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consistency of human review require evaluation on larger datasets.
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1. INTRODUCTION

The evaluation of graduate learning outcome
attainment (Capaian Pembelajaran Lulusan, CPL)
plays a strategic role in ensuring graduate quality
and institutional accountability in higher education
[1], [2]. In Indonesian outcome-based curricula
aligned  with  the  Indonesian  National
Qualifications Framework (KKNI) and Outcome-
Based Education (OBE), program-level learning
outcomes (CPL) are operationalized through
course-level  learning  outcomes  (Capaian
Pembelajaran Mata Kuliah, CPMK), and
attainment is determined by aggregating weighted
CPMK scores and comparing the result against a
predefined threshold. This aggregation-and-
threshold procedure is transparent and easy to
compute, and it underpins the quality-assurance
reporting expected under national accreditation [3].
The procedure nonetheless has a well-known
weakness. A crisp threshold treats a score of 69.9
and a score of 70.0 as categorically different, even
though the two are practically indistinguishable,
and it collapses all failing scores into a single class
regardless of how close a student is to the
boundary. For a student whose aggregate sits just
below the threshold, a binary verdict is difficult to
defend pedagogically and conveys no information
about how near the student is to attainment. As
assessment data grow in volume, manual
spreadsheet-based handling of these borderline
cases also becomes inconsistent across lecturers, a
limitation that has motivated fuzzy approaches to
student assessment [4].

These limitations motivate an evaluation
approach that is more transparent about the
borderline region while preserving the official
aggregation rule. Fuzzy logic is well suited to the
first requirement: through graded membership, in
linguistic categories it represents how strongly a
score belongs to adjacent categories, and because it
is rule-based, each decision remains inspectable
[5], [6]. A neural network can serve a second,
narrower requirement: when the complete CPMK
profile or its contribution weights are not yet
available, a learned model can produce an early,
complementary estimate of likely attainment from
the partial information at hand [7], [8]. Combining
the two paradigms yields a decision-support
instrument that keeps the interpretability of fuzzy

inference and adds a predictive component for
incomplete-information settings [9].

We examine how a program can retain its
weighted CPL calculation while giving reviewers
more information about scores near the passing
threshold. The proposed workflow specifies which
output determines attainment, what the fuzzy layer
reports, and when a case is referred for human
review. A perceptron is included to illustrate a
supplementary estimate from course scores.
Section 2.6 defines these roles. The study evaluates
the calculation procedure through worked
examples; it does not test predictive superiority or
establish generalizability. The contribution is the
decision and referral procedure. Related work
follows below, with the methodology, results, and
conclusion presented in Sections 2-3 and the
Conclusion section.

CPL and program learning outcome (PLO)
reporting have been implemented in institutional
assessment systems. Kushari and Septiadi [3]
designed an assessment information system that
links PLO to course outcomes and curricular
activities so that program managers, lecturers, and
students can monitor attainment throughout a
semester. Yuniarti and colleagues [10] developed a
learner assessment system for e-learning that
reports activity performance and ability levels
under an OBE approach, while Diyasa and
colleagues [11] implemented an integrated
evaluation and learning system built on an OBE
ecosystem. Assessment tools and rubrics for such
outcome-based reporting have also been
consolidated by Sasipraba and colleagues [12].
These systems establish the practical need for
transparent, system-supported CPL reporting, and
they largely rely on deterministic weighted
aggregation.

Fuzzy logic has been applied to educational
assessment precisely because of its interpretability.
Aziz and Hashem [13] used a Mamdani fuzzy
inference system to assess student learning
outcomes in the implementation of outcome-based
education, and Ozdemir and Balbal [14] employed
fuzzy logic to analyse the performance of
engineering students, while comparable fuzzy
grading schemes have been applied to best-student
selection and online engineering courses [5], [15],
highlighting the flexibility of fuzzy methods in
handling the many parameters that influence
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attainment. Yagci [16] investigated student
performance prediction using machine-learning
algorithms, while Ahmad and colleagues [17] used
an artificial neural network. Nachouki and
colleagues [9] examined factors affecting student
performance with a neuro-fuzzy model. These
studies place prediction alongside fuzzy
approaches to assessment. Two recent lines of
work bear directly on the present study. Loresco
and Pilueta [18] proposed an adaptive neuro-fuzzy
framework with an individualized dashboard for
monitoring student outcomes in outcome-based
education, in which neural learning adapts the
parameters of the fuzzy inference system itself.
Naccache and Hleiss [19] showed, in preservice
teacher education, that a fuzzy assessment layer
reduces classification risk for candidates whose
aggregate scores fall near a decision boundary, and
the meta-analysis of Tuan and colleagues [20]
reports that the measured effect of fuzzy
assessment depends strongly on the configuration
of the input and output variables, which makes
complete parameter reporting a precondition for
comparability. In parallel, human-in-the-loop
designs for academic assessment have been
formalized by Khan and colleagues [21], who
address the policy gaps that arise when automated
scoring is used without an explicit human-review
stage, and by Fajardo-Ramos and colleagues [22],
who argue that human-in-the-loop assessment
requires an institutionally defined division of
responsibility rather than an accumulation of tools.
Reviews of explainable artificial intelligence in
education [23], [24] converge on the same
requirement for high-stakes decisions: the
mechanism that produces a decision must be
inspectable by the person accountable for it.
Shabbir and colleagues [25] further show that
course- and program-level outcome attainment is
itself sensitive to institutional conditions such as
teaching workload, which limits the interpretation
of any attainment figure as a pure measure of
student ability.

