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This study aims to investigate differences in linguistic form across instructional resources, which current literature — especially
that focused on language-arts texts — lacks. Former work has not produced side-by-side comparisons of how similar concepts
are explained across Al models, video transcripts, and textbooks. This study bridges that gap by measuring linguistic differences
across Khan Academy video transcripts, ChatGPT outputs, and textbooks for four high school math topics. This study does not
measure instructional quality, accuracy, or learning outcomes — it only measures the linguistic aspects of the learning methods.
Written explanations for four math concepts (angles, area, fractions, and the Pythagorean Theorem) were collected from six
sources: a Khan Academy video transcript, three ChatGPT responses (standard, easy, and hard prompts), and two textbooks (one
standard and one Indian). Each text was analyzed using Flesch—Kincaid Grade Level and T.E.R.A. (Text Ease and Readability
Assessor) to quantify measurements based on narrativity, syntactic simplicity, word concreteness, referential cohesion, and deep
cohesion. Pearson correlations were conducted with 95% confidence intervals using the Fisher z-transformation, and hierarchical
clustering of source-mean profiles was added as a small-N statistical complement. Khan Academy showed the highest narrativity
(mean = 87.5) and high syntactic simplicity (mean = 78.0); textbooks showed the highest word concreteness (mean = 81.5
standard, 55.0 Indian); ChatGPT variants showed the lowest syntactic simplicity (8.75-19.25). Length correlated strongly
with narrativity (r = 0.77, 95% CI [0.54, 0.90]) and inversely with word concreteness (r = —0.66, 95% CI [—0.84, —0.35]),
indicating that length is a substantial confound. Hierarchical clustering was used to group the standard and Indian textbooks
together, the standard and easy ChatGPT prompts together, and placed Khan Academy as a single-source outlier. Findings are
limited by the small corpus (N = 24), the absence of human comprehension or expert correctness checks, and known limitations
of automated text metrics on prose containing mathematical symbols. Results should be read as an exploratory description of
textual form, not as a ranking of instructional quality.
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Introduction This study focuses on the more technical aspects of these

resources. Taking videos from Khan Academy?, giving dif-

In the 21st century, there are more tools than ever before to as- ferent difficulty-level prompts to ChatGPT?, and textbook ex-

sist in learning. Whether it be platforms like Khan Academy,
artificial intelligence models like ChatGPT, or a more tradi-
tional approach using a textbook, each one offers a different
angle on a new concept. Each method has the same goal —
to enhance comprehension and accessibility — but they go
about that end with different means; some are more complex
and niche, while others might be simpler. Understanding the
similarities and differences between these resource types can
help us characterize what kind of language support each one
offers, which is a precondition for deciding when each is most
useful. '3

U Summit High School, New Jersey, USA

cerpts from different regions of the world, we apply tests like
the Flesch—Kincaid readability test to gather insights about
each text.%7 These help characterize the complexity of the
prose, the sentence structure, and the vocabulary burden, and
they let us measure how close content from different platforms
is to one another at the textual surface.

We additionally incorporate discourse-based measures us-
ing Coh-Metrix and the T.E.R.A. (Text Ease and Readability
Assessor)810, which analyze deeper features of text — in-
cluding cohesion — and provide a five-factor profile: Nar-
rativity, Syntactic Simplicity, Word Concreteness, Referential
Cohesion, and Deep Cohesion. This study aims to fill a mea-
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surement gap: prior comparative work has not produced quan-
titative side-by-side profiles of linguistic difficulty and con-
ceptual coherence across textbooks, Al chat, and video tutors
holding the underlying math concept constant. The framing
throughout is descriptive: we only work to measure and ana-
lyze differences and discrepancies; we do not measure learn-
ing outcomes, instructional quality, or mathematical correct-
ness, and we make no claim about which resource is best
for any learner. Our framing draws on cohesion theory!!12
and the construction-integration model of reading compre-
hension '3, which together motivate the T.E.R.A. components
as observable measures of surface and deeper text features.
Three research questions guide the analysis: how does the lin-
guistic profile vary across the six sources within each concept
(RQ1); do source-level patterns persist across all four concepts
(RQ2); and how much does text length confound those pat-
terns (RQ3)?

Methods

To compare how different learning resources explain the same
math ideas, we collected written explanations for 4 math con-
cepts (Angles, Area, Fractions, and the Pythagorean Theo-
rem). For each concept, we gathered 6 text sources: a Khan
Academy explanation (from a video transcript), three Chat-
GPT responses (a standard prompt, an “easy” prompt, and
a “hard” prompt), and two textbooks (one standard textbook
and one textbook from India). This resulted in 24 total texts
(4 concepts x 6 sources). For each text, we recorded the word
count (Length) and then ran readability and discourse anal-
yses. The design is best read as a case-study comparison be-
tween concepts rather than a representative sample of the math
curriculum: the four concepts were chosen to cover a wide
variety of arithmetic content (Fractions, Area) and geometric
content (Angles, the Pythagorean Theorem) that is typical of
middle to early-high-school mathematics curriculum, and the
six sources were chosen to have variety over print (textbooks),
spoken video (Khan Academy), and Al chat (ChatGPT). N =
24 limits statistical inference to within-corpus association, and
we report 95% confidence intervals on every reported coeffi-
cient using the Fisher z-transformation.

