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Abstract
Missing data constitute a problem present in all studies of medical research. The most common approach to
handling missing data—complete case analysis—relies on assumptions about missing data that rarely hold in
practice. The implications of this approach are biased and inefficient descriptions of relationships of interest.
Here, various approaches for handling missing data in clinical studies are described. In particular, this work
promotes the use of multiple imputation methods that rely on assumptions about missingness that are more
flexible than those assumptions relied on by the most common method in use. Furthermore, multiple imputation
methods are becoming increasingly more accessible in mainstream statistical software packages, making them
both a sound and practical choice. The use of multiple imputation methods is illustrated with examples pertinent
to kidney research, and concrete guidance on their use is provided.
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Introduction
Missing data are a common problem in medical
research. For example, in clinical trials where patients
are followed over time, patients may drop out of the
study or not attend every scheduled clinic visit, giving
rise to missing data on relevant measurements (1).
Missing data are common in observational studies
as well. For example, disease registries, such as the
US Renal Data System (USRDS) (2) or the Scientiﬁc
Registry for Transplant Recipients (3), or electronic
health records of dialysis providers face similar challenges with missing data, although they may arise for
different reasons.
There are numerous ways to analyze data in the
presence of missing outcomes or covariates. The
approach can affect descriptions of relationships of
interest. Consider the following hypothetical example.
Suppose investigators are interested in characterizing
the natural trajectory of eGFR among kidney transplant patients with some recurrent disease. To study
this question, subjects are recruited into a study and
followed over time, and eGFR is measured at regularly scheduled visits. As with any longitudinal study,
some subjects are lost to follow-up. Suppose also that
patients whose disease progresses are less likely to
come into the clinic for their scheduled follow-up than
patients whose eGFR is more stable. Figure 1 shows
three eGFR trajectories: the true trajectory, the trajectory estimated based on observed measurements,
and a trajectory estimated on both observed measurements and measurements assuming the last eGFR
value for those patients who did not return to the
clinic. The latter is a method commonly used to retain
observations, and it makes a seemingly innocuous
assumption that, for subjects with missing data, their
status is unchanged from the last visit. The observed
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trajectory shows a more modest decline in eGFR over
the study period than what is actually true. This is
because those patients with complete data fared better than those patients with incomplete data. The trajectory that incorporates the last value carried
forward shows only mild progression of disease
and may lead investigators to underestimate the
true extent of eGFR decline. This simplistic example
illustrates the implications of different ways of handling missing data, the idea of which is not limited to
when the outcome is missing but also extends to missing covariates.
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Complete Case Analyses
The default approach for handling missing data in
mainstream statistical software is to perform what is
called a complete case analysis. More speciﬁcally, if a
subject does not have all relevant information considered in the model, the subject is excluded from
analysis. Consider an example where investigators are
interested in which factors among eGFR, body mass
index (BMI), and BP at diagnosis of kidney disease are
predictive of initiating dialysis. Suppose a subject has
her eGFR and BP observed but not BMI. This subject
would be excluded from the analysis. Complete case
analyses lead to valid inferences about population
quantities (i.e., unbiased estimates of relevant relationships) when the subjects included in the analysis
are no different than the subjects excluded with respect to features that inﬂuence relationships of interest. Even when this case is true, excluding subjects
with only partial information results in a loss of efﬁciency. Because no special software is required for its
use, complete case analysis is the most common approach to handling missing data (4,5).
www.cjasn.org Vol 9 July, 2014
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Figure 1. | Trajectories of eGFR measurements for hypothetical study of kidney transplant patients followed longitudinally. Three eGFR
trajectories are shown: the true trajectory, the trajectory estimated based on observed measurements, and the trajectory estimated on both
observed measurements and measurements assuming the last eGFR value for those patients who did not return to the clinic.

Figure 2. | Missing data mechanisms. MAR, missing at random; MCAR, missing completely at random; NMAR, not missing at random.

