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Summary

Background Machine learning (ML) predictions are becoming increasingly integrated into medical practice. One
commonly used method, #;-penalised logistic regression (LASSO), can estimate patient risk for disease outcomes but
is limited by only providing point estimates. Instead, Bayesian logistic LASSO regression (BLLR) models provide
distributions for risk predictions, giving clinicians a better understanding of predictive uncertainty, but they are not
commonly implemented.

Methods This study evaluates the predictive performance of different BLLRs compared to standard logistic LASSO
regression, using real-world, high-dimensional, structured electronic health record (EHR) data from cancer patients
initiating chemotherapy at a comprehensive cancer centre. Multiple BLLR models were compared against a LASSO
model using an 80-20 random split using 10-fold cross-validation to predict the risk of acute care utilization (ACU)
after starting chemotherapy.

Findings This study included 8439 patients. The LASSO model predicted ACU with an area under the receiver
operating characteristic curve (AUROC) of 0.806 (95% CI: 0.775-0.834). BLLR with a Horseshoe+ prior and a pos-
terior approximated by Metropolis—Hastings sampling showed similar performance: 0.807 (95% CI: 0.780-0.834) and
offers the advantage of uncertainty estimation for each prediction. In addition, BLLR could identify predictions too
uncertain to be automatically classified. BLLR uncertainties were stratified by different patient subgroups,
demonstrating that predictive uncertainties significantly differ across race, cancer type, and stage.

Interpretation BLLRs are a promising yet underutilised tool that increases explainability by providing risk estimates
while offering a similar level of performance to standard LASSO-based models. Additionally, these models can
identify patient subgroups with higher uncertainty, which can augment clinical decision-making.
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Introduction

Machine learning (ML) is becoming increasingly com-
mon in healthcare. It can perform various tasks, from
classifying skin lesions to identifying breast cancer in
mammograms and providing risk estimates for hospital
readmission and mortality.'™ In general, the majority of
models that have been brought into clinical practice
provide fixed point estimates (e.g., 68% chance of

readmission). However, these predictions rarely quan-
tify their uncertainty, which could alter clinical decisions
made using the prediction. For instance, low uncer-
tainty estimates could have automated interventions,
while high uncertainty estimates could be triaged to a
provider for a more thorough review.’

There are several approaches to quantifying uncer-
tainty in ML models, including the Bayesian framework
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Research in context

Evidence before this study

There are a growing number of studies that use machine
learning algorithms to predict the risk of various medical
problems. However, most of these machine learning models
provide point estimates of risk and do not incorporate
uncertainty. To evaluate the evidence before this study, we
searched PubMed for articles from the start of the database
until 30 June 2022 using the search terms (“bayesian machine
learning” OR “uncertainty quantification” OR “uncertainty
estimation”) AND (“medicine” OR “oncology” OR “acute care
utilization”), with no date or language restrictions. Among
the studies found that do use uncertainty, they generally
apply it to improve classification accuracy, incorporate prior
information, or detect samples outside the distribution. A
single study was found that quantifies the uncertainty of its
model’s predictions, but did not compare different Bayesian
models or determine the best model for an entire dataset.
The study also does not highlight other advantages of using a
Bayesian model or compare predictive uncertainty based on
patient groups.

Added value of this study
This study compares methods of quantifying uncertainty for
risk estimation using Bayesian logistic LASSO regression in

(Supplementary materials D). Compared to the fre-
quentist framework (e.g., LASSO models), the Bayesian
approach aims to estimate the full posterior distribution
of the model parameters as opposed to point estimates
of parameters that minimise the prediction error or
maximise a penalised likelihood. This means that the
parameters are not just single-point estimates, but are
sampled from a distribution. Consequently, the risk
predictions produced from Bayesian models are distri-
butions. From these, one can quantify uncertainty by
looking at the dispersion of the prediction distribution:
high dispersion indicates high uncertainty, while low
dispersion conversely indicates low uncertainty in the
prediction.

