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Chapter 11

Monitoring Wellness in Chronic
Obstructive Pulmonary Disease

Using the myCOPD App

By Brian Pickering, Chris Duckworth, Michael Boniface, Alison Blythin
and Tom Wilkinson

11.1 Introduction

According to the World Health Organization, Chronic Obstructive Pulmonary
Disease (COPD) is the third leading cause of death worldwide. Risks include
environmental factors, especially pollution, and behaviours such as smoking. It is
persistent and progressive, with an early diagnosis and treatment benefit in con-
trolling the progression of the disease and reducing flare-ups, known as exacerba-
tions. Self-reporting digital apps provide a methodology for remote monitoring and
management of patients with chronic conditions in the community. However, the
accuracy of what is being reported has been questioned [1]. Both under- and over-
estimations have been reported [2]. Underestimation may depend on the mode of
collection, that is, whether remotely reported or in the presence of a clinician [3].
Other factors include the health condition itself or the perceived sensitivity (e.g.,
personal invasiveness) of the data being requested [4, 5]. Nevertheless, although
self-reported data may not reflect the status of an individual, such data, when aggre-
gated, may be useful to characterize a whole cohort [6].
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142 Monitoring Wellness in Chronic Obstructive

The myCOPD app used in this study is a digital therapeutic web application
designed by respiratory specialists and patients and is available on multiple Internet-
connected devices. Using user-friendly multi-channel input to support a broad
range of educational and literacy levels, it provides digital support for people with
Chronic Obstructive Pulmonary Disease (COPD) and helps them to understand
their condition and to effectively self-manage by recognizing their symptoms, thus
supporting medication adherence and techniques. Education on healthy behaviours
and self-management skills, including exacerbation management, is provided via
the app through a 6-week Pulmonary Rehabilitation (PR) programme that has been
approved by the National Health Service (NHS). In addition to the patient-facing
app, myCOPD supports a connected clinician dashboard, which allows NHS ser-
vices to monitor COPD patients’ health status and interact with them remotely to
support medication optimization, PR, and exacerbation management.

For system-generated information (such as time on the app, and how often
instructional videos are accessed) and demographic data (age of the user and their
(smoking) history), there are two self-reports that we focus on in particular:

1. the COPD Assessment Test or CAT Score: an eight-item checklist intended
to be an objective indication of the app users’ COPD health status [7].

2. the Symptom Score: a four-item, subjective indicator of health status equiv-
alent to the perceived normal state or a mild, moderate, or severe deteriora-
tion [8].

Leveraging such data into prognostic models could provide increased person-
alization of care and reduce the burden of care for people who live with chronic
conditions. This study evaluated the predictive ability of prognostic models to pre-
dict acute exacerbation events in people with chronic obstructive pulmonary disease
based on data self-reported to a digital health app.

The assessments of the two scoring systems will be discussed one after the other.

11.2 Challenges Substudy 1: Prediction and Integration

The main focuses for this study are as follows:

• Can we predict COPD exacerbations from the data provided by the
myCOPD app?

• Can we integrate environmental data sources to inform those predictions?
• Can we identify patterns of behaviour associated with self-reported well-

being?

It is also important to remember that the definition of exacerbation can cause
problems and is subjective in nature. It is therefore dependent on the patient’s own
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Challenges Substudy 1: Prediction and Integration 143

perceptions of their normal state and on what they perceive as an acceptable devia-
tion. But it may also rely on the judgement of a third party, such as a caregiver [9].
COPD sufferers reported using a divergent number of terms, such as a rapid dete-
rioration in breathing (worsening breathlessness), coughing, greater production of
sputum, and a change in the colour of sputum.i

We should also consider the ethics of using (special category) personal data from
equipment that has not been provided by the relevant healthcare provider for study
purposes, in this case the NHS in the United Kingdom (UK).

