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Chapter 8

Discussion

Clinical prediction models are a central part of medical research and can play an important
role in medical practice. In this dissertation, we developed and applied estimation methods
that advance the field of prediction under interventions for time-to-event outcomes.

Chapter 2 served as the motivation for the rest of the thesis, providing context for the esti-
mation methods developed in the subsequent chapters. In our review of Covid-19 prediction
models, we assessed whether the analysis strategies used in published studies were aligned
with the intended purpose of the models. We found that, very often, there was a mismatch
between the two. One important finding was that 64% of the reviewed papers recommended
their model for decision-making purposes, which typically requires prediction under hypothet-
ical interventions. However, these models were developed using methods that do not support
that aim. Additionally, 21% of the prediction models did not have a clearly defined predic-
tion estimand, making it unclear what their estimated risks actually represent. These findings
highlight that it remains common practice to use estimation strategies that are not appropriate
for the specific prediction estimand being targeted. One contributing factor is that appropriate
estimation strategies for certain clinical settings are not well-established in literature, which
motivated the methodological developments presented in this thesis.

In Chapter 3 and Chapter 4, we explored the application setting of scarce medical resources
— focusing on livers from deceased organ donors. In Chapter 3, we studied survival bene-
fit in the context of liver transplantation for patients listed on the United Network for Organ
Sharing (UNOS) waiting list [1]. This clinically focused work aimed to examine differences in
access to transplantation between patients with and without hepatocellular carcinoma (HCC).
The motivation stemmed from the known limitations of the MELD(-Na) score, which sub-
optimally captures mortality risk for HCC patients [2], whose outcomes are often driven by
tumor progression rather than liver failure. To address this, an exception point system was in-
troduced, granting HCC patients additional points [3–5], which however raised concerns over
unintentionally adding inequities [6–8]. We investigated access to liver transplantation among
patients with and without hepatocellular carcinoma (HCC), quantifying it in terms of survival
benefit among those who actually received a liver transplant. We applied the methodology
developed by Gong and Schaubel [9], which extends marginal structural models to handle
the complexity of multiple baseline times and multiple time scales. The use of a marginal
structural model was necessary to adjust for the time-varying confounding present in the data
via inverse probability weighting. Multiple baseline times were needed to make predictions
repeatedly over time. Two distinct time scales were relevant: calendar time, as treatment
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decisions are based on the availability of donor organs, and patient’s follow-up time, as sur-
vival predictions are made on this scale. Our findings indicated that patients without HCC
experienced the greatest gain in life-years from transplantation, likely because they tended to
receive transplants at higher MELD(-Na) scores — typically above 26 — where the survival
benefit was most pronounced. In contrast, patients with HCC were more often transplanted
at lower MELD(-Na) scores, frequently below 14, where the associated survival benefit was
comparatively modest.

The results presented in Chapter 3 highlighted potential disparities in liver transplant ac-
cess that could potentially be addressed by shifting to a benefit-based prioritization rule — if
the objective would be to maximize overall survival benefit. The methodology developed by
Gong and Schaubel was designed to estimate survival benefit only among treated individuals.
In their framework, benefit was defined as the difference between two quantities: a prediction
of post-transplant survival (estimated among those who received a transplant) and a predic-
tion under the intervention of no transplant (estimated using appropriate adjustment methods
among those who did not receive a transplant). However, to inform a prioritization rule based
on expected benefit, it is necessary to estimate survival benefit for all patients on the waiting
list, regardless of whether they ultimately received a transplant. This requires extending the
original methodology so that we can use prediction under interventions for both components
of survival benefit — post-transplant survival and no-transplant survival. This motivated the
work presented in Chapter 4.

