
494 Journal of Managed Care & Specialty Pharmacy JMCP April 2017 Vol. 23, No. 4 www.jmcp.org

Predicting 1-Year Statin Adherence Among Prevalent Users: 
A Retrospective Cohort Study

Alexis A. Krumme, MS; Jessica M. Franklin, PhD; Danielle L. Isaman, BS;  
Olga S. Matlin, PhD; Angela Y. Tong, MS; Claire M. Spettell, PhD; Troyen A. Brennan, MD, JD, MPH; 

William H. Shrank, MD, MSHS; and Niteesh K. Choudhry, MD, PhD

ABSTRACT

BACKGROUND: Attempts to predict who is at risk of future nonadherence 
have largely focused on predictions at the time of therapy initiation; howev-
er, these users are only a small proportion of all patients on therapy at any 
point in time. Methods to predict nonadherence for established medication 
users, which have not been previously described in the literature, would be 
helpful to guide efforts to enhance the use of evidence-based therapies.

OBJECTIVE: To test approaches for adherence prediction among prevalent 
statin users, namely the use of short-term filling behavior, investigator-
specified predictors from medical and pharmacy administrative claims, and 
the empirical selection of potential predictors using the high-dimensional 
propensity score variable selection algorithm.

METHODS: Medical and prescription claims data from a large national 
health insurer were used to create a cohort of patients who filled statin 
medication prescriptions in January 2012. We defined 6 groups of adher-
ence predictors and estimated 10 main models to predict medication 
adherence in the full cohort. The same was done for the population strati-
fied based on the days supply of the index statin prescription (≤ 30 days vs. 
> 30 days).

RESULTS: The study cohort consisted of 93,777 individuals, 58.4% of which 
were adherent to statins during follow-up. The use of 3 pre-index adher-
ence predictors alone achieved a c-statistic of 0.70. Investigator-specified 
and empirically selected pharmacy, medical, and demographic variables 
did substantially worse (0.57-0.60). The use of 3 indicators of post-index 
adherence achieved a higher c-statistic than the best-performing model 
using pre-index information (0.74 vs. 0.72). The addition of 3 pre-index 
adherence predictors further improved discrimination (0.78). 

CONCLUSIONS: This analysis demonstrated the ability to predict adherence 
among medication users using filling behavior before and immediately after 
an index prescription fill.
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Adherence to therapies that are essential for the effective 
management of cardiovascular disease remains low, 
with nearly half of patients becoming nonadherent 

within a year of starting therapy.1-3 Suboptimal adherence to 
these medications results in substantial morbidity, mortality, 
and avoidable health spending.4,5 While numerous interven-
tions have been shown to improve medication-taking behaviors  
(e.g., the use of reminder devices or copayment waivers), the 
majority are only moderately effective.6-9 Better targeting of 
these interventions to those patients who are most likely to be 
nonadherent will almost certainly increase their effectiveness 
and efficiency. 

Attempts to predict who is at risk of future nonadherence 
have largely focused on prediction at the time of therapy initia-
tion. While “new initiators” represent a population that may 
be of particular interest, they are only a small proportion of all 
patients on a therapy at any given point in time.10 As a conse-
quence, quality improvement interventions aimed at improving 
adherence, such as the Medicare star ratings, which are a criti-
cal part of Part D reimbursement, usually consider all patients 
on therapy and not only those who have newly initiated ther-
apy.11 Further, these programs generally take the perspective of 
a defined period of calendar time, rather than time relative to 
when a patient starts treatment. Therefore, methods to predict 
nonadherence for established medication users, which have not 
been previously described in the literature, are needed to guide 
efforts to enhance the use of evidence-based therapies.

Models that rely on the observation of short-term fill-
ing behavior to predict adherence have been shown to be  

• Among patients initiating therapy, models that rely on the obser-
vation of short-term filling behavior to predict adherence are 
substantially more accurate than more complex models using 
administrative health care databases.

• Because adherence among prevalent users is dynamic, observa-
tions of short-term filling patterns may provide accurate predic-
tions for more established users as well.

What is already known about this subject

• Especially among patients with initial prescriptions of ≤ 30 days 
supply, models that measured observed adherence before and 
after the follow-up period accurately discriminated adherent from 
nonadherent patients. 

• These models outperformed models with predictors selected 
through subject matter expertise and analytically complex mod-
els using high-dimensional predictors.

