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Abstract
There is increasing interest in understanding potential bias in medical education. We used natural language 
processing (NLP) to evaluate potential bias in clinical clerkship evaluations. Data from medical evaluations and 
administrative databases for medical students enrolled in third-year clinical clerkship rotations across two academic 
years. We collected demographic information of students and faculty evaluators to determine gender/racial 
concordance (i.e., whether the student and faculty identified with the same demographic). We used a multinomial 
log-linear model for final clerkship grades, using predictors such as numerical evaluation scores, gender/racial 
concordance, and sentiment scores of narrative evaluations using the SentimentIntensityAnalyzer tool in Python. 
2037 evaluations from 198 students were analyzed. Statistical significance was defined as P < 0.05. Sentiment scores 
for evaluations did not vary significantly by student gender, race, or ethnicity (P = 0.88, 0.64, and 0.06, respectively). 
Word choices were similar across faculty and student demographic groups. Modeling showed narrative evaluation 
sentiment scores were not predictive of an honors grade (odds ratio [OR] 1.23, P = 0.58). Numerical evaluation 
average (OR 1.45, P < 0.001) and gender concordance between faculty and student (OR 1.32, P = 0.049) were 
significant predictors of receiving honors. The lack of disparities in narrative text in our study contrasts with prior 
findings from other institutions. Ongoing efforts include comparative analyses with other institutions to understand 
what institutional factors may contribute to bias. NLP enables a systematic approach for investigating bias. The 
insights gained from the lack of association between word choices, sentiment scores, and final grades show 
potential opportunities to improve feedback processes for students.
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Introduction
Considerations of systemic and institutional racism 
have become more prominent with the Black Lives Mat-
ter movement and other national events [1]. There is 
increasing interest in understanding whether bias is pres-
ent in medical education [2]. Determination of bias in 
medical education is the first step in promoting equity 
and diversity as it allows for awareness that can be used 
to inform downstream interventions to address the issue 
[3]. Through this, introduction of different learning pro-
grams, such as cultural competence training, can be 
developed for medical education programs [4]. Equity in 
education and healthcare is needed to provide the same 
opportunities to all members and results in more positive 
patient outcomes [5]. Bias in medical training can nega-
tively affect diversification efforts, which is important in 
ensuring all backgrounds and beliefs are equally repre-
sented in medicine [6, 7]. 

Prior studies have demonstrated potential disparities 
in the words used to describe medical students in their 
evaluations, such as variations by gender or by race [8, 9]. 
Natural language processing (NLP) has previously been 
used to determine narrative differences between medi-
cal clerkship evaluations based on gender and under-
represented minority status [8]. It has been found that 
the most commonly used words for females and males 
differ. Females are described using descriptive words for 
personal attributes more often than males, who are more 
likely to be described using words that explain their com-
petency and behaviors [8]. Similar conclusions have been 
made when clerkship evaluations are examined by word 
choice, in which results show that females and minorities 
are described differently than males and White medical 
students [9]. Narrative evaluations are extremely impor-
tant for medical students, especially given that narrative 
evaluations are part of their residency application and 
can play a key role in their career potential and residency 
acceptances [10]. 

In this study, we leveraged NLP techniques to ana-
lyze core clerkship evaluations to investigate whether 
sentiment or word choice varied significantly by race/
ethnicity or gender. We aimed to evaluate the presence 
of bias among narrative core clinical clerkship evalua-
tions of third-year medical students and whether varia-
tions in clerkship evaluation text were associated with 
overall clerkship grades, with a secondary aim of evalu-
ating whether potential bias was associated with gender 
or racial concordance between evaluating faculty mem-
bers and students. This addresses an important gap in 
the literature regarding potential bias in narrative evalua-
tions and the role of both gender and racial concordance 
between faculty and students, which has not been previ-
ously well-studied.

Methods
Study population
This study was conducted at the University of Califor-
nia San Diego (UCSD) School of Medicine, an accred-
ited allopathic medical school located in La Jolla, CA. 
Data were extracted from medical evaluation data-
bases for medical students enrolled in third-year core 
clinical clerkship rotations across two academic years 
(2019–2020 and 2020–2021). These clerkships included 
medicine, neurology, reproductive medicine, pediatrics, 
psychiatry, and surgery. The UCSD Institutional Review 
Board (IRB) approved this study.

