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In leadership development, 360 assessments are multirater instruments in which leaders
rate themselves on leadership competencies and are assessed by several raters (e.g.,
peers, direct reports, bosses). Such assessment methods afford valuable opportunities
for both leaders and practitioners alike; however, they also present thorny challenges,
including those related to scoring. We propose a Latent Approximation Method (LAM)
for scoring 360s that is based on recent modeling advances for multirater data and
provide a preliminary empirical evaluation of that method. To an international sample
of nearly 17,000 leaders and nearly 150,000 raters, we applied LAM scoring to a 360
measure of several leadership competencies. We examined associations among LAM
scores, explored associations between LAM scores and standard averaged scores, and
evaluated the incremental predictive utility that LAM scores bring (beyond standard
scores) to the prediction of criterion variables. Replicating across subsamples, results
revealed considerable overlap between LAM scores and standard scores. Moreover,
LAM scores provided significant but small incremental predictive power over Standard
Averaging Method scores. These results indicate limited value of LAM scoring for
practitioners, and we discuss the implications of these findings for both research and
applications using 360 assessments.
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What’s It Mean? Implications for Consulting Psychology

This work has implications for both leadership development coaches and researchers
alike. For practitioners, it explores a new and potentially useful technique for gaining
insights about their client. For researchers, it surfaces new questions toward advancing
our understanding of 360 assessments and the interpretation of their results using a
novel modeling methodology.

Keywords: multirater assessment, leadership, latent variables, assessment, rating data

Supplemental materials: https://doi.org/10.1037/cpb0000285.supp

In the field of leadership assessment, 360° feedback is a multirater measurement method—often used by
leadership development practitioners, including coaches—in which a leader’s characteristics (e.g.,
competencies) are rated by multiple individuals. Raters typically include the leader herself, her direct
reports (DRs; i.e., subordinates), her peers, and her immediate supervisor, all of whom rate
characteristics ostensibly related to her effectiveness as a leader. This rich method of measurement
provides potentially invaluable information that may increase understanding of the psychosocial factors
shaping leadership effectiveness. In applied assessment contexts, 360 assessments can help leadership
coaches understand clients and guide emerging as well as mature leaders toward greater understanding
of themselves, including awareness of the impact their behavior has on others and their organization.
These utilities notwithstanding, there are challenges complicating the 360-measurement process and its
interpretations. The purpose of the current research is to propose a novel method for scoring and
interpreting 360 assessments and to provide a preliminary empirical evaluation of that method.

The Value of 360 Assessments

Three-sixty assessments present psychologists, management, and leadership development practi-
tioners, as well as consultants, with unique value and opportunities, along with thorny challenges.
For example, ratings from a leader herself, her supervisor, her peers, and her direct reports may
substantially converge or diverge in either direction. Patterns of convergence and divergence across
raters and across constructs can, in turn, provide valuable insights for both practitioners and
researchers.

Since its inception in the late 1980s, 360 assessments have become one of the most notable
innovations in the field of leadership development (Chappelow, 2004). In the following decades, they
have been used for a variety of purposes in diverse settings and have gained increasing acceptance and
prominence in organizations. According to a recent survey of 85 diverse organizations from 30
different industries, 72% reported plans to continue or increase the use of 360 assessments (Rose &
Biringer, 2022).

In applied settings, 360 assessments are indispensable for helping leadership coaches shed light on a
leader’s strengths and development needs in a way that participants view as more reliable and valid, thus
more readily accepted by leaders themselves. These advantages stem from the fact that 360s involve
multiple raters—as opposed to one rater, such as one’s boss—to enable a varied and comprehensive
perspective of a leader’s characteristics and contribution (i.e., performance) to their organization. The
aggregation of feedback from multiple rater groups, each varying in their relationship to the leader,
mitigates—to some extent—the effects of personal biases on the ratings (Fleenor et al., 2020). Compared
with assessments relying solely on self-reports or those provided by supervisors, 360s bring a reduced
level of subjectivity along with face validity, making the feedback more useful and credible to recipients.
This enables organizations to make strategic personnel decisions that are more likely to be accepted
(Church et al., 2019). Early practitioners from the Center for Creative Leadership (CCL)—for example,
Robert Dorn and Robert Bailey—recognized the importance of not only using assessments for
development, but also of the provision of feedback as essential to effective leadership development
interventions (Bracken et al., 2001).
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SCORING 360 ASSESSMENTS 3

As a key part of the 360 process, leaders receive feedback reports detailing results of their
assessment. With the assistance of a feedback coach or their supervisor, leaders examine their reports,
focusing on both high (strengths) and low ratings (development needs), as well as the differences
between their own and others’ perceptions of their capabilities and effectiveness. Based on these
insights, leaders create individualized development plans designed to help them modify specific
behaviors to become more effective.

In addition to facilitating behavior change, 360 assessments enable organizations to promote
important values and set expectations by communicating the kinds of behaviors expected from
employees. To reinforce valued behaviors, an organization can include specific competencies on their
360 assessment that are important to success in that organization. For example, an organization can
communicate the importance of Decisiveness by providing feedback on how well the leaders are
performing on that specific competency.

In research settings, 360 assessments have been used extensively to examine relationships
between individual differences and leadership effectiveness. This work collectively demonstrates the
value that 360s hold in elucidating the relationships among perceived leader capabilities, performance
measurement, and various factors moderating these relationships.

For example, using 360 assessments, Braddy et al. (2014) examined how the relationship between
leader effectiveness and derailment potential—defined as the likelihood of a leader being demoted or
involuntarily dismissed (Leslie & Braddy, 2015)—might vary by rater group. Using random
coefficient modeling, relative weight analysis, and polynomial regression, they found that (a) self,
direct report, peer, and supervisor ratings of leader effectiveness differed and were associated with
derailment potential; (b) peer ratings were most predictive of derailment potential while self-ratings
were least predictive; and (c) derailment potential was lowest when self-ratings were lower than other
ratings and when self—other rating agreement converged on higher, rather than lower, ratings (Braddy
et al., 2014). In another study involving 360 assessment data, Bono et al. (2017) investigated the
impact of gender on supervisor ratings of leaders’ derailment potential in upper levels of organizations.
With a large sample of leaders (n ~ 12,500), they found evidence of gender bias where ineffective
interpersonal behaviors were less prevalent among female managers; however, when present, these
behaviors were more damaging to females compared to males (Bono et al., 2017).

The Challenge of Scoring 360 Assessments

The value that 360 assessments bring to practitioners and research psychologists is not without costs
and challenges. They are expensive, time-consuming, and oftentimes difficult to obtain. Moreover,
the potential for rater divergence to provide important insights also raises important psychometric
questions—for example, how should 360 assessments be used and scored to optimize prediction?
Should perspectives from specific rater groups (self, peer, boss, direct reports) be given more or less
weight when it comes to evaluating performance or derailment potential? Is there additional information
in 360 assessments that traditional scoring has not yet tapped? If so, what methods are available to help
extract and use the potentially valuable information available in 360 ratings?

