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bARRIERS IN ANTIPSyCHOTIC CLINICAL TRIALS
Proof-of-concept studies of new drugs (early phase clinical trials; Phase II) are 
mainly focused on signal detection of efficacy rather than clinical utility of the 
drug. However, proof-of-concept studies are crucial to make go/no-go decisions 
to Phase III trials. Studies targeting clinical utility, comparing the usefulness of a 
new drug therapy in terms of efficacy or safety with existing drugs, are usually 
larger trials (late phase clinical trials; Phase III). In the field of neuropsychiatric 
disorders, it is a difficult task to quantify both the signal detection of efficacy 
and clinical utility within a single study. For this reason, in the current drug 
development practice different tailor-made studies are conducted to answer 
specific questions that may arise during the drug development and to compare 
the drug’s clinical utility with the existing drugs. 

High failure rates in schizophrenia trials are hampering the success rate of 
bringing the new antipsychotic drugs (APs) into the clinic.[1] The following 
factors[2,3] may contribute to these high failure rates:

 i)   Disease related factors: heterogeneity of the patient population, subjective 
nature of the clinical symptomatology, lack of relevant biomarkers, etc;

ii)   Treatment related factors: placebo effect, lack of efficacy, toxic nature of 
the drug, dropouts, etc;

iii)   Trial related factors: clinical endpoint assessment tools, trial site 
characteristics, inclusion criteria, etc;

iv)   Methodology used for the endpoint analysis: last observation carried 
forward (LOCF), mixed model for repeated measures (MMRM),[4] etc. 

Besides the above factors, a traditionally used approach in clinical settings, 
i.e. dose-response analysis to quantify the drug effect, faces a number of limitations, 
e.g., limited number of doses. In addition, dose-response analyses ignore the inter-
individual variability and relate interaction between the drug and underlying 
pathophysiological disease processes indirectly. This implies that the relationship 
between exposure/biomarker and efficacy/safety of the drug is not completely 
characterized and patients may have been received sub-therapeutic doses of drug. 

OPPORTuNITIES AND NEEDS IN ANTIPSyCHOTIC 
CLINICAL TRIALS
It is now widely accepted that in schizophrenia, dopamine and the dopamine 
D2 receptor in the brain play a central role [5]. As a result, central D2 receptor 
occupancy (D2RO) can be used as a potential biomarker to characterize both 
penetration of the drug into the brain as well as receptor kinetics and can also be 
used to predict clinical outcomes. Imaging techniques such as positron emission 
tomography (PET) are increasingly used to assess the in vivo receptor occupancy 
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of novel CNS compounds in clinical studies. However, results of human PET 
studies are underutilized in drug development, because of high cost, intensive 
labor involvement, the limited availability of radioligands, and the limited 
number of longitudinal receptor occupancy measurements (in order to reduce 
radiation exposure in humans). Therefore, it is hypothesized that the use of PKPD 
modelling would help to integrate data from PET studies with clinical endpoint 
data and to link those data to the clinical effects on disease symptoms and/or 
safety parameters in patients. Moreover, correct dose ranges could be determined 
by means of PKPD models. 

The steps undertaken during the model-based approach is shown in Figure 1, 
thereby reducing the risk of utilizing sub-therapeutic or toxic doses in clinical 
practice.  

The main aim of this thesis was to elucidate the “D2 receptor occupancy 
window”, i.e., receptor occupancy range that is predictive of good clinical efficacy 
with minimal adverse events after antipsychotic treatment. 

The dopamine D2 antagonist class of drugs was selected since the clinical 
efficacy/safety data are available for a range of drugs (via TI Pharma PKPD 
platform; http://www.tipharma.com/). In this work, existing data were used 
to better understand the effect of different antipsychotics and to investigate 
the factors that can be controlled or considered in designing more successful 
future clinical trials. The pharmacokinetics, efficacy, and safety data were mainly 
obtained from three pharmaceutical companies who are the members of the “TI 
Pharma mechanism-based PK–PD modelling platform”. The clinical trial database 
for this PKPD modelling work consisted of several placebo-controlled randomized 

Fig. 1. Schematic diagram showing steps to be taken in a model-based approach for 
developing new drugs in schizophrenia.
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trials in schizophrenia. The studies range from 4- 54 weeks in duration, from 
approximately 50 to 130 patients per treatment arm, and mostly used the Positive 
and Negative Syndrome Scales (PANSS) scale as a primary endpoint for the efficacy. 
The APs included in this analysis were haloperidol (a typical antipsychotic), and 
five atypical antipsychotics (ATAPs), namely, risperidone, olanzapine, ziprasidone, 
paliperidone (extended release and intramuscular paliperidone palmitate) and a 
new compound JNJ-37822681.

