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ABSTRACT

Objective: The study sought to evaluate if peer input on outpatient cases impacted diagnostic confidence.
Materials and Methods: This randomized trial of a peer input intervention occurred among 28 clinicians with
case-level randomization. Encounters with diagnostic uncertainty were entered onto a digital platform to collect
input from >5 clinicians. The primary outcome was diagnostic confidence. We used mixed-effects logistic re-
gression analyses to assess for intervention impact on diagnostic confidence.

Results: Among the 509 cases (255 control; 254 intervention), the intervention did not impact confidence (odds
ratio [OR], 1.46; 95% confidence interval [Cl], 0.999-2.12), but after adjusting for clinician and case traits, the in-
tervention was associated with higher confidence (OR, 1.53; 95% Cl, 1.01-2.32). The intervention impact was
greater in cases with high uncertainty (OR, 3.23; 95% CI, 1.09- 9.52).

Conclusions: Peer input increased diagnostic confidence primarily in high-uncertainty cases, consistent with
findings that clinicians desire input primarily in cases with continued uncertainty.

Key words: information technology, clinical decision making, computer-assisted medical decision making, diagnostic confidence,
pragmatic clinical trial, peer review

INTRODUCTION Input on clinical decision making, particularly early in the diag-
Each year, ~5% of American adults experience a diagnostic error nostic process, impacts diagnostic confidence and accuracy.>” !
during outpatient care.! Diagnostic confidence impacts diagnostic However, most studies on diagnostic confidence have utilized clini-
error.”” Overconfidence reduces diagnoses considered and diagnos- cal vignettes and inpatient diagnoses.'” To our knowledge, no stud-
tic assistance or tests pursued®’; underconfidence increases use of ies have evaluated informatics interventions to impact diagnostic
unnecessary diagnostic tests.””’ confidence in real-time outpatient clinical practice.
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Figure 1. Example collective opinion from digital platform.

To evaluate the impact of peer input on outpatient cases with di-
agnostic uncertainty, we conducted a trial that utilized a digital tool
to solicit and provide peer input on real cases. With the development
of tools that can extract electronic health record clinical data
through interoperable data standards, it is now more possible to use
informatics tools to acquire peer input from external sources.'>'* In
this report, we describe the rates of diagnostic confidence in outpa-
tient encounters and the impact of peer input on confidence. We hy-

pothesized that peer input would increase diagnostic confidence.

MATERIALS AND METHODS

The protocol for this pragmatic randomized trial'® of a diagnostic
intervention was published'® and approved by our institutional re-
view board. It is described subsequently and depicted in Supplemen-
tary Figure 1.

Participants

Participants were primary care providers (PCPs) in 2 health systems:
a safety net health system and an academic medical system. All PCPs
(physicians or nurse practitioners) were eligible and recruited from
May to November in 2018.

Case inclusion criteria
Physician scribes reviewed completed notes from PCPs’ encounters

and used criteria from the literature®!”

to identify encounters with
potential for diagnostic uncertainty if they met 1 of 5 inclusion crite-
ria: (1) new symptom or test abnormality, (2) unresolved symptom
or test abnormality without definitive etiology, (3) test ordered to
assess an unresolved concern, (4) empiric treatment documented, or

(5) specialist referral for diagnostic assistance.

Intervention

The intervention was provision of peer opinions on the differential
diagnosis and diagnostic steps. Physician scribes, who were primary
care clinicians in the same healthcare system as participating PCPs,
entered 1-line summaries with relevant history, exam, and tests onto
a digital platform (the Human Diagnosis Project [Human Dx]; Hu-
man Dx, San Francisco, CA) (Supplementary Figure 2). This plat-
form allows clinicians to submit a clinical case to elicit feedback on
the diagnosis and plan as well as to provide feedback on submitted
cases. Using Human Dx, we solicited opinions about diagnoses and
next steps from an online community of U.S.-based, attending
internists or family medicine physicians who had solved 1 Human
Dx case in the last 3 months.

