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Abstract

Background: Natural language processing (NLP) analysis of patient comments about their care can inform improvement
initiatives. Objective: We used NLP to quantify sentiments and identify topics in patient comments associated with
submaximal ratings of experience. Methods: Using a set of | 117 patient comments associated with ratings 1-4 out of 5
from a commercial source, we analyzed associated sentiments measured by Linguistic Inquiry and Word Count software
and associated themes using topic modeling. Results: In the sentiment analysis, positive sentiments were associated with
better numerical ratings while word count, numbers, ethnicity, and negative tones were associated with lower ratings.
Topics of “listening, concern, and collaboration” were associated with |-star ratings and “logistics” and “pain” with 4-star
ratings. Conclusion: The finding that NLP analysis of comments from submaximal patient ratings of experience is consistent
with evidence that the worst ratings are associated with relationship issues and more moderate ratings are associated with
process issues affirms the ability of NLP to analyze large amounts of patient comments to identify opportunities to improve
patient experience of care.
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information about potential clinicians found that patients
trusted subjective ratings and comments more than objective
information regarding clinician experience and training.*

Rationale

Studies to date have often used qualitative research methods
to identify themes in verbatim patient comments about their
experience, a process that requires expertise and is time-
consuming. Natural language processing (NLP) can effi-
ciently analyze large amounts of text comments to identify
themes and categories embedded in them.” For instance,
one study analyzed messages sent through an electronic
medical record patient portal using NLP, compared it to the
categories found manually with a qualitative approach by
medical students and clinicians, and found that NLP identi-
fied similar communication theme categories.® NLP was
used to identify themes in large sets of comments such as
twitter posts’ but to our knowledge the use of NLP to identify
themes in patient experience comments is a field that is less
explored. In one study, sentiment analysis of patient
reviews obtained from popular physician review website
found that words such as “rude” and “wait” were associated
with worse experience and “bedside manner” with better
experience.® In another study of patient review gathered
from the same platform on family physician and internist
doctors, sentiment analysis of patient reviews found that
topics such as “caring” were associated with higher experi-
ence ratings.” These preliminary studies demonstrate the
potential for NLP to help individual clinicians and entire
care units to efficiently process large amounts of data about
the experience of patients under their care—without the
need for specialized training or expertise—in order to help
identify areas for personal and organizational improvement.

Questions

To further develop the analysis of themes in patient verbatim
comments about their experience with a specific clinician or
care unit, we used NLP techniques to analyze a set of physi-
cian reviews collected using an online consumer rating
program from patients who were less than completely satis-
fied (ratings of 1 to 4 out of 5) to address the following ques-
tions: (1) Which sentiments are associated with specific
patient ratings of less than top-rated experience? And (2)
What topics are associated with specific numerical ratings?

Method
Data Collection

Approval by the institutional review board was not needed
since all the PHI were removed from the data. Ratings of
experience from 1 (worst) to 5 (best) along with verbatim
text comments describing the experience were available
from a commercial enterprise that works with specialty care

practices to help measure and manage patient experience.
Among 2188 ratings of 4 or lower, 1117 had associated
comments.

Analysis

We analyzed the sample of 1117 ratings of patient ratings of
experience ranging from 1 to 4 on a scale from 1 (worst) to 5
(best) that had associated verbatim text comments responding
to a prompt asking the patient to suggest opportunities for
improvement. First, we performed sentiment analysis and
regression on the entire dataset seeking linguistic factors
associated with each specific numeric rating. Then, we built
topic models to identify themes associated with specific
rating values 1 through 4.

