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Abstract 

Electronic health records (EHRs) are a rich, real-world data source widely used to 

develop clinical prediction models (CPMs). However, outcomes in EHR data are often 

not fully observed, as individuals can receive care at multiple institutions or otherwise 

fall outside the system’s observational reach. This observability problem, particularly 

when it differs by demographic subgroups (differential observability), can introduce a 

critical source of bias in EHR-based CPMs. As a result, models may systematically 

underestimate risk for vulnerable groups, reinforcing existing health inequities. 

While observability is a challenge across all EHR-based studies, this dissertation 

focuses on outcome observability within CPM development. Specifically, it addresses 

three key questions: how differential observability can bias CPMs, how to estimate the 

degree of observability, and how to build robust CPMs despite incomplete outcome 

information. First, after formally defining observability, we demonstrate how differential 

observability induces algorithmic bias in CPMs. Next, we propose a novel method to 

estimate and assess the extent of observability using a fully observed external data. By 

reweighting the external data to resemble the target EHR population, the approach 

provides estimates of both overall and differential observability, without requiring direct 

patient-level linkage. Finally, we address the challenge of constructing CPMs for long-

term outcomes with a limited observing window. We frame this as a positive–unlabeled 

(PU) problem, and employ an adversarial domain adaptation method that aligns 

historical, fully labeled data with more contemporary, partially labeled target cohort to 

maintain predictive performance despite shifting patient populations. 
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This dissertation underscores the importance of accounting for observability when 

leveraging EHR data for CPMs. By defining and measuring outcome observability, as 

well as adapting modeling strategies to mitigate its impact, this dissertation provides a 

comprehensive framework for handling observability in EHR data when building clinical 

prediction models. 
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1. Introduction 

Electronic health records (EHRs) are an important data source for healthcare research, as 

they contain detailed patient-level information—demographics, diagnoses, laboratory 

results, and medication histories—that may not be accessible elsewhere (Goldstein, 

Navar, et al., 2017). Collecting data specifically for clinical research can be expensive 

and time-consuming, whereas utilizing EHRs allows researchers to access extensive 

patient cohorts and perform large scale retrospective analyses.  

A central application of EHR data is the development of clinical prediction 

models (CPMs), which estimate the likelihood of diagnostic or prognostic events, such as 

mortality or hospital readmission, and inform patient-specific interventions (Steyerberg, 

2009). CPMs derived from EHR data increasingly support clinical decision-making in 

modern health systems (Alexiuk et al., 2024; Goldstein, Navar, et al., 2017; Sutton et al., 

2020). Many institutions employ EHR-based tools that identify high-risk patients for 

early follow-up or more intensive management, thereby improving patient outcomes and 

reducing costs. For example, a CPM for predicting unplanned hospital readmission has 

been implemented in Duke University Health System (DUHS). This model facilitates 

targeted interventions including case management, medication reconciliation and post 

discharge follow-up, aiming to reduce the risk of readmission (Gallagher et al., 2020). 

Another example is the early warning score (EWS) for patient deterioration, which alerts 

clinicians to potential adverse events and facilitates timely interventions (O’Brien et al., 

2020; Smith et al., 2013). These implementations underscore the potential impact of 

EHR-based CPMs to improve patient outcomes and healthcare delivery. 
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Despite the abundance of EHR data, limitations arise because EHRs were not 

designed primarily for research. EHRs only capture patient data from interactions within 

a health system related to specific encounters, and those interactions tend to be non-

random. This phenomenon, known as informed presence, has been shown to bias 

association estimates in multiple studies (Goldstein et al., 2016, 2019; McCulloch et al., 

2016; McGee et al., 2022; Phelan et al., 2017). Fewer studies, have focus on informed 

presence bias in the context of CPMs (Sisk et al., 2021), where the aim is to achieve good 

prediction instead of estimate effects. These studies only focus on predictors rather than 

the presence or absence of outcomes.  

In the dissertation, we define the degree to which true patient characteristics are 

captured in EHR as observability. While observability is a challenge across all EHR-

based studies, this dissertation focuses on outcome observability within CPM 

development. For example, in predicting hospital readmission, a patient who is re-

hospitalized elsewhere would not appear as having a readmission in the local EHR, even 

though one occurred. This can lead to informed presence bias into CPM, as the recorded 

outcomes become systematically skewed by which patients seek or receive care in the 

observed system. 

Observability issues can arise in many ways: patients may relocate, seek care at 

multiple hospitals, or have outcome that fall outside of a given observation window. 

Differential observability occurs when observability varies across population 

subgroups. For instance, patients living farther away or from specific racial/ethnic 

backgrounds may be systematically less likely to have their readmissions or other 

outcomes recorded. A naive analysis of single-center EHR data may underestimate 
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outcome rates in already high-risk groups. When the data with observability issues feed 

into CPMs, the models can underestimate risk for these groups, potentially induce 

algorithmic bias and exacerbating existing health inequities (Mitchell et al., 2021; 

Obermeyer et al., 2019).  

Although concerns about algorithmic bias in clinical prediction models are well 

recognized (Cary et al., 2023), the particular role of observability-induced bias has 

received relatively little direct attention. Within the machine learning life cycle 

framework introduced by Suresh & Guttag (2021), observability can be seen as a 

measurement bias as the unobserved outcome may not be measured accurately. It can 

also be seen as historical bias as the data do not reflect a patient’s true current status. 

While observability can be framed in many ways, this dissertation addresses outcome 

observability as a distinct source of bias. We formally define outcome observability, 

illustrate how differential observability can induce differential bias in CPMs, and 

highlight its significance for clinical risk prediction.  

Related concepts exist in other fields. For instance, missing data (Rubin, 1976) 

and observability are interrelated but differ in focus: missing data concerns how values 

are absent, while observability focuses on whether an event is truly captured at all. As 

Weiskopf et al. (2013) emphasize, having complete EHR records does not guarantee a 

patient’s outcome is fully observed. In the typical missing-data paradigm, we often know 

that a value is missing, whereas in the observability scenario, a non-recorded outcome 

may reflect either a true negative or a missed positive event. From a missing-data 

mechanisms perspective (Rubin, 1976), observability can also be viewed as missing not 



 

4 

at random (MNAR), since whether an outcome is missing depends on the underlying 

status (positive vs. negative).  

Observability further relates to measurement error in epidemiology, where a true 

response is measured with some degree of error (Carroll et al., 2006). In particular, if the 

variable is categorical, measurement error is also referred to as misclassification. 

Observability can be viewed as a form of misclassification problem unique to EHR data: 

true positives may appear as negatives (i.e., unobserved), but true negatives typically 

remain negative. McGee (2022) has discussed how informed presence bias occur as a 

form of misclassification in association studies. While many studies have addressed 

measurement error in predictors, fewer have explored measurement error for outcome 

variables. Even those that do require external validation sets with both the true and 

misclassified outcomes, and are not designed to estimate the degree of error itself. 

(Ackerman et al., 2019; Siddique et al., 2019).  

Within the machine learning literature, binary outcome observability has been 

framed as a positive and unlabeled (PU) problem—i.e., only positives (true events) are 

fully labeled, whereas negatives may be genuine or merely unobserved (Bekker & Davis, 

2020; Elkan & Noto, 2008). Although existing PU-learning approaches have been widely 

studied, many assume Selected Completely At Random (SCAR)—meaning that missing 

outcomes do not depend on individual characteristics. In contrast, differential 

observability aligns more closely with Selection At Random (SAR), for which it is harder 

to estimate labeling probabilities. Some recent work has explored ways to estimate 

labeling probabilities  (Bekker et al., 2020; Gerych et al., 2022), but these often entail 

strong assumptions that may not hold in real-world EHR data.  
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After identifying observability as a source of bias, the next step is to quantify the 

degree of outcome observability. We propose a novel method to estimate the degree of 

observability by comparing EHR-based outcome to those in a fully observed external 

data source without requiring patient-level linkage. By reweighting the external data to 

match the EHR population, we derive estimates of both overall observability and 

differential observability across subgroups. 

Finally, recognizing that EHR datasets only contain partially observed outcomes, 

we propose a framework to build CPMs despite outcome observability. We focus on the 

common scenario of training models for long-term outcomes when not enough follow-up 

time has elapsed to observe all events—yet another manifestation of the observability 

problem. By aligning a historical, fully labeled cohort with a contemporary, partially 

labeled cohort using adversarial domain adaptation that accounts for PU labels, we can 

preserve model performance even as the population shifts over time. 

In summary, defining and characterizing observability, estimating its extent, and 

accounting for it in CPM development are crucial steps toward mitigating bias and 

improving the reliability of EHR-based predictive modeling. The work presented in this 

dissertation addresses three core research questions: 

1. How does differential observability induce algorithmic bias in EHR-based CPMs? 

2. How to estimate and evaluate the degree of observability in a EHR dataset using 

an external data? 

3. What modeling strategies can account for observability to produce robust 

predictions? 
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Chapter 2 explores the concept of observability and differential observability and 

illustrates how it can induce algorithmic bias. Chapter 3 proposes a novel approach to 

estimate EHR data observability using external data. Chapter 4 proposes and evaluate an 

adversarial domain adaptation strategy for CPMs under positive-unlabeled conditions, 

focusing on longer-term outcomes. Finally, Chapter 5 synthesizes the findings, discusses 

their implications for health informatics, and suggests future directions.  
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2. Observability and its Impact on Differential Bias for 
Clinical Prediction Models1 

2.1 Introduction 

Electronic health records (EHRs) are a key data source for developing clinical prediction 

models (CPMs) (Goldstein, Navar, et al., 2017). However, one challenge of EHR data is 

that there is incomplete observability of patient outcomes, where observability refers to 

the degree to which patient characteristics are captured, i.e., observed, within the EHR. 

Often, what we observe within the EHR is informative, leading to information-based 

biases collectively referred to as informed presence bias (Goldstein et al., 2016; Phelan et 

al., 2017; Sisk et al., 2021). For example, when studying hospital readmissions, the lack 

of an observed readmission does not mean that one did not occur. It just means that a 

person did not readmit to the medical center under study. Here, we are interested in the 

scenario when the limited observability is different across some factor, e.g., if the capture 

of readmission differs based on the distance one lives from the medical center. We call 

this differential observability. Typically, we are concerned about differential 

observability across demographic factors, however, differential observability can occur 

across any patient-level factor. Herein, we refer to these factors as sensitive variables 

(Boeschoten et al., 2021; Veale & Binns, 2017), though note others have used other terms 

like protected attributes as well (Galhotra et al., 2020; Mitchell et al., 2021). Our concern 

in this paper is how differential observability can induce biases in the context of CPMs. 

To date, most studies of EHR based biases have focused on association studies, though 

 

1 This chapter is a published paper: Yan, M., Pencina, M. J., Boulware, L. E., & Goldstein, B. A. (2022). 
Observability and its impact on differential bias for clinical prediction models. Journal of the American 
Medical Informatics Association, 29(5), 937–943. https://doi.org/10.1093/jamia/ocac019 
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Sisk et al.(2021) showed how informed presence can also influence CPMs. In this paper, 

we further raise the understanding of informed presence, especially the differential 

observability problem, from a prediction model perspective.  

CPMs estimate the probability of a diagnostic or prognostic outcome and provide 

evidence-based support for clinical decision-making (Steyerberg, 2009). Attention has 

been paid to algorithmic fairness in prediction models (Mitchell et al., 2021; Obermeyer 

et al., 2019). When algorithm performance differs across demographic factors (e.g., race, 

sex, age), this can create and perpetuate health inequities, leading to algorithmic 

unfairness. We posit that using EHR data with differential observability to develop CPMs 

can induce such biases. Often these differences are due to structural inequities in how 

care is provisioned. For example:  

● Health system utilization. As in the readmission example above, people who live 

further from the health system may be less likely to readmit to the same hospital. 

Additionally, multiple studies have detailed racial and ethnic differences in the 

usage and access to emergency department resources (Brown et al., 2012; Heron 

et al., 2006; Snowden et al., 2009). If resource utilization serves as an indicator of 

health status, then there will be differential observability of different groups based 

on how they seek care. 

● Receipt of differential care.  Inequities within the provision of health care can 

impact observability. Females are underdiagnosed with myocardial infarction and 

are less likely to be given proper treatments compared to males. Shah et al. (2015) 

and Hanchate et al. (2019) demonstrated differences in the types of hospitals 

patients are transferred to based on one’s race/ethnicity. Such inequities in care 



 

9 

and documentation can lead to the under and over-estimation of risk for different 

groups. 

● Differential performance of diagnostic tools. Pulse oximetry has been found to 

perform differentially in Black versus White patients (Sjoding et al., 2020). 

Similarly, breast density can impact the quality of mammograms in detecting 

breast cancer (Wanders et al., 2017), potentially differentially impacting Asian 

women (Maskarinec et al., 2001).  

In response to these concerns, recent work has questioned how best to handle 

sensitive variables. In particular, multiple authors have suggested that a better 

understanding of the relationship between factors such as race and the outcome is needed 

to decide if it should be incorporated into CPMs (Anderson et al., 2021; Paulus et al., 

2018; Vyas et al., 2020). Therefore, before identifying solutions to such biases, it is 

important to better understand the mechanism under which such biases arise.  

In this paper, we seek to formally define algorithmic bias within the context of 

CPMs and show how it arises. Specifically, we propose that there is a “true” outcome that 

may not be fully observed within EHR data. If that observability is differential across a 

sensitive variable, differential bias can ensue. We use simulation methods along with a 

real data example to show how this differential bias arises and when the inclusion of a 

sensitive variable can either exacerbate or alleviate such biases. 

2.2 Materials and Methods 

2.2.1 Definition of Differential Bias 

Observing an outcome of interest (e.g. readmissions) within an EHR involves a 

two-stage process (Figure 2.1). In the first stage, the “true”, potentially unobserved, event 
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occurs and in the second stage, there is the observation, potentially incomplete, of the 

event in the EHR. For example, if someone has a readmission, but readmits to a different 

hospital, that information will not be observed within the EHR. 

 

Figure 2.1: Diagram illustrating the differential observing process by sensitive 
variable 𝐗𝐬 

We posit that one mechanism for differential bias is when the observability of 

such an event differs across a sensitive variable. For example, people who live further 

away from the hospital under study are less likely to readmit to the same hospital. 