Existing outcome-based assessment systems
commonly rely on deterministic weighted
aggregation followed by threshold comparison,
while fuzzy and neuro-fuzzy approaches have
separately been used to represent uncertainty in
scoring [13], [19], [20] and to predict student
performance [9], [16], [17], [18]. For the program
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considered here, the design requirement is to keep
the weighted CPL result authoritative, describe
scores near the threshold through fuzzy
memberships, and refer borderline cases to a
reviewer. Neural estimates from incomplete
profiles are recorded as supplementary
information. The novelty claimed here is therefore
not the combination of fuzzy logic and neural
networks, which is well established, but the
ordering of the components and the allocation of
authority among them: official weighted CPL
calculation, fuzzy interpretation, borderline
identification, neural supplementary estimate,
human review. This distinguishes the design from
ANFIS-type systems such as [18], in which neural
learning directly adapts the parameters of the fuzzy
inference system, so that the resulting membership
functions are no longer fixed by institutional
policy. The present study addresses this gap at the
level of framework design and illustrative
demonstration. The neural component is trained
only on a small worked set and a single pass
through the data, so no claim of predictive novelty
or predictive superiority is made.

2. METHODS

2.1 Institutional Context

The study draws on the undergraduate
Computer Science program of the Faculty of
Science and Technology, Universitas Islam Negeri
Sumatera Utara, which has implemented a KKNI—
OBE curriculum since 2021. The program defines
five graduate profiles and eleven CPL derived from
them, spanning the attitude, general-skill, specific-
skill, and knowledge elements required by the
national standard (SN-Dikti) at KKNI Level 6.
Each CPL is operationalized by course-level
CPMK embedded in the semester learning plan
(RPS) of each course. The demonstration uses
these CPMK-to-CPL mappings and the weights
recorded in the RPS. Another program would need
to supply its own mappings, weights, and
attainment  threshold before applying the
procedure.

2.2 CPMK and CPL Data Structure

Each record associates a student with a
course offering and contains the vector of CPMK
scores for that course, the contribution weights of

Suendri et al, A Hybrid Fuzzy-Neural Decision-Support Framework for Graduate Learning...


https://doi.org/10.15408/jti.v19i2.54389

Jurnal Teknik Informatika Vol. 19 No. 2, October 2026 (448-461)
ISSN: p-ISSN 1979-9160 (Print)| e-ISSN 2549-7901 (Online)

DOI: https://doi.org/10.15408/jti.v19i2.54389

each CPMK to the CPL it supports (defined in the
RPS), the aggregate CPL score, and the resulting
attainment status. All identifying data used for
demonstration were anonymized. Table 1 lists the

eleven program CPL, and Table 2 maps them to the
five graduate profiles (PLO1-PLO05); these
institutional definitions make the target of
evaluation explicit and auditable.

Table 1. Graduate learning outcomes (CPL) of the Computer Science program

No CPL CPL code CPL description

1 CPL-01 CPL-SO01 Demonstrates devotion to God Almighty and a religious attitude.

2 CPL-02 CPL-S02 Respects cultural, philosophical, religious, and belief diversity, and the original opinions or findings of
others.

CPL-03 CPL-S03 Possesses the ability to collaborate, stays motivated, and takes responsibility for their work.
CPL-04 CPL-KUO03 Makes appropriate decisions in solving problems within their field of expertise, based on the analysis

of information and data.

5 CPL-05 CPL-KU04 Is able to define user or market needs regarding performance (analyzing, evaluating, and developing)
of computer-based algorithms/methods.

6  CPL-06 CPL-KKO05 Is able to build and process big data using programming languages, and to apply platform-based
development concepts in mobile computing.

7  CPL-07 CPL-KKO06 Is able to build wireless network systems and assemble intelligent-system devices; analyzes, designs,
and implements computer peripherals and cloud computing.

