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Abstract 

Background:  Globally and in the U.S. in particular, pharmaceutical fraud account for a large number out of all crimes 
in health care, which result into severe costs to the society. The Academy of Managed Care Pharmacists (Fraud, waste, 
and abuse in prescription drug benefits. 2019. Posted May 20. https://​www.​amcp.​org/​policy-​advoc​acy/​policy-​advoc​
acy-​focus-​areas/​where-​we-​stand-​posit​ion-​state​ments/​fraud-​waste-​and-​abuse-​presc​ripti​on-​drug-​benef​its.) estimate 
that pharmacy fraud is 1% of costs, therefore estimating that pharmacy fraud costs at $3.5 billion, given that phar-
macy costs are $358 billion (Statista. Prescription drug expenditure in the United States from 1960 to 2020. 2021. 
https://​www.​stati​sta.​com/​stati​stics/​184914/​presc​ripti​on-​drug-​expen​ditur​es-​in-​the-​us-​since-​1960/).

Aim:  This exploratory study aims to demonstrate a fraudster’s profile as well as to estimate average consequences in 
terms of costs and identify the loss predictors’ hierarchy in the pharmaceutical industry in the U.S.

Materials and methods:  Data from the Corpo​rate Prose​cutio​n Regis​try and mixed-effects models are utilized for 
this purpose. The dataset covers years 2001–2020 and 75 cases, falling into one of the following broad sub-categories: 
misbranding, counterfeit, off-label use of drugs/deceptive marketing; violation of the Food, Drug and Cosmetic Act.

Results:  The main factors positively associated with loss due to pharmaceutical fraud are: (i) duration of , and (ii) the 
scheme and scheme being executed at a U.S. public company. Surprisingly, presence of collusion negatively and sig-
nificantly effects the cost. Potential factors include: (a) principal perpetrator being a white American and/or male, and 
(b) number of employees at individual and organizational level respectively.

Conclusion:  This study empirically justifies considering loss, due to pharmaceutical fraud, from a multi-level perspec-
tive. Identified profiles of a typical fraudster helped to elaborate on specific practical recommendations aimed at 
pharmaceutical fraud prevention in the U.S.

Keywords:  Pharmaceutical fraud, Health care, Hierarchical linear model, Profiling, US

© The Author(s) 2022. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which 
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the 
original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line 
to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory 
regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this 
licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/. The Creative Commons Public Domain Dedication waiver (http://​creat​iveco​
mmons.​org/​publi​cdoma​in/​zero/1.​0/) applies to the data made available in this article, unless otherwise stated in a credit line to the data.

Introduction
Health care fraud in the United States costs between 
$100 billion and $300 billion [1]. The level of spending for 
fraud will only increase as the population in the United 
States ages. In 2017, Medicare, the largest program for 
health care in the United States, spent $702 billion. By 
2028, Medicare’s expenditure is estimated to increase to 

$1.5 trillion, primarily due to an aging population and 
increases in the costs of health care services [2]. These 
assessments are largely aligned with the health spending 
forecasts for the US [3] and other major Emerging Mar-
kets up to 2025 [4] and 2030 [5].

Globally and in the U.S. in particular, pharmaceuti-
cal fraud account for a large number out of all crimes in 
health care, which result into severe costs to the society. 
The Academy of Managed Care Pharmacists [6] estimate 
that pharmacy fraud is 1% of costs, therefore estimating 
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that pharmacy fraud costs at $3.5 billion, given that phar-
macy costs are $358 billion [7].

One of the most comprehensive analyses of pharma-
ceutical fraud was performed by John Braithwaite [8] 
in 1984 and today remains a seminal analysis of fraud 
committed by pharmaceutical companies. Braithwaite 
interviewed 131 C-suite managers of world-wide phar-
maceutical companies. This research covered topics, such 
as bribery, drug safety and unsafe manufacturing process, 
anti-trust, incentives for therapy initiation and financial 
abuses. Almost every company Braithwaite interviewed 
had some brush with illegal behavior and Braithwaite (p. 
308), states that:

“to my amazement, two American executives inter-
viewed held the position of ‘vice-president respon-
sible for going to jail’. The companies whose very 
mission it was to make drugs that were supposedly 
aimed at making people healthier realized that there 
had to be one senior person accountable when regu-
lators caught up with them for their illegal behavior 
and demanded a ‘head for the chopping block’.”