In research contexts, the use of multirater data, such as 360 assessments, has been approached
in diverse ways. Researchers from areas including clinical psychology, industrial-organizational
psychology, psychiatry, developmental psychology, personality psychology, and beyond have developed
statistical models and suggestions for optimizing the use of multirater assessment information (Bauer
etal., 2013; De Los Reyes et al., 2013; Hoffman et al., 2010; Kraemer et al., 2003; Martel et al., 2017;
McAbee & Connelly, 2016). Such approaches are useful for researchers seeking to analyze multirater
data in maximally informative ways.

Outside of research, practitioners face the thorny challenge of scoring an individual client’s 360
assessments. There are at least three simple and intuitive solutions to this problem in an applied context.
One is to aggregate the information from all raters to form an overall score for each scale (e.g., averaging
a leader’s self-ratings of Decisiveness with her supervisor’s ratings of the leader’s Decisiveness, with
her peers’ ratings of the leader’s Decisiveness, etc.). A leader would thus obtain a single aggregated
score on each scale, representing the individual’s standing on the relevant construct in the eyes of the
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“typical rater.” The appeal of this approach is that it uses all relevant information and provides applied
psychologists with just one set of scale scores for a given client. One obvious shortcoming of this
approach is that it discards potentially valuable information that is unique to each rater group. This is
important to the extent that average ratings provided by different rater groups can, and often do, vary
significantly (Fleenor et al., 2010), thus placing undue limitations on the assessors’ ability to interpret
and draw firm conclusions from aggregated scores.

A second simple solution is to aggregate the information from all raters except the self, to form an
overall “informant” or “all but self”” score for each scale (e.g., averaging a supervisor’s ratings, peer
ratings, and subordinate rating of a leader’s Decisiveness). A leader would thus obtain a single
aggregated score on each scale, representing the individual’s standing on the relevant construct in the
eyes of the people with whom they work. Although this approach differentiates self-ratings from other
ratings, it still discards information that may be unique to each of the other rater groups.

A third potential simple solution is to score responses from each rater group separately, again,
using typical scoring procedures (e.g., averaging responses across items on a scale, for each rater
group). Thus, an assessor would obtain, say, a Decisiveness score based on the leader’s self-report
score, a Decisiveness score based on her supervisor’s ratings, a Decisiveness score based on an average
of her peers’ ratings, etc. Although this approach can preserve potentially unique and valuable
information provided by each rater, it may obscure information that the various rater groups share or
have in common.

In this article, we refer to these simple, intuitive approaches as the Standard Averaging Method
(SAM) of scoring 360s. The general problem with these SAM approaches (either in aggregate form
or separated by rater groups) is that they confound information that is common across rater groups
with information that is unique to each rater group (e.g., self, peer, direct reports). For example, the
simple average of one’s self-ratings may reflect, to some unknown degree, a view that is shared by
all raters. Simultaneously, it may also reflect, again to an unknown degree, a view that is unique to
the self. Similarly, supervisor, peer, and direct reports’ ratings may each reflect, to some unknown
degree, a view that is shared by raters, while also reflecting, again to an unknown degree, a view that
is unique to the individual rater. The notion that different groups are privy to both unique and
common information about an individual is not new and aligns well with personality measurement
research where asymmetry in the accuracy of personality judgments has been reported (Vazire,
2010). Hence, whether estimated as a single omnibus score or differentiated by rater group,
standard aggregated scoring method (i.e., SAM) likely confounds what is common and unique to
each rater.

In applied assessment contexts, such confounding might make it difficult for both practitioners and
client leaders to tease apart the common and unique insights offered by different groups of raters. For
example, practitioners may find it challenging to convey a given leader’s level of Decisiveness (as
perceived across all rater or rater groups) while at the same time conveying the uniquely high or low
level of Decisiveness as perceived by each group of raters. The inability to clearly differentiate and
acknowledge such information may compromise the value and potential impact of 360 assessments for
client leaders.

In this article, we explore a potential solution to the limitations of the SAM approach by
incorporating latent variable analysis that accounts for both unique and shared variances. This
approach—termed Latent Approximation Method (LAM)—is outlined in the next section.

A Potential Solution to the Scoring Challenge: LAM

Recent methodological developments may provide a solution to the aforementioned limitation.
Figure 1 partitions 360 ratings of a single characteristic into several latent variables and is based on
the Trait, Reputation, Identity model (TRI; McAbee & Connelly, 2016) and the Leadership Arena—
Reputation—Identity model (LARI; Vergauwe et al., 2022).

The Arena variable (called the Trait variable by McAbee & Connelly, 2016) represents variance
shared by all raters. It reflects leaders’ general levels or capability around a given construct or
competency (e.g., Decisiveness) as perceived by the self, boss, peers, and direct reports. For example,
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Figure 1
A Trait, Reputation, Identity Model/Leadership Arena—Reputation—Identity Model for
360 Assessments

Self
(Identity)

Note. 1= item; Avg peer = average peer; Avg Dir Rep. = average direct report.

it represents the implicit “agreed-upon” level of an individual’s Decisiveness, as common across all
raters. The Reputation variable represents variance shared by all raters except for the self. It reflects
leaders’ levels of a given construct as seen uniquely by others (i.e., as differing from how the leaders
see themselves on the construct). The Identity variable represents variance unique to the leaders’ self-
perceptions (i.e., as differing from how they are seen by their colleagues). Other rater-specific variables
represent how the leaders are seen uniquely by each rater group (e.g., boss, peers, direct reports) as
separate from the others and as separate from the self. Thus, TRI/LARI models differentiate variance that
is common across all ratings (i.e., Arena), variance that is common across some ratings (i.e., Reputation),
and variance that is unique to each rater group. They thus provide rich and detailed insights into
perceptions of a leader’s psychological characteristics.

Although developed relatively recently, TRI/LARI models have already shaped how researchers
analyze multirater data. Initial work partitioned variance in multirater ratings of personality traits and
leader competencies. For example, McAbee and Connelly (2016, Demonstration 1) applied the TRI
model to ratings of the Big Five personality traits. They found that the Trait factor accounted for more
variance (from 44% to 69%) than the Reputation or Identity factors in ratings of conscientiousness,
agreeableness, neuroticism, and extraversion. Similarly, Vergauwe et al. (2022) applied the LARI model
to leadership 360 ratings from two instruments, finding again the Arena (or Trait) factor accounting for
most variance in nearly all the scales that they examined. Interestingly, both studies revealed that the
relative magnitudes of the factors’ variances varied across constructs. This is consistent with previous
findings that self—other agreement and interjudge consensus (as operationalized in terms of correlations
across focal participants) vary across traits (e.g., Fleenor et al., 1996, 2010; Funder, 1995; Furr et al., 2007;
Helzer et al., 2014; Vazire, 2010).

This initial work has been followed by research revealing correlations between TRI/LARI factors
and important outcomes (Blickle et al., 2018; Connelly et al., 2022; Wihler et al., 2022). For example,
Connelly et al. (2022) examined the association between job performance and multirater ratings of the
Big Five personality constructs. They discovered that different TRI factors (from the Big Five) were
associated with job performance, although findings varied across personality constructs and across
different assessments of performance. Wihler et al. (2022) also applied the TRI model to multirater
ratings of the Big Five and of job performance, finding that personality—performance correlations varied
depending on the specific TRI-based factors involved (e.g., the Identity factor from ratings of
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6 FURR, JEONG, FLEENOR, AND SHRESTHA

Conscientiousness was correlated with a corresponding “Fagade” factor from ratings of job dedication).
Thus, the field appears to have enthusiastically embraced the potential value of using TRI/LARI
models to address important questions in a research context.