Although research on uncertainty estimation in me-
dical informatics is still in its infancy, there is progress
using Bayesian models, including models to forecast
metabolic control in type II diabetes, estimate drug ef-
ficacy, image classification for diagnosis, and disease
detection based on structured health data.”” A study
evaluated Bayesian and frequentist statistical methods
for comparing multiple medical treatments and found
that while Bayesian methods are more flexible and more
clinically interpretable, they are also more challenging to
develop.'” As uncertainty estimations through Bayesian
modelling can improve interpretability and thereby in-
crease provider confidence in risk predictions, this study
sought to test the performance of Bayesian logistic
LASSO regression (BLLR) model against a previously

health informatics. The results show that the Bayesian logistic
LASSO regression (BLLR) models perform well compared to
frequentist models, even with high-dimensional data. The
study also visualized features that are 95% credibly correlated
with the outcome and extended the examination of
algorithmic bias to uncertainty estimation, identifying
subgroups where bias is prevalent.

Implications of all the available evidence

The developed method for estimating uncertainty provides
information about the certainty of the ACU risk score and
model weights. It allows for Data scientists and clinicians to
consider not only about the risk probability of an event, but
also about the acceptable uncertainty of predictions. The
range of uncertainty may vary depending on the prediction
problem and resources available to medical institutions. For
example, if an ML model is developed for patient triage,
predictions with an uncertainty range that exceeds the
decision threshold are likely to be misclassified and thus
uncertain. We argue that clinicians should be aware of these
cases rather than relying solely on point estimates of
probabilities. Furthermore, Users should be aware of potential
biases in predicted uncertainty and their implications.

developed LASSO model that leveraged dense, electronic
health record (EHR) data.'" Specifically, we investigated
performance in predicting the risk of emergency
department visits or hospital admissions after starting
chemotherapy, as defined by the Centre for Medicare
and Medicaid Services (CMS) OP-35 quality measure."
This measure is ideal for ML-based risk predictions, as
early outpatient interventions can prevent up to 20-50%
of all acute care utilization (ACU), which accounts for
nearly half of the costs associated with oncology care in
the United States.”'° In the present study, after
comparing the predictive performance of BLLR models,
we sought to demonstrate the value that uncertainty es-
timates can provide for clinicians deciding how to
interpret and intervene upon these predictions.

Methods

Setting and ethical approval

This retrospective cohort study was performed at a
Comprehensive Cancer Centre comprised of an aca-
demic medical centre and affiliated community prac-
tices. This study was approved by the university
institutional review board at Stanford University with a
waiver of informed consent. The study was approved by
the Stanford University ethics committee (protocol
#47644). Tt followed the Minimum Information for
Medical AI Reporting (MINIMAR, Supplementary
Table S1) and Transparent Reporting of a Multivariable
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Prediction Model for Individual Prognosis or Diagnosis
(TRIPOD) reporting guidelines.'”'®

Data set

To compare the previously published LASSO model by
Peterson et al. against Bayesian approaches, we lever-
aged the same data set."" In brief, this data set contains
all adult cancer patients treated at the Comprehensive
Cancer Centre on January 1, 2013, and July 10, 2019. All
patients met inclusion criteria for CMS’ OP-35 measure
based upon the 2019 Chemotherapy Measure Updates
and Specifications Report who had adequate follow-up
and EHR data to make predictions."

The same 760 EHR-derived variables were used for
model training, which included social and demographic
variables, procedures, diagnoses, medications, labora-
tory values, vital signs, cancer-specific data and health-
care utilization. Imputation of missing data followed the
same procedures reported by Peterson et al. As with the
prior study, all data were restricted to EHR data gener-
ated prior to the initiation of chemotherapy to limit data
leakage. The same random split of the cohort into an
80% training cohort and 20% testing cohort from the
original paper was maintained to enable comparison
across the models. Missing vitals values were mean
imputed, while missing laboratory values were mean
imputed on the ten nearest neighbours (KNN algo-
rithm) in the training dataset. Outcome labels (ACU
within 30 days of chemotherapy initiation) were defined
using the aforementioned CMS definition. A detailed
description of how the patient cohort was extracted, the
inclusion and exclusion criteria for the OP-35 metric,
and a complete list of features can be found in the
original paper." The EHR dataset generated during or
analysed in this study is not publicly available due to
restrictions by privacy laws.

Model development

We compared the previously published Frequentist
LASSO model against three additional Bayesian models:
Laplace-VI, Laplace-MH, and Horseshoe-MH. These
models leveraged either Laplacian or Horseshoe priors
with posteriors estimated by meanfield variational
inference or Metropolis—Hastings sampling. All were
modelled with the Bernoulli likelihood probability dis-
tribution. Model training specifics, including the
reasoning for the choices of prior and posterior proba-
bility distributions, can be found in the supplemental
methods (Supplementary materials A).

