aminotransferase.
Waitlist outcomes were defined as follows:

1. Death on the waitlist, which includes patients removed
from the waitlist due to being too sick to transplant.

2. Received a LT.

3. Removed from the waitlist due to improvement in their
condition or opting out of transplantation.

Statistical Analysis

Comparisons between 2 groups were made by independ-
ent 2-sample ¢ test or Wilcoxon tests for continuous variables
and the Fisher exact test or the chi-square test for categorical
variables.

ML Model Architecture

The Cox proportional hazard (CPH) model was used as a
baseline model for time-to-event survival analysis. The random
survival forest (RSF) model is an ensemble tree architecture
adjusted for right-censored survival data.!s It randomly sam-
ples observations that are independent of each other. RSF is
nonparametric in nature and does not assume hazard function
shape, giving it an advantage in predicting changing survival
dynamics. The RSF model makes no assumption of linearity
or additivity between variables, allowing it to capture complex
interactions between variables. It also readily accommodates
censored data, as each decision tree’s optimal splitting criteria
consider censoring. DeepSurv is a neural network-based archi-
tecture adapted for survival analysis.!? Like RSF, it also makes
no assumption on hazard function. Nodes in this neural net-
work architecture receive input, assign a sum of weights, and
output an activation function. DeepSurv architecture and layers
of nodes can be adjusted for specific data sets and thus perform
well with high-dimensional data or large data sets.

Performance Evaluation Metric

The model’s performance was evaluated using the time-
dependent concordance index (C-index), which compares all
possible pairs of participants for any chosen time point (#).
A pair is considered concordant if the higher predicted risk
participant experienced the event at time ¢. Therefore, the
time-dependent concordance index evaluates the discrimina-
tion of model predictions at any specific time. The ML models
C-index were compared with MELD-Na and MELD 3.0.

ML Pipeline

Data Preprocessing

Data preprocessing was completed with guidance from the
domain expertise of transplant hepatologists. Only variables
that contain <20% missingness in both data sets were retained
to minimize need for data imputation. Continuous variables
were inputted with population mean and binary variables with
0.5. One hot encoding was applied to categorical variables.
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Training, Validation, and Testing

Training and validation were split 70% and 30%. This
data-splitting ratio was used throughout the analysis. Data
z-normalization to the training distribution was performed
on data splitting. Normalizing variables on a common scale
allows for more efficient training and can reduce bias intro-
duced in learning due to large differences in the scales of dif-
ferent variables.

Cross-validation and Hyperparameter Tuning

Cross-validation helps to ensure the model’s integrity as it
avoids relying on a single fixed data split, which may result
in a high variance. Five-fold cross-validation was performed
during hyperparameter tuning to find the optimal hyperpa-
rameters for our models. Five-fold cross-validation divides
the data into 5 subsets, or folds, then trains and validates
the model multiple times, each time using a different subset.
Optimal hyperparameters were subsequently selected and
used for training on the training set. Performance on test set
was then done using bootstrapping.

Model Selection Process

Step 1. We compared the performance of model architectures
CPH, RSE and DeepSurv trained and validated on SRTR
against MELD-Na and MELD 3.0 The top 2 architectures
were retained for further refinement using SRTR data.

Step 2. Top 2 model architectures were trained on the 11
OPTN regions in the SRTR database and tested on each of
the OPTN regions as well as the UHN database. The best
performing model was identified.

Step 3: Best performing model trained on the top 2 OPTN
regions was then tested on the UHN data set.

We also separately trained and tested a model using the
UHN data set with the inclusion of disease-specific variables.

Model Interpretability

Shapley (SHAP) values?® were assessed to determine the
variables with the highest impact on prediction. Population-
level SHAP values express the marginal contribution of each
variable to the model prediction. For a given variable, a SHAP
value is calculated with all the possible subsets of other vari-
ables that do not contain the specific variable of interest. The
difference in model prediction with and without the variable
of interest is retained for all possible subsets, and the average
is expressed as a SHAP value. SHAP values can be ranked to
assess the most impactful variable to the model. The target
user of our models was intended to be clinicians.

Python code for this analysis is made available on
GitHub for transparency: https:/github.com/irieyj-sun/
PSC_waitlist_mortality.

This study was approved by the Research Ethics Board at
the UHN (REB study #21-6104.0.1) and was conducted in
accordance with the Declaration of Helsinki and Istanbul.

