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Five-Stage Model of Personal Informatics

PREPARATION | COLLECTION | INTEGRATION : REFLECTION . ACTION

Li I., Dey A., Forlizzi J. CHI 2010.
“A Stage-Based Model of Personal Informatics Systems”




Five-Stage Model of Personal Informatics

» 20 years old

* Has a family history
of heart disease

Alice * Wants to be more
active

* Does not know how,
because she is busy

Li I., Dey A., Forlizzi J. CHI 2010.

“A Stage-Based Model of Personal Informatics Systems”
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Integration

M T W H F Sa Su M T

Li I., Dey A., Forlizzi J. CHI 2010.

“A Stage-Based Model of Personal Informatics Systems”




Reflection

. Active

Inactive Inactive

Li I., Dey A., Forlizzi J. CHI 2010.

“A Stage-Based Model of Personal Informatics Systems”



Walk in park

instead of
B . watching TV

«

Li I., Dey A., Forlizzi J. CHI 2010.

“A Stage-Based Model of Personal Informatics Systems”



Five-Stage Model of Personal Informatics

PREPARATION | COLLECTION | INTEGRATION : REFLECTION . ACTION
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There are many

assumptions in this model.




Assumption #1
Action is the goal.




Goals

1. Get actionable insights

Epstein DA, Ping A, Fogarty J, Munson SA. UbiComp 2015.
A Lived Informatics Model of Personal Informatics.

Rooksby J, Rost M, Morrison A, Chalmers MC. CHI 2014.
Personal tracking as Lived Informatics
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2. Satisty curiosity (@
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Goals

1. Get actionable insights
2. Satisty curiosity

3. Have a record
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Goals

1. Get actionable insights
2. Satisty curiosity

3. Have a record
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6. Fetishized Tracking
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1. Get actionable insights
2. Satisty curiosity

3. Have a recorad

4. Participate socially
5. Collecting rewards
6. Fetishized Tracking

Need to design for varied goals.




Assumption #2
People will use personal

informatics tools indefinitely.




Self-tracking tools have
high rates of abandonment

Se\eCting .
and lapsing.
o collectiop,
S
:8 R Tracking
'S & - & s % of people abandon wearable
) % A F trackers with 6-months, %2 within a year.
%60 \0‘09
Lapsing



Common reasons people lapse

selecting 1. Tracking is high burden -
for collecting the data, for
being confronted by one'’s

collectiop,

S fracing data, or just having the data
-'8,. Acting -5”:
oy S 2. They meet their goals or
satisfy their curiosity
S 3. They don't get the benefits

" they wanted



Need to design for lapsing and
restarting. This includes switching
tools without losing data.




Need to design for lapsing and
restarting. This includes switching
tools without losing data.

Not all abandonment
or lapses are bad!




Assumption #3

Self monitoring and self regulation,

maybe with a little social pressure, are
enough to support behavior change.
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Epstein DA, Ping A, Fogarty J, Munson SA. UbiComp 2015.
A Lived Informatics Model of Personal Informatics.

Epstein DA, Ping A, Caraway M, Johnston C, Fogarty J, Munson SA. CHI 2016.
Beyond Abandonment to Next Steps:
Understanding and Designing for Life after Personal Informatics Tool Use.
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A A What do Behavior Change

- -~ Seeking Trackers Want?

o

" ' They want to use lifelogs to:
ncrease awareness of activity
ncrease their motivation

-y ~ind patterns in their behavior
dentify opportunities for change

Epstein D.A., Cordeiro F, Bales E., Fogarty J., Munson S.A. DIS 2014.

“Taming Data Complexity in Lifelogs: Exploring Visual Cuts of Personal Informatics Data”




What do Behavior Change
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Where do | eat?

How can | walk more?
How do | travel?
What do my inactive days look like?
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What do Behavior Change
Seeking Trackers Want?

