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ABSTRACT

Patient-generated data, such as data from wearable fitness trackers and smartphone apps, are viewed as a valuable information
source towards personalised healthcare. However, studies in
specific clinical settings have revealed diverse barriers to their
effective use. In this paper, we address the following question:
are there barriers prevalent across distinct workflows in clinical
settings to using patient-generated data? We conducted a twopart investigation: a literature review of studies identifying such
barriers; and interviews with clinical specialists across multiple
roles, including emergency care, cardiology, mental health, and
general practice. We identify common barriers in a six-stage
workflow model of aligning patient and clinician objectives,
judging data quality, evaluating data utility, rearranging data
into a clinical format, interpreting data, and deciding on a plan
or action. This workflow establishes common ground for HCI
practitioners and researchers to explore solutions to improving
the use of patient-generated data in clinical practices.
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INTRODUCTION

The widespread adoption of health and wellbeing self-tracking
practices has made the resulting wealth of patient-generated
data come to be seen as essential to the delivery of personalised
medicine [38]. The rise in self-tracking practices, enabled
by new wearable sensors (such as smartwatches and Fitbits),
connected home measurement devices (such as scales, blood
pressure cuffs, and sleep monitors), and easy-to-use smartphone apps, have already motivated many individuals to bring
patient-generated data with them to clinical consultations [32].
These new data are seen to hold significant potential for
improving healthcare in at least two ways. First, by capturing
details of the patient’s life outside the doctor’s office, such as
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routine activities and symptomatic burden, these data are seen
to ‘bridge the gap’ between consultations [38]. Second, they
are seen as key to empowering patients to better improve their
health and wellbeing, via improved understanding and instrumented interventions [41]. For these reasons, many initiatives
have been launched towards more integrated use of patientgenerated data in clinical practice. In the United Kingdom, the
recent Personalised Health and Care 2020 policy envisions
that, as a result of patients contributing patient-generated
data to health records, the quality of care will improve,
healthcare costs will decrease, and patients will become more
empowered [37]. In the United States, several patient portals of
healthcare providers already allow patients to upload data from
their personal digital devices prior to patient consultations [16].
Despite these developments, studies within specific clinical
settings have documented a wide range of barriers towards
establishing the routine use of patient-generated data at various
stages in clinical workflows [18]. For example, within the
management of irritable bowel syndrome, one study identified
that lack of standardisation within patient-generated data
makes it difficult for clinicians to interpret the data [13].
Another study, which focused on using consumer apps for
managing diet, found that clinicians were concerned that
data from these apps were unreliable [27]. While these
studies yield insights about the needs of particular clinical
settings, identifying barriers common across such clinical
settings promises to advance designs to improve the use of
patient-generated data across clinical contexts. If the unmet
nascent needs of such data across clinical settings could be
identified, then HCI researchers or UX designers could identify
how such barriers might be prioritised and addressed.
This paper therefore investigates the following research
question: are there barriers to using patient-generated
data across distinct workflows in clinical settings? While
recent studies provide important insights of patients’ use of
patient-generated data [14, 32], there is a gap in HCI research
on clinicians’ perspectives of such data. Understanding
clinicians’ perspectives could reveal barriers within different
clinical settings, and therefore forms the grounding for
our work. Through a literature review and interviews with
clinicians across diverse clinical settings in the United
Kingdom, this study provides a new understanding of the
common barriers and workflows for using patient-generated
data across different clinical settings, with implications for the
design of self-tracking tools and clinical practice.

BACKGROUND
Patient-Generated Data within Clinical Settings

Wearable fitness trackers and smartphone health apps that produce personal health-related data, such as heart rate, physical
activity, and mood, have become increasingly popular consumer items, with over half of smartphone users reported to
have installed a health app [28]. Many studies have focused on
both the challenges and benefits of self-tracking apps and wearables from the patient’s perspective. These devices have been
shown to shorten post-surgical recovery times, improve mobility and wellbeing among the elderly, and significantly improve
the conditions of diabetes patients [10]. Self-tracking apps can
enable patients undergoing multi-stage treatments to monitor
changes in their health as they progress through each phase, improving overall patient experience and providing a form of education and feedback [22]. Patient-generated data can provide detailed and precise information about irritable bowel syndrome
patients’ routines and enable personalisation of treatment
plans [13]. Because of such encouraging findings on the patient
side, the integration of patient-generated data into care could
allow tailored treatment to individuals, more informed clinical
decisions, and a shift from treatment towards prevention [4].
However, comparatively few studies have examined the use of
patient-generated data from clinical specialists’ perspectives.
In one such study, clinicians, nurses, and specialists were
skeptical about the benefits of patient-generated data, and
time constraints and lack of standardised formats led to
difficulties in their use [13]. Clinicians may lack confidence
when using patient-generated data because they are seen as
emotional judgements motivated by a patient’s obsession with
their health [3], or an indicator of underlying distress or a
psychiatric disorder [54]. Moreover, clinicians may lack trust
in patients’ ability to collect reliable and objective data [51].
As a consequence of these factors, patient-generated data
may be perceived to be inadequate evidence for use in clinical
decisions, thereby leading clinicians to base such decisions in
data that they can trust, namely their own clinical measurements
and lab tests [51]. We aim to identify how these barriers
manifest across different clinical settings so that they may be
addressed and overcome, in turn enabling patient-generated
data in the service of personalised and data-driven healthcare.
Workflows for Using Patient-Generated Data

