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Abstract: Classic health-related quality of life (HRQOL) metrics are cumbersome, time-intensive, and
subject to biases based on the subject’s native language, educational level, and cultural values. Natural
language processing (NLP) converts text into quantitative metrics. Sentiment analysis enables subject
matter experts to construct domain-specific lexicons that assign a value of either negative (-1) or positive
(1) to certain words. The growth of telehealth provides opportunities to apply sentiment analysis to
transcripts of adult spinal deformity patient visits to derive a novel and less biased HRQOL metric. In
this study, we demonstrate the feasibility of constructing a spine-specific lexicon for sentiment analysis
to derive an HRQOL metric for adult spinal deformity patients from their preoperative telehealth
visit transcripts. We asked each of twenty-five (25) adult patients seven open-ended questions about
their spinal conditions, treatment, and quality of life during telehealth visits. We analyzed the Pearson
correlation between our sentiment analysis HRQOL metric and established HRQOL metrics (Scoliosis
Research Society-22 questionnaire [SRS-22], 36-Item Short Form Health Survey [SF-36], and Oswestry
Disability Index [ODI]). The results show statistically significant correlations (0.43–0.74) between our
sentiment analysis metric and the conventional metrics. This provides evidence that applying NLP
techniques to patient transcripts can yield an effective HRQOL metric.

Keywords: natural language processing; sentiment analysis; telehealth medicine; health-related quality
of life metrics; spinal deformity

1. Introduction
Classic health-related quality of life (HRQOL) metrics used in spine surgery face several chal-

lenges that make them cumbersome and potentially biased [1]. These instruments often carry biases,
as they are typically developed from Western perspectives and may not translate well across diverse
populations [2]. Educational disparities can disadvantage respondents with lower literacy levels, while
the lengthy and complex nature of these assessments can be burdensome for patients dealing with
pain and mobility issues. Questions arise about the validity of these measures across different health-
care contexts and cultural practices [3]. Many HRQOL instruments adopt a deficit-based approach,
potentially missing important aspects of patients’ experiences. Additionally, generic measures may
not adequately capture the specific concerns relevant to spine surgery patients [4].

To address these issues, we advocate for developing more context-specific and strengths-based
HRQOL measures that combine quantitative and qualitative methods for a more comprehensive
assessment via natural language processing (NLP), specifically sentiment analysis [5]. NLP converts
free-form text, such as patient interview transcriptions, into quantitative metrics. Sentiment analysis
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is a type of NLP that enables subject matter experts to construct domain-specific lexicons to assign a
value that is either negative (-1) or positive (1) to certain words [6].

The growth of telehealth has provided opportunities to apply sentiment analysis to transcripts
of adult spinal deformity patient visits to derive a novel and less biased HRQOL metric [7]. The
telehealth market is projected to reach $791.04 billion by 2032 [8]. This has led to a significant increase
in digital patient-provider interactions, providing a wealth of textual data that offers a rich source for
sentiment analysis. Additionally, this analysis can be done in real-time, potentially providing more
accurate reflections of patients’ experiences with spinal deformity at home and day-to-day, rather than
responses influenced by the clinical setting [6,9].

We demonstrate the feasibility of constructing a spine-specific lexicon for sentiment analysis to
derive a HRQOL metric for an adult spinal deformity patient from the transcript of their preoperative
telehealth visit. Our study asks 7 open-ended questions about spinal conditions, treatment, and quality
of life to twenty-five (25) adult patients during telehealth visits. Using our domain-specific lexicon,
sentiment analysis is performed on the transcripts to produce a HRQOL. The Pearson correlations
among our sentiment analysis HRQOL metric and established HRQOL metrics (SRS-22, SF-36, and
ODI) are statistically significant and range between 0.43 and 0.74.

The remainder of our paper is organized as follows. First, we provide background detail related
to sentiment analysis and established HRQOL metrics (SRS-22, SF-36, and ODI). Then we review
related research. Next, we describe the data collected in our study. Following that, we describe our
domain-specific lexicon and how it is applied to the data to yield a HRQOL metric for an adult spinal
deformity. Then, we present our approach to validating the lexicon. Finally, we present the results and
discuss avenues for future research.

2. Background
2.1. Sentiment Analysis

Sentiment analysis has become valuable in healthcare research, particularly for understanding
patients’ experiences [10]. This method analyzes text data to gain insights into patients’ quality of
life (positive sentiment) and lack of quality of life (negative sentiment) [10,11]. The most successful
applications of sentiment analysis to patient interviews employ domain-specific lexicons [12]. Domain-
specific lexicons leverage subject matter expertise to account for contextual nuances in the field in which
they are applied [13]. By leveraging this technique, researchers can gain deeper insights into patient
experiences, potentially informing improvements in care delivery and communication strategies for
patients [6,14,15].

