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ABSTRACT Because clinical environments are safety-critical and heavily constrained by privacy, regu-
lation, and limited experimentation capacity, many organizations evaluate personalization strategies using
historical observational data rather than prospective randomized trials. This paper develops a technical
framework for robust evaluation of customer personalization algorithms in healthcare using causal inference
and offline policy testing. We formalize personalization as a policy that maps patient context to actions
such as messaging intensity, appointment scheduling options, or care-management enrollment. We analyze
identifiability under potential outcomes, clarify assumptions required for counterfactual generalization,
and highlight how standard predictive validation can systematically misestimate patient benefit under
selection and feedback. We then derive offline policy value estimators based on importance sampling, direct
modeling, and doubly robust constructions, emphasizing variance control, positivity diagnostics, cross-
fitting, and uncertainty quantification. Robustness is treated as a first-class objective through sensitivity
analysis for unmeasured confounding, distribution shift between logging and deployment populations, and
outcome missingness mechanisms common in longitudinal healthcare data. Finally, we translate these
methods into an operational evaluation workflow that supports governance, fairness auditing, and safety
constraints without relying on live experimentation. The resulting approach supports comparative testing
of candidate personalization algorithms while explicitly characterizing the causal and statistical conditions
under which offline estimates are reliable.

I. Introduction

Personalization in healthcare refers to algorithmic mecha-
nisms that adapt decisions to patient-level context [1]. In
this paper, the term customer is used in its operational sense
common to patient engagement platforms, where individu-
als interact with digital, administrative, or clinical services
and where system operators seek to tailor interventions to
improve outcomes such as appointment adherence, medi-
cation persistence, timely follow-up, preventive screening
uptake, or chronic disease monitoring. Unlike recommen-
dation settings where the primary objective is often short-
term engagement, healthcare personalization is constrained
by safety requirements, complex outcome measurement, and
ethical obligations to avoid disproportionate harm. More-
over, healthcare outcomes are frequently delayed, partially
observed, and confounded by clinical decision processes,
insurance coverage, and patient preferences. These character-
istics make naive offline evaluation unreliable when it relies

solely on predictive accuracy or on comparisons of observed
outcomes across algorithmic segments.

Offline evaluation is attractive because it can be per-
formed without exposing patients to experimental policies,
and because many healthcare systems maintain extensive
logs of actions and outcomes [2]. However, these logs are
typically generated by historical decision policies that were
not randomized. Clinicians and operational teams decide
who receives which action using rules and judgments that in-
corporate latent information, and patients self-select into care
pathways. Consequently, the observed relationship between
an action and an outcome is often biased with respect to the
causal effect of that action. A personalization algorithm that
appears to perform well under standard supervised metrics
may simply mimic existing triage patterns, allocating higher-
intensity outreach to patients already likely to improve or to
those with more complete follow-up data. Conversely, an
algorithm that would meaningfully improve outcomes could
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FIGURE 1: End-to-end offline evaluation pipeline for healthcare personalization: from logged decision instances to causal policy-value estimates, robustness
diagnostics, and a governance-ready deployment packet.

look poor in logs if it targets patients whose outcomes are
historically worse and whose engagement is more difficult.

Causal inference offers a principled language for translat-
ing logged observational data into counterfactual statements
about what would have happened under alternative policies
[3]. Yet applying causal inference to personalization requires
careful attention to the structure of decision-making, the tim-
ing of information, and the repeated nature of interventions.
Even when causal identification is plausible, the evaluation
problem differs from estimating a single average treatment
effect. A personalization policy may choose different actions
for different contexts, and its value depends on the joint
distribution of contexts, actions, and potential outcomes.
Offline policy testing, also called off-policy evaluation, aims
to estimate the expected outcome that would result if a
candidate policy were deployed, using data collected under
a different logging policy. This setting is common in con-
textual bandits and reinforcement learning, but healthcare
introduces additional complications such as censoring, dy-
namic confounding, and safety constraints that require the
evaluation to be robust rather than merely point-estimable.

Robust evaluation in this context has multiple meanings
[4]. Statistical robustness concerns estimators that remain
stable under model misspecification, high variance from
rare actions, and finite-sample uncertainty. Causal robustness
concerns sensitivity to violations of ignorability, including
unmeasured severity, unrecorded social determinants, and

clinician intuition. Operational robustness concerns distri-
bution shift, for example when a new policy changes pa-
tient engagement patterns or when the patient population
changes due to seasonality, payer contracts, or epidemics.
Regulatory robustness concerns explainability, auditing, and
reproducibility, including the ability to justify assumptions
and to document monitoring plans. The methods in this
paper are organized around these interlocking notions of
robustness, with an emphasis on mechanisms that allow a
healthcare organization to quantify uncertainty and to detect
when offline estimates are not reliable enough to support
deployment decisions.

We consider personalization algorithms that map a pa-
tient context vector to an action [5]. Context can include
demographics, prior utilization, lab results, diagnoses, risk
scores, behavioral signals, and operational constraints. Ac-
tions can include sending an SMS reminder, calling a patient,
offering telehealth versus in-person scheduling, enrolling
the patient in a care-management program, escalating to a
nurse, adjusting follow-up frequency, or selecting content
variants for education. Outcomes can include binary end-
points such as completion of a visit, time-to-event outcomes
such as time to readmission, or continuous measures such
as HbA1c levels. In many operational settings the algorithm
is evaluated against multiple objectives, including clinical
benefit, patient burden, and cost. We focus on a generic
scalar outcome that can encode trade-offs through a utility
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FIGURE 2: Causal structure for offline policy testing. Identifiability of policy value relies on conditioning on context X to address confounding; dashed
edges highlight unmeasured confounding (U ) and outcome missingness via an observation indicator (M ).

function, while noting that multi-objective extensions follow
by vector-valued outcomes and constraint handling.