• Adherence patterns may provide a simple and useful prediction 
tool for targeting patients with adherence interventions.

What this study adds
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adherence” as PDC ≥ 0.8, which corresponds to the level of use 
above which patients with coronary artery disease benefit from 
statins and is the threshold used by most quality measures.16,17 
Nonadherence was defined as PDC < 0.8.11,18 

Predictors of Adherence
The following 6 groups of adherence predictors were defined. 

1. Investigator-Specified Pharmacy and Demographic 
Predictors. Sixteen covariates were defined using pharmacy 
claims incurred in the 180 days before and including the index 
prescription. These covariates included information on the 
index statin fill, such as generic name, patient out-of-pocket 
spending amount, days supply, and statin dose intensity. 
We also included indicators for the presence of maintenance 
medications for 11 chronic conditions (coronary artery disease, 
hypertension, diabetes, congestive heart failure, COPD/asthma,  
depression, bipolar disorder and anxiety, osteoporosis, arrhyth-
mia, and hyperlipidemia) and the total number of chronic 
disease medications taken. Demographic covariates included 
patient age and gender, race, education level, and median 
income in ZIP code of residence. 

2. Pre-index Adherence. Three predictors were constructed 
based on adherence in the 180 days before January 1, 2012. 
First, we evaluated previous adherence to statins as the PDC 
from the first statin prescription in the pre-index period until 
the index date. Second, patients with a gap in days supply that 
was longer during the 90-day period immediately before the 
index date were defined as having declining adherence. Third, 
we calculated PDC for all chronic disease medications with 
the exception of medications to treat bipolar disorder, anxiety, 
and depression, which are not necessarily intended for lifelong 
use, and classified patients according to whether they were 
fully adherent to more or less than 50% of their medications.19 
Patients taking none of these medications were modeled as a 
separate category. 

3. Investigator-Specified Medical Predictors. Thirty-one 
covariates were defined using medical claims incurred in 
the 180 days before the index date. These included measures 
of morbidity and health service use, such as the Charlson 
Comorbidity Index, the number of cardiovascular diagnoses, 
hospitalizations and total length of stay, and physician visits. 
Indicators were also included for the presence of individual 
cardiovascular and other chronic disease comorbidities and 
use of preventive health services, such as influenza vaccina-
tion, that may be indicative of adherence. 

4. Pharmacy Claims High-Dimensional Propensity Score.  
The pharmacy claims high-dimensional propensity score (hd-PS)  
algorithm was used to identify a large collection of variables 
available in pharmacy claims that could proxy for underly-
ing behavioral constructs predictive of adherence.14,15 This  

substantially more accurate than traditional health care claims-
based approaches or even more complex models using large 
numbers of empirically selected predictors among patients 
starting therapy for the first time.12 Because adherence among 
prevalent users may also be dynamic, observations of short-
term filling patterns may provide accurate predictions for more 
established users as well.13

Accordingly, in this analysis, we applied the approach of 
predicting adherence using short-term filling behavior in new 
users to a population of prevalent statin users at the begin-
ning of a calendar year. We compared performance to that of 
other health care claims-based approaches, including variables 
from pharmacy and medical claims. Within each of these data 
sources, we compared the discriminative ability of investigator-
specified covariates to the empirical selection of potential 
adherence predictors through the high-dimensional propensity 
score (hd-PS) variable selection algorithm.14,15 

■■  Methods
Study Setting and Cohort
We used a limited dataset of medical and prescription claims 
data for commercial, fully insured members of Aetna, a large 
national health insurer, to create a cohort of patients who filled 
statin medication prescriptions in January 2012. Patients were 
required to have continuous enrollment in medical and phar-
macy benefits from July 2011 through at least December 31, 
2012. We defined “prevalent” use as having at least 1 statin fill 
between July and December 2011. The date of a patient’s first 
prescription in January 2012 was defined as the index date. 

The data contained complete paid claims for all procedures, 
physician encounters, hospitalizations, and filled prescriptions 
(including dose dispensed and amounts paid by the insurer 
and patient) and were linked to eligibility data that included 
patient age, gender, and ZIP code of residence. Aggregate 
data on socioeconomic status, race/ethnicity, and educational 
attainment were obtained by linking the ZIP code of residence 
with data from the 2010 U.S. Census, which specified the 
median household income as well as the distribution of race/
ethnicity and educational attainment of the population for each 
ZIP code tabulation area. The Institutional Review Board of 
Brigham and Women’s Hospital approved this study. 

