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1 | INTRODUCTION

Shagufta Abid" | Feng Xia®

Abstract

The transition from secondary education to higher education could be
challenging for most freshmen. For students who fail to adjust to university life
smoothly, their status may worsen if the university cannot offer timely and
proper guidance. Helping students adapt to university life is a long-term goal
for any academic institution. Therefore, understanding the nature of the mal-
adaptation phenomenon and the early prediction of “at-risk” students are cru-
cial tasks that urgently need to be tackled effectively. This article aims to
analyze the relevant factors that affect the maladaptation phenomenon and
predict this phenomenon in advance. We develop a prediction framework
(MAladaptive STudEnt pRediction, MASTER) for the early prediction of stu-
dents with maladaptation. First, our framework uses the SMOTE (Synthetic
Minority Oversampling Technique) algorithm to solve the data label imbal-
ance issue. Moreover, a novel ensemble algorithm, priority forest, is proposed
for outputting ranks instead of binary results, which enables us to perform pro-
active interventions in a prioritized manner where limited education resources
are available. Experimental results on real-world education datasets demon-
strate that the MASTER framework outperforms other state-of-art methods.

academic difficulties (Wintre et al., 2006), emotional
problems (Horgan et al., 2016; Puff et al., 2016), and

The importance of higher education is self-evident. After
finishing higher education, teenagers can better adapt to
society by increasing professional knowledge and practi-
cal skills (Burrows, 2018; Chen et al., 2017; Kim
et al., 2018). However, it turns out to be a stressful experi-
ence for freshmen to attend a university (or college) due
to a completely unknown environment and autonomous
learning style (Auerbach et al., 2018; De Vos et al., 2015;
Eisenberg, 1970; Gewin, 2018), which leads to the emer-
gence of maladaptation phenomenon, as shown in
Figure 1. The maladaptation phenomenons bring serious
negative effects on students’ campus life, including

dropping out (Credé & Niehorster, 2012; Gravini Donado
et al., 2021). If colleges cannot offer interventions in
time, the situation of these students will deteriorate, and
some extreme behaviors may occur, such as suicide
(Bruffaerts et al., 2019; Graetz et al., 2018; Patton
et al., 2018). Understanding the nature of the maladapta-
tion phenomenon and the early prediction of “at-risk”
students is the key to solving this problem. In this case,
the purpose of this research is to analyze the relevant fac-
tors that affect the maladaptation phenomenon and
design a framework to predict “at-risk” students in
advance.
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However, predicting students who may suffer from
maladaptation in advance faces tremendous challenges
(Gravini Donado et al., 2021; Yao et al., 2013). Studies
demonstrate that the status of college freshmen could be
impacted by the interaction of biological, psychological,
and social factors (Bruffaerts et al., 2018; Liang
et al., 2020). Understanding such a complex phenomenon
comprehensively is not easy. Moreover, current research
in related fields mainly collect data through question-
naires and self-reports which are not only easily influ-
enced by the subjective feelings of participants, but also
time- and cost-consuming and hardly applicable to large-
scale students (Cao et al., 2018; Johnson & Smith, 2017).
In addition, current research related to college freshmen
maladaptation is biased toward analyzing correlations
between features rather than predictions (Ikui, 2019). In
this context, data-driven prediction of college freshmen
maladaptation is still an open problem.

Campus life is information-intensive (Bai et al., 2021;
T. Guo et al., 2020), and thanks to the popularization of
education management systems, massive amounts of
education-related data are recorded and stored (T. Guo
et al., 2021; Zhang et al., 2019). Meanwhile, data mining
technology for massive data has also achieved rapid
development (Gupta & Chandra, 2020). Both of these
bring us an unprecedented opportunity to solve problems
related to the maladaptation of college freshmen. How-
ever, new challenges await researchers who concern
about this issue. First, the maladaptation phenomenon is
not easy to be directly quantified. Finding an indirect
indicator that is easy to collect at scale to help quantify
the maladaptation phenomenon is the key to the solu-
tion. Second, algorithms based on deep learning are the
mainstream technologies in the field of big data proces-
sing, currently. The inexplicability of this technology
makes it difficult to gain the trust of all stakeholders and
implement it (T. Guo et al., 2021; Xu, 2020). Moreover,
the freshmen with the maladaptation phenomenon are
always the minority, so this data mining process inevita-
bly suffers data label imbalance (H. Guo et al., 2017).
Therefore, an effective framework that is targeted to solve
the above problem is urgent to design.