They want to use litelogs to:

ncrease awareness of activity
ncrease their motivation

~ind patterns in their behavior
dentify opportunities for change

Where do | eat?

How can | walk more?
How do | travel?
What do my inactive days look like?

Aggregation, but also
reduction and focus.

Epstein D.A., Cordeiro F, Bales E., Fogarty J., Munson S.A. DIS 2014.

“Taming Data Complexity in Lifelogs: Exploring Visual Cuts of Personal Informatics Data”



Iselecting data: cuts

» A subset of data with a common feature:
* Temporal cuts
* Visit a particular type of location
* Follow a transit pattern

* To enable people to query their data to
identity opportunities for change or successes
to repeat.

Epstein D.A., Cordeiro F, Bales E., Fogarty J., Munson S.A. DIS 2014.

“Taming Data Complexity in Lifelogs: Exploring Visual Cuts of Personal Informatics Data”
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“Taming Data Complexity in Lifelogs: Exploring Visual Cuts of Personal Informatics Data”



/I\/Iaybe on average on Tuesdays | don’t\
cycle much. Maybe there was a day that
| did. To be able to think about why
that was so | could maybe think about
Khow to change what | was doing.

/If | notice that I'm most active on
Tuesdays, then obviously there's
- something about Tuesdays that |
should start doing on other
days. That's actionable data y

~

Epstein D.A., Cordeiro F, Bales E., Fogarty J., Munson S.A. DIS 2014.

“Taming Data Complexity in Lifelogs: Exploring Visual Cuts of Personal Informatics Data”



People can find cuts valuable ).

even after they quit using the tool. = *
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You walked an average of You walked an average of 321
5,055 steps on Sundays. steps per day during November.
What prevents you from Would you consider starting to use
walking more? your Fitbit again?




Present data with reduction and

focus, but allow exploration.







Irritable Bowel Syndrome (IBS)

Characterized by episodic
gastrointestinal symptoms.

Affects up to 20% of the US population.

Potential individualized triggers:
* certain nutrients

e eating behaviors

* stress

* sleep disturbances

* menstruation




CALENDAR Severe Symptoms
||
Missing Work
| W L Needs Help




unsure what to do

Consults Brother
Had Similar Symptoms
Shares his Triggers

Stress & Exercise

D
L

Preparation Mollectlon Integration Reflection




cewae | tracks stress
& physical activity

| L Buys a Fithess Band
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: Tracks Mood

= ¢% Tracks Physical Activity

Collection Integration Reflection




,\ (tries to) make

D sense of the data
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Lots of Data
Mood Over Time

Activity Over Time

But No Understanding

Collection Integration Reflection




maybe her doctor
can help?

Did not Track Symptoms
Did not Track Food

Elimination Diet
Difficult to Follow
Difficult to Interpret
_engthy Process
Possibly Inconclusive

Preparation B Collection Integration Reflection

N>




current standard of care
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recasting self-tracking

 Hypothesis formation based on journals

 Rethinking trigger detection to rigorously test
nypotheses while reducing patient and
orovider burden.

Track food Formulate Test Interpret
& symptoms Hypotheses Hypothesis Results




recasting self-tracking

« Hypothesis formation based on journals

 Rethinking trigger detection to rigorously test
hypotheses while reducing patient and
provider burden

J. Schroeder, J Hoffswell, CF Chung, J Fogarty, SA Munson, J Zia. CSCW 2017.

Supporting Patient-Provider Collaboration to Identify Individual Triggers using Food and Symptom Journals.




new analysis tools

BEFORE YOUR NEXT MEAL/SNACK
& BEFORE BEDTIME:

Circle the number that best describes how
severe each symptom was since you last ate
or drank anything:

Did it last.
> 1 hour?

