PERSONNEL PSYCHOLOGY
1998,51

TRAIT, RATER AND LEVEL EFFECTS IN 360-DEGREE
PERFORMANCE RATINGS
MICHAEL K. MOUNT, TIMOTHY A. JUDGE, STEVEN E. SCULLEN
University of Iowa
MARCIA R. SYTSMA, SARAH A. HEZLETT
Personnel Decisions International, Inc.

Method and trait effects in multitrait-multirater (MTMR) data were
examined in a sample of 2,350 managers who participated in a developmental feedback program. Managers rated their own performance
and were also rated by two subordinates, two peers, and two bosses.
The primary purpose of the study was to determine whether method effects are associated with the level of the rater (boss, peer, subordinate,
self) or with each individual rater, or both. Previous research which
has tacitly assumed that method effects are associated with the level
of the rater has included only one rater from each level; consequently,
method effects due to the rater's level may have been confounded with
those due to the individual rater. Based on confirmatory factor analysis, the present results revealed that of the five models tested, the best
fit was the 10-factor model which hypothesized 7 method factors (one
for each individual rater) and 3 trait factors. These results suggest that
method variance in MTMR data is more strongly associated with individual raters than with the rater's level. Implications for research and
practice pertaining to multirater feedback programs are discussed.

Multirater or 360-degree feedback systems are characterized by the
evaluation of an individual's performance by multiple raters from multiple levels. Although procedures vary, typically the individual is rated by
others who interact frequently with the individual, who are knowledgeable about the individual's performance, and whose opinions are valued
by the individual. The most common procedure is to include peers, subordinates, and bosses (in addition to self-ratings), but raters outside the
organization, such as customers or suppliers, may also be included.
Multirater feedback programs differ from traditional appraisal programs in several ways. Aside fi-om the use of multiple raters, multirater
systems are used most frequently to enhance personal development and
growth, rather than to help with salary administration, promotions, or
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other administrative decisions. Further, ratings provided in multirater
systems are made anonymously (with the exception of the immediate
supervisor) and are not accompanied by face to face discussion. Such
conditions are believed to increase the likelihood that raters will provide ratings that will be more honest and, therefore, more beneficial to
the ratee.
Multirater feedback systems are believed to' have a number of advantages over traditional appraisal systems (Hazucha, Hezlett, & Schneider,
1993; London & Beatty, 1993; London & Smither, 1995; Tornow, 1993).
One is that because job performance is multidimensional, raters other
than the immediate supervisor may be better suited to evaluating certain
aspects of performance. Another is that even if raters have the same opportunity to observe performance, they may perceive and evaluate it differently. Generally speaking, multirater feedback systems are assumed
to provide job relevant information to ratees that would otherwise not
be available.
Most previous research in this area has examined the psychometric
characteristics of ratings provided by raters from different levels (e.g.,
self, peer, subordinate, boss). Comparisons have focused on the degree
of halo (e.g.. Cooper, 1981; Lance & Woehr, 1986; Murphy & Anhalt,
1992) and interrater agreement between and—to a lesser extent—^within
levels (e.g., Harris & Schaubroeck, 1988; Viswesvaran, Ones, & Schmidt,
1996). One popular way to study the influence of traits and methods on performance ratings is the multitrait-multimethod (MTMM) or
multitrait-multirater matrix (MTMR). The typical MTMR study examines ratees who have been rated by a single rater from each of several levels (bosses, peers, subordinates, self). Method effects reported in those
studies have been tacitly assumed to emanate from differences in the
raters' levels (i.e., bosses rate differently than peers, who rate differently
than subordinates, etc.; e.g., Conway, 1996). However, another explanation for these method effects, as yet unexplored, also exists. They may
simply reflect the fact that each rater is a different individual; that is,
it is the idiosyncratic rating tendencies of individual raters rather than
differences in the raters' levels that produce the observed method effects. When there is only one rater per level, as has been tbe case in
most previous studies, the method effects (if any) that are associated with
the rater's level are confounded with those due to the rater. Although
this problem has been recognized by other researchers (e.g., Klimoski
& London, 1974), to our knowledge it has not been empirically investigated. Therefore, the major purpose of this study is to examine the
extent to wbich metbod effects in multirater data are associated with tbe
level of the rater (self, peer, self, boss) or witb eacb individual rater, or
both.
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Previous Research Findings

