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Abstract

This paper examines the multidimensional nature of workplace motivation and the importance of a continuum structure in
self-determination theory through application of complementary variable- and person-centered approaches. This approach is
taken to simultaneously model the complexity of motivation and highlight interactions between motivational factors. Addi-
tionally, this study represents an initial test of the temporal stability of work motivation profiles. A sample of 510 full-time
employees were recruited from a range of occupations. Results support the central importance of a general factor representing
self-determination as the most influential factor in an employee’s motivation profile. However, smaller effects associated with
the motivation subscales, especially identified regulation, were also noticed. Importantly, motivation profiles were found to
be highly stable over the 4-month duration of this study. Results lend support to the theoretical position that while general
self-determination is an essential component of motivation, it alone does not fully describe an employee’s motivation.

Keywords Work motivation - Self-determination theory - Continuum - Latent profiles - Bifactor-ESEM - Latent transition
analyses

Introduction

Motivation has long been acknowledged as a variable of cen-
tral importance within the workplace context, as evidenced
by the numerous theories devoted to its study (Kanfer et al.
2017). Not only is employee motivation linked to direction,
intensity, and persistence of performance-based outcomes,
but more recent developments have outlined its impact on
employee well-being, development, and retention (Kanfer
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2017). SDT further proposes that these various types of
behavioral regulations, while retaining specificity, will be
organized along a single overarching continuum of self-
determination (Deci and Ryan 1985; Howard et al. 2017).
SDT has received strong support from studies demonstrating
the role of these behavioral regulations in the prediction of
goal-directed behavior (e.g., Ryan and Deci 2017). However,
this support remains mainly focused on the isolated impact
of each type of behavioral regulation. Given past work dem-
onstrating that the effects of SDT motives may differ on
the basis of the other motives experienced by employees
(Deci et al. 2001), this verification of the combined impact
of behavioral regulations appears to be particularly impor-
tant to our understanding of work motivation. Furthermore,
although some research has looked at the combined impact
of co-occurring behavioral regulations within distinct sub-
populations, or profiles, of employees (see Howard et al.
2016), these person-centered studies have generally failed
to account for the dual nature of motivation as proposed by
SDT, which encompass both an underlying continuum of
self-determination as well as co-existing subscales charac-
terized by their own specificity and unique characteristics
(Howard et al. 2020).

The current study was designed to contribute to this area
of research in three related manners. First, this study adopts
a person-centered perspective in order to identify subpopula-
tions (i.e., profiles) of employees characterized by distinct
motivational configurations, while also considering possible
determinants and outcomes of these distinct configurations.
Second, this study extends previous person-centered studies
of work motivation profiles by incorporating a more refined
representation of work motivation allowing us to jointly con-
sider employees’ global level of self-determination (reflect-
ing the overarching self-determination continuum) together
with the specific quality of their motivational orientation
(Howard et al. 2018; Litalien et al. 2017). Third, the adop-
tion of a longitudinal approach makes it possible to assess
stability and change in motivational profiles over a time
interval of four months.

The motivation continuum and specific motivational
qualities

Self-determination theory is built upon the premise that
humans, across life contexts (work, education, etc.), experi-
ence a range of distinct motives (referred to as behavioral
regulations) for engaging in goal-directed behaviors, and
provides a typology of these motives which are assumed to
follow an underlying continuum of self-determination (Deci
and Ryan 1985; Ryan and Deci 2017; Sheldon et al. 2017).
At one extreme, intrinsic motivation reflects the desire to
enact behaviors for the interest, excitement, and enjoyment
of the behaviors themselves. Then, identified regulation
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refers to behaviors that are perceived as meaningful and
aligned with personally held beliefs and values. Next, intro-
jected regulation describes the pursuit of behaviors in order
to attain feelings of pride and/or to avoid feelings of shame.
Finally, external forms of regulation occur when the focus
shifts from internally-driven reasons (e.g., interest, value,
or pride) to externally-driven reasons. External-social reg-
ulation describes motivation driven by the desire to gain
approval from others or to avoid criticisms (Gagné et al.
2015). External-material regulation is driven by more tan-
gible reasons, including financial rewards or job retention.

While these different types of behavioral regulation have
been well established, recent debate has arisen concerning
the dimensionality of these motives, specifically how they
can simultaneously exist as separate categories while also
being considered points along a single-dimensional con-
tinuum (Chemolli and Gagné 2014). Indeed, the logic of a
continuum suggests that a one-dimensional representation
could be sufficient to describe the motivational orientation
of a majority of employees and calls into question the unique
contribution of each specific type of behavioral regulation
once accounting for the contribution of a global continuum
structure. Determining whether motivation is best repre-
sented as a one- or multi-dimensional construct is of central
importance to SDT, in addition to having implications for
motivation theory more broadly.

Initial examination of this continuum structure was based
on the observation of stronger correlations among theoreti-
cally closer types of behavioral regulations than among more
distant ones (Chatzisarantis et al. 2003; Ryan and Connell
1989), ultimately suggesting that a predictable one-dimen-
sional continuum might underlie human motivation. Addi-
tional evidence relating to predictive validity is evident in
that autonomous forms of behavioral regulations tend to
more strongly predict desirable outcomes (e.g., performance,
wellbeing) and lower levels of undesirable outcomes (e.g.,
turnover, burnout). This linear progression of effect sizes
associated with motivation types based on their continuum
position has been supported in hundreds of studies (Ryan
and Deci 2017), with few exceptions (Gagné et al. 2015).
However, Chemolli and Gagné (2014) recently applied
Rasch analysis to directly test for the presence of a one-
dimensional model of motivation in the work and education
areas and failed to find evidence supporting the continuum
hypothesis. Conversely, Guay et al. (2015) and Litalien et al.
(2015), based on more precise estimates derived through
exploratory structural equation models (ESEM; Morin et al.
2013) supported the continuum of academic motivation
more clearly than confirmatory factor analyses (CFA).

Howard et al. (2018) combined these two approaches
(i.e., assessing an overarching dimension in a model
including specific dimensions along with cross-loadings)
via a bifactor-Exploratory Structural Equation Modeling
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(bifactor-ESEM; Morin et al. 2016a) representation of work
motivation. Howard et al. (2018) first demonstrated that it
was possible to identify an overarching factor reflecting the
global degree of self-determined work motivation that was
aligned with the continuum hypothesis. The authors con-
cluded that the general factor did indeed represent global
levels of self-determined motivation, rather than global lev-
els of motivation because, as hypothesized, the factor load-
ings on this general factor ranged from strongly positive (i.e.
intrinsic motivation) to negative (amotivation items), with
external regulation items presenting small positive loadings.
If items from all subscales had loaded approximately equally
on the general factor, then it might have been argued that
this general factor rather reflected global levels of motiva-
tion in an undifferentiated manner. However, as the items
associated with more self-determined subscales loaded more
strongly and positively than items from less self-determined
subscales, this was taken as strong evidence to indicate the
self-determined nature of this general factor.

Second, they demonstrated that this global factor co-
existed with equally viable specific factors reflecting the
unique quality associated with each type of behavioral regu-
lation over and above that global level of self-determination.
These results thus supported the ambiguous proposition that
motivation types followed a single overarching continuum
structure while remaining meaningful in and of themselves
(see Howard et al. 2020). Further supporting this assertion,
these authors showed that whereas the global continuum
factor was the strongest predictor of outcomes, the specific
regulation factors still contributed to prediction over and
above this global factor. These results have since been rep-
licated once using the same measure as part of preliminary
analyses reported by Gillet et al. (2018b) and in a series of
two studies conducted in the education area (Litalien et al.
2017).

The present study adopts this bifactor-ESEM represen-
tation of work motivation and combines it with a person-
centered approach in order to identify employees’ profiles
differing from one another both in terms of the global degree
of self-determination, but also in terms of specific behavioral
regulations. This approach can identify motivation profiles
in a way that more accurately reflects SDT’s representation
of work motivation.

