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Abstract

Telemedicine expanded rapidly during COVID-19 as Medicare and states relaxed long-standing restrictions. Diabetes
outcomes (HbAlc, blood pressure, LDL cholesterol) are routinely tracked in EHRs, yet causal evidence that
telemedicine improves these outcomes remains limited. Pre-post analyses cannot separate telemedicine effects from
confounding time trends such as seasonality and pandemic-related changes, while randomized state-level policy trials
are infeasible. This leaves a key evidence gap for policy decisions. Bayesian structural time series (BSTS) using
state-level EHR aggregates is the most suitable approach for causal inference, constructing counterfactual outcomes
from similar donor states. BSTS accounts for trends, seasonality, and autocorrelation, and uses synthetic control
principles to reduce confounding. It also provides uncertainty estimates and works with routinely collected aggregate
data. Policymakers should require BSTS-based evidence before making telemedicine coverage permanent.
Researchers should apply these methods to existing policy variation and share data and code. States should build
routine EHR-based monitoring systems for diabetes outcomes. Causal evaluation of telemedicine is feasible now
using existing data and methods. Relying on pre-post studies or waiting for randomized trials delays actionable
evidence needed for policy decisions.
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Diabetes affects approximately 37 million Americans, with
substantial disparities in control outcomes across states
and demographic groups [6,7]. Key diabetes control

Introduction

The COVID-19 pandemic triggered an unprecedented
expansion of telemedicine coverage under Medicare and

many state Medicaid programs [1,2]. Prior to 2020,
telemedicine reimbursement was heavily restricted; during
the public health emergency, these restrictions were rapidly
relaxed, creating a natural experiment in healthcare
delivery [3,4]. Some states have made these expansions
permanent, while others have rolled back coverage, yet the
causal evidence base for these policy decisions remains
remarkably thin [5].

measures — HbAlc, blood pressure, and LDL cholesterol
— are routinely captured in electronic health records and
can be aggregated to the state level for population health
surveillance [8,9]. Telemedicine could plausibly improve
control through enhanced medication management and
remote monitoring, or worsen control through loss of
physical examination and laboratory follow-up [10,11].
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The central evidence gap is causal: did telemedicine
expansion during COVID-19 cause improvements in
diabetes control, or were observed changes driven by
time trends [12,13]? Standard pre-post
comparisons cannot answer this question because the
pandemic itself affected healthcare utilization, medication
adherence, and stress levels — all of which influence
diabetes outcomes [14]. We contend that most published
evaluations of telemedicine for diabetes have failed to
establish causality [15].

concurrent

We contend that Bayesian structural time series applied to
state-level electronic health record aggregates is the
optimal method for estimating telemedicine's causal impact
on diabetes control [16,17]. This position paper argues that
BSTS addresses the limitations of conventional methods,
leverages existing data infrastructure, and produces
interpretable causal estimates that policymakers can act
upon [18]. We further contend that policymakers should
demand this level of evidence before making telemedicine
coverage permanent [19,20].

The causal logic of the paper is summarized in Figure 1,
which shows how state telemedicine policy variation,
quarterly EHR-derived diabetes control aggregates, and
Bayesian structural time series combine to produce policy-
that

relevant counterfactual estimates conventional

methods cannot credibly deliver.
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Figure 1. Causal Evaluation Architecture for Estimating the
Impact of State Telemedicine Expansion on Diabetes
Control Using Bayesian Structural Time Series

Telemedicine and Diabetes
Telemedicine for diabetes management

Telemedicine for diabetes management encompasses
remote monitoring of blood glucose, video-based
medication management visits, lifestyle coaching, and

Page 2 of 12

electronic transmission of continuous glucose monitor data
[21,22]. We contend that telemedicine offers potential
benefits including improved access for rural patients,
reduced transportation barriers, and more frequent check-
ins without requiring clinic attendance [23,24]. However,
telemedicine also carries risks: loss of physical examination
findings (foot checks, injection site inspection), potential for
technical failures, and reduced continuity when patients
cannot see their usual provider virtually [25,26].