Chapter 4 focused on developing an estimation strategy to dynamically estimate the condi-
tional expected survival benefit for all patients on the transplant waiting list. We built on the
work of Gong and Schaubel [9, 10], combining marginal structural models with the use of
multiple baselines and multiple time scales. We proposed a different reweighting strategy, as
we adapted it to target a broader population — the entire waiting list — rather than restricting
estimation to only those who received a transplant. This methodological extension introduced
several additional complexities. First, it required a careful formulation of the estimands and
of the assumptions necessary for identification. Second, we needed to account for multiple
versions of treatment [11], a challenge that was not present in the setting considered by Gong
and Schaubel. In predicting outcomes under the intervention of not receiving a liver, there is
only one version of non-treatment. However, in predicting outcomes under the intervention of
receiving a liver, there are multiple treatment versions, as donor livers vary in quality depend-
ing on donor characteristics. With a simulation study, we showed that the proposed method
outperforms simpler methods which either do not account for (time-dependent) confounding
or ignore the need to combine two different time scales.

We demonstrated the practical value of our methodology by estimating and predicting the
survival benefit of liver transplantation for patients with End-Stage Liver Disease in the Eu-
rotransplant region. Using individual-level data from the Eurotransplant registry [12], we
applied our model to patients with chronic liver cirrhosis. Our predictions enabled a com-
parison between the current MELD-based allocation system and a hypothetical benefit-based
prioritization rule. A particularly striking finding was that a benefit-based allocation system
could, on average, yield an additional 0.46 life-years per transplanted patient over a three-year
horizon — compared to the current MELD-based approach — assuming the existing structure
of the waiting list remains unchanged. This suggests there could be substantial potential for
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improving outcomes through benefit-based allocation. However, because our analysis does
not account for how the waiting list might change under a new prioritization system, the find-
ings should be interpreted with caution.

Our results relied on the identifiability conditions of consistency, positivity, conditional ex-
changeability, and conditionally independent censoring — as well as the correct specification
of the outcome and weight models. These assumptions needed to hold for both treatment
strategies under investigation: (1) immediately assigning a specific liver and (2) never assign-
ing any liver.

In the data application in Chapter 4, consistency appeared reasonable, as both interventions
were well-defined. Conditional exchangeability was less straightforward, as it is common
in observational data. This assumption is especially challenging for treatment strategies that
involve ongoing decision-making, such as the “never assign a liver” strategy. In such strate-
gies, a decision to continue withholding treatment must be made every time a liver becomes
available, which means exchangeability must hold at all of these time-points — that is, all
confounders influencing each decision must be fully observed at all of these time-points. By
contrast, a “treat now” strategy typically involves a single treatment decision, which makes
the exchangeability requirement less stringent. However, in our proposed estimation method,
where predictions were made at multiple baseline times across different calendar dates, con-
ditional exchangeability was required to hold at each of those calendar dates.

While conditional exchangeability is unlikely to fully hold in geneal, small enough violations
— i.e. a small enough degree of unmeasured confounding — can still yield reasonably reliable
estimates. In the Eurotransplant data used in Chapter 4, we considered conditional exchange-
ability to hold reasonably well, though not perfectly. Eurotransplant allocates livers based on a
prioritization rule, primarily MELD score, which we were able to adjust for as it was available
in the data. However, clinicians may decide to decline liver offers based on additional clinical
information not captured in the Eurotransplant registry. For instance, a clinician might decline
a low-quality liver for a relatively stable patient in the hope of receiving a better organ later.
Some of these clinical considerations were reflected in observed covariates, but not all. One
notable limitation was the absence of serum sodium in the Eurotransplant data, despite its im-
portance as a predictor of mortality and its likely availability to some clinicians at the time of
liver offer. By comparison, the US dataset used in Chapter 3 was more detailed and included
a broader range of clinical variables, making the conditional exchangeability assumption more
plausible in that setting.

