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Abstract
Background: Researchers developing prediction models are faced with numerous design choices that
may impact model performance. One key decision is how to include patients who are lost to follow-up. In
this paper we perform a large-scale empirical evaluation investigating the impact of this decision. In
addition, we aim to provide guidelines for how to deal with loss to follow-up.

Methods: We generate a partially synthetic dataset with complete follow-up and simulate loss to follow-
up based either on random selection or on selection based on comorbidity. In addition to our synthetic
data study we investigate 21 real-world data prediction problems. We compare four simple strategies for
developing models when using a cohort design that encounters loss to follow-up. Three strategies
employ a binary classi�er with data that: i) include all patients (including those lost to follow-up), ii)
exclude all patients lost to follow-up or iii) only exclude patients lost to follow-up who do not have the
outcome before being lost to follow-up. The fourth strategy uses a survival model with data that include
all patients. We empirically evaluate the discrimination and calibration performance.

Results: The partially synthetic data study results show that excluding patients who are lost to follow-up
can introduce bias when loss to follow-up is common and does not occur at random. However, when loss
to follow-up was completely at random, the choice of addressing it had negligible impact on model
discrimination performance. Our empirical real-world data results showed that the four design choices
investigated to deal with loss to follow-up resulted in comparable performance when the time-at-risk was
1-year but demonstrated differential bias when we looked into 3-year time-at-risk. Removing patients who
are lost to follow-up before experiencing the outcome but keeping patients who are lost to follow-up after
the outcome can bias a model and should be avoided.

Conclusion: Based on this study we therefore recommend i) developing models using data that includes
patients that are lost to follow-up and ii) evaluate the discrimination and calibration of models twice: on a
test set including patients lost to follow-up and a test set excluding patients lost to follow-up.

Background
Prediction models in healthcare can be used to identify patients who have a high risk of developing some
undesirable outcome.  An outcome is the occurrence of some medical event of interest and when
implementing binary classi�cation, patients are either labelled as having the outcome during some time-
at-risk period or not having the outcome during the time-at-risk.  Examples include the development of a
new illness or illness progression, experiencing some adverse event and achieving some treatment
response or adherence. Patients that are deemed as being at high-risk of an outcome can then be
targeted for suitable interventions with the aim of reducing their risks.   For example, numerous risk
models are being clinically used to identify patients with a high risk of cardiovascular issues who may
bene�t from modi�cation of blood lipids [1]. Prediction models address the patient’s question: ‘what is my
probability of developing <insert outcome> during the next N years?’.  However, many developed
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prediction models removed patients from the training data who left the database before the N year
follow-up and therefore implicitly answered ‘what is my probability of developing <insert outcome> during
the next N years given I remain in the data’. Loss to follow-up is the situation where a patient enters into a
cohort study but stops being observable before the end of the study (e.g., they are not observed during the
full time-at-risk period).  Sometimes the cause of leaving the study is unknown. Many published papers
did not investigate the impact that loss to follow-up may have on their model [2] and this has been
highlighted as a challenge is risk prediction development [2].

Our recent framework for standardizing the development of patient-level prediction models [3]
recommends de�ning some index date for each patient where the data prior to index are used to
construct potential predictors and the data post index are used to identify whether the patient has the
health outcome of interest during some follow-up period.  The prediction question can be standardized
into three parts: i) the target population (the patients you want to apply the model to) and an index date
when they enter the cohort, ii) the outcome (the medical event you want to predict) and iii) the time-at-risk
(a time period relative to the target cohort index date where you wish to predict the outcome occurring). 
The prediction problem becomes: ‘Predict which patients in <Target Cohort> will experience <outcome>
during the <time-at-risk> following target cohort entry.’  For example, we may wish to ‘predict which
patients with depression who are pharmaceutically treated will experience nausea 1 day until 3 years
after they are �rst diagnosed with depression’.

