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ABSTRACT

This study investigates whether shared learning facilities can reduce educational
inefficiency in practice-intensive programs that rely on specialized rooms, equipment,
instructor guidance, and repeated hands-on activities. The study is designed to collect
data from approximately 45 practice-intensive programs across 12 higher education
institutions over two academic semesters, including around 14,000 facility-booking
records, 8,500 equipment-use logs, 5,200 supervised practice records, 3,600 learner
waiting-time records, 1,200 student survey responses, and 180 administrator
interviews or coordination notes. Key variables include facility utilization rate, idle-
time ratio, booking success rate, peak-hour congestion, average waiting time,
equipment availability, learner access frequency, course completion continuity,
perceived access fairness, and satisfaction with facility support. The study applies data
envelopment analysis, queueing analysis, propensity score matching, difference-in-
differences analysis, and multilevel regression to compare programs before and after
shared-use policy implementation and to examine whether shared facilities improve
resource efficiency and learner access. Evaluation indicators include utilization
improvement rate, idle-time reduction, conflict reduction, waiting-time decrease,
access equity index, and learning continuity score. The innovation of this study lies in
moving beyond general discussion of resource shortage and providing empirical
evidence on whether shared facility governance can reduce educational inefficiency,
improve access fairness, and support sustainable operation in programs with high
resource dependency.

1. Introduction

Practice-intensive programs rely heavily on laboratories, simulation rooms, studios,
workshops, specialist equipment, and supervised practice spaces. These facilities provide the
physical conditions required for repeated training, immediate error correction, technical
demonstration, and the gradual development of practical competence. Their educational value
depends not only on the availability of equipment but also on whether students can obtain timely
and stable access throughout a course. Previous studies have shown that learning-space design and
availability affect student participation, teaching practice, collaboration, and satisfaction
(Ninnemann et al., 2026; Qi & Qiao, 2026b). Research in public art education has also connected
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collaborative teaching arrangements with the optimization of teaching-resource efficiency,
suggesting that the organization and sharing of instructional resources can influence both teaching
delivery and resource use (Lin et al., 2026). Other studies have shown that the quality and
organization of learning environments can shape how students engage with practical and
collaborative activities (Yakin et al., 2025). Flexible layouts, suitable equipment, extended opening
hours, and reliable technical support may further improve the use of active and informal learning
spaces (Wang et al., 2026; Wu & Chen, 2025). These factors are particularly important in practice-
intensive programs because interruptions in facility access can directly affect training schedules,
assignment completion, assessment preparation, and continuity of skill development (Aybek &
Kaya, 2026; Zhu et al., 2025).

Despite their educational importance, specialized facilities require substantial investment in
space, equipment, maintenance, staffing, and technical support. Their utilization is also highly
uneven. Some laboratories and training rooms remain underused during ordinary teaching weeks,
while the same facilities may become heavily congested before examinations, project deadlines,
competitions, and practical assessments. Access difficulties can be greater for students studying
away from the main campus or relying on a limited number of local facilities (Asamoah & Ansong,
2025; Zhang, 2026). This imbalance creates two related problems: unused capacity during low-
demand periods and insufficient access during periods of concentrated demand. Facility-
management studies have explored smart-campus systems, maintenance platforms, sensor data, and
building-management information as tools for improving the operation of rooms and equipment
(Huang, Xu, et al., 2026; Qi & Qiao, 2026a). Research on shared scientific instruments has likewise
reported progress in open access while identifying problems related to coordination, uneven
utilization, and unclear management responsibilities (Al-Ibraheem et al., 2025; Zheng & Makar,
2022). These studies support the potential value of shared-use arrangements, particularly when
expensive facilities can serve several programs rather than remain restricted to a single department.
However, most existing studies examine facility conditions through surveys, interviews,
administrative descriptions, or records from a single institution. They provide limited evidence on
how students' perceived access corresponds with actual booking success, waiting time, equipment
availability, idle capacity, and continuity of practical learning. A related body of research has
examined efficiency in higher education through data envelopment analysis. This method has been
used to compare universities, departments, and academic programs using combinations of staff,
expenditure, enrollment, publications, graduates, and other inputs and outputs (Cantner et al., 2026;
Zhang et al., 2025). Such studies are useful for evaluating overall institutional performance, but
annual or aggregate indicators provide little information about the operational causes of poor
facility efficiency (Fabre et al., 2026; Lin et al., 2020). A laboratory may appear inefficient because
of restricted opening hours, equipment faults, failed reservations, low occupancy during ordinary
weeks, excessive demand during peak periods, or a mismatch between scheduled capacity and
actual student needs. These mechanisms cannot be identified from annual input-output data alone.
Queueing analysis provides a useful complementary approach because it directly links arrival
demand, service capacity, waiting time, cancellations, and congestion (Shao, 2026; Xiong & Zeng,
2026). It can therefore distinguish between insufficient total capacity and poor allocation of existing
capacity. Yet queueing methods remain more common in health care, transportation, and service
operations than in educational facility management. Their application to laboratories, studios,
simulation rooms, and supervised-practice facilities remains limited, particularly when resource
efficiency and student learning access are evaluated together (Hong et al., 2026b; VandeLoo et al.,
2026). Evaluating shared-use policies also requires attention to selection bias. Institutions and
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programs do not necessarily adopt facility-sharing arrangements under comparable conditions.
Programs facing severe shortages, high student demand, limited equipment, or persistent
scheduling conflicts may have stronger incentives to enter a shared-use system. A simple
comparison between participating and non-participating programs may therefore attribute pre-
existing differences to the sharing policy itself. Before-and-after comparisons can face a similar
problem when changes in enrollment, course structure, staffing, assessment schedules, or
institutional policy occur at the same time. Propensity score matching and difference-in-differences
analysis provide a stronger basis for policy evaluation when observable baseline differences are
balanced and pre-intervention trends are examined carefully (Hong et al., 2026a; Sebastian et al.,
2026). Combining these methods with operational records can move facility research beyond
descriptive evaluations and provide stronger evidence about whether observed changes are
associated with shared-use arrangements rather than with differences that already existed between
programs.