g2 A

In this article, we are devoted to analyzing the rele-
vant factors that affect the maladaptation phenomenon
and predicting students with maladaptation through
tackling the challenges mentioned above. First, previous
studies show that academic performance is an important
indicator for students’ adaptation to college life
(Beyers & Goossens, 2002; Gravini Donado et al., 2021;
Soledad et al., 2012). In this case, the maladaptation phe-
nomenon is measured by abnormal academic perfor-
mance fluctuation before and after college admission in
our research. Second, we profile college freshmen from
three perspectives: intelligence, psychology, and demog-
raphy, and analyze the correlation of these features with
the maladaptation phenomenon. Third, we propose a
MASTER (MAladaptive STudEnt pRediction) framework
to predict students with the maladaptation phenomenon,
which includes two critical steps. First, a variant of ran-
dom forest, named priority forest, is proposed to predict
the students with maladaptation phenomenon. We uti-
lize the optimization strategy of learn-to-rank algorithms
to assign weights to the base classifier, which improves
its prediction performance while preserving the inter-
pretability of the algorithm. Second, we apply the
SMOTE (Synthetic Minority Oversampling TEchnique)
algorithm to settle data label imbalance, due to that the
number of students with maladaptation is much smaller
than normal students. The experiment results demon-
strate that our algorithm outperforms other popular
algorithms remarkably, including random forest, support
vector machine (SVM), and deep neural networks
(DNN). The whole experimental process is shown in
Figure 2.

Our contributions could be generalized as follows:

« We use academic performance fluctuations to auto-
matically identify college freshmen with the maladap-
tation phenomenon, and try to predict them through
data-driven methods.

« We develop a novel ensemble classification algorithm
(priority forest). As a variant of random forest, it gener-
ates ranks instead of binary results that prioritize the
maladapted students possible.
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» We conduct extensive evaluations on real-world educa-
tion data (intelligence, psychology, and demography)
to demonstrate the effectiveness and precision of the
priority forest and MASTER framework, respectively.

+ We exploit the experimental results to verify the mal-
adaptation phenomenon's predictability, which con-
tributes to educational psychology studying and
education policymaking.

This article is organized as follows. In the next sec-
tion, we review the related work. The problem formula-
tion is presented in Section 3. In Section 4, we introduce
the proposed framework in detail. In Section 5, we
describe the dataset used in this study. In Section 6, we
show the experiment results. In the final section, we pre-
sent the discussion and conclusion of our work.

2 | RELATED WORK

This section provides an overview of the related research.

2.1 | Maladaptation phenomenon of
college students

Existing research related to the maladaptation phenome-
non mainly focuses on two groups of students: interna-
tional students and college freshmen.

First, scholars explore the adaptation problem of
international students from multiple aspects. Y. Wang
et al. (2018) explored the temporal patterns of students'
psychological and socio-cultural adaptation based on
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169 international students. Meanwhile, Lee et al. (2018)
also focused on international students. They explored the
relationships between the seriousness of leisure activities,
social support, and school adaptation. Gu and Usinger
(2021) focused on international Chinese graduate stu-
dents in the United States and designed experiments to
explore their intercultural adaptation. Panich et al. (2021)
explored the maladaptation phenomenon of international
students from a cultural perspective and attempted to
solve this problem through cultural assimilator. Oh and
Butler (2019) focused on the adaptation of international
college freshmen in a foreign university from the perspec-
tive of information behavior. They identified differences
in international college freshmen's use of information
sources during the adjustment period. Sahdo and Kienen
(2021) discussed the relationship between students’ men-
tal state and their maladaptation through a literature
review.

Second, scholars explore the adaptation problem of
college freshmen from various aspects. Deshpande et al.
(2009) conducted a study to explore the maladaptation of
eating habits of college freshmen. The results proved the
correlation between eating habits and physical health.
Butler et al. (2004) also performed a study to explore the
maladaptation of the diet, physical activities, and body-
weight changes of college freshmen. The results displayed
that they need interventions in these aspects. Bruffaerts
et al. (2018) performed a study to investigate the extent to
which mental health problems are associated with col-
lege freshmen's academic maladaptation. The result
showed that mental health problems are associated with
lower intellectual functioning. Clark and Cundiff (2011)
conducted a study to explore the relation between the
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grade point averages of first-year college students and
retention rates. Krajniak et al. (2018) carried out a study
to explore the relationship between personality disorder
traits, emotional intelligence, and college adaptation
from psychology. The results suggested an alternative
model implicating emotional intelligence as a mediator
of the relationship between personality difficulties and
college adjustment.

Some fatal shortages exist obviously in current
research. First, maladaptive students at the beginning of
university life should be defined by comparing their per-
formance before and after college admission, which plays
a role like control groups, rather than making a decision
only according to the performance at the beginning of
college life. Second, most known studies in this domain
are mainly based on questionnaires with sample sizes
usually scaling from dozens to hundreds. In addition,
experimental bias exists in these studies since subjects
would like to report desirable personal information
instead of disapproved behaviors. Moreover, predicting
the maladaptation phenomenon in advance is a key step
in solving the problem, but it is rarely mentioned in the
current related research.