PlACEBo EFFECt MoDEllING
The placebo effect in randomized clinical trials is thought to reflect the natural 
course of the disease, natural fluctuations in disease symptoms, bias with 
respect to the subjective nature of the symptom measurement or could be also 
a genuine psychobiological event attributable to the overall therapeutic context 
(e.g. patient-clinician relationship).[6] Across randomized clinical trials over two 
decades the trend of median reduction from baseline on the total score of the 
PANSS for participants receiving placebo showed a trend of continuous increase.
[3] The increase of the placebo effect results in limitations of the drug signal-
detection capability of a trial.[7] The use of an appropriate modelling strategy that 
may discriminate better between the effects of active treatment and placebo by 
accounting for the issues of high placebo effect and dropouts rates is suggested. 
The developed placebo models (Chapters 3 & 4) accounting for dropouts and 
predictors of the placebo effect could be used in the evaluation of future trial 
designs for a better quantification of antipsychotic drug effects. Our analysis 
showed that disease condition, study duration, study year, geographic region 
where the trial was conducted, and route of administration were important 
predictors for the placebo effect. To quantify the true drug effect in the presence 
of a heterogeneous placebo response, normalization of the placebo effect is 
required by accounting for different predictors. We used normalized placebo 
effect while modelling the exposure-response analysis (Chapters 5-7).

Recommendations for improving signal detection and reducing the 
placebo effect in psychiatric clinical trials.
Because of the wide variety of scenarios in which trials are designed, universally 
advocating an approach to reduce placebo response and improve signal detection is 
difficult. However, as suggested by our results[3,8] and other studies[9,10], the following 
factors might be helpful in choosing the right trial design, the right patients, and the 
right analytical methods that probably may help in signal detection. 

1. Trial design considerations to reduce the placebo effect:
a.  Allocation ratio to drug or placebo treatment: at least above 33.3% 

allocation for placebo arm to have more power.
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b.  Double-blind placebo lead-ins for first 2 weeks[1,9]: Placebo lead-in 
responders can be defined based on a 30% improvement during the 
time placebo was taken during the lead-in. Criteria for lead-in response 
status were blinded and lead-in responders were retained and actual 
randomization was performed thereafter. 

c.  Lower number of countries and sites and equal number of patients per 
site: As the number of sites (countries) enrolling patients into a trial 
increases the sites may become more heterogeneous, thereby directly 
increasing between-patient variance. In addition, countries with lack of 
experience in execution of clinical trials may increase residual variance.

d. Use of highly trained centralized raters
e.  Study duration: placebo effect weakens after 2-3 weeks, trial of 8-12 

weeks may be ideal
2. Patient characteristics: 

a.  Age: the dopaminergic system changes with age and the age range 
of 18-40 yrs is suggested as the progressive schizophrenic condition 
appears to be at this age range

b.  Gender: our analysis shows that there was no gender difference in the 
placebo effect. If possible equal allocation criteria should be used 

c.  Disease duration, baseline score and disease condition of the patient: 
preferably, homogenous type of patients should be included depending 
on the study objectives.

3. Analytical considerations to reduce the placebo effect
a.  Choice of the endpoint analysis (the mixed model for repeated measures 

(MMRM) or PKPD models to quantify the drug effect taking into account 
the drop-out data is preferred above the LOCF approach; see Figure 2)

b. Use core factor subscales versus the total score
c. Interim analysis
d.  Elimination of a unusual data [as proposed by Merlo-Pich et al.[11] in 

depression trials]