Sometimes patients are not observed for the complete time-at-risk period due to numerous reasons.
Possible reasons include that they may change insurance, relocate to outside the database capture area,
or die during the time-at-risk period.  Continuing with the example, some patients with depression may
change insurance, they may move to another country or they may die from other illnesses within the 3
years. We refer to these patients as being ‘lost to follow-up’ as they were not observed for the complete
time-at-risk.  There are four possibilities for each patient in training data: 1) having complete follow-up
and no record of the outcome during time-at-risk means the patients is a ‘non-outcome’ patient, 2) having
complete follow-up and a record of the outcome during time-at-risk means the patients is an ‘outcome’
patient, 3) having incomplete follow-up and a record of the outcome during the partially observed time-at-
risk means the patients is an ‘outcome’ patient or 4) having incomplete follow-up and no record of the
outcome during the partially observed time-at-risk means the patient’s label is unknown as they could
have the outcome after being lost to follow-up. Should the patients who are lost to follow-up be included
in training data, potentially making the labels noisy, or should they be excluded, which might cause
generalizability issues or impact the model due to the data containing less patients with the outcome?

Researchers developing prediction models are faced with various design choices which may have
signi�cant impacts on the model performance. Some guidelines have been proposed for certain best
practices in developing patient-level prediction models such as best practices for model development [4],
considerations for making clinically useful models [5] and reporting prediction models [6].  However, there
is currently no experiment-driven guidelines that inform researchers about how design choices to address
loss to follow-up can impact prediction performance, so non-optimal design choices may commonly be
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leading to sub-optimal models. As a result, the developed prediction model may not perform as well as
desired when applied in a real-world setting.

Binary classi�cation models, such as logistic regression, aim to learn a mapping from the predictor space
to a value between 0 and 1 that corresponds to the risk of the outcome occurring during the time-at-risk. 
These models are unable to incorporate loss to follow-up, so a choice is needed whether to i) include
patients who are lost to follow-up and assume whether they have the outcome prior to loss to follow-up is
the ground truth or ii) exclude patients who are lost to follow-up. A third option, not considered in this
paper, is to include all patients but apply imputation strategies to impute the missing outcomes in
patients lost to follow-up.   Cox regression aims to learn hazard rates per predictor and is a method that
can include patients lost to follow-up. The baseline hazard function needs to be calculated if the Cox
model is required to estimate outcome probability during the time-at-risk and this can often be complex.
 It is unknown whether it is preferable to use a survival model rather than a binary classi�er when loss to
follow-up is frequent. There have been various one-off comparisons between logistic regression and Cox
regression for effect estimation [7,8] and prediction [9,10]. One key study compared various ways to deal
with loss to follow-up for a single prediction question [11].  They developed a unique way of dealing with
loss to follow-up by assigning weights based on survival probability to the datapoints used to train
various machine learning models. Their results showed that the discrimination performance of the
different methods was similar, but the calibration was better using their weighting approach. However, it
is unclear to what extent these �ndings generalize to other prediction problems. There is currently no
large-scale data-driven guideline based on empirical evidence that can help model developers decide the
approach to take for prediction problems where patients are lost to follow-up.

We investigate the hypothesis that there is no impact on model performance estimates due to the
strategy for addressing loss to follow-up when using a cohort design. We use synthetic data studies and
an empirical assessment across 21 prediction questions using real world data to evaluate the impact of
various simple strategies for dealing with loss to follow-up.  These results will be used to provide best
practice guidelines for dealing with loss to follow-up in healthcare prediction.  We picked simple
strategies that don’t require editing classi�er software, so these strategies can be easily implemented by
researchers.

Methods
Data

In this study we use data extracted from a US electronic healthcare record database Optum® de-identi�ed
Electronic Health Record Dataset (Optum EHR).  This database contains medical records for 93,423,000
patients recorded between the years 2006-2018. The medical record data includes clinical information,
inclusive of prescriptions as prescribed and administered, lab results, vital signs, body measurements,
diagnoses, procedures, and information derived from clinical notes using Natural Language Processing
(NLP).
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The use of Optum EHR was reviewed by the New England Institutional Review Board (IRB) and were
determined to be exempt from broad IRB approval.

