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Abstract
Background: Use of differential diagnosis (DDX) generators may reduce the incidence of misdiagnosis-related
harm, but there is a paucity of research examining the use
and impact of such systems in real-world settings.
Methods: In September 2012, the DDX generator VisualDx
was made available across our entire academic healthcare
system. We examined the use of VisualDx by month for
the 18 months following its introduction. In addition, we
compared the number of inpatient dermatology consults
requested per month at the flagship hospital of our healthcare system for the 12 months before versus 18 months
after VisualDx introduction.
Results: Across our entire academic healthcare system,
there were a median of 474 (interquartile range 390–544)
unique VisualDx sessions per month. VisualDx was
accessed most frequently through mobile devices (35%)
and the inpatient electronic health record (34%). Prior
to VisualDx introduction, there was a non-significant
increase in the number of inpatient dermatology consultations requested per month at the flagship hospital of
our healthcare system (1.0 per month, 95% CI –2.5–4.6,
p = 0.54), which remained 1.0 consults per month (95% CI
–0.9–2.9, p = 0.27) following its introduction (p = 0.99 comparing post- versus pre-introduction rates).
Conclusions: The DDX generator VisualDx was regularly
used, primarily on mobile devices and inpatient workstations, and was not associated with a change in inpatient dermatology consultation requests. Given the interest in DDX
generators, it will be important to evaluate further the impact
of such tools on the quality and value of care delivered.
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Introduction
Differential diagnosis (DDX) generators have been suggested as a potential tool to reduce the incidence of misdiagnosis-related harm, which is estimated to result in
40,000–80,000 deaths in US hospitals annually [1]. By
providing access to a broad differential, DDX generators
can potentially help users overcome cognitive biases (such
as availability bias) [2, 3] and fund of knowledge deficiencies by directing them to diagnoses they might not have
considered otherwise. In fact, simulations suggest that
DDX generators have the potential to improve diagnostic
accuracy [4–7]. However, there is a paucity of research
examining the use of such systems in real-world settings
[8], and even less is known about the impact of DDX generator use on patient care and resource utilization [9,
10]. These issues are important because barriers such as
those related to provider overconfidence and workflow
could impede the use of DDX tools in real world settings.
Moreover, DDX generators by design suggest numerous
potential diagnoses, which could result in an increase in
unnecessary testing and specialty consultation, and associated costs and harms, particularly in the hands of less
experienced clinicians.
One area where DDX generators offer particular
promise for reducing diagnostic errors is dermatology.
Research suggests dermatologic conditions are often
misdiagnosed [5, 11, 12], which can be exacerbated when
access to dermatologists is limited [13]. VisualDx is a commercially available DDX generator that can help providers
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diagnose the causes of skin findings and preliminary
studies suggest it may have the potential to reduce diagnostic error [5]. It can be accessed using internet browsers, a mobile app, and through integration with UpToDate
(an electronic clinical care resource covering over 20 specialties). VisualDx includes over 1300 diseases with more
than 28,000 associated images, with new disease summaries and images added over time to ensure coverage of
both common and uncommon dermatologic conditions. It
is currently used by the US Department of Veterans Affairs
and a number of other large healthcare systems. The VisualDx interface allows one to either build a differential
based on history and exam findings or to browse clinical
summaries and images of select diseases as a point-ofcare clinical reference.
This study describes the use of the DDX generator
VisualDx when made available across our entire academic
healthcare system and examines its impact on inpatient
dermatology consult requests at the flagship hospital of
our healthcare system.

Materials and methods
Study setting
The DDX generator was implemented and evaluated in a quaternary care academic healthcare system comprised of 3 acute care
teaching hospitals with a combined capacity of more than 1600
beds and 75,000 annual inpatient admissions and 2.1 million
annual outpatient visits. All inpatient units within the healthcare system use Sunrise Clinical Manager version 5.5 (Allscripts,
Chicago, IL, USA) as their electronic health record (EHR), all outpatient clinics use EpicCare (Epic Systems Corporation, Verona,
WI, USA), and all emergency departments use a locally developed
EHR EMTRAC. Along with VisualDx, a number of other subscription point-of-care evidence summary resources were available at
our institution during the study timeframe, including UpToDate,
DynaMed and MDConsult.

