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Abstract. In this paper we discuss how to facilitate the process of reflec-
tion in Personal Informatics and Quantified Self systems through inter-
active data visualizations. Four heuristics for the design and evaluation
of such systems have been identified through analysis of self-tracking de-
vices and apps. Dashboard interface paradigms in specific self-tracking
devices (Fitbit and Basis) are discussed as representative examples of
state of the art in feedback and reflection support. By relating to exist-
ing work in other domains, such as event related representation of time
series multivariate data in financial analytics, it is discussed how the
heuristics could guide designs that would further facilitate reflection in
self-tracking personal informatics systems.
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1 Introduction

In recent years self-tracking and lifelogging have received increased interest with
the introduction of a wide variety of low-cost mobile apps, wearable computers,
and sensors. These devices allow easy collection of data that can describe var-
ious aspects of human behavior. However, making sense of the ever increasing
amounts of everyday self-tracking data retrieved across multiple domains create
new demands for turning data points and trends into affordances for action. The
reflection stage is a fundamental component in modeling and using Personal In-
formatics (PI) systems [18,8,16] to facilitate an understanding of self-tracking
data reflecting daily habitual patterns and to make such data actionable for
behavioral change [9]. Different solutions have been suggested to facilitate self-
reflection, including the usage of charts [18,20,21,6], avatars [22,12,14], notifica-
tions [1], narrative [23] and abstract art [7,10]. Although these solutions may
facilitate increased awareness due to the fact that behavioural aspects are being
observed, the process of turning observations and insights into actions remains
a challenge. Even a recent review of activity trackers in The New York Times1

1 http://www.nytimes.com/2014/01/30/technology/personaltech/

review-the-fitbit-force-activity-tracker.html Last accessed Jan 29, 2014.
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emphasized that while self-tracking devices enable the user to collect behavioral
data, they fall short of assisting the user in learning how to change habits.

One element of personal informatics is the iterative process with self-reflection
questions phrased by a user and feedback provided by a self-tracking system to
answer those questions. However, we suggest that state-of-the art systems offer
fairly limited flexibility in terms of the types of questions that can be phrased,
and the possible feedback that can be provided. In a broader perspective, the self-
tracking data obtained might be characterized as quantitative time series data
which combines behavioral data with associated discrete events. Similar to how
financial analytics like those provided by Bloomberg might combine a vertical
flow of business related earning reports or corporate news updates, with distinct
time stamped markers, outlined horizontally within the continuous timeline fluc-
tuations of stock values. Thus hierarchically adding layers of relevant information
embedded both within the chart and in adjacent panels linked to external events,
that may facilitate interpretation or be a direct cause of rising or falling trends
visualized in the data [26]. The emphasis of integrating distinct interpretable
events in continuous flows of quantitative data within financial analytics reflects
a need for these interfaces to provide a foundation for taking concrete action
related to aspects of optimizing profits or avoiding a loss. We suggest that these
advances within financial analytics software for interpretation of complex data
may both provide underlying design patterns for long term comparison of trends
in multivariate flows, as well as defining thresholds which could likewise turn
quantified self generated data into actionable parameters for optimizing lifestyle
in personal informatics systems.

2 Related Work

Several frameworks have been proposed to formalize the reflection process in
personal informatics. Li et al. [19] identify six kinds of questions for reflection:
Status (what is my situation now?), History (what was my situation in the
past?), Goals (what future status should I aim for?), Discrepancies (how does
my status compare with my goals?), Context (what affects my status?), Factors
(how are different attributes related?). Moreover, two alternating phases are de-
fined: Maintenance (known relation between status and behavior) and Discov-
ery (not known goals or effect of behavior). Fleck et al. [8] define a multi-layer
reflection framework: Description, Reflective Description, Dialogic Reflection,
Transformative Reflection, Critical Reflection. Each layer builds on top of the
previous, and corresponds to a deeper understanding of personal data. Guide-
lines for facilitating reflection are proposed, including supporting questions and
providing multiple perspectives on the data. Rivera et al. [24] apply Boud’s
reflective learning framework to personal informatics, and identifies two levels
of reflection: Triggering (active notification or passive feedback) and Recalling
(aggregating, contextualizing, visualizing).

