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INTRODUCTION

The importance of reflection and reflective practice is regarded by

many as an essential characteristic for professional development.!

Abstract

Students' reflective writings in gross anatomy provide a rich source of complex emo-
tions experienced by learners. However, qualitative approaches to evaluating student
writings are resource heavy and timely. To overcome this, natural language process-
ing, a nascent field of artificial intelligence that uses computational techniques for
the analysis and synthesis of text, was used to compare health professional students'
reflections on the importance of various regions of the body to their own lives and
those of the anatomical donor dissected. A total of 1365 anonymous writings (677
about a donor, 688 about self) were collected from 132 students. Binary and trinary
sentiment analysis was performed, as well as emotion detection using the National
Research Council Emotion Lexicon which classified text into eight emotions: anger,
fear, sadness, disgust, surprise, anticipation, trust, and joy. The most commonly writ-
ten about body regions were the hands, heart, and brain. The reflections had an
overwhelming positive sentiment with major contributing words “love” and “loved.”
Predominant words such as “pain” contributed to the negative sentiments and re-
flected various ailments experienced by students and revealed through dissections
of the donors. The top three emotions were trust, joy, and anticipation. Each body
region evoked a unique combination of emotions. Similarities between student self-
reflections and reflections about their donor were evident suggesting a shared view
of humanization and person centeredness. Given the pervasiveness of reflections in
anatomy, adopting a natural language processing approach to analysis could provide
a rich source of new information related to students' previously undiscovered experi-

ences and competencies.

KEYWORDS
dissection, gross anatomy, health professions education, machine learning, natural language
processing, reflections, reflective writing, sentiment analysis

Within medicine, the explicit awareness of one's own experiences

deepens the capacity to respond empathically to patients and is

the crux of relationship-centered care.?® Exploring one's narrative

through reflection and self-awareness allows better listening to
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and accepting of another's narrative.® Reflection also allows for in-
tegrating concepts or a combination of skills, knowledge, attitudes,
and values with the learner's cognitive framework.* This integra-
tion usually requires an understanding or exploration of one's per-
sonal beliefs and experiences to be interpreted and expanded to
form new knowledge in an active, experiential manner. Meaning
can then be constructed within a community of professional dis-
course, encouraging learners to achieve and maintain critical
control over the more intuitive aspects of their experience.7 It is
considered an essential aspect of lifelong self-learning and core to
professional competency.® Because of this, reflective activities are
becoming integral to curricula at all levels of health professional
and medical education with positive impacts.” Reflection by un-
dergraduate medical students has been shown to increase self-
reported measures of self-awareness, professional thinking skills,
and the skills required for intimate examinations.” Additionally, re-
flection has been shown to have a positive effect on cross-cultural
understanding,* diagnostic accuracy,'! empathy,'? feedback inte-
gration,*® and well-being.**

Since the cadaver-student relationship is thought to mirror
the patient-physician relationship,15 gross anatomy education has
often been intentionally humanistic.® As one of the first courses in
medical and health professional curricula, gross anatomy provides
a rich setting for the practice of reflection to promote profession-
alism, integrate clinical concepts, and process emotions around
death and dying.” Examples of reflective activities in anatomy have
included anatomical donor reports,18 attitudinal questionnaires,19
creative projects,?° journals,?! personal or fictional narratives,?? and
problem-oriented dissection.?® Students' reflective writings related
to anatomical donors have revealed complex and difficult emotions,
as well as an appreciation for the dissection experience.?*?> In this
study, a reflective exercise was used to garner self-awareness and to
shift the thinking from “specimen-minded” to “person-minded,” as
this is associated with empathy, emotional engagement, and better
performance within the course.?® While the use of reflective writ-
ings in anatomy to this end is not new, this study used reflective
writings in a novel way to explore the contribution of various ana-
tomical body regions to one's life.

While it is widely acknowledged that reflective practices are
beneficial, assessing reflection can be challenging, often requiring
tremendous resources and time.?’° Some researchers have em-
ployed a quantitative system for evaluation such as questionnaires,>!
scales,® and rubrics.®® While these are efficient to grade, they pro-
vide a limited, structured, and often shallow reflective analysis.
Assessment of narratives has also been done by stating judgments
about the learners' abilities or engagement with the exercise.**
Numerous models and frameworks with varying complexity have
been developed to analyze reflections.>®> However, many of these
mechanisms require interrater and internal consistency reliability to
develop scores, often lack validity, and are demanding in terms of
resources.®>%” Even when thematic analysis is utilized, there can be
a tension between the reliability of coding schemes and their ability
to discriminate between learners.3°

