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A B S T R A C T   

Background: Quality improvement in healthcare is limited by both the quality and quantity of data available in 
the electronic health records or self reported by clinicians. Appropriate and timely reporting can help identify 
opportunities for quality improvement and deployment of mitigation steps but many of these process remain 
manual. Negative patient experience comments can potentially be used in identifying opportunities for quality 
improvement. Artificial intelligence (AI) techniques, like natural language processing (NLP) including sentiment 
analysis and topic modeling can be used to characterize patient experience comments in near real time, thus 
making the process timely, efficient and measurable. 
Methods: We analyzed 15,453 de-identified patient experience comments from the Press Ganey™ survey of adult 
patients undergoing outpatient surgeries with anesthesia at Cleveland Clinic from 01/01/2012-05/03/2016. We 
used open source NLP including sentiment analysis and topical modeling to analyze post-discharge patient 
experience survey comments and feedback verbatim. For sentiment analysis we used an open source sentiment 
analyzer called VADER. For topic modeling we used Latent Dirichlet Allocation (LDA) algorithm. 
Results: Sentiment analysis of patient comments using VADER was highly accurate with F1 score ranging from 
0.83 to 0.84 for positive comments and 0.71–0.73 for negative comments compared to clinician’s assessment. 
Two clinicians reviewed 1955 random comments as positive or negative with good agreement, with Cohen’s k 
test score of k = 0.92 (p < 0.001). Six thematic areas were identified based on LDA algorithms topic analysis with 
interpretable and measurable weighable of words extracted from the comments associated with poor patient 
satisfaction, thus defining targeted opportunities for improvement. 
Conclusion: We conclude that artificial intelligence can help in near real-time analysis of patient experience 
surveys. Commonly used open source algorithms can possibly be utilized in healthcare for quality improvement 
negating the need for significant development resources with the opportunity to generalize and scale.   

1. Introduction 

Quality improvement in healthcare traditionally uses data from 
electronic health records (EHR) or safety event data reported by clini-
cians [1–3]. Quality improvement initiatives dependent upon electronic 
health record data also suffers from lack of contextual assessment as in 

laboratory or medication data and require significant resources for 
further analysis. Patient concerns around healthcare quality are usually 
not collected in EHR other than possibly recorded in some elements of 
clinical notes which have limited utility for impactful and actionable 
quality improvement. Similarly, medical errors or safety events have 
been reported as the third leading cause of death in the United States are 
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also primarily reported by clinicians using various self reporting systems 
and used for quality improvement [1,4]. Despite such high relevance 
and importance, neither the rate of medical errors reported by clinicians 
nor the performance of hospitals’ adverse event reporting systems has 
improved significantly over many years in the US [5]. This has not been 
a challenge in the US only, but also in many other countries. For example 
in the United Kingdom, Sari et al., observed a significant underreporting 
of adverse events by clinicians (only 7% of total events reported) [6]. 
Thus traditionally, quality improvement in healthcare is limited by EHR 
data, low levels of clinician self reporting of safety events and low rate of 
utilization of patient perspective which might be different from 
clinicians. 

Artificial Intelligence (AI), especially natural language processing 
(NLP) can be a powerful tool to analyze unstructured data such as pa-
tient experience comments [7]. Augmenting NLP with sentiment anal-
ysis features can further help identify sentiments as positive, neutral or 
negative amongst patient experience comments without the need for a 
human reader. Sentiment analysis is the computational study of opin-
ions, sentiments and emotions expressed in text data [8]. There are 
many computational methods used for sentiment analysis ranging from 
rule and word based methods to more advanced machine learning based 
ones in use today [9]. These sentiment analyzers can process text data 
and provide classified sentiment polarities for them such as positive, 
negative or neutral. Such tools have been used extensively to evaluate 
user feedback in various industries such as entertainment, food and 
social media [10,11]. Negative patient experience comments can 
contain a wealth of information, which can potentially be used to 
identify medical errors or sentinel events [7]. Furthermore, the use of 

NLP and machine learning techniques can provide timely information 
through an automated process without the need for human resources. 
Saved human resources can be re-deployed to add the human touch in 
care delivery that’s often lost, further improving the overall patient 
experience. 

This proof of concept study aims at validating the utilization of NLP 
technology combined with sentiment analysis capabilities to analyze 
patient comments. The hypothesis is that NLP combined with sentiment 
analysis is capable of processing post discharge outpatients survey 
comments differentiating positive from negative sentiments and iden-
tifying commonly occurring actionable quality improvement themes. 

In this study our goal is to analyze patient experience comments 
using validated open-source NLP technology combined with sentiment 
analysis. The hypothesis is that NLP combined with sentiment analysis is 
capable of processing post discharge patient comments differentiating 
positive from negative sentiments and identifying commonly occurring 
actionable quality improvement themes. 

