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ABSTRACT 
 

State Medicaid programs have embraced prior authorization requirements (PA) 

and preferred drug lists (PDLs), which steer patients towards less expensive drugs, as 

an effective means of holding down costs.  Despite their ability to lower Medicaid 

spending, however, other effects, including the potential impact on patient health, 

remain unclear.  One potential side effect of PA is a decrease in total drug utilization, 

as patients fail to adhere to less-desirable drugs with side-effects or lower efficacy.  

This study aims to determine if state-level utilization of one class of drugs – non-

steroidal anti-inflammatory drugs (NSAIDs) – is affected after the implementation of a 

PA.  To study the effect of PA on drug utilization, Medicaid drug utilization data and 

other information about state Medicaid programs were used to compare drug utilization 

from 2000, when few states had restrictions on NSAID use, with utilization in 2004, by 

which time the majority of states had implemented PA with PDL restrictions. 

Descriptive statistics indicate that states with PA in both 2000 and 2004 had a smaller 

rate of increase in NSAID usage than states with PA only in 2004 or not at all. 

Adopting PA between 2000 and 2004 was not found to have a statistically significant 

effect on the change in drug utilization over the time period, however.  This may 
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indicate that PA is not negatively impacting health through lower or higher drug 

utilization.  Additional investigation is warranted in the area of drug efficacy, potential 

medication error resulting, and health disparities arising from PA.
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Introduction 

 
 In the 1990’s soaring medical costs, a result both of rising consumption and 

increasing prices, led many health care payors to experiment with new cost-cutting 

measures.  Two measures, prior authorization (PA) and the preferred drug list (PDL), are 

closely associated with state Medicaid programs’ efforts to limit exponential growth in 

prescription drug spending (Banthin and Miller, 2006).  Prescription drugs offer a ready 

target for cost cutting; while prices for newer drugs continue to rise, older drugs and 

similar drugs within a drug class often offer similar results at lower cost.  Using a PA in 

conjunction with a PDL promises to save Medicaid programs money by shifting patients 

to those similar, less-expensive drugs.  These tools induce patients to use less-expensive 

drugs by denying prescriptions or refills for the more expensive drug without prior 

authorization from the program.  PA and PDLs have been very effective in containing the 

growth in drug spending for state Medicaid programs.  Florida, which implemented a 

PDL along with other cost-control measures in 2000-2001, reports that the annual growth 

in prescription drug costs fell to 15.1% in 2001-2002, from a high of 27.8% in 1999-2000 

(OPPAGA, 2003). This amounts to a major savings – prescription drugs accounted for 

18% of Florida’s Medicaid expenditures in 2001 (OPPAGA, 2003).  The promise of 

savings has led many states to implement restrictions on drug use; since the first PA 

requirements were launched in California in 1990, 43 states have begun or authorized PA 

(NCSL, 2006).  Simultaneously, states have moved to further limit the number of drugs 

in a given class available without authorization, and increase number of classes requiring 

authorization.  Florida aimed to save an additional $86.6 million in 2003 through a 
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tightened PDL, while Michigan in 2002 became the first state to place restrictions on 

mental health drugs (Mulligan, 2003).   

 As access to certain prescription drugs has become more difficult, several patient 

heath advocates have questioned the health effects of shifting patients’ medications.  

While chemically similar, drugs may have differing side effects or efficacy. 

Understanding of clinical differences between drugs is not well understood and, 

especially in the case of psychiatric medications, clinical effects may vary widely by 

patient.  Advocates argue that by prohibiting access to the drug of choice, state Medicaid 

programs may be denying patients potential medication benefits. 

 A related possibility is that, because of increased difficulty of navigating the 

prescription process, or because the preferred drugs available without PA are less 

desirable to the patient or his doctor, patients are utilizing fewer drugs overall.  This 

result would most likely be adverse to patient health.  In their 2006 report Preventing 

Medication Errors, the Institute of Medicine identified both “failure to prescribe” and 

“failure to adhere” as medication errors with severe consequences (IOM, 2006).  

Alternatively, if substitution of drugs is without clinical effect, implementation of a PA 

should reduce costs but should not result in different overall drug utilization within a drug 

class.   

To study the effect PA has on changes in overall drug use, the utilization of one 

class of drug in state Medicaid programs was examined in 2000 and 2004. Non-Steroidal 

Anti-Inflammatory Drugs (NSAIDs), a common class of painkillers, were selected 

because they are used in large numbers by all state Medicaid programs and are frequently 
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the target of PDL prior authorization schemes.  Between 2000 and 2004, the number of 

states with NSAID prior authorization requirements increased from 11 to 29 (NPC 2000 

and 2004).  The data set, constructed by the author, includes data gathered from the 

Medicaid program, as well as descriptive variables on state Medicaid characteristics 

garnered from the annual Pharmaceutical Benefits Under State Medical Programs, 

published by the National Pharmaceutical Council.  Medicaid state drug utilization from 

2000 and 2004 is regressed using a fixed effects model, controlling for factors such as 

Medicaid state enrollments and dual-eligible rates.   This allows a comparison of 

pharmaceutical utilization before and after restrictions were implemented in several 

states, possibly indicating whether PA and PDLs are resulting in lower overall 

medication use. 
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Background 

Medicaid programs are required to cover any drug made by a manufacturer that 

has signed a drug rebate agreement with the federal Centers for Medicare and Medicaid 

Services. They may limit access to some drugs through PA provided that “the excluded 

drug does not have a significant, clinically meaningful therapeutic advantage in terms of 

safety, effectiveness or clinical outcome of such treatment” (NPC, 2004).  In addition to 

steering patients towards certain (usually less expensive) drugs, PA used with PDLs 

provide states with additional leverage – the promise of greater volume or the threat of 

greater restrictions – with which to negotiate better prices or rebates with manufacturers.  

