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Content Knowledge (CK) and Pedagogical Content Knowledge
(PCK) are core components of mathematics teachers’ competence,
yet they are rarely measured simultaneously through technology-
based diagnostic assessment. This study measures and profiles the
CK and PCK of mathematics pre-service teachers using a diagnostic
Computer-Based Test (CBT). A quantitative descriptive-
correlational design was applied to 30 purposively selected pre-
service teachers. Each construct was measured with 25 multiple-
choice items whose content validity was established by expert
judgment and whose reliability was confirmed before use (KR-20 =
0.81 for CK; 0.79 for PCK). Data were analyzed with descriptive
statistics, Pearson correlation, and simple linear regression after
assumption checks. Mean CK (50.00%) and PCK (52.67%) were
both below the 75% mastery threshold, with 60% of students in the
low category; specialized content knowledge and knowledge of
content and curriculum were the weakest dimensions. CK and PCK
correlated strongly and positively (r = 0.72; p < 0.001), with CK
accounting for about 52% of the variance in PCK as a predictive,
non-causal association. The CBT generated actionable diagnostic
profiles at the dimension and indicator levels. These findings support
using diagnostic CBT to guide data-driven curriculum reform
integrating content mastery and pedagogical capacity.
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1. INTRODUCTION

The quality of a nation’s mathematics education depends heavily on teachers’
professional competence. Cross-national studies have shown that mathematics teachers’
professional knowledge, comprising Content Knowledge (CK) and Pedagogical Content
Knowledge (PCK), is a primary predictor of instructional effectiveness and students’
academic achievement [1], [2]. The 2022 PISA results placed Indonesian students’
mathematics literacy 68th out of 81 countries, below the OECD average, indicating a
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fundamental problem in the quality of mathematics instruction [3]. This condition is
inseparable from the quality of professional knowledge formed in teacher education
institutions, so ensuring an adequate professional-knowledge profile of pre-service teachers
becomes a strategic imperative [4], [5].

Theoretically, the Mathematical Knowledge for Teaching (MKT) framework
distinguishes CK, comprising common, specialized, and horizon content knowledge, from
PCK, which encompasses knowledge of content and students, content and teaching, and
content and curriculum [6], [7]. Systematic reviews affirm that PCK is the most frequently
studied yet the most difficult component to measure consistently because of its contextual
and multidimensional nature [8], [9]. Studies in Indonesia show that the professional
knowledge of mathematics pre-service teachers varies widely across institutions and
curricula, with a notable weakness in the PCK aspect [10], [11]. Similar findings have been
reported in cross-national contexts [12], [13].

Alongside the rapid digitalization of education, competency-evaluation systems are
now shifting massively from traditional approaches toward technology-based assessment.
Various studies indicate that CBT is often more valid and reliable than conventional
examination methods [14], [15]; however, its use to objectively measure both the content
knowledge and the pedagogical content knowledge of pre-service teachers simultaneously
remains very limited because of the complexity of these constructs [16], [17]. The potential
of CBT to generate diagnostic feedback based on learning analytics has also not been
optimally exploited [18], even though interactive digital feedback has been shown to
improve mathematical understanding [19], [20].

The urgency of this study is heightened in the context of Indonesia’s uneven higher-
education digital transformation [21], which is not yet supported by adequate
standardization of assessment systems [22]. Measuring teacher competence in the digital
era is required to produce data that are actionable for study-program managers and
policymakers [23]. A number of studies affirm that CK and PCK are relatively independent
constructs that require different intervention pathways [24], [25], and that teacher effects
on student achievement are substantial [26]. Taken together, however, this body of work
remains fragmented: CK and PCK are rarely measured simultaneously with a single
validated instrument, the diagnostic potential of CBT is seldom exploited at the indicator
level, and the evidence is concentrated in a few well-studied national settings, leaving a
clear gap for integrated, technology-based diagnosis of both constructs.

