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Abstract: Pharmacoepidemiological studies on the safety of medication during pregnancy are all
susceptible to missing data, i.e., data that should have been recorded but for some
reason were not. Missing data are ubiquitous, irrespective of the data source utilized.
Bias can arise when incomplete information on confounders, outcome measures,
pregnancy duration, or even cohort selection criteria, are used to estimate prenatal
exposure effects that would be obtained from the fully observed data, if these were
available for each mother-child dyad. This commentary describes general missing data
mechanisms and methods, and illustrates how missing data were handled in recent
medication in pregnancy research, according to the utilized data source. We further
present one applied example on missing data analysis within the Norwegian Mother
and Child Cohort Study (MoBa), and finally illustrate how the causal diagram
framework can be of aid in assessing risk of bias due to missing data in perinatal
pharmacoepidemiology research. We recommend applied researchers to limit missing
data during data collection, to carefully diagnose missingness, to apply strategies for
missing data mitigation under different assumptions, and finally to include evaluations
of robustness results under these assumptions. Following this set of recommendations
can aid future perinatal pharmacoepidemiology research in avoiding the problems that
result from failure to consider this important source of bias.
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Submission of manuscript
Dear Editor,

We would like to submit our revised manuscript entitled “Analyzing missing data in
perinatal pharmacoepidemiology research: methodological considerations to limit
the risk of bias” as a commentary in Clinical Therapeutics. This is a contribution for the special
issue in pharmacoepidemiology, “Willey-Temkin Specialty Update”.

In this revised version of the commentary, we have tried to address all comments raised by the
Reviewers and the Editor, and amended the revised manuscript accordingly. As advised by the
Reviewers and also by the Editors, we have now simplified the Introduction and Figure 1, and made
the text clearer to enhance clarity.

No parts of the work have been published earlier or are under consideration for publication
elsewhere. The authors have no financial or other relationships that might lead to a conflict of
interest. The submitted version of the commentary has been read and approved by all authors.

We look forward to hearing from you at your earliest convenience.

On behalf of all authors,

Pl mes

Angela Lupattelli, PhD

Department of Pharmacy, University of Oslo,
PO Box 1068 Blindern, 0316 Oslo, Norway
E-mail: angela. lupattelli@farmasi.uio.no;
phone: +47 41343628 ; fax : +47 22854402
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Detailed Response to Reviewers

We thank the Editors and the Reviewers for the opportunity to revise our manuscript and for the
valuable feedback provided. We have tried to address and implement in the revised manuscript all

comments rose by the Reviewers.

To facilitate readability, we have split some of the comments, and numbered them within each

Reviewer. Our replies to each individual comment are provided below and numbered accordingly.

EDITOR'S SPECIFIC COMMENTS:
This paper addresses a key methodologic issue in pharmacoepidemiology, and has the potential to

provide guidance for numerous, future epidemiologic studies.

The reviewers express the need for more background information on the MoBa study, and the addition
of more extensive, summary guidance for epidemiologists in the conclusions.
Reviewer 1 has made suggestions regarding grammar, and a software based grammar check could be

used to address the need for specific changes.

Both reviewers have expressed the need for more conclusive statements about the results presented in
Table 2 and Figure 1. | agree with reviewer 3 that Figure 1 may be too complex, as many readers will be
learning about the DAG framework for the first time. Simplifying Figure 1, and perhaps adding summary

text for each panel, could improve the use of this figure as a teaching tool.

The advice given in the section on "implications for applied researchers" reflects the authors' extensive
experience with missing data approaches, and both reviewers feel that this section could be expanded

to further guide epidemiologists in choosing the best approach.

Reply: Dear Editor, we have tried to improve the manuscript by addressing all these points. Specific
replies to the Reviewers are provided below. To summarize, we have simplified Figure 1 and removed
multiple parts of the Introduction, since these seemed to have caused confusion in one of the Reviewers.
We hope the simplified form of the Introduction is now easier to understand for the readership of the

journal Clinical Therapeutics.



Reviewer #1:

Comment 1: Major flaw: poor English especially in the introduction. | lost my interest after reading just
the introduction.

The language is not only grammatically incorrect but also scientifically weak.

Reply 1: We respectfully disagree with the reviewer that the language used in our submitted article is
scientifically weak. The language and terminology used in the manuscript are based on epidemiological
text books and peer reviewed scientific articles.’® To improve clarity throughout the manuscript, we
have now simplified multiple parts, in particular the Introduction. All corrections made are visible in the

revised manuscript using track change mode.

Comment 2: The introduction does not justify or highlight the novelty of this study. It failed to explain
the issue and reason we need this study.

Reply 2: In the original version Introduction we highlighted the fact that missing data are ubiquitous,
often overlooked, and that missing data can introduce bias in epidemiological studies if not adequately
handled. In the revised version of the manuscript, we have simplified this section so that it is easier for
the readership of the journal Clinical Therapeutics to appraise why this commentary is important, and
how this work can guide applied researchers in handling missing data problems. All corrections made

are visible in the revised manuscript using track change mode.

Comment 3: Although grammatical errors exist throughout the article, it is a major concern for the
introduction section. It appears 'introduction' and rest of the article were written by 2 distinct persons.

Reply 3: The article was written by the same author, and the text was edited multiple times by one of
the co-authors (native English speaker with extensive research experience) to ensure this is
grammatically correct. According to Reviewer#3, this is a well written review. The article has one been

edited for grammatical correctness one more time, and all needed corrections have been made.

Comment 4: When writing about MoBa study, please provide few lines related to the data. Since data is
the key ingredient here, few introductory lines about it would strengthen the study.

Reply 4: We have now provided more detail about the MoBa study, which reads as follows: “MoBa is a
nation-wide, population-based pregnancy cohort study conducted by the Norwegian Institute of Public

Health, with recruitment occurring between 1999-2008.23 Pregnant women were recruited from all



over Norway at the time of their routine ultrasound at 17-18 weeks of gestation. Data were gathered
prospectively by self-administered questionnaires. The cohort now includes 114500 children, 95200
mothers and 77300 fathers, all of whom are followed as long as they continue to participate in the
study23 MoBa has a license from the Norwegian Data Inspectorate and approval from The Regional
Committee for Medical Research Ethics. All participants gave their written informed consent prior to

participation.”

