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Abstract

While the Flesch-Kincaid (FK) formula remains a standard for readability assessment, current research highlights its
limitations in measuring actual text comprehension due to its focus on surface-level linguistic features. This study
addresses this gap by developing the Conceptual Clarity and Topic Coverage (CCTC) enhanced Flesch Reading Ease
(FRE) model, which integrates semantic coherence and syllabus alignment into the traditional readability framework.
The system, implemented via a Flask-based web application, automates the evaluation of university course materials
using a pipeline of Latent Dirichlet Allocation (LDA) for topic distribution and TF-IDF cosine similarity for
conceptual clarity. Validation was performed using a dataset of Computer Science courseware benchmarked against
expert human ratings. Statistical analysis via ANOVA and Pearson correlation demonstrated that the CCTC-enhanced
FRE score achieves a significantly higher correlation with human judgment (1=0.86, p<0.05) compared to traditional
metrics such as the standard FRE (t=0.86), Gunning Fog (-0.56), and SMOG (-0.77). These findings provide empirical
evidence that incorporating semantic and thematic depth significantly improves the accuracy of automated readability
assessments in technical academic contexts. This research offers a robust framework for educational quality assurance
and data-driven curriculum design.

Keywords: CCTC-enhanced FRE Score, Educational Quality Assessment, Readability Metrics, Course Content
Analysis, Natural Language Processing

Readability is defined as a linguistic metric

INTRODUCTION that quantifies the ease with whi_ch a reader can
process and understand a written document

Cite as: (Meng et al., 2020). Within the field of pedagogy,
content analysis is frequently utilized to
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information into thematic categories to identify
recurring patterns (Rucks-Ahidiana, 2024). In
higher education settings, the effectiveness of
these materials is largely dependent on how well
complex ideas are communicated to the learner
(Hodges et al.,, 2020). However, accurately
measuring this clarity remains a significant
challenge due to the limitations of traditional
linguistic tools (Choi & Crossley, 2022).
Furthermore, the mastery of academic vocabulary
is crucial for undergraduate success, yet students
often struggle with the transition to specialized
academic language (Chung et al., 2024).
Standard assessment formulas, such as the
Flesch-Kincaid Grade Level, primarily focus on
surface-level features like sentence length and
syllable counts (Crossley et al., 2021). Recent
studies highlight that these metrics lack a strong
correlation with actual cognitive reading
performance (Tanprasert & Kauchak, 2021).
Furthermore, traditional indices can be easily
manipulated to improve scores without actually
enhancing the clarity of the underlying content
(Vajjala, 2021). This creates a reliability gap
when evaluating technical texts, as these
formulas often penalize essential domain-specific
vocabulary as being too difficult (Ehara, 2023).
Consequently, a text might be rated as
inaccessible simply because it uses the correct
terminology required by the subject matter (Ha &
Yaneva, 2018). Linguistic research confirms that
the mere presence of long words does not always
equate to high difficulty if the reader has specific
domain exposure (Bulté & Housen, 2012).
Modern research has begun to pivot toward
Natural Language Processing (NLP) to capture
document-level  semantics and  structural
dependencies better (Priebe et al., 2012). While
deep learning models provide high accuracy in
general contexts, they often struggle with the data
scarcity found in specialized academic domains
(Cai et al., 2020). Other approaches use Latent
Dirichlet Allocation (LDA) to provide a more
modular and interpretable "white-box" view of
text topics (Blei et al., 2003). To improve these
models, researchers have investigated normalized
approaches for finding optimal topic numbers to
ensure semantic stability (Hasan et al., 2021).
Also, advanced term-weighting strategies, such
as TF-IDF, are now being modified to be more
sensitive to word relevance in specific document
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types (Jalilifard et al., 2020). There is a clear need
for a framework that validates whether the
complexity of a word is justified by its presence
in the syllabus (Alexander et al., 2022).

