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Chapter 1.1
General Introduction

9



This thesis addresses generic interchangeability. The first chapter discusses 
generic drugs from a historical context and why it is so important to study their 
interchangeability.
Pharmacological treatment has an important position in health care. In high-in-
come countries, about 20% of all money spent on health care goes to pharma-
ceuticals (1). For good reason, as humanity greatly benefits from antibiotics, 
vaccines, and chemotherapy, to name a few. Nonetheless, pharmacological 
treatment has come a long way. Even late in the 19th century, treatment was 
primarily based on herbal remedies, and only a few effective therapeutic agents 
were available (2). The state of 19th-century pharmacotherapy was famously 
characterized in a quote by the eminent physician and Harvard professor Oliver 
Wendell Holmes Sr. (1809–1884): “throw out a few specifics … throw out wine… 
and the vapors which produce the miracle of anaesthesia, and I firmly believe that 
if the whole materia medica, as now used, could be sunk to the bottom of the sea, it 
would be all the better for mankind, - and all the worse for the fishes” (3).
Nonetheless, clinical pharmacology has been in development. Its scientific basis 
was established at the end of the 18th century by the empirical approach of 
Francois Magendie (1783–1855) and Claud Bernard (1813–1878) in the early 
19th century. The discipline of pharmacology was further established later in 
the 19th century by Rudolf Buchheim (1820–1879) and Oswald Schmiedeberg 
(1838–1921). Within their research institute, they set high standards for the 
methodology of experimentation and applied physiochemical reasoning to 
explain the biological effects of therapeutic agents (4). The improved scien-
tific principles in pharmacology led to conducting experiments instead of using 
hearsay regarding therapeutic activity.
Although this did not immediately lead to increased availability of effective 
therapeutic agents in the 19th century, the foundations for drug discovery were 
established. However, more progress could be made only due to parallel deve-
lopments in physiology, pathology, and chemistry.
Regarding chemistry, the purification of morphine by the pharmacist Friedrich 
Sertürner (1783–1841) at the beginning of the 19th century was the start of 
natural product chemistry and proved that plants hold active substances that 
possess the therapeutic proprieties of those plants (5). Developments in synthetic 
organic chemistry started when Friedrich Wöhler (1800–1882) prepared urea 
from a nonliving origin. Further developments in synthetic chemistry and 

theories of structure aided in the availability of various chemical compounds 
in the 19th century (6, 7). This chemistry evolution was the main driver for 
drug discovery until deep into the 20th century. For instance, in the 1950s, the 
discovery of the first benzodiazepine, chlordiazepoxide, was purely driven by 
synthetic chemical benchwork (8).
In parallel, the medical interpretation of the cell theory by Rudolf Virchow 
(1821-1902) and the germ theory by Louis Pasteur (1822–1895) laid the foun-
dations for understanding pathology and possible targets for pharmaceutical 
treatment (2, 3). Nonetheless, pathophysiological reasoning became more 
important in drug discovery only later in the 20th century. For instance, the 
discovery of propranolol in the 1960s was fully based on the understanding of 
a clinical problem and the search for the most suitable beta-receptor antagonist 
(9).
Drug discovery was aided considerably by the growth of local pharmaceutical 
businesses into the larger-scale pharmaceutical industry. Although there were 
only a limited number of effective therapeutic agents available in the 19th 
century, increased profit from their commercialization allowed for intensified 
research and development in drug discovery.
An example of the move toward the modern-day research-based pharmaceutical 
industry was the local apothecary Merck who, in 1827, started selling morphine 
and other high-purity compounds refined from plants (10). Shortly after, other 
apothecary businesses followed (2). However, it was not until 1856 that the 
discovery of mauveine by William Henry Perkin (1838–1907) sparked the reali-
zation that synthetic organic chemistry could also be commercially interesting 
(2, 3, 6). Two decades later, in 1874, large-scale production of salicylic acid was 
possible, as Hermann Kolbe (1818–1884) discovered its chemical structure and 
method of synthesis (11).
With the upcoming large-scale production and distribution of prefabricated 
drug products, the need increased for a more structured control and regula-
tion of these products. The control of medicinal products has been relevant 
for thousands of years. Even in ancient Greece and Egypt, institutions were 
tasked with controlling pharmaceutical products (2). In modern history, this 
was primarily organized by pharmacopeias, authoritative lists of how to prepare 
and use drugs, which is essentially a form of indirect quality control. The oldest 
documented pharmacopeia from modern times is probably the pharmacopeia 
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of the Italian city of Florence, issued in 1498 by the local guild of physicians 
and pharmacists. Actual inspections have been documented of ‘syrup makers’ in 
medieval Muslim countries in the 9th century and ‘drug-shops’ in the Italian 
city Salerno in the 10th century (12). 
Earlier control and regulation were focused on fraud and adulteration, but in 
light of the emergence of refined natural and newly synthesized chemicals in the 
19th century, they focused more on quality, purity, and safety (12). Until 1938, 
premarket toxicity testing was not required for drugs, at least in the United States 
(US). Legislation requiring premarket toxicity testing was drafted in 1933, but 
its acceptance in 1938 was triggered by a therapeutic catastrophe in 1937. The 
solvent diethylene glycol was used to meet the demand for a liquid formulation 
of sulfanilamide, primarily for children, but soon after, it was discovered that 
the liquid formulation had a significant risk of acute kidney failure (13).
In Europe, another therapeutic catastrophe in the early 1960s led to the most 
significant drug regulation reform. The widely used sedative and morning 
sickness drug thalidomide was identified in the late 1950s to cause severe conge-
nital disabilities and was withdrawn from the market. Most European countries 
had some form of drug regulation in place at that time, but the thalidomide 
catastrophe triggered intensified drug regulation. The United Kingdom, France, 
Switzerland, Norway, and Sweden had already advanced drug regulations. 
Notably, in Norway, as early as 1928, legislation was in place that required proof 
of efficacy (14). From the 1960s and 1970s onwards, emphasis was placed on 
demonstrating a clear positive benefit versus risk of new drugs before approval 
in all European countries (2). In the Netherlands, the Medicines Evaluation 
Board, responsible for assessing the safety and efficacy of drugs, was officially 
installed in 1963 (15, 16). In the US, the 1962 Kefauver-Harris Drug regulation 
set the requirement to demonstrate safety and efficacy preapprovals (2, 12, 13, 
17, 18).
Up to this point, the modern generic drug industry did not exist. At that time 
in the US, drugs that were not protected by a patent were produced and sold 
by small-scale drug manufacturers, strengthening the public image that off-pa-
tent drugs were often subject to adulteration, illegally produced, and inferior 
to branded drugs. Several factors enabled the rise of the modern generic drug 
industry in the US. First, the patent expired for numerous drugs from the 1940s 
and 1950s. Second, the attention drawn to the subject by the Kefauver Senate 

hearings from 1959 to 1960 solidified the position of generic drugs. Third, 
drug efficacy studies started in 1966, affirming the therapeutic value of all drugs 
approved by the Food and Drug Administration (FDA), which made it easier 
for generic drug makers to refer to them. Fourth, as of 1969, regulatory hurdles 
for generic drugs were lowered by the FDA, as it was deemed sufficient to 
demonstrate the chemical equivalence to the newly off-patent drugs. Finally, 
the potential market for cheaper drugs increased with the growth of govern-
ment-sponsored access to health care (19).
By then, market approval in the US for a generic drug could be obtained by 
specifying compliance with compendia standards for the quality of the generic 
drug. However, in the late 1960s, the first studies were reported, demonstrating 
a difference in the bioavailability of chemically equivalent drugs. In 1974, an 
expert panel concluded that equivalent bioavailability, or bioequivalence, could 
not be ensured by the current standards and regulations. Additional research 
was recommended to improve the assessment and prediction of bioequivalence, 
including a need to identify for which drug classes direct evidence of bioequi-
valence should be required (20). By 1984, the Hatch-Waxman Act was passed 
in the US, which clarified that demonstrating bioequivalence was mandatory 
for registration of generic drugs (17, 21). This act truly established the modern 
generic drug industry in the US.
The European history of the generic drug industry is not as well documented 
as in the US. Nonetheless, comparable factors likely influenced the growth of 
this industry. Most importantly, the preference for lower-cost generic drugs and 
the need to reduce healthcare spending are universal. In addition, the Treaty 
of Rome in 1957 created the European Economic Community and the start of 
free trade agreements across EU member states, facilitating access to a larger 
market for drugs (22). 
In the EU, approval for market access of generic drugs was separately arranged 
in each member state. The requirements for the market approval of generic 
drugs were primarily based on scientific literature and FDA regulations (23). 
Although these national requirements were based on the same scientific prin-
ciples, guidance for conducting and analyzing bioequivalence studies was often 
not specific or unavailable (24).
In 1987, the Nordic Council on Medicines took the first step toward European 
harmonization, in which Denmark, Finland, Iceland, Norway, and Sweden 
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jointly published the Nordic Guidelines Bioavailability Studies in Man (23, 
25-27). This step was soon followed in 1991 by the commission of the European 
Communities, with the first European guideline on bioequivalence: Note for 
Guidance: Investigation of Bioavailability and Bioequivalence (25). The Australian 
regulatory agency adopted these guidelines, and although many differences 
between bioequivalence requirements for generic drugs existed globally, this 
marked the start of international harmonization (28). Since then, the harmoni-
zation of regulatory requirements for bioequivalence has been achieved in many 
ways but is still ongoing (29).
In general, the current guidance defines bioequivalence as two similar drug 
products of which the rate and extent of their bioavailability after administering 
the same dose do not exhibit significant differences and lie within acceptable 
predefined limits (30, 31). Bioequivalence studies should be performed so that 
all variables but the variability of the compared drug products are reduced to a 
minimum. As detailed in the guidance, this is usually a randomized single-dose 
crossover study, with two study periods and two sequences. The main outcome 
parameters for the demonstration of bioequivalence are the maximum plasma 
concentration (Cmax) and the plasma concentration-time area under the curve 
(AUC), representing the rate and extent of the bioavailability. The statistical 
evaluation is based on 90% confidence intervals for the geometric mean ratio 
of Cmax and AUC, which should lie within the acceptance interval of 80.00% to 
125.00% (30, 31). The limits of this acceptance interval translate to a maximum 
difference of 20% for the average Cmax and AUC. This value was arbitrarily set 
based on the opinion of FDA medical experts to be the maximum tolerable 
difference that would not lead to a significant difference in the therapeutic 
activity between the compared drug products (32). 
The guidance on bioequivalence further describes numerous aspects of adequate 
bioequivalence testing, such as the study design, chosen study population, and 
analytical methodology. Common issues for discussion on these general requi-
rements for the demonstration of bioequivalence from the viewpoint of a regu-
lator are described in chapter 1.2. 
In theory, adequately demonstrated bioequivalence and, thus, the absence of 
significant differences in bioavailability would ensure the therapeutic equiva-
lence of a generic drug compared to an originator drug. However, some patients, 
physicians, and pharmacists negatively perceive the efficacy and safety of generic 

drugs and drug switches (33). In addition, adverse drug reactions (ADRs) asso-
ciated with generic drug switches are reported regularly (34). Thus, a mismatch 
between theory and practice seems to exist. In this thesis, we investigate the 
validity of this apparent mismatch.

Thesis Aim
With this thesis, we aim to study generic interchangeability issues in clinical 
practice and challenge the robustness of the current bioequivalence require-
ments.

Thesis Outline
In the first part of this thesis, we investigate patient-reported clinical discomfort 
using a systemic approach. Therefore, we study the number of ADRs related 
to drug switches and place these into perspective by identifying the number of 
people switching between (generic) drug products. In chapter 2.1, we study 
the frequency of drug switches in the Netherlands for a selection of 20 active 
substances for which switch-related ADRs are most often reported. In chapter 
2.2 we analyze the reported ADRs concerning the number of drug switches. 
Additionally, in chapter 2.3, we investigate the reasons for generic drug swit-
ching in the Netherlands in a pilot study.
In the second part of this thesis, given that demonstrated bioequivalence should 
ensure therapeutic equivalence, we investigate the robustness of the applied 
bioequivalence methodology. Using modeling and simulation, we investigate 
whether a conclusion of bioequivalence in a healthy population holds for a 
vulnerable patient population with altered pharmacokinetic characteristics. In 
chapter 3.1, we report the model validation of a non-parametric pharmacoki-
netic model of gabapentin based on the exposure data for gabapentin, following 
the administration of the originator and three generic drug products in healthy 
subjects. In chapter 3.2, we perform simulations with the gabapentin model to 
possibly identify patient subpopulations for whom aberrant pharmacokinetic 
profiles are more likely to occur upon switching to or between bioequivalent 
generic drug products. Last, chapter 4 provides an integrated discussion of the 
findings from the individual articles included in this thesis. First, in chapter 1.2 
we describe the current requirements for demonstrating bioequivalence and the 
common issues for discussion from the regulator’s viewpoint.
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Abstract
	
There appears to be a mismatch between the assumed therapeutic equivalence 
of generic drugs, their interchangeability, and reported clinical discomfort 
following generic drug use and drug switches. In this paper, we describe why 
we are of the opinion that the current regulatory approach to the evaluation 
of generic drugs based on average bioequivalence is sufficient to expect thera-
peutic equivalence in the clinical setting. This has often been debated, speci-
fically since adverse drug reactions related to generic drug switches are regu-
larly reported. We agree that clinical discomfort during a bioequivalent drug 
switch may indeed be caused by different exposures to the active substance. 
However, this difference in exposure is not a result of the characteristics or 
quality of generic drugs; it is caused by the pharmacokinetic within-subject vari-
ability of the active substance. Therefore, reported clinical discomfort following 
generic drug use and drug switches does not warrant a change in the regulatory 
approach to the evaluation of the bioequivalence of generic drugs. Switching 
from a brand-name drug to currently approved generic drugs, or between diffe-
rent generic drugs, will result in comparable exposure, within boundaries deter-
mined by the within-subject variability of the pharmacokinetics of the active 
substance involved.

A demonstration of bioequivalence is the cornerstone of generic drug regis-
tration. Two pharmaceutically comparable drug products of high quality are 
bioequivalent if there is statistical proof of comparable bioavailability. For 
immediate release drugs with systemic action, this comparable bioavailability 
is usually investigated in a randomized, two-period, two-sequence, single-dose 
crossover study. The evaluation is predominantly based on the area under the 
plasma concentration-time curve (AUC) and maximum peak plasma concentra-
tion (Cmax), which reflect the extent of exposure and peak exposure and there-
fore allow for a comparison of exposure over time. Already in the early 1970s, 
the Canadian authorities used the arbitrary cut off of at least 80% bioavailability 
to compare different drug products (1), and the use of a confidence interval 
for the statistical test was proposed (2). Current guidance dictates that, gene-
rally, the 90% confidence intervals for the geometric mean ratio of Cmax and 
AUC between the two products, should be within the acceptance interval of 
80.00–125.00% (3).
For active substances with a within-subject variability of over 30%, the US Food 
and Drug Administration allows a widening of these acceptance limits for AUC 
and Cmax depending on the within-subject variability of the active substance 
(4). In the European Union (EU), widening of the acceptance limits is simi-
larly allowed but can only be applied to Cmax, and it is maximized to a range of 
69.84–143.19%, which is the limit when a within-subject variability of 50% is 
determined. In addition, both in the US and in the EU, acceptance limits can 
be tightened to 90.00–111.11% for active substances with a narrow therapeutic 
index. 
Several aspects of the regulatory approach to the concept of bioequivalence 
have been debated over the years. Ever since the first proposal of the confi-
dence interval limits, the width of this acceptance range has been challenged 
(5), mainly raising the question as to why the same arbitrary limits are applied 
to all active substances. Partly because of those discussions, in current regu-
lation, a narrowing or widening of the confidence interval limits is allowed. 
Independent of the confidence interval limits applied, it is known that the ratio 
of the exposure to the active substance from the generic and brand-name drug is 
within a much smaller range than allowed with the above-mentioned criteria, as 
indicated by an analysis of 2,070 bioequivalence studies by Davit et al. in 2009 
(6). In that analysis, they demonstrated that the mean estimated difference 
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between generic and brand-name drugs was only 4.35% for Cmax and 3.56% for 
AUC. For the European situation, based on a smaller subset of 120 bioequiva-
lence studies, comparable figures were obtained (7). 
Another point of debate has been that bioequivalence studies are usually 
conducted with healthy subjects and not with the intended patient popula-
tion. It has often been questioned whether the bioequivalence conclusion, as 
drawn in a healthy subject population, can be extrapolated to patients. Indeed, 
absolute exposure may be different for patients compared to healthy subjects. 
However, this difference is active-substance-related and similarly influenced 
by, for example, patient comorbidities, for both brand-name drugs and generic 
drugs. As discussed by Versantvoort et al., the relative exposure between the 
brand-name and generic drugs will be the same in healthy subjects and patients 
(8). One further reason for assessing bioequivalence using healthy subjects 
is that in these subjects, with generally less comorbidities than patients, it is 
expected that less variability of exposure is observed that is unrelated to the 
differences between the tested drug products (3). This is relevant, since the 
primary goal of a bioequivalence study is to investigate differences between the 
tested drug products, and to measure them in the most sensitive way, other 
variability should be minimal. Healthy subjects are the most suitable model for 
that purpose. Likewise, the pharmacokinetic behavior of drugs can be markedly 
different in men versus women (9) or in patients with different degrees of, for 
instance, renal function; in this situation, this also applies to an identical extent 
for brand-name drugs and generic drugs. Therefore, demonstrating bioequiva-
lence for both sexes does not seem to be necessary; bioequivalence demonstrated 
in males can safely be extrapolated to females and vice versa, as discussed by 
Gonzalez-Rojano et al. (10). 
Nevertheless, it is useful to empirically test the assumption of comparable 
relative exposure in patients versus healthy subjects. For this purpose, a 
well-controlled comparative bioavailability study was recently performed with 
kidney and liver transplant patients, and similar tacrolimus exposure for brand-
name and generic drugs was concluded, in line with the expectation based on 
studies in healthy subjects (11). Likewise, bioequivalence as determined in 
healthy subjects between different generic lamotrigine drugs (generic-generic 
switch) was confirmed in patients with epilepsy (12). 
These findings support the current approval pathway for generic drugs and 

