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Accuracy Is Bullshit. Here’ s What UX Must Do About It

gobobobbbuoogggobbobboooogobboobbouooooobobo
gooobobboooooobboobbtooooooobbobbooooooobbobobobooa
gooboobbooooogobboobobboooooobboobood

What’ s the best-kept secret in the data science community? Al accuracy is meaningless in the real
world. This chapter gives UX designers a practical alternative to accuracy: a UX- and business-centric

way to optimize your Al solutionto * think” intermsof* human” values.
googooo

Are you ready?

0o

The Big Secret
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For many years, the data science world operated on data science metrics like accuracy, precision,
and recall (see the sidebar “ Precision, Recall, and Accuracy,” later in this chapter, for a detailed
explanation of these terms). Data science competitions like Kaggle (1) determine winners exclusively on
asingle metric like accuracy. The Value Matrix was developed by Arijit Sengupta specifically for

real-world applications of Al (2— 5).
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The big secret is that data science metrics mean little to real-world applications of Al. When it

comes to metrics like accuracy, they are most often complete and utter bullshit.

O0o0oobooboobobooboobobooboobobooono® Pascal Motors”
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Let" stake asimple use case: car maintenance. Imagine a fictional car manufacturer, “ Pascal
Motors.” (Why Blaise Pascal? Well, since Tesla and VVolta Motors are both taken, we decided to dig
deep into our reservoir of old European science dudes.) Pascal Motors makes cars with an onboard Al
that sends out a special alert whenever a car needs to come in for scheduled maintenance. Let’ ssayina
year of operation, a typical car has 100 total potential and 20 actual problems. Let’ s also assume that the
benefit of identifying and preventing a problem successfully is $1,000 (e.g., preventive repair: replacing a
part before it fails and potentially causes an accident or the cost of the car breaking down in the middle
of the freeway), and the cost of investigating a potential problem is $100 (as in the cost of one mechanic

checking out the problem for one hour).

PascalMotors D OO0 0O OO0 OOOOO Al
ooy oogoouognoouogog sag0go

Pascal Motors engineers have access to three different Al models: Conservative, Balanced, and

Aggressive. These models feature the following data science metrics, shown in Figure 5.1.



Al Model Conservative Balanced
Alerts Sent 10 30
Problems Found 9 15
Precision 90% 50%
Recall 45% 75%
Accuracy 88% 80%

Aggressive

80
19
24%
95%
38%

gsilibgdggouobAbbbggogoboobobogoog

Figure 5.1 Al model selection based on data science metrics: precision, recall, and accuracy
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Which Al model do you think is the best one?
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Most people would pick the Conservative Al because who does not want an Al that is both

accurate and precise?
000520000000

Take a look at Figure 5.2. How about now?

Model Conservative
Alerts Sent 10 30
Problems Found 9 15
Precision 90% 50%
Recall 45% 75%
Accuracy 88% 80%
TP (+$1,000) 9 x $1,000

TN (+$100) 79 x $100

FN (-$1,000) 11 x -$1,000

FP (-$100) 1 x-$100
Revenue $5,800 $15,000

Balanced

15 x $1,000
65 x $100
-5 x$1,000
-15x $100

Aggressive
80
19
24%
95%
38%
19 x $1,000
19 x $100
1 x $1,000
61 x $100
$13,800
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Figure 5.2 Al model selection based on real-world outcomes, assuming TP (true positive) of $1,000

and TN (true negative) of $100
gbodoooooooooododo Aldooooooonogodgnn
If you picked the best Al based solely on the best data science metrics, your choice would be wrong.
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In contrast, if we instead optimize for revenue by taking into account the actual cost and benefit of
real-world outcomes, the right answer is actually the Balanced Al (column 2), which produces over 158

percent more revenue than the Conservative (Accurate) Al.
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Al optimized on data science metrics alone will almost always underperform Al that considers the

costs and benefits of real-world outcomes.
dodooooogoodd

That' sit. That' s the big secret.

oo tdbtoboobd

Confusion Matrix: How Can Accurate Al Be Wrong?
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At this point, you might be confused. Just how exactly can accurate Al be wrong? Isn’ t accurate
Al the goal? To answer this question, we need to dig into a simple formula of how accuracy is calculated,
but I promise it will be quick—and we’ 1l make the discussion as simple as we can, so even if you
don’ thave a lot of pleasant memories of your math classes, please read on—I promise it will be worth
it.

gododooboououotdooooooooododoooooooodgo
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Now, to understand what “ accuracy” means, we have to look at a simple table known as a
Confusion Matrix. Far from being confusing, the Confusion Matrix is actually pretty straightforward: It
is simply a table where we collect the counts predicted by the model and compare them against the

actual outcomes.