AbdominalPain 0 1 3 3 Y/N
Bloating 0 1 23 3 Y/N
Constipation 0O 1 2 3 Y/N
Diarrhea 0 1 3 3 Y/N

Circle the number that best describes how
severe your stress level was since you last
ate or drank anything:

Stress 0o 1 23 3

SYMPTOM KEY:
0 =not present,
1=mild

2 = moderate

3 = severe

DATE/TIME:

Food Item

Brand Name
or Type

Fat or
Salt

Portion

Time of Logged Symptoms
V 7/18/14 12:23PM
frozen strawberries (1 cup)
ice cream (0.25 cups)
V 7/18/14 1:30PM
cheese pizza (3 slices)
V 7/18/14 5:00PM
roasted cashews (0.5 cup)
milk chocolate (0.25 bar)
V 7/18/14 10:30PM
baked potato (1 potato)
shredded cheese (0.25 cups)
ketchup (1 tbs)
V 7/19/14 12:23PM
donut (1)

Lactose (g)
4.62
0.00
4.62
3.63
3.63
2.53
0.00
2.53
1.30
0.00
1.30
0.00
0.02
0.02

Total Dietary Fiber (g)
0.03
0.02
0.01
0.50
0.50
3.31
2.02
1.33
717
6.77
0.10
0.30
13.16
13.16



visualizing results

Starch

Severity _é‘1 00 5 - Bloating Starch (g) Lactose (g) Soluble Dietary Fiber (g)
Severe o g Severe - . 43
8 90
= 100
& 80
)
£
S 70
Moderate ; 80
S 60+ Moderate -
@
o
604
Mild
40
Mild =
None o0 —
() o0 =20
/‘¢
Low Medium High Low Medium High None =N

Amount of Starch (g)



visualizing results: bubble and bar chart

Symptoms Abdominal Pain Bloating Constipation Diarrhea O 0

Nutrient Correlated Nutrients Starch
Calories + Severity >100
Severe ® ®
Starch (g) Total Carbohydrate (g) + 5 %0-
Sodium (mg) + £ g0
[
Moderate Z 704
8 60
&
Mild
None @09 ... P
R S
Low Medium High " Low Medium High

Amount of Starch (g)



visualizing results: bubble and bar chart

-- Non-Significant Nutrients -- o o

Nutrient

Starch (g)

Symptoms Abdominal Pain

Starch (g

Correlated Nutrients

Calories +
Total Carbohydrate (g) +
Sodium (mg) +

Bloating

Constipation

Starch
Severity
Severe ®
Moderate
Mild
None ©0O ... Yy
...... ...0 o0

Percent with each Severity

Diarrhea

oW e J ow Medium Hig
Amount of Starch (g)




visualizing results: bubble and bar chart

Symptoms Abdominal Pain Bloating Constipation Diarrhea O 0
Starch (§
Nutrient Correlated Nutrients Starch
Calories + o 2100
Starch (g) Total Carbohydrate (g) + § 90
Sodium (mg) + § 8o
o
£ 70
8 60
&
o0
000 o0
®
o ®
Medium High Low Medium High

Amount of Starch (g)



visualizing results: bubble and bar chart

Symptoms Abdominal Pain Bloating Constipation Diarrhea O 0
Starch (
Nutrient Correlated Nutrients
Calories +
Starch (g) Total Carbohydrate (g) +

Sodium (mg) +

High Low Medium High

Amount of Starch (g)



visualizing results: bubble and bar chart

Symptoms Abdominal Pain Bloating Constipation Diarrhea O 0
Starch (g
Nutrient Correlated Nutrients Starch
Calories + Severity
Severe ®
Starch (g) Total Carbohydrate (g) +
Sodium (mg) +
Moderate
Mild
None @09 ... Yy
coe ’0:0 oo
Low Medium High

Low Medium High

Amount of Starch (g)




visualizing results: bubble and bar chart

Summary Symptoms Abdominal Pain Bloating Constipation Diarrhea e “
Starch (g)
Nutrient Correlated Nutrients Starch
Calories + Severity 2100
Severe @ ]
Starch (g) Total Carbohydrate (g) + 53 90
Sodium (mg) + € g0
-
Moderate . 707
8 60
¢
Mild
None
Low Medium High Low Medium High
Amount of Starch (g)