The core contribution of the paper is a coherent, end-to-
end evaluation framework [6]. We define a data-generating
process that captures logged actions and outcomes with
potentially time-varying covariates. We specify the causal
estimand as the value of a candidate policy and relate it to
the g-formula under standard assumptions. We then present
offline policy estimators, including importance sampling,
direct outcome regression, and doubly robust estimators
with cross-fitting, emphasizing practical variance control
and positivity diagnostics. We further propose robustness
analyses that quantify sensitivity to unmeasured confounding
and to distribution shift, and we discuss uncertainty quantifi-
cation that yields conservative intervals suitable for safety-
critical decisions. Finally, we translate these methods into
an operational workflow that integrates privacy, governance,
and fairness considerations, acknowledging that healthcare
personalization is not merely a statistical exercise but a
socio-technical system embedded in clinical operations.

The remainder of the paper assumes familiarity with
basic probability and statistical learning but does not re-
quire specialized reinforcement learning background [7].
Mathematical expressions are provided where they clarify

the structure of estimators and assumptions. Throughout,
notation is chosen to emphasize the distinction between
observed variables and potential outcomes, and to make
explicit the role of the logging policy that generated the
data. The goal is not to advocate a single estimator but to
provide a robust evaluation toolbox with explicit diagnostics
and failure modes, allowing practitioners to select methods
that match the reliability requirements of a given deployment
decision.

II. Problem Setting and Data Generating Process

Let X denote a patient context vector observed at the time
a decision is made. Let A denote the action selected by
the operational system, where A takes values in a finite set
A or a bounded continuous set. Let Y denote an outcome
measured after action assignment, potentially after a delay.
Logged healthcare data often contains additional variables
that are not purely pre-treatment, such as intermediate mea-
sures, follow-up actions, or clinician notes recorded after the
initial action [8]. For offline policy testing, it is essential to
define a decision point at which X is available, A is chosen,
and Y is evaluated, while avoiding leakage of post-action
information into X . In practice, constructing X requires
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FIGURE 3: Estimator stack for offline policy evaluation. Importance sampling reweights by π/π̂0, direct methods plug in µ̂, and doubly robust estimators
combine both with cross-fitting and overlap diagnostics to improve finite-sample reliability.
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FIGURE 4: Robustness diagnostics workflow. Evaluation is accepted only when overlap is adequate, weight tails are controlled, results are stable to
trimming/backoff, and conclusions persist under plausible distribution-shift and confounding sensitivity scenarios.

careful timestamp alignment to ensure that all covariates
precede the action.

We assume the logged dataset consists of n independent
patient-decision instances indexed by i ∈ {1, . . . , n}, each
containing (Xi, Ai, Yi). Independence can be an approxima-
tion when decisions are spaced sufficiently apart or when
cluster dependence is weak. However, healthcare logs often
contain repeated decisions per patient and correlated out-
comes due to shared clinicians or facilities. A more faithful
model uses clustered or longitudinal data, but many offline
policy estimators can be adapted through cluster-robust vari-

ance estimation and through trajectory-based formulations
[9]. We begin with the single-decision setting to present core
ideas and then discuss extensions.

A key object is the logging policy, denoted π0(a | x),
which describes the probability that the historical system
chooses action a given context x. In healthcare, π0 may be
partly deterministic due to rules, and partly stochastic due to
clinician variability, scheduling availability, and unrecorded
factors. Offline evaluation requires either explicit knowledge
of π0 or a reliable estimate of it from logs. If the logging
policy is unknown and the data is deterministically logged,
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FIGURE 5: Operational governance loop. Offline causal evidence, constraints, and fairness auditing feed a sign-off process, while monitoring and feedback
ensure the system remains safe under drift and policy-induced changes.

the evaluation problem becomes ill-posed for actions that
were rarely or never taken in some contexts. This connects
to the positivity condition, discussed later [10].

We define a candidate personalization algorithm as a
policy π(a | x), which may be deterministic, stochastic, or
parameterized by a model. Deterministic policies select a =
π(x), while stochastic policies allow randomized exploration
or risk-aware diversification. In safety-critical healthcare
contexts, stochasticity is sometimes constrained, but it can
still be used in limited, controlled ways, for example by
randomizing among clinically equivalent message templates
or among scheduling options that preserve clinical safety.

Outcomes in healthcare require careful construction. Sup-
pose Y is a scalar utility that increases with desirable clinical
events and decreases with cost or burden. For example, Y
could be defined as a weighted combination of appointment
completion, medication refill adherence, and patient-reported
satisfaction, where weights are chosen by clinical governance
[11]. If outcomes are delayed or censored, one can define Y
as a function of observed follow-up time, such as a restricted
mean survival time up to a horizon. If outcomes are missing
due to loss to follow-up, the evaluation must model the
missingness mechanism or incorporate inverse probability
weights for observation.

In many personalization systems, decisions occur repeat-
edly. Let t ∈ {1, . . . , T} index decision times, and let Ht

denote the history available at time t, including baseline

context and prior actions and observations. Let At denote
the action at time t, and let Y denote a terminal outcome,
or let Rt denote rewards at each time. The data is then
a trajectory (H1, A1, R1, . . . ,HT , AT , RT ). Offline policy
testing in this setting becomes off-policy evaluation in a
Markov or partially observable process, with additional com-
plications from time-varying confounding [12]. Although
trajectory evaluation is important in care management, many
healthcare engagement decisions can be approximated as
episodic single-decision problems by choosing a specific
decision point, such as the first outreach attempt for a missed
appointment or the selection of a post-discharge follow-up
plan. The framework in this paper supports both, but the
mathematical exposition emphasizes the single-decision case
for clarity.

