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(e.g., basic psychological needs) required to foster and sus-
tain motivation. SDT distinguishes between intrinsic (IM; 
Deci 1971) and extrinsic motivations (EM) where IM refers 
to engaging in an activity because it is interesting, fun, or 
satisfying. In contrast, EM pertains to behaviors that are 
motivated by outcomes unrelated to the activity itself, which 
can take on various forms. Specifically, SDT proposes that 
motivation types convey varying levels of self-determina-
tion (i.e., the extent to which one’s actions and thoughts 
originate from the self) that can be plotted on a continuum. 
This conceptualization carries two main innovations in con-
trast to classical theoretical frameworks on IM/EM. First, it 
proposes that EM is not unidimensional but rather multidi-
mensional, divided into four regulation types, each with a 
specific degree of self-determination. Whereas motivational 
types driven by external rewards and sanctions are some-
times designated as extrinsic motivation in other theoretical 
approaches (e.g., Covington 2000), they are framed within 
SDT as a specific type of EM, namely external regulation, 
which is a non-self-determined type of motivation. The the-
ory also advances that people can be extrinsically motivated 
through internal pressures such as shame, guilt, or pride, 

Introduction

Motivation has important implications for individuals’ daily 
functioning and thriving (Ryan & Deci, 2017). The central 
tenet of motivation theories is that motivation produces 
positive outcomes, independently of many contextual and 
individual characteristics. One central motivational theory 
is self-determination theory (SDT; Deci & Ryan 1985; 
Ryan & Deci, 2017), which relies on an organismic dialecti-
cal approach to explain how motivated behavior naturally 
occurs and evolves. It details the psychological nutrients 
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Abstract
Self-determination theory (SDT) proposes various types of motivation which fall onto a continuum of self-determination. 
Some computational techniques allow the estimation of a global score of self-determination, with bifactor-ESEM model-
ing being a popular estimation method. However, this approach has shortcomings, including changing conceptual inter-
pretation of both general and specific factors. In this study, we applied the bifactor S – 1 modeling strategy to estimate 
the continuum and explore its potential contribution. By estimating all specific factors except for intrinsic motivation, 
this model anchors the general factor in intrinsic motivation which is prototypical of self-determination. Tested with five 
samples of students from elementary school to university (Ntotal > 4000), the bifactor S – 1 modeling strategy was empiri-
cally supported, and its general factor yielded a stronger prediction of students’ outcomes (e.g., grades, anxiety) compared 
to the previously advocated bifactor-ESEM model. The bifactor S – 1 model also explains outcomes with high precision, 
and its conceptual concordance with SDT makes it easily interpretable.

Keywords  Self-determination theory · Motivation · Bifactor S – 1 · Exploratory structural equation modeling · 
Continuum · Academic motivation scale

Accepted: 17 July 2022 / Published online: 16 August 2022
© The Author(s), under exclusive licence to Springer Science+Business Media, LLC, part of Springer Nature 2022

Empirical testing of an alternative modeling of the self-determination 
continuum

Julien S. Bureau1  · Frédéric Guay1  · André Plamondon1  · Catherine F. Ratelle1  · Joshua L. Howard2  · 
William Gilbert3

1 3

http://orcid.org/0000-0001-7105-2500
http://orcid.org/0000-0002-5207-3303
http://orcid.org/0000-0002-1169-2669
http://orcid.org/0000-0002-4789-9274
http://orcid.org/0000-0002-3258-8115
http://orcid.org/0000-0002-6152-8656
http://crossmark.crossref.org/dialog/?doi=10.1007/s11031-022-09976-9&domain=pdf&date_stamp=2022-8-12


Motivation and Emotion (2023) 47:46–60

which is labelled introjected regulation and conveys some-
what low levels of self-determination. Importantly, SDT 
argues that extrinsic motives can be self-determined, such 
as when one engages in uninteresting tasks because they 
are valued and personally important (identified regulation) 
or because they are congruent with one’s value system and 
self-definition (integrated regulation). Second, in addition to 
postulating that there are distinct types of motivation, SDT 
proposes that they can be ordered along a continuum that 
ranges from highly self-determined (intrinsic motivation) to 
non-self-determined (external regulation, and also amotiva-
tion, a non-motivated state; see Fig. 1).

Empirical Support for the Self-
Determination Continuum

Although the idea of mapping the various motivations on 
a continuum has been the subject of criticism (Chemolli 
& Gagne, 2014), recent meta-analyses provided robust 
evidence regarding the existence of the self-determination 
continuum. Indeed, it was shown using multidimensional 
scaling analysis that the types of motivation proposed by 
SDT empirically follow a unidimensional ordering accord-
ing to their intercorrelations (Howard et al., 2017). Some 
researchers have even suggested that the continuum may 
conceptually and empirically follow a semi-radex struc-
ture (Howard, Gagné, & Morin, Howard et al., 2020a, b, c), 
implying that each motivational type conveys information 

on a unidimensional spectrum of self-determination, in 
addition to having its own range.

