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Jan Wieseke, Nick Lee, Amanda J. Broderick, Jeremy F. Dawson, and Rolf Van Dick
Marketing scholars are increasingly recognizing the importance of investigating phenomena at multiple
levels. However, the analyses methods that are currently dominant within marketing may not be appropriate to dealing with multilevel or nested data structures. We identify the state of contemporary multilevel
marketing research, finding that typical empirical approaches within marketing research may be less effective at explicitly taking account of multilevel data structures than those in other organizational disciplines.
A Monte Carlo simulation, based on results from a previously published marketing study, demonstrates
that different approaches to analysis of the same data can result in very different results (both in terms
of power and effect size). The implication is that marketing scholars should be cautious when analyzing
multilevel or other grouped data, and we provide a discussion and introduction to the use of hierarchical
linear modeling for this purpose.

Issues concerning levels of analysis permeate organizational
and, by association, marketing research (Klein, Dansereau,
and Hall 1994). In theoretical terms, the level of analysis in
a given study refers to the object of interest. For example, is
one trying to explain individual, group, or organizational
performance? Levels issues also extend to how one is trying
to explain that object of interest. For example, is individuallevel performance explained by an organizational-level
variable such as corporate culture, or are there any effects
of group membership on individual performance? Consideration of levels issues is also vital in data analysis terms,
and organizational research has recently seen a profusion
of studies incorporating multilevel analysis (also called
hierarchical linear modeling) techniques designed to take
account of such issues (e.g., Bliese 2000; Bliese, Chan, and
Ployhart 2007; Kozlowski and Klein 2000).
However, even though multilevel approaches are well
known and accepted in disciplines such as organizational
psychology, it will be shown subsequently that they do not
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currently occupy a similar position in marketing research,
despite some isolated uses of the techniques (e.g., Jong, de
Ruyter, and Lemmink 2004; Pieters and Wedel 2004). In
particular, the discipline lacks an integrative overview and
introduction to multilevel analysis that also illuminates
key reasons to use multilevel analysis, the likes of which
appeared in the marketing literature in the 1990s regarding
structural equation modeling (SEM) (e.g., Baumgartner and
Homburg 1996; Steenkamp and van Trijp 1991). As a result,
similar to the situation of SEM prior to the 1990s, despite
the appearance of a number of articles in the specialist,
methodological, and nonmarketing literatures, many marketing researchers may be unfamiliar with the use of key
multilevel analysis methods and their potential benefits.
Nevertheless, even though multilevel analysis is uncommon within mainstream marketing scholarship, it is clear
that central marketing questions directly involve theories
that concern different levels of analysis. For example, in
organizational marketing research, the level of theoretical
interest may be at the employee, unit/team, or firm level. In
consumer marketing research, individual consumer, product
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category, intra- or international sociobehavioral groups are
commonly considered.
Most empirical studies in marketing have to date focused
exclusively on analyzing data collected at a single level of
analysis, often due to multiple levels of data being unavailable or inaccessible. However, although it is the case that
collecting empirical data with regard to levels issues may
be more demanding, it is also clear that using only a single
level of analysis may (although not always) inadequately
account for many marketing research issues (Liao and
Chuang 2004; van Bruggen, Lilien, and Kacker 2002). In
response, scholars have recently recognized the importance
of investigating and drawing conclusions regarding the
influence of phenomena at different levels of analysis, and
increasing numbers of studies are focusing on two or more
levels (e.g., Homburg and Stock 2004; Jong, de Ruyter, and
Lemmink 2004).
To analyze multiple levels of data simultaneously, or
otherwise take levels issues into account analytically, one
needs to consider that in most cases, data sets are of a hierarchical, or nested, nature. For example, employees are
nested in work groups or under managers, those groups in
turn are nested in functions, which are nested in organizations, and so on. In such samples, the data points of multiple individuals are usually not independent. For example,
employees in the same organizational unit with the same
manager tend to be more similar to each other than they
are to employees in different units, because of factors such
as selection processes, the leadership style of the manager,
and the common history they share. Thus, the intraclass
correlation between variables measured among employees
from the same organizational unit or team will be higher
than the average correlation between variables measured on
employees from different organizational units (Hox 1995;
Raudenbush and Bryk 2002). This may cause serious difficulties in data analysis, as standard statistical tests assume
that the observations are independent. “If this assumption is
violated (and in multilevel data this is usually the case) the
estimates of the standard errors of conventional statistical
tests are much too small, and this results in many spuriously
‘significant’ results” (Hox 2002, p. 5).
Furthermore, issues concerning the hierarchical nature
of organizational data are relevant even if the researcher
has no interest in modeling multilevel relationships. More
specifically, group membership is likely to have an impact
on many key criterion variables (see Bliese and Hanges
2004). For example, variables such as performance, satisfaction, commitment, role conflict, and many others are likely
to depend in some way on the particular work group or

organization (etc.) that subjects are nested in. In such situations, where group membership may affect the constructs
of interest, ignoring the nonindependence of data points
when multiple respondents are collected from a given unit
(say, collecting multiple members of a single organization
or team) can potentially lead to misleading results in the
same way as described above for the multilevel context.
Although a limited amount of empirical research in
marketing has appeared that takes such multilevel and
hierarchical data issues into account (Pieters and Wedel
2004; van Dolen et al. 2002), this is not yet common.
Nevertheless, applying standard statistical approaches to
the analysis of multilevel, or naturally grouped, data risks
misinterpretations due to the inherent nature of multilevel
data sets detailed above (Osborne 2000). Furthermore, with
increasing calls for the aggregation of multiple responses
from groups or organizations (e.g., van Bruggen, Lilien,
and Kacker 2002), it is important to address the potential
nonindependence problems that may result from the use of
multiple responses from groups or organizations.
In this paper, we address how studies involving multiple
levels have been approached in marketing as compared with
more general organizational research, identify appropriate
methods for the analysis of cross-level effects, and provide
some information regarding the differential outcomes of
competing analytical approaches. However, although we
focus on multilevel research, our findings and assertions
are just as relevant to researchers who examine single-level
theories where respondents’ group membership is likely
to influence the dependent variables—that is, where the
nonindependence of multiple respondents from the same
group is an issue (see Bliese and Hanges 2004). We employ
a Monte Carlo simulation, inspired by a classic marketing
study, to compare the outcomes of utilizing three alternative analytical approaches to nested or hierarchical/multilevel data. Finally, we introduce alternative multilevel
approaches and outline key issues and applications of these
analytical techniques.