2.2. Conventional HRQOL Metrics
2.2.1. Oswestry Disability Index

The Oswestry Disability Index (ODI) is a widely used patient-reported outcome measure that
assesses functional disability related to low back pain [16]. The ODI consists of 10 sections that assess
different aspects of daily living affected by low back pain including: pain intensity, personal care, lifting,
walking, sitting, standing, sleeping, sex life, social life, and traveling. Each section is scored from 0-5,
with higher scores indicating greater disability. The total score is calculated as a percentage, ranging
from 0% (no disability) to 100% (maximum disability). Scores are typically interpreted as follows:
(0-20%) - Minimal disability; (21-40%) Moderate disability; (41-60%) - Severe disability; (61-80%)
Crippled; (81-100%) Bed-bound or exaggerating symptoms [17]. The questionnaire is self-administered
by patients and takes about 3-5 minutes to complete. It can be delivered in paper, telephone, SMS,
or web-based formats. The ODI has demonstrated good reliability, validity, and responsiveness
across numerous studies. However, some research suggests it may be multidimensional rather than
unidimensional [18].
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2.2.2. 36-Item Short Form Health Survey

The SF-36 (36-Item Short Form Health Survey) is a widely used patient-reported outcome mea-
sure that assesses health-related quality of life across various populations, including both healthy
individuals and those with medical conditions [19]. It is used in clinical practice, research, health
policy evaluations, and general population surveys [20–22]. The SF-36 assesses eight health concepts
or domains: (1) physical functioning, (2) role limitations due to physical health problems, (3) bodily
pain, (4) general health, (5) vitality (energy/fatigue), (6) social functioning, (7) role limitations due to
emotional problems, and (8) mental health (psychological distress and well-being). Additionally, it
includes a single item that indicates perceived change in health. Each domain is scored on a 0-100 scale,
with higher scores indicating better health status [19]. Physical component and mental component
summary scores can be calculated. The scoring involves recoding item responses and averaging items
within each scale. The SF-36 is self-administered by patients or can be administered by a trained
interviewer in person or by telephone. It typically takes about 5-10 minutes to complete and has
demonstrated good reliability and validity across various populations. Specifically, it has shown high
internal consistency, good construct validity, and responsiveness to changes in health status [22].

2.2.3. Scoliosis Research Society-22

The SRS-22 (Scoliosis Research Society-22) is a patient-reported outcome measure specifically de-
signed to assess health-related quality of life in individuals with scoliosis [23]. It assesses five domains:
(1) function/activity; (2) pain; (3) self-image/appearance; (4) mental health; and (5) satisfaction with
management. It is scored on a 5-point Likert scale (1-5), with higher scores indicating better outcomes.
Domain scores are calculated by averaging the scores of the items within each domain. Scores range
from 1 to 5 for each domain and the total score, with 5 representing the best possible outcome. A total
score can be calculated by averaging all domain scores [24].

The questionnaire is self-administered by patients and completion time is typically 5-10 minutes.
The SRS-22 has demonstrated good reliability, validity, and responsiveness in various studies across
different languages and cultures. It has been translated into multiple languages, with validated
versions available in several countries [25–27].

2.3. Related Research

The field of spine surgery and adult spinal deformity (ASD) research has evolved significantly
in recent years, with efforts to complement traditional outcome measures such as the Oswestry
Disability Index (ODI), Scoliosis Research Society-22 (SRS-22), and Short Form-36 (SF-36) with more
comprehensive and diverse metrics. This review explores several innovative approaches in this area of
research.

These efforts collectively reflect a shift towards innovative inclusive, precise, and patient-centered
outcome measures in spine surgery research. By complementing traditional measures with newer
instruments and methodologies, researchers aim to gain a more comprehensive understanding of
patient outcomes and treatment effectiveness, ultimately leading to improved patient care and clinical
decision-making.

2.3.1. Patient-Reported Outcomes Measurement Information System

A significant advancement in the field is the Patient-Reported Outcomes Measurement Informa-
tion System (PROMIS), which offers a comprehensive, adaptive testing approach that correlates well
with existing measures while reducing respondent burden [28,29]. PROMIS utilizes computer adaptive
testing (CAT) to tailor questions to each individual, typically requiring only 4-12 items that can be
completed in under a minute [30]. The PROsetta Stone Project further enhances PROMIS by providing
crosswalks between legacy measures and PROMIS scores, facilitating comparisons across different
studies and instruments [31]. PROsetta Stone has developed links for various domains including
depression, anxiety, physical function, pain, fatigue, and global health, creating crosswalks between
PROMIS and widely used instruments such as SF-36, Brief Pain Inventory, CES-D, MASQ, FACIT-
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Fatigue, GAD-7, HOOS/KOOS, ODI, and PHQ-916 [32]. This approach allows for more efficient and
precise measurement of patient-reported outcomes across a wide range of health domains.