2.2 | Variants of random forest

Random forest proposed by Breiman (2001) is an ensem-
ble algorithm that combines tree predictors and uses
ensemble strategies to improve classification accuracy. In
the past few years, this algorithm has been widely used
in various scenarios and achieved good performance
(Resende & Drummond, 2018; Shaik & Srinivasan, 2019).
Many studies have been carried out to improve its perfor-
mance (Cui et al., 2015; Gieseke & Igel, 2018; Sathe &
Aggarwal, 2017). Meta random forest is proposed by
Bonissone et al. (2010) by combining bagging and boost-
ing approaches to improve the performance of random
forest. They utilized the random forest as the base classi-
fier with the bagging approach and the boosting
approach, separately. Rodriguez et al. (2006) proposed an
algorithm named rotation forest that generates classifiers
based on feature extraction. They preserved the variabil-
ity information in the data through principal component
analysis to improve performance. Bernard et al. (2012)
improved random forest based on an adaptive tree induc-
tion procedure. They proposed a dynamic random forest
that guides the tree induction so that each tree involved
will complement as much as possible existing trees in the
ensemble. Speiser et al. (2019) proposed a random forest
method to combine clustered results and longitudinal
outcomes called binary mixed model (BiMM) forest. The
accuracy of BiMM forest is higher than the existing

methods for predicting the outcome of new subjects.
Zhou and Qiu (2018) proposed a random forest-based
label ranking method. They developed a novel two-step
rank aggregation strategy to effectively aggregate
neighboring rankings discovered by the random forest
into a final predicted ranking. The main goal of the algo-
rithm mentioned above is to make each learner in the
forest more differentiated (e.g., bagging series algorithm)
or to make the newly trained learner more robust
(e.g., Adaboost series algorithm) by using the weight of
data sets, and then to integrate all learners using various
set strategies to get the final strong learner.

3 | PROBLEM FORMULATION

In this section, we introduce notations involved in this article
and then formally define the problem in this work. In a uni-
versity, let m = {1, 2, .., m} denotes the set of majors
(i.e., programs). The set of students in every major is defined
as N = {N1, Ns, ..., N} As mentioned before, maladap-
tation phenomena can hardly be measured explicitly, so
we use the abnormal fluctuation of academic perfor-
mances as a proxy. The details are shown as follows.

Maladaptation definition: Based on the assumption
that students with maladaptation tend to perform a dra-
matic decline in academic performance at the beginning
of college life, we use abnormal fluctuation of academic
performances to recognize students’ adaptation condi-
tions. Note that, all students' academic performance is
represented by their rankings. For example, if Jack's aca-
demic performance exceeds 98% of the students, his aca-
demic performance is 0.98. For students in major m, they
are first ranked by their college entrance exam scores,
denoted as Ryefore- Then, they are ranked by their perfor-
mance of the first semester exam in college (grade-point
average [GPA]), denoted as Rage;- The academic perfor-
mance fluctuation of student i, denoted by «;, is defined
as follows:

a; = Ratter—i — Roefore—i> (1)

a; is a threshold value defined by a stochastic model,
which will be described in Section 6.1. y; € {0, 1} repre-
sented the maladaptation condition is defined as follow:

0 a<ay
.= . 2
Vi {1 w>a (2)

Prediction problem: For student i, we define three
types of features, including intelligence features (college
entrance exam performance), psychology features
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FIGURE 3 The illustration
of the priority forest algorithm.
We illustrate its three steps,
including data pair formation,
scoring function, and
optimization
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(psychological test) and demography features. First, we
use the total score of the college entrance exam to repre-
sent students’ intelligence feature, denoted as a € R. Sec-
ond, we use the results of psychological tests at the
beginning of college life to represent students’ psychologi-
cal features, denoted as p € R", where n represents the
number of psychological test scales. Moreover, for the
demography features, we further propose four categories
of features based on raw demographic information,
denoted by d € R*, where 4 is represented four features
extracted from the demographic data (details are intro-
duced in Section 6.2.2).

Given the feature vector x; = [a;, p;, d;], we predict
the probability that student i suffers from maladaptation.

4 | METHODS

In this section, the MASTER framework, including the
priority forest algorithm and SMOTE algorithm (shown
in Figure 2), is described in detail.

41 | Prediction model

In reality, due to the huge disparity between the number
of students and the number of teachers, the severity of
the maladaptation can provide a priority order for the
work of relevant teachers. For example, if a teacher is
responsible for 30 students, and the algorithm tells
heher that 10 of them will feel maladaptive to college
life. Since hexshe did not know the severity of the mal-
adaptive students, hexshe could not know which student
needed to be the first to receive the psychological inter-
vention. Inspired by such a special situation, we propose
a variation on the random forest, named priority forest,
with the aid of optimization ideas of the learning-to-rank

e Scoring Function
_Dataset

algorithm to assign weights to base classifiers by
highlighting their interindividual differences. The prior-
ity forest algorithm includes three steps: data pairs forma-
tion, scoring function design, and optimization, shown in
Figure 3, and details will be introduced as follows.

