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BACKGROUND: In primary care risk stratification, auto-
mated algorithms do not consider the same factors as
providers. The process of adjudication, in which providers
review and adjust algorithm-derived risk scores, may im-
prove the prediction of adverse outcomes.
OBJECTIVE: We assessed the patient factors that influ-
enced provider adjudication behavior and evaluated the
performance of an adjudicated risk model against a com-
mercial algorithm.
DESIGN: (1) Structured interviews with primary care pro-
viders (PCP) andmultivariable regression analysis and (2)
receiver operating characteristic curves (ROC) with sensi-
tivity analyses.
PARTICIPANTS: Primary care patients aged 18 years and
older with an adjudicated risk score.
APPROACH AND MAIN MEASURES: (1) Themes from
structured interviews and discrete variables associated
with provider adjudication behavior; (2) comparison of
concordance statistics and sensitivities between risk
models.
KEY RESULTS: 47,940 patients were adjudicated by
PCPs in 2018. Interviews revealed that, in adjudication,
providers consider disease severity, presence of self-
management skills, behavioral health, and whether a risk
score is actionable. Provider up-scoring from the algorith-
mic risk score was significantly associated with patient
male sex (OR 1.24, CI 1.15–1.34), age > 65 (OR 2.55, CI
2.24–2.91) , Black race (1.26, CI 1.02–1.55) ,
polypharmacy >10 medications (OR 4.87, CI 4.27–5.56),
a positive depression screen (OR 1.57, CI 1.43–1.72), and
hemoglobin A1c >9 (OR 1.89, CI 1.52–2.33). Overall, the
adjudicated risk model performed better than the com-
mercial algorithm for all outcomes: ED visits (c-statistic
0.689 vs. 0.684, p < 0.01), hospital admissions (c-statistic
0.663 vs. 0.649, p < 0.01), and death (c-statistic 0.753 vs.
0.721, p < 0.01). When limited to males or seniors, the
adjudicated models displayed either improved or non-
inferior performance compared to the commercial model.

CONCLUSIONS: Provider adjudication of risk stratifica-
tion improvesmodel performance because providers have
a personal understanding of their patients and are able to
apply their training to clinical decision-making.
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INTRODUCTION

Risk stratification identifies patients who are more likely to
encounter potentially avoidable health outcomes, so that they
can be targeted with early interventions. Because risk stratifi-
cation (RS) can help control the costs associated with adverse
health events, these programs have become more common-
place in clinical settings.1,2 In 2015, the Agency for Healthcare
Research and Quality (AHRQ) estimated that 5% of the US
population accounts for greater than half of all health care
spending.3 As a result, payors are turning to population man-
agement to reduce avoidable health care among high-risk
patients, while improving health outcomes. Population man-
agement typically involves care coordination, monitoring,
education, and social support conducted by care managers.4

The Comprehensive Primary Care Plus (CPC+) initiative from
The Center for Medicare & Medicaid Innovation (CMMI) is
an alternative payment model that promotes population-based
care management. This program requires organizations to
stratify their patient panels into risk tiers and provide targeted
care management to those who would likely benefit.5,6

Identifying patients at risk for adverse outcomes remains
challenging. Patients at higher risk of morbidity and mortality
typically have a number of comorbid conditions, higher dis-
ease severity indicators, more behavioral health needs, and
experience other social determinants of health, including fi-
nancial challenges.7,8 Risk stratification simplifies the identi-
fication of high-risk patients by using either automated
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algorithms, clinical intuition by providers, or both. Comput-
erized algorithms, also known as clinical prediction models
(CPM), rely on data available in electronic health records
(EHR).9 While these data are vast and detailed, they are
limited by a lack of discrete representation for many functional
and psychosocial patient factors.
A definitive method of risk stratification in primary care has

not been identified. On one hand, automated algorithms have
been successful in predicting outcomes under varying circum-
stances, such as in the identification of patients at risk for
hospitalization or increased costs.1,5,10,11 On the other hand,
human intuition often disagrees with the computer models.
One study of diabetic patient complexity found poor concor-
dance between the opinion of 40 physicians and three com-
monly used algorithms.12 In another mixed-methods study, 35
nurses and social workers based their classifications of patient
candidacy for intensive care management on nuanced themes,
such as social support, health trajectory, motivation, and agen-
cy. The researchers were unable to adequately match their
opinions using models from EHR data alone.4 Furthermore,
automation can sometimes cause unintended harm, as when
racial bias was identified in a widely used algorithm that
predicted costs as a proxy for illness.13