This study introduces the CCTC-enhanced
FRE model, which integrates Latent Dirichlet
Allocation (LDA) and TF-IDF to align traditional
readability scores with syllabus relevance. By
identifying anchor words essential to the
curriculum, the model effectively reduces the
academic penalty for technical vocabulary.
Validated against 114 Computer Science
modules, our framework demonstrates a superior
correlation with expert judgment (t=0.86)
compared to standard metrics. This research
provides a functional, Flask-based tool for
curriculum designers to assess instructional
quality through a white-box semantic lens.

LITERATURE REVIEW

The two major lines of research relevant to
our work include (i) the use of neural frameworks
like ReadNet to capture structural readability and
(ii) the application of semantic models like LDA
to evaluate content coverage.

ReadNet

ReadNet is a modern readability analysis tool
that uses a hierarchical transformer model to
understand the sequence of text (Meng et al.,
2020). This hierarchical approach is rooted in the
architecture of Hierarchical Attention Networks
(HAN), which mirror the document's structure
through word-level and sentence-level attention
mechanisms (Yang et al., 2016). Such structures
enable the model to attend differentially to more
or less important content when constructing the
document representation.

However, many deep learning approaches do
not incorporate the knowledge of document
structure efficiently and fail to account for the
specific contextual importance of sentences
(Abreu et al., 2019). By using convolutional
layers to extract abstract features within a
hierarchical representation, hybrid models can
achieve more generalizable results than standard
attention-based  systems.  Despite  these
advancements, neural models remain sensitive to
data distribution; for example, ReadNet’s
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performance on specialized academic exams
drops significantly, highlighting a reliance on
large-scale training data (Cai et al., 2020).
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Figure 2. Proposed hierarchical transformer model
specialized for readability analysis (Meng et al.,
2020).

ReadNet mimics human reading behavior by
treating the sentence as the basic building block
of understanding. Instead of getting lost trying to
connect random words from different pages, it
focuses on how words interact within their own
sentences, which is exactly how people process
information. Mathematically, this structure
drastically reduces parameter complexity from
O((mm)2d) in single-level models to
O(m2d+ n2d) for a document with n
sentences and m words. While ReadNet
demonstrates good accuracy, achieving up to
91.2% on Wikipedia and 91.7% on the Weebit
dataset, its performance on smaller, specialized
datasets like the Cambridge English Exam (CEE)
drops to 52.8%, highlighting a reliance on large-
scale data for stability (Meng et al., 2020).
ReadNet’s reliance on hierarchical attention
allows it to model how words form sentences and
sentences form documents, yet it remains
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sensitive to the distribution of the training data

(Yang et al., 2016).
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Figure 1. Screenshot of Cross-validation classification accuracy
and standard deviation (in parentheses) on Wikipedia(Wiki),
Cambridge English Exam (CEE) and Weebit dataset.(Meng et al,

2020).

The first table shows the size of the articles
(sentences and words), while the second table
compares how accurately different Al models
guess the reading level. ReadNet is the best model
overall, but it struggles with the Cambridge Exam
(CEE) dataset, where accuracy drops to only
52.8%. This proves that even the best neural
models find academic exam materials much
harder to analyze than general Wikipedia articles

Topic Coverage with Latent Dirichlet
Allocation

LDA is one of the most powerful techniques
in text mining for discovering latent data and
relationships among documents (Jelodar et al.,
2019). As a generative probabilistic model, it
represents documents as random mixtures over
latent topics, where each topic is defined by a
specific distribution of words (Blei et al., 2003).
Research has shown that LDA is a versatile tool
for information modeling across various fields,
including software engineering and block chain
technology (Sharma et al., 2022). Its ability to
distill meaningful insights from seemingly
chaotic, unstructured text makes it ideal for
pragmatically unraveling the intricacies of large
datasets (Ugorji et al., 2024).

While LDA is excellent at identifying what
a document is about, a major limitation remains:
it cannot evaluate if the writing is effective for a
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learner or if the vocabulary aligns with a specific
lesson plan (Hasan et al., 2021). Furthermore,
finding the optimal number of topics is essential
for LDA's success, especially when working with
high-dimensional data (Farkhod et al., 2021). The
CCTC model addresses this by using LDA "topic
buckets" to perform a direct comparison against
an official syllabus. By leveraging semantic-
sensitive term weighting, the model recognizes
technical terms that are essential to the topic
(Lubis et al., 2024).
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Figure 3. Latent Dirichlet Allocation model (Farkhod
etal., 2021).

