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Abstract: Teacher evaluation platforms such as RateMyProfessor increasingly in-
form educational decisions, yet their textual reviews may carry biases unrelated to
teaching quality. We investigate whether perceived course difficulty introduces lin-
guistic bias in student comments, analysing 45,835 evaluations (from 49,923 after
length filtering) of 260 professors. Using VADER and TextBlob, comments for high-
difficulty courses show significantly lower sentiment (A = 0.499, Cohen’s d = 0.893,
p < 0.001) and a fourfold rise in negative language (39.6% vs. 9.3%); an intra-
professor analysis confirms the effect is contextual (99.2% of professors, Wilcoxon
p < 0.001). A convergent-validity check against a transformer model (Twitter-
RoBERTa) corroborates these results (p = 0.745). Finally, a bias classifier (F1
= 0.80) with Diverse Counterfactual Explanations (DiCE) reveals which linguistic
changes would reverse penalization, contributing to explainable provider fairness in
educational text.

Keywords: sentiment analysis, counterfactual explanations, teacher evaluation
bias, provider fairness.

Resumen: Las plataformas de evaluacién docente como RateMyProfessor influyen
cada vez mas en decisiones educativas, pero sus resenas pueden contener sesgos
ajenos a la calidad docente. Investigamos si la dificultad percibida introduce sesgo
lingiifstico en los comentarios, analizando 45.835 evaluaciones (de 49.923 tras filtrar
por longitud) de 260 profesores. Con VADER y TextBlob, los comentarios de cursos
de alta dificultad muestran un sentimiento significativamente menor (A = 0,499,
d = 0,893, p < 0,001) y un incremento cuddruple del lenguaje negativo (39,6% vs.
9,3%); un andlisis intra-profesor confirma que el efecto es contextual (99,2% de los
profesores, Wilcoxon p < 0,001). Una validacién convergente frente a un modelo
transformer (Twitter-RoBERTa) corrobora los resultados (p = 0,745). Finalmente,
un clasificador de sesgo (F1 = 0,80) con Explicaciones Contrafactuales Diversas
(DiCE) revela qué cambios lingiiisticos revertirian la penalizacién, contribuyendo a
la equidad explicable del proveedor en texto educativo.

Palabras clave: anilisis de sentimientos, explicaciones contrafactuales, sesgo en
evaluacién docente, equidad del proveedor.

1 Introduction sources of information for students making
enrollment decisions and, increasingly, for

Online teacher evaluation platforms such institutional assessment of teaching quality

as RateMyProfessor have become influential



(Felton et al., 2004; Boring, 2017). These
platforms collect both numerical ratings and
free-text comments from students, creating
large-scale corpora of educational opinion
text. While numerical biases in student eval-
uations of teaching (SET) have been exten-
sively documented—including effects of gen-
der (Boring, 2017), ethnicity (Reid, 2010),
and course characteristics (Uttl, White, and
Gonzalez, 2017)—the linguistic dimension of
these biases remains largely unexplored.

The intersection of Natural Language
Processing (NLP) and educational fairness
presents a critical research gap. As insti-
tutions increasingly employ automated text
analysis tools to process student feedback
(Acheampong, Wenyu, and Nunoo-Mensah,
2020), understanding how systematic biases
manifest in textual evaluations becomes es-
sential for ensuring equitable assessment. If
student comments carry sentiment patterns
that correlate with contextual factors rather
than teaching quality, NLP-based assessment
systems may inadvertently perpetuate or am-
plify these inequities.

This paper addresses this gap by inves-
tigating the relationship between perceived
course difficulty and the linguistic character-
istics of student evaluations. Our work builds
upon a broader provider fairness framework
for teacher evaluation systems in which we
have previously established, through multi-
variate stratification analysis, that perceived
difficulty introduces systematic numerical bi-
ases in professor ratings (A = 1.250 points
on a 1-5 scale, Cohen’s d = 1.390, p <
0.001), with intra-stratum disparities reach-
ing up to 3.11 points between professors eval-
uated by students with identical difficulty
perceptions, and a Disparate Impact Ratio
of 0.710 that violates the EEOC legal thresh-
old of 0.80 (Equal Employment Opportunity
Commission, 1978; Feldman et al., 2015).
Having established these numerical biases
through non-parametric statistical validation
(Kruskal-Wallis H = 13,790, n% = 0.276), the
natural question arises: do student comments
carry the same systematic biases as their nu-
merical ratings?

We focus on provider fairness (Burke,
Sonboli, and Ordonez-Gauger, 2018)—the
protection of professors (service providers)
from systematic evaluation biases—rather
than the more commonly studied consumer
fairness perspective that protects students.