Braithwaite laid out a comprehensive three step strat-
egy regulation, rehabilitation, and restitution as interven-
tions for industry reform.

In 2014, Dukes, Braithwaite and Maloney [9] sought 
to update Braithwaite initial seminal study. The author’s 
intent was not to reproduce the original study of the 
pharmaceutical industry but to understand if, a genera-
tion later, Braithwaite’s roadmap for regulation, rehabili-
tation and restitution had been realized. More than three 
decades later, the most significant change is that the 
monetary scale of recent fraud is even greater, allowing 
for inflation. Bribery increased in the last generation in 
major economies, such as China, India and Italy (p. 213), 
while in the United States price hikes to the “highest 
level the market will bear (p. 224)” resulted in illegal re-
importation from developing countries and counterfeit-
ing of medications. Rather than locking up hundreds of 
executives from the pharmaceutical industry, the greatest 
potential for cleaning up the pharmaceutical industry lies 
not in increasing punishment, but in increasing detection 
(p. 283). Corporate crime enforcement that is ‘interna-
tionally entrepreneurial,’ that is financially beneficial to 
pharmaceutical manufacturers through competition and 
innovation remains a neglected approach to pharmaceu-
tical fraud.

It is clear that this ideal of pharmaceutical industry 
self-regulation has not been realized. Recent headlines 
include a physician and pharmaceutical sales representa-
tive involved in false billing with $2.2 million in restitu-
tion [10], the Italian units of Bayer and Novartis were 
charged with operating a scheme to cheat the regional 

public health service in Lombardy with five hospitals 
agreeing to pay €200,000 as an agreed penalty [11] and 
a Florida man who pled guilty to one charge of conspir-
acy to commit health care fraud in $1 billion fraud case 
whereby he and several others defrauded pharmacy ben-
efit managers out of nearly $175 million [12].

While the financial costs of health care fraud generate 
headlines, the impact on human health is of greater con-
cern. For example, in 2013, drug manufacturer Abbott 
Laboratories Inc. paid $1.5 billion to resolve allegations 
that it illegally promoted a drug to treat agitation and 
aggression in elderly dementia patients and schizophre-
nia patients, when neither of these uses are approved as 
safe and effective by the FDA [13]. Such off-label use of 
medication resulted in exacerbated medical conditions 
for elderly patients by not promptly treating dementia 
and schizophrenia.

These headline cases, combined with growth in spend-
ing in health care and, more importantly, health care 
fraud has prompted this study. This exploratory study 
aims to demonstrate a pharmaceutical fraudsters’ pro-
file, as well as to estimate average consequences in terms 
of costs and identify the loss predictors’ hierarchy in the 
pharmaceutical industry in the United States. Our pri-
mary research questions are as follows. First, what are 
the key features of pharmaceutical fraud in general and 
in the US specifically? Second, which factors, individual 
or organizational, play a dominant role when predicting 
costs due to pharmaceutical fraud? Third, which individ-
ual factors are associated with higher loss due to pharma-
ceutical fraud? Fourth, which organizational factors are 
associated with higher loss due to pharmaceutical fraud? 
Fifth, what can be done in order to reduce the cost of 
pharmaceutical fraud?

The paper is organized as follows. After the introduc-
tion, we review definitions of pharmaceutical fraud and 
the relevant studies on loss due to (pharmaceutical) 
fraud. Then, we introduce data and methods. Next, we 
present and discuss the results. In the last section, we 
discuss our results in the context of previous studies and 
point to the further research directions.

Definition of pharmaceutical fraud in the United 
States
Pharmaceutical fraud is a subset of health care fraud. 
Fraud is often an elusive concept to define [14]. In gen-
eral, fraud is defined as the wrongful or criminal decep-
tion intended to result in financial or personal gain. 
Fraud is therefore often difficult to prove because we do 
not know if the fraudster intended to deceive or if a sim-
ple error occurred. However, for purposes of this study, 
the cases we review as pharmaceutical fraud as fraud are 
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ones in which the perpetrator was: (a) involved in decep-
tion about pharmacy products or services, and (b) con-
victed of a violation of the Food, Drugs and Cosmetic 
Act. The fraudsters that we profile in this study have 
already been convicted of fraud, therefore, we are not 
assuming fraud occurred but rather by virtue that they 
were convicted of fraud, we are concluding that these 
perpetrators acted fraudulently.