Therefore, within the data, people who live further away will have lower readmission 

rates.  

A sensitive variable can impact either one of the stages in Figure 2.1 producing 

different potentials for bias. It can also be correlated with other risk factors. The 

differential bias (𝛥𝐵𝑖𝑎𝑠) is induced when a model differentially under or over predicts 

risk for a particular group. We start by considering the statistical definition of bias as the 

difference between a parameter (i.e., truth) and its estimate. Suppose 𝑋" is any risk factor 

for the outcome, 𝑋#	is a sensitive variable, E is the true unobserved binary event, and Y is 

the observed binary outcome. For the previous example, 𝑋#	 is age, 𝑋" can be some 

preexistent health conditions, E=1 is readmission and Y=1 is observed readmission.  

The overall bias can be defined as: 
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𝑂𝑣𝑒𝑟𝑎𝑙𝑙	𝐵𝑖𝑎𝑠 = 𝑚𝑒𝑎𝑛1𝑃(𝐸 = 1) − 𝑃8(𝑌

= 1):																																																																									(1)	 

When 𝑋# is binary, the bias within each group is 𝑚𝑒𝑎𝑛1𝑃(𝐸 = 1|𝑋# = 0) −

𝑃8(𝑌 = 1|𝑋# = 0): for group 0 or 𝑚𝑒𝑎𝑛1𝑃(𝐸 = 1|𝑋# = 1) − 𝑃8(𝑌 = 1|𝑋# = 1): for 

group 1. Based on this definition of subgroup bias, we further define differential bias as 

the difference between subgroup biases: 

𝛥𝐵𝑖𝑎𝑠 = 𝑚𝑒𝑎𝑛1𝑃(𝐸 = 1|𝑋# = 1) − 𝑃8(𝑌 = 1|𝑋# = 1):

− 𝑚𝑒𝑎𝑛1𝑃(𝐸 = 1|𝑋# = 0)

− 𝑃8(𝑌 = 1|𝑋# = 0):																																														(2) 

When 𝑋% is continuous, such as age, then we can define differential bias as a 

difference in biases between two realizations of 𝑋#: 

𝛥𝐵𝑖𝑎𝑠& = 𝑚𝑒𝑎𝑛1𝑃(𝐸 = 1|𝑋# = 𝑥 + 𝑑) − 𝑃8(𝑌 = 1|𝑋# = 𝑥 + 𝑑):

− 𝑚𝑒𝑎𝑛1𝑃(𝐸 = 1|𝑋# = 𝑥)

− 𝑃8(𝑌 = 1|𝑋# = 𝑥):																																														(3) 

We note a couple of points. First, while it is often of interest to consider 

differential bias, we emphasize that it is equally important to consider the bias within 

each sub-group as well. An algorithm can exhibit no differential bias, but still be biased 

within each subgroup. Second, while the proposed definition is related to miss-

calibration, calibration is based on observed factors (outcome and estimated risk), while 

here we are considering unobserved factors (true and estimated risk).  
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2.2.2 Simulation Study Framework 

To understand the process outlined in Figure 2.1 we conduct a comprehensive 

simulation study. We have the two stages as: 

Stage 1: 𝑙𝑜𝑔𝑖𝑡E𝑃(𝐸 = 1)F = 𝛽' + 𝛽"𝑋" + 𝛽#𝑋# 

Stage 2: 𝑙𝑜𝑔𝑖𝑡E𝑃(𝑌|𝐸 = 1)F = 𝛾' + 𝛾#𝑋# 

Here, the sensitive variable affects the true risk through 𝛽# in stage 1, and affects 

the probability of observing the outcome through 𝛾# in stage 2. 𝛾' and 𝛾# together 

determine the probabilities of observing the outcome. As 𝛾' increases, so does the full 

observability; as |𝛾#|	increases, so does the differential observability.  

We start by simulating stage 1, with a binary variable	𝑋#, and a continuous risk 

factor X1, where 𝑋" ∼ 𝑁(0,1) + 𝜇𝑋#. In this way, different 𝜇 corresponds to different 

correlation between 𝑋" and 𝑋#. The true outcome E and the observed outcome Y are 

generated for different scenarios by varying parameters. For each setting, we learned two 

CPMs: one with the sensitive variable and one without. We then used the fitted models to 

predict the risk using new data generated by the same process. The steps of this general 

simulation framework are as follows: 

Input: 𝛽', 𝛽", 𝛽#, 𝛾', 𝛾# 

1. Generate 𝑋# from Bin(1,0.5) and 𝑋"  from 𝑁𝑜𝑟𝑚𝑎𝑙(0,1) + 𝜇𝑋# (sample size 

n=1000). 

2. Set 𝛽', 𝛽", 𝛽#  and generate true outcome E and true risk P(E=1) using stage 1 

logistic model. 

3. Set 𝛾', 𝛾#  and generate observed outcome Y using stage 2 logistic model if E=1. 

Otherwise, Y=0. 
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We repeated this process over a grid of parameter values, 1000 times for each 

setting.  For each data set we used the observed Y to train two CPMs: one with just 𝑋" 

and with both 𝑋"	and 𝑋#. We then generate a “test” data set under the same initial 

parameters and compared the predicted risk to the true risk.  

For simplicity we first consider when 𝜇 = 0, that is, 𝑋" and 𝑋# are uncorrelated. 

We then extend the simulations to the cases when 𝑋" and 𝑋# are correlated (Appendix 

A1) and when 𝑋# is continuous (Appendix A2).  

2.2.3 Simulation Evaluation 

We performed 6 sets of simulations (Table 2.1Table 2.1: Simulation Table for binary 

𝐗𝐬). The first two simulations are examples of the simple cases where the sensitive 

variable only impacts either the true outcome (𝛽# ≠ 0	&	𝛾# = 0), i.e. there is no 

differential observability issue, or only impacts observing the outcome (𝛽# = 0	&	𝛾# ≠

0). To observe the differential bias, we compared predicted risk to the true risk for each 

group in each simulation and visualized the results using true versus predicted risk plots. 

Table 2.1: Simulation Table for binary 𝐗𝐬 

Simulation 𝜷𝟎 𝜷𝟏 𝜷𝒔 𝜸𝟎 𝜸𝒔 

1 0 2 1 2 0 

2 0 2 0 10 -11 

3 0 2 (-3, 3)* 0 (𝑝% = 0.5) (-2.5, 3.5)* 

4 0 2 (-3, 3)* 1 (𝑝% = 0.73) (-3, 2.5)* 

5 0 2 (-3, 3)* 2 (𝑝% = 0.88) (-5, 2)* 

6 0 2 (-3, 3)* 10 (𝑝% = 1) (-12, 0)* 

* Simulation parameter was a sequence with steps of 0.25 
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Simulations 3 to 6 investigate the more complex scenarios where the sensitive 

variable affects both the true outcome and observability. We compare the absolute values 

of 𝛥𝐵𝑖𝑎𝑠 (see equation(2)) including or excluding the sensitive variable 𝑋# under the 

same parameter settings, i.e., |𝛥()𝐵𝑖𝑎𝑠| − |𝛥*+𝐵𝑖𝑎𝑠|. We fix 𝛽', 𝛽", 𝛾' and vary 𝛽#, 𝛾# for 

different magnitudes and directions of stage 1 and stage 2 sensitive variable effects. For 

each set of simulations, we follow the procedure below. 

Set 𝛽', 𝛽", &	𝛾'. For each 𝛽# and 𝛾#: 

1. Generate the data and obtain the prediction results from the general simulation 

framework.  

2. Compute 𝛥()𝐵𝑖𝑎𝑠 and 𝛥*+𝐵𝑖𝑎𝑠. 

3. Repeat 1000 times and take the mean of	𝛥()𝐵𝑖𝑎𝑠 and 𝛥*+𝐵𝑖𝑎𝑠. 

4. Compute |𝛥()𝐵𝑖𝑎𝑠| − |𝛥*+𝐵𝑖𝑎𝑠|. 

We generate a heatmap for each simulation (3 to 6) to visualize the changes of 

|𝛥()𝐵𝑖𝑎𝑠| − |𝛥*+𝐵𝑖𝑎𝑠| while changing the impacts of 𝑋# on the true outcome and 

observing the outcome. We report empirical 95% confidence intervals. 

2.2.4 Real Data Example 

To illustrate this we consider predicting 30-day hospital readmission. We 

identified all discharges from 2018 – 2019 from one of the hospitals within our health 

system. We developed a (simple) CPM for 30-day readmission using patient age, length 

of stay, admission source and five comorbidities. Additionally, we categorized each 

patient as being local (within the hospital’s county) or non-local. We propose that Local 

does not affect 30-day readmission, but the observability of it. We compared model 

performance with and without this sensitive variable. 
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All analyses were performed in R version 3.6.3. The simulation code is available 

in the technical appendix. The data analysis was declared exempt by our institution’s 

IRB. 

2.3 Results 

2.3.1 Sensitive Variable Impacting either the Outcome or Observability 

The calibration plots (in probability scale) of the two simple cases where the 

sensitive variable 𝑋# only impacts either the true outcome or observing the outcome 

(simulation 1 and 2) are shown in Figure 2.2 and Figure 2.3. The red, green and blue 

curves are the mean curves for group 0, group 1 and overall, respectively. In Figure 2.2, 

the data does not have differential observability issues by design. The sensitive variable 

𝑋# impacts the true risk of the outcome (stage 1) but not the observability (stage 2). Here, 

ignoring 𝑋# in the CPM (2a) leads to differential bias as the red and green curves are 

farther apart, while including 𝑋# leads to less differential bias (2b, two curves overlap). 

Conversely, in Figure 2.3, the sensitive variable 𝑋# does not impact stage 1 but does 

impact stage 2 by design. In this case, differential observability issue occurs. Leaving 𝑋# 

out of the CPM results in less differential bias (3a) where including 𝑋# in the model does 

induce differential bias (3b). 
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Figure 2.2: True versus predicted risk by the sensitive variable when it only impacts the 
true outcome 

(𝛃𝐬 = 𝟏, 𝛃𝟎 = 𝟎, 𝛃𝟏 = 𝟐, 𝛄𝐬 = 𝟎, 𝛄𝟎 = 𝟐), with no differential observability issue. Left (2a): 
Excluding sensitive variable in model. Right (2b): Including sensitive variable in model. 

 

Figure 2.3: True versus predicted risk by the sensitive variable when it only impacts 
observing outcome 

(𝛃𝐬 = 𝟎, 𝛃𝟎 = 𝟎, 𝛃𝟏 = 𝟐, 𝛄𝐬 = −𝟏𝟏, 𝛄𝟎 = 𝟏𝟎). Left (3a): Excluding sensitive variable in 
model. Right (3b): Including sensitive variable in model. 

We emphasize that the differential bias we are interested in is the difference 

between subgroup biases. In Figure 2.3a the overall model is biased due to the 

unobserved outcomes. However, this bias is non-differential, as the curves for each group 
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and the overall mean curve overlap. Only when we include the sensitive variable into the 

CPM does it become differential. In particular, the group without observability concerns 

(red) is almost perfectly calibrated while the group with observability concerns (green) is 

biased. 

Therefore, to mitigate differential bias, the choice of whether to include 𝑋# in the 

model becomes obvious in the cases where it only impacts one of the two stages. If there 

is no differential observability issue associated with 𝑋#, then it should be included in the 

CPM; if 𝑋# only impacts the observation process, it is better to exclude it in the model. 

When 𝑋# is continuous the story is the same (Appendix A.). 

2.3.2 Sensitive Variable Impacting both the Outcome and Observability 

When 𝑋# affects both the true outcome and observing the outcome the results are 

less straightforward. Figure 2.4 shows the value of |𝛥()𝐵𝑖𝑎𝑠| − |𝛥*+𝐵𝑖𝑎𝑠| varies as effect 

of the sensitive variable on the true outcome (𝛽#) and on observability (𝛾#) varies 

(simulations 3 and 6). If the value of |𝛥()𝐵𝑖𝑎𝑠| − |𝛥*+𝐵𝑖𝑎𝑠| is positive (red), it is better 

to exclude 𝑋# in the model; if the value is negative (blue), it is better to include 𝑋# in the 

model. The heatmaps are consistent with the results discussed earlier when the sensitive 

variable only impacts one of the stages (𝛾# fixed at 0 or 𝛽# fixed at 0). A more general 

pattern can also be seen from the figure. The upper left corners of (4a) and (4b) are red 

indicating that if 𝑋# has a positive effect on the true outcome and a negative effect on 

observability, then it is better not to include 𝑋#. If the sensitive variable effects are in the 

same direction (both positive or negative), it is better to include 𝑋# in the model.  If we 

have fully observed data (𝛾# = 0 in Figure 2.4b), we should include 𝑋# in the model. 

Moreover, the possible correlation between 𝑋" and 𝑋# does not meaningfully affect the 
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results under these specific simulation settings (Appendix A1). The main driver of 

differential bias is the sensitive variable effect on the true outcome and observability.   

 

Figure 2.4: Heatmaps of |𝚫𝐢𝐧𝐁𝐢𝐚𝐬| − |𝚫𝐞𝐱𝐁𝐢𝐚𝐬|	when 𝛃𝐬 and 𝛄𝐬 vary. 

Left(4a): Probability of observing outcome for reference group is set to be 0.5 (𝛄𝟎 =
𝟎),	𝐏(𝐘|𝐄 = 𝟏, 𝐗𝐬 = 𝟎) = 𝟎. 𝟓. Right(4b): 𝛄𝟎 = 𝟏𝟎,	𝐏(𝐘|𝐄 = 𝟏, 𝐗𝐬 = 𝟎) = 𝟏. 

2.3.3 Assessment with Observed Data 

A follow-up question is whether we can use observed data to assess whether we 

should include a sensitive variable in a CPM. Table 2.2 shows the values of two 

commonly used evaluation metrics: AUC and calibration-in-the-large (from simulations 1 

and 2). We can see that the AUC between two groups (𝚫AUC) does not change when 𝑋# 

is included or excluded.	The calibration-in-the-large difference between two groups is 

always smaller when 𝑋#	is included in the model (𝚫Calibration). This result suggests that 

metrics that are only based on observed data may not be able to detect the true differential 

bias induced by observability differences.  