Several feedback schemes have been suggested including avatar-based feed-
back that employs a virtual object to represent a judgment on behavior. These
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solutions exploit participants’ empathy with the virtual avatars to persuade them
in adopting positive behavioral changes. For example, Fish’n’Steps [22] provides
feedback about daily step count as a virtual fish, Ubigreen [12] using virtual trees
and polar bears to provide feedback on green transportation habits, and UbiFit
Garden [5] represents fitness activity as a virtual garden. Spark [7] visualizes
physical activity as abstract art through an ambient display, whereas Lifestyle
Stories [23] provides feedback about mobile sensing personal data in form of sto-
ries composed by events of various categories. Many commercial self-tracker sys-
tems employ a combination of traditional charts, maps and dashboards (see for
example Nike+2, Fitbit3, Basis4, Jawbone UP5, Mint6, DailyBurn7, Moves8).

3 Reflection as Data Analysis

We suggest to treat reflection as data analysis on personal information. What
are the crucial questions or answers that analytics should provide? In Bloomberg
financial analytics the ability to couple external events to timeline charts appears
crucial for interpreting the causality behind the data. One might in a more gen-
eral context consider online news media like The Wall Street Journal or Twitter
feeds an expanded version of this paradigm, providing not only the current mar-
ket data but also a highly curated selection of background material as well as live
updates on events, that would provide the necessary foundation for making in-
formed decisions. Even in admirably simple single sensor quantified self apps like
Fitbit, limited to measuring the number of steps taken during the day or week,
data might provide valuable insights into user behavior. But it would require
that annotations are added automatically with calendar events or smartphone
location data, thereby enriching the representation beyond the current ability of
manually attaching labels. We see a similar potential for advanced self-tracking
devices with multiple sensors like Basis, which likewise translates complex pat-
terns of behaviors into singular goal oriented habits to be fulfilled on a daily basis
at regular hours. Coupling calendar events for monitoring heart rate related to
specific physical tasks, indicating how this sensor data is correlated to differences
in sleep patterns, or influenced by levels of exercise across weeks, might provide
additional value.

A user may want to retrieve specific information from his own dataset (cur-
rent status, progress), or explore it for finding interesting patterns. In order to
facilitate this analysis, we propose to use data visualization, that is the repre-
sentation of data using position, size, shape, color, and text [3]. Visualization
facilitates analysis by exploiting the human visual system, which is extremely

2 http://nikeplus.nike.com/plus/
3 http://www.fitbit.com/
4 http://www.mybasis.com/
5 http://jawbone.com/up
6 http://www.mint.com/
7 http://dailyburn.com/
8 http://www.moves-app.com/
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good at processing large quantities of information and spotting patterns. Visual-
ization is widely used in Exploratory Data Analysis [28], a statistical technique
for exploring datasets, in order to gain insights, obtain a better understanding,
spot patterns, trends, correlation, and outliers. In many cases, the data analyst
does not know in advance which specific question to ask, so he can explore the
data in order to find interesting patterns. This process is highly iterative, as once
a question has been posed, its answer often leads to more questions to be asked.
Similarly, in PI systems the user may not know which questions to ask, or may
not be interested in a specific question but in exploring his own data for curiosity.
Indeed, one of the barriers for reflection is not knowing which questions to ask
to personal data [18]. We can represent this iterative process as a cycle between
questions asked, and feedback provided. We define question space the set of all
possible questions, and feedback space the set of all visualizations. Each feedback
type can answer one or more questions, and each question can be answered by
one or more type. In data analysis, there are a number of common questions
that can be asked: distribution of values (mostly around a central value and
gradually less on the sides? Mostly for a value and very rapidly decaying? Multi-
ple peaks?), grouping and outliers (are there values much different than most of
the others? Are items clustered into groups?), correlation (what is the relation
between x and y? Is there a linear, quadratic, exponential, sinusoidal trend?), ge-
ographical (how are values related to locations? Are there locations with similar
values?), connectivity (are there items related together? Are there items which
are more tightly connected? Are there non-connected items?) We identify the
most relevant questions for the goal of self-reflection, and we summarize them
into heuristics.