Strategies for developing patient-level prediction models with data containing loss to follow-up

We investigate four possible simple design choices for dealing with patients lost to follow-up, both with
pros and cons, see Table 1.  For all four designs a patient is labelled as having the outcome if she has the
outcome recorded during the observed time-at-risk (the observed time-at-risk ends when a patient is lost
to follow-up or the cohort study period ends).

We used a least absolute shrinkage and selection operator (LASSO) logistic regression model as the
classi�er for solutions 1-3.  For solution 4 we used a LASSO Cox regression model [17].
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Synthetic Data Study

We created partially synthetic data in two steps:

Step 1: Create Partially Synthetic data with no right censoring

We created a partially synthetic dataset using the following real-world prediction problem: ‘within patients
who are pharmaceutically treated for depression, who will experience nausea within 3 years of the initial
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depression diagnosis?’  We extracted real world data on predictors, outcomes, and follow-up time from
Optum EHR.  The extracted data contained 86,360 randomly sampled patients in the target population
(we sampled 100,000 but 13,640 patients had nausea prior to index and were excluded), of which 52,325
(60.5%) lacked complete 3-year time-at-risk follow-up.  To create a dataset with complete follow-up, we
trained a prediction model to predict nausea on this dataset and then applied it to the patients lost to
follow-up to impute whether they had the outcome.  For each patient lost to follow-up we drew a number
from a uniform distribution X ~ U(0,1) and if this value was less than or equal to the predicted risk of the
patient experiencing the outcome then the patient was labelled as an outcome patient, otherwise they
were labelled as non-outcome.  This resulted in 8,944 patients lost to follow-up being labeled as having
the outcome and 43,381 labeled as not having the outcome.  For each patient with the outcome imputed,
we also randomly selected the date at which they had the outcome by randomly picking uniformly
between their start date and 3 years following.  Full details of the method used to create the partially
synthetic data are available in Appendix C.

We chose to impute the outcome for patients lost to follow-up rather than restrict to patients who were
not lost to follow-up due to potential bias issues.  If the patients lost to follow-up were systematically
different to the patients not lost to follow-up, then the results observed when analyzing the impact of loss
to follow-up restricted to patients with complete follow-up may not generalize to the whole population.

Step 2: Simulating loss to follow-up

Starting with the partially synthetic dataset from step 1 that considers every patient to have complete
follow-up, we then partition this set into 75% training data and 25% test data. We then simulate loss to
follow-up in the training data based on either random selection or morbidity-based selection:

i. To simulate random loss to follow-up at a rate of thres% (thres in {10,20,30,40,50,70,90}) we draw
from a uniform distribution per patient i, X1i ~ U(0,1), and censor the ith patient if the number is less
than the censoring rate X1i < thres/100 (e.g., if the censoring rate is thres=10, then patients are
censored if their randomly drawn number is 0.1 or less).

ii. To simulate morbidity-based loss to follow-up at a rate of thres% we calculate each patient’s baseline
Charlson comorbidity index score and then �nd the score where thres% of patients have a score
equal or higher. We then consider all patients with that score or higher to be censored. 

For patients who are identi�ed as being lost to follow-up, we then simulate when they were lost. To
simulate the date a patient is lost to follow-up, we uniformly picked the date during the 3-year follow-up
(1095 days). For example, to simulate the date we draw a number from a uniform distribution, X2j ~
U(0,1), per patient j and set their censored date as start_datej + �oor(1095*X2j) where start_datej is the
date patient j entered the target cohort.  If a patient has the outcome at a date after their loss to follow-up
date, then the outcome would have been observed after loss to follow-up, so we revise these patients to
be labelled non-outcome patients.  If the patient has the outcome on a date before the loss to follow-up
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date, then we would have seen the outcome prior to loss to follow-up, so they are still considered to be
labelled as outcome patients.

We do not simulate loss to follow-up on the 25% test set, as this ‘silver standard’ is used to evaluate the
impact of the four different solutions for developing patient-level prediction models in data containing
loss to follow-up.  The creation of the synthetic data is illustrated in Figure 1.

