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Abstract

Human activity and rest patterns could be measured through a device called an actigraph,
which collects measurements almost continuously over time. These actigraphy measure-
ments are often treated as functional data. In this article, we first introduce four techniques
to visually detect clusters in raw functional actigraphy data for patients with di↵erent de-
pression levels. These techniques are: (i) density-based plots, (ii) data enveloping methods,
(iii) data summing over time, and (iv) multivariate time series plots. No filtering, smooth-
ing, or any other statistical techniques are required to implement these visualizations. Then,
we provide a brief glance at the underlying implementation of these techniques in the R
package ActiVis. We finish with a brief description of the graphical user interface for this
R package.

Key Words: Visualization; Time Series; Data Envelopes; Data Aggregation; Density-
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1. Introduction

Actigraphy is an emerging technology for measuring human activity/rest levels over
time. Actigraphy data are collected by an actigraph unit that is a non-invasive
watch-like device that consists of an accelerometer. Actigraphy is useful to evaluate
sleeping patterns, fatigue, circadian rhythms, and general activity over an extended
period of time.

Actigraphy observations are recorded almost continuously over time. Today’s
actigraphs can measure human activity at di↵erent accumulation rates ranging from
low (one or more minute intervals) over high (15 seconds intervals) to very high (one
second interval). These data could be treated as functional data that can be an-
alyzed with Functional Data Analysis (FDA) techniques (Ramsay and Silverman,
2006). In order to explore and interact with functional actigraphy data, we need
some new and easy-to-use visualization techniques and interfaces. In the past, some
visualization techniques have been provided by the manufacturers of actigraphs.
These techniques have limited features that might not allow the users of the soft-
ware to view activity levels of one or more subjects from di↵erent perspectives. In
addition, a user/programmer is not allowed to customize the software provided by
the manufacturer to meet his/her needs. In this article, we describe new visual-
ization methods and software based on the object-oriented (OO) programming ap-
proach (Lafore, 2002). The resulting R package ActiVis will be published as a part
of The Comprehensive R Archive Network-CRAN, http://cran.r-project.org.
The main purpose of using the OO paradigm is to make it easier for other program-
mers to reuse our suggested visualization techniques. For example, this would allow
other programmers to create di↵erent user interfaces and customize these interfaces
for the needs of their users.
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The ActiVis R package was developed in order to produce reusable statistical
tools for visualizing actigraphy data with a user-friendly interface. The American
Academy of Sleep Medicine recommended the use of actigraphy as a useful measure
for detecting sleep in healthy individuals through assessing specific aspects in insom-
nia and restless leg syndrome (Ancoli-Israel et al., 2003; Morgenthaler et al., 2007).
They also recommended actigraphy as a tool for objectively measuring fatigue. For
this purpose — and to overcome the limitations of current visualization tools and
software — we developed the software according to the following three specific goals:
(i) Development of new multivariate visualization techniques for actigraphy data.
(ii) Integration of new and current visualization tools into the ActiVis R package
using an object-oriented model design. (iii) Development of a user-friendly web
interface for actigraphy software.

In Section 2, we provide a brief overview on existing visualization techniques for
actigraphy data. The three goals will be discussed in the following three sections.
We finish with a brief discussion and outlook in Section 6. More details can be
found in Sharif (2012).

2. Current Visualizations of Actigraphy Data

An actigram (sometimes also called actogram) is a commonly used visualization
technique for actigraphy data and can be found in numerous actigraphy related
publications, e.g., Figures 1 & 2 in Slaven et al. (2009), Figure 2 in Labyak and
Bourguignon (2002), and Figure 1 in Sharif et al. (2010). From such a plot, a
viewer should be able to detect if there is major minute-to-minute variability during
a certain day or significant day-to-day variability among multiple days. Although
these graphs allows us to explore the data visually, they only o↵er limited insight.
They are not very powerful toosl for studying the variability within a subject and
among multiple subjects. For example, if a medical doctor wants to check if a
certain treatment or disease is a↵ecting a patient’s activity, then the doctor needs
to compare data from before and after the treatment. The actigram won’t allow
us to do detailed comparisons. Furthermore, it does not allow us to do group
comparisons such as control vs. experimental groups.