Recent meta-analyses have provided support for the rel-
evance of estimating various types of motivation (Bureau et 
al., 2021), both regarding unique predictive patterns of out-
comes from the various motivation types as well as in terms 
of predictable ordering of their prediction strength along the 
self-determination continuum. Synthesizing decades of edu-
cational research, Howard and colleagues (2021) showed 
that motivation types characterized by higher levels of self-
determination had stronger positive predictions of adaptive 
outcomes and more negative predictions of maladaptive 
outcomes. Indeed, intrinsic motivation and identified regu-
lation were positively associated to adaptive outcomes (e.g., 
grades, effort, engagement, positive affect, self-efficacy), 
but only intrinsic motivation consistently negatively pre-
dicted maladaptive outcomes (e.g., negative affect, anxiety). 
At the other end of the continuum, amotivation showed the 
inverse pattern by positively predicting negative outcomes 
(e.g., dropout intentions, anxiety) and negatively predict-
ing positive ones. However, the contributions of introjected 
and external regulations were more equivocal, the former 
positively predicting both adaptive and maladaptive out-
comes (e.g., effort and engagement, but also anxiety and 
negative affect) and the latter positively predicting mal-
adaptive outcomes related to ill-being (e.g., anxiety, low 
vitality). Results also showed that, on average, introjected 
and external regulations had smaller explanatory power 
when predicting outcomes, compared to intrinsic motiva-
tion, identified regulation, and amotivation. This pattern of 

Fig. 1  Representation of Motivation Types On the Self-Determination Continuum. Note: Adapted from “Testing a Continuum Structure of Self-
Determined Motivation: A Meta-Analysis,” by J.L. Howard., M. Gagné., & J.S. Bureau, 2017, Psychological Bulletin, 143(12), p. 1347. Copyright 
2017 by American Psychological Association
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results is also replicated in a meta-analysis focused specifi-
cally on physical education (Vasconcellos et al., 2020) as 
well as in the work domain, with consistent associations 
(positive or negative) between intrinsic motivation, iden-
tified regulation, and amotivation and turnover intentions, 
commitment, vitality, and exhaustion (Gagné et al., 2015). 
Introjected and external regulations for work also showed 
mixed predictive patterns in this domain. Globally, results 
attest to the importance of a multidimensional conceptual-
ization of motivation and of representing types of motiva-
tion on the self-determination continuum.

Although conceptual and statistical support for the rel-
evance of a continuum of self-determination is consistent, 
important questions remain: How can we best model moti-
vational scores to capture both the unidimensional and mul-
tidimensional nature of the self-determination continuum? 
More specifically, how can we translate the multiple scores 
of motivations into usable statistical aggregates that repre-
sent both the unidimensional progression from low to high 
self-determination, but also the unique aspects of each moti-
vation type?

Previous Strategies and Their Limits

In earlier research, researchers had to choose to prioritize 
either a unidimensional conceptualization of motivation 
or a multidimensional one. Some researchers favored a 
unidimensional scoring method because of its important 
advantages in terms of reducing analysis complexity and 
collinearity. A popular strategy was the relative autonomy 
index (Ryan & Connell, 1989). It involved adding together 
some of the motivation types proposed by SDT, with dif-
ferently weighted positive and negative multipliers for each 
type depending on their place along the self-determination 
continuum. Usually, intrinsic motivation was given a strong 
positive weight, identified regulation was given a moderate 
positive weight, introjected regulation was given a moderate 
negative weight, and external regulation was given a strong 
negative weight. Sometimes, amotivation was included 
with a stronger negative weight (e.g., Wallhead et al., 2013). 
Although this procedure allowed to capture a global score 
of self-determination, it also entailed the problems of pool-
ing together the error variance from each motivation type, 
as well as balancing motivation types according to hypo-
thetical weights. Therefore, while this solution was adopted 
by many researchers within SDT, it was criticized from sta-
tistical experts based on previous work made on difference 
scores (Edwards, 2001; Johns, 1981).

Another strategy was to divide the continuum into two 
main categories, autonomous motivation, encompass-
ing intrinsic motivation and identified regulation, and 

controlled motivation, encompassing introjected and exter-
nal regulations (Sheldon & Elliot, 1998). Although this 
solution seemed practical, it deviated from the idea of an 
underlying unidimensional continuum. Nevertheless, using 
an autonomous motivation index allows combining the pre-
dictive power of intrinsic motivation and identified regula-
tion while eliminating collinearity and is still a widespread 
scoring method to this day (e.g., Vasconcellos et al., 2020). 
As for the controlled motivation composite, while also use-
ful, it usually shows much smaller predictive power than 
the autonomous motivation composite (e.g., Koestner et al., 
2008).

More recently, confirmatory factor analyses (CFA) were 
used to specify individual factors for each type of motiva-
tion and predict outcomes from each of the motivation type 
individually (e.g., Gilal et al., 2020; Sebire et al., 2013). 
While this method has the advantage of looking at how 
each individual motivation type can predict outcomes, it 
also overlooks the importance of the unidimensional aspect 
of the continuum and, in doing so, introduces unnecessary 
multicollinearity in the prediction of outcomes (Morin et 
al., 2013). Higher-order CFA has been introduced to elimi-
nate this problem but, oftentimes, it introduces additional 
problems. Higher-order CFAs of the self-determination con-
tinuum are usually locally unidentified at the higher-order 
factor level and they further restrict the association between 
higher-order factors and the items to a product of the associ-
ation between first-order factors and items (Howard, Gagné, 
Van den Broeck, Howard et al., 2020a, b, c). Recently, bifac-
tor solutions were proposed as a viable option for researchers 
trying to capture the level of self-determination underlying 
the various types of motivation. Bifactor models, in addition 
to specifying individual factors like one would see in tradi-
tional CFA, estimate a general factor that captures common 
variance shared among all indicators of the different types of 
motivation, without restricting the association between the 
general factor and each item, like in the higher-order model. 
Thus, bifactor solutions allow for a simultaneous estimation 
of unidimensional and multidimensional aspects of motiva-
tion types. In their recent analysis, Howard and colleagues 
(Howard, Gagné, Van den Broeck, Howard et al., 2020a, b, 
c) examined the various scoring methods for representing 
the self-determination continuum and showed that, com-
pared to a relative autonomy index, a CFA, a higher-order 
CFA, and to an exploratory structural equation modeling 
(ESEM), the bifactor-ESEM model had the best fit indices 
and highest explained variance in outcomes.