00 PascalMotorsAl D O D OO 1000 0000000000000 O0OO0OOODO
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Every time Pascal Motors Al looks at 100 potential problems with a car, it can decide whether or
not to send out an alert. When the Al decides to send out an alert, that’ s a positive. If the Al decides to
ignore a sensor reading, it’ s a negative. If we assume there are 100 potential events in one year, our Al

has a total of 100 decision points where it can potentially decide whether to send out an alert.

goobobobbodoooobobbtbodooooooobboooooooboobo
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Now our Al does not actually “ know” for sure there is a problem with a car. It has to rely on the
readings of various sensors, like, say, engine oil impurities, vibration, weird sounds, etc. So sometimes it
might guess wrong and send out an alert when it should not have—that’ s called a false positive. A false

positive might occur, for example, if a car just sounded weird on a cold morning and our Al decided



there was a problem but mechanics found none.

gobobobbbudggoguobobbodooouoooobbuoooooonooo
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Conversely, the Al might miss a condition that might be a problem and decide the car is operating
properly when it is actually about to have a serious breakdown. In this case, the Al will erroneously miss

sending out an alert, creating a false negative.

goobooboboddd 100
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Thus for every one of the 100 potential decision points in a given year, the Al might come up with

four possible outcomes:

-0000TNODDOUODOODAIODODOOD True Negative (TN): There is no problem

with the car, and Al does not send an alert.

-D0O00OOFNODDO0ODODOOOAIDOODDOO D False Negative (FN): There is actually a

problem, but Al does not tell us.

-000O0TPOOOOOODOOAIDDODODOOOO True Positive (TP): There is a problem

with a car, and Al sends the alert correctly.

-O000OFPO0O0OO0O0OODODODO AIOODODO O False Positive (FP): The car is operating

normally, but Al sends out an alert.

gobobobbbouogoogobobbodoooobbobbuoooooobobo
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The Confusion Matrix is simply a count of each of the outcomes a particular model generates. This
matrix is a useful tool because it allows us to see how different Al models perform by comparing the

different counts of various outcomes they generate.
Ooooooon
Simple, no?

gobobobobboogogonoboobbooAlboooooooboos3bon



Thus, for the Conservative (highly accurate) Al model we looked at earlier, the Confusion Matrix is

shown in Figure 5.3.

Predicted: Predicted:
NO YES
TN FP
Actual: 79 1
NO 80
FN TP
Actual: 11 9
YES 20
90 10 100

05300 AI0000000
Figure 5.3 The Confusion Matrix for the Conservative Al model
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To read the Confusion Matrix, start by going around the outside of the table. As discussed earlier,
we had a total of 100 measurements and 20 actual yes votes, which means 80 actual no’ s. Conservative
Al sent out 10 alerts and predicted that there was“ no problem” 90 times. From the 10 alerts the
Conservative Al sent out, it correctly predicted 9 problems (true positive) and made 1 incorrect alert

prediction (false positive).

guooobbdogooobbuooouobbbbooooobobobboooo
0

To compute accuracy from this equation is pretty straightforward. We take the total number of

correct predictions and divide that by the number of total predictions and express it as a percentage.
Accuracy = Correct Predictions/Total Predictions * 100%

goobobobboboodoodononb 100
goboobooogog® o bodggogobsogoouobbbnbn 50%U

To use a simple example, if you tossed a coin a total of 100 times and predicted “ heads” on every

coin toss, you would be correct about 50 times, so you’ d be 50 percent accurate, on average.