Natural language processing is a promising and nascent way to po-
tentially overcome some of the challenges with analysis of student re-
flections, especially for large sets of open-ended text and limited time.
Natural language processing is one of the applications of artificial in-
telligence which enables computers to understand natural language
as humans do. Whether the language is spoken or written, natural
language processing takes real-world input, processes it, and makes
sense of it in a way a computer can understand.® While this does not
replace the richness of information that can be extracted using quali-
tative analysis, the use of natural language processing to analyze text
data can be a valuable means of discovering underlying sentiments
and themes.’ Within medical education, natural language processing
has been used to map clinical notes to school-identified learning ob-
jectives,40 track medical students' clinical experiences,41 and assess
clinical exposure to training competencies.42 It has also been used to
determine if gender bias exists in evaluation of residents.*® A widely
used technique in natural language processing is sentiment analysis.
Sentiment analysis is an automated process in which natural language
processing, text analysis, computational linguistics, and biometrics
are used to systematically identify, extract, quantify, and study af-
fective states and subjective information.** Also known as opinion
mining, it is the automated task of determining what feelings a par-
ticipant expresses in text, typically framed as the binary distinction of
positive and negative sentiments.*> Sentiment analysis can be applied
to a document, sentence, or aspect (levels) and produce a score, rat-
ing, or polarity (positive, negative, or neutral). For example, sentiment
analysis has been used to analyze the association of narrative feed-
back given on clerkships with assigned grades of medical students*®
and to assess the sentiment associated with competency evaluations
of medical residents.*” While sentiment analysis aims to detect pos-
itive, neutral, or negative feelings from text, emotion detection aims
to detect and recognize types of feelings through the expression of
texts, such as anger, disgust, fear, happiness, sadness, and surprise.48
Emotion detection is often performed using two main techniques:
machine learning, which extracts features using a criterion or a com-
bination of criteria, and a lexicon-based approach involving dictio-
naries with mapped words to emotions.*’ Thus, leveraging sentiment
analysis and emotion detection, underlying attitudes associated with
open-ended response data can be determined, or feelings of groups
of people can be assessed without directly asking for purposes of for-
mative or summative assessments. Applying these principles to stu-
dents' reflective writings can produce a rich data source. For example,
Lin et al.>® used Linguistic Inquiry and Word Count to investigate
overall language patterns and gender differences in reflective writings
of medical students regarding pediatric patients and the psychosocial
challenges faced by the patients and their family members. Another
study used a process-oriented text mining approach to better under-
stand meanings of learner experiences within a community placement
by connecting key concepts in extended student reflective essays.

Students' sentiments in an anatomy course can have lasting impacts
on the future of their medical practice and professionalism15’52'53; there-
fore, it is essential to capture and analyze them early in training. Given
the vast emotional experiences of students within gross anatomy, we
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aimed to quantitatively compare students' reflective writings on the
importance of their anatomy to their life and the proposed importance
of anatomy to their anatomical donors. It was hypothesized that writ-
ings about their anatomical donors would be similar as writings about
themselves—lending toward a humanistic view of the cadaver. Writings
about various regions of the body were expected to elicit varying emo-
tions, both positive and negative. To test this, natural language pro-
cessing was employed to analyze students' writings for sentiment and
emotions using a lexicon-based approach. Specifically, the goals were to
(1) determine if particular emotions were correlated with specific body
parts/organs and (2) determine if students shared similar sentiments and
emotions about their donor's anatomy compared to their own.

METHODS AND MATERIALS
Course description

The gross anatomy course was a 16-week, semester long course run-
ning from January to April of 2021 for health professional students
(n = 132). The course was comprised of physician assistant (n = 82),
pathologist assistant (n = 25), and surgical assistant (n = 25) students
of which 39 were males. Other demographic information was not col-
lected. The course comprised 124 contact hours but was delivered as
a hybrid because of the COVID-19 pandemic. All lectures (n = 36) were
pre-recorded, nonsynchronous and approximately 50minutes. There
were 22, 50minute long, synchronous active learning sessions that
included cases, living donor presentations, distributed virtual reality,
and gamification reviews. Students performed whole body dissection
in groups of three every other laboratory session using a published dis-
sector. There were two prosection laboratory sessions (hand and foot).
Students were assessed with four block exams that included multiple
choice questions to assess didactic material and practical identification
questions tagged on the anatomical donors within the laboratory.

Emphasis on the “anatomical donor,” as opposed to “cadaver”
was an important part of the humanistic element of this course.
Students were introduced to each donor by their first names at the
beginning of the course. In lieu of dissecting during the first labora-
tory, students instead completed a whole body examination of the
donor which encouraged them to use observational skills to docu-
ment changes associated with aging and or disease. During this time
students were provided with the donor's assigned gender at birth,
age at the time of death, occupation, cause of death, and relevant
medical history (if provided by the donor). Students also watched a
video from a living anatomical donor who detailed his memories of
the importance of anatomy to his own life, similar to the reflection
prompts asked of the students.>*

Reflective writing

At the beginning of the course (week 1), students were asked to re-
flect on what exactly their anatomy has meant to them thus far in