2.3.2. Minimal Clinically Important Difference Values

Researchers have also focused on making outcome measures more meaningful and clinically
relevant. The incorporation of Minimal Clinically Important Difference (MCID) values for various in-
struments helps interpret score changes in terms of their clinical significance rather than just statistical
significance [33]. Additionally, alternative administration methods, such as phone-based question-
naires, have been validated to improve data collection and reduce loss to follow-up [34]. There is also
a growing trend towards using condition-specific measures, exemplified by the validation of SRS-22
for adult spinal deformity, which was originally designed for adolescent idiopathic scoliosis [35]. This
approach aims to capture aspects of health-related quality of life that might be missed by generic
instruments. Furthermore, researchers are increasingly adopting a comprehensive assessment strategy,
using combinations of measures to provide a more holistic view of patient outcomes.

2.3.3. Innovative Approaches to Health-Related Quality of Life (HRQOL)

Recent research has demonstrated innovative approaches to health-related quality of life (HRQOL)
assessment using advanced technologies and methodologies. These studies showcase the potential of
natural language processing (NLP) and machine learning techniques to analyze diverse data sources
for HRQOL insights. The AI-PREM pipeline analyzes open-ended questionnaire responses [36], while
Torén et al. combined disease-specific and generic HRQOL measures for a more comprehensive
assessment in adolescents with idiopathic scoliosis [37]. Another study utilized deep learning models
to extract HRQOL trajectories from transcribed patient interviews, comparing results with traditional
survey-based measures [38]. Another effort explored the use of large language models for sentiment
analysis of health-related social media data [39]. Collectively, these studies demonstrate the growing
potential for automated analysis of unstructured text data to provide richer, more nuanced insights into
patient experiences and outcomes, complementing or potentially replacing traditional questionnaire-
based methods in HRQOL assessment.

2.3.4. Telehealth in Spine Care

Recent studies have highlighted the increasing adoption of telehealth in spine care, particularly
accelerated by the COVID-19 pandemic [40]. One study reported a dramatic rise in telemedicine usage
for spine consultations, from less than 7% to over 60% during the pandemic. The panel concluded
that video-based telemedicine could effectively evaluate patients for common spine issues like lumbar
stenosis and disc herniation, thereby reducing the need for long-distance travel [41]. A retrospective
study found that 24.3% of patients had changes in their treatment plans after in-person evaluations
following initial telemedicine consultations, with longer intervals between visits correlating with a
higher likelihood of plan changes [42]. Additionally, a cross-sectional survey revealed that telemedicine
usage increased from under 10% to over 39% during the pandemic, with a majority of providers
finding it easy to use and agreeing that it was suitable for imaging reviews, initial appointments, and
postoperative care. However, most surgeons still preferred at least one in-person visit before surgery.
These findings underscore the potential benefits and ongoing evolution of telehealth in spine care [43].

3. Materials and Methods
3.1. Creating the Open Ended Interview Questions

An overview of our study is presented in Figure Figure 1, illustrating the progression from the
preparatory phase to data analysis, which ultimately yields the results for our conclusions. Initially,
we identified seven open-ended questions for our interviews with patients. These questions were
generated by authors MMS and CPA, who each brainstormed an initial set of open-ended questions
regarding patients’ spinal conditions, treatment, and quality of life during telehealth visits. The two
then met to identify common questions from their proposals and discussed any drawbacks associated
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Figure 1. Overview of our study from the preparatory stage to the data analysis yielding results and conclusions.

with questions proposed by one author but not the other. Ultimately, they reached a consensus on
the seven questions listed below. It is important to note that while this process leverages a combined
twenty years of clinical experience in spinal deformity, it is unlikely that such a process would yield
effective interview questions for individuals with little to no experience in this field. This follows
best practices identified in [44–46]. These questions are also provided in the data and source code
repository for the paper [47].

1. How does your spinal condition affect your daily life?
2. How does your condition affect your family?
3. How does your condition affect your income or ability to work?
4. How does your condition affect your ability to enjoy life?
5. What you hope to gain from surgery?
6. What are your fears regarding treatment of your condition?
7. Do you feel optimistic and lucky or do you feel pessimistic and unlucky?