Correlations between ratings from different levels show that peers
and bosses generally exhibit greater agreement with each other than with
self-ratings. Harris and Schaubroeck (1988) found corrected correlations of .64 between peers and bosses, correlations of .27 for self- and
boss ratings and .31 for self- and peer ratings. However, little research
has examined correlations between subordinates' and others' ratings.
The evidence available indicates that subordinates' ratings correlate
more highly with bosses' and peers' than they do with self-ratings (e.g.,
Atwater & Yammarino, 1992; Furnham & Stringfield, 1994; McEvoy &
Beatty, 1989; Mount, 1984; Schmitt, Noe, & Gottschalk, 1986; Wohlers,
Hall, & London, 1993).
Correlations between ratings from the same level indicate that interrater agreement between bosses is somewhat higher than between peers.
Viswesvaran, Ones, and Schmidt (1996) conducted a meta-analysis of
published studies and reported interrater reliabilities for bosses of .52
for overall performance and .45 to .63 for dimensions of performance.
These are very similar to values reported by Rothstein (1990) of .48 for
duty ratings and .52 for ability ratings based on bosses' ratings of approximately 10,000 first-line supervisors. For peer ratings Viswesvaran et al.
reported interrater reliabiiities of .42 for overall performance and .34.71 for dimensions of performance. Evidence is sparse regarding interrater reliabilities for subordinate ratings. Tsui and Ohlott (1988) found
interrater reliability to be .26 and Tsui (1983) found the median reliability across dimensions to be .16. Mount (1984) reported intraclass correlations for subordinate ratings of different dimensions of managers'
performance ranging from .15 to .28. The finding that the magnitude
of within-source agreement does not differ much. The magnitude of
between-source agreement suggests that individual raters are an important factor in explaining rating variance.
Studies that have examined performance rating data using multitrait-multimethod matrices (MTMM) or multitrait-multirater (MTMR)
matrices usually focus on the proportion of variance in performance ratings that is attributable to traits and that which is attributable to methods or raters. Trait variance is evidenced when the correlation between
different methods (raters) assessing the same trait is high (convergent
validity). Evidence of method variance or halo is present when the correlation between ratings of different traits made by the same method or
rater is high. In most MTMM contexts, it is desirable to have a high
proportion of trait variance and a low proportion of method variance.
The predominance of trait variance over method variance suggests that
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the different methods are measuring the same construct. However, results of recent analysis of 20 MTMR matrices from both published and
unpublished studies revealed that the opposite relationship is generally
observed. That is, the proportion of method variance is high relative to
the proportion of trait variance (Conway, 1996).
High method variance indicates that ratings are strongly associated
with the method (i.e., rater or rating level) from which the ratings were
generated. There are at least two potential causes of high method variance in MTMR studies. One is halo, which occurs when the rater's ratings are heavily influenced by an overall evaluation of the ratee. Over
50 years of research in industrial and organizational psychology indicates
that halo is one of the largest sources of measurement error in performance ratings. Another potential cause of strong method effects is that
the construct(s) measured by boss, peer, subordinate, and self-ratings
are not identical. That is, raters from different levels observe different
aspects of performance and may also use different standards when judging performance.
Models to be Tested

Based on the literature reviewed above we tested five models that
hypothesize different factor structures of rating methods (raters) and
traits (managerial skills) that account for variance in performance ratings. Our data consisted of a set of seven ratings completed for each
manager ratee: self-ratings and ratings made by two peers, two subordinates, and two bosses. Each model hypothesizes differing configurations
of trait (managerial skills) and method factors. With respect to method
factors, we distinguish between those associated with the level of the
rater and those associated with the individual rater. The first model,
the 3-factor model, is a trait-only model and hypothesizes that covariation in performance ratings is associated only with traits of the manager
ratee and not with the rating method. The next two models hypothesize seven factors. The first hypothesizes that there are seven method
factors (two bosses, two peers, two subordinates, and self) and no trait
factors. This model posits that covariation in ratings is associated with
individual raters and is not associated with the traits of the ratees. The
second 7-factor model hypothesizes that there are four method factors
(one for each level) and three trait factors. This model hypothesizes that
covariation in ratings can be explained by the traits of the ratees and the
levels of the raters. The 9-factor model hypothesizes that there are six
method factors (one for each rater, except that bosses are combined into
a single factor) and three trait factors. Hypothesizing a single factor for
bosses is plausible for several reasons. Bosses receive training on and
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have experience with observing, documenting, and rating performance,
whereas other raters may not. They also may have held the subordinate
manager's job in the past and, therefore, share a common frame of reference regarding the responsibilities of the job. Further, managers are
held accountable for appraising the performance of others and, therefore, are more uniformly motivated in the rating process. The results of
the Viswesvaran et al. (1996) meta-analysis, which showed higher interrater reliabilities for bosses than peers, suggests that this model is plausible. The 10-factor model hypothesizes that there are seven method
factors, one for each individual rating perspective—two peers, two subordinates, two bosses, and self—and three trait factors. With respect to
method effects, this model posits that covariation in ratings is associated
with individual raters rather than with the four rating levels. This model
differs from the first 7-factor model in that it hypothesizes three trait
factors in addition to the seven method factors. The nature of the three
hypothesized trait factors is discussed below.
Method
Participants

