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ABSTRACT- This retrospective quality-monitoring study applied Statistical Process Control (SPC) and Ishikawa
analysis to semester-level student at-risk records in the Science Education and Mathematics Education programs of
the University of Science and Technology of Southern Philippines. Complete aggregate records for six semesters
from Academic Year (AY) 2023-2024 through AY 2025-2026 were analyzed using p-charts with subgroup-specific
three-sigma control limits. Science Education recorded 60 at-risk cases across 673 student-enrollments (weighted
mean = 8.92%), whereas Mathematics Education recorded 34 cases across 270 student-enrollments (weighted
mean = 12.59%). In both programs, the 1st Semester of AY 20242025 exceeded the upper control limit, indicating
special-cause increases (Science: p = 0.2389, UCL = 0.1696; Mathematics: p = 0.4146, UCL = 0.2814). The zero
rates in the 1st Semester of AY 2023-2024 also fell below the lower control limits and therefore require verification
as unusually favorable outcomes or possible classification/data-quality effects. The Ishikawa map organized causes
into student, instructional, curriculum, resource, institutional-support, and external domains. The findings support
semester-based monitoring and targeted investigation, but the six-period series and unvalidated root-cause
categories require cautious interpretation. SPC should be used as an early-warning and quality-improvement tool

rather than as proof of causation.
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INTRODUCTION

Student retention is a central quality concern in higher
education because withdrawal, delayed progression, and
repeated failure affect students, programs, and institutional
resources. Reviews of university dropout show that risk is
not explained by a single variable; academic preparation,
socioeconomic  conditions,  motivation, institutional
organization, and the timing of students’ experiences interact
across the study pathway [1-3]. First-year and gateway-
course performance is especially important because early
academic, social, and motivational experiences are associated
with subsequent success [2].

Science, technology, engineering, and mathematics (STEM)-
related programs are particularly sensitive to foundational
knowledge and sequential prerequisites. Learning-analytics
studies demonstrate that early course behavior and
performance can identify students who may require support
before failure occurs [4-8]. However, prediction and
retrospective reporting do not by themselves provide a
process-monitoring mechanism. A program chair may know
the annual percentage of at-risk students but still lack an
objective way to determine whether a semester represents
routine fluctuation or an unusual process shift.

Statistical Process Control (SPC) addresses this problem by
placing outcomes in time order and distinguishing common-
cause variation from special-cause signals [10-12]. For a
proportion such as the number of students classified as at risk
divided by total enrollment, the p-chart is appropriate when
subgroup sizes vary. Unlike a conventional hypothesis test, a
control chart evaluates process behavior against limits
estimated from the process itself; a point outside a control
limit is a signal for investigation rather than proof of a
particular cause [11]. Educational applications of SPC

indicate that control charts can support objective review of
program performance and continuous improvement [10].

SPC identifies when investigation is needed but does not
diagnose why a signal occurred. Ishikawa’s cause-and-effect
method provides a structured way to organize possible
contributors across multiple domains [13]. In education,
those domains may include student preparation, teaching and
assessment, curriculum sequencing, learning resources,
institutional support, and external pressures. studies show
that academic performance and intervention outcomes can be
related to instructional quality, monitoring, motivation,
institutional review programs, learning technologies, and
structured support [14-19].

The present study therefore examined aggregate at-risk rates
in the Science Education and Mathematics Education
programs at USTP across six semesters. It aimed to (1)
compute semester-level at-risk rates, (2) construct program-
specific p-charts, (3) identify special-cause signals, (4)
organize plausible causes using an Ishikawa framework, and
(5) propose an institutional response process. The study
contributes a simple monitoring approach that can be
implemented with routinely available academic records while
recognizing that a diagnostic diagram must be validated with
program evidence before causal conclusions are made.