A person-centered perspective on work motivation

Unfortunately, these previous studies examining the dimen-
sionality of motivation remain limited by their consideration
of the various (global and specific) types of behavioral regu-
lations as independent variables with additive effects, rather
than considering the ways in which these behavioral regula-
tions may be combined in distinct employee profiles, thereby

more closely reflecting how work motivation is holistically
experienced by distinct types of employees.

In a workplace, employees will rarely, if ever, report
having a single reason for enacting behaviors, but instead
have multiple reasons that may influence their decisions to
various degrees. For example, one employee may decide to
stay late to impress co-workers (external-social) and attract
a financial reward through paid overtime (external-material),
while still finding some degree of enjoyment in his or her
work (intrinsic motivation). In contrast, another employee
may arrive at the same decision based on a combined desire
to push forward a project that he or she finds to be highly
meaningful (identified regulation), while seeking to avoid
guilt related to self-caused delays to the project timeline due
to procrastination in the previous week (introjected regu-
lation). Yet, over and above these specific orientations to
work, both of these employees may tend to adopt a global
orientation to this overtime work that feels to be essentially
self-driven (e.g., finding intrinsic pleasure in the job or the
project), or that feels to be essentially driven by external
contingencies (e.g., the need for extra money or delays in
project progression).

Person-centered analyses seek to model these combina-
tions by identifying subpopulations of employees sharing
a similar configuration of behavioral regulations, generally
referred to as work motivation profiles. With the exception of
studies relying on an artificial dichotomization of behavio-
ral regulations into autonomous (intrinsic, identified) versus
controlled (introjected, external) categories (e.g., Van den
Broeck et al. 2013), most person-centered studies conducted
in the work area (i.e., Fernet et al. 2020; Gillet et al. 2017a,
2018a; Graves et al. 2015; Howard et al. 2016; in de Wal
et al. 2014; Moran et al. 2012; Van den Berghe et al. 2014)
have revealed profiles displaying matching (low, moderate,
or high) levels of motivation, or following the continuum by
displaying a smooth increase or decrease in motivation based
on their continuum position (e.g., high intrinsic, moderate
identified and introjected, and low external). Similar results
have been reported in the education (Gillet et al. 2017b) and
sport (Wang et al. 2016) domains. These results suggest that
there might be little value in considering specific forms of
motivation over and above global levels of self-determined
motivation, or at least make it hard to identify the relative
contribution of the specific behavioral regulations.

Morin and Marsh (2015) refer to the types of profiles
identified in these studies as presenting level differences
(i.e., profiles differing from one another in a purely quanti-
tative manner—in the present situation, profiles that could
be entirely subsumed as differing on a single indicator of
employees’ global levels of self-determination). They note
that such profiles provide evidence against the need for a
person-centered approach, which should ideally result in
the identification of at least a subset of profiles presenting
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shape differences (i.e., characterized by qualitatively dis-
tinct configurations—in the present situation configura-
tion showing deviations from the continuum). However,
they also noted that whenever global constructs (such as a
global factor reflecting the level of self-determined moti-
vation) co-exist with specific dimensions (such as specific
factors reflecting the quality of motivation) assessed from
the same indicators, then the failure to control for this
global tendency may erroneously lead to the inflation of
level differences in profile analyses. Morin et al. (2016b,
¢, 2017) more recently noted that, in these situations, pro-
files could advantageously be estimated from factor scores
taken from a bifactor model.

We adopt the approach advocated by Morin et al.
(2016b, c, 2017) in order to estimate work motivation
profiles differentiated from one another on the basis of
employees’ global level of self-determination, as well as
on their more specific behavioral regulation quality. Going
back to the examples provided at the beginning of this
section, the first individual could display high levels of
overall self-determination coupled with high levels of
external-social, external-material, and intrinsic motiva-
tions. The second employee could also be characterized
by a high general self-determination, but also report high
levels of introjected and identified regulations. In this case,
although both employees would present an equally high
levels of self-determined motivation, the shape of their
motivation profiles would differ in important ways and
be likely to have different implications. In contrast, the
specific profiles described at the beginning of this sec-
tion could also be anchored in much lower global levels
of self-determinations, while presenting the same eleva-
tions in specific behavioral regulations described above.
Once again, the resulting profiles are likely to have distinct
implications. In all of these scenarios, these shape-related
differences would support the need to account for both
the global level of self-determination and for the specific
forms of behavioral regulations in the estimation of the
profiles. In contrast, identifying profiles differing only at
the level of the global self-determination factor would sup-
port a one-dimensional representation of the motivation
continuum but not the value of differentiating among spe-
cific types of behavioral regulations. Similarly, observing
profiles differing only at the levels of the specific types
of behavioral regulations but showing similar global
levels of self-determination would support the value of
differentiating among specific types of behavioral regula-
tions, but not their organization along a single overarching
dimension. As such, by studying motivation profiles based
upon bifactor measurement models, this study will help to
uncover the differentiated role of specific types of regula-
tions above and beyond that of employees’ global level
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of self-determination (Chemolli and Gagn 2014; Howard
et al. 2020; Sheldon et al. 2017).

A longitudinal perspective on the stability of work
motivation profiles

In addition to adopting a more refined (i.e., global/specific)
representation of work motivation, the present study also
extends previous research on work motivation profiles by
adopting a longitudinal perspective. In doing so, the current
study examines stability and change in motivation profiles
occurring at the within-person (i.e., whether specific indi-
viduals remain associated with same profiles over time) and
within-sample (i.e., whether the profiles themselves remain
unchanged over time) levels (Gillet et al. 2017b; Kam et al.
2016). These verifications are important given that the abil-
ity to develop organizational interventions aiming to hire,
promote, or differentially manage workers on the basis of
their specific work motivation profiles requires the demon-
stration that the nature of the profiles themselves remain
unchanged over time, and that work motivation profiles
reflect relatively stable inter-individual differences in the
absence of systematic change, intervention, or events (Kam
et al. 2016; Meyer and Morin 2016).

Although individual levels of motivation may change
over time, evidence of some degree of within-person stabil-
ity should alleviate concerns that motivation profiles may
not endure over time and could be too responsive to day-
to-day fluctuations to be worth considering as a guide for
practice. For example, if employees could move from a high-
motivation profile to a languishing profile characterized by
very low levels of motivation over the span of a few days or
months in an unpredictable manner (within-person insta-
bility), this would make it impossible for managers to use
this information in any useful way. Likewise, if the nature
(shape) of the identified motivation profiles was to change
randomly over time (within-sample instability), such profiles
would only have a very limited utility for practical purposes.
In contrast, observing that motivation profiles remain stable
over time in a specific sample, and that individual member-
ship into these profiles also present some degree of stability
at the individual level, would make it possible to use this
information for purposes of targeted interventions aiming
to improve workplace motivation, or even to differentially
manage employees presenting distinct motivation profiles.
Naturally, some evidence of within-person instability, show-
ing that change in profile membership is possible, can also
help to refine our expectations regarding the degree of resist-
ance to expect in intervention contexts.

Initial evidence supporting both the within-sample (i.e.,
identification of the same profile structure) and within-
person (i.e., stability of individual membership in specific
profiles) stability of motivation profiles has recently been
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demonstrated in the educational domain over a period of
2 months (Gillet et al. 2017b). Furthermore, a study by
Fernet et al. (2020) demonstrated that while profiles were
relatively stable within-sample over 24-month period,
approximately 30—40% of employees changed motivational
profile during this timeframe. This raises questions con-
cerning whether employees are inherently more likely to
transition between profiles when compared to students in
an educational context, or whether the observed difference
is a function of the substantially different timeframes (i.e.
2 vs 24 months). As such, replication in the work context
over a moderate period of time is still required. The current
study seeks to address this issue by focusing on employees
assessed twice over a four-month period.