Adherence Measures
We followed patients and recorded fills for prescriptions of any 
statin for the 2012 calendar year. For each patient, we created 
a supply diary that indicated whether each day was covered 
with medication by linking all observed statin fills based on 
the dispensing date and the days supply. Based on the sup-
ply diary, we calculated the proportion of days covered (PDC) 
as the number of days a patient had a statin supply available 
divided by the number of days from the date of index statin 
prescription through December 31, 2012. We defined “full 
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algorithm was originally developed to improve confound-
ing control by screening thousands of medication codes for 
an empirical association with the study exposure of interest, 
of which the top 300-500 are selected. These variables have 
been shown to collectively proxy for important patient-level 
characteristics that are unmeasured in administrative claims 
databases. We applied the hd-PS algorithm to all pharmacy 
claims within 180 days before the index date to select the 400 
medication codes with the strongest associations with full 
adherence.12 

5. Medical Claims High-Dimensional Propensity Score. The 
hd-PS variable selection algorithm was also applied to diagno-
sis and procedure codes from medical claims from the 180 days 
before the index date, selecting the 400 diagnosis codes with 
the strongest associations with full adherence. 

6. Post-index Medication Filling. Three indicator variables 
(PDC ≥ 0.8 or ≥ 24 days covered, equivalently) were created to 
capture medication filling during each of the first three 30-day 
periods after index prescription fill. These methods have been 
described elsewhere.12 

Statistical Analysis
Ten main prediction models were estimated in the full cohort 
and in strata based on the days supply of the index statin pre-
scription (≤ 30 days vs. > 30 days). All prediction and evaluation 
was performed in SAS version 9.3 (SAS Institute, Cary, NC). 

Models 1-4 used only pharmacy claims-based predictors, 
both investigator specified and selected by the hd-PS algo-
rithm, while models 5 and 6 used only medical claims-based 
predictors. Model 7 used all pharmacy and medical claims 
predictors together. Model 8 included only the 3 postadher-
ence indicators. Models 9 and 10 evaluated the incremental 
improvement of post-index adherence indicators in conjunc-
tion with the previously mentioned predictors. Other com-
binations of predictors were also evaluated, results of which 
are presented in Appendix A (available in online article). All 
models excluded the 2.3% of patients with missing data for 
census-derived variables. 

We evaluated the effect of these approaches using c-statistics 
that quantify model prediction accuracy as applied to a new set 
of patients.20 This measure ranges from 0.5 to 1.0, correspond-
ing to a completely noninformative model and perfect predic-
tion, respectively.21 Ten-fold cross-validation was performed to 
avoid bias associated with evaluating prediction accuracy in 
the same data that were used for model estimation.22 

Several analyses were also conducted to evaluate whether 
the same set(s) of predictors achieved optimal prediction 
results in different periods of follow-up. First, we conducted 
the same analysis on a cohort of patients with a statin pre-
scription in May 2012, using a time frame shifted forward by 
4 months. This analysis evaluated whether predictive ability 

was affected by a calendar year effect, in which patients have 
different adherence patterns in a January to December inter-
val as compared with a different 12-month interval. Second, 
because models using post-index adherence indicators include 
3 months of the adherence outcome, a sensitivity analysis was 
conducted in which we measured the adherence outcome dur-
ing April through December 2012 to exclude temporal overlap 
between predictors and outcome.

■■  Results
Patient Characteristics
The study cohort consisted of 93,777 individuals who filled a 
statin in January 2012 and who had also filled a statin in the 
previous 180 days. Approximately 85% of the cohort had an 
index fill with ≤ 30 days supply (Table 1). Members of the cohort 
were more likely to be male (60.5%), were aged approximately 
57 years, and most lived in ZIP codes with median annual 
incomes of $50,000-$100,000 (64.9%). The most common 
medical comorbidities were hypertension (41.4%), diabetes 
(14.9%), and coronary artery disease (10.3%). During the 180 
days before the index date, approximately two thirds (69.5%) 
of patients were fully adherent to their statin medications, and 
almost a quarter (22.5%) of patients exhibited declining statin 
adherence. More than three quarters of patients (76.8%) were 
taking at least 1 nonstatin chronic disease medication at base-
line, and two thirds of these patients were adherent to more 
than half of their medications. 