We introduce the potential outcomes notation. Let Y (a)
denote the potential outcome that would be observed if action
a were taken, possibly contrary to the action actually taken.
Under a policy π, the potential outcome is Y (π), which can
be defined as Y (π) =

∑
a∈A Y (a)I{Aπ = a} where Aπ is

the action assigned by π given X . The causal estimand of
interest is the policy value, defined as the expected potential
outcome under the policy. In the single-decision case this is
[13]

V (π) = E
[
Y (π)

]
= E

[∑
a∈A

Y (a)π(a | X)
]
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FIGURE 6: Extension to repeated decisions. Sequential off-policy evaluation multiplies per-time-step ratios, which can become unstable; healthcare
deployments typically enforce truncation, per-step doubly robust corrections, and state-aware backoff rules for safety.

where the expectation is over the distribution of X and the
potential outcomes. In a deterministic policy, π(a | X) is an
indicator that selects one action.

The evaluation challenge is that we only observe Yi =
Yi(Ai) for the action actually taken in the logs [14]. Re-
covering V (π) from logged data requires assumptions and
estimators that combine information across contexts and
actions. Importantly, the evaluation target may be either in-
sample, reflecting the historical distribution of contexts, or
out-of-sample, reflecting a target population. In healthcare,
distribution shift can occur due to changes in enrollment,
new clinics, seasonal illness, or operational policy changes.
Therefore, it is often necessary to define a target context
distribution p⋆(x) and to evaluate policy value under that
distribution. When p⋆(x) differs from the logged distri-
bution p(x), evaluation requires additional weighting or
transportability assumptions. A robust evaluation framework
should explicitly state whether the value is defined for the
logged population, a future population, or a mixture, because
interpretability and risk differ across these choices [15].

Data quality is central. Logged healthcare data often
contains measurement error, coding drift, missingness, and
delayed outcome capture. These issues affect both identifi-
cation and estimation. For example, diagnosis codes may be
incomplete, and social determinants may be absent, leading
to unmeasured confounding. Moreover, the action variable
may be imperfectly logged, such as when outreach attempts
are not fully recorded or when patient exposure is uncertain
[16]. Robust evaluation must treat these as potential failure

points and incorporate diagnostics, sensitivity analysis, and
conservative uncertainty.

III. Causal Inference Foundations for Personalization

The central causal question is whether we can express the
policy value V (π) in terms of observable quantities from
the logged data. A common identification approach relies
on three conditions. The first is consistency, which states
that the observed outcome equals the potential outcome
corresponding to the observed action, meaning Y = Y (A).
This requires that the action variable captures the relevant
intervention and that there are no multiple versions of
treatment that differ in ways not encoded by A. In healthcare,
this can fail if the action category aggregates heterogeneous
implementations, such as phone calls of different quality or
care-management enrollment with varying intensity [17]. A
robust evaluation pipeline should therefore refine the action
representation or incorporate additional variables that capture
relevant variation.

The second condition is conditional exchangeability, also
called ignorability, which states that given the observed
context X , the action assignment is as good as random with
respect to potential outcomes. Formally, for all a,

Y (a) ⊥ A | X

This assumption is strong in healthcare because clinicians
may use latent severity and patient motivation not captured in
X . However, in certain operational actions, such as random-
ized message templates or scheduling options constrained by
availability, ignorability can be plausible after conditioning
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on rich administrative covariates [18]. When ignorability
is questionable, sensitivity analysis becomes necessary, and
the evaluation should be interpreted as conditional on the
assumption rather than as definitive causal truth.

The third condition is positivity, which requires that the
logging policy assigns nonzero probability to actions that the
candidate policy might choose, for contexts of interest. For
discrete actions,

π0(a | x) > 0 whenever π(a | x) > 0

In healthcare, positivity violations are common because some
actions are clinically contraindicated in certain contexts or
because operational constraints prevent certain options [19].
From an evaluation standpoint, positivity violations mean
that we cannot learn the counterfactual outcome for those
actions in those contexts from logged data alone. Robust
evaluation thus requires either restricting the candidate policy
to the support of the logging policy, aggregating contexts to
improve overlap, or incorporating external evidence such as
clinical trials, which is beyond the scope of purely offline
evaluation.

Under consistency, exchangeability, and positivity, the
policy value is identified by the g-formula:

V (π) = E
[∑
a∈A

E
[
Y | X,A = a

]
π(a | X)

]
[20]

This expression clarifies that evaluation can proceed by
modeling the conditional outcome regression µ(a, x) =
E[Y | A = a,X = x] and then averaging it under the
candidate policy. However, pure outcome regression can
be sensitive to model misspecification, especially in high-
dimensional healthcare contexts with nonlinear relationships
and interactions.

A causal perspective also highlights why standard pre-
dictive validation is insufficient. A supervised model that
predicts Y from (X,A) might achieve high accuracy with-
out correctly estimating counterfactual differences between
actions. For instance, if A is strongly correlated with unob-
served severity, the model may attribute poor outcomes to the
action rather than to severity. Even if the model predicts well,
its implied counterfactuals may be biased. This motivates
estimators designed for causal targets and robust to certain
model errors [21].

The personalization objective often involves heterogeneity.
A useful causal quantity is the conditional average treatment
effect, defined for two actions a and a′ as

τa,a′(x) = E
[
Y (a)− Y (a′) | X = x

]
A policy can be viewed as choosing the action that max-
imizes expected outcome given x, subject to constraints.
Yet offline evaluation focuses on comparing fixed candidate
policies rather than on learning the optimal one, because
robust evaluation and robust optimization are distinct tasks.

