Int. J. Sport Psychol., 2024; 55: 280-296
doi: 10.7352/1JSP.2024.55.280

Using physical literacy to predict physical activity among
university students: a machine learning logistic regression model

Xiaoxi Dong*, Zengying Yan**, Jiangzhou Deng***,
Heatbher Jobhanson Desiral****, Menglin Xu***** Fan Huang******

(*) Department of Sports Teaching and Research, Lanzhou University, Lanzhou, Gansu,
730000, P. R. China

(**) School of Physical Education, Chongging University of Posts and Telecommunications,
Nan'an District, Chongging, 400065, PR. China

(***) School of Economics and Management, Chongqing University of Posts and
Telecommunications, Nan’an District, Chongging, 400065, PR. China

(****) Adrian Dominican School of Education, Barry University, 11300 NE 2nd Ave Mianzi,
FL 33161, United States

(***%*%) Department of Internal Medicine, Ohio State University, 281 W Lane Ave, Columbus,
OH 43120, United States

(¥ Faculty of Education, University of Macau, Taipa, Macau, PR. China

Physical inactivity has become an increasingly challenging concern for health
systems and policymakers globally. The purpose of this study was to examine
whether physical literacy could be used to predict the physical activity behaviors
of Chinese university students in order to provide an efficient tool for encouraging
public health. 1,591 Chinese university students (females = 813, males = 778) with
a mean age of 19.63 years (SD = 1.36) participated in this study. Findings indicated
a practical machine learning logistic regression model (LRM) for predicting PA be-
haviors among university students. The accuracy on the confusion matrix was .715,
and the Receiver operating characteristic curve and Concordance test indicated that
the LRM is a good model. The researchers conclude that the present LRM can be a
useful tool for higher education institutions to monitor and foster students’ PA be-
haviors to promote a healthy lifestyle and life-long participation in physical activities.
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Introduction
Physical activity (PA) is a significant contributory factor in fostering

healthy living. According to Warburton et al. (2006), an increase in PA is as-
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sociated with a reduction in risky diseases, including cardiovascular disease,
diabetes mellitus and cancers. Conversely, physical inactivity (PI) is a sub-
stantial risk factor contributing to noncommunicable diseases and leading to
global mortality (WHO, 2010). PI has become a serious challenge, impacting
the quality of life for humans, as the prevalence of PI has been increasing
among various populations across the world (Dumith et al., 2011; Guthold et
al., 2020; Guthold et al., 2008). WHO (2018) indicated that around 23 % of
the adult population and 81% of the adolescent population aged from 11 to
17 years old do not reach the level of PA for benefiting healthy development
worldwide, recommended by WHO (2010). The prevalence rate for PI was
consistent with the study conducted by Guthold et al. (2020), who found
that around eight out of ten adolescents have insufficiently participated in
PA for advancing healthy living across 146 countries. Meanwhile, Pengpid
et al. (2015) reported that in 23 countries studied, around four out of ten
college students have had inadequate levels of participation in PA for pro-
moting individuals’ health. In responding to the challenge of the global prev-
alence of PI, WHO (2018) proposed a global PA action plan, which aims to
decrease the prevalence rate of PI for the adult and adolescent population
worldwide by 2030.