All text was saved as plain text. For transcripts, we used
the spoken explanation content (and removed timestamps if
present). The goal was not to judge whether an explanation
is “correct,” but to measure how the language differs across
sources in ways that relate to reading difficulty and coherence.

Reproducibility supplement. The following items are pro-
vided so that another researcher could regenerate the 24 texts
and test whether the reported profiles are stable.

For ChatGPT, we used GPT-5 (free tier), accessed in
November and December 2025. We used three prompts for
each concept, based on these templates: a standard prompt

(“Explain [concept]”), an easy prompt (“Explain [concept] in
a simple manner”), and a hard prompt (“Explain [concept]
in an in-depth manner to an advanced student”). Concept-
specific phrasing varied slightly within these templates; exact
wordings are available on request.

To prepare each text for analysis, we processed all of them
the same way. First we removed timestamps from the video
transcripts. Then we replaced equations and equation-only
lines with a single space, and removed mathematical symbols
and operators along with any leftover numeric tokens that got
stranded. We also removed bullet markers and list markers but
kept the underlying sentence text. Finally we collapsed extra
whitespace into a single space and kept sentence punctuation.
Length was measured as word count after all of this was done.
The raw and cleaned text for all 24 passages and the source
metadata listed above are included in the supplementary cor-
pus, available on request.

To measure basic readability, we used the Flesch-Kincaid
Grade Level score, which estimates the U.S. school grade level
needed to read a text. In general, higher FK grade levels mean
the text is harder to read (longer sentences and/or more com-
plex words), while lower FK grade levels mean the text is eas-
ier.

The Flesch—Kincaid Grade Level is based mainly on aver-
age sentence length (words per sentence) and average word
complexity, often approximated by syllables per word. %’

Flesch—Kincaid is not perfect, especially for math text —
formulas and symbols do not behave like normal words —
but it is still useful as a baseline because it is widely used
and easy to compare across sources. Three known limitations
are particularly relevant to mathematical prose. First, the for-
mula was derived on language-arts texts and has been crit-
icized for producing inconsistent estimates on technical and
STEM material %13, Second, after our preprocessing pipeline
strips equations and symbolic notation, the resulting Flesch—
Kincaid score reflects only the surrounding prose, not the full
multimodal artifact a learner would actually read. Third, the
formula does not capture cohesion or discourse-level features
at all, which is why we complement it with the discourse-
sensitive indices below.

Readability formulas like FK mainly focus on sentence
length and word difficulty. However, texts can also be hard to
understand because of deeper features like how well ideas are
connected across sentences. To capture these “deeper” fea-
tures, we used Coh-Metrix, a tool designed to analyze dis-
course and cohesion in text®.

Coh-Metrix provides many indices related to text structure,
cohesion, and meaning, and it has been used in educational
research to study how difficult or “easy” a text is to follow .
Since the full Coh-Metrix desktop tool requires special access,
we used T.E.R.A. (Text Ease and Readability Assessor), which
is a web tool built on Coh-Metrix that produces a simple pro-
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Concept

Khan Academy (video tran-
script)

Illustrative Mathematics (Ac-
cess IM)

NCERT Class 7 text-
book

Angles

Area

Fractions

Pythagorean
Theorem

https://www.khanacad
emy.org/math/cc-sev
enth-grade-math/cc
-7th-geometry/cc-7
th-angles/v/angle-b
asics (retrieved December
12, 2025)

https://www.khanacad
emy.org/math/cc-six
th-grade-math/x026
7d782:cc—-6th-plane
-figures/cc-6th-are
a/v/area-breaking-u
p—shape (retrieved Decem-
ber 12, 2025)

https://www.khanacad
emy.org/math/cc—thi
rd-grade-math/imp-f
ractions/imp-fract
ions-intro/v/fract
ion-basics (retrieved De-
cember 11, 2025)

https://www.khanacad
emy.org/math/cc-eig
hth-grade-math/cc-8
th-geometry/cc-8th
-pythagorean—-theor
em/v/the-pythagore
an—-theorem (retrieved Oc-
tober 17, 2025)

https://accessim.org/6
-8/grade-7/unit-"7?a=t
eacher — Grade 7, Unit 7 “An-
gles, Triangles, and Prisms,” Sec-
tion A “Angle Relationships™ (re-
trieved December 12, 2025)

https://accessim.org/k
-5/grade-3/unit-27a=t
eacher — Grade 3, Unit 2 “Area
and Multiplication” (retrieved De-
cember 12, 2025)

https://accessim.org
/k-5/grade-3/unit-57a
=teacher — Grade 3, Unit 5
“Fractions as Numbers” (retrieved
December 11, 2025)

https://accessim.org/6
-8-accelerated/acceler
ated-7/unit-8/section
-b/lesson-6/preparati
on?a=teacher — Accelerated
Grade 7, Unit 8, Section B, Les-
son 6 “Finding Side Lengths of
Triangles” (retrieved October 17,
2025)

Chapter 5 “Lines and An-
gles,” pp. 93-112

Chapter 11 “Perimeter
and Area,” pp. 205-228

Chapter 2 “Fractions and
Decimals,” sections 2.1—
2.4, pp. 29-46

Chapter 6 “The Trian-
gle and Its Properties,”
section 6.8 “Right-Angled
Triangles and Pythagoras
Property,” pp. 127-131

file of a text 0.