LDA is a powerful way to organize text by
grouping words into topic buckets. Their most
important contribution is the formula used to
calculate the likelihood of a document as a blend
of these themes

Their results showed that LDA is excellent at
identifying what a document is about, but it has a
major limitation, it cannot tell if the writing is
effective for a student. It only knows which topics
are present, not if the complex words being used
actually match the lesson plan.

We bridge this gap by using LDA as a
semantic filter for the Flesch Reading Ease (FRE)
formula. By identifying topic anchors via LDA’s
probabilistic word distributions, our model
forgives the high syllable counts of necessary
technical terms. Our CCTC model solves this by
using the LDA topic buckets to perform a direct
comparison. Instead of just flagging long words
as difficult, our model compares those syllables
against the official course syllabus.
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Figure 4. An example article from the AP corpus.
Each color codes a different factor from which the
word is putatively generated (Blei et al., 2003).

METHODOLOGY

This section outlines the dataset used, the
preprocessing steps, the system design in detail
along with the requirements, methods to create it
as well as the evaluation.

Data Collection

This section shows the type of data collected,
where it was gotten from and how it was arranged
in the database. The dataset consists of 114 full-
term course modules spanning levels 100 to 400.
This consists of 57 merged lecture notes and 57
corresponding course compacts. While the dataset
was localized to a single department, it provides a
controlled environment for testing technical
lexical opacity

Course Lecture Slides

Course materials were obtained from Covenant
University repository. Lecture materials from 100
to 400 level computer science courses were used
for this research. The lecture materials were
converted to pdf documents and then merged to
form a single pdf consisting of all the lecture
materials used for that semester
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Figure 5. Course Lecture Notes.

Course Syllable

Course syllables were obtained from
Covenant University repository. Lecture materials
from 100 to 400 level computer science courses
were used for this research. For each merged pdf,
there was a corresponding pdf containing the
course compact which is the scheme of work or the
topics that would be covered for that semester.

L1

Figure 6. Course syllables stored on a database.
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Expert Ratings

Experts of the department was used to rate the
merged courseware depending on their different
levels of readability using the web application.
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Figure 4. Expert ratings stored on a database.

Data Preprocessing
To ensure consistency and accurate ratings |
followed the following procedures
i.  Properly went through each lecture note
to ensure they were up to date.
ii.  Removed all redundant data in the notes
and syllables.
iii.  Properly merged all the related lecture
notes together
iv.  Properly labelled each lecture note and
its corresponding syllable
v.  Stored every entry in a database using
password authentication for each user to
ensure accurate data is recorded.

g Attach Datat
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System Architecture
The text analysis system follows a three-tier
architecture:

i. Presentation Layer: This is the User
interface which allows the user to login or
register, enable document uploads and
display calculated analysis results.

ii.  Application Layer: this is the backend
that handles Processing and computation,
handles user authentication, processes
course materials and syllabi, computes
readability and NLP scores and stores
results in the database.

iii.  Database: Storage, stores user details,
upload documents and computed scores.
Ensures secure access with role-based
permissions.

document uploads

g
|

\ /

~ § -

user interface Bamaa;
fexl processing engne

Figure 8. System’s Architecture.

Variable Definitions: The Proposed CCTC-
enhanced FRE model:

Scere = W1 (Srk) + wo(Stp—ipr) + w3(Sppa)
(1)

Srx * The Flesch Reading Ease score, calculated
using sentence length (ASL) and syllable count
(ASW).
Spx = 206.835 - (1.015 x ASL) - (84.6
X ASW)
)

STF-IDF (Conceptual clarity) :Measures  semantic
coherence (CC) by calculating the average cosine
similarity between consecutive sentence vectors v
and vi+1
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n-1
cc 1ZUi-Ui+Ui+1
-1 lJuill [ vi + 1]
=0
3)
S.pa (topic coverage): The probability

distribution of topics within the document.
Computed using Latent Dirichlet Allocation. It
Measures the Jaccard similarity between the topic
distribution of the course material (§m) and the
syllabus (6s)