The population consisted of 2,350 managers who completed the Management Skills Profile (MSP) developed by Personnel Decisions International, Inc. (Sevy, Olson, McGuire, Frazier, & Paajanen, 1985). Managers' participation in the program was voluntary and results were used
for personal and professional development. A set of seven ratings was
available for each manager ratee: self-ratings and ratings made by two
bosses, two peers, and two subordinates.
Managers represented essentially all functional areas and levels of
management in several industry groups (manufacturing, banking, government, sales, health care, and non-profit). Most were White (87%),
male (74%), and college graduates (76%). The mean age was 42 years.
The two bosses, two peers, and two subordinates completed the same instrument as the one used for self-evaluations (with only minor variations
in the demographic characteristics section).
Instrument
The MSP consists of 116 items depicting 18 dimensions of managerial
behavior. Raters indicate how well the item describes observed behaviors of the ratee using a 5-point Likert scale ranging from 1 {not at all)
to 5 {to a very great extent). There is also a "Does not apply" option.
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Items are grouped into 18 performance dimensions, with 4 to 10 items
per dimension.
Previous research investigating ratings of managers' performance
has been hindered because researchers have not used a classification
scheme to organize the numerous dimensions of managers' performance.
Consequently, we used the framework of management performance dimension proposed by Mann (1965). This framework has been recommended by other researchers (e.g., Yukl & Van Fleet, 1990) as a useful
scheme for classifying dimensions of managers' performance. It consists
of three competence categories—administrative (e.g., planning, organizing, assigning to tasks), human relations (working with and through
people to accomplish objectives), and technical competence (knowledge
of relevant methods and techniques). In the present study, five trained
raters assigned the 18 performance dimensions from the MSP to one
of the three categories in Mann's taxonomy. A dimension was retained
if at least four of the five (80%) raters agreed on the category assignment. Results indicated that for 12 of the 18 dimensions there was
100% agreement on the category assignment; for four of the dimensions
there was 80% agreement; and, for two of the dimensions. Coaching
and Leadership, there was relatively little agreement and, consequently,
both were excluded from further analysis. The three categories and corresponding MSP skill areas are: Administrative: Planning, Organizing,
Personal Organization and Time Management, Informing, Delegation;
Human Relations: Conflict Management, Listening, Motivating Others, Human Relations, Personal Adaptability; Technical Skills and Motivation: Problem Analysis, Oral Communication, Written Communication, Personal Motivation, Financial and Quantitative, Occupational
and Technical Knowledge. The dependent measures in the study were
scores obtained for each of the seven raters on each of the three skill
areas (Administrative, Human Relations, and Technical Skills) by averaging the scores on the relevant MSP scales.
Confirmatory Factor Analysis
Confirmatory factor analysis (CFA), conducted in the present study
using LISREL 8 (Joreskog & Sorbom, 1993), presents two distinct advantages. First, in principle CFA is ideally suited for investigating multitrait-multimethod matrices (Lance, Teachout, & Donnelly, 1992; Widaman, 1985). The CFA model assumes that each variable contains method
variance, trait variance, and unique variance (Conway, 1996). This allows determination of the degree to which methods (raters or levels in
this study) and traits (skills in this study) account for covariation among
the measures. Second, CFA allows comparison of alternative factor
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Structures that might explain the data (Jbreskog, 1993). Traditionally,
decisions among alternative models are guided by nested comparisons
based on the chi-square (x^) statistic or a x^ that takes parsimony as
well as fit into account, such as Akaike's Information Criterion (AIC;
Hu & Bentler, 1995). However, due to concerns over significance testing in general (Schmidt, 1996), and the x^ statistic in particular (Bollen,
1989), some researchers are using other methods to choose among alternative models. One rule is to reject a model if the standardized fit
statistic (e.g., NFI, CFI, RFI—see below) is .01 or more lower than another model (Widaman, 1985).
An important consideration in confirmatory factor analysis is the
sample size, because the number of estimated parameters relative to
sample size is an important determinant of convergence, standard errors, and model fit (Idaszak, Bottom, & Drasgow, 1988). Although strict
guidelines for minimum sample sizes do not exist, Bentler (1985) suggested that a sample size to parameter ratio of 5 or more is sufficient to
achieve reliable estimates in maximum likelihood estimation. Because
the most complex CFA model in the present study produced a sample
size to estimated parameter ratio of 27:1, the sample size was considered adequate for the analyses.
Fit statistics are the central means through which alternative factor
structures are compared. There are numerous statistics that can be used
to describe a model's fit to the data. The most widely used measure of fit
is x^. Statistically significant x^ statistics suggest that the model does not
adequately fit the data. However, it is widely recognized that x^ depends
on the sample size and therefore even excellent fitting models will produce a significant x^ when the sample size is large (Hu & Bentler, 1995).
Other popularfitstatistics traditionally reported in the LISREL program
include the root-mean-square residual (RMR) and the goodness-of-fit
index (GFI). Although such rules are inherently subjective, values of at
most .10 for RMR and at least .90 for GFI are thought to indicate acceptable fits (Medsker, Williams, & Holahan, 1994).
A problem with RMR and GFI is that they, like x^, may depend on
the sample size. Accordingly, researchers have suggested alternative fit
statistics that depend less on the sample size and are thought to provide
better information on model fit (Marsh, Balla, & McDonald, 1988).
Four of these fit statistics were used in this study. These are the normed
fit index and non-normedfitindexes (NFI and NNFI; Bentler & Bonnett,
1980), the comparative fit index (CFI; Bentler, 1990), and the relative
fit index (RFI; Bollen, 1989). As with GFI, levels above .90 for these
statistics imply adequate fit. The fit statistics reported include the four
basic types of statistics recently reviewed by Hu and Bentler (1995).
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Results