Histograms and numerical summary statistics have also been used to explore
actigraphy data, e.g., Figure 1(b) in Symanzik and Shannon (2008). These are also
not very useful and need to be extended because they describe how patients di↵er
in activity levels, but fail to capture when the patients exhibit di↵erent levels of
activity levels and patterns.

A variety of new or improved visualization methods for actigraphy data have
been suggested in Symanzik and Shannon (2008), such as the raw data plot, smoothed
data plot, velocity plot, acceleration plot, cumulative sums plot, and sorted cumu-
lative sums plot. Some of these plots have been previously introduced, such as the
cumulative sums plot that resembles the cumulative actigram in Figures 2(B) &
3 in Labyak and Bourguignon (2002). Their implementation in R (R Core Team,
2012) has been presented in Sharif et al. (2010). These visualization techniques for
actigraphy data are useful when doing comparisons for a single subject over time
(e.g., baseline, during treatment, and after treatment). A detailed description of
some of these plots with variation assessment tools can also be found in Ding et al.
(2011).

Biometrics Section – JSM 2012

138



3. Mulivariate Visual Data Mining Techniques for Actigraphy Data

As mentioned before, actigraphy is an emerging clinical technology for measuring
human sleep, daytime activity, and circadian activity rhythms. Unfortunately, the
following three limitations arise while visualizing such types of data, especially when
we deal with a large number of subjects and/or many days of data per subject.

• Information Loss : Researchers use data smoothing algorithms to fit curves
on actigraphy data (Ogbagaber et al., 2012; Wang et al., 2011; Ding et al.,
2011; Sharif et al., 2010; Symanzik and Shannon, 2008). Data smoothing
is a tool used to reduce the noise and irregularities in order to capture and
reveal interesting patterns present in large datasets. However, one of the
main drawbacks for data smoothing is losing some insight for the variation
in the data. Another critical issue for many of the smoothing algorithms is
that they are not robust against outliers, and therefore the smoothed curve is
pulled towards those outliers (Rice, 2004).

• Measurement Bias : Using actigraphs to measure activity levels of humans
might produce substantial measurement error. The actigraphy devices might
be biased for many di↵erent reasons. In Sherick’s study (Sherick et al., 2010)
on the accuracy of the Actical actigraphy devices that are manufactured by
the Mini Mitter Company Incorporated (Mini Mitter Company Incorporated,
2005), it was suggested that one of the four sampled Actical devices which were
used for measuring activity levels of patients in Sharif et al. (2010) were biased.
Another study (Esliger and Tremblay, 2006) on Acticals suggested that even
though those devices have small inter- and intra-instrument coe�cients of
variations, calibration and reliability of devices should not be assumed.

• Curve Cluttering : In exploratory data analysis (EDA) (Tukey, 1977), some-
times the researchers might want to compare di↵erent sets of groups (males vs.
females, di↵erent age groups, di↵erent races, etc.). Overlaying the smoothed
data curves of all groups on the same plot might not produce the desired
“clear-cut” grouping of subjects.

In order to overcome the above mentioned limitations we have adopted and
enhanced some techniques to help visualize functional datasets, and in particular
actigraphy datasets. Four main techniques are introduced: (i) density-based plots
such as repeated density strips, (ii) data enveloping methods (min�max, 25th�75th

percentile, and 40th�60th percentile) to summarize common features, (iii) data sum-
ming over time (10, 20, 30 and 60 minutes), and (iv) multivariate time series plots
such as data images. These techniques are applied to raw data, i.e., unprocessed
actigraphy data. No filtering, smoothing, or any other statistical techniques are
required at this stage.