Empirical Real-world Data Study

In addition to investigating the impact of dealing with loss to follow-up using a partially synthetic data
set with ground truth labels, we repeated the investigation using real word data. For each simple loss to
follow-up strategy we empirically investigate the performance when addressing 21 different prediction
problems for two different follow-up periods (time-at-risk of 1 year and 3 years after index) using real
world data.  In a previous study we developed models to predict 21 different outcomes in a target
population of pharmaceutically treated depressed patients [3].  For consistency, here we picked the same
21 prediction problems.

The target population of pharmaceutically treated depressed patients are de�ned as:

Index rule de�ning the target population index dates:

First condition record of major depressive disorder

Inclusion criteria:

Antidepressant recorded within 30 days before to 30 days after the target population index date

No history of psychosis

No history of dementia

No history of mania

>=365 days prior observation in the database

>=30 days post observation in the database

The 21 outcomes were: gastrointestinal hemorrhage, acute myocardial infarction, stroke, suicide and
suicidal ideation, insomnia, diarrhea, nausea, hypothyroidism, constipation, seizure, delirium, alopecia,
tinnitus, vertigo, hyponatremia, decreased libido, fracture, hypotension, acute liver injury and ventricular
arrhythmia and sudden cardiac death. All de�nitions and logic used to de�ne these outcomes are
supplied in Supplement A. 

Real world labelled data were extracted from Optum EHR for each prediction problem. We created labels
for each patient and time-at-risk (1-year and 3-years). For each prediction problem, the binary classi�er
outcome label was 1 if the patient had the outcome recorded during the time-at-risk following index and 0
otherwise. We did not impute any outcomes for patients lost to follow-up in the real-world data. The
predictors were the presence of medical conditions and drugs that occurred prior to index or
demographics at index.  We created binary indicator variables for every condition and drug one or more of
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the target population had recorded prior to index.  For example, if a patient had a record of type 1
diabetes prior to index, we could create a variable ‘type 1 diabetes any time prior’. Any patient who had
type 1 diabetes recorded prior to index would have a value 1 for the variable ‘type 1 diabetes any time
prior’ and any patient who did not have a type 1 diabetes record prior to index would have a value of 0. In
total we extracted 204,186 variables.

We then partitioned the labelled data into 75% training set and 25% test set.  The four design choices
were each independently applied for each prediction problem and models were developed using the
training data.

Performance evaluation

We evaluate the models’ performances by calculating the area under the receiver operating characteristic
curve (AUROC) on the test data with and without the patients lost to follow-up.  An AUROC of 0.5 is
equivalent to random guessing and an AUROC of 1 corresponds to perfect discrimination (able to identify
the people who will develop the outcome at a speci�c risk threshold).  The Cox regression AUROC was
calculated using the exponential of the sum of the effect parameters multiplied by the covariate values
(without the baseline hazard function).

Results
Partially Synthetic Data Studies

The results of the analysis on the synthetic data are presented in Tables 2 and 3. In these results the
‘silver standard’ test data contained complete follow-up for each patient, but in the train data we
simulated that thres% of patients were lost to follow-up.  Table 2 corresponds to when loss to follow-up is
randomly simulated, whereas table 3 corresponds to when loss to follow-up was based on a patient’s
health.  If a patient with the outcome (when they had full follow-up) had a simulated loss to follow-up
then two situations were possible i) the outcome date was before the date they were lost to follow-up
(before loss to follow-up date) or ii) the outcome date was after the date they were lost to follow-up (after
loss to follow-up).  If the outcome date was after the simulated loss to follow-up date, then the patient’s
label in the train data was set to non-outcome (noisy data).  When loss to follow-up was random the
solutions performed similarly in terms of discrimination (Table 2). When loss to follow-up was more
common in sicker patients, more outcome patients were lost to follow-up and the solution ‘Logistic
remove lost to follow-up non-outcomes’ performed worse in terms of discrimination on the test set (Table
3).
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The calibration plots, see Appendix A, show that the logistic models trained using data that excluded all
patients lost to follow-up are generally well calibrated, but the other models were poorly calibrated when
there was a high percentage of loss to follow-up (thres>30%).  The ‘keep all lost to follow-up’ LASSO
logistic regression models appear to slightly underestimate the risk, whereas the ‘remove lost to follow-up
non-outcomes’ solution substantially overestimated the risk. The miscalibration was worse as the
number of patients lost to follow-up increased. Figure 10 in Appendix A shows the development data
outcome rates as a function of percentage of loss to follow-up for each simple solution.  The calibration
results are clearly explained by the trends in Figure 10. The Cox regression requires the calculation of the
baseline hazard function before it can be used to calculate the probability that a patient experiences the
outcome during the time-at-risk period.  The tool we used for LASSO Cox regression does not provide this
function and calibration could not be calculated.

