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Chapter 7

7.1 Abstract

Objectives

Patient-reported experience measures (PREMs) can be used for the improve-
ment of quality of care. In this study, the outcome of an open-ended question
PREM combined with computer-assisted analysis is compared to the outcome
of a closed-ended PREM questionnaire.

Methods

This survey study assessed the outcome of the open-ended questionnaire PREM
and a close-ended question PREM of patients with unilateral vestibular schwan-

noma in a tertiary vestibular schwannoma expert centre.

Results

The open-ended questions PREM, consisting of five questions, was completed by
507 participants and resulted in 1508 positive and 171 negative comments, cat-
egorised into 27 clusters. The close-ended questions PREM results were mainly
positive (overall experience graded as 8/10), but did not identify specific action
points. Patients who gave high overall scores (>8) on the close-ended question
provided points for improvement in the open-ended question PREM, which
would have been missed using the close-ended questions only.

Conclusions

Compared to the close-ended question PREM, the open-ended question PREM
provides more detailed and specific information about the patient experience
in the vestibular schwannoma care pathway.

Innovation

Automated analysis of feedback with the open-ended question PREM revealed
relevant insights and identified topics for targeted quality improvement, whereas
the close-ended PREM did not.
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7.2 Introduction

Patient experiences are important indicators of the quality of care. According
to the national health service (NHS) policies, patient experiences reflect the
compassion, dignity and respect for patients during health care delivery[1,2].
Moreover, these experiences may hold important insights for quality improve-
ment[3]. Adequate tools to survey and analyse patient experiences are there-
fore essential. Patient experiences can be measured using patient-reported ex-
perience measures (PREMs), usually in the form of questionnaires[4].

PREMs may be considered subjective, but a positive association between
PREM results and other quality domains has been reported[5]. PREM scores
are positively but weakly associated with patient safety and clinical effective-
ness, which suggests that improving patient experiences may enhance the
overall quality of care[6,7]. Today, there are many different PREMs in use;
most of them are disease or treatment specific and consist predominantly of
closed-ended questions[8,9,10,11,12]. Some generic PREMs have been devel-
oped and are used to benchmark hospitals at a regional, national or international
level[13,14,15,16,17].

The increased use of PREMs is incentivised by regulatory bodies in the United
Kingdom and United States of America. Frequently, PREMs are collected and
analysed but translating the results into changes in clinical practice remains chal-
lenging due to organizational, professional and data-related barriers[18,19,20].
The lack of a quality improvement infrastructure is one of these barriers[20].
Furthermore, patient experiences are not always adopted by clinicians, because
the PREM results do not provide insights relevant to their daily workflow, or
because the feedback is not specific enough to allow translation into concrete
action points[3,19]. When PREM results are not translated into clear and ac-
tionable points of improvement for care providers, PREMs risk to be viewed as
measurement for the sake of measurement rather than as valuable instruments
for improving the underlying care[21].
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In contrast to closed-ended questions that steer a patient’s feedback to a specific
topic, open-ended questions enable patients to provide feedback on all aspects
of care that matter to them[22]. This feature makes open-ended questions
more patient-centred and yields more specific information, facilitating concrete
quality improvement measures[23]. However, the analysis of free-text answers
is time-consuming and too laborious to use in clinical practice[23,24].

Artificial intelligence (Al) techniques are able to automatically detect the topics
and sentiment of patients’ free text comments and help identify actionable in-
sights out of PREMs[25,26].

Currently used PREMs are not ideally suited for the full exploitation of the poten-
tial of Al-techniques. First, current questionnaires often contain questions with
a sentiment comprised in the question itself. (e.g., ‘what went remarkably well
during your stay?’ or ‘what could we improve?’). In addition, questions such as
these invite short, monosyllabic answers, which are difficult to categorize[25].
To tackle these problems several modifications to commonly used PREMs are
needed. A new AI-PREM tool has been developed and validated by Van Buchem
et al.[27], with open-ended generic questions (i.e., not targeted at a specific
disease, care pathway, department or healthcare centre) and suited for com-
puter analysis by removing the sentiment from the question. The questions
were focused on the Picker dimensions of patient-centred care to reduce the
number of topics in an answer (e.g., What did you think about the information
provision?) [27].