Construct validation of work motivation profiles

Once the generalizability or stability of a person-centered
solution has been established, it becomes important to estab-
lish the construct validity of the identified profiles via the
demonstration that the profiles present well-differentiated
and meaningful relations with a series of theoretically-
relevant predictors and outcomes (e.g., Morin 2016). The
general model of work motivation based on SDT (Gagné
and Deci 2005) includes predictors such as managerial
behaviors and job design factors, as well as outcomes such
as performance and turnover. Desirable forms of leadership
(e.g., transformational), managerial support, motivational
job design factors, and compensation systems that do not
focus unduly on individual bonuses are assumed to foster
need satisfaction and autonomous work motivation, which
themselves should foster performance, well-being and reten-
tion. Previous person-centered studies of work motivation
support to these propositions.

In terms of predictors, Graves et al. (2015) demonstrated
that higher levels of supervisor support were related to mem-
bership in more autonomously motivated profiles, and that
employees with positions higher in an organization’s hier-
archy presented a higher probability of belonging to more
autonomously-driven profiles. Moran et al. (2012) showed
that the satisfaction of employees’ basic needs for autonomy,
competence, and relatedness was positively related to mem-
bership into more autonomously-driven profiles. Finally,
Howard et al. (2016) noted that white collar employees
were more likely to be members of profiles characterized
by autonomous forms of motivation than blue collar employ-
ees. They also suggested that differences between white- and
blue-collar employees in terms of job design characteristics,
such as the greater level of job autonomy associated with
white collar positions, could partly explain their results.
The current study was designed to further investigate this
proposition by assessing the relations between a variety of
job characteristic, described in the Job Characteristics Model

(JCM; Morgeson and Humphrey 2006), and profile member-
ship. These characteristics include task significance, task
variety, task identity, job autonomy, and feedback inherent
in the job itself. Results from Howard et al. (2016) lead us to
expect these characteristics be associated with membership
into the profiles characterized by higher levels of autono-
mous types of regulations, as well as by higher levels on
the global factor representing employees’ overall degree of
self-determination. Previous variable-centered results also
generally support this expectation (e.g., Gagné et al. 1997;
Millette and Gagné 2008). Furthermore, it is possible that
poorly designed workplaces (i.e. low levels of autonomy &
feedback) lead to increasingly poor motivation over time
(a deterioration effect), or alternatively that well designed
jobs allow for increasing quality of motivation, for example
through ongoing job crafting.

Given recent debates concerning the effectiveness of
certain extrinsic forms of motivation (i.e., external-material
regulation) on performance (Cerasoli et al. 2014; Gagné
and Forest 2008; Gerhart and Fang 2015), the current study
included three subscales related to perceived work perfor-
mance (task proficiency, adaptivity, and proactivity; Griffin
et al. 2007) to assess whether the profiles would contribute
to the prediction of personal beliefs about performance, and
more specifically, examine how profiles with higher levels
of external-material regulation will differ from the oth-
ers. Specifically, research has indicated that while external
regulation may have a negative influence on performance
when considered in isolation (Gagné et al. 2015; Vascon-
cellos et al. 2019), additional evidence suggest that external
and introjected regulations may actually be beneficial to
some outcomes when accompanied by autonomous forms
of motivation (Howard et al. 2016), or at least not as detri-
mental (Cerasoli et al. 2014; Gillet et al. 2018a). This more
desirable effect of controlled forms of regulation has been
theorized to be the result of the initial behavioral drive pro-
vided by more controlled forms of regulations, in conjunc-
tion with the longer terms benefits emerging from the more
autonomous motives. As such, we expected that profiles
characterized by stronger autonomous relative to controlled
forms of motivation will relate more strongly to adaptive
and proactive work performance perceptions (Gagné et al.
2015). In addition, we also included a measure of turnover
intention as one of the most significant and costly workplace
occurrences and is a commonly studied outcome of work
motivation (Hom et al. 2017). Based on previous research,
we expect the most desirable outcome levels to be associ-
ated with profiles presenting higher levels of autonomous
motivations or higher levels of global self-determination,
and the least desirable outcomes to be associated with pro-
files presenting higher levels of controlled motivations or
lower levels of global self-determination (e.g., Gagné et al.
2015; Howard et al. 2016). Finally, profiles characterized
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by high levels of self-determination and external regulation
are expected to present higher levels of perceived perfor-
mance and lower levels of turnover intentions. In summary,
this study seeks to identify shape-differentiated employee
motivation profiles by adopting an approach allowing for an
accurate disaggregation of global level of self-determina-
tion from the specific quality of behavioral regulation. More
precisely, this approach makes it possible to examine the
added-value of the specific quality of behavioral regulations
(intrinsic, identified, etc.), after accounting for the effects of
global levels of self-determined motivation.

Hypotheses

While latent profile analysis is inherently exploratory, we
note several hypothesis indicating the results we expect to
observe. Results from studies relying on a more traditional
representation of behavioral regulations (e.g., Gillet et al.
2017a, 2018a; Graves et al. 2015; Howard et al. 2016; in de
Wal et al. 2014; Moran et al. 2012; Van den Berghe et al.
2014) allow us to expect the identification of at least three
profiles representing primarily differing degree of self-
determination. These expected profiles are in accordance
with the “level” effects generally identified in these previous
studies. Additionally, we also expect additional profiles char-
acterized by clearer shape differences involving the various
regulation factors. These shape differences will represent the
unique characteristics associated with regulation types above
and beyond the degree of self-determination.

Hla We expect three or more profiles primarily representing
differing levels of self-determination.

H1b We expect one or more profiles representing additional
effects associated with regulation types.

This study also seeks to assess the degree of within-sam-
ple and within-person stability in work motivation profiles
identified over a four-month period of stable employment.
The two previous studies examining profile stability were
conducted over 2-month (in an education setting; Gillet et al.
2017b) and 24-month periods (Fernet et al. 2020). In the
present study, we used a 4-month time interval to replicate
and expand on initial education focused evidence (Gillet
et al. 2017b), while remaining sensitive to more immediate
effects than those considered by Fernet et al. (2020). Based
on previous findings, we expect the within-sample stabil-
ity to be very high, leading to the identification of similar
profiles across time. Additionally, considering the sample
as a whole is not undergoing any large systematic changes
or interventions, we also expect to observe relatively high
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levels of within-person stability, with relatively few people
transitioning between profiles over time.

H2a Highly similar profiles will be identified at both meas-
urement points.

H2b Relatively few participants will transition between pro-
files over time.

Finally, the current study assesses the construct valid-
ity of these profiles by considering their relations with the
predictors of job design characteristics, and outcomes of
self-reported performance and turnover intentions. Based
on previous studies of motivation profiles, we propose the
following hypotheses.

H3 Job design characteristics (job autonomy, feedback, task
significance, task variety, & task identity) are expected to
increase the probability of individuals belonging to more
self-determined profiles, as well as any additional profile
characterized by very high levels of intrinsic and identified
regulation.

H4 Profiles characterized by a greater degree of self-deter-
mination, or high levels of intrinsic and identified motiva-
tion, will be associated with higher perceived performance
and lower turnover intention.

Methods
Participants and procedures

This study relies on a sample of employees receiving a
regular ongoing salary from heterogeneous workplaces and
industries (e.g., information technology, administration,
healthcare, sales, etc.) across the United States. Participants
were recruited through Amazon’s Mechanical Turk (Mturk;
Buhrmester et al. 2011) as part of a larger ongoing project
involving a series of online self-report Qualtrics surveys, in
which a small financial incentive was offered for participa-
tion. While concerns have been expressed over the suitabil-
ity of data originating from online survey platforms, recent
research evidence indicates that these concerns may have
been exaggerated (Cheung et al. 2017; Goodman et al. 2013;
Walter et al. 2019). However, in line with recommendations
provided in these recent studies regarding ways to maximize
the value of data collected within only survey platforms,
we implemented several quality checks throughout the data
collection. Given the employment context of the study, par-
ticipants reporting less than 25 h of paid employment per
week were excluded from the survey as part of the Mturk
sampling process.
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This study relies on a sample of 510 participants (50.2%
males, M,,.=36.75, SD,,. =10.93) who completed the
Time 1 survey, and a second identical survey four months
later, provided identifying data allowing them to be matched
across time points, and who passed a series of quality
checks. Thus, attention checks were included in the ques-
tionnaire which automatically excluded participants answer-
ing any of the three instructed-response items incorrectly
(Gummer et al. 2018; n=164). Furthermore, participants
who completed the entire questionnaire in under eight min-
utes were deemed to have provided poor quality data and
were therefore removed (n =40). This exclusion criteria was
established based upon pre-administration trials of the ques-
tionnaire by the researchers in which it was observed that
8—10 min was a conservative estimate of the minimum time
required to answer the 193 mandatory questions (approx.
2.5 s per item; Ward and Meade 2018). Participants had been
working for their organizations for an average of 6.16 years
(SD=5.90) and were primarily non-managers (56.3%), but
also included 28% line supervisors or team managers, 12.9%
mid-level managers, and 2.8% senior managers or execu-
tives. The average salary of participants was USD $42,200
(SD=$27,283), and they worked an average of 39.75
(SD=7.53) work hours each week.

