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Al Meets Design

Welcome

Welcome to the Al meets Design toolkit: a set of tools to help design with and for
machine intelligence. It is an invitation to designers and innovators everywhere to
get involved by leveraging the opportunities and navigating the challenges of Al to
create human-centered applications and meaningful user experiences.

What does this toolkit do?

This toolkit aims to build a bridge between the disciplines of design and the
disciplines of machine learning. It will help you to:

spot opportunities to leverage Al align user needs and guard

for user, business, and social human values within

value within your context algorithmic systems

adapt and apply the design communicate and collaborate
. thinking practice for Al concepts . with data scientists and ML

engineers



Who is it for?

Designers and innovators with a role in
shaping digital products and services.
Anyone looking to transform this raw
material into user, business, and social
value. Engineers can also refer to it to
promote adoption across disciplines.

Why a toolkit?

Based on interviews with >50 designers
from across the world, we learned that
while interest in Al is high, its high-tech
character and a lack of practical tools
keeps adoption low and design
iInnovation limited. Building on the
research findings, the goal is of this
toolkit is to integrate Al with the design
process, highlight its user-centric
considerations, and make it accessible to
all beyond the engineering field.

Why would | care?

Al is an important and inevitable
development of our time. While offering
huge potential, its implementation does
come with a complex set of challenges.
Our future is not determined and we can
all play a role in designing Al to help, not
harm, humanity at large.

How to use it?

As you see fit, really. It integrates with the
steps of the design thinking process. You
can go through the process end-to-end
to develop new ideas. If you already have
Al concepts to develop, or even on the
market, you simply take what's useful to
you. You can use it by yourself, within
your team and across departments, with
a client, or get us to facilitate it for you.



What’s in this toolkit?

This toolkit contains a set of tools including exercises, worksheets, and card decks
to assist designers at the different stages of the design thinking process.

Introduction Welcc1>rr.1e , ,
What's in this toolkit
A crash course in Al+ML

. User-centered problem solving Start here if:

Ideation Tech-driven opportunity spotting \:"o“pgrizm::gf:
Data-driven opportunity spotting within your context
Al prompt card deck for ideation * S
Impact matrix for idea selection You have a bunch of

o . * ideasand wantto

. Value proposition design select and develop
Assessing feasibility them in more detail

Framing your taSk e ’

Plotting your model *

You have a handful
of ideas and want to

Prototyping User research & feedback validate which to
+ testing Prototyping & testing move forward with

Defining success and failure *

: You are ready to start
Mapping user needs to models building with your

. Metrics to evaluate by * engineers and bring
h UX and design challenges of Al * your idea to life
Capturing design tensions *

Consequence wheel *



A crash course in Al + ML

A one-pager to get you up to speed on some core concepts including the
difference between Al and ML, and the various types of machine learning.

artificial intelligence (Al)
= the science of getting machines to learn, think,

act, and perform tasks in ways traditionally

attributed to human intelligence

/

narrow Al

= equals or exceeds human
intelligence or efficiency at
a very specific thing

'

machine learning (ML)

1

genera| Al v
= match human
intelligence across
domains + tasks

super Al - not here (yet)
= exceeding

human

intelligence

deep learning

= the ability for machines to learn = artificial neural networks

and infer from large sets of examples
and experience instead of explicitly

programming the rules

/

reinforcement learning

= collect data on the go and
learn from trial and error to
achieve an objective (below left)

inspired by the human brain
capable of learning from data

that is unstructured

'

supervised
= examples and
data are labelled
(below bottom)

\

unsupervised

= find patterns in large,
non-labelled data sets
(below right)

IV
JO sad/fy

N

Jo sadA}

Bulules|

Jo sadA}



A crash course in Al + ML

A one-pager to get you up to speed on some core concepts including the
difference between Al and ML, and the various types of machine learning.

observation reward action




The ML process

To get acquainted with terms and understand how a model arrives at a prediction, it
can be helpful to draw an analogy with a process we're familiar with: baking a cake.

Input Rules Hardware Learning System Output
Data + Algorithm(s) + GPU +  Training > Model -->-
Ingredients Recipe Utensils Practice % Chef % Cake
> g

Data is the An algorithm  The model Training A model is a
raw material is a set of requires process taking mathematical
you feed to rules or GPU, and time and representation based
the algorithm step-by-step sometimes tweaking to on the algorithm(s) and
as input to instructions other learn, create data that is able to
produce a ML tosolve a resources, and improve predict or produce an
model. problem. to run on. Iits model. output and continues

to learn over time.

