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Abstract

We provide an accessible description of a peer-reviewed generalizable causal machine learn-
ing pipeline to (i) discover latent causal sources of large-scale electronic health records
observations, and (ii) quantify the source causal effects on clinical outcomes. We illustrate
how imperfect multimodal clinical data can be processed, decomposed into probabilistic
independent latent sources, and used to train task-specific causal models from which indi-
vidual causal effects can be estimated. We summarize the findings of the two real-world
applications of the approach to date as a demonstration of its versatility and utility for
medical discovery at scale.

1 Introduction

A central objective of biomedical research is to identify the causes of disease. Causal analyses seek to
disentangle the effects of interventions and apply this knowledge to guide decisions that improve patient
outcomes. However, estimating causal effects for individual patients remains challenging, in part due to latent
confounding. Randomized clinical trials address confounding by assigning treatments randomly and therefore
remain the gold standard for causal effect estimation. Nevertheless, clinical trials typically investigate only
a limited set of interventions (e.g., treatment vs. placebo), apply conservative inclusion criteria, and enroll
relatively small samples because of their high cost. Consequently, they often provide sufficient data only
to estimate aggregate causal effects, such as the average treatment effect, rather than individualized effects
conditional on patient covariates, and may suffer from selection bias and limited generalizability [4} 29| [7].

We can attempt to overcome the sample size limitations of clinical trials by approximating randomized
experiments with observational data, provided that we condition on the appropriate covariates to mitigate
confounding and other biases. The key challenge, however, is identifying which covariates to adjust for. Causal
machine learning (ML) models provide a promising framework by enabling proper adjustment even for large
covariate sets derived from multimodal Electronic Health Records (EHRs) [9, i8]. Nonetheless, because EHR
data are collected primarily for clinical care rather than research, they remain subject to latent confounding,
implicit selection biases, and other systemic errors, such as process-related biases, that hinder causal effect
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Figure 1: Causal ML pipeline summary. Information flows from multimodal episodic EHR observations that
are preprocessed for A) independent latent causal sources discovery, to B) task-specific supervised causal
models H.(S). H, learns to predict Y from the source expressions of a small labeled cohort. Sample-specific
Shapley additive explanations ¢ estimate individual treatment effects at the (7, ¢) patient-timepoint level for
each of H.(S) k input sources. C) The source inputs to H.(S) are latent exogenous nodes of the underlying
linear SCM causal graph. When active, predictive sources leave a signature in the observed variables and
ultimately affect Y.

identification despite large adjustment sets [34} (1, 21] . Moreover, EHR data introduce additional practical
challenges, including systematic and random noise, longitudinal sparsity and incompleteness.

EHR data nevertheless also provide advantages that extend beyond the capabilities of randomized trials and
other observational datasets. The EHR reflects aggregated practical medical knowledge, captures key aspects
of patient physiology, and implicitly records how care is delivered and documented [13]. Clinicians can
thus routinely incorporate information from the EHR into their reasoning to infer likely causes of disease
compatible with observed clinical states [31], and to evaluate potential interventions most likely to address
those causes and improve patient outcomes [32,[9]. We thus ask:

Can we computationally infer latent causes from their effects in the EHR and quantify their individual
effects at scale? We argue that the answer is affirmative, though it requires both caution and nuance. Many
existing causal ML methods rely on strong untestable assumptions, raising uncertainty about their causal
validity when directly applied to large imperfect EHR data [28 [18]]. To address this challenge, we created this
tutorial to provide a clear, step-by-step summary of the data-driven pipeline introduced in Strobl and Lasko
[32] and Strobl [31]], and later scaled to large multimodal EHR data in Lasko et al. [22]. We demonstrate
that the pipeline (i) addresses many of the intrinsic challenges of processing large EHR datasets; (ii) infers
probabilistically independent latent sources that act as candidate causes of EHR patterns in high-dimensional
settings; and (iii) quantifies the causal effects of these inferred sources on a patient and timepoint-level for
specific outcomes. Note that (ii) and (iii) parallel Steps 1 and 3 of Pearl’s counterfactual inference [28]].
Crucially, the pipeline circumvents the difficult problem of estimating other intermediary causal structures
often required for effect estimation in practice, such as causal graphs or structural equations of the underlying
causal processes [28 [32]]. We further illustrate its potential through two peer-reviewed real-world applications,
framed as predictive tasks in distinct health conditions.