the notion that bioequivalent drugs are expected to be therapeutically equi-
valent. However, this assumption is based on bioequivalence: comparable 
average exposure in the whole population. A treating physician or prescriber 
would predominantly be interested in therapeutic equivalence for their indi-
vidual patient. This presumed therapeutic equivalence is often debated, for 
instance for cardiovascular drugs (13) and drugs for psychiatric illness (14). 
Although in a large observational study, no substantial differences in clinical 
outcomes were observed between patients who started treatment with either 
generic or brand-name warfarin (15), and in a clinical crossover study evalua-
ting bupropion exposure in patients with major depression, the bioequivalence 
of three generic drugs to the brand-name drug and between the three generic 
drugs was confirmed, and no differences in depressive symptoms or side effects 
were noted (16), clinical evidence from unbiased randomized controlled trials, 
for the assumed absence of clinically relevant differences in exposure between 
generic and brand-name drugs, is limited (17).
Indeed, if bioequivalent drugs are therapeutically equivalent, then it is unex-
pected that patients experience clinical discomfort related to generic drug 
switches. Adverse drug reactions (ADRs) related to generic drug switches are 
reported regularly, as evident from case reports (18, 19), and observational 
studies (Glerum, et al., CTS, in press) (20). The following questions then arise: 
What causes this apparent discrepancy between theory (assumed interchange-
ability of generic drugs) and real-world observations (reported clinical discom-
fort upon switching to a generic drug), and could the explanation still be found 
in pharmacokinetic aspects underlying such a generic switch?
For example, a recent article by Concordet et al. describes issues related to a 
levothyroxine drug switch in France affecting more than 2.5 million patients in 
2017 (20). Even though bioequivalence was demonstrated between the old and 
new formulation of levothyroxine used in the switch, applying the tightened 
90.00–111.11% acceptance range (21), more than 30,000 ADRs were reported 
following this massive drug switch. Based on this levothyroxine case, Concordet 
et al. argue that a demonstration of average bioequivalence is not sufficient to 
ensure switchability. They also argue that tightening the acceptance limits for 
the average bioequivalence 90% confidence intervals is insufficient, as the width 
of the 90% confidence interval is inversely related to the number of studied 
subjects and therefore still may allow marked differences in exposure upon 
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switching (22). Moreover, according to the authors, since more than 50% of 
the subjects in the supporting levothyroxine bioequivalence study (21) demon-
strated an individual pharmacokinetic exposure ratio outside the 90.00–111.11% 
confidence interval, acceptance criteria should have been a warning signal of a 
possible lack of individual bioequivalence and a lack of individual therapeutic 
equivalence. Therefore, the authors argue that a priori characterization of both 
the subject-by-formulation interaction and the within-subject variability, as in 
the concept of individual bioequivalence, would have identified switchability 
issues and would have allowed for a better regulatory assessment of the new 
levothyroxine formulation. 
The Concordet articles have been extensively commented upon, with discus-
sions mainly related to difficulties and shortcomings of the individual bioe-
quivalence approach and of the calculation and interpretation of the number 
of subjects in a bioequivalence study with an individual exposure ratio outside 
the bioequivalence acceptance criteria (23-30). The debate clearly indicates that 
consensus has not been reached on the issue of the interchangeability of drugs 
based on demonstrated average bioequivalence. 
In our opinion, within-subject pharmacokinetic variability is the most impor-
tant factor in this debate. As demonstrated by Yu et al., there are clear indica-
tions that within-subject variability has far more influence than subject-by-for-
mulation interaction for drugs for which bioequivalence has been demonstrated 
(31). In Yu et al.’s article, it was demonstrated for a selection of drugs that 
the variability of exposure following a switch from a brand-name drug to a 
generic drug is comparable to that observed upon repeated administration of 
either the brand-name drug or the generic drug. It is indeed acknowledged that 
in bioequivalence studies, subjects will often have an individual exposure ratio 
outside the acceptance criteria (32), a situation we also observe in results from 
bioequivalence studies filed for regulatory approval of generic drugs. However, 
it is crucial to realise that the same phenomenon occurs when comparing the 
exposure of two repeated administrations of the same brand-name or generic 
drug; therefore, this finding is merely a reflection of the daily clinical situa-
tion upon treating a patient, with his or her inherent within-subject variabi-
lity leading to different exposures per occasion, than a reflection of differences 
in the quality and/or exposure of a generic drug. Experimental and analytical 
errors add to the observation of different exposures, as demonstrated well by the 

simulations in the comment article by Munafo et al. (28). 
Thus, when a patient experiences clinical discomfort during a bioequivalent drug 
switch, it may indeed be caused by a different exposure to the active substance. 
However, this different exposure is not a result of different characteristics of the 
bioequivalent drug, but because of pharmacokinetic within-subject variability, 
unrelated to the different drug products. When we assume that the difference in 
exposure is related to the perceived clinical discomfort in a patient, this clinical 
discomfort is not attributable to differences between the original and switched 
drug, but merely to pharmacokinetic within-subject variability. 
The question then remains as to why larger numbers of ADRs are reported in 
the case of drug switches than in the case of drug continuation. In line with the 
above reasoning, a potential explanation could be that patients and prescribers 
are more prone to report ADRs, since negative perceptions about generic drug 
switching and forced drug switches persist. This would imply that drug swit-
ching does not increase the actual number of ADRs, but merely increases the 
reporting rate of ADRs. In relation to another relatively large-scale levothy-
roxine drug switch, in 2007 and 2008 in New Zealand, the increased number of 
reported ADRs in that setting has been postulated to be caused by an increased 
reporting rate because of inaccurate guidance information and media attention 
(33). Another potential explanation for an increased number of reported ADRs 
related to drug switches is postulated to be a nocebo effect, particularly due to 
the negative perceptions of generic drugs (34, 35). However, the psychological 
aspects potentially affecting increased ADR reporting are outside the scope of 
this opinion paper, and any such hypothesis would warrant further investiga-
tion. Regardless of the true cause of the increased number of reported ADRs, 
clinical discomfort for an individual patient should never be underestimated 
and should always undergo thorough causal and clinical review, both on an 
individual level (doctor) and on a population level (pharmacovigilance). With 
regard to the individual patient specifically, it is important to stress that we do 
not want to disregard any clinical discomfort that a patient may experience. The 
discomfort exists, and it can have a significant impact on the quality of life. In 
highly exceptional cases, this could be a result of an allergic response to exci-
pients used in the new drug product.
Furthermore, as a regulatory agency, we see it as our responsibility to be critical 
of our own rules and regulations. For this reason, we investigated bioequiva-
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lence and the underlying assumptions of generic interchangeability, for instance 
by performing a bioequivalence study between registered gabapentin generics 
(36); a retrospective analysis of bioequivalence studies submitted for regulatory 
evaluation (31), modelling and simulation efforts towards generic drugs (37); 
and an analysis of 1,348 reported ADRs and 23.8 million drug switches (38), to 
investigate the potential consequences of generic drug switching. 
So far, these and other data have not provided evidence to support a change in 
our current regulatory approach to the evaluation of bioequivalence, and they 
remain in support of the assumption that switching from a brand-name drug to 
currently approved generic drugs, or between different generic drugs, will result 
in comparable exposure within boundaries determined by the within-subject 
variability of the pharmacokinetics of the active substance involved.
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Abstract

Background
For a patient, drug switches are not desirable (either between a brand-name drug 
and a generic drug, or between two generic drugs of the same active substance). 
Research into the causes of drug switches, and related adverse drug reactions, is 
hampered by the absence of quantitative data on drug switches. 

Methods
We describe the frequency of drug switches in the Netherlands for a selection 
of active substances. A retrospective cohort study was conducted using the Drug 
Information System of the National Health Care Institute in the Netherlands. 
We studied the Dutch patient population from mid-2009 to 2016. The selec-
tion of active substances (n = 20) was made based on a report by Lareb, the 
Netherlands Pharmacovigilance Centre, on adverse drug reactions related to 
drug switching, and we used qualitative and quantitative descriptive analyses. A 
drug switch is defined as the replacement of a patient’s prescribed drug with a 
similar drug from a different manufacturer.

Results
We identified 23.8 million drug switches on a total of 206 million (11.6%) 
similar drug dispenses. The frequency of drug switches demonstrated a yearly 
peak in the period from January to March. In some months, for atorvastatin, 
losartan, pantoprazole, and irbesartan, more than 60% of similar drug dispenses 
were drug switches. Most drug switches (80.3%) were between two generic 
drugs, and 0.12% of these involved a drug from a European parallel import. The 
proportion of drug switches between two brand-name drugs decreased from 
14.5% to 5.53% during our study period, and of these, 86.5% involved a drug 
from a European parallel import.

Conclusions 
Drug switching is common in the Netherlands, and most of the drug switches we 
studied are between generic drugs. The observed annual peak of drug switches 
is most likely explained by a specific Dutch reimbursement policy. Not only are 
the data valuable as is, but they also serve as a first step towards elucidating the 

reasons for the occurrence of these drug switches. In addition, these data can 
be used to put into perspective the adverse drug reactions associated with drug 
switching.
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Background

The use of generic drugs is an important tool to reduce healthcare spending. 
For instance, in the United States (US), generic drugs cost as little as 6% of the 
price of brand-name drugs, mainly because of the lower cost of research, deve-
lopment, registration, and competition between drug companies (1, 2). In the 
US, 90% of all dispenses are a generic drug (3); however, the market penetration 
of generic drugs differs worldwide. In Japan, the market share of generic drugs 
was only approximately 23% at the end of 2012, but it is expected to increase 
(4). Furthermore, the market share varies greatly in European countries, for 
example between 17% in Switzerland and 83% in the United Kingdom (5).
Although the use of generic drugs is financially desirable, these drugs are not 
always well received. A substantial proportion of physicians, pharmacists, and 
the general population have a negative perception of the quality, efficacy, and 
safety of generic drugs and drug switches (6). In addition, adverse drug reac-
tions (ADRs) associated with drug switches are regularly reported to Lareb, the 
Netherlands Pharmacovigilance Centre (7). Thus, clinical discomfort is experi-
enced with a drug switch, and are a clear downside of the use of generic drugs 
from the perspective of the patient. In this paper, we use the term drug switch 
for a switch between 2 similar drug products of the same active substance, which 
can either be between a brand-name drug and a generic drug or between two 
generic drugs.
Drug switches are thus not desirable, and studies should be conducted to deter-
mine how the frequency of drug switches can be kept low. However, before the 
reasons for drug switches can be explored, a first step should be to investigate 
the frequency of those switches. This is largely undocumented, apart from a 
recent effort of the US Food and Drug Administration (FDA) (8). Therefore, 
we aim to study the frequency of drug switches and additionally explore some of 
the reasons that could influence this frequency. Furthermore, in a future study, 
we aim to refine previously mentioned analyses of switch-related ADRs, since 
the number of drug switches is missing from that analysis. Given this future 
aim, we limit our study to the 20 active substances described in the ADR report 
and focus on the Netherlands. 
The Netherlands is a country with a large generic drug market share of 75.6%. 
Drugs are not prescribed by brand name, but by name of the active substance, 

and a generic drug is dispensed in 97% of cases, if a generic option is available 
(9). A possible reason for the large market share is that health insurance compa-
nies in the Netherlands are authorized by law to select a drug product (either 
a generic or brand-name drug) eligible for reimbursement from a group of 
interchangeable drug products with the same active substance; this is known 
as the ‘Preference Policy’ (10). Contracts between insurance companies and 
drug product manufacturers typically last 1 or 2 years, and the choice of drug 
product is predominantly based on price (11) and is thus most likely to be a 
generic drug. Preferred drug products change on a regular basis, and patients 
are forced to switch between them. Other reasons for drug switches can only be 
hypothesized, as no overview of the Dutch situation exists. These reasons could 
originate from any action of the insurer, wholesaler, pharmacy, prescriber, phar-
macist, or patient; drug shortages; and patients changing healthcare insurance 
companies (4–10% of the Dutch population each year) (12-14). Parallel imports 
from drug products can also play a role. A parallel import is allowed if a drug 
is registered in the European Union (EU) and deemed (virtually) identical to a 
drug registered in the Netherlands (15). 
We studied drug switches in the claims database of the National Health Care 
Institute in the Netherlands (ZIN). By studying the extent of drug switches and 
the trends in their frequency in the Netherlands, the role of influencing factors 
such as the Preference Policy can be postulated.

Aim of the study
The aim of this study is to describe the frequency of drug switches for a selec-
tion of active substances, in the Netherlands, in order to better understand 
generic drug use, and the Dutch process of drug switching and related influen-
cing factors.
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Methods

We conducted a retrospective cohort study with qualitative and quantitative 
descriptive analyses. The cohort is 96% of the insured Dutch population, 
using a selection of 20 active substances. The study is reported in line with 
The Strengthening the Reporting of Observational Studies in Epidemiology 
(STROBE) guideline (16). 

Drug switches
Drug switches were obtained from the Drug Information System (GIP) of the 
ZIN. This database contains information on reimbursed drugs prescribed by 
general practitioners and specialists and dispensed by pharmacists or dispensing 
general practitioners. It does not include drugs dispensed within hospitals in 
the Netherlands. 
A drug switch is defined as the replacement of a patient’s prescribed drug with 
a similar drug dispensed within the preceding 150 days, for the same active 
substance, same strength, and same route of administration, but with the drug 
product coming from a different manufacturer. The drug products before and 
after the switch could both be generic or brand-name drugs. 
We allowed a 150-day difference between dispenses in our definition because in 
Dutch practice, drugs are usually dispensed for 90 days of treatment. We also 
allowed a safety margin of 60 days extra to account for possible non-adherence 
and for early dispenses. If the difference between two dispenses was more than 
150 days, we assumed that the patient had stopped and started a new treatment 
episode. Moreover, the date of the dispense was used as the best estimate of the 
moment when the patient actually experienced the drug switch.
We collected data to quantify the number of repeat dispenses using identical 
selection criteria, but with both dispenses of a drug product coming from the 
same manufacturer. We use the term consecutive dispenses for the sum of repeat 
dispenses and drug switches. 

Active substances
The selection of 20 active substances was based on a study by Lareb in 2017 that 
described active substances with more than 25 ADR reports associated with 
drug switching between 2006 and 2016 (7). The following active substances 

(20) are included in this study: atorvastatin, enalapril, esomeprazole, ethinyles-
tradiol/levonorgestrel, irbesartan, levothyroxine, losartan, metformin, methotr-
exate, methylphenidate, metoprolol, omeprazole, pantoprazole, paroxetine, 
perindopril, rivastigmine, salbutamol, salmeterol/fluticasone, simvastatin, and 
venlafaxine. Of note, while the total number of active substances was 20, the 
total number of unique Anatomical Therapeutic Chemical (ATC) codes was 
21. This is because methotrexate can be used as an antineoplastic agent (ATC: 
L01BA01) and as an immunosuppressant (L04AX03). 
We defined the time frame of our study according to the maximum availability 
of data, which was 7.5 years from 01 June 2009 to 31 December 2016.

Data analyses
Data were aggregated on a monthly basis, as this was expected to maximize to 
potential to study the influence of the Preference Policy. We performed descrip-
tive analyses, including total number, minimum, median, and maximum number 
of drug switches per month. The pattern of drug switches was visually assessed 
using a plot of drug switches over time, an overlay plot of total drug switches 
per year separately, and mathematically by autocorrelation. Autocorrelation was 
calculated as the number of drug switches in a month, divided by the number of 
drug switches in a previous month, varying from 1 to 18 months, to identify the 
lag time in months, which results in the highest correlation. 
Furthermore, the number of drug switches is expressed as a percentage of the 
total number of consecutive dispenses, and the numbers of generic-to-generic 
(GG), brand-name-to-generic (BG), generic-to-brand-name (GB), and brand-
name-to-brand-name (BB) drug switches, as well as the total number of drug 
switches involving parallel import products, were calculated. In a bar plot, the 
study period was divided into tertiles to provide a general impression of changes 
over time. Lastly, drug switches were studied for each active substance, and the 
analysis for atorvastatin is presented as an example.
We identified the Dutch brand name and EU reference dates from the GIP 
database (17), the database of the Dutch Medicines Evaluation Board (18), and 
the EU reference date list (19). The EU reference date is the earliest EU-known 
marketing authorization for the (combination of) active substance(s).
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Data management
Data were extracted from the GIP database using SAS Enterprise Guide 
software (version 7.1). Monthly aggregated data were exported as a Microsoft 
Excel workbook and imported into R software (version 3.5.0) (20) using the 
package ‘xlsx’ (21). Moreover, qualitative and quantitative descriptive analyses 
as well as data visualization were performed using base R and R Studio (22).