Measures
Motivation

Motivation was measured using the Multidimensional Work
Motivation Scale (MWMS; Gagné et al. 2015). When com-
pleting this instrument, participants answer statements fol-
lowing the stem “Why do you or would you put efforts into
your current job?” using a 1 (not at all) to 7 (completely)
Likert-type response scale. This scale assessed five types
of motivation, including external regulation—material (3
items; Qe =.65; oimen =.72; €.g. “Because others will
reward me financially only if I put enough effort in my
job”), external regulation—social (3 items; o, =.77;
Oimer =-77; €.g. “To get others’ approval”), introjected reg-
ulation (4 items; Op.; =.76; imer =.79; €.g. “Because I
have to prove to myself that I can”), identified regulation (3
items; 0o =-86; Oimer =.91; €.g. “Because putting efforts
in this job has personal significance to me”), and intrinsic
motivation (3 items; Oie; =-93; Ximer =-94; €.8. “Because
the work I do is interesting”).

Work design

Participants completed the Work Design Questionnaire
(Morgeson and Humphrey 2006). The subscales measuring
work scheduling autonomy (3 items; e.g., “The job allows
me to make my own decisions about how to schedule my

work™), decision making autonomy (3 items; e.g., “The job
gives me a chance to use my personal initiative or judgment
in carrying out the work™), and work methods autonomy
(3 items; e.g., “The job allows me to make decisions about
what methods I use to complete my work™) were very highly
correlated (rp,.,,=-907). Given the high correlations and
the fact that these slight variations of autonomy were not
theoretically pertinent in the current study, these subscales
were combined into a single job autonomy scale (O =-94;
Oimer =-95). Additional subscales included task variety (4
1tems; Oime; =-92; Oimen =-93; €.g., “The job requires the
performance of a wide range of tasks”), task significance, (4
items; 001 =895 Aimen =905 e.g., “The results of my work
are likely to significantly affect the lives of other people”),
task identity (4 items; 0pe; =-87; Ximer =-87; €.8., “The
job involves completing a piece of work that has an obvi-
ous beginning and end”), and feedback (3 items; o, =.84;
Oimenr = -89; €.8., “The job itself provides me with informa-
tion about my performance.”). All items were rated on a
5-point response scale (1- strongly disagree to 5- strongly
agree).

Turnover intentions

Participants completed four items assessing their intention
to stay in their current organization (0t;y.; =.78; Oimer =-80;
e.g., “How likely is it that you will leave this organization of
your own choice during the next year?”; Meyer et al. 1993).
All items were measured on a 5-point Likert-type scale (1-
not at all likely to 5- very likely).

Performance

Participants completed a self-reported measure of perfor-
mance (Griffin et al. 2007) assessing task proficiency (3
items; Oe; =-82; Aymen =.79; €.g., “Carried out the core
parts of your job well”), proactivity (3 items; o;.; =.86;
Oimer =-87; €.g., “Made changes to the way your core tasks
are done”), and adaptivity (3 items; o) =-77; Oimes =-79;
e.g., “Adapted well to changes in core tasks”). All items
were rated on a 5-point Likert-type response scale (1- very
little to 5- a great deal).

Analyses
Model estimation

All analyses were realized with the robust maximum like-
lihood estimator (MLR) and the Mplus 7.3 (Muthén and
Muthén 2015) statistical package. Full information maxi-
mum likelihood estimation (FIML; Enders 2010) was used
to deal with missing responses on specific questionnaire
items (M =.1%). Preliminary measurement models were
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first estimated at both time points to identify the optimal
model for further analyses and to verify its measurement
invariance across time points. LPAs were then conducted
separately at each time point. Both optimal time-specific
solutions were then combined into a single longitudinal
LPA, which was used to systematically assess the degree
of similarity of these solutions across time points. A latent
transition analysis (LTA) was then estimated to assess the
within-person stability in profile membership across time
points. Finally, predictors and outcomes were incorporated
into this final LTA.

Preliminary analyses

CFA, bifactor-CFA, ESEM, and bifactor-ESEM representa-
tions of responses to the MWMS measure were estimated
separately at each time point following the sequence used by
Howard et al. (2018) and Morin et al.’s (2016a, b, 2017) rec-
ommendations. In CFA, each item was only allowed to load
on the factor it was assumed to measure with no cross-load-
ings permitted. This model included five correlated factors
representing external-material regulation, external-social
regulation, introjected regulation, identified regulation, and
intrinsic motivation. In ESEM, the same set of five factors
was represented using a confirmatory oblique target rotation
(Asparouhov and Muthén 2009; Browne 2001). Target rota-
tion is a confirmatory form of rotation which makes it pos-
sible to freely estimate cross-loadings while relying on an
a priori specification of the main loadings and constraining
cross-loadings to be as close to zero as possible. In bifactor-
CFA, all items defined one G-factor reflecting the global
level of self-determination as described by Howard et al.
(2018) and Litalien et al. (2017), as well as five S-factors
corresponding to specific levels of external-material regu-
lation, external-social regulation, introjected regulation,
identified regulation, and intrinsic motivation. No cross-
loading was allowed between the S-factors, and all factors
were set to be orthogonal according to bifactor assumptions
(Morin et al. 2016a; Reise 2012). Finally, bifactor-ESEM
estimated the same set of G- and S-factors as the bifactor-
CFA solution, while allowing for the free estimation of all
cross-loadings using an orthogonal bifactor target rotation
(Morin et al. 2016a; Reise et al. 2011).

Based on the final retained measurement model, we then
proceeded to tests of measurement invariance across time
points (Millsap 2011): (a) configural invariance, (b) weak
invariance (loadings), (c) strong invariance (loadings, inter-
cepts), (d) strict invariance (loadings, intercepts, unique-
nesses), (e) invariance of the latent variances-covariances
(loadings, intercepts, uniquenesses, variances-covariances),
and (f) latent means invariance (loadings, intercepts, unique-
nesses, variances-covariances, latent means). A priori cor-
related uniquenesses between matching indicators of the
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factors utilized at the different time-points were included
in these longitudinal models to avoid inflated stability esti-
mates (Marsh 2007).

All LPAs were conducted using factor scores saved from
the optimal preliminary models. Factor scores provide a way
to achieve a partial control for the measurement errors pre-
sent at the item level (Estabrook and Neale 2013; Skrondal
and Laake 2001) and to retain the underlying structure (e.g.,
bifactor structure, measurement invariance) of each meas-
ure (for additional details, see Morin et al. 2016b, 2017).
To ensure the comparability of measurement across time
waves, all factors scores were saved from longitudinally
invariant measurement models in standardized units (M =0
and SD = 1; Millsap, 2011). These preliminary analyses are
fully reported in the online supplements.

Latent profile and latent transition analyses

LPA including 1 to 8 profiles were first estimated based on
a single time point (Morin and Wang 2016). These analy-
ses relied on the estimation of profile-specific means and
variances of the motivation factor scores (Morin et al. 2011;
Peugh and Fan 2013) using 7000 random sets of start values
(the 200 best were retained for final optimization) and 200
iterations (Hipp and Bauer 2006).