Systematic reviews and meta-analyses have reported
improvements in HbAlc with telemedicine interventions,
but nearly all included studies are small randomized
controlled trials of specific telemedicine programs rather
than evaluations of population-level policy changes [27,28].
We contend that the generalizability of these trials to state-
level coverage policy is severely limited because trial
participants are volunteers, interventions are protocol-
driven, and control groups receive usual care that may
differ from real-world comparators [29]. The distinction
between efficacy (can telemedicine work under ideal
conditions) and effectiveness (does telemedicine coverage
policy cause population improvement) is critical and often
overlooked [17].

State-level policy variation

During the COVID-19 public health emergency, some
states enacted permanent telemedicine parity
requiring private insurers to reimburse telemedicine at the
same rate as in-person visits, while other states allowed
only temporary waivers that have since expired [1,2].
Medicare temporarily waived the originating site
requirement and geographic restrictions, but some of these
waivers remain temporary while others have been made
permanent [3,4]. We contend that this variation in
telemedicine coverage policies across states and over time
creates a natural experiment suitable for causal inference
methods [5].

laws

The timing of telemedicine policy changes differed
substantially across states, with some expanding coverage
in March 2020, others delaying until mid-2020, and a
subset maintaining pre-pandemic restrictions throughout
2020-2021 [6,7]. This staggered adoption pattern is ideal
for BSTS because the method can handle multiple
treatment times and construct state-specific synthetic
controls from donor states that had not yet expanded
coverage [8,9]. We contend that researchers have
underexploited this policy variation, instead publishing pre-
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post studies that confound telemedicine effects with
pandemic time trends [10].

Limitations of Current
Methods

Pre-post analysis

Pre-post analysis compares diabetes control outcomes
before and after telemedicine expansion within the same
population, attributing any observed change to the
intervention [11,12]. We contend that this design confounds
the telemedicine effect with concurrent time trends,
including seasonal variation in HbAlc (which typically rises
in winter), the direct physiological effects of COVID-19
infection on glucose metabolism, and pandemic-related
changes in diet, exercise, and stress [13,14]. A study
showing improved HbAlc after telemedicine expansion
cannot determine whether telemedicine caused the
improvement or whether patients simply had better
glycemic control because they were less stressed about
work or had more time to exercise while working from home
[15].

The fundamental problem is that pre-post analysis
assumes no other time-varying factors affect the outcome
between the pre and post periods [16,17]. During the
COVID-19 pandemic, this assumption is indefensible
because virtually every aspect of healthcare delivery and
daily life changed simultaneously [18]. We contend that
pre-post studies of telemedicine during COVID-19 should
be rejected by journal editors and reviewers as insufficient
for causal inference [19]. Continuing to publish such studies
misleads policymakers about the strength of evidence
supporting telemedicine coverage [20].

Difference-in-differences

Difference-in-differences the change in
outcomes over time between treated states (that expanded
telemedicine) and control states (that did not), attributing
the difference in changes to the intervention [21,22]. This
method requires the parallel trends assumption: in the
absence of treatment, outcomes in treated and control
states would have followed parallel trajectories [23,24]. We
contend that parallel trends is unlikely to hold for
telemedicine policy evaluation because states that
expanded telemedicine early may differ systematically from
non-expansion states in ways that also affect diabetes
control trajectories [25,26].

compares
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For example, states with more progressive telehealth
policies also tended to have higher baseline digital
infrastructure, different political leadership, and different
pandemic responses including mask mandates and
lockdown durations — all of which could independently
affect diabetes control [1,2]. When parallel trends fails,
difference-in-differences produces biased estimates that
cannot be interpreted causally [3,4]. We contend that the
method's sensitivity to the choice of control states and time
periods makes it telemedicine policy
evaluation, particularly when treatment adoption is
staggered and correlates with other state characteristics
[5,6].

unreliable for

Randomized trials infeasible

Randomized controlled trials are the gold standard for
causal inference, but randomizing states to telemedicine
coverage policies is politically and logistically impossible
[7,8].  Cluster-randomized trials of telemedicine
implementation within healthcare systems are possible but
answer a different question: does a specific telemedicine
program implemented under controlled conditions improve
outcomes, rather than does state-level coverage policy
cause population-level improvement [9,10]? We contend
that policymakers need evidence about coverage policy,
not about highly controlled implementation programs that
may not scale [11].