Model evaluation

Discrimination

The models were compared using the Area Under the
Receiver Operator Characteristic Curve (AUROC, or
C-statistic), the Area Under the Precision-Recall Curve
(AUPRC), and log-loss (cross-entropy loss). As Bayesian
models provided a predictive distribution, the mean of
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the distribution was used as the risk prediction for per-
formance evaluation. Confidence intervals were calcu-
lated using 1000-fold bootstrapping on the test dataset.

Calibration and bias assessments

Expected calibration error (ECE) and flexible calibration
curves, fit with flexible, non-linear calibration curves
with locally weighted running line smoothers (LOESS)
were used to compare model calibration.””** To inves-
tigate algorithmic bias, we analysed the differences in
prediction uncertainty for demographic and clinical
subgroups using box and whisker plots.”

Uncertainty evaluation

To better characterise uncertainty (i.e., the standard
deviation of the distribution of the prediction, o, unless
otherwise specified) across the different Bayesian
models at a cohort-wide level, risk predictions were
plotted against their corresponding uncertainties. To
demonstrate uncertainty an individual level, the proba-
bility density for models’ predictions on three patients
(low risk, medium risk, high risk) were produced with
KDE plots. Additionally, to investigate the uncertainty of
different parameters, we examined the posterior distri-
butions of the Horseshoe-MH for parameters with 95%-
credible intervals that did not cross zero (e.g., those with
a 95% probability of having a credible effect).

Clinical utility

Finally, we assessed the initial clinical utility of these
four models through a Decision Curve Analysis (DCA)
by plotting the Net Benefit across a range of decision
thresholds and quantifying the number of true positives
penalised by false positives.”* To illustrate how these
models could be deployed for automatic treatment
classification, we also performed a series of experiments
in which we iterated over various decision thresholds for
treatment (predicted risk greater than 10, 16, 30, and
50%). We then compared the coverage (the proportion
of certain classifications) against the classification per-
formance metrics (F1 score, recall, precision) to deter-
mine which model could automatically classify patient
labels while maintaining good classification perfor-
mance. Additional details on these experiments can be
found in the supplemental methods (Supplementary
materials A.3.3).

Statistics
All analyses were implemented in Python, using the
scikit-learn library for the metrics and classical LASSO
model, and PyMC3 for the Bayesian models.”* The
code for the Bayesian logistic LASSOs and our analysis
is publicly available on GitHub (https://github.com/su-
boussard-lab/acu-uncertainty-estimation).

We compared the bias assessment with the Kruskal—
Wallis test to examine if the medians of the group dis-
tributions are significantly different from each other.”
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Sample size determination, randomisation, blinding,
inclusion and exclusion criteria can be found in the
original paper."

For further learning on this topic, we provide a
mathematical overview of Bayesian machine learning,
details on the choice of prior and likelihood, and
methods for approximating posterior distributions, in
the Supplementary materials D.

Role of funders

The funding sources had no role in the design and
conduct of the study; collection, management, analysis,
and interpretation of the data; preparation, review, or
approval of the manuscript; and decision to submit the
manuscript for publication.

Results

The study cohort included 8439 patients, with a mean
age at the start of chemotherapy of 60.4 (+14.5). 50.4%
were female. 1306 patients (15.5%) met the primary
criteria of having at least one OP-35 event within the
first 30 days of starting chemotherapy. The majority of
patients in the cohort were White (n = 4630; 54.9%),
followed by Asian patients (n = 1897; 22.5%), and the
least represented were Black patients (n = 233; 2.8%).
The most common cancer types were breast (n = 1383;
16.4%), lymphoma (n = 1175; 13.9%), and pancreas
(n = 980; 11.6%). ACU events were most common for
lymphoma (n = 364; 26.5%) and least common for
prostate cancer (n = 12; 0.9%). Most chemotherapy pa-
tients had a stage IV tumour (n = 2318; 27.5%) and were
insured by Medicare (n = 3236; 38.3%) or private health
insurance (n = 3049; 36.1%). Cohort characteristics are
summarised in Table 1.