2 Preparing EHR data for machine learning

EHRs provide rich, high-dimensional multimodal data particularly well-suited for ML-based knowledge
discovery. However, their episodic nature requires substantial preprocessing to transform sparse, noisy and
incomplete observations into a substrate suitable for ML methods. Prior work [20, |19} 22]] developed and
progressively refined a modular pipeline that can process institution-wide datasets with thousands of variables
and a large proportion of missing values into a standardized and complete data matrix ready for downstream
analyses. The constituent steps are illustrated in Figure[T] A.

First, we ingest patient visit data for a large unlabeled discovery cohort over four structured data modalities:
measurements, such as laboratory test results and vital signs; condition codes for diagnoses, also referred
to as billing codes since their main purpose is to document the complexity of a visit for reimbursement
purposes; mentions of medications; and demographics including race, biological sex and age. Unstructured
data modalities such as medical images or clinical notes could also be included by, for example, extracting
tabular features from them.

Next, we infer continuous daily-resolution trajectories for each patient variable using modality-specific,
clinically-informed methods. This step attempts to overcome within-record data missingness and asynchronic-
ity across clinical variables. Measurement curves are smooth piecewise cubic interpolations (PCHIP) [[10]]
that avoid overshooting and maintain monotonicity and nonstationarity where present. Condition codes are
transformed into intensity curves (i.e. instantaneous code frequency per unit time) using a modified version of
Random Average Shifted Histograms (RASH) [6] that accommodates nonstationarity in event-arrival density
over a record timespan. Medication mentions are converted into binary curves that approximate taking vs.
not taking by extrapolation from the nearest reconciliation dates. Demographics curves are constant one-hot
encoded for categorical variables (race and biological sex) and linearly increasing for age. Completely missing
measurements, condition codes, and medications in a given record are imputed with population median, a
baseline intensity prior of one code per 20 years, and constant 0 (not taking) curves, respectively.

For each patient, the curves are time-aligned into a curveset from which we sample cross sections at a number
of random times proportional to the record length and the desired sampling density. Cross sections are then
stacked into a dense input matrix X that is then standardized to put all variables on roughly the same scale.
For complete data processing details refer to Appendix A in Lasko et al. [22]].

3 Discovering causal sources and their EHR signatures

The matrix X forms the data input to the discovery step, with rows representing the EHR variables and
columns the record cross-sections. We use the FastICA algorithm to learn an independent component analysis
(ICA) model from X. ICA finds a linear unmixing of its input into probabilistically independent latent sources.
All sources except one are assumed to be non-gaussian. ICA therefore decomposes X into a mixing matrix A
and a source matrix S such that X = AS [16][14]. Rows of S correspond to the mutually independent latent
sources, and columns to the cross sections in the corresponding columns of X. The values in S represent
the level at which each source is expressed at each cross section. We refer to the columns of A as source
signatures representing the linear changes in the original data space caused by one unit of expression of a
given source. For EHR data, the i-th column of A specifies the changes that a one unit change in .S; . imprints
to the record across all observed clinical variables.

From Pearl’s perspective, a data generation process (DGP) can be formalized through a structural causal model
(SCM). Each SCM has an associated directed acyclic graph (Figure|I|C) and a set of equations that encode the
functional relationships among exogenous latent sources and endogenous observed variables [28]. Shimizu
et al. [30] first described the connection between ICA and linear SCM equations. The identifiability of ICA
allows unique recovery of an SCM’s exogenous sources, given observations of the endogenous variables, under
the linear acyclic non-Gaussian model assumptions [30, [15].

In this context, Strobl and Lasko [32]] rigorously defined the sources as root causes of disease given observed
data. Note that the root level of ICA discovered sources goes as far back in the complete causal graph as
the input data allows. For most diseases and EHR datasets, information from the true root causes, such as
environmental or genetic factors, is usually upstream from the observed variables in X, and only their effects
can be seen in the signatures in A. Each source can reflect pathophysiological pathways, clinical workflow
patterns, or a mixture of these [21]]. Expert interpretation of a source signature can help identify its clinical
meaning and validation, as we will illustrate below.