Implementation
In September 2012, VisualDx was made available across our entire
academic healthcare system to all healthcare system trainees and
staff through dropdown tool menus of the inpatient, outpatient and
emergency department EHRs, the library website, the search function of UpToDate, and a downloadable mobile app. It was advertised
through broadcast emails, screensavers on inpatient computer terminals, and select in-person demonstrations. These advertisements
and demonstrations occurred predominately in September 2012 during the initial implementation and were repeated in Spring 2013 after
the first 6 months of use.

Data collection
Data were collected on the use of VisualDx across our entire academic healthcare system during the first 18 months after its introduction. In addition, data were obtained on the number of inpatient
dermatology consults requested at the flagship hospital of our
healthcare system in the 12 months preceding and the 18 months following the introduction of VisualDx. Only 12 months of data prior
to the introduction of VisualDx were included in the analysis given
major changes in inpatient team structures implemented on July 1,
2011 following new housestaff duty hour regulations.

Statistical analysis
The number, duration, and source of VisualDx sessions was summarized using standard descriptive statistics. A linear regression model
was used to compare the number of inpatient dermatology consults requested per month at the flagship hospital of our academic
healthcare system before versus after the introduction of VisualDx
[14, 15]. The model included an interaction term between calendar
month and an indicator for VisualDx, which allowed us to determine
whether implementation of VisualDx was associated with an immediate change in the absolute number of consults requested as well
as with the rate of change in consults over time. In addition, due to
significant month-to-month fluctuations in inpatient dermatology
consult requests at the flagship hospital of our healthcare system, we
constructed a model which included month as a categorical variable
to look for effects due to seasonality. Finally, we constructed a model
with the addition of the number of VisualDx sessions per month, to
explore whether the volume of VisualDx usage was associated with
changes in consult requests. Our quasi-experimental analysis [16]
allowed us to control for secular trends in use of VisualDx and to
assess the pre-implementation trend, the difference in rates immediately before and after the implementation, and the post-implementation trend. Statistical analyses were performed using Microsoft Excel
(Microsoft Corporation, Redmond, WA, USA) and Stata 13 (StataCorp,
College Station, TX, USA).
The study received expedited approval and a HIPAA waiver from
the University of Pennsylvania Institutional Review Board.

Results
There were a median of 474 [interquartile range (IQR)
390–544] unique VisualDx sessions per month across
our entire academic healthcare system (Figure 1). VisualDx use increased following initial broadcast emails
and in-
person demonstrations in September 2012 and
a second set of broadcast emails and in-person demonstrations in Spring 2013. Overall, VisualDx was accessed
through mobile devices (35%), the inpatient (34%), outpatient (11%), and emergency department (1%) EHRs, and
via searches in UpToDate (19%) (Table 1). The ten most
common diagnoses viewed (12% of total views) were:
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Figure 1: Number of VisualDx Sessions per month following Introduction Across the Entire University of Pennsylvania Health System
(9/2012–2/2014).
Percentages inside bars represent each location’s contribution to total use for that month. For September and October it was not possible
to identify the specific source of use, so only the total number of sessions is reported.

atopic dermatitis, scabies, allergic contact dermatitis,
bedbug bites, tinea corporis, herpes zoster, psoriasis, folliculitis, erythema multiforme minor, and pityriasis rosea.
The median VisualDx session length was 1.10 min
(IQR 0.18–4.00). Forty-nine percent of sessions lasted < 1
min, 30% of sessions lasted 1–5 min, 9% of sessions lasted
5–10 min, and 12% of sessions lasted more than 10 min.
Session length was longest when VisualDx was accessed
from the emergency department EHR (median 2.70 min,
IQR 1.12–5.18), followed by the outpatient EHR (median
1.65 min, IQR 0.57–3.52), inpatient EHR (median 1.53 min,
IQR 0.23–5.37), and mobile devices (median 1.18 min, IQR
0.22–4.37) (Table 1). Session length was shortest when VisualDx was accessed through UpToDate (median 0.28 min,
IQR 0.07–1.35). The majority of sessions (57%) involved
only one topic view. Thirty-four percent of sessions
involved 2–5 topic views, 6% involved 6–10 topic views,
and 3% involved more than ten topic views. Of note, for
sessions accessed through UpToDate, 81% involved only
one topic view.
Prior to the introduction of VisualDx, the number of
inpatient consults requested at the flagship hospital of
our healthcare system increased at a rate of 1.0 per month
(95% CI –2.5–4.6, p = 0.54) and this rate remained 1.0 per

month (95% CI –0.9–2.9, p = 0.27) following the introduction of VisualDx (Figure 2); the difference between these
rates was not statistically significant (p = 0.99). In addition, the introduction of VisualDx was not associated
with a statistically significant difference in the absolute
number of inpatient dermatology consults requested per
month (absolute difference 4.6 fewer consults per month
after introduction of VisualDx, 95% CI –33.7–24.6, p = 0.75).
Models constructed to assess for seasonality as well as an
association between the number of VisualDx sessions and
the number of inpatient consults requested per month
demonstrated no significant effects.