Positivity was also nontrivial in Chapter 4. Theoretically, positivity could be reasonably
defended for both treatment strategies based on clinical context. Patients on the transplant
waiting list were, by definition, considered eligible to receive treatment, implying a nonzero
probability of receiving a transplant. This probability was also never equal to one, due to the
scarcity of donor organs. The prioritization system in place does not account for donor liver
quality, suggesting that any patient theoretically has some chance of receiving any treatment
type. Moreover, variability in donor availability introduces further randomness: organs may
be more or less readily available at a particular transplant center, and logistical constraints
may lead to reallocating organs to a geographically closer, lower-priority patients. In practice,
however, positivity was more problematic. For instance, patients with relatively stable condi-
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tions are extremely unlikely to be transplanted with a low quality liver, as their clinician would
typically decline the offer. Moreover, at each calendar date, even after discretizing time, only
a small number of patients received treatment. Even if they all received the same treatment
type, such a small subset could not reliably represent the broader waiting list population at that
calendar date, even after reweighting. Certain patient profiles may simply be unrepresented
among treated individuals. To address this, we assumed that patient cross-sections at different
calendar dates were comparable and pooled these cross-sections for estimation. Additionally,
we imposed parametric assumptions on the effects of the covariates describing liver quality,
allowing for borrowing of information, particularly in the case of continuous variables. This
allowed us to relax our concerns over positivity but introduced concerns over correct model
specification, both for the weights model and the outcome model.

While the estimation method we developed allows for the prediction of conditional survival
benefit, there are different way to translate such predictions into an actionable prioritization
rule in the setting of scarce medical resources. Should the liver simply be allocated to the
patient with the highest predicted benefit at the time of availability? Or should the goal be to
maximize survival benefit across the entire population over time? These approaches are not
equivalent: allocating a liver to one patient now inherently precludes offering it to another
who might not receive a second chance. Thus, maximizing survival benefit for an individual
does not necessarily translate to maximizing overall survival across the population. Allocat-
ing livers in such a way that we maximize survival benefit across the entire population over
time is likely more desirable, but pursuing that aim introduces additional challenges, making
our current work a necessary but only preliminary step. To move toward a system that truly
maximizes population-level survival, future work should focus on incorporating two key com-
ponents: (i) reliable forecasts of the availability and types of donor livers over both short and
long time horizons, which could potentially be achieved through predictions of organ supplies,
assuming no major shifts in availability trends; (ii) the integration of these forecasts with the
survival benefit predictions. This combination could inform dynamic prioritization strategies
that optimize outcomes at the population level. Moreover, to assess how much additional sur-
vival benefit such an optimized system could deliver, we would also need to understand how
the waiting list would evolve under the new prioritization rule. Future work on this would
be essential for evaluating the real-world impact of a benefit-based system. One possible
approach would be through large-scale simulation studies — such as those modeled after the
Liver Simulated Allocation Model (LSAM) [13] — which can help assess the potential impact
of different prioritization strategies in a realistic system.

Moving away from the context of scarce resources, contrasting expected survival with and
without treatment can offer direct guidance for clinical decision-making. This is the setting
considered in Chapter 5, where we developed and validated a decision-support algorithm for
prophylactic platelet transfusion in preterm infants. The aim was to support clinicians in eval-
uating the question: “What is the 3-day risk of major bleeding or death for a preterm infant
given their current characteristics if I administer a prophylactic platelet transfusion, and what
is the risk if I do not?”. In particular we focused on two intervention strategies: receiving a
platelet transfusion within 6 hours and no transfusion for 3 days. This study was motivated by
the fact that in neonatal intensive care units, the majority of platelet transfusions are given to
non-bleeding infants with severe thrombocytopenia with the goal to prevent bleeding. How-
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ever, it is uncertain if transfusion is beneficial for all infants with severe thrombocytopenia
[14–19], and infants with similar platelet counts may have different bleeding risks due to
different clinical conditions.

For model development, we combined again reweighting with landmarking. Even though
platelet transfusions can vary in volume, duration, and infusion rate, we did not explicitly
model these variations. Instead, we targeted the intervention “receiving a platelet transfusion
within 6 hours”, interpreted as receiving an average transfusion as typically administered in
current clinical practice [11]. Even with this simplification, the modeling process surfaced
practical and methodological challenges that we had not anticipated in our initial analysis
plan. For instance, we assumed initially that the intervention “receiving a platelet transfusion
within 6 hours” could be interpreted as receiving an average transfusion, as typically adminis-
tered in current clinical practice. However, this interpretation turned out to be too simplistic.
In the clinical setting we studied, transfusions could occur repeatedly—administering one now
did not preclude more in the near future. While our model was designed to account for prior
transfusions (by adjusting for the number of previous transfusions as a confounder and in-
cluding it as a predictor), it did not explicitly account for future transfusions. As a result, the
model predicted the outcome under the intervention of “receiving a platelet transfusion within
6 hours, followed by subsequent transfusions as typically occur in current practice”.