During follow-up, 58.4% of the cohort was adherent to 
statins. Adherence was higher for patients who filled a ≤ 30-day 
supply compared with a ≤ 30-day supply at index fill (70.4% 
vs. 56.3%). 

Prediction Accuracy
Results of the predictive models are shown in Table 2. The use 
of 3 pre-index adherence predictors alone achieved a c-statistic 
of 0.70. Investigator-specified pharmacy and demographic vari-
ables and variables selected by the hd-PS algorithm did sub-
stantially worse (0.60, both models). The predictive accuracy 
of variables derived from medical claims, both investigator 
specified and empirically selected by the hd-PS algorithm, was 
also poor (0.57, both models). Medical covariates also did not 
add substantially to discriminative ability of models based on 
pharmacy claims (0.71 for pharmacy covariates vs. 0.72 for 
pharmacy and medical covariates). The use of 3 indicators of 
post-index adherence achieved a higher c-statistic than the 
best-performing model using pre-index information (0.74 vs. 
0.72). The addition of pre-index adherence predictors further 
improved discrimination, and the subsequent addition of all 
pharmacy and medical covariates had only a small effect on the 
c-statistic (0.78 vs. 0.79). 

After stratifying by the length of the index prescription, 
model c-statistics in patients with a supply of ≤ 30 days were 
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generally higher than those in the entire cohort. Among 
patients who had a > 30 days supply at the time of their first 
prescription, none of the models had c-statistics above 0.60. 
Results from all other combinations of predictors are presented 
in Appendix A. 

Table 3 presents multivariable results from the best- 
performing model (Model 10), stratified by index days  

supply. Full adherence during each 30-day interval was 
strongly and significantly associated with full adherence at 
the end of the calendar year, as was full adherence in the 180-
day baseline period (odds ratio [OR] = 2.69, 95% confidence 
interval [CI] = 2.56-2.80 for ≤ 30 days supply; OR = 2.24, 95% 
CI = 2.04-2.45 for > 30 days supply). Being adherent to more 
than half versus less than half of chronic disease medications 

Characteristica
Full Cohort 
(N = 93,777)

Days Supply of Index Statin

≤ 30 Days 
(n = 79,411)

> 30 Days 
(n = 14,366)

Pharmacy data
Chronic disease medication adherencec

Declining previous 
statin adherence

22.5 23.9 15.0

Medical data
Medical procedures and diagnoses, 180 days before index

Postsurgical aorto-
coronary bypass

0.8 0.8 1.1

Coronary artery 
bypass graft surgery

0.2 0.2 0.2

Percutaneous coro-
nary intervention

0.7 0.7 0.5

Atrial fibrillation 0.3 0.3 0.4
Chest pain 5.8 5.9 5.6
Congestive heart 
failure

0.1 0.1 0.1

Hypertension 41.4 40.6 46.0
Coronary artery disease 10.3 10.0 12.0
Myocardial infarction 0.2 0.3 0.1
Peripheral vascular 
disease

0.3 0.3 0.4

Stroke or transient 
ischemic attack

0.7 0.7 0.6

Chronic obstructive 
pulmonary disease

2.7 2.7 2.7

Alzheimer’s disease  
or dementia

0.3 0.3 0.3

Depression 4.3 4.4 4.0
Cancer 9.0 8.6 11.5
Diabetes 14.9 14.8 15.0
Kidney disease 0.9 0.9 1.3
End-stage renal disease 0.3 0.3 0.3

Number of cardiovas-
cular diagnoses, mean 
(SD)

 1.0 (1.6)  1.0 (1.6)  1.1 (1.6)

Number of hospitaliza-
tions, mean (SD)

 0.1 (0.6)  0.1 (0.4)  0.1 (0.7)

Number of physician 
office visits, mean (SD)

 5.1 (7.0)  5.0 (7.0)  5.7 (7.3)

Charlson comorbidity 
score, mean (SD)

 0.5 (1.1)  0.5 (1.1)  0.6 (1.1)

Characteristica
Full Cohort 
(N = 93,777)

Days Supply of Index Statin

≤ 30 Days 
(n = 79,411)

> 30 Days 
(n = 14,366)

Demographics
Female 39.5 39.8 37.7
Age, mean (SD)  57.3 (9.1)  56.9 (9.0)  59.7 (9.2)
Median household income in ZIP codeb

