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Abstract

Background: Understanding and improving patient care is pivotal for healthcare providers. With increasing volumes of the
Friends and Family Test (FFT) data in England, manual analysis of this patient feedback poses challenges for many healthcare
organisations. This underscores the importance of automated text analysis, particularly in predicting sentiments and themes in
real-time.

Objective: Leveraging machine learning and natural language processing, this study explores the utility of a supervised
algorithm to systematically test and refine the algorithm's cross-contextual performance in diverse healthcare settings, addressing
variations in population characteristics, geographical locations, and care settings, ultimately driving improvements based on
patient feedback.

Methods: The text analytics algorithm initially developed in alarge acute Trust in London was further tested in nine healthcare
organisations with diverse care settings across England. These Trusts varied in technical capacity and resource, population
demographics, and FFT free text datasets. Testing and validation of the algorithm was performed including manual coding of
subset of retrospective comments. Technical infrastructure was optimised including coding environments and packages for
algorithm testing and deployment. The algorithm was iteratively trained using bag of words from anonymised data, tailored to
accommodate contextual variations, and tested for change in agorithm performance whilst simultaneously rectifying issues
identified.

Results: The algorithm demonstrated satisfactory overall accuracy (>75%) in predicting themes and sentiments embedded within
free-text responses across a variety of care settings and population demographics. While the algorithm yielded strong and
reusable models in relatively stable environments, such as adult inpatient care settings, the initial accuracy was notably lower in
organizations providing services such as paediatrics and mental health. However, the accuracy of our agorithm significantly
improved when individual Trust coding templates were applied. Thematic saturation was reached after the fifth organisation was
recruited, and no further coding was required for the last four organisations. Subsequently, a framework and pipeline for
deployment of the algorithm were developed to provide standardised approach for implementation and analysis of FFT free text,
ensuring ease of use.

Conclusions: This study represents a significant step forward in leveraging free-text FFT data for valuable insights in diverse
healthcare settings through the testing and development of a robust supervised learning text analytics algorithm. The disparity in
some care settings was anticipated, given that the lexicon and phraseology used was inherently different from those prevalent in
adult inpatient care (where the algorithm was developed). However, these challenges were addressed with further coding and
testing. This approach enhanced the accuracy and reliability of the algorithm, encouraged inter- and intra-organisational
collaboration, and shared learning.

(IMIR Preprints 24/05/2024:60900)
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Abstract

Background

Understanding and improving patient care is pivotal for healthcare providers. With
increasing volumes of the Friends and Family Test (FFT) data in England, manual analysis
of this patient feedback poses challenges for many healthcare organisations. This
underscores the importance of automated text analysis, particularly in predicting sentiments
and themes in real-time. Leveraging machine learning and natural language processing,
this study explores the utility of a supervised algorithm to systematically test and refine the
algorithm's cross-contextual performance in diverse healthcare settings, addressing
variations in population characteristics, geographical locations, and care settings, ultimately
driving improvements based on patient feedback.

Methods

The text analytics algorithm initially developed in a large acute Trust in London was further
tested in nine healthcare organisations with diverse care settings across England. These
Trusts varied in technical capacity and resource, population demographics, and FFT free
text datasets. Testing and validation of the algorithm was performed including manual
coding of subset of retrospective comments. Technical infrastructure was optimised
including coding environments and packages for algorithm testing and deployment. The
algorithm was iteratively trained using bag of words from anonymised data, tailored to
accommodate contextual variations, and tested for change in algorithm performance whilst

simultaneously rectifying issues identified.

Results

The algorithm demonstrated satisfactory overall accuracy (>75%) in predicting themes and
sentiments embedded within free-text responses across a variety of care settings and
population demographics. While the algorithm yielded strong and reusable models in
relatively stable environments, such as adult inpatient care settings, the initial accuracy was
notably lower in organizations providing services such as paediatrics and mental health.
However, the accuracy of our algorithm significantly improved when individual Trust coding
templates were applied. Thematic saturation was reached after the fifth organisation was

recruited, and no further coding was required for the last four organisations. Subsequently,

https://preprints.jmir.org/preprint/60900 [unpublished, non-peer-reviewed preprint]
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a framework and pipeline for deployment of the algorithm were developed to provide
standardised approach for implementation and analysis of FFT free text, ensuring ease of

use.

Conclusion

This study represents a significant step forward in leveraging free-text FFT data for valuable
insights in diverse healthcare settings through the testing and development of a robust
supervised learning text analytics algorithm. The disparity in some care settings was
anticipated, given that the lexicon and phraseology used was inherently different from those
prevalent in adult inpatient care (where the algorithm was developed). However, these
challenges were addressed with further coding and testing. This approach enhanced the
accuracy and reliability of the algorithm, encouraged inter- and intra-organisational

collaboration, and shared learning.
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Background

Insights into patients experience of their care provision is critical for healthcare providers
delivering patient-centred care and recognised as integral to ensuring safe and high-quality
care.(1) By the end of 2019, the national survey for patient experiences in the United
Kingdom (UK), known as the Friends and Family Test (FFT), had accumulated 75 million
pieces of feedback.(2) This number continues to grow by about 1.3 million every month,
making it the largest source of patient opinions globally. However, manually analysing this
vast amount of data requires a considerable resource, something that many healthcare
organisations struggle to provide.(3, 4) In recent years there has been an ever-clearer
desire for improvement to arise from patient feedback rather than just focusing on response
rates, but most healthcare organisations are constrained from doing so due to lack of

analytical expertise.(5)

Automated text-analysis by Atrtificial Intelligence (Al) and its component Natural Language
Processing (NLP) predicts sentiments and themes within free-text responses in real-time
and provides a useful opportunity for better integrating patient experience feedback into
everyday healthcare delivery.(4) NLP algorithms, offer a practical solution to decode the
‘why' behind patient narratives and through their ability to process large volumes of data
accurately these patient-derived insights can inform ‘business as usual’ within healthcare
organisations.(6, 7) We have previously demonstrated the benefit of applying NLP to free-

text FFT data to deliver patient driven quality improvement in a single institution. (8)

Therefore, the objective of this study was to assess the acceptable accuracy threshold of
the previously developed algorithm, and comprehensively appraise its performance within a
real-world context, encompassing linguistic nuances, spelling errors, varying patient
demographics and across diverse healthcare settings, including adult inpatient, primary
care, community, paediatrics, and mental health care. The overarching aim was to provide
near real-time interpretation of patient experience free-text comments, enabling healthcare

providers to embed user insights into a culture of organisational patient-centred delivery.
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Methods

The implementation of the FFT free-text algorithm demands thorough testing to ensure
robustness, accuracy, and applicability. To iterate the algorithm for deployment in other
healthcare services, we first selected healthcare organisations that would incorporate
geographical variables, patient demographic variables, and different care settings, i.e., adult
inpatient, primary care, community, paediatrics, and mental health.