Empirical Real-world Data Studies
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The results of each solution when predicting the various outcomes within 1-year or 3-years of the initial
treatment for depression across the three test datasets are presented in Figure 2. The results are also
available as Tables in Appendix B. 

shows the performance of the four solutions are similar when the time-at-risk is 1 year except when the
outcome count is low (acute liver injury) or the outcome is associated to loss to follow-up (ventricular
arrythmia and sudden cardiac death). The performance is more varied when the time-at-risk is 3 years.
When the time-at-risk increases to 3 years, the LASSO logistic regression trained using data that removed
the lost to follow-up non-outcome patients seems to consistently perform worse when evaluated on the
data keeping all patients lost to follow-up or excluding all patients lost to follow-up.

Empirical results for 1 to 8-year time-at-risk

We highlight liver injury, because it is the rarest outcome, as well as suicide and suicidal ideation because
it is likely associated to loss to follow-up (e.g., if the patient dies by suicide). For these two outcomes we
compare the discrimination of the regularized logistic regression trained on data including lost to follow-
up patients and the regularized Cox model for various time-at-risks.  We trained the models on 75% of the
data, including those who were lost to follow-up. To evaluate we used the test set containing 25% of the
data, both when including all patients who were lost to follow-up (keep all) and when excluding all the
patients who were lost to follow-up (remove all).

Figure 3 shows that the discrimination performance was similar between a Cox regression model and a
logistic regression model that used LASSO regularization and were trained using data that included
patients lost to follow-up for the two prediction questions.  As the time at risk increases the number of
patients lost to follow-up increases, making the performance less certain in the test set that excluded
patients lost to follow-up (larger con�dence intervals on the right).

Discussion
In this study we compared the performance of four different simple solutions to address loss to follow-up
by using a partially synthetic dataset and 21 real world prediction questions. The simulation results
suggest that when loss to follow-up is random the solution makes little impact on discrimination.
However, the calibration was impacted when there was su�cient loss to follow-up, except in the cases of
the models developed using data that excludes all patients lost to follow-up. When the loss to follow-up
was simulated based on comorbidity, the models developed using data that excluded patients lost to
follow-up unless they had the outcome during the time-at-risk prior to censoring had much worse
discriminative performance than the other strategies and were poorly calibrated.  The real-world problems
predicting 1-year risk of various outcomes using different strategies to address loss to follow-up showed
the strategy had little impact on discriminative performance.  The 3-year real-world data models showed
variability in the discrimination ability based on the strategies.  This may have been because the 3-year
time-at-risk has more patients that are lost to follow-up. In general, we found:
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i. The binary classi�cation models trained when excluding all patients lost to follow-up resulted in well
calibrated models with good discriminative performance in both the random and comorbidity based
simulated scenarios. This was observed even in the worst-case scenario where a large number of the
most ill patients were lost to follow-up. This makes sense if the loss to follow-up is independent of
the outcome, as the non-outcome and outcome patients should have an equal chance of being lost
to follow-up.  However, this is not a feasible solution if excluding patients lost to follow-up reduces
the data size too much.  In addition, the real-world data suggests this approach is problematic when
the outcome is linked to loss to follow-up (see Figure 3 ‘ventricular arrhythmia and sudden cardiac
death’ and ‘acute myocardial infarction’ outcomes where the models trained using all the data
outperformed the model trained using data that excluded patients lost to follow-up) .  Hypothetically,
if the outcome was linked to death (e.g., acute myocardial infarction’), then excluding patients lost to
follow-up (those who died due to acute myocardial infarction’), would result in a model that predicts
surviving acute myocardial infarction attempt rather than all acute myocardial infarctions.  