Selecting the number of profiles to retain at each time
point relied on the consideration of the statistical suitabil-
ity of solutions as well as their theoretical meaningfulness
and conformity (Marsh et al. 2009; Morin 2016; Muthén
2003). In addition, statistical indicators which have been
demonstrated to be helpful in guiding that selection (e.g.,
Diallo et al. 2016, 2017; Nylund et al. 2007; Peugh and Fan
2013; Tein et al. 2013; Tofighi and Enders 2008). First, a
lower value on the consistent Akaike Information Criterion
(CAIC), the Bayesian Information Criterion (BIC), and the
sample-size adjusted BIC (ABIC) indicate a greater degree
of fit to the data. Second, a significant p value on the Boot-
strap Likelihood Ratio Test (BLRT) indicates that the model
can be retained when compared to the model including one
fewer profile. However, because these indicators share a
sample size dependency (Marsh et al. 2009), they sometimes
fail to converge on an optimal solution. In this situation, a
graphical display can be examined to locate a plateau which
can be used to pinpoint the solution (Morin et al. 2011). The
entropy, ranging from O to 1, will also be reported to sum-
marize the classification accuracy of each solution.

The similarity of the time-specific LPA solutions was then
examined through longitudinal tests of similarity for LPA
solutions (Morin et al. 2016c; Morin and Litalien 2017).
This sequence of tests is conditional on the identification of
a similar number of profiles across time points, referred to
as configural similarity. Moving from this initial model of
configural similarity, the second step of this sequence tests
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the structural similarity of the solution (i.e., whether the
profiles maintained the same shape). The third step focuses
on the dispersion similarity of the solution (i.e., whether
within-profile variability remains similar), while the fourth
step assesses the distributional similarity of the solution
(i.e., whether the size of the profiles remains unchanged).
At each stage of this sequence, Morin et al. (2016¢) note
that profile similarity is supported by the observation of a
decrease on the value of two out of the three recommended
information criteria (i.e. CAIC, BIC, ABIC).

A latent transition analysis (LTA; Collins and Lanza
2010) model was then estimated (using the manual auxiliary
3-step approach described in Asparouhov and Muthén 2014
and Morin and Litalien 2017) from the most similar model
from these preceding steps to assess within-person stability
and change in profile membership. This LTA solution was
then used to investigate the extent to which relations between
predictors and profiles (predictive similarity) and between
profiles and outcomes (explanatory similarity) remained
stable over time.

Predictors and outcomes

We first conducted multinomial logistic regressions to assess
the relations between predictors and profile membership.
In these analyses, the predictors were used to predict the
profiles at both time points. Four alternative models were
contrasted. First, we estimated a null effects model in which
the relations between the predictors and profile membership
were constrained to be exactly zero at both time points. Sec-
ond, relations between predictors and the profiles were esti-
mated freely at both time points, and the relations between
these variables and the profiles estimated at Time 2 were
also freely estimated within each of the profiles estimated
at Time 1. This model tests the effects of the predictors to
specific profile-to-profile transitions occurring across tome
points. A third model allowed all predictions to be freely
estimated across time points but constrained them to be
equal across Time 1 profiles. This model thus allows the pre-
dictors to have a different effect on profile membership over
time, without allowing them to predict specific profile transi-
tions. Finally, the last model was one in which the relations
between predictors and profiles were constrained to equality
over time (i.e., predictive similarity). Lastly, outcomes were
integrated into the LTA. In a first model, relations between
profiles and outcomes were allowed to differ across time, and
a second model was used to assess the explanatory similarity
of the solution by constraining these associations to be equal
across time points. Mean-level differences across profiles
were tested using the Mplus MODEL CONSTRAINT com-
mand which relies on the multivariate delta method (Kam
et al. 2016; Raykov and Marcoulides 2004).

Results
Preliminary measurement models

Table 1 presents the goodness-of-fit indices of the alterna-
tive preliminary measurement models estimated separately
at both time points for the MWMS measure. Both the CFA
and bifactor-CFA models failed to achieve acceptable fit
at both time points according to most indices. In contrast,
both ESEM and bifactor-ESEM were able to achieve excel-
lent, and comparable, fit at both time points according to
all indices. A detailed comparison of these alternative
models is reported in the online supplements and led us
to retain the B-ESEM solution due to (a) excellent model
fit, (b) well defined general and specific factors, and (c)
theoretical meaningfulness and conformity (see Howard
et al. 2018; Litalien et al. 2017). Correlations between all
study variables at each timepoint are presented in Table 2.

Latent profile solutions

The results from the time-specific LPA are reported in
Table S10 of the online supplements. The ABIC continu-
ously improved with the inclusion of additional profiles
without reaching a minimum. The CAIC and BIC respec-
tively supported the 2- and 4-profile solution at Time 1,
and the 4- and 4/5-profiles solution at Time 2 (the BIC was
almost identical for solutions including 4 and 5 profiles at
Time 2). Examination of the graphical displays reported
in Figure S1 of the online supplements revealed a flat-
tening in the decrease of the ABIC around 4/5 profiles at
Time 1, and no clear inflexion point at Time 2. We thus
carefully examined solutions including 3 to 6 profiles at
both time points. These solutions were all proper statisti-
cally and highly similar over time. Moving from a 3-profile
solution to a 4-profile solution resulted in the addition of
meaningfully different profiles to the solution across time
points, whereas moving from a 4- to 5- or 6-profile solu-
tion simply resulted in the arbitrary division of one profile
into similar, but much smaller, (e.g., 1.36%) profiles. For
these reasons, we retained the 4-profile solution at both
time points.

A longitudinal LPA model of configural similarity
including 4-profiles at each time point was thus estimated.
The fit indices from all longitudinal models are reported in
Table 3, and support the structural, dispersion, and distri-
butional similarity of profiles across time points as each
of these constraints decreased the value of the informa-
tion criteria. The model of distributional similarity was
retained for interpretation and is presented graphically in
Fig. 1 (see Table S11 of the online supplements for exact
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Table 1 Fit statistics of the motivation measurement models

2

X df CFI TLI RMSEA 90% CI Ay Adf  ACFI ATLI ARMSEA
Time 1
CFA 634.912% 94 843 .800 .106 .098;.114 - - - - -
Bifactor-CFA 386.510% 88 913  .882 .082 .073;.090 - - - - -
ESEM 101.313* 50 985 964 .045 .032;.057 - - - - -
Bifactor-ESEM 75.972% 39 989 967 .043 .028;.057 - - - - -
Time 2
CFA 650.298% 94 863 .825 .108 .100; .116 - - - - -
Bifactor-CFA 441.216*% 88 913  .881 .089 .081;.097 - - - - -
ESEM 78.194% 50 993 983 .033 .018;.047 - - - - -
Bifactor-ESEM 52.939% 39 997 989  .026 .000; .043 - - - - -
Longitudinal invariance
Configural invariance 337.522% 282 994 989  .020 .010; .027 - - - - -
Weak invariance 400.868* 342 994 991 .018 .009;.025  63.457 60 .000 +.002 —.002
Strong invariance 408.570* 352 994 991 018 .008;.025  6.945 10 .000 .000 .000
Strict invariance 475.585*% 368 988 .984 .024 .017;.030  252.227* 16 —-.006 —.007 +.006
Latent var.-covar. invariance ~ 514.339%¥ 389 986 .982 .025 .019;.031  34.570 21 -.002 -.002 +.001
Latent means invariance 538.991* 395 984 980 .027 .021;.032  3.756 6 —-.002 —-.002 +.002

*p<.01;
CFA confirmatory factor analyses

ESEM exploratory structural equation modeling, 4 robust chi-square test of exact fit, df degrees of freedom, CFI comparative fit index, 7L/
Tucker-Lewis index, RMSEA root mean square error of approximation, 90% CI 90% confidence interval, A change in fit from the previous model

in the sequence, Ay’ scaled chi-square difference tests

parameter estimates). As shown in Table S12, this model
has a high classification accuracy, varying from 85.4% to
91.5% at Time 1, and from 86.3% to 90.0% at Time 2.