PREVAILING EMPIRICAL APPROACHES TO
MULTILEVEL THEORY TESTING IN MARKETING
To analyze relations between constructs of different aggregation levels, there has been an increased use of multilevel
research settings within social science, especially in the
disciplines of education and medicine (e.g., Goldstein,
Browne, and Rashbash 2002; Leeuw and Kreft 1986). This
trend is also reflected in the management and, to some
extent, marketing science literature. In order to gain an
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appreciation of the different methods that have been
employed in marketing research to analyze multilevel research questions, we performed an analysis of marketing
publications in the recent past. Following meta-analytic
procedures, a census of all empirical articles between 1998
and 2006 in the Journal of Marketing Research, Journal of
Marketing, International Journal of Research in Marketing,
Journal of Retailing, and Academy of Management Journal
that addressed topics of a multilevel nature was undertaken.
The selection of these journals was based primarily on the
marketing journal rankings of Baumgartner and Pieters
(2003) and Hult, Neese, and Bashaw (1997). Furthermore,
a key criterion was to include journals that were primarily
general in their coverage, and specifically not solely focused
on consumer research. Even though consumer research can
be conducted within a hierarchical class structure (e.g.,
Broderick, Greenley, and Mueller 2007; Macintosh and
Lockshin 1997), and consumers can often be considered
to be nested within large-scale entities such as regions and
countries (MacKenzie 2001), the predominant research
focus in, for example, the Journal of Consumer Research, is
not to predict or explain micro-level issues with macrolevel variables. In view of this, we considered it necessary
to choose a feasible number of journals that would take in
the broadest selection of relevant marketing issues, as well
as capture the research that was generally rated as being of
the highest quality by academics. Although it is certainly
the case that other journals could have been selected,1 it is
considered that the present set strikes a good balance.
The Academy of Management Journal was also used to
compare the multilevel research of marketing science with
that typical of management science. The Academy of Management Journal was considered to be the most appropriate
single journal to compare with the marketing literature for
a number of reasons. In particular, the Academy of Management Journal is an outlet focusing on theory testing, which
does not allow purely conceptual work to be submitted.
This is not the case in other top management journals
such as Administrative Science Quarterly or the Academy of
Management Review. It would not have been an illustrative
comparison to have included instead journals such as the
latter, where the editorial policy was considerably different
to the marketing journals that were selected.
In total, 190 empirical studies with multilevel research
questions that were tested empirically were identified, with
119 appearing in the four marketing journals, and 71 appearing in the Academy of Management Journal. Figure 1,
summarizing the distribution of articles by journals, clearly
indicates the increasing importance of multilevel studies

in the marketing and management science literature since
1998.
Multilevel studies in marketing and management science can be divided into two dominant groups. One group
deals with intra-organizational levels and one focuses on
the interaction between intra- and extra-organizational
levels. In the first group, levels of employees and managers
are investigated most often (e.g., Bettencourt 2004; Piercy,
Cravens, and Lane 2003). Investigations of the influence
of superordinate managers’ variables on subordinate employees’ variables are dominant here. In the second group,
business-to-business dyads (e.g., Ping 2003; Wathne and
Heide 2004) are analyzed predominantly, followed by
employee–customer relationships (e.g., Tax, Brown, and
Chandrashekaran 1998; van Dolen et al. 2002). To date,
three-level studies, such as focusing on the influence of
managers on employees as well as on the employees’ impact
on customers simultaneously, are very rare (for exceptions,
see Bell and Menguc 2002; Liao and Chuang 2004).
These multilevel approaches usually reflect a hierarchical structure of nested entities. That is, for example, when
superordinates and their employees are of interest, data
are typically organized as detailed in Figure 2. A number
of entities on level n are related to a single entity on level
n + 1. Therefore, persons A1–A4 are all exposed to context A
and B1–B4 are all exposed to context B (Bryk and Raudenbush
1992; Hofmann 1997).
In general, six main methodological approaches to
multilevel theory issues can be found in the literature.
The most commonly used methodological approach in
multilevel research endeavors is to survey members of one
level about their perceptions of variables that are relevant
at two or more levels (e.g., Klein and Kim 1998; Lankau
and Scandura 2002; Liu and Leach 2001; Piercy, Cravens,
and Lane 2003; Ragins, Cotton, and Miller 2000; Ramus
and Steger 2000; Smidts, Pruyn, and van Riel 2001). For
example, employees are asked to indicate their own work
satisfaction and organizational commitment as well as the
level of support provided by their superordinate managers
(Speier and Venkatesh 2002). This approach incorporates
a risk of common method bias (Bell and Menguc 2002;
Netemeyer et al. 1997). It also raises the issue of informant
bias, which could result from the specific hierarchical position of the surveyed subjects. To control these difficulties,
separate data collection on each level of interest is commonly recommended (Bryk and Raudenbush 1992; Kidwell,
Mossholder, and Bennett 1997).
If data of two or more levels have been collected, one
option is to aggregate the data sets (usually on the micro
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Figure 1
Empirical Multilevel Studies in Marketing and Management Journals

Notes: JM = Journal of Marketing; JMR = Journal of Marketing Research; IJRM = International Journal of Research in Marketing; JR = Journal
of Retailing; AMJ = Academy of Management Journal.

Figure 2
A Hierarchical Structure of Nested Entities

Note: Hierarchical linked data sets in a two-level design.

level; e.g., Hartline, Maxham, and McKee 2000; Sarin and
Mahajan 2001), so that, for example, each superordinate is
linked with an average score of his or her subordinates. The
disadvantage of this approach lies in the loss of information,
because possible meaningful variances at the micro level are
ignored (Hofmann 1997). If these variances are substantive,
misleading results can be returned. In the studies reviewed
above, only a small minority of studies tested the assumption of a sufficient correspondence among the ratings
within the micro level, by, for example, using intraclass
correlation coefficients (ICCs) or within- and betweengroup analysis (WABA), before aggregating the data (e.g.,
Lam, Chen, and Schaubroeck 2002). Another disadvantage
of data aggregation can be seen in the often-drastic decline
of sample size and, therefore, statistical power.
Also commonly found is the “key informant” approach,
where dyads with one subject on each level are taken into account (e.g., Bettencourt 2004; DeCarlo, Rody, and DeCarlo
1999; Jap 1999; Lam, Chen, and Schaubroeck 2002; Madjar,