The primary aim of this study was to determine the added value of the AI-PREM
tool compared to a conventional PREM with respect to identification of action-
able points for quality improvement. The secondary aim was to assess the influ-
ence of socio-demographic determinants on AI-PREM completion and results.
To do so, we have deployed the AI-PREM in a vestibular schwannoma integrated
practice unit (IPU) in a vestibular schwannoma expert centre in the Netherlands.
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7.3 Methods

Context

Vestibular schwannomas are rare benign intracranial tumours, which typically
cause hearing loss, tinnitus and balance disorders. A majority (52-78%) of the
tumours is non-progressive. In these cases active surveillance with prolonged
follow-up is usually the management strategy of choice[28]. In case of very large
or progressive tumours, surgery or radiotherapy is indicated to prevent future
complications such as brain stem compression. After active therapy, prolonged
follow-up is warranted to detect residual or recurrent disease. Because of the
long follow-up required (with or without active treatment) and near to normal
life expectancy with adequate management of the tumour, patients with a ves-
tibular schwannoma often accumulate extensive experience with healthcare
professionals and centres.

Design

This descriptive case study evaluated the outcomes of an open-ended question
PREM and a close-ended question PREM employed in a vestibular schwannoma
IPU. A non-responder analysis was performed, the outcomes of both PREM were
analysed, and the ceiling effect was evaluated in a direct comparison. In addition,
the interpretation and the selection of actionable points of improvement by the
IPU team based on these outcomes was observed. The process to come from
PREM results to actionable points of improvement is reported.

The study was performed at the Leiden University Medical Centre, a tertia-
ry university hospital, and expert centre for vestibular schwannomas in The
Netherlands. At our centre, patient care is organized in an IPU, including oto-
rhinolaryngologists, neurosurgeons, radiation oncologists and radiologists. The
combination of chronic care and the multidisciplinary organization in an IPU are
ideal to investigate the added value of AI-PREM for quality improvement.

Participants

This study was part of larger study on long term quality of life in vestibular
schwannoma patients. For longitudinal follow-up patients who participated in
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20174 in a cross-sectional survey on quality of life in vestibular schwannoma
patients were re-invited for participation[29]. Using this patient group allowed
the analysis of non-responders based on the data collected in 2014. In 2014, all
consecutive patients who were diagnosed or treated for a unilateral vestibular
schwannoma since 2003 at the IPU were eligible for inclusion. Patients under 18
years, patients with insufficient proficiency in the Dutch language to complete
the questionnaires or patients with other skull base pathologies were excluded.
Data collection took place between June and September 2020. The local medi-
cal research and ethics committee has waived the necessity for medical ethical
approval under Dutch law and approved the study regarding data handling and
privacy regulations (N19.112).

Data collection

After providing informed consent, patients were asked to complete two vali-
dated PREM questionnaires either electronically or on paper. First, participants
completed the AI-PREM, consisting of five open-ended questions about their
experiences with the care delivery[27]. The five questions (Box 1) addressed
the following themes: information provision, personal approach, collaboration,
organization and other experiences, and were based on the Picker dimensions
of patient-centred care[13,30]. The free-text answers were analysed using nat-
ural language processing techniques, which divided the free-text answers into
clusters of positive and negative comments. These techniques are described in
more detail by Van Buchem et al.[27] The output of the AI-PREM are clusters
of positive and negative comments for each of the five questions. The output
was accessible in a easily intelligible dashboard. This dashboard was able to
show the thematically clustered patient feedback, differentiate negative from
positive clusters, and quantify the number of comments per thematic cluster.
In addition, the IPU team could access the full individual patient comments the
clusters were based on (as raw text).
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Box 1

Questions AI-PREM [30]

Q1: How was the provided information?

Q2: How was the personal approach?

Q3: How was the collaboration between healthcare professionals?
Q4: How was the organization of care?

Q5: What else would you like to share about your experience?

Second, participants completed the Patient Experience Monitor (PEM) con-
sisting of fifteen closed-ended questions about the patient’s experience[14];
The PEM outcomes are proportions of patients which answered with a certain
multiple choice option. For example, the proportion of the total number of
respondents that trusted their physician fully.

