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Abstract

Response-surface analyses of leadership self–other agreement (SOA) and leader–member
exchange (LMX) require three distinct questions to be kept apart: observed rating differ-
entiation, measurement validity, and parameter-specific inferential support. We propose
an applied diagnostic workflow built from established methods and illustrate it with
360-degree data from two Japanese organizations contrasting in rating differentiation
(125 dyads; 39 supervisors). Additional analyses for Task Thinking (124 dyads) examined
missing-data specifications, coefficient-specific information concentration, small-sample
inference, and design-conditional recovery. Organization A’s negative incongruence-line
curvature and the between-organization curvature contrast (∆a4 = −2.630) remained sup-
ported across the examined specifications; the omnibus five-term interaction test was
sensitive to missing-data handling. Under the specified generating models, Organization
B’s observed design detected curvature matching Organization A’s estimate in 96.7% of
replications and half-sized curvature in 45.0%; its distributional warning profile therefore
did not imply low power for the larger curvature, and the causes of its nonsignificant
estimate remain unresolved. The workflow separates descriptive warning signals from
model-dependent estimation performance and from untested measurement explanations.
It is proposed, not validated, and the directional asymmetry observed in Organization A is
hypothesis-generating, because only eight dyads represented the self-overestimation side.

Keywords: rating discriminability; self–other agreement; leader–member exchange; re-
sponse surface analysis; 360-degree feedback; performance appraisal; leniency bias; diag-
nostic workflow; cluster-robust inference

1. Introduction
Organizations read managerial qualities and development implications from 360-degree

feedback data, and mean scores and rankings often ground promotion, placement, and
development-investment decisions. Such interpretations rest on a premise that is rarely exam-
ined: that subordinates’ other-ratings exhibit systematic between-supervisor differentiation—
rating discriminability. Where they do not, inferences that depend on differences between
supervisors rest on weaker observational support. This premise concerns between-supervisor
inference specifically, and, as this study shows, weak differentiation on distributional indica-
tors does not by itself determine how much information a design holds for a particular surface
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parameter. We treat discriminability as a boundary condition on inference—a condition under
which inference from the observed ratings is better or worse supported, not an empirically
established necessary or sufficient condition.

Self–other agreement (SOA) has accumulated for more than 30 years as an index of
the accuracy of leaders’ self-awareness, captured through the gap between self-ratings and
other-ratings (Atwater & Yammarino, 1992; Fleenor et al., 2010), and is now analyzed with
polynomial regression and response surface analysis (RSA) rather than difference scores
(Edwards & Parry, 1993; Edwards, 2002; Shanock et al., 2010). The measurement literature,
meanwhile, holds that most variance in multisource ratings reflects rater idiosyncrasy rather
than ratees (Scullen et al., 2000), that variance restriction distorts relationships among rating
sources (LeBreton et al., 2003; Sackett et al., 2007), and that target variance is required for
agreement to be measurable at all (Kenny, 1994; Allik et al., 2010). Some SOA–outcome
studies use ICC(1) and rWG(j) to justify aggregation (Aarons et al., 2017; Nielsen et al.,
2022), but whether the other-rating variance entering an SOA surface differentiates the
supervisors about whom inference is made, and how weak differentiation bears on surface-
parameter recovery, remain underarticulated. In organizations administering 360-degree
feedback for the first time, leniency and ceiling concentration may be more likely (London
& Smither, 2002), so that SOA may partly reflect unpracticed rating style—although, as
shown below, distributional compression does not by itself determine a design’s power for
a given parameter.

Direct tests of SOA on leadership behavior as a predictor of leader–member exchange
(LMX; Graen & Uhl-Bien, 1995) within the RSA framework are, to our knowledge, limited to
three studies: Barbuto et al. (2011, 2012) and Ertürk et al. (2018). None reports the surface-
parameter estimates with uncertainty: Barbuto et al. (2012) terminated the analysis at a
first-order gate requiring both predictors to be significant, without cluster-robust correction
for 333 dyads nested in 83 leaders; Ertürk et al. (2018) stopped at on-axis classification and
visual inspection across 36 organizations and report no rating-differentiation indicators
(full audit in Table S15); the leader–follower congruence literature on the similarity of
self-rated traits (e.g., Zhang et al., 2012; AlReshaid et al., 2025) concerns a different object
than agreement between self- and other-ratings of the same supervisor. The pattern Barbuto
et al. report—LMX variance carried by the other-rating alone—is not by itself diagnostic
of discriminability: under one identical first-order model it is reproduced in one of our
organizations and not in the other, and whether that difference reflects discriminability, a
different relationship, or other sample features is the kind of question this study makes
explicit rather than settles from the pattern alone.

We therefore ask three questions. RQ1: What should be examined, and in what order,
before an RSA-based SOA–LMX surface is interpreted—in particular, what do observable
indices (ceiling rate, variance, and the between-supervisor intraclass correlation) describe
about subordinate ratings, and what can and cannot be judged from them about measure-
ment validity and about the design’s support for specific surface parameters? RQ2: What
premises are required on the data side and the procedure side for RSA-based inference, and
how do description, interpretation, and estimation change under alternative preprocessing,
centering, small-sample inference, and assumed curvature and error structures? RQ3
(exploratory): What organizational explanations—for example, first-time versus long-term
operation of 360-degree feedback—can be generated for future testing from an observed
between-organization contrast? We answer them by applying one analytical procedure
to 360-degree and LMX data from two Japanese firms whose subordinate ratings differ
greatly in observed differentiation.

Two disclosures frame this study. The hypotheses that were originally set—that SOA
congruence would predict LMX in common across both organizations—were largely unsup-
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ported, and the pooled model with an organization dummy could not be maintained once a
formal test rejected surface homogeneity (Section 3.3); we report this transparently and po-
sition the study as hypothesis-generating through transparent post hoc analysis (tharking;
Hollenbeck & Wright, 2017; Woo et al., 2017; Fisher & Aguinis, 2017), avoiding HARK-
ing (Kerr, 1998). Second, the coefficient-level design-support diagnostics, the multiple-
imputation sensitivity analyses, and the design-conditional simulation (Sections 4.2, 4.4
and 4.5) were added after peer review; the reframing of RQ1 and of the first contribution
reflects what those analyses showed and was not prespecified.

The contributions are threefold and differ in evidential strength. The primary contri-
bution is methodological: an applied diagnostic workflow, built from established methods
rather than a new estimator, which keeps apart observed rating differentiation, measure-
ment validity, and parameter-specific inferential support, and links each kind of evidence to
the claims it can justify (Sections 2.1 and 5.1; Table 1). Its diagnostic performance and trans-
ferability are not validated here. The empirical illustration provides a second, narrower
contribution: the two samples’ Task Thinking surfaces differ under a formal interaction test,
and the focal curvature contrast remained supported across the examined missing-data and
small-sample specifications, whereas the omnibus five-term test was specification-sensitive
(Section 4.4); a design-conditional simulation shows that the weaker-differentiation design
had high power, under the specified generating models, for the curvature of the size esti-
mated in the other sample (Section 4.5). Third, the fitted midpoint-referenced cross-section
in Organization A suggested a local directional asymmetry; with eight dyads from six
supervisors on the self-overestimation side, this remains hypothesis-generating rather than
a general claim about the consequences of self-overrating. For administrative research the
stakes are practical: leadership research on large Japanese firms, including in this journal,
has relied on single-source employee surveys (Saruhashi et al., 2025), and the three indices
can be computed by any human resources function from data it already holds, as a trigger
for review rather than a certification of appraisal data.

Table 1. Diagnostic quantities used in this study: what each describes and what it cannot judge.

