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Figure 1: a-c) Missing data examples using the Iris dataset: a) full dataset; b) 33% of items in third variable uniformly missing; c) lowest 33%
of items in third variable missing. d-f) The effect of analysis methods on the dataset in figure (c): d) Removal of items with missing values.
e) Imputation of mean value. f) Visualization of missing values, highlighting items with missing in red. g) Profile plots of data from a study of
skill learning [7], displaying the multivariate missingness profiles of the first six variables. h-j) Examples of missingness patterns using the skill
learning study data [7]: h-i) Highlighting in red items with missing values in a variable with high AM, 45%, in (h) and with low AM, 0.03%, in (i).
Bars below axes represent the relative amount missing in each variable. j) items with missing values in sixth variable are highlighted in red. The
broad red band between missings in the sixth, seventh and eighth variables indicate high JM with the sixth variable. High values in, for instance,
the eleventh variable suggests that the probability of missingness in the sixth variable may be conditional upon values in the eleventh variable.

ABSTRACT

Missing data are records that are absent from a data set. They are
data that were intended to be recorded, but for some reason were
not. Missing values are common in data analysis and occur in al-
most any domain, causing problems such as biased results and re-
duced statistical rigour. Visual analytics has great potential to pro-
vide invaluable support for the investigation of missing data. This
poster aims to highlight the importance of analysing missing data
and the challenges involved, as well as to emphasize the lack of
visualization support in the area and through this encourage visual-
ization scientists to discuss and address this highly relevant issue.
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Index Terms: I.3.6 [Computing Methodologies]: Com-
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1 INTRODUCTION

In the context of data analysis, missing data refers to data records
that for some reason have not been obtained. Missing records can
be thought of as potentially important information that is not avail-
able. Since the record is missing, it is unknown to the analyst what
value it would have taken had it been observed and, at best, a rea-
sonably good estimate of a probable value can be obtained. Miss-
ingness introduces elements of uncertainty and may heavily bias
results, causing problems such as loss of statistical power, less re-
liable estimates and distortion of statistical properties. The devel-
opment of computational methods for dealing with missing data
is a research topic in its own right and the selection of appropri-
ate methods requires understanding of the patterns of missingness.
Most approaches assume that missing values are errors that need to
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be dealt with. However, the fact that values are missing may carry
potentially valuable information. By treating missing data as infor-
mation bearing signals the investigation of missingness may gener-
ate novel and valuable insights. This investigation would be greatly
facilitated by tools supporting visual analysis of missing records.
Nonetheless, the topic of missing data has to a great extent been
overlooked by the visualization society. With this poster we aim to
highlight the prevalence of missing data and the challenges and op-
portunities it generates; suggesting visual representations and tasks
of particular relevance for visual analysis of missing data.

2 WHY ARE DATA MISSING?
Missing data exist in almost any domain and may have a great va-
riety of causes [1]. In studies such as demographic or consumer
surveys, respondents may avoid answering particular questions. In
longitudinal studies some participants may not take part in all steps.
Subjects may drop out or be excluded from clinical trials, for in-
stance due to response to a treatment. In laboratory based studies
physical properties may be unrecordable for certain samples. Val-
ues may also be missing due to processing issues or technical lim-
itations. Using data from multiple sources, missingness may be
caused by mismatches between databases or variations in naming
conventions.

3 ANALYSIS OF DATA WITH MISSING VALUES

Analysis of data with missing values can be complex. Variables
with missing values may be thought of as multi-type variables; the
recorded values are of one type and the missing values are a type of
their own, which is neither numerical nor categorical. The missing
values have no mean or distribution and it is not possible to apply
standard statistics to them. Moreover, the degree of missingness
and distribution of missing values may affect the appropriateness
of analysis methods. Missing values cause uncertainty, but in con-
trast to many uncertainty problems issues with missing data are not
normally overcome by increased sample size. The number of miss-
ing values may often increase along with the data, and for high di-
mensional data there is a high probability that most samples have at
least one value missing. The effect of missing values depends both
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on the missingness patterns and on how the missing values are han-
dled. Figure 1(a-f) displays examples of this using the Iris dataset.
The full dataset without missing values is displayed in figure 1(a),
in 1(b) 33% of the PetalLength records (third axis) are uniformly
missing, and in 1(c) the lowest 33% of the PetalLength records are
missing. The PetalLength mean value in the figures are 3.1, 3.7 and
4.9 respectively. The two main approaches for dealing with miss-
ing values are removal and imputation [1]. Removal is when data
points or items with missing values are removed prior to analysis,
as in figure 1(d). Imputation is when missing values are replaced
by estimates, as in figure 1(e). There are many imputation methods
available, ranging from simple replacement with mean to complex
multiple imputation models. Depending on which method is used,
removal and imputation introduce a risk of biased analysis and may
lead to too small variability.

