Framing ML Problems




Artificial intelligence and machine learning have dramati-
cally changed our lives, and we are still in the early stages of
adoption. Google adopted machine learning two decades ago
and continues to inspire us all with its innovations. Google’s
innovations are part of its brand, and millions of customers eagerly look forward to the
annual conference Google I/O, which is described as “innovation in the open” for new path-
breaking creations. Many innovations, although considered disruptive initially, are adopted
rapidly, sometimes by billions of users; they can even achieve common household usage in
just a few years.

For example, a universal translator is a device that can translate text or voice from one
language to another in near real time; this was a common theme in old sci-fi movies that is
now a reality today. Another use case is the ability to search for objects in images by show-
ing an image instead of using a keyword, called “search by image.” You might have used
the “suggested replies” to emails, which saves you the time and effort to type out an email
reply on Android phones. While that use case might save a few minutes of time, other
innovations like the AlphaFold Al system saves years, accelerating research by predicting
a protein’s 3D structure from its amino acid sequence instead of using means based on a
physical lab.

Businesses across the globe have started embracing Al and machine learning. These busi-
nesses are not “rare innovators” but cut across all domains, in a range of industries including
agriculture, healthcare, transportation, retail, and manufacturing. One can safely say that
any field can benefit from machine learning by identifying the right use cases.

You see use cases everywhere around you, and the motivations for innovation might
be varied. Some industries might be trying to solve critical problems like trying to under-
stand the protein structure of the coronavirus; other industries might be looking for ways
to increase efficiency. Sometimes machine learning can solve a problem that was previously
impossible to solve, while in other cases it might be providing an incremental improve-
ment to an existing situation. Sometimes these innovations might be competitive, where one
business is able to grow rapidly due to innovation that puts pressure on all others, while in
other cases all businesses might be trying to come together to solve a single problem. Having
a historical understanding of an industry helps you appreciate the previous efforts in solving
problems and exploring new approaches.

Innovations all start out as simple use cases that are translated into machine problems,
which can then be tackled by machine learning engineers. The ability to identify these use
cases and assess the impact of machine learning is the first step in your journey toward
certification.
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Translating Business Use Cases

The goal of this chapter is to help you to first identify the impact, success criteria, and data
available for a use case. Then, match this with a machine learning approach (an algorithm
and a metric) as shown in Figure 1.1. We will look at how to fit the ML project into the
budget and timeline.

FIGURE 1.1 Business case to ML problem

Success criteria F--—-—— o _______

Stakeholders Business use case ML problem
Training/test
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Budget i ‘

Now, imagine you are being tasked with using ML to solve a problem. You first need to
identify the use case and fit it to a machine learning problem.

For example, say you are trying to predict house prices, you can use a regression model.
The performance requirements of the model will be determined by the business.

Say, you have had a discussion with the key people and understood the use case; you now
need to identify the key stakebolders, the people related to the use case. The stakeholders
can be executives, the CFO, data engineers, tech support staff who may have to approve the
project to proceed. Each of these stakeholders might have very different expectations of this
ML project, and your ability to communicate the value could make the difference between
approval or rejection. Executives are looking for impact to business, CFOs are typically
interested in the budget of the solution, managers might be keen on timelines, and data man-
agers might be interested in data privacy and security. If you are able to understand these five
aspects, your pathway to approvals will be smooth.

The stakeholders will help you measure the impact of this use case for your company and
the end user. The impact could be increasing profit, reducing fraud, improving the quality of
life, or even saving lives. The impact is probably the most important element of the use case.
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For example, say your company has a learning management system (LMS), a platform
where students subscribe to courses. You have data of students’ activities and using this you
want to improve the experience using machine learning. You could do several things:

= Create a recommendation engine to show new courses for students.
= Churn prediction to see if a student is going to quit the course.
»  Churn prediction to see if a teacher is not going to come back.

= Identify what makes a course interesting for students (sample questions, more images,
more tables, short videos, etc.).

= Identify what kind of learning a student prefers (auditory, visual, or kinesthetic).