Comment 5: For this study author said, "the extent of missingness was not substantial between
complete case study and approach |. Despite that complete case study would introduce bias." A proper
justification is needed here to support the statement.

Reply 5: We have explained in the applied example that we conducted three sets of analyses: i)
complete case analysis; ii) multiple imputation of missing data on the two SCL scales only (approach 1);
and iii) multiple imputation of missing data on the two SCL scales and on other maternal confounders
(approach Il). The difference between complete case analysis and approach | is lack of multiple
imputation on confounders other than the SCL scales (i.e., maternal severity of depressive/anxiety
symptoms in pregnancy). First, we first compared complete case analysis and approach | results. Second,
because the missing data mechanism in our study seemed to be linked to maternal age and to the
extent of completion of the SCL items, we speculate that failure to handle missing data on this specific
measure (i.e., by conducting a complete case analysis), may have yield biases estimates.

To make this point clearer, we have rephrased as follows: “The extent of missing data on confounders
other than the SCL between the complete-case and approach | (31.9% vs 24.1%) analysis was however
not substantial. Hence, because in this example missing data seemed to relate to the extent of
completion of the SCL items, we could not exclude the possibility that a complete case analysis approach

would yield biased estimates.”

Comment 6: For the advanced methodologies, author needs to provide the areas these advance
methods are lacking. Author recommended some readings in this section. A brief conclusive statement
would be much welcomed for this section along with a comparison across different advanced methods.

Reply 6: It is outside the scope of this commentary to review uptake of different advances methods
across fields within epidemiology. Although the Reviewers suggestion is of relevance, our submitted

manuscript is a Commentary and it has the specific focus on perinatal pharmacoepidemiology.



Comment 7: While specifying DAG, it would be better to explain why we need it despite advanced
methods.

Reply 7: As stated in the manuscript and in prior literature,* DAGs can aid researchers in identifying
biases arising from missing data, since these are not always obvious, and also support researchers in
differentiating between mechanisms of missingness (e.g. MNAR vs MAR), which are not testable
statistically. These points were already presented in the manuscript. To facilitate clarity and better
understanding as to why DAGs are important, we have now re-written the section “DAG framework with
missing data”. The first sentence of this section explains why DAGs are important, as follows: “Directed
acyclic graphs (DAGs) can provide helpful insights into potential biases from assuming various

missingness mechanisms”.

Comment 8: Multiple approaches/models explained by DAG were not tested anywhere. It seem all
hypothetical. Is there any data support for the recommended models?

Reply 8: DAGs are based on subject knowledge, prior literature, and assumptions. There is no statistical
test that informs researchers whether the assumed DAG is correct or not.> Only sensitivity analyses can
support researchers within this context. The section entitled “DAG framework with missing data”

explains very clearly what assumptions were made in each scenario.

Comment 9: IRB details needed.

Reply 9: There is no ethics approval requirement for this commentary in specific. The applied MoBa
example stems from a published study, where authors can find information about ethics approval.
When describing the MoBa study in the revised manuscript, information about ethics approval of MoBa

in general, is now presented.

Comment 10: Please see specific comments in attached annotated document.

Reply 10: In the annotated document— Abstract section - the Reviewer suggested that the word
“medication” was incorrect in the following sentence, and that it should be rephrased by “missingness”:
“The proposed set of recommendations can aid future medication in pregnancy research in avoiding the

problems that result from failure to consider this important source of bias”. We wish to inform that the



word “medication” is correct, since the paper addressed the topic of handling missing data in
medication in pregnancy research. However, to avoid misunderstanding, we have now rephrased the
wording “medication in pregnancy” with “perinatal pharmacoepidemiology” throughout the manuscript

and abstract, and also changed the title of the manuscript accordingly.

In the annotated document, the following is stated in relation to page 1 of the Introduction, passage on
current definitions of “missing data”:

“The way of describing these different scenarios is absurd. It needs major revision. The discussion is
based on these different scenarios. Unfortunately, author is failing to capture audience due to his/her
inability to use correct words. Not even a single sentence is grammatically and scientifically correct. If
you want to describe different scenarios, you can use a counter to distinguish one scenario from other.
Use of words like ‘Indeed’, ‘Somewhat less broadly’, and ‘Finally’ should be done judicially. Words like
‘narrow definition’ and ‘bias’ have been thrown in the sentence without any context. There is a lack of

clarity in each and every sentence.”

We understand that standard terminology within causal inference and epidemiology may be far from
the clinical terms, and have tried to the best of our knowledge to clarify and simplify the text. As stated
earlier in replies no. 1 and 2, the entire Introduction has been rewritten and simplified. The original
section describing missing data problems within the causal inference framework and types of biases has

been removed.

In the annotated document, the Reviewer has the following comment on the Introduction: “Author is
jumping back-and-forth between multiple different aspect of the issue. First step should be to define
missingness. How much missingness in the data is considered as missingness? At what point it starts
becoming the concern? What are the possible concerns? Can they or have they been resolved/attempted
to resolve in the past? What approaches are available? Are these approaches successful? Pros and cons

in these approaches? And then you come to the discussion of further research.”

As stated earlier in replies no. 1 and 2, the entire Introduction has been rewritten and simplified. The
points raised in the latter comment above were presented in later sections of the manuscript, e.g. what
are the possible mechanisms of missingness, what methods can be used to handle missing data, etc. We
have also added citation to a newly published study® showing that the proportion of missing data should

not guide the decision of whether to use or not multiple imputation methods, and added the following



in the section “Exploring extent and patterns of missingness”: “Recent research has also shown that the
proportion of missing data should not be the major driver for the decision on how to handle missing
data.17 In fact, even when the extent of missing data is large, results can still be unbiased provided that

the MAR assumption is met and methods to handle missing data have been adequately applied”.

As highlighted in this latest work, and also discussed in the section “Implications for applied researchers”,
there is no definite answer on which method is the best for all research context; rather, it is crucial to
understand why data are missing, and based on these assumed mechanism of missing data, apply the

most suitable method to handle missing data to reduce risk of biased results.