T.E.R.A. returns five components, each reported on a 0-
100 scale (higher = more of that property): Narrativity (how
story-like or conversational a text is — higher narrativity usu-
ally makes a text feel easier to read because it flows more like
natural language); Syntactic Simplicity (the inverse of clausal
complexity — lower syntactic simplicity means the sentences
are harder to parse); Word Concreteness (how concrete versus
abstract the vocabulary is — concrete words tend to be easier
to visualize and process); Referential Cohesion (how much
overlap there is between words and stems across sentences,
which helps readers connect what they just read to what comes
next); and Deep Cohesion (how clearly the text signals rela-
tionships between ideas — cause/effect, logical connections,
sequencing — where higher deep cohesion can help readers
follow the reasoning). '®

T.E.R.A. inherits known limitations of automated discourse
analysis on technical prose: the Coh-Metrix indices are cal-

ibrated against language-arts text that are more traditionally
written, and may behave inconsistently when prose is heavily
punctuated by equations, symbols, or worked-example nota-
tion, even after preprocessing '“'6, which is the case with our
math-heavy texts. T.E.R.A. also does not measure mathemat-
ical correctness, the appropriateness of an explanation for a
given learner, or the visual cues and help that accompanies the
prose in its form. We still used T.E.R.A. as the main tool for
analyzing text cohesion and readability because it is the most
accessible form of Coh-Metrix in publicly available form, and
we treat all interpretations as descriptive of the textual surface
only.

For each of the 24 texts, we submitted the text to T.E.R.A.
and recorded the five component scores along with the FK
grade level.

After extracting the FK and T.E.R.A. metrics, we wanted
to check whether certain patterns were related—for example,
whether longer texts tend to score higher on narrativity or deep
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https://accessim.org/6-8-accelerated/accelerated-7/unit-8/section-b/lesson-6/preparation?a=teacher

cohesion. To do this, we computed the Pearson correlation
coefficient (r) across the dataset!’.

Pearson’s » measures how strong and in what direction two
variables are related in a linear manner; r = 1 indicates a per-
fect positive linear relationship, » = —1 indicates a perfect
negative linear relationship, and r = 0 indicates no linear rela-
tionship.

We computed Pearson correlations between Length,
Flesch—Kincaid grade, and each of the five T.E.R.A. fac-
tors. Because the dataset is relatively small (N = 24 texts),
these correlations are best interpreted as descriptive patterns
rather than definitive conclusions, and we report the 95%
confidence interval on every coefficient using the Fisher z-
transformation'”-!3: the coefficient r is converted to z =
arctanh(r) with standard error SE; = 1/+/N —3 ~ 0.218 for
N = 24, the interval z+1.96- SE, is computed, and the bounds
are converted back via tanh. Two-sided p-values are reported
alongside each coefficient (effect-size interpretation follows
the conventions in Cohen 1988 1%).

Finally, we used Principal Component Analysis (PCA) as a
way to visualize overall similarity between texts using the five
T.E.R.A. components together. Each text can be represented
as a 5-dimensional vector: (Narrativity, Syntactic Simplicity,
Word Concreteness, Referential Cohesion, Deep Cohesion)

PCA reduces these five dimensions into two new axes
(called PC1 and PC2) that capture as much variation in the
data as possible?’. The percentages shown on the PCA axes
represent the proportion of variance explained by that prin-
cipal component (for example, PC1 might explain about half
of the overall variation in the five-factor profiles). We used
PCA mainly as an exploratory visualization to see whether
texts cluster by source type (Khan vs. GPT vs. textbooks)
or by concept.

Before running PCA, we z-scored the five factors so that
each factor contributed comparably (since all are 0-100 but
can still have different spreads). PCA does not prove that one
method is better for learning; instead, it helps show whether
different sources have similar or distinct linguistic “profiles”
based on the Coh-Metrix/T.E.R.A. measures. With N = 24,
principal-component loadings can be unstable to single-text
removal ?%2! so we treat the PCA strictly as a visualization aid
and complement it with hierarchical clustering on the source-
mean profiles (described below).

To test whether sources separate into distinct profile clus-
ters — the formal version of the source-signature claim — we
performed agglomerative hierarchical clustering (UPGMA /
average linkage, Euclidean distance) on the 6 x 5 matrix of z-
scored source-mean profiles, reporting the linkage matrix and
a dendrogram. Clustering on the source-mean profiles (n = 6
means) rather than on all 24 individual texts (with only four
texts per source category) was chosen because cluster-stability
indices are known to behave poorly when individual cluster

cardinalities fall below recommended thresholds 22.

