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Abstract

Patient-facing technologies are increasingly utilized for direct
patient data entry for potential incorporation into the
electronic health record.  We analyzed patient-entered data
during implementation of a patient-facing data entry
technology using an online patient portal and clinic-based
tablet computers at a University-based tertiary medical center
clinic, including entries for past medical history, past surgical
history, and social history. Entries were assessed for
granularity, clinical accuracy, and the addition of novel
information into the record. We found that over half of
patient-generated diagnoses were duplicates of lesser or equal
granularity compared to previous provider-entered diagnoses.
Approximately one fifth of patient-generated diagnoses were
found to meet the criteria for new, meaningful additions to the
medical record. Our findings demonstrate that while patient-
generated data provides important additional information, it
may also present challenges including generating inaccurate
or less granular information.
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Introduction

As patient-centeredness is an increasingly important tenet in
healthcare, technologies engaging patients for individual
assessment of clinical status, satisfaction, and education are
being implemented in larger number. Moreover, the
importance of patient engagement for attracting and
maintaining patients is increasingly recognized by health
systems [1]. As part of this, the electronic health record
(EHR) has undergone significant change, including the
integration of patient-facing portals with the EHR.
Increasingly, portals and other patient-facing tools allow
patients to access their own medical data and in some cases
grant the ability to modify or comment on the data in these
platforms [2].

A number of studies have shown that patients find the use of a
patient portal for direct data entry to be a positive experience.
Wau et al. reported 98% of patients in their large cohort found
the use of a clinic-based kiosk for patient-generated family
health history information to be useful [3]. A similar study
found over 90% satisfaction with a similar online patient-
facing family health history tool in a population of Veterans
Administration patients [4]. Patient-facing tools relying on
patient-generated data for realtime feedback have also been

used with success in the areas of lifestyle modification [5] and
chronic disease management [6].

To date, there are few studies assessing the quality of patient-
generated healthcare data. While there have been some
reports of positive effects with the addition of clinically
relevant data [7,8], these studies have been limited to certain
diagnoses, such as cardiac disease, or to certain portions of the
medical record, such as family history [4,8]. In this study, we
sought to better understand patient entered data broadly for
different aspects of health history through an evaluation of the
quality of patient-generated data using a patient-facing health
history tool for past medical history (PMH), past surgical
history (PSH), and social history (SH).

Materials and Methods

The patient-facing tool evaluated in this study was available
September 2014 to patients with appointments at a surgery
clinic for the University of Minnesota Physicians. The content
of the tool was an organization-wide health history
questionnaire approved by the medical directors of the
practice plan. The tool was available to patients enrolled in
the EHR online patient portal prior to the clinic appointment.
For those patients not enrolled in the online patient portal or
with portal access but who failed to utilize the tool prior to
presentation in clinic, tablet computers were made available
on site for completion prior to meeting with the provider.
Previous studies have shown that patients respond well to
tablet computer-based health applications, despite bias that
these technologies might be unusable in certain patient
populations, such as the elderly [9].

The questionnaires were only available in English and covered
PMH, PSH, and SH. Patients were presented with a list of 40
common medical diagnoses, 22 surgical procedures, and four
social history domains. PMH and PSH sections included
“Yes” or “No” options, as well as a “Comments” section for
free-text of additional conditions and procedures. The SH
portion of the tool included questions related to tobacco use,
alcohol consumption, illicit substance use, and sexual history.
For the first three, patients were asked about use, type,
amount, duration, and date of cessation (if applicable). The
sexual history domain included current status, partner gender,
and any birth control measures.

Following completion of the tool, results were immediately
available to the clinician on the enterprise Epic EHR system.
The provider then was presented with the opportunity to
“accept” or “reject” patient entered information. If accepted,



E.G. Arsoniadis et al. / Characterizing Patient-Generated Clinical Data and Associated Implications for EHR 159

the entries were then associated with discrete diagnosis terms
and diagnosis codes in the PMH and PSH sections, as well as

the discrete data fields of the SH section.

Table 1 — Physician-rater Diagnosis Coding

Physician-rater grade

Example

Duplicate Diagnosis

Diagnosis already in
PMH/PSH. Granularity of
diagnosis is equal or near
equal to that in the
PMH/PSH.