3.1 Techniques for Visualizing Functional Data

Consider the scenario in time series data where we have to graph observations
recorded every minute over multiple days. This means that we end up having 1440
observations per day (24 hours ⇥ 60 minutes). These data usually have lots of spikes
and variations depending on the application. In such scenarios, scientists usually
try to visualize the pattern that is present in the data by plotting all observations
on one figure where the x-axis (horizontal axis) represents time (in minutes) and

Biometrics Section – JSM 2012

139



the y-axis (vertical axis) represents the measurement of a particular quantity under
investigation. If the scientist wants to compare how those measurements vary among
di↵erent days, then the traditional way would be to overlay all days on the same
plot. This action might produce messy plots with lots of interweaving spikes and
lots of data overplotting. Thus, there is no immediate way to distinguish between
di↵erent days’ patterns even if the scientist uses color to di↵erentiate between days.
A solution would be to smooth the curves, which has the disadvantage of losing
information. In this section, we will present four visualization techniques to explore
functional time series data that could be used either alone or combined with some
of the other techniques depending on how messy or noisy the data are.

3.1.1 Density-based Plots

The idea of density-based plots is based on Jackson’s density strip plots (Jackson,
2008) which display uncertainty with shading. A density strip plot is usually a
horizontal rectangle with color shading that ranges from dark to white. It is shaded
with darkness proportional to the probability density of the measured quantity at
a point, darkest at points of highest probability density, and white at points of zero
density. This kind of plots is usually very helpful when comparing distributions
arising from parameter estimation.

Density strip plots could be utilized to visualize variability and trends for func-
tional data over time. The main purpose is to make the trends look clearer on the
plot without using smoother functions that might lead to loss of information. The
proposed density-based plots are simply stacked vertical density strips with equal
widths, where each strip shows data for a given period of time (e.g., 1 minute, 10
minutes, 1 hour, etc.). In order to have a proportional shading scheme for all of the
strips, the shading level for each strip is multiplied by its density divided by the
maximum density over all strips. This technique is similar to Miller and Wegman
(1991), where the authors proposed to have a “line density plot”.

These density-based plots could be used with either raw data or cumulative
sums data. Cumulative sums plots show accumulated activity obtained by adding
up activity counts as one moves across the horizontal time axis from midnight (far
left) to midnight 24 hours later (far right) (Sharif et al., 2010). They are helpful to
show the total activity of a group up to a particular time of the day.

3.1.2 Data Enveloping

Data enveloping is the process of subsetting the dataset into di↵erent classes, draw-
ing bands around each class of data observations, and then filling each with a
di↵erent color. The idea of enveloping data was first introduced by Inselberg et al.
(1987) as a tool to reduce noise in Parallel Coordinate Plots (PCPs), and then it
was enhanced by Moustafa et al. (2011).

This technique is helpful to clearly see trends followed by each class or visually
validate cluster analysis results. These bands often range from the minimum obser-
vation to the maximum observation for every minute (min �max envelopes), but
sometimes these extreme observations might be outliers, and thus cause heavy over-
lapping between the classes. In order to overcome this problem, two things could be
done: (1) the bands could be drawn with a narrower range; for example, from the
first quartile Q1 to the third quartile Q3 of a given class of data, or from the 40th

percentile to the 60th percentile, etc., and (2) use alpha blending techniques (Porter
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and Du↵, 1984) for the colors to create transparency e↵ects in order to be able to
see the hidden parts of class bands.

3.1.3 Data Summing

Data summing is the process of combining multiple observations into one single
observation. In time series data analysis, we can sum up many observations into
10, 20, 30, or even 60 minute intervals instead of looking at minutely data. This
process will help in data reduction, and it automatically reduces the number of
spikes and makes the graph look smoother. For example, if we decide to sum up
each 10 observations into one observation, we will reduce the daily dataset by 90%
(from 1440 to 144). In order to get a better view of data clusters, this technique
could be used in combination with data enveloping.