Results

Across the four concepts (Angles, Area, Fractions, and
the Pythagorean Theorem), each source produces a distinct
T.E.R.A. profile across the five components: Narrativity, Syn-
tactic Simplicity, Word Concreteness, Referential Cohesion,
and Deep Cohesion. To show these differences clearly, Figure
1 presents one heatmap per concept. Each heatmap compares
the six sources side-by-side and includes both length (word
count) and FK grade in the row labels to provide context for
differences in readability and structure.

Angles — T.E.R.A. components (0-100)

Khan (len=862, FK=5)

opt (len=142, FK=10) pt (len=98, FK=8)

aptasy (en=75, FK=4) g aptEasy (len=49, FK=T7)
gptiard (len=167, FK=16) gptHard (len=80, FK=16)
textbook (1en=250, FK=8)

textbookindia (len textbookindia (len=189, FK=4)

Fractions — T.E.RA. components (0-100)

khan (en=731, FK=4)
gt (len=257, FK=15)
gptEasy (en=107, FK=8)
ptHard (len=129, FK=8)
textbook (len=213, FK=14)

textbookindia (len=278, FK=3)

Fig. 1 Heatmaps show the five T.E.R.A. text components —
Narrativity, Syntactic Simplicity, Word Concreteness, Referential
Cohesion, and Deep Cohesion — for each of four math concepts
(Angles, Area, Fractions, Pythagorean Theorem). Rows correspond
to the six sources per concept (khan, gpt, gptEasy, gptHard,
textbook, textbookIndia). Cell values are T.E.R.A. scores on a
0-100 scale. Row labels include text length in words (“len=...")
and Flesch—Kincaid grade level (“FK=...”). Colors represent
component magnitude (darker = lower, lighter = higher).

Detailed concept discussion: Pythagorean Theorem

For the Pythagorean Theorem, as seen in Figure 1, length and
Flesch—Kincaid grade do not align consistently within this
single concept. The most notable discrepancy comes from
Khan Academy: while it has the lowest grade level (FK =5),
its length is substantially higher than the other inputs (1,702
words). For Flesch—Kincaid grade, the standard ChatGPT
and “hard” ChatGPT prompts are the highest grade-level re-
sponses (FK = 14 and FK = 16), while the standard textbook
and Khan Academy are the lowest (FK = 7 and FK = 5), with
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the easy ChatGPT prompt and the Indian textbook in the mid-
dle (FK =9 each).

For deep cohesion, longer texts are associated with higher
deep cohesion in some cases. For example, Khan Academy
is both the longest and has high Deep Cohesion (86), while
shorter ChatGPT variants are much lower (e.g., GPT-Easy 17).
This is reported as an association within the corpus rather than
a causal claim.

For referential cohesion within the Pythagorean Theorem
cell, longer texts tend to show lower referential cohesion, with
Khan Academy and the “hard” ChatGPT prompt as outliers.
The “hard” ChatGPT prompt has comparatively low referen-
tial cohesion (60), while Khan Academy’s referential cohesion
is high (93) but its length sets it far apart from the others. We
report these patterns as observations within this single concept
and do not infer a mechanism.

For word concreteness, the within-concept pattern is varied.
The standard ChatGPT prompt has high concreteness (69), the
easy ChatGPT prompt is much lower (16), and Khan Academy
is the lowest (3). We report these as observations and offer no
within-concept causal claim.

For text length versus syntactic simplicity, the results within
the Pythagorean Theorem cell do not show a clear single trend,
but a few groupings appear. All ChatGPT prompts have very
low syntactic simplicity (1-2). Within the ChatGPT cells,
longer prompts have slightly higher syntactic simplicity (e.g.,
GPT-Hard at length 307 has 2 vs. GPT at length 195 has 1).
The textbooks and especially Khan Academy have the high-
est syntactic simplicity (Textbook 80, Khan 82). We make no
causal claim about why; the cross-corpus correlation between
length and syntactic simplicity is reported in the Length and
FK as confounds subsection.

For narrativity, longer texts are associated with higher nar-
rativity within this concept, with Khan Academy as the most
narrative source (88). The cross-corpus correlations reported
in the Length and FK as confounds subsection support simi-
lar associations between narrativity and length, deep cohesion
and length, and narrativity and deep cohesion at the level of the
full 24-text corpus, with full 95% confidence intervals. We do
not interpret these as causal.

Detailed concept discussion: Fractions

When looking at the correlation between length and factors
with fractions, the first thing we look to is the grade level.
Again, there seems to be no significant correlation, because
the length is just one of the many factors that determine grade
level.

For deep cohesion, the trend in Fractions is generally up-
ward: increases in length are associated with higher deep co-
hesion, consistent with the within-concept pattern observed
for the Pythagorean Theorem.

With referential cohesion, there seems to be no significant
correlation overall - there is a trend that encompasses a few of
the methods, where higher length equates to higher referential
cohesion. This is the opposite of the pythagorean theorem,
where a higher word count results in a lower referential cohe-
sion. This could however, just be due to chance because when
looking at the bigger picture, there seems to be no overall trend
because of multiple outliers such as the easy GPT prompt, the
foreign textbook, and even the Khan academy video.