The TRI/LARI models have generated significant and increasing interest within a research
context, but their use in an applied assessment context has not yet been explored. In an applied context,
practitioners and coaches could potentially use information from these models to generate scores
approximating an individual leader’s standing on the six latent variables (or factors) in the model. That
is, a LAM approach to scoring may provide practitioners with insights into constructs reflected in the
TRI/LARI model of 360 assessments. Put differently, compared to the conventional SAM approach to
scoring, a LAM approach might provide a more nuanced understanding of clients’ strengths and areas
of opportunity.

The development and implementation of LAM-based scoring for a given 360 assessment would
require research-based preliminary steps and subsequent applied scoring algorithms. In two
preliminary steps, researchers would use a large normative sample of leader respondents who have
participated in a 360 assessment and would fit a TRI/LARI model (e.g., Figure 1) to the item-level
assessment data. They would then extract item-level scoring parameters (e.g., factor scoring
weights) that can be applied to (future) leaders’ responses. Subsequently, practitioners can apply
those scoring weights to item-level responses from a client leader’s 360 assessment. This would
subsequently result in six scores for a given leader, approximating the leader’s standing on the six
latent variables in the TRI/LARI model. These scores may then be interpreted and used separately
from or in conjunction with SAM-based scores to further gain insight into a given leader’s
characteristics.

LAM-based scoring may provide novel insights into multiple aspects of the leader’s psychological
characteristics, as perceived at multiple levels and perspectives. Such insights might go well beyond
those obtained via the aggregated, SAM-based scoring methods.

Evaluating the Potential Solution

LAM scores may or may not provide practitioners with insights not captured by simpler scoring
methods. However, the value of this novel scoring method has not been empirically evaluated. Two
key empirical questions can begin to reveal whether LAM scores, based on the TRI/LARI model, have
practical value. First, to what degree do LAM scores provide information that differs meaningfully
from SAM scores? Second, do LAM scores predict important outcomes (e.g., job performance) better
than SAM scores? The present study addresses both questions.

These questions are important for at least two reasons. First, a novel LAM-based method of
scoring 360s may present new avenues for understanding and managing 360 assessments in a way that
enhances their value beyond conventional scoring and use. If LAM scores can reveal deeper or more
refined insights into a leader’s psychological and behavioral characteristics, then they may provide a
greater opportunity to create more elegant and nuanced development solutions that optimize time,
effort, and cost associated with developing leadership capabilities. This would, in turn, advance
organizational performance in a host of ways. However, it is not yet clear whether LAM scores provide
insights that go beyond SAM scores.

Second, understanding the potential value of LAM scores, instead of or along with SAM scores, is
also important because adopting LAM-based scoring likely entails significant challenges in an applied
context. Assessment systems are generally designed, administered, and validated through the use of
SAM-based scores, making those scores more familiar to practitioners. Thus, shifting to (or adding) a
novel set of LAM-based scores would likely entail considerable costs related to time, resources, and
education. Existing SAM-based scoring mechanisms would need to be expanded, revised, or replaced;
coaches would need training on the appropriate interpretation of a new set of scores; and even the
feedback materials (e.g., score reports) would require substantial revision. Such costs are worthwhile
only if the new—LAM-based—scoring method provides meaningful value over and above the
existing—SAM-based—method. In sum, there is a need to empirically evaluate the potential value of
a LAM-based scoring method for 360s.
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SCORING 360 ASSESSMENTS 7

The Present Study

We provide an empirical evaluation of a LAM-based scoring method for 360 assessments. Our primary
empirical focus is on the two questions mentioned earlier: To what degree do LAM scores provide
information that differs meaningfully from simple SAM scores? To what degree do LAM scores
predict outcomes better than SAM scores? The answers to these questions will have implications for
researchers and practitioners using 360s.

We used a two-phase process based on a sample of more than 16,000 leaders and nearly 150,000
total respondents. Using one random half of the data as a normative sample, we first fit a TRI/LARI
model to a set of 360 assessments, extracted factor scoring weights, computed LAM-based scores
for individual leaders, correlated those scores with outcomes (i.e., ratings of derailment and
performance), and compared them to scores obtained via conventional aggregation methods. Using
the other half of the data as a cross-validation sample, we applied the scoring weights (as obtained
from the normative sample and as could be done by practitioners) and repeated the correlational
analyses. The latter analysis was deemed crucial because it represents the potential value of the
scoring procedure (derived from our normative sample) for assessment practitioners working with
leaders in an applied context.

Method

Participants

Focal participants are 16,669 leaders who, as part of participation in a leadership development program,
completed 360° feedback assessment through the CCL from 2018 to 2022. Each focal participant rated
her/himself and was assessed by several raters, including subordinates, peers, and bosses. Participants
selected raters and provided their email addresses. A total of 144,811 (boss = 16,255, peer = 65,514,
direct reports = 63,042) raters assessed the focal participants. Participants and raters completed
assessments online. Prior to participation, each participant signed CCL’s Consent Form allowing
research use of their data.

For our main analysis, we retained participants with >1 response on each of the three items on a
Decisiveness scale (see below) from each of four rater groups—self-ratings, direct reports, boss, and
peer. This process resulted in a subsample of N = 13,867. Sampling was based on data availability
rather than on power estimates. However, our analyses were extremely well-powered to detect even
small effects (e.g., power = .99 to detect r = .05). Because nearly all results were significant at extreme
p levels, we do not provide exact p values. To evaluate replicability across multiple competencies
(beyond Decisiveness), we report analyses of additional scales in an online Supplemental Material.
Similar data retention methods were used for each scale; thus, sample size varies from scale to scale.
However, samples for all scales ranged from N = 8,845 (Compassion and Sensitivity) to N = 13,867
(Decisiveness), excluding null values. To ensure participants’ data privacy, responses to demographic
questions were optional and varied by question. Among those providing demographic information,
participants represented >120 countries across Africa, Asia, South America, Australia, Europe, and
North America, with the largest proportion from the United States (69%). Participants were primarily
male (65%) and Caucasian/White (75%). They were 43.2 years old on average (SD = 8.1) with 87%
holding at least a bachelor’s degree. They represented five managerial levels: first-level supervisors
(4%), middle managers (27%), upper—middle managers (38%), executives (21%), and top leadership
(e.g., chief financial officer, chief executive officer; 4%). They also represented a wide range of
industries, including education, government, aerospace, manufacturing, banking, and pharmaceuticals.