Currently, the concept of physical literacy (PL) has been embraced as
an educational goal for diminishing the harmful impacts of PI worldwide
(Castelli et al., 2015; Sum & Whitehead, 2021). According to Whitehead
(2001), the conceptualization of PL was rooted in the philosophies of exis-
tential and phenomenological perspectives to fulfill individuals’ potential.
Human existence is the main standpoint of PL, which offers opportunities
for individuals to promote a healthy quality of life by experiencing an enrich-
ing environment (Giblin et al., 2014). Moreover, the theory of PL. emphasizes
a holistic concept that consists of multidimensional domains: physical, cogni-
tive, affective and behavioral (Cairney et al., 2019; Whitehead, 2010). In ad-
dition, Whitehead (2010) highlighted that the PL. domains have a reciprocal
relationship to complement one another to promote holistic development,
which ultimately increases a healthy quality of life. The holistic nature of
PL encompasses a core component of a learning experience that interacts
with the physical world (Edwards et al., 2017). Dudley (2015) pointed out
that the nature of PL empowers potential learning via movement. Besides,
the holistic concept of PL may encourage individuals to gain knowledge of
PA and physical skills through the process of integration between mind and
body (Chen, 2015). Studies have revealed a positive association between PL
and PA among different populations in the world (Caldwell et al., 2020; Choi
et al., 2018). For instance, Caldwell et al. (2020) found a significant positive
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association between PL and moderate and vigorous-intensity PA with a sam-
pled population of children in Canada. The findings of Caldwell et al. (2020)
indicated that the children who experienced a higher degree of PL engaged
in more moderate and vigorous-intensity PA. Likewise, Choi et al. (2018)
found a similar result, in that there was a significant positive association be-
tween perceived PL and PA among adolescents in Hong Kong.

PL has been adopted by numerous countries as the desired goal of quali-
ty physical education for encouraging individuals to cultivate a lifelong phys-
ically active lifestyle (Castelli et al., 2015; Shearer et al., 2021). For instance,
the Society of Health and Physical Educators (SHAPE) America (2014) ad-
opted PL as the desired goal to develop National Standards and Grade-Level
Outcomes for K-12 Physical Education in the United States of America. In ad-
dition, the national standards would deliberately highlight holistic develop-
ment in promoting a habit of participation in physical activity, while building
up physically active lifestyles (SHAPE America, 2014). Likewise, Keegan et
al. (2013) illustrated that the concept of PL was adopted by Australia with
the program of Getting Australia Moving: Establishing a Physically Literate
Active Nation (Game Plan) for cultivating life-long skillful participation in
PA with positive affective attitudes and health-related knowledge of PA.

The attractive feature of PL is not only to promote participation in PA,
but it also benefits individuals’ health. However, the concept of PL is relative-
ly new, and more studies are needed to investigate its potential, especially in
Eastern countries (Sum & Whitehead, 2021). Meanwhile, Haase et al. (2004)
and Pengpid et al. (2015) pointed out that the worldwide prevalence of PI
is a serious challenge because of the impact it has on decreasing university
students’ healthy living around the world. Moreover, the levels of Chinese
college students’ physical fitness have displayed a declining trend between
2014 and 2016 (Chen et al., 2020). Ma et al. (2020) conducted a study to
examine the relationship between PL and the level of PA among Chinese
university students and reported a significant positive relationship between
PL and the levels of PA among Chinese university students. Therefore, there
is a reasonable assumption that physical literacy would be used to predict
physical activity among Chinese college students. Based on these concerns,
this study aimed to examine whether physical literacy could be used to pre-
dict the physical activity behaviors of Chinese university students in order to
provide an efficient tool for encouraging public health in higher educational
institutions. Additionally, this study also intended to examine the effective-
ness of the logistic regression algorithm with machine learning techniques in
the field of social science since there is a lack of studies focused on machine
learning techniques in the field. The following hypotheses were examined:
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Hal: PL measured by intrinsic motivation, sense of self and self-confi-
dence, self-expression and communication with others, and knowledge and
understanding is statistically significant and positively correlates with PA be-
havior.

Ha2: PA behavior can be predicted by a linear combination of the inde-
pendent variables of physical literacy measured by intrinsic motivation, sense
of self and self-confidence, self-expression and communication with others,
knowledge and understanding, age and gender.

Methods

PARTICIPANTS

A cross-sectional survey design was adopted for this study. Convenience sampling was
used to collect research data in six cities in mainland China, which were Bei Jing, Tian Jin,
Xi’an, Huai Nan, Chong Qing, and Nan Jing. A total of 1,591 Chinese university students
(female = 813 and male = 778) with a mean age of 19.63 (SD = 1.36) from 12 universities were
included in this research. All participants’ informed consent forms were obtained, and this
study was approved by an Institutional Review Board.