This work received ethics approval from the University of Southamp-
ton’s Faculty of Engineering and Physical Science Research Ethics Committee
(ERGO/FEPS/52137) and was reviewed by the University of Southampton Data
Protection Impact Assessment (DPIA 0045) panel, with the decision that the
research protocol was of low risk.

11.2.1 Data in Substudy 1 (Exacerbations)

A total dataset from 5,170 app users, providing 94,882 reports, was available over
the period from 1 January 2017 through 31 December 2019. These were self-
reported, including the objective COPD Assessment Test (CAT) score and a sub-
jective, four-choice Symptom Score of general well-being: i.e., I feel normal, I feel
worse than normal, and so forth. The reports were cleaned, as has been summarized
in [8].

The data controller for these data is My mHealth Ltd., which is responsible for
the myCOPD app. Their privacy notice makes it clear that the data provided to
the app may be used for ethically approved research, unless the app user opts out.
The data subject (e.g., the app user) is free to choose whether they are happy for
their data to be used for research or not.

No data held by the NHS were used at this stage. Thus, these are personal data
and in most cases special-category (i.e., hyphenate) personal data, since they relate
to health. However, since the data are presented to the app by the data subject
with the knowledge that they may be used for research if they do not opt out,
there was no requirement to seek ethics review or approval from the relevant NHS
Research Ethics Committee. Although the app users for this study are receiving
treatment under the NHS for their diagnosed COPD, the data they input to the
myCOPD app is not curated or governed by the NHS. This would also hold for
special-category personal data – health data – from other non-healthcare provider
apps.

i. See https://www.nice.org.uk/guidance/ng114/chapter/terms-used-in-the-guideline.
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Figure 11.1. Selection of self-reported data in our study cohort, finally containing 2,374

patients. Number of retained self-reports after each filtering criteria given in box. In this

study, some of the reports were cleaned and retrospectively analysed to train prognostic

models. To this end, only those reports in which the patient did not report an exacer-

bation event were used (n = 49,122).ii We then randomly assigned reports from 19.2%

(13,111/68,139) of the patients to a holdout test set.

From the dataset provided by the myCOPD app, 24,801 isolated reports were
removed, namely those that were not part of a set with at least three consecutive
reports (Figure 11.1). Then, all reports submitted by 1,942 so-called anomalous
users were removed. These were internal test users or those submitting reports with-
out being registered. This led to a study cohort of 68,139 reports. Of these, 5,906
reported a severe flare-up (exacerbation). The remaining 62,233, which therefore
contained no self-reports of exacerbation events, were divided into a test set (13,111
reports) and a training set (49,122); the test set represented approximately 21% of
the circa 62,000 reports (not reporting an exacerbation) registered with the app in
the final dataset.

11.2.2 Predicting Exacerbations

A goal of the machine learning in this study was to investigate whether exacerbation
events in the near future could be predicted from the data input to the myCOPD
app. If so, this would allow an alert to be raised as part of the care regime for
the patient. Furthermore, demonstrating reliable prediction of this sort could then

ii. Note: At this stage, we do not have access to other data, such as hospitalizations.
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open up the discussion about who should receive such alerts (the patient, the clin-
ician, or both) and therefore what regulatory approval is needed.iii

Briefly, predictions sent to the clinician would allow them, seen as a decision-
support prompt, to make an informed decision about how to alter the treatment of
the patient. This respects the human-in-the-loop recommendations for AI-based
technologies.iv Furthermore, this allows the clinician to bring to bear their own
experience and knowledge of the patient in making the decision to intervene.