Discriminative performance and calibration

Table 2 details performance characteristics of the three
Bayesian models and the frequentist LASSO. While the
model performance was generally similar, the
Horseshoe-MH model was the best performing overall.
It had the highest AUROC (0.807, 95% CI: 0.780-0.834),
lowest negative log-likelihood (0.355, 95% CI:
0.328-0.384), and lowest expected calibration error
(0.006, 95% CI: <0.001-0.055). This model was only
outperformed by the frequentist LASSO in terms of
AUPRC (0.511, 0.95% CI: 0.447-0.579), but the confi-
dence intervals overlapped for this metric.

Calibration curves demonstrated that the Laplace-VI
model often overestimates the ACU risk, while the
other models had much better and comparable calibra-
tion (Supplementary Fig. S3). In addition, the decision
curve analysis showed that the net benefit of the Laplace-
VI model was consistently lower than the other models,
which had a similar performance and higher net benefit
scores across a broader range of decision thresholds
(Supplementary Fig. S4).

Uncertainty predictions across the cohort
Investigating predictive uncertainty at a cohort-wide
level, the uncertainty of all Bayesian models was most
prominent when the predicted probability of ACU was
near 50% (Supplementary Fig. S5). For a given risk
probability, the uncertainty of the Laplace-VI predictions
was, in almost all cases, higher than the uncertainties of
the MH samples.

To examine the ability of these models to automati-
cally triage downstream interventions, the prediction
distributions were compared against a decision
threshold set at the ACU event rate of 16%. If the
mean + standard deviation of a prediction overlapped
with this threshold, then a prediction was determined to
be too uncertain to classify automatically. Fig. 1 shows
the sorted risk predictions of the Horseshoe-MH model
with their predictive uncertainty. The coverage, or pro-
portion of certain classifications, for this particular use
case was 0.72, which means that 72% of the patients
could be automatically classified with low uncertainty.
When repeating this at a more stringent threshold
requiring the 95%-credible interval not to overlap the
decision threshold, the coverage was 0.54 (i.e., 46% of
patients were too wuncertain to be classified;
Supplementary Fig. S6).

In the Supplementary materials, further examination
of coverage against performance, shows the coverage
score of the four models at different decision thresholds
and uncertainty against the F1 score, the sensitivity
score (recall) and the positive predictive value score
(PPV/precision; Supplementary Fig. S7). The Laplace-VI
model had the highest F1 and recall scores over the
thresholds but had significantly lower coverage than the
other models. The Horseshoe-MH had a higher F1
score and recall than the Laplace-MH and frequentist
LASSO models at t € {0.1, 0.16}, higher precision for
t € {0.16, 0.3, 0.5}, and the highest coverage for the
BLLR models across the thresholds. Frequentist LASSO
always had coverage of 1.0, as each of its predictions is a
point estimate that cannot cross the decision threshold.
These results are also presented in Supplementary
Fig. S8.

When analysing the different quantified un-
certainties of the Horseshoe-MH predictions, as ex-
pected, o-uncertainty had the highest coverage, followed
by a 95%-credible interval, then 26 and finally 99%-
credible. The coverage ranged from 0.28 (t = 0.1, 99%-
credible interval) to 0.93 (t = 0.5, o). For F1 score and
sensitivity, the o-quantified uncertainty had combined
values across all thresholds closest to the optimum in
the upper right-hand corner (Supplementary Fig. S9).

Uncertainty prediction for individual patients

To examine risk prediction performance for individual
patients, Fig. 2 shows the distributions and the expected
values of the Bayesian prediction models for ACU for
three patients predicted to be at high, intermediate, and
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low risk for ACU by the frequentist LASSO model.
While the predictive distribution of the Laplace-VI
model was mainly weighted near 0.0 or 1.0, the pre-
dictive distributions of the models sampled with
Metropolis—Hastings only spanned over a limited range
of probabilities that more closely approximated their
mean predicted values and the predictions of the fre-
quentist LASSO model. In all three cases, the predictive
distribution of the Laplace-MH model had a more
extensive spread than the Horseshoe-MH model, indi-
cating increased uncertainty.

