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INTRODUCTION

With growing attention and appreciation for data sharing 
and open access availability, and increasingly powerful 
pharmacological analysis tools in drug development, there 
is an enormous potential to answer challenging questions 

through the analysis of integrated data across clinical 
studies. At the same time, analyzing data across studies 
comes with additional methodological criteria that should 
be met for the results to be reliable. By analyzing pharma-
cokinetic (PK) data thoroughly and systematically across 
multiple studies, we integrate knowledge to ensure that 
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Abstract
Answering challenging questions in drug development sometimes requires phar-
macokinetic (PK) data analysis across different studies, for example, to character-
ize PKs across diverse regions or populations, or to increase statistical power for 
subpopulations by combining smaller size trials. Given the growing interest in 
data sharing and advanced computational methods, knowledge integration based 
on multiple data sources is increasingly applied in the context of model-informed 
drug discovery and development. A powerful analysis method is the individual 
patient data meta-analysis (IPDMA), leveraging systematic review of databases 
and literature, with the most detailed data type of the individual patient, and 
quantitative modeling of the PK processes, including capturing heterogeneity of 
variance between studies. The methodology that should be used in IPDMA in 
the context of population PK analysis is summarized in this tutorial, highlighting 
areas of special attention compared to standard PK modeling, including hierar-
chical nested variability terms for interstudy variability, and handling between-
assay differences in limits of quantification within a single analysis. This tutorial 
is intended for any pharmacological modeler who is interested in performing an 
integrated analysis of PK data across different studies in a systematic and thor-
ough manner, to answer questions that transcend individual primary studies.
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robust and generalizable models are built, which improve 
informed decision making within the context of model-
informed drug discovery and development (MID3).1

Relying on data presented in single published reports 
only has its limitations toward generalizing results and 
answering questions that were not necessarily the focus of 
the single study. Inconsistent reporting of the parameters 
of interest, incompatible data across studies, heteroge-
neous populations with respect to patient characteristics 
and disease status, and small sample sizes limit the abil-
ity of drawing robust conclusions out of single studies. In 
consequence, any quantitative analysis with an objective 
or research question of a more general nature, but that 
may be based on only a single or an incomplete subset 
of published studies, is potentially prone to bias. Even 
though some of the caveats might not apply if results from 
large phase III studies are presented, multiple sources of 
information and variability are desirable, if available, to 
reflect the intended population in its full diversity.

Therefore, if one wants to obtain reliable, robust an-
swers to the scientific question of interest, it is highly 
recommended to go beyond the results sections of publi-
cations by replacing summary data for individual data and 
perform an integrated analysis across studies.

Different approaches to integrated analysis of PK data 
across studies can be defined. A convenient or opportu-
nistic approach is to pool data from different studies that 
are already accessible to the investigator, for example, 
pooling data from a single ascending dose and a multiple 
ascending dose clinical trial for the compound of inter-
est to answer a question on dose recommendations in a 
similar population. This pooled analysis is a statistical 
technique for combining results from multiple studies 
and can be used as long as the included studies have a 
similar design resulting in homogeneous patient popula-
tions that are the subject of the research question.2 A more 

systematic approach is model-based meta-analysis, which 
has been defined as a quantitative knowledge manage-
ment approach that exemplifies pharmacology-inspired 
and statistically rigorous meta-analytical data integration 
to inform decision making.3 An example could be system-
atically searching and including all clinical trials for the 
compound of interest to formulate general dosing recom-
mendations. Both approaches can be used to answer sim-
ilar research questions (e.g., a dosing recommendation; 
Table 1), but the direction, applicability or population, and 
depth of research will depend on the type of data available 
and the quantitative analysis implemented.

This tutorial is intended for scientists performing an 
integrated analysis of PK data across studies and/or ob-
tained from different sources. We will do so by providing 
guidance on how to successfully do an individual pa-
tient data meta-analysis (IPDMA). This tutorial assumes 
that the researcher knows and follows good practices for 
standard PK model building, and we refer the reader to 
previously published tutorials in order to build a good PK 
model, whether the data comes from one or more stud-
ies.4–8 For the analysis of pharmacodynamic data, an 
approach with a similar structure can be followed, but a 
detailed description is out of the scope of this tutorial.

WHAT ARE INDIVIDUAL PATIENT 
DATA?

The term individual patient (or participant) data (IPD) is 
defined as the information obtained for each specific pa-
tient in a given study. It is the most detailed level of in-
formation on the individual patient available. Individual 
patient data would consist of a specific patient's demo-
graphic characteristics (e.g., age, weight, and gender), 
both assigned treatment and actually taken treatment 

T A B L E  1   Comparison between different methods to analyze data across clinical trials.

MBMA

Pooled analysis

IPDMA
Aggregated data 
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Systematic review
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Systematic review
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Analysis Model-based re-analysis 
across trials, accounting 
for trial-specific sources 
for variability

Model-based re-analysis 
of IPD per trial

Statistical meta-analysis

Model-based reanalysis of 
aggregated trial data 
accounting for trial-specific 
sources for variability

Model-based reanalysis of 
IPD/aggregated trial data 
accounting for trial-specific 
sources for variability

Reporting Outcome of interest
Heterogeneity across trials

Abbreviations: IPD, individual patient data; IPDMA, individual patient data meta-analysis; MBMA, model-based meta-analysis.
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if those data are available (e.g., drug used, specific dose, 
and dosing schedule), disease characteristics (e.g., disease 
stage and baseline biomarker) and the individual drug 
exposure measurements (e.g., longitudinal concentration 
over time data points, maximum concentration [Cmax], 
and area under the concentration time curve [AUC]).

