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Abstract 

Background:  Patients with complex health care needs may suffer adverse outcomes from fragmented and delayed 
care, reducing well-being and increasing health care costs. Health reform efforts, especially those in primary care, 
attempt to mitigate risk of adverse outcomes by better targeting resources to those most in need. However, pre-
dicting who is susceptible to adverse outcomes, such as unplanned hospitalizations, ED visits, or other potentially 
avoidable expenditures, can be difficult, and providing intensive levels of resources to all patients is neither wanted 
nor efficient. Our objective was to understand if primary care teams can predict patient risk better than standard risk 
scores.

Methods:  Six primary care practices risk stratified their entire patient population over a 2-year period, and worked to 
mitigate risk for those at high risk through care management and coordination. Individual patient risk scores created 
by the practices were collected and compared to a common risk score (Hierarchical Condition Categories) in their 
ability to predict future expenditures, ED visits, and hospitalizations. Accuracy of predictions, sensitivity, positive pre-
dictive values (PPV), and c-statistics were calculated for each risk scoring type. Analyses were stratified by whether the 
practice used intuition alone, an algorithm alone, or adjudicated an algorithmic risk score.

Results:  In all, 40,342 patients were risk stratified. Practice scores had 38.6% agreement with HCC scores on identi-
fication of high-risk patients. For the 3,381 patients with reliable outcomes data, accuracy was high (0.71–0.88) but 
sensitivity and PPV were low (0.16–0.40). Practice-created scores had 0.02–0.14 lower sensitivity, specificity and PPV 
compared to HCC in prediction of outcomes. Practices using adjudication had, on average, .16 higher sensitivity.

Conclusions:  Practices using simple risk stratification techniques had slightly worse accuracy in predicting common 
outcomes than HCC, but adjudication improved prediction.
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Introduction
Background
Risk stratification, a process by which risks to health and 
well-being for a population of patients are quantified 
and patients are grouped by risk, was historically per-
formed to manage expected health care expenditures. For 
instance, payers utilized risk scores to actuarially adjust 
insurance premiums or identify insured persons at high 
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risk of poor outcomes or high expenditures [1, 2]. With 
the advent of new data sources, such as patient-reported 
outcomes, and tools, such as the electronic health record 
(EHR), which make these data more accessible, the pro-
cess of stratifying a patient panel at the point of care in 
real time is possible. Doing so may help allocate limited 
health care resources—such as nurse care managers, 
social workers, behavioral specialists, pharmacists, or 
high-risk patient teams—who can tailor care to mitigate 
risks and improve such patient outcomes as emergency 
department (ED) visits or hospital readmissions. For a 
majority of patients, primary care—the place where they 
first seek ongoing care and where care is coordinated—
may be a natural place to perform stratification [3]. For 
instance, a patient with new onset dementia and a patient 
with severe depression and coronary artery disease might 
both have high needs, but the approach to mitigate future 
adverse outcomes might be quite different.

However, current algorithms to perform risk stratifica-
tion have only had moderate success in translation from 
insurers to primary care; this is partially due to significant 
variation in approach—data sources, completeness, and 
accuracy of data varies between insurance or claims data 
and the clinical data available to providers [4]. In addi-
tion, standard risk scores may be useful for risk adjust-
ment but only have moderate predictive ability, indicating 
significant room for improvement [5–7]. Risk stratifica-
tion is challenging, in part, due to many unmeasured or 
incomplete aspects of risk, including social and behavio-
ral issues such as food insecurity or self-efficacy [8]. The 
translation of risk stratification from larger organizations 
with requisite analytic skills may be a significant barrier 
to their successful implementation, yet using the intui-
tion, or human judgement, of health care professionals 
may improve the use of risk scores [9]; some have found 
better prediction using adjudication—starting with an 
algorithmic score, then using human judgment—in spe-
cific populations, especially when training is provided 
[10, 11]. However, the ability of clinical teams, especially 
at diverse practices, to improve risk scores and tailor care 
more effectively outside of highly-specialized or large 
health system settings remains unknown.