The objectives of this study were to identify technical capabilities for algorithm deployment
in the included healthcare settings, identify variation in user needs across different service
settings and geographies, and iterate the algorithmic process and deploy a reproducible

algorithm that can be implemented in different services.

Trust recruitment

A steering group consisting of lay representatives and patient experience experts was
formed to guide the strategic direction of this study and help in recruitment through various
patient experience networks including the National Insight Network set up by NHS England,
the Q Community established by the Health Foundation, Advancing Quality Alliance, and
the Heads of Patient Experience Network. A FFT review capability questionnaire (Appendix
1) was sent to interested organisations. This allowed the study team to identify
organisations based on three key metrics, patient experience engagement, digital
readiness/information technology infrastructure, and quality improvement involvement. This
study received Health Research Authority and Health and Care Research Wales approval,
20/HRA/5924. To ensure that the selected Trusts possess the necessary infrastructural and
organisational qualities to contribute effectively to the research objectives while adhering to
data regulatory standards, a capacity and capability assessment was required. Only those
Trusts that were able to confirm capacity and capability through their Research and

Development department were finally recruited, as shown in Figure 1.
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Figure 1. An overview of the geographical distribution of the nine recruited Trusts.

Pre-implementation

IT scoping tool

To work collaboratively, we identified the needs of all participating organisations from a

patient experience digital readiness standpoint. This was facilitated through previous work

by the study team funded by NHS England Insight and Feedback Team (9) where a

scoping tool was developed to identify key contacts, FFT data collection, structured query

language (SQL) Server database, handling and management, infrastructure capacity i.e.,

on-premise data centre or cloud computing, integrated development environment and

coding language expertise, and data visualisation software (Appendix 2).
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Data access

To ensure that participating organisations were fully supported by the project team a Data
Protection Impact Assessment (DPIA) was completed with each organisation. DPIA is a
systematic process designed to identify and minimize the associated data protection risks.
The purpose of a DPIA in our study was to assess the impact of processing data and to
ensure that the principles of data protection, such as those outlined in regulations like the

General Data Protection Regulation were adhered to.

Adaptation of coding script

To achieve transferability of the support vector machine (SVM) supervised machine learning
(ML) algorithm and test against different service settings and NHS provider organisations,
the functionalities previously developed (6) were re-coded using Python (Python Software
Foundation) given the popularity of using this coding platform in most NHS Trusts. Python is
an interpreted high-level general-purpose programming language. The model was
developed with Python 3.8.10 with the following free Python libraries; scikit-learn>=0.22.1
(24) (a machine learning library that provides relevant machine learning packages required
for classification), Natural Language ToolKit (NLTK) >=3.4.4 (25) (a suite that contains
libraries and programs to make machines understand human language), and Pandas
>=0.25.3. (26) (a library for data manipulation and analysis). These requirements were then

translated into a requirements.txt file for organisations to deploy the algorithm.

Updating training coding template

All FFT free-text comments were coded based on the NHS Patient Experience Framework
(Appendix 3). This framework incorporates eight key themes that outline those elements
which are critical to the patients' experience of NHS services.(10) In the previous work (7),
three additional themes were added; ‘Unclassified’ (too many typographical errors to
discern meaning), ‘General’ (e.g., NHS is great, everything), and ‘Staff’ (comments relating
to staff). From the NHS England funded work (9) it was observed there was an overlap of
comments between theme ‘Staff’ and other themes such as ‘Respect for patient-centred
values, preferences, and expressed needs’, ‘Emotional support’, and ‘Physical comfort’.
This is because often a staff member was involved in the delivery of the care as it related to
the other themes. The theme ‘Staff’ was removed, and all comments coded as ‘Staff’ were

https://preprints.jmir.org/preprint/60900 [unpublished, non-peer-reviewed preprint]
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recoded to develop a concise coding template. Therefore, 10 themes were selected for final
analysis and a coding pack (Appendix 4) was developed with detailed guidance.
Furthermore, we iterated the initial algorithm from our previous work which was developed
using two follow-up free-text questions, i.e., ‘What did we do well?’ and ‘What could we do
better?’, by combining and shuffling the training data from both questions to develop a
streamlined SVM supervised machine learning algorithm for theme and sentiment
prediction.

Implementation

A pipeline was constructed for the SVM model in Python for text classification and
sentiment analysis, consisting of several steps, including Text Pre-processing, Feature
Engineering, term frequency-inverse document frequency (TFIDF) transformation, and

model training and testing.

FFT data retrieval

SQL Server was used to both extract the FFT data and supplementary free text for
algorithm imputation, and to store the output of the algorithm. Pyodbc >= 5.0.1 (27) Python
library was required to connect to the individual organisations SQL server. SQL’'s
combination of ease of use, flexibility and capabilities make it useful for storing, managing,
guerying, and analysing datasets and is widely used in healthcare organisations.

Establishing ground truth

In supervised learning algorithms, ground truth data is critical to training and updating an
algorithm.(11) Therefore, more annotated data was required to improve the performance of
the algorithm. The coding pack (Appendix 4) developed was provided to the participating
organisations patient experience teams to make coding more feasible. The coders were a
combination of patient experience team, clinical staff and Trust lay representatives. Two
coders from the team completed manual coding individually using 500 stratified sample to
calculate inter-annotator reliability and understand the interpretation of themes and
sentiment. Disagreements in coding were reviewed, and theme and sentiment were
finalised to create a master coding template in .csv file. This template was populated with

data from all nine organisations.

https://preprints.jmir.org/preprint/60900 [unpublished, non-peer-reviewed preprint]
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Pre-processing

Pre-processing of textual data is the first essential step in the processing of text and has
been proven to improve text classification models’ performance by standardising the text
before it is presented to the classification algorithm.(11) NLTK for Python was used for pre-
processing and data analysis which includes tokenization of the comments and removal of
stop words (e.g., the, was, is, etc.), punctuation, numbers, and special characters from the
comments. The resulting words were represented as a bag of words (BoW) or corpus.
Given that the average length of FFT free-text comments tends to be short, and the context
is domain specific, i.e. patient experience, this bag or words approach was used rather than
Word Embedding.