Notwithstanding these positive elements, some impor-
tant conceptual and empirical issues remain unresolved by 
the bifactor-ESEM estimation method. First, estimation of 
the general factor (G-factor) in bifactor models is, to a cer-
tain degree, volatile. There is no certainty regarding what 
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bifactor model while also overcoming some of its main lim-
its would improve researchers’ ability to capture the level 
of self-determination characterizing each type of motivation 
proposed by SDT.

Bifactor S – 1 as a Tailored Solution

Recently, research in the field of ADHD (Burns et al., 2019) 
and depression (Heinrich et al., 2020) have suggested that 
the bifactor S – 1 model (see Fig. 2) can be a tenable alter-
native to the more common symmetrical bifactor model 
(where one S-factor per subscale is estimated), particularly 
when items are expected to contribute asymmetrically to 
the G-factor (i.e., when S-factors are not interchangeable 
in terms of their relative contribution to the G-factor). The 
bifactor S – 1 may be a theoretically relevant solution to 
model the self-determination continuum. Since SDT pos-
tulates that intrinsically motivated behavior naturally illus-
trates self-determination (Ryan & Deci, 2017), it would be 
more coherent with the theory to anchor the G-factor esti-
mating “self-determination” in intrinsic motivation, rather 
than specifying orthogonal factors for these two constructs. 
With a bifactor S – 1 model, there would be no S-factor 
estimated from intrinsic motivation items which would 
only be specified by the G-factor, meaning that the G-factor 
would become anchored in intrinsic motivation. Conceptu-
ally, this would imply that the G-factor draws its meaning 
mostly from intrinsic motivation items, and in a generally 
decreasing fashion from other items on the continuum in 
accordance with their factor loading on the G-factor. In turn, 
this would ensure that the G-factor captures the highest pos-
sible amount of self-determination. A G-factor that more 
accurately conveys the level of self-determination underly-
ing types of motivation has the potential to predict motiva-
tional outcomes with more power and precision, compared 
to a G-factor estimated with a symmetrical bifactor model.

Moreover, a bifactor S – 1 focused on intrinsic motiva-
tion would overcome the main shortcomings of symmetrical 

conceptual information will be assigned to the G-factor and 
what will be assigned to the specific factors (S-factors), apart 
from the fact that the former will represent what is common 
to all items and the latter, what is uniquely common to its 
group of items (Morin, 2021). Therefore, interpretations of 
G- and S-factors must be inferred on a study-by-study basis 
through the commonalities and factor loadings. For instance, 
the meaning of general and specific factors may change 
among studies considering that measures of motivation vary 
and that some types of motivation are not always included in 
the analysis (e.g., amotivation, two types of external regula-
tion, three types of intrinsic motivation). When estimating 
a bifactor model that did not include a measure of amotiva-
tion, Guay & Bureau (2018) established that the G-factor 
had factor loadings of similar strength across the various 
types of motivation and thus concluded that their G-factor 
measured the quantity of motivation rather than the degree 
of self-determination. These findings are in contrast with 
most research on the self-determination continuum using 
a bifactor model, which usually shows decreasing factor 
loadings on the G-factor from intrinsic motivation to amo-
tivation, with the consequent conclusion that the G-factor 
measures a relative level of self-determination across moti-
vation types (Tóth-Király et al., 2021).

A second issue with the bifactor model regards the 
meaning of S-factors. One could mistakenly assume that 
the S-factors represent the type of motivation measured 
by their respective items. This assumption does not always 
hold as some S-factors often have low levels of validity. For 
instance, past studies have obtained mean factor loadings 
close to 0 for certain S-factors (e.g., the S-factor for identi-
fied regulation in Gillet et al., 2018 where target loadings 
ranged from − 0.14 to 0.16 across four models, with a mean 
of 0.00), which means that S-factors can sometimes capture 
little to no variance.

Furthermore, a G-factor estimated with a bifactor solu-
tion is orthogonal to S-factors, meaning that they are mea-
suring distinct properties. This clashes with the conceptual 
underpinnings of the self-determination continuum, which 
conceptualizes intrinsic motivation to be the prototypical 
illustration for self-determination (Ryan & Deci, 2017). 
Simply put, although self-determination is broader and more 
complex than intrinsic motivation, intrinsically motivated 
behaviors are inexorably self-determined. Therefore, any 
model that estimates orthogonal factors for intrinsic motiva-
tion and self-determination raises questions about the con-
ceptualization of either factor. All in all, the bifactor model 
presents conspicuous conceptual and statistical issues when 
applied to the self-determination continuum. Considering 
that the strong fit indices obtained when estimating a bifac-
tor model are not sufficient to attest its superiority, explor-
ing other analytical strategies that bear the strengths of the 

Fig. 2  Illustration of the Bifactor S – 1 ESEM Model. Note: IM = Intrin-
sic motivation; IDEN = Identified regulation; INTRO = Introjected reg-
ulation; EXT = External regulation; AMO = Amotivation
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H1  Model fit indices for bifactor S – 1 and symmetrical 
bifactor models will be comparable.

H2.1  Factor loadings on the G-factor with a bifactor S – 1 
model will more accurately represent the self-determination 
continuum than those obtained with a symmetrical bifactor 
model.

H2.2  Factor validity in the bifactor S – 1 model will be 
stronger for both the G-factor and the S-factors than factor 
validity in the symmetrical bifactor model.

Second, to test whether factors in a bifactor S – 1 model 
would more strongly predict important outcomes than fac-
tors in a symmetrical bifactor model, we compared effect 
size estimates for the prediction of three important out-
comes for students: grades, anxiety symptoms, and depres-
sion symptoms. Since G-factors are usually the main 
predictor (sometimes used as a saved factor score; Guay 
et al., 2021), estimating models where the G-factor shows 
stronger predictive validity is advantageous. To test for the 
predictive power of the models in general, we compared 
their respective amounts of explained variance in these out-
comes. Because the S – 1 model is nested within the sym-
metrical model, explained variance from the former model 
is not expected to surpass that from the latter. However, they 
should be comparable.