MATERIALS AND METHODS

Research Design and Data Source

The study used a retrospective descriptive quality-monitoring
design. Aggregate secondary records were obtained from the
University of Science and Technology of Southern
Philippines for the Science Education and Mathematics
Education programs. The observation window covered six
consecutive semesters from the 1st Semester of AY 2023-
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2024 through the 2nd Semester of AY 2025-2026. Total
enumeration was used; consequently, the analysis covered
every student-enroliment appearing in the supplied semester
records rather than a sample.

Operational Definition and Data Preparation

The numerator for each semester was the number of students
recorded by the institution as academically at risk, while the
denominator was total program enrollment for the same
semester. The institutional designation may include
indicators such as failing grades, probation, repeated courses,
shifting, or discontinuation, as reflected in official records.
No personally identifiable information was analyzed. Before
operational deployment, the institution should maintain one
documented classification rule across semesters because
changes in screening criteria can themselves produce control-
chart signals.

Statistical Process Control

For semester i, the observed proportion was calculated as p; =
xi/ni, where x; is the number of at-risk students and n; is total
enrollment. The weighted center line was computed as p =
¥xi/En;. Because enrollment varied by semester, control
limits were calculated separately for each subgroup: UCL; =
min[1, p + 3V{p(1-p)/n}] and LCL; = max[0, p -
3V{p(1-p)/m;}]. A point above the UCL or below the LCL
was treated as a special-cause signal requiring investigation.
The terms “in control” and “out of control” refer to statistical
process behavior and do not imply acceptable or
unacceptable educational performance [11, 12].

Only six subgroups were available per program. Therefore,
the analysis focused on points beyond the three-sigma limits
and did not apply extended run rules that ordinarily require
longer sequences.

Ishikawa Diagnostic Procedure

For semesters with special-cause signals, a cause-and-effect
framework was developed using six domains: student
factors, faculty/instruction, curriculum, learning resources,
institutional support, and external factors. The categories
were informed by the higher-education and local literature
[1-9, 14-20]. Since the available dataset contained no
interviews, course-level failure distributions, advising
records, or student-level covariates, the listed causes are
diagnostic hypotheses.

Ethical Considerations

Institutional permission was secured for the use of records.
Data were handled confidentially, and no names, student
numbers, or identifiable profiles were included in the
analysis or reporting. The study presents program-level
monitoring results and does not rank or identify individual
students or faculty members.

RESULTS
Table 1: Science Education Enrollment and At-Risk Rates
Period Enrolled At risk Rate (%)

1S23-24 146 0 0.00
2S 23-24 140 6 4.29
1S 24-25 113 27 23.89
2S 24-25 97 16 16.49
1S 25-26 91 6 6.59
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Period Enrolled At risk Rate (%)
2S 25-26 86 5 5.81

Note. Rates use semester-level student-enroliment a student may
appear in more than one period.

Table 2
Mathematics Education Enrollment and At-Risk Rates
Period Enrolled At risk Rate (%0)

1S 23-24 67 0 0.00
2S5 23-24 58 9 15.52
1S 24-25 41 17 41.46
2S 24-25 37 4 10.81
1S 25-26 34 3 8.82
2S 25-26 33 1 3.03

Note. Rates use semester-level student-enroliments; a student may
appear in more than one period.

Science Education recorded 60 at-risk cases across 673
student-enrollments (weighted mean = 8.92%). Mathematics
Education recorded 34 cases across 270 student-enrollments
(weighted mean = 12.59%). Both programs reached their
highest observed rate in 1S 24-25: 23.89% in Science
Education and 41.46% in Mathematics Education.

Table 3: Science Education p-Chart Parameters

Period pi UCL; CL LCL; Signal
1S23-24 0.0000 0.1599  0.0892  0.0184 Low
2523-24 0.0429 0.1614 0.0892 0.0169 None
1S24-25 0.2389  0.1696  0.0892  0.0087 High
2S5 24-25 0.1649 0.1760 0.0892 0.0024 None
1S 25-26 0.0659 0.1788  0.0892  0.0000 None
2525-26 0.0581  0.1813  0.0892  0.0000 None

Note. CL = center line; UCL/LCL = upper/lower control limits;

Science Education p-chart

@~ Observed p

== LCL

0.4 --- UCL : ¥ Ssignal
----- Center line

Proportion at risk

Low/High = special-cause signal.