MEASURES

The Bebavioural Regulation in Exercise Questionnaire (BREQ-3) comprised 24 items
with a 5-point Likert-type response scale — ranging from ‘not true for me’ to ‘very true for
me’ — for measuring behavioral regulation toward exercise contexts based on the continuum
theoretical framework of self-determination was used for data collection (Markland & Tobin,
2004; Wilson et al., 2006). Additionally, the 24 items were divided into six subscales: amoti-
vation, external regulation, introjected regulation, identified regulation, integrated regulation,
and intrinsic regulation. The subscale of intrinsic regulation, which consists of 4 items, was
adopted by this study to measure Chinese university students’ intrinsic motivation and an
excellent internal consistency was found (Cronbach’s o = .94).

The Perceived Physical Literacy Instrument (PPLI), developed by Sum et al. (2016), was
used to examine the level of Chinese university students’ physical literacy. The PPLI is com-
prised of 9 items with a 5-point Likert scale with 3 items each for three subscales. There are
good internal consistencies for the three subscales, Cronbach’s o of .79 for knowledge and
understanding, Cronbach’s o of .78 for self-expression and communication with others and
Cronbach’s a of .83 for sense of self and self-confidence.

Furthermore, this study used four items from the International Physical Activity Ques-
tions Short Form (IPAQ-SF) instrument, which indicated acceptable reliability and validity
for collecting information about individuals’ PA levels over the last 7 days (Craig et al., 2003;
Macfarlane et al., 2007), to determine the total amount of moderate and vigorous-intensity PA
time that was spent by Chinese university students over a seven-day period.
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PROCEDURE

12 college professors who currently working for universities in China were contacted
to request their cooperation in recruiting participants from their institutions after receiving
approval to conduct the research from the Institutional Review Board (IRB). These 12 college
professors work in different cities in China: Bei Jing, Tian Jin, Xi’an, Huai Nan, Chong Qing,
and Nan Jing. After consenting in recruiting participants, each college professor received an
online survey link to share in their classes, and potential participants would then be able to ac-
cess the online survey through the link. Once participants clicked on the link, they would first
be presented with an informed consent form on the first page of the survey for them to read
and click, acknowledging that they gave consent to participate in the survey. After consent
was granted, the potential participants would then continue answering the survey questions.

Darta ANALYSIS

A logistic regression model (LRM) was utilized to examine whether PL can be used
to predict the PA behavior of Chinese university students. The Pearson correlation test was
conducted to examine the relationship between variables of PA behavior, age, gender, intrinsic
motivation, sense of self and self-confidence, knowledge and understanding, and self-expres-
sion and communication with others. In addition, a logistic regression algorithm was used to
investigate a proposed model that could be a useful practical model to predict Chinese univer-
sity students’ PA behaviors. According to Lee (2005), the logistic regression with maximum
likelihood estimation is a sophisticated technique to examine the probability with a combi-
nation of continuous and categorical predictors for a binary categorical outcome variable.
Additionally, the logistic regression does not require an assumption of normality (Lee, 2005).

Several steps must be followed to conduct and evaluate an LRM. First, the dataset of the
study was randomly split into train and test datasets. The train dataset was used to build an
LRM, and the test dataset was used to examine the accuracy of the LRM. Second, the confu-
sion matrix was conducted to examine the accuracy of actual values and predicted values for
the LRM, and the formula of the confusion matrix is provided in Table 1. Third, the Receiver
operating characteristic (ROC) curve was plotted to examine the discriminatory ability of
the LRM by accurately identifying PI and PA behaviors among the participants (Kumar &
Indrayan, 2011).

TasLE I
Confusion Matrix of the Logistic Regression Model
Predicted: PI Predicted: PA
Actual PT PI (True Positive) PA (False Negative)
Actual PA PI (False Positive) PA (True Negative)
Accuracy = True Positive + True Negative

True Positive + False Positive + False Negative + True Negative
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Fourth, a Concordance (C-statistic) test, which is a measurement of goodness of fit for
binary outcome LRM, was used to investigate the ability of the discrimination of the LRM,
but the C-statistic did not examine the predictiveness of the accuracy of the LRM (Pencina &
D’Agostino, 2015). Additionally, the range of the values for the C-statistic is generally from
0.5 to 1 and the higher the value of the C-statistic indicates a better model. The R package of
caret conducted by Kuhn (2008) was used to conduct the statistical analyses. To determine
statistical significance, an alpha of 0.5 was used.