Based on iterative testing against expert
ratings, the weights were set to w; = 0.4, w, = 0.3,
and w5 = 0.3. This distribution ensures that while
linguistic structure w; remains the primary factor,
semantic depth (w, + w; ) carries equal weight
in the final assessment. The justification for this
specific distribution is threefold:

1. Baseline Structural Integrity (wq; = 0.4):
The traditional Flesch Reading Ease (Spx) is
assigned the highest weight to maintain the
foundational  importance of linguistic
simplicity. This ensures the model remains
grounded in established readability theory
while allowing for semantic corrections.
Semantic Balancing (w, + w3 = 0.6 ):
Collectively, the Content parameters
(Conceptual Clarity and Topic Coverage)
outweigh the Surface parameter (0.6 > 0.4).
This is a deliberate design choice to correct
the syllable penalty often found in technical
Computer Science texts, where complex
terms are necessary for accuracy but usually
lower traditional scores.

3. Empirical Convergence: During the testing
phase, multiple weight configurations were
trialed. The 0.4/0.3/0.3 split yielded the
highest convergence with human judgment (r
= 0.86), indicating that this ratio most
accurately captures how university lecturers
perceive instructional quality versus simple
readability.

n
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Algorithm Pseudocode

The implementation logic for the CCTC-
enhanced FRE calculation is detailed in
Algorithm 1 below:

Inputs: Course Document and corresponding
Course syllabus

Output: Enhanced FRE Score (S¢ccre)

Step 1: Extract text and calculate traditional Sgx
via syllable/word count.

Step 2: Transform Course Document into TF-IDF
vectors. Compute average Cosine Similarity
between adjacent sentences to derive Str_jpr-
Step 3: Train the LDA model on the Course
Document and the corresponding Course
syllabus. Compare resulting topic distributions to
derive S;pa-

Step 4: Apply weights:

Scere = (0.4 - Spx) + (0.3 Spp_jpr) + (0.3-S1pa)
4)

Step 5: Return Sc¢ere

RESULTS

This section presents the evaluation metrics
and the results. The evaluation of the system was
done with the Comparative analysis of the
enhanced algorithm against traditional readability
models (FRE, Gunning Fog, TF-IDF) using
ANOVA and Correlation Coefficient was
applied to determine the measure of linear
correlation between the scores produced by
the algorithm and expert ratings by humans.

ANOVA

ANOVA was used to compare the performance
of the CCTC-enhanced FRE score with statistically
traditional models like: FRE, Gunning Fog Index,
SMOG Index, TF-IDF and LSA. The goal was to
determine whether the subjective measurements of
clarity of information and relevance of topic. The
models compared are the CCTC-enhanced FRE,
FRE score, Gunning Fog score, SMOG score, TF-
IDF score and LSA score. Table 1 shows the
Pearson correlation scores of readability models
with human rating using the scipy.stats library in
Python.
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The enhanced model significantly outperforms
these baseline models in reflecting expert ratings.
The ANOVA test revealed that the enhanced
model's scores were statistically significantly
different compared to traditional models. The
model with the highest average score was
FRE. Significant difference exists among the
readability models.

Pearson Correlation

This was applied to determine the measure of
linear correlation between the scores produced by
the algorithm and expert ratings by humans.
Course materials were rated by an expert
evaluator in terms of readability, coherence and
content coverage. In this scenario, a strong
correlation would be the Pearson correlation of
the scores produced by the system with the expert
ratings, which would show that the model is close
to the human judgment.

The Pearson correlation coefficient displayed
the presence of the highest correlation between
CCTC-enhanced FRE model and human expert
ratings, and the findings indicated high
compatibility between the objective and the
CCTC-enhanced FRE model aligns the most with
human ratings, with a correlation of 0.86. This
suggests that the addition of conceptual clarity and
topic coverage into the Flesch-Kincaid readability
formula significantly improves the alignment with
human judgment, making it a more reliable
measure for evaluating text readability.