Assumptions Regarding Missing Data
All statistical methods rely on assumptions about missing data for statistical validity of ﬁndings. To choose an
appropriate method, one must consider why data are
missing. There are three main categories that characterize
reasons for missingness or missing data mechanisms, and
they are described in greater detail in the seminal book by
Little and Rubin (6) on missing data and depicted in Figure 2.
They are that data are (1) missing completely at random
(MCAR) or that those patients included in the analysis are
no different than the patients excluded from the analysis;
(2) missing at random (MAR), a more ﬂexible assumption
that allows missingness to be related to observed features
only; and (3) not missing at random (NMAR), the most
ﬂexible of the three assumptions, which allows missingness
to be related to observed and unobserved features.

Consider the hypothetical study described above, where
eGFR is measured over time among transplant patients.
An example of the eGFR data being MCAR may be one
where the study coordinator neglected to schedule subjects
whose last names began with the letter A for a follow-up
visit. Because missingness is not related to eGFR itself or
other relevant demographics, the data can be considered
MCAR. If, however, subjects with missing eGFR tend to be
younger patients (i.e., missingness is related to age) and
additionally, among younger subjects, missingness does
not depend on eGFR values and among older patients,
missingness does not depend on eGFR, we could consider
the data to be MAR. The data would be considered NMAR
if subjects with more favorable eGFR measures are less
likely to return to the clinic than those subjects with unfavorable eGFR measures.
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We are limited in our ability to distinguish among these
conditions. The MCAR assumption can be disproven by
checking whether missingness is related to any of the
observed variables. Note that MCAR cannot, however, be
proven; if missingness is not related to observed variables,
it may still be related to unobserved features. Similarly, it is
not possible to distinguish between MAR and NMAR conditions without evaluating the missing data itself. Instead, one
must rely on a priori knowledge of the subject.

Other Approaches to Missing Data
Single Imputation Approaches
Single imputation methods involve ﬁlling in the missing
values with a single value. These methods include missing
indicators, mean imputation, and last value carried forward
for longitudinal studies.
Missing indicators involve creating a separate category
for those subjects with missing data for categorical variables, creating an indicator for missingness, and imputing a
value (say the mean) for continuous variables. Although it
seems an intuitive approach to retain all the observations, it
has been shown to provide biased estimates and incorrect
SEs (7–10), even under the MCAR condition (8).
The last value carried forward method is commonly
applied in longitudinal studies (11,12) but known to provide biased estimates (13–16). The approach involves ﬁlling in missing values with the last recorded observation. It
assumes that, for those patients with missing values, there
is no change over time in the relevant variable, a strong assumption unlikely to hold in most settings.
In general, single imputation methods are not recommended. Although these methods are easy to implement,
they provide estimates that are biased, even when the data
are MCAR, and they yield incorrect SEs (7).
Likelihood-Based, Weighting, and Multiple Imputation–
Based Methods
Theoretically sound approaches to handling missing
data include maximum likelihood (ML)–based (17) approaches performed on the complete data likelihood
(15,18–21), weighting methods (22–26), and multiple imputation (MI)–based approaches (6,22,27–31). ML-based
approaches are considered ideal, because they are efﬁcient
and provide valid results under the MAR condition. Although software exists for a subset of ML-based approaches, it has not been incorporated into mainstream
software for many cases (32–34). Similarly, software for
many weighting procedures has not been incorporated
into mainstream statistical packages, which poses a barrier
to their use. However, MI, which results in estimators with
properties similar to ML-based estimators under MAR, is
becoming increasingly more accessible. Mainstream packages like SAS, Stata, and R have user-friendly MI procedures. Horton and Kleiman (35) give a comprehensive
overview on available MI software. When the data are
NMAR, both ML- and MI-based methods are reasonable
choices, although their use increases in complexity, because
the nature of missingness needs to be explicitly modeled
(7). In this paper, we focus our attention on standard
MI under MAR because of its accessibility and reasonable
ﬂexibility of assumptions.