4.1.1 | Data pairs formation

To take into account the priority of students in the opti-
mization process, we first build the set of data pairs based
on the original dataset as follows:

P={PIP=WNiNim) NeN, 6;>0i11, yi=Yii1},

where 0; represents the similarity between feature x; and
label y; and is defined as € = f{a;). In this research, f'is an
exponential function.

4.1.2 | Scoring function design
Given a characteristic feature vector x € R?, a scoring
function f:R? — R can map the label of samples to a
score S.

In this part, a random forest algorithm is used to give
a score. We transfer the binary results of each base classi-
fier to continuous results utilizing the probability of each
category. For example, there are N samples in a leaf node
in a binary classification, and n of them are labeled as
positive. The probability of this leaf node to predict a pos-
itive case is defined as:

o () = (3)

n
N

Then, the output S(x;) is defined as follows:
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m=1

where h,,,(x;) is the classification result of each base clas-
sifier and w,, represents each base classifier's weight and
is randomly obtained at initialization. m is the number of
base classifiers. T is the number of base classifiers.

4.1.3 | Optimization

In this step, we design an optimization strategy to opti-
mize the weights of classifiers w,,. Inspired by the loss
function of the learning-to-rank algorithm, we create our
loss function to distinguish each pair based on the initial
idea that maximizes the scores difference of two students
ranked next to each other (shown in Figure 3). A syn-
chronous factor Q; = A#; is proposed to standardize each
pair's weight.

Finally, we propose such loss functions in this study:

1
argminE:—ZEi, (5)
@ N=
1 i —Si 2
E,-z—(l—M(ﬂ)) , (6)
2 0i —0i1
1
M(x) = .
() 14+e=

Next, we update the weight in the target's negative
gradient direction based on the gradient descent strategy.
We set the learning rate », which controls the updated
step in each iteration of the algorithm:

JE;
WOm = —N &’a) ’ (7)

JE; [ Ay, Ay, Ay
(@) (s-(2) (2 ).

The complete updated equation is obtained:

A

—1+ (i (xi) = o (Xi1) ) M(%)

(w3 (), ?

The whole process is shown in Algorithm 1.

Aw,, =

Algorithm 1 Priority algorithm

Require: Data set D={(x1,)1), (X2,)5), s
(Xn,¥,)}; learning rate 7; base classifier z; total
number of base classifiers T;

Ensure: Ay;

l:form=1— Tdo

2: h,, = t(D,,)

3: end for

4: Rebuilding data set pairs P

5: Randomly initialize ,, corresponding
to h,,

6: repeat

7: for all(p;) € P do

8: E;=&(H(X),y)

9:  Calculate gradient g = 3{%

10 Awyp,=-1n-8

11:  Update w,,

12: end for

13: until Achieving termination conditions

14: return Ay; = fix;) — fixi 1)

4.2 | Dataimbalance

The experiment dataset suffers the problem of data label
imbalance because compared to students without malad-
aptation, the number of students with maladaptation is
less. SMOTE algorithm (Chawla et al., 2002) is used in
our study to eliminate the bias caused by imbalanced
data. Typical oversampling methods take a simple strat-
egy that copies the target category sample, resulting in
the law captured by learning models on modified data
being too specific. By contrast, the basic idea of SMOTE
is to analyze the categories with fewer data and to gener-
ate data by the following equation:

Xnew =X+ rand(0,1) x (x —x), 9)
where x and X represent two different data in the same

category. So, the learning model can capture more gen-
eral patterns on modified data by the SMOTE algorithm.

5 | DATASET

The dataset used in this research includes 2.634 students
from a Chinese university. These students come from
23 provinces and belong to 21 ethnic groups. They are
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18 years old (mean = 18.825, SD = 0.802), and the ratio
of males to females is 0.2:0.8. Our dataset contains about
456.000 records of data, including demographic data, psy-
chological test data, and academic performance data. For
ethics issues, all student data is securely stored in the
data management department of the university they
attend. As a research partner, we obtain the access right
to anonymous data rather than raw data. All data we
have access to is desensitized and does not contain any
personally identifiable information relating to partici-
pants. The details are introduced as follows:

« Demographic data: For all universities, students are
required to submit personal information at the time of
admission, like hometown, gender, and ethnic group.
Our dataset includes about 7,000 records of demo-
graphic data.

« Psychological test data: This research contains two psy-
chological test scales, Eysenck personality question-
naire (EPQ) and SymptomChecklist90 (SCL 90), which
are often used to assess students' psychological state
(Wei et al., 2018; Yu et al., 2019). First, EPQ conceptu-
alizes personality as four independent dimensions:
E (extraversion/introversion), N (neuroticism/stabil-
ity), P (psychoticism/socialization), and L (lie/social
desirability). Because students who have scores of
more than 60 in L scales are considered to have delib-
erately hidden the truth, we remove these students'
data when calculating E, N, and P's coefficients. Sec-
ond, the primary symptom dimensions of SCL-90 con-
sist of total scores of psychological health (s1),
somatization (s2), obsessive—compulsive (s3), interper-
sonal sensitivity (s4), depression (s5), anxiety (s6), hos-
tility (s7), phobic anxiety (s8), paranoid ideation (s9),
psychoticism (10), and a category of “additional scales”
(s11) which helps clinicians assess other aspects of the
clients' symptoms.