Sentiment Analysis. To identify words representing sentiments
associated with levels of numerical patient ratings lower than
the top score, we used an NLP program (Linguistic Inquiry
and Word Count; LIWC-22) to analyze the verbatim
patient comments for each rating level.'® LIWC-22 identifies
the proportion of words that correspond to 110 distinct lin-
guistic dimensions and psychological processes. The soft-
ware also produces eight quantitative variables that
represent or summarize subgroups of these dimensions,
such as words representing positive or negative emotions.
We analyzed the correlation of each numerical experience
rating between 1 and 4 (used as the dependent variable)
and the 111 LIWC-22 variables (serving as independent var-
iables). Variables with variance inflation factors > 10 or toler-
ance<0.1 were considered collinear and were excluded.
Correlations with P<.05 were advanced into a multivariable
linear regression model'! (StataCorp. 2021. Stata Statistical
Software: Release 17. College Station, TX: StataCorp LLC).

Topic Modeling. To analyze and categorize word clusters (ie,
topics) within text comments of ratings 1 to 4 independently,
we applied the Meaning Extraction Method (MEM),'*!* a
NLP technique often referred to as “topic modeling.” MEM
identifies the core messages or “themes” presented in lan-
guage data, by identifying words that often appear together
in text. For example, the presence of words like “teacher,”
“classroom,” and “student” in a sentence may indicate the
topic of “education.” The identification of common word
groupings helps reveal the predominant topics in each set
of rating-specific comments (Appendix 1)

Results

Which Sentiments are Associated with Patient Ratings
of Less Than top-Rated Experience?

Thirty-three of the 111 candidate LIWC-22 variables corre-
lated with ratings of experience between 1 and 4. In multivar-
iable regression, higher ratings of patient experience were
associated with positive tone, Positive emotions, Negative
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emotions, and Allure and Future focus (Appendix 2,
Table 1). Lower experience ratings were associated with
higher Word count, Numbers, Negations, Negative tone,
Social behavior, Ethnicity, and Motion.

What Topics are Associated with Specific Numerical
Ratings?

|-Star Ratings. There were 234 one-star ratings in the sample,
the lowest possible rating. Preprocessing yielded 57 unique
words with words “doctor” “see” and “time” being the
most commonly used (Appendix 2, Table 2). Applying
the principal component analysis (Appendix 3) yielded a
three-component solution, we identified the following
topics to be the most prominent ones: “Listen, concern,
collaboration,” “Responsiveness,” and “Wait” (Appendix 2,
Table 3; Table 1).

2-Star Ratings. There were 210 two-star ratings in the sample.
Preprocessing yielded 48 unique words with words “doctor,”
“surgery,” and “patient” most commonly used (Appendix 2,
Table 4), and the principal component analysis (Appendix 3)
led to a four-component solution. We found these to be the
most prominent topics: “Responsiveness,” ‘Logistics,”
“Comfort,” and ‘“Listening, Concern, and Collaboration”
(Appendix 2, Table 5; Table 1).

3-Ratings. There were 281 three-star ratings in the sample.
Preprocessing yielded 37 unique words with “doctor,”
“time,” and “see” being the most common ones (Appendix
2, Table 6), and the principal component analysis
(Appendix 3) led to a three-component solution the topics
“Wait,” “Listening, Concern, Collaboration,” and
“Logistics” were the most prominent (Appendix 2, Table 7;
Table 1).

4-Ratings. There were 388 four-star ratings in the sample, the
closest rating to complete satisfaction. Preprocessing yielded
26 unique words out of which “doctor,” “time,” and
“surgery” were most commonly used (Appendix 2,
Table 8), and the principal component analysis (Appendix

Table I. Representative Words.

Rating Top 10 unique, non-logistical words

| Care, knee, wrong, leave, give, MRI, work, listen,
experience, recommend

2 Knee, leave, give, problem, MRI, care, experience, result,
follow, staff

3 Issue, give, MR, staff, leave, answer, schedule, question,
problem, result

4 Staff, long, knee, great, procedure, rush, leave, give,

question, follow

Common terms: Doctor, office, surgery, patient, appointment, visit, call, day
Common theme words: See, time, pain, wait

3) led to a three-component solution : “Logistics,” “Wait,”
and “Pain Alleviation” (Appendix 2, Table 9; Table 1).