Purpose
Our purpose was to use the experience of a diverse 
set of primary care practices—urban, rural, independ-
ent, and in smaller health systems—to see how their 
risk stratification process compares to that available 
by standard risk scores, and which approach identified 
patients at high risk of utilization more accurately. We 
used, as our study base, a natural experiment where 
every primary care practice was asked to risk strat-
ify their populations, and combined data from the 

practice’s RS process with outcomes data to under-
stand the predictive accuracy of their approaches. Our 
hypothesis was that adjudication of algorithmic risk 
scores would show improved performance (predicting 
patients with high risk of hospitalizations or ED visits) 
over either clinical intuition or algorithmic, machine-
generated risk scores alone.

Methods
Study design
The study was part of a mixed methods effort to assess 
practices’ confidence in risk stratification approaches, 
and factors relating to successful adoption of these 
workflows. We asked each participating practice to 
provide the risk stratification scores or strata they had 
created, the specific demographic and diagnostic infor-
mation about the patients they risk stratified from their 
EHR system, and utilization outcomes. We used these 
data to compare their scores to the Hierarchical Condi-
tion Categories (HCC), a standard score used for Medi-
care risk adjustment, and to compare both their scores 
and the HCC in predicting future utilization outcomes. 
The Institutional Review Board at Oregon Health & 
Science University (OHSU) approved of this study.

Setting and participants
Primary care practices in three states—Oregon, Colo-
rado, and Ohio—were eligible to participate in this 
study if they participated in one of several health 
reform initiatives (e.g., accountable care organization, 
multi-payer advanced primary care demonstrations, 
Comprehensive Primary Care initiative from the Cent-
ers for Medicare and Medicaid Services) where they 
were asked to risk stratify their patient population and 
then tailor the care of high needs patients based on risk. 
All eligible practices identified from public participa-
tion lists (N = 150) were first asked to fill out a general 
survey about risk stratification; those that responded 
and had actively risk stratified > 90% of their clinic pop-
ulations were asked to submit data for the study. In the 
initiatives, practices were asked to use any risk stratifi-
cation method they felt would best predict adverse out-
comes for their populations; they were given technical 
assistance in the form of webinars and limited techni-
cal support, but in general, they had to implement and 
use their own approach. Practice risk tools included 
original algorithms and versions of the American Acad-
emy of Family Physicians (AAFP) patient risk rubric. 
Some practices allowed providers (MD, DO, NP, PA) 
to use their own clinical intuition or adjudicate scores, 
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while others also allowed care team members to adjust 
scores.

Data collection and measures
Practice level measures
An online survey was developed to understand the prac-
tices’ approach to and perception of risk stratification; 
its development and results are described elsewhere [9], 
but consisted of questions submitted via REDCap [12] 
about practice demographics, risk stratification approach 
development, and their assessment of its value for the 
care of patients. We used size, location (urban vs. rural), 
and ownership (independent vs. health system) for prac-
tice characteristics. For their risk stratification approach, 
we classified the practices as using clinical intuition alone 
to assign a risk tier versus those using an algorithm and 
changing, or adjudicating, the score. For perceived con-
fidence of the process, we used a summary factor for 
each practice on whether their approach was ideal, cor-
rect, and generated confidence; low was < 50% agreement 
about all 3, high was > 50%.

Patient‑level data
For each practice, a trained informatician and data archi-
tect used a structured data extraction approach of active 
patients (persons seen within the last 2 years) from their 
EHR and other HIT systems. Besides the risk stratifica-
tion scores stored by the practice, the team extracted 
demographic, diagnosis, and utilization information from 
the practices. For outcomes, we worked with practices to 
assess and compile information about persons on whom 
they had comprehensive information on expenditure and 
utilization as part of their initiative. If they received reli-
able information from payers about the outcomes of their 
patients, we helped them integrate this into the data feed. 
We de-identified the information and all analyses were 
performed on de-identified information.