DROPOuT MODELLING
Dropouts are very common in longitudinal psychiatric clinical trials. For instance, 
a dropout rate of 40–70%[12,13] has been observed in placebo treatment groups in 
antipsychotic trials. Ignoring the missing response values due to dropouts may 
lead to biased results and affects model building and evaluation. Missing data due 
to dropout events can be categorized into three types: completely random dropout 
(CRD), random dropout (RD) and informative dropout (ID).[14] CRD can be ignored 
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during the model development and simulation process, as it is independent of 
the observed response. In RD, the dropout event depends on the observed 
response and/or covariates, and can be ignored during the model development 
if appropriate modelling methodology is used, but it cannot be ignored while 
performing clinical trial simulations. In ID, the dropout probability depends upon 
both observed and one or more unobserved (predicted) response variables. To 
predict the unbiased mean changes in the PANSS appropriately, it is necessary 
to account for the dropout rate. If the dropout mechanism is independent of any 
observed or non-observed variable (where dropout can be ignored), the use of 
last observation carried forward (LOCF) approach may give unbiased results.[15] 
However, if the dropout mechanism is dependent on any observed or unobserved 
variables, or if there are unequal dropout rates between treatment arms, results 
of LOCF analysis are usually biased. 

Several parametric time-to-event dropout models, such as the exponential, the 
Gompertz and the Weibull dropout models can be used to evaluate the probability 
of patients dropping out from a trial. In our case, all dropout models were 
adequate to describe the dropout hazard. However, we opted for the exponential 

Fig. 2. Comparison of the observed data with estimated placebo effect using the LOCF and 
PKPD approaches. 
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hazard model as the shape parameter estimate of the Weibull and the Gompertz 
TTE model was close to 1, indicating that both of these dropout models were not 
different from the exponential dropout model.

Figure 2 depicts the comparison of the magnitude of the placebo effect using 
LOCF approach and joint PKPD model with a dropout model. It is evident from 
Figure 2 that the LOCF approach underestimates the placebo effect, while a PKPD 
model with dropout model predicts the placebo effect similar to the observed data.

Results of joint modelling of treatment effect and dropouts indicated that 
the probability of patients dropping out is associated with an observed high 
PANSS score, showing that dropout rates increase with increasing PANSS 
score. Moreover, dropouts from a trial did not influence the estimation of the 
PKPD model parameters (Chapters 4 and 5; [8,16]). However, it was shown that 
taking into account dropout is important while designing a new clinical trial via 
simulations (Chapters 4-7). The important predictors of dropout were found to 
be study duration, the study site (USA or non-USA), hospitalization, the change 
in the PANSS score from baseline, the time since start of study, the score on the 
previous occasion, and the difference between the last two visits.[8,17-18] 

Recommendations to account for dropouts
The level of dropout in psychiatric clinical trials, especially in schizophrenia, 

is generally high, 40 to 70% over a 6-week study duration.[3] Important reasons 
for withdrawal from longitudinal clinical trials are: i) lack of efficacy, ii) adverse 
events, iii) worsening of disease, iv) other reasons, such as lost to follow-up, 
protocol violations and withdrawal of consent. Dropouts due to other reasons are 
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usually regarded as a completely random dropout or “non-informative dropout”. 
If a patient drops out from a trial due to lack of efficacy as perceived by the 
patient or adverse events, such a dropout is regarded as non-random dropout 
or “informative dropout”. Often RD and ID dropout patterns are considered as 
informative dropout. The dropout events from a clinical trial are considered as 
part of the primary outcome and therefore understanding the dropout dropout 
pattern is important for proper development of PKPD models. Several existing 
approaches integrate dropout event information while calculating the drug 
effect size. However, methods such as LOCF can be biased if the dropout event is 
dependent on observed or unobserved variables. Therefore, knowledge about the 
dropout type (i.e., CRD, RD or ID) is important for deciding which type of analysis 
should be undertaken to draw less biased conclusions. 

lINKING ExPoSuRE oF ANtIPSyCHotICS to 
EFFICACy AND SAFEty 
After having characterized the placebo effects, drop-out rates in placebo arms, 
the data of clinical trials of a range of antipsychotic drugs were modelled. The 
following approaches are commonly used for quantifying the clinical effects 
of drugs in human: a) dose-response relationship; b) exposure-response 
relationship; and c) biomarker (e.g. D2RO)-response relationship. 

Dose-response analyses ignore drug-target interaction (e.g., binding, 
activation, transduction mechanisms) and do not take individual differences in 
exposure into account. Thus, they are a poor descriptor for understanding the 
system pharmacology. On the other hand, exposure-response analysis linking 
dose, plasma concentration, and clinical effects can support dosage adjustments 
in patients where PK differences are expected to arise from factors such as race or 
demography, disease, genetic polymorphism, smoking, and drug interactions. In 
this regard, PKPD modelling could be an excellent tool not only to characterize the 
time course of drug effects but also to separate drug-specific and system-specific 
factors contributing to the pharmacodynamics of a drug. 