Multiple Imputation
MI is a simulation-based technique for handling missing
data. Figure 3 illustrates the steps required when linear
regression is of interest. Brieﬂy, there are three steps: (1)
the imputation step, (2) the model ﬁtting step, and (3) the
summarization step. In the ﬁrst step, one samples values
from a plausible distribution to ﬁll in the missing observations yielding m full datasets, where m=5 is typical. In the
second step, the analytic model is ﬁtted to each of the m
datasets. Finally, in the third step, the results are combined
to summarize the ﬁndings, where the overall estimate is
the average of individual estimates and the overall SE
takes into account the uncertainty of both the sampled
values and the imputation process.
Important Considerations When Applying MI
Although MI has desirable statistical properties in
theory, it can be challenging to use in practice. Several
choices need to be made to implement MI appropriately.
For example, there are two main approaches to doing
imputation (a joint modeling approach and a fully conditional speciﬁcation approach). This choice and others affect
the results. Below, we highlight aspects key to any
imputation-based analysis, which are also discussed in the
excellent book by van Buuren (36).
Assessing the Missing Data Mechanism
The ﬁrst step to any analysis where missing data are
present is to consider the missing data mechanism. If MAR
seems plausible, one needs to consider on which variables to
condition, such that the MAR assumption will hold in practice.
Essentially, the MAR assumption implies that information
about missingness can be gleaned from the observed data.
Under NMAR, MI can still be applied. However, the analysis
is more complicated, because the missing data mechanism
must be speciﬁed explicitly. We refer the reader to several
sources that describe analyses under this condition
(6,7,27,32–34,37).
Consistency between the Imputation Model and the
Analytic Model
The imputation model (i.e., the model speciﬁed in the
imputation step on which to base imputations) should include all variables in the analytic model, including the outcome (38). The idea is that important inter-relationships
among the variables need to be preserved to produce statistically valid results regarding the relationship of interest. For example, suppose it is of interest to describe the
association between BMI and progression of CKD after
adjusting for eGFR in a model regressing progression on
BMI and eGFR. If, for example, CKD progression is not
included in the imputation model, bias could be introduced, because BMI and eGFR would have been imputed
under the assumption that the correlation between each
variable and CKD progression was zero.
Inclusion of Auxiliary Variables in the Imputation Model
The imputation model should additionally include auxiliary variables—variables that may help with the imputation—
to ensure that the assumption of MAR holds. Auxiliary
variables are those variables that are related to missingness
and/or the variable(s) with missing data (39). Which
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Figure 3. | Illustrative flow chart of implementation of multiple imputation when linear regression is of interest and five imputations are
performed.

auxiliary variables to include has been an ongoing topic of
study (38,40–42). Collins et al. (39) showed that being more
inclusive when doubtful of the usefulness of some variables
results in decreased bias and increased efﬁciency. In fact,
even when the data are NMAR, the inclusion of auxiliary
terms may make the MAR assumption more reasonable,
allowing the application of standard MI.

(39–41). Both Bodner (43) and White et al. (44) suggest a
rule based on precision that the number of imputations
should roughly equal the percentage of subjects with incomplete data. We suggest using this guideline when computationally feasible as well as sensitivity analyses that
vary the number of imputations to guarantee that stability
of point estimates and SEs is achieved.

The Number of Imputations to Perform
The general rule of thumb has been that 5–10 imputed
datasets are sufﬁcient to obtain stable estimates based on
relative efﬁciency (38). Recent research, however, suggests
that the appropriate number of imputations may be larger

The Role of Sensitivity Analyses and Diagnostics
Robustness of ﬁndings to various conditions should be
assessed in any MI-based analysis. Assuming MCAR and
performing a complete case analysis is a good starting
point. If MAR or NMAR is plausible, various MI models
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under these missing data mechanisms would be important to explore. Variation under different MAR models
(i.e., varying which auxiliary variables to include and/or
the functional form of the auxiliary variables in the imputation model) can provide insight. Similar approaches
should be taken under NMAR if NMAR is plausible. An
appealing property of MI is the ability to account for
uncertainty of assumptions, including the missing data
mechanism. The variation in ﬁndings can provide insight
to the reader into how the assumptions impact the ﬁndings (if at all).
In addition to sensitivity analyses, there are diagnostic
procedures that one can pursue that involve the plausibility
of the imputations. A more detailed discussion is presented
in the work by van Buuren (36).
To sum, these considerations suggest some of the complexities involved in performing an MI-based analysis and
show that such analyses should not be automated. Although
MI software programs may set parameters to default values,
such as the number of imputations and the imputation method,
we recommend that the analyst be proactive and aware of the
choices involved.

