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ABSTRACT

Organizational climate refers to the shared meaning organizational members
attach to the events, policies, practices, and procedures they experience as well as to the
behaviors they see being rewarded, supported, and expected (Schneider, Ehrhart, &
Macey, 2011). Climate scholars have most frequently used referent-shift consensus and
dispersion composition models (Chan, 1998) to conceptualize and measure organizational
climate. Based on these models, climate emergence has been characterized by low
variance or high consensus of individual-level climate perceptions (Chan, 1998: Ehrhart,
Schneider, & Macey, 2013; Hazy & Ashley, 2011; Kuenzi & Schminke, 2009) within
formally defined organizational groups (e.g., work teams).

Climate scholars have begun to acknowledge these approaches may not offer
adequate explanations for organizational-level perceptual variance patterns that could
result from socially-derived influences such as demographic attribute similarity.
Perceptual variance may instead be better explained by a patterned emergence
compilation model (Fulmer & Ostroft, 2015), whereby nonuniform patterns of dispersion
assume that skewness and/or multiple modes exist within the climate of an organization.
Ostroff and Fulmer (2014) and Fulmer and Ostroff (2015) have proposed that configural
measurement techniques such as latent class cluster analysis (LCCA; Nylund.
Asparouhov, & Muthén, 2007) be used to identify subgroups of employees who perceive
the organization similarly (i.e., subclimates). LCCA addresses the problems inherent in

identifying subclimates via traditional composition models and measurement approaches,
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but has yet to be used for this purpose. To address this gap, this exploratory study
examined whether an organization may be usefully classified into subclimates, based on
similarity of response patterns across safety climate dimensions. Subclimates were
conceptualized as latent, unobserved groups characterized by systematic response
patterns that exhibit within-group agreement and between-group differentiation, using
LCCA to reveal five latent groups. Each distinct subclimate was subsequently examined
for meaningful differences between them on profile characteristics and demographic

attributes.
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CHAPTER 1

INTRODUCTION

Although organizational scholars have long acknowledged that social phenomena
unfold in open, complex, and dynamic systems (Katz & Kahn, 1978), the complexity and
dynamism of the social context that helps shape those systems have drastically changed
in recent years (Johns, 2006). Globalization—propelled by the tripartite forces of
increased economic liberalization, falling trade barriers, and massive advancements in
technology—has led to the blurring of traditional geographic and corporate boundaries. A
more diverse organizational ecosystem now exists, in which the amalgam of employees
who constitute modern organizational workforces is challenging what we know about
how behavior is a function of both the person and the environment (Lewin, 1936).

Over many years of research and hundreds of studies, organizational climate has
been shown to exert powerful influences on both organizations and employees and has
important implications for outcomes at the individual (Colquitt, Noe, & Jackson, 2002;
Ehrhart, 2004; McKay, Avery, & Morris, 2008), team (Pirola-Merlo. Hértel, Mann, &
Hirst, 2002), and organizational (Schulte, Ostroff, & Shmulyian, & Kinicki, 2009) levels.
As a reflection of perceptions organizational members share regarding policies, practices,
and procedures, organizational climate is a group-level construct that conceptualizes the
way individuals experience their work settings (Schneider et al., 2011). Although

research on organizational climate continues to proliferate, leading climate scholars have



voiced concerns that the field is increasingly fragmented (Kuenzi & Schminke, 2009) and
myopically focused on measurement concerns at the expense of theoretical development
and conceptual evolution (Ehrhart et al., 2013).

Given the increasing complexity of the organizational ecosystem, there have been
calls to examine whether organizational climate is integrated and unifying, as
traditionally conceptualized, or whether multiple, differentiated climates are more
common within modern organizations (Schneider & Barbera, 2014). Organizational
theory provides several views that suggest the consistency among organizational policies,
practices, and procedures may vary widely within a single organization. For example, the
rational view of organizations suggests stability, or consistency, among policies,
procedures, and practices (Blau & Scott, 1962; Weber, 1947). Conversely, Cohen, March,
and Olsen (1972) characterized organizations as organized anarchies and Weick (1979)
as loosely coupled systems. When considered in light of the socially-derived nature of
organizational climate, these theories suggest that organizations can establish elements
and processes that seem inconsistent or mutually exclusive to employees, depending on
how they are operationalized in the context of one’s work. Perceptual inconsistencies can
thus result in significant within-company variation in climate perceptions between groups
(Zohar & Luria, 2005).

An impediment to studying within-company perceptual variation is that the
models most frequently used as frameworks for conceptualizing and measuring
organizational climate are not conducive to identifying multiple climates within a single
organization. Briefly, organizational climate is conceptualized as a socially-shared,

group-level variable that captures an aggregation of subjective perceptions of individuals



regarding their work environment (Schneider, 2000). Researchers have historically used a
consensus composition model (Chan, 1998) as a basis to conceptualize and measure
organizational climate. When using a consensus composition model, organizational
climate is viewed as the mean of subjective perceptions of a group or an organization,
with groups typically referring to formalized. sub-organizational groups such as
departments, work teams, or branches. The mean of subjective perceptions is a
measurement parameter referred to as climate level, which may be alternatively construed
as a measure of central tendency. More specifically, climate level may be designated as
low or high, depending on the relative position of the organizational or group average to
the negative (i.e., low) or positive (i.e., high) end of the response scale. For a given
climate level to meaningfully represent a group or organization as a whole, and for
organizational climate to conceptually exist, those perceptions must be shared (Schneider,
2000). In order to indicate that perceptions are indeed shared, an acceptable level of
agreement or consensus must be statistically demonstrated (L.eBreton & Senter, 2007).
The demonstration of consensus serves to legitimize the aggregation of individual,
subjective climate perceptions to higher levels of analysis at the group and organizational
level (James, 1982; James, Demaree, & Wolf, 1984, 1993).

Given the centrality of consensus as a key requirement for legitimizing
aggregation of climate perceptions, the subject of variability was panned as theoretically
uninteresting by Guion (1973). However, climate researchers eventually began to
question the sensibility of rigid cutoff guidelines dictating that group climate levels (e.g.,
means) of less than 100 percent agreement were not valid indicators of the existence of

organizational climate (Chan, 1998). Some researchers went further, and suggested that



variability in of agreement could in fact be conceptually valuable to study, rather than
strictly a statistical prerequisite for aggregation (Lindell & Brandt, 2000). The
introduction by Chan of dispersion composition models provided climate researchers a
framework to conceptualize the degree of within-group agreement of scores from
individual-level climate measures as a measurement construct called climate strength
(Bliese & Halverson, 1998; Colquitt et al., 2002; Gonzalez-Roma, Peiro, & Tordera,
2002; Klein, Conn, Smith, & Sorra, 2001; Kozlowski & Klein, 2000; Schneider,
Salvaggio, & Subirats, 2002). Climate strength may be defined as the extent to which
member perceptions within a group or organization are aligned with each other, such that
the greater the alignment, the stronger the climate is said to be (Schneider et al., 2002).
The operationalization of climate strength is based on dispersion measures, such as
variance, standard deviation, average absolute deviation, coefficient of variation, and,
most frequently, the rwgg statistic (Bliese, 2000; James et al., 1984; James & Jones,
1974). Just as climate level may be alternatively construed as a measure of central
tendency, climate strength may be thought of as a measure of dispersion that reflects
variability of climate perceptions within a group or organization. More specifically, the
climate strength measurement parameter allows climate researchers to quantify the
amount of shared meaning present in a group or organization (Dickson, Resick, &
Hanges, 2006; Zohar & Luria, 2005).

In their comprehensive review of the organizational climate literature, Kuenzi and
Schminke (2009) note that although the study of climate strength holds great potential for
further understanding of the climate construct, there is a need to break from the narrow

focus on the work group or department as the unit of analysis and to extend the



examination of consensus and variability to the organizational level. They further explain
that concentration on the work-unit is reflective of an historical tendency to fixate on
within-workgroup agreement to justify aggregation, but is not conducive to studying
climate strength at the organizational level. That is, speaking of organizational climate as
a meaningful construct at the organizational level would seem to imply consensus across
all organizational units; likewise, speaking of a strong climate at the organizational level
would seem to imply a common set of perceptions pervade the organization. However,
empirical data has indicated the existence of significant and patterned variation in climate
perceptions within organizations (Dawson, Gonzalez-Roma, Davis, & West, 2008;
Dickson et al., 2006; Zohar & Luria, 2005). The work of Zohar and Luria is particularly
noteworthy in that they introduced a between-units model of safety climate dispersion
based on the notion that variation in mean climate levels between groups is non-random
and therefore meaningful and that climate strength is negatively related to
between-groups variability. Safety climate may be defined as perceptions shared among
employees regarding organizational policies, procedures, and practices as they relate to
the value and priority of safety within an organization, as well as the safety-related
behaviors that get rewarded and supported (Zohar, 1980). While Zohar and Luria’s
climate variability data suggested discrepant group climates, they used formalized work
units as the level of measurement in their dispersion model, which may have, in turn,
masked important response patterns at the organizational level. Returning to the idea that
multiple, differentiated climates may be more common within modern organizations
(Schneider & Barbera, 2014), the work of Zohar and Luria supports the argument that

lower levels of between-unit agreement may not necessarily indicate a complete lack of



6
consensus and may instead be indicative of multiple subclimates within which there may
be significant agreement and within which member climate perceptions coalesce into
similar response patterns on climate measurement scales (Ehrhart et al., 2013).
Subclimates are groups characterized by high climate strength (e.g.. within-group
alignment among members’ perceptions) and significant between-group discrimination.
Importantly, subclimates do not necessarily correspond to formalized work groups.
Subclimate group members may instead exhibit similarities in attributes such as
functional or occupational background (Martin, 2001; West, Topakas, & Dawson, 2014).
By limiting the study of climate strength to only formalized groups (e.g., work teams) in
which the majority of members agree (e.g., traditional within-group agreement indices),
climate researchers like Zohar and Luria risk overlooking important patterns of
differential group functioning (Ehrhart et al., 2013) as well as the possibility that
multiple, differentiated climates exist in organizations. Further, the continuing focus on
work teams as the unit of analysis may impede a more accurate examination of climate
strength at the organizational level (Kuenzi & Schminke, 2009).

It is worth noting that from both a conceptual and methodological standpoint the
identification and study of subclimates presents some difficulties. First, the use of
dispersion composition models as a conceptual foundation for organizational-level
climate strength calls for the use of variability statistics (Gonzalez-Roma & Peiro, 2014).
Variability statistics, however, will not allow for the identification of subclimates since
variability statistics assume unimodal distributions of climate scores (Chan, 1998). By
definition, subclimates are multimodal manifestations (West et al., 2014). Second,

dispersion models typically specify the use of intact suborganizational groups (e.g., work



teams, departments) as group-level measurement boundaries when assessing
organizational-level climate strength. This presents a conceptual hurdle when speaking of
subclimates, which often do not conform to these boundaries.

Recently, researchers have suggested reframing the study of variability in climate
perceptions as the study of divergence and have put forth an alternative model whereby
variability is assumed to be systematically patterned, such that the configuration of
perceptions as identified by response patterns may in fact represent a compilation form of
organizational climate emergence (Fulmer & Ostroff, 2015; Ostroff & Fulmer, 2014).
The comprehensive perspective of the configural compilation model lends itself to
examining climate outside the traditional boundaries of work groups and departments and
thus, would be more appropriate than dispersion models for identifying subclimates.
Although configural techniques have not been used to identify subclimates per se,
configural techniques such as cluster analysis have previously been utilized to examine
response patterns on dimensions of molar (i.e., generic) organizational climate (Ostroff,
Kinicki, & Tamkins, 2003). Studies have shown that particular configurations of response
are related to organizational effectiveness (Schulte et al., 2009), which suggests utility in
considering climate configurations. Furthermore, configural techniques have been used to
identify subgroups and collective climates (i.e., conceptually similar to subclimates) that
perceive the organization similarly based on climate survey response patterns
(Gonzalez-Roma, Peiro, Lloret, & Zornoza, 1999; Patterson, Payne, & West, 1996).

Ostroff and Fulmer (2014) and Fulmer and Ostroff (2015) have proposed that the
use of configural measurement techniques popular within the organizational culture

literature may aid in the identification and examination of groups that exhibit similar



climate response patterns. Latent class cluster analysis (LCCA; Nylund et al., 2007) is a
configural measurement technique that could be used to address the problems inherent in
identifying and studying subclimates. For the purposes of identifying subclimates, LCCA
offers several distinct advantages over cluster analysis. First, unlike cluster analysis
LCCA is model-based. Thus, the criteria generated for assessing and selecting cluster
solutions is less arbitrary. Second, the criteria and tests (e.g., Lo-Mendell Rubin test,
parametric bootstrapped likelihood ratio test) available for making decisions about the
number of latent classes (e.g., subclimates) are more formalized (Lo. Mendell, & Rubin,
2001; Nylund et al., 2007). Third, the model-based nature of LCCA lends itself to both
exploratory and confirmatory applications (Wang & Hanges, 2011). Given the current
lack of availability of climate typologies (Ehrhart et al., 2013), the exploratory utility of
LCCA to examine subclimates is apparent. Finally, LCCA is very flexible with regard to
data, and supports the use of mixed mode data (Bacher, 2000). This is particularly
important, as subclimates are multi-modal manifestations (West et al., 2014). By
conceptualizing subclimates as latent groups characterized by systematic response
patterns that exhibit within-group agreement and between-group differentiation, and by
using LLCCA to reveal those latent groups, this research contributed to an exploratory
examination of organizational climate outside the boundaries of traditional work groups
and departments. Broadly, LCCA would allow for the classification of an organization
into sublimates based on similarity of response patterns across climate dimensions. The
response patterns of distinct subclimates (e.g., that exhibit high climate strength and
significant between-group differentiation) could then be examined to identify meaningful

differences between them in terms of characteristics such as demographic attributes.



The study of subclimates using LCCA is valuable for several reasons. First, the
use of LCCA to identify subclimates entails the examination of unaggregated
organizational-level data, which avoids concerns that the use of work groups and
departments as standard organizational subaggregations may not be the most appropriate
level of analysis when examining organizational level climate strength (Kuenzi &
Schminke, 2009). Second, the examination of within-subclimate response distributions
and agreement statistics at the item level could assist in the identification of issues that
may be helpful to target when designing intervention plans to strengthen organizational
climate (Bliese, 2000). Third, the exploratory use of configural techniques like LCCA
would support the development of organizational climate profiles and typologies, which
have both practical and theoretical utility and have been largely ignored by climate
researchers (Schulte et al., 2009).

The work of Zohar and Luria (2005) supports an argument that that lower levels
of between-unit agreement may not necessarily indicate a complete lack of consensus and
may instead be indicative of multiple subclimates within which therc may be significant
agreement and within which member climate perceptions coalesce into similar response
patterns on climate measurement scales (Ehrhart et al., 2013). As such, safety climate
provides a sensible vehicle to conduct a preliminary exploratory application of LCCA to

examine safety subclimates.

Early Climate Research: 1939-1975

In order to establish the argument that LCCA can be used to identify and study
safety subclimates, it is necessary to understand the history of organizational climate and

the development of commonly used climate measurement models. Research on
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organizational climate evolved out of a more widespread interest in understanding how
situations influence behavior (Hellriegel & Slocum, 1974). The Hawthorne studies,
which provided substantiation for the socio-psychological influence of the work context
on employees and their performance (Mayo, Roethlisberger, & Dickson, 1939;
Roethlisberger, 1941), are often heralded as a seminal turning point in the approach to
modeling human behavior in organizations. In particular, these studies demonstrated that
the social situation and context within which employees work affect both employee
attitudes and productivity. The Hawthorne studies ushered in a social context-sensitivity
movement in industrial psychology that paralleled a more widespread departure from the
strict individual differences models that had been up to that point prevalent in general
psychology (Ehrhart et al., 2013). Psychologists soon began to use the term climate as a
label to explain the effects of situational influences on behavior, like those found in the
Hawthorne studies.

The term climate was formally introduced to the psychological domain by Lewin,
Lippitt, and White (1939), whose work on social climates was predominantly focused on
the effects of leadership styles on social behavior. Their perspective, aligned with
findings from the Hawthorne studies, was that individual behavior was a function of the
person and the environment. When investigating the role of democratic, autocratic, and
laissez-faire leadership styles on the functioning and performance of groups, Lewin and
colleagues examined the levels of aggression within groups and how the atmosphere, or
social climate, that emerged affected aggressive behaviors. Three features of their work
are worth noting. First, a major focus of the research was on the social climate

characterized by interactions of group members. Second, leadership style was



11
conceptualized as a proximal antecedent of group-level climate. Finally, their
observations of member interactions were focused on the groups as a whole, rather than
on individual differences among group members. Since many psychologists of the time
were focused on the examination of individual differences, relatively few were focused
on how the work context might factor into the person-environment equation. Soon after
World War 11, however, scholars in both psychology and management followed in the
footsteps of Lewin and colleagues, and began to address the potential influence of the
social context in organizations (Fleishman, 1953; Argyris, 1957, 1958; Leavitt, 1959;
McGregor, 1960; Likert, 1961; Schein, 1965). Organizational climate research soon

gained wider popularity within both scholarships.

1970s: Major Critiques

Throughout the 1950s and 1960s, climate researchers tended to rely on the
conceptual model of social climates as put forth by Lewin et al. (1939) whereby specific
leadership styles create specific types of climates, which then result in specific behavioral
responses from groups. Similar to Lewin and colleagues, other early climate researchers
(Fleishman, 1953; Likert, 1961; McGregor, 1960) studied climates with a particular
emphasis (e.g., leadership climate, managerial climate). However, there was a shift in the
late 1960’s toward investigating the entire content domain of organizational climate,
rather than a specific aspect like leadership. This more holistic view of conceptualizing
climate is known as molar climate. Molar climate enthusiasts viewed organizational
climate as being a set of generic, measurable properties of the work environment that are
perceived by organizational members and assumed to influence their motivation and

behavior (Campbell, Dunnette, Lawler, & Weick, 1970). The prevailing assumption at
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that time was that employees who experienced a positive general climate would be more
likely to exhibit superior performance. By focusing on assessing the contextual attributes
of the work environment associated with employees feeling positive about their work
setting, molar climate measurement scales attempted to capture how people-oriented the
climate of an organization was (Schneider & Bartlett, 1968, 1970).

Schneider and Bartlett (1968) were among the first to voice concerns over the
broad and amorphous nature of the molar climate construct. Likewise, other climate
researchers began to question how best to conceptualize and define climate (Litwin &
Stringer, 1968; Tagiuri, 1968), what the dimensionality of climate might be (Evan, 1968;
Litwin & Stringer, 1968; Meyer, 1968), whether organizations could have multiple
climates (Evan, 1968; Meyer, 1968), and whether climate was in fact relevant for
predicting specific organizational effectiveness outcomes (Litwin & Stringer, 1968).
These questions raised interest in theoretical and conceptual issues, as well as fueled
several important critiques that would ultimately serve to focus and orient organizational
climate researchers for years to come. For example, Litwin and Stringer noted that the
subjective and perceptual nature of climate would yield an “infinite variety of
organizational climates™ (p. 45). When developing a molar climate scale, Schneider and
Bartlett (1968, 1970) questioned the breadth organizational climate measures would need
to exhibit to accurately capture the dimensions of the total climate space. Finally,
Campbell and colleagues (1970) questioned whether climate was in fact being
conceptualized as an individual attribute, as opposed to an organizational attribute as

originally conceptualized by Lewin and colleagues (1939), whether climate was best
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measured using objective or subjective perceptual approaches, and whether climate could
be conceptualized as a direct predictor of organizational performance.