3
P e MUV

their life: “I would like you to reflect on what exactly your anatomy
has meant to you thus far in your life. You must at least choose 5 of
the following 17 regions within the body and write a short paragraph
about how/why it is important to you. There is an ‘other’ option in
case you want to write about something not listed on the form.” The
body regions included the arms, back, brain, ears, eyes, face, feet,
gastrointestinal system, gluteals, hands, heart, knees, lungs, mouth,
nose, pelvis, and skin. Students were given the same writing prompt
at the end of the semester and completion of a whole-body dissec-
tion (week 16) but asked to speculate how anatomy had contributed
to their anatomical donors' lives using the same body regions. The
specific prompt read “I would like you to reflect on what your ana-
tomical donor's story could have been. You must at least choose 5 of
the following 17 regions within the body and write a short paragraph
about how/why it might have been important to your donor. There
is an ‘other’ option in case you want to write about something not
listed on the form.” Students were also asked to provide their donor
table number, as groups of 10-12 students shared an anatomical
donor. There was a total of 12 donors dissected, of which four were
males and eight were females according to their death certificates.
Course participation points (1% of their grade) were awarded for
the completion of each reflective writing indicated by an attestation
within the learning management system. However, reflective writ-
ings were gathered in a separate link using Google Forms (Google
HQ Mountain View, California, USA) to provide anonymity. A total of
1365 anonymous reflective writings (677 about a donor, 688 about
self) were collected. All data collected were utilized for this study
(no exclusion or inclusion criteria). This study was deemed exempt
by the Institutional Review Board of Eastern Virginia Medical School
IRB # 21-12-XX-0279.

Data pre-processing

Reflective writings were downloaded into R statistical package,
version 4.1.2 with supplementing packages (R Studio, Boston,
Massachusetts, USA). Data were reviewed and corrected for typo-
graphical and grammatical errors. Data were formatted to ensure it
was correctly encoded in UCS Transformation Format 8, a Unicode
standard best suitable for representing text for mining. The pre-
processing transformed the running text into a structured format
that allowed computations. In addition to the narratives, data were
categorized as about self or the donor and the body part referred to
in the reflective writings.

Additionally, all reflective writings were broken into sentences.
Tokenization, lemmatization, and stop words removal were all per-
formed. Tokenization divides a document into characters grouped
by a functional semantic unit. A token could be a word or a set of
words, called n-grams. Lemmatization is a subset of stemming that
reduces words to their roots (e.g., “am” becomes “be,” and “better”
becomes “good”). Subsequently, stop words were removed that did
not carry much discriminative content using three lexicons (SMART,
onix, snowball) containing 1149 commonly recognized stop words.>?
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To illustrate, it was expected that the word “and” would appear in
all reflective writings with a similar frequency and, therefore, would
not allow inference about a reflection's characteristics or content.
Lastly, a custom dictionary of words had to be generated to remove
the body regions' names (arms, back, etc.) since they frequently ap-
peared (Appendix 1).

Data analysis

All analyses were conducted using R statistical software, version
4.1.2 (R Studio, Boston, Massachusetts, USA) with supplementing
packages.>>® Word counts were initially calculated for each reflec-
tion without taking into account stop words. Then, the average reflec-
tion length and standard deviation were calculated for all reflective
writings. Subsequently, median word counts of donor-related and self-
reflections were compared. A Wilcoxon test was performed to estab-
lish if the difference between the medians was statistically significant
at a p-value <0.05. Median word counts were also compared for all
body regions. The relative frequency of what body region the students
chose to reflect about was calculated. Additionally, a comparison was
made between of regions chosen in self and donor reflective writings.
The top 10 most common words in all reflective writings were identi-
fied. Like the previous step, 10 words with a high occurrence rate were
broken down by the reflection type, that is, self versus donor. Stop
words and words included in the custom dictionary were not counted.
Word frequencies across reflective writings about self and donors
were compared. Pearson's correlations between word occurrences in
distinct sets of reflective writings were calculated.

Next, sentiment and emotion detection analyses were performed
on the students' reflections. For a general review of the process see
Nandwani and Verma®. Sentiment analysis was performed utilizing an
approach that considers valence shifters when the polarity is calcu-
lated.®® Valence shifters, such as negators (e.g., not, no, never), am-
plifiers (e.g., really, very, precisely), de-amplifiers (e.g., hardly, maybe,
probably), and adversative conjunctions (e.g., but, still, yet) can affect
words' sentiment.®! This method was implemented in R's sentimentr
package.”’ Each reflective writing was broken down into sentences
and subsequently into words in this method. Words, excluding stop
words, were tagged according to their lexical polarity. The lexicon
used was the Jockers and Rinker®? polarity lookup table. The dictio-
nary used was an augmented combination of the lexicon developed
by Jockers®® and Riker's augmentation of the lexicon developed by
Hu and Liu®“. The dictionary contained 11,710 words identified as po-
larized positively or negatively. Around each polarized word, a cluster
including four preceding and two following words was created. The
algorithm®® searched that neighborhood for valence shifters, and, if
found, the sentiment value was recalculated. Punctuation (comma,
colon, semicolon) was used to delimit the effect of the valence shifters
on the word. Cluster's value resulted from applying weights based on
the valence shifter type and their number in the cluster. For example,
an amplifier increased the base polarity score by a number greater than
1, whereas a de-amplifier by a number greater than O and smaller than