Profile 1 represented participants presenting high levels
of global self-determination, coupled with moderately high
levels of intrinsic motivation, and average or slightly under
average levels of external-material, external-social, intro-
jected, and identified regulations. This Highly Self-Deter-
mined profile represented 22.3% of the sample at both time
points. Members of Profile 2 were characterized by average
levels of global self-determination and introjected regu-
lation, slightly below average levels of external-material,
external-social, and intrinsic regulations, and above average
levels of identified regulation. This Identified profile repre-
sented 28.9% of the sample across time points. Members of
Profile 3 were predominantly characterized by extremely low
levels of global self-determination, but average or slightly
below average levels on the other regulations. This Low
Self-Determined profile represented 15.7% of the sample
across time points. Finally, Profile 4 represented participants
with moderately high levels of external-material, external-
social, and introjected regulations, average levels of identi-
fied regulation and intrinsic motivation, and slightly above
average levels of global self-determination. This Externally
Regulated profile represented 33% of the sample across time
points.

@ Springer

In order to test the consistency of the results obtained in
the current sample relative to samples used in prior LPA
studies conducted in the work area, analyses were replicated
using factors scores from a first order ESEM solution (in
which global versus specific levels of motivation where not
disaggregated). The results from these alternative models
are reported in Tables S11, 12, and 13 of the online sup-
plements. This comparative 4-profile solution is reported in
Figure S2 of the online supplements where it is contrasted
with results from Howard et al. (2016). Figure S2 makes
two things obvious. First, these results are very similar to
those obtained by Howard et al. (2016) irrespective of the
fact that these authors also incorporated a measure of amo-
tivation. Thus, when applying the same operationalization,
profiles of workplace motivation are extremely consistent
across studies. These profiles mainly follow the expected
self-determination continuum. This observation is aligned
with Morin et al. (2016b, c, 2017) observation that when
a global construct is expected to underlie ratings obtained
across multiple indicators, relying on bifactor factor scores
helps to extract profiles that can differ from one another both
in terms of this global construct (here the global level of
self-determination), but also based on their specific levels
of behavioral regulations. For instance, two of the profiles
identified in the present study (Fig. 1) differ mainly on the
basis of presenting high (Highly Self-Determined) or low
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Table 3 Fit statistics of latent profile and latent transition analyses

Model LL #fp Scaling CAIC BIC ABIC Entropy
Final latent profile Analyses

Time 1 — 3728.16 51 1.141 7825.281 7774.281 7612.400 .647
Time 2 —3695.43 51 1.142 7759.807 7708.807 7546.926 .686
Longitudinal latent profile analyses

Configural similarity —7423.59 102 1.142 15,585.088 15,483.088 15,159.326 .666
Structural similarity — 7440.89 78 1.335 15,446.062 15,368.062 15,120.479 .634
Dispersion similarity —7449.27 54 1.656 15,289.200 15,235.200 15,063.796 .620
Distributional similarity — 7449.67 51 1.752 15,268.302 15,217.302 15,055.420 .618
Latent Transition Analysis —893.53 15 400 1895.579 1880.579 1832.967 932
Predictive similarity: Predictors

Null effects —975.295 15 .333 2059.107 2044.107 1996.495 932
Profile-specific free relations with predictors — 846.168 105 255 2451.948 2346.948 2013.664 940
Free relations with predictors — 865.522 45 521 2056.592 2011.592 1868.756 929
Predictive similarity — 877.028 30 .698 1971.089 1941.089 1845.864 936
Explanatory similarity

Free relations with outcomes —6310.737 46 1.351 12,954.258 12,908.258 12,762.247 713
Explanatory similarity — 6317.506 30 1.610 12,852.044 12,822.044 12,726.819 708

LL model log likelihood; #fp number of free parameters, Scaling: scaling factor associated with MLR log likelihood estimates, CAIC constant
Akaike information criteria, BIC Bayesian information criteria, ABIC sample-size adjusted BIC

Fig. 1 Final set of motiva- Highly Self-Determined Identified Low Self-Determined  Externally Regulated
tion profiles (estimated from (22.4%) (28.9%) (15.7%) (33%)
bifactor ESEM factor scores) 15

identified in the present study at
both time points (distributional
similarity). Profile indicators
are estimated from factor scores
with a mean of 0 and standard
deviation of 1. G general self-
determined motivation

WG [OExternal-Material HEExternal-Social M Introjected [ldentified & Intrinsic

(Low Self-Determined) global levels of self-determination.

.. . Table4 T iti ilities for the final 1 iti 1
In contrast, two additional profiles are both characterized by able 4 Transition probabilities for the final latent transition mode

average global levels of self-determination but differ from  Time 1 Transition probabilities to time 2 profiles
one another in the experience of a more Identified, or Exter- Profile 1 Profile 2 Profile 3 Profile 4
nally Regulated type of behavioral regulation.

Profile 1 992 .008 0 0
Latent transitions Profile2 026 974 0 0

Profile 3 0 0 1.00 0
A LTA solution was estimated from this final LPA of dis-  Frofile 4 0 0 0 1.00
tributional similarity. Table 4 presents transition probabili- Profile 1: highly self-determined. Profile 2: identified. Profile 3: low

ties associated with this LTA. These results showed a high self-determined. Profile 4: externally regulated
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degree of membership stability in each profile over time,

O =~ O §
with stability rates ranging from 97.4% to 100%. Given the % S 8 = e &
high level of profile stability, transitions were relatively z S
rare, suggesting that membership in motivation profiles in g % ¥ N L'—é
the context of stable employment are highly stable. Still, t 238243 é
. . . > | —_ = o o — =
employees initially characterized by a Highly Self-Deter- - |3 rdibvdibedidibodl B R
.. o |
mined profile (Profile 1), when they transitioned to another Z |3 RE8E=5|¢8 §
profile at Time 2, only did so toward the Identified profile SHEGH BRI I z §o
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similarity resulted in the lowest information criteria values, 23
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indicating that relations between the predictors and profile o | 2223 8| e
. . . 10} Lo = A 0%
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. <
in Table 5. > . . o) §
When examining the five dimensions of work design, E algcgs2l 2
. . . n — =
autonomy and task significance displayed the strongest and 2 = SZZTC2d g =
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L . . . . = x| TR3IZT XTI =3
significant relation with the likelihood of membership into Zlw|0|lF 2w =2| 22
the various profiles, feedback predicted a lower likelihood of |2 Iy Eo
.. . . o =
membership into the Low Self-Determined profile relative to % £ 3 i =
the Externally Regulated one (OR =.62). Finally, no predic- EREAR 8 § SIS ; 2
tors differentially predicted the likelihood of membership 5o | S efiv-idingig I £
. . . &= S .
in the Identified profile relative to the Externally Regulated g q,ze glSaa = =
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Table 3, the information criteria were lowest in the model El- @ g % N § § 5z 2
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results revealed differentiation between all profiles. As 2 o E 2 g 8 \o/
. . = =] =
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proficiency, proactivity, and adaptivity, as well as with the < el EgE S

@ Springer



Motivation and Emotion (2021) 45:39-59

53

Table 6 Mean outcome levels [and confidence intervals] as a function of profile membership

Outcomes Profile 1 Profile 2 Profile 3 Profile 4 Summary of
significant differ-
ences

Turnover intentions — .618 [—.741; — .495] .266 [.036; .469] .675[.470; .879] —.096 [— .241;.048] 1<4<2<3

Perceived proficiency .600 [.488; .712] 288 [.143; .434] —1.059 [—- 1.345; — .773] —.150[-.098;.193] 3<4<2<1

799 [.663; .935]
.847 [.718; .976]

Perceived proactivity
Perceived adaptivity

—.089 [- .313;.135]
.058 [ .155; .271]

— 1.148 [— 1.433; — .864] .048
—1.270 [- 1.545; — .994] —.049

.208; .110] 3<4=2<1

=
=
=
[-.339;.039] 3<4=2<1

Outcomes are estimated with factors scores with a mean of 0 and standard deviation of 1. Profile 1: Highly Self-Determined. Profile 2: Identified.

