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Introduction 
It is estimated that the average pre-tax total pre-approval cost for the development of a 

new drug is US$802 million (2000 dollars). Unfortunately, the health benefits of 

pharmaceutical innovations are not as well understood.  

  

My dissertation addresses this gap in understanding by estimating the access effects, 

diffusion process, and health effects of new drugs.  In doing so, I will answer the often 

hotly-debated question of whether the costs of pharmaceutical innovation are “worth it” 

from a societal perspective. 

  

The dissertation is divided into three papers.  The first paper considers the magnitude of 

access effects, defined as increases in the number of prescriptions and number of people 

on medications at drug class level due to new drug approvals. To estimate these effects, I 

employ econometrics models by merging drug approval datasets and a drug consumption 

dataset. 

 

The second paper studies drug diffusion patterns among patient subgroups over time 

through a combination of observational and clinical study. Using real-world drug use and 

clinical effects data, I investigate the value of pharmaceutical innovations by looking at 

how new drugs are diffused to different patient subgroups after drug launches and how 

that diffusion pattern affects drug-taker composition and, consequently, the average 

effectiveness of new drugs over time. 

 

The third paper examines the health effects of new drugs from a strictly empirical point 

of view by combining claims data and clinical literature to analyze access effects and 

clinical effects. We begin by specifying a simple conceptual framework for quantifying 

the benefits of new drugs and then turn to an evaluation of clinical and access effects. 
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Abstract 
This paper investigates the access effects of new drugs. In particular, we estimate the 

increase in the number of prescriptions and the number of people taking medications at 

various drug class levels due to a single new drug approval, by merging various 

prescription drug related datasets. After employing a Difference-in-Difference model to 

adjust for general time trend and drug class-specific characteristics, we find the existence 

of access effects of new drugs both in an increase in the number of prescriptions and the 

number of people taking medications in existing drug classes, and in the creation of new 

drug classes so as to increase the number of prescriptions and the number of people 

taking medications in more aggregated drug class levels. We also find that more creative 

drugs (e.g., new chemical entities (NCEs)) have larger and more significant access 

effects, whereas less creative drugs (e.g., generic drugs, non-NCEs) have no significant 

effects.   
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1.1. Introduction  
It is estimated that the average pre-tax total pre-approval cost for the development of a 

new drug is US$802 million (2000 dollars). Given the significant financial investment 

and upfront cost involved, there are debates as to whether pharmaceutical innovations are 

cost-effective. 

The past decade has seen much research devoted to that question, often with controversial 

results. For example, Litchtenberg (2003) relates trends in drug launches by disease to 

trends in disease-specific mortality in 52 countries from 1982 to 2001; he also estimates 

that the launches of new chemical entities (NCEs) accounted for 0.8 years (40%) of the 

1986-2000 increase in longevity, and that the average annual increase in life expectancy 

of the entire population resulting from NCE launches is .056 years, or 2.93 weeks. Cutler 

and McClellan (2001) estimates the costs and benefits of medical technological changes 

for five medical conditions; the study concludes that for heart attacks, low-birth-weight 

infants, depression, and cataracts, the benefits of medical technology changes are much 

greater than the costs, whereas for breast cancer, the costs and benefits are of about equal 

magnitude. Long et al. (2006) quantifies the impact in the U.S. of antihypertensive 

therapy on blood pressure and on the risk and number of heart attacks, strokes, and deaths; 

the study shows that a lack of antihypertensive therapy would have resulted in 86,000 

excess premature deaths from cardiovascular disease in 2001 and 833,000 hospital 

discharges for stroke and heart attacks in 2002. On the other hand, some argue that few 

new drugs are innovative and that the great majority of them are variations of existing 

drugs—or ‘me-too’ drugs.  
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To appreciate the value of pharmaceutical innovation, it is important to understand the 

mechanisms through which new drugs have impact on medical system. The chain of 

events is as follows. Once a new drug is available to patients, treated patients might 

switch from an old drug to this new one and benefit from advantages in the clinical 

effects of the new drug; this is called the ‘substituting effect’. Untreated patients might 

derive treatment from this drug due to its possible fewer side effects, better safety 

portfolios, more patient subgroups, more competition to give a greater number of patients 

access to treatments, or more advertising effort from pharmaceutical companies; this is 

called the ‘access expansion effect’ (access effect). The access effect is a major factor in 

estimating the value of pharmaceutical innovation (Michaud et al.), but it has not been 

studied yet with rigorous empirical analyses.  

The aim of this paper is to estimate the access effects of new drugs approved in the U.S. 

from 1996 to 2005 using national representative drug use data. I will model and estimate 

the magnitude of access effects in terms of increases in the number of prescriptions and 

the number of people using medications as the result of a single new drug approval. I will 

then investigate whether the access effects are different for different new drug subgroups, 

such as generic drugs, brand-name drugs, NCEs, and priority-review drugs. 

To obtain drug approval information, I use the Orange Book database, the drugs@FDA 

(Food and Drug Administration) database, the NDC (National Drug Code) directory 

database, and the Redbook database. The Medical Expenditure Panel Survey (MEPS) 

dataset is used to derive national representative prescription and patient information 
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before and after drug approvals. I generate an analytic dataset that combines both drug 

approval and drug use information. 

Our estimate results indicate that there do indeed exist access effects for new drugs. After 

drug approval, the number of prescriptions and the number of people using medications 

increase significantly. Among all new drug subgroups, NCE drugs have the largest access 

effects. Generic drugs, brand name drugs in general, and priority review drugs do not 

show significant access effects. 

The paper is organized as follows: Section 2 will present data issues and econometrics 

models; Section 3 will analyze the results; and Section 4 will offer conclusions and 

discuss future research plans. 

1.2. Data Issues and Econometrics Models 
(1) Definitions of ‘New Drug’ and ‘Drug Class Level’ 

In estimating the increase in the number of prescriptions as a result of new drug approval, 

I conducted drug class-level analysis and investigated how the drug class-level total 

number of prescriptions changed as the result of a single new drug approval. 

For decades, the regulation and control of new drugs in the United States has been based 

on the New Drug Application (NDA). Since 1938, every new drug has been the subject 

of an approved NDA before U.S. commercialization.  The NDA application is the vehicle 

through which drug sponsors formally propose that the FDA approve a new 
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pharmaceutical for sale and marketing in the U.S. In this paper, a ‘new drug’ is defined as 

an NDA number assigned by the FDA1.  

In this analysis, I use the definition of ‘drug class level’ first published in 1976 by the 

Anatomical Therapeutic Chemical Classification System (ATC), which is controlled by 

the WHO (World Health Organization) Collaborating Centre for Drug Statistics 

Methodology. The classification system divides drugs into different groups according to 

the organ or system on which they act and/or their therapeutic and chemical 

characteristics, with five levels in total2. We examine the access effects of new drugs at 

the 4th level, the chemical subgroup level. This class, the most specific other than the 

substance level class, is chosen so as to enable us to best detect the access effects of one 

new drug.  

(2) Data Sources 

Because there is no single database that includes all the information we need for this 

analysis, I have to synthesize information from the various data sources listed above. The 

complicated synthesizing process is so important that I discuss it in detail below. Table 

1.1 presents the names of datasets and the information available in each dataset. 

[INSERT TABLE 1.1 HERE] 

(3) Generating Analytical Datasets 

My analytic dataset includes the number of prescriptions and the number of drugs in each 

drug class over time. My dataset compares the differences in access effects between 

                                                 
1 Each generic drug application is also assigned a unique number, called ANDA. In this paper, we use NDA 
to refer to both NDA and ANDA. 
2 Appendix A describes ATC class codes in more detail. 
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generic and brand names drugs; between NCEs and other innovation types such as new 

formulation drugs, new combination drugs, etc.; and between priority review drugs and 

standard review drugs. All those innovation characteristics (brand-name drug, generic 

drugs, NCE drugs, priority-review drugs, etc) should be included as well. For details of 

how I generate my analytic dataset, please refer to Figure 1.1. 

[INSERT FIGURE 1.1 HERE] 

First, we assign drugs to their respective drug classes and calculate the number of drugs 

in each drug class by year. Second, we calculate the number of prescriptions in each drug 

class by year. Finally, we combine these two datasets together. 

a. Assigning Drugs to Drug Classes 

Because no single dataset maps NDAs to ATC drug classes, we need to generate one with 

NDC as an intermediate. 

Drug products are marked by a unique, three-segment NDC number that indicates the 

labeler, product, and trade package size. The first segment, the labeler code, identifies the 

firm that manufactures or distributes the drug. The second segment, the product code, 

identifies a specific strength, dosage form, and formulation for a particular firm. The third 

segment, the package code, identifies package sizes and types.   

Three steps are required in generating the mapping from NDAs to ATC drug classes: 

Step1: Mapping NDAs to NDCs 
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Among the sites consulted for my research, the Orange Book dataset includes NDA 

number and new drug approval date, the Drugs@FDA dataset contains innovation 

characteristics (NCE, brand name drug, priority-review drug, etc), and the NDC directory 

dataset has NDA and NDC information. We first merge the Orange Book dataset and the 

Drugs@FDA dataset by the NDA to get a dataset with NDA numbers, new drug approval 

dates, and innovation characteristics. Then we merge this dataset with the NDC directory 

dataset by the NDA. The outcome is a dataset that includes NDA numbers with 

corresponding NDCs, new drug approval dates, and innovation characteristics (e.g., 

NCEs, priority review, etc).  

Step2: Mapping NDCs to ATC Drug Classes  

In producing a crosswalk dataset mapping NDCs to ATC drug classes, we first take the 

dataset generated in Step 1 and merge it with the crosswalk dataset by the NDC, giving 

us a dataset mapping NDA numbers to ATC drug classes. But the crosswalk dataset does 

not include all NDCs, meaning that not all the NDA numbers from the dataset generated 

in Step 1 are mapped to ATC drug classes. To solve this problem, we use the drug’s 

generic name as an intermediate, assuming that NDC numbers sharing the same generic 

name belong to the same drug class. The Redbook dataset includes both the generic name 

and the NDC number, which help us identify and compare specific drug products with 

their common generic ingredients. We then merge the Redbook dataset with the 

crosswalk dataset by NDC. Those NDCs in Redbook unmerged with the crosswalk 

dataset are assigned the same ATC as corresponding merged ones if they share generic 
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names. By doing this, we manage to expand the pool of NDC numbers assigned with 

ATC drug classes.  

Step 3: Calculating the Number of Drugs over Time by Drug Class  

Here we merge the datasets generated from Step 1 and Step 2 by NDC, mapping each 

NDA to at least one ATC drug class. Then we collapse the dataset by new drug approval 

year and ATC drug class. The outcome is a dataset with the number of drugs—all drugs, 

generic drugs, brand name drugs, NCE drugs, and priority-review drugs—in each ATC 

drug class and in each year from 1996 to 2005. 

b. Calculating the Number of Prescriptions and the Number of People Using 

Medications by Drug Class over Time 

As previously mentioned, the MEPS provides national representative drug use data, and 

each drug obtained by patients from 1996 to 2005 is marked by an NDC code. To 

calculate the number of prescriptions and the number of people using medications by 

drug class over time, we first need to map these NDC numbers in MEPS to ATC classes 

as well. We begin by merging MEPS data with the crosswalk dataset by NDC. We again 

face the problem of incomplete NDCs in the crosswalk dataset, again take the generic 

names as an intermediate, and again assign unmerged MEPS NDC the same ATC as 

corresponding merged ones if they share generic names. By this, we manage to map NDC 

numbers in MEPS to ATC classes. We then collapse this dataset by ATC drug class and 

year, giving us a dataset that includes the number of total prescriptions and the number of 

people using medications by ATC class and year.  
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c. Combining the Two Datasets Together 

Finally, we merge the two datasets together to get the final analytic dataset. This dataset 

includes each drug’s NDA, new drug approval dates, innovation characteristics, 

corresponding ATC classes, and annual number of prescriptions in corresponding ATC 

classes from Jan 1996 to Dec 2005. 

d.  Econometrics Models 

I conduct two separate sets of analyses. The first uses the log number of prescriptions as 

the dependent variable, while the second uses the log number of people using 

medications as the dependent variable. For each, the unit of analysis is drug class-year. 

The key independent variables are total numbers of drugs, numbers of generic drugs, 

numbers of brand name drugs, numbers of NCE drugs, and numbers of priority-review 

drugs in each drug class, in each year.  

There might be time trends in dependent variable correlated with the key independent 

variables; for example, the greater the expected number of people taking medications are, 

the more likely new drugs become available to patients. Moreover, drug classes are 

highly heterogeneous: Some classes undergo very active innovations, whereas others do 

not. These class-specific characteristics correlated with key independent variables should 

also be modeled. 

In order to address these concerns, I employ a difference-in-difference model, in which 

all time-fixed effects are common to all classes, and all class-fixed effects common to all 



12 

time points are controlled. The analytical dataset is in longitudinal panel format; therefore, 

I impose clustered standard errors by drug class. 

Below are the model specifications, taking NCE drugs as an example:  

 

 

Here c represents drug class, y represents year, Class is a vector that includes dummies 

for each drug class,  is a vector of drug class dummy coefficients, Year is another 

vector that includes dummies for each year from 1996 to 2005,  is a vector of year 

dummy coefficients, ycgenN ,  means the number of generic drugs in drug class c in year t, 

ycNCEN ,  means the number of NCE drugs in drug class c in year y, ycNCEnonN ,  means the 

number of non-NCE and brand-name drugs in drug class c in year y, 0  is the coefficient 

for ycgenN , , which is equal to the percentage change in the number of prescriptions and in 

the number of people using medications associated with one new generic drug approval 

at drug class level, 1  is the coefficient for ycNCEN , , which is equal to the percentage 

change in the number of prescriptions and in the number of people using medications 

associated with one new NCE drug approval at drug class level, 2  is equal to the 

percentage change in the number of prescriptions and in the number of people using 

medications associated with one new non-NCE and brand-name drug approval at drug 

class level, and yc,  is a random error term, which is clustered by drug class. 

ycycNCEnonycNCEycgenyc NNNYearClassonsprescriptiof ,2,1,0,,)log(#

ycycNCEnonycNCE

ycgenyc

NN

NYearClasssmedicationgupeopleof

,2,1,

0,,)sinlog(#
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We run the same regressions for total number of new drugs, number of brand-name drugs, 

and number of priority-review drugs. 

1.3. Results 
(1) Descriptive Statistics 

New drugs approved by the FDA include both brand-name drugs and generic drugs. A 

brand-name drug is a drug marketed under a proprietary, trademark-protected name, 

generally with patent protection for 20 years from the date of submission of the patent. 

The patent protects the innovator who laid out the initial costs (including research, 

development, and marketing expenses) to develop the new drug. However, when the 

patent expires, other drug companies can introduce competitive generic versions, but only 

after they have been thoroughly tested by the manufacturer and approved by the FDA. A 

generic drug is a copy that is the same as a brand-name drug in dosage, safety, strength, 

how it is taken, quality, performance and intended use 3 . For example, ZOCOR® 

(simvastatin) is a lipid-lowering brand-name drug approved by the FDA on December 23, 

19914. Its generic form, named SIMVASTATIN, was first approved in 20065. The 

generic version has been approved for more than ten firms as of the end of 2008. 

Figure 1.2 presents the proportions of approved brand-name drugs out of total approved 

new drugs by the FDA from 1995 to 2004.  