Quantity Question Describes Does Not Judge Reported in

Ceiling rate, variance, ICC(Z)
of Z

1 Observed
differentiation

Compression, spread, and
between-supervisor share of

subordinate ratings

Validity at any level;
support for any parameter Table 2

Discrepancy-direction
coverage; distinct self-rating

values
1/3

Observed support for each
incongruence direction and for

X
Detectability of a4 as such Sections 4.1 and 4.2

Coefficient-specific
concentration index,

Satterthwaite df (CR2),
leave-one-cluster-out

3 Inferential support

Concentration of estimator
weights for a specific

coefficient; dependence on
single clusters

Measurement validity;
whether a near-zero

estimate is a true null

Section 4.2;
Supplementary

Analysis S4

Preprocessing/missing-data
specifications 3 Sensitivity of estimates to

handling rules Which rule is correct Section 4.4

Design-conditional
rejection rate 3

Detectability of a specified
curvature under a specified

error structure, given the
observed design

Probability that an effect
exists; measurement

validity
Section 4.5

Generating-model
(target-signal) simulation 2 (illustration) One candidate mechanism

linking signal loss to recovery
Which process operated in

a given sample
Section 4.6;

Tables S6–S8

Note. Questions: 1 = observed differentiation; 2 = measurement validity; 3 = parameter-specific
inferential support. None of the quantities alone establishes measurement validity.
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Table 2. Descriptive differentiation indicators of subordinate ratings Z (all five dimensions).

Dimension A Ceiling Rate A Variance A ICC(Z) B Ceiling Rate B Variance B ICC(Z)

1. Task Thinking 11.7% 0.510 0.369 48.4% 0.401 0.206
2. Task Execution 18.0% 0.457 0.266 49.2% 0.383 0.229

3. Communication 31.1% 0.762 0.463 60.9% 0.334 0.206
4. Organizational Contribution 25.4% 0.732 0.269 50.0% 0.427 0.203

5. Mindset 47.5% 0.562 0.142 78.1% 0.150 0.198
Composite (five-dimension mean) 16.4% 0.485 0.322 48.4% 0.259 0.258

Note. The ceiling rate is the proportion of Z ≥ 4.5; ICC(Z) is the intraclass correlation with supervisors
as clusters (cluster-bootstrap 95% intervals in Table S10; means and skewness in Table S1). The
indicators do not agree in direction everywhere—for Dimension 5 (Mindset), ICC(Z) is higher in
Organization B while Organization A’s ceiling rate is also high—so observed differentiation should
not be judged by any single indicator; the description rests on their joint pattern.

2. Theoretical Framework
2.1. Three Questions: Observed Differentiation, Measurement Validity, and Inferential Support

Rating discriminability is rooted in the classical problems of rating quality—leniency,
halo, and range restriction (Saal et al., 1980; Murphy & Cleveland, 1995)—and range
restriction can severely distort observed correlations (Sackett et al., 2007). Multi-source
ratings sharpen these problems: rater idiosyncrasy is the largest variance component
(Scullen et al., 2000), and variance restriction distorts even the interpretation that sources
hold distinct information (LeBreton et al., 2003). These concerns have been registered in
SOA reviews (Fleenor et al., 2010) and appear as aggregation checks in some SOA–outcome
studies (Aarons et al., 2017; Nielsen et al., 2022), but they have not been articulated as an
explicit variance-source premise for interpreting dyad-level SOA response surfaces. In this
study, rating discriminability refers to the systematic differentiation among supervisors
observed in subordinate ratings. Measurement error and rater-related processes may alter
associations involving quadratic and product terms (Busemeyer & Jones, 1983), and the
variance structure of ratings shapes inference in related settings (Bono & Colbert, 2005); the
present study does not infer those processes from restricted rating distributions. It examines
observed differentiation and model-dependent estimation performance separately.

Three questions must therefore be kept apart. The first is the observed differentiation:
whether the subordinate ratings, as distributed in the sample, concentrate near the ceiling,
retain total variance, and separate supervisors (the between-supervisor variance share).
The second is measurement validity: whether the ratings represent their intended referents
at the relevant level. Because the focal outcome is dyad-specific LMX, within-supervisor
variation in subordinate ratings may reflect meaningful dyadic experiences or unequal
observation opportunities rather than error, and ICC(Z) neither identifies validity nor
separates rater tendencies from genuine dyadic differences. The third is parameter-specific
inferential support: how much information the observed configuration of self-ratings,
subordinate ratings, and clusters provides for estimating and detecting a particular surface
parameter, such as the curvature a4 along the incongruence line. The observable indica-
tors of the first question describe the sample; they do not establish the second, and—as
Section 4.5 shows for one design—they do not by themselves determine the third. Table 1
lists the quantities used in this study, what each describes, and what it cannot judge; “weak
information” is not used as a summary label for the three.

2.2. Self–Other Agreement, LMX, Response Surfaces, and Centering

SOA refers to agreement between a leader’s self-rating and others’ ratings, discussed
through the over-estimator/in-agreement/under-estimator typology (Atwater et al., 1998);
self-inflation has an experimentally documented mechanism in core self-evaluations and
self-serving attribution (Cristofaro & Giardino, 2020). SOA moderates the validity of

https://doi.org/10.3390/admsci16110522

https://doi.org/10.3390/admsci16110522


Adm. Sci. 2026, 16, 522 5 of 23

leadership and performance predictions (Atwater & Yammarino, 1992), but its relation-
ships with specific outcomes are context-dependent and inconsistent (Fleenor et al., 2010;
Ostroff et al., 2004). LMX, the quality of the supervisor–subordinate dyadic relationship, is
meta-analytically established as an antecedent of broad outcomes (Gerstner & Day, 1997;
Dulebohn et al., 2012; Martin et al., 2016), and supervisor–subordinate agreement on LMX
itself is only moderate (Sin et al., 2009). The combination therefore puts “whose rating
counts as the substance” at issue on both sides; this study links the multisource predictor
to relationship quality as perceived by the subordinate, and the discriminability of mea-
surement has, to our knowledge, not been examined in this combination as a boundary
condition on inference.

Congruence hypotheses should not be tested with difference scores alone, which
conflate the independent contributions of self- and other-ratings (Edwards & Parry, 1993;
Edwards, 2002). A response surface is estimated from the polynomial regression entering X,
Z, their squares, and their interaction, and the slopes (a1, a3) and curvatures (a2, a4) along
the congruence and incongruence lines are evaluated (Shanock et al., 2010); this approach
has entered administrative research on leader–employee and person–environment fit (e.g.,
Sweis et al., 2022; Xie & Yang, 2025). Two points of procedure matter here. First, the
first-order slopes a1 and a3 depend on the centering location, whereas a2 and a4 do not;
an uncentered a3 refers to X = Z = 0, a point that is unrealizable on a 1–5 scale, and the
centering location must be stated explicitly (Yao et al., 2026). Second, a congruence effect
cannot be established from a single significant parameter: broad-sense congruence requires
a4 < 0, a3 = 0, and coincidence of the first principal axis with the congruence line (Humberg
et al., 2019), and a vertex shifted along the incongruence line yields a directional asymmetry
rather than a congruence effect. In these data, ceiling concentration co-occurred with sparse
observations on the self-overestimation side, which is the distinction examined in the
diagnostic workflow rather than a causal process we have established.