Lack of conceptual clarity. To understand how the field of organizational
climate began to organize and address such questions, it is helpful to review the critiques
that subsequently emerged in the wake of Campbell and colleagues’ (1970) review. The
critiques by Guion (1973), Johannesson (1973). and James and Jones (1974) are
particularly noteworthy because the issues raised therein forced climate researchers to
address specific problems with regard to conceptual clarity, scale validation,
differentiation from affective-oriented constructs, inconsistencies in the climate-outcome
relationship, and measurement.

Guion (1973) most forcefully argued there was a lack of conceptual clarity
regarding climate. He argued that there was no conceptual standard in place to guide
whether climate should be studied as an attribute of the organization, as it was originally
conceived by Lewin and colleagues (1939), or as an attribute of the individual. Calling
organizational climate “one of the fuzziest concepts to come along in some time™ (p.
121), he opined that many climate researchers, were studying climate at the individual
level of analysis out of methodological convenience and strong individual differences
orientations. The lack of conceptual clarity, coupled with the tendency to study climate at
the individual level of analysis, led to climate being frequently measured at what Guion
viewed as the improper level of analysis.

James and Jones (1974), of the individual differences orientation, were active in
commenting on Guion’s critique on the proper level of theory and level of analysis for

organizational climate studies. They argued for emphasizing the individual as the basic



14

unit of climate theory based on the opinion that variance in climate perceptions “is a
function of differences between individuals and is not necessarily descriptive of
organizations or situations” (p. 1103). More specifically, James and Jones conceptualized
climate as a process that intervenes between the individual-level processing of
organizational attributes and the respective development and exhibition of employee
attitudes and behaviors. They therefore defined climate as the individual-level, personal
perceptions of the social setting or context to which an individual belongs. This construct
came to be known as psychological climate (Jones & James, 1979).

Hellriegel and Slocum (1974), in response to Guion (1973) and in opposition to
James and Jones (1974), argued that the bulk of climate history and literature had clearly
supported the conceptualization of climate as an attribute of the organization, rather than
as an attribute of individuals. They defined organizational climate as a shared. emergent,
unit-level phenomenon derived from the aggregation of individual perceptions and used
to represent the climate of larger units of analysis (e.g., organizations and their
subsystems). Although James and Jones disagreed and viewed the individual as the focal
unit of climate theory, they did propose that conceptual disagreements could be avoided
if researchers took care to theoretically distinguish psychological (e.g., individual-level)
climate from organizational (e.g., unit-level) climate. This proposition was important in
that it supported the clarification of conceptualization of the organizational climate
construct and allowed a transition in focus toward related measurement issues (Schneider,
2000).

Lack of validation against objective organizational measures. Along with

criticisms regarding a lack of conceptual clarity, Guion (1973) and James and Jones
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(1974) also questioned the established precedent that climate be measured perceptually,
arguing that such measurements resulted in an inability to validate organizational climate
against objective measures of reality. Their concern was that objective measures such as
turnover and accidents would not be subject to filtration through individual perceptual
lenses and, would thus be more accurate measures of the organizational reality being
perceived. Other climate scholars rejected this criticism, stressing that the objective facets
of the work setting are not the climate, but rather climate is the meaning attached to the
experiences of the work setting (Schneider, 1975). In their review of climate research,
Hellriegel and Slocum (1974) agreed, noting that “‘to the extent a climate researcher has a
strong interest in understanding and anticipating the human component within
organizations, it is probably desirable to employ perceptual measures™ (p. 260).

Correlation with outcomes of interest. In addition to concerns about a lack of
conceptual clarity and lack of validation against objective organizational metrics,
researchers were concerned that organizational climate had not shown an ability to
correlate with relevant outcomes of interest. Of primary concern was that the focus of
much early research on organizational climate was on employee well-being rather and
satisfaction rather than measures of organizational effectiveness. In a detailed review of
climate measures and studies investigating the relationship between organizational
climate and performance outcomes, Hellriegel and Slocum (1974) concluded that for
those studies that did examine the relationship between climate and performance, the
relationship was inconsistent. Conversely, they found consistent relationships between

climate and satisfaction, which led to concerns that climate may not be differentiated
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from affective evaluations and work attitudes like job satisfaction (Schneider & Snyder,
1975).

Lack of differentiation from affective evaluations and attitudes. The focus by
researchers on the measurement of individual well-being and satisfaction, in particular,
resulted in the dimensionality of organizational climate being reflective of personal
experiences rather than descriptive of the organizational setting. This, in addition to the
consistent relationships found between climate and satisfaction, led Guion (1973) and
Johannesson (1973) to question whether the construct of organizational climate
overlapped attitudes like job satisfaction. In response, other researchers stressed the
importance of differentiating between descriptions of the work environment and personal
evaluations of one’s job situation, with the former distinguishing organizational climate
and the latter distinguishing affective appraisals associated with job attitudes (Hellriegel
& Slocum, 1974; Payne, Fineman, & Wall, 1976; Schneider, 1975; Schneider & Snyder,
1975).

Lack of consensus in ratings of organizational climate. Finally. Guion (1973)
questioned how a lack of consensus in ratings of organizational climate by organizational
members should be considered with regard to measurement and aggregation procedures.
He argued that to form meaningful macro-level climate indices, aggregated
individual-level data could not exhibit variance, as variance would necessarily indicate
less than 100 percent agreement of climate perceptions and, thus, would not be indicative
of a shared reality. Vigorous debates over the role and importance of variance in climate

measurement would subsequently continue for decades.
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Responses

In an attempt to address the major critiques and unresolved issues, Schneider
(1975) wrote an essay outlining his support for the construct and provided a proposal for
a cohesive path for future climate research. Addressing the inconsistencies found in
research studies between organizational climate and performance, he explained that the
amorphous nature of molar climate resulted in the development of measurement scales
that often included too many dimensions. He suggested that the ever-increasing number
of dimensions made it difficult to tailor measurement in a way that would uncover
correlations between organizational climate and outcomes other than well-being. In a
departure from the established molar approach, he argued that the criterion of interest
should instead drive what content was included in climate scales so that climate
correlates or predictors would then be linked both conceptually and operationally to more
specific outcomes. He further argued that by conceptualizing climate as focused on
descriptions of organizational events regarding specific organizational goals or processes
(e.g., service, safety), and by relating them to applicable outcomes of interest (e.g.,
customer satisfaction, accidents), that a more focused climate approach would alleviate
many of the most heavily cited issues (Schneider, Parkington, & Buxton, 1980; Zohar,
1980). Schneider explained that unlike molar climate scales, focused climate scales
would be less similar to general attitudinal measures and would therefore be more likely
to uncover relationships with variables other than general satisfaction or well-being. He
argued that focused climate conceptualizations would allow the multitude of climate
dimensions to be narrowed to those most relevant for predicting related outcomes of

interest. Regarding the practical utility of climate, he noted that when dimensions are
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narrowed and scale items related to specific goals and processes within an organization,
the relationship between focused climate and the related outcome would be strengthened
both empirically and conceptually. Finally, when addressing the critiques regarding the
appropriate levels of analysis at which to conduct climate research, Schneider agreed that
researchers had not been taking care to aggregate variables to the appropriate level of
analysis. More specifically, he believed researchers were not ensuring that the level of
analysis of the criterion being used was aligned with the level of analysis of the collection
and examination of data. Schneider suggested that improper alignment could have led to
the inconsistencies in relationships found by Hellriegel and Slocum (1974) since climate
may show stronger or weaker relationships at different levels, depending on the particular

outcome being used.

Modern Climate Research: 1976-2016

Following its introduction by Lewin and colleagues (1939), the concept and study
of organizational climate has evolved greatly. By the mid-1960s there was increased
interest in empirical examination of the concept. However, definitional disagreement and
confusion between the level of the theory and the level of data gathered and analysis
undertaken soon led to several influential critiques (Schneider et al., 2011). Major
critiques articulated concerns regarding whether climate was an attribute of the individual
or of the organization (Guion, 1973; James & Jones, 1974), whether there was overlap
between climate and job attitudes (Johannesson, 1973; Schneider & Snyder, 1975), and
whether consistent relationships with organizationally-relevant outcomes could be found
(Hellriegel & Slocum, 1974). Several researchers, including Hellriegel and Slocum

(1974), James and Jones (1974) and Schneider (1975), provided reviews and replies that
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stressed the importance of distinguishing between psychological and organizational
climate and in clearly delineating the most appropriate level of analysis for criteria and
data collection. Schneider’s responses to the critiques were fundamental in that they not
only offered answers to difficult questions, but in that they also charted the course of
subsequent climate research. His observations regarding the need to align the level of
measurement and the level of analysis heavily influenced debate and research on climate
measurement and subsequent levels of analysis issues. His responses also contributed to
progress on the clarification of the definition of organizational climate and offered
substantiation for the application of statistics such as rwg; (James & Jones, 1974) to
justify aggregation of climate perceptions to the unit level. By supporting a return to the
early approach of studying specific climates (LLewin et al., 1939: Fleishman, 1953;
McGregor, 1960) to increase construct validity, Schneider also advocated for what
eventually became known as the focused climate approach that is dominant in
organizational climate research today.

Following Schneider’s (1975) essay, climate research slowed during the 1980s
and 1990s. This slowdown has been primarily attributed to lingering disagreement
between psychological and organizational climate-oriented psychologists over the
appropriate level of theory and appropriate level of data and analysis from which to
conceptualize and conduct climate studies (Schneider et al., 2011). During the 1980s,
research interest shifted instead toward the construct of organizational culture (Pettigrew,
1979), presumably, in the words of Schneider, Ehrhart, and Macey (2013), due *‘to the
fact that it seemed to capture the richness of the organizational environment in ways that

climate research had not™ (p. 363). Additionally, organizational culture research
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perspectives were attractive to climate researchers precisely because levels of analysis
issues did not pose a problem, since the collective was the sensible unit of analysis and
individual differences were therefore irrelevant (Schneider et al., 2011). After an
interlude, research on organizational climate gained popularity again, and now largely

eclipses the number of studies on culture.

Medern Conceptualizations of Climate

Modern conceptualizations of organizational climate have benefited from the rich
history of critiques and responses by early climate scholars such that the key conceptual
attributes and definition of the construct have been extensively refined and clarified
(Schneider, 2000). Renewed interest in climate research has been attributed to several
advancements that addressed the earlier critiques and, in so doing, provided a clearer
investigative pathway for a new generation of climate researchers (Ehrhart et al., 2013).
First, the definition of organizational climate has been extensively clarified. Now that an
accepted distinction has been made between organizational- and individual-level climate
perceptions (James et al., 2008; Ostroff et al., 2003), organizational climate is now
widely regarded as an aggregate, unit-level attribute (Chan, 1998; Kozlowski & Klein,
2000; Ostroff et al., 2003) and researchers increasingly specify level-adjusted perceptions
when defining and measuring the construct (Chan, 1998; Kozlowski & Klein, 2000;
Zohar, 2010). Second, there is general agreement that matching the bandwidth and focus
of measures and outcomes improves the validity of climate research as well as the
understanding of the contexts that are likely to bring about specific, focused climates
(Burke, 2011). This advancement is due to continuation by climate researchers in the

steps of Schneider (1975), who advocated for studying climates and outcomes focused on
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specific aspects of the organizational context (e.g.. service. safety). Empirical support for
the focused climate approach has increased conceptual understanding of the antecedents
and consequences of the construct, as well as extended its practical usefulness to a wider
audience (Schneider, 2000). Third, research has consistently shown that focused
organizational climate is linked to a variety of important organizational outcomes at
individual, group, and organizational levels (Kuenzi & Schminke, 2009). Finally,
organizational climate research has advanced enough to support the investigation of
multi-level modeling and cross-level relationships (Schulte et al., 2009; Zohar & Luria,
2005), using more sophisticated measurement parameters (Schneider et al., 2002).

Key conceptual attributes. In their recent writings on the history and current
state of organizational climate research, Ehrhart and colleagues (2013) endorsed the
following modern definition of climate:

Organizational climate is the shared meaning organizational members attach to

the events, policies, practices, and procedures they experience and the behaviors

they see being rewarded, supported, and expected. Organizational climate is an
abstraction that represents the cognitive structuring of a whole out of many
observations and experiences; the whole is the meaning attached to those many
observations and experiences. Thus, climate is conceptually an abstraction about

the meaning of a setting for the members that experience it. (p. 2)

This definition is exemplary for several reasons. First, in line with the writings of
Schneider and Reichers (1983) on the etiology of climates, it accounts for the constituent
inputs and processes related to both the person (James, James, & Ashe. 1990) and the

situation (Katz & Kahn, 1978). Thus, this definition captures the conceptualization of
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climate from a social-interactionist perspective (Berger & Luckmann, 1967) and

considers the wider context of the organization (Johns, 2006) as an open social system

(Katz & Kahn, 1966). More important, this definition makes explicit the role of the

shared meaning attached by organizational members to their perceptions and experiences,

which is considered a key conceptual attribute (Schneider, 2000). To succinctly

summarize conceptual commonalities found in modern definitions of organizational

climate, Ehrhart, Schneider, and Macey distilled the following five attributes:

1.

The emergence of organizational climate occurs via numerous mechanisms (e.g.,
social mechanisms such as leadership, communication, social interaction, training,
and structural mechanisms such as system strength, organizational context,
internal consistency of policies, practices, and procedures.).

The mechanisms are not climate. Rather, the experiences that the mechanisms
produce, and the meaning attached to those experiences, are climate.
Organizational climate is not an individual-level property. It is a group-level
property of units and/or organizations, based on shared experiences and shared
meaning.

Shared experiences and shared meaning derive from interactions in units and/or
organizations.

Organizational climate is a descriptive abstraction of experiences at work and the
meaning attached to those experiences by organizational members. It is not an
affective evaluation of the work environment (e.g., satisfaction).

Chan’s (1998) compositional typology. While the development of statistical

indicators of agreement and guidance on their use (Schneider, 1975) was a large step
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toward resolving the levels of analysis debate (Schneider et al., 2011), questions began to
surface whether climate would remain isomorphic (i.e., identical) across levels (Klein,
Dansereau, & Hall, 1994; House, Rousseau, & Thomas-Hunt, 1995). Full resolution to
the levels of analysis debate did not occur until frameworks were developed for clarifying
multilevel conceptualizations and deciding on measurements for climate at multiple
levels of analysis (Chan, 1998; Morgeson & Hofmann, 1999; Kozlowski & Klein, 2000).
The framework most frequently used by climate researchers for this purpose is Chan’s
(1998) typology of composition models.

Chan’s compositional typology (1998) is derived from the work of James (1982),
who defined compositional models as “the specification of how a construct
operationalized at one level of analysis is related to another form of that construct at a
different level of analysis” (p. 220). More recently, Chan (2014) defined compositional
models as “specifying functional relationships between constructs at different levels,
including how variables at a lower level may be aggregated in different ways to compose
the construct at higher levels (p. 486). Chan’s original typology included five forms that
compositional models may take, three of which are heavily used by climate researchers
when conceptualizing and operationalizing organizational climate. These five forms are:
(a) additive, (b) direct consensus, (c) referent-shift consensus, (d) process and (e)
dispersion.

Additive models specify that group constructs are a result of the summation of
lower level variables, regardless of the variance among those groups (e.g.. aggregation of
psychological climate perceptions to represent organizational climate). Aggregation is

accomplished by simply averaging the individual-level climate perceptions to form a
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mean organizational climate score. In consensus models, both direct and referent-shift,
within-group agreement of scores from lower-level measures is used to index consensus.
The mean of individual-level responses within a group is used, after meeting selected
cutoff criteria for within-group agreement, to represent the group’s value on climate. That
is, where there is high agreement at the lower-level, aggregation to represent variables at
higher levels is considered justified. With direct consensus models, the group construct is
specified by consensus among the lower-level variables. Within-group consensus at
lower levels is used as specification for how a construct conceptualized and
operationalized at a lower level of analysis could be functionally isomorphic as one at
higher levels. The direct consensus approach to measurement is favored by
individual-level oriented (i.c., psychological) climate researchers who emphasize the
individual as the primary unit of theory (Glisson & James, 2002; James et al., 2008) and
when climate survey items tend to assess personal affect or opinions of the organizational
environment (e.g., I have the tools and resources necessary to provide efficient service.).
Conversely, referent shift models specify that there is a distinction between original
lower-level variables and those formed by consensus. That is, the referent of climate
survey items in this case is shifted from the individual to the group, and the resulting
construct is assumed to be shared by group members (e.g., In my group we have the tools
and resources necessary to provide efficient service.). Organizational climate researchers
have most often used the referent-shift consensus model to compose organizational
climate, arguing that this approach is most appropriate since items developed with a
referent-shift will correctly refer to the level to which individual climate responses will

be aggregated, as well as result in improved consensus upon aggregation (Bliese, 2000;
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LeBreton & Senter, 2007). Process models specify that process parameters are analogous
at multiple levels. A process model for climate formation, for example, would outline
how the process of psychological (i.e., individual) climate development is analogous to
group- and organizational-level climate emergence. Finally, dispersion models specify
that the variance of lower-level variables is the meaning of the group-level construct
(Brown & Kozlowski, 1999; Kozlowski & Klein, 2000). That is, dispersion models
conceptualize the degree of within-group agreement of scores from the lower-level
measure as a construct of interest in its own right, rather than strictly a statistical

prerequisite for aggregation (Chan, 1998; Kozlowski & Klein, 2000).

Measurement Parameters

In addition to specifying functional relationships between constructs at different
levels, compositional models have also been heavily relied upon to assist in
operationalizing climate measurement parameters from the individual to the group and
organizational levels. Chan’s (1998) referent-shift consensus model and dispersion
composition model, in particular, provide the framework for two aggregated constructs
called climate level and climate strength. The two constructs are distinct in their
definitions and measurement implications, yet both are derived from the same
individual-level climate perceptions.

Climate level. Climate level may be defined as a unit-level rating of climate
perceptions (Zohar & Luria, 2005). In the majority of climate studies, the mean value of
individual perceptions of the organizational climate are calculated and if aggregation is
statistically justified based on established values (Bliese & Halverson. 1998: Chan, 1998;

James, 1982; Klein et al., 1994), individual-level climate scores are then aggregated to



26
yield a unit-level climate rating. When speaking of a focused climate, like safety climate,
climate level reflects the level of perceived organizational priority for safety (Zohar,
2010). Alternatively, climate level may be construed as a measure of central tendency.
That is, climate level may be designated as low or high, essentially referring to the
relative position of the organizational or group average to the negative (i.e., low) or
positive (i.e., high) end of the response scale. With a focal climate. then, a high climate
level would typically indicate a higher perceived priority for the respective focal facet,
while a low score would indicate a lower perceived priority (Schneider et al.. 2011; Zohar
& Tenne-Gazit, 2008).