8  CPL-08 CPL-KKO07 Is able to build intelligent devices, integrate them into computer networks, and upload data through
intelligent applications related to the Internet of Things (1oT).

9  CPL-09 CPL-P08 Understands the fundamental theory of computer architecture, including computer hardware and
networks.

10 CPL-10 CPL-P09 Has adequate knowledge of how computer systems work and can apply various algorithms/methods to
solve problems in an organization.

11 CPL-11 CPL-P10 Has the competence to analyze complex computing problems in order to identify project-management

solutions in the field of informatics/computer science, considering transdisciplinary developments.

Table 2. Mapping of graduate learning outcomes (CPL) to graduate
profiles (PL)

CPL code  PLO1 PLO2 PLO3 PLO4 PLO5
CPL-1 N v S N v
CPL-2 N v \ N N
CPL-3 N v \ N N
CPL-4 N v \ N N
CPL-5 N v N \
CPL-6 N \
CPL-7 v N v
CPL-8 N v
CPL-9 v N v
CPL-10 N \
CPL-11 N v N \
2.3 Weighted CPL Calculation

For a given student i and a target outcome
CPL k, the attainment score is the weighted
average of the contributing CPMK scores:
S@i, k) =2 (x(i, j) - w(i—k) )/ Zw(i—k), (1)
where X(i, j) is the score of student i on CPMK j,
w(j—k) is the contribution weight of CPMK j to
CPL k, and the sum runs over the CPMK that

contribute to CPL k. The institutional decision rule
declares CPL k attained when S(i, k) > t, with the
program threshold T = 70. This weighted average is
the official reference decision that the hybrid
framework supports rather than replaces.

Three aspects of Equation (1) are fixed by
institutional policy rather than chosen for this
study. First, the contribution weights w(j—k) are
declared in the semester learning plan (RPS) of
each course when the course is designed and are
approved together with the curriculum document;
they are not estimated from student data. Second,
the within-course weights for each CPL sum to 1.
The denominator in Equation (1) is therefore 1 in
the complete worked example. The equation
retains the denominator because a CPL may draw
on several courses, and the contributing CPMK sets
can differ or overlap across CPL. Third, the
program's academic regulations set t =70 on the 0—
100 scale. This value was not selected through
model fitting. When a score is unavailable, its
CPMK is omitted from both sums in Equation (1).
The result then summarizes only the assessed
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components. Section 2.5 describes the separate
neural estimate.

2.4 Fuzzy Inference Design

The fuzzy input is the weighted score S(i, k).
Table 3 assigns it membership in Not Attained,
Fair, Good, and Excellent using trapezoidal or
triangular functions. For 65 < S < 75, Fair and
Good both have positive membership. A score of
66.5, for example, has memberships of 0.85 and
0.15 in these two categories. The implementation
uses Mamdani-type rules with singleton
consequents. Each rule fires at its antecedent

membership degree, and Equation (2) combines the
outputs into a soft score. The score, memberships,
and active rules are retained in the assessment
record [26], [27].

To make the fuzzy component reproducible,
its parameters are reported in full. The four
linguistic categories form a Ruspini partition of the
input universe [0, 100]: the membership degrees of
any score sum to unity and at most two categories
are active simultaneously. Table 3 gives the type
and the exact parameters of each membership
function, in the conventional notation trapezoid(a,
b, c, d) and triangle(a, b, c).

Table 3. Membership-function parameters of the fuzzy input variable S (universe [0, 100])

Linguistic category MF type Parameters Support Core
Not Attained Trapezoidal (0, 0, 55, 65) [0, 65) [0, 55]
Fair Triangular (55, 65, 75) (55, 75) {65}
Good Triangular (65, 75, 85) (65, 85) {75}
Excellent Trapezoidal (75, 85, 100, 100) (75, 100] [85, 100]
(a) Membership functions . . ..
P Figure 1(a) plots the resulting partition. The
970 threshold t = 70 lies at the midpoint of the Fair—
P Good overlap region [65, 75], the interval in which
%’, 1.0 ~ A I.\_ P two categories are simultaneously active and in
° Mot Attained '8 i \ [r_'—[(g,5 ng‘?] which a crisp threshold is therefore least
5 R ‘\“,- Lo defensible. Table 4 reports the complete rule base
é 0.5 o Excellent A \\ together with the location of each output singleton.
[7] A :
= l'! ‘\ : \ Table 4. Complete fuzzy rule base and output singleton locations
VO
0.0 : : ra i A : Rule  Antecedent (S Consequent Output
30 40 50 60 70 80 90 100 — let/)A — (Natta::tm_e“zis -2) ;i(;‘glet"“ ¢i
) ot Attaine ot Attaine
Weighted CPL score S R2 Fair Fair 65
R3 Good Good 75
(b) Defuzzification mapping R4 Excellent Excellent 90