Hybrid methods of risk stratification attempt to circumvent
the weaknesses of automated algorithms by allowing physi-
cians to review and adjust computer-generated scores in a
process known as adjudication.8 Adjudication allows human
experts to weigh nuanced factors that may not be available in
computer models. Provider input generally increases overall
confidence among stakeholders in the risk stratification and
care management process.8,14 Studies have demonstrated that
a combined approach was shown to improve the prediction
model accuracy.15,16 However, additional research is needed
to evaluate providers’ considerations and value contributions
to automated algorithms. In this investigation, we assessed the
factors that influence provider adjudication of risk scores
using qualitative interviews and statistical modeling. We then
compared the performance of the commercial EHR risk score
against the providers’ adjudicated risk scores by their ability to
predict unplanned care utilization and mortality.

METHODS

Study Design

We conducted a mixed-methods study using key informant
interviews and a patient cohort to evaluate the accuracies of risk
stratification models derived from commercial algorithms and
clinician input. This study was approved by the OHSU Institu-
tional Review Board (IRB# 00008917). Patients in the cohort
were those seen in primary care clinics at Oregon Health &
Science University (OHSU) who were assigned risk scores using
a vendor-provided algorithm. The primary care providers were
then asked to adjudicate the risk scores of the patients on their
panels by either increasing, decreasing, or retaining the score as

calculated by the algorithm. Participating providers included
board-certified physicians, physicians-in-training, nurse practi-
tioners, and physician assistants. A purposive sample of partici-
pating providers were interviewed about their experiences and
perceptions of the process. Over a 12-month period, the patient
cohort was observed for negative outcomes. The accuracies of
the risk stratificationmodels, with andwithout adjudication, were
then compared through statistical analysis.

Study Setting

The adult primary care clinics at OHSU participate in the
CPC+ initiative from CMMI. CPC+ practices must have a
risk stratification process that includes computerized risk as-
sessment and provider perception. An interprofessional com-
mittee at OHSU reviewed several options for algorithmic risk
stratification.11 While the algorithms had comparable predic-
tive abilities, the committee chose the commercial tool from
Epic because it was readily available for integration with the
existing electronic health record (Epic Systems Corporation,
Verona, WI). The “risk of hospital admission or ED visit
model” is a proprietary algorithm for predicting a patient’s
risk for an emergency department (ED) visit or hospital ad-
mission over the following year. The model input variables
include Medicare status, Medicaid status, relationship status,
assignment to PCP, number of hospital and ED visits in the
past year, and twelve high-risk diagnoses. The vendor docu-
mentation reports that the model demonstrated an area under
the receiver operating characteristic curve (AUC or
concordance-statistic) of 0.63–0.78.17 During the latter half
of 2018, OHSU primary care practices began implementing
the tool. Providers are shown the percentage risk and a corre-
sponding 0 to 4 categorical risk score: 0 (0–1% risk of ED/
hospitalization in the next year), 1 (2–9% risk), 2 (10–19%
risk), 3 (20–59% risk), and 4 (60–100% risk).
After the risk tool was implemented, internal medicine and

family medicine providers were asked to review and adjudicate
the scores assigned to patients on their panels. In the adjudica-
tion process, the provider can adjust the risk score up or down
by 1 point or keep it unchanged if they agreewith the algorithm-
generated score. The final adjudicated risk scores are used to
evaluate patients for a care management intervention.