Third, patients were asked to complete a disease-specific quality of life ques-
tionnaire of 26 items, the Penn Acoustic Neuroma Quality Of Life (PANQOL)
[31,32]. Furthermore, demographic information (sex, age and education level)
was acquired. Statistics Netherlands’ (CBS) definition for low, middle and high
education level was used, which follows the international standard classification
of education[33].

Treatment modality, tumour size at baseline, and time since diagnosis were ac-
quired from the electronic patient records. Treatment was coded as either active
surveillance, surgery or radiotherapy. Tumour size was classified according to
Kanzaki et al. as intrameatal, small, moderately large, large or giant tumour[34].

Statistical analysis

Statistical analyses were performed in R version 4.0.5 using Rstudio 1.3.959
(Rstudio, PBC, Boston).

For the demographics and non-responder analysis, means and standard devi-

ation (sd) were calculated for normally distributed numerical variables, and
medians and interquartile ranges (IQR) when not normally distributed. For cat-

157



Chapter 7

egorical variables, percentages and frequencies were calculated. Demographics
of non-responders, responders and one-word responders were compared using
the unpaired t-test for continuous and chi-squared test for categorical vari-
ables. One word responders were defined as patients who provided a one-word
answer for all open-ended questions (e.g., “well”, “fine”, or “bad™). Bonferroni
correction for multiple testing was used to prevent type-I errors. Incomplete
questionnaires were omitted in the analysis.

The ceiling effect, a well-known feature of PREMS, was analysed using the over-
all experience question of the PEM. In a separate analysis, the outcome of the
AI-PREM was evaluated for patients who scored >8 out of 10 on the PEM ques-
tionnaire (i.e. provided overall very positive feedback). This analysis was used
to assess the capability of the AlI-PREM to identify feedback that could be used
for quality improvement from patients that were overall positive about their
experience with the IPU.

Intervention

The results of the AI-PREM and PEM were used to identify actionable point for
quality improvement. The process to analyse, interpret and translate the results
are described stepwise. First, results were analysed and placed in the local con-
text by the IPU team. This team, consisting of a deputy of each medical special-
ism, a researcher, a case manager and supportive staff, used their knowledge of
the IPU combined with the PREM results to select feasible and effective projects.

7.4 Results

In total, 536 patients provided informed consent resulting in a 62% response
rate, as is shown in Fig. 1. Non-responders more often had a lower level of edu-
cation (32% vs 44%) but a comparable mean age and male/female ratio to the
responders, as shown in Table 1.
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Approached for
participation
N=867

Exclusion:
refused participation N=71
lost to follow-up N=20
no response = 240

Informed consent
N=536

Exclusion:
meningioma N=2
No AI-PREM N=27

Completed AI-PREM
N=507

Figure 1: Flowchart study participants.

Compared to the population of vestibular schwannoma patients, the study pop-
ulation had a somewhat higher mean age (67.4 vs. 61.1 years) as a result of the
long term follow-up. Also, the ratio of patients that received active intervention
(radiotherapy or surgery) was higher (42% vs 51%), also as a result of the fact
that they have been under observation for longer.

Al-PREM outcomes

The AI-PREM was completed by 507 patients, of whom 79 (16%) were one-
word responders. As shown in Table 1, one-word responders were more often
male, two years older and had a lower education level, but these differences
were not statistically significant after correcting for multiple testing. A group
of 27 patients did provide informed consent but did not complete the AI-PREM
and two patients were excluded because of a pathology different to vestibular
schwannoma.
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Table 1: Baseline demographics.

Non-responders  Not completed Completed One-word answers

N= 331 N=28 N=507 N=79
Sex (male) 49% 50% 53% 65%
Age (sd) 68.0(12.3) 69.9 (10.5) 674 (11.0) 697 (9.6)
Education level
Low 44% 44% 32% 41%
Middle 25% 33% 30% 27%
High 31% 22% 38% 33%
Treatment
Observation 61%* 50% 46% 49%
Surgery 26%* 29% 38% 34%
Radiotherapy 13%* 14% 13% 16%
Quality of Life (sd)  69.8 (19.8)* 66.8 (15.5) 69.2 (181)  70.4 (17.3)

Demographics are shown for non-responders and responders. Both incomplete and completed
questionnaires are shown. One-word responders are a subcategory of completed questionnaires,
in which patients completed only one-word answers, such a “good” or “bad”, on each open-ended
question. Quality of life shows a disease-specific quality of life questionnaire ranging from 0-100.
Higher scores indicate better quality of life. sd= standard deviation. *= data acquired in 2014