100 ~
— $=f(5)

I identity 5=5

80 +

Soft score §

60 —

50

1
50 60 70 80 90 100
Weighted CPL score S

Figure 1. (a) Membership functions of the four linguistic categories

over the input universe, with the threshold t = 70 and the borderline

band [65, 75] shaded; (b) the resulting defuzzification mapping S —

S, with the five worked cases marked. Inside the borderline band the
mapping coincides with the identity.
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Each of the four rules fires at the
membership degree of its antecedent. The
consequents are fuzzy singletons located at c;
(Table 4), so defuzzification reduces to the
weighted average

S=%(w(S) c)/ZimwS), ()
where pi(S) is the firing strength of rule R;. Because
the antecedent partition is Ruspini, the
denominator equals 1 and Equation (2) is exact.
Singleton consequents make the defuzzified value
analytically reproducible from Table 3 and Table 4
alone. With constant singleton outputs, Equation
(2) is equivalent to zero-order Takagi—Sugeno
inference.
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Each rule evaluates the aggregate S as its
only antecedent. This keeps the number of rules
equal to the number of linguistic categories, makes
every evaluation auditable by inspecting at most
two fired rules, and guarantees that the fuzzy layer
cannot alter the ordering produced by the official
weighted calculation. The cost is that the fuzzy
layer cannot represent interaction between CPMK,
for instance a uniformly mediocre profile against
one that combines a high and a failing component
at the same aggregate. Capturing such interaction
would require a multi-antecedent rule base whose
rules would have to be elicited from and validated
by the teaching team rather than assumed.

2.5 Neural Network Prototype

The neural component is a feed-forward
perceptron that takes the normalized CPMK score
vector X = x / 100 as input and produces a binary
attainment estimate for the target CPL, using a step
activation during this prototype demonstration [7],
[28]. Its purpose is narrow: it estimates attainment
from the CPMK scores without using the
contribution weights, which is the situation that
arises when the weighting scheme for a CPL has
not yet been fixed. When the weights are available,
Equation (1) can itself be applied to the
components already assessed, and Section 3.4
shows that in the example examined the weighted
calculation is the more accurate of the two. The
worked set is used only to illustrate error-driven
updates to the weights and bias. No predictive
validation is provided, and the output cannot
override the official weighted status.

Table 5 lists the perceptron’s initialization,
update rule, training order, and missing-input
convention used in Section 3.4.

Table 5. Complete configuration of the perceptron prototype

Item Specification

Acrchitecture Single-layer perceptron; three inputs, one
output, no hidden layer

Inputs Normalized CPMK scores x(i, j) = x(i, j) / 100
€ [0, 1]; all three CPMK of the target course

Activation Unit step: y = 1 if z> 0, otherwise y = 0, with
z=w-X+b

Initial weights w®=(0.10, 0.10, 0.10)

Initial bias b°=-0.50

Learning rate n=0.10

Update rule we—wt+tnd-y)X; b—b+n(d-y)

Reference label ~ Official weighted status from Equation (1): 1

d = attained, 0 = not attained

Training set The four records of Table 6, presented in the
orderA,B,C,D

Item Specification
Epochs 1 (fixed by design, for illustration)

Stopping None; training halts after the single pass

criterion

Missing CPMK  The unavailable input is substituted with 0

handling after normalization, so a missing component
contributes nothing to z

Validation None; no held-out set, therefore no accuracy,

precision, recall, or AUC is reported

One pass over four records illustrates how
the parameters are updated but provides no
evidence of generalization: four points in a three-
dimensional input space are easily separated, so
reproducing them says nothing about unseen
records. The prototype also replaces an unavailable
normalized score with zero. With the positive
weights obtained in this example, that substitution
lowers the pre-activation z relative to supplying
any positive score for the missing component, so
the prototype tends to report not attained on
incomplete profiles. The direction of this effect
depends on the sign of the learned weights and is
therefore not a general property of the design. The
relative cost of a false attained and a false not
attained estimate was not evaluated, so the
tendency cannot be described as conservative in a
useful sense. Missing-data handling and the
consequences of both error types require
evaluation before operational use.

2.6 Fusion Mechanism

The fusion rule uses the fuzzy output to
decide whether a case requires human review. Let
S denote the soft score, T = 70 the threshold, and &
= 5 the borderline half-width. Cases satisfying |S —
1| < O are referred; the reviewer receives the
weighted score, the membership degrees, the soft
score, and, when an incomplete profile is under
consideration, the supplementary neural estimate.
Cases satisfying |S — 1| > & are not referred by this
rule. In both cases the official weighted calculation
remains the reference for attainment status; neither
the fuzzy layer nor the neural component can
change it, and final academic decisions remain with
the responsible lecturers and program managers.