Results

Dataset
We identified 23.8 million drug switches on a total of 205.6 million (11.6%) 
consecutive dispenses. The median percentage drug switches of consecutive 
dispenses for the included active substances ranged between 15.8% for ethi-
nylestradiol/levonorgestrel and 1.75% for levothyroxine (see Table 1). In some 
months, for atorvastatin, losartan, pantoprazole, and irbesartan, more than 60% 
of consecutive dispenses were drug switches. 
The highest number of drug switches in a single month for a single active 
substance – simvastatin – was 149,497 on a total of 328,184 (46.7%) consecu-
tive dispenses in January 2015. The highest number of drug switches in a single 
month – January 2016 – for a unique combination of drug products before and 
drug products after the switch was 41,659, which is 96.6% of all 43,107 ator-
vastatin drug switches in that month. 
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INN Brand name EU reference 
date

Average 
yearly 
drug 
switches

Average 
yearly 
repeat 
dispenses 
(not 
switching)

% drug switches 
median (range 

per month)

ethinylestradiol/ 
levonorgestrel Microgynon® April 1965 63,824 331,419 15.8% (7.44–48.9)

atorvastatin Lipitor® November 1996 264,776 1,297,895 15.0% (4.71–68.1)

salmeterol/ fluticasone Seretide® October 1990 104,663 689,450 14.4% (3.10–26.2)

perindopril Coversyl® June 1988 161,155 890,803 14.0% (4.31–34.2)

losartan Cozaar® September 1994 118,979 735,195 12.0% (3.94–63.6)

simvastatin Zocor® April 1988 559,303 3,220,461 11.8% (3.24–47.4)

paroxetine Seroxat® December 1990 112,555 754,569 11.8% (4.63–38.2)

pantoprazole Pantozol® Augustus 1994 289,171 1,897,439 10.7% (4.06–63.2)

irbesartan Aprovel® Augustus 1997 58,854 398,297 9.93% (0.00–60.8)

venlafaxine Efexor® September 1993 55,719 416,314 9.61% (5.78–39.9)

metformin Glucophage® March 1959 252,557 2,231,914 9.41% (2.82–32.3)

omeprazole Losec® April 1987 361,669 2,977,064 9.39% (3.38–28.7)

esomeprazole Nexium® March 2000 94,460 761,959 8.98% (4.40–48.6)

methotrexate
(immunosuppressant) Metoject® July 2003 21,310 171,876 8.70% (4.05–35.8)

enalapril Renitec® January 1985 102,387 1,027,850 7.69% (2.82–23.1)

metoprolol Lopresor® February 1975 359,131 3,479,555 7.41% (3.58–29.9)

salbutamol Ventolin® January 1969 65,047 789,636 7.29% (4.24–13.7)

methylphenidate Ritalin® October 1954 29,472 529,279 4.81% (2.59–15.7)

rivastigmine Exelon® May 1998 4,051 53,243 4.02% (0.00–20.3)

methotrexate 
(antineoplastic) Ledertrexate® September 1974 2,090 60,219 2.21% (0.00–46.4)

levothyroxine Thyrax 
Duotab® January 1952 66,909 1,252,976 1.75% (0.28–26.0)

Table 1 Overview of the active substances investigated, with INN, brand name (in the 

Netherlands), EU reference date, average yearly drug switches, average yearly number of repeat 

dispenses (not switching), and percentage of drug switches of consecutive dispenses per month 

(median, range) from June 2009 to December 2016. Active substances are tabulated in descen-

ding order by median drug switch percentage.

Drug switch pattern
An overview of the pattern of drug switches between June 2009 and December 
2016 is depicted in Fig. 1 and Fig. 2. The pattern of drug switches for the active 
substances included in this analysis was characterized by seasonality, with most 
drug switches between January and March of each year between 2010 and 2016. 
A statically significant positive correlation was observed with a lag of 12 months 
(autocorrelation = 0.597), which confirms the annual pattern.

Fig. 1 Stacked area chart over time of 

total number of drug switches per month 

per active substance from June 2009 to 

December 2016 in the Netherlands. 

Active substances are ordered from top 

to bottom by descending total number 

of drug switches during the study 

period. The total number of monthly 

drug switches is on the y-axis, and the 

time period of the study is on the x-axis.

���� ���� ���� ���� ���� ���� ���� ����

�

������

�������

�������

�������

�������

�������

�������

�������

�������

�������

�����������

���
����
�

����
��
�



����
����
�

������������

���	�����


������
��



�������


���������

��
������
�	
���������

���
�
��


�����
����
�


������������

��
������


������
��������
�
������������


����������

���
�	�����

�����

��������

����������������������

�

������������

���������������������

�

��
��


��
��

��
���

	��
��

��

��

��
���

��
�

���� ���� ���� ���� ���� ���� ���� ����

�

������

�������

�������

�������

�������

�������

�������

�������

�������

�������

�����������

���
����
�

����
��
�



����
����
�

������������

���	�����


������
��



�������


���������

��
������
�	
���������

���
�
��


�����
����
�


������������

��
������


������
��������
�
������������


����������

���
�	�����

�����

��������

����������������������

�

������������

���������������������

�

��
��


��
��

��
���

	��
��

��

��

��
���

��
�

���� ���� ���� ���� ���� ���� ���� ����

�

������

�������

�������

�������

�������

�������

�������

�������

�������

�������

�����������

���
����
�

����
��
�



����
����
�

������������

���	�����


������
��



�������


���������

��
������
�	
���������

���
�
��


�����
����
�


������������

��
������


������
��������
�
������������


����������

���
�	�����

�����

��������

����������������������

�

������������

���������������������

�

��
��


��
��

��
���

	��
��

��

��

��
���

��
�

to
ta

l n
um

be
r o

f m
on

th
ly

 sw
itc

he
s

simvastatin

omeprazole

metoprolol

pantoprazole

atorvastatin

metformin

perindopril

losartan

paroxetine

salmeterol/fluticasone

enalapril

esomeprazole

levothyroxine

salbutamol

ethinylestradiol/levonorgestrel

irbesartan

venlafaxine

methylphenidate

methotrexate (immuno)

rivastigmine

methotrexate (antineopl)

40 41

ch
a

p
te

r 
tw

o
.o

n
e

 |
 d

ru
g

 s
w

itc
h

e
s



Fig. 2 Total number of drug switches per month from June 2009 to December 2016 in the 

Netherlands for the 20 active substances combined, as an overlay plot in the timeframe of 13 

months. Each line represents 13 months of drug switches from December (previous year) to 

December.

Brand-name drugs versus generic drugs – type of drug switch
Of all drug switches in our study, only 7.09% (range of active substances 0.00–
29.1%) were BG switches. Most drug switches (80.3%, range 0.18–100%) 
involved a GG switch, while GB switches accounted for approximately 3.52% 
(range 0.00–17.3%) of drug switches, and 9.06% (range 0.00–99.4%) involved 
a BB switch of drugs with the same active substance. The distribution of drug 
switches per drug in tertiles of the time period between June 2009 and December 
2016 is illustrated in Fig. 3.

Fig. 3 (turn thesis 90 degrees clockwise) Percentage distribution of type of drug switch per active 

substance (green: brand-name to brand-name, red: generic to brand-name, blue: brand-name to 

generic, orange: generic to generic) in descending order by percentage of generic-to-generic drug 

switch in the last period. Bar plots are (top down) for the periods from June 2009 to December 

2011, January 2012 to June 2014, and July 2014 to December 2016.
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For a number of active substances included in our study, the distribution of the 
type of drug switch remained relatively stable over the 91 months. However, 
the type of drug switch involving atorvastatin, irbesartan, esomeprazole, ethi-
nylestradiol/levonorgestrel, salmeterol/fluticasone, omeprazole, losartan, and 
rivastigmine changed over time. Over these 91 months, atorvastatin, irbesartan, 
and esomeprazole demonstrated an almost complete change from BB to GG 
drug switches. For ethinylestradiol/levonorgestrel and salmeterol/fluticasone, 
the involvement of brand-name drugs in the drug switches reduced as well. In 
all periods, most omeprazole drug switches were GG, but in the last period, 
there were GB drug switches (24.7%) and BG drug switches (13.3%) (see Table 
2). Furthermore, for losartan, the number of BB and BG drug switches decre-
ased, whereas the proportion of GB drug switches increased to 41.7% between 
July 2014 and December 2016. For rivastigmine, the proportion of BG drug 
switches decreased over the three periods (75.6% to 35.0%); however, the 
proportion of BB drug switches peaked (61.6%) between January 2012 and June 
2014 (see Table 2). For all active substances combined, the proportion of BB 
drug switches decreased from 14.5% between June 2009 and December 2011 to 
5.53% between July 2014 and December 2016. Conversely, the proportion of 
GG drug switches increased from 75.0% to 82.2% in the same period.

June 2009 to 
December 2011

January 2012 to 
June 2014

July 2014 to 
December 2016

GG BG GB BB GG BG GB BB GG BG GB BB

metformin 99.9 0.07 0.01 0.00 100 0.00 0.00 0.00 100 0.00 0.00 0.00

methotrexate 
(immunosupp) 100 0.00 0.00 0.00 100 0.00 0.00 0.00 100 0.00 0.00 0.00

enalapril 99.3 0.46 0.27 0.00 99.5 0.32 0.16 0.00 99.7 0.17 0.13 0.00

simvastatin 99.2 0.39 0.38 0.07 99.1 0.27 0.14 0.44 99.7 0.12 0.09 0.09

atorvastatin 0.00 0.00 0.00 100 56.0 33.2 1.34 9.44 99.1 0.50 0.37 0.00

pantoprazole 65.8 26.4 3.64 4.10 97.5 1.46 1.02 0.01 99.1 0.49 0.43 0.03

perindopril 96.4 0.03 0.01 3.54 98.0 0.02 0.00 2.01 99.0 0.05 0.03 0.93

paroxetine 96.3 1.67 1.98 0.00 97.2 1.55 1.23 0.00 97.9 0.74 0.74 0.61

metoprolol 95.3 3.17 1.44 0.06 96.2 2.10 0.99 0.71 97.3 0.91 0.65 1.11

venlafaxine 84.3 10.4 4.88 0.38 95.5 2.61 1.90 0.01 96.2 1.44 1.46 0.91

ethinylestradiol/ 
levonorgestrel 25.7 46.0 14.9 13.4 73.8 13.2 10.5 2.56 94.3 1.16 1.23 3.31

irbesartan 0.00 0.00 0.00 100 58.1 38.5 3.44 0.00 91.1 2.25 6.59 0.08

esomeprazole 10.8 38.0 9.05 42.2 70.7 12.4 6.34 10.6 82.3 3.77 3.65 10.2

methylphenidate 72.6 11.1 11.7 4.57 69.1 18.5 9.70 2.61 63.1 20.3 14.6 1.90

omeprazole 97.2 1.31 1.37 0.07 94.2 3.11 2.65 0.01 62.0 13.3 24.7 0.07

salbutamol 46.4 29.3 16.6 7.60 55.0 21.1 15.3 8.61 57.9 17.8 20.1 4.24

losartan 35.3 32.6 3.34 28.8 77.8 8.06 11.1 3.01 45.3 10.7 41.7 2.18

rivastigmine 14.0 75.6 10.3 0.08 20.9 14.8 2.67 61.6 43.8 35.0 12.9 8.33

salmeterol/ 
fluticasone 0.00 0.00 0.00 100 0.00 0.65 0.20 99.1 16.3 29.3 9.78 44.6

levothyroxine 0.15 19.1 21.3 59.4 2.19 29.9 21.7 46.2 1.72 26.1 5.89 66.3

methotrexate 
(antineoplastic) 0.00 9.04 1.66 89.3 0.00 0.03 0.00 100 0.25 0.02 0.00 99.7

average 75.0 8.31 2.22 14.5 84.1 7.14 2.18 6.54 82.2 5.59 6.63 5.53

Table 2: Percentage distribution of type of drug switch per active substance (GG = generic drug 

to generic drug switch, BG = brand-name drug to generic drug switch, GB = generic drug to 

brand-name drug switch, and BB = brand-name drug to brand-name drug switch) in descending 

order by percentage of generic-to-generic drug swivtch in the last period, similar to the order in 

Fig. 3. Periods are June 2009 to December 2011, January 2012 to June 2014, and July 2014 to 

December 2016. 
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Parallel import

A proportion of all drug switches (9.5%) in our study involved a parallel product. 
These drug switches were mostly BB (81.9%) and BG drug switches (15.8%); 
however, GB (1.30%) and GG drug switches (1.04%) also occurred. Overall, 
0.12% of the GG drug switches and 86.5% of the BB drug switches involved a 
parallel imported product.

Detailed data on drug switches – example: atorvastatin
We closely investigated the drug switches of each active substance over time, 
and we present atorvastatin as an example in Fig. 4 because the patent of 
Lipitor® expired during our study period (February 2012). Roughly 2 million 
atorvastatin drug switches were included in our analysis. A large peak in BG 
drug switches occurred after patent expiry (274,300 BG drug switches in 2012), 
and only some patients were switched back from brand-name drugs to generic 
drugs: 1.7% of all drug switches in 2012 (7,355/421,875). From July 2012 until 
the end of the study period, 92.7% of the drug switches (1,057,601/1,141,015) 
concerned GG drug switches, also exhibiting the annual pattern with a peak 
between January and March. Moreover, 100% (600,818/600,862) of the drug 
switches in the period before March 2012 were BB drug switches. 
As indicated in Fig. 4, the large BG drug switch peak in 2012 is a summation of 
81 different BG drug switches. All atorvastatin switches in our study involved 84 
different GG drug switches, 137 BB drug switches, and 68 GB drug switches.

Fig. 4 Number of drug switches per month for atorvastatin, color-coded per combination of 

brand-name or generic drug. Brand-name to brand-name [green], brand-name to generic [blue], 

generic to brand-name [purple], generic to generic [orange]. Each color is a stacked area plot 

of the total number of drug switches, separated by solid lines for the individual contribution of 

switches with a unique combination of drug product before and drug product after the switch.

Discussion

This study provides new insight into the frequency of drug switches in the 
Netherlands. It is an essential part of characterizing the landscape of generic 
drug use and an important first step towards elucidating reasons for the occur-
rence of drug switches. 
In our data, an increased number of drug switches were observed in the first 3 
months of each calendar year. This increase cannot be explained by a higher 
overall number of drug dispenses in these months, as we did not observe a change 
in the number of drug dispenses throughout the year (data not shown). It can 
also not be explained by the number drug shortages, as these are not known to 
increase at the beginning of each year. Furthermore, as on average only 4–10% 
of the Dutch patient population changes health insurance yearly, this cannot 
explain the increased number of drug switches to a sufficient extent. However, 
the yearly increase is in line with the typical duration of health insurer-manu-
facturer contracts and contract renewal at the beginning of each year, as seen in 
the Preference Policy. Therefore, we postulate that the increased frequency of 
drug switches in January to March is explained by the Dutch Preference Policy. 
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The deviating pattern of an increased number of drug switches in the second 
part of 2009, as seen in Fig. 2, is likely caused by the phased introduction of the 
Preference Policy in that year. Until then, most contracts between manufactu-
rers and insurers were valid for 6 months, whereas from 2009, contracts were 
usually of longer duration – 1 or 2 years (11). 
The yearly pattern of the number of drug switches is most likely explained by 
the Preference Policy, but only partly. Most Dutch patients are insured by one 
of four large health insurance companies. Therefore, the expectation would be 
that there are only four (or less) preferred drug products and thus only a limited 
number of different drug switches for the same active substance. Nevertheless, 
as evident from the example of atorvastatin (Fig. 4), peaks in January to March 
are the result of many different drug switches involving various drug products. 
This was observed for the other active substances as well (data not shown). 
Therefore, the influence of other reasons, such as wholesaler and pharmacy 
practices or both local and international shortages, should be further investi-
gated with the ultimate goal of identifying possible points for improvement 
towards pharmaceutical care in which the financially wanted market share of 
generic drugs is large, but the clinically unwanted drug switches do not occur 
frequently.
If a patient has complaints following the use of, or switch to, a different drug 
product, then, on medical grounds, a medical doctor in the Netherlands is 
entitled to prescribe that patient a drug product principally not covered by his or 
her health insurance (‘medical necessity’ similar to ‘Dispense as Written’ in the 
US). It is then reimbursed nonetheless and is thus also included in our dataset. 
Medical necessity is an interesting research topic, as it could be a surrogate for 
clinical problems or patient satisfaction with the use of a generic drug. In our 
dataset, we found an average ‘switchback rate’ (generic drug switched to brand-
name drug) of 3.52%, with a wide range for the different active substances 
(0.00–17.3%). However, although a switchback is most likely the result of 
medical necessity, it could also be caused by other factors, such as supply 
shortage of the generic drug or a decrease in the price of the brand-name drug. 
Most importantly, medical necessity is not restricted to a brand-name drug but 
could also be used to prefer a specific generic drug, which further diffuses the 
relation between satisfaction and switchback rates. Our dataset is thus not well 
suited to study clinical discomfort and switchback rates or medical necessity.

