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Abstract 

Employment recommendation systems are increasingly used to support graduate job matching. 
However, limited research has examined how graduating computer science students perceive and 
respond to a proposed employment recommendation approach that combines static information 
matching with dynamic interactive functions. Drawing on the Technology Acceptance Model (TAM) 
and Information System (IS) Success Model, this study conducted a questionnaire-based survey of 
386 graduating students and included an exploratory assessment of the questionnaire’s internal 
consistency and construct structure. The findings show that only 38.3% of respondents reported 
willingness to use existing employment recommendation systems for job hunting, citing critical 
limitations including delayed matching to individual qualifications (71.0%), information lag (55.4%), 
and jobs not matching majors (54.1%). In contrast, respondents reported more favorable attitudes 
toward the proposed static-dynamic job recommendation approach: 67.6% expressed willingness to 
use it and 59.6% expressed willingness to recommend it to others. Subgroup analyses reveal that 
students from emerging computing fields (e.g., AI, Data Science) and those in active job-seeking 
status demonstrated significantly higher perceived usefulness (PU) and behavioral intention (BI) (p 
< 0.05). These results underscore a significant ʺtrust gapʺ in current platforms and suggest that future 
systems must transition from passive matching to dynamic, user-centric engagement. This research 
provides a practical blueprint for developing more responsive digital career services that address the 
evolving complexities of the computer science labor market. 

Keywords: employment recommendation systems; static-dynamic integration; human-computer 
interaction; survey research; perceived usefulness; user acceptance 

1. Introduction

In recent years, the rapid expansion of higher education and the increasing complexity of labor
markets have intensified competition in graduate employment worldwide [1,2]. Against this global 
backdrop, China provides a representative large-scale case, where higher education has rapidly 
transitioned from an elite system to mass and universal participation, resulting in a remarkable 
expansion in scale over the past two decades [3]. According to statistics released by the Ministry of 
Education, the total number of graduates from regular colleges and universities across the country 
has continued to climb from about 1 million at the beginning of this century [4] to nearly 12.22 million 
in 2025 [5], and is estimated to reach 12.70 million in 2026 [6]. This historic transformation has not 
only provided a large-scale supply of high-quality human resources for national development but 
has also put unprecedented supply pressure on the labor market [7]. In the context of the evolution 
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of the global economic pattern, the upgrading of domestic industrial structure and the new 
technological revolution, the demand-side structure of the labor market is also undergoing profound 
and complex adjustments [8,9]. The transformation of traditional occupations and the emergence of 
new job profiles are occurring simultaneously, while labor market demand is becoming increasingly 
dynamic in terms of skill combinations, task complexity, and adaptability [10]. The continuous high 
level of supply and the rapid evolution of demand structure have jointly led to the prominence of 
structural contradictions in the employment market. The phenomena of ʺdifficulty in finding 
employmentʺ and ʺdifficulty in recruitingʺ coexist, and the employment competition faced by 
graduates is becoming increasingly fierce and complex [11]. Against this macro background, how to 
break through the limitations of the traditional information matching model and achieve efficient, 
accurate and dynamic person-job fit with the help of technology, has become not only a technical 
optimization problem, but also a core issue concerning the career development path of millions of 
graduates, the efficiency of human resource allocation, and even the long-term stable development 
of the social economy [12,13]. 

To address this challenge, employment recommendation systems [14] based on big data and 
intelligent algorithms have emerged and are gradually becoming an important tool to assist students 
in job hunting [15]. These systems analyze studentsʹ professional background, skills, practical 
experience and behavioral preferences, while integrating corporate recruitment needs and job 
characteristics, to provide students with personalized job recommendations, thereby effectively 
broadening job search channels, reducing information search costs, and improving the targeting and 
success rate of job hunting [16]. Studies have shown that effective employment recommendation 
systems can not only optimize matching efficiency, but also alleviate the problem of information 
asymmetry in the job search process to a certain extent [17]. 

However, existing employment recommendation systems rely excessively on static historical 
data (such as resume keywords) for one-way matching in practical applications, lacking the ability to 
integrate and respond to dynamic real-time information [18]. This has led to many problems, such as 
ʺlow accuracy in matching majors with positionsʺ, ʺdelayed information updatesʺ and ʺinability to 
adjust based on job seekersʹ real-time feedbackʺ [19]. For fields such as computer science, where 
technology is developing rapidly and emphasizes practical operation and instant communication, 
the static characteristics of existing systems are difficult to meet graduatesʹ needs for in-depth 
information, such as detailed technical stack requirements, team culture, and real-time Q&A. This 
may in turn lead to lower user trust and lower adoption [20]. 

A static-dynamic job recommendation approach where static profile-based matching is 
complemented by dynamic interaction (e.g., real-time communication and iterative feedback) has 
been increasingly discussed as a promising direction [21]. In this approach, a static matching module 
generates initial recommendations based on user profiles and job databases, while a dynamic 
interaction module (e.g., real-time chat, interview feedback, or skill-preference adjustment) supports 
bidirectional, real-time communication between job seekers and recruiters or the system during the 
job-search process [22]. Conceptually, this integration may enhance perceived control, transparency, 
and trust, and therefore has the potential to improve perceived usefulness and overall acceptance in 
employment recommendation services [23]. 

Although the concept of ʺstatic-dynamic fusionʺ has potential in the field of recommendation 
systems [24], there is currently no research on the acceptance of such systems by specific user groups, 
especially computer science students, because the technology in this field is updated rapidly and the 
demand for actual communication is strong, which better reflects the value of dynamic interactive 
systems [25]. Existing studies have mostly focused on algorithm optimization or macro-level 
performance evaluation [16], with limited attention to how specific user groups evaluate such 
systems in terms of perceived usefulness and behavioral intention [22]. Therefore, this study aims to 
investigate graduating computer science students’ awareness and stated willingness to use existing 
employment recommendation systems, and to examine their perceptions of and behavioral 
intentions toward a proposed static-dynamic job recommendation approach. Rather than evaluating 
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an implemented system, this study focuses on how respondents assess the perceived usefulness and 
acceptance of this proposed design concept. 