To the best of our knowledge, limited quantitative research has been carried 
out to link the exposure of antipsychotic drugs to the total PANSS score and 
no literature is available linking the exposure to PANSS subscales. Hence, a 
comprehensive PKPD model has been developed to describe the effects of 
typical and atypical antipsychotics on the PANSS total score (Chapters 5 and 6) 
and subscales (Chapter 7). The results (Chapters 5 and 6) indicated that the 
maximal effect size (Emax) of the ATAPs was in the same range as for the typical 
antipsychotic drug haloperidol. All APs exhibited similar clinical utility scores, i.e., 
the proportion of patients completing the trial while maintaining a predetermined 
efficacy level, with risperidone being the highest. The proposed PKPD model 
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and the associated clinical utility index (CU) allow a formal comparison of the 
clinically relevant treatment effects of antipsychotics. Moreover, novel drugs can 
be compared with existing ones for critical go/no-go decisions. Additionally the 
effective antipsychotic drug concentration and the effective dose based on the 
model parameters can be calculated for better optimal therapeutic intervention. 

Subsequently, this research was extended to an analysis of the effects on the 
three different PANSS subscales (i.e. the positive symptom scale, the negative 
symptom scale, and the general psychopathology scale) (Chapter 7) with the 
objective to test the hypothesis of better negative symptom control by ATAPs than 
by conventional antipsychotics. The results revealed that olanzapine reduces the 
negative symptoms of schizophrenia to a greater degree than the other ATAPs. 
This improvement with olanzapine was speculated to be due to its higher (in 
comparison to other antipsychotics) serotonergic to dopaminergic affinity ratio. 

A major problem in the treatment of schizophrenic patients with current 
antipsychotic drugs, mainly acting as dopamine-2 receptor antagonists, is the 
occurrence of EPS. In Chapter 9, a compartmental, population-based mixed-
effects Markov model was used to describe the probability of EPS incidence as 
a function of dose or individual steady-state concentration (Css) of APs. Ordered 
categorical EPS data (i.e., no EPS, mild, moderate/severe EPS) was used in this 
analysis. The Markov element was incorporated in the EPS model in order to 
take into account the dependency of a future event on the current state. The 
probability of EPS incidence was approximately 16 times higher for haloperidol 
than for ATAPs, even at the lower doses of ≤10 mg/day (Chapter 9).

SElECtIVIty oF SENSItIVE ClINICAl ENDPoINtS 
Existing rating scales such as PANSS measures more than one aspect of the 
disease symptomatology and may be less sensitive to detect the drug effect. The 
varying degree of sensitivity of the PANSS subscales to drug response (Chapter 7) 
prompted us to investigate the individual items of PANSS from the perspective of 
finding the ones, which are sensitive to differentiating between drug and placebo 
treatment (Chapter 8). Analyses using statistical methods (analysis of covariance 
and MMRM) and PKPD modelling showed that not all items of the PANSS scale are 
sensitive to drug effect to the same extent. Mini-PANSS scales consisting of items 
with the largest drug treatment response are somewhat better in differentiating 
between placebo and drug treatment than the total PANSS. However, the difference 
between the tested mini-PANSS scales and total PANSS is generally very small. 
Therefore, none of the studied scales can replace PANSS total in the analysis of 
primary endpoints. 
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Summary of linking Exposure of Antipsychotics to Efficacy and 
Safety 

 ;  Exposure-response information can support the primary evidence of 
efficacy and/or safety of new drugs. 
 ;  It allows calculating the effective concentration and effective dose (as 
demonstrated in Chapters 6 and 7) 
 ;  The clinical utility index can be calculated and used as a tool for performing 
the competitor analysis and differentiating between drugs based on their 
efficacy and safety profiles. 
 ;  Simulations can be performed using a set of robust model parameters to 
answer ‘what if ’ scenarios, e.g., for different doses, dosing frequency, sample 
size selection and trial duration for future clinical trials.
 ;  It enables prediction of the trial outcome with predefined response criteria 
(is drug better than placebo?)