Feature engineering

Feature engineering is the process of transforming data into features/attributes that better
represent the underlying structure of the data.(11) To identify the key features of the data,
we used a statistical measure TFIDF (Term Frequency Inverse Document Frequency), used
in the fields of information retrieval (IR) and machine learning, that can quantify the

importance or relevance of words in a comment amongst a collection of comments.(12)

Determining accuracy

To understand if further coding was required, the accuracy for theme and sentiment was
calculated using 500 stratified sample of manually coded comments from each of the
individual organisations. The accuracy is defined as a metric used in classification to
measure the percentage of accurate predictions.(11) It is also defined as the ratio of
number of correct predictions by the algorithm to the total number of predictions. In other
words, ratio of true positives (TP) and true negatives (TN) to all positive and negative
observations (where FP and FN are false positives and false negatives respectively):
Accuracy = (TP+TN)/(TP+TN+FP+FN). The acceptable threshold for overall accuracy for
theme and sentiment for a supervised algorithm using patient feedback was determined at
75%.(11)

The accuracies yielded by the models on different ranges of hyperparameters were

compared. For SVM, both L1 and L2 regularization, variance tolerance values for the

https://preprints.jmir.org/preprint/60900 [unpublished, non-peer-reviewed preprint]
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stopping criteria, and different values for the inverse of regularization strength, C, were
compared. As regularization has a known role in reducing overfitting, the hyperparameters
were chosen for tuning to identify the amount and type of regularization and early stopping
criteria that are suitable for the classification tasks. After this, the optimal hyperparameters
found by GridSearchCV from the scikit-learn library. A 10-fold cross-validation was used to
conduct a search to select the best hyperparameter combinations from specified ranges of
hyperparameters, which were used to re-train the model on the training set and to predict
on the test set.(11) This allowed us to establish the accuracy but also use the coded
comments as a template to improve the accuracy by a further round of re-coding if needed

until the accuracy was at or above 75%, i.e., reached thematic saturation.

Algorithm deployment

The master coded template data was then serialised using the Python pickle library (28).
This module is used for serializing and de-serializing objects into Python format text strings,
which are called pickles and can be created by Python code or sent from other Python
programs. This Python pickle is easily carried over the network and can be validated
without knowing the details of the received object. This enables the preservation and
sharing of the ML models, allowing users to reload pre-trained models, significantly
reducing the need for lengthy re-training. The files that were stored in the environment were
as follows: Feature_sentiment.pkl, Feature_theme.pkl,  Sentiment_classifier.pkl,
Theme__classifier.pkl, Tfidftransformer_sentiment.pkl , Tfidftransformer_theme.pkiI.

Establishment of a Community of Practice

In the pursuit of ensuring the correct sustainability of the algorithm, a strategic initiative was
undertaken through the establishment of a Technical Community of Practice (CoP). This
community served as a conduit for regular interaction and collaboration among the leaders
responsible for overseeing the algorithmic maintenance across different Trusts.
Recognising the complexity and potential challenges associated with deploying advanced
algorithms, quarterly meetings were instituted as a core component of the CoP framework.
These meetings provided a structured way for the leads of each site to convene, fostering
an environment conducive to the exchange of critical insights, best practices, and lessons

learned.

https://preprints.jmir.org/preprint/60900 [unpublished, non-peer-reviewed preprint]
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Results

Nine Trusts were recruited from a range of care settings, sociodemographic and
geographical areas. Trusts were added to the study sequentially, one by one, as part of the
recruitment process. None of these organisations had a pre-existing automated process for

analysing their FFT free-text responses.

Identifying free-text comments with FFT survey for analysis

In the pre-implementation scoping exercise, it was observed that among the participating
organizations, Trust A and D incorporated three follow-up free-text questions in their FFT
survey. In contrast, all other Trusts included only one follow-up question (Table 1). The
guestion with the highest number of comments in Trust A was analysed. The organisations
provided a variety of services, including paediatrics, inpatient and outpatient, and
community and mental health thereby facilitating testing and iteration of the algorithm for
use in all care settings. Furthermore, most of the organisations (8/9) opted to house and

deploy the algorithm on premise and the rest on Cloud (1/9).

https://preprints.jmir.org/preprint/60900 [unpublished, non-peer-reviewed preprint]
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Table 1. An overview of the variation in FFT free-text data, service setting and environment

favoured to deploy the machine learning algorithm in nine NHS organisations in England.

Version deployed refers to the version of the iterative addition of words to the BoW model,

used to improve model performance.

* The free text from this question was used in the algorithm testing given the highest

responses compare to the other two questions.

Trust Service Model Number of Free-text Question(s) Version
coverage deployment free-text deployed
environment columns
A | Community and On Prem 3 Please can you tell us why you gave | Version 0
Mental Health your answer?*
Please tell us at least one thing that
went well.
Please tell us at least one thing we
could do better.
B | Acute and Cloud 1 Please can you tell us the main | Version 1
Inpatient reason for the score that you have
given?
C | Acute and On Prem 1 Please can you tell us why you gave | Version 2
Inpatient your answer and what we could have
done better?
D | Paediatrics On Prem 3 FFT rating description* Version 3
Write what you think was good.
Write what you think was bad.
E | GPICommunity On Prem 1 Please can you tell us why you gave | Version 3
your answer?
F | Acute and On Prem 1 Can you tell us why you gave that | Version 3
Inpatient response?
G | Acute and On Prem 1 Please can you tell us why you gave | Version 3
Inpatient your answer and what we could have
done better?
H | Acute and On Prem 1 What was good about your care, and | Version 3
Inpatient what could be improved?
I | Acute and On Prem 1 Please can you tell us why you gave | Version 3
Inpatient your answer.

https://preprints.jmir.org/preprint/60900
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Variation in patient experience themes

To understand the variation in themes, if any, of FFT free-text responses in the nine
organisations, we looked at the count of comments from the FFT free-text responses based
on the NHS patient experience framework. This was extracted from the output after initial
model deployment for the period of January 2022 to January 2023 as demonstrated in
Table 2. The highest count of themes was ‘respect for patient centred values’ followed by
‘general’. The themes with the lowest count were ‘transition and continuity’ followed by
‘welcoming the involvement of friends and family’. Trusts with care setting such as
community, mental health and paediatrics did not have demonstrable variation in count of
themes compared to adult inpatient. There were no demonstratable trends in the other

patient experience framework themes.

Table 2. Distribution of count of themes based on the NHS Patient Experience Framework

from nine NHS organisations in England, extracted from the output of the algorithm.

Trust % of FFT comments provided per NHS Patient Experience Framework themes

0 1 2 3 4 5 6 7 8 9

A 26 4 10 6 0 2 24 12
B 35 2 14 6 2 2 11 16
C| 6 23 3 13 8 10 1 2 8 26
D | 15 17 9 10 6 0 2 16 20
E | 22 25 2 11 5 5 0 1 18 12
F 2 43 1 12 4 1 1 21
G 6 23 3 13 8 10 1 2 25
H 7 31 3 7 13 5 2 1 25

1 1 25 6 8 9 1 2 3 1 22

0 Unclassified, 1 Respect for patient-centred values, 2 Coordination & integration of care, 3 Information and
communication, 4 Physical comfort, 5 Emotional support, 6 Involvement of family and friends, 7 Transition and

continuity, 8 Access to care, 9 General.

