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Use of Real- World Claims Data to Assess the 
Prevalence of Concomitant Medications to 
Inform Drug–Drug Interaction Risk in Target 
Patient Populations
Alice S. Tang1 , Logan Brooks1 , Denise M. Boudreau2, Pascal Chanu3 , Amita Joshi1 ,  
Bianca Vora1,†  and Rui Zhu1,*,†

A common issue in clinical drug development involves drug–drug interactions (DDI) that may lead to altered 
drug exposure and subsequent altered safety and efficacy of an investigational drug or concomitant medications 
(conmeds) in the target patient population. The drug development pipeline therefore involves DDI risk assessment 
of the investigational drug based on in vitro studies, in silico modeling, and clinical trials. Real- world data (RWD), 
particularly claims databases with reliable information on pharmacy dispensing, provide an opportunity to 
understand conmeds usage in the target indication in a real- world setting as one approach to assess potential DDI 
risk. We describe two cases of characterizing DDI- related conmeds usage with a large closed US- based claims 
database, IQVIA PharMetrics® Plus, and identified potential DDI risk for multiple sclerosis and hormone receptor- 
positive breast cancer. For example, prevalent and chronic use of statins (atorvastatin and simvastatin), which are 
CYP3A4 substrates, were identified among both disease cases. Further examples, limitations, and future directions 
are also discussed. These insights can therefore help augment decision- making during clinical drug research and 
development.

Drug–drug interactions (DDIs), causing drug exposure, safety, 
and efficacy changes, pose a significant risk to patients and can 
have far- reaching implications on both individuals and society. 
The potential for adverse events and variations in drug efficacy 

resulting from concomitant use of multiple medications, and caus-
ing a DDI, have prompted regulatory bodies, such as the United 
States (US) Food and Drug Administration (FDA), to prioritize 
the evaluation of DDIs during the development of new molecular 
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Study Highlights

WHAT IS THE CURRENT KNOWLEDGE ON THE 
TOPIC?
	; Drug–drug interactions (DDIs) can significantly impact 

drug exposure, safety, and efficacy. Using real- world data 
(RWD) is of increasing interest for providing insights into con-
comitant medication usage and potential DDI risks in target 
patient populations to augment drug development efforts.
WHAT QUESTION DID THIS STUDY ADDRESS?
	; This study aimed to assess the prevalence of concomitant 

medication use and the associated DDI risks in patients with 
multiple sclerosis (MS) and hormone receptor- positive breast 
cancer (HR+ BC) using the IQVIA PharMetrics® Plus claims 
database.

WHAT DOES THIS STUDY ADD TO OUR 
KNOWLEDGE?
	; The study identified commonly used medications that pose 

clinically relevant DDI risks, such as antifungals and statins, in 
MS and HR+ BC populations. It provides insights and interpre-
tations into the real- world usage patterns of these medications.
HOW MIGHT THIS CHANGE CLINICAL PHARMA-
COLOGY OR TRANSLATIONAL SCIENCE?
	; This study highlights the importance of considering real- 

world concomitant medication usage in DDI risk assessments 
during drug development. The findings can inform safer and 
more effective clinical trial designs, inclusion/exclusion criteria, 
and treatment regimens, ultimately enhancing patient care and 
drug safety.
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entities.1 Various preclinical and clinical studies, as well as com-
putational analyses, can be used to assess DDI liability, including 
in vitro screening studies (e.g., reaction phenotyping, inhibition, 
and induction studies), modeling and simulation approaches (e.g., 
mechanistic static models and physiologically- based pharmaco-
kinetic (PBPK) models), and dedicated clinical DDI studies.2,3 
Nevertheless, in vitro screening and modeling may not predict all 
clinically relevant in vivo effects of DDIs, and while clinical tri-
als are useful, there are challenges due to the need for financial 
resources and recruitment of appropriate patient populations. A 
thorough DDI risk assessment can thus guide drug research and 
development in multiple ways, including identifying the ideal can-
didate molecule, guiding the optimization of molecule structure 
and properties, and informing inclusion/exclusion criteria on the 
use of concomitant medications for the target patient populations 
in clinical trials. Therefore, a better understanding of the use of 
DDI- related concomitant medications in target patient popula-
tions could support more realistic and clinically relevant DDI risk 
assessments.

In the recent decade, real- world data (RWD) has played an 
increasing role in providing valuable insights to inform decision- 
making in healthcare and pharmaceutical research and drug de-
velopment.4–6 Common RWD sources include electronic health 
records (EHR), claims databases, registries, and patient- generated 
data. One benefit of RWD includes the potential inclusion of pa-
tients across age, race, ethnicity, and healthcare access based on 
insurance. Among these sources, claims data, extracted from in-
surance claims submitted by healthcare providers and pharmacies, 
stands out as a reliable source of information for studying prescrip-
tion medication usage and its impact on patient outcomes. It en-
compasses a wide range of information, such as outpatient visits, 
inpatient visits, procedures performed, drugs dispensed, and other 
care services rendered. One of the key strengths of claims data, rel-
ative to other RWD sources such as EHR data, is its representation 
of medication information with high reliability and completeness; 
this is largely because claims data captures and includes information 
on prescribed drugs that have been dispensed and paid for (imply-
ing higher likelihood that the drugs are actually consumed rather 
than just prescribed).6 More specifically, claims data includes de-
tails, such as the dosage, route of administration, days supply, and 
quantity dispensed. Duration of treatment, frequency of adminis-
tration, and average daily dose, which are valuable information for 
evaluating the impact of potential DDI risk, can be estimated from 
populated fields. Thus, claims data provides a unique resource and 
opportunity to investigate the use of concomitant medications in 
the real- world setting.