» Academic performance data: The dataset includes stu-
dents' grades of college entrance examination scores
and first-semester university exams, and it totally
includes 1,048,575 records.

Note that, in the Chinese college entrance examina-
tion, each province designs its own test content and sets
its own admission score. In other words, if the exam in
Province A is easy, the scores of candidates in Province
A will be higher, and the admission score will be
higher. To be fair, we normalized the scores of candi-
dates from different provinces based on the admission
scores of their provinces. We standardize college
entrance examination scores Sy, according to admis-
sion scores Saamission- FOr student i, the standardization
equation is as follows:

| JASIST BUIRER

Si _ Sreal - Sadmission . (10)
Sadmission

6 | EXPERIMENTAL RESULTS

Our experimental results are displayed in this section.
First, we analyze the correlation between three kinds of
features (psychology, intelligence, demographic) and col-
lege freshman's maladaptation phenomenon. Second, the
MASTER framework and the other four popular algo-
rithms investigate the predictability of the maladaptation
phenomenon. Since the prediction results are presented
as a ranking, we use the Pearson correlation coefficient,
Kendall correlation coefficient, and Spearman correlation
coefficient to comprehensively evaluate the performance.
Note that in order to avoid the bias caused by unique
samples, each value in the article is the average result
after 10 calculations.

6.1 | Maladaptation recognition

In this study, we utilize the null model method proposed
by Cao et al. (2018) to define the threshold value of aca-
demic performance fluctuation for the recognition of the
maladaptation phenomenon. We first construct a null
model by randomly shuffling the record of R,ge,. For
example, if one student's record of academic performance
iS {Rpefores Rafier}), We shuffle the record of R,se,. Then we
compute the mean and SD of academic performance
backward by repeating the construction process 20 times.
Second, we determine the threshold by keeping the per-
formance backward of the real case. Above the mean per-
formance backward plus two times of SD of the random
case. Finally, the threshold is 0.3.

6.2 | Feature analysis

6.2.1 | Psychological feature analysis

As mentioned before, two widely accepted psychological
questionnaires, EPQ and SCL-90, are involved in our
study. We analyze the results in detail below.

First, the distribution of data collected through the
EPQ questionnaire is shown in Figure 4a. This article
does not use classical qualitative analysis of EPQ that
plots the score on a two-dimensional coordinate axis to
read testing participants’ personalities. We use a quantita-
tive method of analysis to analyze each score's correlation
to the objectives of this study. The correlation coefficients
between EPQ performance and academic performance
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FIGURE 4 (a) Score distribution of EPQ. (Each scale, including E, P, N and L, is introduced in Section 5) (b) Score distribution of SCL-

90. This box plot shows the distribution of the psychological tests scores of all the students participating in the experiment

TABLE 1 The correlation coefficient between EPQ and
academic performance

E N P L
Ruetore 0.114%* —0.025 —0.022 0.048*
Rater 0.056 0.007 —0.086™* 0.142*
a —0.045* 0.027 —0.046* 0.071%

*p < .05; *p < .01.

are shown in Table 1. Note that the analysis results of
N scale do not have a statistically significant correlation
with Rpefores Rafter and a, so only the results on the other
three scales are analyzed.

E scale is characterized by being outgoing, talkative,
high on positive affect (feeling good), and in need of
external stimulation (Barrett et al., 1998; Eysenck &
Eysenck, 1984). The higher the score, the more outgoing
the personality. Rycfore @and « all have a statistically signif-
icant correlation with the E scale. For Rpefore, diverse
interests and flexible thinking result that this kind of stu-
dent can accept basic knowledge from elementary and
secondary education easily (Poropat, 2011). Moreover,
current research demonstrated that compared to intro-
verts, extroverts are more connected to their environment
and more likely to amplify external stimulus (Argyle &
Lu, 1990; Jung, 1921; Pavot et al., 1990). Based on this,
we conjecture that introverts' insensitivity to the environ-
ment leads to the negative correlation between a and the
E scale.