A complete data record for a manager consisted of 812 ratings (7
raters x 116 MSP items). The length of these records increased the
likelihood that there would be missing values for managers. If listwise
deletion had been used, a manager would have been eliminated if even
one of the 812 ratings was missing. Although fewer than 5% of the data
points were missing for any single item, the cumulative effect over the
116 items was that a large number of managers would be excluded from
the study. Therefore, we deemed it necessary to replace missing values
using a mean substitution procedure. Missing values were replaced with
the appropriate mean computed for each of the 18 MSP dimensions
for each of the seven rater groups (Boss #1, Boss #2, Peer #1, and
so on) across the 2,350 managers. In order to assess the effect of the
substitution procedure, we compared a 21 x 21 correlation matrix (seven
raters times three MSP factors, described earlier) with a similar matrix
obtained using only those managers with no missing data (n = 429).
The mean differences between corresponding correlations in the two
matrices was .029. In light of such small differences, we believed that
the use of the mean substitution procedure did not alter any substantive
conclusions in the study.
Table 1 provides a correlation matrix of the three performance rating dimensions, measured from each of the seven raters. The average
different skill-different rater correlation is .18. The average same skilldifferent rater correlation is .28. The average different-skill same-rater
correlation is .75. These results suggest modest trait or skill convergence,
but strong method effects.
Sample covariances served as input into the LISREL program. Maximum likelihood was chosen as the method of estimation. The CFA
models with level or rater factors were specified such that the levels or
raters were allowed to be correlated among themselves. Similarly, models estimated with trait factors were specified in such a way that the trait
factor intercorrelations were freely estimated. For the models that contained both level/rater and trait factors, the intercorrelations between
level/rater factors and trait factors were constrained to zero. In order
to test the assumption that there were no rater by trait interactions (no
rater-trait intercorrelations), models were estimated that allowed rater
and trait factors to be intercorrelated. Although these models did yield
lower x^ statistics than models constraining these rater-trait intercorrelations to zero, their standardized fit statistics (e.g., GFI, NFI, NNFI,
CFI, RFI) were not superior to the statistics for models that constrained
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TABLE 2
Fit Statistics for Altemative Models
Model

x^

df

3-factor
27,660.04 186
TVait-only model
7-factor
6,223,08 168
Seven methods-one
for each individual
rater and no trait factors
7-factor
13,712,25 159
Four methods-one
for each level: boss,
peer, subordinate, and
self; and three skills
factors
7-factor
1,113,09 150
Six methods-one
for each rater,
except bosses combined
into one; and three
skills factors
10-factor
333,95 144
Seven methods-one
for each individual
rater and three
skills factors