Key measures and outcomes
Key measures were the tier (low, medium, high, and 
very high) of both practice risk score and a standard risk 
score, the Hierarchical Condition Categories. The prac-
tice-based risk scores varied in form, but all provided 
strata or tiers for 4 levels of risk: low, moderate, high, 
and very high. The HCC score is a standardized meas-
ure of the risk for future utilization (range 0.25–5.7); we 
implemented this on the data extracted from practices, 
using age, sex, and diagnosis codes. Practices gener-
ally had access only to data for their own visits. Based 
on each practice’s population size, we assigned tier cut-
points in the HCC scores to generate similar sized tiers 
and allow for comparisons with the practice’s risk score 

calculations. Outcomes, which were extracted from 
payer reports, were total reported expenditures, counts 
of reported hospitalizations, and counts of ED visits for 
each person in the year before and after the risk strati-
fication date (where date of risk stratification is consid-
ered day 0), using cut-points for each that attempted to 
match the percent of patients stratified at high risk with 
the same percentage who had high expenditure or utili-
zation outcomes. The cut-points were expenditures over 
$30,000, 2 or more ED visits in the prior year; and 1 or 
more hospitalization in the prior year. These cut-points 
were created to capture the roughly 10% (9–14% by cat-
egory) of patients who accounted for roughly 2/3 of total 
utilization.

Analysis
To form the final analytic dataset, we assessed HIT data 
quality, retained patients with complete data, and inte-
grated the data from the survey. With EHR extraction, 
data quality was a major issue and was assessed at sev-
eral stages, from initial assessments of correctness and 
completeness by comparing descriptive statistics to 
final assessments of practice-based variation. Patients 
were retained for analysis if they were seen prior to risk 
stratification, had a valid practice-based risk score, and 
their records did not indicate death or that they left the 
practice during the 2-year observational period. For out-
comes analysis, they needed a year of outcomes after the 
risk score was calculated.

We first completed descriptive analyses of the prac-
tices, their survey responses, and their patient popula-
tions. We then compared agreement on who was high 
risk by calculating the contingency table, overall agree-
ment, and kappa for the HCC score highest tier com-
pared to the practice’s highest tier. Then, we limited the 
analysis to those with reliable outcomes, roughly 10% 
of the overall sample; only Medicare and dual eligible 
patients had reliable outcomes. We then compared the 
highest tier of both HCC and practice risk scores against 
the cut-offs for utilization (described above), to calculate 
practices’ overall diagnostic performance in their classi-
fication of patients at high risk for future negative health 
outcomes. We calculated their sensitivity (true positives, 
TP)/(TP + False negatives, FN), specificity(True Nega-
tives, TN)/(TN + False Positives, FP), positive predic-
tive value(TP/(TP + FP), negative predictive value(TN/
(TN + FN)), and overall accuracy (proportion of correctly 
classified cases, or (TP + TN/ ALL) for each of the out-
comes, focusing on the sensitivity and positive predic-
tive value as primary outcomes; significant differences 
between tests were calculated using paired-test compari-
son of two proportions from Moskowitz and Pepe [13]. 
We performed sub-analyses based on risk stratification 
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approach—clinical intuition or adjudicated algorithm—
and overall perception of approach to the predictive 
validity of the approach.

Results
In all, 100 people from 37 practices filled out the initial 
survey and had risk stratified their population; of these, 
12 contacts from 12 practices consented to partici-
pate, with 25 practices declining or not responding to 
the request to participate. Of these 12 practices, 3 did 
not store their risk stratification scores in a structured 
manner that included the date of risk stratification, and 
3 withdrew prior to data extraction, leaving 6 practices 
for this analysis, all of which were located in Oregon.

Practice and patient characteristics are shown in 
Table 1. Of the six practices included, 4 were moderate 
size (a two-year unique patient panel of 10,000–20,000 
patients seen), 2 were rural, and 4 were health system 
owned, and all were located in Oregon. Practices had 
a total of 40,342 eligible patients with risk stratifica-
tion scores. Practices reported using one of three types 
of risk stratification: intuition alone (n = 1), algorith-
mic stratification alone (n = 1), and algorithmic strati-
fication with adjudication (n = 4). Intuition was only 
completed by providers (MD, DO, NP, PAs) and adju-
dication was predominantly providers (N = 3) with 
one practice allowing care team adjudication. Within 
a practice, those completing the survey had high lev-
els of agreement on the quality of their risk strati-
fication approach. These views of quality, however, 
varied across practices, with three practices agreeing 
that their approach was strong (high) and three feel-
ing it still was not correct or ideal (low). For the second 
analytic phase, 3,381 patients had reliable records of 
hospitalizations and ED visits; drop out was largely due 
to insurance turnover, practice turnover, and outcome 
availability. Reliability was determined by consistent 
utilization records the year prior to and after the risk 
stratification score was calculated.