Restricted drugs must still be available, so long as the patient or his/her doctor receives 

prior authorization from the state Medicaid program.  Additionally, prior authorization 

must be available within 24 hours, and states must make a provision for a 72-hour 

emergency supply to be vended without prior approval. 

While there is some variation between state programs, most systems work in the 

same basic way.  Like a formulary, PA with a PDL steer patients towards drugs that are 

less expensive.  Drugs are classed into tiers, with Tier 1 drugs generally being generic or 

over-the-counter drugs, and Tier 2 being more expensive brand name drugs (there are 

occasionally more tiers, with more expensive drugs in higher tiers).  Rather than use 

copayments as an incentive, as a traditional private insurer might through a formulary, 

Medicaid programs require prior approval before patients may access Tier 2 drugs.  Many 

states also require patients to try a drug in the Tier 1 category before receiving a Tier 2 

drug. 
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 PA and PDLs grew rapidly over the period studied, despite controversy, and pain 

medications were among the most frequently restricted.  The first PA was instituted by 

the California Medicaid program, MediCal, in 1990.  In 2000, 11 states had authorized 

prior authorization requirements for the Non-Steroidal Anti-Inflammatory (NSAID) class 

of pain medications (NPC, 2000).  By 2004, 29 states had prior authorization 

requirements for NSAIDs (NPC, 2004), and most also had restrictions on antidepressants 

and hypertension drugs.  These drug classes include a number of high-cost drugs that are 

commonly substituted.   

 Figure 1:  States with Medicaid PA 
Restrictions on NSAIDs, 2000 to 2005 

Source:  Author’s Tabulation of Data from the 
National Pharmaceutical Council (2000 and 2004) 
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Literature Review 

Previous research has examined the effects of formularies and PA with PDL on 

drug use.  Most studies have looked at the more numerous private-insurance formularies, 

where patient out-of-pocket cost is used as an incentive to decrease drug spending.  The 

majority of the research on both formularies and Medicaid PA with PDL have focused on 

their ability to cause drug switching, not their effect on the quantity of overall drug 

utilization.  A limited amount of research has also focused on the health effects of 

formularies and prior authorization schemes, primarily in the form of comparable 

effectiveness studies.  This focus reflects the primary policy and business goal of 

formularies and PAs to create cost savings while minimizing health impact on the patient. 

PA with PDL and formularies have been repeatedly shown to reduce drug 

expenditures.  Phillips and Larson (2004), writing in the Journal of Managed Care 

Pharmacy, found savings for one state’s PDL ranged from $2,676,000 to $3,996,000 in 

just one year.  Similarly, Carroll et al. (2006), studying COX-2 inhibitors (a subgroup of 

NSAIDs) found that a PDL in Missouri reduced COX-2 expenditure by $131 per patient 

per year while expenditures in the control state increased by $59 per patient per year. 

Some downsides of these drug restriction mechanisms have been identified.  

Murawski and Abdelgawad (2005) show a shift in costs to other parts of the healthcare 

system, with increases in both outpatient and inpatient hospital utilization.   Disparities 

also appear to increase when Medicaid restricts access to certain drugs; Headen and 

Masia (2005), writing in the American Journal of Managed Care, find that the many 

minorities live in areas where physicians are influenced by Medicaid policy, and are 
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therefore subject to spillover effects.  The disproportionate impact of PDL prior 

authorization on minorities may also reflect their larger representation in the Medicaid 

enrollee population, relative to the population at large. 

Despite the prevalence of drug switching in the NSAID class, commonly 

substituted NSAIDs have been shown to have clinically different effects.  A study by Lai 

et al. (2006), compared a number of commonly substituted NSAIDs and found differing 

side effect profiles, with certain drugs more likely to cause ulcer-related complications.  

A second study, by Singh and colleagues (2006), compared NSAIDs in osteoarthritis 

patients and found 0.8 ulcer complications per 100 patient years in the nonselective 

NSAID group, compared with a rate for celecoxib drugs (which tend to be more 

expensive and commonly require prior authorization) of 0.1 complication per100 patient-

years. Spiegel, Chiou and Offman (2006), writing in Arthritis Rheumatism, found the 

cost-effectivenessness of NSAIDs varied significantly by individual risk factors.  Finally, 

prior authorization schemes for pain medications in Medicaid are not based on evidence-

based medicine and differ widely; Fisher et al. demonstrated this with their study of 

COX-2 Inhibitors, a subgroup of NSAIDs.   