P scale is associated with the following traits: aggres-
sive, assertive, egocentric, unsympathetic, manipulative,
achievement-oriented, dogmatic, masculine, and tough-
minded (Barrett et al., 1998; Eysenck & Eysenck, 1984).
People with a high P scale are inclined toward being
cold, impersonal, lacking in sympathy, antisocial, and

lacking in insight (Heath & Martin, 1990). According to
previous research (Francis, 1996; Francis &
Montgomery, 1993), scoring on the P scale is inversely
associated with academic performance, which is also
consistent with our experiment result shown in Table 1.
In addition, scholars have proved that the P scale in
EPQ is related to the conscientiousness scale of the five-
factor model, and the latter has substantial correlations
with academic performance (Heaven et al., 2007).
Another find here is that the P scale has a negative cor-
relation with academic performance fluctuation @, and
we conjecture that the reason for this result is that the
negative state exhibited by the students with a high-
scoring P scale makes it difficult for them to integrate
into the new environment, which eventually leads to
the decline of performance.

Moreover, L scale was originally introduced into EPQ
to detect the “faking good” of scores on other scales
(Jackson & Francis, 1998). However, scholars are aware
that the L scale can reflect extra personality traits
(Furnham, 1986; Jackson & Francis, 1998). According to
the analysis results shown in Table 1, the L scale is the
only one that has a positive correlation with two indicators
of academic performance (i.e., Rpefore and Rager), Which is
consistent with the analysis results in existing studies
(Chamorro-Premuzic & Furnham, 2003; Poropat, 2011).
The positive correlation between academic performance
fluctuation and scores of the L scale is consistent with the
“positive  attitude theory” (Poropat, 2011; White
et al., 2008), which is that high scores on the L scale are
associated with positive attitudes of classroom participa-
tion and related educational activities.

The other psychological scale used in this research is
SCL 90 which is widely used by clinical psychologists,
psychiatrists, and professionals in mental health, medical,
and educational settings and research purposes
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TABLE 2 The correlation s1 2 $3 s4 S5 6
coefficient between SCL 90 and
— ok — —_ — _ * _ sk
academic performance Rpefore 0.052 0.038 0.029 0.036 0.047 0.052
Rutter —0.020 —0.024 —0.027 0.003 —0.004 0.012
a 0.027 0.011 0.005 0.034 0.036 0.051**
s7 s8 s9 s10 s11
Ropefore —0.033 —0.054** —0.042% —0.046* —0.052%*
Rutter —0.030 0.020 —0.027 —0.024 —0.003
a 0.004 0.058** 0.014 0.024 0.039*

*p < .05; **p < .01.

(Preti et al., 2019; Tian et al., 2020). First, the distribution
of data collected through the SCL 90 questionnaire is
shown in Figure 4b. The SCL 90 includes 11 scales, includ-
ing 10 psychological scales and the total score, and for the
10 psychological scales, each scale represents a type of neg-
ative psychological symptom. The higher the score, the
more serious the negative psychological symptoms.
According to the analysis results shown in Table 2, Ryefore
has a statistically significant correlation with s1, s5, s6, s8,
s9, s10, and sl1l1. All statistical correlation is negative,
which is consistent with common sense that negative psy-
chological symptoms affect learning efficiency.

For academic performance fluctuation «, apart from
s6, s8, and s11, other scales do not display statistically sig-
nificant correlations. s6, s8, and sl1 represent anxiety,
phobic anxiety, and additional scales, and additional
scales reflect the state of sleep and eating. These three
scales are all related to stress (Allen et al., 2021;
Hammen, 2005; Nojomi & Gharayee, 2007). In this case,
we infer that positive stress stimulating motivation is the
reason for the positive correlation between them (Park
et al., 2012).

6.2.2 | Demographic feature analysis

We collect data from students’ home provinces, administra-
tive districts, ethnic groups, and genders for statistical analy-
sis. As mentioned above, we classify students as follows:
(a) We categorize students into two types according to their
hometown and the province where their university is
located: native students and non-native students. (b) Stu-
dents are also divided into different categories according to
administrative districts of their hometowns: town students
and country students. (c) According to ethnic groups, we
divide students into two categories: minority students and
majority students. (d) All students are divided into male and
female students. Then we calculate the percentage of stu-
dents with the maladaptation phenomenon in each cate-
gory, and the result is shown in Figure 5a.