RMR GFI NFI NNFI CFI RFI

,16

,50

,25

,16

,25

.16

,05

,68

,81

,77

.82

,76

,14

,67

,63

,51

,63

,51

,13

,96

,97

,96

.97

,96

,02

,99

,99

,99

,99

,99

Note: df= Degrees of freedom; RMR = Root-mean-square residual; GFI = Goodnessof-fit index; NFI = Normed fit index; NFI = Normed fit index; NNFI = Non-normed fit
index; CFI = Comparative fit index; RFI = Relative fit index; For each model, increase
in x' over 10-factor model is significant at the ,01 level,

rater-trait correlations to zero. Furthermore, most of the rater-trait intercorrelations were not significant. Accordingly, all subsequent models were estimated allowing level/rater and trait factors to be correlated
among themselves (t/j^racorrelated), but not correlated with each other
(/rt/ercorrelated).
Table 2 presents fit statistics which can be used to investigate how
well the various factor structures fit the data. The 3-factor and both 7factor models can be rejected immediately, as each provides a poor fit
to the data. These results indicate that both method and trait factors are
necessary to account for the data. Further, with the possible exception
of bosses (see below), methods that are associated only with level (boss
vs. peer vs. subordinate vs. self) do not account for the data as well as
individual rater sources. Although the 3- and 7-factor models fit the
data poorly, both the 9-factor and 10-factor models fit the data well.
Although the 10-factor model fits the data best, because both models
surpass most rules of thumb typically used in evaluating the adequacy of
a model, further comparisons between the two models are warranted.
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Although both the 9- and 10-factor models are adequate on an absolute level, several additional tests reveal that the 10-factor model fits
the data relatively better than the 9-factor model. First, because the
9-factor model is nested within the 10-factor model, the difference in
X^ between these models is itself distributed as x^- Thus, subtracting
the x^ statistics indicates if the fit of the more restricted model (in this
case, the 9-factor model) is significantly worse than the less restricted
model (in this case, the 10-factor model). In fact, the difference in y^
is significant (Ax^ = 779.41 with 6df,p < .01), indicating that the 10factor model fits the data significantly better. Second, Joreskog (1993)
suggests that, when selecting one of several a priori specified models,
the model with the lowest AIC statistic should be favored. Given the
substantially lower AIC value for the 10-factor (AIC = 472.41) than the
9-factor (AIC = 1,275.09) model, the 10-factor model is preferred under
this criterion as well. Third, the standardized fit statistics of the 9- and
10-factor model differed by .03 (see Table 2), also attesting to the superiority of the 10-factor model (Widaman, 1985). Finally, analysis of standardized residuals (Hu & Bentler, 1995; Joreskog, 1993) revealed clear
differences in the models. Inspection of the stemleaf plots indicated that
the standardized residuals for both models approximated a normal distribution. However, the Q-plot of standardized residuals revealed that
the 10-factor model closely followed a 45° line with no apparent outliers
while the standardized residuals from the 9-factor model more closely
approximated a 30° line with several outliers. Further, the average absolute standard residual for the 9-factor model was 18% higher than the
average residual for the 10-factor model (.93 vs. .79, respectively). In
summary, although both models fit the data, these comparisons indicate
that the 10-factor model provides the best fit to the data.
Given the relative superiority of the 10-factor model. Table 3 provides the factor loadings of that model. As the table indicates, the
method loadings are very strong. In fact, the average rater factor loading
is .84. Although all of the trait loadings are nonzero (confidence intervals around the loadings excluded zero), they are considerably weaker
in magnitude than the rater level loadings. The average trait loading is
.30. That the method loadings are much higher than the trait loadings is
consistent with the multitrait-multimethod results presented earlier. ^
^ In an analysis of multitrait-multimethod matrices of performance appraisal data, Conway (1996) found that correlated uniqueness models (CU; Kenny & Kashy, 1992; Marsh,
1989) often outperformed CFA models. Like CFA, CU models allow investigation of trait
and method effects. However, rather than estimating method factors, CU models allow
variables measured with common methods to have correlated errors. Because CU models
do not allow as fine-grained tests as CFA, though, we used CFA as our primary method of
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Discussion