Accordingly, this study addresses the following research objectives: 
RO1: To examine respondents’ perceived usefulness of a proposed employment 

recommendation approach that integrates static matching and dynamic interaction. 
RO2: To examine respondents’ behavioral intentions toward a proposed employment 

recommendation approach that integrates static matching and dynamic interaction. 
The remainder of this paper is structured as follows: Section 2 outlines the research methods, 

theoretical framework, and questionnaire designed based on that framework. Section 3 presents the 
research findings. Section 4 discusses the findings. Finally, Section 5 summarizes the paper. 

2. Materials and Methods  

2.1. Ethical Considerations  

Ethical approval was obtained from the Institutional Review Board of Yunnan College of 
Business Management, China (protocol code YCBM-2025-012; approval date: 22 November 2025). All 
participants provided written informed consent prior to participation and were informed that 
participation was voluntary and that they could withdraw at any time without penalty. Survey 
responses were anonymized and analyzed in deidentified form, and data were stored securely with 
access restricted to the research team. 

2.2. Participants and Data Collection  

In this study, “graduating computer science students” refers to final-year undergraduate 
students in computer science-related disciplines who are about to graduate. This study was 
conducted at two higher education institutions, surveying a total of 442 graduating students majoring 
in computer-related fields, of which 386 valid responses were retained after excluding questionnaires 
with missing responses or multiple selections in single-choice items, resulting in an effective response 
rate of 87.3%. Equation (1) shows that the target sample size was determined with reference to 
Cochran’s formula for large populations [26]. The formula was applied using a 95% confidence level 
(𝑍 = 1.96), maximum variability (𝑝 = 0.5), and a 5% margin of error (𝑒 = 0.05). Under these assumptions, 
the recommended minimum sample size is approximately 384. Accordingly, the final sample of 386 
valid responses satisfied the minimum sampling requirement for this study. 

𝒏𝟎 = 𝒛𝟐 ∙ 𝒑 ∙ ሺ𝟏 − 𝒑ሻ𝒆𝟐                                                                         (𝟏) 

Participants were all graduating undergraduate students, with the following majors: Computer 
Science and Technology (165, 42.7%), Artificial Intelligence (78, 20.2%), Internet of Things 
Engineering (29, 7.5%), Software Engineering (23, 6.0%), Virtual Reality Technology (22, 5.7%), 
Network Engineering (21, 5.4%), Data Science (18, 4.7%), and other majors (30, 7.8%). Of all 
participants, 365 (94.6%) planned to enter the workforce directly after graduation, while 21 (5.4%) 
had no immediate plans for employment. All participants possessed basic skills in using digital tools 
and online platforms. In this study, sociodemographic characteristics (gender, major) and job-seeking 
status were treated as background or grouping variables; the main survey outcomes included 
participants’ awareness of employment recommendation systems, willingness to use them, 
functional evaluations, and stated acceptance of, and behavioral intentions toward, new 
recommendation systems integrating static matching and dynamic interaction. 

2.3. Theoretical Framework  

The theoretical framework of this study is primarily based on the Technology Acceptance Model 
(TAM) [27] and the Information System (IS) Success Model [28]. TAM provides a useful lens for 
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understanding users’ acceptance of new technologies. In the present study, the empirical focus is 
placed on perceived usefulness (PU) and behavioral intention (BI), as these dimensions are more 
directly aligned with the questionnaire items and the exploratory factor structure obtained from the 
data. The Information Systems (IS) Success Model was used only as a supplementary interpretive 
lens when discussing respondents’ views on information quality, system responsiveness, service 
reliability, and related concerns such as trust and privacy. The present study does not test a full causal 
model; rather, these frameworks are used to support the descriptive and exploratory interpretation 
of the survey findings. 

2.4. Questionnaire Design and Measurement  

Questions related to perceived usefulness, such as ʺDo you think improving the accuracy of job 
matching in the employment recommendation system will help you find a suitable job? [29]ʺ directly 
reflect studentsʹ perception of whether the function helps improve job search efficiency, which is a 
judgment of the systemʹs ʺusefulnessʺ [30]. Questions like ʺDo you think adding real-time chat 
interaction to the employment recommendation system will help you find a suitable job?ʺ assess the 
perceived practicality of dynamic interactive functions in promoting information communication 
and improving matching effectiveness [31]. 

Behavioral intention was assessed using intention-oriented items such as “Would you use such 
an employment recommendation system?” and “Would you be willing to recommend such a system 
to your classmates or friends?”, which reflect adoption and recommendation intentions [32,33]. 

Questions related to system quality and information quality: For example, when investigating 
the limitations of existing systems [34], options such as ̋ false information [35],ʺ ̋ information lag [36],ʺ 
and ʺjob mismatch with major [37]ʺ directly point to studentsʹ evaluation of the quality (authenticity, 
timeliness, accuracy) of the information provided by the system [18,38]. ʺUnable to find a job in a 
timely manner based on oneʹs qualificationsʺ involves the perception of system quality (algorithm 
matching ability [39], responsiveness [40]). 

Questions related to service quality and perceived risk: In the open comments, students 
commonly mentioned suggestions such as ʺstrengthening corporate vettingʺ [41], ʺprotecting 
personal privacyʺ [42], and ʺavoiding fake job postingsʺ [43], reflecting their concerns about service 
quality (reliability and security) and also involving the impact of perceived risk (information risk and 
privacy risk) on their acceptance [44].  

The question “Do you think this combination of static and dynamic employment 
recommendation systems can help you find a job?” was designed to capture respondents’ overall 
perceived usefulness of this proposed integrated approach [30], while also reflecting their general 
evaluation of its potential service value [45]. 

In addition to the structured items, the questionnaire also included a final open-ended question 
for supplementary comments and suggestions. Responses to the final open-ended question were 
screened to exclude non-substantive entries and then summarized using a descriptive thematic 
grouping approach. 