In this study, we demonstrate how we utilized a US Claims 
database (IQVIA PharMetrics® Plus) to extract information on 
the use of prescribed concomitant medications in two example 
diseases with a risk of adverse events from polypharmacy both in 
non- oncology (multiple sclerosis, > 50% with polypharmacy7) 
and oncology (hormone receptor- positive (HR+) breast cancer, 
> 50% with potential DDI risk8). We focus on drugs that pose a 
clinically relevant DDI risk for cytochrome P450 enzyme subtype 
3A4 (CYP3A4) and transporters (P- glycoprotein (P- gp), and 
breast cancer resistance protein (BCRP)). More specifically, we 

investigated the use of clinically relevant (as defined by the FDA) 
inhibitors/inducers/substrates of CYP3A4, inhibitors of P- gp, 
and inhibitors of BCRP in the two patient populations.2,9 In addi-
tion to prevalence, we investigated and summarized administration 
details (i.e., daily dose, route of administration, treatment duration 
(acute or chronic)), patient demographics (i.e., age, sex, race/eth-
nicity), and use of disease- related treatments and proton pump 
inhibitors (PPIs). By leveraging the extensive data available on 
concomitant medication usage in real- world patient populations, 
we can gain comprehensive and realistic insights on potential DDI 
risks for investigational drugs in development and ultimately help 
inform and support drug development decision making.

METHODS
The IQVIA PharMetrics Plus claims database was used for all analyses 
presented, with the identification of cohorts based on diagnosis from 
2017 to 2022, and then medication prevalence was evaluated within 
the year 2022. This database contains fully adjudicated medical and 
pharmacy claims from de- identified patients in all 50 US states and the 
District of Columbia.10 Data contributors to the database are primar-
ily commercial health plans with some Medicare Advantage, Medicare 
Supplemental, and Medicaid plans. The database contains information 
on patient demographics (e.g., birth year, sex, 3- digit zip code, state of 
residence), health plan enrollment, and inpatient, outpatient, and phar-
macy claims.

To focus on characterizing the usage of concomitant medications that 
may pose a clinically relevant DDI risk, we utilized the FDA guidance on 
drug–drug interactions to curate a list of substrates, inhibitors, and induc-
ers,9 with the full list available in Supplement S1. This list includes 49 
CYP3A4 substrates, 40 CYP3A4 inhibitors, 25 CYP3A4 inducers, 17 
P- gp inhibitors, 11 BCRP inhibitors, and 6 PPIs. The list was utilized to 
query the claims database to extract prevalence and administration details 
for conmeds as CYP3A4 substrates/inhibitors/inducers, as well as P- gp 
and BCRP inhibitors, patient demographics, and use of disease- related 
treatments and PPIs in the two example indications: multiple sclerosis 
and HR+ breast cancer. Details about DDI severity are defined on the 
FDA guidance and copied in Supplement S1. For example, substrates 
that have increase in drug plasma area under the curve (AUC) of ≥ 5- fold 
with strong inhibitors of a pathway are categorized as “sensitive substrate,” 
and increase of AUC ≥ 2 to < 5- fold categorized as “moderate sensitive 
substrate.”

Multiple sclerosis cohort selection
Identifying a population of interest is critical when performing RWD 
analyses. We extracted patients diagnosed with multiple sclerosis 
(MS) by first identifying the relevant ICD10 code (International 
Classification of Diseases) G35, used between 2017 and 2022 (ICD9 
code 340 is no longer utilized after 2015). Although we tried to strat-
ify by disease subtypes, distinguishing between remitting–relapsing 
MS and primary progressive MS was not achievable with the available 
ICD10 codes. However, we were able to use a previously published, 
validated algorithm from Culpepper et al.,11 which utilized both ICD 
diagnoses and the use of disease- modifying treatments (DMTs) for 
improved accuracy and specificity, to extract the specific MS cohort. 
We utilized algorithm E from Culpepper et al. to identify a large sam-
ple of patients; more specifically, the criteria implemented were as fol-
lows: ≥ 3 either inpatient or outpatient diagnoses of MS or usage of a 
relevant DMT (Supplement S2A), within a single year, where the year 
spans within 2017–2022. Next, to account for data missingness, we 
only included patients who had insurance coverage for the entire year 
of 2022 (to capture a year’s worth of medication usage); this allowed 
us to characterize the use as well as lack of use of relevant DDI- related 
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medications within a calendar year. In addition, pre- specific covari-
ates include sex (female, male) and age categories (≤ 18, 18–55, 56–65, 
> 65).

HR+ breast cancer cohort selection
To extract a hormone receptor- positive (HR+) breast cancer (BC) co-
hort, we first identified patients with at least two outpatient diagnoses 
of breast cancer or both an inpatient and outpatient diagnosis with at 
least a 14- day gap between 2017 and 2022. Breast cancer codes include 
ICD9 code 174 and 175, ICD10 code C50, and all subsequent children 
codes that belong within these ICD code categories. Next, we filtered 
to only include female patients and identified concurrent procedure or 
diagnosis codes related to HR+ status between 2017 and 2022 (ICD10 
Z17.0; ICD9 V86.0; CPT 3315F; and HCPCS G9071, G9073, G8380, 
G8381). As for the MS indication, we only included patients with in-
surance coverage for the whole year of 2022 to minimize bias from data 
missingness and to characterize the use and lack of use of relevant medi-
cations within a calendar year. Prespecified covariates included age (≤ 18, 
18–50, 51–65, > 65), exposure to breast cancer treatment in 2017–2022 
(Supplement S2B), and/or concurrent metastatic diagnosis in 2017–
2022 (Supplement S2D).

Extracting drugs of interest
We identified clinically relevant drugs of interest based on the FDA 
guidance for drug–drug interactions, including a list of substrates, 
inhibitors, and inducers for CYP3A4, and inhibitors for P- gp and 
BCRP.9 We also identified PPIs based on the RxNorm Proton Pump 
Inhibitor class (mor. nlm. nih. gov/ RxCla ss/ search? query = Proton% 
20pump% 20inh ibito rs% 7CMOA ). All drugs, including PPIs, were 
string- matched to the claims reference database, and the final matched 

drug codes per drug string can be found in Supplement S1. For all 
mapped drugs, codes for both prescriptions and procedures (within 
the year 2022) were extracted for the identified cohorts of patients 
(as described above) and aggregated based on the original drug name 
queried. Drug prevalence was then quantified based on percentage 
among the whole cohort and within pre- defined subpopulations (e.g., 
age groups).