Building on this gap, the present study makes three specific contributions rather than a
general claim to novelty. Theoretically, it provides empirical evidence on how CK and
PCK co-vary at low overall proficiency, showing that their interdependence persists even
when neither reaches mastery, an insight that refines, rather than merely applies, the MKT
and COACTIV frameworks [6], [25], [27]. Methodologically, it operationalizes a CBT that
produces layered, indicator-level diagnostic profiles for both constructs simultaneously,
addressing the scarcity of validated instruments that jointly diagnose CK and PCK [28],
[29]. Practically, it demonstrates how such diagnostic data can be translated into targeted
curriculum and instructional decisions. By drawing on an underrepresented context, the
study also contributes comparative evidence to the international literature on teacher
knowledge rather than a purely local application of CBT [12], [30]. Accordingly, the study
aims to: (1) measure and profile pre-service teachers’ CK and PCK; (2) identify strengths
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and weaknesses at the dimension and indicator levels; and (3) demonstrate how diagnostic
profiles can inform instructional intervention.

2. METHOD

This study employed a quantitative approach with a descriptive-survey and
correlational design. The population comprised students of the Mathematics Education
study program at a teacher education institution who were in their fifth and seventh
semesters. A sample of 30 students was determined through purposive sampling with the
inclusion criteria: (1) active students who had adequately completed mathematics-content
and pedagogy courses; and (2) willing to take the entire series of CBT tests. Given the
limited sample size, all data were analyzed as a single intact group (n = 30) and were not
directed toward inter-semester comparison.

Research setting and participants. The research was conducted in the odd semester
of the 2024/2025 academic year in the Mathematics Education study program of a state
Islamic teacher education institution in Indonesia. Participants were selected using total
(saturated) purposive sampling: all 30 students who met the inclusion criterion, having
completed the core mathematics-content and pedagogy courses, were included, so that the
sample comprised the entire eligible cohort rather than a probability sample. The sample
size (n = 30) therefore reflects the actual number of eligible students at the single
participating institution and suits the study’s diagnostic, exploratory aim of profiling CK
and PCK in depth; it is nonetheless acknowledged as a constraint on statistical power and
on the generalizability of the correlational and regression results, as elaborated in the
Discussion.

The operationalization of the variables comprised two main constructs. CK was
defined as mastery of the mathematics content to be taught, measured through 25 multiple-
choice items; PCK was defined as the ability to integrate content knowledge with
pedagogical strategies, also measured through 25 multiple-choice items. Scores were
converted into percentages of achievement relative to the ideal maximum score. The CBT
instrument was designed to generate layered diagnostic reports, namely the total score,
achievement per dimension, achievement per indicator, and an individual achievement
profile for each student. Each item was mapped to a specific indicator and dimension (see
the notes below Table 1) so that the CBT system could produce achievement per
dimension and per indicator for all students at once, as well as their individual diagnostic
profiles. The composition of the instrument is presented in Table 1. The multiple-choice
format was chosen to enable fully automated, standardized, and scalable scoring across all
participants and indicators at once, a prerequisite for the layered diagnostic reporting; its
rationale and limitations are elaborated under ‘Item format’.

Table 1. Composition of CBT Instrument Items by MKT Dimension

Domain Dimension Number of Items
CK Common Content Knowledge CCK) 7
CK Specialized Content Knowledge (SCK) 14
CK Horizon Content Knowledge (HCK) 4
PCK Knowledge of Content and Students (KCS) 10
PCK Knowledge of Content and Teaching (KCT) 9
PCK Knowledge of Content and Curriculum (KCC) 6

Total 50
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Notes on dimension codes and indicator coverage (based on the developed CK and PCK instruments). CK — CCK
(Common Content Knowledge, items 1-7): understanding basic concepts (e.g., lines and angles), performing calculations
and measurements accurately, and applying mathematical concepts in everyday life. CK — SCK (Specialized Content
Knowledge, items 8-21): explaining concepts and principles, analyzing and connecting mathematical objects, proving
properties, building models, and solving complex mathematical problems. CK — HCK (Horizon Content Knowledge,
items 22-25): connecting school mathematics with advanced academic mathematics and with other disciplines. PCK —
KCS (Knowledge of Content and Students, items 1-10): analyzing students’ preconceptions and understanding as well as
predicting and analyzing students’ misconceptions, errors, and difficulties. PCK — KCT (Knowledge of Content and
Teaching, items 11-19): selecting and organizing learning materials, selecting sources, strategies, and techniques, and
selecting and analyzing representations for presenting material. PCK — KCC (Knowledge of Content and Curriculum,
items 20-25): designing content and topic combinations, applying standards and curricula, and designing instruments to
measure students’ abilities.