Less than $50,000 19.5 20.5 13.9
$50,000-$99,999 64.9 64.5 67.1
$100,000+ 13.3 12.6 17.1

Percentage of blacks in 
ZIP code, mean (SD)b

 11.6 (17.9)  11.5 (17.8)  12.1 (18.3)

Percentage with high 
school education or 
greater, mean (SD)b

 88.3 (8.8)  88.0 (9.0)  90.0 (7.0)

Pharmacy data
Index statin (generic)

Atorvastatin 19.5 19.2 21.2
Fluvastatin 0.5 0.4 0.8
Lovastatin 5.0 5.2 4.0
Pitavastatin 0.4 0.4 0.3
Pravastatin 9.5 9.6 9.1
Rosuvastatin 17.8 17.7 17.9
Simvastatin 47.4 47.5 46.8

High-dose intensity 32.3 32.1 33.9
Copay index statin  
prescription, mean (SD)

$27.25  
($39.69)

$23.47  
($30.55)

$48.17  
($67.87)

Chronic disease medications, 180 days before index
0 23.2 23.8 19.8
1 36.2 36.3 35.4
2 25.5 25.1 27.6
3 10.7 10.6 11.3
4 3.4 3.2 4.3
5+ 1.1 1.1 1.5

Chronic disease medication adherencec

Adherent to most 49.6 47.6 60.4
Adherent to some 22.1 23.2 15.7
Not taking any chronic 
disease medications

28.4 29.2 23.9

Total number of  
medications, mean (SD)

 5.8 (3.8)  5.7 (3.8)  6.1 (3.9)

Previous optimal adher-
ence (PDC ≥ 0.8) to statins

69.5 67.9 78.4

TABLE 1 Cohort Baseline Characteristics

aAll values given as percentages unless otherwise indicated.
bLess than 2% of cohort missing values.
cAmong patients with at least 1 chronic disease medication that is not an antidepressant or antipsychotic.
PDC = proportion of days covered; SD = standard deviation.
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was significantly associated with full adherence (OR = 1.37, 95%  
CI = 1.31-1.43 for ≤ 30 days supply; OR = 1.23, 95% CI = 1.10-
1.37 for > 30 days supply). 

Figure 1 presents adherence outcomes by baseline statin 
adherence and post-index adherence patterns, separately by 
index days supply. In both groups, patients with high pre-
index statin adherence had higher rates of adherence compared 
with nonadherent patients. Among patients with ≤ 30 days 
index supply, 58% had full adherence during each of the first 
3 months. Within this group, 79% went on to have full adher-
ence in 2012. Based on these results, a prediction rule that 
identified patients as fully adherent if they had full coverage 
before the baseline period and nonadherent otherwise would 
have a positive predictive value (PPV) of 69% and a negative 
predictive value (NPV) of 71% in patients with index supply 
≤ 30 days. A prediction rule depending on coverage before 
the baseline period and during months 1 and 2 after baseline 
would have a PPV of 75% and an NPV of 67%.

Among patients with > 30 days index supply, 98% had com-
plete coverage during each of the first 3 months. Of these, 75% 
went on to have full adherence in 2012 compared with only 
55.6% of patients who were not adherent in the pre-index period. 

Sensitivity Analyses
Results from a cohort of prevalent statin users with index 
dispensing in May 2012 are shown in Appendix B (available 
in online article). This cohort consisted of 66,003 members, 
55% of whom were fully adherent at the end of April 2013. 
C-statistics were slightly higher but generally consistent with 
those in the January cohort. The results of the main analysis 
were unchanged after adjusting the adherence outcome to 
exclude the time period in which post-index adherence indica-
tors were measured. 

■■  Discussion
In a cohort of over 90,000 prevalent users of statins, we found 
that models using measures of observed adherence, both before 

and after the beginning of follow-up, accurately discriminate 
adherent from nonadherent patients, especially among those 
with initial prescriptions of ≤ 30 days supply. Further, these 
models outperform models with predictors selected through 
subject matter expertise and even analytically complex mod-
els using high-dimensional predictors. Our results extend an 
approach that has been demonstrated to be accurate among 
new initiators to a much larger cohort of established users and 
illustrate the ability to apply these predictions to a cohort based 
on calendar time, rather than on time relative to medication 
initiation, which may ultimately be more useful for quality 
improvement efforts and targeting resources to those most 
likely to benefit.12 