In spite of this, the ANOVA test showed that
higher scores in the readability models do not
always equal to better performance. While the
CCTC-enhanced FRE had the highest correlation
with human ratings, it did not have the highest
mean score in the ANOVA analysis, showing that
other factors, such as the distribution of scores
across different models and the context of the
dataset, play an important role in determining the
most effective readability model. This reminds us
that when we look at statistical significance, we
should not be solely focused on the average score
but also think about how well the model works in
real life and how it matches with expert opinions.
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Table 1. Result of Pearson correlation of different
readability metrics with Human Ratings.

SIN Readability Pearson
Model Correlation
with Human
Ratings

1 CCTC-enhanced 0.86
FRE

FRE score 0.84

TF-IDF score 0.36

4 Gunning Fog -0.56
score

5 SMOG score -0.77

The results of the Pearson correlation show that

Statistical Correlation Analysis (Sample Size N=114)

Metric Pair Correlation Ir) Palue 95% CI Lower 95% Cl Upper

|
CCTC vs FRE g 0612 25967 042 075

CCTC vs Gunning Fog z 0.854 L12e-33 091 478

CCTC vs SMOG -0.881 445838 0.93 82

CCTC s Syllabus Fit 0743 §13e-2l 065 0.82

FRE.

Statistical correlation analysis and performance
benchmarking

This section provides the F-Statistic Value, P-
Values and Cls for all correlations, interpretation
of why gunning fog and smog have negative
correlations, and a comparison with the established
readability benchmark.

This table shows that the CCTC model has a
strong positive correlation (r = 0.612) with the
standard Flesch Reading Ease (FRE) formula, but
with a highly significant P-value (2.59 x10%7). The
95% Confidence Intervals (CI) confirm that even
with a sample of N=114 modules, the results are
stable and not due to random chance.

Figure 12. Statistical correlation of all the scores with CCTC-
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Performance Benchmark: Specialized Academic Content

0612

[LF]

Figure 13. Performance Benchmark between
ReadNet and proposed CCTC.

The performance of the proposed CCTC-
enhanced model was benchmarked against the
neural framework, ReadNet, to evaluate its efficacy
in specialized domains. While ReadNet utilizes a
sophisticated hierarchical attention mechanism, it
demonstrates a performance bottleneck when
applied to specialized academic corpora, such as
the Cambridge English Exam (CEE) dataset, where
its accuracy is limited to 0.528. In contrast, the
CCTC model achieves a significantly higher
Pearson correlation of r = 0.612, within the
specialized domain of Computer Science
courseware. These results suggest that neural
architectures are heavily dependent on large-scale
datasets to maintain stability, whereas the semantic
approach of the CCTC model, which leverages
domain-specific syllabus, provides a more robust
assessment when data is constrained.

Inverse Correlation Logic: Complexity vs. Readability

6 8

12

10 16 18
Difficulty Metrics (Gunni

14
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Figure 14. Correlation Graph between Gunning Fog and

SMOG with CCTC.
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A critical observation in the statistical analysis
is the strong negative correlation between the
CCTC model and established metrics; Gunning
Fog Index (r = -0.854) and the SMOG Index (r = -
0.881). The Gunning Fog and SMOG indices are
designed as difficulty measures, where a higher
numerical value indicates increased linguistic
complexity or a higher required grade level.
Conversely, the CCTC model is a readability
measure, where higher scores represent greater
ease of comprehension. The steep downward
regression slope confirms that as the perceived
difficulty of the technical text increases, the CCTC
readability score decreases proportionally. This
inverse relationship proves that the models are in
empirical agreement and simply quantify the same
linguistic phenomena from opposite ends of the
scoring spectrum.

Demonstrating the Limitations of Traditional
Flesch Reading Ease in Technical Texts Using
the CCTC-Enhanced Model

To further validate the accuracy and relevance
of the proposed CCTC-enhanced Flesch Reading
Ease (FRE) model, a lecture material from CSC433
was selected from the database and analyzed. This
analysis aimed to compare the performance of the
traditional FRE formula with the enhanced CCTC-
FRE model when applied to technical academic
content.