Once >3 clinicians responded, a link to the collective diagnostic
opinion was emailed to PCPs. At the time of this study, the Human
Dx used a proportionally weighted algorithm to create the collective
diagnostic opinion based on individual user responses (Supplemen-
tary Figure 3). This has been described in detail previously,'® but in
brief, the platform created a ranked list of diagnoses (collective dif-
ferential) and recommendations (collective plan) (Figure 1). This
ranked list was ordered to reflect how frequently the diagnosis or
plan appears among individual user responses and its location on an
ordered list (eg, top vs fifth diagnosis) in each user’s response. All in-
cluded cases were entered on the Human Dx platform, but PCPs
only viewed the output for intervention cases. The collective opinion
was viewed by PCPs a median of 11 days in the control group and
12 days in the intervention group after the encounter (interquartile
range, 8-16 days for both groups; P=.485 for difference between
median). The peer input was distributed at the same time a survey
was administered to collect the outcomes and case perceptions de-
scribed below. In comparison with the planned protocol, the study
protocol was frequently delayed at several steps: PCPs completing
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clinical notes 3+ days after encounters, scribes entering cases >1
day after note completion, collective opinion distributed to PCPs 5+
days after case entry, and PCPs viewing the input 3+ days after it
was provided (workflow in Supplementary Figure 1). Collective
opinions were solicited for all cases but viewed by PCPs only for in-
tervention cases.

Randomization

We used a random number generator to block randomize (block size
of 4) at the case level, stratified by clinician to ensure PCPs had simi-
lar number of cases in each arm. The research analyst responsible
for randomization and allocation did not conduct data analysis or
reveal assignment to scribes or clinician respondents who provided
diagnostic input, who were all blinded to the intervention assign-
ment.

Outcome

The primary outcome for this study and in this report is self-
reported diagnostic confidence (not at all, somewhat, moderately,
and very confident), which we dichotomized as low (not at all or
somewhat) vs high (moderate or very) for the primary analyses. As
described in the protocol, we chose this outcome based on (1) its
known impact on medical management, (2) prior feedback from
clinicians that impacting confidence increases utility of this tool, and
(3) the likelihood that it is impacted by the intervention (in compari-
son with outcomes such as time to diagnosis).>'*1%2% In prior litera-
ture, confidence was measured on an 11-point scale,’ but we
modified the scale based on pilot testing with clinicians who
reported ability to distinguish only 4 levels of confidence. Our pro-
tocol planned for our outcome to be dichotomized as “not at all” vs
all other levels of confidence, but due to low rates of “not at all con-
fident” responses (<10%) (Supplementary Table 1), we defined low
confidence as not at all or somewhat confident. For this article, in
intervention cases we also describe if PCPs self-reported that viewing
the collective opinion influenced decision making or resulted in
changes to plan. We collected both outcomes via a survey (Supple-
mentary Appendix).

Covariates

PCP characteristics (professional degree [physician vs nurse practi-
tioner], years in practice, clinic setting) and case perceptions (level
of difficulty [not at all or somewhat vs moderate or high], diagnostic
uncertainty [not at all or somewhat vs moderate or high]) were col-
lected via PCP self-report in a survey. Patient characteristics (sex,
race or ethnicity, age) were collected through chart review.

Survey procedure

After the collective opinion was collected, we distributed a survey to
PCPs for each case. In the survey, PCPs first viewed a 1-line sum-
mary of the encounter then provided perceptions on case difficulty
and diagnostic uncertainty (covariates). For cases in the control con-
dition, PCPs then reported their diagnostic confidence. For interven-
tion cases, PCPs first viewed the collective opinion then reported
confidence and impact of the collective opinion on decision making
or treatment plans.

Data analysis

We ensured balance in PCP characteristics, case perceptions, and pa-
tient characteristics between study arms by using bivariate mixed-
effects logistic regressions to explore associations between the pri-

mary outcome and covariates as a single fixed predictor variable,
with clinician as the cluster variable. For our primary analyses, we
utilized a mixed-effects logistic regression model, clustered at the
PCP level, with intervention status as the single fixed predictor vari-
able of the binary outcome of diagnostic confidence. We also a pri-
ori planned to conduct a mixed-effects logistic regression analysis
that adjusted for PCP characteristics, case perceptions, and patient
characteristics, as we suspected that case-level randomization within
PCPs may not have eliminated variability, given the relatively small
number of PCPs. We conducted sensitivity analyses to assess the im-
pact of covariates as well as interactions between case perceptions
and PCP characteristics on the diagnostic confidence. In all models,
neither patient characteristics nor PCP characteristics and case per-
ception interactions were significant; inclusion of these variables
also did not impact the significance of other variables, so the final
adjusted model only included clinician characteristics and case per-
ceptions. Given known differences in cognitive errors in cases with
high vs low perceived uncertainty*! and the significant impact of
baseline uncertainty in our adjusted analyses, we also conducted
subgroup analyses within only the low-uncertainty cases and only
the high-uncertainty cases.