More than 75 years ago Thorndike (1920) observed that when supervisors rated their subordinates, the correlations among performance dimensions were "higher than reality" (p. 25) and "too high and too even"
(p. 27). Research conducted since that time has further documented the
ubiquitous phenomenon of method effects in performance ratings, and
has shown that such effects represent one of the largest sources of error
in performance ratings (Cooper, 1981). However, an unanswered question in this body of research is whether such effects are associated with
raters' levels or with individual raters. Because previous MTMR studies have included only one rater for each rating perspective, they have
not been able to separate these two potential sources of method effects.
The procedures in this study, whereby two raters from each level are included, coupled with the use of CFA, allowed us to address this issue
directly.
We tested five models that hypothesized different factor structures
of rating methods and traits that account for variance in performance
ratings. The finding of central interest is that method variance in performance ratings is associated more strongly with individual raters than
with the level of the ratings. The possible exception to this is that boss
ratings may constitute a separate method factor that can be distinguished
from all other levels of ratings (as indicated by the relatively good fit of
the 9-factor model). As suggested earlier, it is plausible that bosses might
constitute a common factor because they are more likely to share a common frame of reference by virtue of their prior training and experience.
(This finding has practical implications for the way feedback is delivered in multirater feedback systems and is discussed below.) However,
as well as the 9-factor model fit the data, it did not fit as well as the 10factor model, which showed that covariation in ratings was associated
with each of the seven raters and the three traits. Research reviewed
earlier indicated that method effects in MTMM data are commonplace
analysis. This is consistent with Becker and Cote's (1994) recommendation, "... if boundary conditions are not a problem, CFA is generally preferable to alternative methods"
(p. 635). Nevertheless, because it has been suggested as an alternative to CFA models, the
CU model was estimated, (Due to space limitations, all details on model estimation are
not reported here but are available from the authors on request,) Analyzing the data using
a correlated uniqueness model provided similar conclusions to the CFA results. Specifically, the CU model that closely approximated the 10-factor CFA model (i.e., allowing both
trait and source correlated errors) fit the data well x^ = 311.05 with 138 df\ RMR = .07GFI = ,97; NFI = ,98; NNFI = .98, CFI = ,99; RFI = ,97), Furthermore, like the CFA
models, test of alternative CU models suggested the model allowing both source and trait
effects provided the best fit to the data. Thus, the CU results, like the CFA results, suggest
that both source and trait effects must be included to properly account for the covariance
structure.
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in the literature and that their magnitude is typically larger than is considered optimal (Conway, 1996). Our results are consistent with these
findings but cast doubt on the inference that is often drawn that method
effects are primarily attributable to the level of the rater (boss, peer,
subordinates, or self). Our results show that method effects due to individual raters are distinguishable from those attributable to the rater's
level, and that the former are more important than the latter.
The results also confirmed the presence of trait effects in the performance ratings. Although these findings are of secondary interest in the
study, they deserve further comment. Confirmation of the trait effects
was evidenced by the fact that the fit of the 7-factor model which posited
only method effects was dramatically improved by the inclusion of the
three trait factors (i.e., the 10-factor model which posited separate rating methods for each rater and three trait factors). This indicates that in
addition to variance accounted for by individual raters and rating level,
variance is also accounted for by managers' traits. As reported earlier,
the magnitude of the trait factors was modest compared to the method
effects. Further, it should be noted that the rejection of the 3-factor
model also indicates that covariation in ratings cannot be accounted for
solely by the traits (with no method factors). Nonetheless, the presence
of trait factors indicates that rating variance associated with the three
traits is distinguishable from rating variance associated with the individual rater and the level of the ratings.
Anonymous reviewers of this paper raised the possibility that the use
of Mann's (1965) three dimensional taxonomy constrained our ability
to derive trait effects. Although at least four of the five raters agreed
on the assignment of the MSP dimensions to Mann's three dimensions,
this provides little insight into the underlying structure of the MSP Had
a different taxonomy been used, or had the MSP scales been assigned
differently to the dimensions, then the trait effects may have accounted
for substantially more variance in the ratings.
In order to address this issue, we conducted a principal components
analysis (with varimax rotation) of the 16 MSP dimensions. It revealed a
3-factor structure which corresponded very closely to Mann's three factors. The scales that loaded most highly on each factor were identical to
those the raters had assigned to the three factors. The three factors and