1. Negation was determined by raising -1 to the power of the number
of negators plus 2. This resulted from a belief that an even number of
negatives equal a positive, whereas an odd number gives a negative.
The adversative conjunction up-weighted or down-weighted the con-
text cluster depending on their location, before or after the polarized
word. Similarly to negators, it was essential to consider the number
of preceding and subsequent conjunctions. To obtain an unbounded
polarity score for each sentence in a reflection, the weighted context
clusters were summed and divided by the square root of the word
count. In the end, a reflection's sentiment was calculated as a mean of
sentences' polarity scores. The top 10 words contributing to positive
and negative sentiment were identified for all reflective writings and
separately for those about self and a donor. Again, the lexicon devel-
oped by Rinker was utilized in this step.®?

Lastly, lexicon-based emotion classification was performed uti-
lizing the National Research Council Emotion Lexicon (EmoLex)65
which lists 14,182 English words and their associations with eight
basic emotions (anger, fear, anticipation, trust, surprise, sadness, joy,
and disgust) and two sentiments (negative and positive). The anno-
tations for this were initially manually done by crowdsourcing. The
results of the tokenization process were used for this analysis, that
is, a set of tokens corresponding to all words used in reflective writ-
ings without the stop words. Then, an inner join operation was per-
formed on the list of words and the EmoLex dictionary®® to assign an
emotion to each word in the reflective writings, unless the particular
word was not part of the lexicon. Those words were omitted. The
resulting list of words with assigned emotions was used to charac-
terize what feelings were present when the student reflected on a
particular body region about themselves or their donor.

RESULTS
Word count

The length of student writings varied across body regions and type
of reflection (about self compared to donor). The average word
count for all reflective writings was 34.6 (SD +18.8) words. The
shortest reflection was four words, and the longest was 169 words
long. On average, reflective writings about the donor averaged 29.4
(+14.9) words, whereas self-reflections averaged 39.6 (+20.7) words.
Median word counts of donor and self-reflections showed significant
difference (p <0.05). The difference between the word count is also
visible when the data were broken down by the type of reflection
and the body regions. Reflective writings about donors' noses were
the least elaborated. In contrast, reflective writings about students'
knees were the most elaborated based on median word count.

Body regions

Students were compelled to write about different body regions;
however, every option for abody region was reflected on by students
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(Figure 1). Overall, students most frequently chose the hands, heart,
and brain to write about. When reflecting on self, the students chose
hands most of the time (12%), eyes (11%), and brain (10%). When
reflecting on the donor, the students chose to write most frequently
about the heart (13%), hands (12%), and brain (11%). In the case of
donor and self-reflections, gluteals accounted for 1% and 1.3% re-
flective writings, respectively. However, the least selected body re-
gion was the donor's nose (0.9%). The gastrointestinal system and
pelvis were chosen more often when the reflective writings were
about the donor than the self. The opposite held valid, for the back.
Other areas (0.02%, n = 14) chosen by students to write about in-
cluded their appendix, breast, hair, kidneys, larynx, legs, and nails
(data not shown). Only two students chose “other” for their donors

(larynx and kidneys).

Word frequency comparison

Students used similar words when reflecting about themselves as
they did when reflecting about their donors. The most frequently
written words in all reflective writings were “life,” followed by “body”
and “allowed.” The order of those words changed when the reflec-
tive writings were separated into donor-related and self-reflections.
Words “body” and “life” were the most common when the students
wrote about themselves. The word “allowed” was not present in
the list of the 10 most common words in those reflective writings.
When the donor-related reflective writings were considered, “life”
and “allowed” were the most occurring words, followed by the word
“loved.” Figure 2 illustrates the comparison between frequencies of
words appearing in reflective writings about self and donors. Words
closer to the diagonal line appear in both types of reflective writ-
ings with similar frequency. Terms further from the line are found

more in one set of texts than another. Words that appear in only

15% 1

10%

Relative frequencies
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one type of reflective writings were omitted. The data show a more
extensive set of words that often appear in reflective writings about
self than about donors. Pearson's correlation coefficient was calcu-
lated between word frequency for reflective writings about self and
donor. The coefficient of 0.76 indicated a strong positive correlation
between the two datasets.

Sentiment analysis

In general, students wrote positively about themselves and their
donors. Using binary sentiment analysis, over 80% of reflective
writings were positive for self and donor types. The mean positive
sentiment was 0.22 (SD = 0.14) for donor-related reflective writing
and 0.22 (SD = 0.13) for self-reflection, while the mean negative
sentiment was -0.14 (SD = 0.13) and -0.10 (SD = 0.09), respectively.
There was no statistically significant difference between the means
of sentiment for each polarity level when the subject of the reflec-
tive writing was considered (Figure 3A).