Which of these would be most impactful is a question that can be answered only by the
business owner.

Once you have identified the use case with the highest impact on your business, you need
to identify the outcome of your machine learning solution. In short, what would happen if
you implemented your solution? Sometimes, your model would make accurate predictions,
but the environment might react in a counterproductive way to these predictions. This is
because the environment is seldom static; the users could adapt or the users could get con-
fused with the behavior of the predictions.

For example, say your company has a video sharing website, and you have millions of
videos. You are trying to build an ML model to recommend videos to your users. You could
choose from among the following:

=  An ML model to recommend unseen videos from popular video creators. The problem is
that this is not personalized. What if the user does not like some of the creators?

=  An ML model to recommend videos that get a lot of clicks. But what if these are just
clickbait, where people click and regret wasting time?

=  An ML model to recommend videos that have been watched fully by similar users. This
would lead to improving the user experience.

In this example, you need to have a good understanding of the use case, the overall goal,
and the end user to be able to find the right fit.

Next, find out if the problem is even solvable using machine learning. Business leaders
hear inspiring stories in the media about how a business solves a problem with ML and it
sounds magical and the business leaders would love to use it to solve their business prob-
lems. They need an expert like you to figure out if it is even feasible to solve their problem
using ML. This is not as easy as it sounds; it depends on several things, like existing tech-
nology, available data, and budget. For example, natural language processing has advanced
leaps and bounds and has made it possible to do things that were impossible just a few years
ago, such as using ML to answer a question from a piece of text. Familiarity with the lat-
est advancements in natural language processing would help you identify easier, faster, and
better ML methods to solve your business problems.

As the next step, you will need to identify an ML learning approach that fits your
use case.
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Machine Learning Approaches

Many machine learning problems have been well researched and have elegant solutions, but
some algorithms are not perfect and some problems can be solved in multiple ways. Some-
times, a use case will fit perfectly with an ML framework and other times not so well. You
need to be aware of the landscape of ML problems. There are several approaches to machine
learning methods. Some of these approaches have been studied for decades, and others are
fairly new. There are hundreds if not thousands of ways to apply machine learning tech-
niques. To help us get a grasp of the breadth of these methods, we organize them into cate-
gories (also called methods, or types or approaches or problems). Each of these approaches
solves a specific class of problems, distinguished by the type of data, the type of prediction,
and so on.

P expected to understand the nature of the problem and find the appro-
priate machine learning approach to solve it. To accomplish that, you
need to have wide knowledge of the landscape of these machine learning
approaches.

é/ On the exam, you will be given the details of a use case and will be

We will look at the different ways to classify the approaches in the following sections.

Supervised, Unsupervised, and Semi-supervised
Learning

A common method of classifying machine learning approaches is based on the type of
learning. When you have a labeled dataset that you can use to train your model, it is called
supervised learning. For example, supervised learning would be trying to build a model to
classify images of dogs or cats and having the ability to use a dataset of images that have
been labeled accordingly.

There are some cases where you have only unlabeled data, such as a set of images
(without any labels or tags), and you will be asked to classify or group them. This would be
an unsupervised ML model. Clustering algorithms are a suite of algorithms that belong to
this type and are used to group and/or classify data. Autoencoders are also a family of algo-
rithms that belong to this type. Autoencoders are used to reduce the dimensionality of input
data, a preprocessing step in many machine learning models.

Another popular unsupervised ML use case is topic modeling, a type of document clus-
tering problem. The algorithm takes documents and classifies them into N number of classes
based on the commonality of words and sentences in the texts. Comparing this to how
a human being would classify books, say, in a library, you may classify them into fiction,
nonfiction, science, history, and so on. In other times, you may classify the books based on
languages (for example, English, Chinese, Hindi). Similarly, an unsupervised algorithm may
or may not classify in the way you expected. The output of unsupervised learning methods
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cannot be fully controlled, and it is almost never perfect and so requires careful tuning to get
required results. Table 1.1 provides the details of some of the popular ML model types that
are readily available in Google Cloud.