2. Methods 

This study was exempted by the Cleveland Clinic IRB as a quality 
improvement project. A total of 15,453 de-identified patient experience 
comments from the Press Ganey™ survey of adult patients undergoing 
outpatient surgeries with anesthesia at Cleveland Clinic from 01/01/ 
2012-05/03/2016, were used in this study. 

Press Ganey™ survey (https://www.pressganey.com/solutions 
/patient-experience) patient experience comments were placed in a 
CSV (Comma Separated Values) file format and a data frame created to 

Fig. 1. Schematic diagram showing the process of automated analysis of patient comments into six key actionable quality improvement themes.  
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analyze these comments (Fig. 1). We then used many of the standard 
NLP steps such as conversion of all comments to a uniform processable 
format and excluded empty fields using Python software version 3. 

2.1. Sentiment analysis 

Valence Aware Dictionary and sEntiment Reasoner (VADER) was 
used as an available open-source sentiment analyzer to provide us with 
sentiment analysis on each patient comment [12] (Fig. 1). VADER is a 
lexicon (e.g.,words) and rule-based sentiment analysis open source al-
gorithm trained on well validated human sentiment lexicon [12]. It 
provides sentiment analysis as composite and polarity scores including 
positive, negative and neutral scores for each comment [12]. VADER 
was selected because it is one of the commonly used sentiment analysis 
tools with high degree of accuracy and also provides further discrimi-
nation between polarity of statements. Compound scores range from − 1 
to 1, with − 1 being completely negative, 1 being completely positive, 
and those between − 0.05 and 0.05 being neutral. Some comments with 
neutral polarity score were included in the negative sentiment category 
based upon our review of the comments, as they also might have 
important negative score components which might identify opportu-
nities for improvement similar to comments with negative sentiments. 

We undertook additional preprocessing steps to exclude some of the 
positive comments incorrectly identified as negative comments due to 
negative language in them, such as “no pain”, “no complaints”. 

2.2. Validation of sentiment analyzer (VADER) against human experts 

In addition to measuring the accuracy of the sentiment analysis, we 
manually audited random 2000 comments out of the total 15,453 
comments to measure the accuracy of VADER sentiment analysis against 
trained clinicians (Fig. 1). Validation of the sentiment analysis was done 
using two clinicians who are board certified/eligible anesthesiologists. 5 
comments out of the 2000 were excluded as they had too little infor-
mation to be analyzed. The clinicians reviewed provided comments 
individually and labeled each comment as positive, negative or neutral 
in a process similar to the VADER sentiment analyzer. We then com-
bined comments with negative and neutral scores in a process similar to 
what we did after VADER sentiment analysis, as neutral comments 
might represent some aspects of negativity and thereby can represent 
opportunities for improvement. We measured Cohen Kappa score to 
assess the inter-rater agreement between the two clinicians. 

2.3. Topic modeling 

We performed topic modeling using Gensim’s Latent Dirichlet Allo-
cation (LDA) algorithm (Fig. 1) for six topics [13]. Latent Dirichlet 
allocation, a probabilistic model for collections of discrete data, is based 
on a simple exchangeability assumption for the words and topics in a 
document [13]. LDA takes unstructured text data, which is then 
pre-processed to a cluster of words and yields classified topics. It utilizes 
Bayes estimation characterized by a distribution over words from a 
collection of text to generate each topic. LDA iterates through each word 
for each set of documents, in our case patient comments, to adjust the 
topic - word assignment based on the Bayesian distribution. The output 
is a set of topics with keywords and related weights based on their dis-
tribution (Table 2). We selected Gensim package as it is a widely used 
open source machine learning library for topic modeling with high de-
gree of accuracy, efficient processing and has been validated in multiple 
studies [14,15]. 

To process the comments were tokenized into word tokens using 
NLTK (Natural Language Toolkit) tokenizer [16]. NLTK is a widely used 
toolkit which has a set of core modules used for natural language pro-
cessing of text data such as removal of stop words, word tokenization, 
stemming of words, etc [16]. Stop words were removed to exclude 
words irrelevant for such analysis but occurring at high frequency. The 

subsequent number of words was 51,499. We used PorterStemmer to 
stem the words to identify the words in their root forms and identify 
them as a group [17]. Stemming is a commonly used technique for text 
pre-processing where stems are created by removing the suffixes or 
prefixes used with a word resulting in root part of the word for further 
curation [17]. 

While many comments related to multiple topics, we were able to 
determine the dominant themes based on the weight of the keywords. 

3. Results 

Out of 15,453 patient experience comments obtained for this anal-
ysis, 9688 were positive comments with others reflecting possible op-
portunities for improvement. 

