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Abstract: With the rapid development of society the increase in cost of living and pressure of study and work
the psychological problems of college students become increasingly prominent. At present teenagers all over the
world have psychological problems to a certain degree. College students’ psychological state affects all aspects of
study and life and the impact is increasingly intensified. Mental problems can also lead to physical problems
such as physical pain and visual fatigue. Therefore it is the primary task of schools and families to accurately
identify college students with psychological problems and improve their psychological quality and antipressure
ability. Applying big data technology to the field of students’ psychology and spirit can collect and analyze all
aspects of students’ information dynamically track students’ behavior and capture abnormal information and
behavior in real time so as to intervene in time.

Based on SCL-90 scale a questionnaire is designed to investigate the psychological states of college
students. In this paper five subscales-depression anxiety compulsion paranoia and interpersonal sensitivity
are selected to analyze the psychological states of college students. According to the score of the scale the
psychological states are divided into three grades: weak general and strong. The frequency of visual fatigue and
physical pain under each grade is analyzed and the relationship among visual fatigue physical pain and the five
mental states is analyzed by the Chi-square test. Four prediction methods namely decision tree random forest
multidayer perceptron and support vector machine are used. Particle swarm optimization is used to optimize
kernel function parameters of support vector machine to improve the prediction accuracy.

(1) 14% 32% of the students have a general degree of depression anxiety etc. more than 70% of whom
suffer from visual fatigue. 3% 40% have strong symptoms of depression compulsion and other symptoms 80%
of whom suffer from visual fatigue. Psychological conditions such as depression anxiety compulsion paranoia
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and interpersonal sensitivity play an important role in the eye fatigue. (2) The proportion of physical pain among
students with general mental condition is 26% -44% ; among the students with strong psychological condition the
prevalence of physical pain reaches 40% -70% . Psychological and psychiatric conditions also have significant
effects on physical pain. (3) Gaussian radial basis kernel function is used in SVM model and kernel function
parameters are optimized based on particle swarm optimization algorithm. The prediction effect of the optimized
SVM on the five subscales is better than that of the other four methods.

However limitations still exist and more work remains to be done in the future. On the one hand the
current use of the international general psychological scale may not be completely suitable for Chinese college
students. The development design and application of the psychological scale for Chinese college students need to
be improved. On the other hand the design of some questions in the scale is subjective and the main data come
from questionnaires so the objectivity and accuracy of the data may be affected. Future research can consider
the following three points: Firstly based on the latest research on college students’ psychology combined with
the psychological survey report of Chinese college students we should set up a psychological measurement system
suitable for the characteristics of Chinese college students. Secondly the objective questions in the scale can be
increased such as the time and number of sports per week number of visits to the library and number of
absence. Finally focused on the social media used by college students data analysis method is adopted to
analyze the high-requency words used by college students in mainstream media so as to analyze their potential
psychological state.
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