Another issue central to fostering resurgence of climate research was the
clarification of circumstances under which the aggregation of individual-level data to
higher levels of analysis (e.g., unit or organization) is appropriate (Bliese, 2000). As
previously noted, one of the major critiques of early climate research was what role
consensus played in climate measurement (James & Jones, 1974). Specifically, many
researchers had questioned how variability in climate ratings should be considered with
regard to legitimizing aggregation, to include concerns with the most appropriate
methods and indices to be used in calculations of within-group agreement (Guion, 1973).

James (1982) was particularly integral in clarifying the issue of consensus. In
1984, James and colleagues developed the rwi index, which is an index of interrater
agreement for a group. The rwg index 1s calculated by comparing an observed group
variance with an expected random variance. For the rwi index. a value of .70 is
frequently invoked as the cutoff level required to justify aggregation. However, this value

has been criticized as arbitrary. and it has become standard practice to compute interrater



27
rehability indices such as intraclass correlation coefficients to facilitate aggregation
decisions (Ehrhart et al., 2013). More specifically, the rug; statistic is often coupled with
the use of interclass correlations (ICC) to aid in the assessment whether the aggregation
of climate scores is justified (Bliese, 2000). The most frequently used 1CCs used for this
purpose are the interrater agreement [CC(1) and interrater reliability ICC(2) statistics.
When speaking of climate, interrater agreement addresses the extent to which members
provide the same absolute ratings of a climate. When members provide the same rating,
then their ratings would be interchangeable. By contrast, interrater reliability addresses
the extent to which, across members, rank ordering of ratings are consistent. Two
separate, but related, measures are frequently used by climate researchers to assess both
interrater agreement and interrater reliability of climate perceptions. ICC(1) is the
percentage of variance explained by the unit. When there is low variability within units
and high variability across units, high ICC(1) scores will result. However, if there is high
variability within units or low variability across units, [CC(1) will be negatively affected.
ICC(2) is an index of the reliability of group means (Bliese, 2000). When using both
interrater agreement and interrater reliability indices, aggregation is considered justified
when there is both high interrater agreement and high interrater reliability (Bliese, 2000).

Although several other agreement statistics are available, including the average
deviation (AD) index (Burke, Finkelstein, & Dusig, 1999), aWG (Brown & Hauenstein,
2005), and within and between analysis (WABA; Dansereau, Alutto, & Yammarino,
1984), the rwa statistic is still the most common indicator used by climate researchers to
report within-group agreement (LeBreton & Senter, 2007). Even though the joint use of

the rwg; statistic and ICC(1) and ICC(2) are now standard practice when calculating and
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interpreting aggregation statistics, there is some disagreement over whether all three are
needed. In particular, George and James (1993) argued that aggregation is conditional
only on there being agreement within-groups, not differences across groups. This debate
has largely been resolved by the development of Chan’s (1998) compositional typology.
which allows for the specification of the climate construct via various models (Chan,
1998; Kozlowski & Klein, 2000) that dictate the conceptualization and measurement of
the focal variables.

A more widespread and current debate has been whether researchers should apply
strict cutoffs to aggregation statistics when interpreting them (Lance, Butts, & Michels,
2006; LeBreton & Senter, 2007). Rather than using the strict, and arguably arbitrary,
cutoff of .70 for rwaj, LeBreton and Senter argued that it is more sensible to interpret
scores on a continuum along which researchers may group responses as no agreement
(0.00 to 0.30) to moderate agreement (0.51 to 0.70) to strong agreement (0.91 to 1.00).
Similarly, they recommended interpreting ICC(1) values as an effect size, with 0.01
being a small, 0.10 a medium, and 0.25 a large effect size. The complexity of
interpretation of aggregation statistics does not end with the application of cutoffs. Table
I presents three scenarios that illustrate the complexity of such issues that must be

considered by researchers as well as related considerations and recommendations.
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Table 1
Justifying the Aggregation of Climate, based on Adequate Interrater Agreement and
Reliability
Scenario Standard Consideration Recommendation
Weak Average rwa; May be of Do not necessarily
aggregation higher than .70  conceptual interest;  remove groups with low
statistics or ICC(1) values may indicate agreement; examine
greater than .10 differentiated overall pattern of
climates agreement across all
groups in dataset
(Kaufman & Rousseeuw,
2009; LeBreton & Senter,
2007)
Within-unit Target minimum  High within-group Consider including small
sample size within-group agreement may samples that exhibit high
variability response rates provide justification  within-group agreement
20%-30% that sample is (Newman & Sin, 2007)
providing
meaningful
representation of
views of unit
Dictating ICC(1) values of Nested structures Calculate ICC(1) values
appropriate .10 or greater may be present and  for each level to

level of analysis

should be accounted
for

determine the appropriate
target level(s) of analysis
(Zohar & Luria, 2005)

Although established analytical justifications for aggregation are heavily relied upon,

climate researchers have begun to stress the importance of explicating the linkages

between theoretical rationale and analysis for aggregation decisions (Kozlowski & Klein,

2000). For example, Ehrhart and colleagues (2013) advocate for the consideration of

organizational context when establishing relationships between the level of theory and

the level of groups being studied (e.g., the structure of groups and nature of their work).

Further, researchers suggest that the simplistic application of cutoff scores with

traditional aggregation statistics may be inadvisable, given that there may be instances
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and contexts in which the use of lower or higher standards may be advisable (LeBreton &
Senter, 2007). In a related vein, if the level of theory and units under analysis are
well-justified, researchers have advocated for the examination of weaker aggregation
statistics before assuming analysis at the focal level is inappropriate. In such an instance,
Ehrhart and colleagues advocate for the use of an assessment based on an overall pattern
of agreement across all groups in a dataset. In this way. a researcher may also consider if
variability of within-group agreement may be conceptually of interest (Kaufman &
Rousseeuw, 2009), and therefore worthy of further examination. These issues all merit
thoughtful consideration and may, as Bliese (2000) noted, require judgment calls on the
part of the climate researcher. Although there is little argument that climate, as an
aggregate indication of shared meaning, requires statistical demonstration that meaning is
shared, researchers now have several options to calculate and interpret indicators of
consensus and need not rely solely on strict cutoff scores.

Climate strength. In contrast to the consensus model used as a basis for
legitimizing aggregation, dispersion theory (Brown & Kozlowski, 1999) and dispersion
models (Chan, 1998) allowed for the consideration of climate not only in terms of means,
but also in terms of variability. More specifically, dispersion models specify that the
meaning of a group-level construct is derived from the variance of lower-level variables
(Kozlowski & Klein, 2000). When speaking of measurement parameters for
organizational climate, dispersion models conceptualize the degree of within-group
agreement of scores from the individual measure of climate as a construct of interest in
its own right. Indicated by the statistical characteristic of consensus in organizational

climate research (Evan, 1968; Lindell & Brandt, 2000), the degree of within-group
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agreement among member perceptions of climate is a construct referred to as climate
strength (Schneider et al., 2002). Climate strength may be defined as the extent to which
member perceptions within a group are aligned with each other (Gonzalez-Roma et al.,
2002). Alternatively, climate strength may be thought of as a measure of dispersion
reflecting variability of climate perceptions within a unit. The climate strength
measurement parameter allows climate researchers to quantify the amount of shared
meaning present in a group, and is key to understanding the nature and operation of
organizational climate in organizations (Schneider et al., 2011; Zohar, 2010).

The operationalization of climate strength is based on dispersion measures and
homogeneity statistics (e.g., variance, standard deviation, average absolute deviation,
rwgp, coefficient of variation), such that the greater the demonstration of group consensus
the stronger the climate is said to be (L.eBreton & Senter, 2007; Schneider et al., 2002).
With regard to standards of use, there have been arguments to support the use of standard
deviation over the rvg homogeneity statistic when calculating climate strength. Bliese
(2000) noted that the use of rwg overlooks practical and theoretical concerns related to the
use of the uniform distribution as the null distribution since the null distribution assumes
no response bias and that each response option is equally likely to be selected on a Likert
scale (LeBreton & Senter, 2007; Likert, 1967), therefore not accounting for expected
random variance (Brown & Hauenstein, 2005). Further, the frequently used rectangular
distribution does not take into account the predominance of using restricted segments of
response ranges (Zohar & Tenne-Gazit, 2008). Finally, the use of rvg can lead to
difficulty in interpretation and overestimation of the degree of agreement based on the

likelihood of resulting in values greater than one (Schneider et al., 2002).
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It is important to note that caution should be used when interpreting climate levels
based on the amount of within-group variance (e.g., climate strength) that is present. For
example, if within-group variance is high (e.g., indicating a weak climate), the group
mean of climate scores is more unreliable, and may thus not be an appropriate measure of
climate level for the group. Thus, the group mean (i.e., climate level) would not be a
meaningful measure of central tendency if high levels of variance exist. This has led to
the recommendation that researchers should make efforts to obtain construct validity

evidence for climate strength rooted in processes of climate emergence (Chan, 2014).

Composition and Compilation Models of Climate
Emergence

The processes by which individual perceptions coalesce to emerge as
organizational climate may differ with regard to their distinct aspects and forms.
Leveraging the compositional typology framework of Chan (1998), Kozlowski and Klein
(2000) developed a comprehensive typology of emergence to guide the conceptual
treatment of multilevel and aggregation issues and to explicate differences between
composition and compilation emergent processes. More specifically, in their model
composition emergent processes assume isomorphism in terms of construct similarity
across levels of analysis. When speaking of organizational climate emergence, the
essential features of a composition process are convergence and sharedness of
perceptions among sub-organizational aggregates. Conversely, compilation emergent
processes assume discontinuity in terms of differences in the structure of the construct
across levels of analysis. In this case, the essential features of a compilation process of

organizational climate emergence would be variability and configuration among
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sub-organizational aggregates. Relating their conceptualization of emergent processes to
Chan’s typology., Kozlowski and Klein explained that additive, direct-consensus, and
referent-shift consensus composition models are consistent with composition processes,
while dispersion and process composition models are consistent with compilation
processes. The relevance of this emergence typology is that it allows for viewing climate
emergence along a continuum, along which six forms of climate emergence (e.g.,
convergent, pooled constrained, pooled unconstrained, minimum/maximum, variance,

and patterned) may be conceptualized.

Patterned Emergence

In composition forms of climate emergence, the end result of the emergent
process is assumed to exhibit low variance or consensus of individual-level elements
(Chan, 1998; Hazy & Ashley, 2011), such that within-group variability is considered as
indicative of a weaker climate. However, consensus does not always occur within the
confines of suborganizational aggregations (e.g., departments) and perceptions may
diverge systematically across the organization (Fulmer & Ostroff, 2015). Kozlowski and
Klein’s (2000) compilation model of patterned emergence helps to explain these
phenomena. The authors state that “This model incorporates the assumption that
emergence may manifest itself as different forms, and it views nonuniform patterns of
dispersion as meaningful substantive phenomena” (p. 41). Importantly. a uniform
distribution assumes a single mode, and indicates either strong or weak agreement.
Conversely, a nonuniform distribution assumes high skewness or multiple modes, and

indicates either strong or weak disagreement.



34

In organizational culture, Fulmer & Ostroff’s (2015) proposition that variability
may be systematically patterned is not new. In an effort to understand the factors that
might prevent or inhibit relationships between organizational culture and organizational
effectiveness, organizational culture researchers have investigated similar systematic
differences in perception (Scott, Mannion, Davies, & Marshall, 2003). Recent work by
Lok, Rhodes, and Westwood (2011) and West and Spendlove (2006) on professional
variation in organizational culture in healthcare settings has shown that nurses can have
different culture experiences than physicians in the same settings, and that perceptual
differences emerge from occupation-specific norms and training. Their findings further
indicated that subcultures act as the mechanism through which organizational culture
influences employee outcomes.

Martin and Siehl (1983) and Martin (1992, 2001) are organizational culture
researchers who have been active in promoting the idea that multiple cultures and
climates can exist within an organization. such that clusters of people could emerge with
different or unique experiences, and that differentiated subcultures and subclimates can
affect organizational functioning and effectiveness. Organizational subcultures can be
defined as “a group or unit in an organization that is in frequent interaction, which
perceives itself to be distinct from other groups in the organization, and that shares
similar problems as well as in-group understanding of ways of solving such problems™
(Morgan & Ogbonna, 2008, p. 42). In their original conceptualization, Martin and Siehl
categorized subcultures as either enhancing, orthogonal, or countercultures. Enhancing
subcultures can be described as those that are aligned with and amplify the dominant

culture of an organization, through fervent support of fundamental values, artifacts, and



beliefs. Orthogonal subcultures exist as an intersection between the two, whereby a
subculture simultaneously coexists with the dominant organizational culture yet holds
idiosyncratic (e.g., occupation-specific), non-conflicting values. Finally, countercultures
are those that are active in their opposition to the established, or dominant, culture.

Martin (2001) outlined three competing perspectives that serve as a framework
for understanding how organizational culture may be differentiated into subcultures.
Although she recognizes the legitimacy of the widely held integrationist
conceptualization of culture, which stresses that culture can in fact be shared throughout
the organization, she advocates for two other perspectives as a more realistic norm. The
fragmented view denies the property of sharedness absolutely, stressing that individual
member differences (e.g., hierarchical level, occupation, personality) would necessarily
preclude the shared experience of organizational events and thus, similarity in the
meaning attached to those events. Alternatively, the differentiation perspective,
considered a compromise between the integrationist and fragmented views, assumes that
all aspects of an organization’s culture are not necessarily shared and that members
belong to subcultures. Subcultures are often delineated by categorical attributes such as
job function, occupation, and gender. Subculture members are thought to share
perceptions and values that differ from other subculture groups or even the organization
as a whole. As a result of subculture membership, members may experience different
events or may attach different meanings to the events experienced by all members of the
organization.

Martin (2001) argues that there are frequently multiple differentiated climates in

organizations and, as such, the integrationist perspective is most unusual. More recently,
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Martin. Frost, and O’Neill (2006) described three characteristics that. if observed in an
organization, would substantiate the differentiated viewpoint of organizational culture.
That is, if there are inconsistencies of member interpretations across the organization,
consensus limited to subculture boundaries, and clarity existing only within subcultures,
the organizational culture can said to be differentiated (e.g., not unitary).

Research findings have indicated that subculture development can result from
drivers such as physical proximity, similarities in tasks or status (e.g.. occupation or
hierarchical level), and workflow dependencies (Van Maanen & Barley, 1985) as well as
from similarities in age, ethnicity, and education (Trice & Beyer, 1993). Similar to
organizational climate, these factors can contribute to more regular interaction, which
helps to develop collective understandings and interpretations of organizational events as
well as a sense-making system that drives the development of normative behaviors. In an
investigation of organizational culture of an urban police department, Jermier, Slocum,
Jr., Fry, and Gaines (1991) used cluster analysis to investigate subcultures. The authors
found five distinct clusters, or subcultures, that were associated with structural variables
(e.g., rank, departmental assignment, and shift), individual variables (e.g.. tenure), and
outcome variables (organizational commitment and performance). Only one of the five
subcultures identified was found to be closely aligned with what was defined as the
official organizational culture, lending support to the differentiation perspective

developed and promoted by Martin (1992, 2001).

In Organizational Climate

Recently, climate researchers have advocated for the conceptualization of climate

as a differentiated phenomenon, citing the work of Martin (2001) as an applicable
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framework (Schneider & Barbera, 2014). Similar to Martin, who views multiple,
differentiated cultures rather than one integrated and unified organizational culture as the
norm within organizations, climate differentiation advocates view organizations as
having multiple climates that can be identified and differentiated by examining variability
more closely. There are two frameworks that may be used to explain and investigate
climate differentiation. The first view conceptualizes climate differentiation as a function
of the level in the organization. That is, organizational climate may be interpreted as a
multi-level phenomenon with sources of climate perceptions relating, respectively. to the
organizational and group level of analysis. In recent years, advances in multi-level
modeling techniques (Kozlowski & Klein, 2000), in concert with the increased use of
level-adjusted climate scales, have supported the examination of main and cross-level
effects of climate of both the work group and organization on outcomes of interest
(Zohar, 2000; Zohar & Luria, 2005). The second, and less frequently invoked, view is
that variability in organizational climate perceptions may be patterned, and related to
functional and occupational differences rather than level. In the past. this framework has
been used as the basis for examining collective climates (Joyce & Slocum, 1984).

Collective climates can be defined as aggregated individual climate perceptions
based on groupings or clusters that exhibit similarity in perceptions (James, 1982).
Gonzalez-Roma and colleagues extended the work of Joyce and Slocum (1984) by testing
the validity of the collective climates concept. Collective climates were originally
proposed by Joyce and Slocum to overcome issues with obtaining within-group
agreement to justify aggregation in formally defined sub-organizational aggregates (e.g.,

department, hierarchical level, and work team). With collective climates, agreement must
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be demonstrated among climate perceptions of individuals in the same cluster, rather than
formally defined suborganizational aggregates. The concept and meaning of collective
climates was criticized by Payne (1990) for only demonstrating that clustering techniques
work, rather than demonstrating that clusters have conceptual utility for understanding
the functioning of organizations. He argued that for collective climates to be meaningful
social constructs, researchers had to demonstrate that perceptual agreement within each
cluster was based on a formal or informal structured collective with a socio-psychological
identity.

In a quest to understand the conditions most likely to elicit strong versus weak
climates, researchers have begun to amass considerable evidence that climate strength is
subject to social influence (Dickson et al., 2006. Gonzalez-Roma, Fortes-Ferreira, &
Peiro, 2009; Schneider et al., 2002; Zohar, 2010; Schneider et al., 2013). That social
influence could affect perceptual consensus is not a new notion. In 1938, Barnard
emphasized that groups are defined and understood through a system of interactions and
that through those interactions uniform states of mind can come to exist. Pressure toward
attaining uniformity, as explained by social comparison theory (Festinger, 1954), is
driven by the need to interpret reality. When the organizational environment is complex
or ambiguous, individuals tend to turn toward their social networks or referents for
interpretive assistance.

Organizational theory literature defines symbolic interactionism as a process by
which meaning and reality are socially construed via cognitive exchanges among people
seeking to understand their environment (Blumer, 1986; Stryker, 1980). In other words,

meaning and interpretation of the organizational environment arise from an interplay
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between individual perceptions and the perceptions of others in similar situations.
Perceptions are continuously checked and modified against referent’s observations and
assessments. Symbolic social interaction involves individuals making comparisons and
discussing interpretations and the meaning of events, procedures, and practices at work.
As workers engage in this interaction over time, individual perceptions converge
(Schneider & Reichers, 1983). The emergence of climate is promoted by convergence in
that group members begin to share interpretations and meanings of their organizational
environments.