RESULTS

Participant Characteristics

Between February 27,2002, and December 31,2020, 9000
adult participants listed for PSC were identified in the SRTR.
Applying exclusion criteria, 1186 had previous LTs, 252 had
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a previous multiorgan transplant, 263 participants were listed
with other concomitant liver disease, 8 were listed with HIV,
185 were listed with HCC, and 9 had HCC prelisting. Another
1266 had received MELD exception points, and 349 were
listed under status 1. 692 participants were further removed
as they had refused transplant or were lost to follow-up. One
hundred twenty-four participants did not have an activation
date for LT, and thus we could not establish a time-to-event
listing outcome. The study flow diagram is shown in Figure S1
(SDC, http://links.lww.com/TXD/A747).

In total, 4666 participants from the SRTR and 144 partici-
pants from the UHN were retained for training and validat-
ing our ML models. The demographic data of the cohorts are
summarized in Table 1. Participants were mostly of male sex
and had a mean age at listing of 48 y. Participants listed at
UHN had a higher average MELD score of 20 compared with
18 in the SRTR.

Overall, there were 63224 follow-up visits in the SRTR
database and 4487 follow-up visits in the UHN database, with
a mean follow-up of 449 and 348 d, respectively. Up to the
time of our review of the database, December 31,2020, 19.4%
of participants on the SRTR group had died on the waitlist or
were delisted because of being too sick to transplant. In the
UHN group this was 11.8%. The mean time to event of death/
delisting was 763 and 927 d, respectively, in the SRTR and
UHN. The mean time to transplant was comparable at 284 d
in SRTR and 250 d in UHN. However, 60% of all transplanted
subjects at UHN received LDLT, as opposed to 18% in SRTR.
Notably, 8.7% of SRTR subjects and 14.6% of UHN subjects
were censored or removed from the waitlist due to their condi-
tion improving and no longer requiring a LT.

Step 1. Comparison of 3 ML Survival Analysis Models
(CPH, RSF, and DeepSurv) Trained and Tested in the
SRTR Against MELD

CPH, RSFE, and DeepSurv were compared against MELD-Na
and MELD 3.0 to assess mortality. Time-dependent C-index
can be inferred at any time frame, but specific time frames
of 30, 183, and 365 d are shown in Figure 1 for the purpose
of data visualization. CPH and RSF algorithms outperformed
MELD-Na and MELD 3.0 with higher concordance indices at
90 d, the time frame for mortality prediction the MELD score
was originally built on. CPH and RSF showed the highest
time-dependent C-index at 30, 183, and 365 d: 0.872, 0.868,
and 0.816, respectively, for CPH and 0.856,0.857, and 0.812
for RSFE. These 2 models were retained for step 2.

Step 2. Identifying the Best Performing ML Model
Between CPH and RSF by Training Them on
Individual OPTN Regions and Testing Them on Each
OPTN Region as well as the UHN Database

To differentiate performance between the top 2 performing
models in step 1, we divided the SRTR database into their
individual OPTN regions and then repeated the training and
validation process. This was done to better capture regional
variations in organ availability and patient population by
OPTN region. By comparing individual OPTN regions, we
can gain insights into how the models perform in various geo-
graphical and administrative areas. Subsequently, we evalu-
ated the performance of these OPTN-trained models on both
OPTN regions and the UHN data set to assess generaliza-
bility of the models to our specific institution. The average
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Participants characteristics SRTR and UHN

Demographic characteristics SRTR (N = 4666) UHN (N = 144) P
Sex
Male, n (%) 3155 (67.6) 93 (64.6) 0.159
Female, n (%) 1511 (32.4) 51 (35.4)
Race
Non-White, n (%) 958 (20.5) 130 (90.3) <0.001
White, n (%) 3708 (79.5) 49.7)
Age at listing, y, mean (SD) 48.1(13.9) 47 1(13.4) 0.266
Weight, kg, mean (SD) 77.3(16.9) 75.2 (17.6) <0.001
Body mass index, mean (SD) 25.6 (4.8) 25.6 (4.8) 0.016
ABO blood type, n (%)
A 1777 (38.1) 53 (36.8) 0.926
B 616 (13.2) 16 (11.1) 0.247
AB 182 (3.9) 8 (5.6) 0.545
0 2083 (44.7) 67 (46.5) 0.523
Blood work results at listing
Serum albumin, g/L, mean (SD) 30.0 (6.9) 33.1(5.1) <0.001
Serum creatinine, pmol/L, mean (SD) 107.0 (53.4) 95.4 (57.4) 0.004
Total serum bilirubin, pmol/L, mean (SD) 153.4 (160.4) 125.3 (135.5) 0.023
INR, mean (SD) 1.5(0.7) 1.4(0.4) 0.026
Serum sodium, mmol/L, mean (SD) 136.4 (3.9) 137.1 (3.3) 0.040
MELD score (SD) 17.5(12.9) 20.3(7.7) <0.001
Comorbidities
Presence of ascites
Yes 289 (6.2) 80 (55.6) <0.001
No 294 (6.3) 56 (38.9)
Unknown 4083 (87.5) 8 (5.6)