Data sources
Data were extracted by administrators at the UCSD 
School of Medicine. Student and faculty demographics, 
such as their race, ethnicity, gender, as well as adminis-
trative/academic data such as clerkship/specialty (for 
evaluators), grades received (for students), and academic 
year/term, were collected (Fig.  1). Only students who 
had faculty evaluators with available demographic data 
were included. For example, some faculty evaluators were 
not UCSD School of Medicine faculty and were based 
at outside hospitals where students rotated during their 
clerkships, but because these evaluators did not have 
demographic data available in UCSD databases (and thus 
racial and gender concordance could not be determined), 
these evaluations were not provided to the research team 
and therefore were not included in the analysis. Narra-
tive evaluations were also collected. This consisted of 
extraction of the complete full text of each evaluation in 
preparation for downstream analyses, which may have 
included non-Medical Student Performance Evaluation 
(MSPE) comment data within the full free-text evalua-
tions. Other academic data that were extracted included 
numerical evaluation grades from each faculty member 
(graded on a 7-point competency scale) and the overall 
final clerkship grades (Pass, Near Honors, or Honors), in 
which the NBME shelf exam scores are included.

Data cleaning/processing
Race and ethnicity mapping were necessary to clean 
the demographic data, in which both race and ethnicity 
demographics for students and faculty were harmonized, 
since the original source data for faculty were more 
specific/granular than those for students (e.g., faculty 
demographic data listed specific countries for race/eth-
nicity categories). Race was categorized by the following: 
White, Black or African American, American Indian or 
Alaska Native, Asian, Native Hawaiian or Other Pacific 
Islander, and Two or More Races. Ethnicity was catego-
rized as Hispanic or Latino, Not Hispanic or Latino, and 
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Prefer Not to Answer/Unknown. These categories are 
those recognized by the U.S. Census Bureau [11, 12].

Variables for concordance were defined by compar-
ing the demographic characteristics of the students with 
the demographic characteristics of their evaluators. If a 
given student and a given faculty member self-reported 
the same race, same gender, or the same ethnicity, they 
would be recorded as “concordant” for that feature. Race 
concordance, gender concordance, and ethnicity concor-
dance were therefore secondarily derived and included in 
subsequent analyses as covariates.

Natural language processing
Natural language processing (NLP) was performed on 
the unstructured/narrative free-text of the clerkship 
evaluations of included students. In preparation for senti-
ment analysis, stop words (such as the, is, at, which, or 
on) and numbers were removed from the evaluations, 
and words were lemmatized using modules from the nltk 
python package [13]. Lemmatization aggregates differ-
ent forms of a word together and categorizes them as a 
“base” word or lemma (e.g., “talk” and “talking” can be 
lemmatized to “talk”). The processed evaluations were 
subsequently fed through the VADER sentiment ana-
lyzer, a rule-based sentiment analysis model [14]. The 
analyzer assigns a sentiment score for each comment 

ranging from − 1.0 (extremely negative) to 1.0 (extremely 
positive). The sentiment score was generated by the Sen-
timentIntensityAnalyzer from the Natural Language 
Toolkit (NLTK) package in Python, based on the VADER 
sentiment analysis tool [15]. This analyzer assigns a com-
pound score to each sentence in the evaluation to provide 
the overall evaluation sentiment score. Although VADER 
was originally trained with short sentences and phrases, 
this approach of using it in conjunction with NLTK has 
been shown to be accurate when used on longer text as 
well [16]. We used these sentiment scores to represent 
the overall positivity or negativity of each student evalu-
ation. Examples of narrative evaluations and their corre-
sponding sentiment scores are provided in Supplemental 
Table X.

For a more qualitative analysis of word choice used in 
medical student clerkship evaluations, word clouds were 
generated using the wordcloud Python package [17]. 
Comparative word clouds were generated by race, ethnic-
ity, and gender of students. The number of words used to 
generate word clouds were, at most, the top 1000 adjec-
tives and adverbs used in the narrative evaluations.