Analysing patterns of clinicians’ use of health information, or
their workflows, could help uncover common barriers to using
patient-generated data. Despite the diverse and distinct tasks
undertaken in different clinical settings [47], clinicians across
settings share common goals, such as mitigating risk and harm,
and engaging patients in their care [8]. In our prior work, we observed that, when deriving a diagnosis using patient-generated
data, clinicians across different roles followed a workflow comprising steps of information discovery, evaluation, generating
hypotheses, and then systematically ruling-out hypothetical
causes of the patient’s condition [51]. Related prior work has
uncovered barriers in such workflows that create challenges for
using electronic medical records, including time constraints,
disruption to current practice, and legal consequences [7].
A few studies in prior CHI work have identified workflows

for using patient-generated data in clinical settings. In a study
evaluating an interface for viewing step-count data from Fitbit
in clinical settings, a workflow was followed by a clinician
comprising three phases [26]. First, data were ‘skimmed,’
in which the clinician viewed the provided information and
interpreted them with respect to prior known information about
the patient. Second, the clinician asked questions about the
data, such as what the patient was doing during data collection,
and goals were set for the patient. Third, the clinician would
wait until the end of the consultation to enter the goals into
the interface. The three phases involved conversing with the
patient, which suggests that successful workflows for using
patient-generated data will encompass collaboration.
Mentis et al. observed doctors using Fitbit data recorded by patients, also revealing that use of patient-generated data is a collaborative process, in which doctors and patients work towards a
mutual understanding of the data [32]. Chung et al. propose that
such data act as a boundary artefact, where collaboration around
shared information requires knowledge and expertise from both
clinicians and patients [14]. However, prior work has demonstrated that clinical settings can be challenging environments
for sharing information, with patients’ separation from information artefacts impeding their ability to interact with information,
in turn preventing collaboration with clinicians [49]. Drawing
on the work of Mentis et al. [32], we consider the workflow
of using patient-generated data to be a collaborative process
between clinician and patient. We frame our investigation in
the shared characteristics across work settings through eliciting
the experiences of clinicians to understand their perspectives
of patient-generated data, and to identify common barriers.
METHODS
Literature Review

The aim of the literature review was to understand how barriers
found in prior work may exist across different clinical settings.
We adapted our method from our prior work [52]: we searched
seven databases (ACM DL, EBSCOHost, Web of Science,
SCOPUS, JSTOR, Cochrane, and PubMed) for empirical
studies of the use of patient-generated data in clinical settings.
The databases were queried using search terms formed from
permutations of “patient”, “clinician” (and related terms, such
as “doctor”), and “self-tracked data” (and related terms, such
as “quantified self”), resulting in 1218 results. The inclusion
criteria were: (i) the article needed to represent primary
research, i.e., summarising one or more empirical studies, and
(ii) involved some aspect of clinicians’ lived experiences and
use of patient-generated data. The breadth of search terms
returned many papers identified as ineligible based on viewing
the title alone. Of the remaining papers, 148 abstracts were
read, to reach a final set of 22 papers (a PRISMA flowchart of
this process is included as supplementary material available
via the ACM DL). We read each manuscript in full to identify
challenges and difficulties in the use of patient-generated data.
These were then noted and collated across studies, grouped
by similarity, and then categorised by workflow stage.
Clinician Interviews

We then conducted interviews with clinicians from a broad
range of clinical roles to further investigate barriers across clin-

ical settings. By interviewing clinicians directly, we could discern their lived experiences, which are crucial to understanding
how patient-generated data would be used in real clinical settings [31]. Our recruitment method and procedure, which are described below, were approved by our institutional review board.
To recruit clinicians from diverse clinical roles, snowball sampling [5] was used, in which an initial sample of five seed
participants from a prior study helped to recruit further participants. We drew inspiration from the snowball sampling
technique used in a similar interview study about self-tracking
in chronic illness management [30]. Participants were recruited
according to the following inclusion criteria: (i) they were certified clinicians, and (ii) they regularly worked with patients. A
final sample of thirteen clinicians (listed in Table 1) were interviewed. While most prior studies of patient-generated data use
focus on healthcare within the United States [52], clinicians interviewed in this study all practised within the United Kingdom.
The clinical contexts of the participants spanned cardiology,
oncology, mental health, surgery, emergency care, general practice, and audiology. Within this paper, the word ‘clinician’ is
used to collectively describe members of these roles, who are
all physicians who specifically work with and treat patients
[46]. Semi-structured interviews were then carried out either
face-to-face, by video conference, or by phone. Our aim was
to elicit perspectives on patient-generated data, so we asked
questions pertaining to their clinical background and prior experience with patient-generated data, how they would evaluate
and use such data, and their perspectives on how such data could
affect their practice. Using semi-structured interviews allowed
discussions of concepts which we had not been anticipated.
Interviews were audio recorded, transcribed, and then analysed
in four parts. First, we applied iterative open-coding to categorise quotes from transcripts into themes around how patientgenerated data gets used, which were then consolidated with
themes from the literature review. It emerged that participants
expressed using patient-generated data as part of several distinct
stages. Second, we ordered these stages chronologically to construct a generalised workflow for using patient-generated data in
clinical settings. We chose to construct a new, original common
workflow model rather than adapting existing workflow models,
which largely pertained to specific clinical settings and types
of data [32, 14]. Using the Workflow Elements Model [48],
we considered the actors performing actions (i.e., clinician and
patient), the artefacts used (e.g. patient-generated data), the
actions taken, the characteristics of these actions, and the outcomes of these actions. Third, we thematically analysed each
quote within each workflow stage, and inductively categorised
each quote into salient themes regarding clinician’s difficulties
in using patient-generated data. We refined and compared
these themes to reach a final set of barriers for each workflow
stage. Finally, we compared how each barrier manifested in
each clinical setting to identify generalisable challenges and
workflows for using patient-generated data in clinical settings.
RESULTS
Literature Review

The literature search resulted in 22 studies which covered a
broad range of clinical contexts for using patient-generated

Table 1. Participants of interviews by clinical role, and years in practice.
Clinical role

Participants

Years in practice

Cardiologist
Mental health specialist
Emergency doctor
Junior surgeon
Hospital doctor
General practitioner
Heart failure nurse
Oncology nurse
Audiologist