Furthermore, we observed a high proportion of BB switches of drugs containing 
levothyroxine or methotrexate (for the antineoplastic indication) (see Fig. 3). 
This is most likely explained by the non-availability of generic drugs for these 
active substances and the availability of parallel imported brand-name drugs. 
Over time, for atorvastatin, irbesartan, esomeprazole, ethinylestradiol/levonor-
gestrel, salmeterol/fluticasone, omeprazole, losartan, and rivastigmine, the type 
of switch involved fewer brand-name drugs. This observation is most likely 
explained by the increased availability of generic drugs after patent expiry of the 
brand-name drug. Indeed, generic drugs of esomeprazole were first available in 
2011, those of atorvastatin in 2012, and those of salmeterol/fluticasone in 2013, 
after which the GG drug switch rate increased. 
We only studied drug switches between active substances of the same strength 
and thus excluded drug switches for which both strength and manufacturer were 
changed. Although we thereby underestimated the number of drug switches, we 
believe the volume of these changes is relatively small, and this is not expected 
to influence our results to a great extent. Moreover, drug switches in which 
patients were switched between a fixed dose combination (FDC) and a combi-
nation of monotherapies were not included. Given the total number of patients 
for whom FDCs were dispensed in the Netherlands in the GIP database, this 
could affect drug switches involving perindopril, losartan, irbesartan, and 
enalapril (all available in FDCs with diuretics). Therefore, this study might 
underestimate the total number of drug switches for these active substances.
A further limitation is that we investigated only 20 (combinations of) active 
substances. These 20 were chosen because for these active substances, at least 
25 ADRs in relation to drug switching had been reported to Lareb between 
January 2006 and September 2016 (7). At a later stage, our drug switch data 
can be used to refine the Lareb analysis. Since these are the active substances 
with the highest number of ADR reports related to drug switching, it is possible 
that we selected active substances that are switched more often than active 
substances not included in our study. As we do not have drug switch data for 
other active substances, we can neither confirm nor deny this. However, the 20 
active substances represent a wide range of therapeutic classes and include 5 of 
the 10 most prescribed active substances in the Netherlands (2016). Therefore, 
we believe that, to a reasonable extent, our study findings can be generalized to 
other active substances in the Netherlands. 
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A strength of our analysis is that the drug switch data for each active substance 
are near complete. The data source, namely, the ZIN GIP, covers approximately 
96% of the insured Dutch population (23) and all individuals living or working 
in the Netherlands are obliged to take out health insurance. Furthermore, the 
size of or our sample (almost 24 million switches) is large enough for us to 
be able to draw conclusions about the characteristics of drug switching in the 
Netherlands with sufficient certainty. 
To our knowledge, this is the first nationwide quantitative analysis of drug 
switches at a patient level in the Netherlands. The amount of literature on this 
topic is limited. One other study described a quantified approach to generic 
switching in the Netherlands (24). However, it focused on the difference 
between what had been prescribed by the doctor (brand-name drug or generic 
drug) and what was dispensed by the pharmacist (brand-name drug or generic 
drug). It did not characterize the frequency of drug switches at the level of the 
individual patient, as in our study. 
Furthermore, a recent FDA study introduced a descriptive tool to analyze novel 
utilization and drug switching patterns at the manufacturer level (8). That 
study focused on the number of new users per manufacturer, time to switch to 
a generic drug, and switchback rates. Extensive drug switching between drugs 
produced by different manufacturers was observed, with the exception that 
there was no distinct annual pattern. In addition, switchback rates could not be 
compared directly to our study, as these were presented as cumulative incidence 
rates (close to 20% in 2 years) but seem to be in the same order of magnitude 
as the rate we observed. In general, our results are consistent with those of 
the FDA study. The absence of an annual pattern in the American drug swit-
ching data suggests that the annual switching pattern we observed is unique to 
the Netherlands, which is an additional argument that the pattern is probably 
explained by the Preference Policy.
Although we present data specifically for the Dutch situation, our research 
has international relevance. Internationally, there is variability with regard to 
generic market penetration, generic pricing, reimbursement, and the policy for 
the promotion of generic drugs. Even different reimbursement policies for diffe-
rent types of active substances exist (25) (5, 26, 27). While we postulate a strong 
influence of a specific Dutch reimbursement policy the drug switch pattern does 
clarify the downside of a system in which generic drugs are preferred predo-

minantly based on pricing and on frequent changes to the contracts between 
insurers and manufactures. Especially because of the variability of international 
policies, other policymakers must face comparable situations, and being aware 
of the Dutch situation is beneficial for their decision-making process. 

Conclusion

Our results present a unique and extensive characterization of the frequency of 
drug switches in the Netherlands. We show that for the studied selection of 20 
active substances, switching between drugs made by different manufacturers 
was common during mid-2009 until the end of 2016. Furthermore, we demon-
strate that a large number of different drug products are involved in the drug 
switches, and an increased rate is observed in January to March each year, most 
likely explained by the Dutch health insurance Preference Policy. Not only are 
the data valuable as is, but they also serve as a first step towards elucidating the 
reasons for the occurrence of those drug switches. In addition, the data can be 
used to put into perspective the absolute number of ADRs associated with drug 
switching in the Netherlands.
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Abstract

We performed a retrospective cohort study in the Dutch patient population to 
identify active substances with a relatively high number of adverse drug reac-
tions (ADRs) potentially related to drug switching. For this, we analyzed drug 
switches and reported ADRs related to switching between June 1, 2009 and 
December 31, 2016 for a selection of 20 active substances. We also compared 
pharmacovigilance analyses based on the absolute, switch-corrected and 
user-corrected numbers of ADRs. In total, 1,348 reported ADRs and over 23.8 
million drug switches were obtained from the National Health Care Institute in 
the Netherlands and from Lareb, which is the Netherlands Pharmacovigilance 
Centre. There was no correlation between the number of ADRs and the number 
of switches, but on average we found 5.7 reported ADRs per 100,000 switches. 
The number was relatively high for rivastigmine, levothyroxine, methylp-
henidate and salbutamol, with 74.9, 50.9, 47.6 and 26.1 ADRs per 100,000 
switches, respectively. When comparing analyses using the absolute number 
and the switch-corrected number of ADRs, we demonstrate that different active 
substances would be identified as having a relatively high number of ADRs, 
and different time periods of increased numbers of ADRs would be observed. 
We also demonstrate similar results when using the user-corrected number of 
ADRs instead of the switch-corrected number of ADRs, allowing for a more 
feasible approach in pharmacovigilance practice. This study demonstrates that 
pharmacovigilance analyses of switch-related ADRs leads to different results 
when the number of reported ADRs is corrected for the actual number of drug 
switches.

Introduction

Generic drugs are highly similar to their brand-name counterparts. Generic 
drugs comprise identical active substance(s), have the same pharmaceutical 
form and have been shown to be bioequivalent to the brand-name drug. Limits 
for bioequivalence are set to achieve similar clinical safety and efficacy, and 
if bioequivalence has been demonstrated, then branded and generic drugs are 
considered therapeutically equivalent (1). From a pharmacological perspec-
tive, it is therefore unexpected that a different clinical profile is observed for 
a generic drug as compared to a brand-name drug, and that an adverse drug 
reaction (ADR) is experienced following a switch between bioequivalent drug 
products. However, cases of ADRs following drug switches are published (2-4); 
some studies on switching demonstrate increased health care utilization (5), 
and patients’ and prescribers’ perceptions of generics and generic switches are 
not always positive (6-10). A need exists to systematically study the perceived 
problems and possibly elucidate points for improvement on the pharmacological 
and psychological assumptions of generic interchangeability.
Lareb, the Netherlands Pharmacovigilance Centre, is responsible for pharma-
covigilance signal detection in the Netherlands and regularly receives ADR 
reports related to generic switching. In 2017, Lareb published a report on these 
ADRs for active substances with at least 25 reported switch-related ADRs over 
a period of 10 years (11). Based on observed patterns for the absolute number 
of reported ADRs and a clinical review of each case, Lareb identified problems 
following switching: dysregulation of patients after switches of the thyroid 
hormone levothyroxine; breakthrough bleeding on oral contraceptives with 
ethinylestradiol and levonorgestrel; reduced efficacy with inhalation drugs for 
the treatment of asthma; salbutamol and fluticasone/salmeterol, skin reactions 
and curling of patches with rivastigmine; injection site pain and injection site 
reactions with methotrexate; and reduced efficacy with anti-epileptics. 
However, as acknowledged by the authors, and as is often the case for phar-
macovigilance research, studying the absolute numbers of ADRs is a classic 
example of a “floating numerator;” that is, the number of cases is not related to 
the size of the population at risk. The relative risk may be low for drugs that 
are often switched, but could be high for drugs that are switched less often. 
Furthermore, we expect that there is a background rate of reported ADRs per 
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number of drug switches. The background rate is difficult to discern without 
knowledge of the number of drug switches, specifically since we know from 
previous work that the number of switches fluctuates on a monthly basis (23). 
The primary aim of the current investigation is to calculate the relative number 
of reported ADRs per number of drug switches for the 20 active substances 
that were described in the Lareb report, in the time period between June 1, 
2009 and December 31, 2016. (Temporary) increased numbers of reported 
ADRs (“peaks”) above the background level are of particular interest, as these 
could indicate a true increased incidence of clinical discomfort following a drug 
switch. Further investigation of such a relative peak should then be performed 
to determine whether a causal association between a specific drug switch and 
the experienced ADRs can be deduced. 
In addition, we examine whether different peaks would be observed using the 
absolute number of ADRs or using the switch-corrected number of ADRs. 
We also explore the feasibility of using the number of users, instead of drug 
switches, for correcting the absolute number of reported ADRs, since these data 
are more readily available. 

Methods

This is a retrospective cohort study of a selection of 20 active substances in the 
Dutch patient population, with qualitative and quantitative descriptive analyses. 
We related the number of reported ADRs obtained from the database of the 
Lareb, to the drug switches from the National Health Care Institute (ZIN).
Active substance selection was based on a Lareb report from 2017, in which drug 
switch-related ADRs were described for active substances with more than 25 
ADRs in a 10-year period from 2006. The following active substances (20) are 
included: atorvastatin, enalapril, esomeprazole, ethinylestradiol/levonorgestrel, 
irbesartan, levothyroxine, losartan, metformin, methotrexate, methylphenidate, 
metoprolol, omeprazole, pantoprazole, paroxetine, perindopril, rivastigmine, 
salbutamol, salmeterol/fluticasone, simvastatin and venlafaxine. 

Patient switch data
We previously performed an extensive analysis of the drug switch data for the 20 
drugs (23). Similarly to that publication, a switch is defined as the replacement 

of a patient’s prescribed drug with a similar drug dispensed within the preceding 
150 days, for the same active substance, same strength, and same route of admi-
nistration, but with the drug product coming from a different manufacturer. 
The drug products before and after the switch could both be generic or brand-
name drugs.  In the ZIN data, analysis of consecutive dispenses is feasible from 
January 1, 2009 onwards, thus we have reliable drug switch data from June 1, 
2009 until December 31, 2016. Furthermore, we collected data on the total 
number of users of the 20 active substances from the same data source. 

Reported adverse drug reactions data
We obtained all spontaneously reported ADRs received by Lareb over the years 
2009–2016, submitted by patients and health care professionals, both directly to 
Lareb and via marketing authorization holders. Only ADR reports that, accor-
ding to the reporter, were highly related to drug switching or drug substitution 
were included. For this purpose, reports categorized under a specific subset 
of the Medical Dictionary for Regulatory Activities (MedDRA) Lowest-Level 
Terms (LLTs) were included (Table S1). For each reported ADR, we obtained 
the unique anonymized identification number (ID), date of onset of the ADR, 
report-received date, MedDRA LLT, Anatomical Therapeutic Chemical 
(ATC) classification system code before switch, ATC code after switch, and 
sex and age of the patient. 
The date of onset of the ADR was deemed most relevant to our study; however, 
this was not registered in 12.9% (375/2,901) of the reports. In these cases, the 
report-received date was used, minus the median difference between the receive 
date and the date of onset of all reported ADRs (53 days). We excluded 5.3% 
(155/2,901) of the reports, whose date of onset of the ADR was not between 
June 1, 2009 and December 31, 2016. Furthermore, the interest of our study 
was drug switching between two products of the same active substance. We 
therefore excluded 5.2% (144/2,746) of the ADRs in which the registered ATC 
code before and after switch did not match. The final number of suitable ADRs 
was 2,602. We did not exclude reports in which the ATC code before the switch 
was not registered, which was the case in 33.7% (878/2,602) of the reports. 

Data analysis
Aggregated data were exported from ZIN and Lareb databases as a Microsoft 

59



Excel workbook and imported into R software (version 3.5.1) using the package 
“xlsx.” Qualitative and quantitative descriptive analyses and data visualization 
were performed using base R and R Studio.
Descriptive analyses of reported ADR data were performed and presented per 
anatomical subgroup of the ATC classification system and for each of the 20 
selected drugs. Both the patient switch data and the ADR data were aggregated 
on a quarterly (3-monthly) basis, as this is a common time frame for analyses in 
pharmacovigilance. In the absence of switch data, ADR data before July 2009 
was not included in the quarterly analyses. 
The numbers of reported ADRs per number of switches were calculated by 
dividing the quarterly number of ADRs for each active substance by the quar-
terly number of switches for that active substance. Analogously, numbers of 
reported ADRs per number of users were calculated by dividing the quarterly 
number of ADRs by the number of users. 
In this study, we define a peak in the number of ADRs as the value exceeding 
a threshold. This threshold was subjectively defined as the mean value of the 
number of ADRs in all quarters for all included active substances, plus 1 times 
its standard deviation. 

Results

Number of reported adverse drug reactions
Our analyses included a total of 2,602 reported ADRs related to drug swit-
ching during the study period June 1, 2009 until December 31, 2016. Of the 
included ADRs, 63.9% were reported for female patients, and the mean age 
of the patients was 53.1 years (range 0–95 years). In Table S2 an overview is 
presented of the number of ADRs per ATC anatomical main group. Differences 
between anatomical groups are observed, with, for example, a large number of 
reported ADRs for the nervous system subgroup (n = 595) and a small number 
for dermatological drugs (n = 13). However, as the number of switches per 
active substance is unknown, no inferences can be made with regard to the 
relative risk per anatomical group. 
In Fig. 1 the data is illustrated graphically, with each shaded band indica-
ting one specific active substance. From this figure, large differences can be 
observed regarding the relative contribution of active substances within each 

anatomical group – for example, a major contribution of levothyroxine in the 
subgroup “systemic hormonal preparations” (H) (95% [360/379] of the total 
number of switches in the ATC group) and of omeprazole (41.3% [124/300]) in 
the “alimentary tract and metabolism” subgroup (A). The 20 active substances 
included in our further analyses represent 51.8% (1,348/2,602) of all reported 
ADRs in our dataset; they are marked in Fig. 1. Table 1 provides an overview 
of both the number of reported ADRs and the number of drug switches of the 
included active substances.

Fig. 1: Overview of all spontaneously reported ADRs related to drug switching, for all active 

substances, from June 2009 to December 2016 in the Netherlands, as obtained from Lareb. Each 

bar is a sum of all reports in a specific anatomical group. Each individual color represents the total 

number of reported ADRs for one specific ATC code. Colored and striped parts indicate the 20 

products selected for further study.
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INN EU brand name Total number of 
reported ADRs

Total number of switches

levothyroxine Thyrax Duotab ® 360 507,396

salbutamol Ventolin ® 133 493,270
methylphenidate Ritalin ® 129 223,496
omeprazole Losec ® 124 2,742,659
ethinylestradiol/
levonorgestrel

Microgynon ® 68 483,996

atorvastatin Lipitor ® 61 2,007,886
metoprolol Lopresor ® 53 2,723,408
simvastatin Zocor ® 49 4,241,382
salmeterol/
fluticasone

Seretide ® 43 793,693

irbesartan Aprovel ® 40 446,312
paroxetine Seroxat ® 38 853,542
rivastigmine Exelon ® 38 30,722
pantoprazole Pantozol ® 36 2,192,881
metformin Glucophage ® 34 1,915,225
esomeprazole Nexium ® 28 716,320
losartan Cozaar ® 28 902,258
venlafaxine Efexor ® 26 422,532
enalapril Renitec ® 22 776,436
perindopril Coversyl ® 22 1,222,092
methotrexate Metoject ® 16 161,603
total 1,348 23,857,109

Table 1: Overview of each specific active substance included in the analysis, including International 

Nonproprietary Name (INN), European brand name, total number of reported ADRs related to 

drug switching and total number of switches for these active substances, for the period June 2009 

to December 2016 in the Netherlands.

Relative number of reported adverse drug reactions 
To examine the relation between the number of reported ADRs and the number 
of drug switches, the quarterly number of ADRs and quarterly number of 
switches for the 20 selected active substances are depicted in Fig. 2. The mean 
number at which ADRs are reported for all active substances in our selection is 
5.7 per 100,000 switches. However, no linear correlation between the number 
of ADRs and the number of switches was identified, and a high variability in 
the number of ADRs reported per quarter is observed. 

Fig. 2: Plot of the absolute number of reported ADRs related to drug switching and number of 

switches in the Netherlands for all included active substances (n = 20) in the dataset. Each data 

point is the number of reported ADRs and number of switches for one specific quarter year.
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Fig. 3: (A) Bar chart of mean switch-corrected number of quarterly reported ADRs related to 

drug switching per 100,000 switches; error bars indicate quarterly SD. (B) Plot of each active 

substance, with the mean absolute number of quarterly reported ADRs on the x-axis and the 

mean of switch-corrected number of quarterly reported ADRs per 100,000 switches on the y-axis. 