Instrument development and content validity. The CBT instrument was developed
through a systematic procedure. First, a test blueprint was constructed by mapping each
item to a specific MKT dimension and indicator (Table 1). Second, the draft items were
reviewed by three experts—two mathematics-education lecturers and one educational-
assessment specialist—to establish content validity; the level of expert agreement was
quantified using Aiken’s V, and items with V > 0.80 were retained while the remaining
items were revised or replaced. Third, the revised items were trialed and analyzed
empirically before being administered in the present study. To illustrate the item format,
each CK item presented a mathematical task with four to five options, whereas each PCK
item was framed as a short classroom scenario or a sample of student work followed by
options representing alternative pedagogical decisions. The complete test blueprint and
sample items are available from the authors upon reasonable request.

Reliability and item analysis. Based on the item analysis, the instrument
demonstrated adequate psychometric quality. Internal-consistency reliability computed
with the Kuder—Richardson formula (KR-20) reached 0.81 for the CK test and 0.79 for the
PCK test, both within the acceptable-to-good range. The item difficulty indices ranged
from 0.20 to 0.87 (a balanced mix of easy, medium, and hard items), and the
discrimination indices were largely satisfactory (D > 0.30); only items meeting the validity,
difficulty, and discrimination criteria were retained in the final CBT.

Item format. Multiple-choice items were chosen because the CBT was designed for
automated, standardized, and scalable diagnosis across many participants and indicators
simultaneously. To capture pedagogical reasoning rather than mere recall, the PCK items
were built around short classroom scenarios, samples of student work, and instructional-
decision situations, with distractors constructed from typical student misconceptions and
common teaching errors. It is nevertheless acknowledged that the multiple-choice format
cannot fully capture the depth of pedagogical reasoning that open-ended or performance-
based tasks would reveal, a limitation revisited in the Discussion.

The analysis techniques comprised descriptive and inferential analyses. Descriptive
analysis produced the mean (M), standard deviation (SD), minimum, maximum, median,
and percentage of achievement at the total, dimension, indicator, and individual levels, as
well as a three-level categorization (High, Medium, Low). The categorization used the
following cut-off points: High (> 75%), Medium (60-74.99%), and Low (< 60%), where
the 75% mark represents the ideal mastery criterion adopted in this study. Inferential
analysis was conducted through two techniques: (1) Pearson correlation to test the CK—
PCK relationship and the corresponding inter-dimension relationships (CCK-KCS, SCK-
KCT, HCK-KCC) at a = 0.05; and (2) simple linear regression with CK as the predictor
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and PCK as the criterion. Prior to the inferential tests, the underlying assumptions were
examined, namely the normality of the CK and PCK distributions (Shapiro—Wilk), the
linearity of their relationship, the absence of influential outliers, and homoscedasticity; all
assumptions were adequately met, so that the parametric analyses were appropriate.

All scoring, achievement computation, correlation, and linear regression were
performed using Microsoft Excel through standardized formulas (including CORREL,
SLOPE, INTERCEPT, and RSQ) so that every figure can be traced back to the raw data.
The study also observed standard research-ethics principles: participation was entirely
voluntary, informed consent was obtained from all respondents before data collection, and
the participants’ anonymity and confidentiality were maintained throughout the recording,
processing, and reporting of data by using codes instead of names, with the individual-
profile example presented under the pseudonym Student 1.

3. RESULTS AND DISCUSSION
3.1. Results

This section reports the findings of the data analysis in the following order: respondent
characteristics, descriptive statistics, the distribution of achievement categories, dimension-
and indicator-level achievement, the correlation and regression results, and an individual
diagnostic profile. The 30 respondents were fifth- and seventh-semester students of the
Mathematics Education study program who had completed the core mathematics-content
and pedagogy courses; all of them completed the full series of CK and PCK tests through
the CBT system.

Overall, students’ professional-knowledge achievement had not yet reached the ideal
competency threshold (> 75%). The mean CK score was 50.00% (SD = 10.16), PCK
52.67% (SD = 23.96), and the combined Professional Knowledge (PK) score 51.33% (SD
= 16.04). The complete descriptive statistics are presented in Table 2.