A second complexity arose from the combination of landmarking and grace windows. Land-
marking was used to accommodate the need for repeated predictions over time, while grace
windows were introduced to align with the intervention strategy “initiate transfusion within
six hours”. An immediate “treat now” strategy was deemed unrealistic, as there is often a de-
lay before a transfusion can be administered from the decision moment. Model development
revealed that this combination added complexity to the interpretation of the target estimand.
Specifically, the estimand corresponded to: “receiving a platelet transfusion within six hours,
followed by subsequent transfusions as they typically occur in current clinical practice, under
the assumption that in the first six hours, patients are transfused with timing as observed in
the landmarked dataset”. This assumption was not fully realistic given our data. In the land-
marked dataset, transfusions often occurred at time zero—immediately upon patients meeting
eligibility criteria. However, such immediate administration is uncommon in practice, where
delays are frequent. One way to address this mismatch would be to estimate the typical de-
lay between the decision to transfuse and the actual administration, and adjust the estimation
strategy accordingly. Unfortunately, our data lacked detailed information on this timing, mak-
ing it impossible to implement such an estimation strategy. As a result, we proceeded with
an estimation strategy that does not account for this mismatch, only keeping this discrepancy
in mind. While there is existing work on the identification and estimation of treatment strate-
gies that include grace periods [20], the combination of grace periods and landmarking is a
promising topic for future work.

Considerations regarding identifiability assumptions were similar to those discussed for Chap-
ter 4, particularly for conditional exchangeability. The main simplification, compared to
Chapter 4, was the absence of the calendar time scale, meaning that conditional exchangeabil-
ity only needed to hold across follow-up time points rather than also across a set of calendar
dates. As in Chapter 4, we had access to detailed clinical data, which supported the plausibil-
ity of conditional exchangeability holding reasonably well—though some minor unmeasured
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confounding likely remained. Positivity assumptions in Chapter 5 also paralleled those in
Chapter 4, with the added simplification that we did not have to explicitly account for multi-
ple versions of treatment. Nevertheless, a practical challenge remained: at each landmarking
time point, only a small number of infants received transfusions. For this reason, we made
similar assumptions as in Chapter 4 — namely, that the populations at different landmark-
ing times were comparable. We assumed a shared baseline hazard across these populations
and introduced parametric assumptions to account for the effect of landmarking time. Under
these added assumption, positivity seemed to hold reasonably well. Consistency also held
reasonably well under the specific estimands discussed in the last two paragraphs: receiving a
platelet transfusion within six hours (receiving a platelet transfusion of the type that typically
occurs in current practice within 6 hours, followed by subsequent transfusions as typically
occur in current practice), and not receiving a transfusion for three days.

In Chapter 6, we broadened the scope of interventions strategies. Until this point, our anal-
yses had primarily focused on binary decisions of the form: “Should treatment be initiated
now—yes or no?” However, in clinical practice, the question may be more nuanced. Rather
than deciding whether to start treatment immediately, clinicians may ask: “When is the opti-
mal time to initiate treatment, if at all?” This motivated a different type of prediction under
intervention — namely, estimating outcomes under interventions that delay treatment initia-
tion for a specified period.