Additional quantification of variations in word choice 
was performed by using conditional probabilities to 
generate likelihood ratios for different words used for 
different categories of students. This approach allows 

Fig. 1 Overall study workflow
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identification of words with the greatest differential use 
across categories, rather than focusing on the most com-
mon words within a category. For example, for analysis 
by gender, likelihood ratios were calculated to identify 
words that had the greatest amount of difference in usage 
among evaluations of male students compared to female 
students. Words used for this analysis were token words, 
which were adjectives and adverbs found in at least 1.5% 
of all written evaluations. It is customary in natural lan-
guage processing to remove very high-frequency words 
(i.e. “stop words” such as “a,” “an,” and “the”) as well as 
very low-frequency words. Here, we chose > 1.5% as the 
threshold based on empiric evaluation of the data, as any 
words found in a lower than 1.5% frequency within all the 
evaluations would not have been beneficial to the analy-
sis, as they were not mentioned often enough. These like-
lihood ratios were also analyzed by race and ethnicity.

Statistical analyses
Descriptive analyses were conducted to compare demo-
graphic characteristics among the medical students and 
the evaluating faculty, as well as distributions of clerk-
ship grades and sentiment scores of narrative evalua-
tions. Grade distributions were analyzed by gender, race, 
and ethnicity using the Chi-Squared test, with p < 0.05 as 
the threshold for statistical significance. Sentiment score 
distributions were also analyzed by race, gender, ethnic-
ity, term, and clerkship with the use of Student’s t-tests 
after verifying that assumptions necessary for parametric 
hypothesis testing were met. Multiple analysis of variance 
(ANOVA) was performed to compare how final letter 
grades varied by clerkship evaluation sentiment scores.

T-tests and chi-squared tests were used to compare 
between continuous variables and categorical variables, 
respectively. The t-test was performed for comparing 
scores between groups for each variable: Race_Con-
cordance (i.e., mean sentiment score among faculty/
student pairs with concordant race vs. mean sentiment 
score among faculty/student pairs without concordant 
race), Ethnicity_Concordance (i.e., mean sentiment score 
among faculty/student pairs with concordant ethnicity 
vs. mean sentiment score among faculty/student pairs 
without concordant ethnicity), and Gender_Concor-
dance (i.e., mean sentiment score among faculty/student 
pairs with concordant gender vs. mean sentiment score 
among faculty/student pairs without concordant gender).

Multinomial logistic regression (log-linear) model-
ing via neural networks from the nnet package in R was 
used to predict the primary outcome of interest, which 
was the overall clerkship evaluation grade received [18]. 
A grade of “Pass” was used as the reference group, and 
models were generated to examine the odds of Near 
Honors and the odds of Honors based on various fac-
tors, such as numerical evaluation scores (which were 

averaged), gender concordance, race concordance, and 
narrative evaluation sentiment score. A multinomial 
log-linear model was used instead of an ordinal regres-
sion model because ordinal regression models typically 
assume proportional odds from one level to the next. A 
majority of students had 1–2 evaluations per clerkship/
letter grade pair. This multinomial log-linear model could 
not accommodate mixed effects, and while generalized 
estimating equations (GEEs) were initially considered 
to account for potential clustering effects, we ultimately 
did not use them because GEEs are typically intended 
for simple clustering or repeated measures, whereas the 
combination of characteristics from students, faculty, 
demographic concordance features, and grades generated 
a high level of complexity. Because our primary objec-
tive was to understand the potential effects of sentiment 
attached to free-text evaluations, we modeled at the level 
of the evaluation to enhance model interpretability.

Data wrangling and sentiment score analysis were 
done in Python version 3.9, and other statistical analyses 
(descriptive analyses and regression modeling) were per-
formed using R 4.2.1.