[INSERT FIGURE 1.2 HERE] 

                                                 
3 http://www.fda.gov/buyonlineguide/generics_q&a.htm 
4 http://www.accessdata.fda.gov/Scripts/cder/DrugsatFDA/index.cfm?fuseaction=Search.DrugDetails 
5 http://www.accessdata.fda.gov/Scripts/cder/DrugsatFDA/index.cfm?fuseaction=Search.DrugDetails 

http://www.fda.gov/buyonlineguide/generics_q&a.htm
http://www.accessdata.fda.gov/Scripts/cder/DrugsatFDA/index.cfm?fuseaction=Search.DrugDetails
http://www.accessdata.fda.gov/Scripts/cder/DrugsatFDA/index.cfm?fuseaction=Search.DrugDetails
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On average, more than 200 new drugs per year were approved by the FDA from 1995 to 

2004. Among these drugs, almost 30% are brand-name drugs. That is to say, the FDA 

approves generic drugs and brand-name drugs at a ratio of larger than 2:1. 

Brand-name drugs are further divided by the FDA into NCEs, new formulation drugs, 

new combination drugs, and other categories according to the creativity of new drugs. 

NCE is an active ingredient that has never been marketed in U.S. For example, Zocor® 

was approved as an NCE, which means that its active ingredient, Simvastatin, had never 

been marketed in the U.S. before the approval of Zocor®. A new-formulation drug is a 

new dosage form or new formulation of an active ingredient already on the market. For 

example, Tiazac® (Diltiazem Hydrochloride) is a new-formulation drug approved on 

September 11, 1995, with dosages of 120mg, 180mg, 240mg, 300mg, 360mg, and 420mg 

for capsules extended release oral uses6. The NCE version of Diltiazem Hydrochloride, 

Cardizem®, was approved on November 5, 1982, with dosages of 30mg, 60mg, 90mg, 

and 120mg for tablet oral uses7. A new-combination drug is a drug that contains two or 

more compounds, the combination of which has not been marketed together in a product. 

For example, Simcor® (Niacin; Simvastatin), approved on February 15, 2008, is a new-

combination drug that combines Niacin and Simvastatin 8 . NCEs are the largest 

component of brand-name drugs, followed by new-formulation drugs. Figure 1.3 presents 

the proportion of NCEs out of brand-name drugs over time. On average, 35% of brand-

name drugs are NCEs. More than 70% of brand-name drugs are either NCEs or new-

                                                 
6 http://www.accessdata.fda.gov/Scripts/cder/DrugsatFDA/index.cfm?fuseaction=Search.DrugDetails 
7http://www.accessdata.fda.gov/Scripts/cder/DrugsatFDA/index.cfm?fuseaction=Search.Overview&DrugN
ame=CARDIZEM 
8 http://www.accessdata.fda.gov/Scripts/cder/DrugsatFDA/index.cfm?fuseaction=Search.DrugDetails 

http://www.accessdata.fda.gov/Scripts/cder/DrugsatFDA/index.cfm?fuseaction=Search.DrugDetails
http://www.accessdata.fda.gov/Scripts/cder/DrugsatFDA/index.cfm?fuseaction=Search.Overview&DrugName=CARDIZEM
http://www.accessdata.fda.gov/Scripts/cder/DrugsatFDA/index.cfm?fuseaction=Search.DrugDetails
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formulation drugs. That proportion is not consistent over time; it is higher before 2000 

than after 2000. 

[INSERT FIGURE 1.3 HERE] 

In addition to the categories already described, brand-name drugs are also categorized as 

priority-review and standard-review drugs according to the time duration of FDA review. 

Intended for those products that address unmet medical needs, a priority designation sets 

the target date for completing all aspects of a review and the FDA’s taking an action on 

the application (approve or not approve) at six months after the date the review was filed. 

A standard designation sets the target date for FDA action at ten months. Table 1.2 

presents the proportion of priority-review drugs out of brand-name drugs over time.  

[INSERT TABLE 1.2 HERE] 

In total, 23% of brand-name drugs are priority-review drugs. Again, those proportions 

share the same time trend as NCEs proportions, being higher before 2000 than after 2000. 

It is worth noting that priority-review drugs and NCEs do overlap, but not fully. Some 

priority-review drugs are new-formulation drugs, new-combination drugs, etc., and some 

NCEs are standard-review drugs. Figure 1.4 shows the decomposition of brand-name 

drugs into NCE&priority-review drugs, NCE&non-priority-review drugs, non-NCE& 

priority-review drugs, and non-NCE&non-priority-review drugs. 

[INSERT FIGURE 1.4 HERE] 



16 

One example of how the approval of one new drug affects the number of prescriptions at 

drug class level is with the approval of Zetia®. Zetia® was approved in Oct of 2002 by 

the FDA to treat high cholesterol9, which belongs to the ATC class C10A9. Figure 1.5 

shows how the annual number of prescriptions and number of people on medication in 

class C10A9 changes over time. We observe that those numbers consistently decrease 

until 2002, and increase rapidly after 2002. This change, which coincides with the 

approval of Zetia® at the end of 2002, may or may not (totally) result from Zetia®’s 

approval. In this research, we want to estimate the change in class level drug 

consumptions DUE TO the approval of one new drug with econometric modeling. 

[INSERT FIGURE 1.5 HERE] 

(2) Regression Results 

My findings reveal that in some cases, new drug classes were generated by the approval 

of new drugs. It does not make sense to estimate percentage change in the number of 

prescriptions in these new drug classes due to approvals of new drugs. The access effects 

are therefore decomposed into two parts: impact on existing drug classes and effect of 

generating a new drug class. 

1. Impact on Existing Drug Classes 

In this analysis, I exclude those data points found before new drug classes were 

generated. 

                                                 
9 http://www.accessdata.fda.gov/Scripts/cder/DrugsatFDA/index.cfm?fuseaction=Search.DrugDetails 

http://www.accessdata.fda.gov/Scripts/cder/DrugsatFDA/index.cfm?fuseaction=Search.DrugDetails
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Table 1.3 presents five regression results with the log number of prescriptions and the log 

of number of people using medications, respectively, as dependent variables.  

[INSERT TABLE 1.3 HERE] 

These results suggest that on average, one new drug approval does not significantly 

increase the number of prescriptions in its corresponding drug class after approval 

(p=0.097). One new generic drug approval significantly decreases the number of 

prescriptions at drug class level by 1.0% (p=0.002), one new brand-name drug approval 

brings an increase of 4.1% (p=0.008), and one new NCE brings an increase of 15.2% 

(p=0.002). We also find that one non-NCE brand-name drug does have a significant 

effect (p=0.226), one new priority-review drug does not change the number of 

prescriptions at drug level significantly (p=0.787), but non-priority-review brand-name 

drugs increase the number of prescriptions significantly by 5.1% (p=0.004), and NCE and 

non-priority-review drugs have a significant effect as 22.4% (p=0.000).  

The regression results with the log of number of people using medications as the 

dependent variable are similar to those with the log of number of prescriptions as the 

dependent variable, in terms of both magnitude and significance levels (Table 1.3). 

2. Sensitivity Analysis Dealing with Zero Outcomes 

Because some 5-digit drug classes are relatively small, it is possible that the outcome 

variables of those drug classes (i.e., number of prescriptions) are zero at some time 

points. But that does not necessarily mean that there are no prescriptions in those drug 
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classes. We simply do not have a large enough sample size to ensure that there is at least 

one prescription in each drug class every year. 

I generate the results presented above by treating those zero outcome data points as 

missing values. However, this might be a source of bias because such an approach is 

more likely to exclude small-size drug classes from the analysis. In order to correct that 

problem, I employ four other approaches so as to test the robustness of our results. 

Approach 1: Replace Zeros with Ones 

This approach replaces analytical dataset outcomes of zero with one. By this, once the log 

of outcomes is taken, the dependent variable in the regression is not missing anymore. 

Still, the chance of only one person/prescription in one drug class in one year in the U.S. 

population is extremely low. This is such an underestimate of true outcomes that the 

coefficient estimates (the change in outcomes) are likely to be overestimated. 

Approach 2: Last Value Carry Forward (LVCF) Method 

This approach replaces zero outcomes with the last non-zero value from the same drug 

class. The change in outcomes is likely to be underestimated with this approach. 

Approach 3: Replace with Average Weight 

This approach replaces zero outcomes with the average person-level weight of the 

corresponding year from MEPS. This approach assumes that one person in the MEPS 

dataset takes medications in those drug classes and that that person is an average person 

in the MEPS sample of that year.  
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Approach 4: Exclude Drug Classes with Zeros 

This approach includes only drug classes without any zero outcomes. Thus only 

relatively large drug classes are analyzed.  

Table 1.4 shows the regression results with the log number of prescriptions as the 

dependent variable for all four of these approaches together with the results stated before. 

[INSERT TABLE 1.4 HERE] 

From table 1.4, we can see that the results are quite consistent among the different 

approaches we take to address the zero-outcome issue. NCE&priority-review drugs, non-

NCE&priority-review&brand-name drugs, and non-NCE&non-priority-review&brand-

name drugs do not show significant access effects on existing drug classes. NCE&non-

priority-review drugs do show significant access effects, which range from 21.2% to 

39.0% (p<0.05). Generic drugs hardly show a significant increase in the number of 

prescriptions in existing drug classes, and may even show a decrease in the number of 

such prescriptions. 

3. Effect of Generating New Drug Classes 

To estimate the effect of generating new drug classes, we must look at how the number of 

prescriptions changes in 2nd-level ATC drug classes after the new drug approval. We find 

that drugs that generate a new 4th-level ATC drug class bring a 14.1% (p=0.007) increase 

in the number of prescriptions in their respective corresponding 3-digit classes. 

4. Insured versus Uninsured 
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Because the access effects of one new drug might be different for the insured than for the 

uninsured, we run another analysis comparing the effect for the insured versus that for the 

uninsured. The results are similar for both the insured and the uninsured regressions. The 

only difference lies in the finding that non-NCE brand-name drugs do not have a 

significant effect on the number of insured prescriptions but do have a significant effect 

on uninsured prescriptions (4.9%). Non-NCE&non-priority brand-name drugs show an 

effect of 3.7% (p=0.093) on uninsured prescriptions.  

[INSERT TABLE 1.5 HERE] 

1.4. Conclusion 

By employing econometrics models with data from various data sources, we do find 

statistically significant access effects of new drugs, in terms of increasing number of 

drugs prescribed. Those effects are heterogeneous among different new drug subgroups.  

More specifically, we find that more creative drugs (e.g., NCEs) tend to have larger, 

more significant access effects, whereas less creative drugs (e.g., generic drugs, non-

NCEs) contribute smaller or even negative access effects. Non-NCE brand-name drugs 

significantly increase the number of uninsured prescriptions, whereas no significant 

effect is found for insured prescriptions. 

These findings confirm the hypothesis that new drugs can impact population health not 

only with change in clinical effectiveness on existing treatments, but also with change in 

the quantity of prescriptions written and/or people treated.  
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The heterogeneity of access effects among drugs with different level of creativity and 

demand urgency helps to explain the existence of controversial results of values of 

pharmaceutical innovation literature. Litchtenberg’s paper focuses on the most creative 

subgroup drugs, NCEs, which have the largest access effects; if any research were to 

include all brand-name drugs, the conclusion might be different. 

It is worth noting that we do not observe priority-review drugs to have significant access 

effects on increasing the number of prescriptions or the number of people using 

medications. 

Figure 1.6 compares distributions of priority-review drugs and NCEs among different 

ATC drug classes. Approximately 50% of priority-review drugs belong to class J 

(General anti-Infectives Systemic, including anti-HIV drugs) and class L (Antineoplastic 

and Immunomodulating Agents). In comparison with priority-review drugs, NCE drugs 

are more evenly distributed among drug classes. Class A (Alimentary Tract and 

Metabolism), class C (Cardiovascular System), class J (General anti-Infectives Systemic, 

including anti-HIV drugs), and class N (Central Nervous System) all have more than 10% 

of NCE drugs. 

[INSERT FIGURE 1.6 HERE] 

Priority-review drugs focus more on life-threatening diseases such as HIV and cancer. A 

review of clinical effects of top-selling drugs indicates that, relative to heart disease, 

hypertension, diabetes, lung disease, and depression, new cancer drugs are more likely to 

show advantages in efficacy relative to existing treatments (Michaud et al.). Therefore, 
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the value of most priority-review drugs determined by their clinical effect, which 

explains why they do not show as significant access effects as those shown by NCEs. 

Another interesting finding is that the difference in new drug access effects between the 

insured and the uninsured does not lie in generic drugs but in non-NCE&non-priority 

review drugs. The introduction of generic drugs into the market does not increase the 

number of prescriptions or the number of people using medications at drug class level, 

regardless of insurance status. However, the approval of non-NCE&non-priority review 

drugs increases the number of uninsured prescriptions and does not increase the number 

of insured ones. It has been argued that pharmaceutical companies devote great attention 

and resources to advertising drugs and that the magnitude of advertisement is correlated 

with the benefit of the products. Since generic drugs are relatively inexpensive, sellers of 

generic drugs will not invest heavily in advertising. Meanwhile, due to the competition 

added by the introduction of the generic drugs to the market, patent holders of the same 

drug class will not devote as much advertising effort as before; this is why generic drugs 

tend to decrease the quantity of drugs consumed. However, although the introduction of 

non-NCE&non-priority-review brand-name drugs can also add to competition within a 

drug class, such drugs are on patent protection and therefore can still be sold at a price 

much higher than those of the generic drugs. And so while drug sellers will not 

significantly scale down their advertising campaigns, the increase in competition created 

by the generic drugs yields, on average, an overall decrease in drug prices. Thus more 

prescriptions are prescribed to the uninsured.  
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Future research can use these results in combining access effects and clinical effects to 

develop a complete picture of the value of pharmaceutical innovation so as to better 

inform pharmaceutical industry regulatory policy. 
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Table 1.1 Available Information from Datasets 
 Dataset Information 
A Orange Book NDA +Drug approval date 
B Drugs@FDA NDA +brand/generic +chemical type(new chemical entities, new formulation, 

new combination)+potential(priority review v.s. standard review) 
C NDC Directory NDA+NDC 
D Crosswalk Dataset NDC crosswalk to ATC, not all NDCs included 
E Redbook NDC+ generic name 
F MEPS NDC + generic name +drug use 
 

 

 

Figure 1.1 Analytic Dataset Generating Process 

A B C 
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Figure 1.2 Number of New Drugs, Brand Name Drugs, and % of Brand Name Drugs over Time 
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Figure 1.3 NCEs out of Brand-Name Drugs 
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Table 1.2 Proportion of Priority-Review Drugs in Brand-Name Drugs 

Drug 
Approval 
Year

# of 
Priority 
Review 
Drugs

% of 
Priority

Total # of 
Brand 
Name 
Drugs

1995 15 27% 56
1996 27 28% 96
1997 13 16% 79
1998 18 30% 60
1999 16 30% 54
2000 14 20% 71
2001 8 16% 51
2002 7 15% 47
2003 10 20% 49
2004 16 22% 74

Total 144 23% 637  
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Figure 1.4 Brand-Name Drugs Compositions 
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Figure 1.5 Annual Number of Prescription and Number of People on Medications in Class C10A9 
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Table 1.3 Impact on Number of Prescriptions/Number of People Using Medications at 5-Digit-Level 

ATC Drug Class 
Impact on Number of Prescriptions  

Number of  (1) (2) (3) (4) (5) 
Total -0.3%         
Generic   -1.0% -0.9% -1.1% -0.9% 
Brand name   4.1%       
NCE     15.2%     
Priority-review       -1.6%   
non-NCE,Brand     1.9%     
non-priority, Brand       5.1%   
NCE&priority         1.4% 
non-NCE, priority, Brand         -2.3% 
NCE, non-priority,Brand         22.4% 
non-NCE,non-priority, 
Brand         2.4% 

Impact on Number of People Using Medications 
Number of  (1) (2) (3) (4) (5) 
Total -0.2%         
Generic   -0.9% -0.8% -1.0% -0.8% 
Brand name   3.8%       
NCE     15.1%     
Priority-review       -2.6%   
non-NCE,Brand     1.6%     
non-priority, Brand       5.0%   
NCE&priority         3.4% 
non-NCE, priority, Brand         -5.6% 
NCE, non-priority,Brand         21.7% 
non-NCE,non-priority, 
Brand         2.5% 

 
Note: Numbers in bold are significant at the 0.05 level. Coefficient estimates of year dummies and drug 
class dummies are not presented here. 

