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BACKGROUND AND AIMS: Acute liver failure (ALF) is a rare
but serious disease with challenging clinical decisions,
including the possibility of liver transplantation. Although there
is interest in predicting who will need a transplant, that
outcome is difficult to define as the decision to transplant in-
cludes many extraneous factors. The majority of research in
this setting focuses on identifying factors that can provide
guidance on a patient’s likelihood of survival without a liver
transplant. The question that arises is whether death and
transplant should be combined as a poor outcome or should
alternative approaches be used to account for transplant in this
setting. Furthermore, does the approach to incorporating
transplant information impact the accuracy of predicting sur-
vival. We aim to compare alternative analytic methods for the
ALF setting to provide guidance to the clinical research com-
munity on how to handle transplant when the outcome of in-
terest is survival without a transplant. METHODS: Five analysis
approaches are compared based on model performance using
existing registry data from 2100 ALF patients: logistic regres-
sion with transplant as part of the outcome, logistic regression
with transplant as a covariate, inverse probability weighting,
survival analysis, and multiple imputation. RESULTS: The
various models exhibit comparable model fit with each
providing advantages and challenges in implementation.
CONCLUSION: There are alternative modeling approaches in
the ALF setting, leaving researchers with multiple valid options
for how to include transplant when examining factors that may
influence transplant-free survival.

Keywords: Prognostic Modeling; Transplant-Free Survival; Liver
Transplant Modeling; Spontaneous Survival

cute liver failure (ALF) is a rare condition in which

loss of liver cell function occurs rapidly over a few
days or weeks in those without established liver disease.
Characteristic features include coagulopathy (international
normalized ratio [INR] >1.5) and hepatic encephalopathy
(HE). Those patients who develop ALF with a prolonged
coagulopathy and HE carry an overall mortality of 30% even
in the age of liver transplantation." While approximately
65% of acetaminophen-induced ALF patients will spontane-
ously recover without liver transplantation, several other
etiologies of ALF carry a much lower probability of
transplant-free survival (TFS). The variation in the outcome
by the cause of ALF is important to note since etiology tends
to guide treatment. Clinical decision-making in the setting of

adult ALF is challenging for several reasons, including the
possibility of the patient receiving a liver transplant. Beyond
transplant, treatments for ALF are few, with only N-acetyl-
cysteine being proven to be effective in patients with ALF
due to acetaminophen overdose and other ALF etiologies.”
Because new therapies are not on the near horizon for
this condition, researchers in this field often conduct prog-
nostic modeling to identify clinical factors that are associ-
ated with the ‘good outcome’, meaning surviving without a
liver transplant.

Prognostic modeling is used in clinical research to
determine the probability of an event of clinical interest
occurring given a set of potential risk factors. In a clinical
setting, it is common for the event of interest to be binary
(eg, is the disease present, will the patient survive). Being an
acute illness, the clinical outcome of interest in the ALF
population is often TFS. If a liver transplant occurs, the
patient is likely to survive (probability of survival after
transplant is approximately 90%)3 ; however, the quality of
life tends to be lower than the average US population and
similar to patients who survive without a transplant.” For
this reason, when clinicians are interested in identifying risk
factors associated with survival, the outcome is often
dichotomized as TFS vs death or transplant. There is
particular interest in predicting who will need a transplant
and thus listing for transplant, but that outcome is difficult
to define as the decision to transplant includes many
extraneous factors. Several prognostic indices have been
developed and validated for use in the ALF population
including King'’s criteria that provide a measure of the poor
outcome, the Model for End-Stage Liver Disease score that
provides severity of disease, and more recently, the ALF
prognostic index that provides the probability of TFS.””’
Although these are good bedside resources for the treating

Abbreviations used in this paper: ALF, acute liver failure; ALFSG, Acute
Liver Failure Study Group; AUROC, area under the receiver operator
characteristic; HE, hepatic encephalopathy; INR, international normalized
ratio; MI, multiple imputation; ROC, receiver operating characteristic; TFS,
transplant-free survival.
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physician, the research community continues to explore
additional factors that may impact TFS including clinical
labs or specific biomarkers. Several manuscripts have been
published that conduct a retrospective analysis from exist-
ing registry data to examine the relationship between po-
tential prognostic variables and TFS.*’ The approach to
examining this relationship raises an important question as
to whether it is appropriate for transplant to be considered
a ‘poor outcome’ along with death. An alternative option is
to define the outcome as alive or dead and account for
transplant as a covariate in the model. Statistically there are
several methods available to accommodate either approach.
What is needed is clarification on the pros and cons of
defining the outcome in these various ways and a better
understanding of the potential impact on results. The cur-
rent study compares available analytic methods for the
assessment of clinical risk factors associated with the
outcome, highlighting the benefits and limitations of
choosing one method over the other using real data from an
ALF registry.