Key Informant Interviews

Structured interviews were conducted with nine providers
who were responsible for the adjudication of 3029 patient
risk scores. A structured interview guide was developed
and then used to ask providers about their experience with
adjudication, how they assess risk, and what factors they
consider in predicting mortality and utilization outcomes.
A think-aloud protocol was utilized, by which providers
voiced their subjective experience of adjudication while
the researcher observed and asked guiding questions. In-
terviews were conducted by a single researcher with
awareness of the adjudication process.
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Study Population and Variables Collected

Patients aged 18 years and older with a primary care provider
at an OHSU internal medicine or family medicine clinic were
first assigned Epic risk scores in 2018. Those patients who had
their score adjudication completed between 7/12/2018 and 12/
31/2018 were included in the quantitative analysis. 7/12/2018
was chosen as the initial date because this is when the com-
mercial tool became available. Patient characteristics include
Epic risk score, adjudicated risk score, age, gender, ethnicity,
and race. Race and ethnicity data are self-identified by patients
and collected as part of standard clinic intake. Disease severity
indicators and behavioral health factors were chosen to align
with the themes from the provider interviews. These include
maximum hemoglobin A1c and maximum B-type natriuretic
peptide (BNP) representing severity of diabetes and heart
failure, respectively. Medication count was also utilized be-
cause polypharmacy is associated with increased mortality.18

The Patient Health Questionnaire (PHQ)-2 screen was used as
an indicator for mental health. Outcome metrics included an
OHSU ED visit, OHSU hospital admission, and death during
the 2019 calendar year.

Data Analyses

For qualitative analysis of interviews, we used an immersion/
crystallization approach to identify and describe emergent
themes and to select salient exemplars, which were later used
to guide EHR data collection and statistical modeling in our

mixed-methods work.19 To reveal the factors that may be
influencing provider adjudication, we used multivariate logis-
tic regression to evaluate the association between up-scoring
behavior and patient characteristics, including demographics
and disease severity indicators. For the purposes of the regres-
sion model, maximum BNP and hemoglobin A1c were input
as zero for patients without a recorded value. Similarly, pa-
tients without a PHQ-2 or PHQ-9 recorded were considered to
have a negative PHQ-2. Adjusted odds ratios and 95% confi-
dence intervals were produced from the multivariable models.
After collecting patient outcome data for 2019, we com-

pared the predictive abilities of the vendor algorithm with the
adjudicated score. The receiver operating characteristic (ROC)
curves were plotted on a continuous scale of 0 to 4. For each
risk model, we calculated the area under the curve (AUC or c-
statistic), which were compared using DeLong’s test for two
correlated ROC curves. Sensitivity, specificity, and positive
predictive value (PPV) were also calculated with a score cutoff
of 4 and compared usingMcNemar’s test. Finally, we repeated
the risk model comparisons for the subgroups of males, se-
niors (65+ years), and Black patients.

RESULTS

Patient Cohort

From July 12 through December 31, 2018, 47,940 patients
were assigned Epic risk scores and had their scores

Table 1 Patient Outcomes by Demographic Characteristics

n Outcome in 2019

ED visit (%)* Admission (%)* Deceased (%)*

Adjudicated patients 47,940 6746 (14.1) 3403 (7.1) 366 (0.8)
Department
Internal medicine 16,033 (33.4) 2816 (17.6) 1452 (9.1) 187 (1.2)
Family medicine 31,907 (66.6) 3930 (12.3) 1951 (6.1) 179 (0.6)

Gender
Female 25,510 (53.2) 3832 (15.0) 2109 (8.3) 191 (0.7)
Male 22, 430 (46.8) 2914 (13.0) 1294 (5.8) 175 (0.8)

Age
18–35 12,350 (25.8) 1262 (10.2) 616 (5.0) 4 (0.0)
36–49 13,666 (28.5) 1373 (10.0) 608 (4.4) 16 (0.1)
50–64 10,725 (22.4) 1574 (14.7) 701 (6.5) 49 (0.5)
65+ 11,199 (23.4) 2537 (22.7) 1478 (13.2) 297 (2.7)