With regards to word concreteness, the relationship is very
similar to the pythagorean theorem’s results in this category
- no relationship between the two, with varying levels of
word concreteness. Just like the pythagorean theorem, khan
academy has the lowest word concreteness. However, unlike
the pythagorean theorem results, the easy GPT prompt is the
highest out of all of the GPT prompts in word concreteness,
followed by the hard GPT prompt, finally followed by the nor-
mal one. With the pythagorean theorem, the results were in the
order of GPT regular, GPT hard, and GPT easy, a stark rever-
sal. We note this as a within-source variation across concepts
and do not interpret it further.

For syntactic simplicity, Fractions shows a clearer corre-
lation than the Pythagorean Theorem cell: an increase in
text length generally corresponds to an increase in syntactic
simplicity, with the only outlier being the standard ChatGPT
prompt. As in the Pythagorean Theorem cell, most values
cluster in the lower-left of the length-vs-syntactic-simplicity
scatter.

When discussing narrativity, the graph is almost identical to
that of the pythagorean theorem, with the same conclusions of
a higher word correlating with a higher narrativity

Detailed concept discussion: Area

When looking at the correlation between length and factors
with area, the first thing we look at is grade level, where there
again seems to be no significant correlation, with all the values
spread out.

When discussing deep cohesion, the trend seems a little
different. Similar results showing higher lengths relating to
higher deep cohesion, with the exception of a few outliers, in-
cluding the standard GPT prompt and the foreign textbook.
We note this overlap with the Fractions cell as an observation
without further interpretation.

When looking at referential cohesion, there seems to re-
ally be no significant trend occurring with area, unlike the
Pythagorean Theorem and fractions results that seem to en-
compass opposing results. Here, all the values are spread out,
with relatively higher lengths having higher and lower refer-
ential cohesion both, depending on the method of studying.

For word concreteness, the Area cell does not show a signif-
icant pattern — a divergence from the Pythagorean Theorem
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and Fractions cells. We report this difference and do not spec-
ulate on its cause.

With syntactic simplicity, other than the graph seeming to
be a bit steeper, the general trend does follow along consis-
tently with the Pythagorean Theorem and fractions results, in-
dicating higher text length correlating with higher syntactic
simplicity.

The exact same logic can be applied to narrativity, where
a trend of a higher word count equating to higher narrativity
on average can be seen, similar to the results of the previous
contents studied.

Detailed concept discussion: Angles

With regards to angles, the first trend regarding text length
vs grade level seems to be similar, yet has a few differences
when compared to the same results for the pythagorean the-
orem, fractions, and area. Here, while the general trend does
appear, there seem to be a few outliers of the hard GPT prompt
along with Khan academy, in addition to a cluster regarding
low text length and a low projected grade level.

For deep cohesion, Angles shows a relatively clear within-
concept association of higher text length with higher deep co-
hesion, consistent with the within-concept patterns observed
in the Pythagorean Theorem and Fractions cells. The small de-
partures observed in the Area cell are noted but do not change
the overall direction observed across the four concepts.

For referential cohesion, Angles shows no clear within-
concept pattern — values are spread across the range. This
is consistent with the within-concept patterns for both Area
and Fractions, and we therefore do not interpret the apparent
within-concept association seen in the Pythagorean Theorem
cell as a corpus-level finding.

When discussing word concreteness, there seems to be a
small pattern of higher length relating to higher word con-
creteness, with a huge outlier that is Khan academy, yet it
is not a very strong pattern, and combined with the lack of
pattern from the results of area, and the opposing patterns
that came with the Pythagorean Theorem and fractions, we
make no corpus-level claim about length and word concrete-
ness from these within-concept patterns.

When discussing syntactic simplicity, there seems to be
a general relationship of higher text length correlating with
higher syntactic simplicity, consistent with all the previous
findings.

With regards to narrativity, there again seems to be a re-
lationship of higher text length relating to higher narrativity,
similar to all previous findings.

Aggregated patterns across all concepts

While Figure 1 shows how each platform behaves within each
individual concept, Figure 2 summarizes the overall patterns
by averaging each source’s T.E.R.A. scores across all four
concepts and reports the mean 4 standard deviation. This
makes it easier to see which features are relatively stable
across topics and which ones fluctuate.

Aggregated factor profile by Text (mean + SD across 4 concepts)

gptEasy

gptHard

Mean score (0-100)

textbook

textbookindia

o
=
o

0ee®

Fig. 2 Heatmap summarizes each source’s average T.E.R.A. profile
across all four concepts. Each cell shows mean + standard deviation
across the four concept instances for that source. This figure
provides a compact comparison of source-mean profiles (Khan
Academy, ChatGPT variants, textbooks) and highlights which
components are stable versus highly variable across topics.