RESULTS

We recruited 28 outpatient clinicians from May to November 2018.
The majority were medical doctors (71%) with varying clinical ex-
perience (Table 1).

From these 28 clinicians, we identified 524 potential cases for
study inclusion (Figure 2). We included 509 cases (255 control cases;
254 intervention cases) from encounters in August to December
2018, of which 127 (24%) were higher difficulty. The intervention
and control cases were not significantly different in terms of clini-
cian, case, or patient traits (Table 2).

The rate of high diagnostic confidence was 46% (n = 117 of
255) in control cases vs 54% (n = 136 of 254) in intervention cases.
In the bivariate mixed-effects logistic regression with single fixed
predictors, only low case difficulty and low diagnostic uncertainty
(baseline case perceptions) were associated with high confidence
(Supplementary Table 2). In the primary analysis, the intervention
did not significantly impact confidence (odds ratio [OR], 1.46; 95%
confidence interval [CI], 0.999-2.12, P=.0504) (Figure 3). How-
ever, in analysis controlling for clinician degree, clinician time in
practice, and case perceptions, the intervention was associated with
higher confidence (OR, 1.53; 95% CI, 1.01-2.32; P=.04) (Supple-
mentary Table 3).

In a subgroup analysis stratified by baseline diagnostic uncer-
tainty, the intervention was associated with confidence only in cases

Table 1. Characteristics of included primary care clinicians (n = 28)

Professional degree

Nurse practitioner 8

Medical doctor 20
Years in practice

Less than Sy 10

59y N

1020y 8

More than 20 y N
Health system

Safety net clinic 22

Academic medical center 6
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Cases Assessed for eligibility
[ Enroliment ] (n= 2800)
Excluded: did not meet
inclusion criteria (n= 2276)
Cases selected for inclusion
(n=524)
Excluded: Survey not
completed (n=5)
Cases included
(n=519)
v
l { Allocation ]——l
Cases allocated to and Cases allocated to and
received control (n= 259) received intervention (n= 260)
[ Analysis ]
A 4 r
Analysed (n= 255) Analysed (n= 254)
Excluded (missing data / Excluded (missing data /
incomplete survey) (n= 4) incomplete survey) (n= 6)
Figure 2. CONSORT diagram: case selection and inclusion.
Table 2. Characteristics of included cases
Control (n=255) Intervention (n=254) P Value
Primary care clinician characteristics
Nurse practitioner 35(89) 37 (94) .62
Years in practice .78
Less than Sy 39(99) 41 (103)
59y 17 (43) 19 (49)
10-20y 31 (78) 28 (72)
More than 20 y 14 (35) 12 (30)
Case perceptions®
Perceived higher difficulty 25 (64) 24 (62) .86
Higher uncertainty in diagnosis 25 (65) 24 (62) .78
Patient characteristics
Female 59 (148) 55(137) 35
Race/ethnicity .07
White 18 (44) 15 (36)
Black 17 (43) 13 (33)
Hispanic 33(82) 33 (81)
Asian 28 (68) 29(73)
Other 4(10) 10 (25)
Age 13
18-34y 16 (39) 12 (31)
35-49y 24 (61) 26 (66)
50-64y 31(78) 39 (98)
65-74y 21(52) 14 (34)
75+y 8(21) 8(21)
Values are % (n).
“Details about distribution prior to dichotomizing results appear in Supplementary Table 1.
with high uncertainty (Figure 3). In low-uncertainty cases, clinicians of 62) of intervention cases (OR, 2.87; 95% CI, 1.02-8.13;
reported higher confidence in 58% (n = 111 of 190) of control cases P=.048). Similarly, adjusted analyses (Supplementary Table 4)
vs 64% (n = 122 of 192) of intervention cases (OR, 1.33; 95% CI, found that the intervention impacted diagnostic confidence only in

0.87-1.87; P=.22). In high-uncertainty cases, clinicians reported high-uncertainty cases (OR, 3.23; 95% CI, 1.09-9.52; P=.03) but
higher confidence in 9% (n = 6 of 65) of control cases vs 23% (14 not low-uncertainty cases (OR, 1.36; 95% CI, 0.86-2.16; P=.19).
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Odds of intervention being associated with high confidence

05 1 2
Odds Ratio (log scale)

B Al cases

B Cases with high diagnostic uncertainty

Cases with low diagnostic uncertainty

Figure 3. Unadjusted odds of peer input being associated with higher diagnostic confidence in all cases, cases with high diagnostic uncertainty, and cases with

low diagnostic uncertainty.