A more recent conceptualization of symbolic interactionism has been labeled
social sense making. Sense making refers to an ongoing interpretive process by which
individuals engage in social exchanges in order to make sense of complex and ambiguous
work situations (Weick, 1979, 1995; Weick, Sutcliffe, & Obstfeld, 2005). The precedent
of using formally defined suborganizational aggregates, such as work teams, as a
grouping variable in climate research is largely based on the argument that members of
work units interact more frequently and are subject to the same supervisory messages and
actions related to policies, practices, and procedures (Zohar, 2010). Through social
comparison, sensemaking, and symbolic social interaction processes, team members are
thus expected to share a similar understanding of the norms and expectations associated
with the climate (Weick, 1995) and to exhibit higher climate strength. Indeed. Huang and
colleagues (2013) contend that because group members are apt to interact more often
with each other than with individuals in other groups, they are more likely to develop
shared perceptions of both the unit climate as well as the global organizational climate.

However, social comparison theory also guides the argument that individuals utilize as a
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referent group those who are similar to them. According to the principles of homophily,
individuals who share demographic characteristics are more likely to share similar
histories, narratives, experiences, and attitudes, which facilitates interaction and smooths
communication (McPherson, Smith-Lovin, & Cook, 2001). There is a basis. then, for the
argument that demographic similarity, rather than formalized suborganizational
aggregates, may be the fulcrum upon which social comparison and symbolic social
interaction yields strong shared perceptions. It follows that clusters of employees that
exhibit similarity in perceptions may indeed be a meaningful social construct and may
have conceptual utility for understanding the emergence of organizational climate from
an alternative perspective.

Returning to the arguments of Martin (2001) that systematic perceptual
differences emerge from clusters of employees as well as to the emergence typology of
Kozlowski and Klein (2000), patterned emergence may provide a better context for
understanding climate differentiation in organizations. Recently, Fulmer and Ostroff
(2015) proposed that perceptual divergence, as signified by low climate strength,
indicates the presence of a patterned form climate emergence similar to Kozlowski and
Klein’s model (Fulmer & Ostroff, 2015; Kozlowski & Klein, 2000; Ostroff & Fulmer,
2014). They argue that the almost exclusive use of Chan’s (1998) dispersion model as a
basis to conceptualize and measure climate strength has limited the study of divergence.
They note that dispersion models are limited in that they focus singularly on the degree of
convergence or variability of perception. In other words, dispersion models rely on the
variance form of emergence, whereby emergence is based on uniform distributions of

within-group dispersion. More specifically, dispersion models specify that low dispersion
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indicates consensus, while high dispersion indicates divergence. Although dispersion
does represent variability across individuals, Ostroftf and Fulmer argue that variability is
better viewed as patterned or configured, such that varnability represents a new
compilation form of emergence, rather than simply divergence. In this case, emergence
could be based on nonuniform distributions of within-group variance that is indicated by

the formation of multiple modes that correspond to suborganizational aggregate clusters.

Subclimates

When examining organizational-level climate distributions, the presence of
multimodality may indicate that there are pronounced groups based on similar patterns of
response (Bacher, 2000). The groups identified by modes and response patterns are
thought to correspond to subclimates (West et al., 2014). Subclimates are groups
characterized by high climate strength and significant between-group discrimination
(Martin, 2001). When studying perceptual equivalence of the meaning of safety climate
in groups, Bergman (2011) noted that when climate is examined at the organizational
level, within-group agreement indices may not be the most appropriate descriptor of
organizational-level climate strength. That is, when referencing a strong climate at the
organizational level, one would infer agreement about it across all or most organizational
units. However, when there is lack of agreement or divergence among individual-level
perceptions of organizational climate within an organization (i.c., organizational-level
climate), multi-modal distributions may emerge, corresponding to multiple subclimates
rather than a random, uniform distribution of organizational climate (West et al., 2014).
The relevant level of theory for subclimates is the group-level, whereby individuals are

grouped into subgroup membership corresponding to the alignment or similarity of
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climate perceptions. Research has shown that subgroups may be formed according to

individual characteristics such as organizational tenure, occupation, and job level (Chan,

2014).

Configural Measurement

The investigation of subclimates has received very little research attention in the
climate literature. However, the perspective that climate can be patterned was leveraged
by Roberson and Colquitt (2005) to propose a model of shared and configural climate
whereby they specify that climate takes on specific configural forms when convergence
of perception does not occur within work units. In particular, they defined configural
climate as dissimilarities in member perceptions that are identified by the distribution of
response patterns as either minimum/maximum or bi- or multi-modal. From their vantage
point, configural forms of climate are viewed as indicative of nonconvergence of
perception and are therefore likely to negatively affect team and organizational
effectiveness since all group members do not share a common set of perceptions.

More recently, researchers have sought to expand the investigation of climate
response patterns to examine climate configurations at the organizational level (Schulte et
al., 2009; Ostroff & Schulte, 2014). There are several reasons for this. First, the
identification of similar response patterns across the organization could reveal groupings
of members that emerge with regard to characteristics such as age, gender, occupation,
and education level, rather than by predetermined group membership. Second, response
patterns could help to elucidate the degree to which these groups are aligned (Ostroff &
Fulmer, 2014) with regard to the overall organizational climate, and could provide a rich

diagnostic tool to differentiate groups when taking a multilevel perspective of climate.
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Third, profiling response patterns could assist in the tailoring of practical interventions
targeted to strengthening climate in specific groups (Zohar & Hofmann, 2012). The more
holistic perspective of a configural compilation model lends itself to examining climate
outside the traditional boundaries of work groups and departments and thus, would be
more appropriate than dispersion composition models for identifying subclimates.

With regard to patterns of perception, research has suggested that configural
measurement approaches can enable the examination of the manner in which groupings
or patterns of similar responses occur when studying climate at the organizational level
(Schulte et al., 2009). Configural approaches entail identifying patterns of variables or
responses and grouping individuals or units with similar profiles together (Meyer, Tsui,
& Hinings, 1993; Ostroff & Fulmer, 2014) into gestalts, typologies. modes, or
archetypes. These groupings may be unobserved organizational subpopulations, defined
as unobserved groups determined by specific configurations or patterns of variables
(Owens & Schoenfeldt, 1979) that do not necessarily correspond to the boundaries of a
formal work team or department. By using configural techniques to categorize or type
people into attribute profiles, researchers have attempted to determine how subgroup
membership may help to explain relationships and effects of unobserved heterogeneity on
organizationally-relevant processes and behaviors (Dumenci, 2011). Configural
approaches have been frequently used in organizational culture research to develop and
test typologies and taxonomies by examining patterns across dimensions (Payne, 2006;

Schein, 2010).
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D1 D2 D3 D4 D5 D6
Dimension
—a— Config | —o— Config 2

- - - Config 3 —m—Config 4

Figure 1. Hypothetical configural analysis, adapted from Ostroff and Schulte (2014), (pp.
334)

Figure 1 depicts a hypothetical configural analysis whereby the x-axis represents
dimensions of climate and the y-axis the mean scores on the dimensions. Individuals or
units (e.g., group or organization) with similar patterns of response are grouped together.
In this example, individuals in configuration 1 have high scores across all dimensions,
whereas individuals in configuration 4 have low scores across all dimensions.
Configurations 2 and 3 exhibit variability in scores across the dimensions, but reveal
opposing patterns of response. Research on climate has most often been undertaken with

an aggregate approach, whereby subdimensions of a strategic facet (e.g., safety climate)
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are algebraically combined. To control for linear interrelationships among climate
dimensions, climate researchers typically link outcomes of interest using multivariate
procedures such as multiple regression (Ostroff, Kinicki, & Muhammad (2013). By doing
so, a researcher may therefore determine which climate dimension is most important for a
particular outcome of interest. An implicit assumption with regression-based tests is that
a construct’s dimensions’ effects are independent and additive. However, multivariate
tests do not account for interactions or non-linear relationships among dimensions, which
have been shown to occur (Ostroff et al., 2003: Schulte, Ostroft, & Kinicki, 2006). In
contrast, configural approaches allow for the examination of multiple dimensions or
aspects of an organization simultaneously to define the climate construct, rather utilizing
an additive combination. In this way, researchers may consider the interplay of
dimensions or aspects while maintaining an overall view of the organizational context
(Johns, 2006) allowing for the consideration of the social structure of climate (Schneider
& Reichers, 1983). By examining the patterns of high and low values across climate
dimensions and levels (see Figure 1), these approaches allow for a holistic perspective on
the role each dimension plays in the organizational system. Researchers can then better
understand if certain combinations of climate dimensions might better capture the
entirety of the organizational context. Further, organizational climate researchers may
account for the interdependencies and interactions of group profiles to determine their
relative importance for success in achieving organizational outcomes (Tsui, Wang, &
Xin, 2006).

From a climate perspective, configural approaches can help to explain how certain

combinations of climate dimensions may better capture the multidimensional nature of
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the construct (Ostroff et al., 2013; Schneider et al., 2011; Zohar & Hofmann, 2012). With
regard to subclimate identification, a configural approach offers the ability to represent
organizational climate by classifying individuals into groups based on patterns of profile
similarities across dimensions or variables, rather than grouped by predetermined
collective memberships (Doty, Glick, & Huber, 1993). When considering climate
emergence from the perspective of social comparison theory (Festinger, 1954) and
homophily, configural approaches could help to explain how specific groups of
employees may operate as a vehicle to transmit and maintain organizational climate
(Schulte et al., 2009). It may also be possible to develop a theoretical typology of
organizational climate similar to what has been attempted in the organizational culture
literature (Patterson et al., 2005). Finally, and perhaps more fundamentally. the use of
configural approaches would be a measurement approach consistent with
acknowledgement of Schneider and Reichers’ (1983) foundational work on the etiology
of organizational climate that argued that structural characteristics of organizations, the
types of people within organizations, socialization practices, and patterns of interaction
and perception all play an important role in climate development and emergence and

should therefore all be accounted for in climate research.



Analytical Approaches to Configural Analysis

Two analytical approaches, inductive and deductive, are used to determine
patterns present in organizational data. The two approaches are similar in that they are
used to classify an organization into smaller group categories (Wolfe, 1970), and
primarily differ by whether empirically (i.e., inductively) or theoretically (i.e..
deductively) derived (Ketchen, Thomas, & Snow, 1993). Inductive approaches, as the
name suggests, entail analyzing data to determine configurations based on similarity of
profile characteristics (e.g., response patterns). The resulting configurations are then
labeled and interpreted before being examined in relation to outcomes of interest.
Conversely, deductive approaches entail developing configurations a priori, based on a
theoretically justified model. The data is subsequently examined against the model to
determine whether the configurations deviate. Given that little work has been done to
establish organizational climate typologies, a priori groupings are difficult to specify.

Thus, inductive configural approaches are considered a more sensible application to
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determine the configurations present in organizational climate data (Schulte et al., 2009).

Cluster analysis (Aldenderfer & Blashfield, 1978; Everitt, Stahl, Leese, &
Landau, 2011) and latent class modeling (Muthén, 2004; Nylund et al., 2007) are two
configural approaches that have been most frequently used in organizational climate
research. Both techniques have been suggested to be particularly useful for climate
studies, as they both deal with profiling multiple, rather than single, variables and thus
can accommodate the multidimensional nature of the climate construct (Ostroff &

Schulte, 2014). Both approaches have advantages and disadvantages that must be



48
weighed against the characteristics of the included variables (i.e., number, scaling,
variability, and inter-correlations) before determining which is most appropriate for use.

Cluster analysis. Cluster analysis can be defined as the classification of similar
objects into groups, or clusters, where the number of clusters and cluster parameters (e.g.,
means, variances, and covariances) are unknown (Aldenderfer & Blashfield, 1978;
Kaufman & Rousseeuw, 2009). Within the context of organizational climate, cluster
analysis is a procedure that can be used to sort observations (e.g., individuals) with
similar climate scores across multiple variables into clusters (e.g., groups). Cluster
analysis has been used in climate research to identify subgroups of employees who
perceive the organization similarly. For example, using response profiles to climate
surveys, Gonzalez-Roma4, Peird, Lloret, and Zornoza (1999) and Patterson et al., (1996)
related configural groupings (e.g., clusters) to collective climate membership and job
type.

Gonzélez-Roma and colleagues (1999) tested whether membership in collective
climates was related to membership in collectives defined by departmental membership,
hierarchical level, shift, job location, and organizational tenure. Their findings revealed
that only hierarchical climates (i.e., top managers versus middle-to low-level employees)
were significantly related to collective membership, suggesting that collective climates
have psychosocial meaning based on the penetration of the top managers’ views through
other hierarchical levels. That is, the relationship between collective climate and
hierarchical level revealed the scope of the top managers’ view by revealing two distinct
views of the organization. One view was held by top managers and the other by

middle- to low-level employees. Although this study concluded that the validity of
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collective climates received partial support, the results did suggest that hierarchical level
may be a factor in the formation of organizational climates. Further, this study
established that clustering techniques may be a helpful exploratory tool when
investigating organizational climate.

An advantage of cluster analysis is that since it is not based on a statistical model,
it does not require assumptions about the distribution of data. A disadvantage is that
researchers must make decisions regarding the clustering technique to be used in the
analysis (e.g., hierarchical, k-means, Ward’s method), as different techniques can yield
very different results. An additional disadvantage is that the solutions generated by
cluster analysis are not the most defensible, from a statistical point of view, when
scale-variant variables must be included in the analysis (Vermunt & Magidson, 2002). In
such cases where the characteristics of the included variables, (e.g.. scaling variability,
inter-correlations) could cause issues, latent class cluster analysis (LCCA) is a preferable
technique (Ostroff & Schulte, 2014).

Latent class cluster analysis (LCCA). Latent class cluster analysis (Gibson,
1959; Lazarsfeld, Henry, & Anderson, 1968) is a model-based statistical approach
whereby observations are assumed to belong to a latent class, with the number of classes
and their size unknown a priori (Clogg, 1995). A latent class may be defined as an
unobserved class that is similar with regard to observed variables (Vermunt & Magidson,
2000). Within the context of organizations, a latent class can be considered an
unobserved subpopulation. Unobserved subpopulations can be defined as unobserved
groups determined by specific configurations or patterns of variables (Owens &

Schoenfeldt, 1979). By using configurations to categorize or type people into profiles
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based on patterns of response, researchers have attempted to explain how subpopulation
membership may help to explain relationships and effects of unobserved heterogeneity on
organizationally-relevant processes and behaviors (Dumenci, 2011). Within the context
of organizational climate, latent, unobserved subpopulations are conceptually similar to
subclimates. To explain how LCCA could be used to identify subclimates, it is helpful to
understand the assumptions and advantages of this configural measurement approach.

With LCCA, observed scores are assumed to derive from the same probability
distributions whose parameters have yet to be estimated. An important assumption of
LLCCA is that there are a certain number of unobserved, categorical classes that account
for interrelationships among variables (Clogg, 1995). Hence, LCCA offers a probabilistic
classifying approach that involves the estimation of two parameters: (a) the probability of
a particular response for an observed variable, conditional on latent class membership,
and (b) the probability of belonging to a specific latent class. Estimation of these
parameters is typically carried out using the maximum likelihood (ML) estimation
procedure in specialized software packages (e.g., Latent Gold™, Mplus™).

[LCCA assumes that each individual belongs to a class, but uncertainty regarding
individual class membership is taken into account. That is, observations are assumed to
have a probability of membership for each cluster, and are therefore not assigned a priori
to any one cluster. Applications of LCCA are most frequently exploratory in nature,
whereby no a priori hypotheses regarding the nature of the latent classes are tested
(Laudy, Boom, & Hoijtink, 2005). When conducting an exploratory LCCA, no explicit
theories about underlying groups are attempted. Rather, the data are allowed to suggest

the number and nature of groups. Posterior probabilities for class memberships for each
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individual are computed using both the a) estimated model parameters; and b) observed
scores in latent class procedures. Importantly, after the latent class model is established, it
is possible to classify other individuals belonging to the population based on their
observed scores. This is not possible with cluster analysis.

The assessment of fit for latent class models may be carried out using a variety of
statistical tools and hypothesis testing approaches (Nylund et al., 2007) When conducting
an LCCA, a researcher must first specify a range of clusters before comparing the
resulting latent class solutions with applicable model fit statistics to determine the most
appropriate number of clusters for the final class solution (Finch & Bronk, 2011;
Vermunt & Magidson, 2002). The Bayesian information criterion (BIC), adjusted
Bayesian information criterion (aBIC), and Akaike information criterion (AIK), are all
used for this purpose. Whichever criteria used, the model with the lowest criterion values
offers the optimal solution and therefore informs the researcher of the most appropriate
number of clusters. The BIC and aBIC are often considered most robust in terms of
sample size and are thus frequently preferred (Ostroff & Schulte, 2014). In addition to
information criterion, several hypothesis testing models can be used to assess LCCA
model fit. These include the chi-square based likelihood ratio test (LRT), the
Lo-Mendell-Rubin (LMR) test (Lo et al., 2001), and the parametric bootstrap likelihood
ratio test (BLRT) (Nylund et al., 2007). There are restrictions on the appropriateness of
use of these tests that should be taken into account based on the differing number of
latent classes when comparing multiple models. The LMR is most appropriate test for

comparing models with differing numbers of classes because it relies on an
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approximation of the chi-square distribution to obtain appropriate p-values for the
difference in model likelihood (Finch & Bronk, 2011).

In summary, LCCA offers many advantages over cluster analysis (e.g.,
hierarchical and partitioning methods) when conducting organizational climate research.
First, LCCA is a model-based approach. As such, it generates less arbitrary and more
valid criteria for assessing and selecting a cluster solution. After a model is estimated for
the population from which the sample being studied is taken (Vermunt & Magidson,
2002), the maximum likelihood method (MLM) is used to estimate the model parameters.
Similar to structural equation modeling, the identification of the latent mixture involves
maximizing a log-likelihood function, which generates a statistically consistent criterion
(e.g., BIC) for allocating individuals to the latent clusters. In contrast, cluster analysis
uses more arbitrary cluster allocation criteria. Typically, this involves minimizing the
within-cluster variation and/or maximizing the between-cluster variation with regard to
certain variables that are deemed important by the researcher. Second, LCCA has more
formal information criteria and hypothesis tests available for making decisions about the
number of latent classes and other model parameters, including how well a given model
fits the observed data (Finch & Bronk, 2011). Third, because LCCA is model-based, it
may be used in both confirmatory and exploratory applications. (Wang & Hanges, 2011).
Fourth, LCCA is very flexible with regard to data, and both simple and complicated
distributional forms may be used for observed variables within clusters. That is, if
variables have normal distributions but unknown variances, the latent class estimations
will be the same irrespective of whether the variables are normalized (Vermunt &

Magidson, 2002). In a related vein, LCCA is scale invariant requiring no normalization of



53
data. Therefore, mixed mode data can be used simultaneously, unlike cluster analysis
(Bacher, 2000). These are all clear advantages of the use of LCCA over traditional cluster

analysis techniques when examining organizational climate (Ostroff et al., 2013).