Oldham, and Pratt 2002; Moorman, Blakely, and Niehoff
1998; Siguaw, Simpson, and Baker 1998; Tepper and Taylor
2003). This approach does not capture information on
the other subjects at the micro level and can be criticized
because the risk of increased correlations between systematic measurement errors is enhanced. Therefore, obtaining
data from multiple informants has been recommended as
superior to such an approach (Liu and Leach 2001; van
Bruggen, Lilien, and Kacker 2002).
A fourth option to match data in multilevel designs is
the disaggregation of the data sets (usually on the macro
level). In this approach, each unit on the lower level (e.g.,
employee) is allocated to a score at the macro level (e.g.,
business unit) within which it is nested. Statistical analyses
in this case are based on the sample of the lower level (e.g.,
Dellande, Gilly, and Graham 2004; McAllister and Bigley
2002; Saparito, Chen, and Sapienza, 2004). Problematic
in this approach is the violation of the assumption of independent observation, which is a central assumption of
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most classical statistical procedures (Bryk and Raudenbush
1992). Only in the unlikely case of total independence of
the individual answering tendencies to the characteristic of
the higher level would this approach be reasonable. Otherwise a distortion of standard error estimates occurs and
results in an increase of Type I error (Kidwell, Mossholder,
and Bennett 1997). A further problem of disaggregation lies
in the fact that variables concerning the higher level are
analyzed on the basis of the larger lower-level sample size.
Again, this can affect the estimation of standard errors and
the statistical conclusions (Hofmann 1997). In light of these
risks, it is unsurprising that few of the observed studies use
the disaggregation procedure.
The fifth approach to handle multilevel data is the use
of hierarchical linear models (HLM), also called random
coefficient models (Leeuw and Kreft 1986; Longford 1993).
This method was developed to overcome the aforementioned difficulties in the analysis of multilevel data (Hox
1995). HLM explicitly take into account the nesting of
micro- and macro-level phenomena (Kozlowski and Klein
2000). They explicitly recognize that individuals within a
particular group may be more similar to one another than
to individuals in other groups and, therefore, may not
provide independent observations (Hofmann 1997). They
also account for macro-level effects that occur through the
interactions with micro-level elements (Kozlowski and Klein
2000). The major advantage of the HLM is the possibility to
link multiple levels simultaneously in a single regression
equation (Goldstein 1995). Nevertheless, it is important to
note that HLM is not always the method of choice for testing multilevel theoretical models, and most of the methods
above can be appropriate in certain specific situations.
In the surveyed journals, it can be seen that there was a
significantly higher proportion of the Academy of Management Journal studies that made use of this method than
the few that employed it in the marketing journals (Jong,
de Ruyter, and Lemmink 2004; Pieters and Wedel 2004;
van Dolen et al. 2002). In fact, over the eight-year period,
only seven studies in the four marketing journals surveyed
employed HLM methods (6 percent), whereas in the Academy of Management Journal, this number is more than
double (14, or 20 percent). Indeed, in 2006 alone, there
are six articles in the Academy of Management Journal that
use HLM methods—a proportion of 35 percent (six from
17 articles), suggesting a significant increasing trend over
time, which is not evident in the four marketing journals.
However, this is not intended to imply that management
science is somehow “superior” to marketing science—or
that management researchers always analyze their data in

the most appropriate manner—but merely to observe that
HLM methods appear to be more common in management
than marketing research at the present time.
In addition to methodological issues, different conceptual patterns of relationships may be evident in multilevel
research designs that may be unable to be captured without a hierarchical linear modeling approach. Consider the
following example detailed in Figure 3. Figure 3 illustrates
a hypothetical example of the relationship between organizational citizenship behavior (OCB) (i.e., showing extra
effort or going the “extra mile,” cf. Organ 1997) of salespeople (y-axis) and service quality as perceived by customers across retail stores. Assume that 150 sales employees
have responded to an OCB scale and, from each of them,
10 customer surveys on their perceived service quality are
available. The regression line in Figure 3a describes this
relationship for the whole sample, whereas Figures 3b–d
provide separate regression lines for different retail stores.
Individual employees’ data points are not included for
simplification purposes. Figure 3a shows a positive linear
relationship between employees’ OCB and perceived service
quality, indicating that the more an employee engages in
OCB, the better the perceived service quality by the customers. Around the regression line, the variation of data
points of the observed individuals can be seen. Figure 3b
shows the same relationship between salespersons’ OCB
and customers’ service quality evaluations for different
stores. Differences occur with respect to the intercepts
across stores. In Figure 3c, an interaction between stores
and the relation between OCB and perceived service quality
can be seen. Here the relationship is the strongest in stores
in which employees express high OCB. This fanlike effect
is also expressed by the significant differences between
stores when high service quality scores are focused. Another
example for a cross-level interaction is illustrated in Figure
3d. Here, in stores with high OCB scores, there is a positive
relationship between OCB and service quality, whereas in
stores with low OCB scores, a negative correlation can be
found. By analyzing the sample as a whole in Figure 3, one
might draw differing conclusions from those drawn from a
multilevel approach. For example, in the Figure 3d regression slope, the whole sample is zero, but the single stores
can be either positive or negative.
Although we have shown that analytical approaches designed to address multilevel data sets are comparatively more
common in management science, the marketing literature
has preferred alternative approaches. MacKenzie summarizes
that in marketing, “researchers have tended to emphasize
either a micro- or macro-level perspective without recogniz-
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Figure 3
Possible Relations of Micro-Level Variables when Macro-Level Variance Is Considered

ing the interaction between the two” (2001, p. 164). This
focus is most likely to be due to unfamiliarity with either
(1) the hierarchical linear modeling approach, or (2) the
differences in results that may result from varying analytical techniques. To this end, the following section details a
simulation study designed to provide a direct comparison
of the differential outcomes of competing analytical approaches, in a marketing-relevant context.

A COMPARISON OF MULTILEVEL
ANALYTICAL APPROACHES
Method
Our study was designed to demonstrate the potential differences between alternative modeling approaches under
varying conditions of nonindependence, within a set of
contexts likely to be both commonly faced, and familiar
to, marketing researchers. In order to do so, we based
our simulated data on a selection of the results reported
in Atuahene-Gima and Li (2002).2 In order to select the
Atuahene-Gima and Li paper, we explored existing literature in top marketing journals, which analyzed research
questions where the answers clearly depended on assumptions regarding the nonindependence of cases at the micro
level. Such questions should concern respondents who were
nested into groups, and where concepts in the research
were at multiple levels. A final theoretical criterion was
that it should be conceptually sound to expect that the
concepts in the study are likely to be influenced somehow