In the aggregated view, Khan Academy shows a consis-
tently high Narrativity and Syntactic Simplicity profile (mean
Narrativity = 87.5 & 5.3; mean Syntactic Simplicity = 78.0 +
11.4), while textbooks tend to show higher Word Concreteness
(standard textbook mean = 81.5 4 24.6; Indian textbook mean
=55.0 4+ 32.6). The ChatGPT variants tend to maintain rela-
tively high Referential Cohesion (mean = 91.3 £ 12.9 for the
standard prompt) but have low Syntactic Simplicity (means in
the range 8.75-19.25 across the three prompts). Deep Cohe-
sion shows higher variability across concepts for some sources
(e.g., Indian textbook SD = 40.7), which is consistent with
topic-level variability beyond the source-mean signature. We
caution that means computed across only four concept in-
stances are sensitive to a single concept’s profile.

Length and FK as confounds

Because the sources vary widely in length (for example, tran-
scripts can be much longer than textbook paragraphs), we
computed Pearson correlations across the full dataset (N=24)
to check whether length is associated with the T.E.R.A. com-
ponents and FK grade. These correlations help interpret
whether patterns seen in Figure 1 and Figure 2 may partly re-
flect text length rather than platform alone.

Several variables show moderate-to-strong cross-corpus as-
sociations. Length and Narrativity are strongly positively as-
sociated (r = 0.77, 95% CI [0.54, 0.90], p < .0001). Length
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Correlation matrix (Length, T.E.R.A. factors, FK)

Length
1.00

Narrativity 0.75

0.50
Syntactic Simplicity
0.25

Word Concreteness 0.00

Pearson r

-0.25
Referential Cohesion

—0.50

Deep Cohesion -0.75

-1.00
fk grade

Fig. 3 Pearson correlation coefficients () computed across all 24
texts (4 concepts x 6 sources). Variables include Length (word
count), the five T.E.R.A. components, and Flesch—Kincaid grade
level. Positive values (warm cells) indicate that two variables
increase together; negative values (cool cells) indicate that one
increases as the other decreases. Exact coefficients with 95%
confidence intervals and p-values are reported in Table 1.

and Word Concreteness are strongly negatively associated
(r = —0.66, 95% CI [-0.84, —0.35], p = .0004). Length
and Syntactic Simplicity are positively associated (r = 0.58,
95% CI [0.22, 0.79], p = .003), and Length and Deep Co-
hesion are positively associated (r = 0.47, 95% CI [0.09,
0.74], p = .020). Flesch—Kincaid and Syntactic Simplicity are
strongly negatively associated (r = —0.70, 95% CI [—0.86,
—0.41], p = .0001), as are Flesch—Kincaid and Narrativity
(r =—-0.53, 95% CI [-0.77, —0.17], p = .007). Among
the T.E.R.A. components themselves, Narrativity and Word
Concreteness are negatively associated (r = —0.63, 95% CI
[—0.83, —0.31], p = .0009), and Narrativity is positively as-
sociated with both Syntactic Simplicity (r = 0.54, 95% CI
[0.18, 0.78], p = .006) and Deep Cohesion (r = 0.51, 95%
CI [0.14, 0.76], p = .011). All remaining pairwise correla-
tions cross zero within their 95% confidence intervals and are
not interpreted further. These patterns are reported as associ-
ations within this corpus and do not support causal inference.
Because length is associated with multiple T.E.R.A. compo-
nents in this corpus, source-level differences observed in Fig-
ure 2 should be interpreted with text length in mind, and we do
not separate length from source effects in this small-N design.
Full pairwise statistics are reported in Table 1.

Exploratory PCA visualization

As an exploratory visualization, we applied PCA to the
five T.E.R.A. components (z-scored) to reduce each text’s 5-

number profile to two axes (PC1 and PC2). The PCA biplot is
mainly included as a visual summary showing which sources
have similar overall profiles and which ones differ.

PCA biplot of T.E.R.A. factors (arrows show factor directions)

Concept
@ Angles
> Area
® fFractions
@ Pythagorean

Deep Cohesion

Word Concret@ness

Syntactic Simplicity

PC2 (21.1%)

Narrativity °

o

Referential Cohesion

PC1 (46.9%)

Fig. 4 PCA applied to the five T.E.R.A. components (z-scored).
Points represent texts; colors indicate concepts. PC1 and PC2 are
the first two principal components; the axis percentages show the
proportion of variance explained. Arrows show the direction of each
original factor in the reduced space. PC1 has positive loadings on
Narrativity (0.60), Syntactic Simplicity (0.49), and Deep Cohesion
(0.38), and a negative loading on Word Concreteness (—0.45), and
can be read as a “narrative-conversational vs. concrete-technical”
axis. PC2 has positive loadings on Deep Cohesion (0.66) and Word
Concreteness (0.39) and a negative loading on Referential Cohesion
(—0.63), and can be read as a “deep-cohesion vs.
surface-lexical-overlap” axis.

The arrows in the biplot indicate the direction of each
T.E.R.A. component in the reduced space. The axis percent-
ages indicate how much of the total variation across the five
components is captured by PC1 and PC2. Points closer to-
gether have more similar five-factor profiles. With N = 24, the
loadings can be unstable to single-text removal, so the biplot
is presented as a visualization of overall similarity rather than
as inferential evidence.