Characteristics of Configurations

Although the use of LCCA would theoretically allow for the classification of
organizational climate into subclimates, based on the identification of groups exhibiting
similarities in patterns of response, visual inspection of subclimate configurations are
recommended to help better understand their distinct characteristics and to ascertain their
relative importance to any outcomes of interest (Ostroff & Schulte, 2014). Three distinct
profile characteristics are used for this purpose (Cronbach & Gleser, 1953; Nunnally,
Bernstein, & Berge, 1995; Tabachnick & Fidell, 1989). Elevation, which is
conceptualized as the mean level, is operationalized by the calculation of mean scores
across all variables or dimensions within a group or organization. Variability, or scatter,
is simply the variability across the variables or dimensions as calculated for a group or
organization. Finally, shape represents the distinctive pattern of highs and lows or ups
and downs across all variables or dimensions. The shape of a configuration is represented
by dummy variables based on the configurations that emerge from an LCCA.

It is important to consider the characteristics of configurations when looking
beyond group classification in order to understand the relative importance of (a) whether
having a high score on all dimensions (e.g., high climate level) or (b) the specific pattern
of high and low scores on dimensions is most important. For example, when investigating
cross-level relationships between climate and satisfaction Schulte and colleagues (2009)

predicted that elevation and variability would be more important for internal,
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employee-based outcomes, while shape was predicted to be more important for externally
focused outcomes. They found that elevation was indeed important for employee affect
and intentions to quit whereas shape was important for customer service and financial
outcomes. These findings support the idea that configuration characteristics are assumed
to be differentially important depending on the nature of the outcome under investigation

and should thus be considered when conducting configural climate studies.

Safety Climate

Returning for a moment to the propositions of Kozlowski and Klein (2000) and
Ostroff and Fulmer (2014) that variability in climate perceptions may be systematically
patterned rather than random, few studies have examined organizational-level data for
patterns of either convergence or divergence of climate perceptions between groups. A
notable exception is the work of Zohar and Luria (2005) on between-unit dispersion of
safety climate. Briefly, safety climate may be defined as perceptions shared among
employees regarding organizational policies, procedures. and practices as they relate to
the value and priority of safety within an organization as well as the related behaviors
that get rewarded and supported (Zohar, 1980, 2000). In an effort to increase workplace
safety and improve organizational safety performance, climate scholars have frequently
investigated the role of safety climate as a predictor of safety behavior and safety-related
outcomes (Christian, Bradley, Wallace, & Burke, 2009; Clarke, 2013: Glendon &
Litherland, 2001; Hofmann & Stetzer, 1998). The predictive validity of safety climate as
a robust indicator or predictor of safety outcomes has been widely demonstrated (Clarke,
2006; Zohar, 2010). For example, researchers have demonstrated negative associations

with workplace accidents and injuries (Hofmann & Stetzer, 1996; Probst, 2004) and
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positive associations with safety behavior and safety compliance (Clarke, 2006
Nahrgang, Morgeson, & Hofmann, 2007) across settings, industries, and cultures. Four
metaanalyses (Beus, Payne, Bergman, & Arthur, Jr.. 2010; Christian et al., 2009; Clarke,
2010; Nahrgang, Morgeson, & Hofmann, 2011) examined a total of 202 studies and
found strong, robust relationships between safety climate and subjective and objective
safety outcomes. However, key theoretical questions remain regarding the conditions
under which safety climate perceptions diverge (Zohar, 2010; Zohar & Hofmann, 2012).
Further, there is a dearth of studies that examine organization and subunit safety climates
simultaneously (Zohar, 2010). Given that organizations are characterized as complex
social systems (Katz & Kahn, 1978) that exhibit interdependence between individuals
and subunits across the organizational hierarchy (Kozlowski & Klein, 2000), additional

studies are needed to investigate cross-level relationships and between-group dispersion

in safety climate (Zohar, 2003, 2010).

Between-Units Dispersion

To address these questions, Zohar and Luria (2005) developed and tested a
between-units dispersion model of safety climate and introduced a new construct called
climate variability. Climate variability is an organizational-level variable that
operationalizes the between-group variance of group climate levels in individual
organizations. Based on Chan’s (1998) dispersion model. which suggests that perceptual
variability among group members is meaningful, Zohar and Luria argued that the
variation in climate levels between groups is non-random and therefore, meaningful.
Theoretically, the authors argued that increasing organizational climate strength not only

induces stronger group-level climates, but also reduces variability of climate perceptions
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between groups. More specifically, the authors argued that organizational- and
group-level climates would be aligned and that organizational climate strength would be
negatively related to climate variability (e.g., variability between groups). The authors
found support for both global alignment between levels and the hypothesis that
organizational climate strength was negatively related to between-groups variability.
Further, they found that organizational safety climate strength was related to safety
climate convergence between units. However, their climate variability data showed
significant variance, which implied cross-level discrepancies. The authors suggested that
discrepant group climates, defined by deviating from organizational climate by 1.0 SD
units or more, should be further examined to understand the dynamics of cross-level
relationships.

What is important about Zohar and Luria’s (2005) between-units dispersion
model is that it recognizes the need to examine the variability of climate perceptions at
the organizational level by examining between-groups variability, and to investigate
whether climate strength is globally aligned between the organizational- and
group-levels. However, they used formalized work units as groups in their dispersion
model, which could have masked important response patterns at the organizational level.
Returning to the frameworks supported by the differentiation perspective of
organizational climate, the view that variability in organizational climate perceptions may
be patterned, and related to functional and occupational differences rather than level,
should be considered when investigating safety climate. In the case of extending a

between-units dispersion model of safety climate, this argument would support the
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reconceptualization of groups as subclimates, rather than work teams, departments, or

branches.

Research Questions and Hypotheses

The preceding review shows that a growing body of research indicates that both
within-group agreement as well as between-group variability of organizational climate
perceptions may provide unique insight into understanding differential group functioning
and climate effects in organizations (Ehrhart et al., 2013). Using configural approaches
such as LCCA may provide increased insight in this area of safety climate research,
particularly since this approach allows for the exploratory analysis of organizational
climate data outside the confines of traditional work group boundaries (Wang & Hanges,
2011). Further, the use of LCCA to investigate safety subclimates allows for a new
conceptualization of Zohar and Luria’s (2005) between-units dispersion model by
explaining between-units safety climate dispersion using Fulmer & Ostroft™s (2015)
patterned emergence compilation argument as a framework for investigating variability
between subclimates instead of work groups.

To facilitate the investigation of these issues, the following research questions
were posed:

1. Will LCCA yield a model that has an acceptable fit to organizational safety
climate data?

2. Can safety subclimates be identified based on identifiable patterns of response
along the dimensions of the Organizational Safety Climate Scale (OLSC; Zohar &

Luria, 2005)?

3. What are the respective profile characteristics for each subclimate?
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4. Given that research has shown that subclimates may be formed according to
individual characteristics such as organizational tenure, occupation, and job level
(Chan, 2014; West et al., 2014), are the subclimates meaningful in terms of
homogeneity of demographic attributes?
In addition to the preceding research questions, the following hypotheses were
also posed:
1. The 3-factor structure of Zohar and Luna (2005) for the OLSC will be replicated.
2. Subclimates will differ based on the profile characteristics of elevation, shape,

and variability.



CHAPTER 2

METHOD

To examine the research questions and hypotheses, an archival dataset containing
demographics and organizational safety climate data was used. The data were gathered in
2014 as part of a cross-sectional survey effort to support strategic planning and budgetary
decisions for safety training and safety data management systems. The organization from
which the data were gathered is a large, multi-national corporation with approximately
85,000 employees and operations in more than 100 countries. In addition to the
organization’s operations being geographically dispersed, operations span multiple lines
of business across several safety-critical industries. The organization granted permission
for the use and publication of the data for research purposes. A data security plan was
provided at the organization’s request, which assured that all data would be protected,

de-identified prior to publication, and reported only at aggregated, grouped levels.

Participants

Invitations to participate in the survey were sent via an internal electronic mailing
list that contained a cross-section of approximately 8,000 employees. The subscribers to
the list were representative in terms of demographics, with subscribers being comprised
of executive management, supervisory, and non-supervisory employees across all lines of

business and all countries with active operations. Participation was strictly voluntary, and
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cvery person receiving an invitation was given the opportunity to opt out of participating.

All respondents were assured their responses would be confidential.

Procedure

The survey was web-based and administered in English. The use of English was
deemed appropriate, as this is the official operating language of the organization. Each
participant received, via company email, a survey invitation with a unique link. The
completion of an informed consent form was required in order to participate. The survey
was active for a two-week period, during which one follow-up reminder was sent to any
non-responders, except those who had opted out of participating in the survey.

For the purposes of this study, subclimates were conceptualized as latent,
unobserved groups who exhibit high climate strength and significant between-group
variation in climate perceptions. Given the empirically-driven nature of an exploratory
LLCCA, and lack of available climate typologies, no specific a priort hypotheses were
proposed regarding the subclimates (Laudy et al., 2005). Rather. the data were allowed to
suggest the number and nature of subclimates. Elevation, variability, and shape
(Cronbach & Gleser, 1953; Nunnally et al., 1995; Tabachnick & Fidell, 1989) were the
profile characteristics examined for this study. Elevation, was conceptualized as the mean
level of climate perceptions, and was operationalized by the calculation of mean scores
across all OLSC dimensions within a subclimate. Similarly, variability was calculated
across all OLSC dimensions for each subclimate. Shape was represented by the

distinctive pattern of highs and lows across the OLSC dimensions for each subclimate.
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Measures
All measures were self-report. Survey participants completed the

Organizational-Level Safety Climate (OLSC) scale (Zohar & Luria, 2005). Permission
was obtained by the authors for use of the OLSC (see Appendix A). The survey contained
15 OLSC items (see Appendix B) accompanied by a 5-point Likert (Likert, 1967) rating
scale, ranging from 1 (completely disagree) to 5 (completely agree). When averaged, the
scale score provides the organizational climate level measurement parameter (i.e., mean
climate score) for a focal group (e.g., organization or subunit). In addition to the OLSC

items, survey participants answered several demographic items as well (Appendix B).

OLSC Dimensionality and Factor Structure

By Zohar’s (2010) own assessment, review articles have identified many
empirically tested safety climate scales (Flin, Mearns, O’Connor, & Bryden, 2000) that
cover more than 50 different variables and conceptual themes (Guldenmund, 2000).
Although there is wide agreement that organizational safety climate is hierarchical in
structure, with a global, higher order factor (Griffin & Neal, 2000), there is disagreement
over the number and nature of the first-order factors (e.g., social standing, worker
involvement, competence level, safety knowledge, communication flow, status of safety
issues; see review in Flin et al., 2000). Regarding the global factor, research has shown
that management commitment to safety is consistently identified as a major dimension of
safety climate (Brown & Holmes, 1986; Coyle, Sleeman, & Adams. 1995; Dedobbeleer
& Béland, 1991; Zohar, 1980) and that the use of this global factor can simplify the study
of safety climate in models that contain many other variables (Christian et al.. 2009;

Hofmann & Stetzer, 1996; Wallace & Chen, 2006).
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The OLSC scale items include a range of indicators that reflect either (a) top
management’s commitment to safety or (b) the priority of safety over competing
operational goals such as production speed and costs. Previous exploratory factor analysis
by Zohar and Luria (2005) on the level-adjusted (e.g., organizational- and group-level)
OLSC scales yielded three rotated factors identified as Active Practices (Monitoring—
Enforcement), Proactive Practices (Learning—Development), and Declarative Practices
(Declaring-Informing) and whose scores were calculated by averaging related indicators.
Across exploratory (Brown & Holmes, 1986; Dedobbeleer & Béland, 1991: Zohar, 1980)
and confirmatory (Mueller, DaSilva, Townsend, & Tetrick, 1999) factor analyses, two-,
three-, four-, and eight-factor solutions have been reported for the OLSC. Zohar and
Luria have confirmed that substantial item cross-loadings and high intercorrelations
among OLSC factor scores does indeed suggest a global factor relating to managerial
commitment, resembling that reported by Griffin and Neal (2000). Since then, both the
three-factor structure and single higher-order factor structure have been replicated by
Johnson (2007), lending support and psychometric documentation for both solutions for
the OLSC. However, due to the high intercorrelations among OLSC factor scores found
by Griffin and Neal, Zohar and Luria suggested that researchers examine the underlying
factor structure when using the scale. Thus, a confirmatory factor analysis (CFA) was

indicated to determine how well the hypothesized three-factor model fit the sample data.
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Confirming the Factor Structure of the OLSC via CFA

A CFA is used to postulate, based on knowledge of an underlying latent variable
structure, relations between the observed measures and underlying factors (Brown, 2006).
The model is thus specified a priori and the hypothesized structure is tested statistically to
determine its fit to sample data. Given recent commentary regarding a lack of
standardization in CFA reporting (Kline, 2015), the reporting guidelines of Jackson,
Gillaspy. and Purc-Stephenson (2009) serve as a valuable framework to ensure related
data preparation, analysis decisions, model evaluation, modifications, and findings were
reported in a manner consistent with previously established recommendations (Boomsma,
2000; Hoyle & Panter, 1995; McDonald & Ho, 2002).

Prior to undertaking a CFA, researchers must first assess data integrity.
Importantly, the evaluation of distributional assumptions of various CFA model
estimation methods requires that certain multivariate assumptions be considered and
assessed before determining the most appropriate method for proceeding with the
analysis (Curran, West, & Finch, 1996; Kline, 2015). Two assumptions of multivariate
statistics are that the (a) variance/covariance matrices across k groups must be
homogenous and (b) the interval response variables across k groups must be multivariate
normally distributed (Burdenski, 2000). With regard to CFA, these assumptions are not
only important to establish for reasons related to model specification, but also for
subsequent estimation and evaluation of the model(s) being tested. For example. models
estimated via the frequently used maximum likelihood (ML) require the establishment of
multivariate normality in order to avoid overestimations of the chi-square (X°) statistic,

related Type 1 error (Schafer & Graham, 2002), and downward-biased standard errors
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(Kaplan, 2000). Further, a lack of multivariate normality may undermine assumptions of
ancillary fit measures critical for interpreting the results of a CFA estimated via ML
(Yuan, 2005).

In addition to the assessment of multivariate normality, the nature and extent of
missing data must also be assessed. The method used to treat missing data (e.g., listwise
deletion, pairwise deletion, mean substitution, multiple imputation, or expectation
minimization) can affect subsequent findings. For example, research has shown that
parameter estimates may be biased and convergence failures may become more likely
depending on the method employed (Enders & Bandalos, 2001). In general, listwise
deletion of observations with missing data points has been found to be the most
acceptable approach when data are missing at random (McKnight, McKnight, Sidani, &
Figueredo, 2007; Schafer & Graham, 2002). Jackson and colleagues (2009) recommend
that whichever method employed be expressly noted when reporting the results of a CFA.

Types of fit indices. Fit indices are summary statistics that evaluate how well a
covariance measurement model explains sample data by (a) quantifying features of the
hypothesized model and (b) providing information about the degree to which a given
model is specified (Hu & Bentler, 1998). In particular, fit indices are metrics used to
determine whether a latent variable model is acceptable for the sample data being
analyzed. Researchers have distinguished between four major types of model fit indices
that can be used as guidelines to determine whether the model being tested reflects, or
fits, underlying theory (Marsh, Hau, Balla, & Grayson, 1998; Bentler, 1990). Absolute fit
indices determine how well a model fits sample data (McDonald & Ho. 2002) and are

derived from the fit between the obtained and implied covariance matrices, and the ML
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minimization function. Examples of this type of index include X2, the goodness-of-fit
statistic (GFI), the adjusted goodness-of-fit statistic (AGFI), the root mean square error of
approximation (RMSEA), the root mean square residual (RMR), and the standardized
root mean square residual (SRMR). The X? index, in particular, forms the basis for many
of the absolute fit indices and is traditionally used to evaluate overall model fit (Hu &
Bentler, 1999). Often, X° is referred to as a ‘badness of fit’ (Kline, 2015) measure as a
good model fit provides a nonsignificant result at the 0.05 threshold (Barrett, 2007).

Although X” remains a popular index for reporting CFA results, it does have
limitations that should be considered by researchers. For example, multivariate normality
is assumed. If sample data deviate from this assumption, it can appear that the model is
rejected, even when it is properly specified (McIntosh, 2006). Further, X? is sensitive to
sample size. When sample sizes are large, the statistic usually rejects the model (Bentler
& Bonett, 1980). Under either of these circumstances X° may not be the best index to
determine model fit. Importantly, other absolute fit indices, such as GFI, are derived from
X° as simple transformations and may thus not necessarily provide non-redundant
evaluation information (Tanaka, 1993). Even though absolute fit indices are known to be
subject to these detrimental effects, they are routinely reported in covariance structure
analysis.

Unlike absolute fit indices, incremental fit indices such as Bollen’s Incremental
Fit Index (IFI), the Bentler-Bonett Normed Fit Index (NFI), the Tucker-Lewis Index
(TLI), and the Comparative Fit Index (CFI) compare X* for the model being tested (i.e.,
alternative) to a baseline independence (i.e., null) model that specifies that all observed

variables are uncorrelated. Basically, these indices are computed by using ratios of the
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two models taking their degrees of freedom into account. The IFI and NF]I are sensitive to
small sample sizes, and tend to underestimate fit when samples are less than 200 (Bentler,
1990). Of the incremental fit indices, the TLI, which is also known as the non-normed
NFI, is preferred for large samples (Kline, 2015; Tabachnick & Fidell, 2007).
Additionally, the CFI is one of the most popular and widely reported fit indices due to
being little affected by sample size (Fan, Thompson, & Wang, 1999).

Parsimonious fit indices (e.g., PGFI, PCFI, BIC, AIC), so named because they
penalize models with greater complexity, are infrequently used for fit evaluation
(Crowley & Fan, 1997). Rather, these indices are more frequently useful for evaluating
alternative theories favoring parsimony. That is, if a simpler alternative model is
identified as exhibiting good fit, these indices can assist researchers in determining
whether to favor those simpler models over more saturated, complex models. Mulaik and
colleagues (1989) strongly suggest that these indices be used in tandem with other
goodness of fit measures, particularly because firm threshold levels have not been
established and this can make interpretation very difficult.

A related and important point is that some fit indices are differentially sensitive to
types of model misspecification (Hu & Bentler, 1998, 1999). For example, X~ can be
problematic in terms of usefulness for evaluating model fit not only because it is affected
by large sample sizes, but also because it is affected by model size and the distribution of
variables (Brown, 2006). Brown (2006) stipulates that TLI, CFl, and RMSEA have all
been found to be sensitive when factor loadings are misspecitied, and SRMR when factor
covariances are misspecified. Hu and Bentler (1998) and Kline (2015) suggest that due to

these types of issues, the optimal approach is to rely on several fit indices that have



67
different measurement properties such as an incremental fit index like CFI in conjunction
with a residuals-based index such as the SRMR. In general, the RMSEA, the TLI, and the
CFI have all been found to perform well with regard to detecting model misspecifications
and are relatively unaffected by sample size (Hu & Bentler, 1998; Marsh, Hau, Balla, &
Grayson, 1998) and are thus a frequently preferred basis for determining model fit
(Hooper, Coughlan, & Mullen, 2008).