by between-group variation associated with macro-level
factors. Methodologically speaking, as regression-based
analysis methods are by far the most commonly published
in the marketing literature, we also looked to choose a paper
that utilized such a methodology.
The Atuahene-Gima and Li (2002) paper uses two samples
of data, one from China and one from the United States. For
our purposes, we focus on the Chinese data set. Due to the
inherent difficulty in collecting data in China, AtuaheneGima and Li were forced to use multiple respondents from
organizations. Specifically, three members of each of 150
selected firms participated in the study. Two hundred fifteen
completed questionnaires were returned. However, there
is no information given on how many of the 150 firms
were represented, or the average number of employees per
firm who returned questionnaires. Thus, the data are intrinsically structured on at least two levels—employees are
naturally grouped into firms. After accounting for missing
data, the sample was reduced to 157. Although no specific
information is given, it must be assumed that AtuaheneGima and Li treated multiple respondents from the same
firm as independent observations. To test their hypotheses,
Atuahene-Gima and Li chose to use a regression approach
across each sample.
For the purposes of our analysis, we selected four individual hypotheses that together exemplify the main types
of multilevel hypotheses likely to be encountered by marketing researchers. First, we chose to replicate H1a, which
argued that increased output control used by the manager
should be negatively related to supervisee trust, and H2a,
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which stated that increased process control should be related positively to supervisee trust. Both of these hypotheses
link manager-level variables to employee-level outcomes,
but are tested using solely employee-level data. Group-level
effects are likely to be inherent to such a methodology,
and therefore individuals from the same group should not
necessarily be treated as independent. Second, we examined
H5a, that role ambiguity is negatively related to supervisee
trust, and H6a, that supervisee trust is related positively to
sales performance. Both of these latter hypotheses relate two
employee-level variables to each other. However, there are a
number of group-level factors likely to affect the variance
of the constructs (e.g., manager or firm factors), and thus
again it is not clear that cases from the same firm should be
treated as independent. These four hypotheses encompass
different types of multilevel hypotheses that may be commonly considered by marketing researchers. In testing these
hypotheses, Atuahene-Gima and Li uncovered a range of
effect sizes. We simulated our data using the correlations3
between the measures reported by Atuahene-Gima and Li
(but regression coefficients are also reported, it is not possible to simulate our data using these). Table 1 presents the
relevant correlations for our four hypotheses.
An important characteristic of multilevel research is the
level of nonindependence of variables between higher-level
units. In this case, it is not known how similar responses of
individuals from the same organization are to each other,
compared with responses of individuals from other organizations. If there is little systematic difference in responses
between employees from different units (low nonindependence), then it may be expected that individual-level analysis (as Atuahene-Gima and Li appear to have conducted)
would be acceptable. If there are high levels of agreement
in responses from employees from the same organization
(high nonindependence), then aggregating the data to the
unit level before analysis may be a suitable method (although this would reduce sample size and power). However,
if there are moderate levels of nonindependence—some
systematic differences between units, but still substantial
variation within organizations—neither of these methods is
appropriate, and hierarchical linear modeling may be the
best method. The amount of members in each group is also
likely to have an impact on the results. Specifically, both
to illustrate possible marketing research situations and to
show the influence of group size in general, we systematically varied the group size from three (Atuahene-Gima and
Li’s stated number of sampled cases per organization) to
10 and 20.
We simulated data with dependent variables in each of
these 3 × 3 × 4 conditions. Based on the figures quoted by

Table 1
Intercorrelations of Variables Quoted by
Atuahene-Gima and Li (2002)

1. Output Control
2. Process Control
3. Supervisee Trust
4. Role Ambiguity
5. Sales Performance

1

2

3

4

0.40
0.291
–0.11
0.22

0.482
0.08
0.47

–0.013
0.374

–0.02

Notes: 1 The association examined in H1a. 2 The association examined
in H2a. 3 The association examined in H5a. 4 The association examined
in H6a.

Bliese (2000), we used for low nonindependence an intraclass correlation coefficient (ICC(1)) of 0.01, moderate
nonindependence of 0.12, and high nonindependence of
0.30. For each of these conditions, we used S-Plus (www
.insightful.com) to generate data sets with the correlations
in Table 1, a sample size of 80 groups (which corresponds to
an estimate of how many firms may have been represented
in Atuahene-Gima and Li’s sample assuming a moderate to
high response rate from organizations), and with the varying group sizes. We then tested the four hypotheses on each
data set using three alternative methods—ordinary regression analysis at the individual level, regression analysis on
data aggregated to the organizational level, and hierarchical
linear modeling.

Results and Discussion
For each hypothesis, each level of nonindependence, each
group size, and each method of analysis, the proportion of
times the hypothesis was found to be supported (with p <
0.05) was recorded (the observed power), along with the
standardized regression coefficient (beta). Summaries of
these for each condition are shown in Table 2.
The first factor that is evident from the results in Table 2
is that there are clear differences between the results returned using aggregate-level regression and the two other
analysis methods. In every condition (team size and ICC)
the aggregate-level effect sizes were systematically larger
than those obtained using individual-level regression or
HLM. What is particularly interesting is that where it differed at all, the observed power for these large effect sizes
was, in general, lower than that reported by the other two
methods. Even though it is not surprising that aggregatelevel results should be of lower power (because the sample
size is, by definition, smaller), it is interesting that it should
be lower even though the effect sizes were so much larger

Effect Size = –0.01
ICC(1) = 0.01
ICC(1) = 0.12
ICC(1) = 0.30
Effect Size = 0.37
ICC(1) = 0.01
ICC(1) = 0.12
ICC(1) = 0.30

Team Size = 10

Effect Size = –0.01
ICC(1) = 0.01
ICC(1) = 0.12
ICC(1) = 0.30
Effect Size = 0.37
ICC(1) = 0.01
ICC(1) = 0.12
ICC(1) = 0.30
Effect Size = 0.29
ICC(1) = 0.01
ICC(1) = 0.12
ICC(1) = 0.30
Effect Size = 0.48
ICC(1) = 0.01
ICC(1) = 0.12
ICC(1) = 0.30

Team Size = 3

0.371 (0.029)
0.369 (0.030)
0.368 (0.031)

0.481 (0.051)
0.480 (0.050)
0.478 (0.050)

100.0
100.0
100.0

100.0
100.0
100.0

0.291 (0.060)
0.290 (0.058)
0.290 (0.059)

99.5
99.7
99.5

–0.011 (0.037)
–0.010 (0.035)
–0.009 (0.036)

0.369 (0.058)
0.368 (0.057)
0.367 (0.054)

100.0
100.0
100.0

7.1
6.1
5.8

–0.015 (0.065)
–0.011 (0.065)
–0.007 (0.065)

Average Effect Size
(Standard Deviation)

5.7
5.0
5.0

Percent
Significant

Individual-Level Regression

94.7
99.9
100.0

5.1
5.0
5.7

99.8
100.0
100.0

75.2
83.3
92.8

93.3
96.4
98.5

5.9
4.9
5.6

Percent
Significant

0.397 (0.106)
0.671 (0.128)
1.005 (0.132)

–0.011 (0.121)
–0.020 (0.163)
–0.036 (0.219)

0.489 (0.095)
0.564 (0.096)
0.675 (0.098)

0.289 (0.107)
0.355 (0.113)
0.446 (0.120)

0.372 (0.103)
0.440 (0.109)
0.552 (0.115)

–0.010 (0.114)
–0.009 (0.124)
–0.011 (0.149)

Average Effect Size
(Standard Deviation)

Aggregate-Level Regression

Table 2
Results of Simulation Studies
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100.0
100.0
100.0

6.6
6.7
5.7

100.0
100.0
100.0

99.5
99.4
99.4

100.0
100.0
100.0

5.2
5.5
6.0

Percent
Significant

0.370 (0.030)
0.349 (0.032)
0.293 (0.030)

–0.009 (0.036)
–0.009 (0.035)
–0.010 (0.030)

0.479 (0.050)
0.468 (0.052)
0.435 (0.052)

0.288 (0.059)
0.283 (0.059)
0.255 (0.057)

0.370 (0.057)
0.363 (0.054)
0.328 (0.056)

–0.012 (0.066)
–0.012 (0.066)
–0.009 (0.061)