Reviewer #3: In general, this is a well written review. To make this article more meaningful to
epidemiologists, | suggest the following revisions.

Reply: We thank the Reviewer for the positive feedback and valuable comments provided.

Comment 1: In general, it would be more helpful to further recommend how an epidemiologist can
choose the best analytical approach for missing data. The authors did a good job in reviewing different
approaches. However, it is still unclear to me what | should do next time when | face such an issue.

Reply 1: In the section “Implications for applied researchers” we listed multiple recommendations for
researchers. Unfortunately, in the context of missing data handling, it is not possible to provide clear
answers and recommendations that fit all research contexts. We have now tried to make this point
clearer in the beginning of the section of the manuscript, by adding the following detail: “Based on our
survey of the literature, we have several recommendations for applied researchers who need to analyze
data with missing values. These recommendations are made bearing in mind that there is no missing

data handling solution that fits all research contexts”.

Comment 2: Table 2. It's good to see the results from different approaches. But, which one or ones are
more appropriate for this particular example? How to decide which approach is more appropriate,
certainly before trying different approaches and seeing the results?

Reply 2: Thank you for this comment. We have now tried to amend the wording of the section
describing the applied example, so that our strategy to handle missing data becomes clearer to the
reader. We first explored the extent of missing data and patterns of missingness by exposure and
outcome strata; based on these descriptive results, we assumed that the underlying mechanism of
missing data was related to maternal age and depressive/anxiety symptoms as measured by the SCL.
Next, we carried out three sets of analyses that reflected what we had observed in the descriptive
analysis of missing data on confounders.

Based on our assumptions that data were missing at random — in light of the descriptive patterns of
missingness — and on prior literature, we concluded that the effect estimates obtained from approach I
(multiple imputed data analysis) were less biased than those resulting from the complete case analysis.
As mentioned in the article, it is not possible to test whether data are MAR, MCAR, or MNAR. Within this
context, we also introduced DAGs, since these graphical tools can support researchers in differentiating

between mechanisms of missingness.



We have added the following sentence as concluding remark for the motivating example section: “In the
context of this motivating example, results from approach Il were thereby considered as those least

biased”.

Comment 3: Figure 1. Suggest revising Figl and related discussion to focus on the most reasonable
scenario(s) for this particular question. Need to justify why one scenario or scenarios are very
reasonable. Hope this exercise can teach a reader to decide which diagram is the best for his own
question.

Reply 3: Thank you for this important comment. We have now revisited the section “DAG framework
with missing data”, simplified Figure 1, and made the assumptions for each scenario presented in the
Figure clearer. The mechanism of missing data on smoking status in pregnancy — as shown in the DAG
examples - can happen under different circumstances, that are i) completely at random, ii) not at
random, or iii) at random. Each scenario is reasonable, and depends by the specific study setting and
context. We aimed to convey throughout the manuscript that there is no missing data handling solution
(or assumptions about missing data mechanisms) that fits all research scenarios. The task of applied
researchers is to first diagnose patterns of missingness in their specific study, and based on these, to
make assumptions about missing data mechanism. These assumptions can be made more explicit with
the aid of DAGs. After these steps, it is possible to apply strategies for missing data mitigation under
different assumptions, and to evaluate the robustness of the results under these assumptions. We hope
the revised part of the manuscript entitled “Implications for applied researchers” is now clearer for the

readership.
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Introduction

Missing data is a global problem in human subjects research, and a serious threat to both validity
and efficiency in effect estimation. The CONSORT 2010 Statement® advocates transparent
reporting of the extent of missing data and how this issue was dealt with in the analysis, as this is
crucial for readers to critically evaluate the study findings and potential biases. Recognition of
the threat from these biases has resulted in calls for increased use of methods for dealing with
missing data.? However, barriers exist that prevent applied pharmacoepidemiology researchers
from assessing the potential gains to their own work, including understanding scenarios when
simpler methods might be sufficient, or when complex approaches are needed. These barriers
include a lack of resources that integrate missing data terminology and approaches with
epidemiologic concepts, and a discussion of the strengths and weaknesses of the most common

approaches.

We review the critical concepts for missing data problems, with the aim of integrating more
traditional statistical language on missingness mechanisms with epidemiologic methods based on
causal diagrams.® We have framed this commentary using examples from perinatal
pharmacoepidemiology, including an applied example from the Norwegian Mother and Child
Birth Cohort (MoBa): evaluating the effect of prenatal use of selective serotonin reuptake
inhibitor (SSRI) antidepressants on preeclampsia in the presence of missing data on relevant

confounders such as smoking status in gestation.
Missing data methods and mechanisms

Missing data are generally classified as missing completely at random (MCAR), missing at

random (MAR), or missing not at random (MNAR)? *® as briefly described below.
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Missing completely at random (MCAR)

Under this scenario, there are no systematic differences between the missing and the observed
values.? ® For example, if unexperienced health care personnel forget to ask about smoking
during pregnancy, information about smoking will be missing at random in the pregnant
woman’s medical chart. The same occurs when study participants randomly forget to fill in or

skip responses. There is no risk of bias with MCAR data, but there will be loss of precision.
Missing at random (MAR)

Missing at random is classified as any systematic difference between the missing values and the
observed values, which can be explained by the observed data. ° For instance, depressed

pregnant women may be less likely to report smoking than non-depressed.
Missing not at random (MNAR)

Missing not at random occurs in situations when systematic differences remain between the
missing values and the observed values, even after the observed data are taken into account;
missingness is thus related to unmeasured variables. For example, women who smoke during
pregnancy may less likely report their smoking status. When missingness in a variable depends

on the missing value itself, the unbiased estimate is not recoverable in observed data
Exploring extent and patterns of missingness

Although Little’s test may help researchers to identify missingness that is MCAR vs. MAR, this
test is not conclusive. In addition, no numerical diagnostics can differentiate MAR from MNAR.
This means we are left with logical reasoning to inform us on the mechanism behind data

missingness. Exploring the extent and pattern of missing data in one’s own data sample (for
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example by cross-tabulating variables with missing data against exposure and outcome), as well
as using findings from previous studies and normative data (e.g. score distribution in a reference
population) can give a hint of the underlying mechanism of missingness. This is important to
appraise as it will guide decision making of missing data handling: the various approaches to

missing data analysis require different assumptions about the underlying mechanisms.
Methods to handle missing data