2.5. Research Design and Data Analysis  

This study employed a cross-sectional descriptive survey design to investigate respondents’ 
awareness of existing employment recommendation systems and their acceptance of a proposed 
static-dynamic job recommendation approach. Data were collected on-site using a structured 
questionnaire. The responses were used to descriptively examine perceived usefulness, behavioral 
intention, and selected user evaluations relevant to employment recommendation service design. 

The questionnaire consisted of four parts: Part One covered respondentsʹ socio-demographic 
characteristics and basic understanding of employment recommendation systems; Part Two 
investigated their user experience and functional evaluation of existing employment 
recommendation systems; Part Three explored the main limitations of existing systems; and Part Four 
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focused on the acceptance, willingness to use, and recommendation intentions of the combined static 
and dynamic job recommendation system, along with related suggestions. 

The questionnaire data were collected on-site through paper-based questionnaires, yielding a 
total of 386 valid responses. After being processed and coded, data were statistically analyzed using 
SPSS software [46]. In addition to descriptive statistics of demographic characteristics and basic 
cognition, the reliability and construct validity of the scales were systematically evaluated through 
reliability [47] and validity analyses [48]. 

The questionnaire explicitly examined their awareness, prior exposure, and evaluations of 
existing employment recommendation systems. However, with regard to the newly proposed static-
dynamic recommendation approach, respondents did not interact with a working prototype. Their 
judgments of the proposed system were therefore formed on the basis of the functional descriptions 
provided in the questionnaire, together with their prior understanding and experience of existing job 
recommendation platforms. 

2.6. Methodological Limitations  

Despite yielding meaningful findings, this study has several limitations. First, the sample 
consisted entirely of computer science students at two higher education institutions located in the 
same geographical region, limiting its representativeness and geographical coverage. Accordingly, 
the findings should be interpreted with caution when generalized to broader student populations. 
Second, although the study participants were all computer science students, their understanding of 
the job market, job-seeking experience, and familiarity with recommender systems varied, which 
may have influenced their evaluation and acceptance of the systemʹs functionality. 

3. Results  

3.1. Sociodemographic Characteristics  

This study included 386 graduating computer science students as a valid sample, of whom 222 
were male (57.5%) and 164 were female (42.5%). In terms of major distribution, Computer Science 
and Technology had the largest number of participants (165, 42.7%), followed by Artificial 
Intelligence with 78 participants (20.2%). Other majors included Internet of Things Engineering (29, 
7.5%), Software Engineering (23, 6.0%), Virtual Reality Technology (22, 5.7%), Network Engineering 
(21, 5.4%), Data Science (18, 4.7%). An additional 30 participants (7.8%) were from other related 
majors. Regarding job-seeking intentions, the vast majority of participants (365, 94.6%) planned to 
work after graduation, with only 21 (5.4%) indicating no immediate plans for employment. In terms 
of specific job-seeking status, the largest proportion of those who are actively looking for work but 
have not yet received an interview opportunity (198 people, 51.3%), followed by those who are 
already in the internship stage (76 people, 19.7%), another 93 people (24.1%) are not looking for work 
for the time being, and 19 people (4.9%) have received an offer and signed a contract (Table 1). 

Table 1. Sociodemographic characteristics and job-seeking status of the respondents (N = 386). 

Characteristic Number (n) Percentage (%) 
Gender 
Male 222 57.5 
Female 164 42.5 
Major/Specialization 
Computer Science and Technology 165 42.7 
Artificial Intelligence 78 20.2 
Internet of Things Engineering 29 7.5 
Software Engineering 23 6.0 
Virtual Reality Technology 22 5.7 
Network Engineering 21 5.4 
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Data Science 18 4.7 
Other 30 7.8 
Post-graduation Intention 
Plan to seek employment 365 94.6 
No immediate employment plans 21 5.4 
Current Job Search Status 
Actively searching, no interview yet 198 51.3 
Currently in an internship 76 19.7 
Not actively looking 93 24.1 
Received job offer (signed contract) 19 4.9 

3.2. Reliability and Validity Analysis   

To examine the measurement quality of the survey instrument, internal consistency and 
sampling adequacy were assessed using SPSS. As shown in Table 2, the overall five-item scale yielded 
a Cronbach’s α of 0.818, indicating good internal consistency. Since the subsequent exploratory factor 
analysis suggested a two-factor structure, reliability was also examined separately for the two 
subdimensions. The perceived usefulness (PU) subscale showed excellent internal consistency 
(Cronbach’s α = 0.928), whereas the behavioral intention (BI) subscale showed acceptable internal 
consistency for exploratory research (Cronbach’s α = 0.630). Overall, these results provide 
preliminary support for the reliability of the instrument, although given the small number of items 
in the BI subscale, its internal consistency estimate is naturally more conservative [49,50]. 

Table 2. Internal consistency analysis of the questionnaire items. 

Item 
Corrected total 

correlation 
α Coefficient 

with item 
deleted 

Cronbach 
Alpha 

Overall scale   

.818 

Do you think improving the accuracy of job 
matching in the employment 
recommendation system will help you 
find a suitable job? 

.706 .752 

Do you think adding real-time chat 
interaction to the employment 
recommendation system will help you 
find a suitable job? 

.764 .738 

Do you think this combination of static and 
dynamic employment recommendation 
systems can help you find a job? 

.768 .733 

Would you use such an employment 
recommendation system? 

.455 .827 

Would you be willing to recommend such an 
employment recommendation system to 
your classmates or friends? 

.391 .842 

Perceived usefulness (PU)   

.928 

Do you think improving the accuracy of job 
matching in the employment 
recommendation system will help you 
find a suitable job? 

.773 .961 

Do you think adding real-time chat 
interaction to the employment 

.901 .860 
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recommendation system will help you 
find a suitable job? 

Do you think this combination of static and 
dynamic employment recommendation 
systems can help you find a job? 

.892 .864 

Behavioral intention (BI)   

.630 

Would you use such an employment 
recommendation system? 