Against this background, the present study aims to evaluate whether shared facilities can
improve both resource efficiency and practical-learning access in higher education. The analysis
covers approximately 45 practice-intensive programs across 12 higher education institutions over
two academic semesters and integrates booking records, equipment-use logs, supervised-practice
records, waiting-time data, student surveys, and administrator notes. Data envelopment analysis is
used to assess the relative efficiency with which programs convert facility, equipment, staffing, and
time resources into practical-learning outputs. Queueing analysis is applied to examine how
demand intensity, available capacity, waiting time, booking failure, and congestion change across
teaching periods. Propensity score matching and difference-in-differences analysis are used to
compare shared-use and non-shared programs while reducing bias arising from differences in their
initial conditions. Multilevel regression further accounts for the nested structure of students within
programs and programs within institutions. Through this combined design, the study examines
whether facility sharing increases effective utilization, reduces idle capacity and booking conflicts,
shortens waiting time, improves fairness of access, and supports more continuous participation in
practical training. The study also seeks to identify whether improvements in overall efficiency are
accompanied by better student access rather than being achieved simply through higher occupancy
or greater scheduling intensity. Its significance lies in connecting educational outcomes with the
operational performance of specialized facilities and in providing institution-level evidence for
decisions on resource sharing, facility investment, opening schedules, equipment allocation, and
cross-program coordination. By linking efficiency measurement, congestion analysis, student
experience, and policy evaluation within the same framework, the study provides a more direct
basis for determining when shared-use systems can reduce duplicated investment while maintaining
reliable and equitable access to practice-intensive learning resources.

2. Materials and Methods
2.1 Sample and Study Setting

The study included 45 practice-intensive programs from 12 higher education institutions over
two academic semesters. The programs covered engineering laboratories, clinical simulation,
media production, design studios, technical workshops, and other courses that required specialist
rooms or equipment. Programs were included when students needed supervised facility access for
at least four practical tasks per semester. Each facility also had to use a formal booking system.
Programs were excluded when they had major curriculum changes, long facility closures, or
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incomplete booking records. The dataset included about 14,000 facility bookings, 8,500 equipment-
use records, 5,200 supervised-practice records, 3,600 waiting-time records, 1,200 student surveys,
and 180 administrator interviews or coordination notes. Program size, course level, facility type,
weekly practice hours, equipment value, and baseline demand were recorded as control variables.

2.2 Study Design and Comparison Groups

A matched quasi-experimental design was used to assess the effect of facility sharing.
Programs that introduced cross-department or cross-institution facility sharing formed the
intervention group. Programs that continued to use facilities within their own departments formed
the comparison group. Programs were matched by enrollment, facility type, baseline use rate,
weekly booking demand, equipment value, and supervised-practice hours. Data were collected for
one semester before and one semester after the policy began. In the intervention group, eligible
programs booked selected rooms and equipment through a shared platform. Access remained
subject to safety rules, staff support, and equipment availability. The comparison group kept its
existing booking and access rules. This design allowed changes in facility use, idle time, waiting
time, booking success, and learning continuity to be compared between the two groups.