Multiple methods for handling missing data are used in perinatal pharmacoepidemiology
research. These methods fall into two broad categories: analyze the observed data (complete case
analysis), or use some principled method for filling in the missing data (imputation). In complete
case analysis (CCA), observations with missing data on relevant variables are dropped from the
analysis. This approach will always produce unbiased results under the MCAR assumption, and
may produce unbiased results under MAR or MNAR. CCA is commonly used in perinatal
pharmacoepidemiology due to its simplicity (Table 1). In database linkage studies where study
size is large, the loss of data has less impact on precision than in smaller size or different design

studies.®10

Single imputation comprises a set of techniques where missing value are replaced by a value
from the observed data, for instance the mean or mode. The imputed values are assumed to be
equal to the values that would have been observed if data had been complete. This method,
however, underestimates uncertainty about the missing values and will therefore result in
standard errors that are too small.> ® In the study by Panchaud et al,*' gestational age was
conditionally imputed for 6% of the pregnancies based on the sample mean. In the study by

Pasternak et al,*2 missing information on several baseline maternal characteristics was replace
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using the mode. In longitudinal studies with repeated variable measurement, for example using
questionnaires at several time points in pregnancy, the “last value carried forward” technique can
be used to replace missing values with the last measured value of the individual, as done by
Norby et al.™® This method assumes that the observation of the individual remains the same since
the last measured observation. Due to well-established shortcomings,® ° single imputation

techniques are less used in perinatal pharmacoepidemiology.

More advanced model-based methods for handling missing data have become more accessible to
researchers in recent years through packages in standard statistical software. The two most
common model-based methods are maximum likelihood using the expectation maximization
(EM) algorithm and multiple imputation.* 1* 1°> These are considered model-based methods since
the researcher must make assumptions about the joint distribution of all variables in the model

(including both outcomes and predictors).

Maximum likelihood methods using the EM algorithm uses each observation’s available data to
compute maximum likelihood estimates, rather than filling in the missing values. It runs until the
algorithm converges to the “best fit” model for a set of data. The multiple imputation (MI)
method fills in missing values by averaging from the distribution of the missing data given the
observed data in a way that accounts for the uncertainty associated with the missing values. In
MI by chained equations (MICE) a series of regression models are run whereby each variable
with missing data is modeled conditional upon the other variables in the data.’* At the end of one
cycle, all missing values have been replaced with predicted values (imputations). The process is
repeated for a number of cycles, with the imputations being updated at each cycle, finally
resulting in one imputed dataset. The number of imputed datasets is generally between 5 and 20.

Standard errors are calculated using Rubin’s rules.!> ® The MI approach produces valid
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estimates under the MAR assumption. This is a weaker assumption than MCAR and more likely
to hold in observational studies. Ml is a computationally intensive method which is increasingly
used in perinatal pharmacoepidemiology research (Table 1).” 172! Yet, this needs to be applied
after careful reflection about the missing data to avoid misleading conclusions. For a
comprehensive review of multiple imputation for missing data in epidemiological studies we
recommend the papers by Sterne et al,®> and Perkins et al.? Recent research has also shown that
the proportion of missing data should not be the major driver for the decision on how to handle
missing data.?? In fact, even when the extent of missing data is large, results can still be unbiased
provided that the MAR assumption is met and methods to handle missing data have been

adequately applied.
Missing data approaches in recent medication in pregnancy literature

Table 1 summarizes the reporting and handling of missing data in recent perinatal
pharmacoepidemiology studies, by type of data source utilized. Of note, this study overview
serves as common ground for appraising current methodological gaps, and it is not a
comprehensive, systematic extract of the literature. Transparent reporting of the extent and
handling of missing data, and the uptake of multiple imputation methods, remains limited. For
instance, in multiple cases we computed the extent of missing data in a study using baseline
characteristic data of the study sample based on numbers reported in each manuscript; in some
studies, it was unclear what missing data approach was used. The majority of studies reported
missing data on confounding variables, in different extent (from <1% to 65%) depending on the

data source utilized.
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On the basis of the missing data definition used by study authors, and the information reported,
missing data do not seem to be a major problem in health registry, administrative claims, or
pregnancy registry. This contrasts with studies set in birth cohorts, teratology information
services, or general practice databases, which often have to contend with much higher levels of
missingness, and with patterns that are likely to be informative. The substantial problem of
missing data in these study types has promoted important methodological research on the topic,?*
24 as well as a greater uptake of multiple imputation methods by researchers using this type of
data (Table 1). Simpler approaches to handle missing data such as indicator variable, were not
often reported in the papers we evaluated; this is encouraging given the well-established
shortcomings of the method. Study authors rarely stated any assumptions they made about the

underlying mechanism of missingness in the literature we reviewed.
DAG framework with missing data

Directed acyclic graphs (DAGSs) can provide helpful insights into potential biases from assuming
various missingness mechanisms. Figure 1 introduces a simplified causal model for the effect of
prenatal SSRI exposure on preeclampsia. In this model, we assume a causal effect of depression
severity on SSRI use and on smoking, and that smoking has an effect on preeclampsia risk. If
these assumptions hold, we could estimate the effect of SSRI use on preeclampsia by
conditioning on smoking and depression severity. If some fraction of the study sample lacks data
on smoking, assumptions about the mechanism that explains the missingness will point to
different strategies for analyzing our data. In Figure 1A, smoking is missing completely at
random (MCAR), and we can fit a model for the effect of SSRI use on preeclampsia risk,
adjusting for depression severity and smoking, in the complete case sample only, without risk of

bias. Figures 1B shows that if missingness in smoking status is explained by depression severity,

6
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we can also estimate unbiased effects in the complete case sample, as the covariates required for
confounding control also block bias paths from missingness to the outcome. For missing data
mechanisms where the missingness is predicted by the missing values, as in Figure 1C, or when
the probability of being a complete case depends on the outcome, as in Figures 1D and 1E,
complete case analysis will result in a biased estimate. Finally, the presence of an auxiliary
variable (that is, a variable that predicts missingness but is unrelated to the causal mechanism

being considered) allows for unbiased and efficient effect estimation via multiple imputation.
Applied example: prenatal antidepressant use and risk of preeclampsia