Figure  1 demonstrates the overall performance char-
acteristics of the practice-derived high risk category ver-
sus the standard HCC risk score. In the outside circle, 
all scored patients are compared; of the 40,342 patients 
scored, 2,613 (7%) were high risk and 29,417 (73%) were 
low risk in both scores. Only 2,613/6,771 (38.5%) of the 
patients rated as high risk by either approach were rated 
as high risk by both approaches, leading to a kappa of 
0.26, or ‘fair’ agreement. This indicates that, even though 
we controlled for the differences of patients in the high-
est risk category for the practice and HCC (16%), the pro-
cesses were mostly different. Comparisons by clinic are 
shown in Additional file 1.

The inside circle of Fig. 1 shows the subset of patients 
for whom outcomes were available and matched. Over-
all, 187, or 5% of the sample, was ranked high risk by 
both scores and 79% were ranked as not high risk, for an 
overall agreement of 84%. However, since only 5% of the 

Table 1  Description of included practices and approach

a  Percent agreement with measures of risk score correctness and overall 
confidence in stratification approach; no medium levels of agreement were seen 
(34–66%)

Practices (N = 6) Result

Practice size

 Large (greater than 20,000 patients) 2 (33%)

 Medium (10,000–20,000 patients) 4 (67%)

Practice location

 Urban 4 (83%)

 Rural 2 (17%)

Practice ownership

 Health system 4 (67%)

 Independent 2 (33%)

Perception of practice RS processa

 High (> 67% agree) 3 (50%)

 Low (< 33% agree) 3 (50%)

Stratification approach

 Clinical intuition 1 (17%)

 Algorithm only 1 (17%)

 Adjudication 4 (67%)

Patient panels N (range) 40,342 (2,209–24,192)

% female (practice range) 57% (54–60%)

Age mean (practice range) 60.8 (56.5–72.0)

HCC scores (IQR) 0.60 (0.28–0.80)

 Practice 1 0.62 (0.35–0.79)

 Practice 2 0.74 (0.35–1.0)

 Practice 3 0.54 (0.29–0.67)

 Practice 4 0.55 (0.26–0.70)

 Practice 5 0.65 (0.29–0.86)

 Practice 6 0.79 (0.40–1.05)

HCC categories mean (practice range) 0.79 (0.47–1.06)

HCC conditions % (range)

 Diabetes 11% (2–19%)

 Neoplasm 11% (3–12%)

 Heart disease 10% (7–17%)

 Psychiatric 8% (2–14%)

 Lung 5% (3–9%)

Patients with outcome data available 3,381 (49–1,629)

Outcome rate % (range)

 At least one ED visit 30% (25–59%)

 At least two ED visits 12% (9–36%)

 One or more hospitalization 14% (11–33%)

 Expenditures ≥ $ 30,000 9% (6–22%)
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sample was deemed high risk for both, the kappa agree-
ment was fair (0.32).

Comparisons between HCC scores, practice-created 
scores, and utilization cut-off points for patients with 
reliable outcomes (88% Medicare patients, 12% dual eli-
gible patients) show that HCC outperformed the practice 
stratification approach in the hospitalization and cost 
outcomes, but the approaches performed similarly in 
predicting frequent ED use (see Table  2). Accuracy was 

relatively high (0.71–0.88) but maximum achieved sen-
sitivity (0.40) and PPV (0.34) were low. On average, the 
HCC score had higher absolute performance (2–14%) 
compared other stratification approaches, as shown in 
the difference (Practice-HCC).

Table  3 shows that the practice using algorithm only 
as compared to algorithm plus adjudication consist-
ently outperform their peers using clinical intuition for 
patients with higher utilization and cost. Scores from 
the four practices using adjudication had higher sensi-
tivity (0.36–0.40) and Positive Predictive Value (PPV) 
(0.23–0.30) than the practice using clinical intuition 
(Sensitivity range 0.10–0.15; PPV range 0.06–0.17). The 
difference between practice and HCC was consistently 
smaller for algorithm plus adjudication than clinical 
intuition (− 0.09 to + 0.03 vs. − 0.21 to − 0.02; 0.157 aver-
age difference). Table 4 shows that practices with a worse 
(lower) perception of their risk stratification process con-
sistently outperformed those with higher perception of 
the process for ED visits (Δ Practice − HCC Low − 0.02 
to + 0.01 vs. High − 0.06 to − 0.03) and expenditures (Δ 
Practice − HCC Low − 0.09 to − 0.03 vs. High − 0.18 to 
− 0.03).