11.3 Methods of Substudy 1

Clinicians with the relevant experience and training recommended a 3-day analysis
window. This would be close enough to a future exacerbation event to affect the
course of the potential exacerbation and, thus, what goes into the reports. That is,
the patient would be expected to be aware of changes (or returning stability) to
their well-being. But at the same time, 3 days would be sufficiently far from the
projected event to allow time for a range of pre-emptive actions for the patient and
clinician. The clinician, for instance, might consult with the patient to develop an
appropriate plan of action, which could include changes to medication or (brief,
pre-emptive) hospitalization. This could lead to significant savings in resources. For
the patient, this would demonstrate that their data are being used for their benefit
(making their use of the app more transparent – see also Chapter 26 (Technology
acceptance in healthcare)) and perhaps leading to increased awareness of their own
health status.

To understand the added value of machine learning, we created a baseline heuris-
tic model based only on a user’s most recently reported subjective Symptom Score.
The model assigns users to two risk groups:

• Users reporting a Symptom Score of 1 are predicted to be at low risk (1.7%
risk) of exacerbation within 3 days.

• Users reporting a Symptom Score of 2 are predicted to be at heightened risk
(7.2% risk) of exacerbation within 3 days.

Percentages in brackets correspond to the mean 3-day exacerbation rate for all
reports in the training set with Symptom Scores of 1 or 2, respectively. A score of
“1” indicates no exacerbation prediction, and “2” indicates the prediction of an
exacerbation in the near future. This heuristic model is equivalent to a decision

iii. For a more detailed description of the procedure and results presented in this paragraph, see [8].

iv. See https://digital-strategy.ec.europa.eu/en/library/ethics-guidelines-trustworthy-ai.
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Table 11.1. Variables used for modelling.

Variable Description

Age User age at time of registration

Gender User gender

Symptom Score User-reported Symptom Score

CAT Score User-reported CAT Score

Smoking Status One of: smoker, ex-smoker, non-smoker

Smoking Years How many years smoked

Time from Last Report Time (in days) since the user last reported

Last Symptom Score Last user-reported Symptom Score

Last CAT Score Last user-reported CAT Score

Mean 7-Day Symptom Score Mean Symptom Score for user over last 7 days

Mean 7-Day CAT Score Mean CAT Score for user over last 7 days

7-Day Exacerbation Count Number of days on which user reported an
exacerbation event over the last 7 days

Mean 14-Day Symptom Score Mean Symptom Score for user over last 14 days

Mean 14-Day CAT Score Mean CAT Score for user over last 14 days

14-Day Exacerbation Count Number of days on which user reported an
exacerbation event over the last 14 days

tree with a depth of 1. Supervised machine learning models make use of patient
demographics, lifestyle information, self-reported information, and aggregate fea-
tures that summarize a patient’s (recent) self-reporting history. The variables we
used to generate our models are presented in Table 11.1. We built both logistic
regression and random forest classifiers to predict exacerbations. Each model was
trained using 5-fold cross-validation (grouped by user), which means that reports
from individual users appear exclusively in either the training or the test set.

Missing CAT Scores were imputed through forward-filling at the user level
where possible. All other missing values were filled using mean imputation within
that fold. Either target or ordinal encoding was used for all categorical variables
(Table 11.1).

Model hyperparameters were optimized on the out-of-fold validation samples
by Bayesian optimization via the Tree Parzen Estimator algorithm as implemented
in the HyperOpt Python library [10, 11]. Model performance was evaluated on
the holdout test set, and 95% Confidence Intervals (CIs) were estimated by boot-
strapping. To create a binary decision about exacerbation risk, model predictions
were dichotomized with thresholds chosen to yield either a fixed specificity or the
maximum Youden’s J statistic on the test set [12].
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11.4 Results of Substudy 1

On the holdout test set, the baseline heuristic model obtained an Area Under the
Receiver Operating Characteristic (AUROC) of 0.655 (95% CI 0.676–0.689). The
logistic regression model yielded an AUROC of 0.697 (95% CI 0.689–0.711)
and the random forest model 0.727 (95% CI 0.720–0.735) on the holdout test
(Table 11.2).v The significantly higher performance of the random forest model
(p < 0.001) suggests either interactions between variables are important in dis-
criminating between reports associated with exacerbation within 3 days or nonlin-
ear relations are present.