Disclaimer: Please note this is a highly simplified representation of the real process
which is a lot more complex and consists of plenty subtasks.



The ML process

To get acquainted with terms and understand how a model arrives at a prediction, it
can be helpful to draw an analogy with a process we're familiar with: baking a cake.

Input

Data

Ingredients

Camera
Microphone
Keyboard
Screen
Wearable device

Rules Hardware Learning System Output

Algorithm(s) + GPU  + Training -= Model - -

observation action

Space, Time, Human, Objects...
Virtual world
Learn from virtual world and apply in real world

ef % Cake

Light
Speaker
Vibrator
Screen

Wearable device
Robots
Car



Common ML tasks

Regression predicts numerical Dimension reduction helps narrow
values for a future instance. Used down relevant data points from big
for example to estimate future data sets. Used for feature selection
housing or stock prices. and extraction.

Testing and matching compares
Clustering seeks out (hidden) different data sets to each other.
patterns in data and groups
instances accordingly. Used for
example to segment customers
Or reviews.

Association rules discovers
interesting relations between
variables in large data sets.

Multivariate querying aims to query
and find similar instances.
. Classification predicts to which
category an individual instance
belongs (in discrete values). Used

for example to filter out SPAM
emails or diagnose iliness. GANs generate increasingly realistic

Multimedia material.

Density estimation finds the
likelihood and frequency of
Instances.



Ideation

You want to explore the potential of Al but are not sure how to
get started. You wonder how you might leverage it to solve
problems, uncover opportunities, and create value for your users,
community, and organization.

What can Al actually do? Which of its capabilities are relevant to
my context? How do | spot these opportunities?

In this chapter you will find:

User-centered problem solving
to explore how Al could help solve user needs in a unique way

Tech-driven opportunity spotting
to spot opportunities for Al capabilities to create value

Data-driven opportunity spotting
to understand how to leverage private and public data

Al prompt card deck for ideation *
to prompt creative idea generation based on Al capabilities
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Al — Machine Learning—> Deep Learning

ARTIFICIAL

INTELLIGENCE
MACHINE

LEARNING

o DEEP
OQ LEARNING

1950's 1960s 1970s 1980s 1990s 2000's 2010's

Image: Linked In | Machine Learning vs Deep learning
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What 1s Machine Learning

* Machine Learning algorithms enable the computers to learn
from data, and even improve themselves, without being

explicitly programmed.

Data ——
Computer

Program ——

Data ——

Computer

Output —

— Output

— Program
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Types of Machine Learning?

Meaningful
Compression

Structure Image

. e Customer Retention
Discovery Classification

Big data Dimensionality Feature Idenity Fraud

isualistai . Classification Diagnostics
Visualistaion Reduction Elicitation Detection 8

Advertising Popularity
Prediction

Learning Learning Weather

Forecasting
L]
M ac h I n e Population

Growth
Prediction

Recommerider Unsupervised Supervised

Systems

Clustering Regression
Targetted

Marketing

Market
Forecasting

Customer

Segmentation Lea r n i n g

Estimating
life expectancy

Real-time decisions Game Al

Reinforcement
Learning

Robot Navigation Skill Acquisition

Learning Tasks
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Types of Machine Learning?

Continuous

Supervised Unsupervised
Advertising Popularity
Prediction
Weather Meaningful Structure

Forecasting

Compression Discovery

Regression
; Big data . . .
Population Market v I'g . Dlmen5|o.nallty FgaFUré
Growth . Isualistaion Reduction Elicitation
. Forecasting
Prediction
Estimating
life expectancy
Recommender
. _Im'flge Customer Retention Systems
Classification
Discrete Idenity Fraud Classification Diagnostics Clustering
Detection Targetted
Marketing

Customer
Segmentation
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Explore and Identify
ML capacities
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Exercise

* Visit Google’s collection of experiments with Al or other
resources

* https://experiments.withgoogle.com/collection/a1

* Select 1 ~ 2 applications and share your understanding of
the Al models or capacities behind.


https://experiments.withgoogle.com/collection/ai

DS 323: Al in Design

Autumn 2022

Lecture
ML needs Data,

Data needs ML

Wan Fang

Southern University of Science and Technology
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What 1s Data?

 Data can be defined as a representation of facts, concepts,
or instructions in a formalized manner,

* Suitable for communication, interpretation, or processing
by human or electronic machines.
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What 1s Data?