.460 / 

Would you be willing to recommend such an 
employment recommendation system to 
your classmates or friends? 

.460 / 

Regarding the preliminary structural pattern of the questionnaire, the KMO value was 0.735 and 
Bartlett’s test of sphericity was significant (p < .001) (Table 3), indicating that the correlation matrix 
was suitable for principal component analysis. 

Table 3. KMO and Bartlett’s test results. 

Test Value 

KMO .735 
Bartlettʹs Test of Sphericity 1269.598 
df 10 
Sig. 0.000 

Principal component analysis (PCA) with varimax rotation extracted two components with 
eigenvalues greater than 1, explaining 81.99% of the total variance [51]. The rotated component 
loadings shown in Table 4 indicated a clear two-component structure, with all loadings exceeding 
0.50. Based on the loading pattern, Component 1 was interpreted as reflecting perceived usefulness 
(PU), whereas Component 2 was interpreted as behavioral intention (BI). 

Table 4. Rotated component loadings and communalities. 

Item 
Component 

1 
Component 

2 Communality 

Do you think improving the accuracy of job 
matching in the employment recommendation 
system will help you find a suitable job? 

.867 .209 .796 

Do you think adding real-time chat interaction to 
the employment recommendation system will help 
you find a suitable job? 

.947 .158 .923 

Do you think this combination of static and 
dynamic employment recommendation systems 
can help you find a job? 

.940 .180 .916 

Would you use such an employment 
recommendation system? 

.217 .818 .716 

Would you be willing to recommend such an 
employment recommendation system to your 
classmates or friends? 

.120 .857 .749 
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3.3. System Awareness and Willingness to Use  

This study surveyed 386 graduating computer science students. Of these, 286 (74.1%) were 
aware of the job recommendation system, but only 148 (38.3%) were willing to use the existing system 
for job hunting. This significant gap indicates that awareness has not effectively translated into usage 
behavior, revealing obstacles to user acceptance of the current system. 

3.4. Evaluation of the Existing Employment Recommendation System  

Regarding the extent to which existing job recommendation system supports users in finding 
suitable jobs, the respondentsʹ evaluations are distributed as follows: 37 people (9.6%) expressed 
ʺstrongly agree,ʺ 56 people (14.5%) expressed ʺagree,ʺ 106 people (27.5%) expressed ʺneutral,ʺ 112 
people (29.0%) expressed ʺdisagree,ʺ and 75 people (19.4%) expressed ʺstrongly disagreeʺ (Table 5). 
The total percentage of respondents holding a positive attitude (ʺstrongly agreeʺ and ʺagreeʺ) was 
24.1%, while the total percentage of respondents holding a negative attitude (ʺdisagreeʺ and ̋ strongly 
disagreeʺ) was 48.4%. This distribution indicates that nearly half of the respondents express 
reservations about the current job recommendation system. This suggests limitations in meeting the 
job-seeking needs of graduating computer science students. 

Table 5. User evaluation of the existing job recommendation system. 

Options Number(n) Percentage(%) 

Strongly agree 37 9.6 

Agree 56 14.5 

Neutral 106 27.5 

Disagree 112 29.0 

Strongly disagree 75 19.4 

3.5. Limitations of Existing Employment Recommendation Systems  

Table 6 summarizes responses to the multiple-choice question, ʺWhat limitations do you see in 
the current job recommendation system?ʺ The results indicate that perceived problems cluster in the 
following areas. 

Table 6. Reported limitations of existing employment recommendation systems. 

Limitations Number (n) Percentage (%) 

1.Severe deficiencies in matching functionality and 

responsiveness 
274 71 

2. Multiple challenges to information quality 214 55.4 

3. Significant Mismatch in Professional Suitability 209 54.1 

4. Other Issues 8 2.1 

3.5.1. Severe Deficiencies in Matching Functionality  

A high percentage (71.0%) of respondents (274 people) felt the system ʺcannot match jobs 
promptly based on their qualifications.ʺ This directly reflects significant deficiencies in the current 
systemʹs algorithmic personalization and real-time response, failing to meet usersʹ core expectations 
for dynamic and accurate matching. 
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3.5.2. Multiple Challenges to Information Quality 

Over half of the respondents pointed out problems with the systemʹs information quality. 
Specifically, 55.4% (214 people) selected ʺinformation lag,ʺ highlighting insufficient timeliness. For 
graduating computer science students, information lag is not merely an inconvenience but a critical 
limitation. Due to the fast pace of technological change in the IT and AI sectors, employment 
information quickly loses relevance as emerging technologies alter required skills and job 
specifications [52]. 

3.5.3. Significant Mismatch in Professional Suitability 

ʺJob not matching majorʺ was specifically pointed out by 54.1% of respondents, further 
confirming the inherent limitations of general recommendation algorithms in understanding and 
matching majors such as computer science, which require specialized knowledge and skills. 

3.5.4. Other Issues 

A small number of respondents (2.1%) provided supplementary opinions in the ʺOtherʺ option. 
However, most of the responses simply stated “none,” while a few respondents indicated that they 
were “not sure” or had never used the system. These responses did not reveal additional limitations 
beyond the categories already identified above.  

3.6. Respondents’ Acceptance of the Proposed Static-Dynamic Job Recommendation Approach  

To examine respondents’ attitudes toward a proposed employment recommendation approach 
that combines static profile matching with dynamic real-time interaction, this study assessed 
responses at two levels: perceived usefulness and behavioral intention. Overall, respondents reported 
generally favorable evaluations of this proposed design concept. 