2.3. Scope of This Study

The study separates its claims by the strength of the evidence. The diagnostic propo-
sition (Tier 1) is that the observed rating differentiation—the ceiling rate, variance, and
between-supervisor variance share of subordinate ratings—can be described before analysis
using the data organizations already hold, and that weak differentiation is a warning that
the observed SOA may reflect properties of the rating process and that the observed support
for incongruence may be narrow; it is not by itself a judgment about measurement validity
or about the design’s power to detect a given surface parameter. This study illustrates
the resulting sequence rather than testing the proposition, through a formal test of the
between-sample surface difference, coefficient-level and missing-data diagnostics, a design-
conditional simulation of curvature recovery, and a generating-model illustration of a
candidate target-signal-loss mechanism; none of these attributes the observed difference to
discriminability, and none validates the indicators’ diagnostic performance. Organizational
explanations (Tier 2)—first-time administration, an immature feedback culture (London
& Smither, 2002; Atwater et al., 2007), and appraisal purpose, which also breeds leniency
(Murphy & Cleveland, 1995)—are candidate backgrounds for weak differentiation that
organization n = 2 cannot adjudicate; the numerical indicators, the auxiliary text indicator,
and the two simulations address different estimands and do not constitute converging
evidence for any mechanism or cause. Practically, the descriptive step is executable on the
organization’s side; the remaining steps of the workflow (Sections 5.1 and 5.3) require the
analyst’s diagnostics.
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3. Materials and Methods
3.1. Design, Sample, and Measures

We used 360-degree appraisal and LMX survey data from two Japanese private-sector
organizations, not selected on the basis of rating discriminability; the contrast in rating
differentiation was identified after the originally hypothesized common SOA–LMX surface
was not supported. Organization A had operated 360-degree appraisal for more than
10 years and integrated it into its broader HR practices—institutional context was treated
as background, not as a measured feedback-culture variable; Organization B implemented
360-degree appraisal for the first time. After matching and missing-data processing, the
final analytic sample comprised 125 dyads (A: 61 dyads/17 supervisors, cluster sizes 2–6,
median 4; B: 64 dyads/22 supervisors, cluster sizes 1–6, median 3; Table S11); for the focal
Dimension 1 (Task Thinking), one Organization A construct-case missing all six items is
excluded, so the analyses of Sections 4.2, 4.4 and 4.5 use 60 and 64 dyads (124), except
the complete-case specification (111 dyads, 38 supervisors) and the secondary multiple-
imputation specification (125). The study is cross-sectional and observational; the design
permits formal comparison of the two observed response surfaces but not estimation of
a general organization-level effect of implementation history, feedback culture, or rating
discriminability. Under the confidentiality agreement, industry, size, and survey years are
withheld, which constrains causal interpretation and generalizability (Section 5.4).

Supervisor self-rating X and subordinate rating Z were the mean of six items for
each of five behavioral dimensions—Dimension 1 (Task Thinking), 2 (Task Execution), 3
(Communication), 4 (Organizational Contribution), and 5 (Mindset); representative item
content is given in the note to Table S1. All items used a five-point (1–5) format with higher
values more favorable; the midpoint (3) is the numeric middle of the format and carries
no substantive anchor. Both organizations administered the same instrument family in
three hierarchy-specific versions, with item wording adapted to level; within each dyad,
both forms referred to the same supervisor and used the same hierarchy-specific item
version; the sources differed in rating perspective (Table S11). Item-level equivalence
across versions and organizations was not formally established (Section 5.4). LMX was
measured with an adapted LMX-7-based seven-item relationship-quality scale (Graen &
Uhl-Bien, 1995), translated into Japanese by the research team and administered identically
in both organizations on a five-point agreement format; its measurement invariance was
not independently validated. Internal-consistency reliabilities are shown in Table S12; some
self-rating reliabilities are near 0.70, which may destabilize the self-rating-related quadratic
and interaction terms. Descriptive statistics by organization and dimension are shown in
Table S1.

3.2. Missing Data: Primary Rule and Five Reported Specifications

Missing data were confined to the subordinate 360-degree items: 143 of 3750 subordi-
nate item responses (3.8%) were missing across 34 dyads. In the primary analysis, missing
items were imputed by a prespecified within-dyad available-item mean rule following
Newman (2014), supplemented by a prespecified adjacent-construct pooling rule for con-
structs missing three to five items; four construct-cases missing all six items were excluded
listwise for the affected dimension (algorithm and counts in Supplementary Methods SM1).
This is deterministic single imputation, so imputation uncertainty is not propagated into
the primary-analysis standard errors. For the focal dimension, the handling was therefore
further examined under four approaches, reported as five specifications: (i) the current
rule; (ii) the same rule without adjacent-construct pooling, requiring at least three observed
items (this changes one dyad); (iii) complete-case analysis excluding every dyad with
any imputed Dimension 1 item (111 dyads, 38 supervisors); and (iv) multiple imputation
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by fully conditional specification with predictive mean matching (m = 20; van Buuren,
2018) in a primary sensitivity specification that imputes only partially missing constructs
(124 dyads) and a secondary specification that also restores the construct-case missing all
six items (125 dyads). Approaches (i)–(iii) use the same null-imposed wild cluster bootstrap
as the primary analysis. For (iv), scalar estimates were pooled by Rubin’s (1987) rules with
Barnard and Rubin (1999) degrees of freedom (complete-data df = G − 1), and the five-term
interaction test with the multivariate D1 procedure and Reiter’s (2007) degrees of freedom,
and per-imputation wild-bootstrap p-values are reported as descriptive ranges, not pooled.
The imputation model is not substantive-model-compatible and approximates the nested
structure by a supervisor mean; these are sensitivity analyses, not replacements for the
primary analysis. The reported imputation run was reproduced exactly and its pooled
estimates were stable across chain lengths of 10, 20, and 30 cycles and an independent seed
set (Supplementary Analysis S3). A ±3SD outlier screen flagged seven values on six dyads,
all retained as actual response values (Aguinis et al., 2013); an outlier-exclusion sensitivity
analysis is shown in SM1.

3.3. Response Surface Analysis, Centering, and Inference Under Few Clusters

Following Edwards (2002), we estimated LMX = b0 + b1X + b2Z + b3X2 + b4XZ +
b5Z2 + e for each dimension and organization and derived a1 = b1 + b2, a2 = b3 + b4 +
b5, a3 = b1 − b2, and a4 = b3 − b4 + b5. The main analysis used scale-midpoint centering
(c = 3.00, identical for both organizations and all dimensions), adopted following Yao
et al. (2026); a1 and a3 are therefore slopes at the midpoint, and organization-specific
grand-mean centering (A: c = 3.40) is reported as a within-organization sensitivity analysis.
A pooled model with an organization dummy as intercept was estimated first; because
the organization × polynomial-term interaction model rejected surface homogeneity for
Task Thinking (Section 4.4), its estimates were withdrawn and surfaces are reported by
organization. Between-organization differences were tested in one model containing the
five polynomial terms, an organization dummy (A = 1), and its products with all five
terms, at the common centering; ∆a4 and ∆a3 are linear combinations of the interaction
coefficients, and the five interaction terms are tested jointly. With up to 5 dimensions
× 4 parameters examined, the study is exploratory: unadjusted estimates are reported
with uncertainty intervals, sensitivity is assessed across inferential approaches, and no
confirmatory pass–fail criterion is used (Section 5.4).

The data are nested, with multiple subordinates per supervisor and X being identical
within supervisor (ICC of LMX 0.138 in A and 0.398 in B; 17 and 22 clusters). With few
clusters, conventional cluster-robust standard errors are downward-biased (McNeish &
Stapleton, 2016; Cameron & Miller, 2015)—a live constraint in administrative research,
where a recent multi-team LMX study aggregated to the team level because ten clusters
were too few (Bratek et al., 2026); aggregation would have discarded the dyadic variance
our hypotheses concern, so we retain the dyad level and correct the inference. Null-
imposed wild cluster bootstrap p-values (B = 9999; Rademacher weights primary, six-
point Webb weights as a check; seed 777) constitute the primary small-cluster inference;
cluster-bootstrap percentile intervals (B = 4000) quantify estimation uncertainty; analytic
CR1 cluster-robust estimates, GEE, leave-one-cluster-out (LOCO), a random-intercept
cross-level polynomial model (Nestler et al., 2019; Supplementary Analysis S2; random
slopes for the X terms are not identified because X is constant within supervisor), and the
alternative centering serve as sensitivity checks. Which reference distribution each reported
p-value uses—normal-reference CR1 in the original analyses, t(G − 1) for CR1 in the new
diagnostics, Satterthwaite t for CR2, wild bootstrap, or multiple-imputation pooling—is
stated in the corresponding table (Table S14). All analyses were implemented in Python
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3.11.15 (statsmodels 0.14.6, NumPy 2.4.4, pandas 3.0.2, SciPy 1.17.1); the code with fixed
seeds is available on request.