We calculated likelihood ratios for all words (w) that 
were adjectives and adverbs and appeared in at least 1.5% 
of all narrative evaluations. A total of 102 token words 
were found among all narrative evaluations. Partition-
ing was completed by determining which evaluations 
were specific to some demographic factor, such as gender 
(i.e. Mmale was labeled for evaluations that were specific 
to males, and Mfemale was used for evaluations specific to 
females). Conditional probabilities showed the frequency 
of a token word appearing for a specific demographic 
group’s evaluations. Then, likelihood ratios were calcu-
lated to quantify the number of times more likely a word 
was appearing in an evaluation of a specific demographic 
group in comparison with another. As an illustration, to 
evaluate differential word choice by gender, the following 
formula was used to calculate the likelihood ratio (LR) for 
a given token word w based on conditional probabilities 
(P) of w based on frequencies (f) of usage in the evalua-
tions of males and females, respectively:

 

LRw =(P (w|male))/(P (w|female))

= (f (Mmale, w))/(f (Mfemale, w))

The log(LR) of token words in each partitioned sub-
matrix was visualized using the matplotlib library in 
Python version 3.9. Insubstantial log(LR) values between 
− 0.05 and 0.05 were omitted from likelihood graphs for 
ease of interpretation.
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Results
Study population characteristics

There were a total of 196 evaluators and 198 students. 
Demographic characteristics for both groups are detailed 
in Table 1. Slightly more than half (109/198, 55%) of stu-
dents identified as females. Approximately half (98/196, 
50%) of the evaluators identified as females. Regarding 
racial composition, Whites were most well-represented 
among both students and evaluators, comprising approx-
imately half of each group (Table  1). Underrepresented 
minorities had greater representation among the stu-
dents compared to the faculty evaluators (7% vs. 3% Black 
and 5% vs. 4% Hispanic/Latino; Table 1).

Sentiment scores of narrative evaluations
2037 narrative evaluations were analyzed, in which sen-
timent scores were computationally determined in a 
range from − 1.0 (extremely negative) to 1.0 (extremely 
positive), with 0 being neutral. The mean (SD) sentiment 
score was 0.3 (0.2). The sentiment scores of the evalua-
tions did not vary significantly by student gender, race, or 
ethnicity (P = 0.88, 0.64, and 0.06, respectively) (Table 2). 
Only 41 (2.01%) of the narrative evaluations were found 
to have negative sentiment scores. A qualitative assess-
ment of these evaluations revealed that they contained 
phrases such as “Limited interaction”, “Inadequate con-
tact”, “Insufficient exposure to the student”, etc. that con-
tributed to their negative scoring.

Clerkship grade distributions
Grade distributions by race and gender are shown in 
Table 3. Females (80/238, 34%) were more likely to receive 
honors than males (52/180/420, 29%; p = 0.57). More stu-
dents received an honors grade during the 2020–2021 

Table 1 Demographics of students and evaluators involved in 
core clerkship rotations
Demographics

Students (N = 198) Evaluators (N = 196)
Race
Asian 77(39%) 53(27%)
Black/African American 13(7%) 5(3%)
White 92(46%) 102(52%)
Other 13(7%) 32(16%)
Ethnicity
Hispanic or Latino 10(5%) 7(4%)
Not Hispanic or Latino 185(93%) 185(94%)
Gender
Female 109(55%) 98(50%)
Male 89(45%) 92(46%)

Table 2 Sentiment scores based on evaluator and student 
demographics
Evaluator Student Mean (SD) sen-

timent score
p-value

Gendera

Female Female 0.29(0.22) 0.88
Male 0.29(0.21)

Male Female 0.32(0.25)
Male 0.33(0.24)

Raceb

Asian Asian 0.31(0.22) 0.64
African American 0.33(0.23)
White 0.33(0.24)
Other 0.30(0.19)

African 
American

Asian 0.35(0.10)
African American 0.19(0.09)
White 0.27(0.15)
Other 0.25(0.01)

White Asian 0.31(0.24)
African American 0.24(0.27)
White 0.29(0.23)
Other 0.33(0.23)

Other Asian 0.29(0.22)
African American 0.19(0.22)
White 0.26(0.20)
Other 0.24(0.16)

Ethnicityc

Hispanic or 
Latino

Hispanic or Latino 0.28(0.20) 0.06
Not Hispanic or Latino 0.31(0.23)