Setting

The Acute Liver Failure Study Group (ALFSG) is a
multicenter network funded since 1998 by the National
Institute of Diabetes and Digestive and Kidney Diseases to
study the etiology and outcomes of ALF and severe acute
liver injury patients. The group maintains a registry of ALF
patients who are hospitalized at participating institutions
representing 30 transplant centers across the United States
and 1 in Canada (ClinicalTrials.gov: NCT00518440). The
ALFSG definition of ALF is coagulopathy (INR >1.5) and any
degree of HE within 26 weeks of the first symptoms without
preexisting liver disease. A primary clinical outcome of
research interest to the ALFSG and clinical community is
TFS at 21 days from registry enrollment (21-day TFS).

Method

The registry data collected from January 1998 through
December 2018 are used in 5 analysis approaches: (1)
logistic regression using an outcome defined as 21-day TFS
vs death or transplant, (2) logistic regression with an
outcome defined as 21-day survival vs death and transplant
status (yes or no) as an independent variable in the model,
(3) inverse probability weighting with an outcome defined
as 21-day survival vs death and transplant status incorpo-
rated into the model using a prognostic score, (4) survival
analysis with an outcome defined as 21-day survival vs
death, with transplant included in the model as a time-
varying covariate, and (5) logistic regression with an
outcome defined as 21-day survival vs death, and patients
who receive a transplant are considered as having a missing
outcome, which is then imputed using multiple imputation
(MI).
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Our goal is not to create a new prognostic model, but to
look at the impact of alternative ways to handle transplant
when assessing potential prognostic factors related to survival
without a transplant. To that end, the independent variables
in each model are consistent across the various approaches
and include the following previously identified prognostic
variables: low-risk or high-risk etiology (defined as acet-
aminophen overdose, pregnancy, ischemia, or hepatitis A for
low risk and all other etiologies as high risk); use of vaso-
pressors; coma grade (1-2 or 3-4); log bilirubin; and log
INR.”® The different models are compared based on the
concordance statistic (c-statistic) which measures goodness of
fit for binary outcomes and is equivalent to the area under the
receiver operator characteristic (AUROC) curve. In addition,
predictive accuracy was assessed using the Brier score, and
calibration for agreement between predictive and observed
probabilities was examined using slopes of calibration plots.

Analysis Approaches

Logistic Regression (Models 1 and 2). Logistic
regression is a common statistical modeling approach used to
examine the relationship between a single binary outcome
and one or more binary, continuous, and/or ordinal inde-
pendent variables. In the prognostic setting, this model is
often used to determine how a set of patient characteristics
predict the outcome of interest."" Model 1 was created using
a logistic regression model with a binary outcome of 21-day
TFS vs transplant or death. The purpose of this model is to
examine factors associated with TFS and predict a patient’s
expected probability of surviving at 21 days from enrollment
without having to receive a transplant. Model 2 uses logistic
regression with a binary outcome of survival vs death, and
the variable transplant is used as a binary covariate in the
model. Logistic regression is a robust statistical model used
for binary outcomes; however, a limitation is that a missing
outcome or covariate variables result in removing the record
from the analysis set.