O PascalMotors U OO0 OO0 2000000 1w0000000000000000O Al
oo wodoooooooossuuoooooeooong+9
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In the case of Pascal Motors, there were 20 actual problems from 100 total measurements. Thus our
Conservative Al made a total of 88 correct predictions (79 true negative + 9 true positive) out of a grand

total of 100 predictions, so its accuracy is as follows:
Accuracy = (79 + 9)/100 * 100% = 88%

gossdiidobobobbbouoogogubboobbodoooon 11
goooboboogbbobobbdddu Al bbboo——>a0og Al
gooobbooooaan

Now 88 percent is a great accuracy! Unfortunately for us, however, the model missed 11 out of 20
possible problems. In fact, the Conservative Al model is actually less than useless for us—this Al model

found less than half the problems!

guoooobbtuooououobobuooouobobbouooooooon



How does an Accurate Al become so useless? By now, the answer should not surprise you.

Al trained on accuracy is often too timid: It tries too hard not to be wrong, and so it “ leaves

money on the table” by not taking enough chances to send out an alert.
OO00o00oooooo
Conversely, on the other extreme,

Al that is trained on recall tries to account for every possible positive—which is often too aggressive

for real-world use.

O0000002000000 1900000 Aggressive Al DO 0O 80
OO00000O00obOo0oboboOooasss/eo=4500000000000

For instance, in an effort to locate 19 out of 20 problems, our Aggressive Al model sent out 80

alerts! Can you really imagine a customer running to a car shop every 365/80 = 4.5 days?

gooboboobAdOObDboooog
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The best Al choice for a real-world application is actually Balanced Al; although it does not excel in
any particular data science metric, it produces the highest ROI, $15,000—which is more than 158

percent higher than the Accurate model.
And in the real world, the ROl is the only metric that actually matters.

goobobobbogoogobobbtbodoooooooobbooooooobooobon
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Okay, hopefully, you are now convinced that using just data science metrics like accuracy and recall
are not going to give you the best Al for real-world applications. What you need to develop the right Al

is a different tool; the VValue Matrix.

Joooooogouodooon

Value Matrix: The Al Tool for the Real World
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The Value Matrix was developed by Arijit Sengupta specifically for real-world applications of Al
(2— 5). The Value Matrix is a simple tweak to the traditional Confusion Matrix. As the name implies, in
the Value Matrix, the UX designer or product manager records the value of each outcome in dollar
terms, then multiplies this value by the count of each outcome in the Confusion Matrix, giving us a clear

reading of the overall Al model ROI.

goboboboboboAbbbboogoooobbbbodooooonnb 1,000
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For instance, using the Conservative Al model’ s Confusion Matrix and assuming that the benefit
of identifying and preventing a problem successfully is $1,000 and the cost of investigating a potential

problem is $100, the corresponding Value Matrix would look like the one shown in Figure 5.4.

b Adodgobobboodooooobbobbboooooooboobooboogd
oooobobooooooobbobbboooooooboobooboboog 100
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Correct Al guesses are positives (benefit), and wrong guesses are negatives (cost). For example, in
our current set of assumptions, sending a customer into a repair shop when there is no problem might
cost the company $100 (e.g., [ $100). Conversely, correctly identifying the outcome where there is no
issue generates $100 of savings (e.g., +$100). Correctly identifying a problem (true positive) saves $1,000
(e.g., +$1,000), whereas missing the problem costs $1,000 (e.g., (I $1,000).



Predicted: Predicted:
NO YES
TN FP
Actual: 79 1 30
NO +$100 -$100
+$7,900 -$100
FN TP
Actual: 11 9 20
YES -$1,000 +$1,000
-$11,000 +$9,000
90 10 100

gs400ddopooAbbobooooooog TP oodg 1,000

OOOTNODDOOOOO 10000

Figure 5.4 The Confusion Matrix for the Conservative (Accurate) Al model, assuming TP (true

positive) of $1,000 and TN (true negative) of $100
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Although the values of TP/TN and FP/FN outcomes are the same for this particular example, there
is no rule that it is always so. The dollar values for each outcome might be a different number in other use

cases. (In other words, ahem, your mileage might differ.)

gobobobobbuoooggobobbbdoooobobooobobuooooooboooo
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Essentially, the Value Matrix is a tool that helps your team recognize that each predictive outcome
produces a monetary effect. The Value Matrix is exceptionally powerful because it allows us to evaluate

the real-world outcomes of deploying different Al models.

oo tubooboobobooot

Training Al on Real-Life Outcomesto “ Think” Like a Human
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By now, it should be evident that a different value assumption would produce a very different Value
Matrix. For instance, if the cost of a false positive in our use case was higher—say it cost the customer
$800 every time they came into the shop—you’ d be pretty happy with a Conservative Al model with

the highest accuracy, which seeks to not be wrong. Figure 5.5 shows this new Value Matrix breakdown.