This concept contrasts with aggregate data, which 
refers to averaged information obtained across all (or a 
subgroup) of the participants in a study. Therefore, aggre-
gate data are derived from the individual participant data. 
Inherent to the nature of summation, the level of detail, 
number of datapoints, and statistical power decreases. 
Taking the same example of a PK study, aggregate data 
would consist of summary metrics, such as median de-
mographic characteristics (e.g., median age, weight, and 
the most common gender or percentage of women), the 
protocol administered treatment, median disease char-
acteristics (possibly stratified), and summary metrics of 
drug exposure (e.g., median Cmax, median AUC, median 
average plasma concentration).

WHAT IS AN INDIVIDUAL PATIENT 
DATA META-ANALYSIS?

The use of IPD, rather than aggregate data, has been 
described as the gold standard approach for systematic 
reviews and meta-analyses (MAs).9 Analysis of IPD typi-
cally improves the quality of the type of analysis that can 
be performed as it relies on the most detailed level of 
data available. Further, the results from the analysis of 
IPD, compared to aggregate data, is the least biased and 
most reliable in addressing questions that have not been 
satisfactorily resolved by individual clinical trials. IPD 
analysis consist of central collection, validation, and re-
analysis of the individual data from multiple trials that 
have addressed a common research question. Therefore, 
in IPDMA, the ultimate goal is to summarize evidence 
across studies to address a specific question, such as ef-
fective drug exposure across populations. Both IPDMA 
and aggregate-level MA can also explore relevant sources 
of heterogeneity between the related studies. However, a 
thorough and systematic covariate investigation can only 
be performed through an IPDMA, because it requires the 
IPD level data that is lacking in an aggregate-level MA.

For IPDMA, two strategies are possible: one and two-
stage approaches. The one-stage approach is more pow-
erful, but the two-stage approach has been more widely 
used.10 Focusing on the two-stage approach first, in the 
first stage, the individual data are analyzed within the 
trial, and therefore trial-level summary statistics are gen-
erated. In a second step, these results from each of the in-
cluded trials are then combined using conventional MA 

methods. This second step would therefore be similar to 
an aggregate-level MA, and the advantages of using indi-
vidual patient data would be therefore diminished.

In contrast, a one-stage approach considers all the in-
dividual data in a single analysis, considering the differ-
ent data sources. Random effects are then used to identify 
and quantify the different sources of heterogeneity in the 
data, thus separating variability at the study-level from 
the individual-level variability.11–13 One-stage models 
have more ability to control bias and may provide deeper 
insights into the data by allowing testing of different as-
sumptions about model structure and adjustment for 
multiple covariates.14–16 With increased and more diverse 
study population and treatment scenarios, it is possible to 
identify and quantify different predictors of the variabil-
ity in a more robust way. However, this is conditioned on 
the way the included studies are selected. The selection of 
studies is paramount, and therefore an appropriate initial 
search is essential for the analysis.

Having the correct selection of included studies in 
mind, and with an increased sample size and more diverse 
study population and larger variability in treatment sce-
narios obtained when integrating individual patient data 
from different studies, it is sometimes possible to quan-
tify the extent of associations and covariate effects more 
robustly than in the individual primary studies. It allows 
detailed patient-level exploration of treatment exposure in 
relation to an individual's characteristics, such as age or 
stage of disease.

INCIDENCE OF INDIVIDUAL 
PATIENT DATA META 
ANALYSIS COUPLED WITH 
PHARMACOKINETIC ANALYSIS 
OVER TIME

We defined an “individual patient data meta-analysis 
coupled with a pharmacokinetic analysis” as one apply-
ing population PK analysis techniques to a pooled dataset 
from multiple studies or with data from multiple col-
laborating research groups, not using an aggregate-data 
approach.

To explore the incidence of individual data pooled anal-
ysis coupled with population PK analysis, and to evaluate 
the change over time in the publication frequency, we per-
formed a systematic review of the published literature. We 
searched PubMed on October 15, 2022, for articles pub-
lished up to October 2022 using the following set of search 
terms: “pooled” AND “pharmacometric,” “pooled” AND 
“population pharmacokinetic,” “individual patient data” 
AND “pharmacokinetic,” “Meta-Analysis” AND “popu-
lation pharmacokinetic,” “individual patient data” AND 
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“pharmacokinetic,” “individual patient data” AND “phar-
macometric.” Methodological articles, commentaries, or 
discussion articles regarding IPDMA were excluded. No 
other restriction on the studies included in the systematic 
review were implemented.

Our review identified 243 pooled analyses of PK data 
published up to October 2022. Only 36 (15%) articles were 
published before 2010, of which only three (1%) were 
published before 2000 (Figure 1). This increase is proba-
bly due to an increased interest and appreciation for data 
sharing, and correspondingly in doing interstudy analysis 
and getting the answers those can give.

WHAT RESEARCH QUESTION WILL 
THE IPDMA ADDRESS AND WHAT 
SPECIFIC INFORMATION WILL 
THE IPDMA PROVIDE?