ii. The binary classi�cation models trained when including all patients lost to follow-up appear to have
good discrimination but slightly under-estimate risk due to some of the patients with the outcome
being misclassi�ed as non-outcomes. LASSO logistic regression will be able to account for some
noise but using a more noise-robust classi�er may be preferable when loss to follow-up is common
[18,19]. The tolerance to small amounts of noise may explain why the discrimination performance
appears to be generally unaffected when including noisy labels up to a certain quantity.  However,
not observing all patients for the complete time-at-risk results in less outcomes (as patients who may
have had the outcome after being lost to follow-up are incorrectly labelled as non-outcomes) and this
resulted in an under-estimation of risk.  This is a limitation that must be highlighted if using this
approach.  It may be possible to recalibrate if the true outcome rate is known.

iii. The survival models (LASSO Cox) trained when including all patients lost to follow-up appear to
have good discrimination but are slower to train and require estimating the baseline hazard to
calculate calibration. In this paper we found that the discrimination performance for the LASSO
logistic regression and LASSO Cox models trained using data including lost to follow-up patients
across various time at-risk periods, from 1 year up to 8 years, appear to be equivalent.]

iv. The binary classi�cation models trained when excluding patients lost to follow-up who do not have
the outcome prior may have high discrimination when tested on data with the same exclusion rules.
However, these models appear to answer ‘what is my risk of having the outcome or being lost to
follow-up’ (as only outcome patients lost to follow-up can be in the development data) and can
perform poorly in terms of discrimination and calibration when answering the intended question
‘what is my risk of the outcome during time-at-risk’.  For example, the models often over-estimated
risk.  This makes sense as censoring the non-outcomes lost to follow-up results in a higher outcome
% (as the outcome count is the same but the study population reduces) in the development data,
causing calibration issues.  For this strategy, the train set discriminative performance was generally
higher than the other solutions, but the test set discriminative performance was lower. This indicates
the model is often not transportable to patients who were lost to follow-up without experiencing the
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outcome during the time-at-risk.  This makes sense, as sicker patients (who are likely to be lost to
follow-up due to death) are only included in the development data if they have the outcome before
censoring, so the outcome patients in these data will be arti�cially sicker.  This can cause
generalizability issues.

In summary, if a researcher needs to pick a simple strategy to address loss to follow-up when using a
cohort design, then he should avoid excluding patients who are lost to follow-up without experiencing the
outcome during the time-at-risk but including patients who are lost to follow-up after experiencing the
outcome during the time-at-risk.  This strategy consistently led to poorly calibrated models that may not
answer the intended question.  If experiencing the outcome is likely to increase the chance of being lost to
follow-up or the data are small, then excluding patients lost to follow-up is likely to be detrimental in
terms of discrimination. In this case, training a model using slightly noisy data that includes patients lost
to follow-up is preferable.  However, this is likely to lead to slightly miscalibrated models.  Recalibration
should be attempted if the true outcome rate is known or the calibration issue should be highlighted as a
potential limitation. Based on our simulation and empirical evaluation, it is our opinion that:

i. The LASSO Cox model does not appear to be better than training a LASSO logistic regression model,
in terms of discrimination, with training data that includes all patients lost to follow-up up to the 8-
year time-at-risk investigated. Future work should investigate whether using a LASSO Cox model can
lead to better calibration.

ii. Training a model using data that removed patients lost to follow-up who do not have the outcome
but kept those with the outcome can bias a model and lead to models that overestimate risk

iii. Evaluating a model on data that removed patients lost to follow-up who do not have the outcome but
kept those with the outcome can lead to optimistic performance estimates.

iv. If the loss to follow-up is associated with the outcome (i.e., the outcome can cause death) or the
outcome count is low then training a model on data where patients lost to follow-up are removed
could limit performance.

v. Training models using data that include patients lost to follow-up can lead to miscalibrated models
as the outcome percentage in the data is diluted.