Nevertheless, understanding heterogeneity is important for
diagnosing where a candidate policy might help or harm,
and for defining safety constraints such as requiring non-
inferiority in certain subgroups.

Healthcare personalization must also contend with inter-
ference and spillovers [22]. For example, outreach capacity
is limited; prioritizing one patient may delay another. This
violates the stable unit treatment value assumption because
one patient’s outcome depends on others’ assigned actions.
Offline evaluation under interference requires modeling the
joint assignment and capacity constraints, often using cluster-
level policies or treating capacity as part of the state. In
many practical engagement settings, interference is mod-
erate but not negligible, especially when actions consume
scarce resources like nurse calls. A robust evaluation should
therefore either restrict to actions with minimal interference,
incorporate capacity as a covariate, or interpret results as
conditional on approximate non-interference [23].

Another fundamental issue is time. Even in a single-
decision framing, the outcome may depend on post-action
events such as subsequent clinician decisions that are influ-
enced by the action. For example, a reminder might increase
visit completion, which then triggers additional diagnostics,
affecting downstream outcomes. Depending on the outcome
definition, such downstream pathways may be desired and
part of the causal effect, or they may be considered medi-
ators. Offline policy testing typically targets the total effect
of assigning actions under existing downstream processes.
This is appropriate for operational decisions where the
downstream system remains unchanged [24]. If deployment
changes downstream processes, such as altering clinician
workload and thus follow-up decisions, then the offline
estimate may not transport well. This links to robustness
under policy-induced distribution shift, discussed later.

Because healthcare data is often longitudinal, dynamic
treatment regimes provide a formalism for sequential per-
sonalization. Let π map histories to actions. The value
becomes an expectation over trajectories, and identification
requires sequential ignorability, meaning that at each time,
given history, the action is independent of future potential
outcomes. In practice, sequential ignorability is often less
plausible than single-time ignorability because unmeasured
factors accumulate [25]. Therefore, robust offline evaluation
in longitudinal settings frequently relies on rich logging and
careful representation of history, combined with conservative
sensitivity analysis.

IV. Offline Policy Testing and Counterfactual Risk

Offline policy testing aims to estimate V (π) using data gen-
erated under π0. A baseline estimator uses inverse propen-
sity weighting, also called importance sampling. Define the
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weight

w(X,A) =
π(A | X)

π0(A | X)

Assuming π0 is known or estimated, an importance sampling
estimator is [26]

V̂IS(π) =
1

n

n∑
i=1

w(Xi, Ai)Yi

This estimator is unbiased under the identification assump-
tions when π0 is correct, but it can have very high variance if
π chooses actions that were rare under π0 in some regions of
context space. In healthcare, such rare actions can arise when
candidate policies propose increased outreach to historically
under-served patients, leading to large weights and unstable
estimates. Variance control is thus essential.

A common variance-reduced variant is self-normalized
importance sampling: [27]

V̂SNIS(π) =

∑n
i=1 w(Xi, Ai)Yi∑n
i=1 w(Xi, Ai)

Self-normalization introduces bias but often reduces variance
substantially. In safety-critical contexts, it is important to
quantify both bias and variance and to avoid relying on
a single estimator. Truncation or clipping of weights is
another approach, where w is replaced by min(w, c) for
some threshold c [28]. This reduces variance at the cost
of bias, and robust evaluation requires exploring the bias-
variance trade-off and interpreting results conservatively.

Direct methods estimate the outcome regression µ(a, x)
and then compute

V̂DM(π) =
1

n

n∑
i=1

∑
a∈A

µ̂(a,Xi)π(a | Xi)

Direct methods can be low-variance but can be biased
under model misspecification. Healthcare outcomes can be
nonlinear and heteroskedastic, and outcome models may
be mis-specified even with flexible learners due to limited
overlap and due to systematic missingness.

Doubly robust estimators combine both propensity weight-
ing and outcome regression [29]. One canonical form is

V̂DR(π) =
1

n

n∑
i=1

[∑
a∈A

µ̂(a,Xi)π(a | Xi)

]

+
1

n

n∑
i=1

w(Xi, Ai) [30]
[
Yi − µ̂(Ai, Xi)

]
The doubly robust property states that, under regularity
conditions, the estimator is consistent if either the propen-
sity model or the outcome model is correctly specified. In
practice, both are estimated, often with flexible machine
learning models, and finite-sample performance depends on
estimation error and overlap. Cross-fitting, where models are
trained on folds and evaluated on held-out folds, helps reduce

overfitting bias and improves asymptotic properties in high-
dimensional settings.

To express cross-fitting compactly, let Ik be indices in
fold k, and let µ̂(−k) and π̂(−k)

0 be models trained excluding
fold k. Then

V̂DR,CF(π) =
1

n

∑
k

∑
i∈Ik

[
[31]

∑
a∈A

µ̂(−k)(a,Xi)π(a | Xi)

]

+
1

n

∑
k

∑
i∈Ik

π(Ai | Xi)

π̂
(−k)
0 (Ai | Xi)

[
Yi − µ̂(−k)(Ai, Xi)

]
Cross-fitting is particularly valuable in healthcare where X
can include thousands of sparse diagnosis features and where
propensity estimation may overfit.

When actions are continuous, importance sampling can be
unstable because densities can be extremely small [32]. One
approach is to restrict evaluation to policies that stay close
to the logging policy, such as Gaussian perturbations around
clinician defaults, or to discretize actions into clinically
meaningful bins. Another approach uses kernel-based density
ratio estimation, but this requires strong smoothness and
overlap. In many operational healthcare cases, discretization
into a small action set is both clinically interpretable and
statistically stable.