Before performing an IPDMA, the specific research ques-
tion that will be addressed and expected information to 
be gained from the analysis should be prespecified in an 
analysis plan. Possible objectives that can be studied by 
IPDMA that are coupled with population PK analysis 
include:

1.	 Characterization of PK parameters across diverse re-
gions and ethnicities.

2.	 Characterization of PK parameters in special popula-
tion, for example, pediatrics, pregnant women, geriat-
rics, or subpopulations with comorbidities.

3.	 Quantification of heterogeneity across multiple clinical 
trials and clinical settings.

4.	 Identification of risk factors (e.g., covariates such as 
demographics: e.g., age and weight; medical history: 
e.g., renal or hepatic impairment and obesity,) or 

co-medication: (e.g., enzyme or transporter inducers/
inhibitors) associated with suboptimal drug exposures 
and/or overexposure; and

5.	 Development, evaluation, and validation of dosing rec-
ommendations in diverse settings.

HOW TO OBTAIN INDIVIDUAL 
PATIENT DATA FOR A  
META-ANALYSIS

To minimize bias in IPDMA, a systematic review should 
be performed to obtain IPD data for analysis. This ap-
proach involves searching all relevant databases, includ-
ing published and unpublished studies and data sharing 
repositories and platforms. The search needs to be trans-
parent, systematic, thorough, and typically involves mul-
tiple researchers in the screening, review, and selection 
of the key studies.9 Another approach to collect data for 
IPDMA is to establish a relationship and collaboration 
with other research groups to combine resources to an-
swer a specific research question. A major advantage to 
such collaborations is that analysis and population PK 
models could potentially be revised and updated as new 
data are generated within these collaborations. However, 
a major drawback to this approach, is that other sources 
of data that can address the question of interest may not 
be part of the collaboration leading to potential bias in re-
sults of the analysis if these other datasets cannot be ac-
cessed, or data agreements prevent different datasets to be 
integrated.

Overall, to successfully perform an IPDMA, data shar-
ing is critical throughout the research community and 
must be promoted. Data sharing encourages collaboration 
and knowledge integration between researchers that can 
lead to new important findings not addressed with single 

F I G U R E  1   Number of publications over time as a result of systematic review through PubMed with search terms “pooled” AND 
“pharmacometric,” “pooled” AND “population pharmacokinetic,” “individual patient data” AND “pharmacokinetic,” “Meta-Analysis” AND 
“population pharmacokinetic,” “individual patient data” AND “pharmacokinetic,” and “individual patient data” AND “pharmacometric.”
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studies.17 Furthermore, data sharing is efficient and cost 
saving because it combines resources to address specific 
research questions. A successful example of a data sharing 
platform is that of the Critical Path initiative, which has 
several datasets containing clinical data available for dif-
ferent indications. For other indications than tuberculo-
sis, the Critical Path may only have access to placebo arm 
data. A recent analysis based on these available data for 
drug-sensitive tuberculosis resulted in a risk-stratification 
algorithm to identify a patient with tuberculosis at higher 
or lower risk of unfavorable outcome which supports 
their personalized therapy.18,19 Other examples include 
TansCelerate, Yale YODA, Vivli, Supporting Open Access 
for Researchers initiative (SOAR), or Clini​calSt​udyDa​
taReq​uest.com.20–26

After the IPDMA strategy has been decided upon, 
the individual data themselves need to be obtained. In 
principle, data can be obtained through two different ap-
proaches, either contacting the study authors/sponsors 
directly or accessing the data through a data repository.27 
If data are going to be obtained via study authors, one 
should (1) clearly define the scope of the project in case 
additional institutional or ethical clearance is required, (2) 
come with the author or sponsor to a data transfer agree-
ment to transfer the data, (3) request appropriate data 
dictionary or metadata on collected variables, (4) find a 
suitable data transfer method, especially for larger data-
sets, and (5) consider scheduling a follow-up call after 
exploring the data to resolve any queries. Direct, concise, 
friendly requests that minimize additional responsibilities 
for the study authors, and attempt to establish a personal 

connection would be more likely to receive a positive 
response.28 Moreover, and especially if the results have 
been published, many journals have the data-sharing re-
quirement to publish, and many companies are willing 
to share the individual-level data, if a detailed proposal is 
presented.

Study authors and data curators who generate, man-
age, and share the data, and provide commentary on find-
ings make efforts that should be recognized. Authorship 
or acknowledgments on relevant publications should be 
offered.

After a connection has been made, and when a posi-
tive response is received, data sharing agreements should 
be set up. A good data sharing agreement should describe 
study rationale, analysis plan, contents exchanged, timing 
and deadlines, third party data sharing, intellectual prop-
erty rights, and publication plans, at least.29

When any of the above specified steps fail and data 
cannot be included as a result, the analysis might be bi-
ased. The potential bias should be assessed based on the 
available information from the primary publication and 
reported. Therefore, the authors recommend including 
in the publication when reporting the results that certain 
study or studies' data could not be analyzed.

HOW TO CURATE THE IPDMA 
DATASET?

Figure  2 visualizes the workflow for an IPDMA. After 
the research question has been established, systematic 

F I G U R E  2   Proposed framework to 
integrate PK knowledge across studies. 
BQL, below the quantification limit; 
LLOQ, lower limit of quantification; PK, 
pharmacokinetic.

http://clinicalstudydatarequest.com
http://clinicalstudydatarequest.com
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literature review has been performed, and the appropriate 
data have been collected, the next steps are to integrate all 
data into a single dataset. Curation of this dataset requires 
handling missing data and difference between, which are 
described in more detailed below. Graphical and numeri-
cal exploration of the integrated data, including stratified 
by primary study and other relevant variables, will sup-
port these decisions in data curation.