Details for drug usage
Specific details for drug use were extracted from the claims data and sum-
marized: (1) Daily dose (described in mg and calculated as (strength*quan-
tity)/days supply; for example, a dispensing for 60 atorvastatin tablets at 
20 mg each for 30 days would have a daily dose of [20*60]/30 mg/day): 
(2) Number of 30- day equivalent fills (a 30 day fill was defined as the 
days supply divided by 30 if the days supply was > 34 or set to 1 if the 
days_supply was less than or equal to 34; for example, fill with 60 days 
supply is two 30- day equivalents12); (3) Number of fills (for example, a 
drug that is utilized daily for 6 months may be dispensed for 30 days at 
a time with 6 refills); (4) Frequency (for oral routes, number of doses 
per day, defined as quantity/days supply; for example, a fill for 30 tablets 
with 30 days supply would be 1 tablet per day); (5) Route of adminis-
tration (i.e., oral, rectal, subcutaneous, inhaled, injectable, intramuscu-
lar, or intravenous); (6) Acute vs. chronic use (acute use was defined as 
duration of treatment ≤ 90 days, and chronic use was defined as dura-
tion of treatment is > 90 days; duration of treatment included all non- 
overlapping days of prescription coverage that occurred during the study 
period (only includes fills that occurred in the study period and truncate 
days supply at the end of the study period)) A grace period of 10 days 
was used to bridge any gaps between prescriptions; (7) Intermittent use 
(defined as two or more gaps of 30+ days between when one fill runs out 

Figure 1 Selection of multiple sclerosis and hormone receptor- positive breast cancer cohorts. (a) Multiple sclerosis attrition table based 
upon algorithm from Culpepper et al. (b) Age and sex distribution for final MS cohort. Age distribution is also further stratified by sex recorded 
in the database. Note that patients over 85 in 2022 are represented as being 85 for de- identification purposes. (c) Hormone receptor- 
positive breast cancer (includes both estrogen receptor- positive and/or progesterone receptor- positive cancer) cohort attrition table. (d) Age 
distribution for final HR+ breast cancer cohort. Note that patients over 85 in 2022 are represented as being 85 for de- identification purposes. 
Patients of age 85+ in 2022 have their date of birth shifted so they are represented as being 80 years old.

Figure 2 Use of MS- specific DMTs, PPIs, CYP3A4 inhibitors, inducers, and substrates, and P- gp/BCRP inhibitors in MS patients. (a) Use of 
disease- modifying treatments among the MS population within the year 2022. (b) Use of any proton pump inhibitor among the MS population 
within the year 2022. (c) CYP3A4 inhibitors and inducers use among the MS population, as well as within age and sex strata. Further details 
on dosing, route, duration, and indication diagnoses (from DrugBank) are shown. (d) CYP3A4 substrates use among the MS population. (e) 
P- gp inhibitors use among the MS population. (f) BCRP inhibitors use among the MS population.
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and the next fill begins during a study period); (8) Comorbid diagnosis 
during the study period (for the most frequently used drugs, top diagno-
ses, aggregated to three characters from the ICD codes, were identified 
for patients prescribed drugs with DDI risk; diagnoses that overlap with 
labeled indication from DrugBank were highlighted).

RESULTS
Top medication usage among multiple sclerosis cohort
From the 281,008 patients with an MS diagnosis between 2017 
and 2022, we identified 51,815 patients who had continuous in-
surance coverage in 2022 and satisfied Algorithm E described in 
Culpepper et al.11 (attrition table in Figure 1a). Among this co-
hort, 75% of patients were female and 91% of patients were be-
tween the ages of 18–65 years old, with a median age of 51 years 
old (Figure 1b). Within the year 2022, 55% of patients in the 
cohort were exposed to a DMT (DMT), and ~16% had at least 
one claim for a prescribed PPI (Figure 2a,b).Top CYP3A4 in-
hibitors used in the overall MS population include fluconazole 
(7.9% prevalence, moderate inhibitor), ciprofloxacin (6.5%, 
moderate inhibitor), and ketoconazole (2.7%, strong inhibi-
tor) (Supplement S3). Among age and sex strata, fluconazole 
was most utilized among the 18–55 years old age group and 
females, while ciprofloxacin was most utilized among patients 
< 18 or > 65 years old. With regard to drug utilization, fluco-
nazole and ciprofloxacin were primarily administered orally and 
used acutely. For fluconazole, the mean average daily dose was 
125 mg/day, and the top prevalent indication includes fungal in-
fections. For ciprofloxacin, the average daily dose was 905 mg/
day and the top indicated diagnosis includes urinary tract infec-
tion (Figure 2c). Ketoconazole was found to be administered 
primarily externally, utilized acutely, and prescribed with an av-
erage daily dose of 236 mg/day and a prevalent indication of skin 
infections.

Top CYP3A4 inducers in the overall MS cohort included 
modafinil (5% prevalence, weak inducer), followed by carbamaz-
epine (1.5%, strong inducer). Within strata, most users prescribed 
modafinil were in the18–65- year- old age range. Regarding usage, 
modafinil was taken primarily orally with an average daily dose of 
228 mg/day. More than 50% were chronic users, with the main 
relevant diagnoses of fatigue and sleepiness. For carbamazepine, 
despite a low overall prevalence, more than 50% of patients were 
chronic users, with relevant diagnoses of trigeminal neuralgia 
(Figure 2c).