Inverse Probability Weighting (Model
3). Inverse probability weighting with propensity scores is
used in observational studies to account for potential dif-
ferences in baseline characteristics (independent variables)
of the study population. A propensity score is the predicted
probability of an event based on the baseline characteristics,
and in theory, patients with the same propensity score will
have similar distributions of observed baseline covariates."”
The calculated propensity score is used to create the inverse
probability weight, which is equal to the reciprocal of the
predicted probability of an event. In our setting, a prog-
nostic score is calculated to represent the predicted prob-
ability of a patient receiving a transplant. Predictors for
transplant that were included in the propensity score model
were admission coma grade, etiology, vasopressor use,
bilirubin level, INR, race, age, and use of continuous veno-
venous hemofiltration. The inverse of the prognostic score
creates a “pseudo-population,” where baseline covariates
are independent of transplant status. The use of stabilized
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weights can reduce the effect of very high weights that
result from patients with extreme (high/low) propensity
scores. The goal of the propensity score is to create a bal-
ance between the groups who did and did not receive a
transplant. It is therefore important to verify that patients in
these 2 groups with similar propensity scores are balanced
on the covariates that were used in the calculation of the
propensity score.”® If balance is not achieved, then the
method is not valid. If the balance assumption holds, a lo-
gistic regression model can be used to predict the proba-
bility of 21-day survival, using the inverse probabilities as
weights and including transplant in the model as an inde-
pendent variable.

Survival Analysis (Model 4). Survival models are
used to model time-to-event data. Hazard ratios are esti-
mated to provide information on the probability that a pa-
tient will experience the event of interest at a given time
point assuming the patient has not experienced the event at
that particular point in time. A key aspect of survival models
is censoring, which is how the model handles incomplete
data (unknown time of events whether due to the event not
occurring or the date of occurrence being unknown). In the
setting of ALF, receipt of a liver transplant alters the prob-
ability of the event of interest (eg, survival); therefore,
ignoring transplant or treating transplant as noninformative
censoring can provide misleading results. For example, if we
estimate the probability of 21-day survival for an ALF pa-
tient, this probability will change if the patient receives a
transplant. However, we can use a survival model and
consider including transplant as a time-dependent covariate
in a Cox proportional hazards model.***

Multiple Imputation (Model 5). MI is a method
for dealing with missing data.'® For patients who receive a
transplant, it is unknown whether they would have survived
without that transplant, and so their TFS outcome can be
treated as missing. In this case, we are assuming that the
outcome is “missing at random,” meaning that the missing
outcome can be predicted by observed variables. Baseline
covariates are used to impute the outcome of each transplanted
patient, assuming they did not receive a transplant. This
imputation is done multiple times, and the results are pooled to
obtain one predicted outcome for whether that patient would
have survived without a transplant. A logistic model is then
created using the actual 21-day survival outcome for non-
transplanted patients and the imputed outcome for trans-
planted patients. Transplant is not a covariate in the model.

These methods can be implemented in various statistical
packages including R and SAS software. The output and data
analysis for this study were generated using SAS software,
Version 9.4 (SAS Institute, Cary, NC).

Results

The data set contained 2249 ALF registry participants, of
whom 2100 patients had all 5 predictor variables non-
missing. The baseline characteristics and outcomes of the
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analysis population are listed in Table 1. A total of 473
patients (22.5%) received a liver transplant.

Models 1 and 2 are logistic models as previously
described. Model 3 utilizes inverse probability weighting. In
this model, propensity scores were calculated to predict the
probability that a patient will receive a transplant based on
their baseline covariates. The propensity score was then
used to calculate stabilized weights for each patient. For
patients who received a transplant, the weight equals
0.2252/(propensity score), and for patients who did not
receive a transplant, weight equals (1 - 0.2252)/(1 - pro-
pensity score), where 0.2252 is the proportion of patients
who received a transplant. A weighted logistic model was
then built using 21-day survival as the outcome that is
weighted by the calculated stabilized weight, and transplant
is included as a covariate in the model. Model 4 is a Cox
proportional hazards survival model, with time to death as
the outcome and all subjects censored at 21 days if they
were still alive. Transplant was also included as a time-
varying covariate in this model, and the probability of sur-
viving to 21 days was calculated. Model 5 is the missing data
model which used 25 imputations to impute a hypothetical
outcome for transplanted patients if they had not received a
transplant, and then a logistic model was built using this
imputed 21-day survival outcome.

For comparison purposes, all models were built using
the same 5 predictors (defined in the methods section).
Figure 1 illustrates the odds ratios (for models 1, 2, 3, and 5)
and hazard ratios for the survival model (model 4) for each
covariate in the multivariable model. There is minimal
variability between models in the estimate of the odds ratio
for each prognostic variable. We see this same trend in the
hazard ratios which differ from the odds ratio because the
survival model is modeling the instantaneous risk rather
than the overall probability of survival when accounting for
transplant.