H3  The G-factor estimated with a bifactor S – 1 model will 
predict outcomes more strongly (as per effect size estimates 
of the standardized regression coefficients) than the G-fac-
tor estimated with a symmetrical bifactor model.

H4  Total variance in outcomes explained by the model will 
be comparable between model types.

Finally, to test whether the G- and S-factors estimated 
with a bifactor S – 1 model were more accurate in their 
prediction of outcomes (and thus possibly better defined) 
than the corresponding factors estimated with a symmetrical 
bifactor model, we estimated the confidence intervals in the 
prediction of the aforementioned outcomes for each factor 
of both models. A wider confidence interval is synonymous 
with uncertainty in the prediction of outcomes (Forbes et al., 
2021), which can be caused by imprecise estimation of the 
factor (Marsh et al., 1998). In contrast, narrower intervals 
imply stronger accuracy in the prediction of outcomes.

H5  G- and S-factors in the bifactor S – 1 model will be more 
accurate in their prediction of outcomes (more restricted 
confidence intervals) compared to G- and S-factors in the 
symmetrical bifactor model.

bifactor modeling of the self-determination continuum, 
namely the imprecise or varying meaning of each factor 
from one study to another. While this can happen for vari-
ous reasons, the most evident one in the case of motivation 
pertains to the fact that studies may measure some moti-
vational types while excluding others (e.g., amotivation). 
When the number of motivation types varies across studies, 
the meaning of the G-factor in symmetrical bifactor models 
may also vary across studies. With a bifactor S – 1 model, 
the self-determination factor would always be anchored in 
items reflecting intrinsic motivation, preventing substan-
tial variations in the meaning of the G-factor. Finally, one 
important outcome of measuring a G-factor that is anchored 
in intrinsic motivation would be the ensuing clearer con-
ceptual boundaries for S-factors, and perhaps reduced varia-
tions in their constitution across studies.

In summary, the bifactor S – 1 model has strengths that 
can be grouped in two major dimensions: (1) the estimation 
of a self-determination G-factor that is anchored in the most 
self-determined type of motivation, which is purported to 
entail a better prediction of outcomes, and (2) G- and S-fac-
tors that are more precise, and presumably more consistent 
across studies, as compared to those obtained from a sym-
metrical bifactor model (i.e., where all types of motivation 
are estimated by S-factors). To our knowledge, this is the 
first study to test a bifactor S – 1 model of the self-determi-
nation continuum.

The Present Study

In this research, we sought to test the benefits of estimat-
ing a bifactor S – 1 model to empirically represent various 
types of motivation along the self-determination continuum. 
First, to test whether a bifactor S – 1 model allows the esti-
mation of a self-determination G-factor that is more consis-
tent with SDT, we empirically compared symmetrical and 
S – 1 bifactor models from five samples in terms of model 
fit, factor loadings, and factor validity. Because the bifac-
tor S – 1 is purported to better reflect the empirical real-
ity of the relationship between motivation types, the model 
should present similar fit to the less parsimonious symmetri-
cal bifactor model, within which it is nested. Compared to 
the symmetrical model, the S – 1 model is also expected to 
present factor loadings toward the self-determination G-fac-
tor that are more congruent with the theory (higher factor 
loadings on intrinsic motivation and decreasing loadings for 
the other consecutive types along the continuum), as well as 
factors that are better defined, showing stronger reliability 
estimates.
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Grades

Grades were included in three of the five datasets. Two 
datasets (#3 and #5) featured self-reported grades while one 
dataset (#2) featured grades retrieved from school records. 
The latter included grades over many school subjects and 
latent aggregates were created with grades from French, 
math, English (second language), and physical education, 
which were school subjects pursued by students of all levels.

Anxiety and Depression Symptoms

One sample (#1) measured anxiety and depression with 
a Psychological Distress Questionnaire (Villeneuve et 
al., 1996), while another (#5) measured anxiety with the 
GAD-7 (General Anxiety Disorder-7; Micoulaud-Franchi 
et al., 2016; Spitzer et al., 2006) and depression with the 
PHQ-9 (Patient Health Questionnaire-9; Carballeira et al., 
2007; Kroenke et al., 2001). In the Psychological Distress 
Questionnaire, participants answered whether they had 
experienced specific symptoms over the last four months 
(sample item for anxiety: “Did you feel tense or under pres-
sure?”; sample item for depression: “Did you feel hopeless 
thinking about the future?”. Both GAD-7 and PHQ-9 scales 
asked participants to indicate, over the last 14 days, if they 
had been bothered by a list of problems (sample item for 
GAD-7: Becoming easily upset or irritable; sample item 
for PHQ-9: Feeling down, depressed, or hopeless). All 
items were answered on a scale ranging from 0 (Never) to 3 
(Often). In the present study, Cronbach’s alpha ranged from 
0.73 (sample 1) to 0.91 (sample 5) for anxiety and from 0.81 
(sample 1) to 0.86 (sample 5) for depression.

Method

Five educational datasets were used to test the hypotheses. 
Table 1 provides information on each dataset (N, mean age, 
SD age, gender, grade level, year of data collection, and out-
comes included). All data was collected in various educa-
tional institutions in the province of Quebec, Canada. All 
participants answered the measures in French.