The half-width 6 = 5 was not tuned on data.
It follows from two institutional considerations.
First, the program's letter-grade bands on the 0-100
scale are 10 points wide, so 8 = 5 makes the
borderline interval [t — J, T + 8] = [65, 75] exactly
one grade band centred on the threshold: a case is
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referred for human review whenever it could
plausibly have received the adjacent letter grade.
Second, this interval coincides exactly with the
support overlap of the Fair and Good membership
functions in Table 3, that is, with the region in
which the fuzzy layer itself reports two
simultaneously active categories. The band is
therefore centred on the Fair—-Good transition and
includes its endpoints, at which only one category
is active. Referral is determined by |S — 7| < & rather
than by the presence of two active categories,
which also occurs in the 55-65 and 75-85 regions
without triggering a referral. Because o
nevertheless determines how much work is
delegated to human reviewers, its effect is
examined empirically in Section 3.3.

2.7 Comparative Baselines

The proposed framework is compared
against three baselines applied to the same records:
conventional weighted thresholding, that is
Equation (1) followed by the crisp rule S > 1; a
fuzzy-only configuration, in which the defuzzified
soft score S replaces S in the crisp rule and neither
the neural component nor the referral rule is used;
and a neural-only configuration, in which the
perceptron of Section 2.5 produces the attainment
decision directly. The comparison is reported in
Section 3.5. It is a structural comparison on five
records and not a statistical benchmark; its purpose
is to identify what each component contributes and
what it cannot contribute, not to rank the
approaches by accuracy.

2.8 Illustrative Evaluation Procedure

Four anonymized CPMK records from the
Computer Science program were used to trace the
calculation procedure. For each record, Equation
(1) produced the weighted CPL score and reference
status. The fuzzy rules then supplied membership
degrees and a soft score for the referral check. The
perceptron was trained on these records for one
epoch, and its outputs were compared with the
reference labels. Student E provided an additional
scenario with one unavailable score. For that case,
we calculated the partial weighted score and the
neural estimate, then repeated the calculations after
supplying an assumed value for the missing
component. The comparison examines the outputs
and referral decisions of the configurations. No
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held-out predictive evaluation or external

validation was performed.

3. RESULTS AND DISCUSSION

3.1 Worked Example: Weighted CPL
Calculation
Table 6 uses four student records from
Software Engineering (Rekayasa Perangkat

Lunak). Three CPMK contribute to CPL-11 with
weights of 0.40, 0.30, and 0.30. The table reports
their scores, the aggregate from Equation (1), and
the status at Tt = 70.

Table 6. CPMK scores and computed CPL-11 attainment for four
students (weights 0.40/ 0.30/ 0.30)

Student CPMK- CPMK- CPMK- CPL- Status
1(0.40) 2(0.30) 3(0.30) 11 (r=170)
score
Student A 80 85 75 80.0 Attained
Student B 65 80 70 71.0 Attained
Student C 65 70 65 66.5 Not
attained
Student D 90 80 85 85.5  Attained

For example, Student A obtains (80-0.40 +
85-0.30 + 75-0.30) / 1.00 = 80.0, and Student C
obtains (65-0.40 + 70-0.30 + 65-0.30) / 1.00 = 66.5.
Students A, B, and D meet the threshold for CPL-
11; Student C does not. The binary labels give no
indication of distance from the threshold. B is 1.0
point above it, and D is 15.5 points above it, yet
both are labeled attained. C is 3.5 points below it.
These distances remain available in the weighted
scores. The fuzzy layer adds membership in
adjacent categories for use during review.

3.2 Interpretation of the Hybrid Output

The illustrative results show that the
proposed framework produces more informative
outputs than a conventional binary threshold. In the
conventional procedure, students are classified
only as attained or not attained. In the fuzzy
component, each score is accompanied by
membership degrees that describe its position
relative to adjacent categories, as summarized in
Table 7.
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Table 7. Fuzzy evaluation of the four students in the worked example

Studen CPL p(Fair p(Good p(Excellen Soft Status
t -11 ) ) 1) scor
e

Student 80.0 0.00 0.50 0.50 82.5 Attained

A

Student 71.0 0.40 0.60 0.00 71.0 Attained

B (borderline
)

Student 66.5 0.85 0.15 0.00 66.5 Not

C attained
(borderline
)

Student 85.5 0.00 0.00 1.00 90.0 Attained

D

Students B and C fall within the review
band, although their reference statuses differ. For
B, S=71.0 gives p(Fair) = (75 —71)/10 = 0.40 and
w(Good) = (71 — 65)/10 = 0.60. Rules R2 and R3
therefore produce S = 0.40 x 65 +0.60 x 75 ="71.0.
For C, S = 66.5 gives memberships of 0.85 and
0.15, producing S = 0.85 x 65 + 0.15 x 75 = 66.5.
Their distances from 70 are 1.0 and 3.5 points, so

both meet the referral condition at = 5. A and D
lie outside the band.