Establishing ground truth

Inter-rater agreement was determined on the manual coding, and the coding template was
updated to check accuracy and improve the model by acquiring an updated corpus from the
BoW and feature extraction. The inter-rater agreement was better for sentiment compared
to theme. There was almost perfect agreement (0.81-1.00) seen in 7 organisations. Trust A
was the only organisations with a substantial (0.61-0.80) agreement with a Cohen’s kappa
of 0.79 (Table 3).

https://preprints.jmir.org/preprint/60900 [unpublished, non-peer-reviewed preprint]



JMIR Preprints

Khanbhai et al

Table 3. Assessing the consistency of theme and sentiment ratings, and final accuracy via

updated coding template.

Trust Category Interrater reliability Accuracy Final
/ Cohen’s Kappa before re- accuracy (%)
coding (%)
A | Community and Theme 0.79 57 76
Mental Health Sentiment 0.82 76 82
B | Acute and Theme 0.84 69 78
Inpatient Sentiment 1 87 91
C | Acute and Theme 0.85 84 90
Inpatient Sentiment 0.91 87 94
D | Paediatrics Theme 0.89 67 82
Sentiment 1 72 82
F | GPICommunity Theme 0.80 64 77
Sentiment 0.82 69 80
E | Acute and Theme 0.96 N/A >75
Inpatient Sentiment 1 N/A >75
G | Acute and Theme 0.83 N/A >75
Inpatient Sentiment 0.85 N/A >75
H | Acute and Theme N/A N/A >75
Inpatient Sentiment N/A N/A >75
I | Acute and Theme N/A N/A >75
Inpatient Sentiment N/A N/A >75

Three Trusts noted that sentiment prediction related to certain words were misclassified.

The study team reviewed the performance and identified words that were culpable for this

misclassification, e.g., “Nothing”, “Everything”, and “Ok”. These Trusts were advised to

manually code a subset of 500 comments with equally distributed sentiments, especially

focusing on the misclassified words, along with comments that represented an equal or

almost equal number of comments per themes and/or sentiments to obtain a balanced

dataset. To determine the accuracy of the algorithm, a pipeline was developed and refined

to standardise the entire process within all the organisations as depicted in Figure 2.

The overall accuracy for theme and sentiment significantly improved after using a revised

coded template. As Trusts were added to the study sequentially, one by one, as part of the

recruitment process, the BoW were also applied sequentially to the algorithm. Thematic

saturation was achieved after analysing and collating comments from a total of five Trusts.

https://preprints.jmir.org/preprint/60900
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This was observed when the algorithm was tested in four of the remaining Trusts without
the need to implement their respective coding output and achieving an overall accuracy

greater than or equal to 75%.
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Figure 2. A pipeline created to develop and standardise overall accuracy calculation before

final deployment.

The final four organisations achieved an overall accuracy rate of 75% or higher, having
reached thematic saturation following the initial coding efforts of the initial five
organisations. As a result, as seen in Table 1 four versions of the model were deployed as
new, labelled comments were collated from the different Trusts that joined the programme
and deployed the algorithm. This iterative learning was done by adding randomly scrambled
new unique words that the algorithm encountered in the BoW within its code. Each time,
this word repository was completely randomised, and each word was treated individually by
removing any linkage. As a result, it was not possible to know from which Trust the word

came from or if it was part of a positive or negative comment, with the study team holding

https://preprints.jmir.org/preprint/60900 [unpublished, non-peer-reviewed preprint]
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the ground truth.

Adaptations and running without errors

The algorithm script was adapted according to agreements and requirements of the
individual organisation. The solution tested in Jupyter Notebook for easier interaction with
the code and checked for errors. The two most common errors encountered were
“FileNotFoundError’ which was a result of not specifying the correct path to a .pkl file,
“Invalid column name” as the code had not been adapted appropriately with the column
names from the input table on the SQL server. Once errors were corrected the final
deployment consisted of the output with predicted themes and sentiment exported to a SQL
database for integrating into dashboard visualisation. This pipeline (Figure 3) was
standardised after refinement with all participating organisations. Each Trust automated
their dataflow based on the requirements defined by the frequency and volume of

comments that the pipeline should be updated with.
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Figure 3. Final pipeline demonstrating steps required to deploy the final algorithm with FFT
comments as input, prediction of themes and sentiment using Pickle files generated from

summative coding outputted to SQL database for use in dashboard visualisation.
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For this purpose, user friendly interfaces were designed and developed using Flask Python
library (29) for the backed and HTML, Css and Bootstrap for the frontend. Functionalities of
these interfaces included analysing the accuracy of the algorithm by uploading a labelled

dataset and re-training the algorithm with more coded data.

Algorithm refinement

Multi-tagging

Potential refinements to the algorithm, particularly regarding the need to break long
comments into sentences for Trusts encountering lengthier narratives, such as those in
mental health and community settings were highlighted and a multi-tagging method was
devised. The multi-tagging approach involved assigning multiple themes from the NHS
Patient Experience Framework to a single text document based on its content. Unlike
traditional single-label classification, where the FFT free-text is assigned to only one label,
multi-tagging recognises that comments may encompass various themes. This approach
enables a more nuanced representation of the content’s complexity and captures multiple
dimensions of meaning within the same document. The punctuation marks, words and
number of characters used to split the original sentence, can be customised based on
different requirements using Spacy (>=3.7.2) and its English language model. As a default,
sentences are split after a maximum of 75 characters, and each of these is analysed

individually (Figure 4).

Original Sentence Theme
Comment ID

Amazing care from our general paediatrician who is going above and beyond to help coordinate multiple
professionals in the care of our child. Seriously! | am so grateful for her expertise and wisdom and feel
extremely blessed that our child is under her care. Grateful thanks. She has been so supportive of us as
parents too.

' Final Split Sentences

Original Sentiment
Comment ID

Amazing care from our general paediatrician who is going above and beyond to help coordinate multiple
professionals in the care of our child.

| Seriously! | am so grateful for her expertise and wisdom and feel extremely blessed that our child is under 5 I
her care. Grateful thanks. She has been so supportive of us as parents too.

Figure 4. Example of how the sentencing approach works. The original comment is split into

two sub-comments, each classified according to a theme and a sentiment. The original
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comment identifier is retained to preserve the metadata of the comment.

