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Introduction
Person-generated health data (PGHD) is a novel 
form of health data that is generated by individuals 
themselves, through the course of their lived 
experience outside the clinic walls. PGHD typically 
includes self-reported information on symptoms and 
quality of life, as well as data from wearable sensors. 
Such sensors are relatively easy to access and use, 
which facilitates the collection of PGHD and the 
creation of a longitudinal, dense representation of 
a patient's health and experience. This affords us an 
unprecedented opportunity to measure what matters 
to individuals in an equitable way. 

Over the last decade, the idea of PGHD and its value 
have become more widely recognized across clinical 
research and development, public health, and care 
delivery. In all these settings, the promise of PGHD 
is extremely enticing — generating rich insights for 
more rapid and efficient design of effective medical 
products, personalized care that mitigates some of 

the inequalities in our current health system, and 
providing much needed visibility to clinicians on their 
patients’ health and medical product use between 
visits. However, as stakeholders experiment with the 
use of PGHD, they have encountered challenges in 
collecting, analyzing and incorporating such novel 
data into care settings. Such challenges are not 
uncommon during the early adoption and integration 
phase of any novel datastream, and particularly so 
given the complex and heterogeneous healthcare 
system in the US. In this article, we frame the value 
of PGHD in clinical settings in particular, lay out the 
common challenges that are barriers to its adoption, 
and ways in which these challenges can be mitigated 
to increase confidence in PGHD-derived insights. In 
turn, such robust insights can be used to improve 
clinical practice, implement better population health 
measures, and improve medical product design.

http://evidation.com
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The Value of PGHD to Clinical
Decision Making

There is a substantial number of individuals wearing 
devices that collect health-related data outside of 
clinical settings1. There is also a substantial body 
of evidence suggesting that these data can inform 
medical decision-making2. PGHD can be used 
for a continuous view of patient health, reducing 
the impact of recall and recency biases in care, 
and allowing real-time monitoring for risk and 
exacerbations. 

The ability to acquire more continuous data 
longitudinally is a significant advantage of PGHD, 
as opposed to the episodic ‘snapshot’ nature of 
traditional clinic-based measurements. First, the 
latter type of data acquisition may be biased due 
to the adverse effects of the so-called ‘white coat 
syndrome’ that may falsely elevate heart rates, 
blood pressures, and even blood sugar levels. 
Measurements taken in environments that are 
more comfortable to patients are more likely to 
reflect clinically relevant values. Second, another 
advantage of longitudinal data is that reliable trends 
and trajectories can be robustly inferred even in the 
presence of single noisy measurements3, enabling 
individuals to track their progress from baseline 
to recovery, providing a more personalized (and 
personal) definition of ‘better’.
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Real-time data acquisition and recording also reduce the impact of recall bias 
and increase accuracy of reporting. For example, a cell phone-based application 
designed to capture adverse events during cancer treatment was found to 
enhance the ability of patients to accurately communicate these events to 
stakeholders4.

PGHD integrated with machine learning algorithms can help identify patients 
that may be at risk for exacerbations. Subtle changes in measurable parameters 
may signal the risk of onset or exacerbations of chronic diseases. For example, 
changes in airflow values measured on a home spirometer may signal the onset 
of subacute exacerbations of cystic fibrosis or chronic obstructive pulmonary 
disease. Algorithms may be able to identify more subtle changes that may be 
imperceptible to the patients themselves, such as changes in sleep behavior 
or activity patterns5. And recurring patterns between chronic conditions and 
their triggers can be investigated through “n-of-1” or single-subject statistical 
techniques traditionally used in clinical medicine and psychology.

By leveraging person-

generated health data (PGHD),  

the vast majority of the 

information that had previously 

been invisible to clinicians 

from patients' lived experience 

can be used to uncover novel 

indicators of health 

Visible
RWE data points

episodic
Time
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continuous, 

 passive

99.97%

Person-generated health data
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PGHD undoubtedly has great promise6, but has also presented health systems with 
a significant challenge: the huge increase in the volume and diversity of data risks 
overworking physicians7 and driving burnout8.  An analogous situation occurs with 
the wearers of devices that generate alerts; the phenomenon is sometimes referred 
to as ‘alert fatigue’ or ‘alarm fatigue’. Some users reported that they would receive so 
many alerts during the day that they would begin to ignore them or even disable the 
alarm. From the perspective of clinicians, the concern is that the number of alerts 
generated by PGHD may cause fatigue or even physician burnout. However, the 
issue seems to be not with the data itself, but on the design of the systems through 
which the data is presented to the physician. Research has shown that use of PGHD 
can improve outcomes (quality of life, survival metrics) and lower health system 
burdens (reduced emergency department usage)9,10. Physicians aided by Patient 
Reported Outcomes (PROs) and PGHD showed greater expression of being able 
to practice medicine, freed from many constraints that had previously hampered 
the delivery of quality healthcare. Intelligent filtering of PGHD has contributed to 
reducing physician burnout. This means that information is prioritized for displaying 
to the physician based on relevance, and decision support systems integrate and 
summarize data as appropriate.