Offline evaluation often requires not only estimating value
but also testing whether a candidate policy is better than a
baseline. Define the improvement over baseline policy πb as

∆(π, πb)[33] = V (π)− V (πb)

A robust evaluation can estimate ∆ using paired estimators
that share nuisance models to reduce variance. For example,
a doubly robust estimator of ∆ can be formed by taking the
difference of two DR value estimates using the same µ̂ and
π̂0. This reduces sensitivity to nuisance estimation noise and
allows uncertainty quantification via influence functions.

Uncertainty quantification is essential for safety. For dou-
bly robust estimators, asymptotic normality can be used
under conditions, but healthcare datasets may violate these
due to clustering and heavy tails from weighting. Bootstrap
methods can be used, but naive bootstrap may fail under ex-
treme weights [34]. A more robust approach uses influence-
function-based variance estimates with weight trimming
and cluster-robust corrections. Let the per-sample pseudo-
outcome be

ϕi(π) =
∑
a∈A

µ̂(a,Xi)π(a | Xi)

+
π(Ai | Xi)

π̂0(Ai | Xi)

[
Yi − µ̂(Ai, Xi)

]
[35]
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Then V̂DR(π) =
1
n

∑
i ϕi(π). A conservative variance esti-

mate is

V̂ar
(
V̂DR(π)

)
=

1

n2

n∑
i=1

(
ϕi(π)− V̂DR(π)

)2

For clustered data with clusters c = 1, . . . , C and cluster
index set Cc, a cluster-robust analogue sums cluster-level
residuals.

Offline policy testing must also handle constraints. In
healthcare, an algorithm may be required to satisfy safety or
equity constraints, such as limiting high-intensity outreach
to patients with certain contraindications, or ensuring that a
minimum fraction of high-risk patients receive nurse follow-
up. Offline evaluation can incorporate constraints by estimat-
ing not only outcomes but also constraint-related quantities
under the policy, such as expected resource usage [36]. Let
G be a cost or resource random variable, and define

U(π) = E
[
G(π)

]
Then one can evaluate policies in the feasible set {π :
U(π) ≤ umax} using the same off-policy estimators with
G in place of Y . This enables offline assessment of trade-
offs between clinical utility and workload.

A final aspect of offline policy testing is counterfactual
risk for harm. An algorithm might increase average utility
while increasing risk in a vulnerable subgroup. Robust
evaluation should therefore examine conditional value and
tail risk, such as lower quantiles [37]. Estimating quantiles
under off-policy weighting is difficult due to instability, but
one can estimate conservative bounds using distributionally
robust approaches. A practical alternative is to define harm
indicators, such as whether a follow-up was delayed beyond
a threshold, and evaluate their expected rate under the policy.
While this still requires causal assumptions, it aligns with
safety governance by focusing on measurable adverse events.

V. Robustness, Uncertainty, and Sensitivity Analysis

Robust evaluation requires explicit handling of three main
fragilities: overlap limitations, unmeasured confounding, and
distribution shift. Overlap limitations are visible in estimated
propensities and weight distributions [38]. Unmeasured con-
founding is typically invisible but can be probed through
sensitivity models. Distribution shift can be diagnosed by
comparing covariate distributions and by evaluating the
stability of nuisance models across time and sites.

Overlap can be assessed by examining π̂0(a | x) for
actions used by the candidate policy. A practical diagnostic
is the effective sample size under importance weights:

neff(π) =

(∑n
i=1 w(Xi, Ai)

)2

[39]∑n
i=1 w(Xi, Ai)2

A small neff indicates that evaluation is dominated by a few
high-weight samples, which is unsafe for decision-making.
In healthcare deployments, it is often prudent to require neff

above a threshold and to restrict policy changes in regions
with poor overlap. This can be implemented by defining a
restricted candidate policy that backs off to a baseline action
when the estimated propensity under π0 is below a minimum.

Weight stabilization can be improved by modeling the
logging policy accurately. In healthcare, the logging policy
can be influenced by site-specific protocols and clinician
preferences. A hierarchical propensity model can capture
site effects, while regularization prevents extreme probabil-
ities. However, even a good propensity model cannot create
overlap where none exists [40]. Therefore, robust evaluation
should treat overlap constraints as design constraints, not
merely as estimation nuisances.

Unmeasured confounding is a central concern. A common
sensitivity approach introduces an unobserved variable U
that affects both action and outcome. The goal is not to
identify U but to quantify how large the effect of U would
need to be to materially change conclusions. One approach
models the deviation from ignorability through a selection
bias function. For binary actions, consider the odds ratio of
treatment assignment conditional on U : [41]

OR(x) =
P(A = 1 | X = x, U = 1)P(A = 0 | X = x, U = 0)

P(A = 0 | X = x, U = 1)P(A = 1 | X = x, U = 0)

A sensitivity parameter Γ ≥ 1 can bound OR(x) by Γ for
all x. One then derives bounds on the treatment effect or
policy value consistent with that bound. In offline policy
evaluation, this yields an interval of plausible policy values
under different confounding strengths. For safety, the lower
bound can be used as a conservative estimate, interpreting
deployment as justified only if improvement persists under
moderate confounding.