Measures

Motivation Types

In all samples, motivation types were measured using the 
Academic Motivation Scale (AMS; Vallerand et al., 1992). 
This scale measures three types of intrinsic motivation (IM 
to know, IM to accomplish, and IM for stimulation), three 
types of extrinsic motivation (identified, introjected, exter-
nal), and amotivation. All subscales include four items. 
At the secondary school level, they were answered on a 
5-point Likert scale ranging from 1 (Does not agree at all) 
to 5 (Completely agree). At the college level, they were 
answered on a 7-point scale from 1 (Does not agree at all) to 
7 (Completely agree). Although only two datasets included 
the three types of intrinsic motivation in their measure (the 
others measuring only intrinsic motivation to know), we 
followed recent insights on intrinsic motivation (Howard, 
Chong, et al., 2020) and eliminated redundancy by includ-
ing only IM to know. Previous research suggests that types 
of motivation assessed by the AMS show predictable order-
ing in their intercorrelations, although identified and exter-
nal regulations sometimes correlated more strongly together 
than when measured with other motivation scales (Howard 
et al., 2017). Notably, introjected and external regulation 
items in the AMS are only answered with an approach moti-
vational orientation, no item conveyed avoidance in either 
regulation.

Table 1  Dataset Descriptive Information
Published Manuscript N Year of data 

collection
Mage SDage % 

Female
Grade 
Level

Outcome Assessed
Grades ANX/DEP

1- Guay, Senécal, Gauthier, & Fernet (2003 839 2000 17.73 1.88 71.1 College a - Yes
2- Guay, Ratelle, Roy, & Litalien (2010) 941 2003 13.75 1.10 55.7 High 

school
Yes -

3- Guay, Ratelle, Larose, Vallerand, & Vitaro 
(2013)

1405 2008 13.75 1.09 52.6 High 
school

Yes -

4- Bureau, Gareau, Guay, & Mageau (2021) 710 2014 20.09 4.16 60.9 College a - -
5- Gilbert, Bureau, Poellhuber, Guay (2021) 1779 2019 21.59 4.93 79.0 College b Yes Yes
Note. ANX/DEP = Anxiety and depression symptoms
a Pre-university college
b University
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not offer a poorer fit to the data than symmetrical bifactor 
models, supporting H1.

Factor Loading and Factor Validity Comparison

Table 2 presents the average factor loadings for each factor 
across all models and samples. As expected, the bifactor S 
– 1 model yielded stronger factor loadings of intrinsic indi-
cators on the G-factor than the symmetrical bifactor model 
(average Δβ = 0.20). In contrast, indicators for the other 
types of motivation had generally weaker factor loadings 
on the G-factor in the S – 1 model, compared to the sym-
metrical model. This can be expected since loadings on the 
G-factor in the S – 1 model represent variance in items that 
is common to the reference motivation type (i.e., intrinsic 
motivation), implying that the variance in items that load on 
the G-factor is akin to intrinsic motivation. In comparison 
with the S – 1 model, the G-factor in the symmetrical model 
had slightly higher factor loadings on motivation types other 
than intrinsic motivation, which means that it accounts for a 
larger proportion of variance in those items. Globally, these 
results support H2.1 for the distribution of factor loadings 
on the G-factors of both models across motivation items.

Regarding the S-factors, the intrinsic S-factor has an aver-
age factor loading of 0.55 in the symmetrical model (and is 
not estimated in the S – 1 model). The identified S-factor had 
an average factor loading of 0.36 in the symmetrical model 
and of 0.43 in the S – 1 model, which equates to a 20% mean 
factor loading difference in favor of the latter model. For all 
other S-factors, the average factor loading differences were 
weak (average ΔMλ = 0.02), suggesting that their estimation 
remains quite stable across models.

Regarding factor validity, the G-factor in both models 
were found to be equally reliable. In the S – 1 model, how-
ever, validity of the identified and external S-factors showed 
marginal superiority compared to the same factors in the 
symmetrical model (MΔω = 0.03). Validity for introjected 
and amotivation S-factors was similar across model types 
(MΔω = 0.003). Overall, H2.2 was not empirically supported 
as the model factors generally showed similar reliability 
indices.

These results detailing model fit, average factor loadings, 
and factor validity for both model types cannot by them-
selves point to any added advantage of using a bifactor S 
– 1 model compared to a symmetrical bifactor model. The 
comparison of models’ prediction strengths for education 
outcomes will help determine if they yield similar results or 
if one model is superior.

Results

Analyses

For the testing of all hypotheses, two types of bifactor mod-
els were compared. The first model type was a symmetrical 
bifactor-ESEM model (Howard et al., 2020a, b, c). Follow-
ing the ESEM framework specifications (Morin et al., 2013), 
this model included a G-factor defined by all available indi-
cators from all types of motivation, as well as orthogonal 
S-factors for each type of motivation. All these factors 
were specified using target orthogonal rotation to minimize 
cross-loadings and ensure non-overlapping variance across 
factors. The second type of model, a bifactor S – 1 model, 
was estimated using the same specifications as the bifactor-
ESEM model, including the use of an orthogonal target rota-
tion. However, the estimation of the S-factor for intrinsic 
motivation was removed. This allowed having nested mod-
els and assured comparability for a better assessment of the 
potential advantages of the more parsimonious bifactor S 
– 1 model. Because the bifactor S – 1 model is nested within 
the symmetrical bifactor-ESEM model (Hand & Lonigan, 
2021), one can expect the former model to exhibit weaker fit 
indices and explained variance in outcomes. Examining the 
differences in model fit and explained variance in outcomes 
thus mainly serve the purpose of establishing that bifactor 
S – 1 models are equally viable and similarly powerful in 
predicting their respective outcomes as symmetrical bifac-
tor models. Further, comparing the strength of prediction of 
outcomes by the G-factor from each model will help deter-
mine if the bifactor S – 1 model is a better solution than 
the symmetrical bifactor-ESEM model. To our knowledge, 
very few research has used a bifactor S – 1 model within the 
ESEM framework (see Thöne et al., 2021 for an example). 
Importantly, this may speak to the novel aspect of the ESEM 
framework compared to CFA, rather than to potential prob-
lems in estimating a bifactor S – 1 ESEM model.