Managing the obtained data

Reviewing, reading, and adapting datasets is a time-
consuming and resource intensive task. The nature of an 
IPDMA itself requires that multiple datasets from differ-
ent sources are integrated together. Because data will be 
from various sources, it is expected that shared datasets 
may be on different formats, may contain different infor-
mation, or even if they do contain the same information, 
that might be recorded in different ways. It is good prac-
tice to review study protocols, clinical trial reports, and 
publications before and alongside data extraction to un-
derstand the dataset, ensure accuracy, and plan on how 
to harmonize datasets in advance. Collecting individual 
patient data allows data checking to ensure consistency 
and quality. Inconsistencies can be resolved through con-
versations with study stakeholders, and unresolved in-
consistencies should be annotated and be described in the 
publications, reports, and presentations.

A unified database should be created across studies, 
and at least two independent reviewers should verify it to 
ensure quality standards and identify any errors. Ensuring 
quality data with accurate data representation is critical 
to avoid any modifications of the dataset after it has been 
created, and during the analysis. Good practice is to repro-
duce the tables and/or figures from primary publications 
or reports based on the individual datasets and compare 
them for consistency. After the unified database has been 
created, the data should be explored graphically and nu-
merically to assess quality and consistency. For PK analy-
sis, graphical exploration will include at least the following 
plots: (1) concentration over time across studies, and 
stratified by dose level and by study, (2) dose-normalized 
concentration over time to assess dose-nonlinearities, (3) 
concentration over time compared to concentration over 
time after dose and/or stratified by occasion to assess in-
teroccasion variability and/or time-dependent elements, 
and (4) concentration over time stratified by potential 
covariates relevant to the project (e.g., race/ethnicity and 
region). In the case of a project involving (active) metab-
olites, the relationship of parent and metabolite over time 
and dose should also be explored, whereas a project in-
volving monotherapy compared to combination therapy 

should explore the concentration-time profiles per regi-
men compound with its corresponding monotherapy to 
assess drug–drug interactions. Numerical exploration 
will include at least (1) number of subjects and number 
of observations per dose level and per study, (2) number 
and percentage of subjects per demographics and other 
relevant covariates, (3) number and percentage of obser-
vations below the lower limit of quantification (LLOQ) 
of the method of each corresponding primary study, and 
(4) number and percentage of missing variables (dose, 
concentration, timepoints, and covariates). Additional as-
sessments on data quality assurance and quality control, 
with a focus on pharmacological analysis, is described 
elsewhere.30,31 Overall, typical assessments that apply to 
single study analysis should also apply to IPDMA.

Dealing with missing data

During data curation, the investigator might identify 
missing, inaccurate, or unreliable data. The approach for 
handing such data inconsistencies can substantially im-
pact the interpretation of results. Before conducting an 
IPDMA, and as part of the dataset building process, the 
investigator must decide how to deal with such data. The 
number of occurrences and the reason for each miss-
ing data should be considered to establish appropriate 
methods to handle each missing datapoint. Missing data 
are typically divided into three categories: missing com-
pletely at random, missing at random, and missing not at 
random.32 The difference among these three categories is 
the underlying mechanism causing the data to be missing, 
which can be non-dependent on any data (observed or 
unobserved), dependent on the observed data, or depend-
ent on the unobserved data, respectively. The underlying 
mechanism is usually unknown, but it can really affect 
the predictability of the model if wrong assumptions are 
made. If data are not missing because of randomness, 
but a pattern is causing data to be missing (e.g., missing 
doses because of nonadherence, missing concentrations, 
or timepoints because no-show related to treatment), that 
should be taken into account into the modeling and result 
interpretation. Irby et al. provided guidance in more detail 
for dealing with missing clinical and nonclinical data and 
other data curation issues.33

Concentration versus time data

Population PK analyses should be developed from a data-
set where all exact dosing times, concentration meas-
urements, and sampling times are known, and IPDMAs 
should be no exception to this statement. If exact dosing 
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or sampling timepoints are missing and no other informa-
tive variable is available, the nominal timepoints from the 
protocol should be used. Missing concentrations should 
preferably not be imputed in the population approach. In 
addition to missing data, data can also be inconsistent, 
most commonly in population PK analysis (1) errors in 
sampling times (e.g., incorrect sampling times or failure 
to capture actual sample times), and (2) errors in con-
centration measurements (e.g., wrong units or recorded 
value). Causes for the latter ones may include errors in the 
recorded data or problems with the bioanalytical assay. 
Both measured drug concentrations and recording sam-
pling times are key components of PK studies, and any de-
viation from the true condition of these values should be 
identified and adjusted. One additional challenge is that 
errors in concentration measurements can sometimes be 
difficult to distinguish from errors in sample times. More 
information on how to handle these missing data with 
a special focus on PKs can be found in the tutorial pub-
lished by Irby et al.33

As a general rule, and similarly to a single study popu-
lation PK dataset, if erroneous time data or concentration 
data are either identified or suspected, these must be re-
placed with correct data. If the investigator has access to 
the correct original data, this should replace the mistake 
found. In the event of not having access to the correct data 
or it is unknown, those must be handled appropriately 
in the analysis, as has been described elsewhere in much 
more detail.33,34 In the case of an IPDMA, the complexity 
increases if missing of exact concentration or time data 
is not equally distributed between studies, which would 
show up in the graphical and numerical exploratory anal-
ysis. Data from studies with an unequal influence of miss-
ing concentration or time data should be interpreted with 
care, and sensitivity analyses on the corresponding vari-
ables should be considered.