Not Hispanic 
or Latino

Hispanic or Latino 0.30(0.21)
Not Hispanic or Latino 0.30(0.23)

a Gender_Concordance (i.e., mean sentiment score among faculty/student pairs 
with concordant gender vs. mean sentiment score among faculty/student pairs 
without concordant gender)
b Race_Concordance (i.e., mean sentiment score among faculty/student pairs 
with concordant race vs. mean sentiment score among faculty/student pairs 
without concordant race)
c Ethnicity_Concordance (i.e., mean sentiment score among faculty/student 
pairs with concordant ethnicity vs. mean sentiment score among faculty/
student pairs without concordant ethnicity)

Table 3 Distribution of core clerkship grades by race and 
gender. *N = 418 as some students may have multiple grades, 
due to there being more than one term/clerkship for which they 
had evaluations
Overall Grade Distributions
N = 418* Honors Near 

Honors
Pass Total p-value

By Race (N, %)
African American 4(16%) 9(36%) 12(48%) 25 p = 0.63
Asian 49(30%) 49(30%) 67(60%) 165
White 71(36%) 59(30%) 67(34%) 197
Other 8(26%) 8(26%) 15(48%) 31
By Gender (N, %)
Female 80(34%) 70(29%) 88(37%) 238 p = 0.57
Male 52(29%) 55(31%) 73(41%) 180
Numerical Evaluation 
Average
(Mean(Standard De-
viation) on a 7-point 
scale)

5.9 (1.0) 5.8 (1.0) 5.4 (1.2) p < 0.001
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term (174/418, 42%) than during the 2019–2020 term 
(123/510, 24%; p < 0.001). Students who received higher 
numeric evaluation averages were more likely to receive 
higher overall clerkship grades than those who received 
lower numeric evaluation averages (p < 0.001).

Models of overall clinical clerkship grades
The multinomial log-linear model of final overall clerk-
ship grades showed that the narrative evaluation senti-
ment score was not predictive of an honors grade (odds 
ratio [OR] 1.61 [95% Confidence Interval, CI, 0.75–3.45], 
P = 0.23) nor a near honors grade (OR 2.06 [0.90–4.72], 
p = 0.09; Table  4). However, the numerical evaluation 
average was significantly associated with higher odds 
of receiving honors or near honors (OR 1.53 and OR 
1.43, respectively, both P < 0.001; Table  4). Gender con-
cordance between faculty and student had a borderline 
significant association with receiving honors (OR 1.32, 
P = 0.053, Table 4) but not near honors. Race concordance 

between faculty and students was not significantly asso-
ciated with the overall clerkship grade.

Word clouds
Generated word clouds showed that word choice in nar-
rative evaluations were found to be very similar for all 
students, even when compared by race, gender, ethnic-
ity, and evaluator demographics. Some of the most com-
monly used words amongst all groups were: well, great, 
good, excellent, enthusiastic, thorough, professional, inter-
ested, strong, concise, clinical, engaged, and additional 
similar adjectives (Table 5). Word clouds show the simi-
larities amongst commonly used words for students of 
different racial background (Fig. 2). Word clouds by other 
demographic groups looked similar. Narrative evalua-
tions were also found to have similar word choice regard-
less of grades received.

Table 4 Multinomial log-linear model of overall clerkship grades
Variable Honors Near Honors

Adjusted OR 95% CI p-value Adjusted OR 95% CI p-value
(Intercept) 0.035 (0.02, 0.08) < 0.001 *** 0.04 (0.02, 1.00) < 0.001 ***
Numerical Evaluation Average 1.53 (1.34, 1.75) < 0.001 *** 1.43 (1.24, 1.66) < 0.001 ***
Gender Concordance 1.32 (1.00, 1.74) 0.053 * 1.20 (0.89, 1.63) 0.24
Race Concordance 1.12 (0.84, 1.50) 0.426 1.15 (0.84, 1.6) 0.001***
Term/Academic Year 2.86 (2.15, 3.80) 0.001*** 2.38 (1.74, 3.24) 0.001***
Sentiment Score of Free-Text Narrative Comments 1.61 (0.75, 3.45) 0.23 2.06 (0.90, 4.72) 0.09

Table 5 Most commonly used words in narrative evaluations, in decreasing frequency of use
Most Commonly Used Words
Gender of Student
Female Male
Very, well, great, good, excellent, enthusiastic, thorough, thoughtful, 
professional, outstanding, strong, always, clinical, medical, patient, 
eager, interested, appropriate, engaged, concise, hard