3.1. Sentiment analysis 

After the initial application of VADER, the number of negative 
comments were 3385 and the number of neutral comments was 2380 
with a combined total of 5765 comments. We then reviewed these 
comments and found many comments which were in negative context 
but were comments with positive sentiment, which were mislabeled 
were wrongly classified by VADER with negative sentiment compound 
score. Examples of such were, “no delays, no complaints, no pain, no 
personal issues”. After removing such comments from the negative 
comments list the number of negative comments decreased from 3385 to 
2802. Similarly, after removing such mislabeled comments the neutral 
comments decreased minimally from 2380 to 2377. Thus, the total 
number of comments after this initial processing which included both 
negative and neutral were 5179. 

For validation of the sentiment analysis, first we measured inter-rater 
agreement between our two expert clinicians on positive vs. negative or 
neutral comments. Of the 1955 comments that were rated by the 2 ex-
perts, there was a strong correlation in scoring as measured by Cohen’s k 
test score of k = 0.92 (p < 0.001). 

Overall performance of VADER compared to clinician raters was 
similar as shown in Table 1, classification report which provides results 
of various measures of performance. Precision (p) is the fraction of all 
positive predictions that are actual positives, defined as  

p = true positive/true positive + false positive                                      (1) 

While recall (r) is the fraction of all actual positives that are predicted 
to be positive,defined as  

r = true positive/true positive + false negative                                     (2) 

F1 score is the harmonic mean of precision and recall, which is very 
helpful in analyzing even imbalanced classes and is defined as  

F1 = 2/(1/r + 1/p)                                                                           (3) 

Accuracy score is a linear function of true positive and true negative, 
which can be influenced by class imbalances [18]. 

Thus, open source sentiment analyzers have the potential, at least 

Table 1 
Classification reports of VADER vs human experts for validation of sentiment 
analysis.  

Comments Precision Recall F1 score Total comments 

Good comments 0.88 0.80 0.84 1312 
Negative/Neutral comments 0.67 0.79 0.73 683  

Comments Precision Recall F1 score Total comments 

Good comments 0.87 0.80 0.83 1312 
Negative/Neutral comments 0.66 0.76 0.71 683 

Rater A, classification report. Overall accuracy score: 0.78. 
Rater B, classification report. Overall accuracy score: 0.79. 
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based on this study to be used without significant additional processing 
steps with high degree of accuracy. 

3.2. Topic modeling 

After tokenization and removal of stop words the number of words 
for topical analysis were 51,499. 

Top 20 Keywords with their frequency of occurrence from the 
negative sentiment category comments are listed in Fig. 2. 

Based on the questions asked to patients in the Press Ganey™ survey, 
we were able to associate the keywords with the different categories of 
themes which represent opportunities for quality improvement 
(Table 2). 

4. Discussion 

Quality improvement requires acquisition of performance data, its 
analysis and interpretation into actionable information to generate in-
terventions or change in practice [19]. In order to overcome some of 
these challenges, we describe an innovative process where existing pa-
tient reported data can be analyzed using NLP and key quality 
improvement themes inferred with use of existing open source algo-
rithms (Fig. 3). We also describe utilization of some of the visual and 
interpretable automated algorithmic tools to drive quality improvement 
processes giving the additional ability to trend progress while imple-
menting quality improvement’s plan-do-check-act cycles. 

In our study, we are able to addressed three key issues. Firstly, 
development of a method using natural language processing and data 
analytics to categorize over 15000 patient comments based on sentiment 
analysis. Next, the key value of categorization of these comments lay in 
understanding of the comments related to negative sentiments which 
was then analyzed using LDA into six key actionable groups. Lastly, we 
utilized open source algorithms which have been developed and vali-
dated for use for NLP outside of healthcare and demonstrate acceptable 
accuracy and applicability in healthcare overcoming the challenge of 
generalizability and scalability of AI algorithms. 

Poor clinician reporting rates of safety events and missed opportu-
nities for quality improvement continue to hinder this process despite 
implementation of mandatory requirements for reporting and digital 
safety event reporting systems. These reporting systems over the years 
have been well structured with discrete fields to facilitate capture of 
relevant information but still suffer from limited utilization. Automated 
data extraction from clinical records is another mechanism that has been 
explored and implemented to supplement this need for data gathering. 

We believe that the addition of patient reported data strengthens 
existing reporting by adding patient perspective [20]. Hence, we 
described a process utilizing NLP to leverage existing patient comments 

from post discharge surveys to develop an additional stream of data and 
curated information in a systematic manner. Using various artificial 
intelligence tools, in this case, NLP. Supervised and unsupervised tech-
niques can be used to rapidly analyze large volumes of data and cate-
gorize them into actionable themes. While developing some of these 
algorithms might take some resources, once developed and validated (as 
we demonstrated in this study), they can quickly and effortlessly 
without human intervention analyze unstructured data, such as patient 
comments. 