Studies considering the impact of prior authorization on provider prescribing 

patterns or patient adherence to medication have largely been inconclusive.  LaPensee 

(2003) has demonstrated minimal effects for PDLs (with only 4.4% of original 

prescription requests ultimately rejected) and weak to no correlation between rejection 

and age or sex.  Provider prescribing habits are affected by Medicaid rules, however, and 

spillover effects extend those changes beyond the Medicaid population to the privately 
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insured population, as shown by Virabhak and Shinogle (2005).  The interaction of 

patient adherence and PA with PDLs has been the subject of a number of small, patient-

level studies.  Wilson, Axelsen and Tang (2005) considered patient adherence to 

hypertension drugs in one clinic shortly after the state Medicaid program instituted a 

prior authorization requirement for some drugs in that class.  Patients were 39% more 

likely to discontinue use of drugs after the prior authorization requirement was 

implemented. 
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Conceptual Framework and Hypotheses 

The process by which a Medicaid patient receives a prescription drug involves 

various steps.  The level at which a Medicaid population utilizes drugs would be affected 

by several variables in that process, including overall health, propensity to see a doctor, 

likelihood of being prescribed medication, and the likelihood of filling a prescription. 

The overall level of health in the Medicaid population, or “sickness,” may vary 

considerably between states.  There are numerous ways this could occur, including: 1) the 

prevalence of disease (certain states, for instance, experience dramatically higher 

incidence of obesity than others states), or 2) the prevalence of older patients, who may 

inherently exhibit increased sickness. 

The propensity to see a doctor may also vary between states. Similar patients may 

be more likely to see a doctor in one state than in the other due to: 1) physical factors, 

such as population density, 2) cultural preferences that may influence medical services 

use, and 3) differences in reimbursement practices, such as capitated payment, that could 

affect the likelihood of a patient being seen by a doctor in a particular state.  A fourth 

cause, expectations of service – such as the probability of being prescribed drugs or a 

certain drug – may impact a patient’s decision to seek care and may be linked to prior 

authorization restrictions. 

The likelihood that, upon seeing a doctor, a sick patient is prescribed medication 

could be influenced by several factors.  These could include: 1) differences in medical 

practices (if one state’s doctors were much older than another’s for instance, that could 

influence the prescribing habits in one state, 2) differences in monitoring or other policy 
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practices, or 3) expectation about drug effect, with doctors choosing to prescribe more or 

less based upon their belief about the efficacy of the drugs available to be prescribed.  

The effect of prior authorization restrictions may also be demonstrated here. 

Finally, the likelihood of filling a prescription may vary between states.  Once 

prescribed, patients must still fill a prescription, and there are factors that would influence 

the rate at which a Medicaid population would choose to do so, potentially including; 1) 

expectations about drug effect (patients may be more or less optimistic about drugs based 

upon the drugs available to them) and 2) differences in copayment amounts, which, while 

small, are still required by most state Medicaid programs. 
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Data and Methods 

This study will explore whether Preferred Drug Lists impact overall drug 

utilization within a class of drugs when certain drugs are restricted.  Total utilization of 

one drug class will be compared in two time periods.  A number of state Medicaid 

programs imposed prior authorization requirements between the two observation periods. 

 

Data Sources 

The data set used was constructed by combining state and year data from several 

sources.  Data on the dependent variable, state level NSAID utilization, is prepared by 

each of the 51 State Medicaid programs and is compiled by the Medicaid office of the 

Centers for Medicare and Medicaid Services (CMS).  This data set has been used in 

published research before; Banthin and Miller (2006) used it to study Medicaid drug 

expenditures. 

Each state (and the District of Columbia) submits data on their aggregate fee-for-

service drug reimbursements to CMS on a quarterly basis.  Arizona has received a waiver 

from providing this data.  Thus, the data set consists of a population of 50 programs with 

200 observations per year.  Each observation contains data on utilization of every drug 

reimbursed by the Medicaid program, or roughly 15,000 drugs (counting different 

indications).  For every observation information is provided on units reimbursed, number 

of prescriptions filled and total amount reimbursed.  At the time of this writing, Medicaid 

drug utilization data are available from 1991 (the first year of the Medicaid drug rebate 
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program) through the second quarter of 2006.  Prescription drug utilization tables are 

available at: http://www.cms.hhs.gov/Medicaid  DrugRebateProgram/.   

Pharmaceuticals in the Medicaid drug utilization tables are identified with codes 

drawn from the National Drug Code (NDC) Directory.  NDC codes are unique 

identifiers, indicating the manufacturer, drug and package size of the drug reimbursed.  In 

addition to providing drug identification codes linked to specific products, the NDC 

Directory provides information about the active ingredient in each drug.  A 

comprehensive list of NSAIDs was compiled by isolating all drugs in the NDC Directory 

with active ingredients identified as NSAIDs by the FDA’s Center for Drug Evaluation 

and Research (see Appendix A).  This required merging several data sets, across which 

NDC codes are not uniformly defined.   

Medicaid enrollment and managed care enrollment is published annually by the 

Centers for Medicare and Medicaid Services (CMS) and are republished by the National 

Pharmaceutical Council in their annual Pharmaceutical Benefits Under State Medical 

Assistance Programs, available at http://www.npcnow.org/resources/PharmBenefits 

Medicaid.asp.  Enrollment is measured at a point in time, in this case July 1 of each 

calendar year.  See http://www.cms.hhs.gov/MedicareEnrpts/ for more information. 