TABLE 1.1 ML problem types

Name Data Type Supervised/Unsupervised
Regression —Tables Tabular Supervised

Classification —Tables Tabular Supervised

Forecasting Series Supervised

Image classification Image Supervised

Image segmentation Image Supervised

Object detection Image Supervised

Video classification Video Supervised

Video object tracking Video Supervised

Video action recognition Video Supervised

Sentiment analysis Text Supervised

Entity extraction Text Supervised

Translation Text Supervised

K-means clustering Tabular Unsupervised

Principal component analysis Tabular Unsupervised

Topic modeling Text Unsupervised
Collaborative filtering/ Mixed Supervised/Unsupervised

recommendations

Source: Adapted from Google cloud/ https://cloud.google.com/vertex-ai/docs/training-overview last
accessed December 16, 2022.
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To solve the problem of uncertainty in unsupervised learning, there is a hybrid solution
called semi-supervised learning, where some data is labeled and other data is not. This is
like guiding the algorithm toward the clusters that you want to see. While semi-supervised
models are interesting research topics and have some utility, in a majority of use cases, super-
vised models are used.

There are many other kinds of machine learning models beyond these, including rein-
forcement learning (where the algorithm is not given data but is given an environment that
the agent explores and learns) and active learning algorithm, but they are beyond the scope
of the certificate exam.

Another way to classify the machine learning algorithms is based on the type of pre-
diction. The type of data the model will predict determines several aspects of the machine
learning algorithm and the method used. We will explore that next.

Classification, Regression, Forecasting, and Clustering

Classification is the process of predicting the “labels™ or “classes” or “categories.” Given a
picture of a pet, classifying dogs versus cats is a classification problem. If there are just two
labels, it is called binary classification, and if there are more labels, it is called multiclass
classification. You could have a classification with thousands of labels; for example, the
Cloud Vision API can classify millions of different objects in a picture, which is a more diffi-
cult problem to solve. You cannot apply the same model for binary classification, multiclass
classification, and classification with thousands of classes.

In regression, the ML model predicts a number—for example, prediction of house price
(given the number of bedrooms, square footage, zip code), prediction of the amount of rain-
fall (given temperature, humidity, location). Here the predicted value’s range depends on the
use case. The ML algorithms used for regression are usually different from classification.
Typically, you would find structured data (data in rows and columns), as shown in Table 1.2,
being used for regression problems.

TABLE 1.2 Structured data

Student ID Age Exam Scores (Out of 100)
1 34 75
2 23 59
3 36 92

4 31 67
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Forecasting is another type where the input is time-series data and the model predicts
the future values. In a time-series dataset (Table 1.3), you get a series of input values that
are indexed in time order. For example, you have a series of temperature measurements
taken every hour for 10 hours from a sensor. In this case, one temperature reading is related
to the previous and next reading because they are from the same sensor, in subsequent
hours, and usually only vary to a small extent by the hour, so they are not considered to be
“independent” (an important distinction from other types of structured data).

TABLE 1.3 Time-Series Data

Temperature
Series 1 29, 30, 40, 39, 23, 20
Series 2 10, 11,13, 23, 43, 34
Series 2 19, 18, 19, 20, 38, 20
Series 4 14,17, 34, 34,12, 43

Some forecasting problems can be converted to regression problems by modifying the
time-series data into independent and identically distributed (IID) values. This is done either
for convenience or availability of data or for preference for a certain type of ML model. In
other cases, regression problems can be converted into classification problems by bucketiz-
ing the values. We will look into details in the following chapters. There is an art to fitting an
ML model to a use case.

Clustering is another type of problem, where the algorithm creates groups in the data
based on inherent similarities and differences among the different data points. For example,
if we are given the latitude and longitude of every house on Earth, the algorithm might
group each of these data points into clusters of cities based on the distances between groups
of houses. K-means is a popular algorithm in this type.