Table 1.4 Sensitivity Analysis Dealing with Zero Outcomes 
 

Number of  
replace zero 

with 1 LVCF 

replace 
zero=average 

weight 

exclude 
classes with 
any zeros 

exclude 
observations 

with zeros 

Generic -1.0% -0.9% -0.9% -0.8% -0.9% 

NCE&priority 32.6% 1.8% 10.0% 2.4% 1.4% 

NCE, non-
priority,Brand 39.0% 22.8% 26.4% 21.2% 22.4% 

non-NCE, priority, 
Brand -18.8% -4.0% -6.8% -2.8% -2.3% 

non-NCE,non-
priority, Brand 3.1% 2.8% 3.2% 2.3% 2.4% 
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Table 1.5 Uninsured versus Insured 

Impact on Number of Prescriptions, Uninsured 
Number of  (1) (2) (3) (4) (5) 
Total -0.2%     
Generic  -1.4%** -1.2%** -1.4%** -1.2%** 
Brand name  7.2%**    
NCE   23%**   
Priority-review    5%  
non-NCE,Brand   4.0%**   
non-priority, Brand    7.6%**  
NCE&priority     5.6% 
NCE, non-priority,Brand     31.7%** 
non-NCE, priority, Brand     6.8% 
non-NCE,non-priority, 
Brand     3.7%* 

Impact on Number of Prescriptions, Insured 
 

Number of  (1) (2) (3) (4) (5) 
Total -0.1%     
Generic  -0.6%* -0.51 -0.7%* -0.7%* 
Brand name  0.034*    
NCE   17.2%**   
Priority-review    -2.9%  
non-NCE,Brand   0.6%   
non-priority, Brand    4.5%**  
NCE&priority     11.9% 
NCE, non-priority, Brand     22%** 
non-NCE, priority, Brand     -13.6% 
non-NCE,non-priority, 
Brand     2.3% 

Note: ** significant at the 0.05 level, * significant at the 0.10 level. Coefficient estimates of year dummies 
and drug class dummies are not presented here. 
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Figure 1.6 Drug Class Distributions of NCEs and Priority-Review Drugs 
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1.5. Appendix A: ATC Drug Class Codes 
In the Anatomical Therapeutic Chemical (ATC) classification system, the drugs are 

divided into different groups according to the organ or system on which they act and their 

chemical, pharmacological and therapeutic properties. 

Drugs are classified in groups at five different levels. The drugs are divided into 

fourteen main groups (1st level), with one pharmacological/therapeutic subgroup (2nd 

level). The 3rd and 4th levels are chemical/pharmacological/therapeutic subgroups and 

the 5th level is the chemical substance. The 2nd, 3rd and 4th levels are often used to 

identify pharmacological subgroups when that is considered more appropriate than 

therapeutic or chemical subgroups. 

The complete classification of metformin, for example, illustrates the structure of the 

code: 

A Alimentary tract and metabolism
(1st level, anatomical main group) 

A10 Drugs used in diabetes
(2nd level, therapeutic subgroup) 

A10B Blood glucose lowering drugs, excl. insulins
(3rd level, pharmacological subgroup) 

A10BA Biguanides 
(4th level, chemical subgroup) 

A10BA02   Metformin 
(5th level, chemical substance) 
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Chapter 2: Diffusion Process of New Drugs among Patient Subgroups 
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Abstract 
 

Studies of the value of pharmaceutical innovations have sometimes reached 

controversial conclusions. Combining real-world drug use data and clinical study results, 

this study considers the value of pharmaceutical innovations by investigating the drug 

adoption patterns of atorvastatin among different patient subgroups over time. The study 

finds that higher-risk subgroup patients are more likely to adopt new drugs than their 

lower-risk peers but that such a difference decreases over time. The composition of drug 

takers, therefore, varies over time as well. After incorporating clinical effects for different 

subgroup patients, we find that the average effectiveness of new drugs changes over time. 

For atorvastatin, the average effectiveness first decreases and then increases, while the 

unit price of atorvastatin decreases all the time. In assessing the value of pharmaceutical 

innovations, a dynamic approach examining effectiveness over time is preferred to a 

static approach. 
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2.1. Introduction 
U.S. health care expenditure as a share of the GDP has been growing steadily over the 

past 40 years. By 2002, the share had reached almost 15% of the GDP. Similarly, 

prescription drug expenditure has been rising at double-digit rates since the mid-1980s. 

10The share of prescription drug expenditure out of total health care expenditure doubled 

from 5% in 1982 to 10% in 2002.  

This increase in prescription drug expenditure can be attributed to the availability of 

new, more expensive drugs that either replace older drugs or provide treatment for a 

condition that previously was not treatable. The research and development of new drugs 

are cost-intensive; the annual growth rate in capitalized inflation-adjusted costs per 

approved new drug was 9.4% during from 1970 to the 1980s and 7.4% from 1980 to 

1990. In 2003, DiMasi reported that the capitalized total cost per approved new drug was 

$802 million (in year 2000 dollars), which is 2.5 times higher than the result he reported 

in his previous study in 1991. 

[INSERT FIGURE 2.1 HERE] 

Consequently, the debate on rising health care costs and the development of new 

drugs has focused increasingly on the value of pharmaceutical industry innovation.  

Studies estimate the value of pharmaceutical innovation based on both observational 

studies and clinical studies. These observational studies successfully estimate 

population/country level values of pharmaceutical innovation and have broad 

applicability. However, they all face difficulties in estimating the causal effect of interest. 

                                                 
10 From RAND Report CP-484/1-(1/05), 2005: U.S. Health Care Facts About Cost, Access, and Quality, 
By: Dana P. Goldman, Elizabeth A. McGlynn. 
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Litchtenberg (2003) relates trends in drug launches by disease to trends in disease-

specific mortality in 52 countries from 1982 to 2001 and estimates both that launches of 

NCEs accounted for 0.8 years (40%) of the 1986-2000 increase in longevity and that the 

average annual increase in life expectancy of the entire population resulting from NCE 

launches is 0.056 years, or 2.93 weeks. This study controls for education, income, 

nutrition, the environment, and "lifestyle" in the difference of difference (DoD) model. 

But using country-disease level aggregate data cannot control for those country-specific 

changes such as rising obesity rates in the U.S. Thus the results are likely to be under 

omitted-variable bias. Cutler et al (2001) estimates the costs and benefits of medical 

technological changes for five conditions and concludes that with heart attacks, low-

birth-weight infants, depression, and cataracts, the benefits of medical technology 

changes are much greater than the costs, whereas with  breast cancer, the costs and 

benefits are of about equal magnitude. However, their paper attributes all health 

improvements to medical innovations and neglects other confounding factors, such as 

health behavior changes, that may be positively or negatively correlated with health 

outcomes. Long et al. (2006) quantifies the impact of antihypertensive therapy in U.S. on 

blood pressure and on the risk and number of heart attacks, strokes, and deaths, and finds 

that a lack of antihypertensive therapy would have resulted in 86,000 excess premature 

deaths from cardiovascular disease in 2001 and 833,000 hospital discharges for stroke 

and heart attacks in 2002. The study first estimates the relationship between risk factors 

and blood pressure outcomes with 1959-1962 National Health Examination Survey 

(NHES) data, then applies the relationship estimate to the 1999-2000 National Health and 

Nutrition Examination Survey (NHANES) for predicting blood pressure outcomes over 



37 

the next ten years. Considering the possible difference between the 1959-1962 cohort and 

the 1999-2000 cohort, results from this study, as with those from the other observational 

studies described, needs to be interpreted with caution. 

On the other hand, clinical studies—thought as ‘golden standard’—have succeeded in 

establishing the causal relationship between drugs and health outcomes. However, most 

clinical studies from the medical literature focus on only one drug or one class of drugs, 

with limited applicability. In addition, clinical studies tend to ignore ‘real-world’ 

behavioral responses of patients and physicians to the launch of new drugs. These 

responses may also be associated with health outcomes. 

In this paper, I will combine observational and clinical study to investigate the value 

of pharmaceutical innovations by examining how new drugs are diffused to different 

patient subgroups after drug launches and how that diffusion pattern affects drug-taker 

composition and, consequently, the average effectiveness of new drugs over time. We 

find that higher risk subgroup patients are more likely to adopt new drugs than their 

lower risk peers and such difference decreases over time. Therefore, the composition of 

drug takers varies over time as well. After incorporating clinical effects for different 

subgroup patients, the average effectiveness of new drugs changes over time. For 

atorvastatin, the average effectiveness decreases first, then increases, whereas the unit 

price of atorvastatin decreases all the time. In evaluating value of pharmaceutical 

innovations, a dynamic approach examining effectiveness over time is preferred than a 

static approach.  

The paper will start with a literature review of the new-drug diffusion process, 

following which will be a microeconomics model. Using the case study of atorvastatin, 
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we then will demonstrate the new-drug diffusion process among different patient 

subgroups after first reviewing the medical literature of atorvastatin and summarizing the 

drug’s clinical effects for different patient subgroups. We next will use empirical data to 

investigate how atorvastatin is diffused to different patient subgroups. Combining results 

from the literature review and empirical drug use analysis, we last will examine the new 

drug’s average effectiveness versus unit price over time.   

 
2.2. New Drug Diffusion Process Literature Review 

A debate on the driving factors of the new-drug diffusion process has been taking 

place among health economists, health services researchers, and public health 

researchers. Health economists argue that the diffusion process of new drugs and new 

healthcare technology is determined by patients’ socioeconomic status (SES) and 

education level, the network effects of information, health insurance-plan characteristics, 

and the severity of patient disease. Many health economists have found that higher-

educated people are more likely to take advantage of newly approved healthcare 

technology/medicine (Rosenzweig, 1995; Lleras-Muney and Lichtenberg, 2002; Glied 

and Lleras-Muney, 2003). Some economists explain the diffusion process from the 

perspective of information dissemination (Berndt et al. 1999, 2000; Chintadunta et al. 

2008), and argue that more information will lead to faster diffusion, be it from other 

users, journal articles, or advertisements. There have been controversial opinions about 

the influence of health insurance plans on technology diffusion. Cutler and McClellan 

(1996) find that the insurance environment significantly affects technology diffusion, 

whereas Crown et al. (2003) do not find strong statistical evidence that higher levels of 

out-of-pocket copayments for prescription drugs influence asthma-treatment patterns.  
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The severity of patient disease is also believed to correlate with drug diffusion. 

Warner (1976) claims that in dealing with catastrophic illness, physicians have powerful 

incentives to try any therapy available to them and few financial deterrents from doing 

so. Stephen Crystal, Usha Sambamoorthi, and Cheryl Merzel (1995) find significant 

difference among different risk groups on the persistence of treatment in HIV treatment. 

Valenstein et al. (2006) investigates patient-level and facility-level factors associated 

with the diffusion of a new antipsychotic in the VA health system, finding that patients 

with previous psychiatric hospitalizations or who had diabetes were also more likely to 

receive the new drug.  

My own research focuses on how the severity of disease impacts drug diffusion, 

controlling for other factors driving the diffusion process. 

 

2.3. Microeconomics Model 
Here, I will build a microeconomics model to demonstrate how disease severity 

impacts an individual patient’s drug utilization behavior. 

Facing a newly launched drug, the individual patient maximizes his/her utility by 

choosing the amount of money spent on this new drug and other commodities: 

1),( CAHCHUUMax                           

 

where U is the utility of the individual patient—determined by patient health status (H) 

and consumptions other than the new drug (C)—and D is the new-drug expenditure. The 

individual patient is under the budget constraint that the total consumption (D+C) be no 

more than his/her total wealth (W). Health status is a function of baseline health status 

WCDts ..
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before taking the new drug ( 0H ) and new-drug expenditure (D), i.e., ),( 0 DHHH . 

Here we assume that patient health status follows a Cobb-Douglas function: Healthier 

people at baseline are more likely to be healthier afterwards, i.e., 0
0H

H ; and more 

new-drug expenditure will increase the patient’s health with the proved clinical effect of 

the new drug, i.e., 0
D
H . 

The Lagrange function of the maximization problem is: 

)(1 CDWCAHL  

Solving the first-order conditions, we can derive the relationship between optimal 

drug expenditure level and baseline health status as: 

 

Since 0
0H

H  and 0
D
H , the sign of 

0

*

H
D  is determined by the sign of 

0

2

HD
H  (i.e., 

if 0
0

2

HD
H , 

0

*

H
D <0; if 

0

2

HD
H >0 the sign of 

0

*

H
D  is ambiguous).  

Intuitively, 
D
H  means the increase in health status due to the increase in new-drug 

expenditure, which represents the clinical effect of the new drug. 
0

2

HD
H  indicates how 

that clinical effect varies with the different baseline health status of patients. 
0

*

H
D  

indicates how the patient’s decision on new-drug expenditure is determined by his/her 

baseline health status.  

0

*
*

0

2

0

*

)(
1

11
H
HDW

HD
H

D
HH

D
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This model therefore reveals that if the clinical effect of a new drug is homogeneous 

among different subgroups of patients ( )0
0

2

HD
H  or is larger in the less-healthy-

patient subgroup, less-healthy patients are more likely to spend more money on the new 

drug. However, if the new drug is more effective for healthier patients, whether healthier 

or less-healthy patients have larger new-drug expenditure is not clear; this factor also 

depends on the extent to which the patient’s health is predetermined by his/her baseline 

health status (
0

*

H
H ). 

 

2.4. Methods, Data, and Measures 
In this research, evidence from the real-world and clinical environments will be 

combined to ensure both applicability to the real world and an unbiased causal effect 

estimate.  

Atorvastatin as a Case Study 

In analyzing new-drug diffusion patterns among different patient subgroups, it is 

impossible to consider drug use data of all drugs together, because different drugs have 

different criteria for patient subgroups. I choose to conduct a case study of one drug that 

meets three criteria: 1.) The drug treats and/or prevents a disease of great concern to 

society; 2.) Pharmaceutical innovations in the area of this drug are active; and 3.) 

Prescription information and associated patient characteristics data for the drug are 

available. 