This framing aligns with emerging multi-
stakeholder fairness frameworks in recom-
mendation systems (Deldjoo et al., 2024).
Crucially, the combination of numerical and
linguistic bias analysis provides a more com-
plete picture of evaluation inequity than ei-
ther channel alone.
Our research questions are:

e RQ1: Does perceived course difficulty
systematically affect the sentiment ex-
pressed in student comments?

e RQ2: Do these linguistic biases per-
sist at the intra-professor level, i.e., does
the same professor name group receive
different textual feedback depending on
student context?

e RQ3: How do linguistic biases relate to
numerical rating disparities, and do they
constitute an independent channel of in-
equity?

e RQ4: Can counterfactual explanations
identify what linguistic features would
need to change for a penalized professor
to receive equitable textual feedback?

Our contributions are fivefold: (1) we
provide empirical evidence that perceived
difficulty introduces systematic linguistic
bias in teacher evaluations, with large ef-
fect sizes (d = 0.893); (2) we provide
intra-professor evidence that these biases
are contextual rather than professor-specific,
with 99.2% of professors affected; (3) we
quantify the dual channel of inequity—
numerical and linguistic—that compounds
unfairness against professors teaching chal-
lenging courses; (4) we connect previously
established stratification-based fairness met-
rics with NLP-derived features, demonstrat-
ing that both channels of analysis converge
on the same systematic inequities; and (5) we
apply Diverse Counterfactual Explanations
(DiCE) (Mothilal, Sharma, and Tan, 2020)
to NLP features, generating actionable ex-
planations of what linguistic patterns would
need to change for a professor not to be clas-
sified as unfairly penalized—the first appli-
cation of counterfactual explainability to lin-
guistic fairness in educational evaluation.

Throughout this paper, we use the term
bias in the statistical sense of a systematic as-
sociation between perceived course difficulty
and evaluation outcomes, rather than in a



strict causal sense. Our analyses are ob-
servational; while the intra-professor design
substantially reduces confounding from sta-
ble professor-level quality differences, we do
not claim full causal identification, and resid-
ual confounders (e.g., actual course difficulty)
cannot be entirely ruled out.

2 Related Work

2.1 Bias in Student Evaluations of
Teaching

Research on Student Evaluation of Teaching
(SET) biases spans decades. Uttl, White,
and Gonzalez (2017) conducted a meta-
analysis of 97 studies, finding no correla-
tion between teaching evaluations and stu-
dent learning, but a strong negative cor-
relation with perceived difficulty. Felton,
Mitchell, and Stinson (2004) demonstrated
that gender, difficulty perception, and phys-
ical attractiveness significantly predict Rate-
MyProfessor ratings. Boring (2017) provided
causal evidence of gender biases in evalua-
tions using randomized experiments. Reid
(2010) documented racial bias patterns on
RateMyProfessor.

These studies focus primarily on numeri-
cal ratings. Recent stratification-based anal-
yses have extended these findings by demon-
strating that perceived difficulty explains up
to 27.6% of variance in professor ratings
(n? = 0.276) and produces Disparate Im-
pact Ratios below the 0.80 legal threshold
(Equal Employment Opportunity Commis-
sion, 1978), with intra-stratum disparities
reaching 3.11 points between professors eval-
uated by students with identical contextual
profiles. However, the textual dimension of
evaluation bias—how student language varies
with these same contextual factors—has re-
ceived comparatively little attention, despite
its growing importance in automated assess-
ment systems.

2.2 Sentiment Analysis in
Educational Contexts

Sentiment analysis has been applied to edu-
cational text in various forms. Acheampong,
Wenyu, and Nunoo-Mensah (2020) surveyed
text-based emotion detection methods, in-
cluding applications in educational feedback
analysis. Studies have examined sentiment
in course reviews (Pang and Lee, 2008), but
typically focus on predicting ratings from

text rather than investigating how contextual
variables bias the sentiment itself.

VADER (Valence Aware Dictionary and
sEntiment Reasoner) (Hutto and Gilbert,
2014) has become a standard lexicon-based
tool for social media sentiment, designed to
handle the informal language common in on-
line reviews. TextBlob provides complemen-
tary polarity and subjectivity measures based
on pattern analysis.

2.3 Fairness in NLP and
Recommendation Systems

Algorithmic fairness has become a central
concern in NLP research (Blodgett et al.,
2020). In recommendation systems, Burke,
Sonboli, and Ordonez-Gauger (2018) intro-
duced multi-stakeholder fairness, distinguish-
ing consumer-side from provider-side fair-
ness, later extended by Wu et al. (2021) to
jointly optimize both perspectives. Gomez
et al. (2022) applied provider fairness to ed-
ucational recommender systems across geo-
graphic contexts, though without examining
the textual dimension. Deldjoo et al. (2024)
provide a comprehensive survey of fairness in
recommender systems, mapping the research
landscape and future directions.