Dose data

A critical piece of information needed in any PK analysis, 
and therefore also in an IPDMA coupled with population 
PK analysis, is dosing history information. Studies con-
ducted within a general clinical setting or programmatic 
setting tend to have higher rates of dosing information 
gaps than controlled clinical trials. Furthermore, many 
times individual-level dosing histories are not available 
and the only information available is the planned dosage 
administration described in the general protocol. In the 
case of missing data or questionable dose information on 
the amount of dose, dose time, or even treatment duration 
as a result from the exploratory analyses, it is important 
to distinguish between nonadherence (i.e., patient did not 

take the drug) and a missing dosing record (i.e., patient 
may or may not have taken the drug). In practice, whether 
a missing dose was due to nonadherence or a missing dos-
ing record, can be difficult to distinguish. All information 
from study protocols, clinical trial reports, and publica-
tions must be reviewed, and clinical trials, sponsors, and 
researchers of original studies should be contacted to at-
tempt to resolve any missingness in the dosing histories. If 
missingness can be resolved, then, nonadherence, which 
impacts the PK analysis,35 can be handled by simply not 
including drug administration at the time of the missing 
data. However, for a missing dosing record, we do not 
know whether a patient took a dose or not and different 
approaches to control missing information and to assess 
reliability can be explored.36 Given the importance of this 
type of data, the choice of method for handling missing-
ness in dosing histories can heavily impact the quality 
and output of the PK data analysis. In this case, ignoring 
all missing records is never acceptable, because observed 
drug concentrations are a direct result of the administra-
tion, and influenced by drug distribution and elimination. 
Methods for handling mistaken or missing dosing infor-
mation have been extensively reviewed elsewhere.36–42 
All the methods adopt one or more assumptions that will 
inevitably impact the results of the analysis. Assumptions 
for the various methods of handling missing data should 
always be stated in the analysis report and should be eval-
uated with sensitivity analyses.

Covariates

Within the population approach, the use of covariates 
to explain interindividual variability is important in 
understanding the pharmacology and supporting deci-
sions in drug development and clinical practice toward 
individualized medicine. However, it is a common sce-
nario to find when integrating datasets that studies may 
not record the same covariate information (different 
definitions of the same covariates, different cutoffs, or 
even studies not including covariates that other studies 
have), covariate information is missing for subsets of 
patients within a study, or different assays are used to 
measure covariate information. As with other data types 
(dose records, outcomes, and drug levels), missing or er-
roneous covariate data can really impact the results of 
the analysis.

There are different ways for dealing with missing co-
variates, but the most common strategies include: elim-
ination of the entire patient from the dataset; imputing 
the missing value to a reference value (mean, median, 
mode for continuous; and most common value for cat-
egorical); and joint or mixture modeling to estimate the 
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covariate value for continuous or categorical covariates, 
respectively.32,33

The choice of method to handle the missing data is 
also affected by the extent of missing information on the 
dataset.43 The fraction of missing information depends on 
both the quantity of missing data and the importance of 
the missing data itself. This means that covariates that are 
more important for the performance of the analysis (e.g., 
body weight) require more advanced methods of imputa-
tion to avoid bias in parameter estimates, whereas if the 
missing covariate is of less importance (e.g., glomerular 
filtration rate for a drug that is not renally cleared), the 
method of imputation would be less important as well, as 
long as it is correct.32

Handling interassay bias

Ideally, assays for measuring plasma drug concentrations 
should be cross validated, meaning that the measurements 
obtained from the different assays could be interchanged. 
Still, in the case of IPDMAs, the interchangeability of 
results from different laboratories assays should be eval-
uated. Exploratory analysis should reveal analytical dis-
crepancies, especially graphical concentration over time 
stratified by dose, or dose-normalized concentration in 
case studies do not have overlapping dose levels, as well 
as numerical metrices about median and variability dif-
ferences between studies for the same doses. Additionally, 
assay difference between studies could impact the estima-
tion of some PK parameters, when using a one-stage analy-
sis (e.g., clearance value in some low doses). Analysis-wise, 
the potential impact of the variability between assays can 
be taken into account in the analysis by including a differ-
ent residual error models for each assay.44 To perform this 
type of analysis, a variable in the dataset identifying the 
assay methodology must be included and used as a flag to 
specify the residual error model. This approach can help 
reduce the unexplained residual variability, therefore re-
ducing bias in parameter estimates, and improving model 
predictions. Alternatively, bias between assays can be 
characterized by estimating a covariate effect of the assay 
on the relevant parameters. If bias is evident, then they 
should be handled appropriately.44

HOW TO DO THE IPDMA PK 
ANALYSIS

Based on the curated and finalized dataset and informed 
by the exploratory graphical and numerical analysis, the 
PK model can be developed. PK model development will 
follow the standard model development strategy, with 

the additional elements of accounting for data clustering 
by the different studies, and accounting for observations 
below different quantification limits for different assays. 
Both will be described here in detail.

When integrating all the datasets it is very import-
ant to maintain clustering on the data. Individual data 
allows straightforward clustering of individuals for 
subgroup analysis defined by single or multiple fac-
tors. Keeping the study source of the data, and even the 
site or sites at which the original study took place, are 
essential.