Time of Logged Symptoms
V¥ 10/24/14 9:00PM
mandarin slices (3 section)

amy's mexican casserole bowl (1 package)
cheddar cheese (3 0z)
rosemary wafer thins (15 g)




visualizing results: parallel coordinates plot
Summary » Symptoms » Abdominal Pain » Bloating v Constipation » Diarrhea » o °

Bloating Starch (g) Lactose (g) Soluble Dietary Fiber (g)

Severe = - 43

Moderate =

Mild =

None ~ 0 0
Time of Logged Symptoms Starch (g) Lactose (g) Soluble Dietary Fiber (g)
V 10/17/14 4:00PM 0.01 0.00 0.33

strawberries (0.125 cp) 0.01 0.00 0.10

raspberries (0.125 cp) 0.00 0.00 0.12

blueberries (0.125 cp) 0.01 0.00 0.04

blackberries (0.125 cp) 0.00 0.00 0.08

20.70 0.17 0.99
0.00 0.00 0.19

10.60 1.53 1.28



visualizing results: parallel coordinates plot

Summary » Symptoms » Abdominal Pain » Bloating v Constipation » Diarrhea » 0 “
Bloating Starch (g) Lactose (g) Soluble Dietary Fiber (g)
Severe = -

Moderate =

Mild =

None = _
Time of Logged Symptoms Starch (g) Lactose (g) Soluble Dietary Fiber (g)
V 10/17/14 4:00PM 0.01 0.00 0.33
strawberries (0.125 cp) 0.01 0.00 0.10
raspberries (0.125 cp) 0.00 0.00 0.12
blueberries (0.125 cp) 0.01 0.00 0.04
blackberries (0.125 cp) 0.00 0.00 0.08
20.70 0.17 0.99
0.00 0.00 0.19

10.60 1.53 1.28



visualizing results: parallel coordinates plot

Summary » Symptoms » Abdominal Pain » Bloating v Constipation » Diarrhea » e o
Bloating Starch (g) Lactose (g) Soluble Dietary Fiber (g)
Severe = - 7 43
100
3.5
124
80 3
Moderate 104
2.5
60 8-
2 -

Time of Logged Symptoms Starch (g) Lactose (g) Soluble Dietary Fiber (g)
V 10/17/14 4:00PM 0.01 0.00 0.33
strawberries (0.125 cp) 0.01 0.00 0.10
raspberries (0.125 cp) 0.00 0.00 0.12
blueberries (0.125 cp) 0.01 0.00 0.04
blackberries (0.125 cp) 0.00 0.00 0.08
20.70 0.17 0.99
0.00 0.00 0.19
10.60 1.53 1.28




visualizations facilitated collaboration

* Greatly preferred over analyzing
paper diaries; reduced burden of
synthesis.

* At |least initially, patients and
providers had concerns about data
and results, but these were generally
resolved through collaboration.

» Very different preferences for how to
use these tools.



recasting self-tracking

» Hypothesis formation based on journals

* Rethinking trigger detection to rigorously test
nypotheses while reducing patient and
orovider burden.

Track food Formulate Test Interpret

& symptoms Hypotheses Hypothesis Results

J. Schroeder, J Hoffswell, CF Chung, J Fogarty, SA Munson, J Zia. CSCW 2017.
Supporting Patient-Provider Collaboration to Identify Individual Triggers using Food and Symptom Journals.




recasting self-tracking

» Hypothesis formation based on journals

* Rethinking trigger detection to rigorously test
nypotheses while reducing patient and
orovider burden.