P1, P2, P3, P4
P5, P6
P7
P8
P9
P10
P11
P12
P13

All 20+ years
10 years, 5 years
5 years
5 years
4 years
20+ years
20+ years
2 years
3 years

data, such as for identifying triggers of irritable bowel syndrome (IBS) [13, 14], for managing multiple chronic conditions
(MCC) [2, 3], for monitoring itching conditions [29], for
managing Parkinson’s [32], for promoting healthy sleeping [44,
50], and for diagnostics [51]. We identified 12 distinct
barriers, listed in Table 2 with respect to the clinical settings
they were identified in. These themes exhibit similarities
with themes we identified in prior work [51, 52], namely
in identifying challenges pertaining to information quality.
However, in this review we looked more broadly at the
barriers to patient-generated data beyond just information
quality, including characteristics of work settings, such as time
constraints and information overload, and clinical practice,
such as doctor-patient relationship and expertise.
Within clinical contexts, barriers can arise because of characteristics of patient-generated data. For example, the structure
and reliability of such data are typically unfamiliar to clinicians,
who are accustomed to working with data conforming to clinical
standards. Moreover, the data can be incomplete, possibly because the patient forgets to take measurements, or because they
fail to disclose certain information. Contextual information,
such as what the patient was doing at the time of measurement,
is also seldom available, making it difficult to validate the data.
Studies suggested that self-tracking may be an indication of a patient’s obsession with their health or other psychiatric disorder.
Barriers also related to time and skill constraints: interpreting
patient-generated data can take too much time, require expertise which the clinician does not have, and lead to too much
information to effectively make a decision. Finally, several
studies identified potential disruption to workflows, including
how patient-generated data could affect the doctor-patient relationship in unknown ways, and that healthcare IT systems are
typically not interoperable with patient-generated data.
Semi-Structured Interviews

The interviews revealed diverse working patterns to how
patient-generated data are evaluated and used. With such a
diversity of clinicians, interview digressions explored the kinds
of data patients may collect, the willingness to engage patients
in their care, and the technical capacities of patients (such as
a patient’s ability to use self-tracking tools). For example, three
cardiologists spoke about the use of a specific app for tracking
atrial fibrillation, a common disease which causes irregular
heart rhythm [21]. It became clear that their treatment options
are influenced by a variety of factors (including caffeine, diet,
and alcohol use [35]), and self-management can greatly benefit
outcomes, such as by reducing stroke risk [53]. These factors

Disease prevention [15, 26]

Breast cancer [24, 40]

Multiple chronic conditions [2, 3]

Mental health [25]

Diabetes [39, 42]

Parkinson’s [32]

Hospitalisation [33]

Itching [29]

Weight loss [11]

l l l l
l
l
l l
l
l l
l
l l l l l l
l
l
l l
l
l l
l
l
l
l
l
l
l
l l
l
l
l l
l l
l
l
l
l l l
l
l
l
l
l
l
l
l
l

Diagnosis [51]

Data structure is unfamiliar or inconsistent.
Missing measurements or poor patient adherence.
Inaccuracies in data, or self-tracking practice not clinically validated.
What the patient was doing at the time of measurement is unknown.
Data are irrelevant to the current clinical context.
Patients may be withholding certain information.
Self-tracking behaviour may indicate obsession or psychiatric disorder.
Clinicians do not have sufficient time to interpret and analyse data.
Clinicians have not received training for using such data.
Too much information for the clinician to work with.
Data difficult to integrate into clinical systems, can go missing.
Negative impact to doctor-patient relationship.

Sleep [44, 50]

Structure
Completeness
Reliability
Context
Relevance
Selective disclosure
Underlying condition
Insufficient time
Insufficient expertise
Information overload
Poor interoperability
Impact to workflow

Chronic illness [30]

Description

General [23, 26, 54]

Irritable bowel syndrome [13, 14]

Barrier

Table 2. Barriers to using patient-generated data identified within the literature review, listed with the clinical contexts in which they were observed.

contribute to determining a treatment plan for a patient, so
asked about how specific types of information recorded using
the app, such as symptoms and life events, might form part
of the clinician’s workflow. The cardiologists stressed the
importance of collaborating with the patient to understand their
health and decide between treatment options.
During interviews it was helpful to ask questions about specific
forms of patient-generated data to understand their nature and
use cases, and drill down on specific barriers to their use within
different clinical settings. For example, a cardiologist, P2, was
more interested than a surgeon, P8, in a patient’s everyday life
experiences. This difference was, in part, explained by the
pertinence of barriers to those contexts; the surgeon perceived
patient-generated data as too subjective, while the cardiologist
specifically wanted subjective data to understand the burden
of symptoms. Moreover, these clinicians described different
approaches to working with patients; the cardiologist favoured
collaboration with the patient while the surgeon described
a more paternal role over the patient. The differences in the
challenges for using patient-generated data reflect the diverse
workflows used in specific clinical settings, but the overlap
of barriers across settings suggests that these barriers may be
common to clinical practice generally.
COMMON WORKFLOWS AND BARRIERS

The barriers identified within the literature and interviews
generally appeared within six chronological stages (illustrated
in Figure 1), which comprised a common clinical workflow
for using patient-generated data. Below, each workflow stage
is described with regard to the barriers within them.
Stage 1: Aligning Patient and Clinician Objectives

The first stage of the workflow involves crafting mutual
objectives for the consultation. When a patient presents

patient-generated data to a clinician, one of the first questions
the clinician might ask themselves is why the patient engaged
in self-tracking. Investigating this question gives clinicians
an understanding of what the patient hopes to achieve and
what they expect from the consultation, and their underlying
reasons for self-tracking. Having aligned motivations was seen
to facilitate the ability for clinicians and patients to collaborate
on the management of a patient’s condition, and to engender
mutual trust. As described by a cardiologist:
Trust of the data would be determined by what the patient’s
expectations were and drivers for using self-tracking. – P1
While participants tended to perceive a patient’s motivations
to self-track as a willingness to engage in their health, some
worried that patients may obsess over aspects of their health or
have hidden motivations for presenting the data (B1.1: patient
motivation is not always obvious). A prior study in the context
of multiple chronic condition management similarly found
that “patients who tracked data very diligently (e.g., detailed
exercise logs, which clinicians saw as having little clinical
relevance) were sometimes referred to as obsessive and
compulsive or fastidious” [3]. Likewise, a heart failure nurse,
P11, said that “some patients can go a little bit over the top
and collect everything.” An emergency doctor said that such
obsession can be a hindrance:
You do get patients who fixate on it a bit too much. That
can be a hindrance, because they say look at all this effort
I’ve put in, and then you glance at it, and say “actually
that’s not that relevant to what brought you in today.” – P7
Patients may be motivated to mislead clinicians, possibly
to force a diagnosis [51] or avoid increased insurance
premiums [2]. A mental health specialist was concerned that
patients may have motivations to lie about their health:

Align patient and
clinician objectives

Evaluate data quality

Judge data utility

1

2

3

B1.1: Patient motivation is not always
obvious
B1.2: Misaligned objectives

B2.1: Unclear accuracy and reliability
B2.2: Data is often incomplete
B2.3: Data often lacks context

B3.1: Insufficient time
B3.2: Data can be irrelevant
B3.3: Data can be distracting
B3.4: Poor interoperability

Decide on a plan
or action

Interpret the data

Rearrange the data

6

5

4

B6.1: Patient-generated data not considered
concrete evidence
B6.2: Data use limited by practice or training

B5.1: Ambiguity in subjective data
B5.2: Unclear meaning of missing data
B5.3: Reliance on patient recall

B4.1: Unfamiliar structure
B4.2: Unhelpful structure

Figure 1. The six-stage workflow for using patient-generated data. Stages take place chronologically, within each several barriers commonly arise.

If you ask about their data, you do start spotting body
language changes when you say, “you said this, is that
the case?” You see a certain shiftiness or a quick response
which is maybe tinged with a bit of irritation or anger,
tell-tale signs that something isn’t stacking up. – P5
Conversely, a mental health nurse said that her patients are
unlikely to lie about their health, suggesting that barriers to
using patient-generated data depend on the context of the
situation, rather than just the clinical role:
There is a certain complex mental health problem where
people might want to manipulate it a bit, but I don’t get that
impression from people generally with what we do. – P6
Where a patient is obsessed or misleading about certain aspects
of their health, participants reflected that the clinician and
patient had different objectives for the consultation (B1.2: misaligned objectives). To overcome this barrier, participants
described a process of “managing the patient’s expectations”
(P2, a cardiologist) to provide a way for the clinician and patient
to agree on the objectives of the consultation and inform the
patient of what can reasonably be expected given the patient’s
condition. For example, they may discuss self-tracking habits
with the patient to improve the patient’s understanding and
expectations of their health. This was the first indication that
use of patient-generated data is an inherently collaborative
process and that the patient is an important actor within
the workflow towards aligning objectives. Having aligned
objectives is critical for building a relationship of trust
between the clinician and patient, and setting up the conditions
necessary for using patient-generated data.
Stage 2: Evaluating Data Quality

A second workflow stage common across clinical settings was
judging whether data were of sufficient quality to be admitted as
clinical evidence. Quality entailed several properties of the data,
including their accuracy and reliability. In this stage, an immediate barrier for participants was the difficulty in determining
the accuracy and reliability of patient-generated data (B2.1: unclear accuracy and reliability). For example, a junior surgeon
questioned the patients’ technique for tracking blood pressure:
There is a question about how precise their equipment

is and if they are doing it right. But if they bring in the
equipment and show you it, you can see that it’s fairly
accurate. But I don’t often take things at face value. – P8
Similarly, a general practitioner described a consequence of
not knowing the reliability of data as a lack of objectivity:
It’s not gone through some objective or analysis of assessment. It won’t stand up to that kind of scientific approach.
It would be more a commentary, it assists the subjective
kind of discussion, the subjective embellishment of
what they are feeling. I couldn’t use it in any objective
way. – P10
The completeness of data was also considered by participants to
be an important quality of patient-generated data. Incomplete
data was sometimes a significant barrier (B2.2: data is often
incomplete), where missing data creates ambiguity around
the patient’s condition during those times. Regarding missing
heart rate measurements, a cardiologist said:
Is it because they were unwell and therefore didn’t make
the reading, because they were in bed at home? Or is it
because they were out partying and having so much fun
that they didn’t bother to make the reading? – P4
Other participants were more confident about the meaning
of gaps in the data. In the context of a patient with a heart
condition who records their general wellbeing on a scale of one
to five, a cardiologist said that a gap in data collection indicates
the patient was well enough that they didn’t feel the need to
collect data at that time:
Gaps would make me think that they can’t be highly symptomatic because they aren’t so bothered as to record it. It’s
an act of omission, and omission means they’re fine. – P1
This reflects an important difference between clinical settings;
although completeness was a commonly-raised quality issue of
patient-generated data, its importance depended on the clinical
setting. In some settings, incomplete data were not a significant
concern, but instead seen as an indicator either of wellness or
that patients experienced only transient or mild symptoms that
did not concern them. Patients would be likely to keep track
of things when they were of most concern to them. In other