The Food, Drug and Cosmetic Act (FDCA) [15] has a 
long history in the United States, having been passed in 
1938 and establishing the Food and Drug Administration 
(FDA) as a regulatory agency ([16], p. 138). The FDCA 
has been amended many times to reflect changes in the 
respective Food, Drug and Cosmetic industries. The 
Federal Food, Drug, and Cosmetic Act and subsequent 
amending statutes are codified into Title 21 Chapter 9 of 
the United States Code and is a Federal law. Chapter V 
of the Act relates to Drugs, and within the Chapter, each 
Section is devoted to the crime associated with violations 
of the Act. For example, Section 501 concerns itself with 
Adulterated drugs and devices, Section  502 with Mis-
branded drugs and devices, and so on. For each of the 
cases we reviewed, we categorized each case into the fol-
lowing four sub-categories according to the Sections (and 
crimes) associated with the FDCA ([16], p. 138): mis-
branding (Section  501), counterfeiting [Section  801(a)], 
off-label use (Section 301) and professional practice con-
siderations (Section  353) [17]. Off-label use of pharma-
ceuticals is controversial. Many community physicians 
prescribe off-label use of medications [18]. However, it is 
illegal for a pharmaceutical company to promote the use 
of off-label medication for indications which have not 
been approved by the FDA.

Predictors of loss due to pharmaceutical fraud
In addition to the seminal works mentioned above by 
Braithwaite, there have been many studies related to pre-
dicting pharmacy fraud. Many of these studies focus on 
using data mining techniques to detect fraudulent cases. 
Konijn and Kowalczyk [19] presented a novel approach to 
finding pharmacy fraud using “outlier-ness” (claims with 
anomalous characteristics compared to standard devia-
tion from the mean) in claims data. A more recent article 
published by Liu et al. [20], focused on statistical meth-
odology and a visual means (cluster optics) and machine 
learning to detect pharmacy fraud [20].

In regard to profiling perpetrators of health care fraud, 
little has been written on this topic. Kennedy et  al. 
attempted to better understand the crime of pharmaceu-
tical counterfeiting through developing a crime script for 
pharmaceutical counterfeiting that describes key acts, 
scenes, actors, activities, and enforcement conditions. 
Occupational counterfeiters leverage their position as a 

health care provider to abuse patient trust and conceal 
their deviant acts [21]. Qureshi et  al. [22], in a similar 
study, profiled the crimes (but not the perpetrator) of vio-
lators of the FDCA. The authors highlighted that many 
of the largest pharmaceutical corporations have been 
implicated in health care fraud cases, sometimes more 
than once. The authors predicted that with expansion of 
government health care, investigations of pharmaceutical 
manufacturers will continue to result in substantial finan-
cial recoveries. Their findings raised concern that despite 
these recoveries, industrywide changes in the way phar-
maceutical corporations conduct marketing activities 
were needed [22]. Timofeyev and Jakovljevic [23] con-
ducted a study that determined within the mental health 
setting, typical fraudster’s profile is defined as a 53-year 
old male psychiatrist. In addition, Medicaid, the exist-
ence of collusion, and fraudster’s age are associated with 
the fraud loss. Review of the literature concludes that 
profiling of health care fraudsters in an attempt to detect 
these crimes has not been extensively conducted.

While not directly related to healthcare fraud, perpe-
trator profiling research has been conducted in other 
aspects of white-collar crime, specifically economic 
crime (theft, embezzlement, deception, accounting 
fraud/manipulation, kickbacks, insider trading, money 
laundering and counterfeiting). Bussman and Werle [24] 
conducted a victimization survey and reported that per-
petrators where highly educated, high social status, males 
over the age of 40. A more recent study conducted in 
England and Wales and Norway also reports that perpe-
trators of bribery were male and middle aged [25]. Similar 
to this study, Andersen and Button, as well as the ACFE’s 
Report to the Nation, reinforce that the profiles of white-
collar perpetrators are predominately male, middle-aged 
(approximately 40 years old) and highly educated. In the 
2020 ACFE’s Report to the Nations, bachelor degree per-
petrators were likely to be the most predominate group, 
with average losses of USD 175,000 per incident, with 
a postgraduate degree causing a median loss of USD 
200,000 [26].