The population approach utilizes stochastic elements 
in addition to fixed elements to characterize variability 
within the population. In addition to interindividual vari-
ability (IIV) and interoccasion variability (IOV), pooled 
analyses and IPDMAs will describe an additional level 
of variability considering interstudy and/or intersite vari-
ability. These random effects should be incorporated hi-
erarchically, reflecting their nature of IIV and IOV nested 
within the intersite and/or interstudy variability. Through 
this hierarchical structure, the variance of the IIV and/or 
IOV is scaled by site or study, based on the assumption 
interstudy and/or intersite variability would only be ob-
served in parameters that already have IIV and/or IOV.

Modeling hierarchical levels of variability is possible 
in various nonlinear mixed effects modeling software 
packages. Here, we exemplify coding using NONMEM, 
in which the $LEVEL record and functionality should be 
used.44,45 The dataset must contain, therefore, a column 
identifying the study and/or site (SID, after study ID, or 
add columns as needed based on the information avail-
able), and individuals from that study and/or site would 
therefore share the same variance for the interstudy or in-
tersite variability. An example dataset for four individuals 
belonging to two sites, and the code can be seen below:

ID TIME DV SID BLOQ LLOQ
1 2 5 1 0 0.1
1 6 15 1 0 0.1
2 2 4 1 0 0.1
2 6 13 1 0 0.1
3 2 6 2 0 0.5
3 6 17 2 0 0.5
4 2 5 2 0 0.5
4 6 16 2 0 0.5
$LEVEL
SID = (3 [1], 4 [2])
(…)
$PK
TVCL = THETA(1)
CL = TVCL * EXP(ETA(1) + ETA(3))
(…)
$OMEGA
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0.09 ;IIV CL
0.09 ;IIV V
0.09 ;interstudy variability CL
0.09 ;interstudy variability V

In this case, ETA(1) representing IIV in clearance 
(CL) is nested within ETA(3) representing study-level 
variability associated to a parameter in the model, for 
example, CL. In a similar way, ETA(2) is nested within 
ETA(4) but for a different parameter, for example, vol-
ume of distribution (V). SID is the name of the outer 
level variable (e.g., SID = study ID) listed in the $INPUT 
on the NONMEM control stream (i.e., the name of the 
column of the dataset).

More than one additional level of clustering can be 
included, as is described on the NONMEM user manual, 
when describing the $LEVEL functionality.44

The inclusion of the different levels of variability 
systematically allows for description of differences in 
variance between studies and sites, without assuming 
parameters show equal variability across studies or sites. 
It can also help reduce the unexplained variability when 
analyzing data from individuals from different original 
datasets. Additional nested levels of random effects may 
be added, following reasonable rationale, and including 
parsimonious consideration.

Dealing with data below the limit of 
quantification

Data below the limit of quantification (BLOQ) are often 
found during population PK analyses. Beal et al.46 de-
scribed seven methods for handling BLOQ data in 2001, 
several of which have been adopted as standards in mod-
eling BLOQ data ever since. Several researchers have 
evaluated these approaches.33,47–52 The selection of the 
appropriate method to handle BLOQ data is a very impor-
tant point for consideration during model development.

In general, in all PK analyses, when the proportion of 
BLOQ is low compared with the rest of the data (≤5%), 
ignoring such observations should not affect the results, 
whereas simplifying the procedure. However, if the per-
centage of BLOQ exceeds 5%, the M3 method has been 
accepted as the default method for generating the least 
biased results.33 For an analysis with multiple studies, 
this percentage holds for each individual study, as the per-
centage BLOQ across studies can be <5%, whereas infor-
mative studies, for example, lower dose levels have larger 
proportions of BLOQ datapoints that warrant the use of 
the M3 method to prevent bias across the IPDMA. In this 
example, not using the M3 method would indeed bias the 
PK findings against the lower dose level studies.

Given that data come from different studies in an 
IPDMA, the data will likely be analyzed in different lab-
oratories and on different assays. Therefore, the limit of 
quantification may vary between studies, and the percent-
age of data BLOQ might vary as well. The different LLOQs 
used in each study should be reported and maintained in 
the IPDMA. In this way, the analysis should not be af-
fected by the difference in assay sensitivities. If the nu-
merical exploratory analysis results in larger proportions 
BLOQ data, the M3 method should be applied. This holds 
also if the overall proportion of BLOQ is below 5%, but 
individual studies have proportions above 5%, to limit bias 
for these specific studies.

Different LLOQs can be incorporated by including an 
LLOQ column in the dataset (see above), and referring to 
that in the $ERROR section of the NONMEM code51:

$ERROR
SIG1 = THETA(1) ; additive residual error
SIG2 = THETA(2) ; proportional residual error
IF(BQL.EQ.1) THEN
W = SQRT(SIG1*SIG1 + F*F*SIG2*SIG2) ; combined 
RUV model to illustrate
DUM = (LLOQ – F)/W ; LLOQ specific to each study 
from dataset
CUMD = PHI(DUM)
F_FLAG = 1
Y = CUMD
ENDIF

REPORTING INDIVIDUAL PATIENT 
DATA META-ANALYSES

Even though the number of IPDMA studies in the con-
text of population PK analysis is increasing, there is still 
no clear reporting of the methodology and results being 
found. Like all good research, these types of studies should 
be protocol driven, and should always be conducted with a 
clear and prespecified objective, or, as it has been referred 
to before in this tutorial, with a clear and prespecified rel-
evant clinical question to answer in mind.