The concept of disparate impact—
originating from the EEOC Four-Fifths
Rule (Equal Employment Opportunity
Commission, 1978)—has been formalized
for algorithmic auditing by Feldman et
al. (2015). We adapt this framework to
evaluate whether linguistic patterns in
educational text produce disparate outcomes
for professors.

2.4 Counterfactual Explanations
for Fairness

Counterfactual explanations answer the
question “what would need to change for a
different outcome?” (Wachter, Mittelstadt,
and Russell, 2018). Mothilal, Sharma, and
Tan (2020) introduced DiCE (Diverse Coun-
terfactual Explanations), which generates
multiple diverse counterfactuals to provide
richer explanations. Counterfactual reason-
ing has been applied to algorithmic fairness
(Kusner et al., 2017) to define individual-
level fairness through causal reasoning: an
outcome is fair if it would remain the same in
a counterfactual world where a protected at-
tribute were different. However, the applica-
tion of counterfactual explanations to NLP-



derived features in educational contexts re-
mains unexplored. We bridge this gap by ap-
plying DiCE to linguistic features extracted
from teacher evaluations, generating expla-
nations of what textual patterns would need
to change for a professor not to be classified
as unfairly penalized.

3 Methodology

3.1 Dataset

We analyze a strategically filtered subset
of RateMyProfessor data comprising 49,923
evaluations from 260 professors, extracted
from 9.5 million original records through a
quality-focused filtering algorithm developed
as part of a broader provider fairness research
program. An initial exploration on a 20,000-
record sample revealed insufficient variabil-
ity for meaningful bias detection (0% dispar-
ities detected), motivating the strategic ex-
traction. The filtering criteria require each
professor to simultaneously satisfy: (a) high
rating variability (mean range = 3.90 on a 1—
5 scale), (b) confirmed presence of both low
(1-2) and high (4-5) star ratings, and (c) suf-
ficient evaluation volume (mean = 192 evalu-
ations per professor). All 260 professors meet
100% of quality criteria. It should be noted
that, as a publicly available dataset, Rate-
MyProfessor does not provide unique profes-
sor identifiers; the analysis unit is therefore
the professor name group, which may aggre-
gate evaluations of homonymous instructors
across different institutions. This is a known
limitation of this platform’s data and is dis-
cussed further in Section 5.5.

Each evaluation contains a numerical star
rating (1-5), a perceived difficulty score (1-
5), and a free-text comment (mean length:
39.8 words). After removing comments with
fewer than 5 words, 45,835 evaluations re-
main for NLP analysis (91.8% retention).
Students are stratified by perceived difficulty
into three groups: Low (< 2), Medium (= 3),
and High (> 4), yielding a balanced distri-
bution (37.8%, 25.5%, 36.7% respectively).
This stratification variable was selected be-
cause it achieves 92.1% professor coverage,
compared to 46.3% for attendance and only
10.1% for academic performance.

Dataset composition and coverage.
The corpus spans 290 academic departments
at institutions across the United States;
the most represented disciplines are English

(5,061 evaluations), Mathematics (4,528),
History (3,325), Psychology (2,410), and Bi-
ology (2,220). All comments are written in
English, and the evaluations were posted be-
tween 1999 and 2018 (the bulk concentrated
in 2003-2018). Two attributes relevant to
interpreting our results are not available in
the public data: (i) student demographic in-
formation (e.g., gender, age), so we make
no claims about demographic bias; and (ii)
structured course-level metadata such as a
course code or academic level (undergradu-
ate vs. graduate). Consequently, perceived
difficulty is measured at the level of the indi-
vidual evaluation rather than the course, and
the evaluations grouped under a given profes-
sor name may correspond to different courses

(Section 5.5).

3.2 Sentiment Analysis Pipeline

We employ a dual-method sentiment analysis
approach for robustness:

VADER Sentiment Analysis. VADER
(Hutto and Gilbert, 2014) produces a com-
pound score in [—1,+1] calibrated for so-
cial media text. Comments are classified as
Positive (> 0.05), Neutral ([—0.05,0.05]), or
Negative (< —0.05). VADER is particularly
suited to our corpus given its handling of em-
phasis (capitalization, exclamation marks),
slang, and emoticons common in student re-
views.

TextBlob Analysis. TextBlob! provides
complementary polarity ([—1,+1]) and sub-
jectivity ([0,1]) scores based on a pattern-
based lexicon, offering a second perspective
for triangulation.