Race
White 39,970 (83.4) 5765 (14.4) 2943 (7.4) 328 (0.8)
Black 1308 (2.7) 265 (20.3) 104 (8.0) 7 (0.5)
American Indian 202 (0.4) 36 (17.8) 21 (10.4) 0
Asian 3450 (7.2) 334 (9.7) 189 (5.5) 24 (0.7)
Pacific Islander 229 (0.5) 34 (14.8) 19 (8.3) 0
Multiracial 1117 (2.3) 159 (14.2) 77 (6.9) 1 (0.1)
Unknown/other 1664 (3.5) 153 (9.2) 50 (3.0) 6 (0.4)

Ethnicity
Hispanic 2515 (5.2) 411 (16.3) 183 (7.3) 12 (05)
Non-Hispanic 44,328 (92.5) 6252 (14.1) 3190 (7.2) 348 (0.8)
Unknown 1097 (2.3) 83 (7.6) 30 (2.7) 6 (0.5)

Insurance
Commercial 36,158 (75.4) 3979 (11.0) 1943 (5.4) 134 (0.4)
Medicare 7125 (14.9) 1822 (25.6) 1073 (15.1) 212 (3.0)
Medicaid 3511 (7.3) 842 (24.0) 342 (9.7) 17 (0.5)
Other 1146 (2.4) 103 (9.0) 45 (3.9) 3 (0.3)
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adjudicated by primary care providers (Table 1). Of these,
47% were males, 23% were 65 years or older, and 3% were
Black, 7% were Asian, and 5% were Hispanic, and 7.3% had
Medicaid. Over the calendar year of 2019, 14% of our cohort
were seen in an ED visit, 7%were admitted to the hospital, and
1% passed away.

Key Informant Interviews

Nine primary care providers (PCP), including seven phy-
sicians, one nurse practitioner, and one physician’s assis-
tant from one internal medicine and one family medicine
practice participated in structured interviews. Qualitative
analyses resulted in five emergent themes that the pro-
viders considered in risk adjudication (Table 2). Lower
perceived risk was described as being related to strong
self-management skills, including health literacy, engage-
ment with care plans, and adherence to medications. Pro-
viders perceived that disease severity and behavioral
health factors were insufficiently considered by the vendor
algorithm. Patients with poor social support or self-
management skills were described as benefiting most from
care management intervention. Providers voiced that they
occasionally up-scored patients to provide them with ad-
ditional resources. In these cases, perceived risk was
disregarded.

Overall Adjudication Results

When asked to adjudicate the algorithm-derived risk score,
overall providers elected to decrease 7.5%, increase 6.8%, and
keep 85.7% of the scores unchanged. Of the patients whose
risk scores were decreased during adjudication, 74% did not
suffer a measured negative outcome (ED visit, admission, or
death). Of the patients whose scores were increased, 32%
experienced at least one negative outcome (Table S1 of the
Supplementary Appendix).

Factors Associated with Up-Scoring to High-
Risk Category

Table 3 displays patient characteristics associated with pro-
vider up-scoring during adjudication. Patients who had their
risk scores increased by adjudication were more likely to be
males, older, or Black. Up-scored patients were also more
likely to have a higher active medication count, a positive
PHQ-2 screen, a hemoglobin a1c > 9 mg/dL, or a pro-B-type
natriuretic peptide >200 pg/mL.

Table 2 Factors Reported by Providers in Risk Adjudication, Categorized by Theme

Theme Description Exemplar

Disease severity Severity of disease state is not adequately addressed in risk
stratification.

“I do not agree with the risk score…it should be lower…
she still travels…she’s hiking Machu Picchu with her Texas
boyfriend in a couple of months”

Self-management skills Patients with strong self-management skills are considered
lower risk.

“He works for a pharmaceutical agency, he’s got a lot of
good understanding about his medical problems even
though he’s got a kind of undiagnosed iron deficiency
anemia with unknown cause. Pretty bad asthma. But I
would say his risk is pretty low. I’m going to decrease him
two to a one.”

Behavioral health A history of psychological trauma, intimate partner
violence, substance use disorders, or mental health
diagnoses should be considered as risk factors.

“…transgender patient who has depression that’s not very
well treated and does not have a good social background
and also has a history of trauma. I cannot think of
somebody who would be more risky”

Care management and
additional resource
allocation

The purpose of adjudication is specifically to partner the
patient with additional clinic personnel.