3.4. Coefficient-Level Design-Support Diagnostics

Because the wild cluster bootstrap improves the calibration of tests but does not
increase the information the design contains, we added coefficient-level diagnostics for
the focal dimension. Two distinct quantities are reported. The first is a coefficient-specific
concentration index: for a coefficient or linear combination c′b, the OLS estimator weight
vector of cluster g is w_g = X_g(X′X)−1c, each cluster’s share of the squared weight norm
is s_g = ∥w_g∥2/Σ∥w_h∥2, and the index is the inverse Herfindahl index 1/Σs_g2. It
summarizes the concentration of linear-estimator weights under an identity working
covariance; it is not an empirical variance share under arbitrary within-cluster dependence
and not an effective sample size, and it is computed for a4 and ∆a4 as linear combinations
rather than by adding component shares. The second is the Bell and McCaffrey (2002) CR2
standard error with Satterthwaite degrees of freedom (Pustejovsky & Tipton, 2018) for a3,
a4, and ∆a4, which calibrates the parameter-specific small-sample test under the stated
working model. LOCO ranges complete the set. Together, these answer how much effective
information the observed design provides for a specific parameter—something neither
the number of dyads nor the number of distinct self-rating values conveys (Section 4.2;
formulas in Supplementary Analysis S4).

3.5. Descriptive Indicators of Rating Differentiation and Auxiliary Analyses

Observed differentiation of subordinate ratings was described by the variance, skew-
ness, and ceiling rate of Z (the proportion with Z ≥ 4.5, within half a scale point of the
maximum—specified during analysis as a conceptually motivated threshold, not a val-
idated cutoff), together with ICC(Z), the share of total Z variance between supervisors
from an unconditional random-intercept model (REML), with cluster-bootstrap intervals
(B = 2000; Table S10). ICC(Z) separates observed between-supervisor clustering from
within-supervisor variation, which mixes dyad-specific relationships, rater-specific ten-
dencies, and residual error; it does not establish that the between-supervisor component
reflects true leadership quality. Systematic between-supervisor differentiation is the con-
ceptual condition proposed here; the three indicators are provisional descriptive measures
of observed differentiation, not an operationalization of target-related signal, and their
diagnostic validity requires external evaluation. No composite score or pass–fail rule was
applied; the indicators were examined jointly as related warning signals (ICC(Z) is itself
affected by total variance), and skewness, which was directionally inconsistent, is used
descriptively only. Auxiliary analyses—broad-sense congruence criteria (Humberg et al.,
2019; Table S4), the difference-score artifact analysis (Section 4.6), indirect checks against
same-source explanations including an exploratory facet decomposition (Supplementary
Discussion S1), and comment length as an organization-level text indicator (comments were
optional in A and mandatory in B; Table S5)—are specified in SM1 and are exploratory.

3.6. Complementary Simulation Analyses

Two simulations serve different purposes. (a) Design-Conditional Simulation of
Curvature Recovery: This holds fixed the observed self-ratings, subordinate ratings, and
supervisor clusters of each organization for Task Thinking (A: 60 dyads, 17 supervisors; B:
64 dyads, 22 supervisors; midpoint centering) and asks how often each observed design
recovers and detects a specified curvature along the incongruence line under a specified
error structure. Taking Organization A’s estimated coefficients as the base surface, the
generating a4 was set to −3.20, −2.475 (A’s estimate), −1.237 (half), and 0 by adding
(δ/4)(X − Z)2, which changes b3, b4, and b5 jointly and leaves a1, a2, and a3 unchanged;
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a generating a4 of 0 removes the incongruence-line curvature but does not make the
surface flat. Conditional means and generated outcomes are distinguished: for the A-
sized condition, all conditional means lie within the 1–5 scale and 1.7% (A) and 5.1%
(B) of generated outcomes fall outside it, whereas the A-anchored zero-curvature and
half-curvature conditions place conditional means above the scale at part of the design
(Table S22), so a within-scale zero-curvature surface anchored on Organization B’s observed
coefficients was added as a distinct calibration scenario. Outcomes were not truncated;
a truncated variant is reported in Supplementary Analysis S5 only as a caution, because
truncation itself induces curvature. Errors were u_g + e_ig, with variance components
estimated from each organization’s observed surface residuals (A: σ2 = 0.258, ρ = 0.00;
B: σ2 = 0.388, ρ = 0.35). For each condition, R = 1000 replicates were drawn and the
rejection rate of H0: a4 = 0 by the null-imposed wild cluster bootstrap (inner B = 999 for the
conditions underlying the main conclusions, B = 199 otherwise) and by the CR1 t(G − 1)
test was recorded, with bias, RMSE, coverage of CR1 t intervals, and Monte Carlo standard
errors (Morris et al., 2019); a between-organization version evaluated ∆a4 under a common
surface and under A’s curvature versus zero. The simulation is a post hoc evaluation of
estimation performance under specified conditions; it does not estimate the probability
that Organization B has a true effect, test whether discriminability caused the between-
organization difference, validate the indicators, or add to the single self-overestimation-side
dyad in Organization B (generating coefficients, error estimates, scale-range checks, seeds,
and full performance tables in Supplementary Analysis S5).

(b) Generating-Model Illustration of Target-Signal Loss: A separate post hoc Monte
Carlo study draws a latent supervisor quality T and a self-rating X, generates LMX as 4.0 −
0.8(X − T)2 + ε (generating a4 = −3.20) or with the observed main effects restored, and lets
the reported subordinate rating mix target-related signal with rater-style variance through
a target-signal weight w_T, with an additive shift calibrating the ceiling rate. Each replicate
comprises 64 independent dyads without clusters, estimated by OLS, so the design isolates
a measurement-source mechanism and does not reproduce the nested design or yield
calibrated probabilities for Organization B (equations, conditions, and seeds in the notes to
Tables S6–S8 and Table S14).

3.7. Ethics

The 360-degree appraisal and the LMX survey were administered together, and both
sets of responses were obtained for this research under a single procedure with the autho-
rization of the participating organizations. Individual informed consent was obtained from
participants at the time of data collection by written information: prospective participants
received a notice stating the academic-research purpose of the study, the topic under inves-
tigation, and how the responses would be used and stored—for research purposes only, not
for the identification or evaluation of individuals within the organization, managed under
identification numbers, and not disclosed in individually identifiable form; responding
to the survey after receiving that notice indicated consent, and no signed consent form
was used. Participation was voluntary, and non-response carried no consequence for the
individual. The notice did not address withdrawal of consent after submission. The dataset
was de-identified before transfer to the authors, who had no access to direct identifiers;
the organizations are not named, and potentially identifying attributes are withheld. The
study was screened under the institution’s ethics-review-necessity procedure and formally
determined not to require review by its human research ethics committee—a determina-
tion about review necessity, not a finding that the research carries no risk of any kind
(see the Institutional Review Board Statement). This study was conducted in accordance
with the Declaration of Helsinki. Generative AI was not used in the study design, data
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collection, analysis, or interpretation; its use was limited to translation of the authors’ draft,
as disclosed in the Acknowledgments.

4. Results
4.1. Descriptive Indicators of Rating Differentiation

Table 2 presents the ceiling rate, variance, and ICC(Z) of Z for all five dimensions;
no validated diagnosis or pass–fail classification is implied, and the indicators’ diagnostic
performance is not evaluated in this study. In Organization B, subordinate ratings are
compressed toward the top of the scale: the ceiling rate exceeds Organization A’s in every
dimension, the variance is smaller in every dimension, and the ICC(Z) point estimate is
lower in four of five (ICC intervals are wide, e.g., Dimension 1: [0.00, 0.56] in A and [0.00,
0.57] in B; Table S10). Skewness was not consistent (Table S1). For the focal Dimension
1, the ceiling rate is 11.7% (A) versus 48.4% (B) and ICC(Z) 0.369 versus 0.206. The three
indicators are related rather than independent, and Organization A shows dimension-
specific warnings (Dimension 5). The joint pattern remained intact in all ten organization ×
dimension cells when all dyads with imputed items were excluded (Table S13). Discrepancy-
direction coverage was markedly asymmetric: the self-rating exceeded the subordinate
rating in 8 of 60 dyads in A (6 supervisors) but in 1 of 64 in B. As a post hoc description across
the ten cells, in every cell meeting at least two of three sample-derived conditions (SM1),
no surface parameter’s 95% cluster-bootstrap interval excluded zero in the analyses that
follow; this is a co-occurrence of two descriptions, not evidence of diagnostic performance—
for Dimension 1 the same warning profile did not imply low power for the curvature of
Organization A’s size under the specified generating model (Section 4.5).