Convergent validity check. To address
the concern that lexicon-based tools may not
be adapted to the educational domain, we
validate our VADER measurements against a
transformer-based sentiment model, Twitter-
RoBERTa (Loureiro et al., 2022), trained
on ~124M tweets and fine-tuned for senti-
ment. On a stratified random sample of 1,800
evaluations (600 per difficulty stratum, fixed
seed), we compute a continuous transformer
sentiment score as P(positive) — P(negative)
and assess (i) its rank correlation with the
VADER compound score and (ii) whether
the difficulty effect replicates under the trans-
former (Section 4).

"https://textblob.readthedocs.io



3.3 Linguistic Feature Extraction

Beyond sentiment scores, we extract the fol-
lowing features:

e Lexical features: Counts of posi-
tive/negative  domain-specific ~ words
from a manually curated educational
lexicon (18 positive terms, e.g., clear,
helpful, engaging; 21 negative terms,
e.g., boring, confusing, unfair), as well
as hedging words and intensifiers.

e Stylistic features: Exclamation mark
frequency, question mark frequency,
capitalization ratio, and average word
length.

e Diversity measures: Type-token ratio
(TTR) as a measure of lexical diversity.

3.4 Statistical Framework

All statistical tests are non-parametric, as
Likert-scale data and sentiment scores violate
normality assumptions (Cohen, 1988):

¢ Mann-Whitney U test: For two-
group comparisons (Low vs. High diffi-
culty).

e Kruskal-Wallis H test: For three-
group comparisons across all difficulty
levels.

e Cohen’s d: Effect size magnitude (small
> 0.2, medium > 0.5, large > 0.8).

e Bootstrap confidence intervals:
10,000 replications for robust estima-
tion.

e Wilcoxon signed-rank test: For
paired intra-professor comparisons.

e Spearman correlation (p): For mono-
tonic associations between variables.

e Partial correlation: Sentiment-rating
association controlling for difficulty.

3.5 Intra-Professor Analysis

To distinguish contextual bias from profes-
sor quality differences, we conduct an intra-
professor analysis. For the 260 professors
with evaluations in both Low and High diffi-
culty strata, we compute the sentiment shift:

Sp,High (1)

where S, is the mean VADER compound
score for professor p in stratum s. A posi-
tive AS, means that professor p’s comments

ASp = Op,Low —

are, on average, more positive under low diffi-
culty than under high difficulty (equivalently,
more negative under high difficulty); the sign
alone does not indicate the magnitude or the
absolute sentiment level in either stratum.

3.6 Counterfactual Explanation
Pipeline

To move beyond bias detection toward ex-

plainable fairness, we apply Diverse Coun-

terfactual Explanations (DiCE) (Mothilal,

Sharma, and Tan, 2020) to NLP-derived fea-

tures.

Penalization labeling. Using the intra-
professor sentiment shift AS,,, we define pro-
fessors in the top quartile (AS, > Prs) as
severely penalized—those whose textual feed-
back degrades most dramatically with diffi-
culty perception. This yields a binary clas-
sification problem: 65 severely penalized vs.
195 non-penalized professors.

Feature matrix. For each professor, we
aggregate 14 NLP features from their high-
difficulty evaluations (the context where bias
manifests): VADER compound, positive,
and negative scores; TextBlob polarity and
subjectivity; counts of positive, negative,
hedging, and intensifier words; exclamation
and question mark frequency; capitalization
ratio; type-token ratio (TTR); and average
word length.

Bias classifier. We train a Random For-
est classifier (200 trees, max depth 8, bal-
anced class weights) evaluated via stratified
5-fold cross-validation. Feature importance
is extracted to identify which linguistic di-
mensions best predict penalization.

DiCE generation. For each penalized
professor, DiCE generates 4 diverse coun-
terfactual instances (Mothilal, Sharma, and
Tan, 2020) that flip the prediction from “pe-
nalized” to “not penalized,” revealing which
NLP features would need to change—and in
what direction—to achieve equitable classi-
fication. This provides actionable insights:
rather than merely detecting bias, we iden-
tify specific linguistic patterns that drive the
penalization.

4 Results
4.1 RQ1: Sentiment Bias by
Perceived Difficulty

Table 1 presents the VADER compound sen-
timent scores by difficulty stratum. Students



who perceive the course as highly difficult
produce comments with substantially lower
sentiment than those who perceive low diffi-
culty, with a large effect size.

negative vocabulary (2.6x the rate of low-
difficulty), while positive word usage de-
creases. Subjectivity remains relatively sta-
ble across conditions, suggesting the bias af-
fects valence rather than objectivity.