4 VISUAL EXPLORATION OF MISSINGNESS

Many methods for dealing with missing data imply that missing
values are errors that have to be removed or replaced. However,
the fact that values are missing may carry valuable information, in-
dependent of what values they would have taken if they had been
recorded. Exploration of missingness patterns may not only support
the selection of appropriate methods for dealing with the missing
values, but may also provide additional understanding. Important
insights could be gained by treating the missing data records as in-
formation bearing signals, rather than getting rid of them, and vi-
sual analytics can bring valuable contributions to this analysis. By
visualizing the missing values (“the data that isn’t there”), visual
analytics enables exploration of missingness in ways other analysis
approaches cannot. Nevertheless, only a small number of publica-
tions focus on visual analysis of missingness [6, 4, 9, 5] and a recent
paper by Wong and Varga [8] identifies the problem of representing
missing data as a particularly important issue for visual analytics
systems to address. The value of displaying missing data was also
emphasized in a recent text by Kirk [3]. Eaton et al. [2] evalu-
ate approaches to displaying missing data, concluding that a poor
indication of missingness has a clear negative effect on interpre-
tation and suggest that visual representations should be enhanced
by attributes indicating the existence of missing values. Building
on this, figure 1(f) displays a suggestion of how missing values
may be represented in parallel coordinates. The plot is enhanced
with a ‘missingness indicator’ below each axis that contains miss-
ing values. The size of the indicators coloured bar corresponds to
the amount missing in the variable. Interactive highlighting of items
with missing values enables exploration of patterns relating to miss-
ingness. In the figure, items highlighted in red for instance indicate
a relationship between missing values in the third variable and low
values in the fourth variable. Figure 1(j) displays an additional ex-
ample where items with values missing in both of two adjacent axes
are represented by a blue band. The height of the band represents
the deviation from the expected number of missing values, based
on the number of missing values in the two variables, and the red
band in the centre represents the currently selected missing values.

We also introduce missingness profile plots (figure 1(g)) to pro-
vide an overview of multivariate missingness patterns. A public
dataset from a video game skill learning study [7] is used, which
displays various patterns relating to missing values. Each profile
plot displays the means and standard deviations of items that are
missing in a focus variable. Every plot represent one focus variable,
highlighted by a blue dot below its axis. The pie chart to the left dis-
plays the relative amount missing within the focus variable. Grey
dots below non-focus axes represent the amount of items concur-
rently missing in the focus variable and corresponding non-focus
variable. The grey dots below the seventh and eighth axis in the
bottom plot indicate that most items missing in the focus variable
(sixth axis) are also missing in the seventh and eighth variable.

4.1 Patterns of Interest
An important part of exploring complex data is the identification
of interesting patterns. This can be supported by the use of qual-
ity metrics (QM), which measures the level of ‘interestingness’ in
data. QM is a popular visual analytics concept particularly in the
context of large and high dimensional data. Many metrics focus on
clustering, classification and correlation but, due to the character-
istics of missing data, they may not be appropriate descriptors for
missingness patterns. We have, through literature review and dis-
cussions with practitioners, defined three main patterns of relevance
for analysis of missingness and suggest these as basis for future QM
design. Figures 1(h-j) display examples of these patterns.

• Amount Missing (AM): Provide understanding of the distri-
bution of missing values across variables (figure 1(h-j)).

• Joint Missingness (JM): Identification of sets of variables
with high joint probability of missing values (figure 1(j)).

• Conditional Missingness (CM): Identification of variables
where the probability of missingness is conditional upon
recorded values (figure 1(j)).

5 CONCLUSION AND FUTURE WORK

Missing data is common in many domains and computational meth-
ods for dealing with missing data is a research topic in its own
right. Few visualization methods support investigation of miss-
ingness. We suggest that new insights may be gained by treating
missing data as information bearing signals and through this sup-
port visual exploration of missingness patterns. This poster aims to
encourage further investigation into the potential of visual analysis
of missingness. Future work may, for instance, include the devel-
opment of methods for exploration of missingness patterns in large
and high dimensional data; the design of appropriate quality metrics
to further support gaining of insights from missingness, as well as
additional research into visual representations of missing records.
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