What’s Hiding in Your Unstructured Data?

Unstructured
Data

=

Customer/Member

Transactions ﬁ

u Online
Chat \% Communities

NPS/CSAT B Notes &

Text Fields 7

Structured

X
1

Social  rranscriptions  Call
Media Center

Finance ' 6.6 .6

Ratings &
Reviews

>
LK O R
LK I
<=§>

Innovative Insights.

Source: Graphic adapted from January 2018 CXPA Presentation “The Why Behind the What," Jim Kitterman Driving Results.
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What 1s Data?

Structured Data @) Unstructured Data

Can be displayed
in rows, columns and
relational databases

Numbers, dates
and strings

Estimated 20% of
enterprise data (Gartner)

Requires less storage

Easier to manage
and protect with
legacy solutions

Cannot be displayed
in rows, columns and
relational databases

Images, audio, video,
word processing files,
e-mails, spreadsheets

Estimated 80% of
enterprise data (Gartner)

E Requires more storage

More difficult to
manage and protect
with legacy solutions

Source


https://lawtomated.com/structured-data-vs-unstructured-data-what-are-they-and-why-care/
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The Full Human Data Stack

Open Data E.g. census data

Processed Algorithmic
Data

Shared Data % A
s e
E Actively ask In a survey
O

Personal Data

https://www.citizenme.com/human-data/



NS
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Personal Data

[
Fitness & activity data © §: Actively ask in a survey
— -

social media

Opening banking i ﬁ Observe on

DO SAY
Smartphone Eé; ﬂ
app usage ] v
Personality @ THINK FEEL Emotions &
Traits Q Q desires
Interests & OO @ \éallyefs &
Preferences O0— elers

https://www.citizenme.com/human-data/
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What type of data does machine learning

need?

Machine learning models rely on four primary data types.

123 A =
Numerical Categorical Time Series Text
Data Data Data Data

Source


https://www.datarobot.com/blog/the-importance-of-machine-learning-data/
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Categorical Data

Red 0
Cbomenn |
QGreen 1
Guangdong 0
> ErEE
Hunan 1
Female 0
Fujian 2

Male |
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Numerical data

N

09
E F G H | ‘ J K L M
1 | Rrank
2 Sales PersiMay Aug May June July Aug June July Aug
3 | 1 84 138 72 45 35 2 42 60 1T N 1
4 | 2 98 57 122 129 27 52 13 9 I ) T
58| 3 83 108 107 107 36 19 20 20 1T N =2
6 | 4 91 135 120 56 30 3 14 54 1T {1 d
7 | 5 133 61 47 62 6 49 59 47 1 N i
8 6 73 80 86 113 41 37 33 18 1T i i
9 . 57 98 66 117 52 27 44 6 1T A il
10 | 8 86 52 134 132 33 56 5 g8 ! "‘ !
11 | 9 53 99 48 106 55 25 58 22
12 | 10 96 80 59 69 29 37 50 43
13 | 11 78 102 104 116 40 24 23 17
14 | 12 133 119 90 89 6 15 31 32
15 | 13 79 127 128 124 39 11 10 12
16 | 14 49 66 64 62 57 44 46 47
{172 15 58 135 99 141 51 3 25 1
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Ti les dat
1.0 91— NASA Goddard Institute for Space Studies (v4)
—— Hadley Center/Climatic Research Unit (v4.6) ;
0.8 —— NOAA National Center for Environmental Information (v5)
—— Berkeley Earth '
06 — — Cowtan & Way ,
0.4 ‘
)
0.2 — !
ot sH %L HK  HK  AK g9 - M
A u
2022/10/11/=15:00 4y 2979.79 3 2973.23 & 267.23 oo (\ ‘ 4 4
3233.58 04 4 I f
Q I W 1 Temperature Anomaly (°C)
3187.01 06 — Common Baseline 1951-1980
T T T T T T T

3140.44 1880 1900 1920 1940 1960 1980 2000 2020
e B T o 0.00%
3047.29 -1.51%
3000.71 -3.01%
2954.14 -4.52%

_ 2022/09/28/= 2022/09/29/f 2022/09/30/H 2022/10/10/— 2022/10/11/=
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Text data