As a motivating example, we present recent work on the association between use of selective
serotonin re-uptake inhibitor (SSRI) antidepressants during gestation and risk of late-onset
preeclampsia, using data from the MoBa cohort study.?® MoBa is a nation-wide, population-
based pregnancy cohort study conducted by the Norwegian Institute of Public Health, with
recruitment occurring between 1999-2008.2% Pregnant women were recruited from all over
Norway at the time of their routine ultrasound at 17-18 weeks of gestation. Data were gathered
prospectively by self-administered questionnaires. The cohort now includes 114500 children,
95200 mothers and 77300 fathers, all of whom are followed as long as they continue to
participate in the study?® MoBa has a license from the Norwegian Data Inspectorate and approval
from The Regional Committee for Medical Research Ethics. All participants gave their written

informed consent prior to participation.

In our study, we first explored patterns of missing data on important confounders by exposure
and outcome strata. Missing values on these confounders ranged from 1-3% for maternal

smoking and body mass index, to 7-8% for education and weight gain. Missing information on
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maternal depressive and anxiety symptom severity in pregnancy, measured via the Hopkins
Symptom Checklist-25 (SCL-25) at gestational week 17 (5 items, SCL-5) and 30 (8 items, SCL-
8),26:27 was as follows: 5% and 10% on at least one of the SCL-5 or SCL-8 items, respectively;
15% total missing information simultaneously on either scale. However, only few women (< 3%)
completed none or less than a half of the items composing the individual SCL scales. The
missing data mechanism in our study seemed to be linked to maternal age and to the extent of
completion of the SCL items, but importantly, it did not seem to be associated with the outcome,
late-onset preeclampsia. Based on this and under the MAR assumption,?® we conducted three
sets of analyses: i) complete case analysis; ii) multiple imputation of missing data on the two
SCL scales only (approach I); and iii) multiple imputation of missing data on the two SCL scales
and on other maternal confounders (approach Il). As shown in Table 2, the adjusted and
weighted association measures were higher and less precise in the complete case analysis than in
the other two sets. However, the results of the complete case analysis expanded to pregnancies
with only SCL imputed values (approach I) were similar to those obtained in the fully imputed
models (approach II). Increasing sample size and higher statistical power following multiple
imputation can indeed explain these discrepancies. The extent of missing data on confounders
other than the SCL between the complete-case and approach I (31.9% vs 24.1%) analysis was
however not substantial. Hence, because in this example missing data seemed to relate to the
extent of completion of the SCL items, we could not exclude the possibility that a complete case
analysis approach would yield biased estimates.> 2 2° In the context of this applied example,

results from approach Il were thereby considered as those least biased.

Implications for applied researchers
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Methods for identifying, analyzing, and mitigating bias from missing data have advanced
significantly in recent years, and are seeing greater uptake in applied perinatal
pharmacoepidemiology research. Based on our survey of the literature, we have several
recommendations for applied researchers who need to analyze data with missing values. These
recommendations are made bearing in mind that there is no missing data handling solution that

fits all research contexts.

First: where possible, limit missingness during collection of data. Recognize that no statistical
method can make up for careful study design and data curation. Sometimes the assumptions a
specific case of missing data require are simply so unrealistic that the effect estimate is unlikely
to be informative. Second: carefully diagnose missingness, and use subject-area knowledge as
well as exploratory and descriptive data analysis to understand plausible mechanisms of
missingness. We suggest that a minimum standard for missing data analysis should be a
complete reporting of missingness within strata of exposure and outcome. Researchers should
consider the use of causal graphs to make their assumptions about missingness mechanisms
explicit. Third: Be aware that the proportion of missing data should not be the major driver for
the decision on how to handle missing data, but rather the assumed mechanism as to why data
are missing. Fourth: include a statistical analyst with expertise in missing data methods.
Inappropriate analyses using these complex methods can result in seriously biased results.
Finally: apply strategies for missing data mitigation under different assumptions, and include
evaluations of robustness results under these assumptions. For example, including both the
complete case analysis and the multiply imputed results can allow readers to decide which

estimate they prefer, depending on assumptions about the missingness mechanism.
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Careful attention to missing data, and to the assumptions required for analysis of missing data, is
necessary in all areas of research, including perinatal pharmacoepidemiology. With transparent
reporting of the extent and assumed mechanisms of missing data, and by applying strategies for
missing data mitigation under different assumptions, future research can avoid the problems that

result from failure to consider this important source of bias.
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Figure Legends

Figure 1. Causal diagrams showing relationships between prenatal SSRI use, maternal
depression severity, preeclampsia, and smoking, as well as a binary indicator, Misssmk, denoting
missing information in the smoking variable.
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Introduction

Missing data is a global problem in human subjects research, and a serious threat to both validity

and efficiency in effect estimation. Epidemioclogical-studies-on-the-safety-of-medication-during
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As-advocated-by-theThe CONSORT 2010 Statement® advocates ane-thereby-applicable-to
medication-in-preghancy-research-a-transparent reporting of the extent of missing data and how

this issue was dealt with in the analysis, sinee-thatas this is crucial for readers toa critically

evaluateappraisal-of the study findings and ef-potential-risk-6f biases. Recognition of the threat

from these biases has resulted in calls for increased use of methods for dealing with missing

data.® However, barriers exist that prevent applied pharmacoepidemiology researchers from

assessing the potential gains to their own work, including understanding scenarios when simpler

methods might be sufficient, or when complex approaches are needed. These barriers include a

lack of resources that integrate missing data terminology and approaches with epidemiologic

concepts, and a discussion of the strengths and weaknesses of the most common approaches.