settings, missing data was more troubling, provoking questions
about the patient’s wellbeing during those times.
Relating to information quality, participants also needed to
understand what the patient was doing during the time of
data collection (B2.3: data often lacks context). Knowledge
about such context is crucial for establishing the reliability of
patient-generated data. For example, in the context of blood
pressure measurements, an emergency doctor, P7, said that
high blood pressure may not indicate a medical problem, but
can instead mean that “you were excited, you’re angry, or
there was something that was bringing your blood pressure up.”
Similarly, one study of irritable bowel syndrome management
documents clinicians’ difficulties in using patient diaries
because clinicians needed “to know more about the context of
the data in order to trust it, citing possible confounds including
emotional and physical health, hydration, and exercise” [45].
Prior work has described clinicians’ concerns with the quality
of patient-generated data. In one study, which focused on
insulin therapy, a caregiver faked their daughter’s blood glucose
level to postpone insulin therapy [3]. This study also described
clinicians as having little confidence in patient-generated
data due to “perceived lack of diligence, moral valence of
the data (with patients unwilling to ‘admit’ undesirable
numbers), and fear of consequences” [3]. Despite concerns that
patient-generated data could be unreliable, especially where
measurements were deemed to be incomplete or subjective,
we found that some clinicians proposed that such deficiencies
may reflect the patient’s situation and how concerned they are
with their condition. For example, one cardiologist said:
People who are anxious often exaggerate a situation, but
they’re describing their perception of what’s happening to
their body so it’s difficult to say their data are wrong. – P2
Moreover, many participants viewed patient-generated data
as reliable where relevant data are otherwise unavailable. A
cardiologist, P1, described such data as ‘the only way we have
of judging the success of a procedure.’ Participants described
several kinds of information which are not currently available
through clinical means but could be made available through
self-tracking: quality of life (e.g., the burden of symptoms
on the patient’s general wellbeing), symptom frequency and
severity (e.g., palpitations or chest pain), and major life events
(e.g., death of a family member).
Stage 3: Judging Data Utility

The third stage of using patient-generated data comprised
deciding whether data could or should be used in the current
context. In a prior study, general practitioners described
having limited time to analyse patient-generated data between
consultations [13], and within these time limitations it is
often unrealistic or impossible to use patient-generated data
(B3.1: insufficient time). Participants across all clinical roles
described similar barriers to how utilisable data were in their
clinical settings. As described by one general practitioner, P10,
clinicians are often working under tighter timetables with an
increasing workload from managing patients with long-term
conditions. This is compounded by clinicians needing to take
the time to judge whether patient-generated data is relevant

to the current clinical setting (B3.2: data can be irrelevant). One
emergency doctor explained that patient-generated data are not
always relevant to the problem needing immediate attention:
This data is not necessarily relevant to what’s brought
you in today. It is of some use, but in the acute setting it’s
difficult because you want to deal with the problem that
they’ve got there and then. Why they’ve been brought in,
rather than looking at their general health. – P7
An oncology nurse said that the relevance of patient-generated
data depends on the patient and their circumstances:
Everyone is different. It’s all about them and it’s what they
need and every patient is going to need something different, so the relevance of the data would really depend. – P12
Understanding what data is relevant is important, because
patient-generated data can be distracting (B3.3: data can be
distracting). A heart failure nurse raised concern that that
additional data could be distracting, but the evidence is still
important to have to hand:
The more information you have, sometimes it might
detract away from analysing the root cause of the problem.
But I always think if you’ve got the evidence there then
it would be quite useful to have it to support your clinical
judgement or your reasoning for doing something. – P11
A related barrier to data utility was the lack of interoperability
with healthcare information systems, which limits the clinical
usefulness of patient-generated data (B3.4: poor interoperability). A general practitioner found this particularly hindering:
It’s a case of finding devices that interface with the IT system. Otherwise, they’re extremely limited. If they integrate
with the IT systems so that the data can be summarised in
smart quick-to-see formats, then it’s a useful tool. – P10
Overall, this stage comprised participants determining how
utilisable the data were by evaluating the relevance of the data
to the clinical context, the time it would take to utilise the data,
whether the data could be distracting, and the feasibility of
using the data with existing information systems.
Stage 4: Rearranging the Data

Participants described patients bringing in data in forms
that were not standard in their clinical settings, such as hand
written diaries or data from a Fitbit. In prior studies, clinicians
expressed difficulties in using such data because of their
atypical and unfamiliar structure [51, 13]. Similarly, our
findings revealed that clinicians perceived the unfamiliar
structure as a significant barrier to using patient-generated
data (B4.1: unfamiliar structure). For example, a nurse who
manages patients with heart failure, P11, explained that she
often receives data about weight, blood pressure, and heart rate,
but that the format of these data varies considerably. When
participants were asked about how they would expect to see
data presented, answers varied between structures which were
familiar to the clinician, and structures which were familiar
to the patient. ‘Tech savvy’ patients are likely to present data
on a device or as paper charts, whereas elderly patients are
likely to present information jotted down on pen and paper.

A mental health specialist emphasised the importance of the
patient choosing a format which was suitable for themselves:
They have produced this themselves, which means it’s
usable to them, rather than me, as a clinician, telling them
how to record their daily thoughts and feelings. – P5
Conversely, other clinicians described wanting to rearrange
information into a form that they were familiar with. One
reason for this is to ensure that trends and correlations in the
data are made clear. Identifying trends or correlations has
previously been described an important aspect of investigating
a patient’s condition: “if their goal is to identify specific triggers
for symptoms, they look for correlations between factors,
whereas if providers are monitoring a symptom or outcome,
they try to identify trends and outliers in the data” [13]. In the
context of a patient who provided heart rate measurements
over time, an oncology nurse, P12, described wanting to draw
a line graph to identify trends in their heart rate. A general
practitioner said he would enter data into the patient’s record:
I will get them to leave me a hard copy and then I enter
the data into their notes. It’s useful within the scope of
the system, because it aggregates with the data we record
and you can see if there’s obvious differences between
home data and clinical data. – P10
A second reason for rearranging information was to ensure the
efficient use of time. As described by an audiologist:
It would have to be very simply displayed, not overbearing,
or too much information, but so you can see what’s going
on and go from there, just in terms of time efficiency. – P13
A cardiologist described the importance of reducing large
quantities of data (B4.2: unhelpful structure) down to visual
or numerical information:
I wouldn’t want reams of paper to then have to make
my own mind up as to what it is. I want some objective
evidence and that could just be visually displayed,
graphically displayed, or numerically displayed. – P3
A third reason for restructuring data is to form a patient history,
a chronological story of medical details that has led up to
the patient’s current condition. This is a familiar format to
clinicians, forming the basis of medical records [36], and
gives clinicians a view of significant dates in the past [23]. An
oncology nurse described filtering down the data to find just
the most significant parts for contributing to a patient history:
You read through the data when they get admitted.
Anything of concern you write down for future reference.
You wouldn’t use it after that because you’ve written
down everything that you are concerned about. – P12
The process of forming a patient history often involves asking
the patient about events that took place at certain times. For
example, in the context of dementia, a mental health specialist
described collaborating with the patient to form a medical
history of their life prior to the onset of dementia:
I would do some life history work with them, to understand more about them as individual people prior to

becoming mentally unwell. I wouldn’t have a baseline
of what that person was like before having a diagnosis,
so having a written record, or some sort of information
about that person’s life history, really assists me. – P5
This stage was important for data-use because it involved arranging unfamiliar data into usable and interpretable structures,
such as standard clinical representations or a patient history.
Stage 5: Interpreting the Data