Track food Formulate Test Interpret

& symptoms Hypotheses Hypothesis Results

R Karkar, J Zia, R Vilardaga, SR Mishra, J Fogarty, SA Munson, JA Kientz. JAMIA 2016.
A framework for self-experimentation in personalized health.




a new process for Jane

CALENDAR Severe Symptoms
| |

Z—\\ -
& \\g\\;\E\\ Missing Work
N\

)N T
& Needs Help




Jane’s personal hypotheses

Lactose  Caffeine — Stress Possible Triggers
S,
=
~\ ¢ Y Lactose
Nbo N2 Caffeine
V-
\ v 0 0 Stress

Confounding Effect

Collection Integration Reflection



designing a self-experiment




designing a self-experiment

eee00 T-Mobile Wi-Fi & 10:12 PM 9 % 59% W )

Current Trial

This setup guide will walk you through the steps to create
your self trial. A self trial helps you decide whether certain
food affects your symptoms.

During the trial, you will be asked to eat your trial food on
some mornings and to avoid that food on other mornings.

We will help you track your progress and symptom levels
by sending you daily reminders.

Set Up A New Trial

e & O

Current Trial Trial Results FAQs Settings

Collection Integration Reflection




designing a self-experiment

14 Trial Setup (1 of 4) ¢ Trial Setup (2 of 4)
1. Choose Symptoms 2. Choose a Possible Cause
Which possible trigger do you want
What symptoms do you want to test ?
to test?
Eating Large Meals >
@Abdominal Pain O
@ Eating Lactose / Dairy >
@ Bloating or Gas
(O Drinking Caffeine >
(J Constipation
(O Eating Gluten >
(J Diarrhea
(O Eating Fructose >
L Bowel Urgency O Eating Artificial Sweeteners N
(Sorbitol)
Add t
+ symprom g (O Eating High Fat >
CONTINUE >
CONTINUE >
& bl i ° & Wi &
Current Trial My Trials FAQs Settings Current TrialF My Trials AQsS ettings

Collection Integration Reflection Action



conducting the

DAY 2/8

|f ° TU w TH F S SuU M TU
se -experlment EAE BN R
LACTOSE
Step 2 of 4

At its worse, how much has your

symptom impacted your day since
CALENDAR {"k you last ate?
|/ \XAVIXIVIX

Bloating/Gas Severity

Not at all
@M'dy

@® Moderately

® Severely

® Extremely

)

Collection Integration Reflection




interpreting
results

Eating Caffeine Study Findings
May 27th — June 3rd

Abdominal Pain

CALENDAR Based on the study, there is a no evidence

T — —r ; that your abdominal pain decreases when
‘J\X\J\J X ‘[M A X you don't eat caffeine (p=0.762).

i CALENDAR /,m Abdominal Pin Severit
P WA MAAN v

4 L]
C
s 3 H
o >
T T
g o
°0 T HE
SRK%)
o
o
< 1
0
No Caffeine Caffeine

Condition

B Each square represents one day

DAILY VIEW

Collection Integration Reflection § i:
PINg

Days without Caffeine was 1.5

sl

Past Studies



actionable answers




oreliminary evaluation (15 person field study)

* High completion rate, low reported burden

* People found results valuable:
» Valued design of controlled experiment

* Relied on visual analysis much more than
statistical analysis

» Rigor: participants were willing to accept and act
on less than scientific standards, to better fit study

into their lives.

Formulate Test Interpret

Hypotheses Hypothesis Results




recasting self-tracking

 Hypothesis formation based on journals

Rethinking trigger detection to rigorously test
nypotheses while reducing patient and
orovider burden.

Track food Formulate Test Interpret
& symptoms Hypotheses Hypothesis Results




Provide people with scaffolding,
reduction, and focus in the process,
not just the output.




Assumption #4
More data are better










A wealth of information creates a poverty of
attention, and a need to allocate that attention
efficiently among the overabundance of
information sources that might consume it.

- Herbert Simon



Unanalyzed data are

worse than no data.
- Margaret Mead




DATA FETISH
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_ Food Journa|5 can he|p

= people eat healthier and

12100 1077 285 792 418 +une their diet.

