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Discussion Summary (Fairness and Abstraction in Sociotechnical Systems) now open on Autolab

Sorry for the delay but Autolab is now accepting submissions for the 4th discussion summary, which are due by 5pm on Wednesday.
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Today's office hours ends at 2:35pm
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alternative.
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What is bias?

What is bias?

Another loaded term that we will use is the term . In particular, there are roughly three kinds of notions of bias that is relevant to these notes:

1. The first notion (which might be the least known) occurs in a dataset where there are certain specific collection of input variable values occur more than others. This essentially
measure how far away from a truly random (4" dataset the given dataset is. Note that this notion is bias is necessary for ML to work. If all the datapoints are completely random
(i.e. both their input and target variable values are completely random), then there is no bias for a classifier to "exploit"-- in other words, one might as well just output a random
label for prediction.

2. The second notion of bias is that of statistical bias (4", where in our setting this would mean that the binary classifier outcome does not reflect the distribution of the underlying
target variable. Such a classifier would be well calibrated (4 if this does not happen. One could consider a well-calibrated binary classifier to be fair in some sense. This will be
one notion of fairness that will come up in the COMPAS story. (This is the notion of fairness used in the rejoinder to the ProPublica article).

3. The finally notion of bias is the colloquial use of the term (' that is mean to denote an outcome that is not fair. Most of the definitions of fairness in the literature deal with this
notion of bias. And a couple of definition of this kind of fairness will also play a part in the COMPAS story (this is the notion of fairness used in the ProPublica article).
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Six categories of bias of the 3™ kind

A Framework for Understanding Unintended Consequences of Machine Learning

Harini Suresh
MIT

hsuresh@mit.edu

Abstract

As machine learning increasingly affects people and society,
it is important that we strive for a comprehensive and uni-
fied understanding of potential sources of unwanted conse-
quences. For instance, downstream harms to particular groups
are often blamed on “biased data,” but this concept encom-
pass too many issues to be useful in developing solutions.
In this paper, we provide a framework that partitions sources
of downstream harm in machine learning into six distinct
categories spanning the data generation and machine learn-
ing pipeline. We describe how these issues arise, how they
are relevant to particular applications, and how they moti-
vate different solutions. In doing so, we aim to facilitate the
development of solutions that stem from an understanding
of application-specific populations and data generation pro-
cesses, rather than relying on general statements about what
may or may not be “fair.”

John V. Guttag
MIT
guttag @mit.edu

Consider the following toy scenario: an engineer build-
ing a smile-detection system observes that the system has a
higher false negative rate for women. Over the next week,
she collects many more images of women, so that the pro-
portions of men and women are now equal, and is happy to
see the performance on the female subset improve. Mean-
while, her co-worker has a dataset of job candidates and
human-assigned ratings, and wants to build an algorithm
for predicting the suitability of a candidate. He notices that
women are much less likely to be predicted as suitable can-
didates than men. Inspired by his colleague’s success, he
collects many more samples of women, but is dismayed to
see that his model’s behavior does not change. Why did this
happen? The sources of the disparate performance were dif-
ferent. In the first case, it arose because of a lack of data on
women, and introducing more data solved the issue. In the
second case, the use of a proxy label (human assessment of
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Historical Bias

Bias ingrained in society

Cannot be avoided even with perfect sampling of the population
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There are few women CEOs




Another interesting video
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How do we handle historical bias?

How we handle historical bias in the ML pipeline?

Among the five classes of bias we are going to study in these notes, historical bias is something that the ML pipeline has least control over. However, this does not mean that
you as a developer of the ML pipeline should just raise your hands and "give up". At the very least you should be aware of historical bias so that you can make sure that
the latter stages of the ML pipeline do not exacerbate the historical bias when you deploy your ML pipeline.

In certain situations, your real-life goal means you will have to account for historical bias. E.g. if the real life goal is to improve diversity in your company workforce, then if you
are designing an ML pipeline to hire more diverse folks who will be successful in your company, then historical bias in your workforce (e.g. technology companies having much
fewer women and even fewer people of color) is something that your ML pipeline will have to explicitly handle.