We review the critical concepts for missing data problems, with the aim of integrating more

traditional statistical language on missingness mechanisms with epidemiologic methods based on

causal diagrams.” We have framed this commentary using examples from perinatal

pharmacoepidemiology, including an applied -metivating-example from the Norwegian Mother

and Child Birth Cohort (M©QoBa): evaluating the effect of prenatal use of selective serotonin

reuptake inhibitors (SSRIs) antidepressants on preeclampsia in the presence of missing data on

relevant confounders such as smoking status in gestation..-when-data-en-an-Hnpertant

‘ Kinais.missin.







methods and mechanisms

Missing data are generally classified as missing completely at random (MCAR), missing at

random (MAR), or missing not at random (MNAR)> %18 as briefly described below.
Missing completely at random (MCAR)

Under this scenario, there are no systematic differences between the missing and the observed
values.®> ™ For example, if unexperienced health care personnel forget to ask about smoking
during pregnancy, information about smoking will be missing at random in the pregnant
woman’s medical chart. The same occurs when study participants randomly forget to fill ina or

skip responses. There is no risk of bias with MCAR data, but there will be loss of precision.
Missing at random (MAR)

Missing at random is classified as any systematic difference between the missing values and the

observed values, which can be explained by the observed data.> ' For instance, depressed

pregnant women may be less likely to report smoking than non-depressed.—Yet-this-pattern-of

Missing not at random (MNAR)

Missing not at random occurs in situations when systematic differences remain between the

missing values and the observed values, even after the observed data are taken into account;

4



missingness is thus related to unmeasured variables. For example, women who smoke during

pregnancy may less likely report their smoking status-. \When missingness in a variable depends

on the missing value itself, the unbiased estimate is not recoverable in observed dataand-tikewise

Exploring extent and patterns of missingness

Although Little’s test may help researchers to identify missingness that is MCAR vs. MAR, this

test is not conclusive. In addition, n™No numerical diagnostics can differentiate MAR from

MNAR. This means ;-we are left with logical reasoning to inform us on the mechanism behind
data missingness-(See-alse-BAGframewerk-with-missing-data). Exploring the extent and pattern
of missing data in one’s own data sample (for example by cross-tabulating variables with
missing data against exposure and outcome), as well as using findings from previous studies and
normative data (e.g. score distribution in a reference population) can give a hint of the
underlying mechanism of missingness. This is important to appraise as it will guide decision

making of missing data handling: the various approaches to missing data analysis require

different assumptions about the underlying mechanisms.-

Methods to handle missing data

[ Field Code Changed




Multiple methods for handling missing data are used in medication—in—pregnaneyperinatal

pharmacoepidemiology research. These methods fall into two broad categories: analyze the

observed data (complete case analysis), or use some principled method for filling in the missing

data (imputation). —In the-complete case analysis (CCA), observations with missing data on ene

or-muttiplerelevant variables are dropped from the analysis. This approach will always produce

unbiased results under the MCAR assumption, and may produce unbiased results under MAR or

methedCCA is  commonly used in medication—in—preghaney—researchperinatal

pharmacoepidemiology due to its simplicity (Table 1). In database linkage studies where study

size is large, the loss of data has less impact on precision than in smaller size or different design

studies.'8%

Single imputation comprises a set of techniques where missing value are replaced by a value
from the observed data, for instance the mean or mode. The imputed values are assumed to be
equal to the values that would have been observed if data had been complete. This method,
however, underestimates uncertainty about the missing values and will therefore result in tee
small-standard errors_that are too small.>? In the study by Panchaud et al,2® gestational age was
conditionally imputed for 6% of the pregnancies based on the sample mean. In the study by
Pasternak et al,?* missing information on several baseline maternal characteristics was replace
using the mode. In longitudinal studies with repeated variable measurement, for example using
questionnaires at several time points in pregnancy, the “last value carried forward” technique can

be used to replace missing values with the last measured value of the individual, as done by



Norby et al.?® This method makes-the-assumptionassumes that the observation of the individual

remains the same since the last measured observation. Due to wel-establishedwell-established

shortcomings,> 1* —single imputation_s-techniques are less used in medication—in—pregnancy

researchperinatal pharmacoepidemiology.

More advanced model-based methods for handling missing data have become more accessible to
researchers in recent years through packages in standard statistical software. The two most
common model-based methods are maximum likelihood using the estimation—expectation
maximization (EM) algorithm and multiple imputation.'? 6 26 These are considered model-based
methods since the researcher must make assumptions about the joint distribution of all variables

in the model (including both outcomes and predictors).

MFhe-maximum likelihood methods using the EM algorithm dees-notfit-in-the-missing-values;

but—rather—uses each ease’s—observation’s available data to compute maximum likelihood

estimates, rather than filling in the missing values.- It runs until the algorithm converges to the

“best fit” model for a set of data.

The multiple imputation (MI) method fills in missing values by averaging from the distribution
of the missing data given the observed data in a way that accounts for the uncertainty associated
with the missing values. In MI by chained equations (MICE) a series of regression models are
run whereby each variable with missing data is modeled conditional upon the other variables in
the data.?® At the end of one cycle, all missing values have been replaced with predicted values
(imputations). The process is repeated for a number of cycles, with the imputations being
updated at each cycle, finally resulting in one imputed dataset. The number of imputed datasets

is generally between 5 and 20. Standard errors are calculated using Rubin’s rules.® 2 The MI



approach produces valid estimates under the MAR assumption. This is a weaker assumption than
MCAR and more likely to hold in observational studies. Ml is a computationally intensive

method which is increasingly used in perinatal pharmacoepidemiology mredicationin-pregrancy

research (Table 1).1% 273 Yet, this needs to be applied after careful reflection about the missing
data to avoid misleading conclusions. For a comprehensive review of multiple imputation for

missing data in epidemiological studies we recommend the papers by Sterne et al,!* and Perkins

et al.> —Recent research has also shown that the proportion of missing data should not be the

major driver for the decision on how to handle missing data.'’_In fact, even when the extent of ( Field Code Changed

missing data is large, results can still be unbiased provided that the MAR assumption is met and

methods to handle missing data have been adequately applied.

Missing data approaches in recent medication in pregnancy literature

Table 1 summarizes the reporting and handling of missing data in recent perinatal

pharmacoepidemiologymedication-in-pregraney studies, by type of data source utilized. Of note,

this study overview serves as common ground for appraising current methodological gaps, and it
is not a comprehensive, systematic extract of the literature. Transparent reporting of the extent
and handling of missing data, and the uptake of multiple imputation methods, remain-to
dateremains limited. For instance, in multiple cases we computed the extent of missing data in a

study using baseline characteristic data of the study sample based on numbers reported in each

manuscript; in some studies, it was unclear what missing data approach was used. The majority
of studies reported missing data on confounding variables, in different extent (from <1% to 65%)

depending on the data source utilized.