It is important to emphasize that reweighting, on which we had so far relied, was not the best
choice for evaluating the effect of treatment timing. To see this, consider the ideal random-
ized trial we would conduct to answer such a question. At baseline, individuals would be
randomized to either initiate treatment immediately or not. After a short time interval, ∆t,
those who remain event-free in the “no treatment yet” group would be re-randomized to either
initiate treatment or continue to delay. This process would repeat at each subsequent ∆t until
a pre-specified time horizon is reached. As ∆t → 0, this corresponds to infinite treatment ini-
tiation strategies — effectively an infinite number of treatment arms — which would require
an infinitely large study population. In real-world observational data, even after discretizing
time, we typically observe only a very small number of individuals eligible for treatment at
each time point. Consequently, using inverse probability weighting would lead to these few
individuals being assigned very large weights to represent the entire risk set, potentially lead-
ing to extreme variability in estimates. For this reason, a reweighting-based approach was not
well-suited to this setting.

We proposed an approach that combines an illness-death model—a specific type of multistate
model—with g-computation to estimate the causal effect of treatment delay using observa-
tional data subject to baseline confounding. We formally stated the causal assumptions re-
quired for identification and the modeling assumptions needed for estimation. Through a sim-
ulation study, we demonstrated that the proposed method makes more efficient use of the data
compared to the cloning–censoring–reweighting approach. We applied the proposed method-
ology to estimate the effect of treatment delay on a cohort of 1896 couples with unexplained
subfertility seeking intrauterine insemination.

A limitation of the estimation method we proposed in Chapter 6 is that it does not account
for time-varying confounding, which can arise when treatment decisions are influenced by
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a patient’s evolving health status. Extending the methodology to incorporate time-varying
confounders could be a valuable direction for future research. A second limitation is that the
method does not handle competing events, which are relevant when patients may become in-
eligible for treatment over time. For example, a patient initially planned for treatment might
later develop conditions preventing its administration. Addressing this would require redefin-
ing the target estimand and adapting the identifiability conditions, both of which present im-
portant and interesting opportunities for further methodological development.

Finally, in Chapter 7, we addressed the challenge of keeping clinical prediction models up
to date as clinical practices evolve and predictions become outdated. For instance, outcomes
following liver transplantation may improve as surgical techniques advance; platelet transfu-
sions may be administered differently as new evidence emerges on optimal volume, duration,
or infusion rate; and hospital mortality rates may shift with the introduction of novel therapies.
While dynamic model updating methods exist [21–24], they typically rely on the accumulation
of sufficient new data [25, 26], which can be slow. To address this, we proposed an interven-
tional updating approach that incorporates external evidence — such as findings from clinical
trials — on treatment efficacy to enable more timely updates of predictions under changing
intervention strategies. We applied our methods using electronic health records from 3236
patients hospitalized with Covid-19 in four Dutch hospitals in 2020 and 2021. We trained
an initial prediction model to estimate the 28-day risk of mortality from the time of hospital
admission, conditional on a set of clinically relevant covariates. The model was developed
using data collected between March and July 2020. We applied dynamic model updating be-
tween August 2020 and May 2021, using two approaches: standard updates and interventional
updates. We compared the performance of both approaches using metrics of discrimination,
calibration, and overall accuracy. In our case study, interventional updating did not improve
discrimination over standard updating, but achieved better calibration.

We emphasize that although the work in Chapter 7 focuses on updating factual prediction
models, the same principles apply to models used for predictions under different intervention
strategies. Even a model designed to inform decisions — such as whether a patient should
receive a liver transplant — makes predictions based on the assumption that the surrounding
clinical context does not change over time. This includes implicit assumptions that surgical
techniques do not improve over time, or that no new treatments emerge which might reduce
the urgency of transplantation. However, clinical care evolves. Thus, having a model capable
of prediction under interventions does not imply it accounts for all future changes in practice.
Model updating remains essential, and our proposed interventional updating framework offers
a way to keep such predictions current, particularly in rapidly changing clinical environments.

In conclusion, this dissertation developed and assessed statistical methodology for prediction
under intervention of time-to-event outcomes. We introduced novel methods, grounded in
causal inference theory, and applied them across a range of clinical settings, including liver
transplantation waiting lists, preterm infants in need of prophylactic platelet transfusion, and
risk stratification of hospitalized patients with Covid-19. These applications illustrated both
the promise and limitations of prediction under intervention, shedding light on the method-
ological complexities involved and emphasizing the practical value of such approaches in
supporting clinical decision-making.
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