Model Conservative Balanced  Aggressive

Alerts Sent 10 30 80

Problems Found 9 15 19

Precision 90% 50% 24%

Recall 45% 75% 95%

Accuracy 88% 80% 38%

TP (+$1,000) 9 x $1,000 15 x $1,000 19 x $1,000
TN (+$800) 79 x $800 65 x $800 19 x $800
FN (-$1,000) 11 x -$1,000 5x-$1,000 1 x-$1,000
FP (-$800) 1 x -$800 15 x -$800 61 x -$800
Revenue $60,400 $50,000 -$15,600

gssgggobooboodgAbbboogg  TPO 10000 00TNDO 8000 O

Figure 5.5 Al model selection based on real-world outcomes, assuming TP of $1,000 and TN of

$300

gobbobbudgoguobbobbouoodAbgogoogooobnbn 10,000
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In contrast, if the value of true positive were greater, say we would save $10,000 each time Al was
able to predict a problem, we would want our Al to send out an alert on every possible potential issue, so
the Aggressive Al trained on recall will be better, because such a model seeks to capture every possible

true positive (see Figure 5.6).




Model Conservative Balanced  Aggressive

Alerts Sent 10 30 80

Problems Found 9 15 19

Precision 90% 50% 24%

Recall 45% 75% 95%

Accuracy 88% 80% 38%

TP (+$10,000) 9x$10,000 15x%$10,000 19 x $10,000
TN (+$100) 79 x $100 65 x $100 19 x $100
FN (-$10,000) 11 x-$10,000 -5x $10,000 1 x $10,000
FP (-$100) 1x-$100 -15 x $100 -61 x $100
Revenue -$12,200 $105,000 $175,800

gsedgopooboodAbbboogg TPO 100000 00TNDO 10000

Figure 5.6 Al model selection based on real-world outcomes, assuming TP of $10,000 and TN of
$100
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Compare Figure 5.5 and Figure 5.6. Note that if we tweak the cost/benefit values of the outcomes,
in each of these cases, the Al models trained on the opposite goals (conservative vs. aggressive) actually

produce a negative ROI!
O0000000D0O010b000b0o0ooooD woo0oo
For example, if the value of true positive was $10,000 and the true negative was $100:

Deploying our Conservative, highly accurate Al model will actually cost our company $12,200 vs.

generating $105,000 and $175,800 revenue if we deploy the other two models!
000000000 DOO0DOO0oOooDOooDo0oooooobooboOoooog

Do you still think pure data science metrics like Accuracy have any relevance in the real world?

oot




One More Example
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As a UX and product leader, I hope you can easily see a great number of applications of this
important principle and the importance of understanding the costs and benefits of each outcome for
your specific use case in great detail. UX research and analysis are essential for helping Al think in more

“ human” terms. And in this book, I give you tools to do exactly that.
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Instead of Al asking: “ Which event is most likely to be a problem?” Al should instead be asking a

business question: “ How do | maximize revenue?” Understanding the AI’ s impact in the real world

using the ROI instead of the science metrics gives us a handle on training Al to “ think” like a human.

O0000o0O00bOO0odbOooobOOo0oOoooDboooOoooDobobOoooooooa
00000 Arijit Senguptall

I am going to leave you with one of the most spectacular examples underscoring the importance of

attaching real-world value to Al predictions. This example comes from Arijit Sengupta:

g TsAbbOodoogobooobboogoooonoboobod AlD 100%
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Assume the TSA had an Al that was predicting whether someone was a terrorist. If this Al returned
false 100 percent of the time, it would be a highly accurate Al, at 99.9999999999999999 percent accuracy,

because a vast majority of people traveling through a TSA checkpoint are not terrorists.