First, we categorize students into native students and
non-native students, based on the assumption that simi-
lar living habits will help them integrate into college life
smoothly. It can be seen in Figure 5a that the percentage
of students with the maladaptation phenomenon among
native students is higher than the percentage of the non-
native student (p < .05), which is inconsistent with our
assumption. To verify this conclusion rigorously, we do
further quantitative analysis. We calculate geographical
linear distances between provincial capitals of students’
hometowns and capitals of the province where the uni-
versity is located, and calculate the correlation coefficient
between geographical linear distances and academic per-
formance fluctuation a. The geographical distribution of
hometowns of the freshmen who participated in the
experiment is shown in Figure 5b and, the relationship
between geographical linear distances and academic per-
formance fluctuation « is shown in Figure 6. The correla-
tion coefficient between them is .254. This result
demonstrates that the academic performance of students
whose hometown is far away from school is prone to pos-
itive fluctuations in the first semester of college, which is
consistent with the above results. We conjecture that this
is related to the exam-oriented high school education sys-
tem in China and the definition of maladaptation in this
article (i.e., academic performance fluctuation). As Kirk-
patrick and Zang (2011) mentioned in their research,
high school students in China start school at 7:00 a.m.
every morning. At school, each class is 45 min, with a
10-min break until 18:00 p.m. On average, there are 3 or
4 tests per subject, and there are very few extracurricular
activities or hobbies due to the high volume of homework
each day. Meanwhile, to let high school students concen-
trate on their studies, they are indoctrinated with an idea
that college life is open and unfettered and are encour-
aged to develop their hobbies in college life (Hu
et al., 2021; Li & Prevatt, 2008). In this case, we make the
following conjectures: driven by a long-suppressed desire,
these college freshmen are eager to explore the world
outside the campus and experience a diversified life. For
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native students, familiarity with the environment and
culture can make it all easier to start. In this case, they
possibly have difficulty concentrating on studying. Note
that the above is our conjecture about this anomalous
result. We will explore this phenomenon more compre-
hensively in the following work.

Second, according to ethnic groups, we divide stu-
dents into two categories: minority students and majority
students. In Figure 5a, the percentage of students with
maladaptation phenomenon among minority students is
relatively higher than the rate of majority students, but
this result is not statistically insignificant. This is related
to the positive ethnic policy of the Chinese government
(Rong, 2007; Wu, 2014), such as the bilingual education
policy (L. Wang & Lehtomaki, 2021).

In addition, students are also divided into different
categories according to the administrative districts of
their hometowns: town students and country students.

The result is shown in Figure 5a. Although the percent-
age of students with maladaptation among town students
is higher than the country student, this result is not sta-
tistically insignificant due to p > .05. We conjecture that
there are two reasons behind this phenomenon: First,
over the past two decades, rapid economic development
and the Chinese government's investment in infrastruc-
ture have narrowed the gap between urban and rural life
(Y. Liu et al., 2016; Long et al., 2022). Second, the rapid
development of the Internet makes the transmission of
information no longer subject to geographical restrictions
(DiMaggio et al., 2001). In short, there is no obvious dif-
ference between urban students and rural students in
terms of living environment and information received.
Finally, all students are divided into male and female
students according to their gender, and the analysis
results are shown in Figure 7a. The percentage of male
students with the maladaptation phenomenon is higher
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TABLE 3 The correlativity between each index of academic 6.3 | Prediction
performance
Ryesore Raster a The significant correlations imply that the various fea-
Riciore 1 tures involved in our study could predict students’ malad-
Ruter 0.166"* 1 aptat.lon. To explore the predictability, we experlment. to
predict whether students would suffer maladaptation
a —0.638** 0.637** 1 .
based on the features that have been proved to display a
*p < 0L statistically significant connection with the maladapta-

than female students (p < .05). This is consistent with the
conclusions drawn by other related scholars (Abdullah
et al., 2009; Clinciu, 2013).

6.2.3 | Intelligence feature

As mentioned above, we explore how the intelligence fea-
ture influences the maladaptation phenomenon through
statistically analyzing the relation between Rpefore and a.
The correlation coefficients among academic perfor-
mance indicators including Ryefore; Rafier and « are dis-
played in Table 3. The correlation coefficient between
Ryefore and Rger is 0.166, which represents that there is a
positive correlation between them, but the degree is rela-
tively weak. In other words, good performance in high
school education cannot lead to the same result in higher
education, proving the existence of the maladaptation
phenomenon. The correlation coefficient between Ryefore
and a is —0.638, which is related to the definition of the
maladaptation in this research, so we will not analyze
it here.

To further explore the detailed pattern behind the
intelligence feature and academic fluctuation at the
beginning of university life. We divide students into five
academic levels according to Ryefore and the fluctuation of
each level is shown in Figure 7b. It can be seen that the
academic performance of students at different academic
levels has varying degrees of fluctuation.

tion phenomenon. We design a prediction framework
named MASTER framework to overcome the challenges
of such a special scenario. The whole experiment process
is shown in Figure 2 and the detailed experiment set is
shown as follows. Excluding some incomplete or error
data records, our dataset includes 2,634 samples. We per-
form our prediction task as a score prediction experi-
ment. We divide the dataset into two categories: students
with maladaptation and students without maladaptation.

In this article, three different correlation coefficients
are used to evaluate the prediction performance, and the
details are shown as follows:

o Pearson correlation coefficient: Pearson's correlation
coefficient is the test statistics that measures the linear
relationship between two continuous variables, and
the details are shown as follow:

cov(X,Y
pX,Y:¥' (11)
OxO0Oy

« Kendall rank correlation coefficient: Kendall rank cor-
relation coefficient is a nonparametric measure of rela-
tionships between ranked data columns.