Among the CMS data of interest are Medicaid enrollments, Dual Eligible Enrollments 

and Managed Care penetration rates (defined as the percentage of enrollees in managed 

care).    
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Analysis Plan 

The drug class to be examined is Non-Steroidal Anti-inflammatory Drugs 

(NSAIDs), a common class of painkillers reimbursed in significant numbers by all 

Medicaid programs.  NSAIDs include common, over-the-counter drugs such as aspirin 

and acetaminophen, as well as prescription level painkillers and, in the period being 

studied, a new kind of drug called a COX-2 inhibitor.   Because Medicaid programs 

reimburse for all of these drugs, studying NSAID drugs should allow us to capture both 

substitution of drugs as well as overall usage.  In 2000, the first year to be examined, 11 

states had prior authorization restrictions upon certain NSAIDs, while by 2004 29 states 

had implemented PDL prior authorization around this class.  A comparison of total 

NSAID usage in the two years should reveal the effect of PA on state Medicaid 

programs’ change in total drug usage. 

 The study will be conducted using a first-differencing model with a panel data set 

consisting of fifty observations in each of two years.  First differencing is a model used 

frequently in analyzing panel data.  Mark and Evans (1998), for instance, use first 

differencing to compare the effect of physician integration on hospital financial 

performance over a period of several years.  Using this model will set up a natural 

experiment, where states not adopting a PA between 2000 and 2004 are the control group 

and those that do will be the experimental group.  The dependent variable is use of all 

pharmaceuticals, including generic and over-the-counter products, within the NSAID 

drug class (see Appendix B) by Medicaid beneficiaries.  Total usage will be the 



   
 
 
 

14

summation of the number of prescriptions reimbursed for each individual drug in the 

class during the year.   

The primary independent variable is the implementation of a PA restriction for 

Medicaid prescription drugs.  This variable will be populated from Pharmaceutical 

Benefits, which collects information from state Medicaid programs via survey.  The 

variable as defined by Pharmaceutical Benefits has four values: Covered, Covered PA 

Required, Partially Covered PA required, or N/A.  As state coverage of all drugs is not of 

interest, the variables defined for the model are: Prior Authorization Required (including 

Partially Covered PA Required) = 1 and Prior Authorization Not Required = 0. 

A number of other variables informing the size of the Medicaid population 

eligible to receive drugs through Medicaid will also be drawn from publications available 

from the Centers for Medicaid and Medicare Services (CMS).  Total Medicaid 

enrollment will be input both as a numeric and as a logarithmic variable; CMS measures 

Medicaid enrollment as all those individuals who were on Medicaid at least one month 

during the year.  Similarly, CMS publishes in its Medicaid Statistical Information 

Statistics (MSIS) reports the number of state Medicaid patients enrolled in managed care 

and those that are dually eligible for Medicaid.  Dividing these numbers by the total 

Medicaid population will provide managed care and dual eligible percentages for each 

state Medicaid program.   

A total of four regressions are performed.  Two Ordinary Least Squares equations, 

one each for  2000 and 2004, will be derived first.  These equations look at dependent 

variable NSAID utilization, with independent variables PA (binary: yes or no), Medicaid 
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enrollment (per thousand enrollees), Medicaid managed care enrollment (as a percentage 

of total enrollment) and Medicaid dual-eligible enrollment (as a percentage of total 

enrollment).  There are fifty observations (49 states, excepting Arizona, and the District 

of Columbia) for each OLS model.  Each of these two regressions will create an estimate 

for the effect of PA on NSAID utilization in a specific year, but with assumed significant 

omitted variable bias; these regressions are intended primarily to demonstrate the 

interpretive power of the model and for comparison.   

 

UtilizationYear2000 = β0 + β1PA2000 + β2Enrollment2000 + β3ManagedCare2000 + β4DualEligible2000  +  u2000 

UtilizationYear2004 = β0 + β1PA2004 + β2Enrollment2004 + β3ManagedCare2004 + β4DualEligible2004 + a1 +  u2004 

There are many other variables expected to influence drug utilization, many of 

which are endemic to states, such as a historical prevalence for prescribing drugs.   

With data available for very few of these factors, omitted variable bias is a major 

theoretical concern.  The fixed effects model is preferable to OLS because it allows us to 

isolate the effect of a few variables on the change in drug utilization between two periods.  

This eliminates the bias of any omitted state-level variables that are assumed to remain 

constant between those two periods.  Two fixed effects models are derived.  The first is 

created by subtracting the year 2000 observation for each independent variable from the 

year 2004 variable.  The results are then regressed on the difference in the dependent 

variable observation.  This process is repeated a second time, with both the dependent 

variable, NSAID utilization, and Medicaid enrollment in log form. 

 

Figure 2:  OLS Models for Years 2000 and 2004 
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Model 1:  Utilization2004 - Utilization2000  = β0 + β1(PA2004 - PA2000) + β2(Enrollment2004 - Enrollment2000)  +  
β3(ManagedCare2004 – ManagedCare2000)  + β4(DualEligible2004 - DualEligible2000) +  udifference  

 

Model 2:  ln(Utilization2004 - Utilization2000) = β0 + β1(PA2004 - PA2000) + β2ln(Enrollment2004 - Enrollment2000)  +  
β3(ManagedCare2004 – ManagedCare2000)  + β4(DualEligible2004 - DualEligible2000) +  udifference  

 

Figure 3:  Fixed Effects Models 
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RESULTS 

Both descriptive statistics and the results of regression analysis are presented 

below.  Descriptive statistics includes discussion of NSAID utilization, Medicaid 

enrollment, Managed Care and Dual-Eligible populations in Medicaid, and the use of 

branded drugs (as opposed to generics) in the Medicaid program. 