Even if a cluster-randomized trial were attempted, the time
horizon for completion would be several years, during
which states would continue making coverage decisions
without evidence [12,13]. The pandemic created a natural
experiment that be replicated; waiting for
randomized evidence means forgoing the opportunity to
learn from this natural variation [14,15]. We contend that
guasi-experimental methods including BSTS represent the
highest standard of evidence achievable for state-level
policy evaluation, and that demanding randomized trials is
effectively demanding no evidence at all [16,17].

cannot

Table 1 clarifies why the paper’s methodological claim is
not merely a preference for statistical sophistication but a
comparative identification argument showing that BSTS is
the strongest feasible design for the specific causal
guestion at stake.

Table 1. Comparative Identification Strength of Alternative
Causal Designs for Evaluating State Telemedicine Policy
Effects on Diabetes Control
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component captures gradual changes over time, the
seasonal component 7: captures periodic patterns (e.g.,
quarterly HbAlc cycles), and €¢ is the observation error
[20,21]. Bayesian inference combines prior distributions
with observed data to produce posterior distributions over
all model parameters, enabling probabilistic statements
about causal effects [22,23].

The state-space formulation allows BSTS to handle
irregularly spaced data, missing observations, and multiple
sources of uncertainty simultaneously [24,25]. We contend
that this flexibility is essential for telemedicine policy
evaluation because state-level EHR aggregates are often
reported at irregular intervals (quarterly but with occasional
missing quarters) and because multiple time series (HbAlc,
blood pressure, LDL) should be modeled jointly [26,27].
Standard time series methods like interrupted time series
independent errors and cannot easily
accommodate missing data or multiple outcomes [28,29].

assume

Counterfactual prediction

BSTS estimates causal impact by first training the state-
space model on the pre-intervention period, then predicting
the counterfactual time series (what would have happened
without the intervention) for the post-intervention period
[1,2]. The causal impact at each time point is the difference
between the observed outcome and the predicted
counterfactual, and the cumulative impact aggregates
these differences over the entire post-intervention period
[3,4]. We contend that this counterfactual prediction
framework directly answers the policy question: how did
diabetes control outcomes change specifically because of
telemedicine expansion, holding all other time trends
constant [5,6]?

The method produces intuitive visualizations: a plot
showing observed versus predicted counterfactual values,
with shaded credible intervals representing uncertainty
[7,8]. For telemedicine evaluation, such a plot would show
quarterly HbAlc control rates in an expansion state, the
BSTS-predicted counterfactual based on donor states, and
the difference interpreted as the causal impact of
telemedicine policy [9,10]. We contend that this visual
interpretability is crucial for communicating causal evidence
to policymakers who may not understand technical details
of Bayesian inference but can understand a plot showing
that outcomes improved more than expected based on
control states [11,12].
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Synthetic control with BSTS

BSTS extends synthetic control principles by constructing a
counterfactual from a weighted combination of donor
states, where weights are chosen to maximize pre-
intervention similarity in the outcome trajectory [13,14].
Unlike classical synthetic control, which requires the
outcome to be a weighted average of donor outcomes,
BSTS can incorporate additional covariates and time series
components [15,16]. We contend that this flexibility is
essential for telemedicine policy evaluation because donor
states may differ on important dimensions (rurality, baseline
diabetes prevalence, healthcare infrastructure) that should
be balanced in the synthetic control [17,18].