3.2. Creating the Domain Specific Lexicon

Next, authors RJG and CJL collaborated with MMS to create the lexicon. This process began
with an initial presentation by RJG and CJL to MMS regarding the characteristics of terms in a
domain-specific lexicon for sentiment analysis that effectively separates signal from noise. They
highlighted that MMS needed to identify terms that had: (1) relevance to the spinal deformity domain,
(2) strong sentiment indicators, (3) unambiguous meanings, and (4) moderate to high frequency of
use. Following this presentation, MMS identified terms likely to be included in patients’ responses
to questions indicating positive (+1) or negative (-1) quality of life. These terms formed the Spinal
Deformity Lexicon used in the study. The complete lexicon can be found at [47]. Examples of
positive terms include: accomplish, improving, supportive, trust, encouragement, and independent.
Examples of negative terms include: medication, reliant, oxycodone, methadone, disability, and pain.
A comparison of the number of positive and negative terms in the Spinal Deformity Lexicon relative to
other established sentiment analysis lexicons (AFINN, BING, and NRC) is shown in Table 2. These
lexicons differ in their approaches to sentiment analysis. The AFINN lexicon, developed by Finn Arup
Nielsen, assigns sentiment scores to words ranging from -5 (most negative) to +5 (most positive) [48].
It was initially based on tweets related to the UN Climate Conference. The BING lexicon, created by
Minqing Hu and Bing Liu, takes a binary approach, classifying words as either positive or negative,
and was designed for analyzing e-commerce customer reviews [49]. The National Research Council
of Canada (NRC) Emotion Lexicon provides a more comprehensive approach by associating words
with eight basic emotions (anger, fear, anticipation, trust, surprise, sadness, joy, and disgust) and two
sentiments (negative and positive), making it valuable for nuanced emotion detection tasks in text
analysis [50].
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Table 1. Comparison of our lexicon to other alternatives.

Lexicon # of Positive Words # of Negative Words # of Total Words

Spinal Deformity Lexicon 114 109 223

AFINN [48] 878 1,598 2,476
BING [49] 2,007 4,781 6,788
NRC [50] 2,317 3,338 5,655

Table 2. SRS-22, SF-36, and ODI scores for 4 fictional patients whom answers to the 7 open-ended questions were
written for.

Patient ID SRS-22 SF-36 1 - ODI

Fictional Patient 1 0.6 0.6 0.6
Fictional Patient 2 0.8 0.8 0.8
Fictional Patient 3 0.2 0.2 0.2
Fictional Patient 4 0.4 0.4 0.4

Initially, it may be concerning that our lexicon includes an order of magnitude fewer terms than
more general sentiment analysis lexicons such as AFINN [48], BING [49], and NRC [50]. However, we
consider this a strength of our approach.

Our lexicon is tailored to capture sentiment-bearing words that are particularly relevant and
frequently used within the context of spinal deformities and the responses to our seven open-ended
questions. This focused approach results in a more compact lexicon, as it excludes terms that may
be sentiment-laden in general language but are irrelevant or neutral in our specific domain [51].
Furthermore, we constructed our lexicon to exhibit higher precision in sentiment classification for the
responses to our open-ended questions. By concentrating on this set of highly relevant terms, our
lexicon can more accurately capture the nuanced sentiments expressed in domain-specific texts [52].
This precision is particularly valuable because some words in our lexicon may have different or even
opposite sentiment polarities in other contexts. For instance, the word "exceeding" might be negative
when referring to surpassing a legal limit; however, in our lexicon, it indicates improved quality of life
[53].

Finally, we applied lemmatization to the lexicon. This reduces each inflected word in the lexicon
to its base form and ensures that different variations of the same word are treated consistently.
For example, in our lexicon, words like "pains", "pained", and "painful" are reduced to the lemma
"pain". Similarly, verb forms like "improving", "improved", and "improves" are all lemmatized to
"improve". This process helps capture the true sentiment more accurately across different word forms
and tenses used by patients. It also enables the lexicon to match a wider range of word variations in
patient responses to the core concepts, increasing its coverage and applicability across diverse patient
expressions. We performed this analysis using the R package textstem [54]. We chose not to stem
any of the words in our lexicon to avoid instances where stemming produces non-words or conflates
terms with different meanings. For example, "organization" and "organ" might be reduced to the same
stem, potentially altering the sentiment interpretation [55]. Additionally, we did not use Named Entity
Recognition (NER) to create our lexicon. While NER systems are designed to identify and classify
named entities like people, organizations, and locations, they do not inherently capture the sentiment
associated with these entities [56] and these entities did not appear in the text of any our patient
interview questions. For this reason, we chose not to employ NER, focusing instead on maintaining
the integrity and accuracy of sentiment analysis in our specific context.