(M | AN | as | AskCopilot

Prof. Jelili O. Oyelade

Computer Graphics and
Animation (CSC433)

| Q A w08 - E ’c ﬂ
Figure 15. Screenshot of the first page of csc433

merged lecture note.
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Figure 16. Result of the limitation of FRE.

The results reveal that the traditional FRE
model classifies words containing more than two
syllables as long and therefore complex. The word-
level analysis clearly identifies the specific words
responsible for the reduction in the FRE score. In
this case, the standard FRE score of 28.77
categorizes the sentence as very difficult to read.
However, this low score does not stem from poor
conceptual clarity or incoherent structure. Rather,
it is primarily caused by the presence of multi-
syllabic technical terms and a relatively long
sentence length.

The FRE formula heavily penalizes texts based
on average syllables per word and sentence length,
without considering semantic meaning or
contextual relevance. Consequently, technical
terms commonly used in Computer Science, such
as "computer,” "image,” and "processing,"
artificially lower the readability score, even though
these words are domain-appropriate, conceptually
meaningful, and essential for an accurate
explanation. The traditional FRE model therefore
treats necessary technical vocabulary solely as
indicators of reading difficulty, ignoring their
instructional value.

In contrast, the Conceptual Clarity (CC) score
of 0.21 indicates a moderate level of semantic
coherence. This suggests that the sentence
maintains logical continuity with surrounding ideas
and that key concepts such as computer graphics
and image processing are semantically related.
Unlike the FRE formula, which focuses on surface-
level text features, Conceptual Clarity evaluates the
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consistency and flow of meaning within the text.

Additionally, the Topic Coverage (TC) score of
50.05% demonstrates that the sentence is
moderately aligned with the course syllabus and
effectively incorporates core domain concepts
relevant to computer graphics. This further
confirms that the sentence is educationally
appropriate and relevant to its intended academic
audience, despite being labeled difficult by the
traditional FRE metric.

The higher CCTC-enhanced FRE score reflects
the model’s ability to recognize that technical
complexity does not necessarily imply poor
readability. By integrating Conceptual Clarity and
Topic Coverage into the readability assessment, the
CCTC model compensates for the excessive
syllable-based penalties imposed by the traditional
FRE formula.

Overall, these findings demonstrate that the
standard FRE model significantly underestimates
readability in technical and academic texts because
it ignores meaning, context, and instructional
relevance. The results therefore, confirm that
relying solely on FRE is inadequate for evaluating
academic content. By incorporating Conceptual
Clarity and Topic Coverage, the CCTC-enhanced
FRE provides a more balanced and accurate
measure of true instructional readability.

Web Application pages

Below are the important features of the system
which are the dashboard and the view documents

page.

The Dashboard Page

The dashboard page shows the results of
document analysis in a user-friendly format. It
shows the different readability metrics, including
Flesch Reading Ease, Conceptual Clarity, Topic
Coverage, and others. This page enables users see
previously uploaded documents, providing visual
display of the scores to help assess the document's
quality and relevance.
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Figure 17. Dashboard displaying results.

The view document page allows users to
view and rate the structure of a selected document
stored in the database. This page ensures that
users can access and review the text of the course
material or document they are analyzing without
needing to download it. It provides for a clean and
straightforward interface for navigating through
the document.
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Figure 18. View documents and Rating page.
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DISCUSSION

The core strength of the CCTC-enhanced
model is that it stops punishing technical words. In
normal formulas, long words like "asynchronous"
or "polymorphism" make a text seem much harder
than it actually is. By using LDA and TF-IDF, our
model realizes that these are anchor words that are
actually necessary to understand the topic. This
shifts the focus from how long the words are to how
important they are to the subject. Because the
model balances the length of the words with their
actual meaning, it provides a much fairer score for
Academic materials.