The ability to identify patients who are likely to become 
nonadherent despite being established on therapy lends sup-
port to the concept that adherence is not only a dynamic 
process, but also one with predictable patterns of fluctuation 
over the course of a patient’s lifetime on treatment. Similar to 
findings in other health domains, such as diet and exercise, 
these results suggest that to be maximally effective, adherence 
improvement interventions must provide ongoing support 
rather than outreach at a single point in time.23-25 

The similarity of findings from this analysis with those 
reported for new users suggests that behaviors exhibited at 
treatment initiation may be similar to those observed later in 
a patient’s treatment course and just as powerful at predict-
ing future adherence. It is possible that a cohort of prevalent 
users based on medication filling in January may be similar in 
behavior to new users through a recommitment-type mecha-
nism at the start of a new calendar year26; however, similar 
results from a sensitivity analysis with the follow-up time 
frame shifted forward by 4 months suggested that our cohort 
was not substantially different from any other group of preva-
lent users. Longitudinal adherence trajectories, an approach in 
which individuals are grouped according to their prescription-
filling patterns over time, may shed light on the similarities in 
longer-term filling behaviors across these 2 types of users.27 

Model Predictors Full Cohort ≤ 30 Days Supply > 30 Days Supply

1 Investigator-specified pharmacy and demographic 0.60 0.60 0.56
2 Pre-index adherence 0.70 0.71 0.59
3 Pharmacy claims hd-PS 0.60 0.58 0.52
4 All pharmacy and demographic 0.71 0.73 0.60
5 Investigator-specified medical 0.57 0.57 0.56
6 Medical claims hd-PS 0.57 0.57 0.55
7 All pre-index pharmacy, demographic, and medical 0.72 0.73 0.60
8 Observation of post-index filling 0.74 0.76 0.49
9 Pre-index adherence + observations of post-index filling 0.78 0.80 0.60
10 All pre-index pharmacy, demographic, and medical + observation of post-index filling 0.79 0.80 0.60

hd-PS = high-dimensional propensity score.

TABLE 2 Cross-Validated C-Statistics from 10 Models Measuring Prediction Accuracy During Follow-up
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indicators alone were stronger predictors of future adherence, the  
information available through measurement of previous adher-
ence also provided good discrimination. The former could be 
used in patients with no previous data history, whereas the 
latter could be implemented in settings where prediction or 
intervention is required without waiting for subsequent fills. 

Limitations
This study has several limitations to consider. Study inclu-
sion was restricted to patients who remained enrolled in 
commercial health insurance for at least 18 months, a group 
that may not be representative of all commercially insured 
patients or Medicare patients. This study focused on predicting 
adherence as measured in pharmacy claims data, which may 
misclassify the adherence of patients who fill prescriptions 
but do not actually take them. Finally, a known limitation of  

Our results also add to growing evidence that medication 
adherence is a complex behavior that cannot be explained 
well by health care use and clinical information recorded in 
administrative health care claims. Whereas the prevalent users 
in this study generally had higher adherence than the initiators 
studied by Franklin et al. (2016), the frequencies of individual 
adherence indicator patterns were similar.12 We also found that 
only pharmacy claims are needed to accurately predict future 
adherence. Models using medical claims alone achieved c-sta-
tistics below 0.60, the threshold generally considered as mod-
erate discriminative ability, and did not meaningfully improve 
discrimination in models with pharmacy claims-based pre-
dictors. In particular, the success of the 6 simple adherence-
based pharmacy claims-derived predictors could form the 
basis of an intervention that could be easily implemented in 
a pharmacy or clinical outpatient setting. While postbaseline  

Characteristic ≤ 30 Days Supply > 30 Days Supply

Number of cardiovascular diagnoses  0.99 (0.97-1.01)  1.01 (0.97-1.05)
Charlson comorbidity score  1.01 (0.99-1.04)  1.01 (0.96-1.05)
Number of hospitalizations  1.01 (0.98-1.04)  0.88 (0.77-0.99)
Total hospitalization length of stay  1.00 (1.00-1.00)  1.00 (0.99-1.01)
Number of outpatient visits  1.01 (1.01-1.02)  1.00 (0.99-1.01)
Number of unique hospitalizations  0.99 (0.98-1.00)  1.01 (0.99-1.02)
Postsurgical aortocoronary bypass  0.94 (0.76-1.16)  1.37 (0.88-2.14)
Recent CABG  1.28 (0.73-2.25)  0.34 (0.09-1.28)
Previous CABG  0.90 (0.47-1.74)  1.54 (0.31-7.64)
Recent percutaneous coronary 
intervention