On the basis of the adepted-missing data definition used by study authors, and the information

reported, missing data do not seem to be a major problem in health registry, administrative

claims, or pregnancy registry. This contrasts with--as-eppesed-te studies set in birth cohorts,

teratology information services, or general practice databases, which often have to contend with

much higher levels of missingness, and with patterns that are likely to be informative. The

substantial problem of missing data in these latter-study types has hewever-promoted important
methodological research on the topic,> 3 as well as a greater uptake of multiple imputation
methods by researchers using this type of data (Table 1). Simpler approaches to handle missing
data such as indicator variable, were not often reported in the papers we evaluated; this is

encouraging given the well-established shortcomings of the method. Study authors rarely stated

any Altheugh-untestablethe-assumptions they made about the underlying mechanism of
missingness given-the-observed-data-was-rarely-available-in the examined-pregnaney-literature

we reviewed.,

DAG framework with missing data

Directed acyclic graphs (DAGS) can provide helpful insights into potential biases from assuming

various missingness mechanisms. Figure 1 introduces a simplified causal model for the effect of

prenatal SSRI exposure on preeclampsia. In this model, we assume a causal effect of depression

severity on SSRI use and on smoking, and that smoking has an effect on preeclampsia risk. If

these assumptions hold, we could estimate the effect of SSRI use on preeclampsia by

conditioning on smoking and depression severity. If some fraction of the study sample lacks data

on smoking, assumptions about the mechanism that explains the missingness will point to

different strategies for analyzing our data. In Figure 1A, smoking is missing completely at

random (MCAR), and we can fit a model for the effect of SSRI use on preeclampsia risk,




adjusting for depression severity and smoking, in the complete case sample only, without risk of

bias. Figures 1B shows that if missingness in smoking status is explained by depression severity,

we can also estimate unbiased effects in the complete case sample, as the covariates required for

confounding control also block bias paths from missingness to the outcome. For missing data

mechanisms where the missingness is predicted by the missing values, as in Figure 1C, or when

the probability of being a complete case depends on the outcome, as in Figures 1D and 1E,

complete case analysis will result in a biased estimate. Finally, the presence of an auxiliary

variable (that is, a variable that predicts missingness but is unrelated to the causal mechanism

being considered) allows for unbiased and efficient effect estimation via multiple imputation.

Metivating-Applied example: prenatal antidepressant use and risk of

preeclampsia

We-present-as/As a motivatinga example, we present recent work on the association between use
of selective serotonin re-uptake inhibitor (SSRI) antidepressants during gestation and risk of late-

onset preeclampsia, using data from the-Nerwegian-Meother-and-Child-{the MoBa) cohort study.®

MoBa is a nation-wide, population-based pregnancy cohort study conducted by the Norwegian

Institute of Public Health, with recruitment occurring between-in 1999-2008.2% Pregnant women

were recruited from all over Norway at the time of their routine ultrasound at 17-18 weeks of

gestation. Data were gathered prospectively by self-administered guestionnaires. The cohort now

includes 114500 children, 95200 mothers and 77300 fathers, all of whom are followed as long as

they continue to participate in the study-*> MoBa has a license from the Norwegian Data

Inspectorate and approval from The Regional Committee for Medical Research Ethics. All

participants gave their written informed consent prior to participation.
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In our study, we first explored patterns of missing data on important confounders by exposure

and outcome strata. Missing values on these confounders ranged from 1-3% for maternal

smoking and body mass index, to 7-8% for education and weight gain. Missing information on
maternal depressive and anxiety symptom severity in pregnancy, measured via the Hopkins
Symptom Checklist-25 (SCL-25) at gestational week 17 (5 items, SCL-5) and 30 (8 items, SCL-
8),% % was as follows: 5% and 10% on at least one of the SCL-5 or SCL-8 items, respectively;
15% total missing information simultaneously on either scale. However, only few women (< 3%)
completed none or less than a half of the items composing the individual SCL scales. The
missing data mechanism in our study seemed to be linked to maternal age and to the extent of

completion of the SCL items, but importantly, it did not seem to be associated with the outcome,

late-onset preeclampsia.- Based on this and under the MAR assumption,® we conducted three
sets of analyses: i) complete case analysis; ii) multiple imputation of missing data on the two
SCL scales only (approach 1); and iii) multiple imputation of missing data on the two SCL scales
and on other maternal confounders (approach I1). As shown in Table 2, the adjusted and
weighted association measures were higher and less precise in the complete case analysis than in
the other two sets. However, the results of the complete case analysis expanded to pregnancies
with only SCL imputed values (approach I) were similar to those obtained in the fully imputed
models (approach I1). Increasing sample size and higher statistical power following multiple
imputation can indeed explain these discrepancies. The extent of missing data on confounders
other than the SCL between the complete-case and approach | (31.9% vs 24.1%) analysis was

however not se-substantial. Hence, because in this example missing data seemed to relate to the

extent of completion of the SCL items, we could not exclude the possibility that a complete case

11



analysis approach would yield biased estimates.** 338 In the context of this applied example,

results from approach 11 were thereby considered as those least biased. 1% 37 38

with prissi

Implications for applied researchers <[ Formatted: Left

Methods for identifying, analyzing, and mitigating bias from missing data have advanced
significantly in recent years, and are seeing greater uptake in the-applied research-titerature-on

medication-use-n-pregraneyperinatal pharmacoepidemiology research. Based on our survey of

the literature, we have several recommendations for applied researchers who need to analyze

data with missing values. These recommendations are made bearing in mind that there is no

missing data handling solution that fits all research contexts.