When we compare this to advanced Al like
ReadNet, we see a clear trade-off. ReadNet is built
to mimic how humans read by focusing on one
sentence at a time, which makes it very accurate for
general websites like Wikipedia. However, its
accuracy falls to 52.8% when it looks at specific
academic exams because it needs a massive
amount of data to stay stable. Our CCTC model is
mathematically simpler and much more reliable for
smaller, specialized sets of school documents.
While ReadNet is a "black box" that doesn't explain
its reasoning, our model is "white box," meaning
teachers can see exactly why a score was given.

One surprising result was that our model had a
strong negative correlation with tools like Gunning
Fog and SMOG. At first, this looked like a mistake,
but it actually proves the model works perfectly.
Gunning Fog Measures Difficulty, meaning that
higher is harder, while our model measures
Readability, which means that higher is easier.
They both agree that the text is complex, they just
use opposite scales to report it. A current limitation,
however, is that the model depends on a good
syllabus to work. If the course plan is messy, the
model might not accurately identify which
technical words are the most important.

For people who design school courses, these
findings offer a way to automatically check if their
lessons are too confusing. A designer can use this
benchmark to find "conceptually dense™ sections
where the technical language is too heavy,
signaling that they need to add more simple
explanations. This ensures that the lessons stay
focused on the core topics without becoming so
wordy that students can't understand them. It
allows schools to create leveled content that gets
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more challenging as the student learns more,
making sure the language never gets in the way of
the actual science.

CONCLUSION AND FUTURE WORK

This study demonstrates meaningful progress
in the automatic analysis of course content,
particularly in improving how large volumes of
educational materials can be evaluated
efficiently. The central contribution of this work
is the development and validation of the
Conceptual Clarity and Topic Coverage—
Enhanced Flesch Reading Ease (CCTC-enhanced
FRE) score, which extends traditional readability
measures by incorporating deeper content-based
insights.

By combining multiple aspects of readability
and content quality, the CCTC-enhanced FRE
score proved to be a strong and reliable
evaluation metric. Its high Pearson correlation
with human expert ratings shows that it closely
reflects how people judge the clarity and overall
quality of academic materials. These results
highlight the value of integrating artificial
intelligence and natural language processing
techniques into educational analysis tools, with
clear potential to support better instructional
design and learning outcomes.

Despite these promising results, the study has
some limitations. First, the model relies on
general-purpose, pre-trained NLP tools to
estimate conceptual clarity and topic coverage.
While effective, these tools may not fully capture
the domain-specific language and contextual
nuances present in academic or highly specialized
course materials. Additionally, the use of human
expert ratings for validation introduces an
element of subjectivity, as differences in
individual judgment may influence the evaluation
outcomes and perceived performance of the
model. Furthermore, the study acknowledges the
domain-specific nature of the data; however, the
underlying CCTC framework is designed to be
language-agnostic and transferable to other
STEM disciplines.

Future work can build on this foundation in
several important ways:

i. High-Priority: Domain-Specific NLP
Adaptation. The next phase involves
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fine-tuning the underlying NLP models
specifically for Computer Science.
Currently, the system uses general
language tools that may struggle with the
unique vocabulary of technical fields. By
moving to specialized transformer
models like SciBERT, the system will
better recognize technical context rather
than just counting syllables, significantly
increasing the accuracy of the
Conceptual Clarity and Topic Coverage
scores.

ii. Dynamic Weighted Optimization:
Future versions will move from fixed
weights to a flexible scoring system. This
means the importance of each metric will
change based on the course level. For
example, Conceptual Clarity would be
weighted more heavily for advanced
400-level courses like Automata Theory,
while traditional readability remains the

focus for introductory  100-level
materials.
iii. Interface and Visualization

Enhancements: The system will be
upgraded with interactive visual tools
such as keyword word clouds, bar charts
for comparing semesters, and semantic
heat maps. These additions will
transform the current script into a full
Decision Support System, allowing
curriculum designers to easily identify
and fix gaps in educational quality.

In summary, this research validates the
CCTC-enhanced FRE score as a more effective
and human-aligned metric for evaluating course
content than traditional readability formulas.
With continued methodological refinement and
improvements to system design, this approach
has strong potential to support intelligent, data-
driven tools for educational technology and large-
scale course material assessment.
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