3.1.4 Multivariate Time Series Plots

Multivariate time series plots become handy when we need to compare more than
a few time series. In the traditional way, the comparison was done by stacking all
time series plots in a fashion where it sometimes become di�cult to fit all plots
on one page or a computer screen. Peng (2008) visualized environmental data that
are collected over time and multiple locations. Instead of producing the traditional
time series stacked plots, he came up with a new visualization technique for plotting
multivariate time series. This plot is based on the “data images” concept, which
was first introduced by Wegman (1990) as colored histograms which are also called
“data images” (Minnotte and West, 1998; Morphet and Symanzik, 2010). The idea
is simple and similar to density based plots: each time series is split into di↵erent
categories that are assigned to a color intensity range from low (few observations)
to high (many observations). The number of categories varies depending on the
nature of the data. This kind of categorization or discretization allows the user to
visualize variation in the data.

In addition to the basic data image, multivariate time series plots can be aug-
mented with some summary information at the right and bottom sides of the plot.
For example, a box plot could be drawn for each time series at the right hand side
of the plot. Also, at the bottom of the plot, we can have some graphs using the pre-
viously mentioned techniques which would give summary information about values
across all the time series for each specified time point.

3.2 Actigraphy Data

The data used in this article are based on a small sample of 55 patients with insom-
nia, sleep apnea, or restless leg syndrome, collected at the Washington University in
St. Louis Sleep Medicine Center. Two types of data were collected for each patient:
actigraphy level data and depression level data. For more information about these
data, please refer to Ding et al. (2011). The actigraphy level data were collected via
an actigraph device manufactured by the Mini Mitter Company Incorporated Mini
Mitter Company Incorporated (2005) that the patient wore on his/her wrist for a
period of seven days. Some of the actigraphs collected data every 15 seconds, and
others collected data every minute, but for the purpose of this study, we aggregated
the 15 seconds level data into one minute level data. The depression level data were
collected to investigate patterns in activity levels in di↵erent patient subgroups.
Each patient filled out the Patient Health Questionnaire (PHQ-9) (Kroenke and
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Spitzer, 2002), one of several existing ways to evaluate the level of depression. On
the PHQ-9 scale, the higher the depression score, the more depressed the patient
is. The following are some descriptive statistics for the collected data in terms of
demographics and depression levels:

• Gender: 17 males, 38 females.

• Depression level: 15 patients with no depression (Level 0), 13 with mild de-
pression levels (Level 1), 15 with moderate depression levels (Level 2), 8 with
moderately severe depression levels (Level 3), and 4 with severe depression
levels (Level 4).

3.3 Visualization Techniques Applied to Actigraphy Data

3.3.1 Density-based Plots

Figure 1 shows the density-based plots for the actigraphy data for groups of patients
with di↵erent depression levels. These plots look very rugged. It is di�cult to
compare the activity patterns for these groups of patients. The “disadvantage” of
such plots is that we have to separate the groups into di↵erent plots. We can see
that patients with very high depression levels (Level 4) are more active during the
night and have low activity levels early during the morning while the other four
groups (Levels 0, 1, 2, and 3) have normal activity patterns — active during the
day and passive during the night. This kind of plot does not show us clearly if there
is a di↵erence in activity levels for some groups. Thus, to obtain a clearer picture for
all groups, we can look at the cumulative sums plots (Figure 2) for the actigraphy
data. These plots show accumulated activity obtained by adding up activity counts
as one moves across the horizontal time axis from midnight (far left) to midnight
24 hours later (far right). People with higher depression levels accumulate higher
activity counts during the night and early morning.

3.3.2 Data Enveloping

Figure 3 shows the actigraphy data of the 55 patients clustered according to the
patients’ depression level. Figure 3 (top) shows a 25th � 75th percentile envelope
for the raw actigraphy data, while Figure 3 (bottom) shows a narrower 40th � 60th

percentile envelope. Figure 3 shows that patients with high depression levels are
most active during the night compared to the other groups of patients, and this
group is least active during the day. It is not easy to compare the other groups of
patients even when we look at a narrower 40th � 60th percentile envelope.