Peltier-Rivest [27] studied three cases involving phar-
maceutical companies (Eli Lilly and Company, Pfizer, Inc. 
and Johnson & Johnson) where pharmaceutical fraud had 
occurred against the framework of the fraud diamond. 
The purpose of exploring the fraud diamond was to illus-
trate that not only are the traditional motivators for fraud 
evident in pharmaceutical fraud, as depicted by the fraud 
triangle as casual factors (financial pressure, an ethical 
rationalization and a perceived opportunity). The fraud 
diamond adds a fourth side to the fraud triangle and con-
siders an individual’s capability: personal traits and abili-
ties that play a major role in whether fraud may actually 
occur even with the presence of the other three elements. 
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Using the fraud diamond theory, Peltier-Rivest [27] dem-
onstrates that the following strategies are effective at pre-
venting pharmaceutical corruption:

“Offering employee assistance programs and revising 
performance goals tied to sales or stock prices; using 
transformational leadership; offering and certifying 
employee training on key company policies and anti-
bribery legislations; using open-door policies and 
anonymous reporting mechanisms; assessing cor-
ruption risks associated with doing business in the 
world’s poorest countries and contracting with third-
party agents; implementing proper anti-corruption 
controls such as segregating the research funding 
function from the sales division; and detecting com-
mon corruption schemes, such as fictitious market-
ing agreements with off-shore entities and sham con-
tracts with doctors, through the analysis of relevant 
red flags.”

While limited, the studies that have been performed, 
show that perpetrators leverage their position to abuse 
patient trust, pharmaceutical companies are repeat 
offenders and age, low-income patients and collusion 
with other health care providers are flags of potential 
health care fraud.

Data
Data collection procedure
We utilize data from the Corpo​rate Prose​cutio​n Regis​try. 
70 relevant U.S. cases dated 2001–2020, falling into the 
category of “Fraud—healthcare” and “FDCA/Pharma”, 
are selected for the initial sample. Following the Regis-
try’s protocol, data on nine additional recent cases, dated 
2020, we collected from open sources, such as, e.g., the 
U.S. Department of Justice (DoJ) website. Cases without 
a guilty plea or trial conviction were removed. Also, we 
removed cases with zero cost, calculated as a sum of leav-
ing us “Total payment” and “Additional regulatory fine or 
payment”. This left a sample of 75 observations. President 
George W. Bush (January 20, 2001–January 20, 2009) 
was in office during 15 out of 75 (20%) cases; President 
Barack Obama (January 20, 2009–January 20, 2017) was 
in office for 39 (52%) of the cases and President Donald 
Trump (January 20, 2017–January 20, 2021) was in office 
for 21 (28%) of the cases.1 Socio-demographic data on the 
principal perpetrator’ characteristics are manually col-
lected from the other sources like the U.S.​ Secur​ities​ and 
Excha​nge Commi​ssion. These data include age, gender 

and race. Respective pharmaceutical companies’ charac-
teristics are collected from Thompson Reuters database. 
Characteristics include number of employees, annual 
revenue and years in business at the year the crime was 
revealed. Our dependent variable and continuous case- 
and company-specific variables were subject to logarith-
mic transformations in order to make their distributions 
close to normal. For the purpose of robustness check, we 
replaced missing values by average values of the respec-
tive variables.

Methods
We follow the approach of Timofeyev [28] and Timofeyev 
and Jakovljevic [23] to analyze factors of fraud-related 
costs. We use hierarchical linear models: (i) to identify 
the importance of each level’s predictors affecting the 
size of cost; and (ii) to reveal predictors associated with 
the size of cost due to pharmaceutical fraud. The appro-
priate models are presented below.

We solve the first task by analyzing the intra-class cor-
relations with a help of the following empty multilevel 
model, which decomposes the variance in size of cost.

In Eq. (1), lnYijk is the dependent variable, namely, the 
natural logarithm of dollar loss caused by the perpetra-
tor’s participation in fraudulent activities in case i in year 
j in state k; γ000 is the grand mean of costs caused by the 
perpetrator’s participation in fraudulent activities. The 
sources of cross-state variation in losses, which cause 
particular states to deviate from the grand mean, are con-
tained in υ00k. Similarly, δ0jk contains sources of variation 
among years. Finally, εijk captures inter-case differences. 
ω00, τ00, and σ2 represent the variances of case-, year-, and 
state-level sources respectively. To argue that all three 
levels are important, all of these variance components 
have to be statistically significant and account for a suffi-
ciently large intra-class correlation [29].2 The second task 
related to identifying the losses’ predictors is resolved by 
the means of the full hierarchical linear model (2) with 
different specifications of the vector X [30].