4 Causally predictive models

Our objective is to find the subset of sources in S that are causally predictive of a health outcome of interest Y.
We formulate the problem as a predictive task, where we optimize a supervised architecture to learn to predict
Y from source expressions of a labeled patient cohort: H.(S) = Y. Under a weaker unconfoundedness
assumption than usual [22} 33], and the assumption that Y is a sink node in the prediction problem causal
graph [32], learning from parentless independent nodes constrains the problem such that the only flow of
information between the model predictors and Y is through causal paths (Figure[T[C). This is in contrast to
statistical learning in the original data space (H,(X) = Y), which is susceptible to finding highly predictive
but non-causal shortcuts in-sample when minimizing prediction error. In theory, causal identification intrinsic
to the sources allows using any supervised learning architecture to learn a descriptive model of Y which
confers greater interpretability to clinical ML models.

Given a trained causal model H.(S), Strobl and Lasko [32] identified sample-specific Shapley additive
explanation (SHAP) values 25 [24] as the mathematical formulation for quantifying each source’s total causal
effect on Y at the instance level; i.e., each source’s individual treatment effects (ITE). Although SHAP values
are usually employed as an associational measure of feature importance, when computed over the causal model
H_.(S), independence among predictors moves up SHAP values from rung 1 in Pearl’s ladder of causation,
thereby quantifying causal effects [32[31, 28]]. H.(S) SHAP values estimate each source’s attributable impact
on Y with respect to a reference "healthy" value, technically referred to as the base value. A source SHAP
value captures both its marginal and joint effects from all possible combinations with other sources [32, [17]].

5 Real-world examples

Lung cancer [Figure[I[C]. Lasko et al. [22] applied the above pipeline to discover 2000 latent causal sources
of EHR data for all institution-wide patients with lung disease, defined broadly. From that set of latent causes
the authors identified those predictive of furure malignancy among patients diagnosed with indeterminate
pulmonary nodules and no prior history of any cancer. The analysis recovered 92% of established causes of
malignant lung cancer. Furthermore, of the top 20 most predictive sources, 6 (30%) were recognized etiologies,
10 (50%) had various level of empirical support in the pulmonary oncology literature, and 4 (20%) had no
explicit peer-reviewed evidence but enough clinical face validity to grant further investigation.

Systemic Lupus Erythematosus (SLE) [Figure [IB]. Mota et al. [26] performed the same analysis of EHR
latent causes for patients who had an antinuclear antibody test done, presumably under the suspicion of
autoimmune disease. A causal model was trained to recognize SLE in the health record, a task also known
as computational phenotyping [3]. Predictive sources of SLE chart review labels included multiple disease
manifestations: two canonical presentations varying in the specific SLE billing code used, recognizable SLE
components (lupus nephritis and four antiphospholipid syndrome forms), a laboratory biomarker of disease
activity, SLE treatments, overlapping diseases (rheumatoid arthritis and Sjogren’s syndrome), and a surprising
operational source capturing a secondary effect of rheumatic autoimmune disorders. Its signature revealed an
EHR pattern that clinicians leave when prospectively coding for a rare eye condition, toxic maculopathy, as
insurance justification for retinal screening in hydroxychloroquine long-term users. Toxic maculopathy codes
are an unconventional predictor of the SLE label, but causal ML was able to identify this process-based latent
source.

Results of both studies highlight (i) the value of causal ML guided by probabilistic independence as
an etiological hypothesis generation at scale, and (ii) its broad applicability across medical specialties.
Importantly, both evaluations found no significant in-distribution performance boost for causal models over
their correlational counterpart. However, the main objective of causal modeling is not to minimize in-
sample predictive error, but rather to find stable predictive descriptors of reality [3], produce higher model
interpretability [23], and enable data-driven discovery [11]].

Future directions. Currently, our descriptive causal models are trained to minimize the predictive error of
Y = H.(S). However, the loss functions for optimal prediction and optimal inference of internal causal
structure are unlikely to coincide. How to choose the combination of hypothesis space, loss function, and
optimization approach to maximize causal structure accuracy is an important but unexplored area of research.

A second important and unsolved problem is evaluating causal discovery results, because we lack ground truth
for both the identification of latent sources and any counterfactual implications of the model structure [2| 27].
In our work to date, we use domain knowledge to validate inferred causes [22] in an adaptation of quantitative
probing, [12] but this does not validate unknown disease causes.
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