Taking all these prerequisites into account, I chose atorvastatin, one of the stations, as 

a case study. Heart disease has been one of the top two causes of death in U.S. since the 
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late 1990s (Figure 2.2). Pharmaceutical innovations in heart disease have been successful 

and active. In the past 25 years, according to physicians, ACE inhibitors and statins are 

the two most important pharmaceutical innovations11  (Table 2.1) and they are both 

indicated to treat and/or prevent heart disease. In 2005, 146 drugs were in development 

for heart disease and stroke12. Cardiovascular disease was selected by a panel of leading 

geriatricians as one of the three clinical domains believed to have the largest impact in 

terms of costs and health status for the future elderly13. First approved by U.S. Food and 

Drug Administration (FDA) in late 1996 under the brand name LIPITOR®, atorvastatin 

is proven to reduce the risk of heart attack, stroke, certain kinds of heart surgeries, and 

chest pain in patients with several common risk factors for heart disease. This is why 

atorvastatin meets the major criteria we set for our choice of subject of the case study.   

[INSERT FIGURE 2.2 HERE] 

 [INSERT TABLE 2.1 HERE] 

Clinical Literature Review of Atorvastatin Effects for Subgroup Patients 

I obtain my data on the clinical effects of atorvastatin by subgroup patients through a 

systematic clinical-literature review. Since the clinical effects of statins have been 

thoroughly studied by the Oregon Health & Science University (OHSU) drug-class 

review, I take references from the OHSU report14 as a starting point, and then exclude 

those background articles, non-atorvastatin articles, and safety articles by screening titles. 

                                                 
11 Victor R. Fuchs and Harold C. Sox Jr. Physicians’ Views Of The Relative Importance Of Thirty Medical 
Innovations. Health Affairs, 2001, vol20, no. 5. 
12 Source: PhRMA 
13 D.P. Goldman et al, Identifying Potential Health Care Innovation For the Future Elderly—Prospects for 
Advances in Medical Research and Technology in the First Part of the Twenty-First Century, Health 
affairs- Web exclusive, Sept. 26, 2005, p. W5-R67-W5-R76 
14 Helfand, Mark, Carson, Susan, Kelley, Cathy. Drug Class Review on HMG-CoA Reductase Inhibitors 
(Statins). 2006. http://www.ohsu.edu/drugeffectiveness/reports/final.cfm 

http://www.ohsu.edu/drugeffectiveness/reports/final.cfm
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After that, I search for full-text articles. The clinical evidence of atorvastatin in subgroup 

patients along with subgroup patient characteristics will be summarized based on these 

articles.  

Drug Use Dataset and Measures 

The Medical Expenditure Panel Survey (MEPS) is a set of large-scale surveys of 

families and individuals, and their medical providers and employers across the United 

States. Providing national, representative, 2-year panel datasets for analysis from 1996 to 

2005, the MEPS is the most complete source of data on the cost and use of health care 

and health insurance coverage. 

Since the literature holds that SES and health insurance factors are associated with 

drug use patterns, we abstracted individual demographics (age, gender, region, race, 

highest degree obtained, income level, health insurance status) from yearly consolidated 

datasets of MEPS. Our key independent variables, patient health status (the 

characteristics of patient-risk subgroups information), are derived from the medical 

conditions datasets. The key dependent variable, prescription drug use information, is 

collapsed from the prescribed medicines datasets. A dummy is defined as indicating 

whether an individual ever takes atorvastatin in a year. 

Econometrics Models 

Econometrics models are employed to answer two research questions:  

Research Question 1:  Are patients at higher risk more likely to take atorvastatin? 

 Model 1: logit regression with robust S.E. 
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Since the key dependent variable is a binary outcome, we employ logit regression 

here. Because each individual contributes multiple observations over time, we 

estimate the robust standard error with the error term clustered by individual. 

Here are the model equations:  

ititiit rxy*  

()~|),0( * FxyIy iititit  

The first equation is the index function, where *
ity  is continuous and not observed. 

What we can observe is a binary variable, ity , which indicates whether subject i takes 

atorvastatin in year t. F() is a logistic Cumulative Density Function (CDF). ix  

includes all the subject-specific, time-independent variables, such as gender, highest 

degree obtained, etc.; itr  includes all the subject-specific, time-dependent variables, 

such as health status, age, health insurance status, etc.; it  is a random error 

conforming to normal distribution ),0(~ 2
, Nti and is assumed to be clustered by 

subject. 

 Model 2: logit regression with robust S.E., with year dummy variables. 

The estimates from Model 1 are vulnerable to the problem of omitted variable bias. 

There might be some unobserved time-fixed effects correlated with our key 

independent variable, the health status of subjects. For example, general-population 

health trends such as the increase in obesity prevalence in the U.S. might be 

correlated with whether an individual has cardiovascular disease.  

To address this concern, we include time-fixed effects in the logit model:  

ittitiit grxy*  
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()~|),0( * FxyIy iititit  where tg  is the year dummy.  

 Model 3: random-effect logit regression with year-dummy variables  

Individual subjects might be quite heterogeneous, in which case it  may violate the 

identical distribution assumption. To solve this problem, we employ a random-effect 

model by adding another term, i  in the index equation. When we do so, we assume 

that the time-invariance individual-specific characteristics i  are not correlated with 

our key independent variables. 

itititiit grxy*  

()~|),0( * FxyIy iititit  

i  is assumed to conform to a normal distribution, i.e., ),0(~ 2Ni . 

 Model 4: fixed-effect logit regression with year-dummy variables  

Some time-invariance individual-specific characteristics are likely to be correlated 

with our key independent variables. For example, individual health behaviors and 

family history of cardiovascular disease are all highly correlated with an individual’s 

cardiovascular-disease status. To address this problem, we employ a fixed-effect 

model: 

itititiit grxy*  

()~|),0( * FxyIy iititit  

Here i  is no longer assumed to conform to a normal distribution. Instead, we will 

estimate i  for each individual. 

Research Question 2: How do those effects change over time? 
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To investigate how the diffusion patterns change over time, we will have key independent 

variables interact with time variables (the year dummies). 

 Model 5: logit regression with robust S.E., with year-dummy variables, with year 

dummies interacting with key independent variables 

ititttitiit rggrxy*  

()~|),0( * FxyIy iititit  

 Model 6: random-effect logit regression with year-dummy variables, with year 

dummies interacting with key independent variables 

itiitttitiit rggrxy*  

()~|),0( * FxyIy iititit  

i  is assumed to conform to a normal distribution, i.e., ),0(~ 2Ni . 

 Model 7: fixed-effect logit regression with year-dummy variables, with year 

dummies interacting with key independent variables 

itiitttitiit rggrxy*  

()~|),0( * FxyIy iititit  

Here i  is no longer assumed to conform to a normal distribution. Instead, we will 

estimate i  for each individual. 

2.5. Results 
Subgroup Clinical Effects of Atorvastatin 

This review is designed to summarize the clinical effects of the prescription drug 

atorvastatin by different subgroups of patients. 
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The findings are based on the OHSU drug-class review of HMG-CoA Reductase 

Inhibitors (Statins) Final Report, which includes 190 articles of head-to-head trials, 

placebo- or active-controlled trials with health outcomes, and 77 other study designs or 

background articles. 

I exclude those background articles, non-atorvastatin studies, and safety articles by 

screening titles, and 72 articles remain, from which I obtain 65 full-text articles. A brief 

review of these full-text articles help me exclude those clinical trials without placebo or 

standard treatment as control groups and those that do not present subgroup patient data. 

[INSERT FIGURE 3.3 HERE] 

We take the two mostly commonly reported outcomes in the atorvastatin articles—the 

low-density lipoprotein (LDL) cholesterol concentration reduction at the end of first year 

and annual mortality-rate reduction—as primary outcomes of this review. 

Based on our clinical-literature review of atorvastatin, we identify four mutual 

exclusive patient subgroups: (1) patients with coronary heart disease (CHD); (2) patients 

without CHD, but with diabetes, without hypertension; (3) patients with CHD, but with 

hypertension, without diabetes; (4) patients without CHD, without diabetes, without 

hypertension15. Baseline LDL concentration, 1st-year LDL concentration reduction, and 

annual mortality-rate reduction are presented in Table 2.2:  

[INSERT TABLE 2.2 HERE] 

The National Cholesterol Education Program (NCEP) guidelines for lipid 

management suggest that CHD is the most important risk factor, and hypertension and 

diabetes are also classified as risk factors.  

                                                 
15 We do not present clinical effects for this subgroup of patients because clinical studies do not follow up 
with them long enough to obtain mortality-rate results. In this analysis, we are assuming that there is no 
clinical effect of atorvastatin for this patient subgroup, which is an underestimate.  
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Table 2 displays a gradient in the clinical effect of atorvastatin: It works best for 

highest-risk subgroup patients (those with CHD) in terms of annual mortality reduction 

(0.72%), while the effect is smaller for lower-risk subgroup patients. Patients with only 

hypertension have a mortality-risk reduction of 0.48%, and patients with only diabetes 

have a reduction of 0.16%. Therefore, according to the microeconomics model results, 

patients with CHD would be most likely to take atorvastatin. We test those results with 

empirical drug use data in the following econometrics analysis. 

Descriptive Statistics from MEPS 

In this section, we present empirical drug use data for atorvastatin from 1996 to 2005 

based on MEPS drug use datasets weighted to represent the U.S. population. Figure 2.4 

shows prescription distribution among different statins:  

[INSERT FIGURE 2.4 HERE] 

From this figure, we can see that after its approval by the FDA in December 1996, 

atorvastatin rapidly replaced other statins and started to dominate statin consumption 

after 1998. In fact, since 2001, more than 50% of statin prescriptions have been 

atorvastatin prescriptions.  

Figure 2.5 presents the tendency toward taking atorvastatin for each patient subgroup 

over time, based on the MEPS dataset. 

[INSERT FIGURE 2.5 HERE] 

The data verifies the conclusion derived from our microeconomics model that 

highest-risk subgroup patients (in this case, patients with CHD) are the most likely to 

take the newly launched drug (atorvastatin), lower-risk subgroup patients (in this case, 

patients with hypertension or diabetes) are less likely, and lowest-risk subgroup patients 
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(in this case, patients without CHD, diabetes, or hypertension) are the least likely to take 

the new drug. 

The drug use data also suggests that the tendency gradient among different risk 

patient subgroups decreases over time, as found in Figure 2.6. 

[INSERT FIGURE 2.6 HERE] 

The odds-ratio of taking atorvastatin in patients with CHD with respect to lowest-risk 

patients (those without CHD, diabetes, or hypertension) sharply decreases at first (from 

1997 to 2001), then slightly fluctuates. However, that odds-ratio time trend is not that 

clear for patients with diabetes or hypertension. 

Average Effectiveness of Atorvastatin Over time 

Considering the different prevalence levels of patient subgroups and the fact that 

different subgroups have different tendencies toward taking atorvastatin, the composition 

of atorvastatin takers also might change over time. 

[INSERT FIGURE 2.7 HERE] 

Figure 2.7 shows us that the proportion of CHD patients in atorvastatin takers 

decreases over time, whereas the percentage of patients without CHD, diabetes, or 

hypertension first increases, then decreases. It is worth noting that this pattern is not only 

due to the change in tendency toward taking atorvastatin, but also determined by 

prevalence levels for patient subgroups. This tells us that the average patient 

characteristics of atorvastatin takers do vary over time.  

By combining patient characteristics and the clinical effects of atorvastatin, we can 

derive atorvastatin’s real-world average effectiveness, calculated in terms of life-years 
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saved.16 We first calculate the annual mortality rate by age for each subgroup of patients 

from the MEPS, and then we apply the clinical effects of atorvastatin for different patient 

subgroups in terms of annual mortality reduction to these mortality rates17, assuming 

those clinical effects are identical for patients of all ages. We thereby obtain the average 

life-expectancy increases due to atorvastatin for an individual patient in each subgroup.  

By merging the prescribed medicine datasets with the medical conditions datasets 

from the MEPS database, we get the number of atorvastatin takers for each subgroup in 

each year. By weighting those average life-expectancy increases with these numbers of 

takers, we derive the average life-expectancy increase due to atorvastatin, i.e., the 

average effectiveness of atorvastatin for an average taker in each year. Assume the 

numbers of subjects taking atorvastatin in year t for the high-, the medium-, and the low-

risk group are Nhigh,t , Nmed,t, and Nlow,t:  

               Time 
Subgroup  

1 2 3 4 … t 

Low Nlow,1 Nlow,2 Nlow,3 Nlow,4 … Nlow,t 
Medium Nmed,1 Nmed,2 Nmed,3 Nmed,4 … Nmed,t 
High Nhigh,1 Nhigh,2 Nhigh,3 Nhigh,4 … Nhigh,t 

 

Assume that the life expectancy increases for the high-, the medium-, and the low-

risk group are highE , medE , and lowE separately. The average clinical effect for those using 

the drug in year t is expressed as 
thigh,tmed,tlow,

highthigh,medtmed,lowtlow,

NNN
ENENEN

tAE  

[INSERT FIGURE 2.8 HERE] 

                                                 
16 This is an underestimate of atorvastatin’s benefit. Atorvastatin contributes to the patient’s health not only 
with mortality reduction, but also with the prevention of cardiovascular disease, the improvement of the 
patient’s quality of life, etc. 
17 Here we assume no clinical effect for the subgroup without CHD, diabetes, or hypertension, which will 
yield an underestimate of atorvastatin’s effectiveness. 
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Figure 2.8 records how the average effectiveness of atorvastatin changes over time. 

According to the figure, atorvastatin’s effectiveness first decreases from 1997 to 2001, 

then slightly increases. This trend could be explained by the change in atorvastatin-taker 

composition over time. The proportion of patients with the greatest clinical effect 

decreases and the proportion of patients with the least clinical effect increases from 1997 

to 2001, which explains the corresponding decreasing trend of average effectiveness from 

1997 to 2001. Later on, the proportion of patients with the least clinical effect decreases 

and the more-effective group (patients with hypertension) proportion increases, which 

results in a slight increase in average effectiveness.  

However, the average cost of atorvastatin per mg does not always follow the same 

trend as average effectiveness. As Figure 2.9 will reveal, the average cost of atorvastatin 

continuously decreases from 1997 to 2005. 

Econometrics Analysis 

In this subsection, we use econometrics models to investigate the effect of risk factors 

on patient atrovastatin use. 

[INSERT TABLE 2.3 HERE] 

Table 2.3 presents regression coefficients from logit regressions that address the 

question of whether patients at higher risk are more likely to take atorvastatin. The results 

from all models show a gradient from CHD to diabetes and hypertension, thereby 

confirming our microeconomics model and consisting with our descriptive statistics 

analysis. 

The Hausman test of coefficients between the random-effect model (Model 3) and the 

fixed-effect model (Model 4) gives p-value<0.05, which indicates that the unobserved 
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individual-specific characteristics might be correlated with the observed independent 

variables and that the random-effect-model coefficients might be inconsistent.  

By including individual-level fixed effects, we perceive that those subjects with 

observed independent variables change from one year to the next, which causes a 

substantial reduction in sample size. This can also explain why the coefficient for the 

diabetes-only patient subgroup becomes insignificant in the fixed-effect model.  

It is worth noting that these coefficient estimates are average effects over time. Using 

Table 2.4 and Figure 2.9, we now investigate how those effects change over time. 