Table 2. Descriptive Statistics of CK, PCK, and Professional Knowledge Scores (n = 30)

Variable Mean (%) SD Min Max Median
Content 50.00 10.16 24 68 52.00
Knowledge (CK)

Pedagogical 52.67 23.96 8 96 54.00
Content

Knowledge

(PCK)

Professional 51.33 16.04 26 78 50.00

Knowledge (PK)

Table 2 shows that the mean PCK is slightly higher than CK (a difference of 2.67
points), an interesting pattern indicating that pedagogical-transformation capacity slightly
exceeds content mastery. The large standard deviation of PCK (SD = 23.96) and the much
smaller one for CK (SD = 10.16) reflect substantial heterogeneity in knowledge profiles,
with score ranges of 24-68% for CK and 8-96% for PCK. The distribution of Professional
Knowledge categories is presented in Table 3.

Table 3. Distribution of Professional Knowledge Categories (n = 30)

Category Frequency (f) Percentage (%0)
High 0 0.00
Medium 12 40.00
Low 18 60.00

Total 30 100.00
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All students (100%) were in the Low or Medium category, with 60.00% in the Low
category and 40.00% in the Medium category, and no student reached the High category.
This indicates that the majority of pre-service teachers have not attained an optimal level of
professional-knowledge mastery. Achievement per dimension is presented in Table 4 and
Figure 1.

Table 4. Average Achievement per CK and PCK Dimension

Domain Dimension Items Mean (%) SD
CK CCK 7 73.33 20.47
CK SCK 14 36.91 24.16
CK HCK 4 55.00 35.60
PCK KCS 10 54.07 33.18
PCK KCT 9 57.50 26.14
PCK KCC 6 46.25 32.30

100 Average Achievement per CK and PCK Dimension

Il CK Dimension
I PCK Dimension

. 73.33% Ideal threshold 75%

Average Achievement (%)

CCK SCK HCK KCs KCT KCC

Figure 1. Average Achievement per CK and PCK Dimension

In the CK domain, the CCK dimension was the highest (73.33%) and SCK the lowest
(36.91%); in the PCK domain, KCT was the highest (57.50%) while KCC was the lowest
of all six dimensions (46.25%). Diagnostically, the low SCK and KCC signal a weak
ability to relate content to the structure and organization of the curriculum—an area that
needs to be prioritized in intervention. Achievement at the indicator level is presented in
Table 5 and visualized in Figure 2.

Table 5. Average Achievement per CK and PCK Indicator

Domain Indicator Mean (%)
CK CCK1 86.67
CK CCK2 80.00
CK CCK3 46.67
CK SCK1 63.33
CK SCK2 46.67
CK SCK3 43.33
CK SCK4 20.00
CK SCK5 23.33
CK SCK6 30.00
CK SCK7 33.33
CK HCK1 53.33
CK HCK2 56.67
PCK KCs1 58.33

PCK KCS2 48.33
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Domain Indicator Mean (%)
PCK KCS3 58.33
PCK KCS4 51.67
PCK KCS5 53.33
PCK KCT1 55.00
PCK KCT2 66.67
PCK KCT3 60.00
PCK KCT4 36.67
PCK KCC1 51.67
PCK KCC2 43.33
PCK KCC3 45.00

Notes on indicator codes (based on the CK and PCK instruments). CK indicators — CCKZ1: understanding basic school-
mathematics concepts, such as lines, angles, sequences, and basic statistics (items 1-3); CCK2: performing calculations
and measurements accurately (items 4-5); CCK3: applying mathematical concepts in everyday life (items 6-7); SCK1:
explaining academic mathematical concepts and principles (items 8-9); SCK2: analyzing mathematical objects (items
10-11); SCK3: connecting mathematical properties and objects (items 12-13); SCK4: proving mathematical properties
or theorems (items 14-16); SCK5: applying proof strategies (item 17); SCK6: building and constructing mathematical
models (items 18-19); SCK7: solving complex mathematical problems (items 20-21); HCK1: connecting school
mathematics with advanced academic mathematics (items 22—23); HCK2: connecting mathematics with other disciplines
(items 24-25). PCK indicators — KCS1: analyzing students’ preconceptions (items 1-2); KCS2: identifying students’
level of understanding (items 3—-4); KCS3: predicting students” misconceptions (items 5-6); KCS4: identifying sources
of students’ learning difficulties (items 7-8); KCS5: analyzing students’ literacy issues and errors (items 9-10); KCT1:
organizing and sequencing learning materials (items 11-12); KCT2: selecting learning sources, strategies, and techniques
(items 13-14); KCT3: selecting representations and illustrations for presenting material (items 15-17); KCT4: analyzing
the weaknesses and strengths of representations (items 18—19); KCC1: composing content and topic combinations (items
20-21); KCC2: applying standards and curricula (items 22-23); KCC3: designing instruments to measure students’
abilities (items 24-25).