Findings
SUMMARY STATISTICS

According to the WHO (2010), it is suggested that adults 18 to 64 years
of age should participate in moderate-intensity aerobic PA for at least 150
minutes or vigorous-intensity aerobic PA for at least 75 minutes, or an equiv-

TasLE IT
Descriptive Statistics and Correlation Matrix (N = 1,591)

im ku se ssc age vpw mpw
im
ku 0.72%%%
s 0.59%%+ 0.53%%
ssc 0.64%% 0.65%* 0.68%+%
age -0.03 0.05%* 0.06*
vpw 0.227%%** 0.19%** 0.25%%*%  -0.15%**
mpw 0.23%% 0.18%* 0.16%%%  0.19%%F  Q17%F*F  033%r*
M 14.715 12.045 10.082 10.081 19.631 59.689 69.136
SD 3.609 2271 2.532 2.659 1.361 74.900 82.064
minimum 4 3 3 3 18 0 0
maximum 20 15 15 15 23 360 420
range 16 12 12 12 5 360 420
skewness -0.309 -0.548 0.097 -0.002 0516 1.764 1.807
kurtosis -0.262 0.181 -0.239 -0.298 -0.640 3.218 3.741

Note. *p < 0.05, **p < 0.01, and ***p < 0.001. ku = knowledge and understanding, ssc = sense of self
and self-confidence, se = self-expression and communication with others, im = intrinsic motivation, skew
= skewness, kurt = kurtosis, vpw = vigorous-intensity aerobic physical activity time per week, mpw =
moderate-intensity aerobic physical activity per week. The same hereinafter.
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alent combination of the moderate- and vigorous-intensity aerobic PA time
during a week to benefit their physical fitness. A mean value of 59.689 (SD
=74.900) was found for the vigorous-intensity aerobic PA minutes per week
with the total sample of 1,591, as displayed in Table 2, and 476 out of 1,591
participants participated in vigorous-intensity PA equal or more than 75
minutes during the week prior to completing the survey. Moreover, a mean
value of 69.136 (SD = 82.064) was found for moderate-intensity aerobic PA
minutes per week with the total sample of 1,591, and 229 out of 1,591 partic-
ipants participated in moderate-intensity PA equal or more than 150 minutes
during the week prior to completing the survey.

Pearson’s correlation was used to examine the correlations among the vari-
ables, and the results indicated that vigorous and moderate-intensity aerobic PA
per week had a positive weak association with intrinsic motivation, knowledge
and understanding, sense of self and self-confidence, and self-expression and
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Fig. 1. - The relative percentages of PA bebavior for gender groups.
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communication with others. On the other hand, vigorous and moderate-intensi-
ty aerobic PA per week had a negative weak association with age.

According to suggestions from the WHO (2010), the cut-off PA time for
moderate-intensity PA was 150 minutes and for vigorous-intensity aerobic
PA was 75 minutes. After combining the results of those who met the recom-
mendation of the moderate and vigorous-intensity aerobic PA, 1,010 out of
1,591 participants participated in PA less than the suggested, and the 1,010
participants were coded as PI in comparison to 581 out of 1,591 coded as PA
in a binary categorical variable of “PAlevel” (physical inactivity = 0, physical
activity = 1). Moreover, the differences of PA behavior between gender and
age were given in Figure 1 and Figure 2.
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Fig. 2. - The relative percentages of PA bebavior among age groups.
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EvaLvuatioN oF THE LoGisTic REGRESSION MODEL