The penultimate stage of the workflow involved participants
reading and making sense of patient-generated data. The most
prominent barrier we observed in this stage was that ambiguity
exists in the meaning of patients’ subjective data (B5.1: ambiguity in subjective data). For example, when discussing a diary of a
patient’s wellbeing over time, encoded as numbers between one
(feeling terrible) and five (feeling great), a mental health specialist wanted to know how the patient perceived these values:
What is the patient’s definition of ‘terrible’? Because if
one is ‘terrible’, and five is ‘great’, what exactly does two
mean? What is three? What is the difference between two
and three? – P5
Despite the ambiguous meaning of such values, the subjective
nature of patient-generated data was, in some cases, considered
to be important. For example, a cardiologist, P1, described
such subjectivity as important for understanding the patient’s
perception of quality of life, general wellbeing, and burden of
symptoms, because these vary “between and within patients
at different times”. Understanding the subjective meaning of
the data is particularly crucial for managing chronic illnesses,
where interventions may be taken to improve the comfort of
the patient. In the context of atrial fibrillation, a chronic heart
condition, one cardiologist said:
Most procedures we do for atrial fibrillation are for symptomatic gain, so the patient’s perception of symptoms is
more important than what they’re objectively getting. – P3
A related challenge was understanding what happened during
times where there were missing data. As described in Stage 2,
some participants found missing data to be ambiguous, either
as a reflection that the patient was well enough to not warrant
recording a measurement, or that they were so ill that they
were unable to record a measurement. During interpretation
of data, it is possible that the ambiguity of missing data could
present a danger where incorrect assumptions are made about
the meaning of missing measurements (B5.2: unclear meaning
of missing data). Many participants described the importance
of talking with patients to find out what happened in those gaps.
For example, one cardiologist said:
There are conditions where people die, so it’s important to
know if they’re at risk. You can show them how few diary
entries they’ve made and say “you haven’t been filling
in the diary. Is that because you feel okay?” – P2
A mental health nurse described engaging in conversation with
patients to understand more about what has been recorded:
You can’t get people to write absolutely everything down,
but you might notice that at certain times of the day things

are worse. You go through it with them and you see if they
notice any patterns, and then I might pick up on something
that they haven’t picked upon. – P6
Another reason that participants described conversing with patients was to understand more about what the patient was doing
during measurements. For example, one cardiologist said:
It’s important to talk to the patient, because I can say:
“I see your blood pressure was this last Thursday, can
you remember what you were doing? Had you just been
exercising? Did you feel faint?” – P4
Clinicians often relied on patient’s recalling memories of past
events to fill in the blanks, but, as another cardiologist explained,
recall can be unreliable (B5.3: reliance on patient recall):
Brains aren’t wired to precisely relate what we were
doing at specific times. A patient may remember going
to a football game on Saturday, and had bad palpitations
during it, because they can link it to an event. – P1
Throughout this workflow stage, the patient’s role is crucial
for co-interpreting, recalling and, contextualising their data.
Stage 6: Deciding on a Plan or Action

The final stage of the workflow involved participants taking an
action as a result of using the patient-generated data. The types
of actions that participants were prepared to take based on
patient-generated data varied by clinical context and reflected
their distinct clinical training. Some participants spoke specifically about using the data to justify an immediate intervention.
In particular, when working with patients with long-term conditions, such as diabetes, participants tended to propose using
patient-generated data as a basis for treatment planning and
interventions. For example, if a diabetic patient were to provide
data showing consistent low blood sugar, P7, an emergency
doctor, said he would immediately change their insulin dose.
Three cardiologists, P1, P2, and P3, described using such data
to justify surgical interventions for long-term heart conditions.
However, P9, a hospital doctor, suggested that patientgenerated data alone is not normally sufficient to deliver an
intervention, rather it helps decide whether to pursue further
investigation, such as medical tests, examination, and consultations with other clinical specialists (B6.1: patient-generated
data not considered concrete evidence). This may ultimately
have resulted from earlier barriers, such as limited knowledge
about the accuracy of the data, thereby affecting the final actions
that could be taken based on them. Our prior research on the
use of patient-generated data within acute settings found that
such data can act as evidence towards creating, supporting, and
eliminating hypotheses for diagnoses, but the quality of the data
is often unknown so clinicians often seek to gather additional
forms of clinical information [51]. This process of additional
data gathering is standard medical practice towards choosing
the right tests to pursue and ensuring patient safety [17].
The difference in types of actions taken based on patientgenerated data could be explained by different work patterns
across these clinical contexts. For example, in acute contexts,
where decisions must be made quickly, practice may reflect
a paternalistic model of medicine, where the clinician is in

charge and is primarily responsible for making decisions about
the patient’s health, including the collection of information [9].
This is in contrast to the more collaborative nature of managing
long-term conditions, where clinicians aim to engage patients
in their healthcare decision making. Here, patients form a
crucial part of the workflow by working together with clinicians
in co-constructing treatment plans. The potential for patientgenerated data may be thus be limited by the routines and work
practices of the clinical context (B6.2: data use limited by practice or training). This is not necessarily something which should
be changed, rather it helps us orient patient-generated data
towards applicable clinical scenarios. However, one hospital
doctor proposed that practices will change over time, adopting
patient-generated data in the pursual of patient empowerment:
We’re moving away from a paternalistic model of
medicine, where the doctor tells the patient what to do,
towards a partnership approach of empowering the patient
to be more responsible for their condition. Involving data
and trying to get patients to understand it will help them
understand and minimise risks with their condition. – P9
Moreover, the rising demand on health services and the
increasingly automated consumption of patient-generated data
may make use of such data a more typical and necessary part
of a clinical workflow. One cardiologist said:
We’ll see more automated care based on data the patients
capture delivered by algorithms and decision support
tools. It’s an essential for the future of the health service.
Without it, the health service is not sustainable because
we don’t have enough clinicians to keep a safe eye on all
the patients with complex long term conditions. – P4
DISCUSSION