Cutoff values for fit indices. Much like the choice of indices to be used for
model fit evaluation, the choice and use of their respective cutoff values may be
somewhat subjective. Contradictory recommendations exist within the literature with
regard to the standards that should be used (Yuan, 2005), but researchers have generally
agreed that cutoff values should be explicitly stated for any index used and that aspects
other than of model fit should be holistically examined as well (Jackson et al., 2009). By
doing so, the examination of standardized residuals and parameter estimates may help to
ensure relationships and anticipated signs and magnitudes are both accounted for and in
alignment with research expectations and may lend additional substantiation to
interpretation of findings (Boomsma, 2000). Table 2 presents an overview of common fit
indices, their acceptable threshold levels, and a brief description of applicable

considerations.



Table 2

Fit Indices and Acceptable Thresholds
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Fit Index Threshold Level Considerations for Use
X Low X relative to the df
with a nonsignificant p
value (p > .05)
RMSEA Values < .07 (Steiger, Known distribution. Favors
2007) parsimony. Values < .03
represent excellent fit.

GFI Values > .95 Scaled between 0 and 1.
Higher values indicate
better model fit. Use with
caution.

AGFI Values > .95 Adjusts GFI based on
model parameters. Values
can fall outside the O to 1
range.

RMR Good models have small Residuals-based index.

RMR (Tabachnick & Unstandardized. Represents

Fidell, 2007) average squared differences
between the residuals of the
sample and estimated
covariances.

SRMR Values < .08 (Hu & Standardized version of

Bentler, 1999) RMR. Easier to interpret.

NFI Values > .95 Assesses fit relative to
baseline model with no
covariances assumed
between observed
variables. Tendency to
overestimate fit in small
samples.

NNFI (TLI) Values > .95 Non-normed. Values can
fall outside 0 to 1 range.
Favors parsimony.
Performs well across
distributions and sample
sizes (McDonald & Marsh,
1990)

CFl Values >.95 Normed. 0 to 1 range.

Note. RMSEA = root mean square error of approximation, GFI = goodness-of-fit index,
AGF]! = adjusted goodness-of-fit index, RMR = root mean residual, SRMR =
standardized root mean residual, NFI = normed fit index, NNFI (TLI) = non-normed fit

index (Tucker-Lewis index), CFI = comparative fit index.



CHAPTER 3

RESULTS

Prior to conducting the analyses addressing hypotheses and research questions, a
series of preliminary analyses were performed to screen the data for missing cases and to
ensure that the univariate and multivariate assumptions underpinning CFA and LCCA

were fulfilled.

Data Integrity: Multivariate Normality and Missing
Data

Given the recommendations of Jackson and colleagues (2009), several steps were
taken to screen and prepare the data prior to conducting the CFA for this study. First, an
analysis of missing data was conducted. Observations with missing data were determined
to be random and were deleted using the listwise procedure (McKnight et al.. 2007).
Second, univariate and multivariate skewness and kurtosis were examined. DeCarlo
(1997) notes that while skewness is known to affect tests of means, kurtosis is known to
severely affect tests of variance and covariance. As such, researchers engaged in
conducting CFA are strongly encouraged to pay particular attention to kurtosis values
(Byrne, 2016).

Mardia’s (1970, 1974) multivariate kurtosis coefficient was calculated and the
normalized estimate was examined as an index of multivariate kurtosis. As a guideline,

Bentler (2005) suggests that rescaled P2 values of greater than 5 are suggestive of
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non-normality. In the case of this study, the tests indicated that while univariate skewness
and kurtosis and multivariate skewness were not problematic (Cohen, Cohen, West, &
Aiken, 2013), the data did exhibit evidence of multivariate kurtosis with a Mardia’s value
of 18.23 (p = .000). To address this issue, outliers were identified using the Mahanobis
Distance (D) procedure, and 82 cases were removed based on the corresponding chi
square critical values. Subsequent reexamination on the data then showed that
multivariate kurtosis was acceptable (DeCarlo, 1997) and that further analysis could
proceed. Finally, the remaining data were found to meet the assumption of homogeneity
of variance as outlined by Tabachnick and Fidell (1989, 2007). A non-significant Box’s
M (Box, 1949, 1954) test (M = 12.89, p =.394), indicated homogeneity of covariance
matrices based on Huberty and Petoskey’s (2000) guidelines. Thus, both conditions put
forth by Burdenski (2000) for multivariate analysis were met. No data manipulation

procedures, such as transformations, were used.

Descriptive Statistics of Final Sample and OLSC

The data preparation and screening procedures resulted in a final sample size of
1089. More specifically, the original sample of 1369 was reduced by (a) 82 outlier cases
that were identified and removed and (b) 198 cases that were removed due to missing

data.
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Table 3

Demographic Characteristics of Final Sample (N = 1,089)

Characteristic n %
Gender
Female 349 32
Male 740 68
Age (years)
18-34 260 24
35-54 671 62
55-Over 158 14
Highest Level
of Education
Secondary 237 22
University 565 52
Graduate 387 26
Organizational
Tenure
<§ years 420 39
6-15 years 413 38
>16 years 256 23
Job Function
Non-Supervisory 227 21
Middle Management 242 22
Upper Management 620 57

As indicated in Table 3, the final sample was largely male (68%), and all
organizational hierarchical levels were represented. Organizational tenure groups were
designated as advanced if respondents had greater than 16 years of employment,
moderate if 6 to 15 years, and low if less than 5 years. The respondents were highly
educated, with 52% holding university-level degrees or related education and
certifications, and a further 26% advanced graduate degrees.

Measures of internal consistency were calculated to estimate OLSC scale
reliability. The results indicated that Cronbach’s a for the scale was .95, which was well

above the generally accepted minimum standard of .70 (Nunnally, 1978) and higher than
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the reliability estimate of .92 previously reported by Zohar and Luria (2005). In
accordance with the recommendations of Zohar and Luria (2005), the intercorrelations of
the OLSC items were examined and are presented in Table 4.

Table 4

OLSC Inter-item Correlation Matrix

] 2 3 4 5 6 7 8 9 10 11 1213 14 15
1.00
.618 1.00
.604 707 1.00
526 .520 619 1.00
570 610 .642 .624 1.00
636 .568 .577 .565 .607 1.00
498 .562 .591 .482 522 .535 1.00
496 470 .534 485 .561 571 .578 1.00
.544 590 .640 .524 586 .565 .571 .610 1.00
10 .480 .563 .586 .544 .562 .576 .548 .543 .612 1.00
H S16 542 587 .509 .543 563 .608 .555 .604 .603 1.00
12 566 .589 .606 .542 .566 .595 .577 .594 .629 .605 .658 1.00
13 553 575 617 562 614 .595 587 613 615 607 669 .7i3 1.00
14 464 540 .565 422 483 .481 .550 487 .565 .610 .580 .579 .576 1.00

15 498 544 556 .532 .574 .556 .528 567 617 .623 .613 .636 .645 .640 1.00
Note. Numbers correspond to OLSC items 1 — 15.
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Factor Structure of the OLSC
Hypothesis 1
Turning from data preparation procedures to testing, Hypothesis 1 hypothesized
the three-factor structure of Zohar and Luria (2005) for the OLSC would be replicated.
Regarding the need to clearly define and justify the model to be tested, the prior factor
analytic work of Zohar and Luria provides the basis for the examination of the
three-factor measurement model specified in Figure 2. Specifically. this model

specification hypothesizes a priori that (a) responses to the OLSC could be explained by
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the three factors Active Practices (Monitoring-Enforcing [ME1]), Proactive Practices
(Promoting Learning, Development [L.D2]), and Declarative Practices (Declaring,
Informing [DI3]) previously identified and defined by Zohar and Luria; (b) each observed
item of the OLSC scale has a nonzero loading on the safety climate factor it was designed
to measure; (¢) the three factors (i.e., subscales) are correlated, and (d) the error terms
associated with the item measurements are uncorrelated.

The use of the observed measures (OLSC 1-15) to identify the latent variables
(ME1, LD2, DI3) in this model are justified, based on the validation studies by Zohar and
Luria of the shortened, level-adjusted OLSC scales. As previously noted,
two- three- four- and eight-factor solutions have all been reported for safety climate
scales across exploratory (Brown & Holmes, 1986; Dedobbeleer & Béland. 1991; Zohar,
1980) and confirmatory (Mueller et al., 1999) factor analyses. However, the three-factor
structure of the shortened, level-adjusted version of the OLSC has since been replicated
by Johnson (2007), lending further support for the primary confirmatory evaluation of
this particular factor model for the examination of the hypotheses and research questions

of this dissertation.
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Figure 2. Three-factor measurement model for OLSC
Analytical Decisions

Although measures were taken during the data preparation phase to address
non-normality of the sample data (i.e., removal of outliers and missing data), the data did
not follow a multivariate normal distribution. Byrne (2016) suggests that, when analyzing

data that are non-normal, researchers should consider the use of alternative approaches to
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traditional ML estimation methods. For example, the asymptotic distribution-free (ADF)
method of estimation (Browne, 1984) has been suggested as a viable alternative for such
circumstances. However, research has shown that the ADF method can yield severely
distorted estimated values and standard errors (Hu, Bentler, & Kano, 1992; West, Finch,
& Curran, 1995) and that it should only be used when sample sizes are extremely large
(Raykov & Marcoulides, 2000).

Some authors recommend that when dealing with multivariate non-normal data, it
is more appropriate to correct the ML test statistic rather than utilize an alternative
estimation method (Chou, Bentler, & Satorra, 1991; Hu et al., 1992). In particular, the
“Robust ML estimation method is an alternative to the traditional ML estimation method
that has proven advantageous for data that violate the assumptions of a multivariate
normal distribution (Jackson et al., 2009). Importantly, although Robust ML methods
provide the same estimates of model fit as ML (e.g., minimizing differences between
matrix summaries of observed and estimated variances/covariances), the standard errors
and chi-square generated by the Robust ML estimation are robust to non-normality of
outcomes and non-independence of observations (Satorra & Bentler, 1994).

To support Robust ML estimation, Satorra and Bentler developed a statistic with a
scaling correction for both the chi-square and estimated parameter standard errors that are
produced via traditional ML estimation methods. Commonly referred to as the
Satorra-Bentler chi-square (S-B X?), this statistic has been shown to be reliable for
evaluating measurement models under a wide variety of distributions and sample sizes
(Curran et al., 1996) and is also considered the most straightforward strategy to use when

assumptions of multivariate normality have been violated (Finney & DiStefano, 2006).
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Thus, given that the data for this study exhibited evidence of multivariate kurtosis, the
estimation method chosen for this CFA was Robust ML using the S-B .Y statistic as a

scaling correction.

CFA Results

Findings from the CFA measurement model are presented in Table 5. In
accordance with the recommendations of Hu and Bentler (1999) to use several fit indices
with different measurement properties when evaluating model fit, the following fit
indices were used in this study: RMSEA (Steiger & Lind, 1980), CFI (Bentler, 1990),
TLI (Tucker & Lewis, 1973), and SRMR (Hu & Bentler, 1999). Although both the X? and
S-B X? were significant, this finding was not unexpected given the large size of the
sample (Byrne, 2016). Determination of model fit was therefore based on the evaluation
of the other fit indices, using the aforementioned cutoff values for the CF1, TLI, and
SRMR indices.

Table 5

CFA Results Summary for the Three-factor OLSC Model

Model Cronbach’s X? S-BX° RMSEA CFI TLI  SRMR
o
Three-factor 0.951 564.211*% 456.444* 0.071 .949 938 032
*p=05, df-87

Note. S-B X’ = Satorra-Bentler chi-square, RMSEA = root mean-square error of
approximation, CFI = comparative fit index, TLI = Tucker-Lewis index, SRMR =
standardized root mean square.
As shown in the table, both the CFI and TLI values met or exceeded acceptable
cutoff values (i.e., >.90). Further, the SRMR indicated acceptable model fit. As

recommended by Boomsma (2000) and Thompson (2007), the standardized model

parameter estimates were subsequently examined to ensure hypothesized relationships
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were in the expected directions and magnitudes. The standardized model parameter
estimates, to include the variances of exogenous variables and their standard errors, are
shown in Figure 3. Taken together, the results of the CFA and evaluation of the
corresponding measurement model indicated acceptable fit of the hypothesized model
and supported Zohar and Luria’s (2005) three-factor structure for the OLSC. Hypothesis

1 was therefore supported.
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Figure 3. Standardized model parameter estimates for the CFA
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Subclimate Identification Using LCCA
Research Questions 1 and 2

The first two research questions were interrelated. Research Question 1 concerned
whether an LCCA would yield a model that has an acceptable fit to safety climate data.
Research Question 2 was whether safety subclimates could be identified with LCCA
based on patterns of response along the factors (i.e., dimensions) of the OLSC. Given that
the hypothesized factor structure of the OLSC was supported, the sample data were
subjected to LCCA using the three confirmed factors ME1, LD2, and DI3 as grouping
variables. Specifically, a mixture model using a Robust ML estimator was used to
identify safety subclimates within the final sample. Five separate models, ranging from
two to six classes, were estimated. The final class counts for all estimated model
solutions are presented in Table 6.

Table 6

Final Class Counts for Two- through Six-class LCCA Model Solutions

2 Classes 3 Classes 4 Classes S Classes 6 Classes
Cl =846 C1=1739 C1 =665 Cl= 42 Cl= 93
C2=243 C2=179 C2=228 C2 =140 C2= 35
C3=171 C3=140 C3 =188 C3 =596

C4= 56 C4= 61 C4=167

C5=658 C5=120

Co= 78

Note. C = Class

Assessment of LCCA Model Solutions

In order to identify the appropriate number of classes, it was necessary to compare
the two- through six-class models and select a final class solution based on both statistical
and substantive grounds (Muthén, 2004). With regard to statistical assessment, Nylund et

al. (2007) suggest that the Bayesian Information Criterion (BIC) value (Schwarz, 1978), a
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measure of model parsimony and fit, be used to compare class models. A secondary
statistical method to compare class models is the use of entropy values, which range
between 0.0 and 1.0. Entropy values are functions of the average posterior probabilities
of class membership (Muthén & Muthén, 2000). These metrics provide information on
whether individuals can be meaningfully assigned to a given class. Simply put, if an
individual has a high probability of membership in a single class, denoted by a high
entropy value above .80 and a low probability of membership in all other classes, they are
said to be easily assigned. As shown in Figure 4, BIC values decreased until a fifth class
was added, at which point the value became negative. In the case of the entropy values,
Classes 3, 4, and 5 all have values above .80, and the quality of classification may

therefore be deemed high (Muthén, 2004).
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Figure 4. Model comparison of class solutions

When the drop in BIC values slows, Muthén (2004) suggests that the appropriate

next step is to consider additional decision criteria based on substantive (i.e.,
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non-quantitative) methods. One such method that may be used is to examine whether
adding additional classes creates classes with very small numbers and hence, a potential
loss of explanatory power. In the case of the present study, the four-class solution
resulted in the smallest class including 56 respondents. The smallest classes in the
five- and six-class solution, on the other hand, included 42 and 35 respondents,
respectively. When using only substantive assessment criteria, it may seem unlikely that
the small classes resulting from the four-, five-, and six-class solutions would provide
relevant information regarding organizational-level safety subclimates. However, when
class counts are viewed in concert with the BIC and entropy values, the relative decrease
in BIC values corresponding to the addition of the five-class solution suggests a better fit
to the data than the four-class solution. Further, the decline in BIC values attenuated with
the addition of a sixth class, leading to a negative value (Table 7). Negative BIC values
can indicate a loss of explanatory power from adding an additional class to the solution
and are an indication to more closely examine and compare class solutions in relation to
one another by using likelihood-based tests (Nylund et al., 2007).

Tuble 7

Two- through Six-class LCCA Model Comparison

2 Classes 3 Classes 4 Classes 5 Classes 6 Classes

BIC 688.792 391.521 238.767 117.185 -15.939
Entropy 0.777 0.813 0.827 0.836 0.838
L-M-R LRT 2vl 3v2 4v3 S5v4 6vS
544.377 314.017 174.488 144.392 155.536

p=0.000 p=0000 p=0088  p=0629 p =347

Note. BIC = Bayesian Information Criterion, L-M-R LRT = Lo-Mendell-Rubin
Likelthood Ratio Test
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A closer examination and comparison of the class solutions were conducted using
the Vuong- Lo-Mendell-Rubin test, the Lo-Mendell-Rubin adjusted Likelihood Ratio
Test (LRT), and the bootstrapped parametric Likelihood Ratio Test (BLRT). The
Vuong-Lo-Mendell-Rubin test and the Lo-Mendell-Rubin adjusted LRT (144.392, p=.63)
both suggested that four classes were not sufficient and that five may be needed for a
more optimal solution. However, a subsequent examination of the BLRT. which has been
suggested to be more reliable when determining class solutions (Nylund et al., 2007,
Kline, 2015), suggested that five classes was a more optimal final model solution. Based
on these assessments, the five-class solution was ultimately retained for all subsequent
analyses. Further, the LCCA model was deemed to have an acceptable fit to the sample
safety climate data, addressing Research Question 1. Each class corresponded to a
distinct subclimate, determined based on the probabilistic model and patterns of response

to the OLSC, answering Research Question 2.

Homogeneity of Climate Perceptions

Although a final class model solution was quantitatively and substantively
determined, it was also necessary to statistically determine whether homogeneity of
climate perceptions (i.e., agreement) exists in order to substantiate aggregation of
individual OLSC perceptions to the subclimate level and to fully address Research
Question 2. For multilevel climate research, this justification is typically conducted using
traditional grouping variables (e.g., team, department, branch), but subclimate class
membership was the appropriate grouping parameter in the context of this research. No

matter the grouping variable used, Zohar (2000) advises the following two conditions
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must be sufficiently met to justify aggregation of safety climate perceptions from
individual- to higher-levels: (a) within-group homogeneity showing that group members
equally shared perceptions about safety climate, and (b) between-group variance showing
that climates differ significantly between one group and another within an organization.

In the case of this study, individual-level OLSC scores were aggregated (i.e.,
subclimate as the independent variable and the OLSC measure as the dependent variable,
was conducted. The results of the ANOVA were significant, F(1084, 4) = 38.25. p <
.000, indicating significant differences in aggregate OLSC scores between subclimates.
As suggested by Zohar and Luria (2005), average within-subclimate agreement was
assessed using intraclass correlation (ICC1), reliability of the mean (1CC2), and
within-group interrater agreement (rwc) statistics (James, 1982: James et al., 1993;
Shrout & Fleiss, 1979).