Table 2.2: Table of 𝚫AUC and 𝚫Calibration under different scenarios over 1000 
simulations with 95% confidence interval. 
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Note that cases with smaller differential bias (bold) are not necessarily 
corresponding to smaller 𝚫AUC and 𝚫Calibration. 

 𝑿𝒔 only impacts the true outcome 𝑿𝒔 only impacts observability 

𝚫AUC 𝚫Calibration 𝚫AUC 𝚫Calibration 

Exclude 𝑿𝒔 0.025 

(-0.028,0.075) 

0.130  

(0.079,0.183) 

0.152 

(0.091,0.216) 

-0.366 

(-0.412,-0.219) 

Include 𝑿𝒔 0.025 

(-0.028,0.075) 

0.0004 

(-0.071,0.069) 

0.152 

(0.091,0.216) 

0.002 

(-0.063,0.061) 

2.3.4 Real Data Example Results 

Table 2.3 shows the model performance for a CPM predicting 30-day hospital 

readmission, with and without Local status. There is not a meaningful difference between 

the AUCs of the local and non-local groups (ΔAUC).  Moreover, the calibration-in-the-

large subgroup difference (ΔCalibration) is smaller when Local is included. However, 

since living locally only impacts the observability of the outcome (30-day readmission), 

according to the simulations we should have smaller true differential bias when excluding 

it from the model. Therefore, as suggested by Table 2.2, we cannot use performance in 

observed data to determine if there is differential bias.   

Table 2.3: Table of AUCs and Calibrations of models include or exclude variable Local 
with 95% confidence intervals. 

𝚫𝐀𝐔𝐂 and 𝚫𝐂𝐚𝐥𝐢𝐛𝐫𝐚𝐭𝐢𝐨𝐧 are the differences between local and non-local AUCs and 
calibration-in-the-large. 

 Exclude Local Include Local 

𝚫AUC -0.047 

(-0.110,0.015) 

-0.044 

(-0.105,0.020) 

AUC (Local=1) 0.638 

(0.582.0.693) 

0.642 

(0.587,0.697) 
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AUC (Local=0)  0.685 

(0.657,0.714) 

0.685 

(0.657,0.714) 

𝚫Calibration 0.018 

(0.002,0.036) 

0.010 

(-0.007,0.026) 

Calibration (Local=1) 0.014 

(0.003,0.028) 

0.009 

(-0.006,0.022) 

Calibration (Local=0) -0.004 

(-0.014,0.006) 

-0.001 

(-0.012,0.009) 

2.4 Discussion 

In this paper, we propose a formal definition and mechanism for differential bias 

in CPMs. We first consider how differences in observing an outcome may induce 

differential bias. Our study attempts to shed some light on the increasingly common 

question of whether one should include non-clinical factors (i.e. socioeconomic status, 

race/ethnicity, etc.) in a CPM (Anderson et al., 2021; Paulus et al., 2018; Vyas et al., 

2020). Our simulation studies show that the answer is more complex than a simple yes or 

no. 

Our definition of algorithmic bias is based on statistical bias. We extend this to 

notion of differential bias, a between-group difference of the predicted versus true risk. 

Similar definitions of bias of subpopulation differences have been considered by others 

(Barda et al., 2021). This defines algorithmic bias as a difference-in-differences between 

the "truth" and the "estimand", highlighting that this is based on unobserved factors. In 

particular, we do not consider differential bias based on differential performance within 

subgroups because that may be potentially due to predictive heterogeneity as opposed to 

a true bias.  
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Using our definition, we propose a two-stage model by which differential bias 

could arise. Specifically, we posit that differential bias is due to differential observability 

of patient outcomes. As our opening vignettes discuss, there are a variety of real-world 

mechanisms through which observability concerns arise: if a particular group has less 

access to healthcare, less likely to receive the same type/quality of care, if a diagnostic 

tool performs worse in one group versus another, or if a disease manifests itself 

differently in different groups. In these cases, patients may have equal rates of the 

outcome, but our observation of that outcome in the data will differ systematically based 

on the sensitive variable. As such we posit, that including a sensitive variable in a CPM, 

under any of these conditions, when it only impacts observability, can induce differential 

bias. A similar mechanism was considered by Boeschoten et al. (2021) as well. In their 

work, the authors take a latent variable approach considering the observed Y to be a 

(potentially poor) proxy for the true E. We embed our work in observability concerns that 

are particularly pertinent to the use of EHR data.   

Our simulation results support our theoretical model. When the sensitive variable 

only impacts the observability of the outcome, in which case differential observability 

issues may occur, including it in a CPM can induce bias. Conversely, if there is no 

differential observability issue, then it should be included. For the more complicated 

cases where the sensitive variable impacts both the true outcome and observability, there 

is no simple answer to when to include the variable in the model. For example, with 

COVID-19, age likely impacts both the observability of COVID-19 infection (via the 

development of severe infection (Kronbichler et al., 2020) and general health-seeking 

behaviors) and the likelihood of being infected. In this case, age is both a true risk factor 
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(and should be included in a CPM for COVID-19 infection) and a source of differential 

observability (and should not be included in a CPM). As our simulations show, the 

differential bias is determined by the direction and magnitude of the effects of that 

variable on both stages. In this scenario there will always be some bias within the CPM - 

whether the sensitive variable is included or not - the question then becomes a matter of 

which is effect is stronger. 

This work highlights the importance of asking why we see what we see in EHR 

datasets. Often the differential access and receipt of medical care observed among 

individuals categorized according to race or gender is a result of structural racism and 

gender inequities in society which are not well captured in medical records and related 

exposures or factors cannot easily be quantified using EHR data (“On Racism: A New 

Standard For Publishing On Racial Health Inequities,” 2020). Further, many variables 

such as race and gender are inaccurately assigned or incompletely captured within EHR 

data sources (Paulus et al., 2018).  As such, these findings corroborate recent suggestions 

that race (and similar sensitive variables) should only be included in CPMs if there is a 

clear rationale for including it. For instance, while race should not be included in CPMs 

with the intent of using it as a proxy for biological mechanisms, it could be included as a 

social variable, with the intent of demonstrating how societal racism could produce health 

effects (Vyas et al., 2020). The rationale for including race and similar variables in CPMs 

is often not clearly stated, leaving open the possibility that CPMs could be erroneously 

interpreted. While our work formalizes that a mere statistical association of race with 

clinical outcomes is not sufficient because the observed statistical association may be due 
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to differential observability, it also underscores the importance of considering the 

mechanisms through which such differential observability may occur.  

These results leave CPM developers with a difficult choice: include a sensitive 

variable or not? We assessed whether one can answer this question with observed data by 

looking at differential AUC and calibration. The results suggested that this might not be 

possible. Whether a sensitive variable is truly associated with an outcome or only 

associated with the observability of the outcome, there will always be a statistical 

association between the observed outcome and the sensitive variable. As such, a 

statistical approach that uses the empirical data to test whether one should or should not 

include a sensitive variable in a CPM, will always suggest that one should include the 

sensitive variable. This may contradict the work of others that have suggested looking at 

sub-group calibration metrics (Barda et al., 2021; Hébert-Johnson et al., 2018). Instead, 

the analyst needs to consider whether the inclusion of a sensitive variable improves the 

estimation of the true, unobserved outcome. As such, the question of observability is an 

implicit assumption that one needs to make when including sensitive variables in a CPM. 

This is analogous to the well-known assumptions made in association studies such as “no 

unmeasured confounding”. Other potential solutions to this problem, like the latent 

variable solution proposed by Boeschoten et al. (2021), rely on a missing at random 

assumption. While this may be appropriate in the latent/proxy variable formulation, most 

observability concerns are implicitly missing not at random (Wells et al., 2013). 

These findings are an example of informed presence bias (Goldstein et al., 2016; 

Phelan et al., 2017), the fact that the data we observe within EHRs are informative. 

Moreover, this work fits into a larger body of epidemiological literature focused on 
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differential missingness and measurement error (Allen et al., 2003; VanderWeele & 

Hernan, 2012; VanderWeele & Li, 2019). Within the epidemiologic community, it is well 

recognized that when data are differentially missing or have differential measurement 

errors, association results can be biased (Copeland et al., 1977; Heid et al., 2002). A lack 

of observability is one process – unique to EHR data – through which misclassifications 

are generated (McGee et al., 2022). We extend previous literature by exploring the 

impact of differential observability, uniquely in the context of CPMs. Ultimately, we 

show, that like with association studies, there are some unverifiable assumptions 

researchers need to make when developing EHR based CPMs.  

While our results shed important light on the role observability can play in the 

development of differential bias in CPMs, there are some important limitations. First, our 

simulations focus on the cases where the sensitive variable affects only one of the two 

stages. In the more complex scenarios, the conclusions become more subtle, relating to 

the overall strength of each effect. Moreover, there could be interaction between a 

differentially observed variable and a true risk factor. We assume that the sensitive 

variable directly impacts the outcome or the observability, but it is often more 

complicated. It can have direct effects and indirect effects at the same time. There are 

also more complexities to be considered where the sensitive variable serves as a proxy for 

the true causal factor. Finally, we only frame one particular source of differential bias - 

the observability of the source data. Biases can also arise from the person analyzing data 

based on, often unstated, assumptions about how the data are coded and processed. It is 

important for all sources of differential bias to be fully interrogated.  
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2.5 Conclusion 

In conclusion, our study furthers the literature on algorithmic fairness. We 

propose a formal definition of differential bias which is based on statistical bias. We 

explore the question of whether one should include a sensitive variable into a CPM and 

show that the answer depends on whether the sensitive variable truly affects the outcome 

or just the observability of the outcome. However, we also show that answering this 

question may not be possible solely on observed data and may instead be an implicit 

assumption of CPMs. Future work ought to further explore diagnostic measures for 

determining whether one should include a sensitive variable or not within a real-world 

dataset as well as further explore other sources of algorithmic bias. 
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3. Estimating the Observability of an Outcome from an 
Electronic Health Records Dataset Using External Data1 

One of the key limitations of electronic health records (EHR) data is that not all 

health care encounters are observed. The degree to which patient information is captured 

is referred to as observability. Poor observability, and in particular differential 

observability, can lead to biased estimates and inference. As such, understanding the 

degree of observability is important in EHR based studies. In this study, we propose 

using external data with known observability to assess the degree of overall observability 

in EHR. We also construct a test for differential observability in the target EHR dataset. 

Using principles from the transportability literature, we show that we can use a balancing 

score based weight to estimate the observability of our target outcome. We conduct a 

series of simulation experiments to understand the conditions under which dataset 

features must be required to obtain proper inference. To illustrate this, we consider 

hospital readmissions among patients with end stage renal disease as our outcome of 

interest. We use administrative claims data, where the outcome is fully observed, as our 

external data.  

3.1 Introduction 

Electronic health records (EHR) are an important data source for healthcare research as it 

includes abundant patient-level information about patients who see clinicians in the real 

world, including patient demographics, diagnoses, medications, vital signs, laboratory 

 

1 This chapter is a published paper: Yan, M., Hong, H., Wilson, J., & Goldstein, B. A. (2025). Estimating the 
Observability of an Outcome from an Electronic Health Records Dataset Using External Data. American 
Journal of Epidemiology, kwaf013. https://doi.org/10.1093/aje/kwaf013 
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results, and clinical notes, that may not be accessible elsewhere (Goldstein, Navar, et al., 

2017; Sharples, 2018). However, since EHR data are not collected for research purposes, 

there are challenges in using them such as incompleteness and incorrectness (Hersh et al., 

2013; Weiskopf et al., n.d.; Sauer et al., 2022). Furthermore, since single-center EHR 

systems only capture patient data from interactions with a particular health system, the 

robustness of study results depends on the extent to which a patient receives care from a 

particular health system. This presents a specific data quality challenge unique to EHR 

data: incomplete data observability. Observability is defined as the degree to which 

patient characters are captured within EHR. Taking hospital readmission outcome as an 

example (Table 3.1), if a patient has a readmission but is not readmitted to the health 

system under study, then the readmission would not be captured in the observed EHR.  

Table 3.1: Example of outcome observability in EHR data 

 

True Outcome (Y)  Observed Outcome 

(S) 

Example 

Present (1) Present (1) The patient is readmitted to the 

hospital under study 

Present (1) Not Present (0) The patient is readmitted to 

another hospital 

Not Present (0) Not Present (0) The patient does not have any 

readmission 
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Observability and missing data problems are related, but slightly different. A key 

differentiator between a lack of observability and missing data is that in the traditional 

missing data paradigm, we typically have an indicator that a value is missing whereas in 

the typical observability setup we do not (Phelan et al., 2017; Rubin, 1976). For instance, 

in the missing data setting, there may be a missingness indicator that a patient should 

have had a study visit but did not; in the observability setup, a patient may receive care, 

unbeknownst to the researcher, at another institution. This places observability within an 

analytic paradigm referred to as “positive and unlabeled data” (Bekker & Davis, 2020; 

Elkan & Noto, 2008). In this paradigm, data that are observed (e.g., medical encounters, 

ICD codes) are considered definitively labeled as such, and all other instances are 

considered not labeled.  

Characterizing observability is an important consideration because it can serve as 

a source of bias in clinical prediction models. In the “sources of harm in the machine 

learning life cycle framework” (Suresh & Guttag, 2021), observability can be seen as a 

measurement bias as the unobserved outcome may not be measured accurately. It can 

also be seen as historical bias as the data do not reflect a patient’s true current status. Bias 

induced by observability also manifests as informed presence bias (Goldstein et al., 2016; 

McGee et al., 2022; Phelan et al., 2017), a type of bias that arises because interactions 

with the healthcare system are non-random. As a result, their presence in the EHR is 

selective. In our example, whether a readmission is recorded in the EHR may depend on 

factors influencing an individual's likelihood of seeking or receiving care, making it non-

random. Moreover, if an outcome is differentially observed across some factors, such as 
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race and gender, this differential observability can induce algorithmic bias in the clinical 

risk prediction context (Yan et al., 2022).  