INR, international normalized ratio; MELD, model for end-stage liver disease; SRTR, Scientific Registry of Transplant Recipients; UHN, University Health Network.

time-dependent C-indices of this process are shown on 2
heatmaps, 1 for CPH and 1 for RSF (Tables S1 and S2, SDC,
http:/links.lww.com/TXD/A747).

RSF trained on OPTN regions 4 and 8 and generalized well
with other OPTN regions while also performing best on our
institution’s patient population. The average time-dependent
C-index was 0.749 and 0.717 for these regions, respectively.

Step 3. RSF Algorithm was Trained on Combined OPTN
Regions 4 and 8 and Tested on the UHN Data Set

Data from OPTN regions 4 and 8 were combined to train
a new RSF model (SRTR-RSF model) and validated on our
own institution’s data. Training RSF on the combined regions
OPTN 4 and 8 yielded a C-index of 0.785, 0.735, and 0.798
at 30, 183, and 365 d when tested on the UHN test set. In
Figure 2, we demonstrate how the models compare with each
other.

Assessing Impact of PSC Disease-specific Variables

The RSF architecture was subsequently modified to train
and test on UHN data only with additional PSC-specific vari-
ables (Table S3, SDC, http://links.lww.com/TXD/A747). It is
important to note at this step that PSC-specific variables could
not be used, given that the SRTR does not collect them. We
first chose 3 additional UHN data features known to increase
morbidity?! or mortality in patients with PSC: cholangitis,
number of cholangitis episodes, and presence of cirrhosis.2?
This modification improved C-index to 0.91 when tested on

UHN data. We then included all 17 additional UHN PSC-
specific features available: cholangitis, cholangitis episodes,
cirrhosis, associated autoimmune disease, pruritus, esophageal
varices, endoscopic retrograde cholangiopancreatography
with stricture dilation, biliary dysplasia, biliary stent, inflam-
matory bowel disease, colorectal dysplasia, cholecystectomy,
colectomy, white blood cells (WBCs), platelets, alanine ami-
notransferase, and AST. This PSC-specific algorithm yielded
a C-index of 0.94 when tested on UHN data. In Figure 2, we
demonstrate how the models compare with each other.

SHAP Values

To understand the variables that contributed the most to
the PSC-specific RSF model prediction, we assessed the SHAP
values and listed them (Figure 3). In order of priority, high
MELD score, increased WBC, time on a waiting list, plate-
let count, presence of AIH-PSC overlap, AST, female sex, age,
history of stricture dilation, and extremes of body weight
were the most impactful variables. Importantly, components
of the MELD score, namely bilirubin, creatinine, INR, and
sodium, did not individually outrank the top 10 variables for
prediction.

Example of Individualized Risk Prediction

Figure S2 (SDC, http://links.lww.com/TXD/A747) gives an
example of how this ML model can be applied to an individual
subject. It provides the example of a 57-y-old women with PSC-
cirrhosis and a MELD score of 15 at listing. Under the current
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Mean concordance index predicting 3-month mortality on SRTR data, at various times on the waitlist
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FIGURE 1. Time-dependent C-index performance comparison of mortality prediction for various models, evaluated at different time on the

waitlist.

Mean concordance index predicting 3-month mortality on UHN data, at various times on the waitlist
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FIGURE 2. Time-dependent C-index performance comparison of mortality prediction for various models on UHN, evaluated at different time

on the waitlist.

MELD allocation system, this person was unlikely to receive
a DDLT. Our ML-based algorithms more accurately predicted
decreased survival than the listed MELD score of 15.