The method can handle multiple treated states
simultaneously by fitting a separate BSTS model for each
treated state using the same donor pool [19,20]. For
telemedicine evaluation, this means researchers can
estimate the causal impact of expansion in each state that
changed policy, then aggregate impacts across states to
assess overall effectiveness [21,22]. We contend that this
capability addresses a key limitation of difference-in-
differences, which struggles with staggered adoption and
heterogeneous treatment effects across states [23,24].
BSTS explicitly models each state's unique trajectory while
borrowing information from the donor pool to improve
counterfactual precision [25,26].

State-level EHR Aggregates

Data availability

State-level electronic health record aggregates are
increasingly available through quality registries including
PCORnet, state health department surveillance systems,
and health information exchanges [27,28]. These systems
collect de-identified data from multiple healthcare
organizations and report quarterly diabetes control metrics
at the state level without requiring patient-level data sharing
[1,2]. We contend that this existing data infrastructure can
be repurposed for causal policy evaluation with minimal
additional investment, because the necessary aggregates
are already being generated for quality reporting purposes
[3,4].

Several states including Louisiana, California, and New
York have published quarterly diabetes control measures
from EHR data for 2015-2024, providing a substantial pre-
COVID baseline and post-COVID follow-up period [5,6].
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The DICAYA Network and other surveillance initiatives have
demonstrated the feasibility of using EHR data to track
diabetes control at state and regional levels [7,8]. We
contend that the barriers to BSTS implementation are not
data availability but rather awareness of the method and
willingness to move beyond pre-post analysis [9,10].

Outcome measures

The core outcome measures for diabetes control are well-
established: proportion of patients with HbAlc less than 7
percent, proportion with blood pressure less than 130/80
mmHg, and proportion with LDL cholesterol less than 100
mg/dL [11,12]. Composite control measures (patients
meeting all three targets) are also available from EHR data
and provide a summary measure of overall diabetes
management quality [13,14]. We contend that these
outcomes should be modeled jointly because telemedicine
may affect different control measures through different
mechanisms — for example, medication management may
improve HbAlc while lifestyle coaching affects blood
pressure [15,16].

Quarterly aggregates from 2015 to 2024 provide
approximately 10 pre-intervention quarters (2015-2019)
and 16 post-intervention quarters (2020-2024), which is
sufficient for BSTS model training and impact estimation
[17,18]. The pre-intervention period should be long enough
to estimate trend and seasonal components, while the post-
intervention period should be long enough to detect
sustained impacts [19,20]. We contend that researchers
should use multiple outcome measures and multiple control
definitions (e.g., different donor state exclusion criteria) to
assess the robustness of causal impact estimates [21,22].

Counterarguments
Addressed

"BSTS is too complex for policymakers"

Some researchers argue that Bayesian structural time
series is too methodologically complex for policymakers to
understand and trust, and that simpler methods like pre-
post analysis are more transparent [23,24]. We contend
that this argument confuses the complexity of
implementation with the interpretability of results; BSTS
produces intuitive impact plots showing observed versus
predicted counterfactual values with uncertainty intervals,
which are far more informative than a simple pre-post
comparison [25,26]. Policymakers routinely accept complex
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methods in other domains (economic forecasting, clinical
trial analysis) without understanding the underlying
mathematics; what matters is the clarity of the answer, not
the complexity of the derivation [27,28].

The responsibility for methodological complexity should fall
on researchers, not policymakers [1,2]. We contend that
researchers can and should present BSTS results in
accessible formats: a primary impact plot, a table of
cumulative effects, and a plain-language statement of the
causal estimate [3,4]. The alternative — using simpler but
demonstrably biased methods — does policymakers a
disservice by providing answers that are confidently wrong
[5,6]. If the causal question requires sophisticated methods
to answer correctly, then sophistication is a feature, not a
bug [7,8].