Another sensitivity approach uses outcome confounding
functions. Suppose the true conditional mean differs from
the observed regression by an additive bias term b(a, x) due
to unmeasured confounding: [42]

E
[
Y (a) | X = x

]
= E

[
Y | A = a,X = x

]
+ b(a, x)

If one can bound b(a, x) in magnitude, perhaps based on
domain knowledge about unmeasured severity, then the
policy value can be bounded. The policy value under bias
becomes

V (π) = E
[∑
a∈A

(
µ(a,X) + b(a,X)[43]

)
π(a | X)

]
In practice, one can explore a range of b forms, such as
b(a, x) = δa constant shifts, or b(a, x) = δas(x) where s(x)
is a severity score. The key is to report how conclusions
change across plausible δ values rather than to select a single
best guess.
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Uncertainty quantification should reflect both sampling
variability and nuisance estimation uncertainty [44]. Cross-
fitting helps, but finite-sample inference can still be opti-
mistic when weights are heavy-tailed. A robust approach
uses trimming combined with sensitivity reporting. For ex-
ample, one can report value estimates as a function of a
weight cap c, producing a stability curve. If conclusions
depend strongly on extreme weights, the evaluation is fragile.
Similarly, one can report estimates across multiple nuisance
model classes, such as generalized linear models, gradient
boosting, and neural models, to assess model dependence
[45]. The goal is not to average these models but to reveal
when evaluation depends on a particular modeling choice.

Distribution shift is a major concern in healthcare person-
alization because deployment changes the action distribution
and potentially the covariate distribution through feedback.
Even without feedback, the patient population can drift.
Offline evaluation typically assumes that the conditional
outcome model E[Y | X,A] is stable between the logged
environment and the deployment environment. If this in-
variance fails, the offline estimate may not transport. One
robustness strategy is to evaluate policies on temporally
separated validation sets, for example training nuisance
models on earlier months and evaluating on later months,
to assess stability. Site-based validation, where models are
trained on some facilities and evaluated on others, can
test generalization across operational contexts [46]. While
these tests are not definitive for causal transportability, they
provide practical evidence about the stability of predictive
relationships that underpin causal estimators.

A formal approach to covariate shift introduces a target
distribution p⋆(x) and defines the target policy value

V ⋆(π) = EX∼p⋆
[∑
a∈A

E
[
Y (a) | X

]
π(a | X)

]
If one can estimate the density ratio r(x) = p⋆(x)/p(x), then
one can reweight samples to approximate the target [47].
Combining this with off-policy weights yields

V̂ ⋆IS(π) =
1

n

n∑
i=1

r(Xi)w(Xi, Ai)Yi

This estimator can be extremely unstable because it multi-
plies two ratios. Therefore, robust evaluation in practice often
restricts to moderate shifts or uses conservative uncertainty
[48]. Another approach is to define the target population
through explicit inclusion criteria and to evaluate only on
that subset, avoiding extreme density ratios.

Missing outcomes are pervasive. Suppose M is an indica-
tor that Y is observed. If missingness depends on covariates
and action, and if it is missing at random given (X,A), then
one can use inverse probability of observation weighting.
Let ρ(x, a) = P(M = 1 | X = x,A = a). Then a doubly
robust estimator for observed outcomes can incorporate both

off-policy weights and observation weights:

V̂DR,MO(π) =
1

n

n∑
i=1

∑
a∈A

µ̂(a,Xi)π(a | Xi)

[49] +
1

n

n∑
i=1

π(Ai | Xi)

π̂0(Ai | Xi)

Mi

ρ̂(Xi, Ai)

[
Yi − µ̂(Ai, Xi)

]
This formulation highlights that healthcare evaluation can re-
quire multiple layers of weighting, which amplifies variance.
Therefore, robust evaluation must treat missingness modeling
and overlap diagnostics as central rather than peripheral.

Finally, robustness includes fairness and subgroup sta-
bility. Even if the average value improves, a policy might
worsen outcomes for specific protected or clinically vulner-
able groups [50]. One can define subgroup-specific value

Vg(π) = E
[
Y (π) | G = g

]
where G is a group indicator. Estimating Vg(π) off-policy
can be done by applying the same estimators within each
group or by including group interactions in nuisance models.
However, subgroup evaluation often has smaller effective
sample sizes and worse overlap, requiring additional conser-
vatism. A robust governance approach uses subgroup lower
bounds or constraints that require non-inferiority within
groups, recognizing that statistical uncertainty may be sub-
stantial [51].

VI. Operational Considerations in Healthcare Deployment

Robust evaluation is not purely a statistical exercise. Health-
care personalization systems operate within privacy reg-
ulations, clinical governance, and operational constraints.
Offline policy testing must align with data governance,
auditability, and safety monitoring. This section translates the
causal and off-policy methods into an implementable work-
flow suitable for healthcare organizations while recognizing
that details vary across jurisdictions and care settings.

Data governance affects feature availability and logging
quality. Privacy regulations and organizational policies may
limit the use of sensitive attributes, but robust evaluation
often benefits from including confounders that reduce bias
[52]. A pragmatic approach is to separate the modeling
pipeline into a confounding-adjustment layer and a decision
layer, where sensitive features may be used for adjustment
and auditing but not for direct targeting, depending on
policy. This separation requires careful controls to prevent
leakage and to ensure that the deployed policy complies with
governance rules. Regardless of whether sensitive attributes
are used in the policy, subgroup evaluation often requires
them for fairness auditing and safety checks.

Logging is critical. Offline evaluation relies on accurate
records of which action was taken, when, and under what
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context [53]. In many healthcare settings, actions occur
across heterogeneous systems such as electronic health
records, scheduling platforms, and communication vendors.
A robust evaluation pipeline should define a canonical event
schema with immutable timestamps and consistent iden-
tifiers. Without this, positivity diagnostics and propensity
estimation can be distorted by inconsistent action coding.
Furthermore, the logging policy may change over time due
to operational updates, requiring versioning of π0 and time-
stratified evaluation.