Discussion
We compared risk stratification generated from prac-
tice-based approaches versus a standard, automated 
approach. We also compared the accuracy of these 
approaches in predicting future utilization, and com-
pared the accuracy of different practice-based risk strati-
fication approaches with one another. Practices and HCC 

2,613
(7%)

4,158
(10%)

4,154
(10%)

29,417
(73%)

Both high risk Practice high, HCC low

HCC high, practice low Both low

187
(5%) 270

(8%)
268
(8%)

2,656
(79%)

All patients 
with risk 

scores

All patients 
with matched 

outcomes

Fig. 1  Diagnostic characteristics of practice-derived scores versus 
HCC scores top categories

Table 2  Selected diagnostic characteristics of practice-derived scores and HCC scores versus expenditure and utilization outcomes 
(N = 3,381)

ED = Emergency Department use; PPV = Positive Predictive Value, or (True Positives)/(True Positives + False Positives); Sensitivity = True Positives/(True 
Positives + False Negatives); Accuracy = (True Positives + True Negatives)/All Cases; 30k = 30,000; HCC = Hierarchical Condition Category score
*  p value < .05; **p value < .01; ***p value < .001

Outcome Practice: high risk HCC: high risk Δ (Practice-HCC)

Average (range) Average (range)

ED ≥ 2 (12%)

 Sensitivity 0.3 (0.14, 0.69) 0.32 (0.17, 0.6) − 0.02

 PPV 0.25 (0.15, 0.33) 0.28 (0.23, 0.33) − 0.03

 Accuracy 0.76 (0.57, 0.87) 0.76 (0.53, 0.87) 0.00

Hospitalization ≥ 1 (14%)

 Sensitivity 0.26 (0.1, 0.53) 0.36 (0.16, 0.6) − 0.10**

 PPV 0.24 (0.15, 0.33) 0.34 (0.27, 0.5) − 0.10**

 Accuracy 0.74 (0.51, 0.84) 0.77 (0.54, 0.86) − 0.03

Expenditures ≥ 30k (9%)

 Sensitivity 0.26 (0.07, 0.54) 0.4 (0.22, 0.66) − 0.14**

 PPV 0.16 (0.06, 0.32) 0.24 (0.19, 0.32) − 0.08**

 Accuracy 0.77 (0.51, 0.88) 0.79 (0.55, 0.9) − 0.02
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scores often identified different groups of patients as high 
risk: risk categories were discrepant in 20% of the sam-
ple. These differences can be partially explained by HCC 
scores, which focus on sets of chronic illnesses, such as 
diabetes, dementia, and heart disease, while the practices’ 
high risk patients had fewer of these conditions.

Overall performance was high for accuracy but low for 
sensitivity and PPV; the latter two are important: are you 
picking up most of at-risk patients (sensitivity)? and if 
you identify a patient as at-risk, how often are you cor-
rect (PPV)? The process used by the practices did not, in 

general, predict future outcomes more accurately or pre-
cisely, with up to 14 more patients/100 classified incor-
rectly by practices for future hospitalization and costs 
when using their score versus HCC scores. The differ-
ences in predicting ED visits were relatively minor. The 
approaches practices chose did affect prediction, with 
adjudication better than intuition and worse percep-
tion of the process better than a positive sense. Gener-
ally, the practices included in this study were smaller and 
more rural, leading to diverse approaches and percep-
tions. The improved performance with worse perception 

Table 3  Difference between practices using adjudication (N = 4, patients scored 2,088), clinical intuition on key metrics (N = 1, 
patients scored 359), or computer algorithm alone (N = 1, patients scored 934)

ED = Emergency Department use; PPV = Positive Predictive Value; 30k = 30,000; HCC = Hierarchical Condition Category score
*  p value < .05; **p value < .01; ***p value < .001

Algorithm plus adjudication Clinical intuition Computer algorithm

Practice HCC Δ Practice HCC Δ Practice HCC Δ

ED ≥ 2 (12%)