Top CYP3A4 substrates in the overall MS cohort (Figure 2d) 
include moderately sensitive substrates atorvastatin (11.4% prev-
alence) and alprazolam (6.8%), as well as sensitive substrates bus-
pirone (3%), budesonide (2.3%), simvastatin (2.1%), midazolam 
(1.9%), and quetiapine (1.6%). Within strata, atorvastatin and 
simvastatin had the highest use among the elderly (> 65 years), 
with atorvastatin also having over 12% usage among the pediatric 

(< 18 years) and 56–65 age groups. Regarding utilization, atorvas-
tatin and simvastatin have a median dose of 20 mg daily via oral 
administration, have 85% and 90% chronic users respectively, 
and both have a prevalent indication diagnosis of hyperlipidemia. 
Alprazolam, buspirone, and quetiapine were used mostly chron-
ically for anxiety and depression. Budesonide was used via inha-
lation for asthma, mostly acutely. Midazolam is administered via 
injection, acutely, and mainly for procedures.

With regards to transporters in the overall MS cohort, the 
top P- gp inhibitors include ketoconazole (2.7% prevalence) and 
erythromycin (1.4%) (Figure 2e). Ketoconazole was primarily 
administered externally, while erythromycin was administered 
ophthalmologically. The most prevalent BCRP inhibitor is teri-
flunomide (5.2%) followed by cyclosporine (0.7%). Teriflunomide 
also had high chronic usage (88%) (Figure 2f).

Top drug usage among HR+ breast cancer cohort
Within the database, 681,017 patients were identified who had 
at least two breast cancer diagnoses between 2017 and 2022 (see 
Methods). Of these, 670,784 patients were labeled female, and 
125,848 patients had continuous insurance coverage in 2022 
and had a diagnosis or procedure indicating hormone receptor- 
positive (HR+) BC (Figure 1c). Among this cohort, 80% of pa-
tients are over the age of 50 years with a median age of 59 years 
(Figure 1d). Within 2022, 68% of patients were exposed to at 
least one BC treatment, and ~17% were exposed to at least one 
PPI (Figure 3a,b).

The top prevalent CYP3A4 inhibitors in the overall HR+ BC 
cohort include fluconazole (7% prevalence), ciprofloxacin (6.9%), 
fosaprepitant (2.8%, weak inhibitor), and aprepitant (2.2%, mod-
erate inhibitor) (Supplement S3). Among subgroups, fosaprepi-
tant and aprepitant have greater prevalence in the younger age 
groups, those exposed to prior BC treatments, and those with di-
agnostic codes indicating metastatic disease. Regarding usage, both 
fluconazole (average dose: 122 mg/day) and ciprofloxacin (average 
dose: 922 mg/day) are moderate inhibitors that are mainly taken 
orally and acutely (Figure 3c). Top relevant diagnoses included in-
fection, particularly of the vagina and urinary tracts. Fosaprepitant 
and aprepitant are mostly taken intravenously with relevant indica-
tions as a chemotherapy antiemetics (Figure 3c).

CYP3A4 inducers all had a very low prevalence in the overall 
HR+ BC population (< 0.3%). Modafinil was the top CYP3A4 
inducer (0.27%, weak inducer), with other prevalent inducers of 
strong inducers carbamazepine and rifampin and moderate in-
ducer primidone. Modafinil showed enrichment in the subgroup 
with metastatic disease and had top relevant diagnoses of fatigue 
and anxiety (Figure 3c).

Prevalence of CYP3A4 substrates in the overall HR+ BC co-
hort was generally high (up to 20%); top substrates included mid-
azolam (19.1%), atorvastatin (14.1%), alprazolam (7%), aprepitant 

Figure 3 Use of BC- specific DMTs, PPIs, CYP3A4 inhibitors, inducers, and substrates, and P- gp/BCRP inhibitors in HR+ BC patients. (a) 
Exposure to any breast cancer- related treatment within the year 2022 among the HR+ breast cancer cohort. (b) Use of any proton pump 
inhibitor among the HR+ BC population within the year 2022. (c) CYP3A4 inhibitors and inducers use among the HR+ BC population, as well 
as within age and sex strata. Further details on dosing, route, duration, and indication diagnoses (from DrugBank) are shown. (d) CYP3A4 
substrates use among the HR+ BC population. (e) P- gp inhibitors use among the HR+ BC population. (f) BCRP inhibitors use among the HR+ 
BC population.
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(4.7%), simvastatin (3.3%), buspirone (2.3%), budesonide (2.1%), 
rivaroxaban (1.35%), quetiapine (0.9%), and lovastatin (0.52%). 
Among subpopulations, midazolam had greater use among the 
younger and metastatic populations, and the statins (atorvastatin 
and simvastatin) had greater use among the elderly. Midazolam 
was primarily administered via injection and used acutely for pro-
cedures. Atorvastatin and simvastatin had comorbid indication di-
agnoses of hyperlipidemia. Alprazolam, buspirone, and quetiapine 
were utilized chronically, with top diseases related to neurologic 
and psychiatric diagnoses (Figure 3d).

The top P- gp inhibitors in the HR+ BC cohort included ke-
toconazole (2.1% prevalence in the cohort), erythromycin (1.6%), 
and cyclosporine (1%) (Figure 3e). The remaining P- gp inhibitors 
(verapamil, amiodarone, ranolazine, propafenone, and drone-
darone) have an overall low prevalence, but some enrichment 
among the elderly subgroup. For the drug route of administra-
tion, ketoconazole was primarily administered externally, while 
erythromycin and cyclosporine were administered ophthalmo-
logically. P- gp inhibitors tend to be utilized chronically and have 
cardiovascular- related disease indications such as atrial fibrillation, 
hypertension, and atherosclerosis (Figure 3e). For BCRP inhibi-
tors, cyclosporine was the most prevalent in the HR+ BC cohort 
(1%), followed by rolapitant (0.07%), an antiemetic for chemo-
therapy (Figure 3f).