Diff. n Mean Std 95% CI
Low 17,304 0.650 0.437 [.644, .657]
Medium 11,691 0.524 0.536 [.515, .534]
High 16,840 0.151 0.660 [.141, .161]

Table 1: VADER Compound Sentiment by
Difficulty Level.

A =0.499, d = 0.893, p < 0.001.
Bootstrap 95% CI: [0.487, 0.511].
Kruskal-Wallis H = 5,796.1, % = 0.126.

The sentiment difference of A = 0.499
on the VADER compound scale represents a
shift from clearly positive sentiment (0.650)
to marginally positive (0.151) as difficulty
perception increases. The effect size (d =
0.893) is classified as large by Cohen’s con-
ventions (Cohen, 1988). The Kruskal-Wallis
test confirms significance across all three lev-
els (H = 5,796.1, p < 0.001), with diffi-
culty explaining 12.6% of sentiment variance
(n* = 0.126).

The sentiment class distribution reveals
a striking asymmetry (Table 2). For low-
difficulty courses, 88.7% of comments are
positive and only 9.3% negative. For high-
difficulty courses, positive comments drop to
56.4% while negative comments increase to
39.6%—a fourfold increase.

Diff. VADER Pos. Neu. Neg.

Low 0.650 88.7 2.0 9.3
Medium 0.524 80.6 3.0 164
High 0.151 56.4 4.0 39.6

Table 2: Sentiment Class Distribution (%)
by Difficulty, with mean VADER compound
score per level.

VADER = mean compound score. x> = 5,134.0,
p < 0.001, df = 4.

The TextBlob analysis corroborates these
findings: polarity drops from 0.274 (Low) to
0.051 (High), with A = 0.222 and d = 0.786
(p < 0.001). The convergence of two inde-
pendent sentiment tools strengthens the va-
lidity of our findings.

4.2 Linguistic Feature Analysis

Table 3 presents the linguistic feature anal-
ysis across difficulty strata. Students in
high-difficulty courses use significantly more

Feature Low Med High p
Neg. words 0.193 0.273 0.494 <.001
Pos. words 0.654 0.549 0.326 <.001

Excl. marks 1.321 1.198 1.016 <.001
Subjectivity 0.592 0.576 0.579 <.001
Hedging words 0.086 0.094 0.103 <.001

Table 3: Linguistic Features by Difficulty
Level (Mean).

4.3 RQ2: Intra-Professor
Sentiment Shift

The intra-professor analysis provides the
strongest evidence that linguistic bias is con-
textual rather than quality-driven. Among
the 260 professors with evaluations in both
Low and High difficulty strata, 258 (99.2%)
show lower mean sentiment in the high-
difficulty context.

The mean intra-professor sentiment shift
is AS = 0.514 (p < 0.001, Wilcoxon signed-
rank test W = 60.0). This means that the
same professor name group, evaluated by dif-
ferent groups of students, receives textual
feedback that is systematically more negative
when students perceive the course as diffi-
cult. This finding substantially reduces the
influence of stable professor-level quality dif-
ferences, strengthening the interpretation of
perceived difficulty as a contextual correlate
of textual sentiment.

4.4 Robustness to the Sentiment
Tool

A potential concern is that our sentiment
measurements rely on lexicon-based tools not
specifically adapted to the educational do-
main. To address this, we validate VADER
against a transformer-based model, Twitter-
RoBERTa (Loureiro et al., 2022), on a strat-
ified sample of 1,800 evaluations (Table 4).
The transformer score correlates strongly
with the VADER compound score (Spearman
p = 0.745, p < 0.001; Pearson r = 0.770),
indicating that our lexicon-based measure-
ments capture the same sentiment signal
as a domain-proximate transformer. Crit-
ically, the difficulty effect replicates under



VADER T-RoBERTa

Mean (Low) 0.641 0.605
Mean (High) 0.123 —0.188
Cohen’s d 0.918 1.100

Spearman p = 0.745 (p < 0.001)

Table 4: Convergent validity: VADER vs.
Twitter-RoBERTa on a stratified sample of
1,800 evaluations (600 per stratum). Rows
report mean sentiment by stratum and the
Low-vs-High effect size.

Twitter-RoBERTa: mean transformer sen-
timent decreases monotonically from Low
(0.605) through Medium (0.427) to High
(—0.188) difficulty, with a large effect size
(Cohen’s d = 1.100, Mann-Whitney p <
0.001, Kruskal-Wallis H = 293.9, p < 0.001)
that even exceeds the VADER-based esti-
mate on the same sample (d = 0.918). This
confirms that our central finding is not an
artefact of the lexicon-based approach.