Redaction of personal and identifiable information

Considerable variation was also observed in how Trusts approached the redaction process,
ranging from automated processes with subsequent manual checks to entirely manual
methods. To address this inconsistency, a redaction algorithm capable of automatically
detecting and masking personally identifiable information was devised. A redaction
algorithm was developed using NLTK, Regex and Presidio Python libraries to automatically

detect and mask the personally identifiable information.

Community of Practice

During the quarterly meetings, there was a high level of engagement from at least 80% of
staff members representing the nine Trusts. This level of participation indicated strong
interest and commitment to the CoP's objectives. Additionally, feedback from participants
revealed a positive perception of the CoP, with at least 90% reporting a sense of belonging
and support within the community. This sense of camaraderie and mutual support
contributed to the effectiveness of the CoP in addressing algorithm deployment challenges

and driving improvements based on patient feedback.
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Discussion

Using a test-and-iterate approach, this study deployed a text analytics algorithm to predict
theme and sentiment from FFT free text data in nine NHS organisations in England with
different care settings, geographical location and demographics. Furthermore, the study
highlighted the variation in technical capacity and resources among Trusts, introduced and
developed a framework and standardised data processing pipeline capable of supporting
FFT text analytics bespoke to the organisation’s needs. The key contributions of this study
are: (1) the construction of technical infrastructure to support and run the algorithm
effectively and being able to adapt the script for individual organisations; (2) the creation of
master coding template with free-text data from different healthcare organisations to
support algorithm iteration and improve overall accuracy for theme and sentiment; (3) the
creation of pipeline to standardise the method of incorporating the algorithm for processing
free-text data; and (4) foster collaborative non-siloed working that encourages local

ownership and share-learning.

Addressing data management and standardisation through information technology
infrastructure

Data collection and analysis is central to this project. Achieving this required a robust data
infrastructure with different components that collaboratively created an effective framework
for research data management. This framework enhanced data accessibility by presenting
information in a consistent, standardised, predictable and accessible format while also
strengthening data reliability through the automation of manual processes.(13) However,
ensuring high-quality data demands a diverse set of information management skills,
including data acquisition, storage, organisation, retrieval, and long-term maintenance.(14)
This project offered a valuable opportunity for Trusts to gain expertise in this area by
providing guidelines to streamline processes, define roles, and establish a resilient

information technology infrastructure.

Creating a template with additional organisational specific free-text data
Each healthcare setting possesses unique attributes, patient demographics, and linguistic
nuances as demonstrated above. Algorithm testing was required to allow for customization

and tailoring of the algorithm to accommodate these contextual variations. As part of a
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supervised learning approach, re-coding was required to re-establish ground truth and new
words were incorporated into an expanded BoW to improve performance across various
care settings. Literature suggests that the larger the training sets used, the higher the
accuracy of the algorithms at identifying similar comments within the broader dataset, but
trade-offs with time and human coding are necessary to ensure the method is resource-
efficient.(11) However, the nature of patient experience vocabulary, due to the domain of
patient feedback from free-text is fixed in its nature, making it attractive data for supervised
learning.(15) Therefore, it is possible to anticipate the meaning of various phrases and
automatically classify the comments.(16) Thematic saturation was reached with five
organisations and no further coding was necessary. Just as the domain is fixed, the
perspective of a patient feedback document is also fixed; there is limited vocabulary that is
useful for commenting about health services.(15) Rastegar-Mojarad et al. (17) also
observed that a small (25%) vocabulary set covered a majority (92%) of the content of their
patients’ comments, consistent with a study exploring consumer health vocabulary used by
consumers(18). This suggests that patients use specific vocabulary when expressing their

experience within free-text comments.

In settings that were relatively fixed, i.e. adult inpatient, the classifier trained strong reusable
models that was evident from satisfactory accuracy. However, the accuracy of the model
was lower in organisations delivering different services such as paediatrics and mental
health. This was to be expected given the language and type of words used in different care
settings would vary from those found in an adult inpatient setting. The customization
ensured that the algorithm aligns with the specific language and themes prevalent in the
patient feedback of a particular healthcare organisation. The accuracy for theme improved
in all organisations demonstrating that whilst the algorithm may not initially be transferable,
with some retraining and adaptations it can easily be reused in different service settings.

Furthermore, ‘respect for patient centred values’ had the highest count in all organisations.
This finding is similar to the literature around patient experience reporting in healthcare.(19-
23) The reasons for this are twofold, firstly, primarily due to the large number of
interchangeable words found within that theme, i.e., ‘Respect for patient-centred values,
preferences, and expressed needs (cultural issues, dignity, privacy and independence,
awareness of quality-of-life issues and shared decision making)’. Secondly, the overall
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domain of patient feedback is the healthcare system, and this study revealed that the
content of reviews tends to focus on a small collection of aspects associated with this, as

demonstrated by the themes used for text classification in the studies.

Through CoP patrticipation, multi-tagging was used to assign multiple relevant tags or
categories to individual sentences within a single FFT free-text comment. Instead of
assigning a single label to the entire document, this technique involved breaking down text
into sentences and assigning appropriate themes and sentiments to each based on its
content, thereby enhancing customisability within mental health and community care
settings. Furthermore, the CoP assisted in developing a redaction solution using Python
libraries which can be then customised according to the requirements of the Trust to define
how and what data needs to be redacted. These solutions can subsequently be adopted by

other Trusts as an improvement to their existing processes.

Creating a pipeline to standardise the algorithm deployment approach

As part of the model testing and to make the model more widely re-usable, we created a
data pipeline, which infuses and integrates BoW from different Trusts to predict theme and
sentiment at an accuracy greater than 75% when used in different Trusts. This pipeline
serves as a blueprint to stakeholders and facilitates understanding of all pieces of the
pipeline within the team members and standardisation when deploying the model.
Compliance with regulations and governance is supported, and integration with DevOps
practices enhances machine learning model integration into the software development

lifecycle.

Generating cultural change to prioritise patient experience centred care

The establishment of CoP can play a pivotal role in establishing a multi-disciplinary team of
stakeholders from IT, business intelligence, patient experience, and QI within each Trust.
Furthermore, the CoP can provide the necessary guidance to use the algorithm and assist
in developing a dashboard for quality improvement projects,(8) and sustained enthusiasm
in the use of data and data analytics to improve the quality of care for patients and carers.
(24) This cultural transformation will result in increased organisation agility and

responsiveness to patient needs, driving positive changes in care delivery practices.(25)
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Limitations

The Pickle files used in this study are specific to the version of Python and the libraries
used to create them. Attempting to load a pickle file created with an older version of Python
or with different library versions, may encounter compatibility issues. Newer versions of
Python may have introduced changes to the pickle module, or the libraries being pickled,
which can result in errors when loading the file. To mitigate challenges with loading an
outdated pickle file, updating the code that creates the pickle file or alternative serialization
formats that are more version-independent can be considered. The model can be
containerized using Docker with a requirements file containing all the required libraries and
Docker specifying the environment setup and start-up operations. The Docker Container
can then be deployed to application hosting services, whether on cloud or on-premises

Servers.