Model Fit Comparison

On average, across the five samples, model fit statistics for 
all models showed close fit to the data (see Table 2). Fur-
thermore, variations in fit indices between models were 
small for CFI, TLI, RMSEAs and SRMR. Following Chen’s 
(2007) recommendation that, when sample size is adequate, 
CFI and TLI differences below 0.01 and RMSEA and SRMR 
differences below 0.015 indicate similar model fit, the pres-
ent comparisons between symmetrical bifactor and bifac-
tor S – 1 showed that both models are equivalent. Indeed, 
average ΔCFI across models was 0.007, while average ΔTLI 
was 0.008. Similarly, average ΔRMSEA was 0.003 while 
average ΔSRMR was 0.003. Thus, bifactor S – 1 models do 
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from estimated models was used to predict grades (Table 3). 
Across the three samples of students, the factor score saved 
from the bifactor S – 1 model was 31% more effective in 
predicting grades (r from 0.14 to 0.19) than the factor score 
saved from the symmetrical bifactor model.

Anxiety and Depression Symptoms

Two datasets (#1 and #5) measured anxiety and depres-
sion symptoms (see Table 3). On average, the prediction of 
anxiety and depression by the G-factor of the symmetrical 
bifactor model was 0.09 and − 0.21, respectively. Regard-
ing the prediction from the G-factor of the bifactor S – 1 
model, it was 0.12 and − 0.24 for anxiety and depression, 
respectively. These results show that the G-factor from the 
latter model was more effective in predicting anxiety (37% 
stronger prediction on average) and depression (17% stron-
ger prediction on average) than the G-factor estimated from 
the former model. Specific factors showed minor increases 
or decreases in their prediction of anxiety and depression, 
but these variations were all very small (Δβ ≤ 0.01). Again, 
the amount of explained variance (R2) across all mod-
els only varied slightly between types of bifactor model, 
going from 0.082 (anxiety) and 0.165 (depression) in the 
symmetrical bifactor model to 0.080 (anxiety) and 0.160 
(depression) in the bifactor S – 1 model (ΔR2

anxiety = 0.002; 
ΔR2

depression = 0.005). These results show that both types of 
bifactor models have comparable predictive strength, but 
that the G-factor from the S – 1 model shows stronger point 
estimates compared to the symmetrical model.

We further compared the prediction accuracy of the 
two models by comparing the 95% CI of regression coef-
ficients for the prediction of anxiety and depression from 
G- and Sfactors. Results show that the differences in 95% 
CI where even more pronounced with these outcomes than 
with grades. Regarding the G-factors, the 95% CI of the 
anxiety/depression predictions were, on average, reduced 
by just over 50% with the S – 1 model, compared to the 
symmetrical model. For anxiety, this entailed a statistically 
significant (and stronger) prediction in one dataset using the 
G-factor from the S – 1 model, while this prediction was not 
statistically significant with the G-factor from the symmetri-
cal model in that same dataset. S-factors also had narrower 
95% CI across all factors in the S – 1 model, with average 
decreases ranging from 10 to 41%.

As with grades, additional predictive models using fac-
tor scores to predict anxiety and depression symptoms were 
estimated. The factors scores saved from bifactor S – 1 mod-
els still showed slightly superior prediction over those saved 
from symmetrical bifactor models (Table 3). Respectively, 
the point estimate of the correlation between anxiety and the 
factor score saved from an S – 1 model and anxiety was on 

Predictive Strength Comparison

Grades

Three datasets (#2, #3, and #5) included a measure of grades, 
allowing to compare the predictive strength of both bifactor 
models. Results are presented in Table 3. Across all models, 
the average prediction (β) of grades by the G-factor was 0.14 
for the symmetrical bifactor model and 0.21 for the bifactor 
S – 1 model, demonstrating that the G-factor of the latter 
model was on average 46% more effective1 in predicting 
grades than the G-factor of the former model. In contrast, 
the average predictive strength of the intrinsic S-factor in 
the symmetrical model, which was not specified in the S – 1 
model, was 0.16. Other S-factors showed small variations in 
their prediction of grades (Δβ ≤ 0.03). Regarding the amount 
of explained variance in student grades (R2), only slight dif-
ferences were observed between models, going from 0.112 
in the symmetrical bifactor models to 0.108 in the bifac-
tor S – 1 model, a difference of 0.004 (or 0.4%) explained 
variance (ΔR2 = 0.004). Considering that the S – 1 model 
is nested in the symmetrical model, this result shows that 
although the S – 1 model is more parsimonious, it is about 
equally powerful in its general predictive strength of student 
achievement as the symmetrical model, with a larger predic-
tion attributed to the G-factor.

We further compared the prediction accuracy of both 
bifactor models by contrasting 95% confidence intervals 
(CI) around their regression coefficients for the prediction 
of grades by G- and S-factors. Regarding the G-factors, 
the 95% CI was, on average, reduced by 39% for the S – 1 
model compared to the symmetrical model. The S-factors 
also had narrower 95% CI in the S – 1 model, with average 
decreases of 31%, 19%, 11%, and 18% for the prediction of 
grades by identified, introjected, and external regulations, 
and amotivation respectively. Hence, using an S – 1 bifac-
tor model substantially reduced CI around regression coef-
ficients, especially for the G-factor.