Average Effect Size
(Standard Deviation)

Hierarchical Linear Modeling
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Effect Size = –0.01
ICC(1) = 0.01
ICC(1) = 0.12
ICC(1) = 0.30
Effect Size = 0.37
ICC(1) = 0.01
ICC(1) = 0.12
ICC(1) = 0.30
Effect Size = 0.29
ICC(1) = 0.01
ICC(1) = 0.12
ICC(1) = 0.30
Effect Size = 0.48
ICC(1) = 0.01
ICC(1) = 0.12
ICC(1) = 0.30

Team Size = 20

Effect Size = 0.29
ICC(1) = 0.01
ICC(1) = 0.12
ICC(1) = 0.30
Effect Size = 0.48
ICC(1) = 0.01
ICC(1) = 0.12
ICC(1) = 0.30

–0.010 (0.025)
–0.010 (0.025)
–0.010 (0.026)
0.370 (0.022)
0.370 (0.022)
0.369 (0.022)
0.290 (0.023)
0.291 (0.024)
0.290 (0.024)
0.479 (0.020)
0.480 (0.020)
0.480 (0.021)

100.0
100.0
100.0
100.0
100.0
100.0
100.0
100.0
100.0

0.480 (0.027)
0.479 (0.028)
0.477 (0.027)

100.0
100.0
100.0

6.0
7.3
8.0

0.289 (0.033)
0.289 (0.033)
0.291 (0.033)

100.0
100.0
100.0

99.8
100.0
100.0

81.9
99.9
100.0

96.2
100.0
100.0

3.5
4.8
5.3

99.9
100.0
100.0

78.1
96.3
99.9

0.547 (0.105)
1.030 (0.111)
1.390 (0.096)

0.339 (0.112)
0.793 (0.154)
1.322 (0.175)

0.425 (0.111)
0.926 (0.140)
1.391 (0.130)

–0.011 (0.120)
–0.046 (0.207)
–0.060 (0.291)

0.514 (0.097)
0.806 (0.109)
1.095 (0.099)

0.314 (0.111)
0.554 (0.142)
0.883 (0.155)
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100.0
100.0
100.0

100.0
100.0
100.0

100.0
100.0
100.0

6.0
6.7
5.7

100.0
100.0
100.0

100.0
100.0
100.0

0.480 (0.018)
0.450 (0.020)
0.378 (0.020)

0.291 (0.023)
0.267 (0.022)
0.218 (0.022)

0.369 (0.021)
0.343 (0.021)
0.284 (0.021)

–0.008 (0.025)
–0.010 (0.024)
–0.008 (0.021)

0.480 (0.028)
0.457 (0.027)
0.394 (0.029)

0.289 (0.033)
0.273 (0.031)
0.227 (0.029)
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in most cases. Also, in a number of conditions (especially
large team sizes and higher nonindependence), the effect
sizes returned for aggregate-level regression were greater
than one, and thus improper.
Comparing individual-level regression with HLM, one
can see that the effect sizes for the HLM analyses were
systematically lower in all conditions except where low
nonindependence was specified (i.e., ICC(1) of 0.01). Furthermore, this effect consistently increased as the level of
nonindependence increased. This is, of course, not surprising, as Bliese and Hanges (2004) show that this is likely to
be exactly the case. As team size increased, the differences
also appeared to generally get more substantial.
Note that we are unable to say which is the optimal approach simply on the basis of these results. In specific terms,
we can suggest that the results reported by Atuanhene-Gima
and Li (2002) would have almost certainly been different
depending on the analysis method that was used. That said,
it is impossible to say which was the “correct” method to
use in that situation, because we have no information on
the nonindependence of the observations, or the number of
cases sampled per organization. Nevertheless, the prevalence
of what could be called improper effect sizes (greater than
one) for the aggregate-level results do suggest that aggregation is a potentially risky strategy for researchers, and may
result in inflated effect sizes even while power is reduced.
What is undeniable is that the results found—both in terms
of effect sizes and significance—can depend on the type
of analysis used for different levels of nonindependence.
Therefore, it is essential that researchers consider what
the most appropriate method of analysis for their data is,
otherwise misleading results can occur. The information
given in other sections of this paper should provide considerable help to researchers in making the correct decision. In particular, the superior effect sizes reported in the
individual-level results should be balanced against theory,
which suggests that nonindependence of observations may,
in fact, have inflated these (e.g., Bliese and Hanges 2004),
implying that HLM may be a superior alternative in most
situations where nested data are employed.

show how the nonindependence of nested data points can
influence analysis results. A further advantage of the multilevel method of HLM is the possibility of linking several
levels in one regression equation, which takes into account
that β0 and β1 may vary in different contexts or subgroups.
The membership of individuals in a certain group or context
is indicated by the index j. In general, multilevel regression
models assume a hierarchical linkage of the data, where a
measured criterion variable on the micro-level is explained
by predictor variables on both micro- and macro-level Yij
(Hox 1998). Therefore, the following basic equation for
multilevel regression models with two levels is (Goldstein
1995; Hox 2002):
Yij = β0j + β1j Xij + eij .

(1)

Different regression equations for each group or context
j of level 2 (macro level) are estimated. The βj weights are
modeled through the predictor variables Zj of the macro
level:
β0j = γ00 + γ01Zj + μ0j

(2)

β1j = γ10 + γ11Zj + μ1j.

(3)

Here μ indicates the residual values on level 2. By replacing Equation (1) with Equations (2) and (3), the following
equation results:
Yij = γ00 + γ10Xij + γ01Zj + γ11Zj Xij + μ1j Xij + μ0j + eij.

(4)

Here the equation part γ00 + γ10Xij + γ01Zj + γ11Zj Xij contains
the fixed coefficient and is therefore called the fixed part.
The remaining part, μ1j Xij + µ0j + eij, is labeled as randomized
part. The term Zj Xij indicates interactions between predictor
variables, which lead to variations of the regression coefficients β1j of the predictor variables Xij (Hox 1995). Most
studies include more than one predictor variable on each
level. With P predictor variables on the micro level and Q
predictor variables on the macro level, the following general
equation results:
yij = γ00 + γp0Xpij + γ0qZqj + γpqZqj Xpij + μpj Xpij + μ0j + eij. (5)

Steps in Multilevel Modeling
USING HIERARCHICAL LINEAR MODELS TO
ANALYZE CROSS-LEVEL EFFECTS
The results of the simulation above have demonstrated the
differential outcomes of individual-level analysis, data aggregation, and hierarchical linear modeling on a naturally
nested data set. However, this data set contained data at a
single level, and hierarchical linear modeling was used to

The classical procedure to examine multilevel models
consists of five steps (Hox 1995). These are analogous to a
hierarchical linear regression, which examines the effects
of macro-level variables when controlled for micro-level
predictors. First, an intercept-only model is calculated,
which consists solely of a constant, but no predictor variables. The constant is allowed to vary across both levels,
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so that the variance of each level can be estimated. Second,
predictors of the micro level are included in the regression
equation. The fit for this model is compared with the fit of
the intercept-only model. This results in a χ2 value for the
fit difference, which can be tested for significance using
the number of added parameters as degrees of freedom. In
case of a significant improvement of model fit, each of the
added parameters are examined for significance. Third, it
is evaluated whether any of the slopes of the explanatory
variables has a significant variance component between
the groups. Fourth, explanatory variables of the macro level
are added to the regression equation. Again, tests for the
significance of the increase in fit for this model, as well as
significance tests for the added parameters, are undertaken.
The last step is to include cross-level interactions between
explanatory group-level variables and micro-level explanatory variables that have a significant slope variation, and
to conduct analogous significance tests.