In Table 11.2, we show the sensitivity and specificity of the baseline model
and the machine learning models evaluated on the holdout test set. Although the
baseline model is already dichotomized, a threshold must be chosen to binarize
the continuous exacerbation risks it produces for the machine learning models.
The baseline model obtained a sensitivity of 0.551 (95% CI 0.508–0.596) with
specificity of 0.759 (95% CI 0.752–0.767), as shown in the table. Although nei-
ther machine learning model significantly outperforms the baseline model at the
same specificity (e.g., compare models A and E in Table 11.2), the tuning of the
threshold used to dichotomize the machine learning model predictions can lead to a
range of sensitivities and specificities (compare models C, D, and E in Table 11.2)
on the holdout test, which could be tuned to match different escalation policies
and interventional strategies. For example, the random forest model can be tuned
to yield a sensitivity of 0.921 (95% CI 0.907–0.935) or 0.576 (95% CI 0.553–
0.594) with respective specificities of 0.250 (95% CI 0.246–0.254) or 0.750 (95%
CI 0.749–0.751).

Table 11.2. Model performances evaluated on the holdout test set.

Area under the
receiver operating

characteristic
Name Model curve Threshold Sensitivity Specificity

A Baseline model 0.655 N/A 0.551 0.759

B Logistic regression 0.697 Youden’s J statistic 0.708 0.644

C Random forest 0.727 Youden’s J statistic 0.755 0.629

D Random forest 0.727 Specificity = 0.25 0.921 0.250

E Random forest 0.727 Specificity = 0.75 0.562 0.750

v. The 95% CIs are given in [11].

Downloaded from http://ftp.nowpublishers.com/books/oa-edited-volume/chapter-pdf/11132799/978-1-63828-237-220251014en.pdf by guest on 28 July 2026



148 Monitoring Wellness in Chronic Obstructive

Figure 11.2. Model performance evaluated on the patient holdout test set.

Figure 11.2 shows the Receiver Operating Characteristic (ROC) curve compar-
ing a set of prognostic models to predict exacerbation in the left-hand panel. This
includes a baseline model alongside the two machine learning models – a logistic
regression model (the continuous grey line) that does not consider variable interac-
tions and a random forest classifier that does (the continuous black line). The base-
line prognostic model captures the key features about exacerbation events observed
in our data: people reporting a deterioration of symptoms are significantly more
likely to experience an exacerbation event in the next 3 days compared to those
reporting normal symptoms (p < 0.001), with a relative risk of 4.16 (95% CI
3.8–4.5).

In the right panel of Figure 11.2, we present the Gini importance of the fea-
tures used in our random forest model.vi The most important features include the
patients’ recent CAT Scores (mean 14-day CAT Score and mean 7-day CAT Score).
The importance of the CAT Score per se is to be expected since the 8-item instru-
ment has been separately validated [7]. It is also consistent with research identifying
CAT Scores as an effective way to quantify the severity of a patient’s COPD, which
is linked in turn to their exacerbation risk [13]. The next most important features
are those quantifying recently reported Symptom Scores. Symptom Scores reflect
the symptoms a patient is (or was recently) experiencing, and Figure 11.3(e) shows
that people reporting higher Symptom Scores are more likely to report an exacer-
bation event within 3 days after having reported the step-up in score compared to
those reporting lower Symptom Scores. It follows that this information would be
helpful in developing a machine learning model.

vi. It is worth noting at this stage that CAT scores are typically provided monthly, whilst Symptom Scores are
provided each time the app user accesses the app.
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Figure 11.3. Self-reported Symptom Scores and results of Chronic Obstructive Pulmonary

Disease Assessment Test (CAT) for reports in our overall 2,374 patient cohort.