3.3. Scoring the Lexicon

Recall that our lexicon assigns a score of +1 to positive terms and -1 to negative terms included in
a patient’s answer. However, when scoring a patient’s entire response to a question, we incorporate
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valence and negation scoring to enhance the depth and accuracy of sentiment analysis. Valence scoring
refers to the intensity or strength of the sentiment expressed by a word. For example, without valence
shifting the two sentences below would each receive a sentiment score of -1:

1. I am weak and a burden.
2. I am very weak and a massive burden.

Each sentence would initially receive a score of -1 because it contains two terms (weak, burden)
from our lexicon, both of which are negative.

The application of valence shifting allows for a more precise measurement of sentiment intensity
in these sentences by distinguishing between mild and strong sentiments. When scored with valence
shifting, the sentiment of the first sentence becomes -0.8165, while the second sentence becomes -1.5556.
Negation scoring works similarly by handling words or phrases that reverse or nullify the sentiment
of surrounding terms, effectively flipping the sentiment of the resulting phrase. For example, if the
first sentence were rewritten as ’I am neither weak nor a burden,’ the resulting sentiment would be
positive.

Specifically, we use the R package sentimentr to implement our lexicon, valence shifting and
negation [57]. sentimentr employs a rule-based approach to handle valence shifters and negation,
considering four types: negators, amplifiers, de-amplifiers, and adversative conjunctions. The package
analyzes words in polarized context clusters around sentiment-bearing words, typically examining
4 words before and 2 words after. Negation handling in sentimentr is implemented based on the
number of negators in a cluster, with an odd number reversing polarity and an even number canceling
out the negation effect. It also applies weights to amplifiers and de-amplifiers, considering their
interaction with negators, and uses adversative conjunctions to identify contrasting sentiments within
a sentence. This approach enables a more nuanced, rule-based handling of valence shifters and
negation compared to other popular libraries such as spaCy [58] and cTakes [59]. spaCy analyzes
sentiment at the token level, without the complex context clustering. While cTakes has a strong focus
on negation detection, particularly for medical concepts extracted from Electronic Medical Records
(EMRs), it does not handle the full range of valence shifters that sentimentr does. Moreover, our data
comes from patient interviews, not EMRs. The position encoding and valence shifting logic performed
by sentimentr could be implemented in spaCy, but it is not available by default and would need to
be created as a custom pipeline. In future work, we will explore implementing this capability for our
lexicon.

3.4. Initial Test of the Lexicon on Fictional Patient Responses

We conducted an initial test of our lexicon before applying it in our pilot study. In this test,
CPA, who had not yet interacted with the lexicon, wrote answers to each of the questions based on
his experience with patients who had specific SRS-22, SF-36, and ODI scores. The scores for four
fictional patients were detailed, with each metric measured on a scale from 0 to 100. For the SRS-22
and SF-36, higher scores indicate more mobility and function, while for the ODI, lower scores indicate
less mobility and function. To simplify interpretation, we present the 1-ODI score to align with the
SRS-22 and SF-36.

The responses that CPA wrote to the open-ended questions for these fictional patients are available
in the dataset provided at [47]. This dataset aims to facilitate the sharing, management, and discovery
of materials supporting this study. This initial test served as a validation step for our lexicon, ensuring
its applicability and effectiveness before implementation in the pilot study. By using fictional patients
with specific scores, we were able to assess how well the lexicon captured the nuances of patient
experiences across different levels of mobility and function.

Next, we conducted sentiment analysis using our domain-specific lexicon on each response to
every question for each of the fictional patients. The results of this analysis, along with the average
sentiment for each patient during the interview, are shown in Figure 2. Each facet in Figure 2 represents
a different fiction patient. From left to right these patients are: Fictional Patient 1 (SRS-22/SF-36: 0.6,
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Figure 2. Sentiment scores for questions posed by the interviewer and answers from fictional patients were
analyzed using our domain-specific spinal deformity lexicon. Sentiment scores for the questions from the
interviewer are not included in the HRQOL sentiment analysis score computed for the fictional patients.

ODI: 0.4); Fictional Patient 2 (SRS-22/SF-36: 0.8, ODI: 0.2); Fictional Patient 3 (SRS-22/SF-36: 0.2, ODI:
0.8); Fictional Patient 4 (SRS-22/SF-36: 0.4, ODI: 0.6). Within a facet each bar represents the sentiment
score for a specific question asked to a fictional patient. The x-axis shows the question number (Q1
through Q7), while the y-axis represents the sentiment score calculated using the spinal deformity
lexicon. The bars are color-coded to distinguish the sentiment of the patient’s response (in blue) from
the sentiment of the interviewer’s questions in red. The height of each bar indicates the sentiment score
for that particular question and patient. Positive scores (above 0) indicate a more positive sentiment.
Negative scores (below 0) indicate a more negative sentiment. The magnitude of the score represents
the strength of the sentiment.