2.3 Measurement and Quality Control

Facility utilization was calculated as the share of available operating time used for approved
teaching or practice sessions. Idle time was defined as available time without confirmed use.
Maintenance and safety closure periods were excluded. Booking success rate was calculated as the
share of valid requests that received an approved time slot. Waiting time was measured from the
first booking request to confirmed access. Peak-hour congestion was measured as the ratio of
booking demand to available slots during the busiest 20% of operating periods. Equipment
availability was based on the number of working units after faults, repair periods, and calibration
periods were removed. Learning continuity was measured using missed practice sessions, delayed
tasks, and breaks between required practical stages. Access fairness and satisfaction were measured
with five-point survey scales. All institutions used the same coding guide and data form. System
timestamps were checked each month, duplicate bookings were removed, and 10% of the records
were compared with local facility logs. Two researchers coded the interview notes independently
and reviewed all disagreements.

2.4 Data Processing and Model Formulation

Booking, equipment, practice, survey, and program records were linked through anonymous
institution, program, facility, and student codes. Records with missing request time, approval status,
or use duration were removed from the main analysis. Use durations above the 99th percentile were
checked for overnight access, equipment faults, and recording errors before exclusion. Resource
efficiency was estimated with an input-oriented data envelopment analysis model:

9j= min
0,
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where x; is the facility input for program x j, Yii is the access or learning output, and 6; is the

efficiency score. The effect of the sharing policy was estimated with a difference-in-differences

model:

Yip=By+B, SptB,Post+B, (S, xPost)+uj+v,+eiy,

where Y;

ipt 18 the outcome for record or student i, program p, and period t. S, marks shared-

use programs, Post, marks the post-policy period, and B, gives the adjusted policy effect.

2.5 Statistical Analysis

Propensity scores were estimated with logistic regression. Baseline variables included
program size, facility type, utilization, booking demand, equipment value, and practice hours. One-
to-one nearest-neighbor matching was used with a caliper of 0.20 standard deviations of the logit
score. Group balance was accepted when standardized mean differences were below 0.10. Data
envelopment analysis was used to compare program efficiency before and after facility sharing.
Queueing measures were used to estimate arrival rate, service rate, traffic intensity, and waiting
time during normal and peak periods. Difference-in-differences analysis tested changes in
utilization, idle time, booking success, waiting time, access fairness, and learning continuity.
Multilevel regression was used because students were grouped within programs and institutions.
Results were reported with adjusted estimates, 95% confidence intervals, effect sizes, and ppp-
values. Statistical significance was set at p<0.05. Sensitivity tests excluded facilities with long
repair periods, programs with incomplete follow-up data, and institutions that changed booking
software during the study.

3. Results and Discussion

3.1 Changes in Resource Efficiency

After propensity score matching, 20 shared-use programs were paired with 20 comparison
programs. Five programs were excluded because no suitable matches were found. Baseline
differences were small, and all standardized mean differences were below 0.10. Before the policy,
the mean DEA efficiency score was 0.69 in the shared-use group and 0.70 in the comparison group.
After the policy, the score increased to 0.84 in the shared-use group and 0.73 in the comparison
group. The adjusted policy eftect was 0.12 (95% CI: 0.08-0.16, p<0.001). The number of shared-
use programs on the efficiency frontier increased from 4 to 11, while the number in the comparison
group increased from 5 to 6. As shown in Fig. 1, the largest gains occurred in programs that used
expensive equipment and supervised laboratories. These programs had high fixed costs but low use
rates before sharing began. General studios showed smaller gains because they already had longer
opening hours and fewer booking limits. The findings indicate that facility sharing is most useful
for costly resources that are not fully used (Li et al., 2026; Scott et al., 2025). Li and Hong (2026)
also found that DEA models with shared inputs can identify differences that are hidden in
institution-level data. Scott et al. (2025) reported that larger budgets and staff numbers did not
always lead to higher efficiency.
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Fig. 1. Facility efficiency before and after the shared-use policy.
3.2 Facility Use, Idle Time, and Booking Conflicts