Duplicate Low Granu-
larity Diagnosis
Diagnosis already in
PMH/PSH. Granularity of
diagnosis is less that that
in the PMH/PSH.

New Low Granularity
Diagnosis

Diagnosis not in
PMH/PSH and insufficient
granularity to provide
clinical utility.

New False Diagnosis
Diagnosis not in
PMH/PSH and with suffi-
cient granularity to pro-
vide clinical utility but on
EHR review appears un-
likely to be true.

New Diagnosis with Util-
ity

Diagnosis not in
PMH/PSH and with suffi-
cient granularity to pro-
vide clinical utility and
corroborating EHR infor-
mation.

Patient enters “Hypertension”. “Hy-
pertension” in PMH.

Patient enters “Kidney Problems”.
“Diabetic nephropathy” in PMH

- Patient enters “Fracture or Broken
Bone”. “L3 compression fracture”
in PMH.

Patient enters “Respiratory Prob-
lem”. No previous respiratory diag-
nosis listed.

Patient enters “Fracture or broken
bone” but fails to mention anatomic
location.

Patient lists “Blood Clotting Disor-
der”. Clinician notes “no evidence
of thrombophilia” in Hematology
clinic progress note.

Patient enters diagnosis of “Anxie-
ty”. No mental health problem is
listed in PMH. Review of patient’s
medication list shows benzodiaze-
pine.

Patient enters a history of cholecys-
tectomy. None is listed in PSH. CT
scan report reads “gallbladder surgi-
cally absent”.

We reviewed the data of 50 patients who completed the tool
within the first six weeks of implementation, out of a possible
146 eligible participants (response rate 34.2%). Inclusion
criteria included any new or return patient to the clinic who
previously had been seen within the institution. A “New” visit
type was designated for a visit where the patient had not been
seen in surgery clinic before and were new to the provider, but
had been previously seen by another provider (outside of our
surgery clinic) within the Fairview Healthsystem. Since our
analysis included comparing patient-generated data against
data already contained within the enterprise EHR, patients
new both to the clinic and to the healthcare system were
excluded from this study. All patient-generated diagnoses
were reviewed, regardless of acceptance by the provider.

As summarized in Table 1, each diagnosis entered was then
reviewed by an independent physician-rater. The initial step
required the physician to determine whether the patient-
generated diagnosis was previously listed in the PMH and
PSH of the patient chart. The next step involved gauging the
level of granularity provided by the patient-generated
diagnosis. For those diagnoses previously listed in the EHR,
the rater then determined if the patient-generated diagnosis
was either equal in granularity or lesser in granularity
compared to the initial diagnosis. The physician-rater also
gauged the granularity of any diagnosis deemed “New” on
review in the initial step. Patient-generated diagnoses lacking
sufficient granularity to enrich the clinical picture of the
patient were classified as “New Low Granularity Diagnosis”.
Those patient-generated diagnoses judged to be of sufficient
granularity to provide enrichment of the clinical history
underwent a third level of scrutiny. In this final step, the
physician-rater reviewed the patient chart to look for evidence
to suggest if the patient-generated diagnosis was likely to be
accurate. Clinical narratives from physicians, both from
within and outside of the health system, were utilized as well
as imaging studies, relevant laboratory values, medication
lists, and procedure/endoscopy notes, as appropriate. Inter-
rater reliability was assessed in five (ten percent) patient
charts by a second physician-rater. Percent agreement and
Kappa were calculated for coding of PMH/PSH
diagnoses/procedures. Institutional review board approval was
obtained and informed consent waived for this minimal risk
study.

Results

Information about the patients and their types of visits are
summarized in Table 2. In total, the 50 patients had a total of
435 patient-generated medical diagnoses, 231 surgical
procedures, and 188 social history elements associated with
these visits.