Only R2 and R3 fire for B and C. None of
the four records has positive membership in Not
Attained. Equation (2) returns S = S within the
Fair—-Good interval because the output singletons
are located at the corresponding membership peaks
of 65 and 75. Outside this interval, the soft score
can differ from S: A moves from 80.0 to 82.5, and
D from 85.5 to 90.0. These changes do not alter any
of the four attainment labels. Figure 1(b) plots the
mapping. The membership values and distance |S
— 70| accompany the reference status for review.

3.3 Sensitivity of the Borderline Band to

We applied referral half-widths of 3, 5, 7,
and 10 to the four complete records and to the
assumed complete profile for Student E. For E,
both the weighted score and soft score are 72.6.
Table 8 lists the resulting referral sets.

Table 8. Sensitivity of the human-review referral set to the borderline half-width 6 (z = 70)

) Borderline band [t — 5, Referred for human review Not referred by the borderline Referral rate
T+ 9] rule

3 [67, 73] B, E A,C,D 2/5 (40%)

5 [65, 75] B,C E A, D 3/5 (60%)

7 [63, 77] B,C E A, D 3/5 (60%)

10 [60, 80] B,C E A, D 3/5 (60%)

At & = 3, the rule refers B and E. Increasing
0 to 5 adds C; increasing it to 7 or 10 adds no
further case. The ordered distances from the
threshold are 1.0 (B), 2.6 (E), 3.5 (C), 12.5 (A), and
20.0 (D). Thus, the referral set remains B, C, and E
for 3.5 <6 < 12.5. C enters at the lower endpoint,
while A enters at 12.5. The interval is determined
by the third- and fourth-smallest distances in this
example. Its stability describes these five cases
only. A program-level choice of & would require
the cohort distribution of distances and the number
of reviews that can be handled.

3.4 Complementary Neural Estimate from a

Partial Profile

The neural component serves as a
complementary estimator when one or more
CPMK scores are unavailable. To illustrate the
mechanism, a single-perceptron prototype was
initialized with small weights and a bias and
updated over one pass through the worked set,
adjusting its parameters whenever its prediction
disagreed with the reference label. The point of the
illustration is the update mechanism itself, not a
performance figure; with a single pass over four
records the prototype is not expected to converge.
Table 9 traces one pass through the training
records. Parameter updates occur for Students A,
B, and C; Student D produces no update. The
parameters after the pass are w = (0.180, 0.195,
0.180) and b = —0.40.
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Table 9. Trace of the single training epoch of the perceptron prototype

Step Record z=w-X+b y d d-y w after step b after step
init n/a n/a nfa n/a n/a (0.100, 0.100, 0.100) —-0.50
1 A —0.2600 0 1 +1 (0.180, 0.185, 0.175) —0.40
2 B —0.0125 0 1 +1 (0.245, 0.265, 0.245) —-0.30
3 C +0.2040 1 0 -1 (0.180, 0.195, 0.180) —-0.40
4 D +0.0710 1 1 0 (0.180, 0.195, 0.180) —0.40

Re-applying the resulting parameters to the
training records themselves gives z = +0.0448 for
Student A, —0.0010 for Student B, —0.0295 for
Student C, and +0.0710 for Student D, so three of
the four records are reproduced and Student B is
misclassified. The single residual training error is
the borderline case. That is the expected behaviour
of an unconverged linear classifier, and it is also
the reason the fusion rule of Section 2.6 does not
permit the neural estimate to decide borderline
cases.

Student E has recorded scores of 78 for
CPMK-1 and 68 for CPMK-3; CPMK-2 is
unavailable. Equation (1) gives a partial weighted
score of (78 x 0.40 + 68 x 0.30)/(0.40 + 0.30) =
73.7, rounded to one decimal place. The soft score
is also 73.7. Its distance of 3.7 points from 70
places the case inside the review band. Using the
normalized vector x = (0.78, 0, 0.68), the
perceptron gives z = —0.1372 and predicts not

To complete the scenario, we assume a score
of 70 for CPMK-2. The weighted score becomes
72.6, which still meets the attainment threshold and
the referral condition. The perceptron gives z =
—0.0007 for x = (0.78, 0.70, 0.68), so its prediction
remains not attained. Supplying the missing value
does not resolve this error. In this example, the
partial weighted calculation agrees with the
assumed complete-profile status, while the neural
estimate does not. The framework retains the
weighted status and refers the case at both stages.
The example shows the handling of disagreement
between outputs; it provides no evidence about the
quality of the reviewer's eventual decision.