[INSERT TABLE 2.4 HERE] 

[INSERT FIGURE 2.9 HERE] 

Table 2.4 presents coefficient estimates for key independent variables (CHD, diabetes 

only, and hypertension only) from Model 5 and Model 6. Because the fixed-effect model 

significantly reduces sample size, the time-trend regression coefficients are not 

significantly different from zero at the 0.05 level.  In Figure 2.9, which graphs those 

estimates from the robust S.E. model, the CHD coefficient dominates the diabetes and 

hypertension coefficients at all times. However, we find a slight variation within that 

domination: The CHD coefficient tends to decrease over time, whereas the other two 

coefficients show a slight trend toward increasing, especially after 2001. 

2.6. Conclusions 
This research has investigated the new-drug diffusion process among different patient 

subgroups. 

Both the theoretical model and the empirical drug use data analysis suggest that for a 

drug more effective for higher-risk-subgroup patients, it is more likely for higher-risk-
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level patients than lower-risk patients to use it after launch. However, the new-drug use 

tendency gap among different risk-level patients decreases over time.  

Meanwhile, neither does the composition of drug takers remain stable over time. the 

proportion of higher-risk-group patients taking the drug tends to decrease, which makes 

the average effectiveness of new-drug use change over time as well. In reality, however, 

the drug price does not always change relative to changes in the drug’s average 

effectiveness. 

Thus, in considering the value of pharmaceutical innovations, subgroup clinical 

effects are preferred to average clinical effects, and a dynamic approach examining 

effectiveness over time is preferred to a static approach.  
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Source:DiMasi, 2003 

Figure 2.1 Trends in Capitalized Preclinical, Clinical and Total Costs per Approved New Drug  
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Figure 2.2 Causes of Death in U.S. by Disease (1999~2003) 
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Table 2.1 30 Most Important Healthcare Innovations in Past 25 Years 
Importance Innovation Medicine Disease

1 MRI and CT scanning
2  ACE Inhibitors yes heart, hypertension, diabetes
3  Balloon angioplasty
4  Statins yes heart
5  Mammography
6  CABG
7  Proton pump inhibitors and H2 blockers yes acid-peptic disorders
8  SSRIs  and recent non-SSRI antidepressants yes depression
9 Cataract extraction and lens implant

10  Hip and knee replacement
11  Ultrasonography
12  Gastrointestinal endoscopy
13  Inhaled steroids for asthma yes asthma
14  Laparoscopic surgery
15  NSAIDs and Cox-2 inhibitors yes inflammation of arthritis
16  Cardiac enzymes
17  Fluoroquinolones yes bacterial infections
18  Recent hypoglycemic agents yes diabetes
19  HIV testing and treatment yes HIV
20 Tamoxifen yes cancer
21 PSA tesing
22 Long-acting and parenteral opioids yes pain
23  H. Pylori testing and treatment yes peptic ulcer disease, GERD
24 Bone densitometry
25 3rd-generation cephalosporins yes bacterial infections
26  Calcium channel blockers yes hypertension,angina
27  iv-conscious sedation yes dental surgery
28  Sildenafil(Viagra) yes erectile disfunction
29  Nonsedating antihistamines yes
30  Bone marrow transplant  

Reference: Physicians’ Views of the Relative Importance of Thirty Medical Innovations. Health 
Affairs, 2001, vol20, no. 5 
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Figure 2.3 Attrition Table of Atorvastatin Clinical Effect Review 
 

Table 2.2 Atorvastatin Clinical Effects by Subgroup Patients 
Patients Risk 
Characteristics 

Trial Name Baseline LDL 
Concentration 
(mmol/L) 

1st year LDL 
Concentration 
Reduction 
(mmol/L)  

Control 
group annual 
mortality 
rate 

Annual 
Mortality 
Rate 
Reduction  

Hypertension, 
no CHD, no 
diabetes 

ASCOT-
LLA 

3.44 1.20(36.5%) 1.26% 0.16% 

Diabetes, no 
hypertension, 
no CHD 

CARDS 3.03 1.26(41.6%) 1.52% 0.40% 

CHD18 GREACE 4.65 1.88(40.4%) 1.70% 0.72% 
 

                                                 
18 This clinical trial has standard of care as the control group, not placebo. 

190 Articles from OHSU 

Background, non-
atorvastatin, safety 

72 Articles Remain 

Full text non 
accessible 

65 Full-Text Articles Remain 

No placebo or 
standard treatment 

control, no 
subgroup patient 
clinical effect 

3 Articles Remain 
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STATINs Utilization Distribution in U.S.
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Figure 2.4 Statin Use Distribution in U.S. (1996~2005) 
 

Tendency of Taking Atorvastatin, by risk group
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Figure 2.5 Subgroup Patients Tendency Toward Taking Atorvastatin (1997~2005) 
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Odd Ratio of Atorvastatin Utilization, by subgroup
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Figure 2.6 Odd Ratios of Atorvastatin Use w.r.t. Least Risk Subgroup (1997~2005) 

Composition of Atorvastatin Takers
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Figure 2.7 Atorvastatin Takers Composition (1997~2005) 
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Atorvastatin Average Benefit and Price
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Figure 2.8 Atorvastatin Average Benefit and Unit Price (1997~2005) 
 

Table 2.3 Coefficients of Risk Characteristics on Atorvastatin Use 

  
Robust 
S.E. 

Time 
Fixed 
Effect 
with 
Robust 
S.E. 

Time Fixed 
Effect+Individual 
Random Effect 

Time Fixed 
Effect+Individual 
Fixed Effect 

CHD 1.820*** 1.807*** 2.870*** 0.935* 
Diabetes Only 1.189*** 1.175*** 1.784*** 0.828 
Hypertension 
Only 1.019*** 0.962*** 1.422*** 0.778** 

  legend: * p<0.05; ** p<0.01; *** p<0.001 
 

Table 2.4 Coefficients of Risk Characteristics on Atorvastatin Use (1997~2005) 

  

Robust S.E. 
+time 

dummy+time 
interaction 

Random 
Effect+time 

dummy+time 
interaction 

  Year coef p-value coef p-value 
1997 2.330 0.000 3.023 0.000 
1998 2.169 0.000 2.914 0.000 
1999 2.182 0.000 3.298 0.000 
2000 1.732 0.000 2.754 0.000 
2001 1.736 0.000 2.768 0.000 
2002 1.680 0.000 2.520 0.000 
2003 1.618 0.000 2.685 0.000 

CHD 

2004 1.805 0.000 3.047 0.000 
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2005 1.765 0.000 3.010 0.000 
1997 1.189 0.000 1.303 0.000 
1998 1.119 0.000 1.494 0.000 
1999 1.096 0.000 1.568 0.000 
2000 1.065 0.000 1.558 0.000 
2001 0.891 0.000 1.333 0.000 
2002 1.085 0.000 1.665 0.000 
2003 1.253 0.000 1.990 0.000 
2004 1.274 0.000 2.056 0.000 

Diabetes 
Only 

2005 1.399 0.000 2.193 0.000 
1997 0.868 0.000 0.929 0.000 
1998 1.182 0.000 1.485 0.000 
1999 0.961 0.000 1.267 0.000 
2000 0.931 0.000 1.324 0.000 
2001 0.856 0.000 1.279 0.000 
2002 0.901 0.000 1.358 0.000 
2003 0.965 0.000 1.494 0.000 
2004 1.031 0.000 1.606 0.000 

Hypertension 
Only 

2005 1.007 0.000 1.560 0.000 
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Figure 2.9 Coefficient Estimate from Robust S.E. Model 
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Abstract 
 

A great deal of controversy exists about the value of new drug innovations.  We take 

a strictly empirical approach to quantifying this parameter.  We think of new drugs as 

having two distinct effects on patients.  First, they can provide better outcomes for 

patients currently under treatment, due to better clinical efficacy. Second, they can also 

draw more patients into treatment, perhaps by reducing side effects or extending clinical 

benefits to a population that did not respond to previous therapies.  We compare these 

clinical and access-expansion effects for a systematically chosen list of drugs using 

claims data and the clinical trials literature.  Most of the drugs studied offer clinical 

benefits, either by reducing mortality directly or reducing the onset of other serious health 

conditions.  However, the effect of new drug introductions on the number of patients 

treated accounts for a substantial majority of the value created by new drugs. 
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3.1. Introduction 
There is much debate among policymakers and researchers about the value of 

pharmaceutical innovation.  Some argue that the health improvements generated by 

spending on research and development more than justify its cost.1 Others argue that a 

great deal of pharmaceutical innovation is of an incremental nature that does little to 

improve patient health, above and beyond the benefits of existing treatments.2 

To be sure, a substantial body of evidence already exists on these questions.  For 

example, Lichtenberg relates trends in drug launches by disease to trends in disease 

specific mortality in 52 countries from 1982 to 2001.3  The results show that new drugs 

accounted for 40% of the increase in life expectancy during this period.  On the other 

hand, several important papers in the medical literature have concluded from selected 

clinical trial data that new drugs are not beneficial.2  The advantage of the first study is its 

broader applicability.  The advantage of the second is its proximity to the mechanisms 

that run from new drugs to health, an approach which helps ensure that the relationship 

between drug arrival and health trends is a causal one. 

In this paper, we combine the virtues of these two opposed approaches, by conducting 

a systematic study of new drug benefits, based on well-defined mechanisms for health 

improvement.  We hope to overcome the problems both of spurious correlation and of 

narrow specificity.  An additional innovation is our consideration of effects on mortality 

and the onset of other diseases.   

Our approach incorporates evidence on clinical efficacy from reviews of the medical 

literature, as well as the effects of new drug launches on drawing more people into 
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treatment.  We refer to these as the “clinical effects” and “access effects” of new drug 

launches, respectively.  A new drug can have therapeutic advantages over existing 

treatments, in terms of reduced mortality or morbidity risk. This “clinical effect” 

improves the outcomes of the population already treated using existing therapies.4 In 

addition, new drugs often alleviate side effects, or allow the treatment of previously 

untreatable patients, leading to an “access effect.” 

We begin by specifying a simple conceptual framework for quantifying the benefits 

of new drugs, and then turn to the estimation of clinical and access effects.  We then 

provide some context for our results, by simulating the effects of new drug introductions 

on health.   

3.2. Conceptual Framework 
By definition, patients diagnosed with a particular disease are either treated or 

untreated.  The advent of a new drug can have impacts on the health of both these groups.  

The “clinical effect” is the impact on the treated, while the “access effect” is the impact 

on the untreated. 

Clinical effect.  When a new drug is discovered, treated patients have the option of 

switching to it and gaining the incremental clinical benefits — if any — of the new drug, 

compared to existing treatments.  Therefore, the total clinical benefit of a new drug 

discovery is equal to:  the number of treated patients who switch to the new drug, 

multiplied by the marginal benefit of the new drug compared to the best available 

alternative.  The latter number is the clinical benefit of the drug in a head-to-head trial.  

When we implement this calculation, we assume that all treated patients eventually 

switch to a therapy that is superior to alternatives, but not to one that is inferior. 
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Access effect.  A new drug may be indicated for some untreated patients who were 

previously unable to receive therapy, due to side effects or comorbidities.  In this respect, 

new drug discoveries can have benefits for the untreated population as well.  The size of 

this benefit is equal to the number of untreated patients who switch to the new drug, 

multiplied by the marginal benefit of the new drug compared to no treatment.  The latter 

is the clinical benefit of the drug compared to a placebo, assuming that the untreated 

patients already derive the psychological benefits of placebo treatment. 

To illustrate the action of the framework above, consider a new drug for the treatment 

of heart disease.  Assume this hypothetical new drug reduces mortality by 10%, 

compared to the best available existing treatment.  Compared with no treatment, 

however, it leads to a 20% decrease in mortality risk.  Now, suppose half of diagnosed 

heart disease patients take the best-available existing treatment, while the other half is 

untreated.  Since untreated patients are likely to be healthier than the treated, it is not 

clear who faces higher or lower mortality risks.  For simplicity in this example, assume 

that both treated and untreated patients face the same survival probability.  Finally, 

assume the introduction of the new drug means that half the currently untreated patients 

receive access to the new treatment.  In our example, the new drug has the following 

effects: 

1. The treated population, or 50% of the diagnosed population, enjoys a 10% 

reduction in mortality; 

2. Half the untreated population, or 25% of the diagnosed population, switches 

from no treatment to the new treatment, and enjoys a 20% reduction in 

mortality; 
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3. Half the untreated population, or 25% of the diagnosed population, continues to 

remain untreated and derives no benefit. 

The average mortality reduction equals: 

%10%20*%25%10*%50%0*%25 .  We now present our methods for 

estimating each component of this calculation.   

3.3. Data and Methods 
We estimate the health effects of new drugs for the following conditions: heart 

disease, hypertension, stroke, lung disease, cancer (excluding skin cancer), diabetes, and 

depression. These broadly defined conditions span the most prevalent health problems in 

the United States population.  

For each of these conditions, one could in principle consider the whole universe of 

new drugs and calculate an average effect for each of them. This is likely to be a difficult 

task. However, top-selling drugs are the most likely to have clinical effects, and have 

been in general the most studied and reviewed.  This makes the estimated clinical 

benefits more reliable.  For each of our diseases, therefore, we survey the clinical effects 

for the top 5 selling drugs in that disease group, and assume conservatively that all other 

drugs outside the top 5 have no therapeutic benefits.  Therefore, we estimate the effects 

of drugs in two parts:  calculate the probability that a new drug will be a “top-seller,” and 

apply the expected therapeutic benefit of a top-selling drug. 

List of New Top Selling Drugs 
We construct a list of new top-selling drugs from INGENIX, a large, nationwide, 

longitudinal claims-based database (1997-2004).5 This database has roughly 8 million 

person years of observations from over 40 employers and contains detailed information 

on prescription drug, outpatient and inpatient expenditures.  We start with a list of all new 
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drugs approved by the Food and Drug Administration (FDA) from 1995 to 2002. We 

consider new chemical entities (NCEs) as well as reformulation and recombination drugs, 

but exclude generics. Next, we map each new drug to at least one particular health 

condition, based on approved indications for each drug. 

We use the above mapping of drugs to health conditions and the INGENIX data on 

sales of drugs from 1997 to 2004 to rank drugs for each health condition according to 

revenues in the 2nd year following introduction.6 We define the top 5 drugs for each 

health condition as “top selling drugs”. The name of the drug, generic name, and the 

introduction date are presented in Appendix A. We compute the fraction of drugs that 

were top selling for each health condition by the dividing the number of top selling drugs 

for each health condition by the total number of drugs approved for each health condition 

during the period 1995 to 2002. 

Calculating Effects on Health 
For each of the top selling drugs, we survey the medical literature for clinical trials. 

When more than one estimate is available, we average the effects found.  We found at 

least one trial reporting an estimate for each health effect.   

We searched for the impacts of top-selling drugs on mortality, and on the incidence of 

all 6 other health conditions under consideration.  However, we follow Goldman et al. 

(2005) in ruling out some causal links, based on expert opinion.7 For example, we assume 

that there is a causal link between hypertension and diabetes, but not from hypertension 

to cancer. We do not investigate the effect of new drugs on recovery or cure rates.  Table 

3.1 summarizes results from the survey of the literature for those effects. Appendix B 

gives detail on the calculation of each estimate. These calculations provide the estimates 

of (1) the effects of the drug as compared to the best available alternative and (2) the 
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effects of the drug as compared to placebo.  As discussed earlier the clinical effect of new 

drug is simply the estimate in (1) times the size of the treated population.  