Measures

Our main analyses focused on the Decisiveness competency scale as assessed via CCL’s proprietary
360, multirater assessment—Benchmarks for Managers (i.e., “Benchmarks”). Benchmarks (Leslie &
Braddy, 2015) assesses 16 leadership competencies, including Decisiveness. Benchmarks was based
on CCL’s “Key Events” research—initiated in the late 1980s, involving in-depth interviews with
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79 successful executives from Fortune 100 organizations—that sought to understand transformational
experiences or events that served as foundations to leadership success (Lindsey et al., 1987). Each
competency scale contains three to 13 items, with reliabilities ranging from .74 t0.93 (Leslie & Braddy,
2015). The Decisiveness scale, in particular, contains three items with coefficient alphas ranging from
71 (Self, N = 24,096) to .79 (All Other Raters, N = 257,111). Decisiveness is conceptualized as a
preference for making “quick and approximate actions in many management situations” and captured
using three items—“Does not hesitate when making decisions,” “Does not become paralyzed or
overwhelmed when facing action,” and “Is action-oriented” (Leslie & Braddy, 2015).

To evaluate replicability across competencies, we report analyses of three additional competencies
(Compassion and Sensitivity, Being a Quick Study, and Respect for Differences) in an online
Supplemental Material. Our main analysis focuses on Decisiveness for three reasons. First, focusing on
a single competency allows us to elaborate the logic and process of the LAM-based scoring procedure
in depth for this initial introduction of the method. Second, Decisiveness is consistently rated—by
focal participants as well as raters—as one of the most important of the Benchmarks competencies.
Third, although all Benchmarks competencies are important in the context of leadership, Decisiveness
may be of particular interest in the context of this study.

Benchmarks also includes content that we used as criterion variables. It includes a 10-item
Derailment scale assessing “Difficulty Changing or Adapting” (e.g., “Does not use feedback to make
necessary changes in his/her behaviors”). It also includes a general performance item: “How would
you rate this person’s performance in his/her present job?” Participants (the leaders themselves) and
raters (direct reports, peers, and bosses) completed the assessment of participants’ Decisiveness. Raters
completed the assessment of participants’ derailment and performance.

Results

All analyses were conducted via R programming language, with TRI/LARI models fit via the lavaan
package (Rosseel, 2012). Analyses were essentially exploratory and were not preregistered. Syntax is
available at https://url.ccl.org/mrscoring.

Obtaining TRI/LARI Factor Scores From the Normative Sample

Splitting the sample of participants into random halves, we obtained one subsample of 8,334 leaders. We
retained only those leaders for whom data were available on all Decisiveness items from self-ratings, at
least one direct report rating, at least one boss rating, and at least one peer rating. This produced a final
normative sample of 6,993 leaders with complete data needed to estimate the TRI/LARI model and to
obtain factor (i.e., LAM) scores.

We fit the TRI/LARI model (see example in Figure 1, illustrating two items per rater) based on
procedures outlined by Vergauwe et al. (2022)." For each item, we averaged across all available ratings
within each rater group (i.e., direct report, boss, peer). We thus calculated an average direct report rating,
an average boss rating, and an average peer rating for each Decisiveness item. Table 1 presents means
and standard deviations for the 12 variables. The TRI/LARI model fit well (root-mean-square error of
approximation = .06, Tucker—Lewis index = .95, comparative fit index = .96).

To implement a LAM-based scoring method (based on the TRI/LARI model), we extracted factor
scoring weights (see Table 1).” These weights allow practitioners to weight and sum item-level 360
data, enabling them to estimate individual leaders’ scores (i.e., LAM) on each of the six TRI/LARI-
based Decisiveness latent variables.

' Our model differed from the Vergauwe et al. (2022) model in that we did not include correlated residuals
across items with identical content. We omitted these parameters for two reasons: (a) The model without those extra
parameters fit the data extremely well, and (b) the model with those parameters encountered significant problems
with convergence.

2 Weights are based on the regression scoring method in lavaan.
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Table 1
Item Means, Standard Deviations, and Factor Scoring Weights Derived From the Trait, Reputation,
Identity Model/Leadership Arena—Reputation—Identity Model (Normative Sample)

Factor scoring weight

Item M (SD) Self Direct report Boss Peer Reputation Trait/Arena
Self-il 3.617 (0.807) 248 —-.017 -.019 —-.018 .000 .023
Self-i2 3.920 (0.777) 261 —-.010 —.011 —-.010 .000 .013
Self-i3 4.191 (0.683) 183 -.024 —.026 —.025 .000 .031
DR-il 4.067 (0.572) —.042 .147 —.057 —.054 .004 .064
DR-i2 4.295 (0.529) —-.004 237 —.025 —-.026 .031 .006
DR-i3 4.357 (0.500) —.046 .306 —.041 —.036 —-.029 .070
Boss-il 3.822 (0.780) —-.032 —-.038 142 —.040 .003 .048
Boss-i2 4.095 (0.775) —-.007 —-.018 .262 —-.019 .015 .010
Boss-i3 4.324 (0.711) —-.034 —.028 .165 —.028 —.018 .051
Peer-il 3.928 (0.561) -.073 —.088 —-.097 .060 .006 .109
Peer-i2 4.143 (0.539) -.015 —.046 —.048 215 .045 .023
Peer-i3 4.275 (0.502) —.068 —-.050 —.059 205 —.044 .102

Note. N = 6,993. i = item; DR = Direct Report.

To generate LAM scores for each participant in the normative sample, we mean-centered the
ratings on each of the 12 items. We then weighted the (mean-centered) item-level ratings by the
relevant factor scoring weight and summed across items.> Thus, for example, a participant’s Trait
LAM score is (see Equation 1):

12
Trait, = Y  W;Cp, (1)

i=1

where W, is the factor scoring weight for item i on the Trait latent variable, and C;, is the mean-
centered rating of participant p on item i.

The scoring weights begin to reveal the meaning of LAM scores, and the pattern in Table 1 (for
Decisiveness) is similar to patterns for the other competencies we examined. Specifically, for a given
LAM score (e.g., self, boss), weights are positive for items rated by the source associated with the
LAM score, but are negative for other items. For example, for Self-LAM scores, self-rated items are
weighted positively, while items rated by others are weighted negatively. Based upon this pattern of
weights, leaders receive the highest Self-LAM score when rating themselves highly and when rated
low by other raters (and they receive the lowest Self-LAM score when rating themselves low and when
rated high by others). Thus, LAM scores represent a leader’s competency level as uniquely seen by
each type of rater (e.g., Self-LAM scores are highest when the self is unique in providing high ratings
and is lowest when the self is unique in providing low ratings). Reputation LAM scores differ from
other LAM scores as they include near-zero weights for self-ratings and a blend of weak positive
and negative weights from other raters. Although this pattern generally replicates across the other
three competencies, the other competencies’ Reputation weights are generally larger than those for
Decisiveness.