ML Success Metrics

A business problem can be solved using many different machine learning algorithms, so
which one to choose? An ML metric (or a suite of metrics) is used to determine if the trained
model is accurate enough. After you train the model (supervised learning), you will predict
the values (y) for, say, N data points for which you know the actual value (y). We will use a
formula to calculate the metric from these N predictions.
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There are several metrics with different properties. If so, what is our metric? What is the
formula for calculating the metric? Does the metric align with the business success criteria?
To answer these questions, let us look at each class of problems, starting with classification.

Say you are trying to detect a rare fatal disease from an X-ray. This is a binary
classification problem with two possible outcomes: positive/negative. You are given a set of a
million labeled X-ray images with only 1 percent of the cases with the disease, a positive data
point. In this case, a wrong negative (false negative), where we predict that the patient does
not have the disease when they actually do have it, might cause the patient to not take timely
action and cause harm due to inaction. But a wrong positive prediction (false positive), where
we predict that the patient has the disease when in fact they do not, might cause undue con-
cern for the patient. This will result in further medical tests to confirm the prediction. In this
case, accuracy (the percentage of correct prediction) is not the correct metric.

Let us now consider an example with prediction numbers for a binary classification for an
unbalanced dataset, shown in Table 1.4.

TABLE 1.4 Confusion matrix for a binary classification example

Predicted
Positive Prediction Negative Prediction
E .
2 Positive Class 5 2
(%]
<
Negative Class 3 990

There are two possible prediction classes, positive and negative. Usually the smaller class
(almost always the more important class) is represented as the positive class. In Table 1.4,
we have a total of 1,000 data points and have predictions for each. We have tabulated the
predictions against the actual values. Out of 1,000 data points, there are 7 belonging to the
positive class and 993 belonging to the negative class. The model has predicted 8 to be in the
positive class and 992 in the negative class. The bottom right represents true negatives (990
correctly predicted negatives) and the top left represents true positives (5 correctly predicted
positives). The bottom left represents false positives (3 incorrectly predicted as positive) and
the top right represents false negatives (2 incorrectly predicted as negative). Now, using the
numbers in this confusion matrix, we can calculate various metrics based on our needs.

If this model is to detect cancer, we do not want to miss detecting the disease; in other
words, we want a low false negative rate. In this case, recall is a good metric.

Recall = True Positive

True Positive + False Negative
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In our case, recall = 5/(5 + 2) = 0.714. If false positives are higher, the recall metric will
be lower because false negative is in the denominator. Recall can range from 0 to 1, and a
higher score is better. Intuitively, recall is the measure of what percentage of the positive data
points the model was able to predict correctly.

On the other hand, if this is a different use case and you are trying to reduce false posi-
tives, then you can use the precision metric.

.. True Positive
Precision =

True Positive + False Positive

In our case, we have 3 false positives, so our precision score is 5/(5 + 3) = 0.625. Intui-
tively, precision quantifies the percentage of positive predictions that were actually correct.

Sometimes, your use case might be interested in reducing both false positives and false
negatives simultaneously. In that case, we use a harmonic mean of both precision and recall,
and it is called the F1 score. (There is a more general F, score depending on how you wish to
weight precision and recall and F1 is just one case.)

Fl 22 x Precision * Recall

Precision + Recall

In our example, we get 2 x (0.625 x 0.714)/(0.625 + 0.714) = 0.666. Here again, F1
ranges from 0 to 1, and a higher score indicates a higher-quality model. The three metrics are
summarized in Table 1.5.