DISCUSSION
To illustrate the use of RWD to inform DDI risk, we demon-
strate how claims databases can be leveraged to characterize 
DDI- related concomitant medication prevalence and usage de-
tails for two example indications: multiple sclerosis and HR+ 
breast cancer. By mining comprehensive claims data, specifically 
PharMetrics Plus, we identified example disease- specific cohorts 
to characterize prevalent medications and usage patterns. This 
not only sheds light on the current landscape of medication pat-
terns in real- world settings, but it can also inform potential DDI 
risk that can affect decisions regarding candidate drug selection, 
patient safety, or determining conmeds inclusion/exclusion crite-
ria for clinical trials.

For the MS population use case, we found that the top CYP3A4 
inhibitors which may pose a relevant DDI risk include moderate 
inhibitors fluconazole and ciprofloxacin, both with greater prev-
alence among the female subpopulation. However, these medica-
tions were mainly used acutely, so a systemic DDI risk may only 
be temporarily relevant if an MS patient has a fungal infection (a 
key indication). One question that may arise from this for future 
studies is why we see oral antifungal medications use prevalent 
among MS patients.13 One possibility is that previously prescribed 
immunosuppressive MS drugs may cause patients to be at higher 
risk of fungal infection. If so, concomitant use of antifungals may 
also decrease with the development of more immune- selective MS 
therapies.14–16 Understanding the use of antifungals in this patient 
population is informative for both pharmaceutical developers and 
healthcare providers to be vigilant about potential DDI risk when 
treating infections in the MS patient population.15,17 While keto-
conazole is a strong inhibitor and a top drug in MS patients, the 
route of administration was predominantly external, suggesting 

to researchers and clinicians that there may be less of a systemic 
DDI risk. Top inducers among the MS population include modaf-
inil and carbamazepine, primarily prescribed for indicated di-
agnosis of fatigue and trigeminal neuralgia. While the general 
prevalence is low for both of these drugs, concomitant use with 
an investigational drug can be a DDI concern in MS patients with 
comorbid neurologic conditions who may be using modafinil or 
carbamazepine.18,19

Moreover, the use of top CYP3A4 substrates was most preva-
lent among the elderly MS population. Statins are utilized for the 
treatment of hyperlipidemia, including atorvastatin (moderately 
sensitive substrate) and simvastatin (sensitive substrate). This is 
relevant to consider when developing drugs for elderly popula-
tions who often have a greater burden of chronic comorbidities 
and complex disease outcomes. Other medications to note include 
the concomitant prescription of CYP3A4 substrates buspirone 
and quetiapine, due to the likelihood of comorbid psychiatric con-
ditions such as depression and anxiety among MS.20 Next, while 
the use of sensitive substrate midazolam is prevalent as well, its 
acute use, likely for procedures, suggests the DDI risk may be low 
or only be relevant in the acute setting.21 With regard to trans-
porter inhibitors, the top noteworthy concomitant medications 
include antibiotics and antifungals: ketoconazole and erythro-
mycin as prevalent P- gp inhibitors, and cyclosporine as a BCRP 
inhibitor. This makes it prudent to consider MS patient suscepti-
bility to infection that may lead to antifungals/antibiotics as con-
meds, which can result in altered exposure and, in turn, safety and/
or efficacy of any investigational drugs whose delivery depends on 
the transporters.14–16

For the HR+ BC cohort, despite underrepresentation of pa-
tients over 65 compared with the general US population, the 22% 
over age 65 can still provide insights around comorbidities and 
DDI risk.22–24 The top CYP3A4 inhibitors in the HR+ BC co-
hort include antifungals and antibiotics, with greater prevalence 
among the metastatic population, perhaps suggesting increased 
infection risk or immunocompromised status, such as from disease 
progression or cancer treatment25,26; however, usage of antifun-
gals and antibiotics is mostly given short- term with an acute risk 
of DDI. Chronically utilized CYP3A4 inhibitors include medi-
cations for comorbid cardiovascular indications such as diltiazem 
and verapamil, with greater use among the elderly. This is of rele-
vance since cardiovascular multimorbidity and age are associated 
with differing treatment approaches.27,28 Additionally, we see that 
chemotherapy antiemetics may pose an acute DDI risk within the 
BC treatment pathway. While the overall prevalence of CYP3A4 
inducers is low, notable medications include those for concur-
rent seizures and psychiatric conditions. CYP3A4 substrates have 
high prevalence, with the top 10 medications being prescribed to 
0.5%–20% of the population. These include medications for acute 
procedures (midazolam), chronic hyperlipidemia (atorvastatin, 
simvastatin), and anxiety (alprazolam, buspirone). Relevant P- gp 
inhibitors have great overlap with both CYP3A4 inhibitors and 
substrates, particularly verapamil, amiodarone, and ranolazine, 
with greater usage in elderly patients and patients with metastasis. 
This complex DDI risk may explain prior studies that identified 
large differences in treatment approaches and outcomes based on 
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age.22,28 For BC, antiemetic use (specifically rolapitant and aprep-
itant) may provide DDI risk for patients who may be exposed to 
chemotherapy, with greater use among the young and those with 
advanced disease.29–31 This suggests that DDI risk should be con-
sidered when cancer treatment- related medications (such as anti-
emetics) are given concomitantly with chemotherapy, in BC as well 
as other tumor types.

In both MS and HR+ BC, chronic issues provide the biggest 
risk given the high prevalence of CYP3A4- sensitive substrates 
and diagnosis of comorbid conditions such as cardiovascular and 
neuropsychiatric diseases. Of note, since MS impacts the nervous 
system itself, the chance of a patient with a concomitant neuro-
psychiatric diagnosis can be high.32,33 Although both indications 
showed a DDI risk with midazolam (CYP3A4 substrate) and 
antifungals or antibiotics (CYP3A4 inhibitor), the risk was rela-
tively minimal as these drugs seem to have use in acute settings or 
through routes of delivery that allow for minimal absorption into 
the systemic circulation. Furthermore, while the use of CYP3A4 
inducers is low overall, modafinil was the most prevalent inducer, 
primarily for fatigue and anxiety.34–38 Similarly, the use of P- gp 
and BCRP inhibitors is low overall; however, the most prevalent 
drugs overlap as CYP3A4 inhibitors. Lastly, for both indications, 
more than 15% of patients are shown to be prescribed a PPI; how-
ever, the use of PPIs may be higher since over- the- counter (OTC) 
use of PPIs is not captured in claims data. Knowing this lower 
limit of PPI use can be helpful to account for during the conduct 
of trials when considering possible impact on bioavailability and 
dosing.