DISCUSSION

The MELD score is a sum of natural logarithms. It was
originally trained on a population consisting mostly of hepa-
titis C, a parenchymal disease,® and not specifically designed
to capture the severity of cholestatic diseases such as PSC.2
The advantage of the MELD score lies in its overall generaliz-
ability over multiple disease causes, and therefore is useful for

organ allocation. However, as a prognostic tool for mortality,
the MELD score is less accurate in certain subgroups, such as
women and people with cholestatic diseases.?32* Furthermore,
as a CPH model, the MELD score assumes a fixed shape to
the hazard function to estimate risk of mortality. ML models
are more flexible and do not make this assumption. Therefore,
they can consider changing risk functions through nonlin-
ear interactions between multiple variables. Leveraging this
advantage of ML is particularly interesting in the context of
our research purpose, which is to model waitlist mortality in
the clinically distinct population of people with PSC.
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FIGURE 3. SHAP values on PSC-specific model.

In this proof-of-concept project, we have demonstrated
that ML models can more accurately predict mortality in sub-
jects listed with PSC. Our RSF model uses the same variables
found in the MELD-Na and MELD 3.0 score, supplemented
by a few demographic and clinical variables such as age,
blood type, body mass index, and ascites. Time-dependent
C-index for 90-d mortality was higher in the RSF when com-
pared with MELD-Na and MELD 3.0 whether testing was
done on SRTR data or the UHN data set. Interestingly, the
C-index of the MELD-Na and MELD 3.0 was lower when
tested on the UHN data set (Figure 2) than it was when tested
on the SRTR data set (Figure 1). Using our hospital’s patient
population, which follows the largest PSC cohort in Canada,
we demonstrated that MELD and its variants cannot always
accurately predict waitlist mortality in PSC as its performance
decreased when tested on an independent data set. However,
this should not be seen as a major limitation of the MELD-
based allocation system. As an organ allocation score, MELD
was not designed to be disease specific. It prioritizes generaliz-
ability over accuracy when considering a heterogeneous pool
of recipient candidates. Nonetheless, our RSF model is a proof
of concept that ML and its nonparametric approach to haz-
ard functions can recoup some of this lost accuracy through
nonlinear interpretations of relationships between the same
variables used as the MELD-Na and MELD 3.0 scores. We
also observed that the inclusion of PSC-specific variables
into a ML survival model can improve the accuracy of the
predictions. Despite the large size of the SRTR database, the
RSF model trained and then tested on the SRTR could not
achieve an average time-dependent C-index beyond 0.85. This
same RSF architecture was trained and tested on the smaller
UHN database, with the inclusion of PSC-specific complica-
tions, such as cholangitis, and improved this time-dependent
C-index to 0.94. Disease-related complications hold impor-
tant prognostic information and should be explored for better
modeling, whether it be using ML or regression models.

The strength of our work is built on the collaboration
between ML experts, clinical experts, and patient partners dur-
ing the conception, model design, and interpretability assess-
ment phase of the study. The input of patient partners provided

SHAP value (impact on model output)

100 00

valuable insights into the applicability of our work as well
as a platform to discuss and reevaluate our findings through
patient perspectives. We hope that input from patients will
help build trust in future artificial intelligence-related clinical
research and facilitate long-term patient engagement in this
field of study. Particular attention was given to the interpret-
ability of our model as we showed SHAP values to delineate
the variables that contributed most to our algorithm. MELD
was the top contributor and remains a good prognostication
tool, which is reassuring. However, PSC-specific features, as
we hypothesized, significantly enhanced the algorithm’s per-
formance. It is also reassuring that these features include
previously established risk factors for poor prognosis in
PSC, namely advanced age, presence of biliary stricture, and
splenomegaly.2527 Other factors such as AST and thrombocyto-
penia were also validated in established prognostic tools such
as the Amsterdam-Oxford Score,?8 UK-PSC,? and PREsTo.3°
Other high SHAP value variables in our model include high
WBC, history of colectomy, concomitant autoimmune hepati-
tis, and low platelets. Therefore there is biological plausibility
that these high SHAP input variables hold prognostic value
in our ML model, as opposed to a black box model where
the relationship between input variables and outcome is unex-
plainable. Concomitant PSC and autoimmune hepatitis may
have a worse prognosis,3! and recent evidence showed that
low platelets to WBC ratio may be associated with decompen-
sation in cirrhosis.32:33

Our work has many limitations. First, we did not attempt
to build a model that includes all causes of liver disease but
restricted to PSC as a proof of concept. Hence, our RSF model,
although more accurate than the MELD-Na and MELD 3.0
at predicting waitlist outcomes, cannot be used for alloca-
tion prioritization. Second, our external validation data set
comprises 144 subjects with PSC, and a larger validation data
set would have been beneficial. However, the UHN data set
spans 10 y and comes from the largest transplant center in
Canada. Third, there were proportionally more LDLT recipi-
ents in the UHN data set than in the SRTR data set, which
may reflect the difference in organ availability between the
OPTN and our institution. Mean time to transplant was
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comparable between SRTR and UHN despite this difference
in donor type. Importantly however, this difference does not
translate in tothe outcome of interest that our model is pre-
dicting. Death occurred in 19.4% of the subjects in SRTR and
in 11.8% of subjects in UHN. A class imbalance between the
2 data sets is therefore not drastically different, allowing for a
consistent performance evaluation.