The limited vocabulary range is a significant issue faced by the Bow model. For example, if
the model encounters an unfamiliar or rare but informative word that it has not yet be seen
during training, BoWw model will tend to ignore it. To mitigate this limitation, we trained the
model on five out of nine Trusts to ensure that the model has gathered a substantial Bow
representation, further augmented by thematic saturation. Significant change to patient
demographics or significant changes such as COVID-19 pandemic could reduce the
performance due to unfamiliar words. Therefore, regular updates in the model would be
required to keep it up to date. For this purpose, user friendly interfaces can be designed
and developed using Flask Python library for the backend and HTML, Css and Bootstrap
for the frontend. Functionalities of these interfaces included analysing the accuracy of the
algorithm by uploading a labelled dataset and re-training the algorithm with more coded
data. The interfaces allow organisations to periodically check accuracy as part of a
responsible artificial intelligence strategy.

Responsible Artificial Intelligence

As Atrtificial Intelligence (Al) continues to advance, becoming increasingly integrated into
healthcare systems, ethical considerations and technical challenges become increasingly
intricate. For this reason, a key aspect of the project included providing tools and best
practices to ensure that Al is being implemented responsibly. Firstly, the developed user-

friendly interfaces, promote the ongoing monitoring of the accuracy of the algorithm,
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ensuring fairness and accountability of the version of the model that was deployed.
Secondly, the establishment of a CoP, not only facilitates the dissemination of knowledge
while contributing to a culture of continuous improvement, but also cultivates an
environment where professionals can delve into the nuanced aspects of responsible Al.
This contributes to the development and refinement of ethical guidelines, playing a crucial

role in shaping the responsible Al landscape.
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Conclusion

This study marks an advancement in harnessing free-text FFT data to gain valuable
insights in healthcare settings through the creation of a robust supervised learning text
analytics algorithm. The observed disparities in certain care settings were expected,
considering the inherent differences in lexicon and terminology compared to the adult
inpatient care setting where the algorithm was initially developed. Addressing these
challenges involved additional coding and thorough testing under diverse scenarios.
Through this iterative process, the accuracy and reliability of the algorithm were established
to be robust and easy to use, fostering inter- and intra-organisational collaboration, and

promoting shared learning within the healthcare domain.
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NHS Patient Experience Framework

NHS

NHS Patient Experience Framework

In October 2011 the NHS National Quality Board (NQB) agreed on a working
definition of patient experience to guide the measurement of patient experience
across the NHS. This framework outlines those elements which are critical to the
patients’ experience of NHS Services.

Respect for patient-centred values, preferences, and

expressed needs, including: cultural issues; the dignity, privacy and
independence of patients and service users; an awareness of quality-of-life
issues; and shared decision making;

« Coordination and integration of care across the health and social
care system;

« Information, communication, and education on clinical status,
progress, prognosis, and processes of care in order to facilitate autonomy, self-
care and health promotion;

» Physical comfort including pain management, help with activities of daily
living, and clean and comfortable surroundings;

« Emotional support and alleviation of fear and anxiety about such issues
as clinical status, prognosis, and the impact of illness on patients, their families
and their finances;

« Welcoming the involvement of family and friends, on whom
patients and service users rely, in decision-making and demonstrating
awareness and accommodation of their needs as care-givers;

« Transition and continuity as regards information that will help patients
care for themselves away from a clinical setting, and coordination, planning,
and support to ease transitions;

« Access to care with attention for example, to time spent waiting for
admission or time between admission and placement in a room in an in-patient
setting, and waiting time for an appointment or visit in the out-patient, primary
care or social care setting.

This framework is based on a modified version of the Picker Institute

Principles of Patient-Centred Care, an evidence based definition of a good

patient experience. When using this framework the NHS is required under the DH ’ Department
Equality Act 2010 to take account of its Public Sector Equality Duty including Of Health

eliminating discrimination, harassment and victimisation, promoting equality
and fostering good relations between people.
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IT scoping tool

FFT Scale, Spread, and Embed - IT Infrastructure Scoping Tool

Name of Trust |

Date of completion |

1. Key IT and data contacts

Please include the names of all key IT and data support contacts within the trust (e.q. IT infrastructure, Bl, data analysis, etc.)
Name Role / Job title Email address

2. FFT Data Management and Visualisation

Whe manages FFT data in the trust? (Fill w/ self-assessment questionnaire) |

If other, please specify:|

If managed by trust
Which database is used to store the FFT data?

If managed by external provider
What is the name of the external provider? |

Key contact details of external provider:
Name Role / Job title Email address

What services do they provide? (e.g. data collection, data cleaning, visualisation and analysis)

Please describe the data transfer process, including how often the data is analysed

What dashboard or visualisation software is currently used to view FFT data?

I
3. IT infrastructure requirements:

What Frameworks, tools or IDEs do you use for python development / deployment? (Zeppelin, Jupiter, Text editor)

Do you need special approvals for installing libraries / software?

What infrastructure you use to deploy the model? (e.g. UK Cloud, Onprem, etc.)

I
3. FFT Data Structure

Please complete table below with the FFT questions currently asked in your trust.

Question Response structure
Example: 1. Overall, how was your experience of our service Scale 0-10
Example: 2. Please explain your answer Free-text

© Imperial College Healthcare NHS Trust 2024. All rights reserved. For licensing
enquiries contact nhsinfo@imperial.ac.uk
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surveys and the vist 1 (if one exists)