Our models include perpetrator-, case-3 and company-
specific variables. We performed statistical using Stata 
16.0 (Stata Corp.). All models were fitted via maximum 
likelihood.

(1)lnYijk = γ000 + υ00k + δ0jk + εijk

(2)lnYijk = γ000 + Xijk + υ00k + δ0jk + εijk

1  Presidential office-holding might play an important role since the President 
of the United States often sets the tone for actions of the Department of Jus-
tice charged with investigation and prosecution of white-collar crime.

2  Otherwise, simple OLS regression analysis with clustered standard errors is 
sufficient.
3  Length of the scheme in months and a dummy for cases with more than 
one perpetrator.

https://corporate-prosecution-registry.com/
https://www.sec.gov/edgar/searchedgar/companysearch.html
https://www.sec.gov/edgar/searchedgar/companysearch.html
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In addition, for the purpose of a robustness check, we 
use jurisdiction-year and jurisdiction-period grouping in 
Eqs.  (1) and (2). Next, as the number of observations in 
the sample is relatively small and it may result in unre-
liable parameter estimation when estimate parameters 
of model (2) directly. In order to make full use of the 
original data and improve the accuracy of estimation, we 
adopt the Bootstrap method [31] by repeating sampling 
500 times to estimate parameters in model (2). Bootstrap 
is a feasible and effective method to deal with small sam-
ple data [32].

Finally, we have replaced missing observations in the 
independent variables using multiple imputation [33]. 
This is only acceptable, if data is missing completely at 
random (MCAR) that is indicated by a statistically insig-
nificant value of the Little’s MCAR test (> 0.1).4

Results
Descriptive statistics
Table  1 represents the main variables description from 
Corporate Prosecution Registry. Table  2 provides sum-
mary statistics for the basic sample. 

Perpetrators’ characteristics
The overwhelming majority of our perpetrators are males 
(68 out of 71, 96%), white (64 out of 73, 88%), in their 
early 50  s (N = 56; mean = 53.214; SD = 9.816; min = 35; 
max = 84).

Case‑specific characteristics
Typically, the scheme lasted around 4.5  years (N = 52; 
mean = 53  months; SD = 32  months; min = 9; 
max = 156  months). More than one perpetrator was 
involved into eight out of 74 cases (11%). 29 out of 64 
(45%) cases referred to misbranding. The remaining 
cases included: promoting drug for non-approved use; 
counterfeit drugs; off-label use of drugs; (use of ) adulter-
ated drugs; kickbacks for promoting drugs; conspiracy 
to distribute controlled drugs; illegal distribution of a 
new drug; illegally marketing/promoting drugs; com-
pounding veterinarian meds; selling pain creams; failure 
to report on clinical studies for a new drug; failure to 
transmit information about a drug; distribution of drug 
for use other than Food and Drug Administration (FDA) 
indications.

Companies’ characteristics
13 out of 75 (17%) cases occurred in U.S. public com-
panies. On average, there were around 7897 employees 

working at a company at the year the crime was revealed 
(N = 53; SD = 22,372; min = 1; max = 109,208). Average 
age of the company, at the year the crime was revealed, 
was 32 years (N = 68; SD = 35.306; min = 2; max = 153).

Correlation and regression analysis
Table  3 demonstrates variables’ pairwise correlations. 
The following variables are correlated at 5%-level with 
cost due to pharmaceutical fraud: indicator for U.S. pub-
lic company, company’s age, and indicator for off-label 
use of drugs.