Discussion
This study is one of the first to describe the use of a DDX
generator in a real-world setting, and to examine its impact
on patient care. The DDX generator VisualDx was regularly used across our entire academic healthcare system,
primarily on mobile devices and inpatient workstations,
and was not associated with a change in inpatient dermatology consult requests at the flagship hospital of our
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Table 1: VisualDx usage characteristics by location.

Mobile
Inpatient EHR
UpToDate
Outpatient
EHR
ED EHR
Combined

Total
sessions,
%

Median session
length, minutes
(IQR)

35
34
19
11

1.18 (0.22–4.37)
1.53 (0.23–5.37)
0.28 (0.07–1.35)
1.65 (0.57–3.52)

Number topic views
per session, %
1 2–5 6–10 > 10
56
44
81
50

36
41
15
43

6
9
3
6

2
6
1
1

1 2.70 (1.12–5.18) 47
100 1.10 (0.18–4.00) 57

43
35

9
6

1
2

ED, emergency department; EHR, electronic health record; IQR,
interquartile range.

Figure 2: Number of new dermatology consults requested per
month at the Hospital of the University of Pennsylvania Before and
After the Introduction of VisualDx (9/2011–2/2014).
Diamonds represent months in the year prior to the introduction of
VisualDx and squares represent months in the year and a half following the introduction of VisualDx. The dashed line represents the
projected increase in inpatient consults expected from the growth
rate in consults before the introduction of VisualDx.

healthcare system. Messaging to staff and trainees was
associated with increases in use, with use waning over
time until reaching a steady state, potentially representing user adoption and subsequent abandonment by a subsegment of those users over time. The high level of use on
mobile devices emphasizes the importance of mobile versions of point-of-care resources such as DDX generators.
The majority of VisualDx sessions were of short duration, with 79% of sessions lasting < 5 min and with 49%
of sessions lasting < 1 min. These results likely reflect the
frequent use of this tool on mobile devices, and suggest
users either found what they were looking for or abandoned their search after relatively short time frames. Interestingly, the shortest sessions with the fewest topic views

were those accessed through UpToDate. Since UpToDate
is a popular clinical resource, these users may have been
using UpToDate to read about a particular topic and were
using VisualDx to view images associated with the topic,
which could explain the very short session lengths most
commonly involving only one topic. Given these constraints for real-world use, designing DDX interfaces that
allow for rapid generation of differential diagnoses with
easily accessible associated clinical reference content may
be an important feature to allow for effective integration
into clinical settings.
Our study has several limitations. First, our quasiexperimental design may not fully account for secular
changes in inpatient dermatology consultations over
time. In addition, our design lacks a concurrent control
group, which could have examined changes in inpatient
dermatology consultations in a setting without VisualDx.
However, our use of an interrupted time series methodology should protect against most secular changes in
inpatient dermatology consultations not associated with
VisualDx. Moreover, we constructed additional models to
examine for potential cofounders such as seasonality.
Our study was also limited to a single academic
healthcare system, thus our experience may not be generalizable to other healthcare systems with different EHRs
and staff. However, the integration of our DDX generator
into commercially available EHRs serving a diverse array
of patient populations, clinical services, and service
models throughout our entire academic healthcare system
may improve the generalizability of our experience to
other settings. Lastly, due to limitations in available data,
we were unable to assess whether the introduction of VisualDx had an impact on individual patient-level outcomes
or quality of care.
In conclusion, the DDX generator VisualDx was regularly used across our entire academic healthcare system,
primarily on mobile devices and inpatient workstations,
and was not associated with a change in inpatient dermatology consultation requests at the flagship hospital of our
healthcare system. Given the interest in using DDX generators in the healthcare setting, future research should
continue to evaluate the impact of such tools on patient
care quality and the value of care delivered.
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