Figure 2 demonstrates initial success in our application of the domain-specific lexicon to the
interview questions for this initial test on fictional patients. The sentiment scores achieved by applying
our approach across all responses rank the mobility and function of the patients in the same order as
the SRS-22, SF-36, and ODI scores. Patients who express, on average, the most negative sentiment
have the least mobility and function (lowest SRS-22 and SF-36 scores; highest ODI score). Similarly,
patients who express, on average, the most positive sentiment have the most mobility and function
(highest SRS-22 and SF-36 scores; lowest ODI score). This result was not guaranteed; recall that CPA
had not seen or interacted with our lexicon when he created the responses to the interview questions
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from the fictional patients. Furthermore, our results indicate that there is nuance in our lexicon, as it
was able to differentiate between patients with very low mobility and function (SRS-22/SF-36: 0.2;
ODI: 0.8) and those with moderately low mobility and function (SRS-22/SF-36: 0.4; ODI: 0.6).

Figure 2 illustrates the ability of the lexicon to distinguish between patients with very high
mobility and function (SRS-22/SF-36: 0.8; ODI: 0.2) and those with moderately high mobility and
function (SRS-22/SF-36: 0.6; ODI: 0.4). While these results do not validate our lexicon, it allows us to
determine that the lexicon can accurately capture and differentiate between varying levels of mobility
and function in patients with spinal deformities. In addition, the test examined whether the sentiment
scores derived from the lexicon aligned with the conventional HRQOL metrics (SRS-22, SF-36, and
ODI) for fictional patients. It is important to note that the fictional patients’ responses were created by
CPA who had not interacted with the lexicon, ensuring an unbiased test of its capabilities.

3.5. Evaluation of the Lexicon

Next, we evaluated the lexicon on twenty-five patients. An overview of the patients’ gender and
age is shown in Table 3. Of the 25 patients, 19 were men and 6 were women. The men were slightly
younger with more variance in their age than the women. Overall, the total sample was older.

Table 3. Demographic breakdowns for the 25 patients in our study. Years are rounded to nearest 0.5.

Gender Sample Size (N) Mean Age Std Dev of Age

Men 6 patients 62.0 years 10.0 years
Women 19 patients 66.0 years 8.0 years

Total 25 patients 65.0 years 8.5 years

Each patient completed the open-ended questions in an interview setting. The audio transcrip-
tions of the interviews were converted to text and scored using a spinal-specific lexicon. Afterward,
we administered the questionnaires associated with the SRS-22, SF-36, and ODI measures. We prepro-
cessed all these metrics for the patients to ensure they were directionally aligned (i.e., the higher the
score, the better the quality of life).

Using this data, we analyzed the Pearson correlation among: (1) our sentiment analysis HRQOL
metric derived from transcripts of preoperative telehealth visits, and (2) the SRS-22, SF-36, and ODI
metrics for those patients. The results of this analysis are shown in Figure 3.

Figure 3 shows the Pearson correlation matrix for the conventional HRQOL metrics (SRS-22,
SF-36, and ODI) and our sentiment analysis HRQOL metric derived from applying our spinal-specific
lexicon to the interview responses of the of 25 patients to the seven open-ended questions.

The p-value and Bonferroni-adjusted p-value of our sentiment analysis metric in relation to each
of the conventional HRQOL metrics is shown in Table 4. We include the Bonferroni-adjusted p-value
due to comparing our sentiment analysis HRQOL metric with the three conventional HRQOL metrics.
The Bonferroni correction controls the probability of making at least one Type I error among all three
of the hypothesis tests [60]. Scoring the responses to all seven questions using sentiment analysis from
our spinal-specific lexicon demonstrated statistically significant p-values (p < 0.05) and a medium
Cohen’s effect size (0.2 – 0.8) with the conventional HRQOL metrics. The lowest correlation was 0.43
(ODI), while the highest was 0.58 (SRS-22). In addition, the only Conventional HRQOL that had a
Bonferroni-adjusted p-value that was not statistically significant was 1-ODI. Overall, this data indicates
a positive linear relationship between our sentiment analysis metric and the conventional HRQOL
metrics.
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Figure 3. Pearson correlations among conventional HRQOL metrics and the sentiment analysis HRQOL derived
from applying our spinal deformity lexicon.
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Table 4. Correlation and p-value of our sentiment analysis metric with the SRS-22, SF-36, and ODI scores for the
25 patients in our pilot study. p-values < than 0.05 are italicized.