Clinician burden is further exacerbated by the lack of interoperability, inability to 
integrate this data into existing workflows and healthcare record systems. Simply 
put, interoperability refers to the ability of systems to communicate with one 
another, without requiring time-consuming and expensive copying and loading of 
data. The banking industry solved this problem years ago, with the result being 
that financial transactions, even withdrawals and deposits, can be performed by 
anyone with a debit card anywhere in the world. Although no similar solution in the 
healthcare industry appears imminent, many PGHD systems do indeed integrate 
with existing electronic health records. Coupled with decision support software, 
this integration permits seamless access to and interpretation of PGHD11.

Another non-trivial challenge with PGHD is to determine the optimal use of this 
data and creation of best practices designed to make actionable decisions that 
would be accepted by patients and clinicians. Understanding when and how to 
use PGHD is critical to building trust necessary for widespread adoption and 
incorporation into clinical decision making.  When the use of PGHD triggers an 

Challenges of PGHD:
Too Much Information for Physicians?
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alert that was later seen to be unnecessary, 
this causes burden to the clinician as well 
as anxiety to the individual. Such errors are 
typically a result of optimizing for sensitivity of 
a test (how often the test ‘gets it right’) instead 
of specificity (how often it avoids ‘getting it 
wrong’, see sidebar). For example, a highly 
sensitive test lacking in specificity might lead 
to a false-positive alert on a mammogram or 
prostate-specific antigen test, resulting in 
unnecessary biopsies that are expensive and 
anxiety-generating for a patient. Such false 
positives are called Type 1 errors (see sidebar). 

A Type 1 error is not a property of a given data 
point, e.g., a heart rate measured at 150bpm. 
A normal resting heart rate for adults ranges 
from 60 to 100bpm. The classification as a 
false positive is instead the consequence 
of a decision made on that datapoint, e.g., 
send an alert when bpm reaches 150. That 
decision may take into consideration many 
other factors, e.g., what’s the normal for a 
population, what was the activity performed 
during the measurement, how does the 
measurement compare with that of the same 
individuals in the past, whether the sensor 
can be considered reliable, etc.  For example, 
150bpm may warrant concern if it’s measured 
at rest, or during sleep, especially if measured 
for a prolonged period. But it may be perfectly 
fine during high-intensity activity for an 
athlete. The factors that go into the decision 
that the datapoint enables are the context 
that allows one to interpret the datapoint into 
generating an alert. The richer the context, 
the more chance to accurately interpret the 
decision.

WHAT IS A FALSE POSITIVE, AND WHY DOES IT OCCUR? 

Type 1 and Type 2 Errors Explained

In medicine, a false-positive finding occurs when a test 

suggests that an individual has a disease, condition, or event, 

when in fact they do not. This is called a Type 1 error. When 

a test fails to flag as positive patients who actually have a 

disease, this is a false-negative, or a Type 2 error.  

A useful analogy here is a music service which recommends 

songs based on what else you have listened to or liked. A 

service with high sensitivity, or true positive rate, is one that 

consistently recommends songs that you do like. A service 

with high specificity, or true negative rate, will consistently 

skip over songs that you have said you don’t like. Typically, 

sensitivity and specificity need to be balanced, e.g. you can 

have a 100% sensitivity by simply recommending everything, 

but this will result in terrible specificity because all the songs 

you don’t like will also be recommended.

For example, suppose the music service tries to label 20 songs, 

half of which you actually like. It labels 8 of them as ones you 

like. Of the 10 songs you like, it labels only 6 of these correctly, 

so the service’s sensitivity is 6 out of 10, or 60%. Of the 10 songs 

you don’t like, it labels 8 of these correctly, so the service’s 

specificity is 80%. If it labeled all 20 songs as ones you’d like, 

its sensitivity would be 100% (10 out of 10) but its specificity 

would be 0% (0 out of 10).