The included studies in the IPDMA should also be 
clearly reported following the preferred Reporting Items 
for Systematic Reviews and Meta-Analyses (PRISMA) or 
Meta-analysis Of Observational Studies in Epidemiology 
(MOOSE) for randomized controlled trials or observa-
tional studies, respectively.

There is additional information that should be reported 
to supplement the above-mentioned guidelines. That in-
cludes whether ethic approval was necessary, and, if so, 
granted, and if there is protocol for the project where it 
can be found.
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In this type of studies, it is also very important to re-
port why and how the IPDMA was done. Therefore, the 
research question of interest needs to be clearly stated 
and answered in the report. In addition, information 
on the methods and approaches used in the IPDMA 
should be described. It should include: (1) the process 
used to identify the relevant studies included in the 
analysis and how original authors were contacted, (2) 
the number of authors initially approached for data, (3) 
the number of authors that did not provide individual 
data and the reasons why, and (4) the number of au-
thors who provide individual patient data and whether 
all available data was provided, or, if not, why data 
were omitted.

Focusing on the data that were included on the IPDMA, 
a good report should include a summary of the number 
of patients and patients' characteristics within each of 
the original studies, along with an overall overview of all 
the data together, and how many patients per study were 
included. In the specific case of IPDMA with PK analy-
sis, specific technical details from the individual studies 
should also be included, such as how many samples were 
included from every trial, differences in study design (e.g., 
sampling schedules and doses given), limit of quantifica-
tion of different assays or percentage of samples BLOQ. A 
detailed report of the population PK modeling and statis-
tical analysis to obtain the results is also required. Details 
of any missing data and how that was handled must be 
also reported.

Suggested information to report include whether the 
individual participant data results for each study were 
comparable with the published results, and, if not, why 
not (e.g., did the IPDMA performed contained updated in-
formation on the matter of interest?).

Because the nature of an IPDMA implies that the num-
ber of data that you are going to be managing is usually 
higher to what you would be with an original study, vi-
sual explorations and analysis are very important. Data 
visualization can be understood as the practice of trans-
lating information into a visual context, to make data eas-
ier for the human brain to understand and pull insights 
from, and therefore graphical representations of the data 
are essential tools to comprehensively represent data and 
raise the readability of the analysis. Input individual data 
should always be presented, using different stratifications 
of interest, if applicable (e.g., figures showing the input in-
dividual data, visual predictive checks [VPCs], including 
original data and not only summary statistics). Similarly, 
figures showing the results would also be needed. Good 
visual representations of the data and results are always 
going to boost the reader's interest and are going to make 
science more accessible to all. Results tailored to the pe-
culiarities of the data that are being analyzed should be 

shown. If, for instance, the modeler is dealing with dif-
ferent BLOQ levels per study, the diagnostic plots should 
also reflect that. There is no automated tool, to our knowl-
edge, capable of dealing with multiple LLOQs to generate 
VPCs to diagnose the model. Therefore, to create them, 
one should do simulations with the final model and plot 
the VPCs accordingly, creating a tailored VPC code that 
reflects the characteristics of the integrated analysis.

Going back to the research question of interest, good 
figures and visualizations that back up the obtained an-
swer and carry important messages on their own should 
be included in the report, meaning that the figure itself 
needs to provide a clear message. If, for example, the proj-
ect's objective is to provide dosing recommendations in a 
pediatric population, and the IPDMA found postnatal age 
as a significant covariate, one wants to include exposure 
visualizations stratified by that covariate (e.g., boxplots 
stratified by grouped age values) to highlight how the co-
variate can be utilized in the dosing recommendation to 
adjust the dose for a certain age group. This will be more 
informative than, for example, a VPC stratified by age 
group, which could be supplementary for the reader to as-
sess the model fit.

It is important to have in mind that a PK IPDMA 
should follow the good reporting recommendations for 
PK studies, in addition to specific details that have been 
mentioned above. These good reporting practices have 
been published before, and collect guidelines on how PK 
studies should be reported.53–55 In addition, a checklist 
of what to include when reporting IPDMAs is shown in 
Appendix S1.

WHAT ARE THE ADVANTAGES 
AND DISADVANTAGES OF A 
META-ANALYSIS OF INDIVIDUAL 
PATIENT DATA?

IPDMA in the context of population PK analysis has 
many potential advantages over analysis of aggregate 
data or PK analysis using just data from one study. The 
first advantage is the increased sample size of analysis 
for the same compound as compared to single-study 
analysis. Furthermore, IPDMA in the context of pop-
ulation PK analysis have richer data available than 
the data in single studies, and the power to detect sig-
nificant covariates affecting model parameters can be 
higher. This is especially relevant when doing analysis 
in special populations, because the individual studies 
tend to enroll small sample sizes in each study, noto-
riously the case for pediatric PK studies. Therefore, 
IPDMAs shed more light into the covariate-parameter 
relationship and may allow more subgroup analyses, 
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which can be difficult to perform with data from single 
studies. In addition, the results presented in the original 
publications can be verified (or not), and consequently, 
the model assumptions each original publication made 
can be assessed and the integrated dataset can be used 
as a validation or models. If the IPDMAs are done ap-
propriately, the results generated from these analyses 
are more robust than the ones reported in the individ-
ual studies. Integrating data can also help reduce bias 
in population PK analysis. For example, with the large 
diverse datasets included in IPDMAs, there is more op-
portunity to the ability to control bias in the analysis 
and improve precision compared to a PK analysis from 
single studies, as described in this tutorial. IPDMA also 
provides an opportunity to improve consistency and ex-
plore reasons for inconsistency among different studies. 
Finally, with the exception of some additional consider-
ations for integrating datasets described in this tutorial, 
the methodology and software used in IPDMA in the 
context PK analysis is typically the same as the perform-
ing PK analysis of a single study.