 
Descriptive Statistics 
 

NSAID Prior Authorization Requirements and Utilization 

 The evaluation of prior authorization’s connection with Medicaid drug utilization 

began with an analysis of NSAID utilization by state and a comparison of the growth 

rates in NSAIDs between 2000 and 2004.  As seen in Table 1 the number of states 

requiring prior authorization for NSAIDs increased from 11 to 29 during this period.  

This increase coincided with a marked increase in drug utilization overall, and NSAID  

utilization in particular.  Different states have very different levels of NSAID usage; 

based on an analysis of the Medicaid drug utilization data, Tennessee, Kentucky and 

Illinois have the highest utilization rates, with more than one NSAID prescription for 

every two Medicaid enrollees, while New Mexico, Oregon and the District of Columbia 

have the lowest average, roughly one NSAID prescription for every ten Medicaid 

enrollees.  In general, ten state Medicaid programs drive over half of total Medicaid 

NSAID use.  Despite these variations, states with PA requirements had lower per capita 

NSAID utilization than did non-PA states in both time periods studied, as demonstrated 

by NSAID utilization per enrollee in Table 1. 
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Table 1:  Medicaid Program Characteristics and NSAID Use, 2000 and 2004
2000 2004

Number of States (N)1 50 50

States with Prior Authorization (% of Total) 11 (22%) 29 (58%)

Avg. Medicaid Enrollment 840,922         1,128,354               

352,120 (42%) 511,132 (45%)

230,772 (27%) 264,828 (23%)2

0.27 0.32

PA States (avg.) 0.23 0.31

Non-PA States (avg.) 0.29 0.34

8.6% 2.6%

PA States (avg.) 6.0% 2.0%

Non-PA States (avg.) 9.3% 3.3%

1Includes the District of Columbia, excludes Arizona
2Dual eligible information from 2003

Source:  Author's Analysis of Data from the Centers for Medicare and Medicaid Services (CMS) MSIS Statistical 
Report for federal f iscal years 2000 and 2004 and the National Pharmaceutical Council (NPC) Pharmaceutical 
Benefits Under State Medical Assistance Programs (2001 and 2005). Available online at 
http://w w w .cms.hhs.gov/MSIS/ and http://w w w .npcnow .org/resources/PharmBenefitsMedicaid.asp. Accessed 
March 20, 2007.

Avg. Managed Care Utilization (% of Total Enrollment)

Avg. Dual Eligible Population (% of Total Enrollment)

NSAID Prescriptions per Medicaid Enrollee

Branded (Non-generic) NSAIDs as % of Total Utilization
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Figure 4:  Percent Change in NSAID Utilization Between 
2000 and 2004 
 

Source:  Author’s analysis of data from CMS (2000 and 2004) and 
the National Pharmaceutical Council (2000 and 2004) 
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  Between 2000 

and 2004 the difference 

in NSAID utilization 

between PA and non-

PA states narrows, 

owing both to the 

increase in states with 

PA and the variation in 

NSAID utilization 

growth rates between 

groups.  Figure 2 shows 

the increase in NSAID use for each of four categories.  The greatest increase in NSAID 

utilization – better than 50% on average – occurs in the group of states that, between 

2000 and 2004, adopt PA for the first time.  The smallest increase – 18.6% on average – 

was experienced by states that had PA in both 2000 and 2004.  The 19 states which did 

not adopt PA, as well as the two states that dropped PA between 2000 and 2004, saw 

NSAID utilization increase in the middle range, between 20% and 28%.  Thus, on 

average non-PA states experienced a smaller rate of increase in NSAID utilization than 

did PA adopting states. 
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Medicaid Enrollment 

 Medicaid enrollment is anticipated to drive a significant portion of program drug 

utilization.  A connection between NSAID utilization and PA might be significantly 

influenced by the characteristics of states adopting PA.  All states must cover certain 

populations – children under 133% of poverty, for instance – as a covenant of their 

Medicaid funds (NPC, 2005).  Many states, however, choose to exceed these limitations 

and make additional populations eligible for coverage under Medicaid.  This, in 

combination with the state’s income demographics, can dramatically increase the 

proportion of state residents eligible for Medicaid.  Iowa and Mississippi, for instance, 

each have roughly three million inhabitants, but Mississippi has nearly twice as many 

Medicaid enrollees.   

 

Capitated Reimbursement 

 With a large part of drug utilization driven by enrollment, the characteristics of a 

state’s Medicaid population may have a significant impact upon the number of NSAIDs 

prescribed.  One of the major trends affecting Medicaid enrollees during the period of 

interest was Medicaid managed care, or captitated reimbursement.  Though Medicaid 

only began adopting capitated enrollment in earnest in the early 1990s, by 2000 a 

significant portion of the nation’s Medicaid enrollees were covered in a managed care 

scheme (Table 1).  From 2000 to 2004, managed care enrollment rose by better than 2/3, 

and the total percentage enrolled in managed care rose from 41.8% to 45.3%.  Capitated 
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Source: Centers for Medicare and Medicaid Services (CMS) MSIS statistical report for federal fiscal 
year 2004. Available online at http://www.cms.hhs.gov/MSIS/. Accessed March 20, 2007. 

enrollment utilization is notable for its uneven utilization by states.  Where many states 

moved quickly to enroll the majority, or entirety, of their Medicaid population in 

managed care, other states maintain the vast majority of their enrollment in the traditional 

fee-for-service model.   