Reproducibility and trending of data to measure the impact of 
various interventions is another important aspect of continuous 
improvement in quality and patient safety. Visualization of data has 
been an important aspect of change management too. Integration of 
automated data reporting and engaging visualization techniques such as 
word cloud (Fig. 4), can support interpretability and change manage-
ment. Here we demonstrate, how with minimal effort, impactful visuals 
can be built which are easily interpretable by all providing clinical care. 
Near real time availability of actionable information with key trends 
available to both leadership and clinicians builds support for follow up. 

While in some of the prior studies, custom classification models have 
been built to perform sentiment analysis and topical modeling, poor 
generalizability and scalability across different hospitals and healthcare 
settings is a common problem in implementation of AI solutions in 
healthcare [21–23]. Many of the open source sentiment analyzers and 
topic modeling algorithms have demonstrated high performance in 
general and at least in this study demonstrated that they can be used in 
healthcare with minimal changes [24]. This helps in efficient develop-
ment, deployment and maintenance of these AI solutions and associated 
processes across different hospitals/health systems. 

We selected VADER, as it is one of the commonly used sentiment 
analysis tools with high degree of accuracy and also provides further 
discrimination between polarity of statements. Validation of VADER for 
accuracy on patient experience data would provide us with possibility of 
a non-custom built classifier to be used at scale across many hospitals Fig. 2. Word frequency distribution of the top 20 words associated with 

negative patient experience comments. 

Table 2 
Topic analysis of comments to define actionable quality improvement themes 
(#Numerical values in parentheses after the keywords describe the weightage of 
the keyword in the topic.).  

Topic Related words# Themes 

1 room (0.029) 
surgery (0.025) 
hour (0.025) 
waiting (0.022) 
wait (0.019) 

Wait times 

2 area (0.046) 
waiting (0.030) 
staff (0.021) 
cold (0.019) 
professional (0.017) 

Facilities 

3 procedure (0.035) 
surgery (0.031) 
day (0.031) 
time (0.023) 
call (0.022) 

Explanation 

4 remember (0.029) 
surgery (0.019) 
am (0.014) 
dr (0.012) 
pm (0.012) 

Doctor communication 

5 desk (0.014) 
clinic (0.013) 
registration (0.012) 
experience (0.011) 
person (0.011) 

Friendliness 

6 nurse (0.034) 
iv (0.021) 
pain (0.020) 
procedure (0.016) 
surgery (0.012) 

Pain control  
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and healthcare settings. Similarly, widely used open source Gensim 
package based topic modeling tools such as LDA was used in our study to 
identify key topics in an unsupervised manner to guide actionable 
quality improvement steps. 

Even when processed manually by clinicians, there can be variance 
in evaluation and categorization of the sentiment amongst patient 
experience comments as seen in our analysis of 1955 patient comments. 
Inter-rater agreement of 0.92, possibly represents the ceiling of perfor-
mance of classification as no system, human or computational is likely to 
achieve 100% discrimination and agreement. 

Our study does have a few limitations beyond just being a single 
center study. We did not analyze the positive comments due to which 
there is always a possibility of loss of data and some related information. 
Addition of positive comments would have made topical analysis for 
actionable areas of improvement harder to separate using the current 
methodology. But at the same time, a separate analysis of the same could 
identify key themes which represent our strengths and again an op-
portunity for us to learn from. We hope to work on this in the future. Due 
to high performance of the algorithms and models used in our study we 
did not compare them with other existing open source ones for senti-
ment analysis and topic modeling. But surely, there might be other 

solutions which provide higher accuracy and can be evaluated in the 
future. This study also highlights the need to evaluate existing open 
source computational models for healthcare to avoid building our own 
which are resource intensive and may not be generalizable. 

This study provides us with an enhanced data driven automated 
approach towards quality improvement. In discussion with our patient 
experience committee, we have validated certain improvement oppor-
tunities. For,e.g., pain or multiple attempts to obtain intravenous access 
are common negative patient experiences before a surgical procedure as 
was discovered by our approach. Our patient experience committee is 
already working on implementing interventions to improve upon our 
practice related to it. We plan on implementation of our algorithm, 
support them with data analytics and prospectively follow the impact of 
improvement initiatives derived from it. 

5. Conclusion 

Our study demonstrates use of various natural language processing 
techniques for near real-time analysis of patient experience survey 
comments. Automated evaluation of patient’s feedback and their clas-
sification into key topics provides actionable and defined measures for 

Fig. 3. Process for development of a quality improvement process using Natural language processing.  

Fig. 4. Word cloud visualization of key words associated with negative patient comments.  
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quality improvement which importantly incorporates patient perspec-
tive. Commonly used open source algorithms can possibly be utilized in 
healthcare for quality improvement negating the need for significant 
development resources with the opportunity to generalize and scale. 
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