The results represented a significant and large effect size, (ICC[1] = .567),
indicating that climate ratings were heavily influenced by subclimate membership
(LeBreton & Senter, 2007). Further, significant ICC(2) values suggest that the mean
ratings of subclimate members reliably distinguish the five subclimates from one another

(see Table 8).
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Table 8

Intraclass Correlation Coefficient

95% Confidence
Interval F Test with True Value 0

Intraclass Lower Upper

Correlation Bound Bound Value dft  df2 Sig
Single .567 544 .589 20.604 1088 15232  .000
Measures
Average 951 947 956 20.604 1088 15232  .000
Measures

Note. Two-way random effects model

In the case of the within-group interrater agreement (rwg) statistics, the median
rug) = .91 reflects the high degree to which the ratings from different individuals within
subclimates were interchangeable (Kozlowski & Hattrup, 1992). Additionally, the mean
rwgg for each subclimate exceeded the >.70 criterion for consensus as outlined by Glick
(1985). In fact, the rvgg values ranged from .82 to .93 (Appendix C). When using rvg as a
measure of climate strength, a significant, positive correlation was found between climate
strength and climate level (r = .259, p = .000). This finding is not surprising given that
high climate levels (i.e., higher means) are only obtained when there is strong agreement
among group members (Zohar & Luria, 2005).

Taken together, these results suggest acceptable homogeneity of OLSC
perceptions existed within the five subclimates. The overall results from the examination
of homogeneity of climate perceptions suggest that sufficient between-subclimate
variability and within-subclimate agreement were both demonstrated, such that
aggregation of OLSC perceptions to the subclimate level was justified, providing further
support for the idea that subclimates may be a viable alternative to the suborganizational

aggregations (e.g., teams, departments) traditionally used in climate research.
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Subclimate Profile Characteristics
Research Question 3

The third research question was about the profile characteristics (e.g., elevation,
variability, shape) of each subclimate. To recap briefly, profile elevation is represented
by the mean across the three OLSC factors (ME1, LD2, and DI3) for each subclimate,
Profile variability is represented by the degree of variability across the factors. That is,
variability captures the variance of subclimate member OLSC scores across the three
factors and may be viewed as the deviation of OLSC factors from their overall mean. In
contrast to profile elevation and variability, profile shape is captured by clustering
together individuals with similar patterns of response on OLSC factor scores. This
provides a view of the overall pattern of ups and downs across all dimensions, based on
the elevation.

It is useful to establish an understanding of the profile characteristics of the
organization as well as the profile characteristics of the five distinct subclimates. Doing
so helps to establish a context for the subsequent determination of how the five
subclimates differ with regard to their respective elevations as well as in relation to the
overall organization. Table 9 presents the elevation and variability profile characteristics
for the overall organization as well as each subclimate. Table 10 presents the OLSC
profile characteristics for the overall organization by factor while Table 11 presents the

OLSC profile characteristics for the overall organization and each subclimate by factor.
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Table 9

Elevation and Variability Profile Characteristics by Subclimate

Subclimate Elevation (X) Variability (SD)
Organization 3.81 730
1 3.44 459
2 3.65 424
3 3.70 483
4 3.35 351
5 3.98 S14

Note. ME1 = Monitoring-Enforcement, LD2 = Learning-Development, DI3 =
Declaring-Informing

Table 10

Organization-level Profile Characteristics

Elevation (X) Variability (SD)
MEI -.005 027
LD2 015 253
DI3 -.065 .361

Note. ME1 = Monitoring-Enforcement, LD2 = Learning-Development, DI3 =
Declaring-Informing. Scores on the OLSC factors (i.e., dimensions) were
standardized.



Table 11

Subclimate and Organization Profile Characteristics by OLSC Dimension

Factor Subclimate/Org Elevation (X) Variability (SD)
MEI 1 567 .040
2 -.264 042
3 201 028
4 545 026
5 -.005 027
Organization 050 267
LD2 1 399 055
2 -.232 051
3 273 031
4 -.285 034
5 -.003 .030
Organization 015 253
DI3 1 -.966 .049
2 496 026
3 -474 020
4 -.260 052
5 .008 022
Organization -.065 361

Note. ME1 = Monitoring-Enforcement, LD2 = Learning-Development. DI3 =
Declaring-Informing. Scores on the OLSC factors (i.e., dimensions) were
standardized.
Hypothesis 2
Hypothesis 2 was that subclimates would differ based on profile characteristics.

To determine whether subclimates differed, the standardized profile elevations for the

five subclimates were plotted (Figure 5).



87

OLSC Score

MEI LD2 DI3
OLSC Factor

—&@— Subclimate | —e— Subclimate 2
- & - Subclimate 3 —m — Subclimate 4

Figure 5. Subclimate Profiles (i.e., Configurations). Scores on the OLSC factors (i.e.,
dimensions) were standardized to facilitate interpretation of the configurations.

When viewing this information at a more granular level, there appear to be some
differences in how subclimate groups rated climate perceptions for the three OLSC
factors (ME1 than for LD2 or DI3) relative to each other. Schulte and Ostroff (2014)
suggest that contrasts between the shapes of the five subclimate configurations can be
determined visually. Using this process, Subclimates 1 and 3 can be said to have a similar
shape. That is, these subclimates are both high on ME1 and LD2 and low on DI3 and can
be characterized as high-high-low in their response endorsements. Using the same
process, Subclimate 2 exhibits a mod-mod-high endorsement pattern, while Subclimate 4
may be described as high on ME1 and low on both LD2 and DI3. Subclimate 5 is
moderate across all three safety climate dimensions.

When viewing the subclimate profile shapes relative to the overall organizational

configuration (Figure 6), the relative position of each subclimate can be examined.
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Figure 6. All Configurations. Note. Scores on the OLSC factors (i.e., dimensions) were
standardized 1o facilitate interpretation of the configurations.

A visual inspection of Figures 5 and 6 indicates that there are differences in how
groups endorse the OLSC relative to each other and the overall organization. For
example, it appears that Subclimate 5 is closely aligned with the organization
configuration and that Subclimate 1 and Subclimate 2 endorse DI3 differently. Visual
profile examination provides no information, however, on how the subclimates differ in

terms of characteristics other than response patterns.

Subclimate Demographic Characteristics
Research Question 4

The fourth, and final, research question concerned whether subclimates were
different in terms of demographic attributes. A nonparametric Kruskal-Wallis test was

conducted to determine whether demographic attributes varied as a result of subclimate
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membership. The demographic variables included in the test were job function, education
level, age group, and organizational tenure. The results of the test indicated a statistically
significant difference existed only for job function X? (4) = 14.68, p = .005. Post-hoc
Mann-Whitney tests were conducted to evaluate pairwise differences among the five
subclimates on job function, controlling for Type I error using the Holm sequential
Bonferroni approach (Holm, 1979). The results indicated a significant difference between
Subclimate 2 and Subclimate S only (U = 39614, p = .004). Subclimate 5 exhibited a
greater proportion of upper management employees than Subclimate 2 (Table 11). Thus,
in this sample two of the five subclimates did exhibit differences in terms of the

demographic attribute of job function, answering Research Question 4.

Tuble 12

Job_Fx * Subclimate Crosstabulation

Subclimate

] 2 3 4 5 Total

Job Fx Upper Count 170 64 11245 39 388, 620

Mgmt % within 40.5% 45.7% 59.6% 63.9% 59.0% 56.9%
Subclimate

Middle Count 15a 38, 33a 12, 144, 242

Mgmt % within 35.7% 27.1% 17.6% 19.7% 21.9% 22.2%
Subclimate

Non-Su Count 10a 38, 43, 10, 126, 227

per % within 23.8% 27.1% 229% 164% 19.1% 20.8%
Subclimate

Total Count 42 140 188 61 658 1089

% within 100% 100% 100% 100% 100% 100%
Subclimate

Note. Job_Fx = Job function group, Each subscript letter denotes a subset of
Subclimate categories whose column proportions do not differ significantly from
each other at the .05 level.



CHAPTER 4

DISCUSSION

Based on recent suggestions of climate researchers to more closely examine the
role of variability in organizational climate emergence (Fulmer & Ostroft, 2015), this
dissertation offered an exploratory investigation of perceptual variance in safety climate.
By using a patterned emergence perspective to reconceptualize the confines of
organizational units as subclimates, rather than formally-defined work groups, this study
addressed criticisms that heavy reliance on dispersion composition models (Chan, 1998)
and work teams has thwarted the investigation of unobserved organizational subgroups
that perceive the organizational climate similarly (Dawson et al., 2008; Gonzalez-Roma
& Peird, 2014; Kuenzi & Schminke, 2009). To examine these issues, this study
conceptualized subclimates as having high climate strength and significant
between-group discrimination with regard to their climate perceptions. These groups
were quantitatively identified using configural measurement techniques (Meyer et al.,
1993; Ostroff & Fulmer, 2014). More specifically, LCCA was utilized to reveal patterns
of response, using safety climate as an exemplar. Overall, support was found for both
hypotheses of this study. That is, the hypothesized factor structure of the OLSC was
replicated, and safety subclimates were found to differ based on their respective profile
characteristics. This study also shed light on several core research questions related to the

examination and typing of safety subclimates. The results of this study, to include

90
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potential limitations and directions for future research, are discussed in the subsequent
sections.

Relating Core Findings to Key Conceptual Attributes of
Safety Climate

In order to use LCCA as a technique to group individuals based on patterns of
response, the factor structure of the measurement scale being used had to first be
confirmed via CFA. As safety climate was chosen as the exemplar for this study. the
OLSC (Zohar & Luria, 2005) was used for this purpose. The hypothesized structure
between the observed OLSC items and underlying OLSC factors was tested statistically
to determine its fit to the sample data. As reported, the results of the CFA and evaluation
of the corresponding measurement model indicated adequate fit of the hypothesized
three- factor structure of the OLSC, supporting Hypothesis 1 and replicating the previous
findings of Johnson (2007).

Before discussing the core research questions and hypothesis related to LCCA
and subclimates, an important point related to the CFA is worthy of further discussion.
That is, there are paradoxical sets of goals that should be expressly understood when
confirming the factor structure of a measure on sample data prior to using configural
measurement techniques to identify subclimates. Standard data screening procedures for
CFA require that multivariate skewness and kurtosis be assessed and addressed if
abnormal (DeCarlo, 1997). As outlined in the results section, an examination of Mardia’s
(1970, 1974) multivariate kurtosis coefficient indicated that kurtosis was problematic,
and 82 outlier cases were identified and removed from the data set in an attempt to

address this issue. However, the study of perceptual variability based on a patterned
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emergence compilation perspective assumes nonuniform distributions exist within the
overall climate of an organization (Fulmer & Ostroff, 2015). This creates a situation
whereby researchers must be mindful of meeting the assumptions of multivariate
normality whilst understanding the potential side effects of aggressively addressing
skewness and kurtosis prior to subclimate identification. That is, a myopic focus on
achieving uniform, normally distributed data may remove meaningful variance arising
from true subgroup differences within the sample and may ultimately result in inaccurate
subclimate identification. As established guidelines do not exist to govern these
decisions, the assumptions underpinning LCCA were followed to determine the extent to
which the sample data set was modified by removing cases to reduce kurtosis.

Once the issue of multivariate kurtosis had been addressed. the results of this
study indicated that LCCA did in fact yield a model that had an acceptable fit to safety
climate data. In addition, a five-class model could be identified based on patterns of
response along the three OLSC factors identified via the CFA. Perhaps more importantly,
each class in the model corresponded to a distinct safety subclimate as jointly determined
by the probabilistic model, patterns of response to the OLSC, and tests of homogeneity of
climate perceptions. Regarding the tests of homogeneity of climate perceptions, results
suggested that safety climate ratings were heavily influenced by subclimate membership
and that the five safety subclimates could be reliably distinguished from one another. But
how, exactly, do these findings help to inform and add value to the climate literature
generally and the safety climate literature in particular? To answer this question, it is
necessary to relate the findings regarding subclimate profile characteristics to several key

facets of the safety climate construct.
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When considering homogeneity and variability of climate perceptions
between-subclimates, and how group membership may influence safety climate ratings, a
number of key facets help to explain the organizational pressures that may result in the
perceptions of subclimate members becoming more or less similar to each other. The first
key facet of safety climate is that the organizational environment is complex, and the
assessment of organizational priorities may be cognitively challenging for employees.
Safety-related policies, practices, and procedures form building blocks of the
organizational environment. The relationships between these elements and the relative
priorities among them inform individual perceptions of safety climate (Zohar, 2000).
Organizations with strong safety systems exhibit consistent application of visible and
salient policies, practices, and procedures. Consistency, in turn, creates the conditions
under which individuals uniformly interpret the signals sent by the system, thereby
leading to the formation of similar safety climate perceptions (Bowen & Ostroff, 2004;
Zohar, 2010). However, the overall pattern and signals must be sorted out for individuals
to discern what safety-related behaviors are rewarded, expected, and supported. When
leaders enable situations where there are competing domains, such as a trade-off of
safety-related policies to meet production goals, conflict is created and employees receive
a signal regarding the relative importance of safety. If trade-offs are witnessed, a lower
priority of safety may be perceived which would be reflected in lower individual safety
climate ratings and, relatedly, lower climate levels.
The second key facet safety climate is that the alignment between leaders’

espousals (e.g., words) and enactments (e.g., deeds) with regard to safety prioritics may

inform employee behavior-outcome expectancies. Employee’s expectancies, in turn, help
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to inform their climate perceptions. Similar to the situation where competing domains
create conflicting messages, inconsistencies or gaps between espousals and enactments
may signal that safety is not an organizational priority and may also result in lower
climate levels.

The third key facet that may affect safety climate perceptions is the consistency
perceived by employees regarding safety-related policies, procedures, and practices. If
these formalized edicts are viewed as incongruent or mutually exclusive, individuals may
perceive a lack of consistency and, as a result, form a lower perceived priority for safety.
This, also, would result in a lower climate level.

When relating these key conceptual attributes to the findings of this study, it
would seem reasonable to simply compare and contrast the climate levels to pinpoint
which subclimates may have lower perceived safety climate relative to one another and to
the organization as a whole. However, this approach underscores a larger problem in the
practice of using climate measures as diagnostic tools in organizations. That is, it is not
uncommon for practitioners and researchers alike to rely heavily on the interpretation of
an organization’s safety climate based solely on climate level as the measurement
parameter of interest (Fulmer & Ostroff, 2015; Schneider et al., 2002; Zohar, 2003).
However, strict reliance on climate level (i.e., mean climate scores), synonymous with
elevation in configural measurement approaches, can mask important variations in scale
endorsement and can lead to erroneous conclusions with regard to the how employees
perceive the organizational climate (Zohar & Luria, 2005).

Referring back to Table 9, Subclimate 5 had the highest mean climate level rating

(X=3.98) relative to the other subclimates and Subclimate 4 had the lowest (X=3.35). For
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reference, the global, or overall, organizational climate level rating was lower than
Subclimate 5 but higher than all other subclimates (X=3.81). Although it is possible that
the effects of some of these key conceptual attributes were at play and might have
affected Subclimate members’ perceived priority for safety, and consequently, their
respective climate ratings, the underlying drivers for ratings are not apparent from simply
reviewing the climate level data. All that may be determined from a review of the
respective climate levels is that some groups perceive a lower or higher organizational
priority for safety relative to each other, and the organization as a whole. Ehrhart,
Schneider, and Macey (2013) recently advised caution when interpreting global climate
levels based on the amount of within-group variance (e.g., climate strength) that is
present. That is, if there is high within-subclimate variance. the global climate level
would be more unreliable, and would thus not be a meaningful measure of central
tendency. In the case of this study, then, when comparing the five subclimate
characteristics against the overall, or global, organizational climate characteristics,
questions emerge with regard to how meaningful the global organizational safety climate
level is as a diagnostic given the differences in variability between Subclimates 4 (SD =
351)and 5 (SD = .514), for example.

Practically speaking, one obvious advantage of using subclimate as a grouping
variable is that subclimates help to contextualize within-group agreement and
between-group variation by grouping individuals together that respond similarly across
climate factors rather than examining climate level or climate strength in isolation.
Referring to Table 11 and Figures 5 and 6, an examination of the elevation, variability,

and shape of each subclimate shows that there are qualitative inconsistencies with regard
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to how subclimates respond to the OLSC. When considering the patterns of response
along the OLSC factors, Subclimates 1 and 3 were found to have similar shapes. That is,
members of both subclimates tended to respond high on ME1 and LD2 and low on DI3
and were qualitatively characterized as exhibiting high-high-low pattern. Using the same
process, Subclimate 2 exhibited a moderate-moderate-high pattern, while Subclimate 4
was typed as high-low-low. Subclimate 5 was found to be moderate across all three
safety climate dimensions (i.e., moderate-moderate-moderate) and shared a similar
elevation and shape with the overall organization.

While the results indicate differences, or inconsistencies, in how groups endorsed
the OLSC factors relative to each other and the overall organization, they provide no
additional information on how the subclimates differ in terms of other characteristics. As
previously discussed in the review of the climate literature, organizational theorists
suggest that inconsistencies are normal in organizations. The characterizations of
organizations as organized anarchies (Cohen et al., 1972) and loosely coupled systems
(Weick, 1979) suggest that the perception of inconsistencies by individuals,
operationalized within their personal and social contexts, may result in variation in
climate perceptions between groups (Zohar & Tenne-Gazit, 2008). In the case of the
present study, the demographic characteristics of each subclimate were examined to see if
any significant differences existed. The results indicated a statistically significant
difference between Subclimate 2 and Subclimate 5. Subclimate S exhibited a greater
proportion of upper management employees and Subclimate 2 exhibiting a greater

proportion of non-supervisory employees.
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Sources of Safety Climate Emergence and Alignment

An additional key facet of safety climate is that it is derived from shared
perceptions regarding psychologically meaningful attributes of the organizational
environment (Zohar, 2010) and that it is socially-shared through a variety of mechanisms,
which ultimately results in the emergence and alignment of climate perceptions. Notably,
this conceptualization of safety climate is in line with recent recommendations that
researchers obtain construct validity evidence for the alignment of climate perceptions
(i.e., climate strength) rooted in processes of climate emergence (Chan, 2014) and helps
to explain the importance of considering socially-derived influences on climate formation
(Schneider & Reichers, 1983). From a conceptual standpoint, the investigation of
subclimate demographic characteristics may help to address a key theoretical question
related to the process though which safety climate perceptions converge and why
subclimate members with similar positions in the organizational hierarchy, as opposed to
members of work teams or departments, would engage in activities that would result in
safety climate emergence and perceptual alignment at the subclimate level.

The work of Ostroff and colleagues (2003) and Zohar (2010) identify symbolic
social interaction and shared supervisory leadership as the two primary antecedents likely
to promote climate emergence and alignment of perceptions. These antecedents may help
to explain the statistically significant differences found in this study between Subclimates
2 and 5. Symbolic interactionism is a philosophy that posits that meaning and reality are
socially construed (Berger & Luckmann, 1967) and gradually arise from normative
exchanges between individuals (Blumer, 1986; Stryker, 1980). The interactive approach

to climate formation uses symbolic interactionism as a philosophical basis to help explain
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how shared perceptions of the work environment ultimately generate from unit member
social interactions (Moran & Volkwein, 1992; Schneider & Reichers, 1983). More
specifically, symbolic social interaction is a theoretical framework that seeks to explain
how the emergence of organizational climate perceptions is thought to be subject to
social influence through a sensemaking process (Weick, 1995), whereby individuals
attempt to interpret and explain complex cues from their work environment (Ostroft et
al., 2003; Schneider & Reichers, 1983; Weick, 1993; Weick et al.. 2005).