Access Effect:  Change in Fraction Untreated 
To calculate the access effect, we need to estimate the decrease in the fraction of 

untreated individuals following the introduction of a new drug. We estimate this effect 

using prescription claims data from INGENIX. By merging the drug consumption data 

with data on the introduction date of new drugs (from Appendix A),  we get a panel data 

set of the number of prescriptions consumed monthly for each class before and after the 

introduction of the top 5 drugs (from 1997.1 to 2004.12).8 Our strategy is to compute the 

effect of drug launches on class-level prescriptions, relative to the secular trend in 

prescriptions for that class. The associated regression model includes the natural 

logarithm of monthly prescriptions in a class c as the dependent variable. The model 

covariates include class fixed-effects (dummy variables for each class) that control for 

time-invariant differences in prescriptions for each class and linear class-specific time 

trends that control for pre-existing time trends in sales.9 

The key independent variables are a series of dummy variables that take the value of 

1 when a new top selling drug has been on the market for:  zero to three months, four to 

six months, seven to twelve months, and more than 12 months, respectively. We use the 

longest-run effects, twelve months after introduction, to compute the eventual change in 

fraction of untreated population due to new launches. 

Access and Incidence Rates by Conditions 
Three more parameters are needed to compute average relative risks from equation 1. 

First, we need to know, for each condition, the fraction untreated.  This is the fraction of 

diagnosed individuals not taking existing drugs. Second, we need estimates of the 



72 

mortality risks for those treated and untreated. We use the Health and Retirement Study 

(HRS) for that purpose. The HRS is a nationally representative longitudinal study of the 

age 50+ population. It asks about lifetime prevalence of the seven conditions we use as 

well as the consumption of drugs for those diagnosed with these conditions. It also tracks 

mortality. Mortality rates from the HRS closely track the corresponding figures from life-

tables.10 

To construct estimates of mortality risk, we use hazard models estimated on the 1992-

2002 waves of the HRS. The hazard models include baseline demographics, disease 

indicators from the previous wave, health-risk behaviors, and age. We use similar models 

to estimate the risk of onset of health conditions. Appendix C presents the model used 

along with point estimates and goodness-of-fit tests on the HRS data. Table 3.3 gives the 

lifetime prevalence in 2004 of various conditions, the fraction untreated among the 

diagnosed population and predicted transition rates based on hazard models. 

[INSERT TABLE 3.3 HERE] 
 

Of the 54.6% of individuals aged 50+ in 2004 with hypertension, only 11% do not 

take medication for that condition according to the HRS. A somewhat larger fraction with 

diabetes and heart disease does not take medication (18.3% and 33.8%). Cancer and 

stroke are the two conditions with the fewest respondents treated with drugs (77.2% and 

63.3% are untreated). The next column presents the estimates of the reduction in the 

fraction untreated following introduction of a new drug.  Finally, predicted incidence 

rates prior to new drug introduction are roughly similar across groups of treated and 

untreated patients, but perhaps slightly higher in the treated group. Hence, we explicitly 
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account for the fact that therapeutic benefits of treatment may be lower for the currently 

untreated, because their condition is likely less severe. 

3.4. Results 
Access Effects 

New drugs may increase the proportion of the diagnosed population that receives 

treatment.  This can happen through the amelioration of side effects, expansion of 

therapeutic eligibility criteria, or greater awareness.  Table 3.2 presents estimation results 

from multivariate regressions that estimate the effects of top-seller launches on the 

number of prescriptions within a drug class. Figure 3.2 presents the key findings based on 

these regressions. 

[INSERT TABLE 3.2 HERE] 

[INSERT FIGURE 3.2 HERE] 

The results show that the introduction of top-selling chemical entities significantly 

increases the use of drugs within their drug class. For example, prescriptions in a drug 

class increase by an average of 7% in the first three months, 18.3% (or an additional 

11.3%) by months four to six, 24.5% by months seven to twelve after an NCE 

introduction to that drug class. These effects are not limited to the first year after the 

introduction of a NCE. In fact, our estimates show little evidence of decay when 

considering time frames longer than the first year after introduction (21.3% vs. 24.5%).  

This long-run effect is statistically significant at the 5% level.11 

Clinical Effects 
New drugs can also improve health by directly reducing mortality or reducing the 

onset of new conditions. As discussed earlier, we need to compute the clinical effects of 
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new drugs relative to placebo, and relative to the best-available alternative.  The results 

are shown in Table 3.1. 

[INSERT TABLE 3.1 HERE] 

The blanks in the table indicate that there is no clinical pathway between the two 

conditions.  Therefore, we restrict these effects to be zero. 

Average Effects of Top-Selling Drug Launches 
We combine the previous elements — access effects and clinical effects — to 

construct the effect on health for the average new top-seller introduction.  This combines 

the estimated effects of a top-seller on access and health.  Table 3.4 shows how new top 

selling drugs for each of the seven diseases we study would reduce mortality and the risk 

of onset of serious health conditions.  

[INSERT TABLE 3.4 HERE]  

The results show that new top selling drugs for lung disease, diabetes and cancer 

would have reduced annual mortality risk by 11%, 9% and 7% respectively. Drugs for 

other diseases we considered including heart disease, hypertension and stroke had no 

direct effect on mortality. However, new top selling drugs for these diseases significantly 

reduced the risk of onset of new health conditions.  For example, new top-selling drugs 

for heart disease reduced annual risk of suffering a stroke by 8%. Similarly, new top-

selling drugs for hypertension reduced the annual risk of suffering from heart disease and 

stroke by 3.6% and 2.6% respectively. It is important to note that Table 3.4 presents the 

health effects of a select group of new drugs – the top sellers within each disease 

category. However, not every new drug would be a top seller. 

Probability of Top-Seller 
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We have adopted the conservative assumption that any drug that is not a top-seller 

has no beneficial impacts.  Therefore, the access and clinical effects are effectively 

discounted by the probability that a new drug will be a top-seller.  Table 3.5 presents the 

results of this calculation.  

[INSERT TABLE 3.5 HERE] 

The table illustrates the entire time-series of new drug introductions and new top-

seller introductions by disease, and presents the resulting probability of top-seller, 

estimated over the 1995 to 2002 data.  The estimated probability ranges from 9% (cancer) 

to 33% (stroke). 

Average Effects of a New Drug Introduction 
The next step is to calculate the effect of the average new drug introduction.  This 

combines the probability that the drug will be a top-seller, with the expected health 

benefits of a top-seller drug.  We continue to maintain the conservative assumption that 

all drugs other than top-sellers have no effects on health. 

Table 3.6 presents the expected effect of a new drug for each of the seven diseases 

assuming that drugs other than those on our top 5 list had no clinical effects. The 

numbers reported in this table essentially weight the total effect of top selling drugs with 

the probability that the drug would be a top seller.  

The average new drug has a fairly modest effect on health.  New launches in 

diabetes, lung disease, and cancer lower mortality risk by 2.3%, 1.5%, and 0.7%, 

respectively.  Launches in other categories have no effects.  These effects were 

conservatively estimated.  Therefore, the long-run health effects should be viewed as 

lower bounds on the true benefits from new drugs.  

Decomposing Access and Clinical Effects 
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As discussed earlier, new drugs can improve health through two channels. First they 

can increase the proportion of people (access effect). Second, they can improve the 

outcomes of those who switch from old therapies to new therapies (clinical effect). 

Access effects are often overlooked but might be very important. To illustrate this we 

estimate the effects of new drugs under 2 scenarios: (1) new drugs have no access effect; 

(2) new drugs have both clinical effects and access effects (estimates reported in Tables 

3.4 and 3.6). Comparing estimates from the above scenarios allows us to compute the 

fraction of the total effect of new drugs that can be attributed to the access effect. Table 

3.7 reports the findings from this analysis.  

[INSERT TABLE 3.7 HERE]  

The overall pattern of results is striking. For most new top-selling drugs the access 

effect accounts for all the health benefits of new drugs.  Indeed, with the exception of 

lung disease and cancer, all the benefits are driven by the access effect.  The access 

effects are easier to identify empirically than the clinical effects.  Therefore, our 

quantitative approach reveals benefits that are tilted towards these quantifiable 

components.  In most of the clinical trials we reviewed new drugs did not offer any 

greater clinical benefits compared to existing treatments. 

Simulation of the Effects on Population Health 
The above estimates show the effects of new drugs on annual mortality risks and risk 

of onset of new conditions. Such estimates, although useful in their own right, can also be 

used to simulate impacts on long run population health. To illustrate this, we use a the 

microsimulation model developed and described in our companion paper on the effects of 

global pharmaceutical regulation.  That model is described more fully in that paper, and 

in the technical appendix.  Briefly, its core is a set of predicted health transition rates 
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which are used to simulate the health transitions that the US population is projected to 

experience under various scenarios.  We apply the estimated impacts of new innovation 

to those health transitions to calculate the long-run effects on health and health spending 

of new drug introductions.  

We start the simulation with the 2004 HRS sample of respondents aged 55+. We then 

predict each respondent’s transition probabilities to the various conditions he/she does 

not already have. Next, we randomly draw the number of top-selling drug introductions 

using the probabilities calculated in Table 3.5 and the historical average number of new 

drugs. If at least one top selling drug is introduced for a particular condition, we apply the 

appropriate average clinical effect calculated in Table 3.4 to the predicted probabilities of 

those diagnosed with the condition.  We then use the model to “age” the population 

forward, which involves mortality for some respondents, disease onset for others, and no 

changes for a third set.   

To estimate the health benefits from the introduction of new drugs, we consider the 

following experiment, where the probability of a new top selling drug for cancer doubles 

permanently from 0.09 to 0.18. We consider how this affects the number of individuals 

with cancer, as well life-expectancy, from 2005 to 2025.  

From our estimates, new cancer drugs only affect survival rates but not the likelihood 

of being diagnosed with other conditions. Figure 3.3 shows that doubling the arrival rate 

of top-selling cancer drugs increases the size of the population with cancer, due to the 

reduction in cancer mortality.  Table 3.8 shows that, by 2025, population is higher by 

242,000 individuals. Average life-expectancy across all 55 year-olds increases by an 

average of 26.9 days from 2005 to 2025.   
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Using a value of statistical life-year of $200K, which is conservative according to 

Viscusi and Aldy,12 this represents roughly an average benefit of $14,700 per individual. 

This change can be compared to the change in pharmaceutical profits required to generate 

this additional innovation.  Acemoglu and Linn (2004) estimated that a 1% increase in 

pharmaceutical sales leads to an approximately 4% increase in the number of new 

chemical entities annually.13  This means sales would need to increase by 25% to 

generate such a gain in population health. Total worldwide sales for cancer drugs in 2005 

were $48.3 billion.14 Hence, the increase in sales necessary for that change in innovation 

would be $12.1 billion, or $186 per individual aged 55+ in the U.S. in 2004.15 Since 

individuals aged 55+ live on average for 23.1 years, this means that to support this 

permanent increase in innovation, they would need to pay on average an additional $4.3K 

over their life-time.  This implies a reasonably high rate of return on stimulating 

pharmaceutical R&D investments, where the benefit is roughly three times the cost. 

Of course, there is no feedback in this simulation from changes in health to sales, 

which in turn may affect future innovation. For example, as the population with cancer 

grows, so do sales of cancer drugs.  This can provide further stimulus for innovation. We 

are looking at the long-term effect of permanently changing the rate of innovation, 

without allowing for a behavioral response from the pharmaceutical industry.  Our 

companion paper on the impacts of global pharmaceutical regulation incorporates this 

feedback loop. 

3.5. Conclusion 
This paper presented a novel methodology to assess the health effects of new drugs. 

We incorporated clinical evidence along with access effects following the introduction of 
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drugs to calculate average effects on mortality risks and risk of onset of new health 

conditions. The results show that new drugs for most of the conditions we studied offer 

substantial health benefits. They either reduce mortality directly or reduce the onset of 

other serious health conditions. The results also showed that access effects which are 

often overlooked account for a majority of the health benefits of new drugs.  

The estimates we developed could be used as inputs in models of population health. 

Such models can then be used to analyze various scenarios which may affect 

pharmaceutical innovation. We analyze the effects of increasing innovation in cancer 

drugs by 50%. We found that such an increase in innovation offers significant health 

benefits which more than offset the costs of providing these drugs. We should emphasize 

that we have been rather conservative on the health benefits of new drugs. In particular, 

we have assumed drugs other than those in the top 5 for each condition did not have any 

effect on population health. When clinical evidence from the literature was not available 

or not statistically significant for any of the Top 5 drugs, we assumed there was no effect. 

This allows us to put a lower bound on the health effects. As we have shown, even with 

such conservative estimates, innovation in cancer drugs appeared to yield substantial 

benefits relative to their cost.
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Figure 3.1 Effects of a New Drug 
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Figure 3.2 Access Effect 

 

Notes: Based on Estimation Results from Table 2. Regression of monthly log(number 
of prescriptions) on launch of new chemical entit ies and reformulations.
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Figure 3.3 Health Effects of Increased Innovation for Cancer Drugs 
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Notes: Serie smoothed using simulation results from Table 3.8. 
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Table 3.1 Summary of Clinical Effects Found in Medical Literature 

                                  

  Relative Risk (RR) for New Drug Divided by a Control Group, where control is P=Placebo, E=Existing Treatment 
  Heart disease Hypertension Stroke Lung Disease Diabetes Cancer Depression Mortality 

Condition 
treated RR(P) RR(E) RR(P) RR(E) RR(P) RR(E) RR(P) RR(E) RR(P) RR(E) RR(P) RR(E) RR(P) RR(E) RR(P) RR(E) 
heart disease         0.475 1             1 1 1 1 
hypertension 0.643 1     0.729 1             1 1 1 1 
stroke                         1 1 1 1 
lung disease                         1 1 1 0.796 
diabetes 0.690 1 1 1 0.533 1             1 1 0.52 1 
cancer         1 1             1 1 0.837 0.728 
depression                             1 1 

Notes: See Appendix B for details on the calculations. This matrix assumes a set of causal clinical mechanisms described in Goldman et al. (2004). Empty cell 
implies that there is no causal clinical mechanism in the model. 
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Table 3.2 Access Effect Regression Results 

        

  Coefficient P-Value   
Launched 0~3 
Months 0.067 0.417 
      

Number of 
observations: 
2711 

Launched 3~6 
Months 0.183 0.095   

      
R-Square: 
0.973 

Launched 6~12 
Months 0.245 0.032 

  

      
Launched >=12 
Months 0.213 0.042 
      

Time period: 
Jan 1997~Dec 
2004 

Notes: OLS regression of log(number of prescriptions). 
Standard errors allow for clustering at the USC-5 class level. 
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Table3.3 HRS Disease Prevalence, Drug Usage, and Predicted Incidence Rate 
                           

    Predicted Incidence Rate Prior to Introduction For 

    Heart disease Hypertension Stroke Depression Mortality 
condition 
treated prevalence 

fraction 
untreated 
before 
introduction 

reduction 
in fraction 
untreated 

untreated treated untreated treated untreated treated untreated treated untreated treated 
heart disease 0.253 0.338 0.141         0.026 0.030 0.028 0.031 0.037 0.047 
hypertension 0.546 0.110 0.110 0.048 0.050     0.022 0.023 0.024 0.024 0.026 0.027 
stroke 0.080 0.632 0.078             0.039 0.040 0.063 0.069 
lung disease 0.102 0.467 0.114             0.040 0.047 0.047 0.053 
diabetes 0.176 0.183 0.174 0.068 0.071 0.074 0.081 0.032 0.032 0.029 0.030 0.041 0.040 
cancer 0.141 0.772 0.049         0.022 0.022 0.026 0.021 0.040 0.037 
mental 0.165 0.426 0.122                 0.032 0.029 

Notes: Calculations from HRS 2004 data. Sample weights used.                    
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Table 3.4 Average Risk Reduction in Mortality and Disease Onset of a Top Selling Drugs 
                  

  Average Risk Reduction Following Introduction of New Blockbuster Drug 
condition 
treated heart hypertension stroke 

lung 
disease diabetes cancer depression mortality 

heart     6.7%       0.0% 0.0% 
hypertension 3.8%   2.9%       0.0% 0.0% 
stroke             0.0% 0.0% 
lung disease             0.0% 11.5% 
diabetes 5.2% 0.0% 8.1%       0.0% 8.5% 
cancer     0.0%       0.0% 6.6% 
depression               0.0% 
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Table3.5 Probability of a New Top Selling Drug for Each Health Condition, 1998-2002 

                                          

New drugs Heart   Hypertension   Stroke   Lung Disease   Diabetes   Cancer   Depression 
  total top   total top   total top   total top   total top   total top   total top 

1995 8 0   8 0   4 0   4 0   2 0   8 1   0 0 
1996 5 1   6 1   1 0   8 1   2 0   10 0   2 1 
1997 4 1   6 1   3 2   7 0   3 1   6 0   3 1 
1998 6 1   4 1   1 0   5 0   0 0   7 1   2 1 
1999 1 0   1 0   2 1   5 0   4 2   7 2   4 1 
2000 4 1   2 0   2 1   4 3   6 2   5 0   1 0 
2001 5 0   2 1   1 1   7 1   1 0   4 1   2 0 
2002 5 1   3 1   1 0   5 1   2 0   6 0   3 1 

Total 38 5   32 5   15 5   45 6   20 5   53 5   17 5 
Average 4.75 0.625   4 0.625   1.875 0.625   5.625 0.75   2.5 0.625   6.625 0.625   2.125 0.625 
Fraction top   0.13     0.16     0.33     0.13     0.25     0.09     0.29 
Notes: Information on new chemical entities, new formulation, and new combination drugs taken from the FDA websites. The FDA lists indications for each drug which were then mapped to our set of 
conditions. The top-selling drugs are identified in Appendix A according to revenues, two years after introduction according to the INGENIX database. 