4.5 RQ3: Dual Channel of
Inequity

The Spearman correlation between VADER
compound sentiment and star rating is p =
0.622 (p < 0.001), confirming strong align-
ment between linguistic and numerical evalu-
ations. Crucially, the partial correlation con-
trolling for difficulty remains high (ppartial =
0.615), indicating that sentiment and rat-
ings share variance beyond what difficulty ex-
plains.

Metric Rating Sentim.
Mean (Low diff.) 4.314 0.650
Mean (High diff.)  3.065 0.151
A 1.250 0.499
Cohen’s d 1.390 0.893
n? (var. expl.) 27.6% 12.6%
p-value <0.001 <0.001
Intra-prof. aff. - 99.2%

Table 5: Dual Channel: Numerical vs. Lin-
guistic Bias.

“~": the intra-professor rate for the numerical channel
is not computed here; it is the focus of the companion
stratification study.

Table 5 compares the numerical and lin-
guistic channels. Both exhibit large effect
sizes, though the numerical channel shows
stronger effects (d = 1.390 vs. d = 0.893).
This convergence is significant for two rea-
sons. First, it validates that the numer-

ical biases detected through our stratifica-
tion framework are not statistical artifacts—
they are independently confirmed by linguis-
tic patterns in the same evaluations. Sec-
ond, it reveals that difficulty perception cre-
ates a dual bias: professors teaching challeng-
ing courses are penalized both in their star
ratings and in the language used to describe
their teaching, with the two channels rein-
forcing each other.

The practical consequence is severe. Con-
sider that our prior stratification analysis
identified cases where professors with iden-
tical student difficulty profiles received rat-
ings differing by up to 3.11 points. The
NLP analysis now shows that these same
professors also receive qualitatively different
textual feedback, with 99.2% experiencing
measurably more negative language in high-
difficulty contexts. This dual penalization
compounds the unfairness: a professor may
receive both a low numerical score and a
negative textual review, not because of poor
teaching, but because of the perceived diffi-
culty of their course.

4.6 RQ4: Counterfactual
Explanations for Penalized
Professors

Classifier performance. The Random
Forest classifier achieves F1 = 0.800 £ 0.064
and accuracy = 0.892 % 0.036 in 5-fold cross-
validation, outperforming Gradient Boosting
(F1 =0.756+0.098). This confirms that NLP
features from high-difficulty evaluations can
reliably distinguish severely penalized profes-
SOrs.

Feature importance. Table 6 shows the
top predictive features. VADER com-
pound score dominates (33.0%), followed
by VADER negative (18.1%) and positive
(13.8%) components, and TextBlob polar-
ity (9.4%). The dominance of sentiment-
level features over lexical counts suggests
that overall evaluative tone, rather than spe-
cific word choices, best predicts penalization
severity.

Counterfactual analysis. DiCE gener-
ated counterfactual explanations for 40 pe-
nalized professors (160 counterfactual in-
stances). Table 7 presents the mean feature
changes required to flip a professor from “pe-
nalized” to “not penalized.” The dominant
change is an increase in VADER compound



Feature Imp.

VADER compound 0.330
VADER negative 0.181
VADER positive 0.138

TextBlob polar. 0.094
Positive words 0.078
Negative words 0.036
Intensifiers 0.024
Excl. marks 0.024

Table 6: Feature Importances for Bias Clas-
sifier.

of 40.340 (modified in 90.6% of counterfac-
tuals), indicating that the overall sentiment
tone of high-difficulty evaluations is the pri-
mary lever. Secondary changes include in-
creasing positive word count (+0.016, 6.2%),
decreasing negative words (—0.011, 5.6%),
and adding intensifiers (+0.015, 4.4%).

Feature |A] Dir. %Ch.
VADER comp. 0.340 T 90.6

Excl. marks 0.028 l 6.9

Pos. words 0.016 T 6.2
Intensifiers 0.015 1T 44

Neg. words 0.011 } 5.6

TB polarity 0.009 T 44

Hedging 0.006 1 5.6

Table 7: DiCE Counterfactual Feature

Changes.

A concrete example. To illustrate at the
individual level, consider a penalized pro-
fessor whose high-difficulty evaluations aver-
age a VADER compound of —0.134. DiCE
produces four diverse counterfactuals that
each flip the classification to “not penalized”
via a different route: raising the compound
to +0.144 (A = +0.279) by lowering neg-
ative sentiment (VADER negative 0.149 —
0.046); to +0.494 (A = +0.629) by increas-
ing positive-word density (0.11 — 0.61); to
+0.363 (A = +0.498) by reducing exclama-
tion use; and to +0.117 (A = 40.251) via a
combination of smaller shifts. In every case
the compound sentiment rises, mirroring at
the instance level the aggregate pattern of
Table 7—for a severely penalized professor
to receive equitable evaluations, student com-
ments would need to shift in overall sentiment

by roughly 40.34 on the VADER scale.