00000000000 bOO0DOOooDOooDOooDoooon
Such a model would be super-accurate! And also (obviously) super-useless.
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On the other hand, if this TSA Al also considered the impact of a terrorist attack (about $1 trillion
(6)) vs. the cost of pulling a suspicious person aside for a secondary inspection (maybe 2 minutes of a
TSA agent’ stime, so $1 if they are paid $30/hour), you can see that a very different TSA Al model
would emerge. Instead of optimizing for accuracy, they might want to optimize for recall, such as
making the model more aggressive. Much more aggressive [1 In fact, the TSA could pull aside
999,999,999 people (or the entire Earth’ s human population of 8 billion peopled Multiplied 125

times!) and still come out $1 ahead.
guoooooooododon
Which begs a deeper question:
gud TsAb0bbgooooooouoooooon

Why doesn’ tthe TSA do a secondary inspection for every traveler? What do you think?

Dooooooooo/obooo

Final Thoughts: The Importance of Human Cost/Benefit
oo oouoouoooo
goooo

Naturally, I can hear the chorus of UX designers shouting, “ But what about the humans? What

about our customers’ ROI?”

oooooboobobobobobo/oob0obooboooboobobo/boo/moo



You all would be correct, of course. In addition to the business cost/benefit, you should think long

and hard about the human/customer cost/benefit.

TSAOOUOO0Oooboboboboboooooouobbobbbodoooooobobbbboooo
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TSA does not do secondary inspection for every traveler simply because the human costs would be
too high. People would routinely have to spend an hour or more in inspection lines and would have to
show up to the airport four to five hours ahead of every flight. Costs for inspection personnel would
skyrocket. There would be congestion everywhere, putting a strain on airport facilities. Overall, the
negative impact on the air travel industry and travel in general would be counted in hundreds of billions,

all with dubious ROI.
godoobboodooooobbudooobooboooogo
That is why UX is so essential to creating Al solutions.
gotgougon

Our larger point is that:
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Al is just too important to leave it to data scientists. Pure data science metrics like accuracy,
precision, and recall alone don’ t create viable real-world solutions. Every real-world Al solution
should be tempered by a deeper understanding of both the business and human impact it creates. Al is
indisputably our collective future—nothing can change that. Understanding how to use this incredible

tool for the benefit of humankind and ensuring people in charge do the right thing for humanity and the



planet is part of your job as a UX designer.

Joboooodgbotdoobod

Design Exercise: Create Your Own Value Matrix
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Now it’ syour turn to create a Value Matrix model for your use case. Just like the digital twin in
the previous chapter, the Value Matrix is also a group activity. In the “ real world” you would be doing
this with your team. However, do not skip this exercise just because you are solo—it is the key to
unlocking UX for Al project success and radically increasing your value to your team. To create a Value

Matrix for your use case in just 10 minutes, answer the following simple set of questions:
-00000000 0O What is the benefit of a true positive?
-0000D0O0O00 O What is the benefit of a true negative?
-0000000O OO What is the cost of a false positive?
-00000000OO O What is the cost of a false negative?
-AID 00000000 ODO How many times can the Al be wrong and still come out ahead?

-00000000000Db00b0000DbO0O0n AlOO OO Doyou need a

Conservative (accurate) or Aggressive (high recall) Al model for your project?
O0000TsSAODOODOOODDODOODOOODDOO
Recall that the TSA does not do a secondary inspection for every traveler. Reflect:

-0000000000000000000 What are the human costs embedded in the

business ROI?

-0d0ooooooooobobbbddddwill humans be unduly inconvenienced by

Al' sdecisions?



-AlJ 000000000000 0Db0Db0bD0ObDOnDUDUOWhatwill be the impact

of the Al model’ s decisions on the UX and long-term customer loyalty?

-000000000000000000DO0000O0D0D OO0 Isthe Al decision

ethical? How would a human decide in this situation?
-0000000000000O0DOO DO How can this Al model potentially be misused?
O000oo0ooooo0oooooooooooooooonoooonoooon

If you need inspiration, look at the following example. Do not proceed to the next chapter until you

complete your own design exercise.