 

 

Dual-Eligibles 

 A second characteristic of a state’ Medicaid population, potentially significant for 

understanding drug utilization, is the percent of enrollees who are dual-eligibles.  Dual-

eligibles are those enrollees who qualify for Medicaid despite the fact that they also 

qualify for health insurance benefits under Medicare.  The majority of these enrollees are 
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Fig 4.  Percent of Medicaid Enrollees Eligible for Medicare 2002-Figure 3.  Percent of Medicaid Enrollees Eligible for Medicare, 2002 
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elderly, and thus this group is potentially a high user of prescription drugs.  Prior to 2006, 

Medicare had no drug insurance benefit, and many dual-eligibles are theorized to have 

participated in Medicaid to gain access to needed prescription drugs.  The preponderance 

of dual-eligibles seem concentrated in the older manufacturing base of the upper-

Midwest and in the sun-belt states of the South (Fig. 4).  This distribution corresponds 

strongly with US demographic trends, as many older Americans have moved to the 

Southeast in recent years. 

 

Brand v. Generic Drug Utilization 

A final characteristic of interest is the state’s utilization of brand-name 

prescription drugs, as opposed to generic drugs.  Brand name drugs are typically much 

more expensive than their generic counterparts, and higher utilization of generics is often 

a key policy goal of prior authorization and preferred drug lists.  As seen in Table 1, 

brand-name drug utilization decreased in both PA and non-PA states over the study 

period.  Additionally, generic drugs appear to constitute the vast majority of prescriptions 

in both PA and non-PA states.  This variable was not investigated further. 

 

Regression Analysis 

Two models, each with two separate regressions, were estimated.  First, OLS 

models for each year (2000 and 2004) were run, with coefficients estimated for each 

independent variable and the observations for NSAID utilization and Medicaid 

enrollment left in integer form.  This allowed for a comparison between the two years, 
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and a general investigation of the significance of the variables and the appropriateness of 

the independent variables selected.  These models are expected to contain significant 

omitted variable bias, however, and were conducted primarily as a comparison to the 

third and fourth regression, both of which were fixed effects models.  For the fixed 

effects models, each observation’s year 2000 value was subtracted from the year 2004   

value, with the differences regressed against the difference in the dependent variable.  

The coefficient estimated for the difference in each variable estimates the effect of the 

dependent variables while also controlling for time.  The process was carried out twice, 

once with NSAID utilization and Medicaid enrollment in nominal form, and a second 

time with NSAID utilization and Medicaid enrollment in logarithmic form. 

The first two OLS regressions, for 2000 and 2004, are displayed in Table 2.  

These regressions were run to determine the appropriateness of the variables selected and 

estimate the explanatory effect of the model.  In these models, only enrollment in 

Medicaid and the managed care rate (in 2000) drive drug utilization at any level of 

significance.  For each additional 1000 enrollees in Medicaid there are estimated to be an 

additional 243 NSAID prescriptions in 2000.  None of the other variables has any 

significance, including the variable of interest, the PA dummy variable.  The effect of 

dual-eligibles, which approaches significance in 2004, may be to increase utilization 

dramatically.  The variables do have a high level of explanatory power; both the 2000 and 

2004 models display high R2 and adjusted R2, .80 and .79 in 2000.  These are likely a 

result of the high correlation between drug usage and enrollment.  
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Table 2:  Results of OLS Regression on Number of NSAID Prescriptions

Estimate Std Error p Value Estimate Std Error p Value
Intercept 45383 135161 .74 -116616 167753 .49

 
Prior Authorization -34063 56809 .55 -35371 77183 .65

Medicaid Enrollment (X1000) 243 18.9 <.01** 254 22.6 <.01**

% Enrolled in Managed Care -264388 108662 .02* 7330 186625 .97

% Dual-Eligibles 363975 40542 .37 848274 561530 .14

     N  50 50

     R2 .80 .74

     Adjusted R2 .79 .72

* Signif icant to the .10 level    ** Signif icant to the .01 level

Note:Regressions performed using Ordinary Least Squares method on SAS 9.1

Source:  Author's analysis of data from CMS (2000, 2003 and 2004) and FDA (2006)

2000 2004
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 The second set of regressions is the fixed effects models, displayed in Table 3.  

Change in Medicaid enrollment continues to explain a significant part of the change in 

total drug utilization.  As in the first set of regressions, change in managed care 

utilization also appears to hold down NSAID prescriptions significantly, but only in the 

first fixed effects model; in the second model, which was posited to be a more 

appropriate functional form, none of the variables is significant.  The variable of interest 

– PA – approaches significance (p = .28) but cannot be said to affect NSAID prescription 

rates. Despite the selection of the fixed effects model, these regressions appear to be 

unsuitable for explaining the change in drug utilization between 2000 and 2004.
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Table 3:  Results of Fixed Effects Model on Number of NSAID Prescriptions

Estimate Std Error p Value Estimate Std Error p Value
Intercept -61751 48348 .20 -.42 .11 <.01**

 

