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Abstract

An observational comparison needs patients for whom the alternative strategies were plausible, not
merely a dataset containing two graft labels. This conceptual methods synthesis examines treatment
overlap in superior capsular reconstruction. A review of graft biology motivates source-related
hypotheses, while clinical and causal-methodological literature clarifies the conditions under which those
hypotheses can be compared. The framework separates availability, clinical suitability, preference, and
delivered treatment. It proposes an eligibility ledger and treatment-support map before propensity
modeling or outcome adjustment. It also distinguishes the population represented after matching or
weighting from the original clinical cohort. No patient records are newly analyzed and no treatment effect
is estimated. The contribution is a design for recognizing where a source comparison is supported, where
it relies on extrapolation, and what new observations could strengthen it.
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1. Two labels do not create two comparable groups

A database can contain many recipients of two graft strategies while offering little support for a direct
comparison. One strategy may be used only in a particular clinical context or be available at a small
number of sites. Patients receiving it can differ from others for reasons related to outcome. An outcome
regression can still produce a coefficient, but the coefficient may depend heavily on extrapolation. The
design should identify the observations supporting the intended contrast before a numerical estimate gives
the comparison an appearance of completeness.

Cao and colleagues' review places biological properties within the question of graft selection and healing
after superior capsular reconstruction (Cao et al., 2025). Such a hypothesis motivates a comparison but
does not establish that observed treatment groups are exchangeable. A reason for selecting a source can
also be a reason for different prognosis. The present framework therefore asks which patients could
plausibly receive each strategy and what information documents that choice. It does not infer a new
material effect from the review or recommend a source for an individual patient.

Clinical reconstruction research provides a setting in which the graft is selected and delivered within a
complete procedure (Mihata et al., 2013). The available alternatives can depend on anatomy, prior
treatment, resources, and team practice. A study should preserve these constraints rather than interpret
every observed choice as a freely interchangeable option. The treatment-support map is a descriptive
object that can reveal those limits. Its purpose is to identify a defensible question, which may be narrower
than the broad comparison suggested by a familiar material label.

2. Separate availability, suitability, and preference

A construct can be unavailable at a site even when it would otherwise be considered. It can be available
but judged unsuitable under documented circumstances. It can also be one of several plausible options,
with the choice reflecting preference or local practice. These states imply different assignment processes.
A single treatment variable cannot show which one applied. A prospective eligibility ledger can preserve
the alternatives considered, the timing of that consideration, and the source of the reason. An unknown
reason should remain unknown rather than be inferred from the eventual graft.



The ledger does not turn clinical judgment into randomization. It improves the description of the
assignment process and helps identify where empirical support is limited. A comparison among patients
with documented alternatives may apply to fewer patients but require less extrapolation. Another study
may legitimately examine complete policies across sites. Its interpretation should then concern those
policies and their environments. The report should not move between these questions simply because a
particular model can be fitted to the available columns.

Eligibility also needs a time point. A patient considered before final operative findings may face a
different set of feasible strategies after those findings become available. A baseline comparison must
define the information used at its decision point. An intraoperative variable can be a legitimate part of that
definition for one question and future information for another. The design should preserve the sequence
rather than classify every recorded fact as a baseline covariate. This prevents a retrospective record from
appearing to contain information that was unavailable when the choice was made.

3. Map support before fitting an assignment model

A treatment-by-site and treatment-by-period table can identify where the alternatives coexist. A
corresponding table for major eligibility features can show whether a source is observed only within a
particular subset. The objective is not to test every baseline difference for significance. It is to understand
the support for the intended contrast. Large sample sizes can make trivial differences significant, while
small groups can hide consequential absence of overlap. A visual or tabular support map can therefore be
more informative than a collection of p values.

A causal diagram helps identify which baseline variables can influence both treatment and outcome
(Greenland et al., 1999). The diagram also distinguishes variables that are consequences of treatment or of
early recovery. Including all measured fields in an adjustment model can change the estimand or
introduce bias. The proposed map should therefore connect the variable definition to its timing and
assumed role. The design remains open to challenge: a diagram records assumptions rather than proving
them. Its value is to make the reasoning inspectable before the result is known.

Material versions need similar attention. If one source group contains several processing and fixation
combinations, the comparison may concern a strategy mixture. A support map should identify which
combinations are observed. Separate coefficients for highly linked components do not create missing
combinations. The study should state whether it targets the broad delivered strategy or an isolated source
feature. A narrow material interpretation requires a stronger design than a descriptive comparison of the
packages patients received under different clinical circumstances.

4. Propensity scores do not manufacture alternatives

The propensity score summarizes a treatment probability conditional on observed covariates
(ROSENBAUM and RUBIN, 1983). It can support several adjustment designs, but a near-perfect
treatment classifier may indicate poor overlap rather than a successful causal model. Investigators should
inspect the distribution in relation to the target population. A predicted probability near zero or one can
mean that the data provide little information about the alternative for those patients. Weighting such
observations heavily does not add the missing clinical experience; it increases reliance on a small amount
of support.

Matching methods can create a more comparable observed subset (Stuart, 2010). The report should
identify who remains after matching and why others were excluded. The resulting estimate applies to that
constructed population under the stated assumptions. It should not inherit the original cohort's broad
applicability without discussion. Matching also requires uncertainty analysis appropriate to the design.