4.2. Centering and Coefficient-Level Information: Procedural Checks

A simple count of “significant parameters” is misleading: across specifications it
changes from 6 vs. 0 (uncentered, uncorrected OLS) to 11 vs. 3 (midpoint-centered,
uncorrected) to 4 vs. 0 (centered, supervisor cluster bootstrap), and uncentered counts
include slopes at points outside the scale (Table S3). Centering and dependency correction
are distinct operations: centering changes which quantities the coefficients represent, cluster
correction changes the assessment of their uncertainty. For Task Thinking in Organization
A, the uncentered a3 = +4.098—the slope at X = Z = 0—could be misread as symmetry
or as an opposite directional pattern, whereas both meaningful within-scale reference
locations yield a negative directional slope: a3 = −2.055 at the scale midpoint and −2.881
under pooled grand-mean centering (c = 3.40); the direction was consistent at the two
reference levels, and method-specific uncertainty is reported in Table S18. The curvatures
a2 = −0.595 and a4 = −2.475 are invariant to centering. Across the robustness battery
(Table S18), a3 and a4 are supported consistently—cluster-bootstrap intervals exclude zero,
wild-bootstrap p-values are, at most, 0.0033 under both weight distributions, and GEE and
LOCO reproduce them—whereas a1 is not supported and the approaches disagree on a2,
which is therefore not treated as robust.

Coefficient-level design support shows that information concentration is coefficient-
specific. In Organization A the concentration indices were 8.3 for a4 and 8.3, 7.2, and 6.0
for the individual X2, XZ, and Z2 coefficients, and 6.9 for a3; the concentration is thus not
confined to the self-rating direction, and these indices do not define a single effective sample
size for the surface. The CR2 tests used separate Satterthwaite approximations: 6.8 degrees
of freedom for a4 and 5.2 for a3 (nominal 16). Under these corrections a4 = −2.475 remains
supported (CR2 se = 0.481; p = 0.0015; 95% interval [−3.62, −1.33]), as does a3 = −2.055
(CR2 se = 0.219; p = 0.0002; [−2.61, −1.50]), and LOCO estimates stay within [−2.74, −2.13]
for a4 and [−2.27, −1.92] for a3 with no change in sign. For the between-organization
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contrast, ∆a4 = −2.630 has CR2 se = 0.840 with 12.2 degrees of freedom (p = 0.0085; [−4.46,
−0.80]) and a LOCO range of [−3.05, −2.14]. In Organization B, a4 = +0.155 (CR2 se = 0.688,
df = 7.6, p = 0.83; [−1.45, 1.76]) changes sign in 2 of 22 LOCO re-estimations and a3 in 6 of
22, so near zero their direction is not determined. The concentration indices summarize
how estimator weights are distributed across clusters; the Satterthwaite degrees of freedom
calibrate parameter-specific small-sample tests under the stated working model. Neither is
a count of supervisors or dyads, and Organization A’s eight distinct self-rating values are
not eight observations (Supplementary Analysis S4).

4.3. The Observed Surfaces: Directional Asymmetry in Organization A

Against Humberg et al.’s (2019) broad-sense congruence criteria (Table S4), condition
(i) is satisfied (a4 = −2.475, supported across approaches) and condition (ii) is rejected
(a3 = −2.055, negative across all estimation approaches); the first principal axis did not
coincide with the congruence line, but its slope and the stationary-point classification were
imprecise, so the rejection of broad-sense congruence rests on the nonzero a3 and no clear
ridge is claimed. The vertex of the one-dimensional cross-section along the midpoint-
referenced incongruence line (X + Z = 6) lies at u* = −a3/(2a4) = −0.415 (u = (X − Z)/2),
where the subordinate rating exceeds the self-rating by about 0.83 points (Figures 1a and 2).
This is the vertex of the cross-section, not the stationary point of the full surface, whose
type is uncertain (a saddle in about a quarter of bootstrap replications). Re-expressing the
fitted surface under common-constant centering changes neither its predictions at fixed
original-scale coordinates nor u; defining the cross-section by X_c + Z_c = 0, however,
selects the original-scale line X + Z = 2c, so the vertex locations reported for c = 3.00 and
c = 3.40 (u* = −0.42 and −0.58; note to Table S4) refer to different parallel cross-sections
of the same fitted surface, not to movement of a fixed vertex, and are not combined
into a single uncertainty range or read as a general optimum. Model-implied contrasts
show lower predicted LMX on the self-overestimation side at equal distances from perfect
agreement, but only 8 of 60 dyads (13.3%, from six supervisors) lie on that side; prediction
beyond the observed joint X–Z support is extrapolation, and the marginal range of u alone
does not establish such support. What the data support is thus a local, model-implied
directional asymmetry—a cross-sectional association, not a causal effect—rather than a
congruence effect.

A negative a3 alone does not establish a discrepancy-specific relationship, because it is
a contrast of the two local slopes (a3 = b1 − b2; the pattern reported by Barbuto et al., 2012,
in which LMX tracks the subordinate rating alone, would also produce it). We therefore
examined a separate first-order model and a joint test of self-rating terms as auxiliary
interpretive checks, not prerequisites for fitting or interpreting every response surface. In
Organization A’s separate first-order model the self-rating carried an independent negative
coefficient (b_X = −0.625, cluster-robust p = 0.0001) alongside a positive subordinate-rating
coefficient (b_Z = +0.988), and the cluster-robust joint test of the three self-rating terms in
the polynomial model was F(3, 16) = 12.65, p < 0.001; in Organization B the first-order self-
rating coefficient was not statistically supported (b_X = +0.027, p = 0.870; Table S16). These
checks are study-specific, not mathematical requirements for directional asymmetry; they
do not eliminate suppression, measurement error, or other common-method explanations
(Supplementary Discussion S1). Applying the same checks to the other four dimensions,
only Dimension 1 shows a concave cross-section with a maximum (a4 < 0), a shifted
vertex (a3 < 0), and an independent self-rating contribution; Dimension 2 supports only
a directional association (Table S17). In Organization B, the estimated incongruence-line
curvature was close to zero and imprecisely estimated (Section 4.2); in a separate first-order
model, subordinate ratings were positively associated with LMX (Table S16), which is
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distinct from the coefficient estimates of the polynomial model shown in Figure 1b. “Nearly
planar” describes point estimates, not an established flat surface.

Figure 1. Response surfaces for Dimension 1 (Task Thinking) within the observed data region (floor:
contour projection; red = congruence line, X = Z; blue = incongruence line, X + Z = 6 in the original metric;
LMX = leader–member exchange). (a) Organization A (stronger differentiation indicators, n = 60): LMX
declines at an accelerating rate along the incongruence direction, with the cross-section peaking where
the subordinate rating exceeds the self-rating. (b) Organization B (multiple differentiation warning
indicators, n = 64): under ratings compressed toward the ceiling, the estimated curvature along the
incongruence line is close to zero and imprecisely estimated (a4 = +0.155; leave-one-cluster-out range
spanning zero), and the point-estimate surface is nearly planar.