The total dataset (N = 1,591) was randomly split into train and test data-
sets with a ratio of 70%-30%, suggested by Dangeti (2017). The train dataset
(N = 1114) was used to build up a binary LRM and the test dataset (N = 477)
was used to evaluate the effectiveness of the LRM. The LRM was initially
examined with six independent variables (IVs) of age, gender, intrinsic moti-
vation, sense of self and self-confidence, knowledge and understanding, and
self-expression and communication with others. However, the two IVs of
knowledge and understanding and self-expression and communication with
others were not statistically significant predictors. Hence the two IVs were
removed from the LRM model. After the reduction of the two non-statistical-
ly significant predictors, the LRM consisted of 4 IVs. The result of the LRM
is presented in Table 3. Moreover, the null deviance of the LRM was 1462.5
with a degree of freedom of 1113 for the intercept. After adding to the four
predictors, the deviance reduced to 1271.7, losing 4 degrees of freedom from
null deviance to residual deviance. Additionally, a Chi-square analysis was
conducted to examine the deviance changes between the null deviance and
residual deviance and the result indicated a statistically significant reduction
of the deviance (p<.001). Moreover, there are no concerns for multicollinear-
ity due to the maximum magnitude variance inflation factor value of the 4
predictors which was 1.646, suggested by Field et al. (2012). Furthermore,
based on the estimation of odds ratio for PA behavior, PA was 2.655 times
higher when gender (from female to male) was involved; PA was 1.144 times
higher when intrinsic motivation was involved; while PA was 1.091 times

TasLE IIT
Results of Logistic Regression Model with Train Dataset
DVs b SE 95% CI t VIF OR
(95% CI)
Intercept 2456 1.008 0.490 4.443 2.438* 11.661 (1.633, 85.047)

gender(male) 0976  0.138  0.708 1.249 7.077*%*  1.014 2.655 (2.029, 3.486)

age -0.330  0.052  -0433 -0229 -6355"*F  1.042 0.719 (0.649, 0.795)
im 0.135 0.026  0.085  0.186  5.219***  1.635 1.144 (1.088, 1.204)
ssc 0.088  0.034  0.022  0.155 2.6027** 1.646 1.091 (1.022, 1.167)

Note. Null deviance (df =1113) = 1462.5, Residual deviance (df =1109) = 1271.7, AIC (Akaike informa-
tion criterion) = 1281.7, log likelihood (df=5) = -635.9, b = unstandardized regression coefficients, VIF =
variance inflation factor, t = t-value, and OR = odds ratio.
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higher when sense of self and self-confidence was involved. On the other
hand, PA was 0.719 times lower when age (from young to old) was involved.

The results indicated that the three IVs of gender, intrinsic motivation
and sense of self and self-confidence were statistically significantly positively
associated with PA behavior. On the other hand, the IV of age was statistical-
ly significantly negatively associated with PA behavior. The results illustrated
that for every 1 raw score unit increase in intrinsic motivation and sense of
self and self-confidence there was an associated increase of .135 and .088
logit odds of PA behavior. Additionally, changing from female to male was
associated with an increase in 0.976 logit odds of PA behavior. In contrast,
for every 1-year increase in age, it was associated with a decrease in .330 logit
odds of PA behavior.

The test dataset (N = 477) was used to evaluate the accuracy of the LRM.
A Confusion Matrix was used to examine the performance of the LRM, and
the result of accuracy on the confusion matrix for LRM was .715 (95% CI
[.672,.755]) indicating that the prediction accuracy of the LRM was 71.5%,
as displayed in Table 4. Additionally, the accuracy of the LRM was statistical-
ly significantly higher than the accuracy value of .635 for the No Information
Rate that indicated the largest proportion of the DV with a majority of PI (p
<.001), and it indicated that the four IVs increased the accuracy of the LRM.