the corresponding MSP dimensions and factor loadings were as follows:
Factor 1-Human Relations: Human Relations (.91), Listening (.90), Personal Adaptability (.75), Motivation (.75), and Confiict Management
(.69); Factor 2-Administrative: Personal Organization (.85), Delegation (.81), Planning (.78), Organizing (.73) Informing (.68); Factor 3Technical Skills: Occupational and Technical Knowledge (.77), Financial
and Ouantitative (.73), Personal Motivation (.64), Problem Solving (.60),
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Oral Communication (.49), Written Communication (.48). In addition,
several of the dimensions had cross loadings greater than .40 on other
MSP dimensions: Informing (.40) and Problem Solving (.49) loaded on
the Human Relations factor; Oral Communication (.44), Written Communications (.44), Problem Solving (.45) and Motivation (.40) loaded
on the Administrative factor; and Personal Adaptability (.41) loaded on
the Technical factor. The percentage variance accounted for by three
factors was 37.5,36.1 and 26.4, respectively.
These results indicate that Mann's (1965) taxonomy provides an acceptable framework for examining trait affects associated with the ratings on the MSP scales. An important implication of these findings is that
the lack of fit of the trait-only factor structure is not due to the inappropriateness of Mann's 3-factor taxonomy. One other implication of our
findings is that researchers and practitioners may find Mann's model of
managerial performance to be a useful taxonomy for investigating managers' performance.
The finding that method effects were more strongly associated with
individual raters than with the rater's level raises several issues for future
research. Although we know that there is unique variance associated
with each rater's ratings, we cannot necessarily conclude that each is accounting for unique true score variance. Thus, we cannot draw conclusions about the relative accuracy of ratings provided by different raters
or about the relative accuracy of ratings from different levels. Another
issue is whether the present results would generalize to ratees in occupations other than management (where most of the raters are themselves
managers). For example, when the raters are sales representatives it is
possible that the rater's level may become more salient, while differences
within levels are diminished. That is, if raters are external customers
rather than bosses or peers there may be a more pronounced method
effect associated with the level of the rater (e.g., customers) rather than
for individual raters as we observed in the present study.
The present results have several practical implications. At the most
basic level the results provide support for the implicit premise underlying most 360-degree systems. That is, because ratings from each rater,
regardless of level, appear to capture unique rating variance, it is important to include multiple raters in the process rather than relying on
the results of a single rater, such as the boss. Our results show that each
rater's ratings are different enough from those of other raters to constitute a separate method. The implication of this for 360-degree feedback
reports is that information should be displayed separately for each individual rater. (In order to protect the identity of raters, it is probably best
not to indicate the level associated with the ratings.) Displaying information in this way allows the ratee to examine the pattern of each rater's
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ratings across the skills to determine relative strengths and weaknesses.
For example, a finding that each of the seven raters assigned their lowest ratings to Human Relations would provide important feedback to a
ratee that this skill area is a relative weakness and should be the focus of
developmental planning. Because most 360-degree feedback programs
are used primarily for developmental purposes where the focus is on the
identification of strengths and weaknesses, information about the pattern of individual raters' ratings across traits is of critical importance.
Thus, for this important use of 360-degree feedback, our results indicate
that it is best to consider each rater's ratings separately.
Another implication of our findings pertains to the widespread practice of aggregating ratings made by raters within the same level (e.g.,
averaging all peer ratings on a skill such as Human Relations). Our results show that in most cases this practice is inappropriate. As discussed
earlier, ratings made by raters within the same level (e.g., two peers or
two subordinates) are no more similar to each other than are ratings
made by raters from different levels (e.g., a boss and a peer or a peer
and a subordinate). Ultimately, the usefulness of ratings provided to ratees depends on their construct validity. For this reason, we believe it is
inappropriate in most cases to aggregate ratings within (or across) rating
levels.
Although our results suggest that ratings of managerial performance
should not be aggregated, it is also true that disaggregated ratings are
less reliable than aggregated ratings. In the present study, when ratings
from all seven raters are averaged, the resulting reliabilities are more
than 60% higher than for any single rater's ratings. Using the SpearmanBrown formula based on seven raters (two bosses, two peers, two subordinates, and self), the reliabilities for the Human Relations, Administrative, and Technical factors are .71, .69, and .71, respectively. Thus, our
results suggest that although aggregating performance ratings reduces
the construct validity of the ratings, it would at the same time increase