Joooooododooon

Design Exercise Example: Life Clock Value Matrix

goobooboos3gobo® bbouod” gggbb 400000000 0O0O00000
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Recall our “ Life Clock” storyboard from Chapter 3 and our digital twin example in Chapter 4.
Here’ s the Value Matrix for our Al-driven product. In this exercise, we are going to specifically focus
on the part of the system that predicts the type of food from the cell phone image. First, let’ s define the
Confusion Matrix. Recall that this is a simple table that lists the four possible outcomes of an Al guess as
TP/TN/FP/FN:

goooTPOUOAIDOOOOOOODODODO® OD0100DbO0O0O0g-2
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True Positive (TP): Al correctly guessed correctly and returned the food type (* Thisis 1 cup of

cooked oatmeal. [1 2 Cholesterol. +7 to Boredom.” )

oo oTNODAIDOODDOooooooooooooog* goooboooboboooda
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True Negative (TN): Al correctly guessed that the picture is not food and returned an error.
(* This does not appear to be a picture of food. Did you accidentally upload your family’ s action shot
from the Thunder Mountain Railroad in Disneyland instead of your ultra-decadent Beignets and Mint

Julep splurge? (I 10 to stamina.” )
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False Positive (FP): Al incorrectly guessed the food type. (* This is a pepperoni pizza,” whereas
you uploaded a picture of a free-range vegan tofu beet sausage with cashew cheese on a cauliflower pizza

crust.)
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False Negative (FN): Al incorrectly guessed that something is food (* This is a pepperoni
pizza.” ), although in fact it was a picture of your second cousin’ s face (once removed on your

mother’ s side) after forgetting to put on his sunscreen during his last visit to the Hawaiian islands.)
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Now that our Confusion Matrix is created, let’ sconvert it into a Value Matrix by assigning an

approximate dollar value to each outcome.
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True Positive (TP): Guessing the food correctly, saves about 1 minute of time doing manual data
entry on your phone, which includes finding the food and then entering it. Given that at this time, the
median yearly wage in the United States is around $60,000, which is about $30/hour, we get a rate of
about 50 cents a minute. So for each TP, the user saves approximately 1 minute of work, or the

equivalent of 50 cents.
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True Negative (TN): Guessing correctly that something is not food is worth a chuckle, but not
much more than that. Most people will not consciously waste time trying to enter their relatives as food

groups. (Unless you are Hannibal Lecter maybe.) So we can value TN likewise at around 50 cents.
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False Positive (FP): Also known as guessing the food incorrectly, is annoying, because the customer
invested effort into taking a picture and uploading it, as well as now having to enter the food manually,
so the annoyance perhaps costs us double the amount of time spent entering the food manually from the

start. So let’ s somewhat arbitrarily assign this outcome the value of [0 $1 (or expense of $1).

gudoNOooooobbbogooooobbbuoooooobbbbooood
gooobobboogggoobbobbuodooooobobobooooooobboobood
gopooboogs1wgoboobbotbdogd oo oo

False Negative (FN): Also known as incorrectly guessing your cousin’ s face is food, is again not
something normal people will be wasting their time with, but it would erode trust when it occurs, so it’ s
important to assign some value to it. | would guess this outcome is about 5— 10 times more egregious

than mistaking oatmeal for Cream of Wheat. So let’ s assign it the value of (1 $10 (or expense of $10).
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So there you have it: you have to make at least two correct true positive guesses (at $0.50 each) to

counteract each incorrect false positive guess (at [J $1).
O000o0oOooboooooon
Recall that our formula for accuracy is:

Accuracy = (TP +TN) /(TP + TN + FP + FN)
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Given that we can mostly ignore true negative and false negative counts during normal use,

simplified accuracy in our case = (TP) / (TP + FP). Given that TP =2 FP,
Accuracy = (TP) / (TP + 2TP) = TP/3TP

0000000 1100000100/3*100=100/300=0.33=
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Or at 100 total guesses, 100 /3 * 100 = 100/ 300 = 0.33 = 33%. Which means that our Al has to
have an accuracy greater than 33 percent. This is actually quite low! This means that for this use case, our

Al can be quite aggressive in guessing the food type.
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To use the baseball analogy, an accurate Al will try very hard not to have a strike, so it tends to not
hit unless it knows it can make a clean hit. In contrast, an aggressive Al will try hard not to miss any

potential opportunities to score, so it tends to hit at every pitch.
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There is one more point of note: A false positive in this case is progressive. That means the first few
times the Al guesses the food type incorrectly, the user will likely let it slide with a minor grumble.