Figure 4 shows the cumulative sums plots for the accumulated sums of actig-
raphy clustered according to depression levels. Figure 4 (top) uses a 25th � 75th

percentile envelope which shows some distinction between the five groups of patients
with di↵erent depression levels. As anticipated, patients with depression Level 0
have the highest accumulated activity during the whole day, followed by patients at
Level 1, then Level 2, then Level 4. It seems that there is a high variability for the
Level 3 depression patients. The 40th�60th percentile envelope (Figure 4 (bottom))
shows that there might be an outlier in the group with depression Level 3 that was
a↵ecting the variability of this group. Opposite to what we anticipated, patients
that were diagnosed with depression Level 3 have the highest activity. This result
might be due to the small sample of just 8 patients with depression Level 3.
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Figure 1: Density-based Plots: Actigraphy data grouped by patients’ depression
levels.

3.3.3 Data Summing

In Figure 3, the actigraphy plot had lots of spikes and it was hard to see the patterns
for each class of patients even after we applied enveloping techniques. To make the
plots look smoother and obtain a better separation among di↵erent patients’ groups,
we aggregated the data and summed it over time in addition to using enveloping
techniques. Figure 5 (top) shows 25th � 75th percentile envelopes, but with data
summing every 20 mins. In other words, the activity levels for each patient are
accumulated into one observation every 20 mins. This technique, combined with
enveloping, helps to smooth the plot. Figure 5 (bottom) shows the actigraphy data
in a 40th � 60th percentile envelope for all patients’ groups based on depression
levels.

3.3.4 Multivariate Time Series Plots

Figure 6 shows the multivariate time series plot for all patients. There are 55
horizontal time series strips in the image plot (top left), divided into five depression
categories that are separated with bold horizontal black lines. For this dataset, it
is not clear whether patients with di↵erent depression levels have di↵erent activity
levels due to the high noise. From the box plots on the right hand side of the image
plot, we can see that the variation in activity levels for some patients is high. This
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Depression Density-based Plots For Actigraphy Cumulative Sums
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Figure 2: Density-based Plots: Cumulative sum plots for actigraphy data grouped
by patients’ depression levels.
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Figure 3: Data Envelopes: 25th�75th percentile vs. 40th�60th percentile envelopes
for actigraphy data grouped by patients’ depression levels.
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Percentile Data Envelopes for Cumulative Sums of Actigraphy Data
(Patient’s Depression Levels Categories)

25
th
�
75

th

Envelope (25%−75%) Cum Sums Plot−Actigraphy Data
 Aggregation Level: 1

Time

Act
ivit

y L
eve

l (in
 tho

usa
nds

)

12 AM 6 AM 12 PM 6 PM 12 AM

0
200

400
600 Depression Level 0

Depression Level 1
Depression Level 2
Depression Level 3
Depression Level 4

40
th
�
60

th

Envelope (40%−60%) Cum Sums Plot−Actigraphy Data
 Aggregation Level: 1

Time

Act
ivit

y L
eve

l (in
 tho

usa
nds

)

12 AM 6 AM 12 PM 6 PM 12 AM

0
200

400
600 Depression Level 0

Depression Level 1
Depression Level 2
Depression Level 3
Depression Level 4

Figure 4: Data Envelopes: 25th�75th percentile vs. 40th�60th percentile envelopes
for cumulative sums of actigraphy data grouped by patients’ depression levels.
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Figure 5: Data Sums with Envelopes: 25th � 75th percentile vs. 40th � 60th

percentile envelopes for actigraphy data grouped by patients’ depression levels.

might be due to the presence of outliers.