Clinical constraints define the action set. Some actions
are clinically contraindicated for certain patients [54]. These
contraindications should be encoded explicitly as feasibility
constraints, not learned implicitly from data. If contraindi-
cations are not encoded, an algorithm may propose unsafe
actions that cannot be evaluated offline because they never
occurred, and might also create spurious overlap issues.
Feasibility constraints also help interpret positivity: a zero
propensity due to clinical constraint is acceptable because
the candidate policy should not choose that action. A robust
evaluation should therefore define A(x) as the feasible action
set given x, and restrict policies to π(a | x) = 0 for
a /∈ A(x).

Capacity constraints and resource allocation matter. For
example, nurse calls are limited. A policy that increases
calls to high-risk patients might improve outcomes but
exceed staffing [55]. Offline evaluation can estimate expected
resource usage as described earlier, but true operational fea-
sibility may depend on temporal clustering and peak loads. A
policy that concentrates calls at specific times may overload
staff even if average volume is acceptable. Therefore, robust
evaluation should incorporate temporal features and simulate
operational queues when possible, treating them as part of
the environment. When detailed simulation is not available,
conservative constraints that limit the fraction of patients
assigned to high-cost actions can reduce risk.

Safety monitoring requires metrics beyond average out-
comes. Healthcare deployments typically require monitoring
of adverse events, process measures, and equity indicators
[56]. Offline evaluation can pre-specify these metrics and es-
timate their expected values under candidate policies. How-
ever, post-deployment monitoring remains necessary because
offline estimates can fail under shift. A robust evaluation
report should therefore include trigger conditions, such as
detecting a drop of more than x% in appointment completion
for a subgroup, or an increase in emergency visits beyond
a threshold, with clearly defined response actions such as
rolling back to a baseline policy. While the monitoring plan
is operational rather than mathematical, it is part of robust
evaluation because it defines how residual uncertainty is
managed.

Model risk management benefits from reproducibility and
audit trails. Because causal evaluation depends on modeling
choices and assumptions, the pipeline should record data
versions, feature construction logic, propensity and outcome
model configurations, weight trimming thresholds, and sensi-
tivity parameter ranges [57]. In regulated environments, these
artifacts support internal review and external audits. They
also support iterative improvement as more data becomes
available.

A common operational pattern is to compare several
candidate policies, including a baseline, a conservative in-
cremental change, and a more aggressive personalization.
Offline evaluation can rank these policies under estimated
value and uncertainty. However, robust decision-making
should avoid selecting a policy solely on point estimates.
In healthcare, it is often preferable to select a policy whose
lower confidence bound exceeds the baseline or whose
sensitivity-adjusted lower bound remains favorable under
moderate confounding [58]. This can be viewed as a robust
optimization criterion where the deployment choice maxi-
mizes a conservative value estimate rather than the mean
estimate.

Evaluation should also consider patient experience and
burden. Actions such as repeated reminders may improve
appointment completion but reduce satisfaction or increase
opt-out rates. If such outcomes are not included in Y , the
policy evaluation may be incomplete. A robust approach
defines Y as a composite utility or conducts multi-outcome
evaluation, ensuring that improvements in one metric do not
hide harms in another. When outcomes are hard to measure,
proxy measures such as opt-out rates, complaint tickets, or
call abandonment can be incorporated [59].

Finally, offline evaluation should respect the difference
between internal validity and external validity. Even if
identification assumptions are plausible in a logged dataset,
they may not hold in other sites or populations. Therefore,
robust evaluation should stratify by site, payer, and care
setting when possible, and should avoid extrapolation beyond
overlap. If an organization plans to deploy to a new clinic
with different workflows, offline evaluation from existing
sites should be treated as informative but not definitive. In
such cases, a cautious deployment strategy might involve
limited rollout with enhanced monitoring, even when full
randomized trials are not feasible [60].

VII. Mathematical Framework for Robust Estimation
Under Practical Constraints

This section consolidates the key estimators into a unified
mathematical view, emphasizing robustness to nuisance esti-
mation, overlap limitations, and partial identification. The
intent is to clarify how different components interact in
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healthcare settings where data is high-dimensional, actions
are constrained, and outcomes are noisy.

Let P denote the joint distribution of (X,A, Y ) under
the logging policy. Let π be a candidate policy. Under
identification assumptions, the policy value functional can
be written as

V (π)[61] = EP
[∑
a∈A

µ(a,X)π(a | X)
]

µ(a, x) = EP
[
Y | A = a,X = x

]
Define the propensity π0(a | x) = PP (A = a | X = x).
Consider the efficient influence function in the nonparametric
model for V (π), which motivates doubly robust estimation:

φ(Z;π, µ, π0)[62] =
∑
a∈A

µ(a,X)π(a | X)

+
π(A | X)

π0(A | X)

[
Y − µ(A,X)

]
− V (π)

where Z = (X,A, Y ) [63]. A plug-in estimator replaces
(µ, π0, V (π)) with estimates and uses the sample mean,
yielding the DR estimator presented earlier. Cross-fitting
mitigates overfitting bias by ensuring that µ̂ and π̂0 are
estimated on data independent of the evaluation fold.

In healthcare, overlap issues motivate restricting policies
to regions where π0 is not too small. Define an overlap
indicator

Ω(X) = I
{

min
a:π(a|X)>0

π0(a | X) ≥ ϵ[64]
}

for some ϵ > 0. One can define a restricted value

Vϵ(π) = E
[
Y (π) Ω(X)

]
/E

[
Ω(X)

]
which evaluates the policy only on contexts with sufficient
overlap. Operationally, this corresponds to deploying the
policy only where the system has evidence, and backing
off elsewhere. Estimating Vϵ(π) is more stable, though it
changes the target estimand. A robust evaluation report
should state the coverage E[Ω(X)] to quantify what fraction
of decisions are supported by overlap.