Given the importance of observability, it is noteworthy that there has been 

minimal work to estimate the degree of observability in a EHR dataset. Several studies 

have used data continuity as a related concept (Lin et al., 2018; Merola et al., 2022), 

where they link EHR and claims data to estimate the mean proportion captured in EHR 

data. However, in practice, linking patients between EHR and claims data may not 

always be feasible. In this paper, we propose a method to estimate the degree of 

observability by comparing the outcome rates from the EHR dataset under a study to 

external data source that has known or complete observability. In our setup, the external 

data is not required to be linked to the target data. Instead, we incorporate a balancing 

score under a causal inference framework, similar to a propensity score, to reweight the 

external data to look like the target EHR data and estimate the observability of our target 

outcome. This allows us to estimate both the degree of observability as well as the 

potential for differential observability. We conduct a series of simulation experiments to 

understand the conditions under which this estimation holds. To illustrate our approach, 

we consider hospital readmissions among patient with end stage renal disease (ESRD) as 

our outcome of interest.  

3.2 Methods 

3.2.1 Definition of Observability 

We define the observability of a binary outcome from a given data set as the 

probability of observing the outcome given the true outcome is positive: 

𝑃(𝑆 = 1|𝑌 = 1, 𝑍 = 𝑧)	, 
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where 𝑌 is the true outcome, 𝑆 is the observed outcome, and 𝑍 is an indicator for 

the data source. Our objective is to estimate the observability of a particular outcome in 

the target EHR data (𝑍 = 0), defined as:  

𝜋 = 𝑃(𝑆 = 1|𝑌 = 1, 𝑍 = 0). 

According to the definition, 0 ≤ 𝜋 ≤ 1, and 𝜋 = 1 indicates that the outcome is 

fully observed. For target EHR data 𝑍 = 0, we assume that if 𝑆 = 1 then 𝑌 = 1 always, 

while if 𝑆 = 0 then 𝑌 could be either 0 or 1. This target EHR outcome structure is 

illustrated in Table 3.1. Additionally, we suppose an external data source (𝑍 = 1) exists, 

where the true outcome 𝑌 is fully observed, i.e., 𝑆 = 𝑌 and 𝑃(𝑆 = 1|𝑌 = 1, 𝑍 = 1) = 1.  

3.2.2 Estimating Observability 

In the target EHR data, observability of outcome 𝑌 can be re-expressed as the 

ratio of the probability of observing an event to the probability of truly having an event as 

follows: 

𝜋 = P(S = 1|	Y = 1, Z = 0) 

																																													= P(S = 1, Y = 1|	Z = 0)/P(Y = 1|	Z = 0) (1) 

																														=
P(S = 1|Z = 0)
P(Y = 1|Z = 0)

	 (2) 

In the first component of Equation (1), S = 1 implies Y = 1 under Z = 0, so 

P(S = 1, Y = 1|	Z = 0) = P(S = 1|Z = 0).  In Equation (2), the numerator P(S = 1|	Z =

0)	can be estimated directly using the target EHR data, while the denominator, P(Y =

1|	Z = 0), cannot be directly estimated since Y is not observed in the target EHR data.  

Let 𝜏 be the true outcome probability in the target EHR, with 𝜏 =

𝑃(𝑌 = 1|𝑍 = 0). We employ a causal inference framework to estimate 𝜏 using weighted 
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external data, and then further estimate observability, 𝜋. The idea of using external data is 

inspired by the generalizability and transportability literature. These methodologies often 

aim to estimate results about intervention effects in a target population using results 

obtained from randomized trials (Cole & Stuart, 2010; Degtiar & Rose, 2021; Stuart et 

al., 2011). In our observability context, we build a balancing score model on the data 

source membership and then reweight the external data to make them resemble the target 

EHR data. However, our objective is not to estimate the causal effect in the target 

population, but rather to estimate the potential outcomes of being in the fully observed 

population, which can be seen as the true outcome and further be used to estimate 

observability. 

Let 𝑋 denote covariates consistently observed and measured in both EHR and 

external data. Under the Rubin’s potential outcome framework (Rubin, 1974), 

𝑌(,	represents the potential outcome for individual 𝑖 in data source 𝑧. We first make the 

following assumptions. 

A1.  Consistency of potential outcome: 𝑌(, = 𝑌( 	𝑖𝑓	𝑍( = 𝑧. The potential outcome of a 

given data source for an individual is the same as true outcome if the individual is 

from that data source.  

A2.  Positivity of data source membership: 0 < 𝑃(𝑍 = 1|𝑋 = 𝑥) < 1. The probability 

of being in either data source is positive. This implies a good overlap in the 

covariate distributions between data sources. 

A3.  Data source exchangeability: {𝑌,-', 	𝑌,-"} ⊥ 𝑍|𝑋. Potential outcomes are 

independent of data source given the observed covariates.  
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A4.  Data source has no causal effect on average on the target data:	 𝐸(𝑌.-'|Z = 0)=	

E(𝑌.-"|Z = 0).	This is reasonable as data source should not impact the outcome 

of the individual. This assumption is important to ensure the results 𝑌.-" can be 

transported to 𝑌.-' on target data.   

Under these assumptions, our proposed method for estimating observability 

follows three steps shown in Figure 3.1. 

 

Figure 3.1: Diagrams illustrating the proposed method. 

Step 1: Estimating Balancing Score 

First, we estimate a balancing score to construct weight for the external data. The 

balancing score is defined as 𝑒(𝑥() = 𝑃(𝑍( = 1|𝑋( = 𝑥(), which is the probability of 

being in the external dataset given observed covariates. Given assumptions A2 and A3, 

covariate distributions should be similar between EHR and external data given the 

balancing score. The balancing score can be estimated using a logistic regression model.  

Step 2: Estimating True Outcome Probability 𝜏 

Under A1, the estimand 𝜏 – true outcome probability in the target EHR data – can 

be written as 𝜏 = 𝑃(𝑌 = 1|	Z = 0) = 𝑃(𝑌.-' = 1|	Z = 0) = E(𝑌.-'|	Z = 0). 

Li et al.	(2018) showed that under an assumption analogous to A3, the weighted 

rate ∑ 0(+")."3""
∑ 0(+").""

 is a consistent estimator of 𝐸(𝑌.-"|	𝑍 = 0), where 𝑤(𝑥() =
"4*(+")
*(+")

. Then, 

since 𝑌( = 𝑆( 	when 𝑍( = 1, the estimator can be re-expressed as ∑ 0(+")."5""
∑ 0(+").""

. Based on 
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assumption A4, 𝐸(𝑌.-"|	𝑍 = 0) = 𝜏, therefore, the target data true outcome expectation 

can be estimated by	 

𝜏̂ =
∑ 𝑤f(𝑥()𝑍(𝑆((

∑ 𝑤f(𝑥()𝑍((
, (3) 

where  𝑤f(𝑥() =
"4*̂(+")
*̂((+")

. 

Step 3: Estimating Observability 𝜋 

Since S is observed in the target EHR data, P(S = 1|	Z = 0)	can be directly 

estimated by the observed sample mean of target data ∑ ("4.")5""
∑ ("4.")"

. By plugging Equation (3) 

into Equation (2), the estimator of observability 𝜋 is:  

	𝜋f =

∑ (1 − 𝑍()𝑆((
∑ (1 − 𝑍()(

𝜏̂ . (4) 

Subgroup Observability 

Knowing subgroup observability is useful for assessing potential differential bias 

in clinical prediction models based on the target EHR dataset (Yan et al., 2022). The 

estimation of observability can be easily extended to estimating observability for 

subgroup 𝑋% = 𝑥%: 

𝜋(𝑥7) = 𝑃E𝑆 = 1h𝑌 = 1, 𝑋% = 𝑥%, 𝑍 = 0F. 

Then differential observability can be calculated by subtracting the estimated 

observabilities  between subgroups.  

Confidence Intervals and Differential Test  

Confidence intervals for the estimated observability and subgroup observability 

can be further obtained via bootstrap. Fixing external data, we create bootstrap samples 

for the target EHR data and calculate the estimated observability for each bootstrap 
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sample  𝜋i899:,8 .	Using the nonparametric bootstrap samples of estimated observability as 

(𝜋i899:,", 𝜋i899:,<, … , 𝜋i899:,=), the 95% bootstrap confidence interval is the 0.025 and 

0.975 quantiles for bootstrap samples, (𝜋i899:,>-'.'<@, 𝜋i899:,>-'.AB@).  

Similarly, 95% bootstrap confidence interval for differential observability 

(𝛿l = 𝜋i%C9DEF − 𝜋i%C9DE=) is obtained as (𝛿l899:,>-'.'<@, 𝛿l899:,>-'.AB@). Confidence 

intervals can be used to test if there is an observability difference between two subgroups. 

If 0 is not in the bootstrap confidence interval for differential observability, then there is a 

significant observability difference between two subgroups. 

3.2.3 Simulation Setup 

We conducted a comprehensive simulation study to assess the conditions under 

which the proposed estimation method performs well. We consider three degrees of 

overlap in the covariate distributions between data sources following the simulation setup 

by Zhou et al. (2020).  In addition, we study the impact of balancing score model 

misspecifications on our proposed estimation.  

We generate covariates 𝑋", 𝑋< and 𝑋G from a normal distribution 𝑁(0, 1) and we 

design the true balancing score model and true outcome model in such way that 𝑋"	is a 

predictor of outcome with good balance between target and external data, 𝑋< is not a 

predictor with poor balance between target and external data, and 𝑋G	is a predictor of 

outcome with poor balance between data sources (i.e., confounder).  

The balancing score model reflects the imbalance of 𝑋< and 𝑋G across data 

sources. Specifically, the data source membership indicator 𝑍 is generated based on the 

true balancing score model: 𝑍~𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖E𝑒(𝑋)F, where 𝑙𝑜𝑔𝑖𝑡E𝑒(𝑋)F = 𝛼' + 𝛼<𝑋< +



 

35 

𝛼G𝑋G. Here, smaller 𝛼< and 𝛼G values give better covariates overlap between the two data 

sources. True binary outcome 𝑌 is generated from 𝐵𝑒𝑟𝑛𝑜𝑢𝑙𝑙𝑖E𝑝(𝑋)F, where 

𝑙𝑜𝑔𝑖𝑡E𝑝(𝑋)F = 𝛽' + 𝛽"𝑋" + 𝛽G𝑋G reflects the true predictors 𝑋"and 𝑋G. By data structure 

defined in Table 3.1, the observed outcome 𝑆 in the target EHR data (𝑍 = 0) is always 0 

when 𝑌 = 0. However, when 𝑌 = 1, 𝑆 is generated from a Bernoulli distribution with 

probability 𝜋, representing the true observability. For the external data (𝑍 = 1), 𝑆 = 𝑌 

assuming full observability. 

Following the data generating process, we set sample sizes for target and external 

data as 𝑛' = 𝑛" = 5,000, and set 𝛽' = 𝛽" = 𝛽G = 1. We conduct simulations based on 

500 iterations on three different true observabilities 𝜋 = 1, 0. 8, and	0.6, and three 

different overlap levels: good overlap under 𝛼< = 𝛼G = 0.1, moderate overlap under 

𝛼< = 𝛼G = 1, and poor overlap under 𝛼< = 𝛼G = 3. In addition, six different 

combinations of covariates are considered in the balancing score models (BSMs) 

presented in Table 3.2. BSM6 represents the scenario where the balancing score model is 

correctly specified, while the other BSMs are misspecified models. Additionally, we have 

included a simulation with 10:1 external-to-target sample sizes ratio in Appendix. We 

have also evaluated the method in a plasmode simulation (Franklin et al., 2014) based on 

the real EHR data in Appendix to show that the method works in higher dimensional, 

correlated cases. 

Table 3.2: Balancing score models with different types of covariates for simulation 

 BSM1 BSM2 BSM3 BSM4 BSM5 BSM6 
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X1 (True outcome 

predictor) 

ü   ü ü  

X2 (Imbalanced covariate)  ü  ü  ü 

X3 (Confounder)   ü  ü ü 

 

After generating the data, we first fit a logistic regression as balancing score 

model to obtain the estimated balancing score 𝑒̂(𝑥), then calculate the estimated true 

outcome expectation 𝜏̂ using external data weighted by 𝑤f(𝑥) and finally calculated the 

estimated observability 𝜋i. Then, we calculate the mean absolute error (MAE) and 

coverage rate of 95% confidence intervals for both estimated true outcome probability 𝜏̂ 

and estimated observability 𝜋i . 

3.2.4 Real Data Application 

As an illustrative data example, we assess 30-day readmission for patients with 

ESRD, who requires complex care with high rates of service utilization (Johansen et al., 

2023; Kolbrink et al., 2023).  

Target EHR Data 

The target EHR data are from Duke University Health System (DUHS) accessed 

through a research data mart modeled to the PCORnet Common Data Model (Hurst et al., 

2020). DUHS is a medium sized health center in central North Carolina. It consists of 

three hospitals, including the only two hospitals in Durham County. DUHS serves as both 

the primary provider for individuals living in Durham County, as well as referral center 

for individuals across North Carolina (Stolte et al., 2022).  
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For the target cohort, we include all inpatient ESRD encounters from 2015 to 

2022. We define an ESRD encounter as an encounter with a billing ICD-9 code 585.6 or 

ICD-10 code N18.6 and with a dialysis CPT code 90935 or 90937. Since we have 

restricted the codes we used to billing codes, it is reasonable to assume that these codes 

are measured consistently in claims data as well. The analysis is restricted to Medicare 

patients aged 18+ discharged to home. 

External Data 

For external data, we use Medicare claims data available from the United States 

Renal Data System (USRDS) (Johansen et al., 2023). Per federal law, all ESRD patients 

are eligible for Medicare, regardless of age. These claims data are organized into the 

USRDS database and include information on health care encounters. We identified all 

patients’ ESRD encounters of which the discharge date is between 2014 and 2018 and 

discharged to home. We limited encounters based on age, Medicare as primary payer, and 

ESRD encounter rules as described above. To make the target EHR data and external 

data comparable, we limited the claims data to North Carolina encounters.  

Outcome 

Our outcome of interest is 30-day readmission, defined as a return inpatient visit 

within 30 days of discharge. We presume that not all readmissions will be observed 

within the DUHS EHR system, because patients may re-hospitalize to a different facility, 

while Medicare data is presumed to capture all readmissions for its primary payers. 