Illustrative Example
By way of illustration, we use a cohort study of patients
available from the USRDS registry. This cohort was also
evaluated in a study by Lenihan et al. (45), where subjects
with at least 1 year of uninterrupted Medicare (parts A
and B) coverage before receiving their ﬁrst kidney transplant between the years of 1997 and 2009 were studied.
One objective was to evaluate the association between
atrial ﬁbrillation before transplantation and stroke. To
that end, a Cox proportional hazards model was used to
ﬁt the hazard of stroke as a function of atrial ﬁbrillation
after adjusting for potential confounders. Of 62,706 patients,
approximately 42% had at least one observation missing,
where the proportion of missing data per variable ranged
from less than 1% (race) to about 20% (BMI). Table 1 shows a
hypothetical example of some of these relevant measurements for seven patients.
Conducting a Complete Case Analysis
Suppose that, when ﬁtting the analytic model, all the
variables listed in Table 1 are of interest, with the exception

of BMI at time of listing for the transplant. Because observations 2–5 are missing either BMI at transplant or panel
reactive antibody (Table 2), they are excluded from a complete case analysis, whereas observations 1, 6, and 7 remain in the analysis. Logistic regression models of
missingness of BMI at transplant on each variable in the
analytic model (including the outcome) revealed that missingness was related to several observed features, which
suggested that the MCAR assumption did not hold and
furthermore, an alternative approach to a complete case
analysis should be considered.
Applying MI
Using the MI procedure in SAS 9.2, the imputation
model consisted of the variables in the analytic model, including the outcome (both the censoring indicator and the
log-transformed length-of-time to stroke) and additional
auxiliary variables. Although BMI at transplant was of interest, it was missing for about 20% of the patients. BMI at
the time of listing for transplant was available, however,
for most patients. Because we expect these variables to be
highly correlated, BMI at the time of listing may be an
excellent auxiliary variable. Another potential auxiliary
variable is the lag time from listing to time of transplant,
because BMI at transplant is a function of both BMI at
the time of listing and the time lag. Table 3 shows a hypothetical example of the data after ﬁve imputations for
three patients. Each patient has ﬁve rows of data, where
each row represents data from one of ﬁve imputed datasets. Patient 1 had no missing data, and therefore, the
corresponding rows simply contain the observed data.
Patient 2 was missing BMI and has an imputed value
ﬁlled in for each of ﬁve imputed datasets. For each imputed dataset, a Cox proportional hazards model was ﬁt.
Results were combined (using the MIANALYZE procedure in SAS 9.2) by applying Rubin’s rules to summarize
ﬁndings.
Sensitivity Analyses
We performed sensitivity analyses, which included a
complete case analysis, and MI-based analyses under
several MAR models. Speciﬁcally, we used an imputation
model that included only the variables in the analytic model
and one model that additionally included all possible

Table 1. Hypothetical example of data with incomplete information

ID
1
2
3
4
5
6
7

BMI at Transplant (kg/m2)

Age
(yr)

Sex

39
44
29
67
44
43
68

M
W
W
M
M
W
M

BMI at Listing (kg/m2)

PPRA (%)

15–18.5

25–30

30–45

15–18.5

25–30

30–45

11–80

80–100

0
—
—
0
—
0
0

1
—
—
0
—
0
0

0
—
—
0
—
1
1

0
0
—
0
0
0
—

0
0
—
0
0
0
—

0
0
—
0
0
1
—

0
0
0
—
0
1
1

1
1
0
—
0
0
0

Stroke

Years
Followed

No
Yes
No
No
Yes
Yes
No

8.4
10.9
10.0
11.6
3.9
1.5
4.3

BMI=18.5–25 (normal) and PPRA=0–10 (normal) are used as reference groups and represented by a zero in all dummy variables
pertaining to each variable. ID, identiﬁcation; BMI, body mass index; PPRA, panel reactive antibody; M, man; W, woman.
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Table 2. Hypothetical example of data used in a complete case analysis

BMI at Transplant (kg/m2)
ID

Age (yr)

1
6
7

39
43
68

PPRA (%)

Sex
M
W
M

15–18.5

25–30

30–45

11–80

80–100

0
0
0

1
0
0

0
1
1

0
1
1

1
0
0

Stroke

Years Followed

No
Yes
No

8.4
1.5
4.3

BMI=18.5–25 (normal) and PPRA=0–10 (normal) are used as reference groups and represented by a zero in all dummy variables
pertaining to each variable. ID, identiﬁcation; PPRA, panel reactive antibody; M, man; W, woman.