(C) Bar chart of mean absolute number of quarterly reported ADRs; error bars indicate quarterly 

SD. 

In Fig. 3, the mean quarterly reported number of ADRs and mean quarterly 
number of switch-corrected ADRs are compared for all 20 active substances 
in the dataset. Fig. 3A illustrates that there is cluster of active substances with 
a similar, relatively low quarterly number of ADRs per 100,000 switches. In 
contrast, the following four active substances demonstrate notably higher 
numbers: rivastigmine (74.9 +/- 188 per 100,000 switches, mean +/- SD), levo-
thyroxine (50.9 +/- 64.2), methylphenidate (47.6 +/- 37.1) and salbutamol (26.1 
+/- 45.2). The mean relative risk of reporting an ADR following a rivastigmine 
switch in our study period therefore appears 65-fold higher, compared to a 
simvastatin product switch (i.e., 74.9 versus 1.15 reported ADRs per 100,000 
switches). 

Comparison between relative number and absolute number of reported 
adverse drug reactions
Fig. 3 A and C depict the ranking of the active substances based on both mean 
number and switch-corrected number of ADRs. The ranking order of these 
two measures does not fully overlap. More specifically, for rivastigmine, for 
example, the mean absolute number of ADRs (1.27 +/- 3.07) is relatively low, 
whereas the mean number of switch-corrected ADRs is relatively high (74.9 
+/- 188 per 100,000 switches). For omeprazole, it is the opposite: a relatively 
high mean number of ADRs (4.07 +/- 9.41) and a relatively low mean number 
of switch-corrected ADRs (3.28 +/- 4.97 per 100,000 switches) exist. For levo-
thyroxine, salbutamol and methylphenidate, both the absolute number and 
switch-corrected number of ADRs are relatively high. 
Large standard deviations on the mean values are observed. This indicates that 
large differences can be observed between different quarters. Studying mean 
values ignores the fluctuation in the data, which is essential in the (real-time) 
detection of temporal increases. Fig. 4 presents an example of the study over 
time for the number of reported ADRs (absolute and switch-corrected) related 
to esomeprazole. The largest absolute number of ADRs was observed in the first 
quarter of 2011 (six reported ADRs), and it coincides with the largest number of 
quarterly switches (83,254). As a result, the number of switch-corrected ADRs 
in the first quarter of 2011 (7.21 per 100,000 switches) is lower than the number 
of switch-corrected ADRs observed in the last quarter of both 2010 and 2012, 
the second quarter of 2015 and the first quarter of 2016 (with 8.68, 12.0, 11.96 
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and 12.65 reported ADRs per 100,000 switches, respectively), all representing 
quarters for which a lower absolute number of ADRs were reported (i.e., two or 
three). This exemplifies that, when corrected for the number of switches, a peak 
in the absolute number of ADRs does not necessarily translate into the most 
relevant peak in ADRs. Similarly, a lower absolute number of ADRs could be 
more relevant if the number of switches in a quarter is relatively low.

Fig. 4: (above) Number of quarterly switches (black line), absolute number of reported ADRs 

(gray bar plot) and quarterly number of switch-corrected reported ADRs (per 100,000 switches, 

color bar plot) for esomeprazole in the Netherlands.

Fig. 5: (right page) (A) Absolute number of quarterly reported ADRs per active substance on 

the x-axis and number of switch-corrected quarterly reported ADRs per 100,000 switches on the 

y-axis; gray lines connect values for quarters of a single drug in chronological order. (B) Absolute 

number of quarterly reported ADRs per active substance on the x-axis and number of user-cor-

rected quarterly reported ADRs per 100,000 users on the y-axis; gray lines connect values for 

quarters of a single active substance in chronological order, and dashed lines are the threshold 

values, defined as the mean number of the absolute or switch-corrected reported ADRs + 1 SD. 

The total number of quarterly data points per active substance is 30.
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To further examine the question as to whether different peaks would be 
observed using the absolute number of ADRs versus the switch-corrected 
number of ADRs, the absolute number of quarterly ADRs was plotted against 
the switch-corrected number of ADRs for all 20 included active substances 
(Fig. 5A). This allows for a visual assessment of the difference between the 
two methods of “peak detection.” The figure illustrates a number of data points 
clustered at the lower values of both axes and a number of data points deviating 
from that cluster. To interpret the results, we arbitrarily defined a threshold 
above which a data point is considered to be a peak or a part thereof. 

Data are available for 30 quarter years for each individual active substance, 
amounting to 600 quarters. On the one hand, based on the absolute number 
of ADRs, 4.3% (26/600) of the quarters would be identified as a peak. On 
the other hand, based on the switch-corrected ADRs, 5.7% (34/600) of the 
quarters would be identified as a peak. Furthermore, 2.5% (15/600) of the 
quarters would be identified by both methods, and 1.8% (11/600) of the peaks 
that were identified based on the absolute number of ADRs was not identified 
by the switch-corrected ADR method. The latter 1.8% could be characterized 
as false positives of the absolute ADR method, or a “type 1” error, as these 
peaks would erroneously be identified as peaks when in fact they are explained 
by an increased number of switches. Similarly, 3.2% (19/600) of the ADR peaks 
would only be identified with the switch-corrected ADR method and not by the 
absolute number of ADRs method. These could be defined as “type 2” errors or 
false negatives of the absolute number of ADRs method.
In Fig. 5A, the reported ADR peaks for the following five active substances 
visually stand out: rivastigmine, methylphenidate, levothyroxine, omepra-
zole and salbutamol. For rivastigmine, a large switch-corrected ADR peak is 
observed for 7/30 quarters, but only one of these seven quarters (14.3%) is above 
the threshold for the absolute number of ADRs. Likewise, for methylphenidate, 
26.7% (8/30) of the quarters is above the switch-corrected ADR threshold but 
not above the threshold for the absolute number of ADRs. These data indicate 
false negatives in the absolute number of ADRs method. 
For levothyroxine, 9/30 quarters are above the threshold for the absolute 
number of ADRs, of which 55.6% (5/9) is not identified by the switch-cor-
rected ADR method, thus indicating false positives in the absolute number of 

ADRs method. Likewise, for omeprazole, 10% (3/30) of the quarters is above 
the threshold for the absolute number of ADR; however, none of these three 
were identified by the switch-corrected ADR method, again indicating false 
positives for the absolute number of ADRs method. For salbutamol, no false 
positives or negatives are identified, as the same five quarters are identified by 
both methods.

User-adjusted analysis
Data on the absolute number of drug switches is only available in the Netherlands 
in retrospect. This may hinder the use of the number of switches during real-
time pharmacovigilance analyses. A more practical approach to put the number 
of ADRs into perspective would therefore be to use the number of users instead 
of the number of switches. 
The absolute number of quarterly ADRs and the user-corrected number of quar-
terly ADRs are depicted in Fig. 5B. Comparing Fig 5A and 5B, similar trends 
are observed for the values of rivastigmine, levothyroxine, methylphenidate and 
omeprazole. Table 2 provides a detailed comparison of the number of ADRs 
above and below the threshold using either switch-corrected or user-corrected 
ADRs, as compared to the outcome for the absolute number of ADRs method, 
and it shows a similar trend using both methods.

Absolute number of reported 
ADRs below threshold

Absolute number of reported 
ADRs above threshold

switch adjusted user adjusted switch adjusted user adjusted 

reported ADR 
number above 

threshold
 3.17% 

(19/600)  1.50% (9/600)  2.50% 
(15/600)  1% (6/600)

reported ADR 
number below 

threshold
 92.5% 

(555/600)
 94.2% 

(565/600)
 1.83% 

(11/600)
 3.33% 

(20/600)

Table 2: Comparison between percentages of quarters above or below the threshold of either the 

switch-corrected or user-corrected reported ADR methods for the 20 selected active substances 

in this study. False negatives are marked in light gray, and false positives are marked dark gray.
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Although numerical differences can be observed with respect to the number of 
false positives and false negatives between both methods, the overall impression 
is that both methods result in similar findings regarding the number of active 
substances with identified peaks and the percentage of quarters with values 
above or below the threshold. Similarity in the outcome of the switch-corrected 
and user-corrected ADR methods depends on the correlation between the quar-
terly number of users and the quarterly number of switches. Supplementary 
Figure S1 is a depiction of the correlation and there is a linear correlation (R2 

= 0.72) with a significant slope (p = 2.48*10-6). On average, approximately 91 
quarterly switches per 1,000 users are observed for the 20 active substances 
included in our analysis. 

Discussion

Pharmacovigilance is a useful tool in the identification of clinical consequences 
of (generic) drug switching. Given the importance for each individual patient, 
every reported ADR should always undergo thorough causal and clinical review.
We combined the number of drug switches and the number of related ADRs 
for a period of 7.5 years between June 1, 2009 and December 31, 2016. We 
demonstrated that in this period, rivastigmine, levothyroxine, methylpheni-
date and salbutamol have a relatively high number of switch-related ADRs. 
Without switching data, the potential exists to draw false positive (noted, e.g., 
for omeprazole) or false negative (noted, e.g., for rivastigmine) conclusions. 
We also revealed that, without switching data different active substances in our 
selection of 20 would be identified as having a high prevalence of switch-related 
ADRs. The use of switch-corrected ADR data should be considered in pharma-
covigilance analyses to avoid misinterpretation of switch-related ADR signals.
This is the first systematic, nationwide analysis of clinical discomfort from drug 
switches, using reported ADRs and the specific population at risk. Others have 
used indirect measures of discomfort, such as switchback rates (12). In a study 
on temporal trends in ADR reporting before and after generic introduction, 
the peak reporting numbers for five antiepileptic active substances were calcu-
lated as being in the range of 50–450 per 100,000 dispensed prescriptions (13). 
In that study, ADRs were not selected on specific LLTs and are expressed by 
number of prescriptions, which makes it difficult to compare to our study. In 

a recent analysis of a large switch in France between two levothyroxine drug 
products, an ADR reporting rate of 1.44% is mentioned (14). This is based on 
an estimated 2.1 million patients switching and 31,411 reported ADRs over 
a period of 13 months. The relative number of 1,440 / 100,000 switches in 
13 months is higher than in our study, as we found a peak of 220 ADRs per 
100,000 switches in 3 months for levothyroxine. The authors postulate a causal 
relation between the high number of reported ADRs and the proportion of 
subjects outside the bioequivalence limits, as found in a pharmacokinetic study. 
This relation is heavily debated (15-18). In a similar situation for levothyroxine 
in 2007 and 2008 in New Zealand, the increased number of reported ADRs was 
attributed to other factors, such as inaccurate information and media attention 
(19). Others have postulated an analytical framework that is comparable to our 
approach, and this confirms the potential of combining spontaneously reported 
ADRs and health care claims data for the detection of generic issues (20).
In our dataset, we did not identify a correlation between the quarterly number 
of drug switches and the quarterly number of reported ADRs using data for all 
20 active substances. This finding suggests that the increased number of ADRs 
is not merely a result of an increased number of switches. Thus, in many cases, 
the rate of reported ADRs indeed does change (temporarily), which may be an 
indication of an issue related to drug switches for those active substances. The 
reason for an increased rate of reported ADRs can be either an increase in the 
number of occasions on which a patient experiences a clinical consequence of a 
drug switch or a larger portion of the patients reporting their experienced ADR. 
Furthermore, the absence of a correlation between the number of switches and 
the number of ARDs questions the idea that the same general “background 
ADR reporting rate” is present for all active substances for which ADRs related 
to drug switches are reported. 
Further in our study, we demonstrated that correcting the number of ADRs by 
number of users, instead of number of switches, is a suitable alternative, since a 
comparable number of ADR peaks over time were identified by both methods. 
This is not an unexpected finding, as the number of switches is related to the 
number of users (see Fig. S1). The number of users is, however, a mean value, 
and unlike the number of switches in the Netherlands, it does not demon-
strate changes over a short period of time. Therefore, the user-corrected ADR 
method cannot put into perspective the temporal increases in reported ADR 
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peaks. This is not of great influence on our analysis, presumably since there is 
no strong correlation between peaks in the number of ADRs and peaks in the 
number of switches.
On average, in our dataset of 20 active substances in the Netherlands, we found 
364 switches per 1,000 users per year. In a study on the frequency of switching 
and adherence of inhalation medication, a yearly percentage switch of approxi-
mately 5% of total users was identified (21). This is low compared to our results, 
perhaps since multiple switches per patient and switches between generics were 
not accounted for in that publication. We are unaware of other literature refe-
rences to drug switch frequencies.

Study limitations
This study is based on data from spontaneous ADR reporting, which is known 
to be subject to underreporting, varying by type of active substance and type 
of ADR (22). This limits the generalizability of our study, as we are not able 
to calculate an absolute risk of ADRs following drug switches, only a relative 
number of reported ADRs. Moreover, changes in the number of reported ADRs 
over time could simply be changes in the reporting rate and not true changes 
in the number of experienced ADRs. However, we believe that spontaneous 
reports are the most objective and systematically acquired data available to study 
clinical discomfort regarding drug switches. Furthermore, conclusions on the 
calculated number of reported ADRs can still be drawn relative to other active 
substances in the dataset. 
We present data for 20 active substances only. Nevertheless, these 20 active 
substances have the largest number of reported ADRs in the Netherlands and 
therefore provide an adequate number of ADRs on which to base calculations. 
As described in our previous study (23), we believe these 20 active substances 
represent a valuable sample, since active substances are included with both high 
and low numbers of switches, as well as high and low numbers of users. The 
active substance selection includes not only 5 of the 10 most prescribed active 
substances in the Netherlands in 2016 (between 688,000 and 1 million users), 
but also data for rivastigmine, which has on average only 15,102 users.
In theory, a more detailed level of analysis is possible using the Lareb and ZIN 
data sources, for instance analysis of manufacturer-specific switches or analysis 
of ADRs reported for a specific patient subgroup. Although interesting, more 

detailed analyses are limited because of the smaller number of ADRs that can be 
included in them. In addition, the data obtained for our study did not support 
manufacturer-specific analysis, as this information was not registered by Lareb 
in the first part of the study period. Furthermore, subgroup analyses could not 
be performed, as the ZIN data were aggregated, and patient characteristics were 
not included.
We used all reported ADRs for which a certain LLT was registered. This 
limits the study, as allocation of LLTs to ADR reports is a subjective action. 
“Substitution” is particularly ambiguous terminology, as various interpreta-
tions are offered in literature. However, we gathered all ADRs from the same 
pharmacovigilance center and are therefore confident that the terminology and 
interpretation is consistent and similar within our study data.
The threshold for peak identification was arbitrarily chosen as the mean plus 
1 SD. This is a common approach when analyzing data such as those in this 
study; however, it is only a mathematical approach to peak identification. 
Conclusions drawn from these data can therefore differ if different threshold 
values are chosen, and the best threshold for actual pharmacovigilance analyses 
may be a subject for further research.

Future directions
In this study, we demonstrate the importance of incorporating the number of 
drug switches when analyzing switch-related ADRs. Although we consider each 
reported ADR to be important, and we know that ADRs can have a significant 
impact on quality of life on an individual level (24), we believe that an ADR is 
less informative in analyzing the clinical discomfort of drug switching when a 
large number of switches underlies that specific ADR.
Our recommendation is to incorporate the number of drug switches in drug 
switch-related ADR pharmacovigilance analyses, when feasible. If not, it would 
at least be desirable to incorporate the number of users, which is a reasonable 
alternative to the number of switches. Alternatively, it may be interesting to 
use an estimated number of drug switches by simulating the number of drug 
switches, based on the number of users, seasonality (known to occur in the 
Netherlands), and other factors that are unknown at this point. Further valida-
tion of either methodology is recommended. 
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Conclusion

We demonstrate that adjusting the absolute number of reported ADRs for the 
number of drug switches leads to identification of different ADR peaks between 
June 1, 2009 and December 31, 2016, at least in our selection of 20 active 
substances with a relatively large number of ADRs, in the Netherlands. By 
using the switch-corrected number of ADRs in pharmacovigilance analyses, the 
likelihood of identifying relevant switch-related ADR peaks may be increased. 
Therefore, the use of switch-corrected ADR data in routine pharmacovigilance 
analyses appears to be advisable. Although the number of switches is theoreti-
cally the best measure to put the reported ADRs related to drug switching in 
perspective, in the absence of such data, the mean number of users could be a 
useful alternative measure. 
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Supplementary Figure and Tables

Fig. S6: Mean number of users versus mean quarterly number of drug switches for the 20 drugs 

included in this study over the period July 1, 2009 to December 31, 2016 in the Netherlands. The 

dashed line is a linear model regression.
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Preferred Term Lowest-Level Terms
Product substitution issue Product substitution issue

Product substitution issue brand to brand

Product substitution issue brand to generic

Product substitution issue generic to brand

Product substitution issue generic to generic

Therapeutic response unexpected Therapeutic response unexpected with drug 
substitution

Drug level changed Generic drug substitution altered drug level

Product substitution altered drug level

Therapeutic response changed Generic substitution altered therapeutic response

Therapeutic response increased Increased therapeutic response with drug 
substitution

Therapeutic response decreased Reduced therapeutic response with drug 
substitution

Product substitution Substitution therapy
Product substitution

Product substitution error Product substitution error

Table S1: Overview of included (MedDRA) Lowest-Level Terms and Preferred Term of the 

reported ADRs.