For three levels of polarity (negative, neutral, positive), where
“neutral” polarity was assigned to sentiment values between -0.2 and
0.2, most reflective writings were neutral, over 57% for self-reflection
and almost 53% for reflections about donors, followed by positive
sentiment, almost 40% and 43%, respectively. The mean positive sen-
timent was 0.32 (SD = 0.11) for donor-related reflective writing, and
0.33 (SD = 0.11) for self-reflections, while the mean negative senti-
ment was —0.31 (SD = 0.11) and-0.26 (SD = 0.06), respectively. The
mean neutral sentiment was 0.06 (SD = 0.10) for both types of reflec-
tive writing. There was no statistically significant difference between
the means of sentiment for each polarity level when the subject of the
reflective writing was considered (Figure 3B).

Words “pain” and ‘“issues” were the most often occurring

words contributing to negative sentiment for the donor-related

Reflection

. Donor
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Body regions

FIGURE 1 Comparison of relative frequencies of body regions students (n = 132) wrote about in reflections about donors (n = 677) and
self (n = 688). Frequencies for each body region were calculated by dividing the number of reflections the students chose to reflect on by
the number of reflections of the particular type. While self-reflecting, students chose to reflect mostly on hands (n = 88), in contrast to

reflections about the heart (n = 87) when reflecting about the donor.

858017 SUOWWIOD A1) 8|qeo ! dde aup Aq peusenob ae Ssppiie YO ‘8Sn JO SNl 10} Areiq18UIUO 48] 1M UO (SUORIPUOD-PUR-SLUBIALI0O" A3 | 1M AeIq | Ul UO//:SdnL) SUORIPUOD pue Swie | 8y} 89S *[£202/70/92] Uo Ariqiauliuo A8|im ‘AISIBAIUN UoIUIWIOA PIO Ad ££22'852/200T 0T/I0p/Wod A8 | im Areiqpuljuo'sandAworeue//sdny wouy pepeojumod ‘0 ‘08.65E6T



RECHOWICZ and ELZIE

*LwiLev- (o

1.000% -

0.100% T
artist held

Donor

tumor  prought?
fat assume

carrying advocate

0.010% 1
adulthood

enjoyed ho%and

valued i ot )
nursecarried active

rt affect cd” activities

beat close

ear

_attackfun
bladder abdominal = ‘chf assist activity ~ bodies

’ ~atcident act aspects ago  future

¥ acts}_‘,‘z@pse"f abnormalities affect helps

accomplish

allowed -~
) loved amily .-~
children - care people
helped .- ._day
pain
car}cﬁﬂage daily ability
- issues

change anatomy
bad €xtremely

started granted

. _-dbdomen aduits cut callabiliies ball biind

0.010%

0.100% 1.000%

Self

FIGURE 2 Comparison of word frequency in reflections about self (n = 688) and donors (n = 677) in the log-log scale. Only words

appearing in both types of reflections were plotted (n = 1952).
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FIGURE 3 (A) Comparison of two-level (positive and negative) sentiment mean value between donor-related (n = 677) and self-
reflections (n = 688). There was no statistically significant difference between mean sentiment value (p>0.05); (B) Comparison of three-level
(positive, neutral, and negative) sentiment mean between donor-related (n = 677) and self-reflections (n = 688). There was no statistically

significant difference between mean sentiment value (p>0.05).

reflective writings, whereas the words “love” and “loved” to posi-
tive sentiment. In general, more words contributed to the positive
than negative sentiment, which is explained by the overall positive
sentiment of the reflective writings. When the words contributing
to positive and negative sentiment were broken down by the re-
flection type, that is, about self or a donor, “pain” was still the most
often occurring word with negative polarity. At the same time,
“cancer” moved down to the eighth position for reflective writings
about self. On the positive side, changes to the order of words
were smaller. “Love” and “ability” were the top two words with
positive polarity. When the words contributing to the positive
and negative sentiment of reflective writings about donors were
considered, “pain” and “cancer” were the top two words. At the
same time, “hard” was the third most often occurring word with
negative polarity. “Loved” and “care,” followed by “helped,” were

high-occurring positive words. Differences in the top 10 terms,
negatively and positively influencing sentiment, likely reflect dif-
ferences in the demographics of medical students and donors and
their respective medical histories.