Very, well, good, excellent, great, patient, 
medical, professional, eager, more, always, 
enthusiastic, motivated, thorough, strong, 
organized, interested, thoughtful, clinical

Race of Student
African American White Asian
Very, good, well, great, excellent, able, clinical, enthusiastic, prepared, 
pertinent, professional, interested, thorough, engaged, complex, ap-
propriate, interpersonal, respectful, solid, detailed, organized, wonder-
ful, patient

Very, good, excellent, well, always, strong, 
medical, clinical, professional, thorough, 
great, patient, prepared, concise, enthusi-
astic, eager, thoughtful, engaged, kind, at-
tentive, outstanding, interested, motivated, 
appropriate

Very, well, good, clinical, excel-
lent, great, thoughtful, appropri-
ate, eager, concise, outstanding, 
thorough, professional, enthu-
siastic, organized, prepared, 
relevant, engaged, medical, 
strong, clear, able, wonderful

Letter Grade Received
Pass Near Honors Honors
Very, well, excellent, able, good, great, professional, medical, ap-
propriate, thorough, clinical, enthusiastic, quick, motivated, patient, 
engaged, solid

Very, well, good, excellent, more, interested, 
eager, concise, always, medical, patient, 
pleasant, professional, clinical, appropriate, 
efficient, strong, engaged, able, organized, 
impressive

Very, well, outstanding, clinical, 
thorough, patient, profes-
sional, good, great, excellent, 
medical, eager, able, wonderful, 
organized, detailed, appropriate, 
thoughtful, efficient, complex, 
quick, strong, concise
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Likelihood ratios
A total of 102 token words (adjectives and adverbs that 
appeared in at least 1.5% of all narrative evaluations) 
were found amongst all of the narrative evaluations.

For likelihood ratios, we compared the likelihood of 
specific terms being used amongst the following groups: 
males versus females, Hispanic/Latino students versus 
Non-Hispanic/Latino students, White students ver-
sus all other race groups, and Asian students versus all 
other race groups. A majority of words used to describe 
all groups were found to have positive sentiment, or 
were words considered to be of positive regard. Posi-
tive words, such as good, great, excellent, professional, 
outstanding, motivated, enthusiastic, strong, eager, thor-
ough, clear, interested, and similar words with posi-
tive sentiment were used across the board in students’ 
evaluations, regardless of race, gender, or grade received 
(Table  6). Words describing personality characteristics, 
such as motivated, enthusiastic, strong, eager, and others 
were commonly used for both females and males. Words 
describing professional competencies, such as clinical, 
professional, medical, appropriate, and other words, were 
used for everyone, regardless of what demographics they 
identified as.

Discussion
Prior studies have shown disparities in medical student 
evaluations by gender and race/ethnicity. In this study, 
we leveraged natural language processing techniques 

to analyze grades and narrative evaluations by student 
gender, race, and ethnicity, with an additional layer of 
analysis examining demographic concordance between 
student and faculty. This study aimed to determine if 
there was any gender, ethnic, or racial bias in the text of 
medical student evaluations and the potential influence 
on overall clerkship grades.

Our first key finding was that there was no clear evi-
dence of textual bias in medical student evaluations in 
our sample at this institution. Overall, the overwhelming 
majority (98%) of evaluations were found to have positive 
sentiment. Only 2% of evaluations had negative senti-
ment based on the sentiment analysis, but closer exami-
nation of these evaluations demonstrated that they were 
not truly negative evaluations per se, but rather reflected 
a relative lack of contact with the student being evalu-
ated. Sentiment scores from narrative evaluations were 
not significantly associated with final clerkship grades 
(Table 5). In other words, narrative feedback was found 
to be generally positive for all students regardless of final 
grade they would receive. Although prior studies have 
shown a tendency toward personal qualities being high-
lighted in evaluations of female students vs. professional 
qualities being highlighted in male students [8, 9], we 
did not find clear differences in the types of words used 
by gender, race, or ethnicity. The lack of disparities in 
the narrative text examined in our study contradicts the 
results of previous studies at other institutions. These 
may be in part explained by geographical variation, as our 