11.5 Learnings from Substudy 1

There are three main areas to highlight here. First, our results suggest that self-
reported data submitted to a digital health app, designed for the management of
people with COPD, can be used to identify users at risk of exacerbation within 3
days after a step-up in scores, with moderate discriminative ability (AUROC 0.727,
95% CI 0.720–0.735). Further research utilizing additional linked data (particu-
larly from medical devices such as smart inhalers, physiological monitoring sensors,
and environmental sensors) is expected to increase the accuracy of these models.

We also investigated the potential to include environmental factors in building
our models. We found that linking environmental data to improve prediction might
be expected to be non-trivial. Referring to the traditional ‘V’s for big data:

• Velocity: pollution data, for instance, is delivered at regular intervals that are
difficult to synchronise with the self-reported frequencies;

• Volume: pollution and weather data may not be available at the level of gran-
ularity relevant to many app users; for instance, sensor stations are typically
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available across multiple streets, not close enough for an individual to track
their movements between locations;

• Variety: pollutants are different in the home versus outside. Without knowing
where an app user is at any given time makes it difficult to match data sources
and the specific environment they would be exposed to; and

• Veracity: it is still not clear which pollutants, for instance, are more or less
relevant (see [14, 15]).

The status of the data should be carefully considered. If the data to be used for
modelling are clearly curated and owned by a healthcare provider, then there should
be a requirement to seek ethical review and approval from an external body to avoid
double jeopardy for the patient.

However, there needs to be a broader debate about the status of personal data
submitted to a self-reporting app. In this study, we did not use NHS data, even
though the data we accessed were special-category personal data relating to health.
Although the ethical responsibilities remain the same when exploiting such data,
institutional ethics review is sufficient.

11.6 Substudy 2: Behaviours Around App Usage

Although our primary focus was to examine the predictability of exacerbation
events from the data reported in the myCOPD app, the self-reported data might
also show changes in behavioural patterns over time. For example, Symptom and
CAT Scores may both deteriorate (i.e., become higher) moving from autumn into
winter, as a function of worsening weather. Subsequently, they may improve (i.e.,
become lower) as the weather gets better again in the spring. In addition, the scores
reported by the app users are based on their own perceptions of their ‘normal state’
and therefore on how they evaluate any deviation from that state. Furthermore,
app users may be prone to anxiety about changing weather conditions, which may
intrinsically affect their subjective evaluation of their COPD status. It is important,
therefore, to consider what we might infer from reporting behaviours, in particular
as the seasons change.

In addition, though, and as highlighted in the right panel of Figure 11.2, per-
mutations of the CAT and the Symptom Scores contributed significantly to the
model reported in the first part of this chapter. Indeed, the Gini importance in the
figure suggests greater significance for these scores than smoking status and gender.
Although the CAT Score has been separately validated, [7] the Symptom Scores
are low-dimensional (there are only four options). Furthermore, COPD status in
general has been associated, in the most severe of cases, with a subjective response
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from the patient but is also potentially influenced by their carer [9]. Therefore, it is
important to consider the reliability of the scores or, in big data terms, their veracity.

11.7 Methods of Substudy 2: Behaviours Around App
Usage

An extract was created of the mean CAT and Symptom Scores for the periods
autumn 2018 (September through November), winter (December through Febru-
ary), and spring 2019 (March through May). We used the data from those who
reported three or more CAT Scores during a period, which resulted in 128 app
users. From the 128 app users, the mean CAT Score and corresponding mean
Symptom Score were calculated for each of the three periods, resulting in six scores
per app user.

This study was approved by the Faculty of Engineering and Physical Sci-
ences research ethics committee at the University of Southampton, reference
ERGO/FEPS/56580.