Figure 1 shows that regarding functional value recognition (perceived usefulness), respondents 
showed high levels of acceptance for both core functions, with particular emphasis on the dynamic 
interaction function. Specifically, regarding ʺimproving job matching accuracy,ʺ a total of 59.6% of 
respondents (230 people) held a positive attitude (135 people ʺstrongly agree,ʺ accounting for 35%; 
95 people ʺagree,ʺ accounting for 24.6%), 18.4% (71 people) held a neutral attitude, while a total of 
22% (85 people) held a negative attitude. The acceptance of the ʺreal-time chat interactionʺ feature 
further increased, with a total of 65.3% of respondents (252 people) believing it would be helpful for 
job hunting (139 people ʺstrongly agree,ʺ accounting for 36%; 113 people ʺagree,ʺ accounting for 
29.3%). The proportions holding neutral and negative attitudes were 17.1% (66 people) and 17.6% (68 
people), respectively. When asked whether the system as a whole would be helpful for job hunting, 
63.2% of respondents (244 people) gave a positive evaluation (98 people ʺagree,ʺ accounting for 
25.4%; 146 people ʺstrongly agree,ʺ accounting for 37.8%), showing recognition of the overall value 
of this integrated model.  
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Figure 1. Descriptive analysis of perceived usefulness (N = 386). 

Figure 2 presents responses at the behavioral intention level, indicating that respondents 
showed a relatively strong willingness to use and recommend the proposed system. First, regarding 
personal usage intention, 67.6% of respondents (261 people) indicated a willingness to use such a 
system (84 people ʺagree,ʺ accounting for 21.8%; 177 people ʺstrongly agree,ʺ accounting for 45.9%). 
Second, regarding the willingness to recommend to others, although the positive percentage was 
slightly lower, 59.6% of respondents (230 people) still expressed a willingness to recommend (106 
people ʺagree,ʺ accounting for 27.5%; 124 people ʺstrongly agree,ʺ accounting for 32.1%). At the same 
time, 21.3% of respondents (82 people) selected “disagree” or “strongly disagree,” suggesting that 
recommendation intention was somewhat lower than personal usage intention. 

 
Figure 2. Descriptive analysis of behavioral intention (N = 386). 

3.7. Qualitative Summary of Open-Ended Feedback and Design Suggestions  

Open-ended responses to the question, “Please state your opinions and suggestions regarding 
the static and dynamic job recommendation system,” were reviewed qualitatively and grouped into 
recurring themes in order to provide supplementary context for the quantitative findings. Of the 386 
responses received, 84 contained substantive comments after excluding brief non-informative entries 
such as “none,” “no comment,” or equivalent responses. These substantive comments were 
summarized using a descriptive thematic grouping approach rather than formal qualitative coding. 
Four recurring themes were identified: information governance and trust building, algorithm 
optimization and personalized services, privacy, security, and algorithm transparency, and 
functionality improvement and experience refinement. 
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3.7.1. Information Governance and Trust Building  

This is a core pain point, with high-frequency keywords including ʺfake,ʺ ʺverification,ʺ and 
ʺauthentic.ʺ Users strongly question the reliability of information on the current platform, citing 
concerns such as ʺmost job search platforms are actually intermediary companies, falsely advertising 
recruitment informationʺ and ʺtoo many fake jobs.ʺ They explicitly demand that the platform fulfill 
stricter verification responsibilities, ʺstrengthening official verification and conducting background 
checks on companies,ʺ and establishing a corporate credit endorsement mechanism to ̋ eliminate fake 
job postingsʺ and ʺensure the authenticity of recruiting companies.ʺ This reflects that information 
quality is not only a functional issue but also a fundamental problem affecting system credibility and 
user engagement. 

3.7.2. Algorithm Optimization and Personalized Services  

Users generally pointed out that the current recommended ʺjobs do not match their majorsʺ 
(54.1% of the quantitative results echo this), hoping that the matching logic can go beyond keyword 
comparison and achieve a deeper understanding. Suggestions include ̋ matching based on individual 
professional strengthsʺ and ʺtesting job matching. Recommending jobs based on work experience.ʺ 
A further demand is for the system to provide personalized diagnostics and development 
suggestions, such as ʺhelping us match ourselves with job requirements and analyzing the reasons 
for any mismatches and gaps.ʺ This indicates that users expect the system to transform from a passive 
information filter into a proactive career development consultant. 

3.7.3. Privacy, Security, and Algorithm Transparency  

With increased awareness of data security, this topic was explicitly mentioned. Users are 
concerned about ʺthe protection of personal information privacyʺ and suggested ʺviewing the 
platformʹs privacy policy.ʺ Simultaneously, they expressed unease about the ʺblack boxʺ algorithm, 
implicitly demanding the right to know about the recommendation logic, which is directly related to 
the suggestion to ʺimprove privacy protection and algorithm transparency to enhance user trust.ʺ 
This shows that perceived risk (privacy risk and uncertainty risk) is a key obstacle affecting user 
adoption and trust. 

3.7.4. Functionality Improvement and Experience Refinement  

Users put forward many specific suggestions for functional enhancement, mainly including 
Enhancing information dimensions and interactivity: Suggestions include ʺadding multi-person 
public evaluations from companiesʺ and building an integrated ʺonline interviewʺ process. Enhance 
tool functionality: Calls for the provision of ̋ resume correctionʺ or ̋ intelligent optimizationʺ services. 
Optimize interaction and filtering mechanisms: Demands simplification and fewer processes, 
addressing issues such as ʺduplicate recommendationsʺ and the inability to ʺblock uninteresting 
positions.ʺ  

3.8. Exploratory Chi-Square Subgroup Analysis  

For subgroup analysis, job search status was recoded into an active job-seeking group (actively 
searching or in an internship) and a less active job-seeking group (not actively looking or having 
received a signed offer). Professional orientation was recoded into Traditional Computing (Computer 
Science and Technology, Software Engineering, Network Engineering, and Internet of Things 
Engineering) and Emerging Computing Fields (Artificial Intelligence, Data Science, and Virtual 
Reality Technology), with respondents in Other excluded. The five user-acceptance items described 
in Section 3.6 were dichotomized into Positive and Non-positive for Pearson’s chi-square analysis 
[53]. Because this recoding reduces the ordinal information in the original Likert-scale responses, the 
subgroup results should be interpreted as exploratory. 
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As shown in Table 7, the active job-seeking group reported significantly higher positive response 
rates than the less active job-seeking group across all five evaluation items: improving job matching 
accuracy helps job search (63.5% vs. 50.0%, 𝜒ଶ = 6.020, 𝑝 = 0.014); real-time chat interaction helps 
job search (69.3% vs. 55.4%, 𝜒ଶ = 6.862, 𝑝 = 0.009); Combination of static and dynamic employment 
recommendation helps job search (66.8% vs. 54.5%, 𝜒ଶ = 5.193 , 𝑝 = 0.023 ); intention to use the 
system (71.2% vs. 58.9%, 𝜒ଶ = 5.439, 𝑝 = 0.020); and intention to recommend the system (63.1% vs. 
50.9%, 𝜒ଶ = 4.951, 𝑝 = 0.026). 