In addition to estimates of the relationship between the
outcome and covariate, we can also glean from each model a
predicted probability (between 0 and 1) of the outcome. For
clinical decision-making, a threshold value for the predicted
probability of survival would generally be implemented. A
receiver operating characteristic (ROC) curve illustrates
performance of a model across all such thresholds and is
therefore useful for model comparison. The ROC curve plots
the model’s false positive rate (1-specificity) on the x-axis
against the sensitivity on the y-axis, and each point on the
graph is generated by a different threshold for the deci-
sion."” The AUROC is a useful summary variable that ranges
from 0 to 1, with larger values indicating better prediction
accuracy. For the survival model (model 4), the AUROC is
calculated using the specific time point of 21 days. Because
model 1 defines the outcome differently than the other
models (defining a poor outcome as death or transplant)
and model 5 uses an imputed outcome for transplanted
patients, we first examine model performance in the popu-
lation that did not receive a transplant. Figure 2 illustrates
the AUROC and ROC curves and shows that the 5 models
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Table 1. Demographic, Baseline, and Outcome Variables for Subjects With Complete Baseline Covariates

Total n = 2100

Transplant n = 473 No transplant n = 1627

Variables n (%) or median (IQR) n (%) or median (IQR) n (%) or median (IQR)
Age 40.0 (29.0-52.0) 39.0 (27.0-50.0) 40.0 (29.0-53.0)
Sex
Female 1455 (69.3%) 329 (69.6%) 1126 (69.2%)
Male 644 (30.7) 144 (30.4%) 500 (30.8%)
Race
White 1586 (75.6%) 324 (68.5%) 1262 (77.6%)
Black 306 (14.6%) 78 (16.5%) 228 (14.0%)
Asian 97 (4.6%) 33 (7.0%) 64 (3.9%)
Other 110 (5.2%) 38 (8.0%) 72 (4.4%)
Etiology
Acetaminophen 963 (45.9%) 79 (16.7%) 884 (54.3%)
ALF in pregnancy 8 (0.9%) 1(0.2%) 17 (1.0%)
Hepatitis A 7 (1.8%) 11 (17.6%) 26 (1.6%)
Shock/ischemia 123 (5.9%) 3 (0.6%) 120 (7.4%)
Autoimmune hepatitis 149 (7.1%) 83 (17.6%) 66 (4.1%)
Drug induced liver injury 229 (10.9%) 79 (16.7%) 150 (9.2%)
Indeterminate 259 (12.3%) 108 (22.8%) 151 (9.3%)
Other 322 (15.3%) 109 (23.0%) 213 (13.1%)
Coma grade”
lorll 1122 (53.4%) 267 (56.5%) 855 (52.6%)
11l or IV 978 (46.6%) 206 (43.6%) 772 (47.5%)
Vasopressor use”

Yes 410 (19.5%) 67 (14.2%) 343 (21.1%)
No 1690 (80.5%) 406 (85.8%) 1284 (78.9%)
Bilirubin, mg/dL® 7.1 (3.7-19.8) 20.8 (9.8-28.0) 5.7 (3.2-13.1)
INR® 2.7 (2.0-4.1) 3.2 (2.3-4.7) 2.6 (1.9-3.9)

Model for End-Stage Liver Disease score
Outcome (21-d)

31.4 (24.3-38.1)

Alive 1268 (60.4%)
Dead 615 (29.3%)
Unknown 217 (10.3%)

IQR, interquartile range.

33.3 (27.4-39.6) 30.5 (27.4-39.6)
377 (79.7%)
37 (7.8%)
59 (12.5%)

891 (54.8%)
578 (35.5%)
158 (9.7%)

@Coma grade, vasopressor use, bilirubin level, and INR all taken at hospital admission.

have quite similar model performance in the absence of
transplant. Note that model 5 is similar to model 2 since no
transplant cases are included. Figure 3 also illustrates the
similarity between models when applied to the entire pop-
ulation. In this case, model 5 is using the mean AUROC of the
25 imputed data sets. We looked at model performance for
the population listed for transplant and found similar re-
sults for models 2-5. The AUROC was reduced in model 1
due to the increased probability of receiving a transplant in
the waitlist population as compared to the overall popula-
tion and the fact that transplant is part of the outcome (see
Tables Al and A2).