Estimation of Parameters and Significance Tests
To estimate parameters in HLM, iterative estimation approaches are used that search for a converging model meeting the maximum-likelihood criterion (Goldstein 1995;
Hox 1995, 1998, 2002). The starting point for an iterative
procedure is the estimation of fixed parameters. On this
basis, the randomized values are calculated followed by the
fixed parameters, and so on, until the procedure converges
(Goldstein 1995; Hox 1995). Tests for significance are done
for both single parameters as well as complex models. The
tests divide parameter estimates by their standard error, resulting in a z-value equivalent quotient, which is normally
distributed (Hox 2002). Fit of a predicted model is derived
from the difference in likelihood values between this model
and the basic model (Goldstein 1995; Rasbash et al. 2000).
These differences follow a χ2 distribution. The degrees of
freedom for significance testing are drawn from the number
of added parameters (Duncan, Jones, and Moon 1995).

Prerequisites for Hierarchical Linear Models
Prerequisites and assumptions for HLM are generally similar
to those of ordinary least squares (OLS) regression analysis
(Hox 1998). Thus, a linear relationship between predictor
and criterion variables is supposed. Residual variances eij
on the micro level are assumed to be normally distributed, having a mean of zero and a common variance in all
groups. Residuals on the macro level, μ0j and μpj, should
also follow a normal distribution having a mean of zero.
In addition, they should be unrelated to micro-level errors.

Even though a normal distribution for dependent variable
values in HLM is required, this is of minor importance for
independent variables.
However, the assumption that may be of most interest
to researchers is that of sample size. In fact, one reason for
the low take-up of multilevel analysis methods in marketing could be a perception that sample size demands are
difficult to meet. With regard to the required sample size,
requirements at the macro level take primacy (Hox 1998).
By nature, conditions for testing intralevel relationships
are enhanced with a larger number of individuals (e.g.,
team members), whereas cross-level analysis needs a large
number of aggregation units (e.g., teams). But an increase
in aggregation units while the number of individuals is
reduced has a more positive effect than vice versa. Hox and
Maas (2002) demonstrated in a simulation study that small
sample sizes (n < 50) at the macro level lead to distorted
estimates of standard errors on this level. On the other
hand, the sample size at the micro level had no influence
on the accuracy of the parameter estimation. Accordingly,
authors such as Lee (2003) and Mossholder, Bennett, and
Martin (1998) have worked with sample sizes of n ≥ 3 on
the micro level. The more restrictive requirements on the
macro level are underlined by the following example from
Snijders and Bosker:
A relevant general remark is that the sample size at
the highest level is usually the most restrictive element in the design. For example, a two-level design
with 10 groups, i.e. a macro-level sample of 10, is at
least as uncomfortable as a single-level design with
a sample size of 10. Requirements on the sample size
at the highest level, for a hierarchical linear model
with q explanatory variables at this level, are at least
as stringent as requirements on the sample size in
a single level design with q explanatory variables.
(1999, p. 140)
Thus, there would at first glance appear to be a trade-off
here between, on one hand, the difficulty of generating a
multilevel data set of sufficient size, and on the other hand,
using a single-level approach, such as multiple regression
or SEM. The major factors in such a decision are primarily
conceptual, and concern the key constructs in any given
theory that is being explored. In particular, if there are
key independent variables that vary at the higher level,
then one must collect enough data points at this level to
satisf y the assumptions of any multivariate technique,
whichever is to be used. As stated by Kozlowski and Klein:
“levels and units should be consistent with the nature of
the phenomenon of interest. Principle: Unit specification
(formal versus informal) should be driven by the theory
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of the phenomena in question” (2000, pp. 19–20). These
sample size assumptions are broadly similar whether one
is using HLM, multiple regression, or SEM.
Specifically, in theoretical terms, one should be clear
about the highest level at which their key independent variables vary, and ensure that they collect enough data points
at this level. What this means is that, for example, if something like “team culture” is a key predictor of individual
performance, one should collect representatives of enough
separate teams to satisfy standard sample size assumptions
for any multivariate method, rather than collect multiple
members of only a few teams and treat them as independent
data points because—as was shown above—this approach
may cause misleading results. If multiple members of teams
are collected, they should be treated in an appropriate way
(whether this be multilevel analysis, aggregation, or key
informant) rather than used as what would be a misleadingly “large” sample.
As such, the question of whether it is preferable to use
a multilevel approach with a prohibitively small higherlevel sample size, or use another technique that does not
take into account levels issues, or nonindependence within
groups, is somewhat rhetorical. At the theory-development
stage, the researcher must be clear about what level he or
she needs to collect data points at, whichever analysis technique is being used. Erroneously assuming that multiple
lower-level members of higher-level groups (e.g., teams) can
be treated as independent, when key theoretical variables
are manifestly influenced by group membership, will lead
to misrepresentation of a greater or lesser degree, and thus
sample size estimations should always use the highest level
of theoretical variation as their base.
That said, it is unarguable that some decision criteria
for researchers working with theories where levels issues
are likely to play a role would help in the process of determining whether the additional difficulty of collecting
data from multiple group members is outweighed by the
increased robustness of the results from multilevel analysis.
In other words, how should the researcher trade off sample
size demands against methodological rigor? The results
reported here provide some detailed indications, and it can
be seen that the higher the intraclass correlation coefficient
within the lower level group, the less appropriate it is to
treat individuals within a group as independent data points.
However, determining the intraclass correlation requires
data to be available in the first place. When planning an
empirical study, it is vital to consider the impact that higherlevel constructs are likely to have on lower-level variables
(whether this be as hypothesized or control relationships).
The stronger the effect that higher-level variables are likely

to have, the greater the benefit of taking the higher level as
the unit of analysis to determine the relevant sample size.
For example, if one expects a group-level variable such as
leadership style to have a substantive impact on individual
performance, one should treat the individual employees in
each team as nonindependent and then determine which
analysis method to employ—whether HLM, or multiple
regression using single key informants, or aggregates of
multiple team members. The stronger the influence of
the higher-level variable, then the greater the benefit to
assuming nonindependence and designing a sample as
appropriate.