Cc-D

fau= V/(N3=N1)(N3—-N2)’ 12)

« Spearman correlation coefficient: The Spearman’s rank
coefficient of correlation is a nonparametric measure
of rank correlation.
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po1- 0L (13)

n(nz—-1)

To effectively train the model, we divided the data
into three parts: training set, validation set, and test set.
The training set is used to train each base classifier and
the validation set is used to assign them weights. The
final performance is evaluated through the test set. For
each prediction task, we first remove 10%, 20%, 30%, 40%,
and 50% of participants randomly from the dataset by
stratified sampling to form a testing set, respectively, and
we use the rest of the data as a training set.

To verify the effectiveness of our framework, we com-
pare the MASTER framework with several popular algo-
rithms shown as follows:

« Random forest: Random forest is a flexible and popular
ensemble algorithm and is widely used in various
fields (Bartley et al., 2019).

« SVM: SVM is a classic classification algorithm and is
widely used in data mining (Victor et al., 2020).

» Decision tree: Decision tree is the most powerful and
popular tool for classification (Z. Liu et al., 2020).

« DNN: DNN is a trendy model based on a multi-layer
neural network and is widely used in various scenarios

(LeCun et al., 2015). (Our research implements a com-
mon three-layer neural network model).

In the first step, we use raw data to fit all models and
the results are shown in Figure 8. The imbalance label
issue exists in raw data, leading to unexpected results that
all evaluation indexes are relatively low. Even so, the pri-
ority forest proposed in this article performs better than
the others.

In the second step, we carry out the second experi-
ment that SMOTE is only used to solve the label imbal-
ance on the training set. The process is shown as follows:

« First, raw data is divided into two categories: the train-
ing set a and testing set b by stratified sampling.

« Second, we use SMOTE on the training set a to gener-
ate samples of the minority class. Then in the new
training set a’, the number of students in the two clas-
ses is equal.

« Finally, we train our model and several popular algo-
rithms on new training set @’ and test their perfor-
mances on the testing set b.

The results are shown in Figure 9. From the above
experimental results, we demonstrate the superiority of
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the algorithm in multiple scenarios. Although the perfor-
mance of DNN is very close to the algorithm proposed in
this article, the inexplicability of DNN makes it difficult
to gain the trust of all stakeholders and implement it
(T. Guo et al., 2021; Xu, 2020).

Finally, to clarify how the MASTER framework per-
forms, we compare the performance of the MASTER
framework (SMOTE + priority forest) to DNN perfor-
mance, which is the best in comparison experiments. The
results are shown in Figure 10. In a word, all experiments
above demonstrate the wvalidity of our proposed
framework.

7 | DISCUSSION AND
CONCLUSION

This article analyzes the maladaptation phenomenon
of college freshmen from three perspectives: intelli-
gence features, psychological features, and demo-
graphic features. The maladaptation phenomenon is
quantified through abnormal fluctuation of academic
performance at the beginning of college life. In the
meantime, our proposed MASTER framework is
applied to investigate such a phenomenon's predictabil-
ity. Experimental results show that the features
mentioned above significantly correlate with the mal-
adaptation phenomenon and prove its predictability.
Additionally, the MASTER framework is verified that
can improve prediction performance dramatically. To
the best of our knowledge, we are the first to explore
the maladaptation phenomenon using machine learn-
ing technologies on educational big data, which offers
insights on a combination of psychological and
machine learning techniques.

However, there are some limitations to this work.
First, our research is limited by the unbalanced ratio of
men to women in our dataset because the university
involved in this experiment is a normal college. Second,
although the SMOTE algorithm integrated into the

MASTER framework is employed to ease the problem of
data label imbalance effectively, the availability of bal-
anceable labeled data is bound to be the most funda-
mental and effective solution. In view of the above two
points, the most fundamental solution is to collect an
open high-quality dataset. In the era of big data, a high-
quality data set is a necessary condition to promote the
development of the field. This will not only attract the
attention of more researchers, but also get more reliable
experimental results. However, this is not easy and
requires the joint efforts of all stakeholders. Moreover,
the recognition of maladaptation is just according to the
decline of academic performance in this work even
though it is the main indicator for students' perfor-
mance, as many as possible factors should be considered
for the comprehensive assessment of maladaptation,
such as social situation.

There are multiple avenues for future work. Based
on the MASTER framework, we plan to design an early
warning system deployed in universities to provide
references for policy makers. Meanwhile, we improve
the performance of our framework according to their
feedback. Second, although we use the fluctuations in
academic performance to identify students with malad-
aptation and conduct experiments based on the Chinese
dataset, we have proposed a broadly applicable idea,
which is to detect whether students are adapting to uni-
versity life by detecting changes in certain behaviors or
characteristics before and after college entrance. In the
future, we intend to define the maladaptation phenome-
non from various aspects and explore the influence of
maladaptation from various angles like the career plan
and job hunting by the multi-dimension comparison of
the adaptive and maladaptive.
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