  
Table3.6 Expected Effect of a New Drug 

                      

    Expected Risk Reduction Following Introduction of a New Drug   

  
condition 
treated heart hypertension stroke 

lung 
disease diabetes cancer depression mortality   

  heart     2.2%       0.0% 0.0%   
  hypertension 0.5%   1.0%       0.0% 0.0%   
  stroke             0.0% 0.0%   
  lung disease             0.0% 1.5%   
  diabetes 0.7% 0.0% 2.7%       0.0% 2.1%   
  cancer     0.0%       0.0% 0.6%   
  depression               0.0%   
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Table3.7 Fraction of Access Effect out of Total Effect 
                  

  Fraction of Access Effect 
condition 
treated heart hypertension stroke 

lung 
disease diabetes cancer depression mortality 

heart     100.0%       100.0% 100.0% 
hypertension 100.0%   100.0%       100.0% 100.0% 
stroke             100.0% 100.0% 
lung disease             100.0% 0.0% 
diabetes 100.0% 100.0% 100.0%       100.0% 100.0% 
cancer     100.0%       100.0% 12.1% 
depression               100.0% 
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Table3.8 Health Effects of Increased Innovation for Cancer Drugs 
                        
  Simulation outcomes(millions) 

  Diagnosed with Cancer   Population  
Remaining Life-Expectancy        

(at age is 55) 

year base high prob effect   base high prob Effect   base high prob effect 
2005 9.894 9.894 0.000   65.088 65.111 0.023   23.12 23.13 0.010 
2006 10.445 10.476 0.003   67.357 67.366 0.009   23.15 23.21 0.059 
2007 10.916 10.934 0.019   69.504 69.574 0.070   23.19 23.26 0.071 
2008 11.293 11.337 0.045   71.585 71.672 0.086   23.27 23.38 0.116 
2009 11.647 11.715 0.068   73.673 73.757 0.084   23.33 23.46 0.136 
2010 11.965 12.055 0.090   75.764 75.857 0.094   23.33 23.47 0.143 
2011 12.246 12.338 0.092   77.891 77.971 0.080   23.37 23.48 0.117 
2012 12.466 12.562 0.096  80.037 80.163 0.126   23.40 23.51 0.109 
2013 12.747 12.880 0.133  82.175 82.324 0.149   23.44 23.52 0.077 
2014 12.976 13.130 0.154  84.409 84.580 0.171   23.41 23.48 0.074 
2015 13.218 13.408 0.189  86.623 86.802 0.180   23.46 23.49 0.035 
2016 13.404 13.638 0.235  88.792 89.015 0.222   23.43 23.48 0.051 
2017 13.700 13.926 0.226  91.019 91.225 0.206   23.40 23.44 0.038 
2018 13.962 14.155 0.192  93.134 93.363 0.229   23.42 23.44 0.019 
2019 14.215 14.423 0.209  95.281 95.523 0.242   23.43 23.47 0.039 
2020 14.476 14.714 0.238  97.371 97.605 0.234   23.37 23.48 0.109 
2021 14.727 14.995 0.268  99.318 99.550 0.232   23.39 23.44 0.055 
2022 15.009 15.292 0.283  101.123 101.370 0.246   23.38 23.43 0.051 
2023 15.367 15.616 0.249  102.751 103.010 0.259   23.35 23.43 0.074 
2024 15.641 15.899 0.258  104.227 104.541 0.314   23.32 23.41 0.081 
2025 15.891 16.158 0.266  105.658 105.900 0.242   23.34 23.42 0.083 

Notes: Simulation repeated 30 times. Remaining life expectancy is life years divided by population age 55 alive in that year. 
Probability a new cancer drug is a blockbuster drug is 0.09 in base scenario and 0.18 in the high probability scenario. 

 



 90

Appendix A:  Top 5 Drugs by Health Condition 

(1) Heart Disease 
 Drug Name Active Ingredient Innovation Type Introduction Date 

1 LIPITOR Atorvastatin Calcium New Ingredient 1996.12 

2 ZETIA Ezetimibe New Ingredient 2002.10 

3 PLAVIX Clopidogrel Bisulfate New Ingredient 1997.11 

4 CARTIA XT Diltiazem Hydrochloride New Formulation 1998.7 

5 WELCHOL Colesevelam 
Hydrochloride 

New Ingredient 2000.5 

(2) Hypertension 

(3) Stroke 
 Drug Name Active Ingredient Innovation Type Introduction Date 

1 PLAVIX Clopidogrel 
Hydrochloride 

New Ingredient 1997.11 

2 AGGRENOX Dipyridamole + Aspirin New Combination 1999.11 

3 AGRYLIN Anagrelide 
Hydrochloride 

New Ingredient 1997.3 

4 ARIXTRA Fondaparinux Sodium New Ingredient 2001.12 

5 INNOHEP Tinzaparin Sodium New Ingredient 2000.7 

 

 Drug Name Active Ingredient Innovation Type Introduction Date 

1 CARTIA XT Diltiazem  
Hydrochloride 

New Formulation 1998.7 

2 TRACLEER Bosentan New Ingredient 2001.11 

3 BENICAR Olmesartan Medoxomil New Ingredient  2002.4 

4 AVAPRO Irbesartan New Ingredient  1997.9 

5 DIOVAN Valsartan New Ingredient  1996.12 
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(4) Lung Disease 

(5) Diabetes 
 Drug Name Active Ingredient Innovation Type Introduction Date 

1 ACTOS Pioglitazone 
Hydrochloride 

New Ingredient 1999.7 

2 AVANDIA Rosiglitazone Maleate New Ingredient 1999.5 

3 REZULIN Withdrawn New Ingredient 1997.1 

4 GLUCOPHAGE XR Metformin 
Hydrochloride 

New Formulation 2000.10 

5 GLUCOVANCE Glyburide + Metformin 
Hydrochloride 

New Combination 2000.7 

(6) Cancer 
 Drug Name Active Ingredient Innovation Type Introduction Date 

1 GLEEVEC Imatinib Mesylate New Ingredient 2001.5 

2 CASODEX Bicalutamide New Ingredient 1995.10  

3 TEMODAR Temozolomide New Ingredient 1999.8 

4 XELODA Capecitabine New Ingredient 1998.4 

5 AROMASIN Exemestane New Ingredient 1999.10 

(7) Depression 
 Drug Name Active Ingredient Innovation Type Introduction  Date 

1 LEXAPRO Escitalopram Oxalate New Indication 2002.8 

2 PAXIL CR Paroxetine 
Hydrochloride 

New Formulation 1999.2 

3 CELEXA Citalopram 
Hydrovromide 

New Ingredient 1998.7 

4 EFFEXOR XR Venlafaxine 
Hydrochloride 

New Formulation 1997.1 

5 WELLBUTRIN SR Buproprion 
Hydrochloride 

New Formulation 1996.10 

 

 Drug Name Active Ingredient Innovation Type Introduction Date 

1 ADVAIR DISKUS Fluticasone Propionate+ 
Salmeterol Xinafoate 

New Combination 2000.8 

2 FLOVENT Fluticasone Propionate New Formulation 1996.3 

3 BIAXIN XL Clarithromycin New Formulation 2000.3 

4 AUGMENTIN XR Amoxicillin + 
Clavulanate 

New Formulation 2002.9 

5 ZYVOX Linezolid New Ingredient 2000.4 
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Appendix B Details and Reference for Calculation of Clinical Effects in Table 3.1 

Causal Link
From                To                    Drug                Control Group Reference         Calculation

heart stroke LIPITOR Placebo Schwartz, G. G., Olsson Ag, Ezekowitz Md, et al. Effects of 
atorvastatin on early recurrent ischemic events in acute coronary 
syndromes the MIRACL study a randomized controlled trial.  
Journal of the American Medical Association. 2001;285(13):1711-
1718.

translate RRR into 
annual RRR by 
assuming RRR to be 
conatant over years

hypertenstion heart LIPITOR Placebo Sever, P. S., Dahlof, B., Poulter, N. R., et al. Prevention of 
coronary and stroke events with atorvastatin in hypertensive 
patients who have average or lower-than-average cholesterol 
concentrations, in the Anglo-Scandinavian Cardiac Outcomes Trial--
Lipid Lowering Arm (ASCOT-LLA): a multicentre randomised 
controlled trial. Lancet. 2003;361(9364):1149-1158.

translate RRR into 
annual RRR by 
assuming RRR to be 
conatant over years

hypertension stroke LIPITOR Placebo Sever, P. S., Dahlof, B., Poulter, N. R., et al. Prevention of 
coronary and stroke events with atorvastatin in hypertensive 
patients who have average or lower-than-average cholesterol 
concentrations, in the Anglo-Scandinavian Cardiac Outcomes Trial--
Lipid Lowering Arm (ASCOT-LLA): a multicentre randomised 
controlled trial.[comment]. Lancet. 2003;361(9364):1149-1158.

translate RRR into 
annual RRR by 
assuming RRR to be 
conatant over years

diabetes heart LIPITOR Placebo Colhoun, H. M., Betteridge, D. J., Durrington, P. N., et al. Primary 
prevention of cardiovascular disease with atorvastatin in type 2 
diabetes in the Collaborative Atorvastatin Diabetes Study 
(CARDS): Multicentre randomised placebo-controlled trial. Lancet. 
2004;364(9435):685-696.

translate RRR into 
annual RRR by 
assuming RRR to be 
conatant over years

diabetes stroke LIPITOR Placebo Colhoun, H. M., Betteridge, D. J., Durrington, P. N., et al. Primary 
prevention of cardiovascular disease with atorvastatin in type 2 
diabetes in the Collaborative Atorvastatin Diabetes Study 
(CARDS): Multicentre randomised placebo-controlled trial. Lancet. 
2004;364(9435):685-696.

translate RRR into 
annual RRR by 
assuming RRR to be 
conatant over years

lung disease mortality ZYVOX Vancomycin ZYVOX label at FDA: 
http://www.fda.gov/cder/foi/label/2005/021130s008,009,021131s0
09,010,021132s008,009lbl.pdf

RRR=cure rate in 
treatment group/ 
cure rate in control 
group

diabetes mortality ACTOS or AVANDIA Placebo Michael Sheehan, Current Therapeutic Options in Diabetes 
Mellitus, Clinical Medicine and Research, 2003, Vol. 1, No. 3

Kay-Tee Khaw, Nicholas Wareham, Robert Luben, Sheila 
Bingham, Suzy Oakes, Ailsa Welch,Nicholas Day. Glycated 
haemoglobin, diabetes, and mortality in men in Norfolk cohort of 
European Prospective Investigation of Cancer and Nutrition 
(EPIC-Norfolk).British Medical Journal. Volume 322(7277), 6 
January 2001, pp 15-18. 

cancer mortality TEMODAR+radiotherapy radiotherapy Stupp et al. Radiotherapy plus Concomitant and Adjuvant 
Temozolomide for Glioblastmoa, New England Journal of 
Medicine, March 10, 2005

TAXOTERE+XELODA TAXOTERE FDA drug label of XELODA: 
http://www.fda.gov/cder/foi/label/2005/020896s016lbl.pdf

cancer mortality GLEEVEC Interferon- +Cytarabine Roy L, Guilhot J, Krahnke T et al. Survival Advantage from 
Imatinib Compared with the Combination Interferon-  plus 
Cytarabine in Chronic-phase Chronic Myelogenous Leukemia: 
Historical Comparison Between Two Phase 3 Trials. Blood. 
2006;108:1478-1484.

translate RRR into 
annual RRR by 
assuming RRR to be 
conatant over years

Both lower 
Hemoglobin A1C 
levels by 1.5 
percentage points,a 
1 % increase in 
HbA1c leads a 
relative risk increase 
of 1.28 relative to 
placebo, so RRR= 
1/(1.28)(1.5))= 0.52. 

RRR=average of 
RRR in each clinical 
trial, which is 
translated tinto 
annual RRR by 
assuming RRR to be 
conatant over years

Notes: all the values not available from clinical literature are imputed as 1, i.e., assuming no clinical effect.

http://www.fda.gov/cder/foi/label/2005/021130s008,009,021131s009,010,021132s008,009lbl.pdf
http://www.fda.gov/cder/foi/label/2005/020896s016lbl.pdf
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Appendix C Health Transition Model 

 
This appendix describes the methodological approach used for the estimation of 

the transition model as well as the simulation of future health transitions. We use the 
observed (reported) medical history of respondents in the Health and Retirement Study to 
infer incidence rates as a function of prevailing health conditions, age and other socio-
demographic characteristics (sex, race, risk factors such as obesity and smoking). The 
data from the Health and Retirement Study consists of a series of record of disease 
prevalence, recorded roughly every 2 years, from 1992 to 2002. Since incidence can only 
be recorded every two years, we use a discrete time hazard model. 

The estimation of such model is complicated by three factors. First, the report of 
conditions is observed at irregular intervals (on average 24 months but varying from 18 to 
30) and interview delay appears related to health conditions. Second, the presence of 
persistent unobserved heterogeneity (frailty) could contaminate the estimation of 
dynamic pathways or “feedback effects” across diseases. Finally, because the HRS 
samples is from a population of respondents aged 50+, inference is complicated by the 
fact that spells are left-censored, some respondents are older than 50 when first observed 
and have health conditions for which we cannot establish the age of onset.  