Values above Table 2’s diagonal are correlations among TRI/LARI estimated factor (i.e., LAM)
scores. Although the TRI/LARI model is based on orthogonal latent variables, the estimated LAM scores
are not strictly orthogonal. Correlations were generally low across the Self, Direct Report, Boss, Peer,
and Reputation variables, with most ranging from —.22 to .15 (p < .05 for correlations > 1.03l, based on
N = 6,993). This indicates that those estimated LAM scores provide relatively unique perspectives on a

3 Mean-centering ensures that the estimated factor scores obtained by this weighting algorithm are identical to
those produced directly by lavaan.
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Table 2
Correlations Among Decisiveness Scores: LAM-Based Scores and SAM-Based Scores

LAM-based score 1 2 3 4 5 6
1. Self — -.09 -.06 -.20 .03 18
2. Direct report —.10 — —.18 -.21 .10 29
3. Boss -.07 —.18 — -.22 .08 28
4. Peer —.18 -.22 -.21 — 15 44
5. Reputation .03 .08 .08 13 — .05
6. Trait/Arena .19 28 .28 44 .00 —

SAM-based score 1 2 3 4 5 6
1. Self — 21 23 23 .30 .65
2. Direct report 21 — 27 37 .69 .64
3. Boss 22 .26 — .37 .79 72
4. Peer 24 37 .36 — 75 .69
5. All non-self-raters .30 .69 .79 74 — 92
6. All raters .65 .63 72 .69 92 —

Note. Correlations above the diagonal in each matrix are from the normative sample, and those below
the diagonal are from the cross-validation sample. Nyormative = 0,993; Neross-validation = 6,874. Correlations
> 1.03] are significant at p < .05. LAM = Latent Approximation Method; SAM = Standard Averaging
Method.

participant’s Decisiveness competency. The correlations with the estimated Trait/Arena scores are all
positive and somewhat higher, ranging from .05 to .44. Across all LAM scores, the average correlation is
low, at .04. As shown in the Supplemental Tables S1a, S7a, and S13a, similar findings emerge for three
additional competencies—Compassion and Sensitivity, Being a Quick Study, and Respect for
Differences.

Comparing LAM Scores to SAM Scores (Normative Sample)

An important question is whether the LAM scores provide information that differs from SAM scores.
In applied assessment contexts, assessors usually rely on SAM-based scoring—that is, calculating
several simple sums or average for a given construct. For example, a “Self-rated Decisiveness” mean
score is calculated by averaging a leader’s responses to the three Decisiveness items. Similar averages
or sums are often calculated and reported for ratings from Direct Reports, Bosses, Peers, and All Other
Raters (i.e., all raters excluding self-ratings). Using the same approach, we calculated SAM scores for
participants in the normative sample.

Values above the diagonal in Table 2 are correlations among SAM scores. These correlations are
strong as compared to those among the LAM scores. Correlations among SAM scores are positive,
ranging from .21 to .92 (mean r = .52, as compared to mean r = .04 for LAM scores in 2a). The difference
between the two sets of correlations reveals that the TRI/LARI model produces scores from which
common variance has been substantially removed. That is, LAM scores may reflect more directly what is
unique to each rater perspective, whereas SAM scores may confound what is unique and what is common
across perspectives. Again, similar findings emerge for other competencies, as shown in Supplemental
Tables S1b, S6b, and S13b.

Despite the de-confounding achieved via LAM procedures, LAM scores convey information highly
similar to that provided by SAM-based scores. Table 3 presents correlations between the LAM-based and
SAM-based scores, revealing substantial correlations between conceptually similar scores (p < .05 for all
correlations > 1.03l). For example, LAM-based self-rated Decisiveness scores are correlated at r = 95
with SAM-based self-rated Decisiveness items. Similar findings emerge for each rater group (Direct
Reports, etc.). Interestingly, an exception to this is the relatively low correlation (r = .20) between the
TRI/LARI Reputation score and the “All Other Rater” average. These patterns of overlap generally
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Table 3
Correlations Between LAM-Based Scores and Standard Averaging Method-Based Scores

SAM-based score

LAM-based score Self Direct report Boss Peer All non-self-rater All rater

Normative sample

Self .95 .01 .03 -.03 .01 40
Direct report .00 90 —-.02 .02 .36 .29
Boss .03 -.02 .90 .01 A48 40
Peer -.05 .02 .02 .86 .36 27
Reputation .03 18 .10 .19 .20 17
Trait/Arena A7 .65 .66 .82 .94 95
Cross-validation sample
Self .95 .01 .02 -.01 .01 40
Direct report .00 90 -.02 .01 .35 .28
Boss .02 -.02 91 .01 49 40
Peer -.03 .02 .01 .86 35 27
Reputation .01 15 .08 15 .16 13
Trait/Arena 48 .65 .65 .82 94 95

Note.  Nyormative = 0,993 Neross-vatidation = 0,874. Correlations > 1.03] are significant at p < .05. LAM = Latent
Approximation Method.

emerged with other competencies as well (see Supplemental Tables S2, S8, and S14). However,
Reputation scores overlap more strongly with the “All Other Rater” average (r = .66—.81) for the other
competences than for Decisiveness, though still more weakly than the other LAM scores.

Predicting Leader Performance and Derailment (Normative Sample)

A LAM-based scoring method for 360 assessments is most likely to be integrated into both research
and applied assessment if it provides valuable insights beyond those provided by SAM-based scoring
methods. To examine this, we compared the two scoring methods’ ability to predict job performance
and derailment.

As noted earlier, each participant’s performance and derailment were rated by direct reports, peers,
and bosses. For each criterion variable (i.e., performance and derailment), ratings were positively
correlated across rater groups (e.g., performance: r between direct reports and peers = .37, r between
direct reports and bosses = .29, r between bosses and peers = .41). We thus aggregated to obtain a
general performance criterion variable and a derailment criterion.

Both the LAM and SAM sets of scores are correlated with performance (as shown in Table 4);
however, the pattern of associations differs across sets. The LAM-based score correlations range from
—.12 to .58, with average absolute value of .27 and standard deviation of .21 (note that all correlations
are significant at p < .05, due to the large sample size, N = 6,993). In contrast, the SAM-based scores
are more strongly but uniformly correlated with performance, ranging from .07 to .62, with an average
absolute value of .44 and standard deviation of .17. The difference is consistent with the fact that LAM
scores are less confounded with each other (in terms of what is unique and common to each score).
Thus, each LAM score is less strongly correlated with the criterion than a conceptually similar
averaged score; however, each SAM-based score may provide little information that is uniquely useful
(as differentiated from other averaged scores).

Evaluating the overall predictive power of each set of scores and the unique predictive information
of each score, we examined a series of regression models. In the first model, we evaluated the
predictive power of the LAM-based scores by entering the six LAM scores as predictors of the
performance criterion. As show in Table 4’s “Model 1” column, the LAM-based scores explained 43%
of the variance in performance (p < .05). Although all individual predictors were statistically
significant (again, with N = 6,993), the strongest were the direct reports, peers, bosses, and Trait/Arena
scores. This indicates that Decisiveness ratings from each group of raters (i.e., direct reports) provided
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Table 4
Associations Between Decisiveness Scores and Performance Criterion: Correlations and Regression

Normative sample Cross-validation sample
Standardized weights from Standardized weights from
regression model regression model
Decisiveness score  r with perf. 1 2 3 r with perf. 1 2 3
TRI/LARI
Self -.12 —.04 -93 —.12 -.04 -.74
Direct reports 31 37 —-16N8 29 38 08NS
Boss 24 32 -41 24 33 —. 19N
Peer 30 34 -.40 30 36 03"
Reputation .07 —.06 —-42 .06 —.04 -.24
Trait/Arena .58 24 -2.83 .56 21 -1.57
Averaged
Self .07 —.13 1.28 .07 -.11 .94
Direct reports A48 32 1.18 A7 .33 .65
Boss 44 27 1.45 43 21 93
Peer 49 .30 1.98 A48 32 .98
All non-self .62 .61
All .53 51
R 43 Al 43 42 40 42

Note. Npormative = 0,993; Niross-validation = 0,874. Correlations > 1.03| are significant at p < .05.

perf. = performance; TRI = Trait, Reputation, Identity model; LARI = Leadership Arena—Reputation—
Identity model; NS = not statistically significant.

predictive insights about performance. At the same time, shared perceptions of Decisiveness across all
raters (including self) also provided significant predictive information.