3.5 Comparison with Baseline
Configurations

Table 10 applies the three baseline
configurations defined in Section 2.7 and the
proposed framework to the same five records, so

attained. that the contribution of each component can be
located rather than assumed.
Table 10. Structural comparison of the proposed framework with three baseline configurations (five records)
Criterion Conventional weighted ~ Fuzzy-only Neural-only Proposed framework
threshold (prototype)

Decision authority

Agreement with official
status

Information near the
threshold

Operates on an incomplete
CPMK profile

Traceability of a single
decision

Explicit human-review
trigger

Parameters adapted from
data

Crispruleon S

5/5 by construction
None

Yes, over the assessed
CPMK under Equation
(1); not a prediction of
the complete-profile
status

Full

None

None

Crisp rule on S
5/5

Membership vector and
soft score

Yes, from the partial
aggregate

Full (at most two fired
rules)
None

None

Perceptron output

3/5 (B and E wrong)
None

Yes, without using the

contribution weights;
incorrect in the example

Low; weights are not
interpretable
None

Weights and bias

Official weighted rule
on S, retained
5/5

Membership vector, soft
score, distance to T

Yes; partial weighted
score, referral flag, and
neural estimate reported
together

Full
Yes, 1+
Neural component only;

fuzzy MFs remain
policy-fixed

The table locates what each component
contributes. Relative to conventional thresholding,
the fuzzy layer adds no decision and changes no
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outcome; it adds the distance of a case from the
boundary and the two categories in which it
simultaneously lies, which the crisp rule discards.
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Relative to fuzzy inference, the neural component
adds only the ability to produce an estimate without
the contribution weights. The incomplete-profile
row requires care: under the convention of Section
2.3 the weighted and fuzzy configurations also
operate on a partial profile, and in the Student E
scenario they agree with the eventual status while
the perceptron does not. On the evidence available
the neural component contributes no measurable
benefit, and its place in the architecture rests on the
narrower case in which the contribution weights
are not yet defined.

Relative to an integrated ANFIS design such
as [18], the proposed architecture gives up
parameter learning inside the fuzzy layer. That is a
deliberate trade-off. In ANFIS, the membership
functions are fitted to the data and therefore
become a function of the cohort, whereas here they
encode the program's grading bands and remain
fixed, auditable, and stable across cohorts, which is
what allows the fuzzy output to be shown to a
student as an account of that student's own
assessment. ANFIS also requires a training set
large enough to identify its premise and consequent
parameters, a condition the single-course data used
here does not meet. Keeping the two components
separate has a further consequence an integrated
model cannot offer: because the neural estimate
never enters the defuzzification, an incorrect
estimate cannot propagate into the interpretable
output, which is precisely what happens with
Students B and E.

The behavior of the framework when the
components disagree is fully determined and is not
left to a weighting heuristic. If the neural estimate
contradicts the fuzzy result or the official weighted
status, the official status stands; the disagreement
is recorded and, when the case lies inside the
referral band, is shown to the reviewer as an
additional signal. The framework never resolves
such a conflict autonomously.

Whether the human-in-the-loop stage
improves accountability, consistency, or both
cannot be settled by this demonstration. What it
demonstrably provides is procedural: a case
satisfying |S — 1| < & cannot be closed by the
system, so the record of a borderline decision
always carries the identity of the person who made
it, which is the requirement that the human-in-the-
loop assessment literature [21], [22] and the

explainable-Al literature in education [23], [24]
place on high-stakes automated decisions. Whether
reviewers then decide consistently with one
another is an empirical question about inter-rater
agreement that this study does not address.

3.6  Discussion

The main contribution of the proposed
framework lies in the transparency of the
evaluation process rather than in predictive
superiority. The fuzzy component provides
additional information that is not available in a
conventional threshold-based procedure. Instead of
treating two nearby scores as completely different
categories, the framework represents the degree to
which each score belongs to adjacent attainment
categories, which is particularly useful for students
near the threshold.

The neural network component has a
supporting role. It is particularly relevant when the
complete CPMK profile or contribution-weight
information is not yet available. In this condition,
the estimate may be used as an early academic
indicator. Nevertheless, the neural output should be
verified once the complete assessment data become
available, and it does not carry authority over the
official weighted result.