“He has prostate cancer, he’s depressed, but he is not
someone who would engage with a care manager, so accept
the risk score...am I going to say care management? No.”

Risk score increases must
be actionable

Providers increase the risk score when risk is actionable,
and poor outcomes or care utilization are preventable.

“His admissions are for bowel obstructions, which are just
erratic. I think about if it is preventable. It’s nothing I’m
going to have any impact on.”

Table 3 Adjusted Odds of Provider Up-Scoring in Risk Score
Adjudication by Patient Characteristics

Factors OR (95% CI)

Sex
Female Reference
Male 1.24 (1.15–1.34)

Age
18–35 Reference
36–49 1.22 (1.07–1.41)
50–64 1.96 (1.72–2.24)
65+ 2.55 (2.24–2.91)

Race
White Reference
Black 1.26 (1.02–1.55)
American 1.53 (0.93–2.40)
Asian 1.05 (0.89–1.22)
Pacific Islander 1.54 (0.90–2.47)
Multiracial 0.96 (0.70–1.27)
Unknown 0.95 (0.68–1.30)

Ethnicity
Non-Hispanic Reference
Hispanic 1.18 (0.98–1.42)
Unknown ethnicity 0.85 (0.56–1.26)

Medication count
0–3 Reference
4–6 1.82 (1.58–2.10)
7–10 2.17 (2.36–3.11)
11–67 4.87 (4.27–5.56)

Positive PHQ-2 1.57 (1.43–1.72)
HbA1c>9 1.89 (1.52–2.33)
Pro-BNP>200 1.56 (1.32–1.82)
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Risk Model Performance Comparison

Overall, the adjudicated score models showed greater predic-
tive ability over the original vendor score model for all three
outcomes (Table 4). When limited to males or seniors, the
adjudicated risk models again displayed greater AUC perfor-
mance for all outcomes. When limited to Black patients, the
differences between the Epic and adjudicated riskmodels were
not significant. We also examined differences in sensitivity
using a score cutoff of 4. Overall, adjudication improved the
model sensitivity for all three outcomes. When the analysis
was limited to the subgroups of males or Black patients, the
increases in sensitivity were not always significant.

DISCUSSION

This study is among the first to our knowledge to illustrate the
contribution provider adjudication can make in clinical pre-
dictions. In this study, we found that adjudication adds value
to risk models by improving the prediction of adverse out-
comes. As a result, complex patients can be more readily
linked to needed resources. Clinical prediction models typi-
cally provide an automated process for identifying high-risk
patients who can then be provided interventions to reduce
adverse outcomes, including emergency department visits,
inpatient admissions, and death. However, automated risk
algorithms are often inadequate in identifying high-risk pa-
tients, which can result in wasted resources or missed oppor-
tunities for intervention. Adjudication allows providers with
patient-specific knowledge to improve the identification of at-
risk patients. This study quantifies the value of provider
adjudication.
This study also found that primary care providers consider a

number of factors when they adjudicate risk scores, including
disease severity, health literacy, behavioral health, and wheth-
er an actionable intervention, such as care management, is

warranted. When they adjudicate patient risk scores. These
findings align with past work that demonstrated providers and
care managers consider complexity of medical decision-mak-
ing, individual patient behaviors, and psychosocial factors
when evaluating complexity.4,12,15 Only two of the five emer-
gent themes identified here (disease severity and behavioral
health factors) can be represented by EHR data.
Further to this, we found that sex, senior age, Black race,

PHQ-2 positivity, high BNP, high a1c, and a higher medication
count were all associated with provider up-scoring behavior.
While not all of these factors were specifically mentioned in
our interviews, they may be factors that providers considered.
Some of these factors have been shown to be associated with
adverse outcomes. For example, polypharmacy is associatedwith
increased mortality and depressive symptoms are a risk factor for
hospital admission18,20 Patient activation, as a measure of self-
management skills, has been associated with improved biomet-
rics, including hemoglobin a1c, blood pressure, and cholesterol.21