Meanwhile, a ROC curve was plotted to illustrate the performance of the
LRM to distinguish between the true positive rate (TPR) and false positive
rate (FPR). The results showed that the ROC curve was from the diagonal
line to the left-top area of TPR, which indicated a good discriminatory ability
for distinguishing between TPR and FPR, as displayed in Figure 3. Accord-

TAaBLE 4
Contusion Matrix for the Logistic Regression Model
Dataset Reference Prediction Sensitivity ~ Specificity Accuracy (95% CI)
PI PA
Test dataset PI 258 91 .852 A77 715 (.672, .755)
PA 45 83
Train dataset PI 592 230 .837 435 .690 (.662, .717)
PA 115 177
20-fold PI 523% 19.8% .834 469 .698

(SD=.058) (SD=.075)
PA 105% 175%
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ing to Hajian-Tilaki (2013), the value of the Area Under the Curve (AUC)
was used to examine the inherent validity of the LRM by combining the
measures of TPR and FPR. The result of the AUC value was .767 (95% CI
[.725, .809]), which indicated that 76.7 % of the PA behaviors, including PA
and PI, among the participants could be distinguished by the LRM, and the
LRM indicated a small discriminatory power which is clinically useful, which
is higher than .75, suggested by Fan et al. (2006). Moreover, the result of the
C-statistic test was .767, which was consistent with the value of the AUC
(Pencina & D’Agostino, 2015). According to Dangeti (2017), the result of
the C-statistic indicated that this LRM is a good model, it is higher than .70.

Furthermore, according to the suggestion of Dangeti (2017), a randomly
generated 20-fold cross-validation technique was used to examine the accu-
racy of the predictiveness of the LRM. Based on the 20-fold cross-validation
technique, the total dataset (N = 1,591) was split into 20 datasets randomly
and equally, and the LRM was validated 20 times with each of the 20 data-
sets. The result of the 20-fold cross-validation for ROC value was .744 (SD =
.045). The results are presented in Table 4.

ROC Curve
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Fig. 3 - Receiver operating characteristic curve with test dataset.
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Discussion

This study found a practical binary machine learning LRM, comprised
of 4 statistically significant predictors: gender, age, intrinsic motivation and
sense of self and self-confidence, that could be used to predict Chinese uni-
versity students’ PA behaviors. Based on the results of the confusion matrix,
the accuracy of our LRM was .715, indicating that 71.5% of the PA behav-
iors of participants could be predicted by the LRM. In addition, the LRM
has demonstrated a good discriminatory ability for distinguishing between
TPR and FPR based on the results of the ROC curve. Similarly, the LRM in
this study indicated a good model as the C-statistic value was 76.6, a good
measure as suggested by Dangeti (2017).

The findings of this research are consistent with a study conducted by
Haase et al. (2004), who found that gender was a statistically significant pre-
dictor of university students’ PA behaviors across 23 countries. The present
study’s LRM and Haase’s LRM potentially illustrate that male students might
be more active in PA than female students at the university level. The em-
pirical findings are also supported by studies conducted by Dumith et al.
(2011) and Althoff et al. (2017) who found that males were more engaged
in PA than females worldwide. Hence, this may be more crucial support for
cultivating female students’ participation in PA and promoting the benefits
of healthy physical activity development on university campuses.

On the other hand, a discrepancy can be noted between the present
study’s LRM and Haase’s LRM, which is that age is not a statistically sig-
nificant predictor in Haase’s LRM model. This perceived discrepancy may
be due to the fact that the participants of the present study were more ho-
mogeneous with respect to age than those in Haase’s study. In contrast, the
present study was consistent with the study by Pengpid et al. (2015), who
indicated that age was a significant predictor for PA behavior in their LRM
with university students from 23 counties. In addition, in their study, there
was a decrease in the odds ratio associated between increasing age and PA
(Pengpid et al., 2015). The findings may be interpreted as indicating that the
older students are less likely to participate in PA than younger students on
university campuses. Additionally, the negative association between increas-
ing age and PA has also been found in the middle-to-older-adult population
worldwide (Hallal et al., 2012). The result may offer statistical evidence for
the importance of fostering individuals’ life-long PA behaviors in order to
promote an increased quality of living in higher education institutions.