However, if the Al will keep calling the customer’ s morning black coffee a chocolate bar, the user’ s



patience will very quickly wear out and they will likely throw in the towel on the entire product. For this
reason, while the initial accuracy is not particularly important (and can be as low as 33 percent; e.g., as
many as one out of every two guesses can be wrong) it’ s going to be critical to rapidly increase the
accuracy for frequently entered foods that are a staple of the particular user’ s diet. The app that
maintains 33 percent accuracy and does not improve with use will likely fail within 3— 5 uses. How
many false positives are okay before the user quits the app? What is the value of various outcomes? Can
that level of improvement be achieved without creating a bespoke Al model for every customer?
Answering these and many other related questions is exactly how UX adds tremendous value to the

Al-driven project.
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Now it’ syour turn. Perform this Value Matrix analysis exercise for your own use case. (Don’ t
even think of skipping this exercise, and remember to keep all your liquids in a gallon-sized bag—there

will be a secondary inspection later!)

O
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PRECISION, RECALL, AND ACCURACY
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In this chapter, we’ ve spent a fair bit of time talking about precision, recall, and accuracy, but
we’ ve not yet officially defined all of our terms. In this slightly more “ mathy” sidebar, we aim to do

just that.

HpN

Precision
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Precision is the ratio of correctly predicted (true positive) observations to the total number of
positive predictions made by the Al model. It tells you how many of the model’ s predicted positives

were correct. High precision is critical when the cost of false positive is high (1):
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For example, imagine an Al model that acts as a spam filter (soa*“ this email is spam” represents a
positive prediction). Precision would measure how many emails were actually spam (true positive) vs.
wrongly classified as spam (false positive). A very precise Al in this case means fewer “ good” emails

were classified as spam.

HEN

Recall
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As we discussed in Chapter 5, recall (sometimes called sensitivity or true positive rate) measures
“ aggressiveness” : For example, an Al model’ s ability to find all relevant positive instances of

something in the dataset. High recall is critical when missing any positive is costly (1).
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Using the email spam filter example, recall tells us how many actual spam emails were correctly
identified as spam versus how many slipped through the filter (false negatives). If your Al model has a
high recall value, you will get very little spam. However, your Al will likely also identify a large number of

“ good” emails as spam, because it tries not to miss any potential positives.

HEN

Accuracy
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As we discussed at length in Chapter 5, accurate models try hard not to be wrong, so they often
“ leave money on the table.” High accuracy is crucial when the cost of making an incorrect prediction

(positive or negative) is high.

Accuracy = (true positives + true negatives)/(true positives + true negatives + false positives + false

negatives)
gooooooogo
Or to put it simpler,
Accuracy = correct predictions/total predictions
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Using the email spam filter example, a model high in accuracy would be cautious in identifying
things as spam and will resist in doing so until it’" s really sure that an email is spam. As a result, a highly
accurate Al may let a lot of spam emails through to ensure none of the * good” emails get caught in

the filter.
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Data Science Metrics Often Work Against Each Other
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In the real world, precision, recall, and accuracy often work against each other. Improving one

sacrifices the others, because we focus on a different aspect of model performance:
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Precision aims to minimize false positives: It' s the metric you prioritize when the cost of a false

positive is high. For example, wrongly accusing someone of fraud can send an innocent person to jail.
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Recall aims to minimize false negatives: It s essential when missing a true positive can lead to
severe consequences. For instance, high recall is good for diagnosing cancers that might be

life-threatening but are easy and safe to biopsy.
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Accuracy aims to minimize all mistakes: It’" s essential when any mistake (false positive or false
negative) might lead to severe consequences. To use the medical example again, you want an accurate
model when it’ s used to identify when a surgery to remove the gallbladder is needed, because you want
to be absolutely sure you are not doing unnecessary surgery (false positive) while also not missing a

potential life-threatening infection (false negative). An accurate model tries to minimize both mistakes.
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VARIABLE Al MODELS—WHY ACCURACY IS STILL
BULLSHIT IFIT" S GUESSING THE PRICE
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Not all of the Al costs and benefits neatly fold into a specific TP/TN or FP/FN outcome. Some
real-world use cases include Al trying to guess the optimal value of a continuous variable, such as price
or time. In the variable optimization models, data scientists likewise talk about accuracy (conservative)
and recall (aggressive) Al models. Let’ s look at a real-life use case that will help demonstrate why Al

accuracy is such a damaging myth in variable Al use cases.
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Imagine you create an Al that helps people price their house for sale. If Al charges too little, you are
leaving money on the table. If Al charges too much, your house may take longer to sell, and you will lose

money while the house is standing empty.
gudubbbtogouobobbuooouoboboboouoo
How much money will you make or lose in each case? Let’ s do a quick calculation.
godoobobooooooooon
Well, let’” s say the house is worth $1 million.