4. ActiVis: An R Package for Visualizing Actigraphy Data

A preliminary object-oriented (OO) software implementation for the visualization
of actigraphy data has been described in Sharif et al. (2010). Here, we introduce
a full model that also utilizes the OO programming approach (Lafore, 2002). The
main purpose for using the OO paradigm is to make it easier for other programmers
to reuse our suggested visualization techniques. For example, this would allow other
programmers to create di↵erent user interfaces and customize these according to the
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Figure 6: Multivariate Time Series Plot: Actigraphy data with di↵erent levels of
depression — Level 0 (bottom) to Level 4 (top). Purple represents low and green
represents high activity levels. The right hand side plot shows a box plot, and the
bottom side shows a plot for the median activity level across all the times series for
each time point.

needs of di↵erent users.
Object-oriented programming is a way of thinking di↵erently from the widely

used procedural programming approach. Thus, instead of implementing data struc-
tures and procedures, the programmer now implements objects and methods used
by those objects. In the OO approach, data are combined with methods (which are
supposed to have access to the data) into one single component called an object.
This makes any unauthorized access to the data by a di↵erent component of the
software almost impossible. The OO approach binds data closely to the methods
that operate on them and protects the data from any accidental modifications from
outside methods. The problem with procedural programming lies in the separation
between the data and procedures, because this provides a poor model for real world
applications (Lafore, 2002).

The ActiVis R package consists of eleven classes. These are outlined in the
class diagram in Figure 7. A class diagram displays the structure of the system by
showing its classes, their attributes and methods, and the relationships between the
classes.

In order to use the visualizations from the ActiVis package, the user needs to
set up a Graph object. The following chunk of code initializes a Graph object of
class RawDataPlot for Karli’s object of class ActData, and then plots it:

#create a new raw data plot object

karli_raw <- RawDataPlot$new()

karli_raw$legendPosition <- "topright"

karli_raw$act_range <- c(0, 4000)

#setup the graph by calling the graphics device

karli_raw$setup()

#show the average of data for the days

karli_raw$avgPlot <- T

#what days to plot?

karli_raw$plotdays <- 2:3

#store Karli’s object in ‘patient’ field
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karli_raw$showData()

karli_raw$patient <- karli

#show the data on the raw data plot

karli_raw$showData()

Instantiating and plotting the other plot objects could be done similarly to the
RawDataPlot in this example.

5. A Web-based User Interface for ActiVis

Many end users of the ActiVis R package can be expected to have a background in
the medical field, sports, or they might be individuals interested in observing their
daily activity levels. Those users are unlikely to know how to deal with computer
code written in R. Furthermore, R does not have a user-friendly Graphical User
Interface (GUI) with menus and buttons. These users most likely want to focus on
the results and graphics, and not on running computer code. In this section, we
discuss an adaptive web interface that facilitates the use of our ActiVis R package
without the need to write or run any R code.

Most of the existing statistical web applications of R are simple interfaces to
the R environment. Many of them (e.g., Rweb and webbioc) allow users to write R
scripts and submit them through their interfaces. A few others have more specific
purposes with a user-friendly GUI, such as the web interface by Ooms (2010) to the
ggplot2 R package (Wickham, 2009). Our ActiVis web interface was inspired by
Oom’s web applications and interfaces to R (Ooms, 2009, 2010). Our GUI consists
of two main parts: (1) the left hand side is the user interaction area, and (2) the
right hand side is the plot display area.

The user interaction area is designed in a way to make it easy for the user to
follow the steps needed for producing actigraphy plots. For this purpose, we used
an “accordion” GUI control, which is a stacked list of items that could be expanded
either automatically or manually to reveal the content associated with each option.
The user interaction area for the actigraphy web interface has three items: File
Upload (shown), Graph Type (hidden), and Graph Parameters (hidden). Figure 8
shows a snapshot of the application after the user has clicked on the “Browse”
button: A file browser window pops up and prompts the user to select one or many
actigraphy data files for uploading. The second file upload field is optional, and it
is for uploading the PHQ-9 scores in case the user wants to do cluster visualization.
After the selection of files is done, the “Upload” button becomes active, and the
user can click on it to submit his/her request.

In order to keep the interface clean and clear, we decided to make it adaptive. In
other words, the interface presents the “next” steps based on the user’s input. For
example, if the user uploads only one data file, this means that he/she is planning to
do visualizations for only one patient. Thus, the plots for one patient visualization
will show up as options. On the other hand, if more than one file is uploaded, the
system will automatically detect that the user is planning to do cluster analysis,
and thus, multivariate visualization options will show up.