The estimates for Eq.  (1) with 75 observations sug-
gest that 50.7% of variance is explained by location. 7.5% 
of variance is explained by year. The remaining 41.8% is 
explained by individual and case-specific variables. Thus, 
three-level HLM is an appropriate technique.5

Table 4 represents estimates for Eq. (2). In columns 1–6 
we use original data only, without fraud type dummies 
(columns 1–4) and with ones (columns 5 and 6). The 
major factors positively associated with loss due to phar-
maceutical fraud include, first, duration of the scheme, 
and, second, scheme being executed at a U.S. public com-
pany. Surprisingly, presence of collusion (i.e., multiple 
perpetrators involved) negatively and significantly effects 
the cost. Potential factors, which can affect the cost due 
to pharmaceutical fraud, are: (a) principal perpetrator 
being a white American and/or male, and (b) company’s 
size (number of employees) at individual and organiza-
tional level respectively. Negative and statistically signifi-
cant interaction terms of age and duration (columns 2, 4 
and 8) imply that the longer the scheme is, the smaller the 
effect of age on the size of loss becomes: or, alternatively, 
the earlier the scheme is detected, the larger the effect of 
age on costs becomes. The estimates with multiple impu-
tations for missing values (columns 7–12) support the 
initial estimates with the original data. The results with 
jurisdiction-year and jurisdiction-period grouping are 
qualitatively the same and are available upon request. 
Estimates of bootstrapping with 500 iterations, for each 
regression with more than 44 observations, support our 
initial results.

Discussion and conclusion
Our findings suggest two factors that contribute to 
pharmaceutical fraud. First, the longer the scheme 
endures, the greater the fraud. This is consistent with 

4  [Prob > chi-square] = 0.3428 for the following combination of variables: age, 
male, white, collusion, duration, number of employees, years in business, and 
fraud type dummies.

5  Estimates with jurisdiction-year and jurisdiction-period grouping suggest 
using two-level HLM because year and president’ period of rule become insig-
nificant. While the first requires adding year-dummies and does not allow to 
converge some of our models, the grouping by period of president rule does 
not capture year-specific factors. Therefore, we do not use these models.
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Wells [34] that indicate the longer fraud goes on, the 
amounts involved grow over time, and the perpetrator 
becomes careless about concealing the fraud. Kalovya 
[35] further stated that organizations should strive to 
minimize duration of fraud, since the evidence suggests 
the longer the duration before discovery the larger are 
the losses. Błaszczyński et  al. [36] also concluded in a 
study on auto loan fraud that the longer a fraud goes 
undetected, the greater the financial losses to the 
organization. Therefore, early intervention of pharma-
ceutical fraud is important to reduce the impact to vic-
tims. More importantly, since the pharmaceutical fraud 
in our study involved several schemes that impacted 
patients, the earlier the intervention, the less impact on 
patient health. Some of the schemes actually involved 
counterfeit drugs; off-label use of drugs; (use of ) 

adulterated (containing unapproved ingredients) drugs 
which could be detrimental to long term patient health.

A second finding is that greater fraud was perpetrated 
in public companies. This is not surprising. Public com-
panies are often bigger than privately held companies 
with the likelihood that the there is more financial 
resources available. A company with sales in the billions 
clearly has more ability to generate fraudulent activity 
than a small business enterprise, defined by the U.S. 
International Trade Commission as a company with 
sales revenue under $7 million [37]. However, Krishnan 
and Peytcheva [38] state that “the risk of fraud as higher 
for family firms than for non-family firms, consistent 
with the predictions of entrenchment theory”. Auditors 
are also less likely to make client acceptance recom-
mendations for family firms. The strength of the audit 
committee moderates the family-firm effect, whereby 
auditors assess family firms with weak [Audit Commit-
tees (ACs)] to have the highest fraud risk and to be the 
least desirable audit clients. Krishnan and Peytcheva’s 
findings suggest that auditors perceive more severe 
agency conflicts to be present in family firms than in 
non-family firms, consistent with entrenchment theory, 
according to which family members may behave oppor-
tunistically to extract rents and potentially expropriate 
the firm’s resources at the expense of minority share-
holders. Many of the cases we reviewed were perpe-
trated by single or small businesses, such as the cases 
involving conspiracy to distribute controlled drugs; 
illegal distribution of a new drug; illegally marketing/
promoting drugs; compounding veterinarian meds; and 
selling pain creams.

Our findings also suggest that collusion (i.e., multiple 
perpetrators involved) negatively and significantly effects 
the cost of the fraud. We believe this may be resultant 
of more perpetrators that are involved, the likelihood 
increases of red flags being displayed by at least one of 
them causing earlier detection. It might be more difficult 
to keep undetected a collusion in pharmaceutical sec-
tor, especially in large companies. ACFE’s Report to the 
Nations on Occupational Fraud and Abuse [39], which 
showed that nearly half of the examined cases involved 
multiple perpetrators colluding with one another to 
commit fraud, and the greater the number of fraudsters 
involved, the higher losses tended to be.