4 Design Heuristics

In this section we introduce four design heuristics that can be applied as a guide-
line for creating and evaluating interactive visualizations of self-tracking data
with the aim to facilitate effective exploration of personal data and make such
data actionable for behavior change. Throughout the discussion of the heuristics
we relate to existing state of the art self-tracking systems using Fitbit and Basis
as examples of personal informatics systems with interactive visualizations. We
do not intend to criticize these two systems in particular, but rather consider
them as representative and illustrative examples of state of the art in personal
self-tracking systems. The scope of the discussion is limited to facilitating the
reflection process, while acknowledging that further discussion is needed in terms
of providing actionable items as well as other aspects of reflection in personal
informatics as mentioned in the Related Work Section.

4.1 Make Data Interpretable at a Glance

Often users want to obtain answers to a question with the minimal effort and
time. For this reason, data visualizations optimized for interpretation at a glance
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are needed, in order to provide a swift overview of personal tracking activities,
and to augment and support subjective recollection. Quantified self apps like Fit-
bit or Basis may aim to simplify visualization of complex patterns by transform-
ing the collected measurements into single activity dashboard dials or progress
bars reflecting goal oriented accomplishments. Figure 1 shows the personal dash-
board provided by Fitbit, which reduces the collected data to simple indications
of (daily) goal fulfillment (percentage) and an overview of daily activity levels.
Although it provides an overview of the level of goal fulfillment this division
of activities into separate silos makes it a challenge to interpret the data in a
larger context. In contrast financial analytics interfaces like those provided by
Bloomberg [26] may contain large amounts of data which is nevertheless made
interpretable based on established conventions for using dynamically changing
font colors to signify up- or downward moving prices, or positive negative out-
looks based on earning reports, which when collapsed form independent parallel
layers of color coded trend lines that remain surprisingly legible on top of con-
trasting neutral background screens.

Fig. 1. The Fitbit dashboard show daily goal fulfillment (percentage) and an overview
of daily activity

While data visualizations can be very useful they may be complex and difficult
to interpret and understand. The complexity of visualizations can range from
data-poor, informal infographics for the general audience to complex, rigorous
scientific visualization aimed at scholars. Several issues should be considered
when designing a visualization, including the technical and domain knowledge
of the users, the goals of reflection (exploring data, asking specific questions,
testing hypothesis), the time and effort expected from the user (a quick glance
or a long interaction?). We suggest to provide a simple visualization as the
starting point, and allow advanced users to dynamically increase the level of
complexity and details. The usage of explanatory elements, such as text, axes,
legends, annotations can greatly facilitate the comprehension. Visualizing data is
often compared to storytelling, especially in the fields of journalism and business
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reporting. Some authors prefer to present the data as raw as possible, with little
or no annotations and highlighting, in order to give the reader full freedom in the
interpretation of the facts behind the data. Others prefer to editorialize the data
to various degrees, by marking samples, comparing with other distributions,
providing comments. We argue that a certain editorialization is good for PI
system, as it can act as a persuasive force towards positive behavior. For instance
a fitness tracker system that encourages the user to be more active by visualizing
and forecasting the positive consequences.

4.2 Enable Exploration of Patterns in Time Series Data

There are two fundamental patterns to analyze: global trends (does the vari-
able increase, decrease or remain constant over a period of time?) and periodic
patterns (does the variable value change with a repeating pattern, for example
hourly, weekly or yearly?).