Figure 1 Science Education p-Chart
Note. Cross markers identify observations outside the three-sigma limits.
Science Education had a below-LCL zero rate in 1S 23-24
(LCL =0.0184) and an above-UCL rate of 0.2389 in 1S 24—
25 (UCL = 0.1696). The other four periods were within their
subgroup-specific limits.
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Table 4: Mathematics Education p-Chart Parameters Domain Plausible mechanisms requiring validation

Period pi UCL; CL LCL; Signal Curriculum Prerequisite difficulty; congested loads;
1S 23 24 0.0000  0.2475 0.1259 0.0043 Low sequencing or alignment problems; theory-

' ' ' ' practice gaps.
2523-24 0.1552  0.2566  0.1259  0.0000 None . . . . .
) Learning resources Insufficient laboratories, equipment, materials,

18 24-25 04146 02814  0.1259  0.0000 High library resources, or digital access.
2524-25 0.1081 02896  0.1259  0.0000 None Institutional support Limited tutoring, remediation, advising,
1S 25-26 0.0882 0.2966 0.1259 0.0000 None mentoring, monitoring, or delayed intervention.
25 2526 00303  0.2992 0.1259 0.0000 None External factors Financial hardship, family obligations, health

Note. Negative lower limits were truncated to zero because
proportions cannot be negative.

Mathematics Education p-chart
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Figure 2: Mathematics Education p-Chart
Note. Cross markers identify observations outside the three-sigma
limits.

Mathematics Education showed the same timing: a below-
LCL zero rate in 1S 23-24 (LCL = 0.0043) and an above-
UCL rate of 0.4146 in 1S 24-25 (UCL = 0.2814). The
simultaneous high signals identify 1S 24-25 as the principal
period for cross-program investigation.

Table 5: Special-Cause Signals and Follow-Up

Program/period Signal Priority follow-up
Science, 1S 23— Below LCL  Verify record completeness
24 and classification consistency;
document favorable practices if
confirmed.

Science, 1S 24— Above UCL  Review high-failure courses,
25 prerequisites, assessments,
attendance, advising, and
support use.

Verify record completeness
and classification consistency;
document favorable practices if

confirmed.

Mathematics, 1S Below LCL

23-24

Mathematics, 1S Above UCL Conduct a cross-program
24-25 review of curriculum load,
instruction, and support.
Table 6: Ishikawa Cause Domains
Domain Plausible mechanisms requiring validation
Student factors Weak prerequisite knowledge; low motivation;

poor study habits; absenteeism; non-STEM
preparation.

Teaching-learning misalignment; assessment
difficulty; inconsistent delivery; limited
feedback.

Faculty / instruction

concerns, transportation, and social pressures.
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Figure 3: Ishikawa Map of Root Cause Domains

DISCUSSION

Baseline Risk and Temporal Variation

The weighted center line was higher in Mathematics
Education (12.59%) than in Science Education (8.92%). This
descriptive difference indicates a higher average proportion
of at-risk student-enrollments in Mathematics during the
observed period, but it should not be interpreted as a causal
program comparison. The programs had different enrollment
sizes, course structures, and potentially different student
characteristics. Reviews of first-year success and dropout
similarly emphasize that academic outcomes are influenced
by multiple academic, motivational, and contextual domains
[1-3].

Both programs produced an above-UCL signal in the 1st
Semester of AY 2024-2025. The shared timing raises a
reasonable hypothesis that cross-program or institution-level
conditions contributed to the increase. Possible explanations
include changes in curriculum sequencing, unusually
difficult gateway courses, assessment calibration, learning-
resource access, or the timing and capacity of support
services. Nevertheless, the chart cannot identify which
explanation is correct. Course-level and stakeholder evidence
is necessary before attributing the signal to any specific
factor.