TABLE 1.5 Summary of metrics

Scenario Formula
Precision Lower false positive . True Positive
Precision = — —
True Positive + False Positive
Recall = True Positive
Recall Lower false negative True Positive + False Negative
T
F1 Lower false positive and false F1=2x Precision * Recall

negative together Precision + Recall
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Area Under the Curve Receiver Operating Characteristic
(AUC ROC)

ROC stands for receiver operating characteristic curve (it comes from the field of
signal processing) and is a graphical plot that summarizes the performance of a binary
classification model (Figure 1.2). The x-axis is the false positive rate, and the y-axis is the
true positive rate, and the plot is generated at different classification thresholds. The ideal
point for this plot is the top-left corner, which has 100 percent true positive and 0 percent
false positive, but in practice you will never see this. You can also calculate the precision,
recall, and F1 at each point on the curve. When you visually inspect the curve, a diagonal
line is the worst case, and we want the curve to stretch as far from the diagonal as possible.
When you have two models, you get two ROC curves, and the way to compare them is to
calculate the area under the curve (AUC).
Once you have chosen the model based on AUC, you can find the threshold point that
maximizes your F1 (as indicated in Figure 1.2).

FIGURE 1.2 AUC
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This method has the following advantages:

= Scale-invariant: It measures how well the predictions are ranked and not their abso-
lute values.

= Classification threshold-invariant: It helps you measure the model irrespective of what
threshold is chosen.

P times there are huge disparities between false positives and false nega-
tives. Therefore, AUC is not usually the best metric for picking a model
when there is class imbalance.

% Classification threshold invariance is not always desirable because some-
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The Area Under the Precision-Recall (AUC PR) Curve

The area under the precision-recall curve is a graphical plot that illustrates the relationship
between a precision-recall pair (Figure 1.3). The x-axis is the recall and the y-axis is the pre-
cision. The best AUC PR curve is a horizontal line across the top. In this curve, the optimal
point is the top-right corner, which has 100 percent precision and 100 percent recall, which
is never seen in practice but always aimed at.

FIGURE 1.3 AUCPR
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If the dataset is highly imbalanced, the AUC PR is preferred because a high number of
true negatives can cause the AUC curve to be skewed.

Regression

Regression predicts a numerical value. The metric should try to show the quantitative
difference between the actual value and the predicted value.

MAE The mean absolute error (MAE) is the average absolute difference between the
actual values and the predicted values.

RMSE The root-mean-squared error (RMSE) is the square root of the average squared
difference between the target and predicted values. If you are worried that your model
might incorrectly predict a very large value and want to penalize the model, you can use
this. Ranges from 0 to infinity.

RMSLE The root-mean-squared logarithmic error (RMSLE) metric is similar to
RMSE, except that it uses the natural logarithm of the predicted and actual values +1.
This is an asymmetric metric, which penalizes under prediction (value predicted is lower
than actual) rather than over prediction.
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MAPE Mean absolute percentage error (MAPE) is the average absolute percentage
difference between the labels and the predicted values. You would choose MAPE when
you care about proportional difference between actual and predicted value.

R? R-squared (R?) is the square of the Pearson correlation coefficient (r) between the
labels and predicted values. This metric ranges from zero to one; and generally a higher
value indicates a better fit for the model.

Responsible Al Practices

Al and machine learning are powerful new tools, and with power comes responsibility. You

should consider fairness, interpretability, privacy, and security in your ML solution. You can
borrow from best practices in software engineering in tandem with considerations unique to
machine learning.

General Best Practices Always have the end user in mind as well as their user experi-
ence. How does your solution change someone’s life? Solicit feedback early in the design
process. Engage and test with a diverse set of users you would expect to use your solu-
tion. This will build a rich variety of perspectives and will allow you to adjust early in
the design phase.

Fairness Fairness is very important because machine learning models can reflect and
reinforce unfair biases. Fairness is also difficult in practice because there are several def-
initions of fairness from different perspectives (academic, legal, cultural, etc.). Also, it

is not possible to apply the same “fairness” to all situations as it is very contextual. To
start with, you can use statistical methods to measure bias in datasets and to test ML
models for bias in the evaluation phase.

Interpretability Some popular state-of-the-art machine learning models like neural net-
works are too complex for human beings to comprehend, so they are treated as black
boxes. The lack of visibility creates doubt and could have hidden biases. Interpretability
is the science of gaining insights into models and predictions. Some models are inher-
ently more interpretable (like linear regression, decision trees) and others are less inter-
pretable (deep learning models). One way to improve interpretability is to use model
explanations. Model explanations quantify the contributions of each input feature
toward making a prediction. However, not all algorithms support model explanations.
In some domains, model explanations are mandated, so your choice of algorithms is
restricted.