Since we have a stock sample from the age 50+ population, each respondent goes 
through an individual specific series of intervals. Hence, we have an unbalanced panel 
over the age range starting from 50 years old. Denote by  0ij  the first age at which 
respondent i is observed and 

iiTj  the last age when he is observed. Hence we observe 
incidence at ages 0 ,...,

ii i iTj j j . Record as , ,ii j mh =1 if the individual has condition m as 
of age ij . We assume the individual specific component of the hazard can be 
decomposed in a time invariant and variant part. The time invariant part is composed of 
the effect of observed characteristics ix  and permanent unobserved characteristics 
specific to disease m , ,i m . The time variant part is the effect of previously diagnosed 

health conditions , 1,ii j mh , (other than the condition m) on the hazard.19 We assume an 

index of the form , , 1, ,i im j i m i j m m i mz x h . Hence, the latent component of the 
hazard is modeled as 

 
*
, , , 1, , , , ,

0

,    

1,..., ,  ,..., ,  1,...,
i i i i

i

i j m i m i j m m i m m j i j m

i i iT

h x h a

m M j j j i N
. (D.1) 

We approximate , im ja  with an age spline. After several specification checks, a node at 
age 75 appears to provide the best fit. This simplification is made for computational 
reasons since the joint estimation with unrestricted age fixed effects for each condition 
would imply a large number of parameters..   
Diagnosis, conditional on being alive, is defined as 
 

                                                 
19 With some abuse of notation, 1ij  denotes the previous age at which the respondent was observed. 
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*

, , , , , 1,

0

max( ( 0), ) 

1,..., ,  ,..., ,  1,...,
i i i

i

i j m i j m i j m

i i iT

h I h h

m M j j j i N
.  (D.2) 

 
As mentioned in the text we consider 7 health conditions to which we add functional 
limitation (disability) and mortality. Each of these conditions is an absorbing state. The 
same assumption is made for ADL limitations, the measure of disability we use. The 
occurrence of mortality, censors observation of diagnosis for other diseases in a current 
year. Mortality is recorded from exit interviews and tracks closely the life-table 
probabilities. 
 
Interview Delays 

As we already mentioned, time between interviews is not exactly 2 years. It can 
range from 18 months to 30 months. Hence, estimation is complicated by the fact that 
intervals are different for each respondents. More problematic is that delays in the time of 
interview appears related to age, serious health conditions and death (Adams et al., 2003). 
Hence a spurious correlation between elapsed time and incidence would be detected 
when in fact the correlation is due to delays in interviewing or finding out the status of 
respondents who will be later reported dead. To adjust hazard rates for this, we follow 
Adams et al. (2003) and include the logarithm of the number of months between 
interviews, ,log( )

ii js  as a regressor.  
  
Unobserved Heterogeneity 

The term , ,ii j m  is a time-varying shock specific to age ij . We assume that this 
last shock is Type-1 extreme value distributed, and uncorrelated across diseases.20 
Unobserved difference im  are persistent over time and are allowed to be correlated 
across diseases 1,...,m M .  However, to reduce the dimensionality of the heterogeneity 
distribution for computational reasons, we consider a nested specification. We assume 
that heterogeneity is perfectly correlated within nests of conditions but imperfectly 
correlated across nests. In particular, we assume that each of first 7 health conditions 
(heart disease, hypertension, stroke, lung disease, diabetes, cancer and mental illness) 
have a one-factor term im m iC  where m  is a disease specific factor-loading for the 
common individual term iC . We assume disability and mortality have their own specific 
heterogeneity term iD  and iM . Together, we assume that the triplet ( , , )iC iD iM  has 
some joint distribution that we will estimate. Hence, this vector is assumed imperfectly 
correlated. We use a discrete mass-point distribution with 2 points of support for each 
dimension (Heckman and Singer, 1984). This leads to K=8  potential combinations. 

 
 
Likelihood and Initial Condition Problem 

                                                 
20 The extreme value assumption is analogous to the proportional hazard assumption in continuous time.  
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Parameters 1 1
( , , , , )M

m m m m m
F , where F  are the parameters of the 

discrete distribution, can be estimated by maximum likelihood. Given the extreme value 
distribution assumption on the time-varying unobservable (a consequence of the 
proportional hazard assumption), the joint probability of all time-intervals until failure, 
right-censoring or death conditional on the individual frailty is the product of Type-1 
extreme value univariate probabilities. Since these sequences, conditional on unobserved 
heterogeneity, are also independent across diseases, the joint probability over all disease-
specific sequences is simply the product of those probabilities.  

For a given respondent with frailty ( , , )i iC iD iM  observed from initial age 

0ij  to a last age
iTj , the probability of the observed health history is (omitting the 

conditioning on covariates for notational simplicity) 

 1, ,

0

1 1

1
(1 )(1 )0

, , ,
1

( ; , ) ( ; ) ( ; )
T Ti i

ij m ij M

i

i i

j jM
h h

i i i j ij m i ij M i
m j j j j

l h P P  (D.3) 

We make explicit the conditioning on 
0 0 0, , ,0 , ,( ,..., ) '

i i ii j i j i j Mh h h , we have no information 
on health prior to this age.  

To obtain the likelihood of the parameters given the observables, it remains to 
integrate out unobserved heterogeneity. The complication is that 

0, ,ii j mh , the initial 
condition in each hazard is not likely to be independent of the common unobserved 
heterogeneity term which needs to be integrated out. A solution is to model the 
conditional probability distribution 

0,( | )
ii i jp h . Implementing this solution amounts to 

including initial prevalence of each condition at baseline each hazard. Therefore, this 
allows for permanent differences in the probability of a diagnosis based on baseline 
diagnosis on top of additional effects of diagnosis on the subsequent probability of a 
diagnosis. The likelihood contribution for one respondent’s sequence is therefore given 
by 
 
 

0 0, ,( ; ) ( ; , )
i ii i j k i k i j

k

l h p l h  (D.4) 

where the kp  are probabilities for each combination of points of support k  k=1,…,K.  
The BFGS algorithm is used to maximize the log sum of likelihood contributions in 
equation (12) over the admissible parameter space.  
 
Clinical Restrictions 

Although statistically speaking, all elements of m  for all diseases should be 
unrestricted, it is likely that some of these estimates will reflect associations rather than 
causal effects because they help predict future incidence. Although we control for various 
risk factors, it is likely to that we do not observe some factors which are correlated with 
other diseases. In Medical terms however, some of these effects might be ruled 
improbable and we use results from the Medical literature to guide restrictions to impose 
on the elements of the m .  
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We use a set of clinical restrictions proposed by Goldman et al. (2005) based on 
expert advice. It turns out that these restrictions are not rejected in a statistical sense one 
we include initial conditions and unobserved frailty. 
 
 
 
Table D.1 Clinical Restrictions 

prevalence t-1 heart
blood 

pressure stroke
lung 

disease diabetes cancer mental disability mortality
heart x x x x

blood pressure x x x x x
stroke x x x

lung disease x x x
diabetes x x x x x x
cancer x x x x
mental x x x

disability x x x

hazard at (t)

Notes: x denotes a parameter which is allowed to be estimated.  
Descriptive Statistics and Estimation Results  

For estimation, we construct an unbalanced panel from pooling all cohorts 
together. We delete spells if important information is missing (such as the prevalence of 
health conditions). Hence, in the final sample, a sequence can be terminated because of 
death, unknown exit from the survey (or non-response to key outcomes), or finally 
because of the end of the panel.  

In each hazard, we include a set of baseline characteristics which capture the 
major risk factors for each condition. We consider education, race & ethnicity, marital 
status, gender and behaviors such as smoking and obesity. Finally, as discussed 
previously, we also include a measure of the duration between interviews in month. The 
average duration is close to 2 years. Table D.2 gives descriptive statistics at first 
interview. 
Table D.2 Baseline Characteristics in Estimation Sample 

Characteristics  (at first interview) N mean std. dev. min max
age in years 21302 64.1 11.2 50 103
less than high school 0.350 0.477 0 1
some college education 0.346 0.476 0 1
black 0.140 0.347 0 1
hispanic 0.068 0.251 0 1
married 0.703 0.457 0 1
male 0.431 0.495 0 1
ever smoked 0.591 0.492 0 1
obese (BMI>30) 0.210 0.407 0 1
duration between interviews (in 
months), averaged over all waves 23.4 2.8 1.8 30.9
Notes: All HRS Cohorts (HRS, AHEAD, CODA, War Babies)  

Estimates of the hazard models are presented in Table D.3. Estimates can be interpreted 
as the effect on the log hazard. 
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Table D.3 Estimates with Heterogeneity and Clinical Restrictions 

prevalence t-1 pe pe pe pe pe pe pe pe pe
heart -0.212 * 0.037 -0.160 * 0.599 **
blood pressure 0.033 0.042 0.169 * -0.115 0.426 **
stroke -0.172 0.240 * 0.864 **
lung disease -0.225 0.185 1.152 **
diabetes 0.062 0.346 ** 0.043 -0.422 ** -0.086 0.634 **
cancer -0.204 -0.141 0.222 ** 1.428 **
mental 0.336 ** 0.740 **
disability 0.199 ** 0.840 **

prevalence t=0
heart 0.076 0.483 ** 0.395 ** 0.190 ** 0.143 ** 0.272 ** 0.518 ** -0.220 **
blood pressure 0.358 ** 0.418 ** 0.046 0.578 ** 0.082 0.099 0.356 ** -0.277 **
stroke 0.030 0.238 ** -0.229 0.012 0.086 0.466 ** 0.425 ** -0.418 **
lung disease 0.511 ** 0.006 0.396 ** 0.014 0.301 ** 0.841 ** 0.627 ** -0.509 **
diabetes 0.540 ** 0.014 0.584 ** 0.014 -0.069 0.705 ** 0.711 ** 0.005
cancer 0.191 ** 0.050 0.244 0.259 ** -0.023 0.308 -0.128 -1.037 **
mental 0.335 ** 0.208 ** 0.422 ** 0.594 ** 0.171 * 0.012 0.512 ** -0.581 **
disability 0.330 ** 0.109 0.152 0.423 ** 0.127 0.057 0.478 ** -0.065

demographics
age <75 0.042 ** 0.021 ** 0.071 ** 0.019 ** 0.013 ** 0.044 ** -0.007 * 0.035 ** 0.030 **
age >75 0.038 ** -0.022 ** 0.055 ** -0.004 -0.044 ** -0.023 ** 0.038 ** 0.143 ** 0.112 **
black -0.268 ** 0.336 ** 0.153 * -0.363 ** 0.210 ** -0.092 -0.225 ** 0.447 ** 0.244 **
hispanic -0.441 ** 0.095 -0.199 -0.582 ** 0.420 ** -0.370 ** 0.194 ** 0.424 ** -0.073
male 0.336 ** -0.109 ** 0.063 -0.146 ** 0.364 ** 0.366 ** -0.458 ** -0.195 ** 0.420 **
ever smoked 0.176 ** -0.009 0.255 ** 1.040 ** 0.102 * 0.257 ** 0.187 ** 0.210 ** 0.344 **
obese (BMI>30) 0.196 ** 0.350 ** 0.106 0.059 1.065 ** 0.027 -0.032 0.552 ** -0.273 **
high school -0.169 ** -0.091 * -0.137 * -0.356 ** -0.274 ** -0.024 -0.334 ** -0.430 ** -0.029
college -0.191 ** -0.146 ** -0.252 ** -0.581 ** -0.312 ** 0.088 -0.461 ** -0.586 ** -0.168 **
log(time since l.w.) 0.996 ** 1.224 ** 1.242 ** 1.015 ** 1.296 ** 1.063 ** 1.102 ** 0.614 ** 6.547 **
constant -6.573 ** -6.121 ** -8.592 ** -7.164 ** -8.016 ** -7.859 ** -6.121 ** -4.433 ** -26.079 **
point 1 0 0 0 0 0 0 0 0 0
point 2 -1.353 ** -1.353 ** -1.353 ** -1.353 ** -1.353 ** -1.353 ** -1.353 ** -2.164 ** -2.176 **
Loading Factor 1 0.625 ** 1.637 ** 1.085 ** 0.678 ** 0.244 ** 1.308 ** 1 1
Probability estimates
point p(1,1,1) p(1,1,2) p(1,2,1) p(1,2,2) p(2,1,1) p(2,1,2) p(2,2,1) p(2,2,2)
Probability 0.193 ** 0.082 ** 0 0.024 ** 0.085 ** 0 0.530 ** 0.087 **

loglike/N -3.632

MortalityDiabetes Cancer Mental DisabilityHeart disease Blood pressure Stroke Lung disease
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To judge the fit of the model we perform a goodness-of-fit exercise. To do that, we re-
estimate the model on a sub-sample and keep part of the sample for evaluating the fit. We 
randomly select observations from the original HRS cohort with probability 0.5 and 
simulate outcomes for this cohort starting from observed 1992 outcomes. Table D.4 gives 
the observed frequencies as well as the predicted ones. Predicted and observed 
frequencies are quite close to each other in 2002.  

 
Table D.4 Goodness-of-Fit 

Prevalence Rate (Independent Draws)

year data sim data sim data sim data sim
1992 0.117 0.120 0.347 0.344 0.027 0.027 0.061 0.062
1994 0.138 0.147 0.376 0.393 0.030 0.037 0.074 0.074
1996 0.157 0.172 0.401 0.437 0.039 0.046 0.078 0.087
1998 0.176 0.196 0.435 0.478 0.047 0.055 0.088 0.097
2000 0.199 0.218 0.480 0.516 0.056 0.063 0.093 0.106
2002 0.236 0.241 0.527 0.551 0.064 0.072 0.109 0.113

# cond. 825 853 1843 1949 224 254 380 399

year data sim data sim data sim data sim
1992 0.104 0.108 0.058 0.058 0.053 0.056 0.072 0.072
1994 0.121 0.130 0.065 0.076 0.094 0.116 0.090 0.095
1996 0.137 0.150 0.078 0.093 0.160 0.164 0.104 0.115
1998 0.151 0.169 0.093 0.111 0.197 0.205 0.118 0.133
2000 0.169 0.185 0.107 0.125 0.224 0.237 0.131 0.148
2002 0.199 0.201 0.125 0.141 0.248 0.264 0.154 0.160

# cond. 695 711 436 500 867 934 540 566

data sim data sim data sim data sim
year

1992 0.475 0.476 0.317 0.311 0.136 0.138 0.072 0.075
1994 0.422 0.390 0.328 0.329 0.149 0.166 0.101 0.115
1996 0.371 0.323 0.326 0.333 0.168 0.191 0.134 0.153
1998 0.324 0.270 0.321 0.326 0.191 0.211 0.163 0.192
2000 0.279 0.230 0.312 0.315 0.215 0.229 0.194 0.226
2002 0.231 0.199 0.295 0.299 0.235 0.240 0.238 0.263

Incidence Rate
Goodness-of-Fit test 

year data sim Prevalence rates 4.05 0.774
1992 0.000 0.000 (dF = 7)
1994 0.014 0.009
1996 0.014 0.012 Np 3539
1998 0.016 0.014
2000 0.019 0.017 Nu 3500
2002 0.019 0.020

Notes: Simulation for HRS 1992 subsample (N=4131)

heart pressure stroke lung

mental

mortality

diabetes cancer disability

1 cond 2 cond 3 cond.+no conditions
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