Balancing Covariates  

We used covariates available in both data sources including age, sex, 

race/ethnicity, length of stay of initial hospitalization, and all diagnostic codes (ICD-9-
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CM and ICD-10-CM) for each encounter that are grouped into smaller disease categories 

using Clinical Classifications Software (CCS) (Clinical Classifications Software (CCS) 

for ICD-9-CM, n.d.; Clinical Classifications Software (CCS) for ICD-10-PCS (Beta 

Version), n.d.; Elixhauser, 1996). This resulted in a total of 270 covariates.   

Estimation of Balancing Score 

Due to a large numbers of covariates, we used logistic Least Absolute Shrinkage 

and Selection Operator (LASSO) (Tibshirani, 1996) to estimate the balancing score. All 

the 270 covariates are included in the model. The estimated balancing score was then 

used to calculate the balancing weight. 

Data Description 

We compare the mean, median and interquartile range (IQR) of continuous 

covariates, and counts and percentages of categorical covariates. We used standardized 

mean difference (SMD) to compare variables in the target EHR dataset and external 

claims dataset, and SMD for weighted samples can also be calculated using weighted 

sample mean (Austin, 2011; Austin & Stuart, 2015). SMD <0.1 is commonly seen as 

balanced. 

Estimation of Observability 

We first estimate the true readmission rate in EHR 𝜏̂ based on weighted claims 

data weighting by estimated balancing score. Then according to equation (4), we estimate 

the observability of readmission in EHR data and the associated 95% confidence 

intervals.  We look at both overall and subgroup readmission rates in EHR and claims 

data, estimated true outcome probabilities, and observabilities. We consider the following 

subgroups: Sex (categorized as male/female), Race/Ethnicity (categorized as non-
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Hispanic White, non-Hispanic Black, Hispanic) and patient locality (categorized as local 

to DUHS or not). We also further look at the differential observabilities and its 

confidence intervals of these subgroups. Since local/non-local variable is not available in 

claims, the observabilities for local and non-local subgroups are based on the overall 

estimated true outcome ratio. 

3.3 Results 

3.3.1 Simulation Results 

Simulation results are shown in Figure 3.2 and Figure 3.3. Results show that when 

a confounder is included in the balancing score model (BSM3, BSM5, BSM6), the MAEs 

for estimated true outcome probability 𝜏̂ and estimated observability 𝜋i  are close to 0 even 

under poor overlap scenarios. The 95% coverage rate for the corresponding cases is also 

close to 95%. Therefore, our proposed method gives a good estimation of observability 

even when some imbalanced variables or true outcome predictors are not available as 

long as confounders are well collected. In cases when the confounder is not included in 

balancing score models (BSM1, BSM2, BSM4), the worse the overlap degree, the larger 

the MAE. Thus, when confounders are not available, a good overlap is required to obtain 

small MAEs for the estimated true outcome probability 𝜏̂ and estimated observability 𝜋i, 

though the coverage rates could still be low. 
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Figure 3.2: Simulation results for estimated true outcome probability using different 
covariate sets in balancing score models under different overlap levels and different true 

observabilities. 

BSM1: Outcome predictor only model; BSM2: Imbalanced covariate only model; BSM3: 
“confounder” only model; BSM4:Outcome predictor & imbalanced covariate model; 
BSM5: Outcome predictor & “confounder” model; BSM6: Imbalanced covariate & 

“confounder” model. 

 

Figure 3.3: Simulation results for estimated observability using different covariate sets in 
balancing score models under different overlap levels and different true observabilities. 

BSM1: Outcome predictor only model; BSM2: Imbalanced covariate only model; BSM3: 
“confounder” only model; BSM4: Outcome predictor & imbalanced covariate model; 
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BSM5: Outcome predictor & “confounder” model; BSM6: Imbalanced covariate & 
“confounder” model. 

3.3.2 Real Data Results 

Table 3.3 shows the descriptive statistics of selected covariates for the EHR and 

external samples, and Figure 3.4 shows the SMDs and weighted SMDs. They include five 

most prevalent CCS categories in the EHR population and the five most imbalanced CCS 

categories between the two data sources. There are 5,564 and 53,009 encounters for the 

target EHR and external claims sample respectively. Age and length of stay have similar 

distributions in the two data sources with small SMDs. Distributions of sex and 

race/ethnicity are slightly different between the two data sources with SMDs>0.1. Most 

of the CCS categories are highly imbalanced with large SMDs. After weighting, SMDs 

for Sex and Race/Ethnicity fell below 0.1, and the most imbalanced CCS categories had 

significantly reduced SMDs. Small weighted SMDs indicate that the estimated balancing 

score successfully weights external claims to resemble the target EHR sample.  

Table 3.3: Summary of claims and EHR data 

 Target EHR Data (n=5,564) External Claims Data 

(n=53,009) 

Age, year, mean (median, 

IQR) 

59.0 (59.7, 18.7) 58.8(60, 20) 

Sex, N (%) 

Female 2,403 (43.2) 27,124 (51.2) 

Male 3,161 (56.8) 25,885 (48.8) 
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Race/Ethnicity, N (%) 

Non-Hispanic White 1,292 (23.2) 16,944 (32.0) 

Non-Hispanic Black 4,179 (75.1) 34,677 (65.4) 

Hispanic 93 (16.7) 1,388 (26.2) 

Length of stay, days mean 

(median, IQR) 

6.02 (4, 4) 5.63 (4, 4) 

Five most prevalent CCS categories in EHR (%) 

Diseases of the urinary 

system (CCS 158) 

90.7 56.0 

Hypertension (CCS 99) 85.7 53.7 

Anemia (CCS 59) 77.2 72.8 

Factors influencing health 

care (CCS 257) 

75.0 60.7 

Residual codes, unclassified 

(CCS 259) 

67.5 53.3 

Five most imbalanced CCS categories (%) 

Essential (primary) 

Hypertension (CCS 98) 

39.2 0.8 

Other lower respiratory 

disease (CCS 133) 

49.6 7.2 
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Diseases of the urinary 

system (CCS 158) 

90.7 56.0 

Hypertension (CCS 99) 85.7 53.7 

Diseases of the heart (CCS 

104) 

16.7 0.8 

 

 

Figure 3.4: Standardized mean difference for top covariates 

In Table 3.4, the observed readmission rate in EHR is lower than the observed 

readmission rate in claims. After weighting the claims data to look like the EHR sample, 

the expected readmissions with the EHR-based sample rate are slightly higher than before 

weighting. This allows us to estimate the overall observability for readmission as 0.916, 
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which means that 91.6% of the true readmissions are observed in the EHR dataset. 

Estimated subgroup observabilities for sex, race/ethnicity, and locality subgroups are also 

shown in Table 3.4. Several subgroups show lower observability than the overall 

observability. In particular, Hispanic individuals have the lowest observability rate of 

0.572. Table 3.5 shows tests for differential observability. The 95% confidence interval 

for differential observability of sex does not include 0 with a point estimation 0.141, 

which can be interpreted that true readmissions are significantly more likely to be 

collected in our target EHR data in males than females. For Race/Ethnicity, there were 

significant differences between Non-Hispanic Blacks and both Non-Hispanic White and 

Hispanic individuals, with the true readmissions in Non-Hispanic Black individuals 

significantly more likely to be observed than other groups in our target EHR dataset. 

Although there is a difference in point estimations of observability between Non-

Hispanic White and Hispanic individuals (0.227), and between local and non-local 

groups, the differences were not statistically significant.  

Table 3.4: Readmission outcome rates in EHR and claims cohorts and estimated 
observability results. 

 
Observed 

readmission 

rate in EHR 

Observed/True 

readmission 

rate in claims 

Estimated true 

readmission 

rate for EHR 

data (based on 

weighting 

claims data) 

Estimated 

observability 

(95% CI) 



 

45 

Overall 0.251 0.305 0.274 0.916  

(0.866, 0.980) 

Sex 
    

Male 0.248 0.313 0.253 0.980  

(0.913, 1.079) 

Female 0.256 0.297 0.305 0.839  

(0.774, 0.905) 

Race/ethnicity  
    

Non-Hispanic 

White 

0.236 0.308 0.295 0.799  

(0.685, 0.918) 

Non-Hispanic 

Black 

0.258 0.303 0.268 0.926  

(0.902, 1.035) 

Hispanic 0.151 0.294 0.263 0.572  

(0.312, 0.841) 

Locality     

Local 0.264  0.274 0.964  

(0.886, 1.041) 

Non-local 0.239  0.274 0.872  

(0.825, 0.952) 
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Table 3.5: Readmission outcome differential observability 

Comparison groups Estimated differential 
observability (Bootstrap 95% 
CI) 

Male, female  0.141 (0.057, 0.279) 
Non-Hispanic White, 
Hispanic 

0.227 (-0.040, 0.528) 

Non-Hispanic White, Non-
Hispanic Black 

-0.127 (-0.291, -0.018) 

Non-Hispanic Black, 
Hispanic 

0.354 (0.111, 0.663) 

Local, Non-local 0.092 (-0.017, 0.171) 

 

3.4 Discussion 

In this paper we propose a novel approach based upon a causal inference framework to 

estimate observability in a target EHR dataset leveraging information from a fully 

observed external dataset. To the best of our knowledge, this is the first formal method 

for estimating observability. The proposed method is broadly applicable, requiring only 

overlapping covariates between datasets without necessitating a direct linkage between 

them. Our simulation study showed that the proposed estimator has a low MAE and high 

coverage rate as long as all confounders are included in the balancing score model. 

Furthermore, we illustrated our methods using the hospital readmission example and 

demonstrated how to apply and interpret the differential observability test to assess if two 

subgroups have a significant difference in observability.  

Our approach leverages external data, drawing inspiration from the literature on 

generalizability and transportability (Cole & Stuart, 2010; Degtiar & Rose, 2021; Stuart 

et al., 2011). One strategy for generalizing an estimate involves adapting propensity score 

methods. Instead of modeling the probability of receiving a treatment, this approach 
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models the propensity score of membership in a randomized trial (Kern et al., 2016; 

Stuart et al., 2011). By the balancing property of propensity scores (Li et al., 2018; 

Rosenbaum & Rubin, 1983), we can reweight the external population based on 

propensity scores to create a pseudo-population with similar covariates. Kern et al. and 

Westreich et al. have previously introduced approaches using propensity score methods 

for generalizing or transporting treatment effect estimation (Kern et al., 2016; Westreich 

et al., 2017). In the observability context, we adopt a similar idea by constructing a 

balancing score model on the data source membership and then reweighting the external 

data. For our readmission application, we employed LASSO for the balancing score 

model, but the method can accommodate any suitable model for estimating balancing 

score that ensures covariate balance through weighting. While our paper focuses on an 

outcome, our method can be adapted to address observability issues for any binary 

variable. The method could also assess observability patterns for continuous variables — 

whether these values are recorded — but is not intended for imputing or predicting the 

values themselves. 

Many studies have seen incomplete EHR data as a missing data problem. 

Observability and missing data (Rubin, 1976) are related concepts, but differ in focus: 

observability concerns what data are observed, while missing data concerns how data are 

missing. As pointed out by Weiskopf et al., it is important to recognize that complete 

information on the patient and complete information on the patient encounters in the 

EHR are not the same thing (Weiskopf et al., 2013). Thus, simply having non missing 

records of the EHR encounters does not necessarily imply that the patient outcome is 

fully observed. Although we can treat unobserved outcomes as missing data, the 
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missingness indicators are unknown, which can make it challenging to distinguish 

between missing values and actual outcomes of zero. For example, as illustrated in Table 

3.1, readmission would be coded as 0 (not present) either when the patient readmission 

information is missing in EHR, or the patient does not have any readmission. 

Furthermore, the observability problem would be seen as missing not at random (MNAR) 

in the missing data mechanisms (Rubin, 1976) since whether the outcome is missing 

(observed) depends on if the true outcome is positive or negative.  

In the real-world data application, we showed that about 10% of the readmission 

outcome is not observed in the target EHR dataset. We also showed that there is 

differential observability between male and female groups and different race/ethnicity 

groups. In our target data of DUHS, readmissions among males have significantly greater 

observability than females, and readmissions among non-Hispanic Black individuals are 

more observed than in non-Hispanic White or Hispanic individuals. Our previous work 

has shown that differential observability can lead to algorithmic bias in clinical prediction 

models (Yan et al., 2022). Any predictive model based on health system data would need 

to be thoughtful about how such demographic factors were incorporated.  

This approach has some notable limitations. First, the proposed method requires a 

secondary external dataset with full outcome observability, which may not always be 

readily available. We used administrative data specific to dialysis patients, however, 

Medicare or Medicaid are often available to researchers, and will contain information on 

a broader set of patient populations. Randomized clinical trials (RCTs) are also widely 

used in secondary data analysis, and similarly will have full adjudication of events. 

Finally, large epidemiological cohorts, which are available in repositories such as dbGaP, 
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will also typically have better outcome observability than what we expect in EHR data 

sources. Another limitation is that the balancing score model can only use variables 

present in both target and external datasets, which may exclude key predictors available 

only in EHR. Furthermore, we assume covariates are measured consistently across data 

sources. In this study, we rely on billing codes in the EHR, which are uniformly reported 

to claims data, ensuring consistency. However, integrating data from other sources — 

such as RCTs — may introduce measurement issues due to differing collection standards, 

requiring careful consideration. 

3.5 Conclusion 

In conclusion, our study addresses an important challenge in EHR – observability. We 

propose an approach to estimate the observability of a variable and assess potential 

differential observability in a given target dataset using external data. This approach can 

be used before developing clinical prediction models to check if the given data is 

appropriate to be used for analysis. Further work will continue to focus on observability 

and explore how to improve clinical prediction models when observability issues occur.  
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4. Predicting Partially Observed Long-Term Outcomes with 
Adversarial Positive-Unlabeled Domain Adaptation2 

Predicting long-term clinical outcomes often requires large-scale training data 

with sufficiently long follow-up. However, in electronic health records (EHR) data, long-

term labels may not be available for contemporary patient cohorts. Given the dynamic 

nature of clinical practice, models that rely on historical training data may not perform 

optimally. In this work, we frame the problem as a positive–unlabeled domain adaptation 

task, where we seek to adapt from a fully labeled source domain (e.g., historical data) to a 

partially labeled target domain (e.g., contemporary data). We propose an adversarial 

framework that includes three core components: (1) Overall Alignment, to match feature 

distributions between source and target domains; (2) Partial Alignment, to map source 

negatives to unlabeled target samples; and (3) Conditional Alignment, to address 

conditional shift using available positive labels in the target domain. We evaluate our 

method on a benchmark digit classification task (SVHN-MNIST), and two real-world 

EHR applications: prediction of one-year mortality post COVID-19, and long-term 

prediction of neurodevelopmental conditions (NDC) in children. In all settings, our 

approach consistently outperforms baseline models and, in most cases, achieves 

performance close to an oracle model trained with fully observed labels. 