COLLECT TEXT DATA FROM ANY SOURCE INCLUDING NEWS, SOCIAL
MEDIA, EMAILS, SURVEYS AND PRODUCT REVIEWS

doys dig’bal vasb leading forms
virGual Wh’gz‘ I |0g2.l;lec?ns daba approach ca- Gext err:EmipwlaEssunread

inberest *** visualizabion °PPOTouniies _ collection liGerabure y.oyer
p’é’&ersgese producad =" consderablo |Ibel’arg researcher - statistical
scvance P€Gime = u.,..mlnformablonSTM

e GG NG W analyssHuman'EL?S passages e

NFegy.
derive Noth challenges

u;?cg:ﬁlgallarge app&gﬂgcheShISborlcal ineractions,

et mvement Ib Ifleblgm bexbScollections
- ”Cu Ura neGwork S PEsve T

reseaich b'ﬂ':;gl raphE ﬁca et dgnamlcs mabhemablcs SChOIarS art work hisbory 2708

e inciuce Imbellectual well somal LoOIS culburemegemiss Srow

“’ Raine modernism
s&"i greab machine World

Source


https://humtech.ucla.edu/event/text-data-workshop/
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Where Do We Get Data for ML?

Five of the most popular ML dataset resources:

Go gle —> (Google’s Dataset Search
=- Microsoft — Microsoft Research Open Data
aws —> Amazon Datasets
@@H — UCI Machine Learning Repository

DATA GOV — Government Datasets



DS323: Al 1in Design

Why 1s data important for ML?

* Big data provides ample amounts of raw material from
which machine learning systems can derive insights.

* To truly understand how machine learning works, you must
also understand the data by which it operates.
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Why 1s ML important to Data?

Data Science - Hierarchy of Needs |

Model Development
Exploration, Sampling Exploration,
Dimension reduction, sampling
Feature Engineering Data , Transformation, Treatment
(Missing Vialues, Bucketing, Deriving)
Data Treatment

Data Analysis, Visualization
Data Collection
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Exercise: Play, Observe,
and understand Data

Wan Fang

Southern University of Science and Technology
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Exercise

* Pluto notebook: Image Processing

* Explore 2 open dataset
e https:// www.kaggle.com/datasets
e Visualizing High-Dimensional Space from Google

* Share with us the datasets you found: what.



https://www.kaggle.com/datasets
https://experiments.withgoogle.com/visualizing-high-dimensional-space

Activity:
User-centered S
problem solving

Image by Norman Nielsen Group

Before we move into more tech-driven approaches and spotting (latent) opportunities,
we first align on user personas, needs, and context. In this step, we do the groundwork
for everything else and state obvious and less-obvious user problems to solve.



Start with exploring, defining and framing user
needs as usual. Enrich insights and (in)validate
assumptions through qualitative user research
and, where available, quantitative data.

For a refresher, check out IDEO's HMW, d.school’s
PQV, or IBM’s Hills on how to formulate a helpful
challenge statement.

Image by Norman Nielsen Group

NN/g

IDEO's HMW:
How might we ......... ?

d.school's POV:
[user] needs a way to
[verb] because [insight]

IBM's Hills:
[who] [what] [wow]



For each of the needs, challenge statements, and
pain points, ask if and how Al might help solve
or fulfill x in a new / unique / better way?

It could be in the form of a user experience,
interaction, channel, process augmentation, or
even data insight. It can help to refer back the
common ML types described in the intro.

Map out your existing user journey
or service blueprint. Al is particular
useful for certain tasks, so look
specifically for pain-points in the
journey that:

.. are delayed or sequenced

.. are repetitive

.. are labor-intensive

.. are overwhelming

.. are emotionally sensitive

.. are context-dependent

. are unintuitive or ill-fit to screens
.. are generic or impersonal

Image by Norman Nielsen Group

You can think about
machine learning as
3 key capabilities:

detection
prediction
generation

NN/g



Activity:
Tech-driven
opportunity spotting

Embracing machine learning as a design material, “Al shines in problems
there is value in tech-driven innovation. Not every

. where the goals are
problem is an Al problem. Not everywhere we can
use Al, we should. Understanding the type of understood, but the
problems that make for great machine learning means aren’t”

candidates can help us spot new opportunities. - Yonatan Zunger



“Al shines in problems
where the goals are
understood, but the

means aren't”
- Yonatan Zunger

Activity:
Tech-driven
opportunity spotting

Capability-inspired

To find problems where Al is uniquely positioned to help,
begin to look for parts of your process and interactions where:

People generally agree on People struggle to agree on
what a correct answer or + how to arrive there, how it's
outcome looks like done or how it works

/ /

And there is a visible action or Or: they agree but

consequence as a result the task is repetitive
or inconvenient for
a human to perform

Keep in mind the key capabilities of machine
learning (detection, prediction, generation) and its
key functions (clustering, regression, classification).