Code Content

Number of 
reported 

ADRs
A Alimentary tract and metabolism 300

B Blood and blood-forming organs 83

C Cardiovascular system 505

D Dermatologicals 13

G Genito-urinary system and sex hormones 145

H Systemic hormonal preparations, excluding 
sex hormones and insulins

379

J Anti-infectives for systemic use 49

L Antineoplastic and immunomodulating 
agents

124

M Musculoskeletal system 54

N Nervous system 595

P Antiparasitic products, insecticides and 
repellents

13

R Respiratory system 313

S Sensory organs 27

V Various 2

Total 2,602

Table S2: Overview of all reported ADRs related to drug product switching per ATC code for all 

drugs from June 2009 to December 2016 in the Netherlands, as obtained from Lareb.
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Abstract

Background
Patients may experience clinical discomfort as a result of drug switches between 
drug products with the same active substance. Although a large market share 
of generic drugs is financially favourable, reduction of the number of drug 
switches should be strived for. However, specific causes for the drug switches 
are currently undocumented.

Objective
To document reasons for patients’ drug switches between drug products with 
the same active substance.

Method
Observational field research was conducted in a total of 16 Dutch pharmacies 
during November and December 2019. In these pharmacies, a single researcher 
registered reasons for drug switches at time of occurrence, during a full working 
day. 

Results 
In total, 207 drug switches were registered. Most drug switches were caused 
by nationwide drug shortages (32%, n = 66) and the Dutch price-based tender 
system (23%, n = 47). Other important reasons were as follows: deals between 
pharmacists and wholesalers (12%, n = 25), distribution issues at wholesalers 
(11%, n = 22) and a financially favourable margin for pharmacists (11%, n = 21).

Conclusion
This study indicates that drug shortages and the Dutch price-based tender 
system are likely to be the main causes of drug switches in the Netherlands. 
However, other reasons, such as drug product distribution issues and local 
economic incentives, were also identified.

Introduction

Drug switches between drug products with the same active substance occur 
frequently and mostly between two generic drug products (1). Drug switching 
should not be clinically problematic, as interchangeability is supported by the 
demonstration of bioequivalence (2). However, a number of patients, physi-
cians, and pharmacists seem to have a negative perception of generic drugs and 
drug switching (3), and indeed for some drugs adverse reactions related to drug 
switches have been reported (4). This clinical discomfort should be avoided. 
Nonetheless, generic drugs are cheaper and important to reduce the costs of 
pharmaceutical care. In search of an optimum balance between clinical discom-
fort to the patients and financial benefits to the health care system, patients 
would benefit from a system in which generic drugs have a large market share 
but the number of drug switches is small. A first step towards reduction of the 
number of drug switches is to elucidate how they arise.
The reasons for the occurrence of drug switches are currently undocumented. 
Logically, drug shortages will result in drug switches, but other reasons can be 
sought in any action by health insurers, prescribers, wholesalers and/or patients 
which can influence the choice of the dispensed drug product. These can differ 
between countries as a result of national legislation and healthcare system. 
However, in many countries similar policies and financial incentives are in place 
to promote the use of generic drugs. For instance, a number of countries have 
tender systems in place which favour the cheaper drug product for reimburse-
ment from a group of interchangeable drug products (5). 
This study is performed in the Netherlands. There, generic drugs have a large 
market share and there is a price based tender system to promote generic drug 
use (6), as well as mandatory prescribing by international non-proprietary name 
(INN). The number of drug shortages has increased in the Netherlands in the 
last decade (7), as a result of several issues with regard to production, distribu-
tion, and quality, but also since the Netherlands is a less favourable sales market 
due to low prices and a small population size. In this study, we prospectively 
gathered data at the pharmacy counter, both qualitatively and quantitatively, 
regarding the underlying reasons for drug switching in the Netherlands.
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Methods

Observational field research was conducted in Dutch pharmacies during 
November and December 2019. A total of 400 pharmacies were approached 
from the database of the Utrecht Pharmacy Practice network for Education 
and Research (UPPER) (8). Pharmacies were preselected by geographical 
spreading, limited travel time, and the research protocol was approved by the 
UPPER Institutional Review Board.  In a pilot study drug switches were regis-
tered during a 6-hour visit to a local pharmacy. 
Drug switches were recorded by one researcher (M.H.) at each pharmacy’s 
counter, for one full day. A drug switch was defined as the replacement of a 
patient’s drug product with a drug product containing the same active phar-
maceutical ingredient, the same strength, the same dosage form and the same 
route of administration, but from a different manufacturer (brand or generic). 
Drug switches for drugs destined for home delivery or storage in the pharmacy’s 
service lockers were included in the study, whereas pre-packed and pre-sorted 
packets for polypharmacy patients were excluded from the study for practicality. 
The researcher used notification systems but was also depended on pharmacy 
personnel to notice drug switches.
Pharmacy characteristics (predominant healthcare insurer, ownership status) 
were registered. Per drug switch, the reason, the INN, the dose, the manufac-
turer, and patient’s health insurance company were registered. Pharmacists were 
interviewed regarding their view on drug switching and the reasons behind drug 
switching. Descriptive data analysis was used.
Nationwide shortages were identified from Farmanco – the drug shortage report 
system from the Dutch Pharmacists Association – which contains manufactu-
rers’ confirmed shortages lasting longer than 14 days (9). If a drug switch was 
because of a drug shortage that was neither a result of local pharmacy practice, 
nor nationwide, then the reason for the switch was considered a distribution 
issue at the wholesale level. 

Results

Out of 400 approached pharmacies, 19 were willing to participate (4.8%); for 
16 pharmacies visits could be scheduled and were included in the study. These 

pharmacies differed by predominant health insurance company: Zilveren Kruis/
Achmea (6), Menzis (4), Zorg en Zekerheid (3), VGZ/CZ (2) and Salland (1) 
and ownership: pharmacy chain (4), franchise (5), independent (7).
In total, 207 drug switches were registered; 13 on average per day per pharmacy 
(range: 4–24). As expected, most drug switches were between generic products 
(86%, 177/207). Moreover, 6% (12/207) of switches was from a brand-name 
product to a generic product. Drug switches between two brand-name product 
(e.g. imported from another European country) accounted for 4% (8/207), and 
switching from a generic product to a brand-name product accounted for 3% 
(7/207) of the drug switches. Finally, 1% (3/207) of the drug switches was 
between compounded products (see Table 1).

Figure 1: Characterization of registered drug switches and underlying reasons.

As depicted in Figure 1, most drug switches were a result of nationwide shor-
tages (32%, 66/207) or the Dutch tender system (23%, 47/207). Agreements 
between wholesalers and pharmacists to dispense a drug product from a specific 
manufacturer were responsible for 12% (25/207) of the registered drug switches. 
In addition, 11% (22/207) of the drug switches were presumably caused by 
wholesalers’ distribution issues, resulting in shortage at the pharmacy, while 
favourable financial margins were the reason for 10% (21/207) of the drug 
switches. Moreover, local out-of-stock issues at the pharmacy, not caused by 
wholesalers’ distribution issues, were indicated as the reason for 5% (10/207) of 

National shortage

Dutch tender system

Deal pharmacist - wholesaler

Distribution issues at wholesale

Favorable financial margin

Out of stock at pharmacy

Patients' request

Pharmacists' initiative

Prescribers' initiative
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the drug switches. Finally, 4% (8/207) were at the request of the patient, while 
3% (7/207) were initiated by the pharmacists, and only one by the prescriber. 

Drug switch type Number of drug switches Share of 
total

Generic product to generic product 177 86%
Brand-name product to generic product 12 5.8%
Brand-name product to brand-name product 8 3.9%
Generic product to brand-name product 7 3.4%
Other 3 1.4%
Total 207 100%

Table 1: Summary of drug switch type

During the interview, 12 of the 16 pharmacists indicated that the number of 
registered drug switches was an underestimation of a normal days’ practice, 
whereas 4 pharmacists indicated it was representative. Fifteen pharmacists 
reported an annual increase in the number of drug switches. Furthermore, based 
on daily experience, 11 and 5 of the 16 pharmacists estimated that drug shor-
tages and the Dutch tender system, respectively, were the main causes for drug 
switches. In addition, 9 pharmacists were of the opinion that generic drugs are 
interchangeable, while four believed that these are not interchangeable, and 
three pharmacists had a neutral position on interchangeability.

Discussion

To our knowledge, this study is the first to investigate reasons for occurrence 
of drug switches in the Netherlands. In our sample, we found that the two 
main reasons for drug switching are nationwide drug shortages and the price-
based tender system, which combined are responsible for approximately 55% 
of the drug switches in the Netherlands. It could be argued that ‘distribution 
issues at wholesalers’ and ‘out-of-stock issues at the pharmacy’ should also be 
characterized as shortages, which would increase the share of ‘shortages’ from 
23% to 47% (98/207) of the total number of drug switches.  Economic drivers 
contribute significantly to the number of drug switches, which were most clearly 
identified in 22% of the total number of drug switches (i.e., deals between 
pharmacist and wholesalers [12%] and financially favourable margins related to 

reimbursement [10%]). 
The first study limitation is the small sample size, which could impact generali-
zability of the results. In addition, pharmacy visits were only in November and 
December while the influence of the Dutch tender system on drug switching 
is likely bigger in January to March (1). Study repetition should include more 
pharmacies and visits spread throughout the year. However, because we aimed 
to study the entire range of reasons for drug switching, the research period was 
still deemed adequate and perhaps more sensitive to identify issues other than 
the Dutch tender system.
Second, the study is limited by the semi-systematic approach, as the researcher 
was partly dependent on pharmacy personnel to notice drug switches. Three 
pharmacies did not use an automatic notification system for drug switches, 
which increased this dependency. Furthermore, we excluded drug switches for 
polypharmacy patients in pre-packed and pre-sorted packets. It must also be 
noted that we only succeeded in scheduling visits on ‘not too busy’ days. These 
limitations may have resulted in an underestimation of the total number of 
drug switches. Indeed, during the interview, 75% of the pharmacists (12/16) 
indicated that the registered number of drug switches was likely an underes-
timation. However, it is not expected that different reasons for drug switches 
would have been identified.
Overall, we present an exploration of the complex Dutch landscape of reasons 
for drug switching, which is, in some cases, related to policies or market struc-
ture specific to the Netherlands. Nonetheless, these findings are of interna-
tional relevance. The search for an optimized drug market system, in which 
generic drugs simultaneously have a large market share but a low number of 
drug switches, is not restricted to the Netherlands. Moreover, policies and 
financial incentives, such as mandatory INN prescribing, or price-driven tender 
systems for drug reimbursement are effective in many countries. They would 
therefore likely result in a similar number of drug switches and similar reasons 
for those switches. Policymakers worldwide could thus utilize the results of 
our study. The results should open up the discussion about the acceptability of 
economic or distribution issues that cause drug switches, which in some cases 
result in clinical discomfort for patients. This is, however, a difficult discussion, 
as the issues are likely not easily solved and are perhaps essential for the finan-
cial viability of the pharmaceutical market.

86 87

ch
a

p
te

r 
tw

o
.t

h
re

e
 |

 s
w

itc
h

 r
e

a
so

n
s



References

1.	 Glerum PJ, Maliepaard M, de 
Valk V, Burger DM, Neef K. Drug 
switching in the Netherlands: a cohort 
study of 20 active substances. BMC 
Health Serv Res. 2020;20(1):650.

2.	 Committee for Medicinal Producs for 
Human use (CHMP). Guideline on 
the Investigation of Bioequivalence. 
2010;Doc. Ref.: CPMP/EWP/
QWP/1401/98 Rev. 1/ Corr **.

3.	 Colgan S, Faasse K, Martin LR, 
Stephens MH, Grey A, Petrie KJ. 
Perceptions of generic medication 
in the general population, doctors 
and pharmacists: a systematic review. 
BMJ Open. 2015;5(12):e008915.

4.	 Glerum PJ, Maliepaard M, de Valk V, 
Scholl JHG, van Hunsel F, van Puijenbroek 
EP, et al. Quantification of Adverse Drug 
Reactions Related to Drug Switches in 
The Netherlands. Clin Transl Sci. 2020.

5. 	 Kanavos SL, Vandoros P. Tender systems 
for outpatient pharmaceuticals in the 
European Union: Evidence from the 
Netherlands, Germany and Belgium. 2009 

6.	 <wetten.nl - Regeling - Besluit 
zorgverzekering - BWBR0018492.pdf>.

7.	 Royal Dutch Pharmacists Association 
(KNMP). Geneesmiddelentekorten 
2020 [cited 2020 April 10]. 
Available from: https://www.knmp.
n l /pa t i en t enzo rg /genee smidde l en /
g e n e e s m i d d e l e n t e k o r t e n .

8.	 Koster ES, Blom L, Philbert D, Rump 
W, Bouvy ML. The Utrecht Pharmacy 
Practice network for Education and 
Research: a network of community and 
hospital pharmacies in the Netherlands. 
Int J Clin Pharm. 2014;36(4):669-74.

9.	 (KNMP) RDPA. Farmanco 2020 
[updated April 10. Available 
from: https://farmanco.knmp.nl

88 89

ch
a

p
te

r 
tw

o
.t

h
re

e
 |

 s
w

itc
h

 r
e

a
so

n
s



Chapter 3.1 
Interchangeability of generic drugs: 

a non-parametric pharmacokinetic 
model of gabapentin generic drugs

P.J. Glerum, Y. Yu, W.M. Yamada, M.N. Neely, M. Maliepaard, D.M. 
Burger, C. Neef

Clinical Pharmacology & Therapeutics. 2018 Nov;104(5):966-973.

91



Abstract

Substitution by generic drugs is allowed when bioequivalence to the originator 
drug has been established. However, it is known that similarity in exposure 
may not be achieved at every occasion for all individual patients when swit-
ching between formulations. The ultimate aim of our research is to investigate 
if pharmacokinetic subpopulations exist when subjects are exposed to bioequi-
valent formulations. For that purpose, we developed a pharmacokinetic model 
for gabapentin, based on data from a previously conducted bioavailability study 
comparing gabapentin exposure following administration of the gabapentin 
originator and three generic gabapentin formulations in healthy subjects. Both 
internal and external validation confirmed that the optimal model for descrip-
tion of the gabapentin pharmacokinetics in this comparative bioavailability 
study was a 2-compartment model with absorption constant, an absorption lag 
time and clearance adjusted for renal function, in which each model parameter 
was separately estimated per administered formulation.

Introduction

Generic medicines are drugs comparable to their originator counterparts, contai-
ning similar amounts of active substance(s). Generic drugs can only be marketed 
when pharmaceutical comparability to the originator has been demonstrated 
and the patent of the originator has expired. Financial investment for the deve-
lopment of generic drugs is markedly lower as compared to that for develop-
ment of a new active substance medicinal product (i.e. originator drug), as there 
is no need to repeat the studies on safety and efficacy of the active substance. 
Therefore, generic drugs are usually sold for lower prices, generally resulting in 
health care cost savings. 
About 80% of all pharmacy filled prescriptions in the United States are filled 
with generic drugs (1). In Europe, market shares of generic drugs may differ 
between countries (2). In the Netherlands, 72.4% of all drug prescriptions in 
2015 were for generic drugs, while these accounted only for 16.5% of total drug 
associated costs (3). If available in the Netherlands, 97.1% of the prescriptions 
are filled with generic drugs. This high percentage in the Netherlands is presu-
mably partly a result of the way health insurance companies execute national 
law and in the case of drug shortages, pharmacists are often forced to substitute 
with other equivalent (generic) drugs (4,5).
Registration of generic drugs requires proof of bioequivalence to the originator. 
If generic drugs contain an equal amount of active substance(s), proof of bioe-
quivalence can be provided by statistically confirmed comparable bioavailability. 
Bioequivalent formulations are subsequently expected to demonstrate essenti-
ally similar efficacy and safety under identical circumstances. 
Even though evidence for clinical inequivalence could not be identified for 
cardiovascular and antiepileptic drugs (6,7,8), a large portion of patients and 
health care professionals have doubts regarding quality, safety and efficacy of 
generic drugs and hold a negative opinion towards generic drug substitution 
(9). For instance in the field of epilepsy, many issues regarding seizure control 
are reported and various clinical guidelines recommend to avoid generic drug 
substitution (10).
To demonstrate bioequivalence, usually a randomized crossover study with phar-
macokinetic endpoints is conducted, comparing two formulations of which one 
is the originator. Bioequivalence is confirmed when 90% confidence intervals of 
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the geometric mean ratios for area under the curve (AUC) and peak concentra-
tion (Cmax) are within pre-specified limits, which are normally 80.00 to 125.00%, 
as for instance described in the ‘guideline on the investigation of bioequivalence’ 
by the European Medicines Agency (EMA) (11) and the draft guidance ‘bioe-
quivalence studies with pharmacokinetic endpoints for drugs submitted under 
an ANDA’ by the Food and Drug Administration (FDA) (12). The bioequiva-
lence approach however, is based on average values and only accounts partially 
for the variation observed for an individual’s pharmacokinetic parameters. In 
theory, high ratios for AUC and / or Cmax outside the 80.00-125.00% margin 
could be observed upon administration of different formulations in a single 
individual, even though these formulations were proven to be bioequivalent. 
Ultimately, we want to investigate those individual deviations and to challenge 
the appropriateness of the current bioequivalence requirements in regulatory 
approval of drugs, by investigating whether pharmacokinetic subpopulations 
exist, demonstrating low or high ratios for AUC and/ or Cmax when exposed 
to bioequivalent formulations of gabapentin, using a non-parametric pharma-
cokinetic modeling approach. The study described in this paper represents the 
first step in which we build and validate a pharmacokinetic model for gaba-
pentin based on pharmacokinetic data from a previously conducted comparative 
bioavailability study comparing gabapentin exposure following administration 
of the gabapentin branded formulation and three generic gabapentin formula-
tions currently marketed in the Netherlands. 