The barriers have implications for how self-tracking tools may
be designed and integrated into clinical care. In this section,
we suggest implications in three areas: data collection, data
use and interpretation, and clinical practice. For each of these,
we suggest design needs for overcoming the barriers, as shown
in Table 3.
Implications for Design: Data Collection

There are several potential solutions to barriers during data
collection. First, the barrier relating to completeness (B2.2: data
is often incomplete) could be addressed by automating the
collection of information. Such automation could be by collecting data continuously and passively by, for example, wearing
sensor devices. A mental health specialist raised the possibility
that such automatic data collection could mitigate problems
arising from a patient forgetting to take measurements:
Fitbit has consistency from start to finish, without the gaps
in recording that there are in the other charts because the
patient forgets. For a Fitbit, why would there be gaps? – P5
While automatic data collection could improve data completeness, such automation will not completely solve the problem
and could introduce new challenges. For example, consumer
devices will naturally have limits to the extent to which they will
be able to capture data; data from a Fitbit will have gaps where
the person was not wearing it, or where the battery is drained.

Table 3. Barriers to using patient-generated data, their cause contexts, and potential solutions
Problem space

Barriers

B2.1: Unclear accuracy and reliability
Design of data colB2.2: Data is often incomplete
lection tools and
B2.3: Data often lacks context
practices
B5.3: Reliance on patient recall

Design of tools
for data use and
interpretation

B3.1: Insufficient time
B3.2: Data can be irrelevant
B3.3: Data can be distracting
B3.4: Poor interoperability
B4.1: Unfamiliar structure
B4.2: Unhelpful structure

B1.1: Patient motivation is not always obvious
B1.2: Misaligned objectives
Clinical practice and B5.1: Ambiguity in subjective data
training
B5.2: Unclear meaning of missing data
B6.1: Patient-generated data not considered concrete evidence
B6.2: Data use limited by practice or training

Furthermore, relying on automatic data capture introduces
potential design challenges; patients would inherently be less
in control over how and when their data were captured, which
could translate into a loss of privacy, loss of meaning and
interpretability, or simply a lack of useful subjectivity.
Another barrier which exists due to data collection techniques
is the limited knowledge about what the patient was doing
at the time of the measurements and events close to that time
(B2.3: data often lacks context). While clinicians did rely on
patient recall to gather this information, they acknowledged
that recall can be flawed and yield inaccurate information
(B5.3: reliance on patient recall). As a solution to these barriers,
future self-tracking technologies may be able to record certain
contextual information automatically, such as the device used,
how the patient took the measurement, and what they had
been doing. These data could document the provenance of the
data, that is, the history of the data artefact for use as “a guide
to authenticity or quality” [1]. Contemporary literature has
applied provenance to data collection and processing, where the
authenticity or quality of data is documented and stored [34].
Provenance documentation could thus provide a basis for
evaluating data quality based on information not prone to recall
bias. Moreover, this could document the device’s accuracy and
reliability (B2.1: unclear accuracy and reliability).
Implications for Design: Data Use & Interpretation

To address barriers of data use and interpretation, a first
obvious approach may be for self-tracking tools to support
clinical standards of information structure and representation,
effectively addressing the problem of structure unfamiliarity
and interpretability under time constraints (B4.1: unfamiliar
structure, B4.2: unhelpful structure, and B3.1: insufficient
time). Prior studies have observed that summarised forms of
information, such as tables and charts, are most appropriate
when decisions need to be made quickly, such as in acute settings [27, 45]. The interview findings reflect this; participants
preferred data which was presented in a familiar summarised
structure. For example, an emergency doctor explained that
if a patient were to present data about their blood sugar, they
would expect a standard representation:
I expect to see a graph with a line delineating their blood

Potential solutions
• Automate data collection to improve completeness, reducing need for
recall.
• Collect context and device reliability provenance.
• Validate self-tracking tools to ensure reliability.
• Draw on clinical standards for displaying information.
• Filter data to only show relevant information.
• Work with healthcare systems to ensure interoperability.

• Increase collaboration with patient so they understand reasons for
self-tracking, addressing problems of misaligned objectives, ambiguity
in the data, and improving patients’ awareness of what to track.
• Clinically validate self-tracking tools and practices.

sugar level, a red line for four, a green line for seven, and
amber, like a traffic light as the values go up. – P7
This description of an ‘ideal presentation’ of data draws from
the doctor’s expertise in working with diabetic patients. The
normal and dangerous values are familiar, and the colours –
green, amber, and red – are routinely used in emergency clinical
practice [12]. Indeed, advice by a diabetes clinic [20] includes a
table with similar qualities to those described by P7: the normal,
high, and very high values align to what P7 described, and the
colours green, amber, and red are used to illustrate this. Doctors
in acute settings draw heavily on their expertise to interpret
data ‘at a glance’ in a short amount of time, and so work most
effectively when the data presented to them are familiar.
How do we best address this design need? One option would be
to have tools simply to adopt clinical measurements, representations and forms. However, this would require patients to learn
how to read, capture and interact with such data, which may be
challenging or simply infeasible. Another possibility is to support multiple styles of information displays to represent data in
forms most convenient to those using them, such as the patient,
the doctor, and the triage nurse. A challenge of doing this is
that it assumes that representations are perfectly equivalent
and reversible and that transforms exist that can reliably used
to convert between them without loss or distortion. Another
drawback of the multiple representations idea is that a lack of a
shared views means a loss of common ground between patient
and clinician, thereby complicating shared sense-making.
A second set of opportunities may pertain to supporting more
effective data filtering and navigation. The potentially large
volume of patient-generated data (e.g. high resolution time series observations), combined with the diversity of information
forms, means that being able to effectively focus on subsets, and
summarise and identify trends, may facilitate sense-making
whilst reducing distraction. Approaches such as multidimensional faceted filtering and selection, focus-plus-context
displays, and multi-resolution time series reduction, may address barriers relating to irrelevant data being shown (B3.2: data
can be irrelevant and B3.3: data can be distracting) [43].
Finally, a third approach is to work with healthcare systems