11.8 Results of Substudy 2: Behaviours Around App
Usage

For the periods from 2018 going into 2019, the mean temperature was 9.77◦C,
5.17◦C, and 8.40◦C for autumn, winter, and spring, respectively.vii There was little
difference in the mean CAT or Symptom Scores across the same period: the average
CAT Scores for autumn, winter, and spring were 16.75, 16.89, and 17.53, respec-
tively. The average Symptom Scores for autumn, winter, and spring were 1.44, 1.46,
and 1.48, respectively. The differences were not significant (Wilcoxon test).

This suggests that neither objective CAT nor subjective Symptom Score changes
over the three seasons; there does not appear to be any seasonal effect with these
changes in terms of temperature. In addition, Figure 11.4 shows the fraction of
self-reported exacerbations (i.e., >2) of all registered Symptom Scores on a given
day. Days with a higher fraction of reported exacerbations have a darker shade.
Visually, we see little discernible systematic seasonality in the daily exacerbation
rate, although there are some indications that winter may be worse. At any rate,
it is difficult to identify consistent trends at this time.

To investigate this further, we analysed the scores to establish if responses could
be clustered in any meaningful way. For this, the six scores for each of the 128

vii. https://www.metoff ice.gov.uk/research/climate/maps-and-data/summaries/index.
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Figure 11.4. Calendar plot of exacerbation rate for study period. Each individual day

shows the fraction of users reporting an exacerbation (3 or 4) out of all users report-

ing Symptom Scores on that day.

app users were converted to normalized (z) scores and clustered as follows: first,
the amount of variance accounted for by the number of clusters was plotted for
each season.viii For all four seasons, a four-cluster solution consistently showed good
separation between the clusters. Figure 11.5 shows all 128 combinations of CAT
and Symptom Scores for winter (left panel), along with the mean value for the
assumed four clusters for each of the three time periods (right panel). The four
clusters may be summarized as follows:

• Cluster 1: both CAT and Symptom Scores are low.
• Cluster 2: CAT Score is high; Symptom Score is low. The app user seems to

be underestimating their symptoms.
• Cluster 3: both CAT and Symptom Scores are high.
• Cluster 4: CAT Scores are low, Symptom Scores are high. The app user seems

to be overestimating their symptoms.

We would expect CAT and Symptom Scores to correlate: the objective CAT
would be reflected by a corresponding subjective Symptom Score. Clusters 1 and
3 represent the ideal situation.

Table 11.3 shows how many individuals were assigned to a given cluster across
the three seasons of autumn, winter, and spring.ix The average temperature (Deg
C in the table) came from the UK Met Office as referenced. The final column
shows the number of app users who were clustered into Cluster 1 or Cluster 3,
where CAT and Symptom Scores correspond, namely those whose objective and
subjective self-reports are in line.

The left panel of Figure 11.6 shows a schematic representation of the clusters
from Figure 11.5. Clusters 1 and 3 are shown in blue in the figure. These two
clusters are expected because CAT and Symptom Scores correspond, as stated, to

viii. That is, the difference between the sum of squares and the total sum of squares (using R-Studio).

ix. K-means clustering using IBM SPSS Ver 28.
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Figure 11.5. Clusters of CAT and Symptom Scores over the seasons (with k = 4).

Table 11.3. Cluster membership by season (total N = 128).

Cluster

Season Deg C 1 2 3 4 1+3

Autumn 9.77 50 36 16 26 66

Winter 5.17 57 32 25 14 82

Spring 8.40 52 28 23 25 75

52%, 64%, and 59% of the 128 app users in autumn, winter, and spring, respec-
tively. 48% for the autumn, 36% for winter, and 41% for spring therefore did not
report their expected status. These individuals cluster either in Cluster 2, where
they underestimate on the Symptom Score, or Cluster 4, where the CAT Score is
lower than expected.

Looking at the clusters over the three seasons, 85 app users (66.4% of 128) stayed
within the same cluster, either the expected ones (57% or 67% of the 85 in Clusters
1 and 3, respectively) or not (28% or 33% in Clusters 2 and 4, respectively). Staying
in the same cluster suggests they noticed no seasonal effects: the differences in tem-
perature reported by the UK Met Office did not provoke any changes in reported
COPD status. Note that seasonal changes may involve dampness and other factors
as well as temperature.