Hierarchical clustering of source profiles

To test more directly whether sources separate by linguis-
tic profile, we performed agglomerative hierarchical cluster-
ing on the 6 x 5 matrix of z-scored source-mean profiles.
The dendrogram (Figure 5) shows three structural features.
First, the standard and easy ChatGPT prompts merge at the
smallest distance in the linkage (d = 0.52), consistent with
the two prompts producing very similar mean linguistic pro-
files. Second, the standard and Indian textbooks merge at
the second-smallest distance (d = 1.52), consistent with both
print-source profiles sharing a similar concrete-vocabulary
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Table 1 Pairwise Pearson correlations with 95% confidence intervals and p-values (N = 24).

Variable 1 Variable 2 r 95% CI p
Length Flesch—Kincaid —0.310 [—0.634, 0.107] 141
Length Narrativity 0.772 [0.535,0.896] < .0001
Length Syntactic Simplicity 0.575 [0.223, 0.794] .003
Length ‘Word Concreteness —0.660 [—0.840, —0.350] .0004
Length Referential Cohesion 0.188 [—0.233, 0.550] 378
Length Deep Cohesion 0.472 [0.085, 0.735] .020
Flesch—Kincaid Narrativity —0.533 [-0.771, —0.165] .007
Flesch—Kincaid Syntactic Simplicity ~ —0.699 [-0.860, —0.412] .0001
Flesch—Kincaid Word Concreteness 0.387 [—0.019, 0.684] .062
Flesch—Kincaid Referential Cohesion —0.308 [—0.633, 0.109] .143
Flesch—Kincaid Deep Cohesion —0.086 [—0.473, 0.328] .688
Narrativity Syntactic Simplicity 0.543 [0.179, 0.777] .006
Narrativity Word Concreteness —0.631 [—0.825, —0.306] .0009
Narrativity Referential Cohesion 0.265 [—0.155, 0.604] 211
Narrativity Deep Cohesion 0.511 [0.136, 0.758] 011
Syntactic Simplicity =~ Word Concreteness —0.363 [—0.669, 0.047] .081
Syntactic Simplicity =~ Referential Cohesion 0.148 [—0.271, 0.521] 489
Syntactic Simplicity =~ Deep Cohesion 0.371 [—0.038, 0.674] .074
Word Concreteness Referential Cohesion —0.157 [—0.527, 0.263] 464
Word Concreteness Deep Cohesion —0.036 [—0.433, 0.373] .867
Referential Cohesion Deep Cohesion 0.010 [—0.395, 0.411] .965

Hierarchical clustering of source-mean T.E.R.A. profiles

IS

w

~

Distance (Euclidean, z-scored profile)

-

[ ]

khan gptHard gpt gptEasy
Source

textbook textbookIndia

Fig. 5 Agglomerative hierarchical clustering (UPGMA / average
linkage, Euclidean distance) on the 6 x 5 matrix of z-scored
source-mean T.E.R.A. profiles. Vertical position of each merge is
the linkage distance. The standard and easy ChatGPT prompts
merge first (d = 0.52), the standard and Indian textbooks merge next
(d = 1.52), the two ChatGPT-variant cluster and the textbook cluster
merge at d = 2.20, the hard ChatGPT prompt joins at d = 3.02, and
Khan Academy merges last as a single-source outlier at d = 4.90.

signature. Third, the two ChatGPT-variant cluster and the text-
book cluster merge at d = 2.20, the hard ChatGPT prompt
joins that combined cluster at d = 3.02, and Khan Academy

merges last at d = 4.90 — sitting as a single-source out-
lier at roughly twice the cluster-merge distance of any other
source. With only six source means in five-dimensional space
the clustering is descriptive rather than inferential; we report
the merge order to show that the source-signature claim has
structural support beyond visual inspection of the PCA.

Discussion

This study examined whether different math learning re-
sources — Khan Academy, ChatGPT, and textbooks — pro-
duce explanations with measurably different linguistic char-
acteristics, and to what extent text length acts as a con-
found on those characteristics. Across 24 texts covering four
mathematical concepts, three findings emerged, addressing
each of our three research questions in turn. First (RQ1),
each source occupies a distinguishable region of the five-
dimensional T.E.R.A. space, with the dendrogram in Figure
5 showing Khan Academy as a single-source outlier and the
textbook pair and the ChatGPT-easy/standard pair forming
compact within-modality groupings (Fig. 1-2, 5). Second
(RQ2), source-level patterns persist across topics in aggre-
gated form (Fig. 2), but per-concept variability (Fig. 1) is non-
trivial — particularly for Word Concreteness and Deep Co-
hesion — and the source-mean profiles should not be over-
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read as topic-invariant. Third (RQ3), length is associated with
multiple T.E.R.A. components in this corpus, and source-level
differences are not separable from length-level differences in
this design. We report all associations as descriptive within
this dataset and make no causal or learning-outcome claim.