to ensure interoperability, which can be a barrier when using
patient-generated data (B3.4: poor interoperability). Parallels
can be drawn with the integration of electronic medical records
with health IT systems, for which there have been significant
barriers to their introduction, including cost, training of
clinicians, and poor support for third-party systems [7].
Drawing from approaches for integrating electronic medical
records could reveal solutions for overcoming such difficulties.
Once again, various design challenges pertaining to preserving
patient privacy and control would need to be addressed.
Implications for Clinical Practice

Some barriers may be less addressable through design alone.
For example, some participants were concerned about a move
away from a paternalistic care model towards a participatory
one, which reflects a need to change practice rather than a design
need (B6.2: data use limited by practice or training). Prior work
at CHI has argued that traditional clinical practice must be revised to a more participatory healthcare to address the problems
they identify in doctor-patient use of IT systems [49, 6].
Indeed, encouraging collaboration within clinical consultations
could mitigate several barriers to using patient-generated data.
Conversation can overcome differences in the clinician’s and
patient’s objectives (B1.1: patient motivation is not always
obvious and B1.2: misaligned objectives). Prior work in the specific domain of management of irritable bowel syndrome has
demonstrated that patient-generated data can foster this conversation by acting as a boundary artefact, engendering a mutual
understanding between the doctor and patient and negotiating
shared expectations [14]. We suggest that such collaboration
could benefit patient-generated data use across a broad range
of clinical settings. As described by a hospital doctor:
If a patient can understand their condition better then they
understand how to manage their condition better, and then
you’re more likely to empower them to take responsibility
for their condition. It’s a joint effort. You have to work
in partnership with the patient to achieve that. – P9
Moreover, such collaboration through use of a boundary
artefact forms a basis for understanding a patient’s experiences,
potentially mitigating barriers relating to ambiguity in
patient-generated data (B5.1: ambiguity in subjective data and
B5.2: unclear meaning of missing data).

workflows (rather than in patient workflows). However, we
acknowledge that patients’ perspectives are extremely valuable
in designing solutions to these problems, as many inevitably
involve trade-offs. Second, although we sought to interview
a diverse range of clinicians, the sheer number and diversity
of roles in modern healthcare meant that we only were able
to cover a small subset of common roles. Even among these
roles that we covered, since we were only able to interview
1-4 members of each, we could only get a sample of the
perspectives of each. Finally, all of our interviews were with
healthcare professionals working within the United Kingdom,
thus findings may be affected by the standardised practices and
workflows of the National Health Service [19]. There might
considerable variation in practices and workflows between our
findings, and those of very differently structured healthcare
systems, such as the multi-payer healthcare systems of the
United States. It is our intention in the face of these limitations
to follow up this work with work that will expand interviews to
those in other roles and countries, as well as to start to assess the
feasibility of particular solutions through input from patients.
CONCLUSION

This paper contributes an understanding of barriers to the use
of patient-generated data in clinical settings, derived from a
synthesis of existing literature and interviews conducted with
thirteen healthcare professionals from several common clinical
roles. Our findings suggest that, while the specific challenges
pertaining to the use of patient-generated data vary considerably across clinical settings, these barriers occur along stages
of a common workflow. We thus proposed a six-stage workflow
model of patient-generated data use, which includes stages
relating to data capture, quality, utility, structure, interpretation,
and finally application in a plan of action. Based on this model,
we discussed potential ways that these barriers might be
addressed through the design of tools for improved data capture
(to support later clinical use), improved interpretability by clinicians, and support for joint sense-making with patients. Finally,
we discussed the role of the increased use of patient-generated
data in the shift towards participatory care, in particular the
need to consider changes in clinical workflows and IT systems.

LIMITATIONS

An important outcome of the use of patient-generated data in
clinical settings is the increased collaboration between doctor
and patient in managing care. This has the twin benefits of
reducing patient dependence on the clinician, thereby empowering the patient to improve their health and wellbeing. We do not
claim that our findings are sufficient for understanding precise
workflows in individual clinical settings, but the broad range of
clinical settings does afford an understanding of the broader use
of patient-generated data. By providing future HCI research
with pathways to address these barriers, our findings can
engender improved collaboration between patient and clinician
in decision-making, as well as improved clinical outcomes.

There are several limitations of this study which have shaped
our findings. First, we did not interview patients, so findings
around patients’ perspectives of workflows and barriers were
derived only from the analysis of existing literature. This was
intentionally done because much of the earlier work focused
on patients’ use of self-tracking tools, and because we wanted
to identify aspects of patient-generated data use in clinical

We thank those who took time to participate in the interviews.
This work was supported by the University of Southampton
Web Science Doctoral Training Centre and the SOCIAM
Project, under Engineering and Physical Sciences Research
Council grants EP/G036926/1 and EP/J017728/2.

One final barrier relating to clinical practice is that patientgenerated data may not be considered by clinicians to be
sufficient as medical evidence (B6.1: patient-generated data not
considered concrete evidence). This is primarily caused by the
lack of scientific validation of self-tracking tools and practices,
highlighting that further research into these tools is critical for
patient-generated data to be trusted in clinical contexts.
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