"EHR aggregates have residual
confounding”

Critics may argue that electronic health record aggregates
are subject to residual confounding because they lack data
on social determinants of health, medication adherence,
and other unmeasured factors that could affect diabetes
control [9,10]. We contend that BSTS's synthetic control
approach addresses confounding more effectively than any
method that relies solely on measured covariates, because
the synthetic counterfactual is constructed to match the
pre-intervention outcome trajectory of the treated state
[11,12]. If unmeasured confounders are stable over time or
affect donor and treated states similarly, the synthetic
control automatically balances them [13,14].

No observational method can completely eliminate
confounding, but the relevant question is whether BSTS
provides less biased estimates than available alternatives
[15,16]. We contend that the pre-post analysis and
difference-in-differences methods currently dominating
telemedicine evaluation are far more vulnerable to
confounding than BSTS, vyet they receive less
methodological scrutiny [17,18]. Sensitivity analyses can
assess how robust BSTS estimates are to plausible
violations of the no-unmeasured-confounding assumption,
and researchers should report these analyses routinely
[19,20].

"We can wait for randomized trials"

Some methodologists maintain that only randomized
controlled trials can support causal claims, and that
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policymakers should wait for trial results before making
telemedicine coverage permanent [21,22]. We contend that
this position is untenable given that state-level coverage
policies cannot be randomized and that policymakers are
making coverage decisions now, not in the several years it
would take to complete a trial [23,24]. Waiting for
randomized evidence means deciding without any causal
evidence, because the trial will never happen — states will
not agree to be randomized to telemedicine restriction
[25,26].

The appropriate standard of evidence for policy evaluation
should be the best achievable given real-world constraints,
not an unattainable gold standard [27,28]. We contend that
BSTS estimates from well-designed natural experiments
provide sufficiently reliable evidence for policy decisions,
particularly when multiple states and multiple outcome
measures yield consistent results [1,2]. Randomized trials
can and should be conducted for specific telemedicine
programs within healthcare systems, but they cannot
answer the state-level policy question that is the focus of
this paper [3,4].

Recommendations
For researchers

Researchers studying telemedicine and diabetes outcomes
should immediately begin applying Bayesian structural time
series to state-level policy variation, using quarterly EHR-
derived aggregates as outcome measures [5,6]. We
contend that pre-post studies of telemedicine during
COVID-19 should no longer be submitted for publication,
and that journals should reject such manuscripts as
methodologically insufficient [7,8]. Researchers should
publish their BSTS code and aggregated data (respecting
privacy restrictions) to enable replication and meta-analysis
across states and time periods [9,10].

Collaboration between biostatisticians, epidemiologists, and
health services researchers is essential to ensure that
BSTS models are correctly specified and that results are
interpreted appropriately [11,12]. We contend that training
programs in health data science should include BSTS and
synthetic control methods as core competencies, given
their growing importance for policy evaluation [13,14]. The
methodological expertise exists; what is lacking is the will to
apply it to telemedicine evaluation at scale [15,16].
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For journal editors and reviewers

Journal editors and peer reviewers have a responsibility to
enforce methodological standards for causal inference in
observational studies [17,18]. We contend that manuscripts
evaluating telemedicine interventions using pre-post
analysis should be rejected outright, regardless of the
prominence of the journal or the reputation of the authors
[19,20]. Reviewers should specifically request justification
for the choice of causal identification strategy and should
demand sensitivity analyses that test the robustness of
BSTS estimates to alternative model specifications and
donor pool choices [21,22].

Editors should consider requiring that all telemedicine
policy evaluations include a BSTS analysis as a condition
for publication, similar to requirements for trial registration
or CONSORT adherence [23,24]. We contend that journals
specializing in health services research and diabetes care
should publish explicit methodological guidelines stating
that pre-post studies are insufficient for causal claims about
telemedicine effectiveness [25,26]. Raising the bar for
publication will incentivize researchers to adopt better
methods and will improve the evidence base available to
policymakers [27,28].