2. No (0 points)

Domain # Question Response Total Justification for inclusion
In the last month, did you collect patient feedback across your 1. Yes, in all services (2) To understand prevalence and spread of patient
P1 N 2. Yes, in some services (1) 2 N
services? . feedback data collection across the Trust
3. No (0 points)
1. Veery good (2 points)
How would you describe the level of staff in your Trust's 2. Good (2 points) To understand whether the Trust PEx team have
P2 |patient experience team to provide dedicated support to 3. Average (1 point) 2 enough resources as is to provide support to
frontline teams? 4. Paoor (0 points) frontline staff
5. Very poor (points)
;' :es, every wee)lchﬂwpolm?) If the trust has a dedicated resource who has
Does your Trust have a dedicated team or staff member to - Yes, every month ( poin ) enough time to review and analyse FFT datain a
P3 . N N 3. Yes, every quarter (0 points) 2
analyse patient experience data in a timely manner? timely manner, then the Trust has enough FFT
4. Yes, on an ad-hoc basis (0 points) capacity in Pex team.
5. No (0 points) 5 :
If FFT data is reported alongside other quality
1. Yes, always (2) N N
P4 Is patient experience data reported alongside other quality 2 v " 1 2 metrics, this indicates that Patient Experience is
Patient metrics across the Trust? - Yes, sometmes m elevated and prioritised throughout the trust (a
atien 3. No (0 points) N B
E R patient experience culture)
Xperience 1. Yes, every week (2 point)
. B N y 2. Yes, every month (1 point) o g
(Total= 18 points) pPs Are individual teams provided with their free-text patient 3. Yes, every quarter (0 points) 2 To indicate micro-level use of free-text patient
experience data? experience data
4. Yes, on an ad-hoc basis (0 points)
5. No (0 points)
- - -
What % of frontline teams reqularly review their patient 1. More than 80% (2 point) To \ndlcatg whether frontline staff are ) )
P6 experience data during their team meetings? 2. Between 50 - 80% (1 point) 2 incorporating patient experience data review within
P a 957 3. Less than 50% (0 points) their teams.
Is patient experience data displayed for patients in wards and 1. Yes, always (2) To indicate whether the feedback loop is closed
T service areas (e.g. using "You Said, We Did' boards)? 2. Yes, sometimes (1) 2 (i.e. patients - staff - patients)
-g- using " 3. No (0 points) € P -safr-p
B _ 1. Yes, always (2) To indicate whether there is already a strong
Do you share and seek inputs on patient experience results N B
P8 through patient involvement groups or representatives? 2. Yes, sometimes (1) 2 culture of PPI (which would impact success of the
gn p group: P 3. No (0 points) PPI network proposed for this project).
1. Yes, each month (2 points) _ - _
In the last 3 months, is there evidence that patient experience |2. Yes, 1-2 times in the last three Visibility of F,FT goriaignd pabent expeneﬂcerat
P9 N N N 2 board level, indicates how well patient experience
metrics were discussed during Trust board meetings? months (1 point) : B
, is embedded throughout the organisation.
3. No (0 points)
Does your Trust have a quality impravement strategy that To indicate whether quality improvement
Q1 |[shares abjectives with the organisational Patient Experience 1. Yes - briefly desc_r\be (1 point) 1 strategies for the Trust includes patient experience:
2. No - briefly describe (0 points) : " s
strategy? in addition to patient outcomes
Are there systematic QI methodologies (e.g. FlowCoach 1. Yes, always (2)
Academy, Model for Improvement, Lean Six Sigma, etc.) . ’ v To indicate level of experience within the Trust QI
Q2 N 2. Yes, sometimes (1) 2
being used throughout your Trust? N team
3. No (0 points)
1. Veery good (2 points)
How would you describe the level of staff in your Trust's QI 2. Good (2 points) To understand whether the Trust QI team have
Q3 3. Average (1 point) 2 enough resources as is to provide support to
. team to provide dedicated support to frontline teams?
Quality 4. Poor (0 points) frontline staff
5. Very poor (points)
Impruvement To date, what proportion of your frontline staff have received 1. More higgialigh (2 paint)
Q4 N ' P I'tpl devel ¥ their QI skills? 2. Between 25 - 50% (1 point) 2 Frontline competencies around QI
(Total = 13 points) raining or support to develop their QI skills? 3. Less than 25% (0 poinis)
I . 4 1. More than 80% (2 point) B
as | the last month, what proportion of your frontline staff used 2. Between 50 - 80% (1 point) 2 Day-to-day use of quality improvement methods
y » 5
quality improvement methods to undertake changes? 3. Less than 50% (0 points) by frontline teams.
1. Yes, each month (2 points)
a6 In the last 3 months, is there eyldence that Ql initiatives were [2. Yes, once in the last three months 2 Prioritisation of QI generally at board level
discussed at Trust board meetings? (1 point)
3. No (0 points)
Of the Ql initiatives discussed at Trust board meetings, 1. More than 50% (2 point) Prioritisation of QI initiatives to improve patient
Q7 |approximately what proportion were aimed at improving 2. Between 25 - 50% (1 point) 2 experience at board level. Often Ql is focused on
patient experience? 3. Less than 25% (0 points) patient outcomes and not patient experience.
D1 Are your patient experience survey free text responses 1. Yes + describe briefly (1 point) 4 Indicates how much of the FFT free-text database
systematically collected or transcribed digitally? 2. No (0 points) is digitised for the algorithm to be deployed
Are your patient experience survey free-text responses shared 1. Yes, always (2) Indicates whether free-text FFT data is easily
p2 [FFEYourp: P y P 2. Yes, sometimes (1) 2 accessible and analysed electronically across the
digitally across the trust? _
3. No (0 points) trust
Is the data you collect through patient experience surveys 1. Yes + describe briefly (1 point) Indicates whether FFT data is stored in one place /|
Digital Ma‘urity D3 |stored on a dedicated database / server that is accessible . - yitp 1 server or is fragmented across different places
2. No (0 points) N N R,
across the Trust? (this would have implications on overall visibility)
= i If data visualisati t ted, this indicate
osi=Tpens) 1. Tableau, Powert), liciew high levels of B capabily. 2 pon fo using
What type of visualisation software does your Trust use to QlikSense, etc. (2 points) 9 P - < PO 9
D4 N N 2 automated softwares, 1 points if using excel
report patient experience data? 2. Excel workbooks (1 point)
because workbooks need to be manually updated
3. None (0 points)
and cannot be made real-time.
D5 Is there a real-time link between the patient experience 1. Yes + describe briefly (1 point) 4 Indicates whether teams are already able to

access FFT data without delays
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Coding pack

Implementing the NLP algorithm in your trust

Three key steps need to be completed before deploying the NLP algorithm so that it can accurately analyse your FFT data:

I.Imperial deploys 2. Trust manually 3. Imperial adapts and Co-design FFT
algorithm and does | codes sample of refines the model to e dashboard with trust . Provide QI coaching
data cleaning to get comments to assess the trust, and deploys stakeholders and and support

frontline staff

initial output algorithm accuracy it once finalised

1 week 2-3 weeks I week

The project’s natural language processing (NLP) algorithm is developed iteratively based on deployment within other
trusts to ensure it is as robust as possible.

. o . Each time the algorithm is deployed, we need to assess its accuracy by comparing it to a source of ‘truth’ — the
manual coding of a random sample of 500 FFT comments by two coders within the trust.

| This is a crucial and time-sensitive step as it ensures that the final algorithm can accurately analyze the FFT data,
and we cannot continue with the project until this step is complete. The coding process should take

approximately 2-3 weeks to complete.