goobobobboooooobobbbodooooboboobboooooooboboobo
gobobobboggggobobbuoddooooboboboooooooboboobooa
OO0 10000000000000000O 100,0000 0000 900,000 00

If your model is based on recall and is aggressive, it is likely to underprice the house. The good news
is that the house will sell quickly, so you will only lose the amount that you underpriced by. Let' ssay an

aggressive Al underpriced your house by $100,000, so now you lost $100,000 and made $900,000.
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On the other hand, if Al was very Accurate, chances are it overpriced the house. So the house
would take longer to sell—let” s say, one year longer. Let’ s take a look at the opportunity costs
accrued in this case. First off, by using an Accurate model and overpricing the house, you’ d be out 6
percent interest you could have been earning on the $1 million, which is $60,000. Second, there is rent
you could have been earning while the house is standing empty [0 So that’ s $3,000/month for 12
months, or $36,000. So you are out a total of $60,000 + $36,000 or $96,000 total. However, when the

overpriced house finally sells—let’ s say it sells for $100,000 more—so you earn $1,100,000.
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In our final calculation, $1,100,000 [ $96,000 = $4,000, so seemingly, with an Accurate Al, you are

now ahead $4,000 of total profit on a house that the Accurate Al has overpriced.
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Unfortunately, things are rarely so simple in the real world. Maybe after one year of the house
standing empty and not selling, it racks up maintenance and insurance, or the housing market tanks, or
you get sick from the sheer nerve-wracking tension as the house does not sell month after month after

month.
000000000000 4000000
Ouch. None of that stress is worth a measly $4,000!
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So here’ sexactly why Al Accuracy is bullshit. Aggressive Al with a goal of maximum recall would
underprice the house as it will focus on taking advantage of every sales opportunity. In fact, aggressive Al
will achieve maximum recall by pricing the house so low that every single potential buyer will want to bid

onit.
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On the other hand, Accurate Al would work very hard not to be wrong, so it’ s likely to overprice,
so the house takes longer to sell. In fact, very accurate Al will fight hardest for every dollar, so it’ s likely

to price it so high that no one will even think of bidding on it.
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Now, in the real world, you often don’ twant Al thatis very “ accurate” because you don’ t
want to wait a year to sell your house! Nor do you want a very “ aggressive” Al with high recall because
youdon’ twant to lose a bunch of money right out of the gate by underpricing. Instead, you want a
balanced Al that will optimize your price based on real-world considerations, not data science metrics
and price your house right at the middle mark: $1,000,000. That has very little to do with accuracy and
recall and everything to do with the questions UX people need to train themselves to ask about Al

predictions.

Accuracy has no value in the real world. Thus when you hear the statement “ This Al is

accurate,” it should sound like bullshit to you because it most certainly is.
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When you hear “ This Al is accurate,” you should immediately ask about the cost and impact of
Al predictions, because overpricing or underpricing rarely have equal impact. Don’ tjust take the data
scientist’ s words for it because they typically do not use real-world metrics. Ask good UX questions.
Take the time to understand the broader impacts of Al predictions, and help your team and your

customers choose the Al model that works best in the real world.
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Another real-world point to consider is processing capacity. If a salesperson can call 10 prospects a
day, an accurate Al that suggests two prospects will be as useless as the aggressive model that suggests 100
prospects; in each case, it will be too few or too many suggestions! This problem is especially important if
the customer has only so much time or attention to spare (which is pretty much always). Asa UX
professional, you should find out how many suggestions or alerts are optimal per unit of time for this
specific person or team and instruct the data science folks to create the Al model accordingly. Note that
processing capacity may be different for different humans; for example, an aggressive salesperson might
be able to call 20 or even 30 prospects per day and close five deals, whereas a more methodical and
personable salesperson might do best with only seven or eight prospects to close the same number of
deals. (Thus our aggressive salesperson might need a more aggressive Al model, and the methodical
salesperson might need a more accurate model to achieve the same ROI.) The Al model should do its
best to accommodate each human’ s ideal preference by adjusting the data science numbers to best suit

the human processing capacity.