 Sensitivity 0.40 0.37 0.03 0.15 0.33 − 0.18* 0.14 0.17 − 0.03

 PPV 0.30 0.28 0.02 0.15 0.32 − 0.17* 0.19 0.23 − 0.04

 Accuracy 0.72 0.70 0.02 0.78 0.82 − 0.04 0.87 0.87 0.00

Hospitalization ≥ 1 (14%)

 Sensitivity 0.36 0.44 − 0.09* 0.13 0.30 − 0.17* 0.10 0.16 − 0.06*

 PPV 0.30 0.37 − 0.07* 0.15 0.34 − 0.19* 0.16 0.27 − 0.12*

 Accuracy 0.70 0.73 − 0.03 0.76 0.81 − 0.05 0.84 0.86 − 0.02

Expenditures ≥ 30k (9%)

 Sensitivity 0.37 0.46 − 0.09* 0.14 0.41 − 0.27* 0.07 0.22 − 0.15**

 PPV 0.23 0.27 − 0.04 0.06 0.19 − 0.13* 0.06 0.20 − 0.14**

 Accuracy 0.71 0.74 − 0.03 0.82 0.86 − 0.04 0.88 0.90 − 0.02

Table 4  Difference between practices with high (N = 4, patients scored 2,088) and low perception (N = 2, 1,293) of their risk 
stratification process

ED = Emergency Department use; PPV = Positive Predictive Value; 30k = 30,000; HCC = Hierarchical Condition Category score
*  p value < .05; **p value < .01; ***p value < .001

High perception Low perception

Practice HCC Δ Practice HCC Δ

ED ≥ 2 (12%)

 Sensitivity 0.33 0.36 − 0.03 0.26 0.25 + 0.01

 PPV 0.21 0.27 − 0.06* 0.28 0.30 − 0.02

 Accuracy 0.82 0.85 − 0.03 0.72 0.70 − 0.02

Hospitalization ≥ 1 (14%)

 Sensitivity 0.25 0.36 − 0.11** 0.27 0.36 − 0.09*

 PPV 0.19 0.30 − 0.11** 0.32 0.41 − 0.09*

 Accuracy 0.80 0.83 − 0.03 0.70 0.73 − 0.03

Expenditures ≥ 30k (9%)

 Sensitivity 0.25 0.43 − 0.18** 0.28 0.37 − 0.09*

 PPV 0.11 0.22 − 0.11** 0.24 0.28 − 0.04

 Accuracy 0.85 0.88 − 0.03 0.71 0.74 − 0.03
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is somewhat puzzling; however, we have shown that 
this perception may be affected by desire to consistently 
improve the score. These results underscore the impor-
tance of provider and care team understanding com-
puter-based algorithms. For instance, HCC algorithms 
may predict outcomes slightly better than practice cho-
sen ones; however, adjudication may highlight other out-
comes more proximal to the care team’s approach [9].

These results are similar to others who explored clini-
cal intuition based scoring versus algorithmic scores and 
the work of Hong et al. who showed that clinical adjudi-
cation of scores improved downstream prediction com-
pared to algorithms or clinical intuition alone [11]. The 
fact that practice prediction lagged behind a standard 
algorithm may be due to the fact that these six prac-
tices were not part of large, integrated delivery systems 
(unlike Hong) and did not have advanced care manage-
ment programs in place at the start of risk stratification. 
In addition, we’ve reported on the fact that data quality 
related to EHR use significantly impacts the value of the 
data [14], so providers’ intuition may have been impacted 
by sparse or inaccurate data more than the HCC algo-
rithm. Additionally, the practices were required to care 
manage a majority of the patients they rated as highest 
risk, and if this approach was successful, it could have 
reduced the risk for adverse outcomes and expendi-
tures and therefore the predictive validity. We did not 
use practices’ history of care management in the analy-
sis because it was not tracked in a consistent manner and 
was judged equally likely to affect HCC predictive valid-
ity. We previously found that a human touch was impor-
tant for uptake of the risk stratification approach [9] but, 
for these practices, pure clinical intuition as a risk strati-
fication approach did not improve the ability to predict 
future outcomes; those using an algorithm consistently 
outperformed those who did not. The integration of clini-
cal intuition and algorithm results to identify those at 
high risk is more complicated than this study shows; risks 
must be amenable to intervention.