Breakfast 500 cal

Strawberries - Raw 49
1 Scrambled Egg White 17
Honey 304
Nonfat Greek Strained Yogurt 120

Lunch 577 cal M

Cilantro Lime Vinaigrette Dressing 180
Beans - Black, cooked, boiled, with salt
100°o A;:)ple.Juice 120

Guacamole Medium

n';f‘




Diary
_ Food Journa|s can he|p

e people eat healthier and

1210 1077 285 792 415+ e their diet.

Breakfast 500 cal

Strawberries - Raw 49
b u t e o0

o 7 e they are high-burden

Honey w * they can feel judgy

Nonfat Greek Stained Yogur « * they can nudge people
to eat things that are

Cilantro Lime Vinaigrette Dressing 180 easler tO | O g .

Beans - Black, cooked, boiled, with salt

100% Apple Juice

num:nv MmL

Guacamole Medium

E /




flickr: Timothy Vollmer




Diary
TODAY

1,210 1,077 285

Breakfast

Strawberries - Raw

1 Scrambled Eqgg White

Lunch

Cilantro Lime Vinaigrette Dressing
Beans - Black, cooked. boiled, with salt
100% Apple Juice

Guacamole Medium

flickr: Timothy Vollmer
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ristory traditional food journals,
without many of the
"negative nudges.”

Week of Monday, July 21, 2014

Photo-based
food journals




A Trade-Off Between Effort and Utility

Easy

Difficult

Low High
Utility Utility

acknowledgement: Julie Kientz & James Fogarty



A More Realistic Notion of Where We Are

Easy

Difficult

Low High
Utility Utility

acknowledgement: Julie Kientz & James Fogarty



A More Realistic Notion of Where We Are

Easy

———

Difficult

Low High
Utility Utility

acknowledgement: Julie Kientz & James Fogarty



A More Realistic Notion of Where We Are

Easy

Difficult

Low High
Utility Utility

acknowledgement: Julie Kientz & James Fogarty



We should be pushing on the whole curve

Fasy /v
/

"

—

Difficult

Low High
Utility Utility

acknowledgement: Julie Kientz & James Fogarty



We should be pushing on the whole curve

Easy

Difficult

Low High
Utility Utility

acknowledgement: Julie Kientz & James Fogarty



eeecs T-Mobile &  2:39 PM 7 % 100% . e0000 T-Mobile & 3:51 PM 1 % 100% I 4

History History

Week of Monday, July 21, 2014 Thursday Eat something that is good
b July 24 for your eyes.

Wednesday Eat something containing
July 23 no carbs.

Tuesday  Eat something cooked in a
JUIy 22 healthy oil.

Monday  Eat something that is good
July 21 for your immune system.

Sunday  Eat something high in
JUIy 20 vitamin D.

Saturday Eat something that
JuIy 19 ::;ntams monounsaturated




Four Versions

Social features No social features

Nutrition challenges

Non-nutrition challenges




Nutrition challenges

Nutritionally prescriptive, serious, conventional

O

« Eat something high in fiber

» Eat something with at least 20
grams of protein

» Eat something that is good for
your eyes



Non-nutrition challenges
fun, curiosity inspiring, random, varied

» Eat something that is yellow

» Eat something that an elephant
would eat

* Eat something that reminds you
of your high school years



shared her photo.
- Food4 Thought

Social features

Todays Challenge: Eat something that starts with the letter 'A'.

Like - Comment

&) and like this.  Seen by 21
Nice! | was getting bored of the apples (:3) I'm trying to
think of something else A-related for my post!
- Like

Haha, we (including myself) have all been quite creative with our
apple submissions.

- Like



o Nutrition challenges
« Higher engagement

* More judgy

ﬂ Non-nutrition challenges

« Greater gains in food mindfulness

« Challenges and activity felt more arbitrary

n Social features

* Completed more challenges

* Less likely to use the app to record other foods



8 _ . Nutrition
Qg B Non-nutrition
Q. .