 

2 Yan, M., Xia, M., Huang, W., Hong, C., Goldstein, B. A., & Engelhard, M. M. (2025). Predicting Partially 
Observed Long-Term Outcomes with Adversarial Positive-Unlabeled Domain Adaptation. Manuscript 
under review.  
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4.1 Introduction 

Most clinical decision support tools are derived from electronic health records 

(EHRs) data (Alexiuk et al., 2024; Goldstein, Navar, et al., 2017; Sutton et al., 2020). In 

recent years, machine learning methods have been increasingly used to perform clinical 

risk prediction for a variety of outcomes, such as mortality, hospitalization, or disease 

(Naemi et al., 2021; Shamout et al., 2021; Shickel et al., 2018). Given their dense, 

granular nature, EHR data are well positioned for predicting near-term outcomes 

(Goldstein, Pencina, et al., 2017). However, predicting long-term health outcomes has 

gained interest because early detection of risk can enable timely interventions and 

potentially improve patient prognosis (Nannan Panday et al., 2017).  

One challenge in training models to predict long-term outcomes is the need for 

sufficient follow-up data to capture events far into the future. As such, researchers have 

typically utilized large epidemiological cohorts to develop clinical risk models for long-

term outcomes (D’Agostino et al., 2008). Within an EHR system, however, long-term 

follow-up can be challenging to obtain due to the fluid nature of patient engagement with 

clinical care. Even when long-term follow-up is available, an additional challenge arises 

from potential data shifts, as models trained on historical data may not fully reflect 

current clinical practices or patient populations. Given the dynamic nature of clinical 

care, it is often desirable to use more contemporary data for training. This was 

highlighted during the COVID-19 pandemic, when there was a pressing need to develop 

models for longer-term outcomes using newly available data, for which there was limited 

follow-up. 
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We illustrate this scenario in Figure 4.1. The left panel shows the typical training 

scenario for a historical population, predicting one-year outcomes in 2020 requires 

training data spanning the entire preceding year (2019). In contrast, the right panel shows 

the target population scenario, where the goal is to initiate training in early 2020 despite 

having only one month of follow-up data, rather than waiting for a full year of 

observations. 

Our setting shares some similarities with the online learning paradigm, which 

focuses on incrementally updating models as new data arrives over time (Shalev-Shwartz, 

2011). In our scenario, however, the primary challenge is not the sequential arrival of 

data per se, but rather the absence of long-term outcome labels for newer data points (i.e., 

the target domain). In other words, we focus on updating our model for newer patients 

whose features have been observed, but whose labels have been only partially observed; 

whereas online learning focuses on continually updating models with new features and 

labels as they arrive. 

This scenario is a special case of the outcome observability problem (Yan et al., 

2022), where the absence of a long-term outcome is simply unobserved. Within the 

machine learning literature, this can be viewed as a positive and unlabeled (PU) problem 

(Elkan & Noto, 2008), in which the outcomes that are not observed as “positive” are 

unlabeled rather than definitively negative. 

To address the lack of labeled data in a target population, we can leverage 

information from a different but related population (e.g., a historical cohort in the same 

EHR system or an external dataset) for which long-term outcomes are already known. As 
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illustrated in Figure 4.1, while the target population only has data for up to 30 days, a 

historical cohort may provide labels for one-year mortality.  

 

Figure 4.1: Motivating example illustrating the challenges of predicting long-term 
outcomes with partially observed outcomes. 

A-B: outcome observation window for the historical population (fully observed); D: the 
point at which we aim to deploy the model for the target population; C-D: available 

outcome observation window for the target population (partially observed); C-E: ideal 
outcome observation window for the target population. 

However, directly applying a model trained on the historical cohort to the target 

population may yield poor performance due to population shift (Subbaswamy & Saria, 

2020). Such shifts can arise over time, across institutions, or among different disease 

categories, leading to significant bias if the source and target populations differ in their 

underlying characteristics. 

Domain adaptation (DA) strategies are designed to mitigate this problem by 

adapting a model from a source domain to a related but distinct target domain (Ben-

David et al., 2010). By aligning feature distributions or representations across domains, 

DA can help existing models perform better on the new population of interest. Despite 

extensive research on domain adaptation in fields such as computer vision and natural 

language processing, directly applying these approaches to tabular EHR data can be 

challenging.  

For instance, contrastive-learning based DA methods have achieved success in 

vision tasks (Singh, 2021; Thota & Leontidis, 2021) by learning domain-invariant 
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representations through drawing positive pairs close in representation space while 

pushing negative pairs apart. They align distributions between source and target domains 

by ensuring that similar examples remain close despite domain shifts. However, positive 

pairs are typically constructed through image augmentations—a practice that does not 

translate easily to the structure of tabular EHR data.  

Adversarial learning-based methods, such as Domain-Adversarial Neural 

Networks (DANN) (Ganin et al., 2017) and Adversarial Discriminative Domain 

Adaptation (ADDA) (Tzeng et al., 2017), offer a more promising route for tabular EHR 

settings. Indeed, several EHR risk prediction studies have successfully explored 

adversarial techniques (Yu et al., 2021; T. Zhang et al., 2022; Y. Zhang et al., 2019) for 

domain adaptation in unsupervised settings. However,  Zhang et al. (2022) and Zhang et 

al. (2019) do not account for the positive–unlabeled nature of our problem, and Yu et al. 

(2021) focus on generating adversarial samples to improve domain adaptation, rather than 

using adversarial training to align features between the source and target domains. 

In this work, we seek a method to adapt a model from a historical source cohort to 

a contemporary target cohort while accounting for the partial observability of outcomes 

in the target data. To achieve these goals, we propose an adversarial domain adaptation 

framework tailored to PU data in EHRs. Our method features three core components: (1) 

An ADDA-based alignment term that match overall feature distributions between source 

and target populations; (2) A partial alignment term that ensures source negatives have 

high likelihood under the target unlabeled distribution; (3) A conditional alignment to 

align the conditional distribution using available positive labels in the target domain.  

Our contributions are as follows: 
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• We formalize the challenge of adapting EHR-based long-term outcome prediction 

models to temporal distribution shifts under limited follow-up. 

• To address this challenge, we propose a novel adversarial positive-unlabeled 

domain adaptation approach that aligns a fully labeled source domain with a 

partially labeled target domain.  

• We validate our method on one public benchmark and two real-world EHR 

datasets, demonstrating its practical effectiveness and robustness across diverse 

clinical settings. 

Domain adaptation methods for PU settings remain sparse; we are aware of only 

one existing approach (Sonntag et al., 2022). Our method therefore constitutes a new 

adversarial framework with partial distribution matching, providing a robust solution for 

predicting long-term outcomes in EHR data when labels are only partially observable. 

4.2 Method 

In this section, we first define our problem (Section 4.2.1), then describe how we 

pretrain the model on the source data (Section 4.2.2) Finally, we detail three components 

we used to align target features and source features (Section 4.2.3). 

4.2.1 Problem Definition 

We frame our problem as a positive and unlabeled (PU) domain adaptation 

problem. Let the source domain be 𝒟# = {(𝑥( , 𝑦()}(-"
)# , where each sample (𝑥( , 𝑦() has a 

fully observed label 𝑦( ∈ {0,1}. The target domain is 𝒟: = 𝒟:E ∪ 𝒟:D, where 𝒟:E =

{(𝑥( , 𝑦( = 1)}(-"
)$%  contains observed positive samples, and 𝒟:D = {(𝑥()}(-"

)$&  contains the 

unlabeled samples whose true label may be 0 or 1 but is unobserved (and treated as 0). 
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Our objective is to learn a predictive model for the target domain by leveraging both the 

fully labeled source domain data (𝒟#) and the PU target domain data (𝒟:). 

We build upon the Adversarial Discriminative Domain Adaptation (ADDA) 

framework (Tzeng et al., 2017), which uses adversarial training to reduce the domain 

discrepancy. In the standard ADDA setting, a source encoder and a source classifier are 

first trained on labeled source data, then a target encoder is learned such that its feature 

representation is aligned with that of the source domain via an adversarial objective. 

However, ADDA assumes that the target data are unlabeled. 

In our PU domain adaptation setting, we do have partial supervision on the target 

domain (i.e., some target positives are observed). Therefore, we introduce additional 

alignment steps to effectively utilize these partially labeled target examples. 

Our method involves: a source encoder 𝑀#, a classifier ℱ, a target encoder 𝑀:, 

and two discriminators 𝐷" and 𝐷< for different alignment objectives. 

4.2.2 Source Model Pre-training 

We begin with pre-training the source encoder 𝑀# and the classifier ℱ on the fully 

labeled source domain. Formally, we minimize the following to parameterize 𝑀# and ℱ: 

min
H#,ℱ

ℒJK(ℱ(𝑀#)), 

where ℒJK 	is a cross-entropy loss for supervised learning. After this pre-training, 

we initialize the target encoder 𝑀: using weights of 𝑀#. In many real-world EHR 

applications, historical or pre-existing models are available and can be directly used for 

initialization and fixed thereafter. 
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4.2.3 Feature Alignment 

To adapt the model from the source domain to the partially labeled target domain, 

we align the target and source feature distributions. As depicted in Figure 4.2, our 

alignment strategy includes three components: (1) Overall Alignment, (2) Partial 

Alignment and (3) Conditional Alignment.  

These components are motivated by the need to align the entire target feature 

space with the source feature space (Overall Alignment); align the negative portion of the 

source distribution with the unlabeled portion of the target in a way that accommodates 

potential hidden positives in the unlabeled set (Partial Alignment); and ensure that the 

conditional distribution 𝑃(𝑌 ∣ 𝑋) is also well-aligned by leveraging the known target 

positives (Conditional Alignment). 

We train the target encoder 𝑀: adversarially using two discriminators 𝐷" and 𝐷< 

to achieve overall and partial alignment (Sections 4.2.3.1 and 4.2.3.2), respectively. Then 

incorporate conditional alignment by optimizing 𝑀: with a supervised loss of ℱ(𝑀:(. )) 

on 𝒟:E. (Section 4.2.3.3). Finally, we summarize the overall objective in Section 4.2.3.4. 
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Figure 4.2: Illustration of the proposed framework with three alignment components: 
overall alignment, partial alignment, and conditional alignment. The source encoder and 

classifier are from the pre-training step. 

4.2.3.1 Overall Alignment 

To align the feature distributions, we introduce a discriminator 𝐷", that learns to 

distinguish between features from the source encoder 𝑀# and the target encoder 𝑀:. We 

train 𝐷" using a binary cross-entropy loss to classify domain indicators (source = 1 vs. 

target = 0): 

ℒL' = − �1log𝐷"E𝑀#(𝑥)F:
+∈𝒟#

− �[log(1 − 𝐷"(𝑀:(𝑥)))]
+∈𝒟$

. 

This follows a standard adversarial setup in which 𝐷" is trained to separate the 

source and target distributions, while target encoder 𝑀: is trained to prevent 𝐷" from 

doing so effectively by matching the source and target distributions in the representation 
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space. This is done by employing the following inverted-label GAN loss (Tzeng et al., 

2015) on the target domain: 

ℒH$ = �[log𝐷"(𝑀:(𝑥))]
+∈𝒟$

. 

This is a cross-entropy loss but with inverted domain indicators (target = 1). In 

other words, we treat the target features as if they were from the source domain to align 

the overall feature distribution of target with source. Overall alignment helps reduce 

overall domain discrepancy, ensuring that target features live in a feature space more 

similar to source features. 

4.2.3.2 Partial Distribution Alignment 

Although overall alignment brings the entire target distribution closer to the 

source, it treats all target samples uniformly. In PU learning, however, the unlabeled set 

𝒟:D contains both negative and positive samples, but we do not know which are truly 

positive. Simply forcing all target unlabeled samples to match source negatives can be 

detrimental, because some unlabeled target samples may be positive. 

To address this, we introduce a second discriminator 𝐷< focusing on aligning 

source negatives (𝒟#)) with unlabeled target data (𝒟:D), while still permitting positives in 

the unlabeled set to deviate if needed. 

We introduce a KL-divergence-based loss that encourages the negative portion of 

the source distribution to align with a corresponding portion of the unlabeled target 

distribution, while allowing the support of the unlabeled target samples, which include 

positives, to extend beyond that of the source negative samples: 

ℒL( = 𝐾𝐿(𝑝#)	|	𝑝:D) = 𝔼+~E#) �log �
𝑝#)(𝑥)

1 − 𝑝#)(𝑥)
��, 
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where 𝑝#)  and 𝑝:D denote the distributions of source negatives and target 

unlabeled data, respectively.  

Ghimire et al. (2021) showed that KL-divergence can be estimated adversarially 

using a discriminator. In practice, 𝐷< is parameterized that outputs a log-odds score, 

which can be used to estimate log � E#)(+)
"4E#)(+)

�. Thus, the KL term can be estimated by  

1
𝑁� � 𝐷<E𝑀#(𝑥)F + � 𝐷<E𝑀:(𝑥)F

+∈𝒟$&+∈𝒟#)

�. 

We again adopt an adversarial objective for the target encoder 𝑀:, but only on the 

unlabeled target samples. We use a loss similar to (\ref{eq:GAN_loss}): 

ℒEPC:H$ = � [log𝐷<(𝑀:(𝑥))]
+∈𝒟$&

. 

Here, we treat the unlabeled target features as if they were from the source 

negatives, thereby encouraging their representations to match. 

4.2.3.3 Conditional Alignment 

Even with overall and partial alignment, the conditional distribution 𝑃(𝑌|𝑋) may 

still differ between source and target domains. This is often referred to as conditional 

shift, can severely degrade performance if not addressed (Zhao et al., 2019). 

To address the conditional shift, we leverage the observed target positives 𝒟:E. 

Specifically, we require 𝑀: to classify these known positives correctly under the source-

trained classifier ℱ. 