In a second model, we evaluated the predictive power of SAM-based scores by using four SAM
scores—self-ratings, direct report ratings, boss ratings, and peer ratings—to predict performance. All
six SAM scores cannot be entered simultaneously, because the “All Other Rater” average and “All
Raters” average are entirely multivariately redundant with the other four scores. As shown in Table 4’s
“Model 2” column, the SAM scores explained 41% of the variance in performance (p < .05), slightly
less than (by 2%) the variance explained by the LAM-based scores. Again, all individual predictors
were statistically significant. However, this model does not clearly reflect or distinguish both the
predictive insights that are unique to each rater group and insight that is common across rater groups
(because the “All Other Raters” score and the “All Raters” scores cannot be included in the same model
as the specific rater group scores).

In a final model, we evaluated whether the LAM-based scores provided predictive information
beyond that provided by the SAM-based scores. In this model (Model 3), we added the six LAM-based
scores to the four SAM-based scores as predictors of the performance criterion. This additional set of
predictors increased R* from .41 to .43 (change in R* p < .05), suggesting that the LAM-based scores
provide a significant but small amount of predictive information beyond that provided by SAM-based
scores.”

As shown in Supplemental Tables S3, S9, and S15, similar findings emerged for other competencies.
Specifically, when predicting performance ratings, LAM scores provide R* increments of .06 (over
SAM scores) for Compassion and Sensitivity, .01 for Quick Study, and .01 for Respect for Differences
(all p < .05). One difference between Decisiveness and other competencies was that Reputation LAM
scores predicted performance more strongly for the other competencies (r = .29-.55) than for

“ Note, the regression weights in this model are available in Table 4 but are not of primary concern, as we would
not anticipate entering all 10 predictors into a single model, in practice. Our focus in Model 3 is on the proportions of
variance explained by the two sets, rather than the value of individual predictors.
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Decisiveness (r = .07). This is likely because (as noted earlier) Reputation scoring weights were
stronger for the other competencies than for Decisiveness; thus, Reputation scores reflect more
meaningful variance for the other competencies.

To evaluate replicability across criteria, we conducted similar analyses predicting derailment (see
Table 5). Results were generally consistent with those obtained for performance. As compared to SAM
scores, LAM scores were less strongly but also less uniformly correlated with derailment. In addition,
LAM scores, as a set, added incremental predictive utility beyond SAM scores. Several noteworthy
differences appeared as well. First, LAM-based Reputation scores appear more strongly predictive of
derailment than of performance. Second, LAM-based Trait/Arena scores appear more weakly related
to derailment than to performance. Third, the incremental predictive utility of LAM scores was greater
for derailment (approximately 5%) than for performance (2%).

Cross-Validation and Replication

For practitioners wishing to use LAM-based scores (based on the TRI/LARI model) in an applied
context, the normative sample’s factor scoring weights (Table 1) can be applied to responses for
individual leaders. Ideally, the LAM-based scoring weights derived from the normative sample should
generalize to new individuals seeking leadership coaching and development. Our next goal is to
evaluate this generalizability—how do the LAM-based scoring weights function in a sample of
completely new participants?

We now turn to the cross-validation subsample of participants (N = 6,874) who had complete ratings
on the three Decisiveness items as rated by each of the four rater groups (i.e., for a total of 12 ratings per
leader). When working with individual clients, practitioners may not be in a position to fit TRI/LARI
models to a large database and extract LAM-based factor score estimates for an individual leader. Rather
they would compute individuals’ LAM-based scores by using existing factor scoring weights and applying
those weights to the ratings of that individual. We approached the cross-validation sample in this way.

We first mean-centered the cross-validation participants’ Decisiveness ratings, by subtracting each
raw rating from the normative means in Table 1. We then weighted and summed those mean-centered

Table 5
Associations Between Decisiveness Scores and Derailment Criterion: Correlations and Regression
Normative sample Cross-validation sample
Standardized weights from Standardized weights from
regression model regression model
Decisiveness score  r with derail 1 2 3 r with derail 1 2 3
TRI/LARI
Self 16 .00NS 1.08 16 01N 88
Direct reports -26 - 45 01N —-28 —.48 — 11N
Boss -.23 —-42 22 -.25 —45 A9
Peer -31 -.50 43 -.29 -.50 1288
Reputation -.20 -.05 35 -.18 -.04 .26
Trait/Arena —.44 03" 3.42 —.44 .05 2.66
Averaged
Self .02 19 —1.52 .01 19 -1.24
Direct reports —.40 -27 -1.15 —.41 -.28 —.89
Boss =37 -24 -1.37 -.38 -25 -122
Peer —-43 -29 -2.38 -4l -27 -1.67
All non-self -.53 -.53
All —41 —-42
R 36 32 37 37 32 38

Note.  Nuormative = 0,993; Neross-validation = 0,874. Correlations > 1.03] are significant at p < .05. TRI = Trait,
Reputation, Identity model; LARI = Leadership Arena—Reputation—Identity model; NS = not statistically
significant.
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scores using the factor scoring weights from the normative sample (again from Table 1). For example, we
obtained an estimate of the LAM-based Self/Identity score for the first participant in the cross-validation
sample as shown in Table 6. This participant has “raw” ratings ranging from 3.67 to 5.0 across the three
Decisiveness items and across four rater groups. Using the normative sample means (see Table 1), this
participant’s item ratings were mean-centered (e.g., 4.000 — 3.617 = .383, for Self-rating of Item 1).
These centered ratings were then weighted by the relevant factor scoring weights as derived from the
normative sample (again, see Table 1 for the Self/Identity factor weights and the weights for all other
factors). For example, the centered self-rating on the first item was multiplied by the scoring weight for
that item on the LAM-based Self/Identity factor to produce a weighted rating — .383 X .248 = .095.
These weighted ratings are summed across the 12 ratings to produce the participant’s estimated score on
the Self/Identity factor: Self/Identity, = 2 w,C ip = -115.

We examined correlations among the LAM-based Decisiveness scores for the six factors (below
the diagonal in Table 2), correlations among SAM-based scores (below Table 2’s diagonal), and
correlations among the sets of scores (Table 3). Across analyses, results in the cross-validation sample
were highly consistent, and often identical, with those in the normative sample. Not surprisingly, LAM
scores were relatively weakly correlated with each other (Table 2) but highly correlated with
conceptually similar SAM-based scores (Table 3).