Table 7. Positive response rates and chi-square test results by job-seeking status. 

Item 
Active job-
seeking 
(n, %) 

Less active 
job-seeking  
(n, %) 

χ² 
p-

value 

Do you think improving the accuracy of job 

matching in the employment recommendation 

system will help you find a suitable job? 

174/274 

(63.5%) 
56/112 (50.0%) 6.020a 0.014 

Do you think adding real-time chat interaction 

to the employment recommendation system 

will help you find a suitable job? 

190/274 

(69.3%) 
62/112 (55.4%) 6.862a 0.009 

Do you think this combination of static and 

dynamic employment recommendation 

systems can help you find a job? 

183/274 

(66.8%) 
61/112 (54.5%) 5.193a 0.023 

Would you use such an employment 

recommendation system? 

195/274 

(71.2%) 
66/112 (58.9%) 5.439a 0.020 

Would you be willing to recommend such an 

employment recommendation system to your 

classmates or friends? 

173/274 

(63.1%) 
57/112 (50.9%) 4.951a 0.026 

Note: Positive responses include “agree” and “strongly agree.” The valid sample size for this comparison was 
N = 386. 

As shown in Table 8, respondents in Emerging Computing Fields also reported significantly 
higher positive response rates than those in Traditional Computing for all five items: improving job 
matching accuracy helps job search (67.8% vs. 56.7%, 𝜒ଶ = 4.044 , 𝑝 = 0.044 ); real-time chat 
interaction helps job search (73.7% vs. 61.8%, 𝜒ଶ = 5.013 , 𝑝 = 0.025 );Combination of static and 
dynamic employment recommendation helps job search (71.2% vs. 59.7%, 𝜒ଶ = 4.518, 𝑝 = 0.034); 
intention to use the system (77.1% vs. 63.4%, 𝜒ଶ = 6.775, 𝑝 = 0.009); and intention to recommend 
the system (70.3% vs. 54.6%, 𝜒ଶ = 8.108, 𝑝 = 0.004). Overall, positive evaluations of the proposed 
system were consistently higher among respondents with more active job-search engagement and 
among those from Emerging Computing Fields. 

Table 8. Positive response rates and chi-square test results by professional orientation. 

Item 
Emerging 
Fields 
(n, %) 

Traditional 
Computing 
(n, %) 

χ² 
p-

value 

Do you think improving the accuracy of job 

matching in the employment recommendation 

system will help you find a suitable job? 

80/118 

(67.8%) 
135/238 (56.7%) 4.044a 0.044 
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Do you think adding real-time chat interaction 

to the employment recommendation system 

will help you find a suitable job? 

87/118 

(73.7%) 
147/238 (61.8%) 5.013a 0.025 

Do you think this combination of static and 

dynamic employment recommendation 

systems can help you find a job? 

84/118 

(71.2%) 
142/238 (59.7%) 4.518a 0.034 

Would you use such an employment 

recommendation system? 

91/118 

(77.1%) 
151/238 (63.4%) 6.775a 0.009 

Would you be willing to recommend such an 

employment recommendation system to your 

classmates or friends? 

83/118 

(70.3%) 
130/238 (54.6%) 8.108a 0.004 

Note: Positive responses include “agree” and “strongly agree.” Valid N = 356; respondents in Other were 
excluded. 

To preserve the ordinal information of the original Likert-scale responses, Mann-Whitney U tests 
were further conducted on the composite PU and BI scores [53]. As shown in Table 9, significant 
subgroup differences were observed for both professional orientation and job-seeking status. 
Respondents in Emerging Computing Fields showed significantly higher mean ranks than those in 
Traditional Computing on both PU (U = 12215.000, Z = -2.018, p = 0.044) and BI (U = 11631.500, Z = -
2.674, p = 0.007). Similarly, the active job-seeking group showed significantly higher mean ranks than 
the less active group on both PU (U = 13170.500, Z = -2.206, p = 0.027) and BI (U = 12404.500, Z = -
2.996, p = 0.003). These results further support the subgroup differences identified in the chi-square 
analysis. 

Table 9. Mann-Whitney U test results by subgroup. 

Grouping 

variable 
Comparison Dimension 

Group 

1 Mean 

Rank 

Group 

2 Mean 

Rank 

U Z 
p-

value 

Professional 

orientation 

Emerging Fields 

(n = 118) vs. 

Traditional 

Computing (n = 

238) 

PU 193.98 170.82 12215.000 
-

2.018 
0.044 

Emerging Fields 

(n = 118) vs. 

Traditional 

Computing (n = 

238) 

BI 198.93 168.37 11631.500 
-

2.674 
0.007 

Job-seeking 

status 

Active job-

seeking (n = 274) 

vs. Less active 

job-seeking (n = 

112) 

PU 201.43 174.09 13170.500 
-

2.206 
0.027 

Active job- BI 204.23 167.25 12404.500 - 0.003 
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seeking (n = 274) 

vs. Less active 

job-seeking (n = 

112) 

2.996 

Note: PU and BI denote composite scores calculated from the original Likert-scale responses. For the 
professional-orientation comparison, respondents in the “Other” category were excluded; therefore, the valid 
sample size for that comparison was 356. 

