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How to Mitigate Bias

Ethics, Bias, and Machine Learning

Definition of “Bias”

“Al bias” (also called machine learning or algorithm bias) happens when an Al system gives unfair or
distorted results because the data or rules it learned from were already biased by humans. In short, if the
data’s biased, the Al will be too, and that can lead to some pretty unfair outcomes.

£) Ethics in Machine Learning: Why We Even Care

Alright, let’s break this down in plain English, no computer science degree required.

Machine learning isn’t some kind of sci-fi wizardry where robots magically “know” things. It’s basically
math, statistics, and a ton of data trying really, really hard to guess patterns in the world. Think of it like a
super-nerdy fortune teller who reads data instead of palms.

But here’s the twist, these “predictions” don’t just stay on a computer screen. They affect real people. For
example, ML systems can help decide who gets hired, who’s approved for a loan, which faces a camera
recognizes, or even what videos pop up on your social feed. So if the data that trained the model has
biases (and it usually does), those biases can sneak right into the system’s decisions, like an uninvited
guest who eats all the snacks at a party.

That’s why understanding how these systems work (and what can go wrong) is so important. Because at
the end of the day, machine learning doesn’t have morals, it just has math. And sometimes, math needs
a little human supervision to stay fair.

&) ML Ethics & Bias Cheat Sheet
Ethics = Don’t Be Evil (Seriously)

Let’s talk about the not-so-glamorous (but super important) side of machine learning, ethics and bias. Or,

as | like to callit: “How Not to Let Your Robot Be a Jerk.” (=l



Here’s the deal, ML systems make decisions that actually affect people. We’re talking about real stuff:
who gets a job, who gets a loan, what medical advice pops up, or even what kind of posts you see online.
So yeah, it’s not just some background tech, it’s influencing lives.

The golden rule of ML ethics? Don’t be evil. (Yes, really.)
Before you build or deploy any Al system, you have to ask yourself some key questions:

e Isthisfair?
e Could this hurt someone?
¢ Who’s actually benefiting here, and who might be getting the short end of the stick?

Let’s take an example: imagine a company uses Al to screen job applications. They train it using old hiring
data, but if that data mostly came from hiring men, guess what happens? The Al “learns” that men get
hired more often and starts doing the same thing. Not because it’s malicious, but because it’s a data

sponge that repeats what it’s been fed.

That’s why ethics in ML isn’t just about being nice, it’s about being aware. You have to catch these sneaky
biases before your Al starts accidentally discriminating against people. Think of it like raising a kid: if you
don’t teach it what’s right, it’s going to pick up bad habits from whatever it sees around it.

So yeah, ML ethics is basically parenting for algorithms, minus the bedtime stories.

£ Bias in Machine Learning: Where It Comes From

Bias isn’t just people being biased, ML models can be biased too. How? Mainly through data.

Bias Comes in Many Flavors
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Alright, let’s dig into something super sneaky in the world of machine learning, bias. Yep, not the “I like

pineapple on pizza” kind of bias (which, by the way, is totally fine ¢ ), but the kind that quietly slips
into data and messes with fairness in Al systems.

See, machine learning models don’t want to be biased, they just pick it up from the data we feed them.
They’re like toddlers repeating what they hear at home... even when it’s something they definitely

shouldn’t repeat in public. &

So where does bias come from?

Mostly, it sneaks in through data, the same way bad habits sneak in through repetition. And it comesin a
few different “flavors™:

# 1. Historical Bias

This is when data reflects the unfair patterns of the past.

For example, imagine a hiring Al trained on years of company data where most of the hired employees
were men. The Al doesn’t know any better, it “learns” that men are more likely to get hired. So, guess
what? It starts favoring male applicants too. Not because it’s sexist, but because it’s mimicking history,
and history wasn’t exactly fair.

2. Sampling Bias

This happens when your data doesn’t represent everyone it’s supposed to.

Picture a health Al that’s mostly trained on young adults. It might work great for 20-year-olds but
completely fumble when diagnosing elderly patients. That’s like designing a car that only fits people
under 5’5”, everyone else is out of luck.

=9 3. Algorithmic Bias

Even if your data is decent, sometimes the math itself introduces bias. It’s like a GPS that keeps
“helpfully” rerouting you through toll roads.

A real-world example: In 2018, a healthcare algorithm in the U.S. recommended more extra care for white
patients than Black patients. Not because everyone intended it, but because it used healthcare spending
as a stand-in for health needs. Since less money was historically spent on Black patients, the Al

assumed they needed less care. Oof.

So yeah, bias in ML isn’t just about bad people making bad choices. It’s about how tiny cracks in the data
or math can turn into big, real-world problems if no one catches them. The good news? Once you

understand where bias comes from, you can start patching those cracks before your Al goes rogue.