Table 2 — Patient Demographics and Visit Type

Demographic n (%)
Age, range (mean) 18-74 (49.0)
Gender (female) 26 (52.0)
Visit Type
New 6 (12.0)
Return 44 (88.0)
History Information
Patient-generated diagnoses 435
Patient-generated procedures 231
Patient-generated social history 188

Over 50 percent of patient-generated medical diagnoses were
duplicates of diagnoses already contained within the PMH
portion of the EHR (Table 3). Of these duplicates, slightly
greater than half of patient-generated diagnoses were of equal
granularity to previous provider-entered diagnoses. The
remaining half of the duplicated diagnoses had less granularity
compared to previous provider-entered diagnoses. Nearly ten
percent of the patient-generated diagnoses were determined to
be new, but lacked sufficient granularity to provide
meaningful clinical enrichment (New Low Granularity
Diagnosis). Of the patient-entered diagnoses determined to be
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both new and providing sufficient granularity to be considered
clinically meaningful, nearly half were corroborated on chart
review with the other half lacking sufficient evidence within
the EHR to verify diagnosis (New Diagnosis with Utility and
New False Diagnosis, respectively). Over 20 percent of new
diagnoses deemed true based on chart review were related to
mental health conditions (13.8% anxiety, 7.5% depression).
History of colon/rectal polyps (11.3%) and history of blood
transfusion (8.8%) were also common patient-generated
diagnoses that were found to be true. Inter-rater reliability
with a second physician-rater resulted in percent correlation of
0.89 and Kappa statistic of 0.817.

Forty-six of the 50 patients in this study completed the
surgical history section of the survey. Two patients listed no
previous surgeries. A total of 231 surgical procedures were
entered by the remaining 44 patients (Table 4). Nearly 75% of
surgical procedures were duplicates of procedures already
recorded within the PSH portion of the EHR. Twenty-three
percent were determined by an independent physician-rater to
provide equal granularity to procedures previously listed.
Nearly 52% were found to be of insufficient granularity
compared to the surgical history already available in the EHR.
The remaining surgical procedures entered were new to the
PSH portion of the EHR. Of these, nearly half (ten percent of
total) were determined to provide insufficient granularity to be
of clinical utility. However, 11.3% of the total surgical
procedures entered by patients were found to be new,
sufficiently granular, and had evidence within the EHR.
Three percent of surgical procedures entered by patients were
new and sufficiently granular, but had no evidence within the
EHR. One patient entered the same surgical procedure twice
(Duplicate Entry — 0.9% of total). Inter-rater reliability with a
second physician-rater resulted in percent correlation of 0.9
and Kappa statistic of 0.837.

Table 3 — Past Medical History

Category n (%)
Duplicate Diagnosis 117 (26.9)
Duplicate Low Granularity 112 (25.7)
Diagnosis

New Low Granularity 43 (9.9)
Diagnosis

New False Diagnosis 82 (18.9)

New Diagnosis with Utility ~ 80 (18.4)

All 50 patients completed at least one of the four domains
within the SH portion of the survey. Overall, 188 data
elements relating to tobacco, alcohol, and illicit substance use,
as well as sexual history data, were entered. This patient-
generated data for SH was compared to that already present
within the EHR as depicted in Table 5. There were very few
instances where patient-generated data did not concur with
pre-existing data in the EHR. Only one new data element was
found in both the tobacco and alcohol use portions of the SH
domain. In the illicit substance portion, three instances of new

information were noted. Interestingly, 11 instances of new
information were observed for sexual history.

Table 4 — Past Surgical History

Category n (%)

Duplicate Diagnosis 53 (23.0)

Duplicate Low Granularity 120 (51.9)
Diagnosis

New Low Granularity 23 (10.0)
Diagnosis

New False Diagnosis 7(3.0)

New Diagnosis with Utility 26 (11.3)

Duplicate Entry 2(0.9)

Results of physician ratings were compared between Past
Medical and Surgical History diagnoses (Tables 3 & 4) using
post-hoc chi-square analysis. Notable differences between
medical and surgical diagnoses were observed in New False
Diagnoses (18.9 vs. 3.0%) and New Diagnoses with Utility
(184 vs. 11.3%) with significant results (y* = 63.36,
p<0.0001). Results were also compared by gender, age (>50),
and visit type in post-hoc analysis. When combining both
medical and surgical diagnoses, we observed a difference in
physician ratings between male and female patient-generated
diagnoses, with the largest difference observed in the rate of
New Low Granularity Diagnoses (13.7 vs. 6.6%, > = 11.17,
p=0.0247). Similarly, the difference in physician ratings of
diagnoses generated at New versus Return visit types
approached significance (y* = 9.35, p=0.0529), especially with
Duplicate Diagnoses and New False Diagnoses (13.6 vs.
26.8% and 23.7 vs 12.4%). Age did not correlate with any
difference in physician rating of patient-generated medical or
surgical diagnoses (x* = 2.42, p=0.659).