Extensions of, and Alternatives to, Hierarchical
Linear Modeling
As mentioned above, a standard assumption of HLM, and
indeed, most regression-based techniques, is that the relationship between predictor and criterion variable is linear.
However, just as generalized linear modeling allows the
extension of OLS regression to analyze data parametrically
from nonnormal distributions, HLM has been extended
to cope with nonnormal individual-level outcomes (e.g.,
Goldstein 1991). Most common among these is probably
binary response data—the equivalent of binary logistic regression at a single level—but commonly available software
allows analysis of more complex distributions, including
Poisson and negative binomial distributions (Goldstein et
al., 1998).
Hierarchical linear modeling is also increasingly used
to model longitudinal (repeated measures) data. In this
scenario, individuals (or cases) are taken as the higher level,
and individual observations at a given time period are taken
as the lower level. This allows longitudinal data analysis
with far fewer observations than would be necessary for
traditional time-series analysis, but without the constraints
on numbers of observations placed by repeated measures
analysis via the general linear model. (For further information, see Bliese and Ployhart, 2002.)
Although HLM has become the most common technique
for analyzing multilevel data, there are other options available. Three articles in a special issue of Leadership Quarterly
(Bliese and Halverson 2002; Gavin and Hofmann 2002;
Markham and Halverson 2002) analyzed a single multilevel data set in three ways. As well as HLM, other methods
used were within- and between-entity analysis (WABA)
(Dansereau, Alutto, and Yammarino 1984), and random
group resampling (RGR). WABA is a method of “assessing
the importance of entity membership when examining
the relationship between constructs at multiple levels of
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analysis” (Markham and Halverson 2002, p. 35). On the
other hand, RGR “provides a tool for statistically determining whether group-level relationships are the result of true
group phenomena (group effects) or the result of aggregating individual level to the group level (grouping effects)”
(Bliese and Halverson 2002, p. 53). As these descriptions
suggest, each method has its own advantages, but each also
has limitations. Castro (2002) provided a useful comparison
of these three methods in the same volume. Drawing on
Castro’s comparison, and the strengths and limitations of
each of the three methods as acknowledged by the authors
of the original three papers, we present a summary of the
advantages and disadvantages of each method in Table 3.

Statistical Software for Hierarchical Linear
Modeling
As analytic approaches using HLM have become more widely used by researchers, more software has been produced to
allow researchers to analyze data in this way. We will briefly
discuss two specialist HLM software packages—HLM6 and
MLwiN—and identify other packages that have incorporated
HLM modules.
HLM6 (Raudenbush, Cheong, and Congdon 2004) was
specifically designed to analyze HLM. It is based on a
user-friendly format, allowing the user to specify models
in a step-by-step basis, first stating the number of levels
in the model (two or three), then choosing the data files,
and going on to specify which of the variables in these
files form the model. It reads both level 1 and level 2 files
simultaneously, allowing easy specification of cross-level
interactions. Recent versions have incorporated the ability
to model nonnormal (e.g., binomial) dependent variables.
Although HLM6 does not allow manipulation of data, it
does allow a wide range of formats for data input, including SPSS, STATA, Excel, SAS, S-PLUS, and ASCII. Another
software package designed especially for the computation
of multilevel models is MLwiN (Goldstein et al. 1998).
MLwiN is less user-friendly than HLM6 in the sense that it
is not as directive and requires greater user knowledge, but
allows greater flexibility and a much wider range of possible
models, including multivariate response models, Bayesian
modeling, and bootstrap estimation. It is a Windowsupdated version of a syntax-based program, MLn, which can
still be used in the new software, allowing manipulation
of data within the file.
Comprehensive statistical software to have included
HLM functions include S-PLUS (lme) and SAS (PROC
MIXED). Bliese (2002) gives a useful introduction to modeling multilevel data in these packages. The obvious advantage

of using comprehensive statistical software is that the same
data can be analyzed in different ways without the need for
the transfer of data between packages. The disadvantages to
the use of S-PLUS and SAS are that, unlike HLM6, knowledge
of the underlying programming language is necessary, and
the range of models available is less wide than in MLwiN.
Models estimated in S-PLUS can also be estimated using
the open-source language R (Ihaka and Gentleman 1996).
Mplus (Muthén and Muthén 2006) is an SEM package that
allows for multilevel structures. Thus, it allows estimation
of confirmatory factor analyses, path models, and other
structural equation models where the data are hierarchical in nature. This means that a much wider set of linear
models can be tested.

IMPLICATIONS, LIMITATIONS,
AND CONCLUSIONS
In this paper, we presented the state-of-the-art of multilevel
research in marketing science, and explored key issues regarding the use and appropriateness of multilevel analysis
within marketing research. Our study has clear and substantive implications for marketing scholars and practitioners.
First, our analysis of existing marketing literature shows
that there is a need for empirical and analytical approaches
within marketing research to catch up to multilevel marketing theory development in taking account of the nonindependence of nested data structures, and incorporating
multiple levels of analysis. In particular, in light of recent
recommendations in the literature that marketing scholars
should make efforts to collect multiple responses per work
group or organization and aggregate them (e.g., van Bruggen, Lilien, and Kacker 2002), further information on the
implications of such a strategy—which we provide here—is
surely welcome. As well as this, the growing importance
of considering varying levels of analysis, and conceptualizing relationships across multiple levels of the firm and
firm–customer interface, mean that a marketing-specific
consideration of multilevel analysis issues is overdue.
Our findings provide clear evidence of issues concerning nested data that, together with the emergence of an
increasing number of marketing-related studies dealing
either empirically or conceptually with multiple levels
of analysis, suggests the importance of a consideration of
multilevel research approaches. Implications of the alternate
methodological approaches to multilevel research issues
have been identified, which may include misinterpretations
of the examined data where there is nonindependence between individual data points. As such, the findings reported
here have important implications for marketing practice in

• The error term of each level 1 unit should
have a mean of zero and the residuals
should be normally distributed.
• Level 1 predictors are independent of
the level 1 error term. That is, the
covariance between the level 1 predictors
and the error term should equal zero.
• Level 2 error terms have a mean of zero
and adhere to a multivariate normal
distribution.
• Level 2 predictors are independent of
all level 2 error terms.
• The level 1 error terms are independent
of level 2 error terms.
• HLM is designed to test cross-level and
multilevel models or relationships among
variables at different levels of analysis.

Basic
Assumptions

Units of Theory

Hierarchical Linear Models

• WABA is a nontheoretical approach. It can
be used to help determine units of theory
in an exploratory manner, but does not
require prior theoretical units.
• WABA I partitions variance of individual
variables into within-group and betweengroup variance—similar to analysis of variance.
• WABA II partitions covariance (and therefore
correlations) into the within- and betweengroup levels, and determines whether the
correlation at each level is significant.

• The data should be multivariate normal,
with constant error variance and
independent error terms, except for
nonindependence defined by the level
structure.