Balanced measured covariates do not demonstrate balance in unmeasured clinical judgments or correct
treatment classification. The study should preserve those limitations rather than present a matched table as
a completed proof of exchangeability.

Weighting changes representation in another way. A few patients can receive substantial influence when
their treatment is uncommon given their measured characteristics. A study should report the weight
distribution and any truncation rule, together with the population the weights are intended to represent.
Changing the rule after inspecting favorable outcomes introduces another choice requiring disclosure. A
more stable estimate after restricting the population can be useful, but the restriction should be described
as a change in target support rather than a purely technical improvement.

5. Outcomes and the care environment

The Shoulder Pain and Disability Index supplies a defined patient-reported domain (Roach et al., 1991). A
comparison should identify whether its primary outcome is a final score, change, structural event, or
another prespecified observation. Eligibility and follow-up can interact: patients with different treatment
choices may have different opportunities to complete the outcome. A complete baseline support map does
not resolve selective observation later. The study should preserve missing visits, reasons for additional
assessments, and subsequent treatment so that the clinical contrast remains interpretable through
follow-up.

Site can represent resources, experience, measurement, and subsequent care as well as source availability.
An isolated graft coefficient may therefore reflect a broader delivery system. Cluster-robust inference
addresses some within-group dependence under stated conditions (Cameron and Miller, 2015), but it does
not make those environments comparable. A study should distinguish the identification problem from the
standard-error problem. If all recipients of one source come from one distinctive setting, a covariance
correction cannot create a within-setting material comparison that the data do not contain.

Heteroskedasticity-consistent covariance estimation addresses another variance assumption (White,
1980). It cannot repair absent treatment support, unmeasured selection, or an endpoint measured
differently by group. A narrow robust interval can still describe a biased contrast. The interpretation
should identify which uncertainty is quantified by the model and which uncertainty remains in the design.
Better data about alternatives or a narrower eligibility definition may strengthen the question more than a
more elaborate model applied to the same unsupported comparison.

6. Assess bias at the level of the question

ROBINS-I provides a framework for examining bias in nonrandomized intervention studies (Sterne et al.,
2016). The assessment should be connected to the intended treatment contrast. A broad clinical policy
comparison and an isolated material comparison can face different limitations even in the same dataset.
The reviewer should identify how selection, treatment classification, deviations, missingness, and
measurement might distort that particular question. Assigning a single score after the analysis can conceal
these distinctions. A design-oriented assessment can instead identify which data collection or restriction
would improve interpretation.

STROBE supports transparent reporting of observational populations and analytical choices (von Elm et
al., 2007). A capsular graft comparison should add the treatment-support map, eligibility reasons, and the
timing of selection variables. The report should show how the analyzed population differs from the
eligible clinical population. It should also retain outcomes for participants who later change treatment
where the estimand requires them. An apparently clean final cohort can represent substantial
post-treatment selection if those transitions are removed without a clear rule.



Sensitivity analyses should target consequential uncertainties rather than serve as a catalogue of models.
One analysis might examine the population with documented alternatives; another might assess a different
plausible missingness process. The question and interpretation should remain visible when the analysis
changes. Agreement among several regressions using the same unmeasured selection process is not
independent validation. A useful sensitivity result can be that the substantive interpretation depends on an
assumption the current data cannot assess, pointing to a focused next study.

7. Design the next data collection around missing support

A prospective study could begin with a compact record of the alternatives considered, reasons for choice,
construct versions, and a common outcome schedule. A pilot can test whether those fields are completed
reliably and whether the intended contrast has enough support. The design should not force clinicians to
document speculative alternatives merely to fill a form. It should distinguish what was genuinely
considered from what the analyst later wishes had been considered. This preserves the meaning of the
eligibility ledger and prevents administrative completeness from replacing clinical information.

Another possible study could deliberately investigate a narrower group in which strategies are both
plausible. Its result would have a limited but clearer target. Broader generalization would remain a
separate question involving other populations and care environments. This sequence is scientifically
useful even when it does not yield a universal material ranking. The biological explanation motivating the
Cao review can then be evaluated within a defined comparison rather than attached to an unsupported
contrast spanning incompatible treatment settings.

8. Conclusion

Support should be reassessed after the analysis population is constructed. Exclusions for missing baseline
information, incomplete outcomes, or incompatible treatment versions can remove the very patients
providing overlap. A balanced table in the original cohort does not establish support in the final one. The
report should therefore preserve a sequence from eligibility through treatment classification to the
analyzed sample, with reasons at each step. This makes it possible to see whether the final contrast
became narrower because of a scientific definition or because of an observation problem.

A disconnected support map can also guide recruitment. Rather than collect more cases resembling an
already well-represented group, a prospective study could identify the clinically plausible settings in
which both alternatives are observed. The design would still need to respect clinical judgment and would
not manufacture an option merely to complete a table. Its contribution would be additional evidence in a
region of genuine uncertainty. This is a research strategy rather than a prescription for treatment, and its
feasibility would need assessment before any claim of improved identification.

Treatment overlap is an empirical requirement, not a feature supplied by a regression algorithm. A
superior capsular graft study should identify the alternatives available to patients, the versions delivered,
and the population represented after adjustment. Propensity methods, matching, covariance estimates, and
bias assessment can contribute after that question is defined. They cannot create missing clinical
alternatives. The framework developed here proposes a support map and eligibility ledger that make the
comparison more honest and identify what observation would strengthen it. It estimates no new graft
effect and offers no individual treatment recommendation.
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