Hence, we introduce a supervised loss on 𝒟:E. Since all observed labels 𝑦 = 1, 

the cross-entropy loss can be written as: 
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ℒ#DEH$ = − � [𝑙𝑜𝑔(ℱE𝑀:(𝑥)F]
+∈𝒟$%

 

This ensures that the learned target representations produce strong positive predictions in 

the target domain. Such conditional alignment leverages the label information in the 

target domain to reduce model shift and improve classification performance. 

4.2.3.4 Overall Training Objective 

Putting it all together, the overall training process consists of training two 

discriminators (𝐷", 𝐷<) and training the target encoder 𝑀: jointly. We set the parameters 

of 𝐷" and 𝐷< to minimize ℒL' and ℒL(, and set the parameters of 𝑀: to minimize the 

combined loss ℒQ9R8H$ for 𝑀: that includes an inverted-label GAN loss on all target, an 

inverted-label GAN loss on target unlabeled, and a supervised loss on target positives: 

ℒQ9R8H$ = 𝜆"ℒH$ + 𝜆<ℒEPC:H$ + 𝜆Gℒ#DEH$ . 

The proposed framework is shown in Figure 4.2. By building upon ADDA and 

incorporating partial distribution alignment for negative classes and conditional 

alignment via limited positive target labels, our framework addresses the unique 

challenges of PU domain adaptation.  

4.3 Data Applications 

To illustrate our method, we first conduct a proof of concept analysis on the 

SVHN and MNSIT datasets. We then move to our two motivating real-world EHR based 

examples. We compare the proposed method to: (1) An oracle model that trains on target 

data with fully observed labels; (2) A baseline model trained exclusively on the 

(historical) source data without adaptation; (3) A model trained only on the partially 

observed target data; (4) Unsupervised ADDA.  
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To assess the contributions of each alignment component, we also conduct an 

ablation study for each application. We compare several variants of our proposed 

method: (1) Only using overall alignment ℒH$ (ADDA)); (2) Only using overall and 

partial alignments (ℒH$ + ℒEPC:H$); (3) Only using overall and conditional alignments 

(ℒH$ + ℒ#DEH$); (4) Only using conditional alignments (ℒ#DEH$); (5) Using all three 

components (ℒH$ + ℒEPC:H$ + ℒ#DEH$). 

4.3.1 Proof of Concept: Digits Classification 

We first illustrate our proposed method on a well-known domain adaptation task 

involving the SVHN and MNIST datasets. We use the SVHN dataset as the source 

domain and a stylized variant of MNIST (drawn from MNIST-C (Mu & Gilmer, 2019)) 

as the target domain. We randomly assign half of the MNIST target samples to the canny-

edge style and the other half to the motion-blur style. 

4.3.1.2 Data setup 

Since we focus on a binary classification task, we restrict our dataset to two 

digits: 3 (positive) and 5 (negative). We then create a PU setting in the target MNIST 

data by assigning observed positive labels with probability 𝑝98#" for the canny-edge 

images, and  𝑝98#< for the motion-blur images. This design generates different label-

selection mechanisms, allowing us to test the robustness of our method under varying 

degrees of label observability. 



 

63 

4.3.1.2 Results 

Table 4.1 shows the AUC averaged over 10 runs. Despite having very few labeled 

samples in the target domain, our proposed method achieves the highest AUC across all 

three label observability conditions, significantly outperforming baseline methods. 

Table 4.1: AUC for digit classification (3vs.5) task on stylized MNIST data. 

Obs1 and Obs2 are labeling prob- abilities for canny edges and motion blur styles, 
respectively. Oracle model: trained on MNIST with fully observed labels; Source model: 
trained on SVHN without adaptation; Target model: trained on the partially observed 

MNIST. ADDA: unsupervised baseline DA method. Bolded values indicate the best 
performance for each scenario. 

 

 

4.3.2 Real Data Application 1: One-year Mortality Prediction After COVID-
19 

Our first real-world application aims to predict one-year mortality following 

emergency department (ED) visits, using data shortly after the COVID-19 pandemic 

commenced. This is a critical task given that ED patients often exhibit elevated risk of 

mortality (Gunnarsdottir & Rafnsson, 2006) and early identification of high-risk patients 

can facilitate timely interventions and potentially improve clinical outcomes (Dundar et 

al., 2016; Hung et al., 2017). While ample historical is available, given the changing 

nature of clinical care after COVID-19, it is reasonable to presume that there was 

meaningful domain-shift, therefore any model implemented in current clinical practice 

should be trained primarily on post COVID-19 data (Figure 4.1). 
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4.3.2.1 Data setup 

We use data from our institution's EHR system to define two cohorts: a historical 

source cohort (all ED encounters in 2018) with fully observed one-year mortality, and a 

target cohort (all ED encounters in 2021). Although we have full observability for the 

target cohort here, we simulate situations such that we only observe shorter outcomes in 

the target data, as if it were immediately after the COVID-19 outbreak. Specifically, we 

set up the target data to observe 7-day, 30-day, and 90-day mortality, which correspond 

to 17.3%, 31.1% and 51.7% actuarial outcomes respectively. Predictors including 

demographics, vital signs and disease diagnosis, with a total of 107 features. We selected 

a sample size of 20,000 from each cohort as the target training data and source training 

data, and an additional 10,000 samples from the 2021 cohort as the target test data, 

ensuring no overlap in patients between the training and test sets. 

4.3.2.1 Results 

Table 4.2 summarizes the AUC results for predicting one-year mortality after an 

ED encounter under various approaches and observation windows. As a reference, if we 

had access to the full one-year outcome data in the target, the best performing model (i.e., 

oracle model) would achieve an AUC of 0.907. Directly applying the model trained 

solely on historical data yields an AUC of 0.869, reflecting the distribution mismatch 

between source and target. Training on the partially observed target data alone (i.e., using 

only the first 90, 30, or 7 days of outcomes) gives lower AUC than the oracle model. 

Nonetheless, performance improves as the outcome observation window increases (from 

7 days to 90 days). Using the unsupervised ADDA alignment boosts performance, 
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demonstrating the benefit of adversarial domain adaptation for this task. Our proposed 

approach achieves the highest AUC across all observation windows.  

Table 4.2: AUC results for one-year mortality prediction on target data, given partial 
observations of the target outcome (90 days, 30 days, or 7 days). 

Event rates and outcome observability levels for each scenario are reported. Oracle model: 
trained on post-COVID target data with fully observed labels; Historical source model: 
trained on historical data without adaptation; Target model: trained exclusively on the 

partially observed target. ADDA: unsupervised baseline DA method. Bolded values indicate 
the best performance for each scenario. 

 

Notably, with just 90 days of outcome data—about half of the full observation 

period—we already attain an AUC of 0.909, which is close to and even slightly above the 

0.907 achieved by the oracle model. This indicates that partial and conditional alignment, 

in addition to overall alignment, effectively transfers knowledge from the historical 

source data and leverages the labels in target data. 

Overall, these results demonstrate that our proposed method with only limited 

outcome can be close to the performance of an oracle model trained with full one-year 

outcome labels in the target data. 

4.3.3 Real Data Application 2: Long-term prediction of neurodevelopmental 
conditions 

Neurodevelopmental conditions (NDCs) include a range of  conditions such as 

autism spectrum disorder (ASD), attention deficit hyperactivity disorder (ADHD), motor 

delay (MD), language delay (LD), and developmental delays (DD) that typically manifest 
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in early childhood (Thapar et al., 2017). Early detection of these conditions is crucial for 

initiating services to impact long-term outcomes (Cioni et al., 2016). In this application, 

our goal is to use clinical features available at 18 months old to predict whether a child 

will have an NDC diagnosis by 5.5 years of age (typical school age and 4 years in the 

future). Given the long-term nature of the outcome, to properly train a model in 2024, we 

could only use data as late as 2019. Ideally, we want to incorporate more contemporary 

data that captures evolving diagnostic standards and care practices. The proposed method 

will allow us to train the model with more contemporary yet partially observed outcome 

data. 

4.3.3.1 Data setup 

Following the cohort definition and feature engineering in Huang et al. (2024), we 

use embeddings of diagnosis and procedure codes extracted from the first 18 months of 

life. We divide the dataset into a historical source population (children born in 2014) and 

a target population (children born in 2017). We assume that, as of the current time, we 

only observe outcomes for up to 6 months, 1 year, or 2 years from the index date in the 

target population. These observation windows correspond to 14.3%, 30.4%, and 46.7% of 

full label availability, respectively.  

4.3.3.2 Results 

As shown in Table 4.3, models using historical source data without adaptation and 

model trained on partially observed target data both fall notably short of the oracle 

performance. Baseline unsupervised ADDA does improve the AUC to 0.786 as it aligns 

the overall features of target with the historical data. Our proposed method gives the best 

AUC among all three limited observability scenarios. Even in the most limited scenario 
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(6 months of available outcome, i.e., 14.3% of the full data), the proposed model obtains 

an AUC of 0.813, nearly matching the oracle model’s 0.818.  

Table 4.3: AUC results for long-term NDC prediction on target data, given partial 
observations of the target outcome (6 months, 1 year, 2 years). 

Event rates and outcome observability levels for each scenario are reported. Oracle model: 
trained on target data with fully observed labels; Historical source model: trained on 
historical data without adaptation; Target model: trained exclusively on the partially 

observed target. ADDA: unsupervised baseline DA method. Bolded values indicate the best 
performance for each scenario. 

 

4.3.4 Ablation study 

For SVHN-MNIST example, we evaluate different components of the proposed 

method in Table 4.4. We report overall AUC and subgroup AUC for canny edges and 

motion blur styles. As shown in Table 4.4 adding partial alignment on top of overall 

alignment (ℒH$ + ℒEPC:H$ + ℒ#DEH$) generally boosts performance, especially in cases 

with higher positive-label observability. Adding conditional alignment (ℒH$ + ℒ#DEH$ or 

ℒH$ + ℒEPC:H$ + ℒ#DEH$) further increases both the overall and subgroup AUC, 

leveraging the small pool of known positives. However, in these cases when observability 

is extremely low, conditional alignment alone may not help because the very small 

number of positive labels can lead the model to overemphasize the positive class. 

Overall, the combination of all three components (overall, partial, and conditional 

alignment) yields the best performance. 
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Table 4.4: AUC comparison across different components for digits classification. 

Subgroup performance is re- ported for canny-edge and motion-blur styles. 𝓛𝑴𝒕: overall 
alignment; 𝓛𝒑𝒂𝒓𝒕𝑴𝒕: partial alignment; 𝓛𝒔𝒖𝒑𝑴𝒕: conditional alignment. 

 

The AUC results for prediction one-year mortality and predicting long-term NDC 

in Table 4.5 show that in contrast to the digit classification task, including our partial 

alignment term in addition to overall alignment does not substantially improve 

performance. This may be because overall adversarial alignment already reduces much of 

the distribution mismatch, and in contrast to the classification task, this is a risk 

prediction setting in which positive and negative distributions are not separable. On the 

other hand, adding conditional alignment significantly improves performance over 

overall alignment alone. Enforcing correct classification of known positives in the target 

domain helps reduce label shift and results in higher AUC. However, using conditional 

alignment in isolation is not sufficient: Without adversarial alignment to anchor the 

representations, the model can overemphasize the positive class, harming performance on 

negatives. Apart from AUC, we observed that adding conditional alignment can increase 

the calibration-in-the-large in Appendix C1. Because conditional alignment shifts 

predictions toward positive outcomes, this underscores the importance of balancing all 

alignment components. 
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Table 4.5: AUC comparison in the ablation studies for one-year mortality prediction and 
long-term NDC prediction with different observation windows. 

𝓛𝑴𝒕: overall alignment; 𝓛𝒑𝒂𝒓𝒕𝑴𝒕: partial alignment; 𝓛𝒔𝒖𝒑𝑴𝒕: conditional alignment. 

 

4.4 Discussion 

In this paper, we address the challenge of developing a clinical prediction model 

for long-term outcomes before the long-term outcomes are fully observed in the target 

data. This question is particularly relevant when one wants to account for changing 

clinical practices over time. We formulated this setting as a positive–unlabeled domain 

adaptation problem, which incorporates the dual tasks of adaptation across source and 

target domains to mitigate population shift, and partial label observability to handle 

unlabeled data that may still be positive in the future. 

To tackle these challenges, we proposed a new adversarial framework that 

extends ADDA with three key components: (1) Overall Alignment to align the overall 

feature distribution between source and target; (2) Partial Alignment to match source 

negatives with the unlabeled portion of target data; and (3) Conditional Alignment to 

directly utilize the limited positive labels in the target domain. 

Through experiments on a benchmark digit classification task (SVHN to stylized 

MNIST) and two real-world EHR applications (one-year mortality prediction and long-
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term NDC prediction), we demonstrated that the proposed method consistently 

outperforms baseline models. Notably, our approach achieves performance comparable to 

a model trained with fully observed labels (oracle model) in most scenarios. 

In practice, this framework can be integrated into existing clinical workflows, 

allowing health systems to use historical cohorts to train robust models that predict long-

term outcomes even when the current population only has short-term outcome data 

available. By aligning feature representations and considering available positive labels, 

our method can facilitate long-term risk prediction and potentially improve patient 

outcomes. 

Although our motivating example focuses on using historical data, the proposed 

method can be generalized to consider any fully labeled source dataset, applied to a 

partially observed target dataset. For example, we may have source data emanating from 

an external cohort such as larger payer databases, clinical trials, or epidemiological 

cohorts. In these settings, it is reasonable to assume that there is some degree of domain 

shift to a target health system data context. Moreover, if the outcome can take place over 

an extended observation window, it is unlikely to be fully observed. This work therefore 

fits into a larger framework regarding the use of external data sources to address 

observability challenges in EHR-based datasets (Yan et al., 2025). 

Despite promising results, our approach has two primary limitations. First, using 

conditional alignment can lead to larger calibration error, therefore additional re-

calibration strategies may be needed. Second, achieving balance among the three 

alignment components is non-trivial, and determining the optimal weight requires careful 
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tuning. Future research could explore more robust and systematic methods for achieving 

this balance. 