We also highlight some limitations of ML models when
compared with conventional statistical models. In step 1,
RSF outperformed MELD 3.0, however, DeepSurv did not.
Importantly, the CPH model was very similar to RSF in terms
of performance across all time frames (Figure 1). Therefore,
the enhanced performance of RSF can be mostly attributed
to the addition of the number of variables compared with
the MELD score. We believe that this is an important obser-
vation that demonstrates how ML models do not have an
inherent advantage compared with conventional time-to-
event models. Nonetheless, when comparing performance
of CPH and RSF on individual OPTN regions and testing
on UHN data, we observe that certain OPTN regions are
more performant when validated on the UHN than others.
This region-specific gain in performance was only observed
using a ML-based RSF (Tables S1 and S2, SDC, http:/links.
Iww.com/TXD/A747) rather than CPH, despite using all the
same variables. This discrepancy was discussed among our
team of ML analysts, patient allies, and clinicians. However,
there was no obvious reason within the data or from our
clinical knowledge where OPTN regions 4 and 8 would be
more similar to our patient population at the UHN. Perhaps
the advantage of ML methodologies, through its nonlinear
modeling, is its capacity to infer the presence of latent vari-
ables not obvious to clinicians. From one perspective, this is a
limitation that hinders the external validity of our ML model,
but as a proof of concept, this also presents the opportunity
to further investigate this latency between indirectly inferred
relationships through mathematical models and clinically
observed variables.

Our RSF-OPTN regionally trained models, when tested on
UHN, outperformed the MELD scores and the CPH at 90
d with significant statistical differences. At other timeframes,
there was a trend toward better C-index, but with signifi-
cant overlap in confidence intervals (Figure 2). However, the
MELD-Na score and MELD 3.0 were also conceived for 90-d
mortality prediction and used this specific time frame for
organ allocation.

Finally, when adding disease-specific variables, our model’s
performance increase drastically. Given that this model was
developed only using data from UHN, we lack a robust exter-
nally validated data set and, therefore, must cautiously inter-
pret these results. Nonetheless, by simply adding cholangitis,
number of cholangitis episodes, and presence of cirrhosis, the
performance of our model increased its overall concordance
index to >0.90. These clinical variables are essential to the
assessment of patients with PSC, as they are major reasons for
referring patients with PSC to LT. However, these variables
are not included in the MELD score or any of its updated
versions for organ allocation. We recognize that cholangitis
is not often seen in patients without PSC, and the presence
of cholangitis as a predictor of mortality is not well estab-
lished.3* Therefore, advocating for the systematic integration
of this variable into the current allocation system requires
much more robust data.
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Overall, our work highlights 2 important lessons for the
design of future research on improving LT allocation scor-
ing. First, organ allocation models should explore the added
benefit of ML methodology. The advantages of ML for indi-
vidualized risk prediction can be leveraged for more accurate
predictions of waitlist outcomes and perhaps better capture
latent variables. We have highlighted that this is feasible
through subjects with PSC. Second, data registries for organ
transplants, such as the SRTR, can consider expanding their
data collection to include more disease-specific variables. Both
conventional statistical models and ML models greatly benefit
from more granular data to make accurate predictions. We
were only able to build a PSC-specific model using UHN data.
A more thorough exploration of our research idea would be
to build a prediction model that includes disease-specific vari-
ables for all causes of liver disease. For example, including
cholangitis for PSC, level of alkaline phosphatase for primary
biliary cirrhosis, or oxygen saturation of hepatopulmonary
syndrome would allow us to compare the performance of an
AT allocation model using disease-specific variables across
heterogenous causes of liver disease. This is currently not pos-
sible under the SRTR data collection policy. We hope that a
future ML model for LT organ allocation would include all
causes of liver disease as well as disease-specific variables,
expanding generalizability as an allocation tool while main-
taining accuracy for individualized risk prediction.
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