Interpretation of the Zero-Rate Signals

Below-LCL signals in the 1st Semester of AY 2023-2024
because both programs recorded zero students at risk. This
result is statistically unusual relative to the weighted
baselines. A zero may represent genuinely strong
performance, but it may also arise when screening
procedures, documentation practices, or the definition of at-
risk status differ from later semesters. Quality monitoring
therefore requires a data-verification step. If the records are
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complete and the definition was consistent, the institution
may identify and preserve the practices associated with that
favorable semester.

Value of SPC for Educational Monitoring

The findings illustrate the advantage of SPC over a simple
table of percentages. Descriptive reports show that rates
changed; the p-chart indicates which changes are unlikely to
be explained by the estimated common-cause variation of the
monitored process. Prior work has shown that SPC can be
adapted to academic-program performance and can focus
institutional attention on periods requiring investigation [10].
Early-warning research likewise supports the use of timely,
interpretable monitoring systems to connect detection with
support [4-8].

Root-Cause Domains and Local Evidence

The Ishikawa framework treated academic risk as a system
outcome rather than solely a student deficit. Student
preparation and motivation matter, but teaching, assessment,
curriculum, resources, and institutional response may either
reduce or intensify risk. A srudy reported the use of targeted
learning-camp  support for struggling students [14];
emphasized the relationship of professional instructional
practices and mathematics performance [15] highlighted the
need to evaluate institutional review interventions rather than
assume their effectiveness [16].

Technology-supported learning and motivation are also
relevant but should be matched to the identified need.
improved performance after a gamified learning-
management intervention in Physical Science [17], while a
study underscored the role of orientation, motivation, and
support in academic performance [18. 21] TVET-based
instructional materials incorporating hands-on activities,
digital simulations, and collaborative tasks produced greater
learning gains and higher critical thinking, creativity,
collaboration, and communication scores than conventional
lecture-discussion instruction. Longitudinal performance
records can inform curriculum review and intervention
planning in teacher education [19].

Implications for Institutional Action

The 1st Semester of AY 2024-2025 may be treated as the
priority investigation period. A cross-program review can
begin with course-level failure and withdrawal distributions,
particularly in prerequisite and gateway courses. This should
be followed by a review of assessment design, teaching
schedules, laboratory and digital access, advising contacts,
tutoring  participation, and student-reported barriers.
Academic stress and external pressures may also contribute
to reduced performance and persistence [20], but collection
of such information must be confidential and ethically
managed.

CONCLUSION

SPC revealed that student at-risk rates in the two programs
were not characterized solely by routine semester-to-
semester variation. Science Education had a weighted
average at-risk rate of 8.92%, and Mathematics Education
had a weighted average of 12.59%. Both programs showed
an above-UCL signal in the 1st Semester of AY 2024-2025,
identifying a common high-risk period for institutional

Sci.Int.(Lahore),38(4),221-225,2026

investigation. Both also showed below-LCL zero rates in the
1st Semester of AY 2023-2024, which should be verified as
genuine improvement or a possible data-classification effect.
The Ishikawa framework causes but does not establish them.
Accordingly, the main contribution of the study is an
operational ~ monitoring-and-inquiry ~ framework: ~ SPC
indicates when to investigate, while validated root-cause
analysis determines what action is warranted.

RECOMMENDATIONS

+ Standardize and document one operational definition of
“student at risk,” including the timing, responsible office,
and evidence required for classification.

Maintain semester-level p-charts for each program and
require a documented verification and root-cause review
whenever a point crosses a control limit.
Audit the 1st Semester of AY 2024-2025 at course level,
including prerequisite chains, failure and repeat rates,
assessment distributions, attendance, advising, tutoring,
and resource access.

Link identified needs to targeted interventions such as
bridge activities, tutoring, mentoring, assessment review,
curriculum  sequencing changes, or financial and
psychosocial referrals, then monitor subsequent semesters
for sustained improvement.

Expand the time series and consider alternative charts or
models if overdispersion, serial dependence, or changing
risk definitions are detected.
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