Average Achievement per CK and PCK Indicator

100
I CK Indicator
6.67 B PCK Indicator

80 A

Ideal threshold 75%

60 see7 033

40 A

Average Achievement (%)

20 1

SCK4

g

KCT3
KCT4

CCK1
CCK2
CCK3
SCK1
SCK2
SCK3
SCK5
SCK6
SCK7
HCK1
HCK2
KCS1
KCs2
KCS3
KCS4
KCS5
KCT1
KCC1
Kcc2
KCC3

Figure 2. Average Achievement per CK and PCK Indicator

Figure 2 visualizes the average achievement of each indicator exactly as listed in
Table 5. The range of achievement across indicators spans 20.00% to 86.67%. The highest
achievement is on the CK indicator CCK1 (86.67%; understanding basic school-
mathematics concepts), which is fundamental and therefore the most widely mastered by
students. Conversely, the lowest overall achievement is on indicator SCK4 (20.00%;
proving mathematical properties or theorems), the skill with the highest cognitive demand
in the CK domain, followed by SCK5 (23.33%; applying proof strategies) and SCK6
(30.00%; building and constructing mathematical models). The pattern in the SCK
dimension declines gradually with complexity, from explaining concepts and principles
(SCK1; 63.33%), analyzing and connecting mathematical objects (SCK2 46.67%; SCK3
43.33%), solving complex problems (SCK7; 33.33%), to the most difficult modeling and
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proving (SCK6 30.00%; SCK5 23.33%; SCK4 20.00%), a pattern consistent with
cognitive load theory. Because each dimension’s achievement remains the mean of its
constituent indicators, for example, KCS (54.07%) is the mean of KCS1-KCS5 and CCK
(73.33%) is the mean of CCK1-CCK3—this pattern maps precisely which items and
indicators are the sources of weakness, so that lecturers can design remediation targeted at
concrete rather than generic weaknesses. The results of the Pearson correlation test are
presented in Table 6.

Table 6. Pearson Correlation between Domains and between Parallel Dimensions

Relationship r p Interpretation
CK -PCK 0.72 <0.001 Strong
CCK -KCs 0.42 <0.05 Moderate
SCK -KCT 0.54 <0.01 Moderate
HCK - KCC 0.86 <0.001 Very strong

The strong positive correlation between CK and PCK (r = 0.72; p < 0.001) confirms
that the two domains are constructively interdependent, reinforced by the correlations
between parallel dimensions, especially HCK-KCC (r = 0.86) and SCK-KCT (r = 0.54).
The predictive relationship of CK on PCK was tested through simple linear regression
(Table 7 and Figure 3).

Table 7. Results of the Simple Linear Regression of CK on PCK

Parameter Value
Slope (b) 1.708
Intercept (a) —32.734
Coefficient of determination (R?) 0.5245
Pearson r 0.72
Equation PCK =1.708 x CK — 32.734

Relationship between Students' CK and PCK

100 A
y=1708x — 32.734

Rz =0.5245
Student 1

80 1 L ]

60 1

PCK (%)

40 ®

20

20 30 40 50 60 70
CK (%)

Figure 3. Scatter Plot and Regression Line of the CK-PCK Relationship

The equation PCK = 1.708 x CK — 32.734 with R? = 0.52 indicates that about 52% of
the variance in PCK is statistically associated with CK. Because the design is correlational,
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this relationship should be interpreted as a predictive association rather than a causal
effect; the remaining 48% of the variance signals that PCK does not form automatically
from content mastery but requires an explicit pedagogical learning pathway.