Profile 3: Low Self-Determined. Profile 4: Externally Regulated

lowest levels of turnover intentions. Likewise, the Low Self-
Determined profile displayed the least desirable levels of
work outcomes, being associated with the highest levels of
turnover intention, as well as the lowest levels of perceived
task proficiency, proactivity, and adaptivity. In the remaining
profiles, outcome levels systematically fell between these
two extremes. These two profiles were undistinguishable
in terms of perceived proactivity and adaptivity, suggest-
ing that profile-specific levels of global self-determination
was the main driver of associations with these outcomes.
However, levels of perceived task proficiency and turnover
intention were respectively higher and lower in the Identified
profile than in the Externally Regulated profile, despite the
fact that levels of global self-determination were slightly
lower in the Identified profile.

Discussion

Relying on a recent operationalization of work motivation
(Howard et al. 2018; Litalien et al. 2017), we sought to iden-
tify naturally occurring work motivation profiles of employ-
ees, while relying on a proper disaggregation of employees’
ratings of their global level of self-determined motivation
(reflecting the SDT continuum as confirmed by the relative
size of item loadings on the general factor, which followed
their theoretical position on the continuum), from more spe-
cific ratings of the quality of their behavioral regulation. Pre-
vious studies, failing to take into account this global/specific
nature of work motivation, have led to the identification of
level-differentiated motivation profiles matching the hypoth-
esized continuum of motivation (Graves et al. 2015; Howard
et al. 2016; Moran et al. 2012). Interestingly, when estimated
using a similar approach, the profiles estimated here per-
fectly matched those reported by Howard et al. (2016). In
contrast, when taking this global/specific multidimension-
ality into account, profiles were found to differ primarily
in terms of the global level of self-determined motivation.
However, these profiles also revealed additional, albeit less
central, differences in the specific quality of employees’
behavioral regulation configuration, indicating the potential

additional role played by specific behavioral regulations in
predicting outcomes.

Motivational profiles, work design factors,
and outcomes

The results first revealed that, as expected (Hypothesis 1a),
employees’ global level of self-determination (the G-factor)
was the most important component for at least two of the
profiles. Thus, whereas the Highly Self-Determined profile
was primarily characterized by a high level of self-determi-
nation, the Low Self-Determined profile was characterized
by a very low level of self-determination. Still, the results
also illustrate that the definition of the last two profiles, both
characterized by an average level of global self-determina-
tion, was anchored in the specific quality of the remaining
behavioral regulations, thus providing some support for
hypothesis 1b. This indicates that individual regulations con-
tinue to contribute to employee’s motivation profiles beyond
general self-determination, albeit more weakly.

This study also considered the role of motivational work
design factors in the prediction of profile membership. The
results first showed that the work design factors of autonomy
and task significance, and to a lesser extent feedback, pre-
dicted a higher likelihood of membership into more self-
determined profiles compared to less self-determined ones.
These results partially support hypothesis 3 indicating that
motivating work design factors are associated with mem-
bership into profiles characterized by higher global levels
of self-determination or by more autonomous behavioral
regulations. In doing so, these results partly explain the dif-
ferences reported by Howard and colleagues (Howard et al.
2016) across samples of blue- and white-collar employees.
In contrast, neither task identification, nor task variety,
proved to be associated with profile membership. However,
these specific results could also be explained by our simulta-
neous consideration of a broad range of work design factors
in a multivariate analysis in which the effects of each factor
are estimated over what it shares with the other factors.

Finally, it was interesting to note that none of the pre-
dictors considered in this study were able to differentially
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predict membership into the Identified relative to the Exter-
nally Regulated profiles, calling into question the mean-
ingfulness of this distinction. Implication of these results
suggest that the impact of work design might be more
pronounced on global levels of self-determination than
on specific behavioral regulations. This is a novel finding
given that previous work examining bifactor structures of
motivation have typically not explored predictors of these
global and specific factors (Howard et al. 2018; Litalien et al.
2017). Thus, whereas these previous studies have supported
the predictive validity of these factors in relation to various
outcome variables, the examination of their nomological net-
work had yet to consider their predictors. As such, current
results contribute to the construct validation of this bifactor
representation of work motivation through the incorporation
of predictors. However, clearly, further work on predictors,
and outcomes, of general and specific factors of motivation
is still required to further document their complete nomolog-
ical network, and more specifically to determine what factors
may be responsible for membership in either the Identified or
Externally Regulated profiles. This question becomes more
important when considering that the distinctive nature of the
Identified relative to the Externally Regulated profile was
more clearly established when outcomes were considered.

When the profiles were examined with respect to out-
comes, the results also provided clear and unambiguous sup-
port for hypothesis 4, that is the key role of self-determina-
tion as ascribed by SDT. As expected, these results showed
that the most desirable outcome levels (higher levels of self-
reported task proficiency, proactivity, and adaptivity, and
lower levels of turnover intentions) were associated with the
Highly Self-Determined profile, that the least desirable levels
were associated with the Low Self-Determined profile, and
that moderate levels were associated with the Identified and
Externally Regulated profiles. However, while self-deter-
mination was clearly the strongest driving force of outcome
associations, these results also supported the distinct nature
of the Identified and Externally Regulated profiles, showing
the first to be associated with higher levels of task profi-
ciency and lower levels of turnover intentions. This indicates
that specific behavioral regulations, particularly identified
regulation, may uniquely contribute to our understanding
of work motivation. Previous studies have similarly con-
cluded that, for some outcomes at least, specific regulation
factors also play a role, albeit weaker than that of global
levels of self-determination (Howard et al. 2018; Litalien
et al. 2017). It remains to be seen how practically important
these unique regulation qualities are in comparison to overall
self-determination.

Taken together, these profiles and the associations with
predictors and outcomes clearly indicate the central impor-
tance of employees’ global levels of self-determination.
However, the fact that the external and identified profiles
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were distinguished within the sample, and the slight differ-
ences observed between these profiles in terms of outcome
prediction, indicate that the unique characteristics of behav-
ioral regulations do indeed play a role, although less marked
than that of the global factor. Implications for the continuum
of self-determination (Howard et al. 2017, 2018; Litalien
et al. 2018)***** are therefore nuanced as results support
both the centrality of a continuum structure (an ostensibly
one-dimensional construct) as well as the unique charac-
teristics associated with each type of regulation (indicative
of a multi-dimensional construct; see Howard et al. 2020).
While results demonstrating the unique characteristics of
the specific regulations factors were somewhat limited in the
current study, these results still serve as a “proof of concept”
and suggest a clear need for further research to consider a
broader range of predictors and outcomes more likely to be
related to specific behavioral regulations (such as psycho-
logical empowerment, continuance commitment, creativity,
and workplace deviance; e.g., Cerasoli et al. 2014; Van den
Broeck et al. 2016).

Profile stability

A final objective was to assess the within-sample and within-
person stability of the motivation profiles over a four-month
period. In terms of within-sample stability, results indicated
that the number (configural similarity), nature (structural
similarity), degree of inter-individual variations within
each profile (dispersion similarity), sizes (distributional
similarity), relations with predictors (predictive similar-
ity) and relations with outcomes (explanatory similarity)
remained unchanged over time in the current sample, sup-
porting hypothesis 2a. Finding this degree of within-sample
stability is a substantial step forward in the person-centered
approach to motivation research as it supports the idea that
profiles can be reliably identified and are unlikely to shift
over the span of several months in the absence of system-
atic change, intervention, or events. Given that participants
were not asked about any notable or ongoing changes influ-
encing them throughout this period, it would be interesting
to further examine how robust this finding is to changes in
participants’ personal and contextual characteristics, and
to identify under which circumstances workplace or per-
sonal events could affect the stability of these motivation
profiles. This stability is an essential characteristic of the
person-centered approach as it suggests that the profiles are
meaningful, rather than providing an ephemeral snapshot
of a metaphorical shifting of sand. As it stands, this study
is among the first to examine the within-sample stability
of SDT motivation profiles (Fernet et al. 2020; Gillet et al.
2017b). Our ability to replicate the profiles identified by
Howard et al. (2016) when relying on first-order ESEM
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factor scores also supports the idea that motivation profiles
tap into stable underlying mechanisms.