Furthermore, the present LRM included the two statistically significant
PL indicators of intrinsic motivation and sense of self and self-confidence,
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which were positively associated with the odds ratio of PA. The results indi-
cate that students who experience higher levels of intrinsic motivation and
sense of self and self-confidence are more likely to participate in PA. The
results are also consistent with the study conducted by Ma et al. (2020), who
investigated a relationship between PL and PA among Chinese university
students. Ma et al. (2020) found that motivation and confidence were signif-
icant predictors for predicting Chinese university students’ PA levels in their
multiple regression model with an adjusted R? value of .120. Likewise, Choi
et al. (2018) also found that confidence was one of the significant predictors
of PA behavior among adolescents in Hong Kong through their multiple
regression model with an adjusted R? value of .052. Although the two stud-
ies offered statistically significant multiple regression models to illustrate the
significant positive association between motivation and confidence and PA
behavior, the adjusted R? values for the two studies were relatively low. In
order to extend the applicability of information on the influences on the PA
behavior of the individual, the present LRM could build empirical evidence
to support the idea that motivation and confidence might play an essential
role in increasing higher levels of PA participation. Furthermore, the find-
ings of this study also offer statistical support for the theory of PL, promoted
by Whitehead (2010), suggesting that the affective domain of motivation and
confidence can grow individuals’ PA behaviors and ultimately promote life-
long PA participation.

Moreover, the two IVs of knowledge and understanding and self-ex-
pression and communication with others were not found to be significant
predictors of PA behavior in the present LRM. The findings of this present
study are inconsistent with another study conducted by Choi et al. (2018),
who found that knowledge and understanding and self-expression and com-
munication with others were significant predictors of PA behavior in their
multiple regression analyses. However, the findings of this study are consis-
tent with the study conducted by Haase et al. (2004) who found in their LRM
that knowledge and understanding was not a significant predictor of PA be-
havior among university student populations from 23 counties. According
to Longmuir and Tremblay (2016), concern about the process of measuring
PL may differ by culture and age, and further investigation is needed. Based
on the concern, the contradictory findings between the present study, and
the studies by Haase et al. (2004) and Choi et al. (2018) might be due to
the differences in physical education curriculum designs, implementation in
different locations and cultures, and the age of participants. Another reason
may be that our study and that of Haase et al. (2004) examined university
students’ PA behavior, and differs from Choi et al. (2018), who investigated



Using physical literacy to predict physical activity among university students 293

the PA behaviors in the adolescent population. In addition, the construct of
the PPLI instrument, which was used in the present study and Choi et al.’s
study, was based on the literature review of PL theories and interviews of
Hong Kong Chinese physical education teachers (Sum et al., 2016). It could
be assumed that the PPLI instrument was based on the Hong Kong physical
education curriculum and that university students in mainland China may
not have the same understanding as students in Hong Kong. The present
study may offer empirical support for the concern as indicated by Longmuir
and Tremblay (2016) that different curriculum designs and ages may cause a
discrepancy in measuring individuals’ PL.

Limitations and Conclusion

One of the limitations of this study is that the university students’ PA
behavior may be subjective as the present study used a self-report instrument
to measure their PA behavior. Although self-report information about PA
behavior has been widely used, it may produce a difference in the results of
the actual PA behavior. Further studies need to examine the present LRM
with multiple tools to collect participants’ PA behavior. Another limitation is
that the present study may not be used to imply a causal relationship between
the variables of intrinsic motivation, sense of self and self-confidence, age,
gender and PA behavior, as the present study used a cross-sectional design,
even though the present study found significant associations between the
variables. A future study may conduct an intervention design to study poten-
tial causal relationships among the variables.

This study offers a practical LRM that can be used to predict Chinese
university students’ PA behavior. The results of the confusion matrix indicate
that the accuracy of the LRM was .715, which illustrated that 71.5% of Chi-
nese university students’ PA behavior can be predicted by the combination
of IVs, intrinsic motivation, sense of self and self-confidence, age and gen-
der. The present LRM can be a useful tool for higher education institutions
to monitor and foster students’ PA behavior in order to cultivate a healthy
lifestyle and lifelong participation in PA. Of note also, this study might be the
first study to use a machine learning logistic regression algorithm to exam-
ine PL as a contributory factor for predicting PA behavior among university
students in the social sciences. The results of the present study support that
using a machine learning logistic regression algorithm is a valid technique to
evaluate a prediction model in the social and educational sciences.
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