The transmission between the three steps of user interaction is smooth and
automatic. When the system finishes uploading the files to the server, the “Graph
Type” area of the accordion GUI control (Figure 9) slides up in an animated way and
hides the “File Upload” area. This ensures that the user knows that the uploading
is done, and in addition to that, he/she will be notified how many files have been
uploaded at the title of the “File Upload” section. This kind of feedback is important
to keep the users updated and active.
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Figure 8: Actigraphy Web Application: Browsing for Data Files.

Figure 9: Actigraphy Web Application: Selecting a Graph Type.

In this example, the user has uploaded one file. The visualization options given
to the user are for examining a single patient’s behavior and not for cluster analysis.
When the user selects a graph type, the “Graph Parameter” area of the accordion
GUI control slides up and hides the “Graph Type” area, and the system shows a
feedback message to the user about the type of visualization selected.

The third and last step before rendering and showing the graph to the user is
to get some graph parameters. Currently, the parameters include the title of the
plot and the range for the data. These parameters are optional, and if the user
decides not to enter them, then the default parameters are used. When the user
has submitted all parameters and is waiting for the graph to show up, a progress
bar is shown beside the “Plot” button to provide feedback to the user while the
server is doing the computations.

When the server is done with the computations, the progress bar disappears,
and the selected graph for the uploaded data appears on the graph display area of
the web interface (Figure 10). If the user double-clicks on the graph, a new window
will pop up showing only that graph. Users also have the option of downloading
the graph to their local hard drive.

Because of the technologies used for this web application, the user does not
have to start from the beginning if he/she decides to obtain a di↵erent plot for the
uploaded data. The user can click on the “Graph Type” accordion GUI control
area, and change the choice, and then the system will automatically take him/her
through the necessary steps to produce the selected graph. This kind of interaction
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Figure 10: Actigraphy Web Application: Showing the Visualization.

makes the web application dynamic and adaptive, and at the same time e�cient
and easy to use because the user does not have to reload the whole application to
change the graph type or even one parameter in the chosen graph.

6. Summary and Conclusions

In this article, we presented visualization techniques for exploring functional actigra-
phy data. In particular, we looked into ways to visualize the activity of patients who
might be su↵ering from depression, and noticed how their activity levels varied from
one day to another within one patient as well as among di↵erent patients during
di↵erent days. These visualization techniques were implemented in R following the
object-oriented paradigm in order to facilitate the process of updating and reusing
the developed computer code in the future. We also bundled our techniques into an
“open source” R package which will be available on the CRAN website sometime
soon. Finally, and to make our system accessible by a wide variety of audiences, we
developed a web application with a graphical user interface that deploys all of our
techniques.

One of the limitations that we faced in producing our multivariate plots (density,
envelope, and multivariate time series plots) is the speed in processing the necessary
computations. This speed would be even slower when the computations were done
via the web application because it involves an extra step of transferring the data
over the network. We have data for 55 patients, and on average each patient has
12 days of data. The data collection was done every minute, so in total our dataset
has almost 1 million observations (55 patients ⇥ 12 days ⇥ 1440 minutes). The
process of data clustering takes even more time when we look at a representative
sample of 750 patients as planned for the full study in Ding et al. (2011).

Visualizing functional actigraphy data gives us an insight of how activity lev-
els of patients vary. The natural step that comes after visualization is analyzing
these data, and one of our future goals is to quantitatively investigate the source
of variation. For this purpose, we already started looking at FDA techniques, and
in particular at Functional Principle Component Analysis (FPCA) of actigraphy
data (Ding et al., 2011). This work was conducted in collaboration with researchers
at the Washington University in St. Louis Sleep Center, who also created an R
package called Actigraphy (Shannon et al., 2012) for this purpose. The techniques
presented in this article could be adapted to visualize any kind of functional data,
and not just actigraphy data.
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