Around one-third (128 − 85 = 43, or 33.6%) did change clusters. The arrows
on the right panel in Figure 11.6 show possible changes: the blue arrow between
Clusters 1 and 3 represents situations where reports remain consistent in that both
CAT and Symptom Scores vary together. An app user’s condition might have been
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Figure 11.6. Schematic of the clustering of CAT and Symptom Scores.

expected to deteriorate (move from 1 to 3), for example, from one season to the
next, and then either return to what it was or remain unchanged.

The central aspect was: which clusters did individuals move to, and can we
account for any such moves? In the right panel of Figure 11.6, the arrows suggest
expected changes in cluster. For instance, the blue arrow (labelled a) would represent
the following scenario: an app user reporting low CAT and Symptom Scores (Clus-
ter 1) might start to feel worse as the weather deteriorates. This would most obvi-
ously involve a move to Cluster 3. As the weather improves, this would either result
in a return to Cluster 1: the app user feels better, and hence the arrow is double-
ended. Alternatively, the app user may stay in Cluster 3, because their condition has
genuinely worsened, and thus the assessment persists despite the better weather.

Table 11.4 summarizes which clusters those who move clusters (43 of the total
128 app users) are in for which season. There appears to be an order effect, if not
a seasonal one. In autumn, there are less users reporting in Clusters 1 and 3 – the
expected clusters where CAT and Symptom Scores correlate highly and follow the
blue areas in Figure 11.6. The majority of reports fall in Clusters 2 and 4, with 17
reports in each. By winter, they are at least more consistent across the clusters, with
13, 13, and 12 in Clusters 1, 2, and 3, respectively. By spring, Symptom Scores
seem to be exaggerated (Cluster 4), perhaps by an oversensitivity to changeable
conditions in a British spring.

Table 11.5 summarizes which clusters app users start in and where they move to
in the following season. Note that the movement expressed in this table could be
from autumn to winter or from winter to spring. As can be seen from the principal
diagonal (numbers in bold in the table), 23 (or 30%) of the 79 entries in this table
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Table 11.4. Cluster membership by season for the

population changing cluster (total N = 43).

Cluster

Season 1 2 3 4

Autumn 6 17 3 17

Winter 13 13 12 5

Spring 8 9 10 16

Table 11.5. Cluster membership changes by sea-

son (total N = 43).

To Cluster

From Cluster 1 2 3 4

1 8 3 0 8

2 6 6 11 5

3 0 8 4 3

4 5 0 7 5

show no season-to-season movements; they remain for at least two seasons in the
same cluster. Furthermore, as mentioned previously and shown by the blue areas
in Figure 11.6, there are no cases from one season to the next where app users
move from Cluster 1, where both CAT and Symptom Scores are low to Cluster
3 where both are high. This would be expected as an indication of a worsening
condition. The same progression in reverse (from Cluster 3 back to 1), where the
condition settles down again, is also not found. What is shown, however, is that
56 out of the 79 movements (70% of the movements) shift from one cluster to a
different one.

Returning to the right panel of Figure 11.6, the changes in cluster across sea-
sons suggest instability in reporting rather than specific effects of the changing
seasons. In the figure, we suggest that movement to Cluster 4 (high Symptom
Score, low CAT score), which represents 16 (29%) of the 56 movements in the
table, reflects increased awareness by the app users of their condition: app-users
are perhaps oversensitive to minor changes in their overall well-being and therefore
exaggerate symptoms. Movements to Cluster 2, 11 (20%) of the 56 movements,
perhaps reflect denial: their condition is deteriorating (as evidenced by the higher
CAT score), but they are unwilling to admit it by underestimating the Symptom
Score.
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Although we have not looked specifically at three-stage reporting across autumn,
winter, and spring here, movement from Cluster 4 or Cluster 2 into either Cluster
1 or Cluster 3 (29% or 52% of the 56 movements) could represent increasing
awareness of health status and thereby increasing confidence about reporting in
that the Symptom Scores would reflect the independently validated CAT Scores.
Alternatively, their health status as measured by the CAT Score changes, and yet
their subjective view as shown by the Symptom Score does not. The suggested
explanations for the changing behaviours here, although finding some support in
the literature, require further investigation in follow-on work.