Considering that relying on factor scores is a common 
practice when working with bifactor models (e.g., for estab-
lishing profiles; Gillet et al., 2020; Tóth-Király et al., 2021), 
it is important to demonstrate that the enhanced prediction 
from the G-factor of the S – 1 model also applies to this 
type of indicators. Stronger prediction of grades from the 
G-factor of the S – 1 model, compared to the G-factor of the 
symmetrical model, was maintained if a factor score saved 

1   This percentage was obtained by averaging, across all studies that 
measured grades, the ratios for which the numerator was the beta of the 
prediction of grades from the G-factor of the S – 1 model as and the 
denominator was the beta of the prediction of grades from the G-factor 
of the symmetrical model. Hence, a ratio of 1.1 would mean a 10% 
stronger prediction.
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in reliable G-factors, the higher loadings for the intrinsic 
motivation items on the G-factor in the S – 1 model may 
be the key to a better-defined G-factor that achieves better 
prediction of relevant outcomes.

Predictive Power

While both types of bifactor models were comparable in 
terms of amount of variance explained in each outcome, the 
bifactor S – 1 model is second to none in terms of strength of 
prediction of grades, anxiety, and depression by the G-fac-
tor. On average, this meant an increased prediction strength 
of student outcomes when comparing G-factors. We note 
that the absolute difference between the point estimates of 
the predictions were small in general (average difference of 
0.047). However, the fact that both models are nested and 
that the G-factor from the more parsimonious S – 1 model 
is a stronger predictor of outcomes illustrates that the way 
the variance is pooled into the G-factor in the S – 1 bifac-
tor model is more relevant for outcome prediction than the 
way it is pooled for that factor in the symmetrical bifactor 
model. Notably, modeling the self-determination continuum 
with an S – 1 model instead of a symmetrical model resulted 
in a considerable reduction in the width of the confidence 
intervals of the prediction of grades, anxiety, and depres-
sion symptoms. For the G-factors, this entailed an average 
reduction in the width of the 95% CI in outcome prediction 
of 48.4%. This increased precision in prediction is impor-
tant as studies modeling the self-determination continuum 
with an S – 1 model are less likely to yield Type 1 error (i.e., 
incorrectly infer that the G-factor does not predict important 
outcomes). The stronger prediction accuracy also occurred 
with S-factors, which showed a reduction in the width of 
the 95% CI in outcome prediction by these factors. These 
results illustrate that G- and S-factors estimated with an S 
– 1 bifactor model are better at predicting outcomes, possi-
bly because they are defined with clearer conceptual bound-
aries. It may also be that they are less prone to capturing 
irrelevant sources of variance compared to the symmetrical 
bifactor model. Indeed, because the G-factor is anchored in 
intrinsic motivation, it should not capture undesirable vari-
ance measured in the self-determination continuum that is 
not specifically shared by intrinsic motivation items.

What Is the Meaning of the General and 
Specific Factors?

The meaning of factors in bifactor models is a debated issue, 
especially in the case of asymmetrical contribution to the 
G-factor. Proponents of the model posit that the G-factor 

average 29% stronger than the point estimate of the correla-
tion between anxiety and the factor score saved from a sym-
metrical model (r from − 0.08 to − 0.11). For depression, 
the point estimate of the correlation for the factor scores 
saved from a bifactor S – 1 model was 11% more effective 
than those saved from a symmetrical bifactor model (r from 
− 0.19 to − 0.21).

Discussion

Howard and colleagues (2020) have shown that the sym-
metrical bifactor-ESEM model was the best scoring or 
estimation method for an empirical representation of the 
self-determination continuum, with the strongest fit indices 
and greater amount of explained variance compared to other 
methods. In this research, we tested the bifactor S – 1 ESEM 
model as an alternative strategy to the symmetrical bifactor-
ESEM model in which the general factor was anchored in 
intrinsic motivation, the most self-determined type of moti-
vation, thereby allowing for a precise conceptual specifica-
tion of all factors.

Model Specification

As expected, comparative analysis of both models first 
showed that they were largely equivalent in terms of model 
fit. This implies that both models represent the data well, and 
that both can be considered potentially valid representations 
of the self-determination continuum. In terms of factor load-
ings and factor validity, the G-factor in the S – 1 model was 
more weighted on intrinsic motivation and showed decreas-
ing loadings for items of subsequent motivation types along 
the self-determination continuum, partly supporting our first 
hypothesis. The G-factor in the symmetrical model gener-
ally showed a similar pattern, except for the third dataset 
in which the average loading for identified regulation items 
were stronger than the average loading for intrinsic items. 
Furthermore, factor validity in both model types was similar 
for the G-factor, suggesting that the two strategies for mod-
eling the general factor capture roughly equivalent amount 
of variance among all items, although its distribution varies. 
With the symmetrical model, the distribution of factor load-
ings on the G-factor across items of the self-determination 
continuum was spread more evenly between the various 
motivation types. Regarding the S-factors, they were on 
average slightly less reliable in the symmetrical model com-
pared to the S – 1 model, albeit this difference was small.

Globally, although both models fitted the data well, 
generally respected the ordering of motivation types with 
regards to the item loadings on the G-factor, and resulted 
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estimates a G-factor with clearer conceptual boundaries also 
allows for more conceptual clarity on the S-factors.

Next Steps

The main takeaways from this research are twofold. First, 
a G-factor derived from a bifactor S – 1 model of the 
self-determination continuum is more powerful in out-
come prediction―and its prediction has a reduced scope 
of uncertainty around it―than a G-factor derived from a 
symmetrical bifactor model. Researchers looking for more 
conceptual accuracy in their estimation of the self-determi-
nation continuum would benefit from using a bifactor S – 1 
estimation, especially if they aim to predict key outcomes 
using the G-factor (whether latent or with factor scores). 
Second, a bifactor S – 1 model also allows for a better use 
of the S-factors, as their interpretation is not dependent on 
factor loadings. Hence, they always pertain to variance in a 
motivation type that does not relate to intrinsic motivation. 
Furthermore, factors would show more conceptual stabil-
ity, as the meaning of the G-factor is less likely to fluctuate 
from one study to another compared to when using a sym-
metrical bifactor model. This, however, remains a question 
to be empirically tested. Because all the items present in the 
model are important to determine what variance in intrin-
sic motivation will be specifically included in the G-factor, 
some shift in the meaning of the G-factor could also be 
expected with a bifactor S – 1 model.