One consistent pattern was that Khan Academy scored
higher on Narrativity and Syntactic Simplicity compared to
the other sources (Fig. 2). This likely reflects the format each
resource was designed for: Khan Academy transcripts are spo-
ken explanations, textbooks are written to be formal and pre-
cise, and ChatGPT responses are optimized for completeness.
These design differences naturally shape whether a text uses
conversational phrasing, simpler sentence structures, or more
technical language. For instance, Khan Academy had higher
Narrativity scores than GPT and textbooks across all four con-
cepts (mean Narrativity ~ 88 for Khan vs ~ 35 for GPT and
~ 26 for the standard textbook).

A second notable pattern involved Word Concreteness (Fig.
1-2). The standard textbook consistently showed higher con-
creteness, while Khan Academy tended toward more abstract
language. This may reflect that some resources anchor expla-
nations in real-world objects and visual references, while oth-
ers favor abstract instructional phrasing. Importantly, lower
concreteness does not necessarily mean an explanation is
harder to follow — a highly abstract explanation can still be
clear if it is well-structured and logically organized. For exam-
ple, the standard textbook had much higher Word Concrete-
ness on average (=~ 82) compared to Khan Academy (= 4)
across the four concepts.

A third pattern appeared in the cohesion measures, partic-
ularly Referential Cohesion and Deep Cohesion (Fig. 1-2).
Referential Cohesion reflects how often the same words or
concepts repeat across nearby sentences, which can help read-
ers track ideas across a text. Deep Cohesion reflects how ex-
plicitly the text signals logical relationships, such as cause and
effect. In our dataset, Referential Cohesion was relatively high
across most sources, suggesting that all three resource types
tend to repeat anchor terms (like “hypotenuse” or “area”) to
keep readers oriented. Deep Cohesion varied more, likely de-
pending on whether an explanation was structured as a step-
by-step derivation or a brief conceptual summary.

An important caveat is that text length acts as a confound
in these comparisons (Fig. 3). Our correlation analysis shows
that length is associated with several measures, including Nar-
rativity (r = 0.77) and Word Concreteness (r = —0.66). This
means some observed differences between sources may partly
reflect how long the texts are, rather than the source type alone.
A longer transcript has more room for narrative framing and
transitions, while a short response may compress ideas more
tightly. For this reason, our results should be treated as de-
scriptive patterns rather than a definitive ranking of which re-
source is best. The PCA biplot (Fig. 4) and the source-mean

dendrogram (Fig. 5) offer additional ways to visualize how
similar or different the texts and sources are based on the five-
factor T.E.R.A. profiles. These analyses are exploratory and
do not establish causal relationships.

Several limitations apply to this study. First, the dataset is
small (24 texts, 4 concepts), so the observed patterns may not
generalize to other topics or formats and per-cell variance can-
not be estimated. Second, no human comprehension or expert
correctness study was performed: a passage could score high
on Narrativity and Syntactic Simplicity while being mathe-
matically incomplete or incorrect, and our results inherit that
limitation. Third, our preprocessing step removes all equa-
tions, symbols, and standalone numbers before running the
analysis, done so because the metrics were designed for nor-
mal language arts text. Unfortunately, this means that our
scores only describe the surrounding prose, into the full mul-
timodal material a student actually sees. Fourth, the easy and
hard ChatGPT prompt variants are author-imposed manipu-
lations and partially measure prompting choices rather than
ChatGPT-as-a-platform behaviors; the GPT-easy and GPT-
standard cells in particular cluster very tightly (d = 0.52 in
Figure 5), indicating those phrasings did not differentiate the
profile much in this corpus, while the GPT-hard prompt pro-
duced a noticeably different profile. Fifth, although we report
95% confidence intervals throughout, with N = 24 those in-
tervals are wide and the corpus does not support strong infer-
ential claims; we treat all reported associations as descriptive
within this dataset.

Future work could meaningfully extend this study in three
specific directions. First, an expanded corpus (for example,
6-12 concepts x 6-10 sources, with multiple passages per
source-concept cell) would allow per-cell variance to be esti-
mated and would support a mixed-effects model that separates
source from topic from length effects. Second, a small human
rating study — for example, having 10-20 high-school readers
score clarity on a 1-5 scale, blinded to source — would allow
human ratings to be correlated with the T.E.R.A. and Flesch—
Kincaid scores; this would directly test the operational validity
of the discourse-feature instruments on math prose, which has
not been done in published form. Third, an equation-preserved
versus equation-stripped paired comparison would test how
sensitive the T.E.R.A. and Flesch—Kincaid scores are to the
preprocessing decision and would quantify how much of the
current results reflect the prose surrounding equations versus
the multimodal artifact as a whole. Each of these designs is
feasible without requiring student-learning-outcome data, and
each would directly strengthen the inferential basis of the de-
scriptive baseline reported here. Overall, this study describes
that Khan Academy, ChatGPT, and textbooks produce math
explanation prose with measurably different linguistic profiles
in this corpus, and that text length is an important confound
when interpreting those differences (Fig. 1-5). The study does
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not identify a “best” resource — the data do not support such
a claim — and we leave the question of instructional quality to
follow-on work that includes mathematical correctness checks
and human comprehension ratings.
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