The reliability of self-reporting has been examined in many different studies
(for instance, [1]). In healthcare specifically, this may result in characteristics of the
cohort reporting status that potentially influence their condition or the context in
which reporting is done and an unwillingness to be seen as a burden on health pro-
fessionals [16–18]. For COPD, Stelmach and colleagues suggested deliberate mis-
reporting under some conditions, [19] whilst Sigurgeirsdottir and colleagues found
evidence that the complex interaction between different factors, including anxiety
and feelings of isolation, might influence how patients are willing to engage [20].
Similarly, in a series of studies with COPD patients in the Netherlands, Korper-
shoek and colleagues found that not everyone is suited for self-management [21].
Patient engagement with self-reporting may be influenced by whether they feel they
can affect the outcome of their treatment or are dependent on (other) external fac-
tors [22]. In all, COPD patients are subject to denial, inexperience, their support
system, underplaying their health status, and their trust in the healthcare ecosys-
tem [23].

11.9 Learnings From Substudy 2: Behaviours Around
App Usage

Examining the two data types – CAT Score and Symptom Score and which have
been shown to contribute significantly to the machine-learning models (see the
right panel of Figure 11.2) – does not show any clear seasonal effects: scores did not
worsen as the weather deteriorated going into winter or improve going into spring.

This could, of course, be the result of app users staying indoors more during
the winter or even that the temperature changes were not sufficient to affect their
perceptions of their well-being. However, deviation from expected behaviours –
Clusters 1 and 3 in the figures of this paragraph, where CAT and Symptom Scores
correlate – may either reflect fluctuating sensitivity by the app users to their condi-
tion, a required period of adaptation to changing perceptions, or even an unwilling-
ness to acknowledge the seriousness of their condition. Those using self-reporting
apps that take subjective responses as input may need time to develop user trust in

Downloaded from http://ftp.nowpublishers.com/books/oa-edited-volume/chapter-pdf/11132799/978-1-63828-237-220251014en.pdf by guest on 28 July 2026



References 157

how the healthcare app fits into their existing healthcare regime. At all events, the
Veracity of the data needs to be seen in the context of reporting behaviours.

11.10 Discussion and Conclusion Both Substudies

In this chapter, we have reported on the initial findings of two approaches to the use
of apps and data analysis for clinical effects. Both the substudies sought to inves-
tigate whether data coming from self-reporting apps could support the develop-
ment of a machine-learning model that could then be able to predict exacerbation
events. In the first sub-study, we show promising results based on a relatively small
set of data. This was encouraging, not least because we did have to deal with the
challenges involved in integrating environmental factors (i.e., COVID-19) directly
into the models. In the second substudy, we examined behavioural aspects which
could be inferred from the data. Using simple k-means clustering, we identified
four intuitively plausible clusters. Looking at how these changed across reporting
periods suggested that instability in self-reports (changes in reporting or movement
between clusters) probably reflects app-user perceptions and adaptations to the app
as part of their healthcare rather than external, seasonal changes.

Taken together, this study has demonstrated the potential and value of machine
learning in exacerbation prediction whilst also highlighting the need to investigate
behavioural aspects of app usage. In this respect, our study differs from some of the
other studies where self-reporting is based on more objective measures (e.g., blood
sugar levels in an app supporting gestational diabetes). It therefore contributes to
big data healthcare research based on subjective self-reports.
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