Of the 255 intervention cases, clinicians reported that the collec-
tive opinion changed their plan in 45 (18%) cases and influenced
their decision making in 84 (33%) cases. A higher rate of clinicians
reported an impact on decision making in high-uncertainty (n = 32
of 62, 52%) vs low-uncertainty (n = 52 of 193, 27%) cases (OR,
3.57;95% CI, 1.76-7.25; P < .001)

DISCUSSION

Key findings and implications

Clinicians report moderate or high diagnostic uncertainty in ~25%
of outpatient encounters with potential for diagnostic uncertainty.
Peer input did not increase diagnostic confidence in the primary
unadjusted analyses. In exploratory analyses that adjusted for clini-
cian characteristics and case perceptions, the peer input intervention
was associated with higher odds of high confidence. Our subgroup
analyses also demonstrated that the intervention was most impactful
in cases when clinicians felt high baseline uncertainty, consistent
with findings that clinicians most desire input on cases with contin-
ued uncertainty.'® We expand on prior literature by demonstrating
that peer input on real ambulatory cases impacts diagnostic confi-
dence and decision making in high-uncertainty cases.

. . . . . . . . 279
Increasing diagnostic confidence has important implications.>”

Uncertainty is associated with increased use of resources or tests.>*
Thus, increasing confidence in high-uncertainty cases may reduce re-
source allocation. This is also validated in our prior work where
clinicians reported that peer input consistent with their clinical deci-
sion making provides reassurance that extensive workups are not
necessary."’

Peer input and collaboration are recommended approaches to
improve diagnosis,” and the pragmatic nature of this trial provides
lessons on the feasibility of and barriers to digital collaboration. We
believe that advances in informatics can address some of the barriers
encountered in this study. First, case selection and input did not re-
quire PCPs to modify their normal workflows; scribes identified
cases and relevant data based on chart review. This suggests that

with advances in interoperable data standards and natural language
processing, peer input could be automatically solicited for cases
with potential for diagnostic uncertainty. There were delays related
to collecting enough responses to create the collective opinion; fu-
ture collaboration interventions will need to identify facilitators of
peer input to ensure real-time feedback from peers is more attain-
able. Also, since the digital platform allowed free-text data input,
prior to returning the collective opinion to PCPs, clinicians at the
digital platform manually matched terms with the same meaning
that were not identified by an algorithm (eg, accidental acetamino-
phen poisoning and acetaminophen overdose). This demonstrates
the importance of further development and dissemination of data
standards to improve the utility of digital tools. Many delays were
related to PCP actions (completing clinical notes; reviewing the in-
put through an outside website); as technical solutions develop, such
as automatic charting from conversations>* or electronic health re-
cord integration of external clinical decision support tools to allow
access when needed (as recommended by experts),%> delivery of real-
time peer input will be increasingly attainable. Despite delays in the
intervention, which meant that PCPs likely had additional informa-
tion from the already initiated workup, we still found that peer in-
put impacted confidence, suggesting that even if challenges to real-
time input are not easily overcome, peer input still has value.

Limitations

This study is limited by our sample size though we recruited from 2
health systems and included 500+ encounters. We were underpow-
ered for our primary analysis due to challenges with recruitment but
still found in adjusted analysis that peer input impacted diagnostic
confidence in high-uncertainty cases. We did not validate case infor-
mation placed in the platform prior to soliciting input, and there
were some deviations from our protocol in intervention timing and
outcome assessment. Owing to data collection limitations, we were
not able to document in detail the workflow steps that produced the
greatest delays in intervention timing. However, this pragmatic de-
sign and its associated challenges increases generalizability about
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how this could be implemented in clinical care.'® Given limited prior
knowledge about diagnostic uncertainty in ambulatory care and our
circumscribed follow-up time, we were not powered to study clinical
outcomes.

CONCLUSION

This study contributes to literature by finding that in ambulatory
encounters with new or unresolved complaints, diagnostic uncer-
tainty is common. Further, we demonstrate that peer diagnostic in-
put on ambulatory cases impacts diagnostic confidence in high-
uncertainty encounters. Next steps include research that evaluates
the impact of this intervention in other clinical settings, feasibility of
implementing closer to real-time with fewer resources, and impact
of input on clinical outcomes (eg, time to diagnosis, diagnostic accu-
racy), resource utilization, and clinician or patient-reported out-
comes.
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