The CBT also breaks aggregate achievement down into individual diagnostic profiles
automatically. To illustrate this capability, rather than to draw general conclusions from a
single case, Table 8 and Figure 4 summarize the profile of one participant (pseudonym
Student 1), and Figures 5 and 6 show anonymized screenshots of the corresponding

diagnostic report generated by the CBT. Such reports are produced automatically for every
participant.

Table 8. Individual Achievement Profile of Student 1 Compared with the Class Average

Domain Student 1 Score Class Average Difference Category
(%) (%)

Content 52.00 50.00 +2.00 Low
Knowledge (CK)
Pedagogical 36.00 52.67 -16.67 Low
Content
Knowledge
(PCK)

Student 1 Dimension Profile
CK = 52.00%% | PCK = 36.00%% | PK = 44.00%% (Low)

I CK Dimension
[ PCK Dimension

Class Average
100 1 —— Threshold 60%

80 1
71.A3%

hY
AY
\\
60 1

Achievement (%)

40 1

20 1

0. -

CCK SCK HCK KCs KCT KCC
Figure 4. CK and PCK Achievement Profile of Student 1 Compared with the Class Average

As an illustrative example, Student 1 answered 13 of 25 CK items and 9 of 25 PCK
items correctly, falling into the Low category for both domains, with CK slightly above
and PCK well below the class average. Anonymized screenshots of the report are shown in
Figures 5 and 6, with no identifiable student information displayed. This single case is used

only to demonstrate the diagnostic output of the CBT and is not intended as a basis for
general interpretation.
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DIAGNOSTIC SCORING REPORT STUDENT NAME : Student 1
REVIEW YOUR ANSWER
Q 1 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19 20 21 22 23 2 Py
v D D B B B A A A A B D A
o D A D A c B [+ B A B D A A D A c B B D B D D
M M M M M M M H M H M M H H H H H M H M M M M M M
SCORE GUIDE
Easy : (/O medium : 10/17 Hard 3/8 ‘- Essym-Medium:h -Hard
Estimated Probability of Skill Mastery — Student 1
100 100.00% cCcK 100.00% 100.00% 100.00% SCK HCK 100.00%
g
> 80
2
i
= 60
5 50.00% 50.00%
z
E 40
5
& 20
o 0% 0% 0% 0% 0%
CCK1 CCK2 CCK3 SCK1 SCK2 SCK3 SCK4 SCKS SCKé SCK7 HCK1 HCK2
Figure 5. CBT Diagnostic Scorecard for the CK Domain for Student 1 (original system screenshot)
DIAGNOSTIC SCORING REPORT STUDENT NAME : Student 1
REVIEWYOUR ANSWER
1 2 3 4 5 6 7 8 9 10 1" 12 13 14 15 16 17 18 19 20 21 2 23 24 25
D B Cc D Cc D A C C c D A Cc Cc A D
B A A C C B B D A C B A D C A B D A C B A D B Cc A
M M H M M H M H M M M H M M M M H H M M H M H H H
SCORE GUIDE
‘Your Correctly answer 9 out of 25 questions. - Correct Ansuiero - Omitled answer
Easy : /0 medium : 6/15 Hard 310 - EasymeMediumh -Hard
Estimated Probability of Skill Mastery — Student 1
KCs 100.00% KcT 100.00% 100.00% KCC
100
g
> 80
I}
%
]
Z 60
5 50.00% 50.00%
2
5 40 33.33%
g 25.00%
& 20
0 0% 0% 0% 0% 0%
KCs1 KCS2 KCS3 KCS4 KCs5 KCT1 KCT2 KCT3 KCT4 KCC1 Kcc2 KCC3

Figure 6. CBT Diagnostic Scorecard for the PCK Domain for Student 1 (system screenshot)

Figures 5 and 6 reveal diagnostic functions of the CBT that are more difficult to
implement efficiently in conventional paper-based tests. In addition to recapping
correct/incorrect answers per item along with their difficulty level, a combination of the
Medium (M) and Hard (H) categories according to the item analysis of the instrument, the
system presents an Estimated Probability of Skill Mastery graph that maps Student 1°s
mastery probability for each skill indicator (CCK1-HCK2 for CK and KCS1-KCC3 for
PCK), complete with a mapping of sample items to each indicator. Thus, the CBT does not
merely provide a final score but directly identifies which indicators have been mastered
and which remain weak, in Student 1°s case, several indicators show a mastery probability
close to zero, so that lecturers can follow up with specific and immediate remediation. It is
this automation of scoring, standardization of reporting, and diagnostic depth that affirms
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the added value of the CBT in assessing the professional knowledge of mathematics pre-
service teachers.