4. Discussion  

4.1. A Differential Analysis Based on Job-Seeking Status and Professional Orientation  

To further explore the differences in acceptance of the proposed static-dynamic job 
recommendation approach among different groups, this study conducted a comparative analysis 
based on respondentsʹ job-seeking status and professional orientation. 

Regarding job-seeking status, the results suggest subgroup differences in the evaluation and 
acceptance of the proposed system functions between the two job-seeking groups. Specifically, 
respondents in the active job-seeking group (including those currently in internships or actively 
seeking employment) showed positive response rates that were generally about 12 to 14 percentage 
points higher across the five evaluation items than those in the less active job-seeking group. For 
example, regarding intention to recommend the system, the positive response rate in the active job-
seeking group reached 63.1%, compared with 50.9% in the less active group. Similarly, for intention 
to use the system, the corresponding figures were 71.2% and 58.9%, respectively. These findings 
suggest that respondents with stronger immediate job-search involvement reported higher 
acceptance of the proposed system functions and more favorable overall evaluations of the proposed 
approach. 

Regarding professional orientation, the observed differences were mainly reflected in the 
perceived value of specific functions and in overall behavioral acceptance. Based on the chi-square 
subgroup analysis, respondents in Emerging Computing Fields showed consistently higher positive 
response rates than those in Traditional Computing across all five evaluation items. In particular, 
students in Emerging Computing Fields reported higher positive evaluations for improving job 
matching accuracy (67.8% vs. 56.7%), and real-time chat interaction (73.7% vs. 61.8%) both with 
statistically significant subgroup differences (p<0.05). They also showed higher positive response 
rates for overall system helpfulness, intention to use, and intention to recommend. One possible 
explanation is that students in more rapidly evolving fields such as artificial intelligence, data science, 
and virtual reality may face faster knowledge updates and more specialized skill requirements, and 
may therefore place greater value on interactive communication and precise matching functions. By 
contrast, students in more traditional computing-related fields may perceive relatively less urgency 
for such dynamic support. However, as these subgroup analyses were exploratory, the findings 
should be interpreted with caution. These exploratory differences suggest that the functional design 
of job recommendation systems may need to consider the differentiated communication and 
matching needs of job seekers in different sub-fields. 

4.2. Research Findings and Theoretical Alignment   

This study examined how graduating computer science students viewed existing employment 
recommendation systems and how they responded to a proposed static-dynamic job 
recommendation approach. The results offer exploratory, survey-based evidence that respondents 
generally perceived the proposed approach as useful and reported relatively favorable behavioral 
intentions toward it. In this sense, the findings are broadly consistent with the Technology 
Acceptance Model (TAM) and can also be interpreted with reference to selected dimensions of the 
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Information Systems (IS) Success Model, particularly perceived usefulness (PU), behavioral intention 
(BI), information quality, and service-related concerns. 

On the one hand, the findings suggest relatively favorable perceived usefulness toward the 
proposed approach. Quantitative results show that only 24.1% of respondents believed existing 
systems helped them find suitable jobs, whereas 63.2% gave positive evaluations of the proposed 
static-dynamic job recommendation approach as a potentially helpful direction for job search 
support. This pattern is consistent with prior literature suggesting that interactive recommender 
features, such as user control and real-time feedback, may enhance the perceived relevance and 
personalization of recommendations [31,54]. The real-time chat function received particularly 
favorable ratings (65.3%), further indicating that direct communication is perceived as an important 
component in technically complex job-search contexts such as computer science, where users may 
need to clarify specific skill requirements and project backgrounds. 

On the other hand, the findings indicate relatively favorable stated behavioral intentions toward 
the proposed approach. A substantial proportion of respondents reported willingness to use the 
system (67.6%) and willingness to recommend it to others (59.6%), suggesting a generally positive 
orientation toward possible adoption. The slightly lower recommendation intention may indicate 
that respondents were somewhat more cautious when considering whether to endorse such a system 
to peers, particularly with regard to credibility and practical readiness. Overall, this pattern offers a 
more nuanced understanding of how users may respond to proposed employment recommendation 
designs before actual system implementation. 

4.3. Practical Implications for System Design  

Respondents’ feedback suggests that information authenticity and trust building emerged as 
important design priorities in respondents’ feedback. The overwhelming user demand for 
information verification and rigorous corporate vetting (a core theme in the qualitative feedback) 
suggests that these aspects may deserve priority consideration in future service design. No amount 
of algorithmic complexity can compensate for a lack of trust in the underlying data. Future platforms 
may benefit from implementing and transparently communicating rigorous verification processes, 
perhaps integrating features such as company certifications, employee reviews, and detailed 
explanations of ʺmatching reasonsʺ to build credibility. 

The favorable evaluation of real-time chat suggests that dynamic interaction may be a promising 
design component rather than merely an optional add-on. Strong positive feedback on live chat 
suggests that static job descriptions alone may be insufficient for technical positions. Future system 
design may benefit from more integrated communication tools, allowing for clarification of 
technology stacks, work culture, and project details. This aligns with the dynamics of job seeking 
research that emphasizes the importance of informative, multi-stage interaction in employment 
decisions. 

Beyond Keyword Personalization: Criticism of ʺjobs not matching majorsʺ (54.1%) calls for 
moving beyond simple keyword matching. For computer science positions, recommendation 
mechanisms may need to better account for skill equivalence, portfolios, and the rapidly evolving 
technological landscape [10,55]. Integrating user-suggested features, such as skills gap analysis and 
personalized skills enhancement suggestions, may expand the system’s role beyond simple job listing 
functions. 

The subgroup findings also suggest that future system design may take into account differences 
across user groups. In particular, the results may help inform more tailored support for users at 
different stages of job seeking and from different professional orientations. For example, the system 
could provide a more guided “Beginner Mode” for users at an early stage of job exploration, while 
offering a more advanced mode for active job seekers, including deeper technical filtering and more 
direct recruiter interaction. In addition, the interface and matching logic may be adjusted to better 
reflect the communication and skill-assessment needs of different types of computing-related majors, 
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including more traditional computer-related disciplines and emerging fields such as Artificial 
Intelligence and Data Science. 