Conventional HRQOL Pearson Correlation p-value Bonferroni-adjusted p-value

SRS-22 0.58 0.0026 0.0078
SF-36 0.52 0.0092 0.0276
1 - ODI 0.43 0.0319 0.0957

Furthermore, all metrics demonstrate correlations with a medium effect size with one another.
Specifically, none of the correlations among the HRQOL measures were less than 0.2 or greater than
0.8. This provides additional evidence that our sentiment analysis HRQOL metric is as effective as the
conventional HRQOL metrics.

To further validate the effectiveness of our sentiment analysis HRQOL metric (SA) compared to
conventional HRQOL metrics, we employed Steiger’s Z-test for Dependent Correlations [61]. This
statistical method enables us to compare pairs of correlations that share a common variable, allowing
us to determine if there are statistically significant differences in strength between them. By using
this test, we can assess whether our sentiment analysis approach performs comparably to traditional
HRQOL metrics in measuring health-related quality of life. This approach has been used in other
medical studies with similar contexts [62,63].

We applied Steiger’s Z-test for Dependent Correlations to every pair of correlated HRQOL
measures in our study. For each application, we utilized three pairs of correlations among the HRQOL
measures. For example, to determine if there is a statistically significant difference between the
correlations of SRS-22 and our sentiment analysis (SA) HRQOL metric with a common variable, we
used the SF-36 measure as the common variable. This approach allows us to compare the strength
of the correlations between SRS-22 and SF-36 versus SA and SF-36, while accounting for the fact that
these correlations are not independent since they share SF-36 as a common variable.

Specifically, we provide as input to Steiger’s Z-test all of the following: (1) the correlation between
SRS-22 and SA (P SF−36, SA), (2) the correlation between SRS-22 and SF-36 (P SF−36, SF−36), and (3) the
correlation between SA and SF-36 (P SA, SF−36). Using this data Steiger’s Z-test computes a p-value
that indicates indicates the probability of obtaining the observed difference between (P SRS−22, SA) and
(P SRS−22, SF−36) by chance, if there was actually no true difference between them in the population.
We consider there to be no true difference between a given pair of correlations if p < 0.05. Since we are
performing six tests we also report the Bonferroni-adjusted p-value for each pair of correlations. Recall,
this correction controls the probability of making at least one Type I error among all six hypothesis
tests in Table 5 [60].

The results are shown in Table 5. In all but two cases, the resulting p-value of the comparison
between the pairs of correlations is greater than 0.05. This provides evidence that there are no
statistically significant differences among most pairs of correlations between HRQOL measures. The
only exceptions are that there is a stronger correlation between SRS-22 and 1-ODI than between: (1)
SA and 1-ODI, and (2) SF-36 and 1-ODI. In all other cases, each HRQOL measure, including the
sentiment analysis HRQOL measure derived from applying our spinal deformity lexicon, appears to
be an acceptable alternative to the others. We discuss these findings further in Section 4.
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Table 5. Steiger’s Z-test for every pair of Pearson correlated HRQOL measures in our study. p-values < than 0.05
are italicized.

HRQOL Pair #1
Correlation

HRQOL Pair #2
Correlation

Shared Common
Variable
Correlation

p-value Bonferroni-
adjusted p-value

(P SRS−22, SA) (P SRS−22, SF−36) (P SA, SF−36)
0.58 0.48 0.51 0.5551 0.09252

(P SF−36, SA) (P SRS−22, 1−ODI) (P SA, 1−ODI)
0.51 0.45 0.43 0.8734 0.1455

(P 1−ODI, SA) (P 1−ODI, SF−36) (P SA, SF−36)
0.43 0.45 0.51 0.8714 0.1452

(P 1−ODI, SA) (P 1−ODI, SRS−22) (P SA, SRS−22)
0.43 0.74 0.58 0.0281 0.0047

(P SRS−22, SF−36) (P SRS−22, 1−ODI) (P SF−36, 1−ODI)
0.48 0.74 0.45 0.0954 0.0159

(P SF−36, 1−ODI) (P SF−36, SRS−22) (P 1−ODI, SRS−22)
0.45 0.48 0.74 0.8223 0.13705

4. Discussion
Our study provides evidence that applying NLP techniques to patient transcripts can yield

effective HRQOL metrics. The resulting HRQOL metric from our study is statistically significantly
correlated with conventional HRQOL metrics (SRS-22, SF-36, and ODI), with the effect size of the
correlation (i.e., medium) comparable to the effect sizes of correlations among the conventional metrics
themselves.Furthermore, our spinal deformity lexicon-driven approach showed statistically significant
strong correlations among most pairs of Health-Related Quality of Life (HRQOL) measures. In almost
all cases these results hold even when the Bonferroni-adjustment to the p-values is applied.