Sensitive medical tests are highly likely to identify a patient who 

has a particular disease. Specific medical tests are highly likely 

to identify a patient who does not have a particular disease. The 

price paid for a sensitive test that is not also specific is that it is 

likely to identify patients that do not in fact have a disease. This 

is a version of conviction of the innocent, or a Type 1 error. The 

price paid for a specific test that is not also sensitive is that it 

is likely to miss patients that do in fact have a disease. In other 

words, patients who actually have a disease may not be flagged 

as positive. These are called false-negative findings, or a guilty 

person walking free. This is called a Type 2 error.

An ideal medical test is one that is highly sensitive and highly 

specific. Because this is difficult to achieve in practice, in cases 

in which the cost of the consequences of missing a positive is 

higher than that of falsely identifying a negative, the test is made 

as sensitive as possible without sacrificing too much specificity.

http://evidation.com
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Contextualizing PGHD to Optimize Its Value

1. Direct-to-individual confirmation

2. Personalization

3. Data quality checks

4. Triangulating context through multi-stream PGHD 

Below, we detail four ways that the contextualization of PGHD can help minimize 
Type 1 errors. These include:

Devices connected to a patient offer the simplest method to increase 
confidence in an observation and reduce Type 1 errors — asking a patient 
directly. The following example illustrates how such after-the-fact, or ‘post-
hoc’ contextualization might occur in practice.

Imagine a situation where passively-collected data are analyzed in near-real-
time, and a model predicts that an event is occurring or has recently occurred. 
The individual can be prompted to confirm or deny the event, and provide 
additional relevant data. 

For example, if a smart scale is registering a 5-pound weight increase in a week, 
it could be a sign of life-threatening water retention (edema)12, but it might also 
be a different family member of similar weight using the scale. Confirming the 
weight measurement with the primary scale user is an easy way to disambiguate 
between the two situations. Similarly, heart rate measurements via older PPG 
sensors may have been inaccurate during a shower. Confirming that context 
with the user may prevent generating false alerts of tachycardia. 

Direct-to-individual confirmation 1
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While effective, this strategy must be used sparingly, as the confirmation 
prompts may be burdensome to individuals. Such prompts should be reduced 
in frequency either manually or automatically, using artificial intelligence 
techniques such as active learning and reinforcement learning approaches.

The idea of personalized medicine — that better outcomes can be achieved 
by getting the right treatment to the right patient at the right time — is now a 
familiar one. The same idea applies in the contextualization of PGHD to reduce 
false positives.  In this scenario, whether a heart rate of 150 beats per minute is 
too much or normal depends on the individual’s resting heart rate, or baseline. 

For a given individual, a ‘z-score’ approach can help describe how far from typical 
(i.e., how unusual) a given observation is. Briefly, using an individual's ongoing 
data stream for a rolling baseline, and assessing the distributions of signals per 
individual,  can lead to insight into what “normal” looks like for a given person. 

Personalization2

http://evidation.com
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Comparison of 2 cohorts13, one experiencing flu or influenza-like illness (ILI) with self-reported symptoms 

starting at day 0 (red) and one not reporting experiencing symptoms (light blue). The y axis shows the 

decrease in mobility (steps lost) for each day (x axis) due to flu infection. The delta step is computed at the 

individual level based on the estimated mobility for an individual in a given day based on their history, and 

then aggregated across the population.

In a similar example, data collected prior to surgical events can be used to 
examine the impact of a surgical event14. These retrospective data can be used to 
define what “normal” means for that individual and thereby provide personalized 
estimates of when that patient has recovered. 

Such personalized contextualization is only possible with PGHD because the 
individual is collecting data continuously, including before an event (e.g., before 
they become ill). Medical devices are typically only supplied once a participant 
enrolls in a trial or receives a diagnosis; therefore, the data are only available 
after an event (post-hoc), thus making it impossible to e.g., compare against 
a pre-event baseline. However, bring-your-own-device (BYOD) models can be 
facilitated at scale through platforms with direct connections with individuals 
in order to capture the daily lived experiences of “patients in the wild” who are 
using consumer fitness trackers and disease management apps.

The signal from the patient can then be matched against this personalized 
normal range, and an alert can be triggered when the signal is out of range.  
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Data quality checks

Type 1 errors may be generated by inaccurate and biased data. For that reason, 
data quality checks can be a powerful tool to reduce false positives. In the 
Real World Data (RWD) world, data quality is the foundational premise of any 
analytics application. Data verification checks are the first step in processing 
RWD and the generation of Real World Evidence (RWE). These principles can be 
extended to cover PGHD, as demonstrated by recent work on the subject by a 
consortium of life science and digital health institutions convened by the Duke 
Margolis Center for Health Policy15. 