4.4. Limitations  

While this study provides valuable empirical evidence for understanding the acceptance of a 
combined static and dynamic job recommendation system among graduating computer science 
students, several limitations exist that require careful consideration when interpreting and 
generalizing the findings. 

First, the representativeness and breadth of the sample are limited. All participants in this study 
came from two higher education institutions in the same region. Although the sample size (N=386) 
is acceptable, their geographical location, institution type, and cultural background are relatively 
homogeneous. This limits the extrapolation validity of the findings to graduates from different 
regions and levels of institutions across the country (e.g., research universities, vocational colleges) 
and a wider range of academic disciplines. Future research needs to sample across a broader 
geographical and institutional scope to verify the generalizability of the studyʹs conclusions. 

Second, the findings are based primarily on self-reported perceptions rather than direct 
interaction with an implemented system. Although many respondents had prior awareness of, and 
in some cases experience with, existing employment recommendation systems, they did not directly 
interact with the newly proposed static-dynamic job recommendation approach in this study. Their 
evaluations were therefore formed on the basis of the functional descriptions presented in the 
questionnaire and their prior experience with related platforms. As a result, the present findings 
should be interpreted as survey-based evidence of perceived usefulness and stated behavioral 
intention toward a proposed design direction, rather than as evidence of actual usability, actual 
adoption behavior, or demonstrated system effectiveness. Future research should incorporate 
functional prototypes, usability testing, and objective behavioral data (e.g., system logs or task-based 
performance indicators) to strengthen the robustness of the conclusions.  

In addition, the behavioral intention dimension was measured with only two items, and 
although its internal consistency was acceptable for exploratory research, this relatively brief 
measurement structure may limit the depth and stability of interpretation. Future studies should 
employ more comprehensive multi-item scales to strengthen construct measurement. 

Finally, the study did not fully account for other potentially relevant background variables that 
may also be associated with user acceptance. Although the study analyzed differences in professional 
direction and job-seeking status, other factors that could potentially influence acceptance were not 
adequately included in the model, such as individual levels of technology anxiety, prior experience 
using similar tools, specific job-seeking strategies, and the overall state of the job market. These 
uncontrolled variables may have unknown confounding effects on the research results. 

4.5. Future Directions  

Based on the findings and limitations of this study, future research should go beyond evaluating 
proposed designs through questionnaires alone and begin to test them in more practical settings. This 
includes developing a functional prototype, carrying out usability testing, and examining actual user 
behavior through experimental or quasi-experimental studies. On this basis, future research can be 
further advanced in the following directions. 

One important direction is to overcome the problems of high sample homogeneity and limited 
representativeness. Future research should systematically expand the sampling scope. Specifically, 
comparative studies can be conducted on graduates of computer science and related majors from 
various types of institutions, including research universities, applied undergraduate institutions, and 
vocational colleges, in different economic regions of eastern, central, and western China. Such 
research can not only test the robustness of the research conclusions under different educational 
backgrounds and cultural environments, but also explore how factors such as institution type and 
regional job market differences modulate usersʹ functional needs and acceptance patterns of 
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recommendation systems, thereby constructing a more universal and segmented theoretical 
framework and practical guide. 

Another important direction is to compensate for the shortcomings of relying solely on self-
reported data. Future research should adopt a mixed approach. While collecting subjective attitude 
data such as questionnaires and interviews, objective behavioral data should be actively integrated. 
For example, quasi-experimental studies can be conducted in cooperation with recruitment platforms 
to analyze usersʹ real behavioral logs (such as click-through rate, chat interaction depth, resume 
modification frequency, and application conversion rate) when using prototypes with ʺstatic and 
dynamicʺ functions. By linking and cross-validating subjective ʺperceived usefulnessʺ with objective 
ʺusage behaviorʺ and ʺtask completion effect,ʺ the validity and persuasiveness of research 
conclusions can be significantly improved, revealing more accurately the causal relationship between 
system design features and user experience. 

At the same time, future research may also incorporate additional psychological, experiential, 
and situational variables to better explain the mechanisms underlying user acceptance. To gain a 
more comprehensive and in-depth understanding of the complex mechanisms influencing user 
acceptance, future research needs to construct and test a more integrated theoretical model. Based on 
existing variables, it is necessary to systematically incorporate and measure individual psychological 
factors (such as technology anxiety, privacy concerns, and algorithmic trust), prior experience factors 
(such as proficiency in using similar tools in the past), and dynamic situational factors (such as the 
intensity of specific job-seeking strategies and immediate perception of job market pressure). Using 
advanced statistical methods such as structural equation modeling, it is possible to analyze how these 
variables act as moderating or mediating variables influencing the ʺperception-intention-behaviorʺ 
path, thereby revealing the underlying motivations and boundary conditions behind acceptance 
formation, and providing a precise theoretical basis for refined service design tailored to different 
user profiles. 

5. Conclusions  

This study systematically explored the acceptance of a job recommendation system integrating 
static matching and dynamic interaction functions among 386 computer science graduates through a 
questionnaire survey. The study found that although students rated existing systems relatively low, 
they showed high approval for the new ʺstatic-dynamic combinationʺ model, particularly in relation 
to improved matching accuracy, real-time interaction, and overall helpfulness. The study further 
revealed that acceptance was significantly moderated by job-seeking status and major: students in 
the active job-seeking stage and those in emerging computing fields (e.g., AI, Data Science) showed 
stronger functional preferences. Theoretically, this study expanded the technology acceptance model, 
emphasizing the shaping role of context and domain characteristics on perceived usefulness; 
practically, it provides empirical evidence and design guidance for building a trustworthy, 
intelligent, and adaptive next-generation employment service platform. Despite limitations such as 
sample size, this study lays an important foundation for the optimization and development of 
intelligent employment services. Future optimization of employment recommendation systems 
should focus on information authenticity, matching accuracy, interactive functionality, and privacy 
protection to improve user experience and job search efficiency. 
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