Table 2 shows the different feedback clusters of the five PREM questions includ-
ing the number of comments per cluster and an example of a raw data comment.
The majority of comments was classified as positive. All positive clusters con-
tained many short or monosyllabic responses containing “well” or “fine”, which
did not provide additional information or context other than the subject of the
question. Negative answers were in general more detailed and contained more
words. Due to the diverse nature of the negative feedback, there were more
thematic clusters, each containing less individual comments. For example, three
negative clusters stated that personal approach was lacking (N = 3), limited (N
=3), or insufficient (N = 6). Another interesting finding was that different pa-
tients may experience certain aspects of care in a contradicting way. Therefore,
the number of patients with a positive or a negative experience with the specific
aspect of care was quantified, in order to put the feedback into perspective and
help decide whether and which action should be taken to improve the IPU. For
example, the number of patients who provided positive feedback on schedul-
ing appointments on the same day (N = 8) outnumbered those who provided
negative feedback on this topic (N = 2).
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PEM outcomes

The PEM was completed by 490 patients. In general, the patients completed the
PEM very positively and the overall experience was graded with an 8 (1.2 sd)
ona 1 to 10 point scale. For example, 95% of the patients trusted their physi-
cian, and 93% indicated they had enough time to discuss their problem with the
physician. Furthermore, 93% of patients said they discussed what to do after
the consultation, and 89% said they were informed about their treatment’s pros
and cons. The majority (87%) found the physician’s explanation understandable.
Only 1% indicated they could not ask questions to their consulting physician.

The question with the most negative responses concerned the waiting time in
the outpatient clinic. 21% of patients indicated they had to wait >15 min. Of
this group, 10% would have preferred to receive more information about the
estimated waiting time.

Comparison between PREMs

Table 3 shows the AI-PREM results of patients who scored an overall experience
>8 out of 10 points on the PEM questionnaire. These patients had also rather
positive experiences on the Al-PREM and only a limited number of negative com-
ments. Still, these comments provided useful and detailed information about
the IPU. For example, one patient stated: “I would have liked to hear about the
treatment of vertigo with exercises sooner”. Other patients mentioned: “There
was some misunderstanding about by whom and when | was called about an
appointment.”, “The collaboration between hospitals was poor.”, and “l was
discharged from the hospital too soon and without instructions.”

Table 3: AI-PREM results of patients with an overall PEM scores of >8/10.

Negative Neutral Positive

count % count % count %
Information provision 3 2% 37 23% 122 75%
Personal approach 2 1% 35 22% 125 77%
Collaboration 6 4% 35 22% 121 75%
Organisation 6 4% 35 22% 121 75%
Other experiences 7 4% 90 56% 65 40%
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Observation of the interpretations of results

The results of the close-ended PEM questionnaire were predominantly positive,
which was considered motivating information for the IPU team. However, for
quality improvement these positive reactions could not be translated to action
points for improvement. Conversely, the Al-PREM results provided more detailed
information about the positive and negative experiences, even from patients that
provided overall positive feedback. This information could be used to identify
action points.

The process to identify action points for improvement is shown in Fig. 2. First,
the IPU team analysed the results of the AI-PREM and explored the negative
clusters of patients’ experiences for potential quality improvements. The au-
tomated sentiment analysis and clustering of comments was used to identify
topics of interest. These topics of interest were subsequently further explored
by the IPU team through targeted evaluation of clustered patient comments
(raw text). These raw texts were valued in the context of the IPU organization.
When potential action points emerged they were discussed in the meeting and
weighed against possible positive feedback regarding the same topic.

Cluster 1

Organisation (negative) Raw data Context Action points improvement

N=8

“Difficult to reach by phone” Other Al-PREM results
Difficult reach telephone; - IPU context Special phone number for IPU
Difficult telephone; Difficult “In absence of case manger Available resources
reach; Difficult; Telephone phone calls not possible” - Ability to control and change Reachability 5 days/week
causes negative experience

Figure 2: Process from AI-PREM results to quality improvement.