We next examined links between Decisiveness and the criteria of performance and derailment, by
computing the same correlation and regression analyses as in the normative sample. As Tables 4 and 5
show, results are highly consistent with those in the normative sample. For example, LAM scores
accounted for 42% of the variance in performance (compared to 43% in the normative sample), which
was 2% more than was accounted for by SAM scores (it was also 2% more in the normative sample). In
sum, the correlational properties of a LAM-based scoring procedure replicated well when applying our
normative sample’s means and scoring weights to the cross-validation sample. Finally, we examined
cross-validation samples for the three additional competencies and found results very similar to those
with Decisiveness. Results are in Supplemental Tables S4-S6, S10-S12, and S16-S18.

Discussion

When working with 360 assessments, both practitioners and researchers face opportunities and
challenges. Although 360s provide opportunities for insights into leaders’ characteristics and competencies,
they also entail practical and methodological challenges. One methodological challenge involves

Table 6
Example of Calculating a LAM Score: The LAM-Based Self/ldentity Score for the First Participant in
the Cross-Validation Sample

Raw rating Norm mean Centered rating Factor scoring weight Weighted rating
Rater-item R) (M) (R-M=0C) for Self/Identity (W) Wx )
Self-il 4.000 3.617 383 .248 0.095
Self-i2 4.000 3.920 .080 261 0.021
Self-i3 4.000 4.191 —-.191 183 —-0.035
DR-il 3.667 4.067 —.401 —.042 0.017
DR-i2 4.000 4.295 —.295 —.004 0.001
DR-i3 3.667 4.357 —.691 —.046 0.032
Boss-il 4.000 3.822 178 —-.032 —0.006
Boss-i2 5.000 4.095 .905 —-.007 —0.006
Boss-i3 5.000 4.324 .676 -.034 -0.023
Peer-il 4.000 3.928 .072 —-.073 —-0.005
Peer-i2 4.429 4.143 285 —-.015 —-0.004
Peer-i3 3.857 4.275 —-417 —.068 0.028
Sum (estimated factor score): 0.115

Note. LAM = Latent Approximation Method; i = item; DR = Direct Report.
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scoring 360 assessments in a way that helps practitioners and researchers distinguish between what is
common and unique across groups of raters. Recent advances in statistically modeling 360s might be
leveraged to address this challenge and aid practitioners in their quest toward developing more elegant
solutions to assessing and enhancing leadership capabilities. Specifically, the TRI model and the
closely related LARI model have generated intense interest recently among researchers studying 360
assessments. These models can be used in a novel way to generate scores for individual leaders,
potentially offering insights not accessible with standard scoring approaches. The purpose of the
current article was to explain such a method of scoring 360s and to evaluate that method. We examined
360 ratings of four competencies, gathered from more than 16,000 leaders and nearly 150,000 raters,
representing more than 120 countries from around the world. As an empirical evaluation of the utility
of a LAM of scoring based on TRI/LARI models for multirater assessments, we empirically addressed
two primary issues.

The first was the degree to which LAM scores might provide information distinct from that
provided by simple SAM scores. Results were mixed. Although Reputation LAM scores differed
somewhat from SAM scores, LAM scores were generally very strongly correlated with conceptually
similar SAM scores (e.g., the average self-rating). This suggests that LAM scores generally provide
little information beyond that provided by individual SAM scores. This indicates limited value for
LAM scores.

The second issue was LAM scores’ predictive utility—that is, whether LAM scores add
incremental validity beyond that obtained via SAM scores. Our findings reveal that sets of LAM scores
add significant (with our large sample sizes) but small incremental value beyond sets of SAM scores.
Across all four competencies and both criterion variables, the six LAM scores together accounted for
approximately 1%—6% more of the variance in performance than did the SAM scores. Thus, as a set,
LAM scores predict at least two outcomes (i.e., performance and derailment) slightly better than SAM
scores. This pattern was consistent for all four competencies to varying degrees, and it suggests that
some (perhaps a small amount of) information may be available in a set of LAM scores that is not
available in a set of SAM scores.

Given these somewhat equivocal results, we conducted additional qualitative idiographic
comparisons of individual leaders’ Decisiveness LAM and SAM scores. We attempted to identify
meaningful patterns of divergence between the sets of scores at the level of individual leaders (i.e.,
gauging LAM scores’ utility in a leadership development consulting context). We surmised that areas
of divergence—if they can be explained and reproduced—could potentially highlight LAM scores’
unique value tied to its ability to decompose unique from common variances. This insight could be
used by practitioners and researchers alike to gain a better understanding of the relationships among
averaged rater group scores across rater groups. Based on the relatively low correlation between
Reputation (LAM) and All Informants (SAM) scores, we sorted the 6,000 leaders in the normative
sample based on Reputation scores. We then compared the 20 leaders with the highest Reputation
scores to the 20 with the lowest, attempting to determine whether this helped reveal any differences
between LAM and SAM scores that were clear, meaningful, systematic, and potentially useful in a
coaching context. Overall, the patterns of LAM and SAM scores were largely similar and consistent
with our previous findings. In sum, our quantitative analyses, our qualitative examination, and our
experience with leadership development consulting point to the conclusion that a LAM-based scoring
procedure likely offers little applied advantage over more familiar SAM-based procedures. That said,
our study raises questions with potential implications for leadership development and research.

Implications for Leadership Development

Although scores based on TRI/LARI models might offer little advantage over simpler (and more
intuitive) SAM scores, TRI/LARI models may still hold value for consulting psychologists working in
leadership development. We see at least three areas of potential value that deserve further attention.
First, TRI/LARI models have been used to partition variance in leadership characteristics, in terms of
variance attributable to the Trait/Arena factor, to the Identity factor, and so forth. To our knowledge,
such decompositions have not yet been considered in the context of consulting. It is worth exploring
whether information from such decompositions can be used in a consulting context.
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Second, our study revealed that the Reputation (LAM) factor might differ from the other LAM
factors, in terms of its relatively nonredundancy (i.e., somewhat lower correlation) with a corresponding
SAM concept. The redundancy of Reputation LAM scores (with the “All Other Rater” SAM score)
varied considerably across competencies, as did their association with criterion variables. This variation
makes it difficult to draw general conclusions about the robustness, meaning, and utility of Reputation
LAM scores. However, results indicate that Reputation LAM scores might provide somewhat novel
information to consultants working in leadership development, even if no other LAM scores do. Future
research can build on the insight provided by our findings to explore both the practical meaning of the
Reputation factor and its potential use in a consulting context. For example, given that the Reputation
factor is defined as residual variance unique to the rater sources that arises both (a) from errors in raters’
perceptions (e.g., stereotypes) and (b) from information relevant to the leadership dimensions
unavailable to the self (e.g., subtle facial or nonverbal responses that arise during meetings; McAbee &
Connelly, 2016), how might this change as a function of time and as familiarity of the leader is
enhanced? One might presume that as individuals within each rater group become increasingly
familiar with a leader, the error in their perceptions as well as how they interpret the leader’s nonverbal
expressions might shift toward the leader’s self-reported view of herself. Hence, familiarity could hold
important implications in coaching contexts.