Prior Authorization 54390 50667 .28 .10 .10 .27

Medicaid Enrollment (X1000) 238 55.1 <.01** .11 .33 .74

% Enrolled in Managed Care 61978 182910 .74 -.47 .36 .20

% Dual-Eligibles 495294 665874 .46 -.52 1.52 .73

     N  50 50

     R2 .30 .08

     Adjusted R2 .24 <.01

* Signif icant to the .10 level    ** Signif icant to the .01 level
Note:Regressions performed using Ordinary Least Squares method on SAS 9.1
Source:  Author's analysis of data from CMS (2000, 2003 and 2004) and FDA (2006)

Model 1
NSAID Prescriptions and 

Medicaid Enrollment as Integer 
Variables

Model 2
NSAID Prescriptions and 
Medicaid Enrollment as 
Logarithmic Variables
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Policy Implications 

 
 The primary aim of this study was to determine whether the implementation of 

PA affects the overall usage of non-steroidal anti-inflammatory drugs (NSAIDs) over 

time.  As demonstrated by the fixed effects models used, however, PA was not found to 

be a significant determinant of change in drug use.  Prior authorization cannot, with any 

certainty, be said to influence overall NSAID utilization in state Medicaid programs.  

States which adopted PA between 2000 and 2004, in fact, had the largest percentage 

increase in NSAID prescriptions.  PA would appear to have been a reaction to higher 

drug utilization, and a selection bias of states with historically high drug use may be at 

work.  It is also possible that not enough time elapsed before 2004 for the results of PA 

implementation to be recognized.   

Omitted variable bias was a major theoretical concern for this study.  The fixed 

effects model was chosen in an effort to estimate the effects of PA without considering 

all Medicaid policy changes that occurred between 2000 and 2004.  In comparing the 

drug utilization data, all effects that remained constant should have been rendered neutral 

by this approach.  It would appear, however, that important variables not remaining 

constant, potentially including other state policies affecting prescription drug utilization, 

were omitted from the study.  Thus, in addition to accounting for the length of time PA 

rules had been in place and extending the survey time-period, future research might well 

include additional variables relating to state Medicaid drug use.  Some other limitations 

of this analysis, to be considered for future research, were the small sample size and the 

potential endogeneity of the states selecting PA, with states having historically high drug 
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use more likely to adopt PA.  Finally, this analysis looked only at a single drug class 

(NSAIDs); other drug classes that might be investigated include hypertension 

medications and selective serotonin reuptake inhibitors (SSRIs), a group of anti-

depressants.   

There is also significant research remaining to be done in the area of health 

impacts of PA policies.  As demonstrated by the research literature, prior authorization is 

one of the few tools to have proven effective in containing Medicaid drug costs, and its 

growth has been rapid.  As PA and PDLs proliferate there has been little pause for study 

into the medical and health effects of these policies.  A failure to change overall 

prescription rates, while simultaneously increasing the generic utilization of patients on 

Medicaid and lowering costs, is a positive finding for states with PA policies.  It implies 

that the impact of PA on failure-to-prescribe or failure-to-adhere type medication errors is 

limited.  There is little understanding, however, of how PDL drug preferences conform 

with evidence-based findings.   Another important area of research will be the long term 

health effects, and system-wide cost-effects, created by PA-induced drug switching.  

Finally, it remains to be seen if restrictive medication policies in the nation’s social 

safety-net health programs are contributing to a widening national health disparity.  As 

prior authorization and preferred drug lists are likely to continue to grow and affect larger 

groups of publicly-insured patients, additional research in these and other areas should be 

a national priority. 
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Appendix A:  State Medicaid Program Characteristics, 2000 and 2004 
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AL Yes 140,830 619,480    325,059    263,332    No 283,888 925,028 439,832    302,135    
AK No 24,553 96,432      -               16,867      Yes 49,519 128,838 -               19,834      
AZ N/A N/A 681,258    442,254    127,912    N/A N/A 1,101,200 806,193    180,477    

AR Yes 106,216 489,325    222,261    154,989    Yes 94,081 674,759 386,395    172,814    
CA Yes 1,542,651 7,918,151 2,525,406 1,517,640 Yes 2,136,982 11,278,372 3,258,787 1,741,756 

CO No 55,020 381,018    254,232    111,326    Yes 128,944 476,784 369,270    114,763    
CT No 85,916 419,968    229,995    112,157    Yes 130,905 533,685 303,404    125,139    
DE No 30,766 115,267    75,535      24,997      No 51,818 230,582 99,598      30,034      
DC N/A 20,792 138,677    78,864      40,494      Yes 29,222 255,002 88,452      40,326      
FL No 529,324 2,372,585 1,016,641 686,307    Yes 974,708 3,006,073 1,450,117 799,702    

GA Yes 435,105 1,369,006 806,009    334,693    Yes 638,051 1,939,549 1,273,133 412,403    
HI No 29,119 194,376    121,581    38,785      Yes 32,783 200,106 145,580    45,410      
ID No 35,711 131,077    32,338      35,456      No 54,608 231,270 131,693    41,554      
IL N/A 535,324 1,519,313 137,622    408,302    Yes 1,082,514 1,953,984 158,869    639,746    
IN N/A 126,163 706,476    376,066    182,976    N/A 269,512 1,034,840 509,732    213,113    
IA Yes 47,030 313,648    182,251    96,518      Yes 142,064 388,738 262,487    104,459    