-
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O 6 -

n
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o

e
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Social Non-social



“Minimum viable data” and
opportunity to design for

experiences, not just data.




Assumption #5

Self-tracking.










- Medical Team

Individuals

Peers &
support networks



People (try to) enlist peers,
family, friends, & experts for help.

Families track together.




COLLECTION

PREPARATION
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1. Need to better understand tool
selection and how people set up
their tracking.

Collectiop,

Tracking
&

<
S, Acting 0
S &
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©p R
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collectiop,
«\ng Tracking
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70; Acting S
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Lapsing

Need to better understand tool
selection and how people set up
their tracking.

People have varied goals, with
varied use patterns



DeCiding

Se\eCting

collectiop,

\ng
e"«\

Q_G
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Lapsing

Tracking

&
Acting

9(,'0 o

S
\0‘09

Need to better understand tool
selection and how people set up
their tracking.

People have varied goals, with
varied use patterns

Need to design for lapses and
abandonment, not all of which

are bad.



Easy

selecting
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c
;5 \)«\'\ng Tracking
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Lapsing Difficult

(

/

>

Low

Utility

High
Utility



1. Need to better understand tool
selection and how people set up
their tracking.

2. People have varied goals, with

Selecting varied use patterns
Collection 3. Need to design for lapses and
R Tracking abandonment, not all of which
B : <
%  Acing f" are bad.
()"6,, <@

4. Tracking can be high burden.
Lapsing Need to design for reduction

— and focus.



5e|eCtl ng
o collectiop,
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Lapsing

Need to better understand tool
selection and how people set up
their tracking.

People have varied goals, with
varied use patterns

Need to design for lapses and
abandonment, not all of which

are bad.

Tracking can be high burden.
Need to design for reduction
and focus.

It's about experiences, not just
data.
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Lapsing

Need to better understand tool
selection and how people set up
their tracking.

People have varied goals, with
varied use patterns

Need to design for lapses and
abandonment, not all of which

are bad.

Tracking can be high burden.
Need to design for reduction
and focus.

It's about experiences, not just
data.



5e|eCtl ng
o collectiop,
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Need to better understand tool
selection and how people set up
their tracking.

People have varied goals, with
varied use patterns

Need to design for lapses and
abandonment, not all of which

are bad.

Tracking can be high burden.
Need to design for reduction
and focus.

It's about experiences, not just
data.

Self-tracking rarely is.



Designing to Help People Find
Insights & Experiences in Personal Data

Sean Munson - smunson.com - @smunson

AHRQ#1R21HS023654

NSF# OAI-1028195, 11S-1344613, 11IS-1553167

University of Washington Innovation Award

Intel Science and Technology Center for Pervasive Computing
Robert Wood Johnson Foundation

DESIGN
HUMAN CENTERED DESIGN & ENGINEERING ' —<$1{ USE
UNIVERSITY of WASHINGTON BUILD
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Designing to Help People Find
Insights & Experiences in Personal Data

Sean Munson - smunson.com - @smunson

Many collaborators, but especiaIIyVhD students who lead the projects:

I » Ikl

Daniel Christina Elena Jessica Ravi Jane Ruben
Epstein Chung Agapie Schroeder  Karkar Hoffswell  Gouveia

DESIGN
HUMAN CENTERED DESIGN & ENGINEERING — ' —<$1{ USE
d
UNIVERSITY of WASHINGTON BUILD
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Lapsing

UNIVERSITY of WASHINGTON

HUMAN CENTERED DESIGN & ENGINEERING

Need to better understand tool
selection and how people set up their
tracking.

People have varied goals, with varied
use patterns

Need to design for lapses and
abandonment, not all of which are bad.

Tracking can be high burden. Need to
design for reduction and focus.

It's about experiences, not just data.

Self-tracking rarely is.
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