5 Discussion

5.1 Implications for NLP-Based
Educational Assessment

Our findings have direct implications for sys-
tems that apply NLP techniques to teacher
evaluation text. If automated systems ex-
tract sentiment from student comments to
assess teaching quality—whether through
lexicon-based methods, machine learning
classifiers, or large language models—they
will systematically disadvantage professors
who teach courses perceived as difficult. This
represents a form of algorithmic bias ampli-
fication: the human bias in text is captured
and potentially magnified by NLP process-
ing.

From a provider fairness perspective
(Burke, Sonboli, and Ordonez-Gauger, 2018;
Goémez et al.,, 2022), this creates an un-
just evaluation landscape. Professors have
limited control over students’ difficulty per-
ceptions, which are influenced by subject
matter, institutional expectations, and stu-
dent preparation (Uttl, White, and Gonza-
lez, 2017). Penalizing professors based on
language patterns driven by these external
factors violates principles of procedural fair-
ness.

Critically, the linguistic evidence pre-
sented here corroborates our prior finding
that numerical ratings exhibit a Disparate
Impact Ratio of 0.710, below the EEOC
threshold of 0.80 (Equal Employment Op-
portunity Commission, 1978; Feldman et al.,
2015): any sentiment-based metric mined
from these reviews will inherit—and poten-
tially amplify—the same systematic bias,
doubly disadvantaging the 54.5% of professor
pairs that already show significant numerical
disparity within the same difficulty stratum.

5.2 Methodological Contributions

The dual-tool approach (VADER +
TextBlob) with non-parametric testing
provides a robust methodology for bias
detection in educational text. The intra-
professor  design—comparing the same
professor name group across difficulty
contexts—reduces confounding due to indi-
vidual teaching style by holding the name
group constant while varying the student
difficulty context.

The linguistic feature analysis reveals that
bias manifests across multiple dimensions:



not only in overall sentiment, but in spe-
cific lexical choices (more negative vocabu-
lary, fewer positive expressions) and stylis-
tic features (fewer exclamation marks, more
hedging language in high-difficulty contexts).

5.3 From Detection to
Explanation: The DiCE
Contribution

The application of counterfactual explana-
tions to NLP-derived fairness features rep-
resents a novel methodological contribution:
while traditional bias detection identifies that
bias exists, counterfactual explanations iden-
tify what would need to change to eliminate
it. The dominant counterfactual change—a
+0.34 shift in VADER compound—provides
a concrete, measurable target for fairness-
aware text processing systems, bridging bias
detection (Blodgett et al., 2020) and action-
able intervention. Combined with the classi-
fier’s strong performance (F1 = 0.80), these
results open the door to automated fairness
monitoring systems that flag potentially bi-
ased textual evaluations before they influence
institutional decisions.

5.4 Lessons Learned for Future
Analyses and Tools

Beyond the specific findings, our study
yields several practical lessons for researchers
and for developers of NLP-based assessment
tools:

e Stratify by difficulty before inter-
preting sentiment. Aggregating senti-
ment from evaluation text without con-
ditioning on perceived difficulty con-
flates teaching quality with course con-
text; future analyses should stratify at
the evaluation level and, where possible,
adopt intra-instructor designs.

e Audit and monitor text-derived
metrics for disparate impact. Any
tool that derives teaching-quality signals
from review text should be tested for
difficulty-driven disparate impact before
deployment, and the dominant counter-
factual target (+0.34 in VADER com-
pound) can be operationalised in fairness
dashboards that flag reviews departing
from difficulty-adjusted expectations.

e Lightweight lexicon tools are de-
fensible when validated. The
strong agreement between VADER and

a domain-proximate transformer (p =
0.745) indicates that reproducible, low-
cost lexicon pipelines are adequate for
difficulty-bias auditing, provided they
are spot-checked against a transformer
model.

e Prefer unique instructor identi-
fiers. Name-based grouping conflates
homonymous instructors; datasets and
tools intended for instructor-level fair-
ness analysis should rely on stable
unique identifiers.