the estimated reliability of the ratings.
How might one explain this paradox? A widely acknowledged axiom in personnel psychology is that reliability is a necessary, but not sufficient, condition for validity. The results of the present study clearly
illustrate this. The average of the seven raters' ratings results in a measure that is substantially more reliable than a measure based on one or
even two raters' ratings. However, the results also show that each rater's
ratings are sufficiently different from each other to be considered a separate method. In most areas of research, increases in estimated reliability result in higher construct validity; in fact, reliability bounds estimated
validity. However, one cannot therefore logically conclude that increasing reliability will always increase validity. An example of this point
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is illustrated by a recent meta-analysis of interview validity (McDaniel,
Whetzel, Schmidt, & Maurer, 1994). This study showed that panel interviews (multiple interviewers providing multiple ratings in one setting)
resulted in lower validity in predicting job performance than individual
interviews, even though McDaniel et al. noted that panel interviews are
likely to be more reliable. Our results are consistent with those of McDaniel et al.—although reliability typically improves validity, this is not
always the case. Thus, although it is true that averaging seven raters'
ratings results in a more reliable measure, it is not true that the resulting
measure is more construct valid.
One possible exception to this recommendation is our finding that
ratings made by bosses may be similar enough to constitute a common
method. This suggests that the practice of aggregating ratings made by
two or more bosses may be appropriate. The resulting measure is more
reliable than a single rating, and is also likely to be construct valid. For
example, considering data in this study, the reliability of two boss ratings
is approximately 40% higher than a single boss's ratings for each of the
three skills: .61 compared to .44 for Human Relations; .57 compared to
.40 for Administrative; .59 compared to .42 for Technical. There is also
some evidence that there are meaningful differences between the mean
level of boss ratings and that of other raters. Harris and Schaubroeck
(1988) showed that ratings made by bosses were over half a standard
deviation lower than those made by the ratees themselves. These results
support the idea of treating boss ratings as a common method.
There is one additional caveat we would like to point out regarding aggregation practices in 360-feedback reports. Even in those cases
where it is appropriate to compute means within the level of raters (as
for bosses), it is important to provide a measure of the dispersion of
the ratings. This might include reporting the actual ratings made by the
raters on the scale in order to illustrate how different individual ratings
might be, or it might include the standard deviation of raters', ratings.
Clearly, inferences drawn about the meaning of an average rating of 3.0
with a standard deviation of 1.5 (on a 5-point scale) are quite different
from those drawn from the same average with a standard deviation of
zero. Therefore, we strongly recommend that in those limited situations
where it is appropriate to average ratings, information regarding the dispersion of the ratings also be provided to facilitate interpretation of the
feedback.
When interpreting the results of this research, several issues should
be kept in mind. First, ratings in this study were made for developmental purposes only, which raises a question about the generalizability of
our results to ratings provided in the context of administrative decisions.
However, Kraiger and Ford (1985) investigated a similar question in
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their meta-analytic study, and found that rater-ratee effects were not
moderated by purpose of the ratings. In light of their findings the generalizability concerns expressed above may be minor. Another issue pertains to the conditions under which ratings were obtained in the study
and their potential effects on the subsequent ratings. Managers' participation in the study was voluntary, indicating that they were actively
seeking feedback. As in most multirater feedback systems, managers in
this study selected the peers and subordinates who rated them. We do
not know how these raters perceived the feedback-seeking behavior of
target managers in this study, nor do we know how or if the performance
of managers who participate voluntarily differs from the performance
raters who do not. Both of these issues appear to be worthwhile topics
for future research.
Despite these potential limitations, we believe there are several features of this study that enhance its contribution to the literature. The
study used a large sample of ratees who held jobs from the same job family (management) and were rated using a common instrument and for a
common purpose, thereby eliminating potential confounding for any of
these reasons. Further, managers were rated by seven raters from four
levels, two bosses, two peers, two subordinates, and self-ratings for each
ratee. This unique sample along with the use of CFA, allowed us to uncouple method effects in performance ratings that are due to individual
raters from those that due to the rating level. The major contribution of
the paper is the finding that method effects in MTMR data are associated more strongly with individual raters than with the rater's level.
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