Overall, this work highlights the importance of domain adaptation and positive–

unlabeled learning as complementary strategies for bridging the gap between historical 

datasets and current patient populations in need of timely, long-term risk predictions. We 

hope our findings encourage further exploration of adaptive techniques that can make the 

most of limited outcome labels in clinical practice. 
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5. Conclusion  

This dissertation has explored how incomplete and differentially captured outcomes in 

electronic health records (EHRs)—an issue we term as observability—can affect the 

development and fairness of clinical prediction models (CPMs). The central objective 

was to examine how observability arises, how to estimate and assess it, and how to build 

robust CPMs even when many outcomes remain unobserved. 

We began by proposing a formal definition of differential bias to demonstrate that 

differential observability, where some subgroups are systematically less likely to have 

their outcomes captured in EHR, can induce algorithmic bias in prediction models. 

Through simulations and empirical examples, we showed that this bias depends on 

whether a sensitive variable (e.g., socioeconomic status or race/ethnicity) is included in 

the model. If that variable directly affects the true outcome, excluding it can worsen the 

bias; if it primarily affects observability rather than the outcome itself, including it may 

actually exacerbate bias. Thus, understanding the mechanism behind differential 

observability is critical to deciding whether and how to incorporate sensitive variables 

into CPMs.  

Next, recognizing that observability is not always directly quantifiable in a given 

EHR system, we proposed a novel method to estimate how much of a target outcome is 

likely to be unobserved. By comparing EHR-derived outcomes to a fully observed 

external data source, and using a balancing score to reweight the external data to 

resemble the EHR population, this method provides practical estimates for both overall 

and differential observability. Simulation studies showed that the proposed estimator has 

a low MAE and high coverage rate if all relevant confounders are included in the 
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balancing score model. An illustrative application to hospital readmission data further 

showed how to interpret a differential observability test to assess whether two subgroups 

differ significantly in observability.  

Finally, we addressed how to develop robust CPMs in situations where outcomes 

are partially observed. We focused on specific observability scenario that long-term 

outcome is not yet fully observed for contemporary cohort, though our method can be 

generalized to any partially observed target dataset and fully labeled source dataset. 

Framing the observability problem as positive and unlabeled (PU) data problem, we 

proposed an adversarial domain adaptation framework that leverages fully labeled 

historical data. By aligning feature representations of a contemporary, partially labeled 

population with a historical cohort, our method adapts CPMs to shifting patient 

populations while accounting for observability. In real-world scenarios, health systems 

can deploy this framework to train reliable models for long-term outcomes, even when 

only short-term outcomes are available for newly enrolled patients. Moreover, because 

the method supports Selection At Random (SAR)—a situation in which outcome 

observability depends on subgroup membership or time—it can improve performance 

even under differential observability conditions. Therefore, this approach holds promise 

for a wide range of EHR-based CPM applications that involve partially observed 

outcomes. 

An important implication of this work is its contribution to fairness and equity in 

healthcare. By quantifying and addressing differential observability, practitioners can 

better detect when certain subgroups are underrepresented in the data and thus at risk of 

poorer model performance. Our proposed methods can be integrated into the clinical 
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prediction modeling workflow: observability estimation method can be used prior to 

model development (using external data) to ensure the dataset is fit for robust analysis; 

and if observability issues arise, adapting model through domain adaptation with 

historical data or external data so that CPMs remain well performed.  

While the methods and results in this work contribute significantly to addressing 

observability in EHR, several limitations highlight opportunities for further research. 

First, although this dissertation focuses on outcome observability in CMPs in this 

dissertation, it is important to recognize that observability constitutes only one of many 

potential biases in EHR-based research. Other sources, such as differences in 

measurement of covariates, changes in coding practices, shifting clinical guidelines, and 

incomplete clinical documentation, can also affect CPM performance.  

Second, while we illustrate the proposed observability estimation method in the 

context of CMP, its derivation does not depend on any predictive farmwork. As such, it 

could be equally useful for assessing observability in association or causal analyses. 

Moreover, CPMs are usually deployed in clinical decision making with specific risk 

thresholds that determine whether a patient is targeted for intervention. Future work 

could explore how observability affects these decision rules and consequently clinical 

outcomes. 

A third limitation lies in our reliance on having historical or external data with 

more complete outcome capture, although such data is available in our examples, it may 

may not hold in all settings. In instances where fully observed data are unavailable or 

difficult to obtain, alternative strategies such as self-supervised methods can be explored. 

Additionally, leveraging data from different modalities can also be a promising direction.  
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Finally, while our adversarial domain adaptation framework proves effective in 

handling positive–unlabeled (PU) data and adapting to population shifts, real-world 

healthcare systems often benefit from continuous model monitoring and updating. 

Extending these methods to dynamically evolving clinical environments remains an 

important direction for future research. By fostering a bias-aware mindset throughout 

model development and deployment, health systems can better mitigate observability and 

related biases, ultimately enhancing both the accuracy and fairness of EHR-based clinical 

decision support.  

In summary, by explicitly defining observability, developing methods to estimate 

it, and proposing modeling strategies that accommodate partially observed outcomes, this 

work advances the reliability and equity of EHR-based clinical prediction models. 

Through careful application of these techniques, healthcare systems can better identify, 

measure, and mitigate the biases caused by observability inherent in routinely collected 

EHR data, ultimately improving patient care and health outcomes. 
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Appendix A.  

Observability and its Impact on Differential Bias for Clinical 
Prediction Models 
 
A.1 Correlation between 𝑿𝟏 and 𝑿𝒔 

We conducted simulations when 𝑋0 and 𝑋1 are correlated. Figure A1, A2 and A3 show 

the heatmap with different correlations. With a higher correlation between 𝑋0 and 𝑋1, there is 

more differential bias when including the sensitive variable (Figure A3). But the general patterns 

of |𝛥23𝐵𝑖𝑎𝑠| − |𝛥45𝐵𝑖𝑎𝑠|	are similar to the pattern in Figure 4 when 𝑋0 and 𝑋1 have weak to 

medium correlations (Figure A1 and A2). In these cases, the correlation does not meaningfully 

affect the results. 

 

Figure A1: Heatmaps of |𝚫𝐢𝐧𝐁𝐢𝐚𝐬| − |𝚫𝐞𝐱𝐁𝐢𝐚𝐬| when 𝛃𝐬 and 𝛄𝐬 vary. 𝐂𝐨𝐫𝐫𝐞𝐥𝐚𝐭𝐢𝐨𝐧(𝐗𝟏, 𝐗𝐬) = 𝟎. 𝟐𝟓. 
Left(4a): Probability of observing outcome for reference group is set to be 0.5 (𝛄𝟎 =

𝟎),	𝐏(𝐘|𝐄 = 𝟏, 𝐗𝐬 = 𝟎) = 𝟎. 𝟓. Right(4b): 𝛄𝟎 = 𝟏𝟎,	𝐏(𝐘|𝐄 = 𝟏, 𝐗𝐬 = 𝟎) = 𝟏. 
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Figure A2: Heatmaps of |𝚫𝐢𝐧𝐁𝐢𝐚𝐬| − |𝚫𝐞𝐱𝐁𝐢𝐚𝐬| when 𝛃𝐬 and 𝛄𝐬 vary. 
𝐂𝐨𝐫𝐫𝐞𝐥𝐚𝐭𝐢𝐨𝐧(𝐗𝟏, 𝐗𝐬) = 𝟎. 𝟓. Left(4a): Probability of observing outcome for reference group 

is set to be 0.5 (𝛄𝟎 = 𝟎),	𝐏(𝐘|𝐄 = 𝟏, 𝐗𝐬 = 𝟎) = 𝟎. 𝟓. Right(4b): 𝛄𝟎 = 𝟏𝟎,	𝐏(𝐘|𝐄 = 𝟏, 𝐗𝐬 =
𝟎) = 𝟏. 

 

Figure A3: Heatmaps of |𝚫𝐢𝐧𝐁𝐢𝐚𝐬| − |𝚫𝐞𝐱𝐁𝐢𝐚𝐬| when 𝛃𝐬 and 𝛄𝐬 vary. 
𝐂𝐨𝐫𝐫𝐞𝐥𝐚𝐭𝐢𝐨𝐧(𝐗𝟏, 𝐗𝐬) = 𝟎. 𝟖. Left(4a): Probability of observing outcome for reference group 

is set to be 0.5 (𝛄𝟎 = 𝟎),	𝐏(𝐘|𝐄 = 𝟏, 𝐗𝐬 = 𝟎) = 𝟎. 𝟓. Right(4b): 𝛄𝟎 = 𝟏𝟎,	𝐏(𝐘|𝐄 = 𝟏, 𝐗𝐬 =
𝟎) = 𝟏. 

A.2 Continuous 𝑿𝒔 
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For continuous cases, the following simulation is conducted. 𝑋1 is generated from 

Uniform(0,1). We compared predicted risk to the true risk as 𝑋1 varies. 

Table A1: Simulation Table for continuous 𝐗𝐬 

Simulation 𝛽% 𝛽0 𝛽1 𝛾% 𝛾1 

7 0 2 1 2 0 

8 0 2 0 10 -11 

  

If the sensitive variable 𝑋1 is continuous, the results are consistent with the binary case. 

When there is no differential observability issue (Figure A4a), differential bias is smaller when 

including 𝑋1	in the model. Because in this case, the difference between true and predicted risk 

changes less as 𝑋1 changes and the differential bias is smaller. Conversely, when 𝑋1	only impacts 

observability (Figure A4b), differential bias is smaller when excluding 𝑋1. 

 

 

Figure A4: Sensitive variable 𝑿𝒔 versus the difference between true risk and predicted, 
either include or exclude 𝑿𝒔 in the model. (a) When there is no differential observability 
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issue (𝜷𝒔 = 𝟏,𝜷𝟎 = 𝟎,𝜷𝟏 = 𝟐, 𝜸𝒔 = 𝟎, 𝜸𝟎 = 𝟐). (b) When 𝑿𝒔 only impacts observing outcome 
(𝜷𝒔 = 𝟎,𝜷𝟎 = 𝟎,𝜷𝟏 = 𝟐, 𝜸𝒔 = −𝟏𝟏, 𝜸𝟎 = 𝟏𝟎). 
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Appendix B.  

Estimating the Observability of an Outcome from an 
Electronic Health Records Dataset Using External Data 
 
B.1 Additional Simulations 

In practice, external datasets often have larger sample sizes compared to the target 

dataset. To reflect this scenario, we conducted additional simulations where the external dataset's 

sample size is ten times that of the target dataset. The setup is similar to the simulations described 

in the main text, except that 𝑛% = 10,000 and 𝑛0 = 1,000. Results in Figure B1 and 2 show that, 

even with different sample sizes, when a confounder is included in the balancing score model 

(BSM3, BSM5, BSM6), the MAEs are still close to 0 even under poor overlap scenarios. 

Although the 95% coverage rate for the estimated true observability is slightly lower than in cases 

with better sample balance, the coverage rate for the estimated observability remains high. These 

findings suggest that our proposed method continues to provide reliable estimations of 

observability, even under less ideal conditions. 

 

Figure B1: Simulation results for estimated observability using different covariate sets in 
balancing score models under different overlap levels and different true observabilities with 

10:1 sample size ratio between external (𝐧𝟎 = 𝟏𝟎, 𝟎𝟎𝟎) and target data (𝐧𝟏 = 𝟏, 𝟎𝟎𝟎). 
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BSM1: Outcome predictor only model; BSM2: Imbalanced covariate only model; BSM3: 
“confounder” only model; BSM4: Outcome predictor & imbalanced covariate model; 
BSM5: Outcome predictor & “confounder” model; BSM6: Imbalanced covariate & 

“confounder” model. 

 

 

Figure B2: Simulation results for estimated true outcome probability using different 
covariate sets in balancing score models under different overlap levels and different true 

observabilities with 10:1 sample size ratio between external (𝐧𝟎 = 𝟏𝟎, 𝟎𝟎𝟎) and target data 
(𝐧𝟏 = 𝟏, 𝟎𝟎𝟎). BSM1: Outcome predictor only model; BSM2: Imbalanced covariate only 

model; BSM3: “Confounder” only model; BSM4: Outcome predictor & imbalanced 
covariate model; BSM5: Outcome predictor & “confounder” model; BSM6: Imbalanced 

covariate & “confounder” model. 
 

B.2 Plasmode Experiment 

The plasmode simulation is based on the ESRD dataset used in the Real Data Application 

section. It preserves the 270 covariates from the real data study, with plasmode data sampled to 

produce source and target sample sizes of 10,000 and 1,000, respectively, using sampling with 

replacement. A logistic model was then applied to generate true outcomes in both data sources, 

followed by setting true observability levels at 1, 0.8, and 0.6 to simulate observed outcomes in 

the EHR. To estimate observability, we used LASSO model for balancing score model as the one 

in Real Data Application.  
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Table B1: presents the mean absolute error (MAE) of the estimated observability and the 

coverage rate of the confidence intervals. The results indicate that, even in correlated and higher-

dimensional cases, the proposed estimation method maintains strong performance with low MAE 

and high coverage rate. 

Table B1: MAE and coverage rate for 95% CI of estimated observability under different 
true observability based on plasmode simulation data over 100 iterations 

True 
observabil

ity 

True 
outcome rate 

in EHR 

Observed 
outcome 
rate in 
EHR 

True 
outcome 
rate in 
claims 

Mean 
estimated 

observabilit
y  

MAE Coverag
e rate for 
95% CI 

1 0.332 0.332 0.317 1.125 0.124 0.926 
0.8 0.332 0.264 0.317 0.898 0.098 0.934 
0.6 0.332 0.199 0.317 0.676 0.076 0.922 
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Appendix C.  

C.1 Calibration Results 

We also evaluated calibration-in-the-large for both one-year mortality prediction and 

long-term NDC prediction using different variants of the proposed method. Table C1 shows that 

adding conditional alignment can increase mean calibration in these two risk prediction tasks. 

Because conditional alignment shifts predictions toward positive outcomes, these results 

underscore the importance of balancing all alignment components. 

Table C1: Mean calibration-in-the-large comparison for one-year mortality prediction and 
long-term NDC prediction with different observation windows.  

𝓛𝑴𝒕: overall alignment; 𝓛𝒑𝒂𝒓𝒕𝑴𝒕: partial alignment; 𝓛𝒔𝒖𝒑𝑴𝒕: conditional alignment. 
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