Privacy The only connection between the training data and prediction is the ML
model. While the model only provides predictions from input values, there are some
cases where it can reveal some details about the training data. This becomes a serious
issue if you trained with sensitive data like medical history, for example. Although the
science of detecting and preventing data leakage is still an area of active research, fortu-
nately there are now techniques to minimize leakage in a precise and principled fashion.
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Security The threat of cybersecurity is very much applicable to machine learning. In
addition to the usual threats to any digital application, there are some unique secu-

rity challenges to machine learning applications. These threats are ever present, from
the data collection phase (poison data), training phase (leakage of training data), and
deployment phase (stealing of models). It is important to identify potential threats to
the system, keep learning to stay ahead of the curve, and develop approaches to combat
these threats.

You can read more at https://ai.google/responsibilities.

Summary

In this chapter, you learned how to take a business use case and understand the different
dimensions to an ask and to frame a machine learning problem statement as a first step.

Exam Essentials

Translate business challenges to machine learning. Understand the business use case that
wants to solve a problem using machine learning. Understand the type of problem, the data
availability, expected outcomes, stakeholders, budget, and timelines.

Understand the problem types. Understand regression, classification, and forecasting. Be
able to tell the difference in data types and popular algorithms for each problem type.

Know how to use ML metrics. Understand what a metric is, and match the metric with the
use case. Know the different metrics for each problem type, like precision, recall, F1, AUC
ROC, RMSE, and MAPE.

Understand Google’s Responsible Al principles. Understand the recommended practices for
Al in the context of fairness, interpretability, privacy, and security.
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Review Questions

When analyzing a potential use case, what are the first things you should look for?

(Choose three.)

A.
B.
C.
D.

Impact
Success criteria
Algorithm

Budget and time frames

When you try to find the best ML problem for a business use case, which of these aspects is

not considered?

A.
B.
C.
D.

Model algorithm
Hyperparameters
Metric

Data availability

Your company wants to predict the amount of rainfall for the next 7 days using machine

learning. What kind of ML problem is this?

A.
B.
C.
D.

Classification
Forecasting
Clustering

Reinforcement learning

You work for a large company that gets thousands of support tickets daily. Your manager

wants you to create a machine learning model to detect if a support ticket is valid or not.
What type of model would you choose?

A.
B.
C.
D.

Linear regression
Binary classification
Topic modeling

Multiclass classification

You are building an advanced camera product for sports, and you want to track the ball.

What kind of problem is this?

A.

B.
C.
D

Not possible with current state-of-the-art algorithms
Image detection
Video object tracking

Scene detection



16 Chapter 1 = Framing ML Problems

6. Your company has millions of academic papers from several research teams. You want to
organize them in some way, but there is no company policy on how to classify the doc-
uments. You are looking for any way to cluster the documents and gain any insight into
popular trends. What can you do?

A. Not much. The problem is not well defined.
B. Use a simple regression problem.
C. Use binary classification.

D. Use topic modeling.

7.  What metric would you never chose for linear regression?

A. RMSE

B. MAPE
C. Precision
D. MAE

8. You are building a machine learning model to predict house prices. You want to make sure
the prediction does not have extreme errors. What metric would you choose?

A. RMSE

B. RMSLE
C. MAE
D. MAPE

9. You are building a plant classification model to predict variety1 and variety2, which are
found in equal numbers in the field. What metric would you choose?

A. Accuracy
B. RMSE

C. MAPE
D. R?

10. You work for a large car manufacturer and are asked to detect hidden cracks in engines using
X-ray images. However, missing a crack could mean the engine could fail at some random
time while someone is driving the car. Cracks are relatively rare and happen in about 1 in
100 engines. A special camera takes an X-ray image of the engine as it comes through the
assembly line. You are going to build a machine learning model to classify if an engine has
a crack or not. If a crack is detected, the engine would go through further testing to verify.
What metric would you choose for your classification model?