Lastly, our study identified potential factors, which 
can affect the cost due to pharmaceutical fraud, are: (a) 
principal perpetrator being a white American male, and 
(b) company’s size (number of employees) at individual 
and organizational level respectively. Greater controls 
within publicly traded or large companies with these 
characteristics could potentially reduce fraud opportu-
nities by greater controls, particularly controls which 

Table 2  Summary statistics for the basic sample

a Indicates the variables with multiple imputations

Variable Obs Mean Std. Dev. Min. Max.

Cost 75 184 mln 473 mln 400 2800 mln

ln(cost) 75 15.097 3.800 5.992 21.753

Total_payment 75 140 mln 411 mln 0 2800 mln

Additional payment 66 49.8 mln 179 mln 0 900 mln

Duration 52 52.673 32.142 9 156

ln(duration) 52 3.749 0.716 2.197 5.050

Durationa 75 39.280 33.511 9 156

ln(duration)a 75 3.273 0.934 2.197 5.050

Collusion 74 0.108 0.313 0 1

Collusiona 75 0.107 0.311 0 1

in_biz 68 32.471 35.306 2 153

ln(in_biz) 68 2.971 1.043 0.693 5.030

ln(in_biz)a 75 2.971 0.993 0.693 5.030

n_employees 53 7897 22,372 1 109,208

ln(n_employees) 53 5.298 3.100 0 11.601

ln(n_employees)a 75 5.298 2.598 0 11.601

Annual_revenue 46 4120 bln 22,800 bln 83,711 153,000 bln

ln(revenue) 46 18.471 4.996 11.335 32.662

ln(revenue)a 75 18.471 3.896 11.335 32.662

U.S. public company 75 0.173 0.381 0 1

Age 56 53.214 9.816 35 84

Agea 75 53.214 8.463 35 84

Male 71 0.958 0.203 0 1

Malea 75 0.960 0.197 0 1

White 73 0.877 0.331 0 1

Whitea 75 0.880 0.327 0 1

Misbranding 65 0.446 0.501 0 1

Counterfeiture 66 0.106 0.310 0 1

Off_label_use 66 0.303 0.463 0 1

Pharm_practice_act 65 0.154 0.364 0 1
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maintain the confidentiality of an informant, since 
management may be “in” on the scheme. These con-
trols could be greater publication and acceptance by 
employees of tip or “hotlines” to report suspicious or 
fraudulent activity [40]. The 2018 ACFE Report to the 
Nations [41] study found that 63% of the victim organi-
zations utilized tip hotlines. Of those who had hotlines, 
46% of cases were detected by people that provided 
information that exposed fraud, compared with only 
30% of cases detected not utilizing hotlines. In addi-
tion, losses at organizations who utilized hotlines were 
smaller: $100,000, compared to $200,000 for those 
organizations that did not utilize hotlines. Moreover, 
organization without hotlines were twice as likely to 
detect fraud by accident or external audit [41]. Ulti-
mately, pharmaceutical companies vulnerable to fraud 
due to these risk predictors should have a complete 
assessment of all internal controls. Publicly-traded 
companies are required by the Sarbanes–Oxley Act of 
2002 to use a recognized internal control framework in 
determining the proper controls to adopt, such as the 
framework developed by the Committee of Sponsoring 
Organizations (COSO) of the Treadeway Commission. 
The framework can also be useful to non-public com-
panies in establishing a strong internal control program 
[40]

Among the limitations of this study we should men-
tion, e.g., low number of observations. In addition, 
depending on the country, cost due to pharmaceuti-
cal fraud, measured as a court-assigned restitution, may 
vary significantly. We have also not addressed how much 
resource allocation, in terms of dollars spent in detection, 
prosecution and restitution should be spent in resolving 
health care. This is basically a philosophical decision of 
the cost of human health which was outside the scope 
of this research. In the future, we consider analyzing the 
data collected for other countries, which can allow cross-
country comparisons. Also, it would be very insightful 
to assess the impact of perpetrators’ annual compensa-
tion growth ratio in the preceding years on cost. This can 
only be possible when more cases are included into the 
analysis.
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