Discussion

Qualitative analysis of patient statements regarding experi-
ence can identify specific areas of improvement for individ-
ual clinicians and larger care units. The process of
qualitative research requires resources and expertise that
are not readily available. There is precedent for using NLP
to analyze a large number of patient statements regarding
their experience of care. We measured sentiments and
topics in the text comments of patients who were less than
fully satisfied with musculoskeletal specialty care (less than
5 out of 5 rating), and—consistent with prior research—
found themes of “listening, concern, and collaboration” and
“responsiveness” associated with the worst ratings and
“logistics” and “Pain” associated with less than completely
positive ratings (4 out of 5 stars); and “Wait Times” appeared
with both. The ability of NLP to efficiently and effectively
identify themes for improvement for clinicians and care
teams provides another tool for growth and improvement
(Table 2).

Limitations

There are several limitations to our study. First, our dataset is
from a limited number of practices. An analysis using data
from a larger number of practices might generate different
results, although, our findings are relatively consistent
across studies done to date, and mostly demonstrate the
potential of NLP to be of use. Second, NLP can’t identify
indirect language such as sarcasm or slang. Use of a
version of NLP specifically designed for analysis of patient
comments about experience could be more accurate.

Which Sentiments are Associated with Patient Ratings
of Less Than Perfect Experience?

The finding that sentiment analysis discerned differences
between levels of ratings of less than perfect experience dem-
onstrates the utility of NLP in measuring and improving
patient experience. These findings support a prior study dem-
onstrated that sentiments associated with negative and

Table 2. Representative Themes.

l-star 2-star 3-star 4-star
"Listening, concern, |t 4th 2nd
collaboration"

"Responsiveness"” 2" 1%

"Wait" 3rd | st 2nd
"Logistics" 2" 3 I
"Comfort" 3rd

“Pain alleviation” 3rd
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positive experience could be used to generate a numerical
score without the ceiling effects typical of current quantita-
tive experience measures.'* Measures of perceived clinician
empathy, communication effectiveness, and willingness to
recommend often have a distribution of scores over-
represented at the top end of the scale, a sign of loss of
data regarding variation. While it might be tempting to
assume these rating represent perfect patient experience,
more likely people have suggestions for improvement but
are influenced by factors such as social desirability bias to
give top scores.'” Quantitative analysis of patient descrip-
tions of their experience may provide a way to measure expe-
rience in a more comprehensive manner less prone to ceiling
effects. This has the potential to enhance the ability to track
improvements after strategic interventions.

What Topics are Associated with Specific Numerical
Ratings?

The observation that the lowest ratings are most closely
associated with relationship issues such as listening,
concern, and collaboration is consistent with prior
studies.'®'” For instance, previous studies on 1-star
reviews identified that most of the lowest ratings were
related to relationship issues (bedside manner, effective
communication, perceived empathy, trust) and lengthy
wait times.'®!'” The observation that middle numerical
ratings of experience are associated with logistical issues
and wait times is in line with a previous study of online
reviews from physician profiles on three patient review
websites that identified higher average ratings were associ-
ated with punctuality and good logistics.'® The observation
that prolonged wait times is seen in both 1-star and 4-star
ratings is consistent with a study of patient reviews obtained
from a popular online doctor rating website that found a cor-
respondence between longer wait times lower patient satis-
faction across all metrics.'® Another study of thousands of
online patient reviews associated “timeliness” with higher
experience ratings.”’

Conclusion

The ability of NLP to identify themes in large numbers of
patient comments is now tested in several venue including
portal messages,”’ group chat sites,” social media posts,*?
and patient surveys regarding their experience® as confirmed
in the current study. What once might have been a daunting
endeavor, to train or hire a person in semi-structured inter-
views and coding of resultant themes (qualitative research),
now has a streamlined alternative in NLP. Testing of the
utility of large language models might be the next step, as
they can perform many NLP tasks such as identifying rele-
vant themes. Given the consistent identification of difficulties
with relationship factors such as trust, perceived empathy,
and communication effectiveness at the heart of experiences

that patients rate poorly, individual clinicians and care units
can prioritize ensuring that patients feel heard and
understood.
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