Weight trimming can be formalized as a constrained
estimator [65]. Let wi be the importance weight. Define
trimmed weights

w̃i = min
(
wi, c

)
and consider a trimmed DR estimator where the residual
term uses w̃i. This can be interpreted as evaluating the
policy under a contamination model where extreme ratios
are treated as unreliable. A robustness analysis can report
how V̂ changes across c. If the estimate is stable across a
broad range of c, conclusions are less sensitive to overlap
fragility.

Healthcare outcomes often exhibit heavy tails, for example
in cost outcomes or utilization counts [66]. In such cases,
robust M-estimation can be used to reduce sensitivity to
outliers. One can replace the residual term in DR with a
bounded influence function ψ, such as Huber’s function:

V̂DR,ψ(π) =
1

n

n∑
i=1

∑
a∈A

µ̂(a,Xi)π(a | Xi)

+
1

n

n∑
i=1

w(Xi, Ai) [67]ψ
(
Yi − µ̂(Ai, Xi)

)
This introduces bias if ψ is nonlinear, but can improve
stability when outcome noise is extreme. In safety-critical
decision-making, stability can be prioritized, with bias as-
sessed via sensitivity analyses and validation against held-out
time periods.

Partial identification arises when ignorability is not fully
credible. In that case, instead of a point value V (π), one can
aim to bound it [68]. Consider a binary action for simplicity
and define a sensitivity parameter η(x) that bounds the
difference between the true propensity and the observed
propensity due to unmeasured confounding. One stylized
model is

P(A = 1 | X = x, Y (1), Y (0)) = logit−1
(
logit

(
π0(1 | x)

)
+ η(x)∆Y

)
∆Y [69] = Y (1)− Y (0)

When η(x) = 0, ignorability holds. As η(x) increases,
assignment depends more strongly on the individual treat-
ment effect. This model implies that patients more likely
to benefit may be more likely to receive the action, or
vice versa. Although ∆Y is unobserved, one can derive
bounds on policy value by optimizing over distributions
consistent with observed data and η constraints. In practice,
exact optimization can be complex, but approximate bounds
can be computed by exploring plausible ranges of η and
assessing whether conclusions about policy ranking change
[70]. The operational message is that robust evaluation
should articulate how strong unmeasured confounding would
need to be to reverse a deployment decision, rather than
treating ignorability as a binary yes or no.

For sequential decisions, robust evaluation can use
marginal importance sampling with per-time-step weights.
Let π0,t(at | ht) be the logging policy at time t, and πt the
candidate. The trajectory weight is

W =

T∏
t=1

πt(At | Ht)

π0,t(At | Ht)

Trajectory weights can explode with T , making naive im-
portance sampling unusable. Practical healthcare implemen-
tations often use truncated horizons, per-decision evaluation,
or doubly robust sequential estimators based on recursive
value models. Even then, robustness requires careful overlap
assessment at each time [71]. This motivates designing
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personalization systems with evaluation in mind, including
logging stochasticity in safe regions to improve support and
enable learning.

Taken together, the mathematical structure suggests that
robust offline evaluation is less about selecting a single
estimator and more about managing the fragilities exposed
by the estimators. Overlap determines whether weights
are stable. Ignorability determines whether the estimand
is meaningful. Model estimation determines whether DR
properties hold in finite samples. Robust evaluation therefore
requires a multi-pronged approach: estimator ensembles,
trimming and restriction for overlap, sensitivity bounds for
confounding, and temporal or site validation for shift [72].

VIII. Conclusion

Robust evaluation of customer personalization algorithms in
healthcare requires integrating causal inference with offline
policy testing in a way that respects clinical constraints,
data limitations, and safety obligations. The key target is
not a predictive metric but the counterfactual policy value,
defined as the expected outcome that would arise if a
candidate personalization policy were deployed. Identifica-
tion of this value from logged observational data relies
on consistency, conditional exchangeability, and positivity,
assumptions that are often strained in healthcare due to la-
tent severity, clinician judgment, operational constraints, and
incomplete measurement. Offline policy estimators based on
importance sampling, direct outcome modeling, and doubly
robust constructions provide practical tools for estimating
policy value, but their reliability depends critically on overlap
and nuisance model quality.

A robust framework therefore treats diagnostics and sen-
sitivity analysis as essential components rather than optional
add-ons. Overlap should be quantified through propensity
diagnostics, weight distributions, and effective sample size,
with policy restriction or backoff strategies when support
is inadequate [73]. Unmeasured confounding should be ad-
dressed through sensitivity models and bounds that clarify
how conclusions depend on unverifiable assumptions. Dis-
tribution shift should be probed through temporal and site-
based validation, and missingness mechanisms should be
modeled explicitly when outcomes are partially observed.
Uncertainty quantification should be conservative, reflecting
heavy-tailed weights, clustering, and finite-sample variabil-
ity, and decision-making should emphasize lower bounds
and stability across modeling choices rather than maximizing
point estimates.

Operationally, robust evaluation must be embedded in gov-
ernance structures that define feasibility constraints, safety
metrics, auditing practices, and monitoring triggers. Health-
care personalization is a socio-technical system: evaluation

results are only as actionable as the logging infrastructure,
the clarity of outcome definitions, and the organization’s
capacity to monitor and respond to post-deployment devi-
ations. Within these constraints, causal offline policy testing
can support comparative assessment of candidate algorithms
without requiring immediate live experimentation, while
making explicit the assumptions and uncertainties that de-
termine how much confidence the organization should place
in offline evidence [74].
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