With regard to hypothesis 2b and within-person profile
stability, employees’ membership into specific profiles was
unlikely to change over time, indicating that, contrary to a
previous study conducted over a 24 months period (Fernet
et al. 2020) membership in work motivation profiles is very
stable over the span of several months. None of the Low
Self-Determined or Externally Regulated employees transi-
tioned to a different profile four months later, and only .8%
to 2.6% of the Highly Self-Determined or Identified employ-
ees did so (those who did transitioned between these two
profiles). It would be easy to interpret these results as evi-
dence suggesting that profiles dominated by external forms
of regulations or low levels of motivation are more stable
than the more autonomously-driven or motivated profiles.
We urge caution in this regard given the limited number of
profile transitions identified here, which strongly indicate
stability. Although these transitions suggest that change is
possible, possibly due to idiosyncratic modifications in the
specific reality of individual participants, the rarity of these
transitions makes it hard to identify systematic patterns. For
practical purposes, these results show that, in the absence of
any systematic modification in employees’ individual, pro-
fessional, or organizational contexts, individual motivation
profiles reflect stable inter-individual differences which may
be used to guide managerial decisions and interventions.

Although high levels of within-person profile stability
were also reported in an education context by Gillet et al.
(2017b), these authors reported more frequent changes in
profile membership over a shorter time period of two months
(with an average rate of stability in profile membership of
7.15%). It is likely that this difference in rates of stability
could simply reflect the distinct nature of the samples: Gil-
let et al. (2017b) focused on the academic motivation of
first-year undergraduate university students during their first
semester, while we relied on employees with an average of
6.16 years of organizational tenure. This interpretation is
reinforced by results from Kam et al. (2016) who reported
rates of stability similar to those observed here in their study
of organizational commitment profiles (a construct inti-
mately related to motivation: Meyer et al. 2004) conducted
among employees followed over a period of eight months in
a context of organizational changes.

Limitations and future directions

This study presents limitations that need to be kept in mind.
First, data was only available at two time points, preclud-
ing the reliance on growth mixture models. Such models
would have allowed us to more precisely analyze continu-
ity and change over time. In addition, this study relied on

a relatively short time interval of four months. Despite the
fact that our results showed that individual changes in profile
membership was possible over this time period, it remains
highly likely that levels of both within-sample and within-
profile stability would decrease over longer time periods,
particularly for samples of employees exposed to important
organizational, professional, and personal changes. As such,
future research should consider the current study as a start-
ing point to more extensive examinations of profile stability
over more measurement points, and more turbulent, time
intervals. In particular, conducting similar research while
focusing on samples of organizational newcomers, or sam-
ples of employees who undergo career changes or promo-
tions, is likely to be very informative.

Second, no measure of amotivation was included. While
the appropriateness of considering amotivation to be part of
work motivation has been previously debated (Chatzisarantis
et al. 2003; Howard et al. 2017), this omission complicated
our ability to compare the present results to those obtained
by Howard et al. (2016, 2018). Fortunately, results from our
bifactor-ESEM measurement models essentially replicated
those obtained by Howard et al. (2018; also see Gillet et al.
2018b), and profile estimates from first-order ESEM factor
scores replicated those reported by Howard et al. (2016: see
Figure S2 of the online supplements). However, it would be
interesting for future studies to more extensively assess the
role of amotivation in the identification of employees’ work
motivation profiles.

Third, all measures were self-reported, and therefore
vulnerable to social desirability and subjectivity. Although
common method biases are unlikely to play a role in per-
son-centered results (for a more extensive discussion of this
issue, see Meyer and Morin 2016), it would still be impor-
tant for future research to incorporate more objective meas-
ures of performance outcomes (e.g., supervisor’s report,
official turnover or medical leave reports) or work context
predictors (e.g., observational data, group-based aggregates,
supervisors’ reports). Additionally, the data used in the pre-
sent study was collected through the Amazon Mechanical
Turk online survey platform. While recent research evidence
supports the validity of this type of data collection, showing
that it generally leads to conclusion matching those from
other forms of data collection (Buhrmester et al. 2011;
Cheung et al. 2017; Goodman et al. 2013), we acknowledge
that replication of these results through alternate forms of
data collection and within new independent samples would
improve the generalizability of our results.

Finally, the current sample included employees from a
wide range of industries and occupations. While useful in
describing work motivation broadly and maximizing gener-
alizability, it remains possible for results to differ as a func-
tion of employees’ occupation, work environments, or type
of industry (e.g., Howard et al. 2016). Future research would
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thus do well to consider the boundary condition across which
the current results can be considered to be generalizable.

Implications for theory, research,
and practice

SDT (Deci and Ryan 1985; Ryan and Deci 2017) has
always advocated a theoretically ambiguous proposition
that employees’ motivation would be characterized by a
combination of meaningfully distinct types of behavioral
regulations, and yet that these behavioral regulations would
be organized along a single underlying continuum (Howard
et al. 2020). Recent research has shown that it was possi-
ble for SDT to “have its cake and eat it too” (Howard et al.
2018; Litalien et al. 2017; Sheldon et al. 2017), showing
that a global level of self-determination reflecting the SDT
continuum was able to co-exist with behavioral regulations
retaining a meaningful level of specificity and explanatory
power. The current study adds to this body of research by
supporting the dual nature of worker motivation suggested
in previous variable-centered analyses (Howard et al. 2018;
Litalien et al. 2017).

This study also demonstrates that it is possible to identify
employee profiles that simultaneously consider the global
level of self-determination alongside the unique quality of
the specific types of behavioral regulation over and above
that global level. Modeling profiles in this manner allows
researchers to avoid conflating the degree of self-determina-
tion with regulation-specific characteristics. In doing so, this
approach makes it possible to more clearly identify global
levels of self-determination as the crucial component under-
lying relations with predictors and outcomes, while also
making it possible to more clearly assess the added-value
of each specific regulation factor.

From a research perspective, this study reinforces the
need for SDT researchers to incorporate similar methods
as part of their routine set of statistical analyses. Beyond
motivation, previous research has also shown the suit-
ability of the bifactor-ESEM framework to provide a more
accurate representation of multiple constructs known to be
closely related to work motivation, such as need satisfac-
tion and frustration (Sanchez-Oliva et al. 2017; Téth-Kiraly
et al. 2018), psychological health and well-being (Morin
et al. 2016b, 2017), and workplace commitment (Perreira
et al. 2018). The present study demonstrates the impor-
tance of incorporating this perspective into the initial stages
of any study relying on these constructs. Failing to do so
risks improper disaggregation of the effects attributed to
the global construct known to underlie employees’ ratings
across multiple dimensions, from the specificity associated
with each dimension. This was demonstrated in this study
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by our identification of employee profiles differing from one
another both in the level, and specificity, of their motivation.

Finally, the current study also has a few important practi-
cal implications. For instance, by contributing to the mount-
ing evidence that motivation profiles and their associations
with predictors and outcomes can be reliably identified
both across studies, and across time points within a spe-
cific study, the present study suggest that it might be viable
to start to devise organizational interventions aiming to
promote the emergence of specific types of profiles, target
employees matching specific motivation profiles for devel-
opmental purposes, and more generally to use motivation
profiles as a guide for managerial practice and intervention.
For example, given the demonstrated impact of autonomy
and task significance in the likelihood of belonging to the
Highly Self-Determined profile, the current results suggest
these two work design characteristics may be ideal targets
for interventions (e.g., job redesign, onboarding socializa-
tion practices) aiming to improve motivation. In particular,
given the observation of strong levels of within-person pro-
file stability, induction and socialization processes designed
to clearly articulate and foster the autonomy inherent in, and
significance of, the new job for organizational newcomers
might be a particularly fruitful method to ensure ongoing
motivation. Additionally, managers, supervisors, and men-
tors may benefit from training in this area in order to be able
to emphasize these motivating elements.

Data and supplemental materials

Data and supplemental materials are available via Open Sci-
ence Framework and can be accessed through the following
link: https://osf.io/mfébnp/?view_only=3827becec7ee4f6
09eca93e6b2dc8402.
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