A DEEP DIVE INTO

RANDOM
FOREST

Everything you need to know - Concepts,
Formulas, Real-World Use Cases & Interview
questions
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Example We’ll Use

To understand a Random Forest & its
underlying concepts let’s use a banking
example (from the Decision Tree guide)

AllLife Bank

e AllLife Bank, a growing fictitious U.S. retail
bank, has a large base of liability
customers — individuals who primarily
maintain deposits.

e However, only a small fraction are asset
customers — borrowers who generate
iInterest revenue through loans.

e To expand its loan portfolio, the bank
wants to identify which existing customers
are most likely to accept a personal loan
offer.
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Example We’ll Use

The Objective

To build a classification model that predicts
whether a liability customer will accept a
personal loan, based on their demographic
and behavioral attributes.

The model should:

e Assign a probability (or class) of loan
acceptance for each customer.

e Help marketing focus on segments with
higher likelihoods.

e Retain interpretability — decision-makers

should understand why certain customers
are likely to accept.
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Why One Tree Isn’t Enough

Decision Trees are powerful — they're
Intuitive, interpretable, and mimic human
reasoning.

But they have a few critical weaknesses that
limit their real-world performance.

 High Variance: A small change in data (e.g., one
record added or removed) can drastically
change the tree’s structure and predictions.

e Overfitting Risk: Trees tend to learn noise from
the training data, making them less generalizable
to unseen data.

e Local Optima: The tree-building process is greedy
— It picks the best split at each step, not the

globally optimal one.

e Unstable Predictions: One single model = one
opinion; if it's wrong, there’'s no backup.
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What if, instead of relying on @
single model’s judgment...

We combine the opinions of
many models?

That's the foundation of
ensemble learning —

“Many weak learners combine
to form one strong learner.”
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The Core Idea — Ensemble

Learning

There are 2 main ensemble strategies:

#1 - Bagging (Bootstrap Aggregating) —
Builds multiple models in parallel on different
random subsets of data.

o Focus: Reduce variance

o Example: Random Forest

#2 - Boosting — Builds models sequentially,
each learning from the errors of the previous
one.

o Focus: Reduce biads

o Example: Gradient Boosting, XGBoost

Ensemble learning works on the same
principle as “wisdom of crowds” —

many independent opinions averaged
together usually outperform any single one.
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Random Forest — The Natural

Evolution

Random Forest takes the Decision Tree — a
simple, interpretable model — and scales it
into a forest of diverse trees, each learning a
slightly different perspective of the same
data.

Decision Tree Random Forest

= - - 1
\
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Random Forest — The Natural

Evolution

How Random Forest builds on a single tree:

Single Decision Tree Decision Tree Ensemble

PR
AR
} N/

Final Prediction Final Prediction

e Builds multiple trees using random
subsets of data (bootstrap sampling).

e At each split, considers only a random
subset of features (feature randomness).

e Aggregates all tree predictions (majority
vote for classification, average for
regression).

e Reduces overfitting, smooths predictions,
and increases generalization.
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Let’'s Recap Key Concepts
From

DECISION TREE

Before Moving Into
Random Forest
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What is a Decision Tree (In its

Simplest Form)

A Decision Tree is a flowchart-like structure
that splits data into smaller and smaller
groups based on feature values — each split
moving the data toward purer, more
homogeneous subsets.

Income <110.5
gini =0.173
samples = 3000
value = [2713, 287]
class = Didn't Accept Loan
True False
CCAvg <2.95 Education < 1.5
gini = 0.031 gini = 0.477
samples = 2363 samples = 637
value = [2326, 37] value = [387, 250]
class = Didn't Accept Loan class = Didn't Accept Loan
CD_Account <0.5 Family <2.5 Income < 116.5
gini = 0.343 gini = 0.192 gini = 0.221
samples = 159 samples = 400 samples = 237
value =[124.0, 35.0] value = [357, 43] value = [30.0, 207.0]
class = Didn't Accept Loan class = Didn't Accept Loan class = Accepted Loan

Each split represents a question, each branch
represents a possible answer, and each leaf
node gives a final prediction.
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How Decision Trees Work

Conceptually

How Decision Trees Work Conceptually

e They start at a root node (the feature that
best separates classes).

e The dataset is then recursively splitinto
subgroups using rules that reduce
uncertainty (impurity).

e The process continues until the
subgroups are pure (all or most
observations belong to save class) or a
stopping criterion is reached.

e Each path forms a simple, explainable if-
else rule.

This process is called recursive partitioning —

a fundamental idea behind both CART and
other tree-based models.
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How Decision Trees Work

Conceptually

—————————— - I e e Income < 110.5
___________ gini=0.173
| Root N Od e | samples = 3000
value = [2713, 287]
class = Didn't Accept Loan

N

CD_Account <0.5
gini = 0.343
samples = 159
value =[124.0, 35.0]
class = Didn't Accept Loan

| 2. — i

samples = 147 iaamgle_s[g 19?
I Ilmbur ity | value = [121, 26] class = Accepted Loan
I Impurity class = Didn't Accept Loan = Accep

ini Education < 1.5
gini = 0.171 call
samples = 106 gini = 0.476
c n

value = [96, 10] samples = 41

valus value = [25, 16]
lass = Didn't Accept Loa class = Didn't Accept Loan

\

gini = 0.375
samples =20
value =[5, 15]

class = Accepted Loan
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ROOT NODE

The starting point of a Decision Tree — it represents the
feature that best separates the data into distinct classes.