A. Accuracy
B. Precision
C. Recall
D. RMSE
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You are asked to build a classification model and are given a training dataset but the data is
not labeled. You are asked to identify ways of using machine learning with this data. What
type of learning will you use?

A. Supervised learning

B. Unsupervised learning

C. Semi-supervised learning

D. Reinforcement learning

You work at a company that hosts millions of videos and you have thousands of users. The
website has a Like button for users to click, and some videos get thousands of “likes.” You
are asked to create a machine learning model to recommend videos to users based on all the

data collected to increase the amount of time users spend on your website. What would be
your ML approach?

A. Supervised learning to predict based on the popularity of videos

B. Deep learning model based on the amount of time users watch the videos

C. Collaborative filtering method based on explicit feedback

D. Semi-supervised learning because you have some data about some videos

You work for the web department of a large hardware store chain. You have built a visual
search engine for the website. You want to build a model to classify whether an image con-
tains a product. There are new products being introduced on a weekly basis to your product

catalog and these new products must be incorporated into the visual search engine. Which of
the following options is a bad idea?

A. Create a pipeline to automate the step: take the dataset, train a model.

B. Create a golden dataset and do not change the dataset for at least a year because cre-
ating a dataset is time-consuming.

C. Extend the dataset to include new products frequently and retrain the model.

D. Add evaluation of the model as part of the pipeline.

Which of the following options is not a type of machine learning approach?

A. Supervised learning

B. Unsupervised learning

C. Semi-supervised learning

D. Hyper-supervised learning

Your manager is discussing a machine learning approach and is asking you about feeding the

output of one model to another model. Select two statements that are true about this kind of
approach.

A. There are many ML pipelines where the output of one model is fed into another.
B. This is a poor design and never done in practice.

C. Never feed the output of one model into another model. It may amplify errors.
D

There are several design patterns where the output of one model (like encoder or trans-
former) is passed into a second model and so on.
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You are building a model that is going to predict credit-worthiness and will be used to
approve loans. You have created a model and it is performing extremely well and has high
impact. What next?

A. Deploy the model.

B. Deploy the model and integrate it with the system.

C. Hand it over to the software integration team.

D. Test your model and data for biases (gender, race, etc.).

You built a model to predict credit-worthiness, and your training data was checked for

biases. Your manager still wants to know the reason for each prediction and what the model
does. What do you do?

A. Get more testing data.

B. The ML model is a black box. You cannot satisfy this requirement.

C. Use model interpretability/explanations.

D. Remove all fields that may cause bias (race, gender, etc.).

Your company is building an Android app to add funny moustaches on photos. You built a
deep learning model to detect the location of a face in a photo, and your model had very high

accuracy based on a public photo dataset that you found online. When integrated into an
Android phone app, it got negative feedback on accuracy. What could be the reason?

A. The model was not deployed properly.

B. Android phones could not handle a deep learning model.

C. Your dataset was not representative of all users.

D. The metric was wrong.

You built a deep learning model to predict cancer based on thousands of personal records
and scans. The data was used in training and testing. The model is secured behind a fire-

wall, and all cybersecurity precautions have been taken. Are there any privacy concerns?
(Choose two.)

A. No. There are no privacy concerns. This does not contain photographs, only scans.

B. Yes. This is sensitive data being used.

C. No. Although sensitive data is used, it is only for training and testing.

D. The model could reveal some detail about the training data. There is a risk.

You work for an online shoe store and the company wants to increase revenue. You have a
large dataset that includes the browsing history of thousands of customers, and also their

shopping cart history. You have been asked to create a recommendation model. Which of the
following is not a valid next step?

A. Use your ML model to recommend products at checkout.
B. Creatively use all the data to get maximum value because there is no privacy concern.

C. Periodically retrain the model to adjust for performance and also to include new
products.

D. In addition to the user history, you can use the data about product (description, images)
in training your model.
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