lINKING RECEPtoR oCCuPANCy oF ANtIPSy-
CHotICS to EFFICACy AND SAFEty
As mentioned earlier, it is difficult to justify the rationale of choosing a dose range 
and dosing regimen without considering the receptor occupancy profile and the 
exposure-response relationships for pharmacological effects. In many disease 
areas, multiple biomarkers are more informative than single biomarker for 
establishing exposure-response relationships. Particularly, clinically persuasive 
biomarkers can help in choosing the right dose for the more subjective clinical 
endpoint trials, such as for psychiatric disorders. The use of the D2RO-PANSS/
EPS relationship (Chapter 10) rather than plasma drug exposure-PANSS/EPS 
relationship allows introducing compound-independent variables, which later 
may be used to extrapolate the D2RO-PANSS/EPS relationship to new drugs with 
the same mechanism of action. This approach can be applied to new targets as 
well. In the last part of this thesis, we present the methodology (Figure 3) and 
results for integrating the biomarker levels with the clinical endpoints, which may 
subsequently help in better understanding of efficacy and safety profiles of drugs. 

Measuring Target Receptor Occupancy
In our analysis, we used D2RO data from positron emission tomography (PET) 
studies, which employed the standard PET radioligand for the D2 receptor i.e, [11]

C raclopride. Two methods used for analyzing D2RO are equilibrium-ratio 
approach[19] and simplified reference tissue model.[20] 

Equilibrium-ratio approach is based on the ratio of radioactivity in the region 
of interest (receptor rich region), and a reference region (with negligible receptors 
and hence negligible specific binding). The model required that the binding of the 
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radioligand reached equilibrium during the time of the PET experiment. Receptor 
occupancy can be calculated according to the equation, 

% RO= (1-Rdrug/Rcontrol)*100  

where R is the ratio of radioactivity representing ligand specifically bound to D2 

receptors to the total radioactivity (the sum of free, specific and non-specifically 
bound radioligand concentration in the brain). Rdrug was the ratio during drug 
treatment, and Rcontrol the ratio found in the absence of experimental drug. 

Simplified reference tissue model[20] estimates the binding potential (BP) which 
corresponds to the ratio of receptor density and affinity (Bmax/KD) and receptor 
occupancy is defined as the percentage reduction of the binding potential during 
drug treatment as compared to baseline as shown in the equation below.

% RO= (BPbaseline-BP drug)/BPbaseline*100  

For calculation of % RO, we require at least two scans, at baseline (in the 
absence of drug) and in the presence of drug. In naive patients (patient not 
receiving antipsychotic drugs), % RO can be estimated more reliably. However, 
in most cases, patients might have been treated with antipsychotics and in such 
cases, a mean baseline value obtained from other subjects can be used. The lack of 
this individual baseline introduces a random error in the range of 3-12% of RO. In 
schizophrenic patients, the endogenous dopamine levels and D2 receptor density 
varies between individuals,[21] this may introduce additional variability in RO.

Linking D2Ro to PANSS or EPS Clinical Endpoints
As data on receptor occupancy, exposure, longitudinal PANSS and EPS 
measurements in the same patients are difficult to obtain, we used patient-level 
data (in which the exposure, PANSS and EPS data were available) from well-
designed clinical trials in combination with data from PET imaging studies for 
determining the effective and safe D2RO range. Following steps were commenced 
for linking RO to PANSS and EPS clinical endpoints. 

Step 1:  Patient-specific steady-state concentration (Css) was calculated using 
the post-hoc empirical Bayesian estimate of clearance. 

Step 2:  D2RO was predicted for each individual based on Css. 
Step 3:  D2RO was linked to the clinical endpoints of efficacy (PANSS) and safety 

(EPS). 
Step 4:  Effective D2RO for better clinical efficacy and minimal or no EPS events 

were computed using human PKPD model parameters. 
The relationship between predicted D2RO and observed PANSS and EPS 

scores were elucidated using empirical (PET Kd approach) to semi-mechanistic 
approaches (incorporating the D2-5HT2A interplay and physiology-based kon-koff 
model) PKPD models (as shown in Chapter 10). The later approaches allow a 
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better quantification of the PKPD relationships for the RO using a more physiology-
based model, taking into account plasma protein binding, brain distribution, 
dopamine receptor density, and receptor affinity (kon/koff ratio)