Figure 2. Organization A: one-dimensional cross-section of the fitted surface along the midpoint-
referenced incongruence line (X + Z = 6 in the original metric). The vertex of this cross-section lies at
u* = −0.42—the side where the subordinate rating exceeds the self-rating—and perfect agreement
(u = 0, i.e., X = Z = 3) is not the vertex. Only 8 of the 60 dyads (from six supervisors) lie on the self-
overestimation side; the dotted segment lies beyond the central 95% of observed u, a one-dimensional
reference that does not by itself delimit the joint X–Z support (note to Table S4). Asterisks denote
wild cluster bootstrap significance (** p < 0.01).
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4.4. Between-Organization Contrast and Missing-Data Sensitivity

The interaction model provides a fixed-group comparison of the two organizational
samples: it tests ∆a4 directly and surface homogeneity as a joint test of the five interactions,
not organization-level moderation in a population of organizations. For Dimension 1,
∆a4 = −2.630 (wild cluster bootstrap p = 0.006; analytic cluster-robust p = 0.0009), the
joint test is significant (wild p = 0.023; F(5, 38) = 3.93), and ∆a3 = −1.900 is negative but
not significant at the midpoint (p = 0.123): the surfaces differ, rejecting the homogeneity
assumption of the pooled model. In the other four dimensions ∆a4 is negative throughout
but not significant; only for Dimension 5 are the joint test and the midpoint-referenced ∆a3
(+1.723, analytic cluster-robust p = 0.041) significant, providing exploratory support for
∆a3 but not ∆a4 in that dimension (all dimensions in Table S26). What the test establishes
is that the surfaces differ, not that discriminability produces the difference: with n = 2
organizations, discriminability is confounded with every other organizational attribute,
and any attribution is a hypothesis for future testing.

The Task Thinking curvature contrast remained negative and statistically supported
in all five reported missing-data specifications (Table 3), as did Organization A’s a4 (−2.04
to −2.48). The omnibus five-term test was supported under the current rule, removal
of adjacent pooling, and the primary multiple-imputation sensitivity specification (D1
p = 0.0086), but not under complete-case analysis (p = 0.2207) or the secondary specification
that restores the construct-case missing all six items (p = 0.1048). The focal test concerns
one feature of surface shape—the difference in incongruence-line curvature—whereas
the omnibus test jointly assesses the five slope and curvature coefficient differences; a
nonsignificant omnibus result neither establishes equivalence nor negates the focal contrast,
and the focal contrast does not describe the complete pattern of coefficient differences. The
comparisons do not isolate the effects of case inclusion (124 vs. 111 dyads, including one
Organization A cluster), imputation, and testing procedures, and the primary multiple-
imputation result is not treated as resolving the concern. Because the focal contrast was
selected exploratorily, these are sensitivity results rather than independent confirmation.

Table 3. Sensitivity of the Task Thinking surface parameters to the handling of missing subordinate
items (five reported specifications).

Specification Dyads/Supervisors Organization A a4 ∆a4 Omnibus Five-Term Test

Current rule (available-item
mean + adjacent pooling) 124/39 −2.475 (wild p = 0.0033) −2.630 (wild p = 0.0057) wild p = 0.0233

No adjacent pooling
(≥3 observed items) 124/39 −2.430 (wild p = 0.0037) −2.585 (wild p = 0.0066) wild p = 0.0226

Complete case (all dyads with
any imputed item excluded) 111/38 −2.043 (wild p = 0.0183) −2.041 (wild p = 0.0427) wild p = 0.2207

Multiple imputation, primary
sensitivity specification (partially
missing constructs only; m = 20)

124/39 −2.406 [−3.36, −1.46],
p < 0.0001

−2.508 [−4.09, −0.93],
p = 0.0027

D1 F(5, 36.1) = 3.68,
p = 0.0086; per-imputation

wild p 0.013–0.047

Multiple imputation, secondary
specification (wholly missing

construct-case restored)
125/39 −2.133 [−3.30, −0.97],

p = 0.0016
−2.233 [−3.92, −0.54],

p = 0.0112

D1 F(5, 35.8) = 1.98,
p = 0.1048; per-imputation

wild p 0.024–0.275

Note. Rows 1–3: null-imposed wild cluster bootstrap with Rademacher weights, B = 9999, seed 777
(the six-point Webb value for Organization A’s a4 under the current rule is 0.0026; Table S18). Rows
4–5: Rubin’s rules with Barnard–Rubin degrees of freedom for scalar estimates (95% intervals in
brackets); D1 pooling with Reiter’s (2007) degrees of freedom for the five-term test; per-imputation
wild p-values (B = 999) are descriptive ranges, not pooled p-values. Organization B’s a4 was +0.155,
+0.155, −0.002, +0.103, and +0.100 in the five specifications (Table S19). Task Thinking only.
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4.5. Design-Conditional Simulation of Curvature Recovery

Table 4 summarizes the design-conditional simulation for Task Thinking. With cur-
vature set to Organization A’s estimate (a4 = −2.475), rejection rates were 84.9% for the A
design and 96.7% for the B design (1000 replications; inner bootstrap B = 999). With half-
sized curvature, the corresponding rates were 33.6% and 45.0% (B = 199). Under the two
zero-curvature surfaces, within-organization rejection rates were 5.3–6.1%; the rate for the
between-organization contrast under a common surface was 4.8%. CR1 t intervals covered
the generating value in 91.1–92.4% of the rerun conditions. Table 4 distinguishes detection
from null rejection, and Supplementary Analysis S5 reports Monte Carlo uncertainty, scale-
range checks, and all conditions. Under these specified polynomial and error models, the B
design did not have low power for an A-sized observed curvature despite its distributional
warning profile. This evaluates a4 at assumed effect sizes; it does not identify why the
observed B estimate was nonsignificant, establish measurement validity, or add support
on the sparsely observed self-overestimation side. Smaller effects and other generating
processes remain unresolved, and the difference in rejection rates between the two designs
reflects their complete design-and-error configurations, whose individual features were
not isolated. Some generating conditions extend beyond the outcome scale, so these rates
should not be treated as operating characteristics for all bounded LMX measurements.

Table 4. Design-conditional simulation: rejection rates of H0 for a4 and ∆a4 (Task Thinking).

Generating Value Base/Null Surface Organization A Design:
Rejection (MCSE)

Organization B Design:
Rejection (MCSE) Inner B Reading

a4 = −3.200 A-anchored 95.5% (0.7) 99.2% (0.3) 199 Detection rate

a4 = −2.475
(=Organization A

estimate)
A-anchored 84.9% (1.1) 96.7% (0.6) 999 Detection rate

a4 = −1.237 (half) A-anchored 33.6% (1.5) 45.0% (1.6) 199 Detection rate

a4 = 0 A-anchored 5.9% (0.7) 5.3% (0.7) 999 Type I error rate

a4 = 0
B-anchored

(conditional means
within scale)

5.5% (0.7) 6.1% (0.8) 999 Type I error rate

∆a4 = 0 (common
surface, combined

design)
— Combined designs: 4.8%

(0.7) 999 Type I error rate

∆a4 = −2.475 (A
curvature vs. zero,
combined design)

— Combined designs: 70.5%
(1.4) 199 Detection rate

Note. R = 1000 replications per condition; null-imposed wild cluster bootstrap with Rademacher
weights; MCSE = Monte Carlo standard error in percentage points,

√
[p(1 − p)/R]. Errors u_g +

e_ig with σ2 = 0.258, ρ = 0.00 (A) and σ2 = 0.388, ρ = 0.35 (B). Under zero curvature the CR1 t(G
− 1) test rejected in 7.9–8.9% (within) and 7.6% (between) of replications. The two ∆a4 rows use
the combined two-organization design (124 dyads, 39 supervisors); their rates are placed in the
Organization A column for layout only. Generating a4 = 0 removes the incongruence-line curvature
only. The A-anchored zero-curvature and half-curvature conditions place conditional means outside
the 1–5 scale at part of the design (half-curvature: 1.7% of design points in A and 18.8% in B; zero:
13.3% and 42.2%), whereas the A-sized condition does not; see Table S22. Rates are conditional on
the specified surfaces, error structures, and observed configuration; they are not probabilities that a
true effect exists in Organization B. Bias, RMSE, coverage, and a truncated-outcome caution are in
Supplementary Analysis S5.