Research-inspired

Most machine learning progress comes from

the academic space. Keep an eye out for new
capabilities and models, then see if you can think
of valuable applications and use cases for them.

Industry-inspired

You might've seen an Al feature or API offering
somewhere else and see value in adopting a
similar solution into your product or service.

\

Or: they agree but
writing out all the rules
or processing all the
data is unfeasible

Refer back to the crash
course in AlI/ML in the
beginning of this
booklet for a refresher.

Look at
paperswithcode.com
/sota for recent
research developments.

For industry inspiration
on what's already
happening, use the Al x
Design Prompt Cards
attached to this toolkit.

Embracing machine learning as a design material, there is value in
tech-driven innovation. Not every problem is an Al problem. Not
everywhere we can use Al, we should. Understanding the type of
problems that make for great machine learning candidates can help

us spot new opportunities.



_ Activity:
Tech-driven
opportunity spotting

Capability-inspired
To find problems where Al is uniquely positioned to help,
begin to look for parts of your process and interactions where:

People generally agree on People struggle to agree on
what a correct answer or + how to arrive there, how it's
outcome looks like done or how it works
/ / \
And there is a visible action or Or: they agree but Or: they agree but
conseguence as a result the task is repetitive writing out all the rules
or inconvenient for or processing all the
a human to perform data is unfeasible
Keep in mind the key capabilities of machine Refer back to the crash
learning (detection, prediction, generation) and its course in AI/ML in the
key functions (clustering, regression, classification). beginning of this

booklet for a refresher.



_ Activity:
Tech-driven
opportunity spotting

Research-inspired
Most machine learning progress comes from

2 the academic space. Keep an eye out for new
capabilities and models, then see if you can think
of valuable applications and use cases for them.

Industry-inspired

You might've seen an Al feature or API offering
3 somewhere else and see value in adopting a

similar solution into your product or service.

Look at
paperswithcode.com
/sota for recent
research developments.

For industry inspiration
on what's already
happening, use the Al X
Desigh Prompt Cards
attached to this toolkit.



Data availability

! What data do you have? What data do your direct If your data is

partners or collaborators own? Which other data hlselleion
unstructured, resort to

sources do you have access to? .
data preparation

If you own data, count yourself lucky. If they are large services on Amazon

sets of (semi-)organized data, count yourself in. Mechanical Turk.

Which insights might you be able to draw from this Places to look for

data? Who and how could this help? public data sets
include:

If you don't have any data available, let's get creative Kaggle

with your data acquisition. Socrata OpenData
data.gov (US)

. . UCI Repository
Creative data_\ acquisition _ Yt e e
2 Look for public and relevant data sets in your

industry or region. Ask which and how they might

help serve your users? If you want to become
more data-driven as

Imagine if you can scrape the data required from an organization and

the internet, Wiki, news sites, and social media? facilitate a team

session around this,
check out the free
resources from
data.world.

Think what data you could collect or label through
user interactions? When CAPTCHA asks people to
select the images with traffic lights, you are actually
labelling objects in their data set of images.

o [ J .
Activity: i
y‘ 3 Although often costly, data is for sale. You can
probably buy the data you need either as a product,

Data -d riven selling one-off data sets, or as a service, with

subscription-based models.

opportunity spotting

Like cars run on fuel, machine learning runs on data. Looking at the data that is
available to us, and how it might help our users, can help us spot new opportunities.



Tool:
— Al prompt card deck
for ideation

Attached to this toolkit you'll find a card deck. The card deck includes
over 20 what-if statements to help idea generation based on machine
learning capabilities that are possible and feasible today.

24 what-if prompt cards are
organized into 6 categories -
each symbolizing a new area of
opportunity for user
experiences.

You can use the cards

for ideation and
brainstorming sessions,
as elements for a force
fitting exercise, for
communication between
design and engineering,
to learn, to spark critical
discussions around
technology, and more.

Each card includes:



Tool:

for ideation

— Al prompt card deck

Attached to this toolkit you'll find a card deck. The card deck includes
over 20 what-if statements to help idea generation based on machine
learning capabillities that are possible and feasible today.

24 what-if prompt cards are
organized into 6 categories -

each symbolizing a new area of

opportunity for user
experiences.

You can use the cards

for ideation and
brainstorming sessions,
as elements for a force
fitting exercise, for
communication between
desigh and engineering,
to learn, to spark critical
discussions around
technology, and more.