The underlying reasons why providers up-scored Black patients
is multifactorial, the facets of which stem from systemic anti-
black racism in the healthcare setting including implicit bias
underlying a perception of increased risk.22,23 Furthermore, it is
important to recognize as stated by Vyas et al. that “racial
differences found in large data sets most likely often reflect
effects of racism — that is, the experience of being black in
America rather than being black itself— such as toxic stress and
its physiological consequences.”24 It is not clear if adjudication
incorporates racial bias or not, and this issue highlights the need
for deeper evaluation of providers’ racial bias in assessment of
risk.
In our patient population, adjudication by PCPs improved the

prediction of adverse outcomes. When compared to a commer-
cial risk algorithm, there was a statistically significant improve-
ment in the AUC with adjudication for prediction of ED visits,
hospital admissions, and death. Among the highest risk patients
(risk score 4), we demonstrated that adjudication improves

Table 4 Performance Comparison of the Epic and Adjudicated Risk Score Models: Concordance Statistics and Sensitivity

Outcome Risk model AUC Sensitivity (score cutoff = 4)

Vendor Adjudicated p-value Vendor Adjudicated p-value

All patients
ED visit 0.684 0.689 < 0.01 0.136 0.149 < 0.01
Hospital admission 0.649 0.663 < 0.01 0.151 0.172 < 0.01
Death 0.721 0.753 < 0.01 0.202 0.262 < 0.01

Males
ED visit 0.681 0.686 0.02 0.125 0.139 < 0.01
Hospital admission 0.696 0.716 < 0.01 0.185 0.201 0.08
Death 0.716 0.747 < 0.01 0.206 0.229 0.5

Seniors
ED visit 0.671 0.679 < 0.01 0.143 0.167 < 0.01
Hospital admission 0.663 0.683 < 0.01 0.153 0.191 < 0.01
Death 0.686 0.710 < 0.01 0.185 0.246 < 0.01

Black patients
ED visit 0.704 0.706 0.706 0.226 0.234 0.8
Hospital admission 0.685 0.703 0.703 0.279 0.327 0.1
Death 0.911 0.930 0.930 0.571 0.714 1

AUC compared using DeLong’s test for two correlated ROC curves
Sensitivity compared using McNemar’s test
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sensitivity, indicating that providers are accurately identifying
complex patients and labeling them as higher risk. Overall, these
findings demonstrate that adjudication has significant value.
While adjudication improved the predictive abilities in our

overall population, we further demonstrated that it did not
harm specific populations. We analyzed the risk models for
three demographic groups characterized as higher risk by
providers: males, seniors (age 65+), and Black patients. With-
in each of these groups, adjudication improved algorithm
performance, though not always to a statistically significant
degree. This finding suggests that providers are not displaying
harmful bias in their adjudication.
This study also demonstrated that provider adjudication

improves the predictive ability of risk stratification algorithms.
That said, adjudication remains a highly manual process that
requires clinician time and health-system funding, which is not
always feasible or available. Provider adjudication behavior
offers clues regarding which elements are lacking from risk
algorithms and holds promise for automation of a highly
manual process. Integration of clinician-identified factors into
risk algorithms is a promising pathway for improvement of
future iterations of risk algorithms, and if effective, would
reduce the burden of manual processes, save clinician time,
and potentially improve patient outcomes.

Limitations

Our provider sample and patient cohort are limited to a single
academic medical center with a large regional catchment. 83%
of our sample were white patients, suggesting that certain
demographic subgroups were underrepresented. In addition,
our cohort had a lower percentage of patients insured by
Medicaid compared to the general population.25 Furthermore,
the patient demographics and disease severity factors were
chosen for convenience from the available EHR data. The
assessment of patient death was limited to only what was
available in the EHR and did not include claims data.

CONCLUSION

Provider adjudication of automated risk stratification algo-
rithms contributes value to the process because human pro-
viders offer patient-specific knowledge and experience. In this
two-phase study, we first show that providers consider patient
characteristics that are unused by a commercial algorithm or
that are not available in the EHR. Second, we demonstrated
that adjudication makes a meaningful contribution to the risk
stratification process over the automated commercial system
alone by improving the performance of the risk models.
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