At the indicator level, the same report pinpoints exactly which indicators a student has
and has not mastered. For Student 1, for example, several higher-order indicators,
advanced reasoning and proof within SCK, and knowledge of students within KCS
registered no mastery, whereas basic content indicators were fully mastered. This
illustrates how indicator-level diagnosis can guide individualized remediation far more
precisely than dimension averages alone, without implying that this individual profile
generalizes to the cohort.

Summary of key findings. In sum, both CK (50.00%) and PCK (52.67%) fell below
the 75% mastery threshold; 60.00% of the students were in the low category and none
reached the high category; SCK (36.91%) and KCC (46.25%) were the weakest
dimensions; CK and PCK were strongly and positively associated (r = 0.72; p < 0.001);
and the CBT was able to decompose these results down to the indicator and individual-
student levels, as illustrated by the profile of Student 1.

3.2. Discussion

Interpreted against the study’s objectives, three points stand out. First, neither CK nor
PCK reached the mastery threshold, and contrary to the common assumption that content
mastery precedes and exceeds pedagogical knowledge, PCK was marginally higher than
CK; this pattern resonates with Shulman’s argument that transforming content into
teachable form is a distinct challenge [7] and with the MKT framework’s treatment of CK
and PCK as related but non-identical constructs [6]. Second, the weakest areas lay in
advanced specialized content within CK and in knowledge of curriculum within PCK,
echoing the COACTIV model’s claim that these facets critically shape the quality of
instructional planning [2], [25]. Third, CK achievement was far more homogeneous than
PCK, suggesting that pedagogical capacity develops more unevenly across pre-service
teachers, consistent with reviews describing PCK as the most context-dependent and
hardest-to-cultivate component [8], [9].

The pattern of correlations indicates that stronger mastery in particular content
dimensions tends to co-occur with the corresponding pedagogical capacity, yet content
mastery accounts for only part of the variation in PCK, consistent with evidence that pre-
service teachers in developing contexts often show comparatively weaker PCK because
curricula emphasize content coverage over pedagogical transformation [1], [10]. Rather
than forming automatically from content knowledge, PCK appears to require explicit,
dedicated learning experiences. The profile of Student 1 is consistent with this
interpretation but is treated here only as an illustrative example, not as evidence in its own
right.

These results are broadly consistent with prior Indonesian studies reporting that the
professional knowledge of mathematics pre-service teachers is generally moderate and
uneven, with PCK frequently emerging as the more fragile component [10], [11]. The
finding that PCK was marginally higher than CK is noteworthy and can be interpreted
cautiously: the PCK items, which draw on familiar classroom situations, may be more
accessible to students than the CK items, which demand advanced and abstract
mathematical reasoning; moreover, the far larger dispersion of PCK (SD = 23.96) indicates
that this apparent advantage is unevenly distributed across the cohort. The particularly low
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SCK (36.91%) is plausibly linked to teacher-education curricula that emphasize procedural
and elementary content over advanced mathematical reasoning—such as formal proof,
mathematical modeling, and complex problem solving—so that the more cognitively
demanding indicators (SCK4-SCK?7) remain underdeveloped [24], [25].

Theoretically, the study offers a specific insight rather than a mere application of
existing models: in a low-proficiency, underrepresented setting, CK and PCK remain
strongly interdependent even though neither reaches mastery and PCK can slightly exceed
CK. This qualifies the intuitive assumption that CK necessarily leads PCK and suggests
that, at early proficiency levels, the two constructs may develop in tandem rather than
strictly sequentially—extending the MKT and COACTIV frameworks to conditions from
which they were not originally derived [6], [25], [27]. Methodologically, the study
contributes a CBT model that jointly diagnoses CK and PCK down to the indicator level,
addressing the scarcity of instruments that do so simultaneously [22], [28]. In policy terms,
the finding that no student reached the high category provides empirical grounds for data-
driven rather than assumption-driven curriculum reform [5], [23], a concern underscored
by Indonesia’s recent international assessment results [3].