Although several self-tracking app interfaces emphasize simplified dashboard
representations of accumulated data which limits exploration, the recently added
Basis sleep monitoring goes far beyond the previous single modality heatmaps
by breaking down total sleep duration into the different phases of rapid eye
movement (REM) and deep sleep, thereby making it possible to translate these
periodic patterns into quantifiable aspects of mind and body refresh, see Figure 2.

Fig. 2. The Basis sleep visualization interface also break continuous sleep data into
discrete sleep phases including rapid eye movement (REM), light, and deep sleep

Time series analysis is a common task for self-trackers, which may be inter-
ested in observing changes over time, periodic patterns, rate of change, and time
left to reach goals. The most common representation for time series data is line
plots, which allow to easily see the overall change over time of a variable. Due
to the unavoidable noise, it is useful to add trend lines such a LOWESS [4]
or least squares. This enable the support of forecasting on future status if the
current behavior is kept or modified, thus a prediction of future values can be
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Fig. 3. Amount of money in a bank sav-
ing account, visualized as line plot with
LOWESS trend line

Fig. 4. Number of steps per day repre-
sented as a spiral heatmap, with colors
from white (low) to red (large)

visualized [15]. As an example Figure 3 shows the amount over time of money
in a bank saving account with a clear trend of increase among the individual
month-to-month fluctuations. When the duration of time periods is a factor,
timelines may be used to represent events in a linear layout to captures the
temporal sequence.

Line plots and linear timelines do not however facilitate the exploration of pe-
riodic patterns, which are characteristic of human behavior. A familiar metaphor
for displaying regular patterns is a calendar. A calendar heatmap represents each
day as a cell, and the variable value as the color shade of the cells. Cells can be
aligned for example by day of the week to allow to spot weekly patterns. Spi-
rals have been recently proposed [17] as another representation to facilitate the
exploration of periodic patterns in the quantified-self domain. A spiral heatmap
represents each time unit as an arc in the spiral, and variable value as the color
shade of the arcs. By choosing different periods, periodic patterns at various
time scale can emerge. Figure 4 show a step count value over time as calendar
as spiral heatmaps, with a color scale ranging from white (small count) to red
(large count).

4.3 Enable Discovery of Trends in Multiple Data Streams

Financial analytics may also offer inspiration in terms of comparison of key
performance indicators in multivariate data. As an example The Wall Street
Journal allows for extensive personalization when exploring moving averages
for smoothing fluctuating trends in time series data, high and low relative to
previous values, weighted blends of values and their variation over time, which
may be further customized based on choice of display graphics, adjustable time
frames or sensitivity of measures.

The Basis activity details visualization only allows the user limited possibili-
ties of exploring the relations between multiple time series data in an adjustable
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Fig. 5. The Basis Activity Details visualization allows the user to explore the relations
between multiple biometric time series data (heart rate, steps, calories, skin tempera-
ture, perspiration, and activities) in an adjustable time interval

time interval, as shown in Figure 5. Multivariate analysis is the process of ana-
lyzing multiple variables together, in order to find and understand their relation.
In the simplest case, two variables x and y are to be compared, and the following
relations can exist: direct correlation (y increases as x increases), inverse correla-
tion (y decreases as x increases), or no correlation. For example, fitness trackers
may be interested in how the weight loss is affected by exercise and food intake,
or productivity trackers may be interested in how coffee intake, sleep patterns,
and exercise affect productivity.

The relation between two variable can be visualized as a scatterplot, where
each variable is represented on one axis. Scatterplots allow to easily spot trends
and outliers. If more than two variables are to be compared, a scatterplot ma-
trix allows to inspect all possible combinations. A scatterplot matrix is a array
of n × n scatterplots, where the scatterplot Sij displays the relation between
variables Xi and Xj. Scatterplot matrices are a very powerful tool, but can also
be intimidating for users. A simpler version of multivariate visualization is the
Corrgram [11] which distinguishes positively and negatively correlation between
pairs of variables using color-coding. As a constructed example Figure 6 and 7
show the relation between coffee intake, hours at work, hours of sleep, and steps.
The coffee intake appears directly correlated with working hours, and inversely
correlated with sleep hours, and no correlation seem to be present with number
of steps.