Limitations of this study are the small number of prac-
tices, and variation in risk stratification approach, leading 
to challenges in comparisons. In addition, the errors were 
evenly balanced by design; we chose HCC cut-points 
which provided similar numbers of high risk patients as 
the practice set. Conversely, these differences may pro-
vide broader insights as to the variation possible in pre-
diction of outcomes. The outcomes for the majority of 
the patients who were risk stratified were not known, 
making the analysis of risk prediction validity more lim-
ited. Confounding from risk mitigation strategies, like 
care management, may have also reduced our predictive 
validity since the practices may have acted immediately 
for high-risk patients, reducing their future utilization; 

however, these practices should affect both scores. Early 
results from the primary program most of the practices 
participated in, the Comprehensive Primary Care ini-
tiative, indicate that there was a reduction in utilization 
overall [15]. The source of this reduction is more likely 
from the patients the practices identified as high risk 
than those the HCC score identified, since the practices 
acted on the patients they identified; this was a source 
of potential endogeneity for which we could not adjust. 
Additionally, practices who agreed to participate from 
the hundreds (now thousands) completing risk stratifi-
cation were likely biased. Large health systems were less 
likely to participate and those that did participate had 
to regularly record their scores. Practices who were not 
able to do this may have had even worse risk prediction 
processes.

Conclusion
This work showed that algorithms were more accurate 
than clinical intuition in predicting unplanned utiliza-
tion and cost; however, adjudication of those algorithm 
results demonstrated further improvement. This is highly 
relevant to population management in health care, as 
patients with complex conditions and multimorbidity 
represent the majority of health care utilization, yet pre-
dicting who will be high cost, high needs is a challenge 
for those working to mitigate these risks. Future research 
may consider combing the most accurate algorithms with 
adjudication and incorporate longer time windows with 
accurate information about how risk is managed. With a 
longer window, it may be easier to identify who is effec-
tively care managed as their risk score may drop from 
year to year.

Abbreviations
DO: Doctor of osteopathy; ED: Emergency department; EHR: Electronic health 
record; FN: False negative; FP: False positive; HCC: Hierarchical condition 
category; HIT: Health information technology; MD: Medical doctor; NP: Nurse 
practitioner; PA: Physician assistant; PPV: Positive predictive value; RS: Risk 
stratification; TN: True negative; TP: True positive.

Supplementary Information
The online version contains supplementary material available at https​://doi.
org/10.1186/s1291​1-021-01455​-4.

Additional file 1. Confusion matrices by clinic

Acknowledgements
The authors thank Sei Lee, MD, for his comments and review of the 
manuscript.

Authors’ contributions
DD conceived the research and was the primary author and had final decision 
making authority for the the manuscript; RR, DC, DK, KR, BS, JW, wrote, edited, 

https://doi.org/10.1186/s12911-021-01455-4
https://doi.org/10.1186/s12911-021-01455-4


Page 8 of 8Dorr et al. BMC Med Inform Decis Mak          (2021) 21:104 

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

and approved the final manuscript. All authors read and approved the final 
manuscript.

Funding
This research was funded by The Commonwealth Fund (Grant ID: 20140607). 
The Commonwealth Fund had input into the design of the study but no input 
into collection, analysis, and interpretation of data or writing the manuscript.

Availability of data and materials
The datasets generated and/or analyzed during the current study are not 
publicly available due to patient privacy regulations, but are available from the 
corresponding author on reasonable request.

Ethics approval and consent to participate
The Institutional Review Board at Oregon Health and Science University 
(OHSU) approved this study, including access to the relevant data. Analysis 
was done under a waiver of consent, with data de-identified during analysis.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
1 Department of Medical Informatics and Clinical Epidemiology, Oregon 
Health and Science University, 3030 SW Moody Ave, Portland, OR 97201, USA. 
2 VA Portland Health Care System, Portland, OR, USA. 3 Johns Hopkins Univer-
sity, Baltimore, MD, USA. 

Received: 21 February 2019   Accepted: 23 February 2021

References
	1.	 Mosley DG, Peterson E, Martin DC. Do hierarchical condition category 

model scores predict hospitalization risk in newly enrolled Medicare 
advantage participants as well as probability of repeated admission 
scores? J Am Geriatr Soc. 2009;57(12):2306–10.