Excel files in the coding pack

You will have received three excel files for the coding process. All file have been prepared with a 500 sub-sample of FFT free-
text comments from your trust.
2. Coder 2 coding file — File that coder 2 can use to individually

code comments. Once finished, the selected themes and
sentiments should be copied over to the master file.

|. Master coding file — main coding file that will be used by
Coder | to individually review comments and to review any coding

differences

Soag 10 odar | 3 s Ihemes 4n savenend 10 FIT 8ata

© Imperial College Healthcare NHS Trust 2024. All rights reserved. For licensing
enquiries contact nhsinfo@imperial.ac.uk

32

https://preprints.jmir.org/preprint/60900 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Khanbhai et a

Steps to code FFT free-text comments (| of 3)

Step la: Coder 1 to assign themes and sentiment to FFT data

(Coder 3 Wame and el address Wamm, mall address

Total comments o revie 2 |
Total comments comleted 3 ‘
Toesl comments lefe 3 |

Noge: Please d not nevise your individusl aisigned themes and sentiments after rewewing the comments with the other coder. The code refinement provess wil ol fook at initial
agreement between coders

Comments 1. Theme based on NHS Patient Experience Framework

2. Cocedination and o he balth and sccial e bk .
Step I: Over a week, code the first 100 e ke ol e e e s, dmineaon o, comcston s G s st ki
comments together to ensure that both

- f My appoiniment was cancelied for the fourth time wth anty one days ko of e v thit bebwlth o sscial save FYs0eim [6.0. Appoirent booking,
coders are analysing the FFT data in the theagmmdraltonons Negatie (1)

PMtion Hiuses, comdination with G2 and othas sarvicer]

same way. For each free-text comment,
you will need to assign a theme based on
the NHS Patient Experience Framework
and a Sentiment (see slide 8).

Callect ma back quite guickly and putme thoughto The Fracture Clinic
= 1 0/F. Unfortunately though nobody picked up the phone and mo
answsriog service eithar

| trses were rice and sepported my husband to cars for me during my.

Coder | should use the tab la. Coder |,
and coder 2 should use the tab Ib. Coder
2.

Steps to code FFT free-text comments (2 of 3)

Step 2: After coding the first 100 comments together, code the remaining 400 comments individually over a |1-2 week period.
Step 3: Copy Coder 2's individual coded comments into the master coding file.

Step 4: In the “2. Review Themes” tab, review any differences in coding of the themes between the two individuals. Filter for “yes” in
the Differences column to only view comments that were coded differently. After discussion, recode the final agreed theme per comment.
Important: Please do not revise your individual assigned themes after reviewing the comments with the other coder in the individual coding tabs. The code refinement
process will also look at initial agreement between coders.

2. Reviewing comment themes
Both caders should discuss together comments below that have been coded differently and come to an agreement on what the recoded theme

should be Filter far “¥es” o aniy |
see differently coded
Total differences between coders 0 bty |
Humber of diferences reviewsd 1
Number of differences left to raview 2 In this exam p,re,

- [ -

[ -] Difference? T Recoded theme = there are 3
. Welcomingthe snobvement oty and Rares o B e i | CTIMENES With
felcoming the inve ent of family an iends on wi enits. and sevvice users .
s e e S8 SUPROTEA TIY UABINGES IS o whom it s service wers ey on Vet et on mdeciion.making semanstratng differences
in decision-making, demonstrating bwareness and swareness snd sccomodion of their needs
sccomodation of hei needs a caegpvers 5 sun s carngeers (comments 4,7,10),
- ‘ et ot e | o, comevnicaton i dcalbon and the coders
aMs were pleassat, welcomed us with a sile, cean |chinical status, progress, prognosis, and processes of
environment, clear explanation, information leaflet care in aider patients to facilitate autonmy, seif- o have recoded
care and health prometion. 9. Staff #1 H
" " 5. Emational support and aleviation of fear and 3 Infermation, communication and education on Comment Wf‘h
The dostor took the time to smewer oll my auestions |0 L St dstedry phirpe Theme 6
witheut rushing me, | felt assired that they had my o Yes -

prognasis and impact of Mness on patients, their

care in older patsents 1o facitate autanomy, self-

st interests at heant and weuld look after me.

tamilies and their finances. care and health promation.

Steps to code FFT free-text comments (3 of 3)

Step 5: In the “Review sentiments” tab, review any differences in coding of the sentiments between the two individuals. Filter for
“yes” in the Differences column to only view comments that were coded differently. After discussion, recode the final agreed sentiment
per comment.

Important: Please do not revise your individual assigned themes after reviewing the comments with the other coder in the individual coding tabs. The code refinement
process will also look at initial agreement between coders.

3. Reviewing comment sentiments together
Both coders shauld diseuss together comments below that have been coded differently and come 10 on agreement on what the recoded

Filter for "Yes™ ta anly
sentiment should be.

see differently coded

In this example, there

Tatal differences botween coders. 1 comments was only 1 difference in
Number of differences reviewed 1 Senﬁmenf Coding
Number of differences beft to review Review complete N
(Comment 6) and it was
] [ Coder 2 | pifference? - [IIIEEEENEEN - recoded to be a negative
The doctor was helpful The reception staff was in her mobile - o
when | informed her that the ladies toilet was dirty. She tald Neutral (0) MNegative (-1) Yes. Sen“menf me Sennment

me 1o find & nurse & inform them- not my jobl!

review is complete.
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Frequently Asked Questions

What is the purpose of re-coding? The initial algerithm was built on data from another Trust In order to check to reliability, we need to assess for ground
truth, which refers to the accuracy of the training set's dlassification for supervised learning techniques (a form of machine learning which is being used in this
project).

How many comments do we need to code? 500 stratified retrospective comments.

Who needs to do the coding? Two independent coders from the patient experience team (they must have experience of such coding and reading FFT free-
TEXT COMMENTS).

What happens after the data has been coded? We review the interrater agreement and the accuracy of the model to decide if the code needs to be
further adapted to meet the FFT needs of your trust.

‘What is the optimal inter-rater agreement! We are aiming for 60-80%

‘Why is the inter-rater agreement important? interrater agreement indices assess the extent to which the responses of 2 or more independent
raters are concordant {consistent). This helps assess for accuracy of the supervised learning model as above.

‘When the comment has more than one theme and sentiment, which theme and sentiment should be allocated? Choose the one that the coder feels
has more importance in the comment.

Should the coders analyse the full FFT data sample together and not only just the first 100 comments? We strongly recommend that you only review
the first 100 comments together and do the rest individually to ensure the project can keep to timeline. This ensures both parties can provide support during
the first stages of coding, with the additional ability to assess for interrater agreement.

Do we need to de more coding in the future? We would recommend coding a further 500 stratified comments every year to ensure the model remains
consistent with patient comments and any changes are captures appropriately.

Khanbhai et al
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