5.5 Limitations

This study has several limitations. First,
our corpus is English-language and from a
single platform (RateMyProfessor), limiting
generalizability to other languages and eval-
uation systems. Second, our primary sen-
timent analysis is lexicon-based (VADER,
TextBlob); although we validated these
measurements against a transformer model
(Twitter-RoBERTa) and found strong con-
vergence (p = 0.745; Section 4.4), fine-
grained patterns such as sarcasm or domain-
specific irony may still be imperfectly cap-
tured. Third, we cannot fully disentangle
difficulty perception from actual course diffi-
culty, though our intra-professor design mit-
igates this concern substantially. Fourth, the
counterfactual explanations are generated
from aggregated professor-level features; in-
dividual comment-level counterfactuals could
provide finer-grained insights. Fifth, the
penalization threshold (top 25% of senti-
ment shift) is a design choice that could be
adjusted for different institutional contexts.
Sixth, professor identification relies on the
professor_name field, which does not pro-
vide unique identifiers; a single name may ag-
gregate evaluations of homonymous instruc-
tors across institutions. The review-level
findings (RQ1, differential sentiment by dif-
ficulty stratum) are unaffected, as they op-
erate at the individual evaluation level. The
intra-professor results (RQ2) reflect within-
name-group consistency; a re-analysis with a
deduplicated unit (name + institution + de-
partment) is reserved for future work.

Generalizability and selection bias.
Our strategic filtering—retaining professors
with high rating variability and a guaran-
teed presence of both low and high ratings—
deliberately departs from a random sam-
ple of the platform and therefore warrants



closer scrutiny.  This choice was neces-
sary: an initial random sample of 20,000
reviews exhibited insufficient rating varia-
tion to detect within-professor disparities
(0% detected), rendering bias analysis im-
possible. Two considerations bound its im-
pact. First, the selection operates at the pro-
fessor level (overall rating spread), whereas
our central effect is measured at the evalu-
ation level and, for RQ2, within each pro-
fessor across difficulty strata; cross-professor
selection thus does not mechanically inflate
the intra-professor sentiment shift. Second,
the excluded professors are those with near-
uniform ratings, for whom a difficulty-driven
disparity is by construction small or un-
detectable; our results therefore generalize
to the population of professors with non-
trivial evaluation variation—precisely those
for whom evaluation-based decisions carry
the highest stakes. We nonetheless caution
against extrapolating the absolute magni-
tudes (e.g., the 99.2% intra-professor figure)
to the full platform population, and we iden-
tify replication on an unfiltered, adequately
powered sample as important future work.

6 Conclusions and Future Work

This paper demonstrates that perceived
course difficulty introduces systematic lin-
guistic bias in teacher evaluation com-
ments and provides explainable counterfac-
tual pathways toward equitable evaluation.
Through sentiment analysis of 45,835 evalu-
ations and counterfactual explanation of 260
professor profiles, we show that:

1. Comments for high-difficulty courses
carry significantly lower sentiment (A =
0.499, d = 0.893) with a fourfold in-
crease in negative language (39.6% vs.

9.3%).

2. This bias is contextual: 99.2% of
professors receive more negative tex-
tual feedback in high-difficulty contexts
(Wilcoxon p < 0.001).

3. Linguistic and numerical biases form a
dual channel of inequity, with Spearman
p = 0.622 between sentiment and rat-
ings.

4. A bias classifier trained on NLP features
(F1 = 0.80) reliably identifies severely
penalized professors, and DiCE counter-
factuals reveal that a sentiment increase

of +0.34 is the primary change needed
to reverse penalization.

These findings raise important concerns
for the growing use of NLP in educational
assessment: any system that mines stu-
dent evaluation text without accounting for
contextual biases risks systematically dis-
advantaging professors who teach challeng-
ing courses. The convergence between our
numerical stratification framework (DIR =
0.710, disparities up to 3.11 points) and the
present linguistic analysis (d = 0.893, 99.2%
of professors affected) provides compelling
dual-channel evidence of systematic inequity,
while the counterfactual explanations provide
actionable targets for fairness-aware evalua-
tion systems.

Future work will explore several direc-
tions. First, while we validated our sen-
timent measurements against a pretrained
transformer (Section 4.4), transformer mod-
els fine-tuned for educational text could cap-
ture more nuanced linguistic patterns such
as sarcasm or domain-specific irony. Sec-
ond, the Choquet integral, for which we have
conducted preliminary interaction analysis
between stratification variables, can serve
as a multi-criteria aggregation mechanism
that compensates for both numerical and lin-
guistic biases simultaneously. Third, cross-
lingual validation with Spanish-language uni-
versity evaluation datasets would extend
these findings to the Ibero-American edu-
cational context. Finally, the integration
of counterfactual explanations into real-time
fairness monitoring dashboards could enable
institutions to identify and mitigate linguistic
bias as evaluations are submitted.
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