	2.	 Lemke KW, Weiner JP, Clark JM. Development and validation of a model 
for predicting inpatient hospitalization. Med Care. 2012;50(2):131–9.

	3.	 Abrams M, Kleiman R, Schneider E, Shah T. The better care playbook 
[Internet]: the commonwealth fund. 2016. http://www.bette​rcare​playb​
ook.org/resou​rces/overv​iew-segme​ntati​on-high-need-high-cost-patie​
nt-popul​ation​.

	4.	 Wagner JE, Hall J, Ross R, Cameron D, Sachdeva B, Cohen D, et al. Imple-
menting risk stratification in primary care: challenges, considerations, and 
strategies. J Am Board Fam Med. 2019;32:585–95.

	5.	 Haas LR, Takahashi PY, Shah ND, Stroebel RJ, Bernard ME, Finnie DM, et al. 
Risk-stratification methods for identifying patients for care coordination. 
Am J Manag Care. 2013;19(9):725–32.

	6.	 Wahls TL, Barnett MJ, Rosenthal GE. Predicting resource utilization 
in a Veterans Health Administration primary care population: com-
parison of methods based on diagnoses and medications. Med Care. 
2004;42(2):123–8.

	7.	 Bruun Larsen L, Soendergaard J, Halling A, Thilsing T, Thomsen JL. A 
novel approach to population-based risk stratification, comprising 
individualized lifestyle intervention in Danish general practice to prevent 
chronic diseases: results from a feasibility study. Health Informatics J. 
2017;23:249–59.

	8.	 Meenan RT, Goodman MJ, Fishman PA, Hornbrook MC, O’Keeffe-Rosetti 
MC, Bachman DJ. Using risk-adjustment models to identify high-cost 
risks. Med Care. 2003;41(11):1301–12.

	9.	 Ross RL, Sachdeva B, Wagner J, Ramsey K, Dorr DA. Perceptions of risk 
stratification workflows in primary care. Healthcare (Basel, Switzerland). 
2017;5(4):78.

	10.	 Hong CS, Siegel AL, Ferris TG. Caring for high-need, high-cost patients: 
what makes for a successful care management program? Issue Brief 
(Commonw Fund). 2014;19:1–19.

	11.	 Hong CS, Atlas SJ, Ashburner JM, Chang Y, He W, Ferris TG, et al. Evaluating 
a model to predict primary care physician-defined complexity in a large 
academic primary care practice-based research network. J Gen Intern 
Med. 2015;30(12):1741–7.

	12.	 Harris PA, Taylor R, Thielke R, Payne J, Gonzalez N, Conde JG. Research 
electronic data capture (REDCap)—a metadata-driven methodology and 
workflow process for providing translational research informatics sup-
port. J Biomed Inform. 2009;42(2):377–81.

	13.	 Moskowitz CS, Pepe MS. Comparing the predictive values of diagnos-
tic tests: sample size and analysis for paired study designs. Clin Trials. 
2006;3(3):272–9.

	14.	 Martin S, Wagner J, Lupulescu-Mann N, Ramsey K, Cohen A, Graven P, 
et al. Comparison of EHR-based diagnosis documentation locations to 
a gold standard for risk stratification in patients with multiple chronic 
conditions. Appl Clin Inform. 2017;8(3):794–809.

	15.	 Peikes D, Ghosh A, Zutshi A, Taylor EF, Anglin G, Converse L, et al. Evalua-
tion of the Comprehensive Primary Care Initiative: second annual report 
[Internet]. Princeton (NJ): Mathematica Policy Research; 2016 Apr [cited 
2017 Dec 14]. https​://innov​ation​.cms.gov/Files​.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

http://www.bettercareplaybook.org/resources/overview-segmentation-high-need-high-cost-patient-population
http://www.bettercareplaybook.org/resources/overview-segmentation-high-need-high-cost-patient-population
http://www.bettercareplaybook.org/resources/overview-segmentation-high-need-high-cost-patient-population
https://innovation.cms.gov/Files

	Primary care practices’ ability to predict future risk of expenditures and hospitalization using risk stratification and segmentation
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Introduction
	Background
	Purpose

	Methods
	Study design
	Setting and participants
	Data collection and measures
	Practice level measures
	Patient-level data

	Key measures and outcomes
	Analysis

	Results
	Discussion
	Conclusion
	Acknowledgements
	References