KS No 88,821 262,557    108,093    79,518      No 98,673 308,567 153,395    85,495      
KY Yes 382,930 763,587    464,191    270,865    Yes 455,681 877,563 625,807    292,810    
LA No 302,160 761,252    48,802      272,197    Yes 478,222 1,045,831 723,837    293,262    
ME No 79,547 193,582    57,151      72,965      Yes 133,147 372,421 154,785    173,880    
MD No 34,823 625,863    385,687    176,833    No 130,750 771,312 469,998    190,531    
MA No 362,397 1,059,612 583,324    337,872    Yes 388,571 1,078,821 581,520    372,992    

MI No 228,320 1,351,852 1,063,557 383,540    No 391,714 1,539,155 1,255,067 407,323    
MN No 95,572 558,089    291,365    147,561    Yes 115,889 672,488 361,381    171,903    
MS Yes 157,514 605,078    218,431    221,703    Yes 288,250 870,561 73,445      242,038    

MO No 430,710 890,338    304,499    237,117    No 516,125 1,221,614 432,339    268,047    
MT Yes 25,978 104,354    42,312      27,300      Yes 30,213 106,619 58,030      28,092      
NE No 83,614 229,379    140,199    52,070      Yes 108,216 286,238 149,405    53,905      
NV No 21,565 138,076    37,945      45,720      No 43,036 275,728 89,846      56,219      
NH No 21,172 96,935      4,432        26,821      Yes 49,795 112,062 -               31,807      
NJ No 234,198 821,579    371,641    270,940    No 356,473 1,071,803 541,820    294,537    

NM No 29,181 375,585    199,297    71,176      No 72,963 1,150,078 273,018    80,744      
NY No 1,430,944 3,419,983 691,422    1,060,886 No 2,195,125 4,469,771 2,341,733 1,102,580 
NC No 392,279 1,214,174 598,852    395,345    Yes 613,520 1,502,884 788,943    423,163    
ND No 16,841 63,165      23,962      19,020      No 21,958 76,759 33,065      20,111      
OH No 751,414 1,304,886 239,460    408,825    No 706,426 2,012,556 507,337    468,737    
OK Yes 106,166 507,060    279,205    136,937    Yes 150,736 778,132 354,110    149,526    
OR No 63,146 557,809    312,064    103,280    No 78,462 683,258 345,410    122,623    
PA No 119,250 1,492,352 975,211    596,301    No 271,292 1,709,355 1,265,891 626,141    
RI N/A 41,410 178,859    104,041    52,678      Yes 64,359 226,581 124,921    61,659      

SC No 163,683 689,159    32,149      193,989    No 273,697 942,482 69,791      268,061    
SD No 15,532 102,039    67,835      25,840      No 28,720 141,898 95,577      27,143      
TN N/A 172,976 1,568,318 1,323,319 407,946    Yes 1,292,364 1,881,071 1,345,131 424,739    
TX No 1,243,188 2,633,498 606,238    706,663    No 1,622,144 3,292,193 1,150,773 819,872    
UT No 68,614 224,732    119,200    36,913      Yes 108,102 322,698 167,338    42,889      
VT No 7,185 139,351    55,605      36,825      Yes 14,994 170,309 86,263      39,206      
VA No 174,061 626,996    280,978    226,933    No 196,355 699,471 398,871    234,655    
WA Yes 173,438 895,567    800,481    190,714    Yes 279,201 1,185,735 834,883    233,819    
WV Yes 126,112 342,189    90,631      116,383    No 163,133 376,790 156,468    126,393    

WI No 128,787 576,636    210,423    193,814    Yes 269,263 883,002 374,003    273,523    
WY No 10,385 46,451      -              13,120    Yes 14,357 71,459 -               14,121     

Sources:  Centers for Medicare and Medicaid Services MSIS Tables, National Pharmaceutical Council Prescription 
Drug Benefits in State Medical Assistance Programs

2000 2004



   
 
 
 

32

 
 
 

Appendix B:  Common Non-Steroidal Anti-Inflammatory Drugs 
 
Chemical Name Common Brand/Drug Name
Celecoxib  Celebrex
Diclofenac  Cataflam, Voltaren, Arthrotec (combination 

with misoprostol)
Diflunisal Dolobid
Etodolac Lodine, Lodine XL
Fenoprofen Nalfon, Nalfon 200
Flurbiprofen Ansaid
Ibuprofen

Motrin, Motrin IB, Motrin Migraine Pain, Advil, 
Advil Migraine Liqui-gels, Ibu-Tab 200, 
Medipren, Cap-Profen, Tab-Profen, Profen, 
Ibuprohm, Children's Elixsure *, Vicoprofen 
(combination with hydrocodone), Combunox 
(combination with oxycodone)

Indomethacin Indocin, Indocin SR, Indo-Lemmon, 
Indomethegan

Ketoprofen Oruvail, Orudis, Actron
Ketorolac Toradol
Mefenamic Acid Ponstel
Meloxicam Mobic
Nabumetone Relafen
Naproxen Aleve, Naprosyn, Anaprox, Anaprox DS, EC-

Naproxyn, Naprelan, Naprapac (copackaged 
with lansoprazole)

Oxaprozin Daypro
Piroxicam Feldene
Rofecoxib Vioxx
Salsalate Disalcid
Sulindac Clinoril
Tolmetin Tolectin, Tolectin DS, Tolectin 600
Valdecoxib Bextra
Source:  FDA, COX-2 Selective and Non-Selective Non-Steroidal Anti-Inflammatory Drugs (NSAIDs)  

 

 

 

 