Emotions

A variety of emotions were detected in student writings and with
certain regions of the body conveying differing emotions. To extract
emotions from reflective writings, a lexicon-based approach was uti-
lized. An emotion lexicon is a specific type of linguistic resource that
maps the emotive or affective vocabulary to a fixed set of emotion
labels. Each entry in the dictionary associates a word with zero or
more emotion labels. The EmoLex lexicon®® applied here was based
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on Plutchik's® classification of emotions into eight categories: anger,
fear, sadness, disgust, surprise, anticipation, trust, and joy. When emo-
tions were analyzed, the levels of emotional sentiment per emotion
were similar when reflective writings about the donor and self were
compared. The most considerable difference was for anger 8.2% (self)
versus 5.9% (donor) (Figure 4). Regardless of the reflection type, the
top three emotions were trust, joy, and anticipation. Disgust, anger,
and surprise were the bottom three emotions. In general, trust, joy,
and anticipation are the dominating emotions for almost all body re-
gions. Trust was present for all body regions, with lungs, nose, and
pelvis being the lowest. Surprise was relatively low for all body re-
gions except the mouth. Sadness varied depending on the body part,
with the nose having none. Joy was high for the arms, mouth, and ears
and consistent for all body regions except reflective writings about
the back, knees, and lungs. Fear was higher for several body regions,
such as the lungs, knees, pelvis, and back. It was low for the arms, ears,
hands, and nose. Disgust was relatively low for all body regions except
the nose, which was likely associated with words related to smells.
The high proportions of disgust decreased the ratios of other emo-
tions. Anticipation was relatively high for almost all body regions, with
the arms being the highest and the nose the lowest. Anger was the
highest for the nose, which is already skewed toward negative emo-
tions. When the reflective writings were broken down by type (self vs.
donor) (Figure 5), the emotion distributions follow similar patterns. In
student self-reflections, the nose had a higher proportion of “sadness”

and “fear” when compared to the same donor's body region.

DISCUSSION

The mobilization of personal experience in academic writing is es-

sential for professional identity formation.}?> As such, this study

7
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asked students to reflect on how their anatomy has contributed
to their own lives and to speculate how anatomy mattered to their
anatomical donor's life. The latter prompt encouraged students
to imagine their donor's lives and ascribe a greater purpose to the
anatomy studied throughout the course. In essence, it encour-
aged a more “person-minded” view of the donor as opposed to a
“specimen-minded” view.®”"%® This illuminated specific body areas
that resonated most with students, such as the heart, hands, and
brain, consistent between self and donor reflective writings. This
aligns with previously published studies where students also com-
monly wrote about these body regions.?22525%7 |nterestingly, many
students wrote about their love/hate relationship with their own
skin and its importance to beauty and identity, which was much less
common in donor reflective writings. Other differences in regions
chosen to write about may have been influenced by the fact that stu-
dents were provided with their donor's occupation at the introduc-
tion of the course. The use and hindrance of their donor's anatomy
on donors' careers were commonly mentioned (data not shown).

Sentiment analysis

Prior survey and thematic analyses of sentiments related to anatomy
courses have revealed both positive and negative responses. While a

positive experience for many students,>27%717273

gross anatomy can
also be distressing for some.”*”? However, these previous reports were
primarily about the overall course experience or dissection process.
Our data are the first (to our knowledge) to report various sentiments
conjured by distinct body regions and their impact on one's life (self
and donor). Most body regions elicited a neutral response related more
to their function and utility. However, when using a dual scale (positive

or negative), most self and donor reflective writing sentiments were
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FIGURE 4 Proportions of emotions per reflection type. Proportions of emotions were a ratio of the sum of occurrences of words
associated with a particular emotion to the sum of occurrences of words associated with any out of eight emotions. Out of all occurrences
in reflections about a donor of words associated with an emotion (n = 5307), words related to “trust” (n = 1350), “joy” (n = 1027), and
“anticipation” (n = 941) were the most common. Out of all occurrences in reflections about self of words associated with an emotion

(n = 7140), words related to “trust” (n = 1796), “joy” (n = 1250), and “anticipation” (n = 1.161) were also the most common.

858017 SUOWWIOD A1) 8|qeo ! dde aup Aq peusenob ae Ssppiie YO ‘8Sn JO SNl 10} Areiq18UIUO 48] 1M UO (SUORIPUOD-PUR-SLUBIALI0O" A3 | 1M AeIq | Ul UO//:SdnL) SUORIPUOD pue Swie | 8y} 89S *[£202/70/92] Uo Ariqiauliuo A8|im ‘AISIBAIUN UoIUIWIOA PIO Ad ££22'852/200T 0T/I0p/Wod A8 | im Areiqpuljuo'sandAworeue//sdny wouy pepeojumod ‘0 ‘08.65E6T



RECHOWICZ and ELZIE

*Lwiey- G

Donor Self )
1.00 Emotion
. anger

o 075 B anticipation
2 . disgust
S 050 B rear
g )
a B oy

025 B sadness

. surprise
0.00 I trust
fa*efafo 0) TOOLLEHLL DXSOLOF/LIEP LS P28
STEOSSESE S8/ ST LOSLESE
(174( SO0K O\Q,@ (] WQn@QQGQOO\_mQ,
“'k‘z(’v %“7\“ S SO ?'%‘b%“’ [,,&”@ar"’ QEFFOL
3 3
g g
g g
& S
& &
Body region

FIGURE 5 Comparison of emotions' proportions per body region between self- (n = 688) and donor-related (n = 677) reflections. The
proportions were calculated as a ratio of the sum of occurrences of all words in reflections, about self or a donor, regarding a particular body
region associated with an emotion to the sum of occurrences of all words in reflections about the body region related to any out of eight

emotions.