In PET studies usually the total plasma concentration is linked to RO using a 
hyperbolic function with Kd parameter corresponding to 50% RO at steady state. 
Although this may be a useful parameter, it physiological meaning is limited as 
it ignores the target site distribution. The Kd value obtained from the PET Kd 
approach and from the dynamic kon-kOff model are different in the sense that the 
mechanistic model takes into account the brain distribution. In vivo drug-receptor 
interaction is a dynamic process, which involves association and dissociation that 
is governed by the drug and system specific factors such as receptor density. 
Hence, it is appropriate to predict the D2RO using binding rate constants. With 
PB-PKPD models we could also predict human brain concentration (associated 
with plasma levels) by taking into account brain distribution aspects such as 
blood brain barrier transport. 

The semi-mechanistic PKPD approach, by incorporating the endogenous 
dopamine release, was undertaken to test the hypothesis of improvement in the 
negative symptoms and lower EPS occurrence rates by ATAPs in response to their 
5-HT2A antagonistic property. This approach helps to compare drugs belonging to 
fast koff or 5-HT2A class of compounds (Chapter 10). 

Impact of uncertainty in Affinity Profiles and Dissociation Constants 
of Antipsychotics 
A comparative analysis of the receptor affinity profiles of antipsychotics showed 
that there are differences in the relative potencies of the drugs for several 
receptors. For example, olanzapine is two orders of magnitude less potent 
than haloperidol on the D2 receptor; by contrast, it shows higher affinities for 
e.g., 5-HT2A and 5-HT2c receptors. However, these reported measurements were 
obtained from different laboratories and may therefore be subject to between 
experimental variations; strict comparisons using these values cannot be made. 
However, uncertainty in receptor affinity profiles and physiological values for 
linking D2RO to PANSS/EPS (endogenous dopamine release approach; Chapter 
10) do not seem to have a large influence on our analysis because variation in the 
model parameters was relatively low irrespective of the D2RO prediction method 
used. Similarly, the use of different reported apparent PET Kd values [5,22,23] in 
our analysis, resulted in slightly different individual D2RO values. Nevertheless, 
pooled analysis of different drugs resulted in similar parameter estimates (e.g., 
RO50 and Emax). In addition, the impact of the uncertainty of paliperidone PET 
Kd value was investigated by de Ridder and Vermeulen[24], using the simulations 
with a Kd at its lower and upper 95% confidence limit, respectively. Their results 
indicated that only predictions for lower doses were affected to some extent, but 
not for the other therapeutic doses (6-12 mg/day). 
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Predicting the Effective Antipsychotic treatment Scenario
In schizophrenia, uniform application of drug response (remission criteria) will 
improve the comparability of the results of different trials, and enhance the 
translation of research results to clinical practice. It is crucial to set the primary 
cut-off response criteria as a priori. A cut-off response range of 25% to 50% 
was mentioned in literature.[25,26] We defined 30% reduction from baseline as an 
effective response criterion following an antipsychotic treatment. 

Recently, many authors[27,28] have recommended to subtract 30 PANSS points 
from the total score, as each PANSS item is rated between 1 and 7 (and not 0 and 6) 
which results in 30 being the minimum possible value of PANSS. The 30 minimum 
points of the total score need to be subtracted when calculating percentage 
reduction from baseline, otherwise response rate, i.e., the % change in PANSS 
score from baseline is underestimated. Therefore, we calculated the effective 
D2RO levels with and without subtraction of 30 PANSS points. The required 
effective D2RO levels are in the range of 70-85% to achieve 30% reduction in 
PANSS from the baseline score without 30 points subtraction, while it was in the 
range of 50-70% with subtraction of 30 PANSS points. This would suggest that the 
D2RO required for achieving a good clinical effect (30% reduction) with rescaled 
PANSS score would be at the lower range i.e. 50-70% than the well-established 
range of 65-80% D2RO[29] derived from data without correction of 30 points. 

Factors such as inter-individual variability in the receptor density, endogenous 
dopamine level, psychopathology symptoms and radioligand used for receptor 
occupancy measurements would be expected to influence the required D2RO 
of antipsychotics for clinical effects and it may be expected that patients have 
their own individual D2 receptor occpancy window. However, use of non-linear 
mixed effects PKPD modelling allows accounting for individual differences in 
drug exposure and clinical response allowing the quantification of the D2RO 
therapeutic window at both population and individual level. 