Algorithmic bias in uncertainty estimates
Investigating bias in terms of differential uncertainty for
patient subgroups, the Horseshoe-MH model had
significantly greater uncertainty, and therefore higher
expected error, in predictions for Black patients (Median
Error: +6.5%) than for White patients (Median Error:
+£3.9%), Asian patients (Median Error: +4.6%), and
other races (Median Error: £0.5%) (Kruskal-Wallis test:
p < 0.001) (Fig. 3a). Stage IV patients had significantly
higher predictive uncertainty (median = 0.057)
compared to lower staged patients (medians < 0.05)
(Kruskal-Wallis test: p < 0.001) Fig. 3b. By cancer type,
prostate cancer had the lowest uncertainty (me-
dian = 0.011), while sarcomas had the highest (me-
dian = 0.083) (Fig. 3c). Further stratification by patient
sex (Kruskal-Wallis: p = 0.05), ethnicity (Kruskal-Wallis
test: p < 0.001), and insurance status (Kruskal-
Wallis test: p < 0.001) are provided in Supplementary
Fig. S11.

Posterior distribution of variables

There were 27 of 760 variables in the Horseshoe-MH
model that were credibly correlated with the outcomes,
with their 95%-credible intervals not overlapping
0 (example features and distributions are displayed in
Supplementary Fig. S10). We see that e.g., Sarcoma
cancers (median = 0.086), Non-palliative patients (me-
dian = 0.14), and the number of days a patient was
previously hospitalised (median = 0.25) were credibly
positively correlated with the outcome, while albumin

Patient characteristic Total cohort Patients with Patients without
(n = 8439) OP-35 events OP-35 events
(n = 1306, 15.5%) (n = 7133, 84.5%)
Age, mean + sd
At diagnosis 58.7 + 14.4 56.23 + 15.8 59.1 £ 141
At first chemotherapy 60.4 + 14.5 57.9 + 15.8 60.8 + 14.2
Sex, No. (%)
Female 4250 (50.4) 619 (47.4) 3631 (50.9)
Race, No. (%)
White 4630 (54.9) 653 (50.0) 3977 (55.8)
Asian 1897 (22.5) 299 (22.9) 1598 (22.4)
Black 233 (2.8) 51 (3.9) 182 (2.6)
Other or unknown 1679 (19.9) 303 (23.2) 1376 (19.3)
Ethnicity, No. (%)
Non-Hispanic or non-Latino 7231 (85.7) 1091 (83.5) 6140 (86.1)
Hispanic or Latino 1094 (13.0) 208 (15.9) 886 (12.4)
Cancer type, No. (%)
Breast 1383 (16.4) 125 (9.6) 1258 (17.6)
Lymphoma 1175 (13.9) 346 (26.5) 829 (11.6)
Pancreas 980 (11.6) 141 (10.8) 839 (11.8)
Gastrointestinal 949 (11.2) 121 (9.3) 828 (11.6)
Thoracic 825 (9.8) 127 (97) 698 (9.8)
Genitourinary 596 (7.1) 99 (7.6) 497 (7.0)
Head and neck 697 (8.3) 100 (7.7) 597 (8.4)
Prostate 569 (6.7) 12 (0.9) 557 (7.8)
Gynecologic 562 (6.7) 80 (6.1) 482 (6.8)
Other 703 (8.3) 155 (11.9) 548 (7.6)
Cancer stage, No. (%)
Stage | 1432 (17.0) 177 (13.6) 1255 (17.6)
Stage Il 1679 (19.9) 175 (13.4) 1504 (21.1)
Stage Il 1168 (13.8) 192 (14.7) 976 (13.7)
Stage IV 2318 (27.5) 486 (37.2) 1832 (25.7)
Unknown 1842 (21.8) 276 (21.1) 1566 (22.0)
Insurance, No. (%)
Medicare 3236 (38.3) 429 (32.8) 2807 (39.4)
Private 3049 (36.1) 512 (39.2) 2537 (35.6)
Medicaid 719 (8.5) 170 (13.0) 549 (7.7)
Other or unknown 1435 (17.0) 195 (14.9) 1240 (17.4)

Information about the complete patient cohort eligible for the OP-35 metric for 30-day prediction. Results
reported as “mean + standard deviation” or as “number (% of group)"”.

Table 1: Patient cohort.