Often users do not need to explore relations of variables between each others,
but they are interested in the change of multiple variables over time. A Stream-
graph [2] can be usedwhen it is important to show the contribution of each variable
to a total. Each variable generates a section of different height, and the resulting
areas are stacked to form a stream. Small multiples [27] allow to display multiple
facets of a dataset, often in comparison to time. Each variable is displayed sep-
arately in his own subview, and subviews are layed out side-by-side to facilitate
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Fig. 6. Scatterplot matrix: all pairs of 4
variables are plotted. The alignment of
the data points helps to identify direct,
inverse or no correlations.

Fig. 7. Corrgram: the correlation between
all pair of 4 variables is represented in a
color scale from blue (inverse correlation),
grey (no correlation) and red (direct cor-
relation)

Fig. 8. The composition of dietary intake
over time as a streamgraph

Fig. 9. Small multiples: the three vari-
ables of dietary intake are shown side-to-
side in separate sub-views

comparison. Figures 8 and 9 show the composition of dietary intake over time. The
small multiples enable multivariate comparison, and the streamgraph facilitates
the understanding of the total caloric intake.

4.4 Turn Key Metrics into Affordances for Action

The emphasis on interaction in data visualization [13] is reflected in a typical
analyst workflow including the generation of a data view, exploration of the re-
sult, adjustment of parameters or creation of a completely different visualization
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in order to further explore the data. This process may lead to new insights or
the identification of key metrics. As an example, financial portfolio management
often requires a specific action in response to events that cause values to get out
of bounds due to regulatory terms that trigger alarms for reevaluation. Likewise
in currency trading applications one may need to quickly buy or sell when prices
transcend previously set values indicating pain or gain thresholds. In a similar
fashion we suggest that the self-tracking workflow involves feedback provided by
a personal informatics system which may generate insights about personal data.
This may lead to phrasing new questions or directly imposing threshold values
that proactively trigger responses to be considered, based on general monitoring
of health issues known to be of general concern. This iterative process may be
one approach to identify key metrics that can be turned into affordances for
actions related to changing behavior.

With the complexity of multi channel self-tracking data sets it may have
limited utility to try to visualize all data at once. A user may want to slice
the data in various ways, such as by time or category. A user may also want to
select a specific set of elements that match a given criteria, such as points inside a
geographical region, or values between some thresholds. Filtering allows to focus
on a specific subset of the data. One of the recommended interaction pattern is
“Overview first, zoom and filter, then details-on-demand” [25]. Navigation may
be supported by allowing scroll and zoom views. When focusing on a subset of
the data, the context for the current details could hold valuable information to
understand behavior.

The long sequence of interactions with a visualization system, such as filtering,
zooming, transforming can be recorded in form of history. This log helps the
user remember the steps he took, navigate in his interaction sequence, undo
eventual mistakes and facilitate a trial-and-error exploration. Providing a visual
representation of this history (such a timeline or snapshots of the views) can
help the user to orient in his own workflow. In the process of reflection, the user
may want to document his findings, write down questions to be investigated,
add notes to self. To this end, a visualization can support annotation with text
and sketches.

These interaction techniques can be readily applied in data visualization in
personal systems in order to facilitate the reflection process. Imagine a fitness
tracking system, where the user is provided with an overview of his activities.
He filters the activity log to a specific part of the year. He views his activity
both as a timeline of step counter and as a breakdown of his caloric intake and
annotated activities.

5 Conclusions

In this paper we have discussed the support of reflection in state of the art
personal informatics systems arguing that it is limited in terms of making obser-
vations and insights obtained from interactive visualizations of self-tracking data
actionable. We have proposed four heuristic principles for the design and evalu-
ation of interactive data visualization feedback that could further facilitate the
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process of reflection in self-tracking personal informatics systems. Each design
heuristic has been discussed on the basis of an analysis of visualization feedback
available in state of the art personal informatics systems.
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