The decision to undertake IPDMA coupled with PKs 
also presents some disadvantages. In general, they are 
more resource intensive, especially time-consuming 
because substantial time is required to contact authors, 
obtain data, prepare datasets, and resolve data inconsis-
tencies. The required time will clearly vary depending 
on the complexity of the analysis and the number of in-
cluded studies. Such factors need consideration before 
embarking on an IPDMA. Obtaining the data itself is a 
time-consuming step and can inevitably cause project 
delays. How to contact study stakeholders to start col-
laborations and maintain those relationships and nego-
tiate data sharing agreements is required for an IPDMA 
to be successfully done. Broader issues, including data 
sharing models and platforms, data request review pan-
els, and recognition of primary study investigators, must 
also be understood prior conducting an IPDMA in an 
appropriate scientific, ethical, and legal standard.56–59 
In addition, research on the effectiveness of data acqui-
sition techniques,60 good practices on data formatting, 
and platform features that could facilitate data sharing 
are needed. Even when individual patient data are fully 
available, obstacles may still remain. For instance, previ-
ously published reports or trials might be of poor quality. 
It is possible that the design of the initial study already 
has intrinsic bias. Often, they may not have recorded the 
individual variables of interest, having to deal with miss-
ing data, or those might be recorded with less granularity 
than needed, or are reported differently across trials. It 
is essential to remember that the quality of individual 
patient data is dependent on the quality of the original 
studies themselves.

FURTHER RECOMMENDATIONS

The decision to undertake an IPDMA should always be 
driven by the research question of interest, and it is the 
investigator's responsibility to assess whether that ques-
tion can be answered with a simpler analysis. However, 
in many situations, an IPDMA analyzing PK data from 
different sources will provide numerous advantages over 
single-study data analysis, which is one of the reasons why 
these analyses are increasingly being applied. In the case 
that only one study is available for a specific compound, 
well-performed analyses on single studies are always en-
couraged. In that case, the research question of interest 
is different, and the methodology of an IPDMA does not 
apply.

The way individual patient PK analyses are reported 
should be of the highest quality, in order to live up to the 
standards that you may want to see in those individual 
trials. The importance of data visualization and effective 
reporting of results should never be underestimated.

With respect to published studies61–67 that have un-
dertaken individual PK data meta-analyses, diversity 
on the methods used can be observed. There are clear 
differences on the way the data are obtained, with the 
majority of studies using pooled analysis with available 
data in house, or from different selected studies, whereas 
only few of the reported studies actually perform a liter-
ature search to identify available studies to include in 
their analysis. Another big difference encountered is in 
the data analysis itself. Accounting for interstudy vari-
ability was rare in the reported studies, and often the 
analysis was done as if a single dataset with numerous 
individuals was obtained from a single trial. Interstudy 
heterogeneity is a key element of these types of analy-
ses, and bias could be included if heterogeneity is not 
accounted for.

In addition, these techniques will gain further im-
portance given the US Food and Drug Administration's 
(FDA's) efforts on diversity and inclusion in the past few 
years, which will enrich the diversity of the patients in-
cluded in the clinical trials.68 The covariate analysis would 
be more robust when data in the minority population can 
be increased as a consequence of pooling the datasets ob-
tained from much diverse clinical trials.

With more data sharing initiatives available, it is im-
portant to incorporate standardized dataset formats to 
facilitate harmonization and integration of datasets, in 
contrast to handling datasets in very different formats. 
The study data tabulation model (SDTM) defines a stan-
dard structure for clinical trial datasets that are to be 
submitted as part of a product application to a regula-
tory authority.69 This provides a standard for organizing 
and formatting data that, if taken in, it would be a way to 
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streamline processes in collection, management, analy-
sis, and reporting data. Implementing SDTM supports 
data aggregation and warehousing, fosters data mining 
and reuse, and facilitates data sharing, and data shar-
ing platforms, such as Critical Path already incorporates 
this.

There are clear trade-offs between analysis complex-
ity and including potential problems on the answers pro-
vided, such as bias, but once the decision to undertake 
these types of analyses is done, they should be done ap-
propriately. Standardized guidelines both for the best ap-
proach to use as well as ways to report are needed in this 
area. Transparency of assumptions and applied rules at 
study level and analysis level throughout the analysis is 
something that should be provided and non-negotiable in 
these analyses.

CONCLUSION

An IPDMA is a powerful tool to analyze PK data across 
studies. With the increased willingness and possibility to 
share clinical data, pharmacological researchers will have 
more opportunities to perform IPDMAs and answer clini-
cal questions that remain unanswered by individual stud-
ies on their own. We must be prepared to undertake such 
projects in a systematic, timely, and accurate manner, lev-
eraging all tools in the modeler's toolbox adequately. This 
tutorial contributes to performing systematic and stand-
ardized IPDMAs, as part of the MID3 framework to inte-
grate knowledge and support informed decision making 
in drug development.
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