 0.87 (0.64-1.18)  1.09 (0.42-2.82)

Previous percutaneous coronary 
intervention

 0.81 (0.59-1.12)  1.23 (0.48-3.12)

Angina  0.77 (0.22-2.74) –
Atrial fibrillation  0.96 (0.70-1.31)  1.43 (0.73-2.79)
Chest pain  0.88 (0.81-0.95)  1.06 (0.89-1.26)
Congestive heart failure  0.68 (0.39-1.18)  2.09 (0.25-17.67)
Hypertension  1.16 (1.11-1.22)  1.30 (1.17-1.44)
Ischemic heart disease  1.14 (1.06-1.23)  1.14 (0.97-1.33)
Myocardial infarction  0.81 (0.56-1.18)  4.14 (0.51-33.45)
Peripheral vascular disease  1.22 (0.87-1.70)  0.76 (0.41-1.40)
Stroke  0.90 (0.62-1.32)  1.26 (0.37-4.35)
Transient ischemic attack  0.85 (0.67-1.08)  0.93 (0.55-1.57)
COPD  1.04 (0.93-1.16)  0.86 (0.68-1.09)
Alzheimers  0.80 (0.59-1.07)  1.01 (0.51-2.02)
Depression  1.00 (0.92-1.09)  0.84 (0.69-1.02)
Cancer  1.06 (0.99-1.13)  1.11 (0.97-1.27)
Diabetes  1.08 (1.02-1.15)  1.17 (1.02-1.33)
Kidney disease  0.85 (0.69-1.03)  1.05 (0.71-1.55)
End-stage renal disease  0.59 (0.39-0.88)  2.06 (0.82-5.18)
Flu shot  1.19 (1.14-1.25)  1.30 (1.19-1.42)
Fecal occult blood test  1.06 (0.97-1.16)  1.21 (1.00-1.46)
Mammography or PSA test  1.15 (1.09-1.22)  1.10 (0.98-1.23)

Characteristic ≤ 30 Days Supply > 30 Days Supply

Adherent month 1  2.43 (1.41-4.19) a

Adherent month 2  3.22 (3.10-3.35)  3.23 (1.28-8.16)
Adherent month 3  4.65 (4.47-4.84)  2.65 (1.98-3.56)
Adherence to chronic disease medications (reference = few)

Adherent to most  1.37 (1.31-1.43)  1.23 (1.10-1.37)
Not taking any chronic disease 
medications

 1.22 (1.15-1.30)  1.02 (0.89-1.19)

Full statin adherence in baseline 
period

 2.69 (2.59-2.80)  2.24 (2.04-2.45)

Declining statin adherence in  
baseline period

 1.17 (1.13-1.22)  1.00 (0.90-1.11)

Female gender  0.92 (0.89-0.97)  0.91 (0.84-0.99)
Age  1.01 (1.01-1.01)  1.00 (1.00-1.01)
Percentage of blacks in ZIP code  1.00 (1.00-1.00)  1.00 (1.00-1.00)
Percentage with high school  
education or greater in ZIP code

 1.01 (1.00-1.01)  1.00 (1.00-1.01)

Median household income in ZIP code (reference ≤ $50,000)
$50,000-$99,999  1.14 (1.08-1.20)  1.16 (1.02-1.31)
$100,000+  1.37 (1.27-1.48)  1.487 (1.26-1.76)

Number of chronic conditions  1.03 (1.01-1.06)  0.96 (0.91-1.02)
Index statin
Index statin generic (reference = atorvastatin)

Fluvastatin  1.13 (0.86-1.51)  1.44 (0.87-2.36)
Lovastatin  0.82 (0.74-0.90)  0.90 (0.72-1.12)
Pravastatin  0.67 (0.62-0.73)  0.76 (0.64-0.90)
Rosuvastatin  0.80 (0.76-0.86)  0.84 (0.74-0.96)
Simvastatin  0.80 (0.76-0.86)  0.84 (0.74-0.95)
Pitavastatin  0.53 (0.40-0.69)  0.67 (0.33-1.37)

High-intensity dose  1.00 (0.94-1.05)  1.02 (0.91-1.15)
Copayment (reference ≤ $6.40)

$6.40-$14.99  0.95 (0.91-1.00)  1.10 (0.93-1.29)
$15.00-$34.99  0.99 (0.94-1.05)  1.04 (0.90-1.21)
$35.00+  0.85 (0.80-0.91)  0.97 (0.83-1.12)

aVariable was dropped from the model because patient was by definition covered during month 1.
CABG = coronary artery bypass grafting; CI = confidence interval; COPD = chronic obstructive pulmonary disease; PSA = prostate-specific antigen.