A third potential value of TRI/LARI models in leadership development is the creation and
psychometric evaluation of new 360 assessments. For example, some assessment items might function
quite differently when rated by a leader’s subordinates than by other raters (e.g., bosses, peers). If so,
then those items might need to be reevaluated, reweighted, reinterpreted, or even removed when
designing or validating a 360 assessment. Such insights may become apparent only when the
subordinates’ ratings are modeled alongside ratings from those other raters, and TRI/LARI models
provide a coherent, efficient, and informative method of doing so.

Research Implications

Although a LAM-based scoring procedure may offer little advantage over the more familiar SAM-based
procedures, we believe TRI/LARI models continue to offer value to researchers. Indeed, we firmly believe
that such models may be leveraged in valuable ways, including (a) decomposing variances in ratings
attributable to different rater groups and (b) using 360 assessment ratings in a predictive context via a latent
variable modeling framework. With respect to the first, one direction for research is to better understand
how differences in variances emerge from (and thus reflect) fundamental issues of rater agreement or
disagreement within and across raters. In other words, in what ways do the percentages of variance in
ratings (from each rater group) relate to the amount of agreement between self and peers, or between
different peers (but not the self), etc. Regarding the second, our current analysis is based on factor scores
estimated (via the regression method) on the basis of parameters obtained from a fitted TRI/LARI model.
It is possible that TRI/LARI factor information functions differently, in terms of associations with
important outcomes, when all information and associations are derived within a single structural model.

The current work is the first to evaluate whether predictive information obtained from LAM
scores differs from that obtained via standard SAM scores, and it reveals minimal differences.
However, future research can explore this in greater depth, in at least two ways. First, does it depend
on the specific competency or criterion? We examined two criteria (performance and derailment) and
four competencies (Decisiveness, Compassion and Sensitivity, Quick Study, and Respect for
Differences). While these competencies were selected based on the fact that competencies differ in
their observability—especially to different rater groups—they may differ on other characteristics.
Moreover, the degree to which these competencies are expressed (and ultimately observed) may
depend on leaders’ personality or evaluativeness of a given competency. For example, Compassion
and Sensitivity may manifest more readily—across rater groups—for extraverted leaders than introverted
leaders. The extent to which we can better understand the dynamics among competencies, leader
personality, and ratings provided by different rater groups may help advance research surrounding
360 assessments. The same kind of dynamic likely exists for criterion variables. Are there other
criteria—other than performance or derailment—that can enhance our understanding of the various
factors that influence ratings?
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Second, as noted earlier, our study indicated that the TRI/LARI Reputation factor might be
more distinct from SAM scores than are the other TRI/LARI factors. Are there systematic reasons
behind this, under what conditions is there meaningful variability in the Reputation factor, and what
does that variability represent in a practical psychological sense? Our current efforts were based
on inductive reasoning—that is, based on data. It may be worth taking a more deductive approach
by stepping back and asking why the Reputation factor might capture variance distinct from SAM
scores.

Limitations, Constraints on Generalizability, and Future Directions

Representing more than 120 countries from across the world, our sample was large and diverse in many
ways. Along with the replication of the results across two randomly generated subsamples, this provides
confidence in the generalizability of our findings. For reasons related to General Data Protection
Regulations, demographic questions were optional; a large portion (42%) of the participants shared no
information about their backgrounds. Of the data that were available, most (69%) participants were from
the United States. Thus, our results may reflect that culture most strongly. However, it should be noted
that CCL’s Benchmarks for Managers data set (one tied to the present study’s analyses) was thoroughly
examined for item equivalence using a two-step procedure. First, translation comparisons (U.S. English,
U.K. English, French Canada, French Europe, Dutch, German, Spanish, and Spanish Americas) were
made to eliminate items that showed bias or favoritism toward one group over another. Second, item
response theory-based differential functioning of items and tests framework (Raju et al., 1995) was used
to identify and either revise or remove a total of 13 items (2.2%) from the item pool (Braddy, 2007). That
said, for a thorough investigation into potential variability and viability of a TRI/LARI-based scoring
method across cultures, future research may consider replicating our study with a more complete set of
demographic data or utilize culture-specific data with results that can be compared and contrasted with
our present study.

In this study, we focused on four diverse competencies and two criteria (performance and
derailment); however, the utility of TRI/LARI-based scores might vary from one construct to another,
based upon factors such as observability and desirability (Vazire, 2010). Future research should
evaluate such possibilities by evaluating the utility of the TRI/LARI-based scoring of multirater
assessments across an even wider range of constructs and criteria.

Lastly, in our data, information for the criterion variables was obtained from (some of) the same
individuals who provided ratings of four separate competencies. That is, the direct reports, peers, and
bosses provided both the ratings of the participants’ perception of those four competencies and ratings
of performance (and derailment). This raises two potential concerns. First, it may inflate the apparent
predictive power of a given competency as reported by direct reports, peers, and bosses. When using
ratings of single competencies to predict performance and derailment, effects were strong (e.g., R* > .40
for Decisiveness). These effects would likely be smaller for different types of criterion variables. Second,
the fact that the criterion variables were based on peers’, bosses’, and direct reports’ ratings might
underrepresent the ability of self-rated competencies to predict outcomes, at least in comparison to those
other sources of ratings. That said, the purpose of the present study was not to evaluate the predictive
power of specific competencies in general, but rather to compare two scoring procedures—LAM versus
SAM. Although the current assessment of each of the four competencies (e.g., Decisiveness) as predictive
of performance may have biased findings toward certain predictors (i.e., those based on Peers, Direct
Reports, or Bosses), it would not systematically bias findings in comparing the two scoring procedures.
Nonetheless, future research should evaluate different criterion variables (e.g., more objective criteria such
as promotion or firing).

Conclusions

Three-sixty assessments and related feedback play a central role in leadership development efforts.
They provide leaders with valuable perspectives held by multiple rater groups, perspectives that can
reveal information that leaders already know as well as those that they do not (i.e., blind spots).
Applying a recently introduced methodology designed to disentangle shared perspectives from those
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uniquely held by rater groups, the present study evaluated an alternative to the traditional method of
scoring 360 assessments.

Our findings cast doubt on the value of LAM scores above and beyond what can be obtained
through more traditional SAM scoring methods. While we found slight divergence in LAM and SAM
scores, the sets of scores, for the most part, were highly similar to one another as indicated by their high
correlations. This finding is important, given the growing attention and enthusiastic embrace that the
TRI/LARI methodology has enjoyed. Current enthusiasm, notwithstanding, our results indicate that
the sophistication of TRI/LARI models may not accrue to great benefit when scoring 360 assessments.
Just as a 1970 Volkswagen Beetle can take a passenger from Point A to Point B in about as much time
as that would be taken by a 2024 Tesla Model S, the more sophisticated method may not necessarily be
superior to the traditional, tried-and-true method, at least when it comes to scoring and interpreting 360
assessments.

At the same time, our findings offer promising directions for future research and point to ways in
which insights drawn from 360 assessments and the resulting feedback related to development can
potentially be enriched through the use of TRI/LARI models. We hope this work encourages
researchers to consider ways in which this novel scoring method can be used—both in and outside of
leadership development—to further advance psychological measurement in both research and applied
contexts.
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