The framework is therefore intended as a
decision-support instrument rather than an
autonomous assessment system. Final academic
decisions remain under the responsibility of
lecturers and study-program managers. This
positioning also responds to the accountability
concerns commonly raised about Al-based
assessment, since no decision is delegated entirely
to an unexplained model [29]. Compared with
recent outcome-based assessment research, the
framework occupies a deliberately narrow
position. Information systems for outcome
attainment [3], [10], [11] make the deterministic
aggregation visible and auditable but leave the
threshold decision itself unqualified. Fuzzy
assessment work [13], [19], [20] qualifies the
decision but typically replaces the official rule with
the fuzzy one, which would require the institution
to amend its assessment regulation. Neuro-fuzzy
and neural approaches [9], [16], [17], [18] focus on
prediction and are evaluated using predictive
metrics, which presuppose a dataset that the present
single-program setting does not yet provide. The
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reported results concern the information available
for review and the rule used to refer a case. They
do not establish a more accurate measurement of
attainment. The official calculation and its
underlying scores remain unchanged. Shabbir and
colleagues [25] associate attainment figures with
institutional conditions such as teaching workload;
the additional fuzzy outputs do not remove these
influences.

3.7 Limitations

This study has several limitations. First, the
framework was demonstrated within a single
Computer Science program, and its membership
functions reflect the local attainment policy.
Second, the illustrative dataset was not intended to
provide evidence of broad predictive
generalization. Third, the neural component was
evaluated at the prototype level and requires further
testing using larger datasets and multiple academic
cohorts. Finally, the reliability of the framework
remains dependent on the quality of the original
CPMK scores assigned by lecturers, since the
framework improves the aggregation and decision
stage but cannot correct bias introduced at the point
of grading. The following limitations also apply.
First, the membership functions of Table 3 were
specified manually from the program's grading
bands and were neither elicited from a panel of
lecturers nor fitted to data, so their validity rests on
the plausibility of those bands. Second, the
borderline half-width &6 = 5 is justified
institutionally in Section 2.6 and shown to be stable
over a plateau in Section 3.3, but it has not been
validated against the distribution of |S — 1| in a real
cohort. Third, no inter-rater or lecturer-consistency
analysis was conducted, so it is not known whether
the human-review stage yields consistent
decisions; the framework guarantees that a human
decides, not that humans agree. Fourth, no baseline
accuracy comparison and no standard predictive
metrics are reported for the neural component,
because a four-record training set with no held-out
data would make such metrics uninterpretable
rather than merely weak. Fifth, no external
validation across programs or institutions was
performed, and the threshold, the grading bands,
and the weight-normalization  convention
embedded in the design are specific to the program
studied. Sixth, the incomplete-profile scenario does

458

not exercise the condition for which the neural
component was designed, because the contribution
weights were available throughout; on the evidence
presented, the component adds no measurable
benefit over Equation (1) applied to the
components already assessed.

CONCLUSION

The worked examples illustrate a CPL
assessment procedure in which the weighted score
supplies the reference status and fuzzy
memberships describe its position among
attainment categories. The soft score determines
whether the case enters the human-review band.
The perceptron's estimate is reported separately
and has no authority to change the weighted status.
The study establishes that the framework
reproduces the official weighted CPL decision
exactly in every case examined, that it reports
membership degrees and a soft score locating a
case relative to the attainment threshold, that it
identifies borderline cases by an explicit rule
whose outcome is stable over a range of borderline
widths, that it produces a preliminary estimate from
an incomplete CPMK profile, and that it routes
borderline cases to a human reviewer instead of
closing them automatically. It does not establish
improved  prediction  accuracy, improved
assessment reliability, reduced lecturer workload,
improved student outcomes, superiority over
conventional,  fuzzy-only, or  ANFIS-type
alternatives, or generalizability beyond the
program studied. In the incomplete-profile
scenario examined, the neural estimate disagreed
with the eventual official status while Equation (1),
applied to the components already assessed, did
not. This is reported as a limitation of the prototype
rather than as evidence for the component.

The framework should be viewed as a
prototype decision-support approach rather than as
a fully validated predictive system. The next
evaluation needs CPMK records from several
courses and cohorts. Their score distribution would
support the choice of 6 and an estimate of the
review workload. A replacement for the neural
prototype should be trained and evaluated on
separate datasets, with predictive metrics reported.
Conventional thresholding, fuzzy-only inference,
and ANFIS should be evaluated on the same
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records. Reviewer agreement must also be
measured, since the current examples do not show
whether lecturers reach consistent decisions.
Evaluation in other study programs and institutions
would then test how well the procedure transfers.
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