The process steps from using the AI-PREM results to identify action points for
quality improvement are shown in grey. The second row shows the process steps
of the identified action point reachability by phone.
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In all, the IPU team selected three action points for quality improvement based
on actionability, feasibility and number of patients sharing the particular (neg-
ative) experience. The chosen action points were improving the reachability by
phone, reducing the time between the MRI and the consultation to discuss the
result and improving the communication with referring hospitals.

7.5 Discussion and conclusion

To our knowledge, this is the first study in which a PREM with open-ended
questions is directly compared to a traditional PREM with close-ended ques-
tions. Both questionnaires allowed evaluation of patient experiences with the
care provided by the vestibular schwannoma care pathway. Both questionnaires
reported overall positive patients’ experiences.

The PEM enabled an easy and quick quantitative analysis of the overall experi-
ence. Most results showed ceiling effects and the predefined answer categories
were less suited for identification of points of improvement, especially in the
context of predominantly positive experiences. The AI-PREM seemed to have a
greater potential to identify actionable points for quality improvement because
of the broader focus and the more detailed descriptions, especially of negative
experiences. With the AI-PREM, feedback with improvement points could be
obtained even from patients with very positive experiences (as judged on the
PEM scores).

An essential feature determining feasibility for clinical use was the automat-
ed analysis of the open text PREMs to reduce the workload. Still, the human
component in the analysis is essential to interpret the algorithm’s results and
combine this with the clinical context of the IPU to translate the feedback into
actionable points of improvement. Furthermore, the AI-PREM combined output
of quantitative and more qualitative data. This combination of sentiment scores,
the number of comments per cluster and a traceback to the individual reported
experience facilitated decision making for quality improvement. In contrast,
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the use of the structured PEM for identification of points of improvement was
limited due to a small number of reported negative experiences.

The AI-PREM results showed that most comments were positive, but negative
comments provided more detailed descriptions, including more context. Posi-
tive comments were more often one-word answers and generic. These findings
were also described by Cunningham et al. while analysing almost 7000 open-
text comments[22]. Positive comments are essential to put the negative ones
into context and prioritize action points for improvement. For example, when
many comments are positive about scheduling appointments, some negative
comments on this cluster might be outliers, making this a less urgent target for
quality improvement. In addition, positive comments can be used as motivators
for the IPU team and can contribute to increasing patient safety following the
Safety-Il paradigm, which focuses on the things that go right rather than focusing
on things that go wrong[16,35].

Other studies, focussing on patients narratives, have reported that the patients’
comments on their experience with disease and care delivery generally provide
mainly positive outcomes[16,17,36]. For example, the study of De Rosis et al.
reported mainly positive comments which could be used for to identify positive
aspects, which could be used for quality improvement by a ‘learning by excel-
lence’ strategy. While this is valuable, learning by excellence in itself has a limited
ability to to identify actionable points for improvement. The AI-PREM presented
here has the ability to show and quantify positive comments but at the same
time identify points of improvement, even in the feedback of patients that are
overall positive about their experience in the IPU. In doing so, a more nuanced
feedback of patients on the care delivery is made possible. While we find, like
previous reports, that a large majority of patients provide positive comments, we
were also able to extract actionable points of improvement even from patients
with generally positive feedback.

Also in research settings, generic PREMs are used to evaluate the quality im-
provement targeted at improving the overall patient experience[36]. Improving

organizational factors for a better patient experience will not only benefit pa-
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tients but has also been shown to enhance physician satisfaction[37].However,
achieving improvements in the patient experience can be challenging[38]. A
large proportion of patients report high PREM scores. This ceiling effect might
be caused by appreciation or social desirability bias[39,40]. In this study, the
PEM results also show this ceiling effect, which is challenging from a quality
improvement perspective since these already high scores can be hard to im-
prove on. When trying to improve patient care, focussing on overall patient
satisfaction or PREM scores may therefore be less effective than evaluating the
negative comments in detail. Moreover, this study shows that even patients with
a positive overall experience (as reported in the PEM) may still have feedback
indicating points of improvement (identified with the AI-PREM). The AI-PREM
design allows for an in-depth analysis of the comments by grouping them to-
gether in clusters based on sentiment and similar word content. Consequently,
the actual remarks concerning a certain topic made by individual patients can
be accessed, providing all necessary detail, without manually going through all
questionnaires to extract information about the topic at hand. This approach,
which yields both quantitative and qualitative data from free-text answers, saves
time yet allows patients to comment freely on their experience with all aspects
of care, detailed analysis of their feedback and identification of specific points
of improvement.