While there are a lot of valuable insights to be gleaned from 
this analysis, it is important to consider the limitations of claims 
data. First, claims data may not include OTC and non- insured 
medications, such as PPIs, contraceptive medications, and drugs 
obtained from other sources (e.g., family and friends) or stock-
piling of previous dispensings. Second, claims data are limited 
to patients with insurance coverage, and the patient population 
may have biases depending on whether insurance is derived from 
government insurance programs or private insurance providers. 
Geographical limitations may also exist, as claims data is specific 
to the regions covered by the insurance plans included in the da-
tabase. Furthermore, claims data does not include socioeconomic 
information (e.g. area deprivation index, education). Third, the 
analyses above are focused on clinically relevant DDI risk, which 
does not include drugs with in vitro DDI risk or newer molecules 
with evolving clinically relevant DDI risk. For example, MS pa-
tients with comorbid autoimmune conditions may take tofaci-
tinib, a recent immunosuppressive medication that can inactivate 
CYP3A4.39 Lastly, since we utilized a commercially available 
claims database from the US, patients over 65 are less represented 
(since patients over 65 often transition to Medicare). Nevertheless, 
the patients over the age of 65 can help provide initial insights, and 
the same methods can be applied to Medicare databases in the fu-
ture to better evaluate generalizability. Given the large number of 
patients captured by the claims database and the efficiency of data 
analysis compared with clinical trial recruitment, future analysis 
can focus on studies in lower prevalence subpopulations such as 
pediatric populations or male breast cancer patients. While this 

work focused on interactions at CYP3A4, P- gp, and BCRP, the 
pipeline can be extended to provide insights into interactions at 
other CYP enzymes or drug transporters. Future directions include 
expanding to investigate additional CYPs and transporters beyond 
what is presented here. Despite limitations, pharmaceutical claims 
data provide researchers with quality and extensive information 
about prescription medication usage, enabling them to study real- 
world medication patterns, assess treatment outcomes, and inform 
evidence- based decision making in pharmaceutical research.6

As demonstrated by this analysis, there is great potential un-
locked through the integration of RWD in the drug development 
process and myriad opportunities for further extension of this 
work. For example, for an investigational small molecule developed 
for MS shown in vitro to be a sensitive CYP3A4 substrate, fluco-
nazole and clarithromycin (moderately strong and strong CYP3A4 
inhibitor) can be chosen as index drugs in PBPK modeling and/or 
a clinical DDI study. These results can then be utilized to inform 
drug development. For an investigational small molecule devel-
oped for MS that is shown in vitro to be a sensitive CYP3A4 sub-
strate, fluconazole (the most prevalent moderately strong CYP3A4 
inhibitor, Figure 2c) and clarithromycin (strong CYP3A4 inhib-
itor with oral usage, Figure 2c) can be chosen as index drugs in 
PBPK modeling and/or a clinical DDI study to further evaluate 
DDI risk.

For another small molecule developed for HR+ BC which is 
shown in preclinical studies to be a P- gp substrate, understanding 
the use of verapamil (prevalent oral P- gp inhibitor) and its im-
pact on the investigational drug exposure can be informative for 
clinical trial design and inclusion/exclusion criteria. Therefore, 
understanding drug usage patterns in a real- world setting can help 
augment decision making during drug research and development, 
including candidate drug selection, in vitro study design, and clin-
ical trial design. The pipeline itself can also be further extended to 
many other diseases, including both oncology and non- oncology 
indications. As new medications are approved, claims databases 
can be utilized to perform DDI safety assessments and cost evalu-
ations while also serving as a reference for clinicians when making 
decisions about drug prescriptions and dosing adjustments.40,41

SUPPORTING INFORMATION
Supplementary information accompanies this paper on the Clinical 
Pharmacology & Therapeutics website (www.cpt-journal.com).

ACKNOWLEDGMENTS
The authors would like to thank Yan Xu, Diana Sun, Jack Ratchford, Jon 
Lopez, Sravanthi Cheeti, Jesse Yu, Kathy Cheung, Preet Dhillon, and 
Spencer James for their scientific discussions and contributions to this 
manuscript.

AUTHOR CONTRIBUTIONS
A.S.T., B.V., and R.Z. wrote the manuscript; B.V. and R.Z. designed 
the research; A.S.T., B.V., L.B., D.M.B., P.C., and R.Z. performed the 
research and analyzed the data; D.B., P.C., A.J., and A.S.T. contributed 
new reagents/analytical tools.

CONFLICT OF INTEREST
All authors are employees or contractors of Genentech/Roche at the 
time of this work. As an Associate Editor for Clinical Pharmacology & 
Therapeutics, Amita Joshi was not involved in the review or decision 
process for this paper.

ARTICLE



VOLUME 118 NUMBER 1 | July 2025 | www.cpt-journal.com154

FUNDING
This study was funded by Genentech Inc., a member of the Roche group.

© 2025 Institut Roche SAS and Genentech, Inc. Clinical Pharmacology & 
Therapeutics published by Wiley Periodicals LLC on behalf of American 
Society for Clinical Pharmacology and Therapeutics.

This is an open access article under the terms of the Creative Commons 
Attribution-NonCommercial-NoDerivs License, which permits use and dis-
tribution in any medium, provided the original work is properly cited, the 
use is non-commercial and no modifications or adaptations are made.