The mean facility utilization rate increased from 61.8% to 77.4% in the shared-use group. The
comparison group showed a smaller increase from 63.1% to 65.0%. The difference-in-differences
estimate was 13.7 percentage points (95% CI: 10.2-17.1, p<0.001). The idle-time ratio in the
shared-use group decreased from 29.6% to 16.8%, while the comparison group changed only from
28.9% to 27.6%. Booking success increased from 72.4% to 86.7% under the shared-use policy. The
increase in the comparison group was only 2.4 percentage points. Booking conflicts in the shared-
use group also fell from 9.8 to 5.6 per 100 requests. Administrator records showed that the shared
platform helped staff find unused periods and move practice sessions to facilities with available
capacity. The greatest gains occurred when departments had different teaching schedules. Sharing
was more difficult when facilities followed different safety rules or required specialist staff. Wu et
al. (2026) found that real-time campus data and shared dashboards can support resource planning.
Fernandez et al. (2025) also reported that smart facility systems can lower operating costs. The
present results show that digital tools are more useful when institutions also apply common booking
rules and clear access procedures (Fernandez Cerero et al., 2025; Wu et al., 2026).
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3.3 Waiting Time and Access Fairness

Mean waiting time in the shared-use group decreased from 4.3 to 2.6 days. The comparison
group showed only a small change from 4.1 to 3.9 days. The adjusted policy effect was —1.54 days
(95% CI: —1.92 to —1.16, p<0.001). Peak-hour congestion in the shared-use group fell from 1.21
requests per available slot to 0.94, while it remained above 1.10 in the comparison group. Learner
access frequency increased from 2.8 to 3.5 sessions per semester. The access equity index also rose
from 0.74 to 0.84. Programs with low baseline access gained more than programs that already had
enough equipment. This change reduced the access gap between large and small programs. As
shown in Fig. 2, the largest decrease in waiting time occurred during peak demand. The difference
was smaller during normal periods because both systems had unused capacity. Huang et al. (2026)
found that a common queue can reduce waiting when service units have similar capacities. They
also noted that different resource types need separate assignment rules. The same pattern was
observed here. Shared booking reduced waiting time, but direct assignment remained necessary for
equipment with different operating speeds, safety rules, or staff needs (Huang, Yin, et al., 2026;
Nanteza, 2025). Nanteza (2025) also found that shared laboratories can improve access, although
equal access still depends on suitable technical and teaching support.
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Fig. 2. Average waiting time under shared and department-based booking during normal and peak
periods.
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3.4 Learning Continuity and Management Implications

The share of learners who experienced breaks between required practical tasks decreased from
24.6% to 13.2% in the shared-use group. The comparison group showed a smaller reduction from
23.8% to 21.9%. The mean learning continuity score increased from 3.31 to 4.02 on the five-point
scale. Satisfaction with facility support increased from 3.38 to 4.11. Multilevel regression showed
that booking success was positively related to learning continuity (=0.28,p<0.001). Waiting time
was negatively related to continuity (p=-0.21,p<0.001), while equipment availability had a positive
effect (B=0.19,p=0.003). Administrator records showed that sharing worked best when institutions
used common facility names, current availability data, standard safety approval, and clear cost rules.
About 18% of delayed shared bookings were linked to missing safety training or unclear technical
support. Sharing across departments within the same institution was therefore easier than sharing
across institutions. Huang et al. (2026) also found that shared university programs often face
problems caused by separate management systems and short-term planning. Formal rules and stable
administrative support are therefore needed. The study covered only two semesters and did not use
random policy assignment. Some outcomes were also based on student surveys and administrator
records. Future research should examine maintenance costs, equipment wear, and changes in
practical skill performance over longer periods.

4. Conclusion

This study found that shared learning facilities can reduce waste and improve access in
practice-intensive programs. After the shared-use policy was introduced, facility use increased, idle
time fell, and more booking requests were approved. Average waiting time decreased from 4.3 to
2.6 days, while the access equity index rose from 0.74 to 0.84. Facility sharing also reduced breaks
between required practical tasks and improved student satisfaction with facility support. This study
combines efficiency analysis, queueing measures, matching methods, and multilevel models to
assess resource use and learner access in the same framework. The results show that shared use is
most effective for costly equipment and supervised spaces with low initial use rates. The findings
can guide cross-department booking, equipment allocation, opening-hour planning, and future
investment in practical training facilities. However, the study covered only two semesters and did
not use random assignment. Some measures were also based on surveys and administrative records.
Future studies should use longer observation periods and examine maintenance costs, equipment
wear, and changes in practical skill performance.
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