4.6. Auxiliary Analyses

Four auxiliary analyses are summarized here and reported in full in the Supplementary
Materials. First, the composite-SOA difference score correlates with LMX at −0.371 in
Organization B, yet the partial correlation controlling for Z is +0.050; in Organization A it
attenuates from −0.764 to −0.223 (Table S9): difference scores inherit the strong contribution
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of −Z, so their association with LMX does not by itself establish a discrepancy effect, which
is the rationale on which Edwards and Parry (1993) rejected the difference scores. Second,
improvement comments were longer in Organization A whereas comments on strengths
did not differ (Table S5); the differing response regimes make this an auxiliary observation
that provides no independent validation, and none of the differentiation indicators alone
establishes measurement validity or determines parameter-specific inferential support.
Third, common method variance (Podsakoff et al., 2003) cannot be ruled out: the directional-
asymmetry claim rests on the cross-source coefficient b_X, the nonlinear term a4 is not a
direct consequence of a uniform additive same-source factor, and the effects are dimension-
specific in limited respects, but without supervisor-rated LMX or objective indicators
CMV remains unresolved (Supplementary Discussion S1). Fourth, the generating-model
simulation (Section 3.6, part (b)) illustrates one candidate measurement mechanism: ceiling
truncation alone left a4 strongly present, whereas estimates deteriorated toward zero with
indeterminate sign as rater style replaced target-related signal, and the estimator was biased
negative even at w_T = 1.00 (Tables S6–S8; Figure S1). This illustration includes no true-
null condition, is not calibrated to Organization B, and cannot explain its nonsignificant
estimate; the result of Section 4.5 does not imply, by elimination, that target-signal loss
operated there.

5. Discussion
5.1. Methodological Contribution: An Integrated Diagnostic Workflow

The primary contribution is an applied diagnostic workflow that links observed ev-
idence to the scope of RSA-based SOA–LMX claims. It separates rating differentiation,
measurement validity, and parameter-specific inferential support (Table 1). The two sam-
ples illustrate why these questions require different evidence: nominal sample size does
not describe coefficient-level information concentration (Section 4.2); sensitivity can differ
between a focal contrast and an omnibus test (Section 4.4); and a distributional warning
profile need not imply low power for a specified curvature (Section 4.5). The workflow
integrates established methods rather than introducing a new estimator, and its diagnostic
performance and transferability remain to be evaluated externally. Within it, the procedural
elements demonstrated earlier play specific roles: explicit centering determines where
first-order parameters are evaluated and therefore what a directional claim means (Yao
et al., 2026), and we propose disclosure of the centering location as a reporting standard;
cluster-robust inference with small-sample corrections, LOCO, and coefficient-specific con-
centration indices serve the assessment of parameter-specific support, under which several
coefficients significant under uncorrected OLS no longer received consistent support; the
organization × polynomial-term interaction model provides the formal test of a fixed-group
difference between two observed surfaces; and, unlike a main-effect gate that withholds the
polynomial analysis itself (Barbuto et al., 2012), the workflow does not use the significance
of lower-order terms as a gate for fitting the polynomial model—it presupposes commen-
surable measurements and an estimable design and restricts interpretation according to
the diagnostics.

The simulation illustrates why distributional warnings and parameter-specific inferen-
tial support require separate evidence. In this design, the warning profile did not imply
low power for the larger curvature under the specified generating model. Conversely,
conditional detectability does not establish that ratings capture their intended referents or
that a sparsely observed discrepancy direction is well represented. The workflow therefore
treats descriptive indicators as prompts for further review, not as diagnoses of invalid
measurement or explanations of nonsignificant estimates. The study recasts SOA research’s
implicit measurement assumption as a boundary condition on inference to be examined
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in each of the three questions, and the answers to RQ1 and RQ2 follow from this: the
indices describe observed differentiation and distinguished the two samples, but what they
do not establish—validity and parameter-specific support—must be examined separately;
and inference from rating data requires procedural premises independent of discriminabil-
ity (centering, few-cluster inference, specification sensitivity) whose neglect changes the
conclusions drawn from the same data.

5.2. Empirical Implications and Alternative Explanations

The inconsistency of SOA–outcome relationships (Fleenor et al., 2010) recurs across
the three direct tests, and whether variation in rating differentiation contributes to it is an
untested hypothesis that this study makes examinable rather than a finding: Barbuto et al.’s
first-order pattern was reproduced in Organization B but not in Organization A under
one identical procedure, and that difference is not itself evidence of low discriminability.
Ertürk et al. (2018) report no differentiation indicators, so their sample cannot be located on
that axis—which illustrates the proposed reporting standard. For the 360-degree feedback
literature, the study adds measurement discriminability as a consideration to the finding
that feedback effectiveness depends on design and context (Kluger & DeNisi, 1996; DeNisi
& Kluger, 2000; Smither et al., 2005); it contributes at the measurement and interpretation
stages and does not test whether feedback changes behavior. The directional asymmetry in
Organization A qualifies the implication, carried by the over/under/agreement typology,
that exact agreement is uniformly optimal: a quadratic function of the signed difference
can represent the fixed-mean cross-section, but a difference-only model cannot, in general,
represent the unrestricted two-predictor surface, and the contribution of polynomial regres-
sion here is to characterize the fitted surface at an explicitly specified reference level, not to
make an otherwise impossible shape representable. The pattern is cross-sectional, concerns
one of five dimensions, and rests on eight dyads from six supervisors.

For the non-detection in Organization B, the explanations are non-exclusive and the
design cannot adjudicate among them. Organization B may have a smaller, a genuinely
different, or no curvature along the incongruence line; the conjecture that its design nec-
essarily had low power for curvature of Organization A’s size is not supported under
the specified models, and the simulations did not identify the cause of the nonsignificant
estimate—a smaller true curvature, a substantively different relationship, differences in
the measurement process, a misspecified error or functional form, and sampling variation
remain possible. Rating compression and loss of target-related signal remain a candi-
date account, consistent with the warning profile and the generating-model illustration
but not an identified cause and not implied by elimination from the design-conditional
result; genuinely homogeneous supervisors, genuinely dyad-specific behavior, unequal
observation opportunities, and instrument differences without established invariance bear
on the organizational hypotheses. Common method variance and suppression are nar-
rowed but not excluded (Supplementary Discussion S1), and unmeasured power distance,
feedback culture, anonymity arrangements, appraisal purpose, and rater training could
differ between organizations, although follower perceptions of leadership behavior were
largely invariant across cultural clusters in a 77-country comparison (Caza et al., 2021).
Independently of explanation, self-rating exceeds subordinate rating in 8 of 60 dyads in A
but 1 of 64 in B, so in B the incongruence-line parameters are estimated from observations
predominantly on one side—a limitation of discrepancy coverage that is distinct from the
information available for a4 as such.
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5.3. Practical Implications

Organizations can use the three indicators as triggers for measurement review before
commissioning SOA analysis; the indicators do not certify appraisal data for personnel
decisions, do not by themselves show that an analysis would be underpowered, and do not
justify excluding a dataset. Table 5 sets out what an analyst would do at each step of the
workflow, what is recorded, and what each step cannot settle. For example, a near-ceiling
rate of 50% and an ICC(Z) of 0.20 on a dimension would initiate an item- and protocol-
level review rather than automatic data exclusion: the analyst would examine whether
ceiling concentration is widespread or item-specific, whether raters had opportunities to
observe the behaviors, and whether the confidentiality and appraisal-purpose instructions
could have influenced responses; would separately inspect the joint X–Z support and
the coefficient-specific diagnostics before deciding how narrowly the fitted surface can
be interpreted; and would record which conclusions survive alternative specifications.
No step aims to increase variance artificially or to make a result significant. Multi-source
designs in administrative settings often involve few ratees and many ratings per ratee
(e.g., Maurin Saldaña et al., 2026), precisely the configuration in which rater-side variance
can masquerade as information about ratees. Rater training in behavioral observation is a
candidate intervention for future experimental evaluation, not a validated remedy; because
“first-time administration impairs discriminability” remains a candidate hypothesis, no
prescription based on years of operation follows; and the exploratory asymmetry motivates
replication with better coverage of both discrepancy directions—it does not support a
prescription to increase or decrease managers’ self-ratings. The sample-derived anchors
used in Section 4.1 (two or more of: ceiling rate above 40%, variance below 0.45, ICC(Z)
below 0.25) are post hoc illustrative values from ten cells, not validated thresholds (SM1).