Predicting the Safety Window of Antipsychotic treatment 
Drug safety is a major concern in the development and use of antipsychotic drugs. 
This raises the question to what extent drug safety could be predicted using in 
vitro and preclinical information before entering into the market. In recent years, 
mechanism- based PKPD models have been successfully applied for the prediction 
of drug efficacy.[30] Evidently, these types of PKPD models, with their improved 
properties for extrapolation and prediction also constitute a scientific basis for 
the prediction of drug safety. 

The main adverse effects of antipsychotics, such as EPS, have been known 
for decades. The D2RO–EPS Markov model (Chapters 9 and 10) provided 
evidence for a strong D2RO–EPS relationship for antipsychotics. D2RO levels 
above 86 % resulted in an increasing probability of EPS incidence rates. Typical 
antipsychotics such as haloperidol have a tendency of exhibiting higher EPS rates, 
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which is due to its slow receptor association/dissociation kinetics, resulting in a 
prolonged duration of action not allowing endogenous dopamine to exhibit its 
normal function.[31] Clozapine seems to exhibit clinical effects associated with low 
EPS via fast dissociation (koff rates) from D2 receptors. The results of our studies 
showed that the investigational drug JNJ-37822681 also exhibited a lower EPS 
rate, which is probably due to its fast dissociation property from the D2 binding 
site. Endogenous dopamine release as a result of 5-HT2A binding of antipsychotics 
drugs and its contribution to EPS incidence was modelled using the in vitro 
information (ki values of D2 and 5-HT2A). ATAPs such as olanzapine, paliperidone 
and ziprasidone have exhibited good safety profiles which may be due to their 
binding to 5-HT2A receptors.

Within our modelling framework, we used PKPD modelling tools to link the 
D2RO-EPS in human and D2RO-catalepsy occurrence rate in rat. With this exercise, 
we elucidated the quantitative link between catalepsy and EPS using probabilities 
of side effects at given D2RO levels (e.g., a probability of EPS of 0.125 is associated 
with probability of catalepsy of 0.5 and a D2RO of 94.5%). 

Exposure-biomarker analysis showed that the D2RO required for achieving a 
good clinical effect (30% reduction), with correction of 30 points, was in the range 
of 50-70% and above 86% occupancy as a level of increased EPS incidence rates. 

FutuRE PERSPECtIVES 
Modelling of Adjunctive therapy for treatment of Negative Symptoms 
Existing antipsychotics already treat positive symptoms with some success, but 
there is no “magic bullet” that would treat all symptom domains of schizophrenia. 
Hence, research should find an adjunctive therapy to treat negative and cognitive 
symptoms, which likely have different underlying pathophysiology than the 
positive symptoms.[32] The challenge is to find adjunctive therapies that do not 
undermine the benefits of antipsychotics drugs. In addition, the pathophysiology 
of schizophrenia may not be the same in all patients. 

Combinations of treatments are increasingly explored and there is a recent 
focus on the development of poly-pharmacy therapies for schizophrenia[32] to 
improve cognitive deficits, negative symptoms, and reduce the EPS incidence 
rates. No modelling effort has yet been carried out to incorporate multiple drug 
effects on these schizophrenia complementary domains, which seems to be a 
challenging task for PKPD modellers. 

Extension of these Modelling Concepts beyond D2 Receptors
Novel non-D2 targets like glutamate, acetylcholine, serotonin, and sigma receptor 
modulators are of recent interest.[33] A number of interesting leads (e.g. LY2140023) 
with considerable theoretical potential are being explored. Yet, it is difficult to 
predict which of these mechanisms will effectively improve the current available 
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treatments. PKPD modelling could be a useful tool to throw some light on novel 
targets. Similar concepts as used in this thesis can be used for other CNS targets.