All in all, using a bifactor S – 1 model allows to make 
predictions regarding the added advantage of various moti-
vation types over a global level of self-determination. 
Hence, not only will these estimations be more accurate, but 
they are also likely to be more comparable across studies. 
Importantly, motivational researchers sometimes include 
or exclude various motivation types such as amotivation 
(Guay & Bureau, 2018), material/social external regulation 
(Gagné et al., 2015), approach or avoidance types of intro-
jected regulation (Assor et al., 2009) and types of intrinsic 
motivation (Carbonneau et al., 2012). Testing the robust-
ness of the model with such variations remains to be done. 
To maximize the stability and benefits of the bifactor S – 1 
model, the G-factor should always be anchored in intrinsic 
motivation to be concordant with SDT assumptions. To this 
effect we recommend including only one type of intrinsic 
motivation even when more are available (preferably IM to 
know or IM to accomplish, as they both show similar con-
tribution to the prediction of outcomes; Howard, Chong, et 
al., 2020). If necessary, other intrinsic motivation facets can 
be estimated within the model as S-factors.

captures “variance shared among all indicators” (Morin, 
2021, Hierarchically-Ordered Constructs section), while 
S-factors capture “the variance shared among all indicators 
forming a subscale beyond that explained by the G-factor” 
(Morin, 2021, Hierarchically-Ordered Constructs section). 
In models where one can expect items to have a relatively 
similar contribution to the G-factor, such as with psycho-
logical need satisfaction (Garn, 2018), the information 
mapped on by the G-factor is straightforward (e.g., over-
all need satisfaction), and so is the information kept in the 
S-factors (e.g., competence satisfaction beyond overall need 
satisfaction), even when they are poorly defined. However, 
applied to the estimation of the self-determination contin-
uum, S-factor definitions can be somewhat vague because 
many items along the continuum have little common vari-
ance, meaning that they will largely vary in their respective 
contribution to the G-factor (some highly positive, some 
medium positive, some low positive or null, some nega-
tive). With a symmetrical bifactor model, common variance 
is extracted to create an empirically driven G-factor that 
maximizes overall shared variance. While this representa-
tion is valuable, it comes with drawbacks. First, the actual 
meaning of the G-factor in the symmetrical model must be 
confirmed or inferred on a study-by-study basis through the 
inspection of factor loadings to the G-factor, and it can show 
notable variations in meaning depending on the motivation 
types included in the analysis (Heinrich et al., 2021). Sec-
ond, an overall representation also means that the G-factor 
may capture other sources of irrelevant common variance 
(e.g., acquiescence, response style).

The S – 1 model solves these issues by first anchoring 
the G-factor in intrinsic motivation indicators, “a prototypi-
cal example of autonomous behavior” (Ryan & Deci, 2017, 
p.117) and thus of self-determination. Then, other items load 
on the G-factor based on their shared meaning with intrinsic 
motivation. Within a motivation type, the combined G-fac-
tor loadings represent the extent to which that motivation 
type conveys self-determination. This contribution is natu-
rally very strong for intrinsic motivation and fades as one 
progresses down the continuum toward amotivation (where 
the prediction becomes negative).

In addition, S-factors also have a clear meaning in the 
S – 1 model type. Indeed, since these factors are all orthog-
onal to the self-determination G-factor, their meaning can 
be interpreted as what is common to their indicators but is 
unrelated to self-determination. As a result, S-factors can 
be interpreted as the purely non-self-determined facet of 
these extrinsic motivations. For amotivation, it is rather the 
variance attributed to indifference or apathy, purged from 
its “active disinterest” aspect, which loads negatively on 
the G-factor. These interpretations show that a model that 
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Is the Bifactor S – 1 Model Better for All 
Applications?

While there are compelling advantages for a bifactor S – 
1 model applied to the self-determination continuum, this 
model is not the be-all and end-all of bifactor modeling. In 
some situations, it might bring few to no advantages over 
the symmetrical bifactor model. For example, when vari-
ous dimensions of a construct are expected to have similar 
contributions to the G-factor, and when the theory does not 
explicitly state that one factor is prototypical in representing 
the G-factor (both of which are not the case with the self-
determination continuum), then the S – 1 bifactor model 
brings no conceptual advantage. Recent argumentation on 
the subject is clear that the symmetrical bifactor model is, 
in general, a robust and coherent model for many measure-
ment situations (Morin, 2021). Although a pertinent use of 
the bifactor S – 1 model seems to be very contextualized, 
our results show that its use for modeling the self-determi-
nation continuum has consistent and compelling advantages 
that should not be overlooked.

Conclusions

When first introduced, the self-determination continuum 
brought forward distinctive features. On the one hand, it 
detailed a plurality of multifaceted components that each 
carries qualitative information to how individuals are moti-
vated. On the other hand, it presented all these facets as ele-
ments of varying motivational strength along a continuum of 
self-determination. The bifactor S – 1 model is a convenient 
way of modeling the self-determination continuum to cap-
ture those distinctive features with conceptual clarity (i.e., a 
clear meaning for each factor), enabling a prediction of rel-
evant outcomes with the best accuracy (lowest confidence 
intervals) and strength (highest regression coefficients).
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