 1. Huang, S.- M. et al. New era in drug interaction evaluation: 
US Food and Drug Administration update on CYP enzymes, 
transporters, and the guidance process. J. Clin. Pharmacol. 48, 
662–670 (2008).

 2. The US Food and Drug Administration. Clinical drug interaction 
studies—cytochrome P450 enzyme-  and transporter- mediated 
drug interactions guidance for industry <https:// www. fda. gov/ 
media/  134581/ download> (2020).

 3. The US Food and Drug Administration. In vitro drug interaction 
studies—cytochrome P450 enzyme-  and transporter- mediated 
drug interactions guidance for industry <https:// www. fda. gov/ 
media/  134582> (2020).

 4. The US Food and Drug Administration. Framework for FDA’S real- 
world evidence program <https:// www. fda. gov/ media/  120060/ 
download> (2018).

 5. Dagenais, S., Russo, L., Madsen, A., Webster, J. & Becnel, L. 
Use of real- world evidence to drive drug development strategy 
and inform clinical trial design. Clin. Pharmacol. Ther. 111, 77–89 
(2022).

 6. Zhu, R. et al. Clinical pharmacology applications of real- world 
data and real- world evidence in drug development and approval 
– an industry perspective. Clin. Pharmacol. Ther. 114, 751–767 
(2023).

 7. Bachmann, P. et al. Prevalence and severity of potential drug–drug 
interactions in patients with multiple sclerosis with and without 
polypharmacy. Pharmaceutics 14, 592 (2022).

 8. Solomon, J.M., Ajewole, V.B., Schneider, A.M., Sharma, M. & 
Bernicker, E.H. Evaluation of the prescribing patterns, adverse 
effects, and drug interactions of oral chemotherapy agents in an 
outpatient cancer center. J. Oncol. Pharm. Pract. 25, 1564–1569 
(2019).

 9. The US Food and Drug Administration. For healthcare 
professionals | FDA’s examples of drugs that interact with CYP 
enzymes and transporter systems <https:// www. fda. gov/ drugs/  
drug-  inter actio ns-  label ing/ healt hcare -  profe ssion als-  fdas-  examp 
les-  drugs -  inter act-  cyp-  enzym es-  and-  trans porte r-  systems> (2023).

 10. Fact Sheet. IQVIA PharMetrics® Plus <https:// www. iqvia. com/ 
locat ions/ unite d-  states/ libra ry/ fact-  sheets/ iqvia -  pharm etric s-  
plus> (2022).

 11. Culpepper, W.J. et al. Validation of an algorithm for identifying MS 
cases in administrative health claims datasets. Neurology 92, 
e1016–e1028 (2019).

 12. Feyman, Y. Generic drug utilization and spending among Medicare 
part D enrollees in 2022. Assistant Secretary for Planning 
and Evaluation (ASPE), U.S. Department of Health and Human 
Services <https:// aspe. hhs. gov/ repor ts/ gener ic-  drug-  use-  among 
-  part-  d-  enrol lees-  2022> (2024).

 13. Mangalam, A.K. Fungal microbiome and multiple sclerosis: the 
not- so- new kid on the block. EBioMedicine 72, 103621 (2021).

 14. Winkelmann, A., Loebermann, M., Reisinger, E.C., Hartung, H.- P. 
& Zettl, U.K. Disease- modifying therapies and infectious risks in 
multiple sclerosis. Nat. Rev. Neurol. 12, 217–233 (2016).

 15. Zingaropoli, M.A. et al. Infectious risk in multiple sclerosis 
patients treated with disease- modifying therapies: a three- year 
observational cohort study. Mult. Scler. J. Exp. Transl. Clin. 8, 
205521732110657 (2022).

 16. Bhise, V. & Dhib- Jalbut, S. Potential risks and benefits of multiple 
sclerosis immune therapies in the COVID- 19 era: clinical and 

immunological perspectives. Neurotherapeutics 18, 244–251 
(2021).

 17. Lechner- Scott, J., Waubant, E., Levy, M., Hawkes, C. & 
Giovannoni, G. Is multiple sclerosis a risk factor for infections? 
Mult. Scler. Relat. Disord. 41, 102184 (2020).

 18. Maric, G.D. et al. The prevalence of comorbidities in patients with 
multiple sclerosis: population- based registry data. Neurol. Sci. 
42, 1887–1893 (2021).

 19. Marrie, R.A. et al. Etiology, effects and management of 
comorbidities in multiple sclerosis: recent advances. Front. 
Immunol. 14, 1197195 (2023).

 20. Marrie, R.A. Comorbidity in multiple sclerosis: implications for 
patient care. Nat. Rev. Neurol. 13, 375–382 (2017).

 21. Ohshita, N., Gamoh, S., Kanazumi, M., Nakajima, M., Momota, 
Y. & Tsutsumi, Y.M. Anesthetic management of a patient with 
multiple sclerosis. Anesth. Prog. 64, 97–101 (2017).

 22. Land, L.H., Dalton, S.O., Jørgensen, T.L. & Ewertz, M. Comorbidity 
and survival after early breast cancer. A review. Crit. Rev. Oncol. 
Hematol. 81, 196–205 (2012).

 23. Hong, C.- C., Ambrosone, C.B. & Goodwin, P.J. Comorbidities 
and their management: potential impact on breast cancer 
outcomes. In Improv. Outcomes Breast Cancer Surviv, Vol. 862 
(ed. Ganz, P.A.) 155–175 (Springer International Publishing, 
Cham, 2015).

 24. Tamirisa, N. et al. Association of Chemotherapy with Survival 
in elderly patients with multiple comorbidities and estrogen 
receptor- positive, Node- Positive Breast Cancer. JAMA Oncol. 6, 
1548 (2020).

 25. Chauhan, S.K. et al. Peripheral immune cells in metastatic breast 
cancer patients display a systemic immunosuppressed signature 
consistent with chronic inflammation. NPJ Breast Cancer 10, 30 
(2024).