Table 5 — New Social History Data Elements

Category n (%)
Tobacco 1(5.9)
Alcohol 1(5.9)
Illicit Substance 3(17.6)
Sexual History 11 (64.7)
Total 17
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Discussion

This study summarizes the quality and potential value of data
generated with web and tablet-based data entry of health
history information by patients. Previous studies have found
clinical utility in patient-generated data related to chronic
disease management, such as entering home blood pressure
measurements using an online patient portal [6] and family
history [8]. This study provides an analysis of more
comprehensive patient-generated data.

Over half of patient-generated medical diagnoses and nearly
75 percent of surgical diagnoses were duplicates of those
already recorded within the PMH and PSH portions of the
EHR. This is consistent with other studies including
Manaktala et al. and Okura et al which found good
concordance between patient self-reported data and the
medical record [7,10]. A broader study by Tisnado et al.
examining a paper-based patient survey compared to the
medical record found concordance between both data sources
varied considerably. Concordance between diagnoses like
“History of acute myocardial infarction” and “Diabetes” were
high. Less concordance was evident with more subtle
diagnoses such as “Depressed Mood”, “High Cholesterol” or
history of having had a previous echocardiogram [11]. Our
results were similar to these previous studies. Similarly, much
of the duplication of previously-recorded diagnoses in this
study occurred with cardiovascular health (data not included
in results).

Surgical diagnoses mirrored medical diagnoses, in that the
vast majority of patient-generated data was a duplication of
what already existed in the EHR. Interestingly, the rate of
New False Diagnosis was considerably lower for PSH vs
PMH (3.0 vs 18.9%). Likely, this is due to clearer knowledge
on the part of patients regarding previous procedures. Patient
self-knowledge of past surgeries is not a novel finding. In the
previously mentioned work by Tisnado, the authors found
excellent correlation between the patient survey and medical
record for the diagnosis “History of coronary artery bypass or
angioplasty” and fair agreement for previous cardiac
catheterization [11].

The rate of correlation between patient and medical record is
encouraging. More interesting, nearly 20 percent of patient-
generated medical diagnoses and 11 percent of surgical ones
were found to provide a new, sufficiently granular piece of
data that was deemed to be likely accurate based on chart
review by a content expert. These diagnoses represent
discrete data elements not previously being captured in the
PMH or PSH sections of the EHR. However, there was some
evidence found within the clinical narratives, laboratory
values, or imaging data contained within the institutional
EHR. The most frequent patient-generated diagnoses that met
criteria related to mental-health, specifically anxiety and
depression. Hulse et al. found a similar phenomenon during
the introduction of a patient-facing health history tool at their
institution [12].  Previous literature comments on the
prevalence of mental health diagnoses in patients with
gastrointestinal disease [13]. The implications of uncaptured
data regarding mental health conditions in this population of
patients in a single clinic requires further inspection and
analysis.

The failure to capture diagnoses as discrete data elements
within the EHR has wide-ranging implications. As the EHR is
increasingly utilized for secondary use, the need for complete
data is more important. Tate et al. describes data quality as a
‘sine qua non’ for EHR use in randomized control trials [14].
Accurate and complete data is necessary to ensure high quality

phenotyping, cohort discovery and recruitment into
randomized controlled trials.

An additional 20 percent of patient-generated medical
diagnoses and only three percent of surgical ones were
deemed both new and sufficiently granular, but no evidence of
disease or prior procedure could be found based on chart
review. We were limited by the information provided by our
institutional EHR. In this era of fragmented care, patients can
have missing clinical data that is contained within other
institutions or health systems. In some cases, our institutional
EHR included clinical narratives, laboratory values, and the
results of imaging studies performed outside. It is reasonable
to assume that some portion of these patient-generated
diagnoses are true and that supporting healthcare data exists
within another institution’s EHR .