TABLE 3 Odds Ratios and 95% CIs from Model 10, Separately Within Each Stratum of Days Supply
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FIGURE 1 Percentage of Patients in Each Pattern of Post-index Statin Adherence Who Were Fully Adherent 
During Follow-up, Stratified by Pre-index Statin Adherence Among Those with an Index Fill ≤ 30 
Days Supply and > 30 Days Supply 
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aN = PDC < 0.80, Y = PDC ≥ 0.8 in that month.
PDC = proportion of days covered. 
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rank-based discriminative statistics such as the c-statistic is that  
discrimination may not improve with the addition of highly 
associated predictors if other highly associated predictors are 
already in the model.28 

■■  Conclusions
This analysis demonstrates the ability to predict adherence 
among prevalent medication users, who represent the majority 
of users at any given point, using adherence filling behavior 
before and immediately after an index prescription fill. Future 
research should evaluate whether these adherence behaviors 
can be used in more nuanced classifications of adherence 
behaviors, such as adherence trajectories, and across different 
therapeutic areas. 
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Model

Investigator-
Specified 

Pharmacy and 
Demographic

Pre-index 
Adherence

Pharmacy 
Claims hd-PS

Investigator-
Specified 
Medical

Medical 
Claims hd-PS

Observation 
of Post-index 

Filling Full Cohort
≤ 30 Days 

Supply
> 30 Days 

Supply

1 x 0.60 0.60 0.56
2 x 0.70 0.71 0.59
3 x x 0.71 0.72 0.61
4 x 0.60 0.58 0.52
5 x x 0.63 0.65 0.55
6 x x x 0.71 0.73 0.60
7 x 0.57 0.57 0.56
8 x 0.57 0.57 0.55
9 x x 0.58 0.58 0.56
10 x x x x x 0.72 0.73 0.60
11 x 0.74 0.76 0.49
12 x x x 0.78 0.80 0.61
13 x x x 0.77 0.79 0.55
14 x x 0.78 0.80 0.60
15 x x x x 0.78 0.80 0.60
16 x x 0.76 0.78 0.57
17 x x x x x x 0.79 0.80 0.60

hd-PS = high-dimensional propensity score.

APPENDIX A Cross-Validated C-Statistics, All Models
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APPENDIX B Cross-Validated C-Statistics for Main Models, January Index Verus May Index Cohorts

Model Predictors

All Users 
January  
Cohort

All Users  
May  

Cohort

≤ 30 Days 
Supply  
January  
Cohort

≤ 30 Days 
Supply  

May  
Cohort

> 30 Days 
Supply 
January  
Cohort

> 30 Days 
Supply  

May  
Cohort

1 Investigator-specified pharmacy and  
demographic

0.60 0.60 0.60 0.61 0.56 0.58

2 Pre-index adherence 0.70 0.69 0.71 0.70 0.59 0.58
3 Pharmacy claims hd-PS 0.60 0.59 0.58 0.62 0.52 0.52
4 All pharmacy and demographic 0.71 0.71 0.73 0.73 0.60 0.59
5 Investigator-specified medical 0.57 0.55 0.57 0.55 0.56 0.55
6 Medical claims hd-PS 0.57 0.55 0.57 0.54 0.55 0.52
7 All pharmacy, demographic, and medical 0.72 0.71 0.73 0.72 0.60 0.57
8 Observation of post-index filling 0.74 0.77 0.76 0.80 0.49 0.49
9 Pre-index adherence + observations of  

post-index filling
0.78 0.80 0.80 0.83 0.60 0.58

10 All pre-index pharmacy, demographic, and 
medical + observation of post-index filling

0.79 0.81 0.80 0.83 0.60 0.57

hd-PS = high-dimensional propensity score.


	Reseach
	Predicting 1-Year Statin Adherence Among Prevalent Users: A Retrospective Cohort Study