Automated hiring
ML pipeline are being deployed for hiring in many places. This is a pipeline where you should pay attention to historical biases in the data that you are using to figure
out who would make for a "good" employee.

To get a sense of what can happen/go wrong: play this online game: Survival of the best fit (4.






Representation bias

Certain section(s) of population excluded in your dataset

Relation to statistical bias
Statistical bias refers to the issue that the your (training) dataset is not a perfectly random sample from the ground truth. l.e., the dataset point are not representative of the
underlying population distribution. Thus, selection bias by definition leads to representative bias.

However, it is possible that there is representative bias even in the absence of selection bias. We will see a particular reason later on but here is another scenario. Consider
the demographics of Finland (£, where non-whites form a tiny fraction of the Finnish population. Now if even if we had a truly random sample of the population of Finland,
unless the sample size if very large, there will be very few non-whites in your sample. In other words, even though technically there is no selection bias, there will be
presentation bias in your system.



Reason #1: Data collection method excludes




Who is being excluded here?

Lower-income Americans have lower
levels of technology adoption

% of U.S. adults who say they have the following ...

E<$30K m$30K-$99,999 = $100K+

I
Smartphone 85
97
I --
Desktop or laptop
83
computer
94
I 5o
Home broadband 81
94
B =

Tablet computer 55
70

All of the above 39
64

Note: Respondents who did not give an answer are not shown.
Source: Survey conducted Jan. 8-Feb. 7, 2019.
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Reason #2: training data is not representative

Chukwuemeka Afigbo L 4
@nke_ise

If you have ever had a problem grasping the importance of
diversity in tech and its impact on society, watch this video
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Not specific to Machine Learning per se...

Do you know what a camera/film roll is?




Camera rolls had an issue...




Representative ex. for representation bias




Back to the ML pipeline
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What are the relevant interactions?
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How do we handle representation bias?

How we handle representation bias in the ML pipeline?
Unlike the case of handling historical bias, handling representation bias is something that should be handled in the ML pipeline because one potentially could have more

control over this kind of bias than historical bias.

If when creating the ML pipeline, you have control over the data collection mechanism, then you should make an effort to not create representation bias. However, we should
note that this could be expensive. See e.g. this video that talk about this issue with the census (along with other issues):

@ The 2020 census is in serious trouble ®© ~»

Watch later - Share
IR ‘

If your ML pipeline uses an existing dataset then you should understand the history of the dataset. It would be helpful if the dataset has a datasheet associated with it.



Measurement bias

|II

Using a proxy variable instead of the “real” variable

This is a good time to clarify/remind you that the recidivism rates being higher for blacks than whites does not imply that blacks necessarily reoffend at a higher rate the
whites. Think about why this could be the case.

: How would you measure whether someone reoffended or not?

The issue is the question mentioned in the hint. There is no way for sure to know whether a person reoffended in a certain time frame or not: e.g. what about the case when
someone commits a crime but never gets caught for it? On the other hand, if someone is caught/arrested for committing a crime that can be recorded.

The notion of recidivism in the COMPAS dataset was whether someone was arrested for another crime in a two year period. Thus, while it is true that more blacks than whites
were arrested for a reoffense, this does not mean that the same holds for actually committing a repeat reoffense.



Reason #1: Prevalence of proxy differs in grps




Another example




Reason #2: proxy is an over-simplification




Example: Predictive policing




Back to the ML pipeline
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What are the relevant interactions?
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How do we handle measurement bias?

How we handle measurement bias in the ML pipeline?
Unlike the case of handling historical bias and (to a lesser extent) handling representation bias, handling measurement bias is something that has be handled in the ML

pipeline since picking the proxy variables is fair and square part of the ML pipeline.
When picking the target and input variables, you should first check if any of the picked variable is a proxy for the actual variable you are trying to measure. If so, you should re-

think about your variable choice. Perhaps another variable is closer to the actual quantity you are trying to measure? If you cannot think of a better alternative you should be
cognizant of the measurement bias you are introducing and at the very least this downside of the ML pipeline should be made clear to the actual users of the pipeline.
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