From words to action: development of a machine learning model

using natural language processing to automatically turn free-text
patient comments into insights for quality improvement.
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The overall aim of the study is to develop and evaluate machine learning Following meetings between both the annotators and NLP practitioners, we
tools, using Natural Language Processing (NLP) techniques, including observed an increase in agreement. For the overall datasets, the annotation
round before discussions contained many sources of disagreement, shown
by especially low IAA-scores between certain annotators. However,
following discussions, we note (Table 1) that IAA-scores has markedly
feedback. As the patient feedback data are different in terms of both increased for almost all annotator pairs. The agreement was especially high

domain and genre, they pose a challenge to existing models, but also allow for binary (positive vs. negative) polarity, with all annotators reaching high
us to evaluate challenges with patient feedback compared to more agreement (k > 0.9) (results not shown).

traditional datasets. A critical step is manual annotation of comments,

sentiment analysis, for automatic analysis of free-text patient experience
feedback, and integrating the results in a new generation of provider level

Table 1: Inter-annotator agreement scores on intensity polarity after discussions. Change in

which ensures the model's accuracy and effectiveness. scores in parenthesis.
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We observed that the patient feedback data differed in formality, syntax,
and lexical diversity when compared to the available Norwegian review

7T data.
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Table 2: Artificial examples of polarity annotation.

Comment
The aim of this part of the study is to detail the polarity annotation process

of the comments, which serves as the foundation for developing and

0-1 Am very pleased with my current GP.

0-2 Don't want to change.

evaluating NLP-based tools for automatic sentiment analysis.

0-3 Little info about what is happening.

O-Summary Overall comment

M h d 1-1 Very restrictive concerning pain medication.
et ot 1-2 Employees are not welcoming, one person in particular.

1-3 It was important for me to be hospitalized.

Free-text comments from two national patient experience surveys (general

1-Summary Overall comment

practice and mental health care) were independently annotated by three to
+/- = slight positive/negative
++/-- = standard positive/negative

comments for polarity and intensity. +++/--- = strong positive/negative

The process includes several rounds of inter-annotator agreement (1AA)
testing, employing Kappa statistics to ensure consistency and reliability. The C()ncl usions
annotation scheme is based on earlier research on sentiment analysis in

Norwegian. As base models, both statistical and neural machine learning While patient feedback data differ from existing datasets for Norwegian
methods are applied, including the use of large language models that are sentiment analysis, IAA-scores are promising for future modeling tasks,
open and do not pose copyright or privacy issues. surpassing earlier reported scores for review data. This indicates a
potential for good results for patient feedback sentiment analysis in
Norwegian.

six researchers in a structured two-phase process including marking

To explore the complexity and potential for reducing cost and workload in

annotating patient data, we tested large Norwegian language models as . o gL
&P 5 5 BUdS Automated analysis of comments offers broad applications, contributing

to efficiency and cost savings. Integrating patient feedback into provider-
level feedback strengthens patient voice in healthcare evaluation and
guality improvement.

annotators.

What is sentiment analysis?

The task of sentiment analysis is to (i) identify subjective opinions and
attitudes expressed in text, (ii) detect whether the opinion has a positive
or negative polarity, and (iii) identify the targets and holders of the
opinion. Additionally, aspect-based analysis will (iv) map the identified
targets to more general topic categories. through scanning the QR-code

More information about the study and contact
information to the research team can be found
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