Table 3. Hypothetical example of data with five imputed datasets

BMI (kg/m2)

Imputed
Dataset

ID

1
2
3
4
5
1
2
3
4
5
1
2
3
4
5

1
1
1
1
1
2
2
2
2
2
4
4
4
4
4

Age (yr)
39
39
39
39
39
44
44
44
44
44
67
67
67
67
67

PPRA (%)

Woman
No
No
No
No
No
Yes
Yes
Yes
Yes
Yes
No
No
No
No
No

15–18.5

25–30

30–45

11–80

80–100

0
0
0
0
0
0.35a
0.12a
0.21a
20.01a
0.38a
0
0
0
0
0

1
1
1
1
1
0.34a
0.45a
0.27a
0.97a
0.80a
0
0
0
0
0

0
0
0
0
0
20.21a
0.03a
20.47a
20.44a
0.64a
0
0
0
0
0

0
0
0
0
0
0
0
0
0
0
20.21a
0.04a
0.25a
0.31a
0.69a

1
1
1
1
1
1
1
1
1
1
0.08a
20.33a
0.21a
20.04a
0.07a

Stroke

Years
Followed

No
No
No
No
No
Yes
Yes
Yes
Yes
Yes
No
No
No
No
No

8.4
8.4
8.4
8.4
8.4
10.9
10.9
10.9
10.9
10.9
11.6
11.6
11.6
11.6
11.6

BMI=18.5–25 (normal) and PPRA=0–10 (normal) are used as reference groups and represented by a zero in all dummy variables
pertaining to each variable. ID, identiﬁcation; PPRA, panel reactive antibody.
a
Multiple imputation may lead to data that are not consistent with the original format; in this case, values imputed for missing observations of categorical (binary) data are continuous. Furthermore, although original categories of a variable may be mutually exclusive, imputed data may not be mutually exclusive, which is appropriate, because the imputed values, per se, do not have any
meaning.

auxiliary variables. We also varied the number of imputations (m) to be 8 or 42.
Results
Table 4 shows that the results across the MI-based
analyses were comparable, yielding hazard ratios that
suggested that atrial ﬁbrillation before transplantation
was signiﬁcantly associated with increased risk of stroke
(by approximately 40%). This estimated increase in risk did
not vary with the number of imputations or across MAR
models. A complete case analysis, however, provided an
estimated risk (modestly attenuated at 1.26) with 95% conﬁdence interval that contained one, suggesting a nonsignificant association and thus, changing the inference. Our
ﬁnal model is model 1, because it is the most inclusive
with respect to auxiliary variables. Alternatively, we could
have applied Rubin’s rules and averaged results across
models 1, 4, and 5 to reﬂect our uncertainty among MAR
models.

Discussion
The most common approach to handling missing outcome or covariate data is to perform a complete case
analysis. Many analysts do not even realize that they are
excluding subjects with partial information from their
analysis, because this exclusion is the default approach
for software packages. Thus, the analyst may input a
dataset of eligible subjects only to have the analysis
performed on the subset with complete information.
Validity of the results from such an approach relies on
the data being MCAR, an assumption that rarely holds in
practice. Consequently, analyses may result in biased and
inefﬁcient estimates of relationships of interest. For this
reason, investigators must be aware of alternative methods that rely on more realistic assumptions regarding
missingness of data. Ideally, ML approaches, which are
described in the work by Little and Rubin (6), should be
used to address missing data issues, because they have
desirable statistical properties under the more ﬂexible
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Table 4. Results for death-censored ischemic stroke

Model

Analytic Approach

1

MI m=8b (sample
size n=62,692)
MI m=42b (sample
size n=62,692)
Complete casee (sample
size n=36,107)
MI m=8b (sample
size n=62,692)
MI m=8b (sample
size n=62,692)