A potential problem of using PREMs for quality improvements is a selection
bias of the patients who complete the PREMs. When the responders are not a
random sample of the total patient population the risk for inadequately aimed
quality optimisations exists. Younger patients and black, indigenous and people
of colour tend to report less positive patient experiences[41,42]. So it is import-
ant to include answers of these groups in the analysis for quality improvement.
The non-responder analysis showed a larger proportion of lower education level
in this group. There were no age differences, but one-word responders were on
average slightly elder. These aspects should be considered when interpreting
the PREM results to prevent nonresponse errors[43].

In addition, open-ended PREMs might reflect the a priori expectations and per-
ceptions of care. When the provided care meets the expectations, patients might

166



The added value of the artificial intelligence patient-reported experience measure (AI-PREM tool) in clinical practise

not provide feedback but they probably will when the experience is worse or
much better than their expectations. This phenomenon is especially important
since different populations have different expectations of care delivery[44,45].
The evolution from patient satisfaction (e.g., how would you rate the infor-
mation you received about your treatment?) towards experience (e.g., did
you receive information about your treatment?) has mitigated the risk of such
bias[45]. However, open-ended questions in structured PREMs are often fo-
cussed on patient satisfaction (e.g., “What went remarkably well during your
stay?”). The AI-PREM questions focus more on the experience and reduce but
not neutralize the risk of expectation bias.

In this study, a patient population was selected that had already participated in
previous research. These dedicated participants might introduce some selection
bias. When collecting the PREMs prospectively, the response rate might, there-
fore, be lower. Another limitation was the prolonged recall period since the last
visit to the hospital in this research. The period exceeded the 4-6 weeks used
in the PEM validation study[14]. This prolonged period might have limited the
output of the PREMs[2]. However, the comparison between the two PREMS
was not affected since both questionnaires were completed simultaneously.

Experiences of deployment in a vestibular schwannoma IPU

The IPU team used the PREM results to identify actionable points for quality
improvement. This entailed a process of interpretation of the PREM results
and analysing them in order to use them to improve clincal practice. Important
parameters during the IPU team discussions were the quantitative results and
the positive feedback clusters. The quantitative information (how many patients
shared the same view) was useful in determining the extent of the problem.
However, the positive feedback was essential too, for putting certain negative
comments into perspective and prioritizing and focusing actions on improving
the care delivery. Taking action based on the negative comments only could
mistakenly alter aspects of care that provided a positive experience for most
patients.
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In addition, the potential of the IPU to improve or change the underlying causes
of the negative experience was discussed. For example, a negative patient ex-
perience about a lack of parking space is beyond the control of the IPU, but the
communication about the appointments is within the sphere of influence of
the IPU. When potential action points were within the sphere of influence, the
available resources needed to perform an improvement cycle were identified to
see whether an improvement cycle was feasible. Finally, the IPU team decided
to start a plan, do, check, act cycle.

Innovation

With the growing interest in patient-centeredness of care comes a growing
need to adequately assess the patient experience with care delivery. The Al-
PREM may be a tool that allows patients to freely comment on their experience
yet is economic with the time and effort invested by healthcare professionals
to analyse the feedback, although the time and effort invested by patients to
complete the AI-PREM should also be considered. To make the efforts of patients
worthwhile, PREMs should be used to improve care delivery, rather than as an
administrative requirement. Future research should evaluate the applicability of
the AI-PREM in different clinical settings. Because of the generic nature of the
AI-PREM questionnaire, it seems likely to be of value in a multitude of different
diseases, care pathways, or healthcare centres. In addition, the ability of the Al-
PREM to detect longitudinal changes in the quality of care and/or the effect of
measures to improve the quality of care may be the subject of future research.

Conclusion

Patient experiences are an essential aspect of quality of care. This study showed
the added value of open-ended PREM questions in assessing patient experiences.
The AI-PREM provided insights into both positive and negative experiences and
allowed the detection of actionable targets for quality improvement in an IPU.
Because of its automated analysis and readily accessible results, the evaluation
of the patient experience with the vestibular schwannoma care pathway could
be performed by IPU clinicians and translated into action points relevant to
context of the clinical IPU.
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