positive, with subtle differences in word contributions. While both ex-
pressed words of love, self-reflections focused on the “ability” of one's
anatomy as a positive contributor to their life. This was reversed when
looking at the contribution of negative words which were more disease
focused (words such as “cancer” and “issues”) in donor reflective writ-
ings. This was not unexpected given the advanced age of the donors
and disease accumulated throughout a lifetime compared to students'
relative youth and healthiness. Student self-reflections with nega-
tive sentiments were mostly related to previous personal “pain” and
“issues.” These personal illness stories are often central to students'
motivations for becoming healthcare professionals. They may critically
inform the nature of students' professional caregiving.'? Additionally,
a detailed analysis of the types of language used in reflective writ-
ings can indicate the reflectors' preferred mode of processing their
experience and constructing their narratives.>® Thus, further analysis
of what factors may influence the language style used by students in
their anatomy reflective writings is appealing. It could inform students'
psychological well-being and ability to empathize with patients by ena-

bling them to access and accept their feelings.

Emotions

Humanistic anatomy curricula, such as those practiced in this course,
can engage students by validating the full range of emotional ex-
periences of dissection and acknowledging the protective role of
emotional detachment in medical practice.’® Numerous studies have
used a qualitative approach to describing students' complex emo-
tional and moral experiences in gross anatomy.??77808182 \Whjle the
reflective writings reported here were not directly related to the an-
atomical dissection, they still prompted a similar range of emotional
responses experienced in the class as a whole. Furthermore, the
general similarity of the words and emotions used in writings about

self compared to the donor which suggests a shared view of humani-
zation and person centeredness toward the anatomical donor. The
higher levels of positive emotions align with the positive nature of
the sentiment analysis reported here and the appreciation for one's
body, a common theme in anatomy reflective writings.>* While very
little has been reported on emotions related to specific body re-
gions, particular patterns have been studied in East Asian Medicine
and surprisingly coordinate with the data presented here.83 Overall,
the most frequently extracted emotions in this study were trust,
joy, and anticipation. According to the broaden-and-build theory
positive emotions can broaden thought-action mechanisms such as
playing, exploring, and integrating which contribute to resiliency and
WeII-being.g4 For example the emotion of “joy” is linked with an urge
to play, push the limits, and be creative not only socially but also in-
tellectually. A previous study indicated that students exhibit a spec-
trum of emotions within a gross anatomy course and that positive
emotions are aroused while negative emotions may be suppressed.®®

The advantage of using natural language processing to extract
emotions is that it may uncover a wider range and more authen-
tic spectrum of emotions because it does not rely on potentially
skewed self-reporting. This type of understanding of the emotions
of students could also provide insights into their cognitive pro-
cesses,?*% learning,®® perceived self-efficacy,®” and professional
identity formation.?®?* Such emotional influences should be care-
fully considered in educational course design to maximize learner
engagement, as well as improve learning and long-term retention

|92

of the material.”“ Since attentional and motivational components of

emotion have been linked to heightened learning and memory,”%%*
it would be interesting to determine if a correlation exists between
emotions reported here and outcomes on laboratory examinations.

Because this was not a direct longitudinal study (donor vs. donor
over time), it is unclear if viewing the donor as a person over time de-

clined over the course length as previously reported.52 However, the
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data still support a high level of personhood toward the donors after
16 weeks of full dissection. Furthermore, insights gained here about
students' emotional responses to various regions of the body may
allow anatomists to respond appropriately to create a positive impact
on the learning process as each region is discussed. Assessment of
emotional responses over time may also provide a holistic picture of

the students' emotional trajectory throughout the course and beyond.

Natural language processing

As the use of reflective writings in medical and health professional
education rises, the challenge will remain in analyzing large sets of
text and providing valuable feedback to learners. The true advan-
tage of using natural language processing lies in an evaluator's ability
to use a quantitative approach in analyzing text. It is especially valu-
able where the breadth of a dataset or constraints associated with
time and available data scientists make it very difficult for practition-
ers to perform a comprehensive analysis. Since this method is purely
guantitative, comparing sentiments across and between groups and
longitudinally can be accomplished easily. The quantitative extrac-
tion of emotions may be helpful, considering evidence exists that
self-reports about feelings may be misleading, as students may not
be aware of the depth of their own emotions.” This type of objec-
tive measure of emotions from writings may provide educators with
better insight for providing student feedback about self-awareness.