Model AUROC AUPRC Log-loss ECE

Frequentist LASSO ¢ = 0.02 0.806 (0.775, 0.834) 0.511 (0.447, 0.579) 0.357 (0.332, 0.385) 0.045 (0.030, 0.075)

Laplace-VI b = 1/,2 0.776 (0.745, 0.807) 0.437 (0.377, 0.504) 0.539 (0.517, 0.567) 0.242 (0.227, 0.267)

Laplace-MH b = 1/,/2 0.769 (0.738, 0.800) 0.452 (0.397, 0.517) 0.38 (0.348, 0.417) 0.032 (0.019, 0.064)
Horseshoe-MH o = 1 0.807 (0.780, 0.834) 0.498 (0.443, 0.559) 0.355 (0.328, 0.384) 0.006 (<0.001, 0.055)

Resulting metrics on the test set of the frequentist LASSO and the BLLRs. We report the 95%-confidence intervals of the metric estimates that have been calculated with
1000-fold bootstrap in the brackets: (2.5% Cl, 97.5% Cl). The best-performing metrics for every label type per metric are marked in bold. The inverse regularisation
parameter for the LASSO is denoted as ¢, while the scale parameter of the Laplace prior is denoted as b. For the Horseshoe-MH model we set the variance ¢ = 1 for all the
Gaussian hyper-prior initialisations. We provide an overview of the bootstrapped distribution as violin plots in Supplementary Fig. S2.

Table 2: Evaluation of models on predictive performance.
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Fig. 1: Sorted risk probability estimates with uncertainties. Sorted final risk predictions (mean of the predictive distribution, y~) with un-
certainty range (standard deviation, +o) for the Horseshoe-MH model. The predictions whose uncertainty does not exceed the decision
threshold (certain classifications) are coloured blue, and those that do (uncertain classifications) are coloured orange. The dark grey line is our
chosen classification threshold at 0.16, the event rate. The ratio of certain predictions (coverage) is 0.72.

was negatively correlated (median = —0.25). The point
estimates of the coefficients from the frequentist LASSO
model were within the credible interval in 19 of the 27
cases.

Discussion

In this study of over 8400 patients with cancer receiving
chemotherapy treatment within a large healthcare sys-
tem, found that Bayesian models were robust at pre-
dicting patient risk for acute care utilization, with
performance metrics similar to common LASSO
models. The Bayesian analyses provided additional in-
formation regarding the uncertainty of each point esti-
mate. Using the BLLR approach, we can quantify the
proportion of predictions in a dataset that are uncertain
by identifying estimates where the uncertainty errors
cross a set decision threshold. Finally, we demonstrate
that BLLR predictive uncertainties can be prone to
algorithmic bias, similar to other ML models.

For clinicians and health systems, individual patient
predictions demonstrate how BLLRs provide a useful
predictive distribution rather than just a point estimate,
as these can provide insight into the risk prediction
uncertainty. This can benefit providers, since patients
predicted with high versus low uncertainty, could be
treated differently. For instance, patients predicted with
low uncertainty could be triaged to differential down-
stream interventions using an automated approach
based on the algorithm output. Automated ML work-
flows have already been implemented, such as in the
case of the SHIELD-RT trial, which demonstrated a
reduction in ACU for high-risk radiotherapy patients
assigned to increased levels of care based on risk pre-
dictions.” Taking this ML-based triage a step further,
uncertainty estimates allow the models to alert providers
when additional review by a human would be beneficial
to determine downstream interventions. With their

uncertainty filtering method, a similar approach has
been explored by Joshi and Dhar where uncertain pre-
dictions were excluded from further ML classification.”
Frequentist LASSO-based approaches do not provide
these outputs and may appear inappropriately confident
for some patients. For informaticians, the posterior
distribution of the input features in the BLLRs provides
insight that can be used for model improvement and
feature reduction, reducing deployment and mainte-
nance costs. Based on our findings, BLLRs perform
equivalently to ordinary logistic LASSO when deployed
at the point of care but can increase trust in and utility of
the models.