As best practices we propose that researchers i) develop models using data that includes patients that
are lost to follow-up as this is less likely to lead to biased models (but use noise tolerant binary classi�ers
or survival models), ii) perform recalibration if possible to address the miscalibration issue and iii)
evaluate the model performance on test data that includes patients that are lost to follow-up but also
evaluate the model performance on test data that excludes patients that are lost to follow-up to gain
more insight into the true model performance.

A strength of this study is that we were able to empirically evaluate the impact of various solutions to
deal with loss to follow-up at scale. In this study we developed 4 models in 2 time-at-risk periods for 21
outcomes, so 168 models in total.  In future work it may be useful to expand this further and evaluate
whether the results hold across more datasets and prediction questions.  In addition, it would be useful to
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investigate the performance on external datasets to see which solutions are more generalizable.  Our
results for the partially synthetic study are dependent on the technique we used to impute the outcome
labels and the methods used to simulate loss to follow-up.  A limitation of our partially synthetic study is
that we made certain assumption such as that the loss to follow-up date was uniform between the time-
at-risk period, whereas in reality you may �nd censoring more common at the start or end of the follow-
up.  In addition, for the Charlson comorbidity-based simulation we decided to investigate the worst-case
scenario, where the sickest patients were lost to follow-up. Therefore, our results using the partially
synthetic data may be due to the imputation and simulation designs. In future it may be useful to study
more simulation scenarios to gain a greater theoretical understanding, especially for scenarios where the
outcome is associated to loss to follow-up. There have been numerous methods to address missing
outcome data [20,21] and in future work it would be interesting to see whether our partially synthetic
results hold when using different techniques to create the partially synthetic data. However, our empirical
results used real world data that would capture any data complexities such as loss to follow-up
distribution, so these are more informative.  Although, we only tested the solutions on 21 real world
prediction questions, and it is not possible to know whether our results would generalize to all prediction
questions.

The problem of loss to follow-up in cohort studies is effectively a missing outcome data problem.  In this
study we did not consider using imputation methods to address the outcome missingness, instead we
focused on simple methods using noisy labels, complete case analysis or survival models that can
handle the missingness.  There are a range of imputation techniques that are often used in clinical trial
studies with missing outcome data [20], however these generally make assumptions about the
missingness mechanism that can be impossible to con�rm. In addition, studies have shown that
misspeci�ed outcome imputation models can cause bias in relative risk estimates [22], so bias issues
may also occur when using imputation to address loss to follow-up in prognostic model development.  In
future work it would be interesting to further investigate and compare whether methods to impute the
missing outcomes could be used as an alternative strategy for addressing loss to follow-up. In addition,
there are other solutions available for addressing loss to follow-up that were not investigated. For
example, patients lost to follow-up could have a lower weight assigned when calculating the model
performance, so they have less impact.  However, we selected the four solutions investigated in this paper
due to their simplicity so they could be widely implemented without advanced knowledge of machine
learning or programming, as this is likely to limit a solution’s utility.

This is the �rst study to empirically evaluate simple design choice for dealing with loss to follow-up data
in prediction model development at scale and our results can now be used to guide other researchers. 

Conclusion
We compared four different techniques that can be used to address the issue of loss to follow-up in
prediction model development.  Our results suggest that using training data that removes patients who
are lost to follow-up who do not have the outcome but keeps patients lost to follow-up who have the
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outcome can lead to biased models. Based on this research it appears that it is best to develop models
using data that includes patients that are lost to follow-up .  However, recalibration is likely to be required
as this strategy appears to result in models that under-estimate risk.
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Figures

Figure 1

Creating the synthetic data and using it for model development and validation
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Figure 2

The test AUROC performances for four censoring solutions on three difference test sets across 21
prediction questions

Figure 3
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Comparing LASSO logistic regression and LASSO Cox regression both trained on data including patients
lost to follow-up for time-at-risk periods between 1 to 8 years. The left-hand plots are the discrimination
performance (AUROC) when evaluated on a test set that included patients lost to follow-up and the right-
hand plots are the discrimination performance (AUROC) when evaluated on a test set that excluded
patients lost to follow-up. The rows are the different outcomes (top row corresponds to the liver injury
outcome models and bottom row corresponds to the suicide attempt and ideation outcome models)
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