Building larger datasets related to student reflections could make
deep learning more accessible to educators. Over the last decade,
deep learning has become a powerful method for creating sentiment
analysis models.”®”” Deep learning builds on multi-layer artificial
neural networks trained to perform the sentiment classification task.
In short, deep learning mimics how the human brain works. Given
enough examples, an artificial neural network can identify distinct
features in text and use them to differentiate between various sen-
timents carried by, in this case, reflective writings. Once the model is
trained, it can infer the sentiment of reflective writings not presented
during the training process with a certain level of accuracy. When
applied to education, deep learning can allow for more personalized
learning approaches and enable educators to tailor learning pathways
to individual students. Deep learning environments can also intelli-
gently analyze data across all personalized training instances to rec-
ommend improvements and highlight inefficiencies that would not be
possible otherwise.”® For example, applying deep learning approaches
to this dataset on reflections could generate new clinical vignettes or
cases related to specific organs that could be used in teaching and as-
sessment. It might also be used to predict future behaviors of students
(academic performance or professionalism).

Limitations of the study

This study is not without limitations. To encourage personal and
honest reflective writings, no demographic data on the students
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was collected; however, this may have limited the results. While pre-
vious work suggests that women and men have similar emotional
responses to dissection,”’ differences have been reported concern-
ing the need for detached concern’* and person centeredness. 2680
Additionally, the lexicon used for this data analysis was built for
English syntax; it is unclear if the data would change for individuals
whose primary language was not English. Furthermore, previous ex-
perience with dissection, which was not recorded, may also have in-
fluenced students' emotions, especially toward their donors. Future
studies might gather more information about students to classify the
data further.

The use of natural language processing for analysis also has
some inherent restrictions. Although the selected approach over-
comes some of the challenges associated with this method,®® this
study had limitations inherent to the sentiment analysis approach.
The collected reflective writings were relatively short, 35 words on
average. Although sentiment analysis is often applied to social media

100 5 few po-

messages, such as tweets that are 280 characters long,
larized words can decide the sentiment of the whole reflection, es-
pecially if the remaining sentences have neutral polarity. Requiring
a minimum reflection length may help minimize this possibility.
Additionally, the neighborhood where valence shifters was searched
for was four words before and two after a polarized word. Sensitivity
analysis could generate insight into the most optimal text cluster size
for students' reflective writings.

Another constraint is the use of general-purpose lexicons cre-
ated by crowdsourcing polarity assignment. As with any natural lan-
guage processing, that selection significantly impacted the results. It
has to be mentioned that there are also several biomedical domain-
related lexicons.}®* Medical WordNet (MWN)!°? and WordNet of
Medical Events (WME)31%4 are two lexicons based on WordNet,
which is a domain-free extensive dictionary developed at Princeton
University.105 MWN consists of medically relevant terms used by
and intelligible to non-expert subjects and supplemented by natural-
language sentences that are designed to provide medically validated
contexts. MWN primarily focuses on relationships between sets of
synonyms, does not provide polarity, and is not publicly available
yet. WME, inits 2.0 version, concentrates on conveying information,
such as event definition and polarity, to medical experts and lay-
people. Its main objective is to support expert systems in extracting
medically relevant insights to identify diseases and their relation-
ships to various populations.’®® However, neither MWN nor WME
have been constructed to reflect emotions while becoming a medical
professional and being exposed to the humanistic side of the profes-
sion. The existence of such a lexicon is a prerequisite to furthering
the use of stories and reflective writings in medical education.

Analogically, it also applies to the lexicon-based emotion classi-
fication. In the EmoLex, used for this analysis, words were assigned
one out of eight basic emotions (anger, anticipation, disgust, fear, joy,
sadness, surprise, trust). Recent studies showed a different model of
emotions, such as anxiety, apprehension, confusion, fear, uncertainty,
upset, calmness, curiosity, enthusiasm, excitement, fascination, and

interest,®” which may also be applicable to a gross anatomy course
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setting. Since the students had not reported sentiment or emotions
accompanying the reflection process, it is also challenging to verify
and validate if the reported emotions were actually felt by the stu-
dents. A mixed research design, combining qualitative and quantita-
tive methods, might provide further insights into the current results.

CONCLUSIONS

The emotionally charged experience of anatomical dissection pro-
vides a rich opportunity for students to reflect thoughtfully on their
experiences and those of their “silent” teachers. The automated
analysis of such writings is a valuable tool for student feedback,
educators, and researchers, especially considering the importance
of reflective writing to foster professional development. Our data
revealed an overall positive sentiment and shared emotional re-
sponses in self-reflections compared with reflections about donors.
These similarities suggest a common view of humanization and
person-centeredness of the donor. While still a maturing tactic,
assessing reflective writings through natural language processing
is a promising method for uncovering themes, the connectedness
of student responses, and determining what areas warrant future
investigations. In this study, natural language processing on stu-
dent reflective writings successfully presented information in an
easy-to-understand manner about the sentiment and emotions ex-
perienced while writing about anatomical contributions to self and
donors' lives. Given the pervasiveness of reflective writings in anat-
omy, adopting a natural language processing approach to analysis
could provide a rich source of new information related to students'
previously undiscovered experiences and competencies. Not with-
out impact will be the concurrent development of machine learn-
ing approaches to sentiment analysis and domain-specific lexicons,

which will increase the accuracy of the results.
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