EJ How to Mitigate Bias: Playing Defense

So now that we know bias in machine learning can be a sneaky little troublemaker, let’s talk about how to

keep it in check before it turns your Al into a digital jerk. &

Think of this part like playing defense in a sports game. The bias is trying to score against you, and your
jobis to block it, intercept it, and maybe even teach it some manners along the way.

Here’s how you can fight bias before it bites you:

a. Check Your Data (Aka: “Garbage In, Garbage Out”)

First rule of machine learning: if your data is lopsided, your model will be too.
So, make sure your data actually represents the people or things your system will affect. Don’t just grab
whatever’s easiest to find, that’s like trying to judge global fashion trends based only on what’s in your

own closet. /

If you’re building a health app, don’t only use data from young, healthy men, include people of all ages,
genders, and backgrounds. The more diversity, the better your Al will handle real-world situations.

b. Audit Your Models (Basically: “Put Your Al on Trial”)

Once your modelis up and running, test jit. See how it performs for different groups.
If it’s doing great for one demographic but flopping for another, that’s a red flag. It’s like giving everyone

the same pair of shoes, just because they fit you doesn’t mean they’ll fit everyone else.

Regular audits help catch unfair patterns before they cause harm.

c. Adjust the Algorithms (Give the Math a Moral Compass)

Sometimes you have to tweak the math a bit to make things fair.
There are actually “fairness-aware” algorithms out there that can help balance outcomes so no single
group gets an unfair advantage (or disadvantage).

It’s kind of like teaching your Al: “Hey, don’t just copy what you’ve seen, think about why you’re making
that decision.”

4r d. Keep Humans in the Loop (Because Al Shouldn’t Be the Boss of Everything)

Al should assist humans, not replace them entirely.
Keep real people involved to check decisions, question assumptions, and document how things work.



You don’t want your Al to be a mysterious black box that just says, “Because | said so.” That’s not

intelligence, that’s just digital attitude. (=

Transparency builds trust, both inside your team and with the people affected by your tech.

@&, e. Continuous Monitoring (Fairness Is a Lifestyle, Not a Checkbox)

Here’s the thing, even if your model starts off fair, bias can sneak back in over time.
Especially if your Al keeps learning from new data, which might reflect new biases.

So treat fairness like brushing your teeth, something you do regularly, not just once when you remember.

N\

In short:
e Checkyour data, make it real and diverse.
e Audit your models, fairness checkups are essential.
e Adjustyour math, balance things when needed.
¢ Keep humansinvolved, no black box nonsense.

o Keep monitoring, fairness isn’t one-and-done.

Because at the end of the day, building ethical Al isn’t about perfection, it’s about paying attention. The
goal isn’t to make machines flawless; it’s to make them fair, transparent, and human-friendly. And hey,

that’s not just good ethics, that’s good business too.

L) TL DR/ Takeaway

Alright, time for the grand finale, the “too long, didn’t read” part, aka the part you’ll actually remember

after your coffee wears off. @

So here’s the deal:

Machine learning can do amazing things, it can spot patterns faster than humans, predict stuff we never
would’ve guessed, and make life easier in tons of ways.

But (and it’s a big but @)... if we’re not careful, it can also do terrible things, quietly, and sometimes
without anyone even realizing it.

That’s why, whether you’re building the next cool app or just learning how Al works, your job is pretty
simple:



<>~ Your Golden Rules:

e Keep humans first.
e Question the data.
e Audit, tweak, and monitor.

e Keep monitoring,

Now, think of this like baking a cake. =
If you use great ingredients (good, diverse data) and follow a solid recipe (smart algorithm design), you’ll
end up with something everyone wants a slice of, fair, inclusive Al that actually helps people.

But... if your ingredients are spoiled or your recipe’s off?
Boom, burnt, bitter, and probably in the trash. Nobody wants to eat that, and definitely nobody wants to

trust that. =

& Quick Memory Trick: Just B.A.K.E. your Al

B - Balanced data: Use diverse, representative samples, not just what’s easiest to find.
A - Audit outcomes: Check your results regularly for fairness.

K - Keep humans in the loop: Always have people overseeing decisions.

E - Evaluate continuously: Don’t stop testing, bias can creep back in.

If You’re a Visual Thinker, Picture This:
o A scale for fairness.

o =1 Adiverse group of people representing real data.

2 A magnifying glass for model audits.

) Alooping arrow showing ongoing evaluation.



~ Takeaway:
Bias = rotten ingredients.
Ethics + mitigation = a delicious cake everyone can enjoy.

So before you serve your Al to the world, taste it first. Make sure it’s something you’d be proud to share.

~

Because a fair, thoughtful Al? That’s the kind of tech that actually makes life sweeter. &

ML Ethics & Bias
Cheat Sheet

@ Ethics = Don't Be Evil
(Seriously)

ML decisions affect real humans:
jobs, loans, health, content.

Ask yourself: Fair? Harmful?
Who benefits, who loses?

@ Bias Comes in Many Flavors
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