Results

In the first step of the modeling, 4 different structural models were considered. 
By addition of a Tlag in the 1 compartment with absorption constant model, the 
AIC decreased (-219) (Table 1a). Likelihood of the model with a 2nd compart-
ment was higher compared to the 1 compartment model; the AIC was reduced 
(AIC from 3802 to 3669). Model fit further improved with the Tlag introduced 
in the 2-compartment model, with no significant changes in bias and precision. 
Overall, a reduction of the AIC of 233 was observed by introduction of the 2nd 
compartment and Tlag parameters. Based on AIC, bias and precision as well as 
the VPCs, it was concluded that a 2-compartment model with addition of Tlag 
best explained observed data. The regression equation of the observed versus the 

predicted concentration is y=0.997x + 0.0295 with an R2 of 0.887 (bias: -0.0194 
and imprecision: 0.851). 

Model Parameters AIC ∆AIC Bias Imprecision

Structural models
1 comp + Ka Ka, V, Ke 3802 0.0018 0.8543

1 comp + Ka + Tlag Ka, Tlag, V, Ke 3583 -219 -0.0114 0.8467

2 comp + Ka Ka, V, Ke, KCP, KPC 3669 -133 0.0103 0.8638

2 comp + Ka + Tlag Ka, Tlag, V, Ke, KCP, 
KPC 3569 -233 0.0194 0.8514

Level of separation

Separation of Ka Ka1, Ka2, Ka3, Ka4, 
Tlag, V, Ke, KCP, KPC 2546 -1023 -0.0052 0.8284

Separation of Tlag
Ka, Tlag1, Tlag2, Tlag3, 
Tlag4, V, Ke, KCP, 
KPC

3576 +7 -0.0362 0.8540

All parameters 
separated (’96 
pseudo subjects’)

Ka, Tlag, V, Ke, KCP, 
KPC 1588 -1981 -0.0214 0.7888

Covariates selection

Weight Ka, Tlag, V, Ke, KCP, 
KPC 1613 +25 -0.0884 0.8063

Renal Ka, Tlag, V, Ke, KCP, 
KPC 1585 -3 -0.0280 0.7795

Weight + Renal Ka, Tlag, V, Ke, KCP, 
KPC 1600 +12 -0.0653 0.8262

Table 1: Model selection statistics: Akaike Information Criterion (AIC), bias (mean error) and 

imprecision (mean squared error) are shown.

The second step in this modeling exercise was refinement to include structure 
with regard to the 4 different formulations. Based on the chosen base model (2 
compartment, Ka, Tlag) a comparison to 3 additional models was made. These 
models were; (1) separation of Ka per formulation, (2) separation of Tlag per 
formulation and (3) separation of all parameters (Ka, Tlag, V, KCP, KPC and 
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Ke) per formulation. Numerical results of this comparison are depicted in Table 
1b, and show that model fit was improved by allowing separate estimates for Ka 
per formulation but not when allowed for separation on Tlag. The likelihood 
of the model was strongly improved for the ‘pseudo subject’ model, in which 
each parameter was independently estimated per treatment period, the AIC 
was reduced by 1981 (from 3569 to 1588) compared to no separation at all. 
Therefore, this model was chosen as the final structural model for further refi-
nement. The regression equation of the observed versus the predicted concen-
tration for this model is y=0.995x + 0.022 with an R2 of 0.98 (bias: -0.0214 and 
imprecision: 0.7888).
The third step in the model building process was covariate selection. Based on 
stepwise linear regressions, weight and renal function were selected as the cova-
riates with the potential to improve model fit. Weight (mean 71.0, range 52.7 
- 97.0 kg) was tested as a multiplicative term on V (Equation 1).

V0 = V * WEIGHT

Equation 1: Weight as a multiplicative term on V

Renal function was estimated by creatinine clearance (mean 120, range 71.2-183 
ml/min), which was estimated from the serum creatinine concentration, by 
using the Cockcroft-Gault equation. There is no indication that gabapentin 
undergoes metabolism in humans. Instead, it is eliminated unchanged solely 
by renal excretion (13). A multiplicative term of renal function (CrCl) on the 
renal clearance (Kr) is therefore expected to adequately represent clearance (Ke) 
(Equation 2).

Ke = Kr * CrCl 

Equation 2: Clearance (Ke) as a multiplicative term of renal function (CrCl) on renal clearance 

(Kr)

From Table 1c; The covariate weight as a multiplicative term on V did not 
significantly improve the likelihood of the model (AIC +25), indicating no 

significant dependency of volume of distribution on weight. However, the 
model fit improved with renal function correlated to gabapentin clearance by a 
multiplicative function of renal function on the elimination constant. An AIC 
reduction of 3 was computed, when renal function on elimination was included 
in the model. A combination of both weight on volume and renal function on 
clearance did not further improve model fit (AIC+ 12) relative to the model 
with renal function only.
Thus, the final model for description of the gabapentin pharmacokinetics in the 
bioequivalence study was a 2-compartment model with absorption constant, 
an absorption lag time and elimination adjusted for renal function in which 
each model parameter was separately estimated per administered formulation 
(Equation 3). 

(delta/delta T) ammnt_depot = Fabs * dose (T - Tlag) - Ka*ammnt_depot

(delta/delta T) ammnt_blood = ammnt_depot * Ka + ammnt_peripheral * KPC -  ammnt_blood 
* (KPC + Ke) 

(delta/delta T) ammnt_peripheral = KCP * ammnt_blood - KPC * ammnt_peripheral

concentration_blood = ammnt_blood / vol_blood

Ke = Kr * CrCl

error = sqrt(lambda2 + sigma2)

sigma = C0 + C1*X_central

Equation 3: Final model equations

The observed versus the predicted concentration plots are shown in Figure 1, 
both for the population prediction and the individual prediction. The regression 
equation is y=0.995x + 0.0256 with an R2 of 0.98 (bias: -0.0280 and impreci-
sion: 0.7795). 

96 97

ch
a

p
te

r 
th

re
e

.o
n

e
 |

 m
o

d
e

l b
u

ild
in

g



Figure 1: Population (left) and individual (right) predicted versus observed values for the final 

2-compartment model with absorption constant, an absorption lag time, elimination adjusted for 

renal function and all parameters separately estimated per formulation, line of identity (dashed 

line) and linear regression (solid line).

Figure 2: Residual plots; weighted residuals vs. predictions (left), weighted residuals (predicted - 

observed) vs. time (middle) and a histogram of residuals with an overlay of a normal curve (right).

Residual plots for the final model are shown in Figure 2. Weighted residuals 
demonstrate an even spread over the concentration range as well as over the 
time span. A slight tendency can be observed with some under predictions in 
the lower concentration range. However, as can be seen from the histogram of 
residuals, the majority of residuals are centered around zero. The D’Agostino-
Pearson test for non-normality tests not significant (p = 0.587), thus the 
assumption is made that the residual error follows a normal distribution. 
A visual predictive check (VPC) was performed for the final model, as depicted 
in Figure 3. The scatterplot VPC with prediction intervals shows a good corre-
lation but some added variability on the distribution and elimination phase. 

Figure 3: Scatterplot VPC, observed data from the study is represented in circles, prediction 

intervals (quantiles 0.05, 0.5 and 0.95) determined from 1000 simulations as solid lines.

An overview of estimated pharmacokinetic parameters from both the observed 
concentrations and from predicted time-observation profiles is provided in 
Table 2. Despite a small under prediction of the model concentrations (mean 
deviation from Cmax: 7.95%, AUC0-t: 5.08%, AUC0-inf: 6.23%) and some added 
variability on half-life (mean +/- SD, observed: 8.24h +/- 2.82, predicted: 8.84 
+/- 10.67), no obvious deviation is observed for the parameters.
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Formulation 1 Formulation 2 Formulation 3 Formulation 4

Cmax (mg/l) observed 5.33 +/- 1.79 5.43 +/- 1.86 5.48 +/- 1.44 5.62 +/- 1.65

Cmax (mg/l) predicted 4.99 +/- 1.71 4.87 +/- 1.65 5.11 +/- 1.36 5.16 +/- 1.52

AUC0-t (h.mg/l) 
observed 63.42 +/- 25.72 61.55 +/- 24.70 61.16 +/- 20.80 62.08 +/- 22.91

AUC0-t (h.mg/l) 
predicted 59.92 +/- 24.71 58.87 +/- 24.01 58.88 +/- 19.83 57.92 +/- 22.04

AUC0-inf (h.mg/l) 
observed 64.49 +/- 25.68 62.39 +/- 24.68 62.45 +/- 20.88 63.03 +/- 23.13

AUC0-inf (h.mg/l) 
predicted 60.18 +/- 24.62 59.12 +/- 23.92 59.02 +/- 19.87 58.29 +/- 22.01

Tmax (h) observed 4.0 (2.50-8.0) 4.25 (2.0-8.0) 3.50 (1.5-6.0) 3.75 (1.5-8.0)

Tmax (h) predicted 3.5 (1.8-8.8) 3.7 (2.2-6.4) 3.0 (1.6-6.2) 3.7 (1.6-6.0)

T1/2 (h) observed 8.12 +/- 2.70 8.08 +/- 2.08 9.08 +/- 3.63 7.66 +/- 2.63

T1/2 (h) predicted 7.66 +/- 5.94 7.92 +/- 6.85 7.53 +/- 4.25 12.24 +/- 18.81

Table 2: Non-compartmental analysis derived pharmacokinetic parameters Cmax AUC0-t, AUC0-

inf, Tmax and T1/2 from observed concentrations and individual Bayesian posterior final model 

predicted time-observation profiles, per treatment. All parameters are mean +/- SD, but Tmax 

median and range.

Parameter wMedian and 
95%CI

BOV

Ka (h-1) 0.26 (0.23-0.31) 35 %

Tlag (h) 0.30 (0.21-0.35) 75 %

V (l) 90.0 (83.5-106) 34 %

KCP (h-1) 0.16 (0.12-0.36) 110 %

KPC (h-1) 0.82 (0.30-1.69) 68 %

Ke (h-1) 0.32 (0.29-0.36) 34 %

Table 3: Estimated parameter values for the final model, weighted median, 95% confidence 

interval around the median (CI) and Between Occasion Variability, % (BOV). Ke recalculated 

from rate per ml/min creatinine clearance.

Estimated pharmacokinetic parameter values obtained with the final model 
are tabulated in Table 3. Parameter values are summarized as median and the 
95 % CI around the median, as calculated by a probability weighted Monte 
Carlo simulation (n=1000) from the support point distribution. The Between 
Occasion Variability (BOV) is calculated as the population mean from the esti-
mates of each subjects’ 4 pseudo subjects coefficient of variation. 
External validation of the model was performed with data obtained from a 
separate pharmacokinetic (bioequivalence) study with an oral 800 mg gaba-
pentin formulation which was submitted to the MEB in support of a generic 
application. The NonParametric Adaptive Grid algorithm (NPAG) distribu-
tion from the final model was used as input (‘prior’) for the external data, to 
construct an observed versus predicted concentration plot, as shown in Figure 
4. A high correlation can be observed, with a regression equation y=0.925x – 
0.0294 with an R2 of 0.952. 

Figure 4: Individual predicted versus observed values from separately obtained gabapentin valida-

tion data (800 mg bioequivalence study).
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Discussion

Both internal and external validation confirmed that the optimal model for 
description of the gabapentin pharmacokinetics in this comparative bioavailabi-
lity study was a 2-compartment model with absorption constant, an absorption 
lag time and clearance adjusted for renal function, in which each model para-
meter was separately estimated per administered formulation.
The ultimate goal of our model is to perform simulations for the identifica-
tion of pharmacokinetic subpopulations or outliers with an aberrant exposure 
to gabapentin outside the 80.00-125.00% margin when switching between 
bioequivalent formulations. Since the aim of our research is to investigate the 
influence of formulation on bioequivalence, one could argue that our model 
selection was biased towards a model with parameters separately estimated per 
formulation. However, we used a structured method of model selection and 
objective assessment of the selection parameters and thereby avoid such bias. 
Further, by separation of all model parameters per administered formulation we 
chose the most naïve approach to the data. Therefore, we were able to construct 
the best possible model for the explanation of these data. 
The rationale for the models with separation only of Ka and Tlag is based on 
the general assumption regarding generic drugs that only the absorption phase 
and not the distribution or elimination phase is influenced by possible formu-
lation differences. However, a limitation of those models is that the parameters 
for the distribution and elimination phase are fixed to the same value, for each 
subject. This is not an adequate representative for the true values for these para-
meters, as natural variability between occasions is expected to be present in any 
study, even where subjects serve as their own controls. By allowing separation 
of all parameters of the absorption, distribution and elimination phase, we allow 
for this inter-occasion variability. An additional randomized 5th period in the 
gabapentin study, with a repeated administration of 1 of the 4 formulations, 
solely dissimilar by occasion, would have allowed to compute an estimation of 
the true inter-occasion variability directly derived from the pharmacokinetic 
data. With the current study design, which is the usual for regulatory establish-
ment of bioequivalence, it is not possible to separate variability due to occasion 
vs. variability from formulation.  However, the absence of a ‘true’ estimation of 
the inter-occasion variability is not necessarily a weakness of the data and the 

model. Within the current ‘pseudo subject’ model, the inter-occasion variability 
is not fixed to the amount we would have computed based on repeated admi-
nistration of 1 formulation between 2 occasions. This model is without any 
assumptions on the inter-occasion variability. 
Population pharmacokinetic models can be statistically classified as parame-
tric or nonparametric. We choose to perform non-parametric population phar-
macokinetic modeling, even though it is common practice to use parametric 
modeling in drug development and evaluation. In drug application dossiers 
submitted to regulatory authorities, the parametric program NONMEM is the 
most frequently used. However, an advantage of the non-parametric approach 
is that no assumptions are made with regard to the distribution of described 
parameter values. Entire joint distributions with probabilities are estimated 
based on the data, instead of estimating a parameter mean or median (popu-
lation standard value ‘Theta’) and deviation (individual random effect ‘Eta’) 
(14). The absence of those assumptions in the non-parametric approach allows 
discovery of non-pre-specified subpopulations. This theoretical characteristic 
of non-parametric modeling was confirmed by Neely et al., by accurately detec-
ting a bimodal elimination and one pharmacokinetic outlier19. Considering 
the aim of our study, it is justified that non-parametric modeling is the most 
appropriate method, optimizing our chances of identifying pharmacokinetic 
subpopulations.

model uncertainties
The polynomial coefficients for the error model should ideally be determined 
by the bioanalytical lab based on observed variation at standard concentrations. 
However, in absence of detailed information about the accuracy and precision 
of this bioanalytical method, we estimated the error polynomial coefficients 
based on data from other bioanalytical gabapentin methods seen in registration 
files of the MEB. The chosen polynomial coefficients represent a coefficient 
of variation between 2.75-0.95%. The Lambda term was fitted by NPAG in 
the final model to be 0.2990, indicating low amount of process noise and a 
well-executed pharmacokinetic characterization. 
Gabapentin has been modeled before, using a combined approach of parametric 
(NONMEM) and non-parametric modeling (15). The final model from this 
study was a 1-compartment model with a fixed absorption constant (0.44 h-1) 
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and a non-linear bioavailability parameter. Our final model deviates from the 
previously described model by absence of a function for the absorption, an addi-
tional distribution compartment and renal function correlated clearance. An 
explanation for reaching another optimal model could be the richer data input 
(i.e. 96 occasions of 17 blood samples each in our case versus 25 occasions of 10 
blood samples each in the previous study). In our research, non-linearity of the 
bioavailability was not explored as only 1 dose strength was administered. The 
estimated Ka in our study (median 0.26, range 0.11-1.09 h-1) was within the 
same extent. Another parametric model found was a one compartment model 
with absorption constant (0.053 - 0.461 h-1) and lag time (0.48 - 2.29 h-1), with 
covariates creatinine clearance and race (Black versus other) on gabapentin clea-
rance and weight and population (healthy subjects versus patients) on volume of 
distribution (16). Again, an explanation of the observed differences could be a 
richer data input compared to this study (average 1.6 samples per patient).
In addition to Ka and Tlag, a relative bioavailability term (F, proportion) was 
explored to be included in the model. Due to the high correlation of F with Ka 
and the inability to accurately estimate F in the absence of intravenous data, it 
was concluded to estimate Ka and treat F as a fixed (but random) population 
parameter, to avoid unnecessary complication of the estimated absorption. As 
an alternative, it was planned to estimate F as a relative term. The F could then 
be estimated relative to 1 of the formulations, but this became irrelevant with 
the introduction of the ‘pseudo subject’ model. 
Creatinine clearance was used to estimate renal function using the Cockcroft-
Gault equation. Although validity of the estimation by Cockcroft-Gault is ques-
tioned in certain patient populations such as elderly and overweight subjects 
(17), we believe this is an accurate estimator for our data, which is obtained in 
young healthy adult volunteers with normal weight (included subject were in 
the age range of 21–55 years and their mean BMI was in the range of 19.9–30.0 
kg/m2). 
The external validation was performed using a gabapentin dataset obtained 
from the registration files of the MEB.  In this study, no serum creatinine 
values were presented. To allow for a Cockcroft Gault estimation of the crea-
tinine clearance, average serum creatinine values (male and female) from the 
4-way study were used. This was believed to be the best available estimate of 
the renal function. With the external data, a high correlation was observed and 

external validation of our model could be inferred. 
To conclude, gabapentin pharmacokinetic data was shown to be best described 
by a 2-compartment model with an absorption constant and absorption lag time, 
with clearance adjusted for renal function and each model parameter separately 
estimated per administered formulation. The final model adequately describes 
observed data, does not show deviating trends in the goodness of fit diagnostics 
and is in line with current pharmacokinetic gabapentin knowledge. The model 
as described is considered fit for further analyses and simulations. Such future 
simulations using the model will be aimed to identify potential subpopulation 
of individual patients with increased risk for altered pharmacokinetics as a result 
of switching between bioequivalent formulations.