Fig. 2 Word clouds demonstrating word choice in narrative evaluations by race
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study was conducted at a public institution with a fairly 
diverse student population. Additionally, because many 
of these narrative evaluations are from a more recent 
time period, there may be increased awareness in regards 
to racial bias. Since The Black Lives Matter movement 

began, there has been an increase in anti-racism and anti-
bias training in medical education [19, 20]. Similarly, the 
COVID-19 pandemic brought to light disparities in med-
ical treatment and education, which has also triggered an 

Table 6 Likelihood ratios [LR] of token words by demographic groups
More Likely for Male More Likely for Female
Word LR Word LR
smart 0.36 willing 1.71
much 0.37 active 1.642558
fantastic 0.43 how 1.49
confident 0.57 most 1.43
short 0.60 professional 1.40
wonderful 0.61 oral 1.38
complicated 0.62 patient 1.34
nice 0.62 clear 1.32
future 0.67 comfortable 1.30
complex 0.67 solid 1.30
More Likely for Hispanic or Latino More Likely for Not Hispanic or Latino
Word LR Word LR
interested 0.24 easy 4.07
motivated 0.28 high 3.66
concise 0.39 confident 2.95
most 0.40 insightful 2.85
clinical 0.41 how 2.72
other 0.41 3rd 2.52
physical 0.47 actively 2.38
when 0.48 hard 2.21
oral 0.49 nice 2.19
own 0.50 pleasant 2.09
More Likely for Asian More Likely for Not Asian
Word LR Word LR
limited 0.70 sure 2.07
3rd 0.72 only 1.86
future 0.73 important 1.82
kind 0.73 especially 1.81
complete 0.76 helpful 1.71
patient 0.77 impressed 1.57
clear 0.78 so 1.54
active 0.80 short 1.52
attentive 0.80 early 1.51
compassionate 0.80 new 1.46
More Likely for White More Likely for Not White
Word LR Word LR
sure 0.36 future 1.72
insightful 0.39 complete 1.68
only 0.55 limited 1.58
easy 0.56 concise 1.47
important 0.57 strong 1.39
many 0.57 accurate 1.34
high 0.65 confident 1.33
impressed 0.68 just 1.33
helpful 0.69 third 1.33
efficient 0.70 patient 1.30
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increase in diversity, equity, and inclusion (DEI) training 
for students and faculty [21]. 

Another key finding was that although narrative 
evaluation sentiment scores were not predictive of an 
honors grade, the numerical evaluation averages were 
significantly associated with clerkship grades. Numeri-
cal evaluation average was directly correlated with the 
odds of receiving an honors or near honors grade. These 
numerical evaluations were Likert scale scores provided 
by faculty, and their correlation with clerkship grades 
demonstrated that these may be more reflective of the 
faculty’s assessment of the student’s clinical performance 
compared to the narrative feedback, which generally was 
positive regardless of the final grade. This may have in 
part simply reflected the process of calculating the clerk-
ship grades, and we could not consistently analyze this 
across the cohort due to variations in individual clerk-
ship grading policies during the study period. Addition-
ally, we acknowledge that this finding may not necessarily 
generalize to other institutions. However, the finding that 
narrative evaluations tend to not correlate well with final 
grades is still worth noting. Transitioning toward more 
milestone-based competencies may be a more objective 
and informative evaluation approach compared to nar-
rative evaluations. This is an approach being increasingly 
used by the Accreditation Council of Graduate Medical 
Education, [22] and may deserve greater consideration in 
the undergraduate medical education setting.

Gender concordance was another factor which was 
found to have a borderline association with receiving an 
honors grade (OR 1.32, P = 0.053). Although it is a bor-
derline finding, it could show that there may be some 
tendency for evaluators to give better narrative evalu-
ations to students who identify as the same gender as 
themselves. Future investigations with increasing sam-
ple sizes are needed to assess whether the association 
between gender concordance and grades is replicated. 
This inclusion of the role of demographic concordance 
between medical students and faculty evaluators is a 
unique strength of this study, as it has not been well-
studied previously.