First: where possible, limit missingness during collection of data. Recognize that no statistical
method can make up for careful study design and data curation. Sometimes the assumptions a
specific case of missing data require are simply so unrealistic that the effect estimate is unlikely
to be informative. Second: carefully diagnose missingness, and use subject-area knowledge as
well as exploratory and descriptive data analysis to understand plausible mechanisms of
missingness. We suggest that a minimum standard for missing data analysis should be a

complete reporting of missingness within strata of exposure and outcome. Researchers should

consider the use of causal graphs to make their assumptions about missingness mechanisms

explicit.— Third: Be aware that the proportion of missing data should not be the major driver for

the decision on how to handle missing data, but rather the assumed mechanism as to why data

12



are missing. FhirdFourth: include a statistical analyst with expertise in missing data methods.

Inappropriate analyses using these complex methods can result in seriously biased results.
Finally: apply strategies for missing data mitigation under different assumptions, and include
evaluations of robustness results under these assumptions. For example, including both the
complete case analysis (underan-MCAR-assumption)-and the multiply imputed results {underan
MAR—assumption)—can allow readers to decide which estimate they prefer, depending on

assumptions about the missingness mechanism.

CGreaterand-careful attention to missing data, and to the assumptions required for analysis of

missing data, is necessary in medication-in-pregnancy-safetyresearchall areas of research,

including perinatal pharmacoepidemiology. With transparent reporting of the extent and assumed

mechanisms of missing data, and by applying strategies for missing data mitigation under
different assumptions, future research can avoid the problems that result from failure to consider

this important source of bias.

13



Figure Legends

Figure 1. Feur-directed-acyclic-graph-based-examples-of-missinghess-Causal diagrams showing

relationships between prenatal SSRI use, maternal depression severity, preeclampsia, and
smoking, as well as a binary indicator, Missswvk, denoting missing information in the smoking
variable.
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Table 1

Table 1: Examples of functional approaches to missing data in recent pregnancy medication safety research, by type of data source

Study Medication, Diagnosing missing data Handling and analyzing missing data®
outcome
Mechanism  Amount, variable  Complete Single Multiple Indicator Others
assumption  type case imputation imputation variable
Birth cohorts
Magnus et al.?”  Paracetamol, child ~ Unspecified ~ 10-15% multiple SA MA
asthma confounders
Radojcic et al.®®  Anxiolytics/ Unspecified  <1-18% multiple MA
hypnotics, child confounders
development
Ernst et al.?° Paracetamol, child ~ Unspecified ~ <5% multiple MAP
puberty confounders
Canigliaetal.t”  Atazanavir, child Unspecified  40% outcome MA SA
development 1-40% multiple
confounders
Brandlistuen et Paracetamol, child  Unspecified  <1-4% multiple MA®
al.% development outcomes
<1-18% multiple MA
confounders
Case-control studies (birth defects surveillance)
Tinker et al.*® Anxiolytics, Unspecified  <10% multiple MAP
congenital anomaly confounders®
Health registries and administrative claims
Pasternak et Ondansetron, Unspecified  <1-7% multiple MA
al.?? adverse fetal confounders
outcomes
Beau et al.?® Atropinic drugs, MAR 5-19% multiple MA
child development confounders
Bateman et al.’®* B Blocker, Unspecified 1% parity MA
congenital anomaly
Elkjaeretal.’®  Valproate, child Unspecified ~ <1% multiple MA

cognition

confounders




Study Medication, Diagnosing missing data Handling and analyzing missing data®

outcome
Mechanism  Amount, variable = Complete Single Multiple Indicator Others
assumption  type case imputation imputation variable

General practice research databases
McGrogan et Statins, pregnancy  Unspecified  5-16% multiple MA
al.*® loss confounders
Dhalwani et Nicotine Unspecified  8-30% MAP MAP
al.1® replacement,

stillbirth
Teratology Information Service based studies
Panchaud et Metformin, adverse Unspecified 6% gestational age MA
al.% pregnancy

outcomes 57% body mass MA

index

Scherneck et Metformin, MAR <1-43% MA
al.® congenital anomaly multiple

and spontaneous confounders®

abortion
Pregnancy registries
Cohen et al.* Quetiapine, Unspecified ~ Unspecified MA

congenital anomaly
Randomized clinical trials
Coomarasamy  Progesterone, live-  Unspecified 3% MA SA
etal.?® birth and other outcome

neonatal outcomes

Abbreviations: MA=Main analysis; MAR=Muissing at Random; SA=Sensitivity analysis.

aInverse Probability Weighting (IPW) method not presented since we found no study using it.

bUnspecified in the article how missing data were handled; we suppose that to be a complete case approach or an indicator variable use.

¢Other method used: Expectation maximization.

9The extent of missing datawas unspecified in the original study; we computed that by using data reported in the baseline factor table or in the text.



Table 2

Table 2: Association of prenatal SSRI exposure with maternal risk of late-preeclampsia under three missing data handling scenarios

Complete-case? Multiple Multiple Complete-case? Multiple Multiple
Imputed, I° Imputed, I1° Imputed, I° Imputed, I1°
(n=3913) (n=4361) (n=5745) (n=3913) (n=4361) (n=5745)
Adjusted analysis (unweighted) Weighted analysis
Adjusted RR Adjusted RR Adjusted RR Weighted RR Weighted RR  Weighted RR
(95% CI) (95% CI) (95% CI) (95% CI) (95% CI) (95% CI)

SSRI, early pregnancy  1.22 (0.76-1.94) 1.07 (0.67-1.69) 0.96 (0.63-1.46)

SSRI, midpregnancy 1.04 (0.49-2.21) 0.92(0.43-1.95) 0.92(0.48-1.79) 0.48 (0.21-1.11) 0.63(0.30-1.32) 0.66 (0.33-1.28)

SSRI, late pregnancy 1.16 (0.55-2.46) 1.03(0.49-2.17) 1.08 (0.57-2.07) 2.28(0.88-5.87) 1.52(0.65-3.56) 1.34 (0.61-2.93)

SSRI, any time 1.26 (0.80-1.98) 1.09(0.70-1.71) 0.96 (0.64-1.45)
Reference: unexposed pregnancies in the corresponding time window. The weighted analyses correspond to Marginal Structural Model with inverse probability of treatment
weight. The adjusted analyses correspond to multivariate modified-Poisson regression models.

3Including only observations with complete data on all confounders; including observations where multiple imputation was done for missing data on the two SCL scales only;
¢including observations where multiple imputation was done for missing data on the two SCL scales as well as on other maternal confounders.
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