Table 5. The diagnostic workflow as actions, records, and limits.

Step What Is Done What Is Recorded/Decided What It Does Not Settle

1 Inferential target and scales
Specify what is compared as the same

referent; check self and subordinate
scales, item versions, and timing

The range of comparable
interpretation

Model adequacy
(commensurability alone does

not establish it)

2 Distribution and observed
support

Ceiling rate by item and dimension,
supervisor-level distributions, ICC(Z)
with its interval, joint X–Z distribution

and discrepancy-direction coverage

Where compression and sparse
regions lie

Validity; power. No automatic
exclusion, no manipulation of

ratings to increase variance

3 Measurement-process
review (if flagged)

Inspect instructions, anonymity,
appraisal purpose, observation

opportunity, item distinctiveness

A record distinguishing genuinely
similar behavior, limited observation,

and response pressure; items or
“unable to observe” options to pilot in

the next administration

Whether the surface is
estimable

4 Estimation and sensitivity

Common centering; cluster-robust
inference with small-sample
corrections; coefficient-level
concentration diagnostics;

leave-one-cluster-out; missing-data
specifications

Estimates and intervals; which
conclusions survive alternative

specifications
Causes of a null

5 Conditional performance
(optional)

Simulate recovery under specified
effect sizes and error structures with
the observed design fixed, stating the

evaluation point

Detection and coverage rates under
those conditions

The cause of a nonsignificant
result; the probability that an

effect exists

6 Interpretation and further
collection

Limit claims to the supported region
and specifications; identify missing

information

Independent measures, observation
opportunities, data in sparse regions

as next steps

— (does not aim at improved
distributions or significance)

Note. A proposal derived from two samples; no intervention named here has been evaluated in
this study.
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5.4. Limitations and Future Research

The study is cross-sectional and a two-organization comparison; causal inference is
not possible, and the attribution of the between-organization difference to discriminability
cannot escape the organization n = 2 confounding (industry, size, and rating-tool design
included). The boundary-condition proposition and the workflow were generated post hoc,
and the coefficient-level diagnostics, multiple-imputation analyses, and design-conditional
simulation were added after peer review. The number of clusters is at most 39, a level
at which sandwich estimators can be biased (McNeish & Stapleton, 2016); only one of
five dimensions is consistently supported; X is constant within supervisor, so only eight
distinct self-rating values underlie Organization A’s 60 dyads (11 for B’s 64), and the
coefficient-level diagnostics quantify the resulting concentration for each parameter sepa-
rately without defining an effective sample size for the surface. Overestimation-side dyads
number 8 of 60 from six supervisors, and 17/17 LOCO significance is weaker evidence for
that side than it appears. With up to 20 surface parameters and a focal contrast selected
exploratorily, multiplicity is a limit—illustratively, the Task Thinking a4 (Webb-weight wild
p = 0.0026) would be borderline under a Bonferroni-style correction for the 20-coefficient
family (0.052)—and the sensitivity analyses are not independent replications. The station-
ary point is a saddle in about a quarter of bootstrap replications, so “ridge” remains an
approximation, and the negative self-rating main effect could reflect a supervisor-side third
variable. Measurement invariance of the adapted LMX scale and item-level equivalence
of the instrument versions were not validated; ICC(Z) is estimated with wide uncertainty
from few clusters; CMV is unresolved; the primary missing-data handling is a single im-
putation, and the multiple-imputation sensitivity analyses use an imputation model that
is not substantive-model-compatible, approximates the nested structure by a supervisor
mean, and was applied to one dimension only. The omnibus five-term difference was
not supported under the complete-case and secondary multiple-imputation specifications
(Table 3).

The two simulations bound generalizability in different ways. The design-conditional
simulation used one error structure per organization, held the observed ratings fixed,
examined four curvature levels for one dimension, and evaluated the detectability of a4
given the observed design, not the full preprocessing-to-inference pipeline, measurement
validity, or coverage of the self-overestimation direction; some generating conditions place
conditional means outside the scale. The generating-model simulation used independent
dyads without the empirical cluster structure and includes no true-null condition. Text
evidence is limited to comment length, cultural variables such as power distance were not
measured, the sample-derived anchors were not externally validated, and participant sex
and gender were not available to the authors. Future research follows from these limits. The
most natural extension is a two-study design using Organization B’s second administration
as a validation sample—a path toward preregistration-style testing of this study’s post
hoc proposition (Hollenbeck & Wright, 2017; Woo et al., 2017). External validation of
the indicators should compute them before outcome analysis in many organizations and
dimensions, with preregistered rules and out-of-sample evaluation of interval width, sign
stability, parameter recovery, and false-warning rates; this study offers no diagnostic
validation and one conditional illustration in which a warning profile did not imply low
power for a specified curvature. The design-conditional simulation should be extended
to varying error structures, measurement reliability, dyad-specific variance, ceiling and
rater-style processes, and other dimensions, and combined with the generating-model
design in one clustered framework. Replication of the Task Thinking pattern calls for
sampling that balances discrepancy directions, a larger supervisor sample, supervisor-
rated LMX and external outcomes, and preregistration; rater-side interventions—training
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in behavioral observation, anonymity arrangements, rating purpose, and behaviorally
anchored items—should be evaluated in randomized or stepped-wedge designs.

6. Conclusions
This study proposes an applied workflow for evaluating RSA-based SOA–LMX infer-

ence by separating observed rating differentiation, measurement validity, and parameter-
specific inferential support. Its application to two organizational samples showed that
the focal Task Thinking curvature contrast remained supported across the examined
missing-data and small-sample specifications, whereas the omnibus interaction test was
specification-sensitive. Under the specified simulation models, a distributional warning
profile did not imply low power for an A-sized observed curvature. This result neither
identifies the cause of Organization B’s nonsignificant estimate nor validates its measure-
ments. The local asymmetry observed in Organization A remains exploratory because
support on the self-overestimation side was sparse. The methodological contribution is
the explicit connection between diagnostic evidence and the scope of claims it supports.
External evaluation is needed before the proposed workflow or its indicators can be treated
as general diagnostic rules.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/admsci16110522/s1, Figure S1: Sweep of the target-signal weight
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from subordinate comments; Table S6: Simulation: Estimated a4 under a true a4 < 0 (500 replications
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Table S17: Correspondence between the robustness of a3 and the independence of the self-rating
(Organization A, all five dimensions); Table S18: Surface parameters of Dimension 1 (Task Think-
ing): centering location and robustness across multiple inferential approaches (Organization A,
n = 60, 17 supervisors); Table S19: Missing-data sensitivity of the Dimension 1 (Task Thinking)
surface parameters: five reported specifications and six stability-check runs; Table S20: Coefficient-
level design-support diagnostics, Dimension 1 (Task Thinking); Table S21: Generating polynomial
coefficients by condition (scale-midpoint centering); Table S22: Scale-range check of the generat-
ing surfaces: conditional means and generated outcomes; Table S23: Full performance results of
the design-conditional simulation (R = 1000 replications per row); Table S24: Auxiliary truncated-
outcome variant: rejection rates only (caution, not a type I error or power evaluation); Table S25:
Scenario–seed map of the design-conditional simulation (all runs; seeds from the execution scripts);
Table S26: Between-organization differences in the response surface via organization × polynomial-
term interactions, all five dimensions (cluster-robust); Table S27: Evidential status of the main claims
(Task Thinking unless stated); Supplementary Methods SM1: Implementation Details of Prepro-
cessing, Robust Inference, and Auxiliary Analyses; Supplementary Discussion S1: Indirect Checks
Against Simple Same-Source Explanations (full exposition of Section 4.6); Supplementary Analysis
S2: Random-Intercept Cross-Level Polynomial Model and Cluster-Bootstrap Confidence Intervals
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