We inferred that there may have been a lack of forma-
tive feedback helpful to the students for improvement, 
since students who did not receive honors or near hon-
ors also had fairly positive narrative evaluations. This 
finding highlights the need to better understand how 
narrative evaluations can be improved, as formative feed-
back is important for students to have for the purpose of 
learning. Constructive feedback is extremely beneficial 
in medical education, as it allows students to recognize 
where they can improve, which in turn allows them to 
become stronger healthcare providers [23]. Feedback is a 
pillar in medical education and one of the most impor-
tant factors of the learning experience [24]. 

Students have been found to appreciate and seek hon-
est feedback from their mentors and evaluators, regard-
less of whether the feedback is negative or positive, as 
they find it necessary to their learning journey [25, 26]. 
Mentors and evaluators may find it difficult to give feed-
back to students as they do not want to cause harm to 
their professional careers, and know the weight that nar-
rative evaluations can hold for students [27, 28]. Pro-
viding venues for providing formative feedback that are 
not associated with a formal grade or evaluation may be 
one strategy for addressing this issue. Another potential 
approach is to pursue peer feedback. Training peers to be 
good evaluators, and to help give constructive criticism 
to their peers, helps students not only make improve-
ments, but also allows those giving the peer evaluations 
the training to provide this feedback to students when 
they become physicians and mentors [26]. 

Limitations
One limitation of evaluating the narrative evaluations 
with NLP is that a majority of words in narrative evalua-
tions tend to be what VADER labels as “positive” in senti-
ment. Therefore, words such as “good” and “okay” would 
be considered to be “positive”, although they are often not 
reflective of positive ratings when considered in context 
of medical evaluations, whereas words such as “excellent” 
and “outstanding” are. Due to this, narrative evaluations 
may be considered to be more positive in sentiment with 
the use of NLP, although they may not be when compara-
tively analyzing one evaluation against another. Similarly, 
the sentiment analyzer we used provided a general sen-
timent score but did not have capability to distinguish 
text that was purely praise from text that had actionable 
components; this would be an interesting avenue for 
future research. In addition, future studies could utilize 
more advanced techniques such as attention-based trans-
former networks, such as those used in large language 
models.

For this study, we did not look at NBME/shelf exam 
scores, which were also factored into the grades that stu-
dents received, but exactly how shelf exam scores were 
incorporated varied by year and by individual clerkships. 
Therefore, we were unable to systematically incorporate 
shelf exam scores into our analysis. Furthermore, the 
main focus of this study was on the narrative text evalu-
ations, since that has been less well-explored in prior 
literature.

Another limitation is that grades during this time 
period, due to the COVID-19 pandemic, may have been 
inflated. We had nearly double the number of honors 
grades in the 2020–2021 academic year in comparison to 
the 2019–2020 year in our dataset. Studies have shown 
that during the pandemic, grades for students enrolled in 
higher education had high levels of inflation, and there 
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were less variations in grades [29]. Although, there are 
also various studies that also show some students did 
perform worse than previous semesters, due to changes 
in study habits, mental health, and changes in student/
faculty relationships due to remote learning [30]. 

We were also unable to include student evaluations 
from prior to the COVID-19 pandemic, so we did not 
have the benefit of historical control that pre-COVID 
grades and evaluations would have provided. During the 
pandemic, the medical evaluation platform at this institu-
tion changed. Data extraction from the older system was 
proven to be difficult, especially for the unstructured data 
that was needed for this analysis. Therefore, this analy-
sis was focused on the newer evaluation system. Future 
studies may benefit from using pre-pandemic data for 
further comparison.

Conclusion
There was limited evidence of bias in medical student 
narrative text evaluations at this institution based on 
analysis of demographics and using NLP for sentiment 
and word choice analysis, which contrasts some prior 
published studies. Ongoing investigations to understand 
these contrasting findings include comparative analyses 
with data from other institutions that may vary in type 
(public vs. private), student body, or location. Forma-
tive feedback is beneficial for students, especially in the 
healthcare setting, and the lack of association between 
textual analysis of narrative evaluations and overall clerk-
ship grades indicates a potential gap in feedback for 
medical students. Future studies may investigate how to 
provide constructive feedback while continuing to miti-
gate any potential bias.
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