 26. Brand, J.S. et al. Infection- related hospitalizations in breast 
cancer patients: risk and impact on prognosis. J. Infect. 72, 
650–658 (2016).

 27. Nechuta, S. et al. Comorbidities and breast cancer survival: a 
report from the Shanghai Breast Cancer Survival Study. Breast 
Cancer Res. Treat. 139, 227–235 (2013).

 28. Lorentsen, M.K. et al. Age and competing concerns in treatment 
selection for women with non- metastatic HR+ and HER2− breast 
cancer: current clinical practice. J. Geriatr. Oncol. 13, 839–843 
(2022).

 29. Georgy, A., Neceskas, J. & Goodin, S. Antiemetic care for patients 
with breast cancer: focus on drug interactions and safety 
concerns. Am. J. Health- Syst. Pharm. 64, 2227–2236 (2007).

 30. Yeo, W. & Chan, V.T.C. Antiemetic therapy options for 
chemotherapy- induced nausea and vomiting in breast cancer 
patients. Breast Cancer Targets Ther. 3, 151–160 (2011).

 31. Statler, A.B., Hobbs, B.P., Wei, W., Gupta, A., Blake, C.N. & 
Nahleh, Z.A. Real- world treatment patterns and outcomes in 
HR+/HER2+ metastatic breast cancer patients: a National Cancer 
Database Analysis. Sci. Rep. 9, 18126 (2019).

 32. Marrie, R.A. et al. The incidence and prevalence of psychiatric 
disorders in multiple sclerosis: a systematic review. Mult. Scler. 
21, 305–317 (2015).

 33. McKay, K.A. et al. Psychiatric comorbidity is associated with 
disability progression in multiple sclerosis. Neurology. 90, 
e1316–e1323 (2018).

 34. Cooper, M.R., Bird, H.M. & Steinberg, M. Efficacy and safety 
of modafinil in the treatment of cancer- related fatigue. Ann. 
Pharmacother. 43, 721–725 (2009).

 35. Kohli, S. et al. The effect of modafinil on cognitive function in 
breast cancer survivors. Cancer 115, 2605–2616 (2009).

 36. Nourbakhsh, B. et al. Safety and efficacy of amantadine, 
modafinil, and methylphenidate for fatigue in multiple sclerosis: 
a randomised, placebo- controlled, crossover, double- blind trial. 
Lancet Neurol. 20, 38–48 (2021).

 37. Zifko, U.A., Rupp, M., Schwarz, S., Zipko, H.T. & Maida, E.M. 
Modafinil in treatment of fatigue in multiple sclerosis. Results of 
an open- label study. J. Neurol. 249, 983–987 (2002).

 38. Rammohan, K.W., Rosenberg, J.H., Lynn, D.J., Blumenfeld, A.M., 
Pollak, C.P. & Nagaraja, H.N. Efficacy and safety of modafinil 

ARTICLE

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://www.fda.gov/media/134581/download
https://www.fda.gov/media/134581/download
https://www.fda.gov/media/134582
https://www.fda.gov/media/134582
https://www.fda.gov/media/120060/download
https://www.fda.gov/media/120060/download
https://www.fda.gov/drugs/drug-interactions-labeling/healthcare-professionals-fdas-examples-drugs-interact-cyp-enzymes-and-transporter-systems
https://www.fda.gov/drugs/drug-interactions-labeling/healthcare-professionals-fdas-examples-drugs-interact-cyp-enzymes-and-transporter-systems
https://www.fda.gov/drugs/drug-interactions-labeling/healthcare-professionals-fdas-examples-drugs-interact-cyp-enzymes-and-transporter-systems
https://www.iqvia.com/locations/united-states/library/fact-sheets/iqvia-pharmetrics-plus
https://www.iqvia.com/locations/united-states/library/fact-sheets/iqvia-pharmetrics-plus
https://www.iqvia.com/locations/united-states/library/fact-sheets/iqvia-pharmetrics-plus
https://aspe.hhs.gov/reports/generic-drug-use-among-part-d-enrollees-2022
https://aspe.hhs.gov/reports/generic-drug-use-among-part-d-enrollees-2022


CLINICAL PHARMACOLOGY & THERAPEUTICS | VOLUME 118 NUMBER 1 | July 2025 155

(Provigil) for the treatment of fatigue in multiple sclerosis: a 
two centre phase 2 study. J. Neurol. Neurosurg. Psychiatry 72, 
179–183 (2002).

 39. Veeravalli, V., Dash, R.P., Thomas, J.A., Babu, R.J., Madgula, 
L.M.V. & Srinivas, N.R. Critical assessment of pharmacokinetic 
drug–drug interaction potential of tofacitinib, baricitinib and 
upadacitinib, the three approved Janus kinase inhibitors for 
rheumatoid arthritis treatment. Drug Saf. 43, 711–725 (2020).

 40. Rashid, N. et al. Economic burden related to chemotherapy- 
related adverse events in patients with metastatic breast cancer 
in an integrated health care system. Breast Cancer Targets Ther. 
8, 173–181 (2016).

 41. Choong, C.K.- C., Rehmel, J. & Datta- Mannan, A. Real- world 
evidence application in translational medicine: making use of 
prescription claims to inform drug- drug interactions of a new 
psoriasis treatment. J. Clin. Pharmacol. 65, 66–73 (2024).

ARTICLE


	Use of Real-World Claims Data to Assess the Prevalence of Concomitant Medications to Inform Drug–Drug Interaction Risk in Target Patient Populations
	METHODS
	Multiple sclerosis cohort selection
	HR+ breast cancer cohort selection
	Extracting drugs of interest
	Details for drug usage

	RESULTS
	Top medication usage among multiple sclerosis cohort
	Top drug usage among HR+ breast cancer cohort

	DISCUSSION
	ACKNOWLEDGMENTS
	AUTHOR CONTRIBUTIONS
	CONFLICT OF INTEREST
	FUNDING