For policymakers and health systems

Policymakers  considering  permanent telemedicine
coverage should require causal evidence from BSTS or
equivalent quasi-experimental methods before making
decisions [1,2]. We contend that legislative testimony and
policy briefs based on pre-post studies should be given
minimal weight, and that state health departments should
commission BSTS evaluations of telemedicine policy
impacts using existing EHR data [3,4]. Health systems
should invest in infrastructure for quarterly reporting of
diabetes control metrics at the state and regional level to
enable routine causal impact evaluation [5,6].

The Centers for Medicare and Medicaid Services and state
Medicaid agencies should require BSTS-based causal
impact evaluations as part of telemedicine demonstration
waivers and permanent coverage determinations [7,8]. We
contend that funding agencies including the National
Institutes of Health and the Patient-Centered Outcomes
Research Institute should prioritize research grants that
apply BSTS to policy evaluation, and should require
grantees to share data and code [9,10]. Policy decisions
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made without causal evidence are not evidence-based
policy; they are guesses [11,12].

Implementation Pathway
Data aggregation

State health departments should coordinate with health
information exchanges and clinical data research networks
to produce quarterly, de-identified EHR aggregates for
diabetes control measures [13,14]. The aggregation
process requires standardizing definitions of diabetes
(based on laboratory results, diagnosis codes, and
medication dispensing), control thresholds (HbAlc less
than 7 percent, blood pressure less than 130/80, LDL less
than 100), and denominators (all patients with diabetes,
continuously enrolled, with at least one visit per quarter)
[15,16]. We contend that these definitions already exist in
quality measurement frameworks and can be adopted
directly for surveillance purposes [17,18].

Data sharing agreements should permit researchers to
access state-level aggregates without requiring individual-
level patient data, addressing privacy concerns while
enabling causal analysis [19,20]. The minimum data
needed for BSTS are quarterly outcome proportions for
each state, along with dates of telemedicine policy changes
[21,22]. We contend that this low data requirement makes
BSTS feasible even in states with strict privacy laws or
limited research infrastructure, because no patient-level
data ever leave the health system [23,24].

Causal impact analysis

For each state that expanded telemedicine coverage,
researchers should fit a BSTS model using the pre-
expansion period (e.g., 2015-2019) to estimate trend and
seasonal components, then predict counterfactual
outcomes for the post-expansion period (2020-2024)
[25,26]. Donor states should be those that did not expand
telemedicine coverage during the analysis period, or that
with weights chosen to
maximize pre-intervention similarity in the outcome
trajectory [27,28]. We contend that researchers should
conduct multiple analyses with alternative donor pools and
model specifications to assess the sensitivity of causal
impact estimates [1,2].

expanded substantially later,

Table 2 translates the paper’s methodological position into
a practical validity framework by specifying the design
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choices and reporting safeguards required for a credible
BSTS-based evaluation of telemedicine policy effects.

Table 2. Analytic Specification and Validity Safeguards for
Bayesian Structural Time Series Evaluation of State
Telemedicine Expansion

Analytic Recommended Rationale Thre:
Domain Specification
Treatment Define Precise Mi
definition intervention as intervention treat
the state-level dating is cand
date of essential for fals
meaningful valid pre/post  estimr
telemedicine partitioning
coverage and
expansion or counterfactual
parity prediction
implementation,
with explicit
coding for
temporary versus
permanent
changes
Unit of Primary unit: Aligns policy  Mism:
analysis state-quarter; exposure with ~ expt
secondary observable  and ol
stratified analyses  aggregate may
where feasible by outcome over
subgroup or structure
subregion
Outcome Model HbAlc Telemedicine Sing
family control, blood may influence fc
pressure control, outcomes I
LDL control, and through m
composite control different infer
separately and mechanisms over
comparatively and time ma
horizons
Pre- Use a sufficiently Needed to Tc
intervention long baseline, estimate basel
training ideally covering stable trend th
window and recurring ma
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The primary output should be a plot showing observed
versus predicted counterfactual values with 95 percent
credible intervals, accompanied by a table reporting
cumulative impact estimates (e.g., total percentage-point
increase in HbAlc control attributable to telemedicine
expansion) [3,4]. We contend that results should be
stratified by state, by outcome measure, and by population
subgroup (e.g., rural versus urban, by race and ethnicity)
where data permit [5,6]. Publishing these results in open-
access repositories will enable meta-analyses and will
allow states to learn from each other's experiences [7,8].