In addition to model discrimination, Table 2 lists the
performance aspects of positive and negative predictive
values and predictive error and agreement in the overall
population as well as only those that did not receive a
transplant. We see similar performance aspects across the
models with a slight inflation of the negative predictive
value in model 1, which is driven by the inclusion of
transplant as a poor outcome.

Discussion

The choice of analysis strategies is relatively vast in the
prognostic modeling setting. Regression modeling is one
approach to identify prognostic factors, and we examined
the impact of different regression modeling approaches in
the ALF setting. Our particular focus was how to handle
transplant and if the various methods produce different
results based on transplant as an outcome or as a covariate
in the model. Our results indicate that the different models
have similar performance. This is insightful as it provides
researchers various analysis approaches and mitigates the
concern of inflating model performance when transplant is
part of the defined outcome. We did see a slight inflation in
the negative predictive value when including transplant in
the outcome definition, but this is not necessarily a sign of
better model performance than the other models. The
inflation is driven by the increase in the number of poor
outcomes when transplant is included in the definition. The
inclusion of transplant in the outcome definition acts as a
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OR/HR
HE (deep vs light)
Logistic w/ transplant in outcome 0.388
Logistic w/ transplant covariate 0.404
IPW 0.421
Survival w/ transplant covariate 0.480
Multiple Imputation 0.392
Etiology (favorable vs unfavorable)
Logistic w/ transplant in outcome 4.776
Logistic w/ transplant covariate 3.104
IPW 3.092
Survival w/ transplant covariate 1.767
Multiple Imputation 3.429
Pressors (yes vs no)
Logistic w/ transplant in outcome 0.286
Logistic w/ transplant covariate 0.268
IPW 0.268
Survival w/ transplant covariate 0.362
Multiple Imputation 0.240
In(bilirubin)
Logistic w/ transplant in outcome 0.495
Logistic w/ transplant covariate 0.603
IPW 0.571
Survival w/ transplant covariate 0.773
Multiple Imputation 0.567
In(INR)
Logistic w/ transplant in outcome 0.258
Logistic w/ transplant covariate 0.358
IPW 0.321
Survival w/ transplant covariate 0.574
Multiple Imputation 0.340

0.25
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Figure 1. The forest plot of odds ratios (or hazard ratio) for survival given by the 5 constructed models.
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Figure 2. ROC curves for models applied to patients who did

not receive a transplant.
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Figure 3. ROC curve for models applied to all patients.
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Model 1 logistic
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protective effect and provides a conservative approach to
estimating the probability of survival without a transplant.

It is important to note that some of the examined
models (models 2, 3, and 4) include transplant as a co-
variate, so if a clinician was using one of these models as a
bedside tool to predict patient outcome, they would sub-
stitute 1 or 0 for the transplant covariate to predict survival
of the patient with or without transplant, respectively. This
could allow for the added insight as to how much a
transplant improves a patient’s probability of survival, but
it does require understanding of the model and its inter-
pretation. The other 2 models (models 1 and 5) do not
contain a transplant covariate and only yield a prediction of
survival without transplant.

The observed statistical models share similar findings,
but there are some advantages to certain models worth
highlighting (see Table 3). As noted previously, combining
transplant and death in the outcome assumes that patients
who receive a transplant would have died otherwise, treat-
ing both transplant and death as a poor outcome. Some have
questioned the validity of this assumption; however, our
results show that this model is comparable to the other
models when the goal is to predict survival without a
transplant. Model 1 is a simple logistic regression method,
and it also allows for inclusion of patients who had a
transplant even if their alive/dead outcome at 21 days was
unknown. The alternative logistic model (model 2) with
transplant as a covariate is also straightforward to imple-
ment and can provide the probability of surviving without a
transplant as well as the probability of surviving with a
transplant. Inverse probability weighting (model 3) is
similar to the logistic model, but it requires an additional
model-building step, including variable selection, to calculate
propensity scores, and it is necessary to check balance for
each covariate in the final model. For some data sets with
significant imbalance between covariates in the transplant
and nontransplant groups, this type of model might offer an
advantage. The predictions of this model also depend on the
accuracy of the propensity scores. In our data set, propensity
scores were roughly 81% accurate in their prediction of
transplant when using a 0.5 cutoff for the prediction. The
survival model (model 4) requires time-to-event information
that may not always be easy to obtain, but it does allow for
inclusion (as right censored) of patients whose outcome is
unknown. Because transplant is included as a time-varying
covariate in the survival model, the resulting estimate for
the baseline hazard should be used with caution. Survival
models can offer more information than logistic models in
regard to probability of survival at different time points, but
they are more complicated to build, and in the acute liver
setting where we are interested in the outcome at a specific
time point (21 days from enrollment), a logistic model may
be more appropriate, given the relatively short time period.
Additionally, in the acute setting, time to transplant is a
relatively short period, making the time-varying covariate
less impactful. The survival modeling approach may be more
appropriate in a chronic setting where time to transplant
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Model