There are three major aspects of data verification:

• Conformance — Is the format of the data as expected? 
Understanding the data format is key to interpreting it accurately.  An example 
of this is how to encode missing measurements vs. zero measurements. 
Some data formats (e.g., Apple Watch data in healthkit) will report only 
minutes with non-zero steps, implying that non-reported minutes should be 
intended as having zero step counts. In other cases (e.g., Fitbit intraday API) 
step counts for every minute of the day are reported, therefore it is to be 
expected that if any missing minute of data is found, it must be due to an 
error of transmission or data processing. Knowing the difference between 
the two formats is essential in order to appropriately interpret the data.

• Completeness—Is the missingness level tolerable?
Data completeness checks are very important for PGHD, given its nature 
of being collected in real-life conditions. It is expected that there will be 
missing data. No individual can be expected to wear a sensor constantly 
without recharging the device nor complete every survey. Missing data is, 
in fact, often a behavioral feature and not a flaw  —  i.e., a person takes their 
device off when they shower each morning.  How missing data is dealt with 
is important; simply discarding non-adherent data is no longer best practice. 
Instead, it is better either to include “missingness features” in a model 
(informative missingness)16 and/or to impute values that fill in gaps in data 
using typical patterns for that individual17.
 

• Plausibility —Does the data make sense in the specific context of use? 
Continuous collection of data provides a large volume of observations 
and can confidently remove raw data points that are likely to derive from 

3
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technical artifacts rather than actual behavior. An example is examining 
unprocessed consumer-grade wearable data to identify and remove 
anomalous patterns18 that are unlikely to represent actual vital signs.

A daily step count of 70k that is not implausible at the daily level (left) — (think ultramarathon) becomes 

immediately implausible when scrutinized at the minute level (right) as a strike of exactly 200 steps/minute 

for more than 2 hours is more likely to be a sensor malfunctioning.

Triangulate context using multi-modal PGHD

Most wearable sensors do not measure a single data stream. Instead, most 
consumer-grade wearables monitor activity, heart rate, and sleep simultaneously. 
For this reason, a given signal can be contextualized relative to the other 
data streams collected for that individual. To return to the example where an 
individual has a high heart rate alert, if the sensor measuring the heart rate also 
has accelerometers it can give context about the activity performed during the 
measurements (for example, rest vs. high-intensity exercise). This can then be 
used to assess the likelihood of a true ‘high’ heart rate.  Integration of multiple 
data streams to calculate derived metrics has also been done in other scenarios 
such as to understand signs of cognitive impairment or chronic pain15.

4
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Increasingly, there are examples where these 
techniques are used in practice to ensure that 
the signal from PGHD is relevant, reliable, and 
consumable. The direct-to-individual approach was 
used in a two-stage detection model in a recent 
study of influenza-like infections, where data from 
a wearable sensor indicated the individual was 
exhibiting symptoms of COVID or an influenza-like 
illness. A survey was then deployed to the individual 
to inquire about other symptoms. This combination 
of subjective and objective data is often more 
informative than one or the other alone. In a similar 

Contextualization in Action and Outlook 
for the Future

vein, as part of a program Evidation launched in 
202119 with the American College of Cardiology 
(ACC) to support individuals’ heart health journeys, 
individualized summary reports chart trajectories 
of the patient’s self-reported symptoms along 
with device data summaries. These patient-facing 
reports were developed with clinician input on 
utility, and can reduce the reliance on qualitative, 
remembered data and help improve the patient-
clinician interaction. Crucially, they can help answer 
the primary question of “what brings you in today, 
and how have you been doing since your last visit?”

http://evidation.com
https://www.researchsquare.com/article/rs-505984/v1
https://www.researchsquare.com/article/rs-505984/v1
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For more information about Evidation and its products, 
visit evidation.com or email partner@evidation.com

CONCLUSION

In summary, PGHD from consumer-grade wearables and patient self-reported 
outcomes can provide a direct connection to patients’ lived experience, and 
is increasingly a mainstay of RWE. Now more than ever, it is imperative to 
understand the nuances involved in generating, collecting and interpreting this 
novel form of data, and to build checks and safeguards to improve its quality 
and usability. Such contextualization has the potential to lead to increasing 
confidence in PGHD and popularize its use, which in turn can improve clinical 
decision making.

http://evidation.com
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