Limitations
Methodological limitations

Bayesian structural time series assumes that there are no
unmeasured confounders that affect the treated state and
donor states differentially after accounting for the synthetic
control weighting [9,10]. If a confounder (e.g., a new state-
level diabetes program implemented simultaneously with
telemedicine expansion) affects only the treated state and
not the donors, BSTS may attribute the effect of that
confounder to telemedicine [11,12]. We contend that
tests using
outcomes that should not be affected by telemedicine (e.g.,
influenza vaccination rates) and should use informative
prior distributions to regularize implausibly large effect
estimates [13,14].

researchers should conduct falsification

The method is also sensitive to the choice of donor states
and the length of the pre-intervention training period
[15,16]. Including donor states that are poor matches for
the treated state's pre-intervention trajectory can produce
biased counterfactuals, while excluding too many donors
reduces precision [17,18]. We contend that researchers
should report results from multiple donor pool specifications
select model
hyperparameters, rather than cherry-picking specifications
that produce favorable results [19,20].

and should use cross-validation to

Data limitations

State-level EHR aggregates mask substantial within-state
variation in telemedicine access, diabetes control, and
policy implementation [21,22]. A state may have expanded
telemedicine coverage, but rural counties within that state
may have limited broadband access that prevents
meaningful telemedicine use, diluting the estimated
average effect [23,24]. We contend that researchers should
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supplement state-level BSTS with analyses at smaller
geographic units (e.g., hospital referral regions or counties)
where data are available, and should explicitly discuss the
potential for effect heterogeneity [25,26].

EHR data may not capture all diabetes patients, particularly
those who are uninsured, receive care exclusively from
non-EHR practices, or have lapses in care [27,28]. If
telemedicine expansion differentially affects the probability
of being captured in EHR data (e.g., by increasing visit
frequency for some patients but not others), then changes
in observed control rates could reflect changes in who is
observed rather than true changes in control [1,2]. We
contend that researchers should assess the stability of
denominators over time and should conduct sensitivity
analyses assuming different patterns of missing data [3,4].

Conclusion

The expansion of telemedicine coverage during the
COVID-19 pandemic created a natural experiment that
could answer a critical policy question: does telemedicine
coverage cause improvements in diabetes control at the
population level? Standard pre-post analysis cannot
answer this question because it confounds telemedicine
effects with pandemic-related time trends, while
randomized trials of state-level policy are infeasible [7,8].
We have argued that Bayesian structural time series
applied to state-level electronic health record aggregates
represents the optimal method for estimating this causal
impact, combining synthetic control principles with flexible
state-space modeling and interpretable uncertainty
guantification.

We contend that the evidence base for telemedicine
coverage decisions can and should be generated
immediately using existing data and methods. State health
departments already collect quarterly EHR aggregates for
diabetes surveillance; the policy variation across states is
already documented; the BSTS methodology is already
implemented in open-source software. What is lacking is
the collective will to move beyond pre-post analysis and
demand causal evidence commensurate with the
importance of the policy decision. Journal editors should
reject pre-post telemedicine studies; researchers should
apply BSTS to state policy variation; policymakers should
require BSTS evidence before making
permanent.

coverage
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Telemedicine coverage decisions are being made now, with
permanent implications for how diabetes care will be
delivered for decades. Waiting for randomized trials means
deciding without evidence, because those trials will not
occur at the state policy level. Bayesian structural time
series on state-level EHR aggregates provides causal
estimates from data that already exist, using methods that
are already validated. We must use it.
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