However, there were two exceptions: (1) the correlation between SRS-22 and 1-ODI was stronger
than the correlation between our sentiment analysis HRQOL and 1-ODI and (2) and the correlation
between our our sentiment analysis HRQOL and 1-ODI was not statistically significant when the
Bonferroni-adjustment to the p-value was applied. One possible explanation for these exceptions is
that ODI primarily focuses on low back pain and related functional limitations. While relevant for
some spinal deformity patients, it may not capture the full spectrum of issues faced by this population.
Specifically, ODI does not address psychosocial aspects like body image and self-esteem, which are
particularly important for some patients with spinal deformities and are reflected in terms in our
lexicon [64,65].

4.1. Limitations

It is important to highlight some limitations of our approach. First, this pilot study was performed
on only 25 patients, who are predominantly female and older. The results are more susceptible to
sampling error, leading to reduced reliability of sentiment scores and a risk of overfitting to specific
characteristics of the sample group. These factors affect the generalizability of our findings. To
improve this research, future studies should use larger, more diverse patient samples to create more
comprehensive and generalizable lexicons, providing further validation.

Second, our lexicon-based approach to sentiment analysis, despite the application of valence
shifting and negation, has inherent limitations. It may miss some context-dependent nuances and
sarcasm, and will need periodic updates to accommodate evolving language relevant to the open-ended
questions in our interview.

More complex machine learning and deep learning models could potentially capture these
subtleties better, but at the cost of increased complexity and reduced interpretability. Our sentiment
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analysis metric, however, offers transparency and modifiability. These characteristics make it accessible
for spinal deformity subject matter experts and quick to deploy in clinical settings.

Additionally, a more sophisticated statistical approach could provide further insights. A general-
ized linear model (GLM) incorporating demographic factors (e.g., education) and sentiment analysis
scores as independent variables would offer a more robust method to evaluate the relationship between
established metrics and the new sentiment analysis approach. Adjusting for these demographic factors
would increase the internal validity of the study by reducing the impact of potential confounding vari-
ables. However, implementing this approach with our current sample size would limit the statistical
power of a GLM, leading to unreliable estimates. For future research, we will explore collecting more
detailed demographic data, including educational level, from a larger sample of patients. We can then
use a GLM or similar multivariate approach to analyze the relationships between sentiment analysis
scores, established metrics, and demographic factors.

4.2. Future Work

This study serves as a proof of concept for creating a domain-specific sentiment lexicon and
provides a methodological framework that can be expanded upon in future work. Researchers in
different medical specialties can use this study as a template for developing domain-specific lexicons
and applying sentiment analysis to patient interviews. The process of creating a specialized lexicon,
as detailed in the study, could be replicated for oncology, cardiology, neurology, and orthopedics.
We are also planning a longitudinal study to examine how sentiment analysis scores correlate with
patient outcomes over time. This study will involve: (1) collecting sentiment analysis scores at multiple
timepoints (e.g., pre-surgery, immediately post-surgery, 3 months post-surgery, 1 year post-surgery);
(2) tracking clinical outcomes like pain levels, functional status, and quality of life measures at the same
timepoints; and (3) analyzing whether initial sentiment scores predict later clinical outcomes. This
longitudinal approach will provide valuable insights into the predictive power of sentiment analysis
in clinical settings.
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Abbreviations
The following abbreviations are used in this manuscript:

HRQOL Health-Related Quality of Life
NLP Natural Language Processing
ODI Oswestry Disability Index
SF-36 36-Item Short Form Health Survey
SRS-22 Scoliosis Research Society-22
ASD Adult Spinal Deformity
PROMIS Patient-Reported Outcomes Measurement Information System
MCID Minimal Clinically Important Difference
AI-PREM Artificial Intelligence Patient-Reported Experience Measure
SA Sentiment Analysis HRQOL metric
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GAD7 Generalized Anxiety Disorder 7-item scale
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KOOS Knee injury and Osteoarthritis Outcome Score
PHQ-9 Patient Health Questionnaire-9
EMR Electronic Medical Records
NER Name Entity Recognition
AFINN Sentiment Analysis Lexicon created by Finn Arup Nielsen
BING Sentiment Analysis Lexicon created by Minqing Hu and Bing Liu
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