Each card includes:

e what-if prompt

What if .. ~

you can predict
what your user
will need or want
to do next?

EXAMPLES

- Gmail Smart Compose auto completes
sentences to help users reply emails

- Dango predicts the emojis & GIFs you'd
want to use based on what you're writing
- RBS predicts what questions customers
may have based on recent interactions

- Amazon anticipatory shipping aims to
send orders out before users place them
- When you Uber somewhere, it shows a
‘return’ button to your original destination
on a subsequent launch of the app

to spark ideas Using ..
predictive modeling

which machine
learning capabilities
"make this possible

from big data and user behavior data
and historical market data
with Google Cloud's Prediction API

predictive analyticsjis

from user interaction data

with Google Analytics API aata or | n pUt

needed

APIs‘and software
available to build it

ekamples for inspiration of how
other services are currently
using these capabilities



Concept development
+ idea selection

You've generated a bunch of ideas and now you're wondering which

to move forward with. You need to roughly assess feasibility, viability,

and desirability of your concepts and their Al elements to inform your
selection.

How feasible, viable, and desirable are the ideas? How to select which
to move forward with? How to develop concepts in more detail?

In this chapter you will find:

Impact matrix for idea selection
to map ideas according to desirability and feasibility

Value proposition design *
to better understand what value you're offering your user

Assessing feasibility
to roughly assess feasibility of your Al ideas without expert knowledge

Framing your task + Plotting your model *
to begin thinking about your task in a computational way



Activity:

for idea selection
O S
&° ®
<
L .
o ™
Plot your generated ideas on @
an impact matrix. The x-axis = .
represents the estimated user - .
P . o ML investment
value (based on desirability +
responsibility), the y-axis the ML N
investment required (based on 4/00 (\’b
feasibility + viability). Use sticky \?\o‘\ 5\,0
notes so you can shift them as | °
you learn.
Desirability Feasibility
Use the assessing desirability Use the assessing feasibility
The fOl IOW| ng tOOIS and worksheet, value proposition design,  flowchart attached to this toolkit to
. : and user testing practices attached help determine feasibility.
questlons will hel P YOU assess to this toolkit to help determine user
5 s oL i value. Viability
desirability, responsibility, ls data available? Which building
feasi blllty 5 nd Via bl | Ity to fl || Responsibility blocks are available? Is it a custom
! _ Consider unintended consequences, or out-of-the-box model? What is
out the matrix; edge cases, misuse. What ethical the time-to-model? How does it
concerns arise at first glance? return value on investment?
Evaluate your ideas and decide which to move forward with.
Horizon 1 Horizon 2 Horizon 3
= high value = medium / unknown value = low value
+ low effort + medium / unknown effort + high effort
Yas! Get to work Google away and talk to your It's not even

on these ideas team to evaluate in more detalil worth it



Design for Happiness Dec

Worksheet:

Draft your value proposition
statement with the madlib
on the right and iterate it as
you learn more about your

wsar andisclution. T

[concept name]

Data - Which input will
you use to inform the

model? [personal
with a better way to

Al capability - What are
you looking to do to
turn data input into

a valuable output?

with/without

Persona - Who is
your user?

Job to be done - What

user heed does it solve Now go out and (in)validate your value
of fulfill? proposition with user research.

In the next chapter you'll find best
practices and things to consider for
feedback, prototyping, and testing
Al concepts with users.

Gain - What does your
user gain in using this
solution compared to
what they're currently
doing?

Value - Why is this @ Iterate and refine the statement, or
important to the user or even pivot or discard your idea, based

humanity at large? on your learnings.

for assessing desirability

Before we continue, it's time to check in with our users and cross-check if we're
solving a real need, if we're solving it in a unique and helpful way.



Worksheet:
Value proposition statement

[concept name]

we can help

with a better way to

with/without

Draft your value proposition
statement with the madlib on
the right and iterate it as you
learn more about your user
and solution.

Data
Which input will you use to
inform the model?

Al capability

What are you looking to do to
turn data input into a valuable
output?

Persona
Who is your user?

Job to be done
What user need does it solve
or fulfill?

Gain/pain

What does your user gain in
using this solution compared
to what they're currently
doing?

Value
Why is this important to the
user or humanity at large?

Now go out and (in)validate
your value proposition with
user research.

Iterate and refine the
statement, or even pivot or
discard your idea, based on

your learnings.
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Thank you~

Wan Fang
Southern University of Science and Technology