2
3
4
5

Hazard
Ratio

Lower 95%
Conﬁdence
Interval

Upper 95%
Conﬁdence
Interval

P Value

Variables in analytic modelc
plus auxiliary variablesd
Variables in analytic modelc
plus auxiliary variablesd
—

1.36

1.10

1.68

,0.01

1.36

1.10

1.68

,0.01

1.26

0.95

1.70

0.10

c

1.36

1.10

1.68

,0.01

1.36

1.10

1.69

,0.01

Imputation Modela

Variables in analytic model
plus no auxiliary variablesd
Variables in analytic modelc
plus BMI at listing and time
since BMI was measured

MI, multiple imputation; m, number of imputations.
a
Imputation model also included censoring indicator and time to event.
b
Cox proportional hazards model with multiple imputation to handle missing data (m imputed datasets).
c
Analytic model included age, sex, race, BMI at transplant, cause of ESRD, dialysis vintage, dialysis modality, skilled nursing facility
use indicator, number of hospital days, number of non-nephrology clinic visits, previous solid organ transplant, comorbidities, patient
blood type, panel reactive antibody, donor age, donor sex, transplant type, number of HLA mismatches, and cold ischemia time.
d
Auxiliary variables were BMI at listing, time since BMI was measured, weight at listing, and height at listing.
e
Complete case analysis: Cox proportional hazards model on the dataset where observations with at least one covariate missing were
removed.

assumption that data are MAR. Unfortunately, a barrier
to using ML-based methods is the lack of accessible software. MI-based analyses, like ML-based methods, also
produce statistically valid results under the same ﬂexible
assumption of MAR, although they are generally less
efﬁcient than ML-based estimates. An advantage of using MI over ML, however, is that there is accessible software that is becoming increasingly user-friendly. A
barrier to using MI is the number of choices that the
analyst must make. In this paper, we have made the analyst aware of a number of issues that we believe are the
most critical to performing an MI-based analysis appropriately. Perhaps the most important of these decisions
involves the missing data mechanism. More speciﬁcally,
the analyst needs to rely on a priori knowledge to decide
whether MAR is plausible theoretically and if so, which
variables should be included so that MAR can reasonably hold in practice.
Although we have touched on the basic issues involved in an MI analysis, there are other complexities
posed by MI that are beyond the scope of this introductory paper, but we encourage the interested reader to
explore them. These issues include how to do imputations in the presence of derived variables, such as
interaction and higher-order terms, and how to model
the missing data mechanism under the NMAR condition. For these topics and more, we refer the reader to the
recent book by van Buuren (36) as well as the book by
Little and Rubin (6) on missing data. Other topics relate
to the speciﬁc type of analysis being performed. For example, White and Royston (28) discuss issues that arise when
ﬁtting a Cox proportional hazards model in the presence of
missing covariates. Schafer (46) discusses speciﬁc challenges
that arise when imputing in the presence of clustering,
which occurs in longitudinal studies.

Although use of MI has been increasing since its introduction in 1987 (27), complete case analysis is still the
most common approach to handling missing data. Its
continued use is partly because of the complexities of
implementing MI. Many investigators, however, express
discomfort at the idea of “making up” data to ﬁll in
missing values. Indeed, some of these values might not
even be coherent with the original data format. We remind
the reader, however, that these ﬁlled-in values are not to be
viewed as true values. The idea behind MI is to use the
imputed values as a device to estimate quantities of interest
by retaining observations in a way that preserves the interrelationships among key variables. Thus, the imputed values
themselves do not matter. Moreover, desirable properties of
MI are that it accounts for the uncertainty of the imputation
process and furthermore, that it can also account for the uncertainty of various assumptions on which the imputation
process is based.

Conclusion
How data are analyzed in the presence of missing data can
greatly affect ﬁndings. The most common approach used to
handling missing data—complete case analysis—relies on
unrealistic assumptions, yielding potentially biased estimates. We encourage analysts to use missing data methods
that rely on more ﬂexible and realistic assumptions. Specifically, we propose the use of MI methods. Although sound
in theory, however, MI can present challenges in practice.
We provided basic guidelines for addressing these issues
and illustrated the use of MI on a dataset used for kidney
research.
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