Definition

Pros
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Table 3. Attributes of Models 1-5

Cons

Model 1—logistic
regression

Model 2—logistic
regression

Model 3—inverse
probability
weighting

Model 4—survival
model

21-d TFS—composite death/
transplant

21-d survival—logistic model with
transplant as a covariate

21-d survival—logistic model with
transplant as a covariate,
using inverse probability
weighting

Time to death, with all subjects
censored at 21 d—transplant
included as a time-varying
covariate

e Easy to implement

e Easy to interpret

e Transplant patients can be included
in modeling even if 21-d survival is
unknown

e Easy to implement.

e Able to predict the outcome with or
without transplant.

e Provides balanced groups without a
random sample.

e The final model is easy to interpret.

e Able to predict the outcome with or
without transplant.

e Right censoring instead of
missingness for subjects with
unknown outcomes.

e The time-to-event outcome might
be of greater interest than a binary
outcome at a single time point.

e Only models transplant-free
survival.

e None

e Must choose variables to
model the propensity
score.

o Slightly more difficult to
implement.

e Must check balance
between groups.

e Requires obtaining
exact time of event.

o Addition of a time-varying
covariate can be
difficult to implement.

Model 5—multiple
imputation

21-d TFS—using the imputed
outcome for transplanted
patients for the outcome if
they had not received a
transplant.

e Good model fit.

e The final model is easy to interpret.

e More complex to implement
than other models.

e Use caution with high
percentages of
transplants.

e Additional variables can be used to

impute the missing outcome.

and time to the outcome could be much longer. Also in the
survival model setting, a strategy for handling events that
compete with the primary outcome event is known as
‘competing risk analysis’,'®'® and this strategy might be
appropriate for some research questions involving trans-
plant. For example, transplant is a competing risk to ‘dying
before transplant’ in a study on waitlist mortality. However,
in a setting such as ours where the interest is in predicting
TFS, transplant and death are both events of interest and
treating them as a composite outcome or including transplant
as a time-varying covariate is more appropriate. Although the
models were similar in performance, the MI model (model 5)
had the lowest AUROC for the models we examined when
applied to all patients. MI can be a complex process to
implement and requires creation of multiple data sets to
provide a summary measure of the predicted probability. Due
to the high percent (22.5%) of transplant cases in the ALF
setting, one should be cautious about using this method, as
higher levels of missingness can lower the quality of the
prediction.

This work was performed on data collected from a North
American ALF patient population and focused on the 21-day
outcome since it was the defined outcome of the registry
protocol. Other settings may choose different time points or
have different decision guidelines for transplant. This could
alter the proportion of outcome events, but not necessarily
the performance of the explored models. In addition, the
performances of the 5 analysis methods are not limited to
ALF. Other liver conditions that may require liver trans-
plant, such as chronic liver diseases, could also find value in
our results. The key consideration when choosing one of
these methods is the clinical question. If the question is how
the patient might improve without a transplant, then these
models are relevant in that setting. Overall, we have shown
that there is flexibility on handling transplant in this setting
and the choice can be driven by preference in analysis
methods. The simplest model for predicting TFS combines
death and transplant as a single composite outcome, and
this study shows that this model gives results comparable to
more complex methods. However, if there is additional
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interest in predicting survival with or without transplant,
then transplant can also be included as a covariate. More
complex models, with possible advantages shown in Table 3,
might be chosen based on the nature of the data or the goal
of the study. The important point is that the researchers
clearly describe their approach including the outcome and
handling of transplant.

Supplementary Materials

Material associated with this article can be found in the
online version at https://doi.org/10.1016/j.gastha.2022.02.
026.
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