Role of Pharmcogenetics in Antipsychotic Drug Development
Psychiatric disorders are increasingly considered as neurodevelopmental brain 
disorders. By the time a diagnosis can be made, the underlying factors in the 
disease process may no longer be evident, and it is even possible that only the 
pathological after-effects of the disease remain. Thus, current diagnostic categories 
likely do not distinguish among causal factors or provide relevant biomarkers.[34] 
The process is further hampered, because in psychiatry, opportunities for sample 
collection (biopsy of diseased tissue, brain) for in vitro analysis and treatment 
development are very limited. However, the growing knowledge derived from 
the identification of genes relevant for schizophrenia holds the promise for 
new pharmacotherapy[35] and gives an opportunity to examine key mechanisms 
affecting the diverse actions of drugs at the molecular level.[36] 

Pharmacogenomics could be used to evaluate changes in disease and drug-
specific markers that could eventually help in understanding the inter-individual 
variability in the clinical drug response. So far, no PKPD modelling has been carried 
out taking into account pharmacogenomics variations in the area of antipsychotics. 

Fig. 4. An overview of mechanism-based PKPD involving transduction processes. This 
approach incorporates different processes to explain the exposure-response relationship. 
Pharmacokinetics describe the disposition and distribution of the drug to the biophase site. 
Pharmacodynamics describe the binding of the drug to the receptor at the target site and 
the subsequent activation of a series of transduction processes (here denoted as an indirect 
response model), ultimately leading to a pharmacological response.[37] Disease progression 
components add the pertinent time-variation as a distinct feature to the pharmacodynamic 
models.[30,38] If the data is available beyond the receptor kinetics step, one can include the 
transduction process in the modelling steps. Reproduced with permission.[37]
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Beyond Receptor occupancy: transduction Processes
Biomarkers such as target occupancy are still far from the clinical benefit endpoint 
as they ignore the transduction processes. Moreover, the affinity profile of 
antipsychotics extends far beyond dopaminergic target binding and encompasses 
many monoamine G-Protein Coupled Receptors (GPCRs). 

The best characterized D2 receptor-mediated signalling pathways include 
GPCR (Gi and Go subfamilies)[39], through which D2 receptor activation results in a 
decrease in cyclic AMP. In addition, there is growing evidence that the D2 receptor 
can interact with a number of membrane-bound or intracellular proteins, such 
as the cannabinoid 1 receptor interaction, and N-Methyl-D-aspartate (NMDA) 
that results in enhanced D2 receptor intracellular signaling which may further 
modulate clinical effects.[40] 

Modelling of the transduction process could be an added advantage for the 
existing drug development efforts. Dynamical PKPD analysis type of modelling 
(Figure 4) has been utilized to account for the transduction processes and 
homeostatic feedback mechanisms[41,42] and emerges as an area in which a 
mechanism-based approach is essential.

Dropout Models Incorporating Reasons for Dropout 
In many clinical trials, dropouts occur for a variety of random and non-random 
reasons, and ignoring these differential dropout reasons may lead to biased model 
parameter estimates. Earlier[43], we demonstrated the value of a model-based 
approach that allows differentiating the dropout probabilities (accounting for 
the reasons of dropout) based on the patient’s perception towards the treatment 
effect using olanzapine. Robustness and applicability of this modelling approach 
has to be investigated for different antipsychotic drugs and sample sizes. 

Integrating all clinical endpoints
Future attempts to elucidate a relationship between the efficacy and safety by 
simultaneous analysis of PANSS and EPS scores may be helpful to understand 
how the EPS side effects affect the efficacy readouts. In addition, modelling of 
the clinical efficacy with reasons of patient dropping out from a trial may provide 
additional benefit. 

Final Recommendations for the Development of CNS Drugs
Optimize current and future treatments

 ;  Perform the exposure/biomarker-response analysis rather than dose-
response 
 ;  Identify and address systematic design problems for clinical trials 
contributing to reduced signal detection (e.g., site differences, subject 
selection criteria, poorly defined clinical hypotheses, and inflation in the 
placebo response).
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 ;  Utilize adapted trial designs to facilitate iterative evaluation of treatment 
effects and to incorporate identified biomarkers and known risk factors to 
predict treatment response. 
 ;  Use data of early phase clinical studies to test whether novel mechanism of 
action of treatments engages the same preclinical mechanisms and translate 
to humans before a larger investment in early and late phase trials. 

Use existing resources effectively (Pooled analysis)
 ;  Collate all data from different sources with different drugs to get compound 
and site independent parameters which can be subsequently used in 
designing new clinical trials
 ; Use the “learn and apply” paradigm

Create partnerships
 ;  Create collaborations between, industry, academia, FDA, and health centres 
such as the TI Pharma PKPD platform to facilitate the understanding of 
treatment effects and approval of the novel drugs. 
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