Data bias and algorithmic fairness are a priority for
medical informatics.”® Using the BLLR approach, one
can visualize potential biases in quantified uncertainty
stratified by different patient groups and potentially
mitigate ML-driven disparities. Our results showed
increased uncertainty in some groups, including Black,
stage IV, and sarcoma cancer patients. The increased
uncertainty for Black and sarcoma patients may be due
to our data set’s comparably low patient count. However,
this is different for stage IV patients. While this un-
certainty bias might be reasonable for different tumour
stages or types, we believe it should not be the case for
demographic values such as race and insurance. In our
model, Black patients have a median 67% higher typical
error around their risk prediction compared to the me-
dian uncertainty for a White patient, which would not
have been identified with frequentist approaches. Such
analyses can improve patient care by allowing strategies
to limit consequences for these patients through model
revision or alerting clinicians to potential bias.

For those seeking to implement a Bayesian model
at the point of care, the choice of the prior and pos-
terior distribution is important, and we demonstrate
essential differences between different BLLRs. Specif-
ically in our case, the Metropolis-Hastings-based
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Fig. 2: Predictive distributions of risk for individual patients. Predictive distributions in form of probability densities of risk of acute care
within 30 days after the start of chemotherapy for three individual patients with beliefs of risk: low-risk (a), mid-risk (b), high-risk (c). The KDE-
plot indicate the predictive distributions, while the lines in the respective colours are the distributions’ expected values (y7).

models outperformed the meanfield variational infer-
ence model in nearly all aspects. This under-
performance is potentially because MCMC methods
are asymptotically exact, while VI is not, or that a
different family of distributions (non-Gaussian) could

www.thelancet.com Vol 92 June, 2023

approximate the true posterior better.’"* Furthermore,
as demonstrated in the individual patient predictions,
the probability mass of the predictive distribution is
often at very high and low values. Regardless of the
underlying distribution for the predicted outcomes, we
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suggest that those seeking to implement clinical in-
terventions based on BLLR output leverage the 95%-
credible interval for uncertainty estimates, as these
have a more intuitive interpretation that clinicians are
familiar with. This approach allows data scientists and
clinicians to work together to determine the best-
performing model, decision threshold, and quantified
uncertainty based on their guidelines and available
resources.

In this paper, our primary focus was directed to-
wards Bayesian methodologies. However, it is note-
worthy to mention that it is feasible to obtain predictive
distributions from a frequentist LASSO as well. The
approach entails fitting several models to bootstrapped
training data and generating predictions, which results
in an approximation of a posterior predictive distribu-
tion.”** In Appendix E, we present the calibration and
discriminative results from testing this approach. Our
findings indicate that bootstrapping can provide out-
comes comparable to the Horseshoe-MH model, and
therefore may be a viable alternative to the Bayesian
framework.

This study has several limitations. First, when us-
ing Bayesian analysis in practice, results are possibly
sensitive to the choice of priors. This was also seen in
the results, where the Laplace-MH and Horseshoe-
MH demonstrated a different performance. It is,
therefore, critical informed decisions about the prior,
and test different feasible ones. Second, other, more
sophisticated VI approximation or MCMC sampling
techniques, such as the NUTS sampler, lead to more
stable posterior approximations.”> However, these
techniques require substantially more computation,
especially for high-dimensional input features, which
may affect the feasibility of model deployment at the
point of care. Third, it is difficult to truly compare the
quantified uncertainties of models, as there is no
ground truth for uncertainty. Different definitions of
uncertainty could lead to other results in our experi-
ments. To this end, further research is needed on the
clinical utility of uncertainty estimations for ML at the
point of care. Fourth, our study was validated only on
one dataset for risk prediction of ACU. Testing these
experiments on various medical prediction tasks and
in other care systems would improve the generaliz-
ability of our work and BLLR models for clinical
prediction tasks.

Conclusion

Bayesian methods can provide uncertainty estima-
tions that promote the trust and utility of ML models
in healthcare settings. Our results demonstrate that
BLLR models perform similarly to frequentist logistic
LASSO, even with high-dimensional data, and should
be considered for future medical application studies.

www.thelancet.com Vol 92 June, 2023

We additionally extend the study of algorithmic bias
to uncertainty estimation and identify subgroups
where bias is prevalent and should be mitigated.
Overall, this work offers a paradigm shift in thinking
about and using uncertainty estimates for risk scores
in clinical decision support. Accounting for uncer-
tainty increases allows clinicians to use risk pre-
dictions in a more informed context. This approach
can improve automated decision-making capabilities
and identify cases where ML uncertainty is high,
allowing for human review. Taken together, these
approaches can promote confidence through
uncertainty.
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