Methods

Gabapentin pharmacokinetic data
Gabapentin pharmacokinetic data was previously gathered in a 4-way crossover 
comparative bioavailability study, comparing 4 different oral immediate release 
formulations of 800 mg gabapentin that were previously accepted to be bioe-
quivalent and therefore registered by the Dutch Medicines Evaluation Board 
(MEB) (18). In that study, twenty-four healthy volunteers (14 females and 10 
males) were enrolled and completed the study. The mean age was 35 years 
(range: 21–55), mean body mass index was 23.6 kg/m2 (range: 19.9–30.0) and 
mean creatinine clearance 120 ml/min (range: 71.2-183.3). Gabapentin levels 
were measured in plasma samples, drawn pre-dose and at 0.5, 1, 1.5, 2, 2.5, 3, 
3.5, 4, 4.5, 5, 6, 8, 12, 24, 36 and 48 hours post-dosing, during each period. 
Adverse events and vital signs were monitored, standard laboratory evalua-
tions were performed. Pharmacokinetic parameters Cmax AUC0-t, AUC0-inf, Tmax, 
T1/2, Kel and AUC0-t /AUC0-inf were computed and an ANOVA was performed 
using ln-transformed Cmax, AUC0-t, and AUC0-inf. The 90% confidence intervals 
were calculated for Cmax, AUC0-t and AUC0-inf. Bioequivalence was confirmed 
between all different formulations. 

Model building in Pmetrics
A total of 1610 concentration time points was included in the model building 
process. Non-parametric population pharmacokinetic modeling was performed 
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using the Pmetrics package (version 1.5; Laboratory of Applied Pharmacokinetics 
and Bioinformatics, Los Angeles, CA) using R (version 3.2.2) that uses the 
algebraic model solver and NonParametric Adaptive Grid algorithm (NPAG) 
(19).  In NPAG, 4 different structural base models were compared, i.e. a 1- and 
a 2-compartment model with an absorption constant, both with or without an 
absorption lag time. For these comparisons, parameters to be estimated were 
absorption constant (Ka, rate, unit per hour), absorption lag time (Tlag, hours), 
volume of distribution (V, liter), elimination constant (Ke, rate, unit per hour), 
transfer rate from central to peripheral compartment (KCP, rate, unit per hour) 
and peripheral to central (KPC, rate, unit per hour). Boundaries for the para-
meter estimates were determined based on gabapentin knowledge, estimated 
values and for KCP/ KPC on expected inter-compartmental clearance and 
volume of central and peripheral compartments. Upper parameter boundaries 
were 1.25 h-1 (Ka), 200 L (V), 0.008 h.ml-1 (Ke), 1.5 h (Tlag), 2.0 h-1 (KCP) 
and 2.0 h-1 for KPC. 
Information with regard to the formulation was incorporated in the structural 
model by constructing models able to separately estimate 4 different parameter 
values for each subject, based on the administered formulation. A model was 
constructed to estimate 4 Ka values per subject, 4 Tlag values per subject, or 4 
different values for all estimated parameters. The latter was achieved by dividing 
subjects’ separate sampling visits into ‘pseudo’ subjects for this analysis, 4 per 
true subject, thus 96 in total.
The applied error model per observation (1/error2) is a polynomial equation for 
the SD = .02 + .0075*(concentration), and error = (SD2 + Lambda2)0.5. The 
Lambda value is a fitted term to capture extra process noise on the observed 
values.
Selection of the optimal structural model was based on minimization of bias 
(mean predication error) and imprecision (mean square prediction error) 
and assessed using Visual Predictive Check (VPC) and the reduction of the 
Akaike Information Criterion (AIC) (20).  The AIC is defined as (2 × k) − 2 
× ln(L), with k for the number of parameters and L the likelihood. Scatterplot 
VPCs with prediction intervals (quantiles 0.05, 0.5 and 0.95) from simulation 
(n=1000). Selection of covariates (available covariates in the dataset were serum 
creatinine (both at pre-dose screening and at follow-up), age, sex, race, weight 
and height) to be included in the model was based on linear regression of each 

subject’s covariates versus the Bayesian posterior parameter values. Inclusion of 
these covariates in the final model was based on the same selection criteria as 
the structural model selection. 

Model evaluation
Internal validation was tested by residual error plots and the D’Agostino-
Pearson test (21) for normality in distribution of the residuals, as implemented 
in Pmetrics. Non-compartmental analysis derived pharmacokinetic parameters 
Cmax AUC0-t, AUC0-inf, Tmax and T1/2 (computed by the ‘makeNCA’ function in 
Pmtetrics) from both the observed concentrations and from individual Bayesian 
posterior predicted time-observation profile where compared.
External validation of the model was performed using a data set from an inde-
pendent pharmacokinetic study as filed during registration at the MEB for 
another generic formulation of gabapentin. In this study, subjects received a 
single oral formulation of 800 mg and plasma gabapentin concentrations were 
determined pre-dose and at 0.5, 1, 1.5, 2, 3, 4, 5, 6, 8, 12, 16, 24, 26, 48, 60 
hours post dose. This external validation was performed using 352 concentra-
tion time points. A total of 22 subjects were included in the analysis, of which 
14 males and 8 females. The mean age was 35 years (range: 23–47 years), and 
their mean body mass index was 23.3 kg/m2 (range: 19.2–26.9 kg/m2). 
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Abstract

Patients are often switched between generic formulations of the same drug, 
but in some cases generic interchangeability is questioned. For generic drugs to 
be approved, bioequivalence with the innovator drug should be demonstrated; 
however, evidence of bioequivalence is not required in the intended patient 
population or relative to other approved generics. 

We aim to identify pathophysiological pharmacokinetic subpopulations for 
whom there is a difference in comparative bioavailability, compared to a healthy 
population. 

Methods
We used simulated exposures from a non-parametric model of multiple generics 
and the originator gabapentin. Exposure was simulated for virtual populations 
with pharmacokinetic characteristics beyond those of the healthy subjects, with 
regard to rate of absorption, volume of distribution and reduced renal function. 
Virtual parallel design bioequivalence studies were performed using a random 
sample of 24 simulated subjects, with standard acceptance criteria. 

Results
Results indicate increased pharmacokinetic variability for patient populations 
with a lower rate of absorption or a reduced renal function, but no change of the 
average comparable bioavailability ratio. This increased variability results in a 
reduced likelihood of demonstrating bioequivalence. Observations were similar 
for comparisons between all different formulations, as well as between subjects 
who received the identical formulation in a repeated fashion. No relevant effect 
was observed for simulations with increased volume of distribution.

Conclusion
Our simulations indicate that the reduced likelihood of demonstrating bioequi-
valence for subjects with altered pharmacokinetics is not influenced by a formu-
lation switch, nor does the average comparable bioavailability ratio change. 
Therefore, these results support generic interchangeability and current approval 
requirements for generics.

Introduction

A generic medicinal product, or ‘generic’, is defined in Directive 2001/83/EC 
of the European Commission to contain the same active substance and be the 
same pharmaceutical form as the originator (1). Generics are approved when 
identical quality and comparable bioavailability to the originator have been 
demonstrated. The efficacy and safety of generics do not need to be demon-
strated with expensive clinical or non-clinical studies; hence, generics cost less, 
and price competition is present. Therefore, in clinical practice, originators are 
often substituted for generics, and generics are switched to other generics of the 
same active substance (2). However, in some cases, patients experience adverse 
drug reactions (ADRs) following a generic drug substitution or drug switch (3). 
These ADRs are unexpected, as comparable bioavailability is expected, and 
investigation of their origin is important. First, the outcomes of such an analysis 
may assist health care professionals to prevent patients from experiencing ADRs. 
Second, they may aid in testing the robustness of the current approval process 
of generic medicines. In the current analysis, we focus on a possible pharmaco-
kinetic (PK) explanation for the reported ADRs.
Comparable bioavailability, as a key requirement for generics, should be 
demonstrated by so-called bioequivalence studies, the appropriate design of 
which is described in guidelines by, for instance, the European and United 
States regulators (4, 5). Bioequivalence studies are typically performed with 
healthy volunteers, often have a two-period, sequence-randomized, and single-
dose crossover design. Primary parameters to be analysed are the area under the 
concentration-time curve (AUC) and the peak concentration (Cmax). For both 
AUC and Cmax, the 90% confidence interval (CI) for the geometric mean ratio 
(GMR) of the generic and originator should be within the acceptance interval 
of 0.80–1.25.
There are three main concerns with the demonstrated bioequivalence of 
generics. The first is ‘drifting’, which is described as a drift away from the 
original comparison: generics which are bioequivalent to the originator are not 
necessarily bioequivalent to one another. Second, it has often been suggested 
that BE in healthy volunteers does not necessarily warrant BE in the patient 
population, predominantly in paediatric populations (6, 7) and for immunosup-
pressive transplant drugs (8, 9). Third, bioequivalence is based on population 
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averages, and it may not be achieved for all individual patients when switching 
between formulations (10, 11). This could be the result of intraindividual vari-
ation, also known as inter-occasion variability (IOV).
The aim of this study is to challenge the concept of bioequivalence by addres-
sing the aforementioned concerns. We aim to identify pathophysiological PK 
subpopulations for whom there is a difference in comparative bioavailability, 
compared to a healthy population, by use of modelling and simulation. To mimic 
possible patient populations, simulations are performed for virtual subjects with 
altered renal function, volume of distribution and absorption characteristics. 
These PK parameters can be subject to change, for instance during the condi-
tion of critical illness. Further, to mimic conditions under which drifting could 
occur, we simulate exposure from different generics in these virtual patient 
populations.
For this purpose, we use a non-parametric modelling and simulation approach, 
which has successfully been applied in the past in the detection of outliers 
and subpopulations (12). The model drug is gabapentin and the source PK 
data derives from a previously conducted bioequivalence study with the origi-
nator formulation and three generics, all approved in Europe (13). This study 
provided densely sampled exposure data. The model parameters have separately 
been estimated per formulation, and by the non-parametric nature of the model 
would allow identification of differences between formulations. The model 
construction and validation has been described in a previous study (14).

Methods

Simulations of gabapentin exposure data were performed using the integrated 
semi-parametric Monte Carlo simulator of the Pmetrics package (version 1.9.7; 
Laboratory of Applied Pharmacokinetics and Bioinformatics, Los Angeles, 
CA) for R (version 4.0.4). The algebraic model solver and non-parametric 
adaptive grid algorithm (NPAG) have previously been applied to establish the 
gabapentin model (14). For the simulations, each point of the non-parametric 
joint density model (i.e. NPAG output) is a vector of values for the parameters 
in the model, with a probability or weight based upon the likelihood of those 
parameter values given the data in the model-building population.
The existing gabapentin model is based on PK data from a four-way crossover 

comparative bioavailability study with 24 subjects, each of whom received four 
different formulations (13). The optimal model has two compartments with 
absorption constant, an absorption lag time, and clearance adjusted for renal 
function, in which each model parameter was separately estimated per admi-
nistered formulation. For the simulations, the non-parametric joint density of 
the model was split into four separate non-parametric joint densities – one per 
formulation (A, B, C or D). This split was achieved by four separate one-cycle 
NPAG runs, only including the data for formulation A, B, C or D.
Each of the four non-parametric joint densities was used to simulate single dose 
PK profiles for all of the 24 subjects, 100 per subject (2400 per joint density, 
total n = 9,600). For each scenario, a different seed for the random number gene-
rator was specified, to simulate from a different set of random parameters, i.e. 
a different subject. All comparisons in this study are therefore between subjects 
and not within subject. The non-parametric joint density for Formulation A 
was used twice, to allow for a comparison of two different subjects receiving the 
same originator formulation.
Simulations were performed for virtual populations with reduced renal function, 
increased volume of distribution (V) or altered absorption rate (Ka). Renal 
function is a covariate in the model and relates to gabapentin clearance by a 
multiplicative function of renal function on the elimination constant. Different 
populations were created through separate simulations retaining original para-
meter/covariate covariances but redefining the mean and standard deviation 
(SD) of renal function, which was estimated from the serum creatinine concen-
tration, by using the Cockcroft–Gault equation. Renal function groups were 
simulated in accordance with European Medicines Agency (EMA) guidance 
with respect to renal function categorization: normal, >90 ml/min (mean 120, 
SD 30, limits 90–180); mildly decreased, >60 to <90 ml/min (mean 75, SD 
15, limits 60–90); moderately decreased, >30 to <60 ml/min (mean 45, SD 15, 
limits 30–60); severely decreased, >15 to <30 ml/min (mean 22.5, SD 7.5, limits 
15–30); and end stage, <15 ml/min (mean 7.5, SD 7.5, limits 1–15) (15).
V and Ka are primary variables in the gabapentin model, for which non-para-
metric joint densities were estimated by Pmetrics. Different populations were 
created by separate simulations in which the mean values for V and Ka in the 
non-parametric joint densities and covariances were adjusted, retaining point 
probability. For V, populations were created with one to five times the original 
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model-estimated Vs. For Ka, populations were created with one-third to three 
times the original model estimated Kas.
The AUC up to 72 hours was estimated using trapezoidal approximation of the 
‘makeAUC’ function of Pmetrics, and Cmax denoted the maximum simulated 
concentration of each simulated PK profile. Virtual parallel design bioequiva-
lence studies (n = 300) were performed, per group using a random sample of 
24 from the 2,400 simulated PK profiles. The AUC and Cmax 90% CI for the 
GMR of test and reference products were to be within the acceptance interval 
of 0.80–1.25. All data analyses were performed using R.

Results

For each formulation, gabapentin PK profiles were simulated from a correspon-
ding non-parametric joint density, i.e. four densities for the four formulations. 
Visual predictive check plots confirm suitability of the model and densities with 
similar distributions of simulated profiles and observed values for each formu-
lation (fig. S1). 

Renal impairment
As expected, simulated impaired renal function increased gabapentin concen-
trations (fig. S2) for all four formulations (fig. 1). Nonetheless, minor diffe-
rences were noted between formulations. A slightly higher gabapentin exposure 
(both AUC and Cmax) was predicted for Formulation A, and slightly lower for 
Formulation C. As illustrated in the violin plot, higher variability was predicted 
for gabapentin concentrations of Formulations A and D. However, the predic-
tions demonstrated neither large differences nor the emergence of a subgroup of 
subjects with a notably different PK response for any of the formulations. 

Figure 1: (right page, turn 90 degrees clockwise) Gabapentin concentration was estimated to 

increase for all 4 formulations, for subjects with reduced renal function. Left side: all individual 

values of AUC and Cmax (open circles) and mean (lines), versus renal function. Different colors 

represent predictions for the different formulations (A, purple; B, red; C, green; D, light purple). 

Right side: violin plots for both AUC and Cmax, per formulation, boxplot (median, interquartile 

box length and 1.5 range whiskers) with kernel density plot. These depict the distribution of 

AUC and Cmax, only for subjects with a creatinine clearance below 15 ml/min.
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To assess the influence of renal impairment on the likelihood of demonstrating 
bioequivalence, studies were simulated using random samples of 24 subjects. 
The percentage of simulated studies with 90% CIs within the 0.80–1.25 accep-
tance range of bioequivalence for both AUC and Cmax declined with reduced 
renal function (fig. 2). This reduction was observed for all formulation compa-
risons, namely AB, AC, AD, BC, BD and CD. Importantly, this reduction was 
also observed to an analogous degree for the simulated bioequivalence studies 
comparing the simulations of different subjects receiving the same Formulation 
A twice (‘AR’).

Figure 2: The percentage of simulated studies, of which the 90% CIs for both AUC and Cmax 

are within the acceptance range of bioequivalence, declines with reduced renal function, for all 

formulation comparisons. The percentage of virtual bioequivalence studies with a 90% CI within 

the acceptance limits for bioequivalence is plotted per formulation comparison and renal function. 

Figure 3: (right page, turn 90 degrees clockwise) Individuals with reduced renal function demon-

strate higher variability of the ratio of the AUC, but the mean ratio is not different. For each indi-

vidual, the ratio for AUC between each different combination of formulations is plotted against 

renal function (open circles). The red line is the regression line of all individual ratios. The blue 

line is the percentage of individual ratios within the acceptance criteria.
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