The interactive approach posits that social interaction fosters communication and
discussion necessary to develop a shared interpretation and cognitive appraisal of the
work environment (Rentsch, 1990). Rentsch studied members of interaction clusters
defined by sociometric methods and found that they tended to attribute similar meanings
to organizational events. Conversely, those members involved in different interaction
clusters attributed different meanings to the organizational events. Similarly, Klein and
colleagues (2001) used the frequency of collaboration as an indicator of social interaction
and found significant positive correlations between social interaction and climate
strength, lending support to the idea that perceptual alignment occurs as a result of social
interaction processes. With regard to safety climate, the role of symbolic interactions and
sensemaking as antecedents has not been widely studied. However, Zohar and
Tenne-Gazit (2008) used social-network techniques as a proxy for sensemaking
processes, and found a positive relationship between the frequency of social exchanges
and density of communication networks and the degree of within-unit alignment (i.e.,

climate strength) among unit members’ climate perceptions. Similar to the interactive
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approach to climate formation (Moran & Volkwein, 1992; Schneider & Reichers, 1983),
climate strength is thought to evolve from social interactions.

Another primary antecedent likely to promote the emergence of shared safety
climate perceptions is leadership. This is consistent with the wider climate literature,
which has long held the proposition that leaders helped to create climate (Lewin et al.,
1939). The safety climate literature has largely explained the consistent safety
climate-leadership relationship by specifying that group members repeatedly observe
their leaders and exchange information with them through a process of social learning,
and that this process is meant to interpret the complex organizational environment
(Dragoni, 2005; Morgeson & Hofmann, 1999; Zohar, 2003; Zohar & Luria, 2004; Zohar
& Tenne-Gazit, 2008). From this perspective, leaders routinely function as a source of
information with regard to relative safety priorities as well as the safety-related behavior
that is expected and rewarded by the organization.

Within the context of multilevel safety climate, Zohar and Luria (2005) contend
that cross-level alignment dictates that between-groups variation is likely the product of
the discretion afforded supervisors in the practical execution of organizational policies
and procedures related to safety. That is, formal policies and procedures are formulated
and defined at the organizational (i.e., upper management) level and then executed at
lower, subunit levels by supervisors. As such, variations in practice can result in
between-groups variability in safety climate perceptions. Zohar and Luria posit that
organizational-level and subunit-level safety climates should, however, be globally
aligned since group variation should be limited based on policies setting limits on

group-level interpretations.
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The work on cross-level alignment and leadership in the safety climate literature
has, notably, been conducted on level-adjusted scales with a referent shift for the group
level from the organization’s top management to the supervisor. In the case of this study,
however, referent-shift consensus scales were not used and would not be relevant since
subclimates are an unobserved subpopulation, identified and derived via LCCA, and
conceptually different from formalized suborganizational aggregates. Yet. it is
nevertheless worthwhile to examine the alignment between global safety climate level
and subclimate safety climate levels to understand whether Zohar and Luria’s arguments
regarding between-group variation in safety climate may be extended to include
socially-derived, rather than structurally-derived, antecedents to climate formation.

A potential explanation for the finding of significant differences between the two
safety subclimates, which may be usefully characterized as “Worker” (Subclimate 2) and
“Upper Management” (Subclimate 5), may be rooted in the diversity literature rather than
in the work Zohar and Luria (2005, 2010) have done on leadership and cross-level
alignment. Turning from the structural processes through which safety climate
perceptions emerge to the sources of shared perceptions, questions remain regarding why
the members of the Worker and Upper Management subclimates would engage in
activities that would result in perceptual alignment. To date, very little research has
addressed this question. Zohar (2010) contends that the complexity of the organizational
environment, to include the presence of competing values (Quinn & Rohrbaugh, 1983),
competing operational demands (Lawrence & Lorsch, 1967), discrepancies between
espousals and enactments (Simons, 2002), and cross-level variations in policy

implementation (Zohar & Luria, 2005), all play a significant role and that the ambiguity
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of the organizational environment drives employees to engage in social- and
interpersonal-based processes and activities to interpret signals and derive patterns from
the complexity. Given that there is a long history of research showing that group
characteristics create a distinctive social context to which individuals respond (Cannella,
Park, & Lee, 2008; Pelled, Eisenhardt, & Xin, 1999), it is curious that perceptual
alignment of safety climate has been infrequently examined in connection with
demographics. On the one hand, climate researchers have acknowledged that the
socially-derived characteristics of groups may influence sensemaking processes (Weick,
1995) and, subsequently, the convergence or divergence of climate perceptions (Colquitt
et al., 2002; Schneider, Salvaggio, & Subirats, 2002). On the other hand, few researchers
have considered how systematic perceptual differences may be linked to demographic
characteristics (see Beus et al., 2010; Zohar & Tenne-Gazit, 2008 for exceptions related
to safety climate).

Some insight into why Workers and Upper Management may differ significantly
with regard to climate perceptions may be derived from previous research on collective
climates. As previously stated, Gonzélez-Roma and colleagues (1999) examined whether
membership in collective climates, which are conceptually similar to subclimates, was
related to membership based on department, hierarchical level, shift, job location, and
organizational tenure. They found that only hierarchical climates (i.e., top managers
versus middle-to low-level employees) were significantly related to group membership,
and suggested that collective climates gain psychosocial meaning based on the
penetration of the top managers’ views through other hierarchical levels. The authors

posited that the relationship between collective climate and hierarchical level revealed the
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scope of the top managers’ views by revealing two distinct views of the organization —
one held by top managers and the other by lower-level employees. Their findings
suggested that hierarchical level may be a factor in the formation of organizational
climates, which may help to explain the significant finding between job function and
Subclimates 2 and 5.

Although the safety climate literature has tended to focus on the role of
leader-member exchange and the quality of those relationships as an antecedent to
climate emergence, researchers have also acknowledged that because group members are
apt to interact more often with each other than with individuals in other groups, they are
more likely to develop shared interpretations and meanings for the organizational
environment and, consequently, perceptions of both the group safety climate as well as
the global organizational safety climate (Huang et al., 2013). However, safety climate
studies investigating the role of social interaction in climate formation continue to focus
on intact work teams, departments, and branches, given the role and proximity of
supervisory discretion in implementing safety practices at tactical (i.e., proximal) levels.
The diversity literature may better explain the motivation for shared safety climate
perceptions within subclimates by more fully explicating the principles and social
processes by which members strive for shared perceptions. For example, the principles of
homophily help to explain how demographics may be related to social interaction and
climate emergence. Homophily can be defined as the concentration of network
connections and social relationships among individuals who are similar with regard to
demographic characteristics (McPherson et al., 2001). With regard to social networks in

organizations, Festinger’s (1954) theory of social comparison guides the classic argument
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that individuals utilize as a referent group those who are similar to them. According to the
principles of homophily, individuals who share demographic characteristics are more
likely to share similar histories, narratives, experiences, and attitudes. which facilitates
interaction and smooths communication. Research on homophily has shown that
increased diversity affects the tendency for social relationships to exhibit homophily and
that social networks in diverse environments tend to be more homogenous with regard to
demographic, behavioral, and interpersonal characteristics (McPherson et al., 2001). With
regard to the formation of shared climate perceptions, homophily is important to consider
because it affects individuals’ social systems and consequently, may constrain the
information they receive and interactions they experience in the organizational
environment. Findings in research on homophily have been largely consistent with
findings in diversity research in that demographic dissimilarity has been shown to affect
team processes and outcomes (Milliken & Martins, 1996: van Knippenberg, De Dreu, &
Homan, 2004) and that diversity impairs group cohesion and communication (Williams
& O’Reilly. 1998). Hence, the principles of homophily and diversity may help to explain
how perceptual convergence could be related to an attribute like job function within
subclimates.

In a similar vein, the similarity-attraction paradigm (Byrne, 1971) explains that
people form in- and out-groups on the basis of perceived similarity, and that these groups
are codified for individuals through the process of social categorization and social
identity. Diversity research has shown that people use demographic attributes as a means
for determining similarity, identification, and classification into subgroups (Harrison,

Price, Gavin, & Florey, 2002; Horwitz & Horwitz, 2007; Tsui, Egan, & O’Reilly 111,
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1992). Optimal distinctiveness theory (Brewer, 1991; Brewer, Manzi, & Shaw, 1993;
Hornsey & Hogg, 1999; Pickett & Brewer, 2001) helps to explain that individuals seek an
optimal balance of uniqueness and identity. That is, individuals desire to belong to a
particular group that holds meaning for them, such as line of business or occupation, but
also desire to be distinctive from other groups. Similarly, social and psychological
distance theories (Hraba, Hagendoorn, & Hagendoorn, 1989; Jetten, Spears, & Postmes,
2004) have been drawn upon to explain the desire for subgroups to be distant from one
another (Bezrukova, Jehn, Zanutto, & Thatcher, 2009) and social distance theories, in
particular, help explain how in- and out-group formation entails an assessment of the
extent to which out-groups are different from in-groups. Constructed social
representations, such as nationality, ethnicity, occupation, or other demographic attributes
can also result in perceived distances between groups (Hraba et al., 1989).

Overall, there is no definitive indication of why Workers and Upper Management
differed in their safety climate response patterns. However, these social- and
diversity-related theories may help to explain the structure of subclimate demographic
composition and why it may matter for subclimate processes and functioning. These
theories are also helpful in explaining how subclimates may vary in terms of their social
interaction patterns or social and normative expectations (Morgeson & Hofmann, 1999)
and, moreover, how the effects of these social processes could promote the alignment of
climate perceptions among members of the same subclimate, and divergence between

members of different subclimates.
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Limitations and Future Research

Before highlighting the practical and theoretical contributions of this study, it is
imperative to first acknowledge several limitations and potential directions for future
research. First, the exploratory nature of the research meant that no causal relationships
were modeled or examined between subclimate membership and objective safety
outcomes. As such, the predictive and criterion-related validity of the OLSC was not
established. Previous research on safety climate has shown that the inclusion of relevant
outcome variables, such as safety performance metrics, audits, and behavioral
observations, may support the predictive and criterion-related validity of perceptual data
(Zohar & Luria, 2004; Zohar & Tenne-Gazit, 2008). While the CFA did lend
psychometric evidence for the validity of a three-factor structure for the OLSC, the scale
is a self-report measure. As such, it is possible this study may have suffered from
common method bias (Podsakoff, MacKenzie, Lee, & Podsakoff, 2003). Previous safety
climate studies (Zohar & Luria, 2004; Zohar, 2003) have employed techniques such as
random split procedures to reduce single source bias, which should be considered in any
future research.

Second, this study was cross-sectional and data were only gathered at one point in
time. Thus, investigation of fluctuations in subclimate membership was not possible. In
order to further examine the causal ordering of variables among subclimate membership,
social interaction, and perceptual alignment, for example, it would be helpful to employ a
longitudinal design which allows for the measurement of social interaction and climate

consensus at multiple points in time.
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Third, with regard to the sample, the data were gathered from a single
organization. Caution should therefore be used in generalizing the results of this study to
other populations. In addition, the sample of respondents was predominantly male. In the
limited research that has been conducted on the relationships between demographics and
safety climate, there is some evidence to support the idea that men tend to experience
accidents more frequently than women. For example, Byrnes, Miller, and Schafer (1999)
found that men are higher than women in risk taking and sensation seeking. They also
found significant shifts in the gender gap related to age, and that the gap grew smaller
over time. Given the high proportion of males in the sample data, future research should
consider whether gender has any association to safety subclimate membership.

Several methodological limitations should be addressed in future investigations.
While the within-group interrater agreement statistics reflected the high degree to which
the ratings from different individuals within subclimates were interchangeable and that
each distinct subclimate exhibited acceptable levels of consensus, testing of alternative
distributions was not done. That is, this research utilized the accepted approach of using
the uniform (i.e., rectangular) null distribution when estimating within-subclimate
agreement (LeBreton, Burgess, Kaiser, Atchley, & James, 2003). However, there have
been discussions pointing out the theoretical and practical problems associated with its
use. For example, the uniform distribution assumes no response bias and that each
response option is equally likely to be selected on a Likert scale (Bliese, 2000; LeBreton
& Senter, 2007; Likert, 1967). Thus, the uniform distribution does not account for
expected random variance (Brown & Hauenstein, 2005). However. climate research has

shown that responses may not conform to a uniform distribution due the effects of
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response biases (James et al., 1984). In the case of safety climate, Zohar and Tenne-Gazit
(2008) have noted that the rectangular distribution also does not take into account the
prevalence of restricted ranges in responses to safety climate surveys. Finally, Schneider
and colleagues (2002) have noted that there is a likelihood of rwg resulting in values
greater than one, which may be difficult to interpret and overestimate the degree of
within-group agreement. For all of these reasons, it is possible that the use of an
alternative distribution (e.g., triangular, skewed) may have more accurately estimated the
variance expected under conditions of random response in this sample (James et al.,
1984).

Another potential methodological limitation is that the use of LCCA allows for
subjectivity in model estimation. As such, there is a chance of employing a less than
optimal estimation method and incorrectly specifying the measurement model. It is worth
noting that modification indices calculated as a part of the CFA provided some indication
that moving one of the items to a different factor may have potentially improved model
fit. However, given the controversies and risks associated with the practice of relying on
modification indices for model re-specification (Jackson et al., 2009), and given the
evidence that the model tested exhibited acceptable fit, the model was not respecified.
The subjectivity afforded researchers in making these kinds of analytical decisions should
be weighed carefully in future research.

This study points to some exciting avenues for future research with subclimates.
For example, although the ICC(1) values indicated that climate ratings were heavily
influenced by subclimate membership (LeBreton & Senter, 2007) and the significant

ICC(2) values suggested that the mean ratings of subclimate members reliably distinguish
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the five subclimates from one another, item-level response patterns were not examined.
In-depth analysis of which specific items show agreement within subclimates could help
to design and target intervention plans to help strengthen or increase alignment of climate
(Bliese, 2000). Additionally, profiling patterns of response patterns may yield tailored
practical interventions targeted at strengthening climate in specific groups (Zohar &
Hofmann, 2012). The in-depth examination of item-level response patterns may help to
elucidate the degree to which these groups are aligned (Ostroff & Fulmer, 2014) with
regard to the overall organizational climate, and may provide a rich diagnostic tool to

differentiate groups when taking a multilevel perspective of climate.

Contributions and Concluding Thoughts

In their extensive review on the state of organizational climate research, Kuenzi
and Schminke (2009) note that the historical focus on the predefined work group is
reflective of a tendency of researchers to fixate on the quantitative demonstration of
within-group consensus to justify aggregation of perceptions from the individual to
higher levels, rather than on the conceptual understanding of how and why patterns of
similar perceptions may emerge outside these confines. This dissertation attempted to
address the issue by examining perceptual variability via a patterned emergence
compilation model (Fulmer & Ostroft, 2015), whereby nonuniform patterns of dispersion
(i.c., distributions) were identified using configural measurement techniques (Wang &
Hanges, 2011). These patterns corresponded to groups that were conceptualized as
subclimates. Subclimates were characterized by high within-group agreement (i.e..
climate strength) and significant between-group discrimination in climate perceptions. By

investigating subclimates, this research answered the call to examine climate as a
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differentiated phenomenon (Schneider & Barbera, 2014), rather than from a traditional,
integrationist perspective (Martin, 2001).

Overall, this research established the viability of LCCA as a measurement tool for
identifying subclimates, and for using subclimates as a grouping variable for the
investigation of safety climate variability. It is also worth noting that this research
contributed to both the general climate and general multilevel modeling literatures by
showing that subclimates may be formed by climate response patterns and that these
patterns may be differentiated according to the demographic of job function. This
research also contributed to moving the safety climate literature away from reliance upon
the work group as a grouping variable and dispersion models as the default basis to
explain the nature and operation of perceptual variability. Finally, the finding of
significant differences in safety climate perceptions between Subclimates 2 and 5
provides a novel argument for the role of job function as a potential source of safety
climate emergence and alignment.

Given the increasing diversity of the organizational ecosystem, it is hoped that the
findings of this study encourage other organizational scholars to examine the degree to
which unidentified subgroups converge or diverge with regard to climate perceptions.
Furthermore, it is hoped that this study offers a means by which to articulate how
competing pressures for homogeneity and variability may be separated from the
dominant view that shared supervisory influence is the primary antecedent to climate
emergence and strength. Finally, it is hoped that by using the diversity literature to
engage in a closer examination of how the subclimates may differ in terms of

socially-derived characteristics, this study answered the longstanding call to continue the



110
exploration of the etiology of climates from new and unique perspectives (Schneider &

Reichers, 1983).
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From: Dov Zohar

Date: March 8, 2014 at 0:43:47 CST

To: "Frost, Amy"

Subject: Re: Request permission for scale use

Dear Amy

You are welcome to use my scale as published in the Appendix of the JAP (2005) paper.
I am away from my office now and have no access to the full RF scale. Please remind me
to send the full scale by the end of March upon my return back home.

As I understand, your company is a global certification and verification company. If this
is true, it might be possible to explore possible collaboration between us. For example,
we may consider development (and validation) of industry-specific safety

climate scales you may subsequently use as proprietary scales for certification purposes.
For example, | have recently developed with US colleagues a safety climate scale for
truck drivers and tested its predictive validity using subsequent traffic injuries as outcome
criterion. The new scale explained twice the injury variance by comparison with my
generic scale (i,e, the JAP 2005 scale).

I'd be happy to explore such possibilities with you and your colleagues.

All the best and good luck with your thesis,

Dov

ok ok K ok ok ok

Professor Dov Zohar

Faculty of IE & Management

Technion Institute of Technology

Haifa 32000, ISRAEL

(0) 972-4-829-4440
(F) 972-4 829-5688
(C) 972-525-206064
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1. Which designation most closely matches your job function?

2. What is your age?

3. What is your highest level of education?

4. How long have you worked for this organization?
Organization-Level Safety Climate (Zohar & Luria, 2005)

Top management in this organization . . .

1. Reacts quickly to solve the problem when told about safety hazards.
2. Insists on thorough and regular safety audits and inspections.

3. Tries to continually improve safety levels in each department.

=N

. Provides all the equipment needed to do the job safely.

5. Is strict about working safely when work falls behind schedule.

=)

. Quickly corrects any safety hazard (even if it’s costly).
7. Provides detailed safety reports to workers (e.g., injuries, near accidents).

8. Considers a person’s safety behavior when moving—promoting people.

O

. Requires each manager to help improve safety in his— her department.
10. Invests a lot of time and money in safety training for workers.

11. Uses any available information to improve existing safety rules.

12. Listens carefully to workers’ ideas about improving safety.

13. Considers safety when setting production speed and schedules.

14. Provides workers with a lot of information on safety issues.

15. Regularly holds safety-awareness events (e.g., presentations, ceremonies).
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Within-subclimate Agreement

Subclimate N Twg()

rwgj un 1 42 .8357
2 140 .8854
3 188 .8947
4 61 8152
5 658 9277
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