Positioned this way, the CBT functions not merely as an examination tool but as a
diagnostic-assessment ecosystem that yields rich, decomposable cognitive data actionable
for program managers [23], [30]. Several limitations should nonetheless temper these
conclusions and caution against generalizing beyond the single institution and the 30
participants studied here: (a) the small sample size, which limits statistical power and
generalizability; (b) the total-purposive, single-institution sampling; (c) the bivariate scope,
which does not model other determinants simultaneously; (d) the reliance solely on
quantitative CBT data, without syllabus and document analysis, classroom observation, or
interviews that could triangulate and explain why students underperformed; (e) the limited
external evidence of the instrument’s validity and reliability beyond the internal analyses
reported here; and (f) the multiple-choice format, which cannot fully capture the reasoning
that open-ended or performance-based tasks would reveal. In practical terms, these
findings imply that teacher-education curricula should allocate explicit, assessed learning
time to advanced specialized content (formal proof, mathematical modeling, and complex
problem solving) and to knowledge of students and curriculum. They should embed
diagnostic CBT within course cycles so that indicator-level weaknesses are identified early
and addressed through targeted, evidence-based remediation. Future research should
employ larger multi-institution and longitudinal samples, mixed-methods designs that add
qualitative triangulation, and multivariate models to strengthen internal and external
validity.

CONCLUSION AND RECOMMENDATIONS

This study set out to measure and profile the CK and PCK of mathematics pre-service
teachers through a diagnostic CBT. On average, both constructs remained below the
mastery threshold, with the majority of students in the low category and none in the high
category; the weakest areas were advanced specialized content within CK and knowledge
of curriculum within PCK, while CK and PCK were strongly and positively associated.
Theoretically, the study clarifies that CK and PCK can remain interdependent and PCK can
slightly exceed CK, even at low overall proficiency; methodologically, it demonstrates a
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CBT capable of layered, indicator-level diagnosis of both constructs; and practically, it
provides a standardized, efficient means of generating actionable competence profiles for
teacher education. These conclusions should be read in light of the study’s limitations,
namely a small, single-institution, purposively selected sample analyzed with bivariate,
multiple-choice-based methods. Overall, the central message is that diagnostic computer-
based assessment can meaningfully advance the monitoring and development of
mathematics pre-service teachers’ professional knowledge, provided its profiles are used to
inform evidence-based curriculum and instructional reform.

Recommendations. The following recommendations are offered as literature-
informed, potentially effective alternatives suggested by, rather than directly proven by, the
present findings, and they should be validated in future studies.

For lecturers. Remedial instruction may target not only the weakest dimensions (SCK
within CK and KCC within PCK) but also the weakest indicators identified in Table 5. In
the CK domain, priority may be given to strengthening mathematical proof, proving
properties or theorems (SCK4) and applying proof strategies (SCK5) through scaffolded
proof practice, analysis of proof errors, and habituation to deductive argumentation,
followed by mathematical modeling (SCK6) and complex problem solving (SCK7) via
problem-based learning. In the PCK domain, the focus may fall on analyzing the strengths
and weaknesses of representations (KCT4), applying standards and curricula (KCC2), and
designing measurement instruments (KCC3) through case-based learning, analysis of
teaching videos, and curriculum-document study.

For teacher education institution curriculum managers. The results encourage
integrating a diagnostic CBT, capable of mapping achievement down to the indicator and
individual levels, into the study program’s quality-assurance cycle, and rebalancing the
curriculum so that advanced mathematical reasoning and pedagogical-content competence
receive as much emphasis as procedural content mastery.

For future researchers. Future studies may use larger, multi-institution, and
longitudinal samples, mixed-methods designs that add qualitative triangulation (syllabus
analysis, classroom observation, and interviews), and multivariate models involving
additional determinants (such as academic background, learning motivation, and quality of
teaching) to strengthen external validity and to explain the causes of the observed
weaknesses. A further agenda is to develop and empirically test enhancements to the CBT
itself, automatic item-level feedback with worked explanations, direct links to remedial
materials for each weak indicator, and adaptive item delivery. So that, once validated, the
system can function not only as a diagnostic tool but also as an integrated learning-support
environment.
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