Nearly ten percent of both medical and surgical diagnoses
entered were new additions to the chart, but were of such low
granularity that they were not clinically meaningful. Further,
nearly half of the duplicated medical diagnoses and two-thirds
of the duplicated surgical procedures were rated as less-
granular versions of diagnoses or procedures already within
the PMH and PSH sections of the EHR.

This study also gives an initial insight into the design of the
patient-facing tool. Many of the diagnoses listed in the survey
provided sufficient granularity without the need for free text
entry by the patient (i.e. “Hypertension”, “Diabetes mellitus”,
“Cholecystectomy”). In order to provide a comprehensive list
of medical history conditions and surgical procedures that
would not be found cumbersome for most patients, the survey
was reliant on free text entry in order to provide sufficient
granularity for certain diagnoses and procedures. For
instance, when “Fracture or Broken Bone” or “Cancer” was
selected, the tool relied on patient free text to specify the
anatomic site or type. When “GI surgery” was selected, the
tool relied on free text entry to specify the site and procedure.
An overwhelming majority of patient-generated diagnoses did
not include any free text entries associated with them. This
was a major limitation of our study. It can be reasonably
inferred that patients will not provide further granularity to
diagnoses beyond that which is suggested to them on the
Health History tool. Further work needs to be done to
elucidate reasons why most patients are not engaging with the
tool with free text entry. It may be that during the clinic
intake process, patient-generated diagnoses from the tool need
immediate addressing and clarification by clinic staff. This
would require a major shift in intake workflow, most of which
is currently being done by medical assistants. This also is an
opportunity to reflect on the design of the tool, specifically in
regards to the granularity of the diagnoses provided. Perhaps
a drop-down menu approach would provide greater ease of
use and ensure greater granularity compared to free text entry
by patients. Another limitation was the low response rate of
patients eligible to use the tool (34.2%). Clearly, buy-in from
clinic personnel needs to be sought prior to introduction of
these patient-facing technologies in order to address inevitable
changes in workflow. This is being done in further iterations
of this work.

One important limitation of the current study and an important
area to further characterize is the amount of time required for
providers to review patient-entered data. While there is an
assumption that having patients enter their own data brings
efficiencies, the time saved with patient-entry must be
counter-balanced by the time to review and potentially correct
and verify patient data. This question could likely be answered
with an additional observational study or possibly a log file
analysis of provider use of the EHR and consumption of
patient entered data.
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A significant portion of the patient-generated Social History
data matched that which was already present within the EHR.
There were very few instances within tobacco, alcohol, and
illicit substance use history where patient-generated data was
found to provide new information. Likely, this is related to
the fact that well-established structured data fields have been
in existence for these topics and have been utilized
preferentially for some time over unstructured free text [15].
In the domain of sexual history, eleven instances of new
information occurred. In nine of these instances, no previous
sexual history had been recorded and the patient-generated
data represented the first present within the EHR. Thirty nine
charts (78 percent) contained previous provider-entered sexual
history data. This mirrors previous work by Goyal et al. who
observed 82 percent of patient charts containing a sexual
history in their cohort of emergency department patients. We
also found similar results in that when sexual history had been
previously entered by the provider, it had a high rate of
concordance with the patient-generated sexual history data
[16].

Conclusion

Patient-generated health data is becoming more prevalent in
healthcare. We are starting to see the EHR as a dynamic
instrument in which patients not only access health data, but
are engaged in data input as well. In this pilot study, we
observed and graded patient-generated health data obtained
during the rollout of a comprehensive health history tool via
two patient-facing modalities. While the majority of patient-
entered diagnoses were already captured in the EHR, nearly
20 percent of patient-generated medical diagnoses and eleven
percent of surgical ones were found to be new, granular, and
supported by other data within the chart. These results should
be met with guarded optimism. Successful implementation of
patient-facing technologies requires significant front-end
work. IT experts, informaticists, and clinicians need to be
engaged to design a suitable tool that combines ease-of-use
with granular data capture. Provider and non-provider clinic
personnel buy-in is also necessary early in the process, as
these technologies will highly affect existing clinic workflows.
Future work will include engaging both patients and clinicians
to further optimize the user interface and workflows.
Ultimately, it appears that patient-entered health history data
has the potential of improving clinical data in the EHR and
improving these approaches could potentially enable easy,
accurate, granular data entry valuable to clinicians and
researchers.
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