WABA

• RGR group-mean analysis looks at unit-level
variables (the group).
• Analyses conducted at the group level,
using group averages.
• Tests whether group-level relationships
between variables and group-level
moderator are due to group effects and not
to the aggregation process (grouping
effects).
• Analysis based on the assumption that a
certain hypothesis proposed at the
individual level would have applicability at
the group level.

• Random sampling is necessary.
• Same assumptions as those of underlying
methods (OLS regression and WABA).

Random Group Resampling

Table 3
A Comparison of Hierarchical Linear Models, WABA, and Random Group Resampling (Evidence Drawn from Bliese and Halverson 2002;
Bryk and Raudenbush 1992; Castro 2002; Gavin and Hofmann 2002; Markham and Halverson 2002)
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• The method is well suited to test
cross-level moderator effects models.
• HLM allows researchers to identify and
partition different sources of variance
in outcome variables.
• Enables analysis of longitudinal
relationships.
• Software to perform HLM is plentiful.

• HLM restricts the dependent variable to
be operationalized at the lowest level of
analysis and therefore cannot be used
to test hypotheses that have a dependent
variable at a lower level of analysis.
• HLM does not provide tests of
appropriateness of aggregation or
nonaggregation.
• Sample size requirements are a
limitation when one needs to consider
groups as units of analysis.
• When using HLM for longitudinal
analysis, the assumption that level 1
residuals are assumed to be
independent may be violated.

Strengths

Restrictions/
Limitations

• Less useful for hypothesis testing, unless
all variables and relationships are supposed
to be random at both levels.
• Incapable of examining cross-level
interactions.
• Relies on eta values, which have been shown
to be related to group size.
• Can only examine moderation by means
of subgroup analysis.
• Inconclusive results can lead to ambiguity
in interpretation because there is no
theoretical underpinning.

• No prior theory is necessary—very useful for
exploratory analysis and theory development.
• Relatively straightforward to understand
(correlation coefficients are directly
analogous to individual-level versions).
• Enables assessment of both statistical and
practical significance.
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• For RGR group-mean analyses, variables
must be operationalized at the group level
using group averages. This prevents the
evaluation of other potential levels of
analysis at which effects could be
operating.
• The variability within each group is assumed
to be error. By not evaluating the variance
within groups, important information could
be overlooked (such as the variable
operating at both within- and betweengroups levels).

• RGR group-mean procedure allows
evaluation of whether group results (or
other units of interest) are based on group
or grouping effects.
• Creates many pseudo groups (as many as
actual groups) and uses statistics other
than only group means to compare among
them.
• RGR procedure can easily be extended to
other areas as well (ex. WABA II correlation,
WABA I etas).
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an indirect manner. Specifically, the more robust results
achieved by the use of the multilevel modeling approach
posited herein should lead directly to more useful and
beneficial practical implications from future marketing
research. In other words, marketing practitioners should
be able to have more confidence in, and thus gain more
advantage from, the results of research conducted with
adequate attention paid to the nested nature of multilevel
and grouped data where this is relevant. Furthermore,
the use of multilevel analysis approaches in research can
provide practitioners with a more accurate picture of what
level of the organization they should directly target for any
performance improvement efforts. By contrast, research
that does not take into account multilevel structures where
they are relevant is only able to give part of the picture to
practitioners, forcing them to make assumptions about the
direct role of other levels.
Results from the Monte Carlo simulation suggested
that where medium to high levels of nonindependence
exist, treating nested data as independent using standard
OLS approaches may inflate effect sizes, and that therefore
multilevel methods may be considered more appropriate. Of course, our simulation is not without limitations.
In particular, our aim to clearly relate the simulation to
a marketing-relevant context meant that we were bound
by the characteristics of the particular study we chose to
emulate. In the present case, this meant that our simulation does not include any “intermediate” effect sizes (in the
range of 0.1–0.25), which may have shown more marked
differences in observed power across the study conditions.
In addition, we were unable to simulate data with “known”
population parameters, which did not allow us to determine
which of the methods was most accurate at returning these
parameters under different conditions. Although the latter
design is common to most Monte Carlo studies, this was
not our aim presently. Our aim was to show how parameter
estimates and power can change with different analysis
methods and conditions, in a highly marketing-relevant
context. Even though we were able to show that the choice
of analysis method was a key influence on the results, we
were unable to objectively show which was the “best”
method. Nevertheless, existing methodological research
does shed light on this issue (e.g., Bleise and Hanges 2004),
and can be consulted by the interested reader. Finally, we
were, of course, unable to include either (1) all possible
combinations of sample size, group size, and effect size as
experimental conditions, or (2) model a number of other
factors that may influence the choice of the most appropriate methodology (such as measure reliability or population

distribution). Despite the interesting and substantive differences we found, future research should look to investigate
more potential factors that can influence the results of the
analysis of multilevel and nested data.
As has become the norm in other disciplines of organizational and behavioral science research, we expect HLM
to become a standard procedure in marketing research,
eventually becoming a method as commonly used as SEM.
Nevertheless, as we have made clear, HLM is not a panacea,
nor is it appropriate to all situations, and our twofold aim
was to expand understanding of the HLM approach, as well
as to clarify the most appropriate situations in which it
should be used. Having said this, it is undoubtedly the case
that increased familiarity with multilevel issues and procedures will be of use to most marketing scholars. Second,
there may be huge potential in the reanalysis of existing
data, to look for new answers to old questions by utilizing
the power of multilevel tools. Third, although multilevel
modeling is likely to be of significant use to the marketing
researcher, we would issue a word of caution about overenthusiastic application of multilevel techniques to new
and existing marketing problems. As is the case with all
analytic techniques, multilevel modeling should be considered an addition to, not a replacement for, our existing
methodological repertoire.
We described here the basics of multilevel modeling and
introduced some of the techniques that have become more
and more common in the organizational fields in the recent
past. Of course, this does not mean that methods will not
progress, and we would like to conclude with an outlook on
what the future may bring. The first of these developments
certainly will be the combination of multilevel modeling
and SEM. For example, the most recent versions of both
Mplus (Muthén and Muthén 2006) and EQS (version 6.1)
(Bentler 2005) have started to build multilevel modeling
functionality into their SEM systems and these will certainly influence the way we think about more complex
models in the near future. The second development may
enhance our ability to test multilevel models (which have
heretofore solely been concerned with micro-level criterion variables; Snijders and Bosker 1999), by incorporating
techniques to predict macro-level criterion variables from
variables measured at the individual level (e.g., Croon and
van Veldhoven 2007).

NOTES
1. Marketing Science was considered for inclusion due to its high
quality and quantitative emphasis, but it was decided not to in-
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clude this journal as its content was not as general or mainstream
as the other included journals.
2. Note that we are not implying that the methods used by
Atuahene-Gima and Li (2002) were incorrect, nor are we reanalyzing their data. Rather, we are using the structure of their data,
and individual-level correlations, to represent those that might be
found by marketing researchers.
3. It would also have been possible to use covariances to simulate the data, and no differences would have been observed in
effect sizes or significance/power levels.
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