I S B
I Income < 110.5
gini=0.173

samples = 3000
value = [2713, 287]
class = Didn't Accept Loan

I—-‘E7/—— e

CCAvg <2.95 Education < 1.5

gini = 0.031 gini = 0.477
samples = 2363 samples = 637
value = [2326, 37] value = [387, 250]
class = Didn't Accept Loan class = Didn't Accept Loan
gini = 0.002 R Famiy <25
samples = 2204 gini = . gini = .
class = Didn't Acc épt Loan value =[124.0, 35.0] value = [357, 43]
= class = Didn't Accept Loan class = Didn't Accept Loan

In the problem, Income < 110.5K could be the root node —
splitting high-income and low-income customers, since
iIncome strongly correlates with loan acceptance.

The root node evaluates all the features and selects the
most informative feature which initiates the decision-
making process.
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INTERNAL NODE

The process of dividing data into smaller subsets based
on feature thresholds or categories. Each internal node
represents a question like “Is CD_Account<=0.5 ?” or “Is
CCAvg <= 2.95?"

Income < 110.5
gini=0.173

samples = 3000
How It Works: value = [2713, 287]
. class = Didn't Accept Loan
« After choosing the root, the True /
algorithm recursively splits I———C—sz% — 1
data using other features. | gini = 0.031 |
samples = 2363 I
I value =[2326, 37]
class = Didn't Accept Loan I
. Each split aims to reduce L=
impurity further, making I__CIZ:t;:uEO_S_-i
gini = 0.002 — :
subgroups more samples=2204 | || i =0343
value = [2202, 2] value = [124.0, 35.0]
homogeneous. class = Didn't Accept Loan |

class = Didn't Accept Loan

I —__J

/ Income <92 5 Ve R ™ LT

In the problem, If Income > 110K — split next on CCAvg to
separate high-spending vs low-spending customers.

Each split increases purity and refines the decision
boundary.
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BRANCHES (EDGES)

A path that connects one node to another, representing
the outcome of a decision made at the parent node.

How It Works:
« We have a node where it is 4 CCAvg <2 9'5/ R
decided to split the gini = 0.031

, , samples = 2363
observations into groups value = [2326, 37]
based on CCAvg <= 2.95 | Branch A 'i  Slass = Didn't Accept Loan)

I————:/ l I_ BranchB—I
. — e — — ]
. This results in tree separating = " CD_Account=0.5 )

. . gini = 9.1 gini = 0.343
observations using two samples = 2204 samples = 159
branches A & B classvglgeidi‘nggczé E;ILoan value =[124.0, 35.0]

= P  class = Didn't Accept Loan,
- Branch A using the rule /
p
CCAvg <= 2.95 to separate '"gﬂ“_eoﬁzgng gini = 0.375
2204 samples into 1 group samples = 147 ?,3’,[‘,2"“;3[; 19?
value = [121, 26] class = Accepted Loan, | cl;

\class = Didn't Accept Loar}
« Branch B using the rule / .

CCAvg > 2.95 to separate 159
samples into another group

Branches guide the flow of logic — turning a sequence of
splits into an interpretable decision path.

VARUN SAGAR THEEGALA



LEAF NODE

The final node of a Decision Tree — it represents the
predicted class (for classification) or predicted value (for

regression).

4
4 A
How It's Formed - Cg?,f;‘“féozﬁs
When a node reaches high purity (mostly one samples = 2363
. , value = [2326, 37]
class), when a node consists of only 1 class, OR if a  class = Didn't Accept Loan,

stopping condition (like max_depth) is met. _‘/ l

I £ gini — 0.002 Y CD_ACC@UI"I'[ <0.5 h
I =Uu.

|

|

ini =0.343
samples = 2204 gini = 0.c
value = [2202, 2] | samples = 159

ey value =[124.0, 35.0]
\Class = Didn't Accept Loan) | . 4cs = Didn't Accept Loan)

/” |

Example:

Leaf node could be “Accepted Loan =1” or “Didn’t Accept Loan =0.”

In the highlighted node, 2202 of the 2204 observations didn’t accept the
loan. Hence, further splitting was stopped and any new-unseen
observations falling in this node will be predicted as “Didn’t Accept Loan”

Leaf Nodes are the model’s final decision points — each
leaf corresponds to one if—else rule.
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DEPTH

The depth of a Decision Tree is the longest path from the
root node to the lowestt leaf node.

Income < 110.5

gini =0.173
samples = 3000
value = [2713, 287]
class = Didn't Accept L

What It Means -
Each level of the tree adds a layer

of reasoning, narrowing down the frue
customer group based on more Céi’r‘?il‘égo".ozgzza

o po . samples =
specific attributes. e c.as:ﬂ“:?%n‘-?i%ﬁaSFLOan
This model uses up to five [ ni=000z " anizose
consecutive decisions — such as class = Didt Accept Loan C,a;g':e;:[,}fﬂ;ﬁfgan

iIncome, spending, education, and
account ownership — to determine
whether a customer is likely to
accept a personal loan.

Income < 92.5 gini = 0.375 c
sagrlr': : I=e£ _2?17 samples = 12 san
valuep— [121, 26] value = [3, 9] val
Ao class = Accepted Loan) | class =LC

class = Didn't Accept Loan

VAR

gini = 0.171 E%Li’,%ail%'?f?; °
samples = 106 samples = 41
Valu.e = [96! 10] value = [25, 16]
class = Didn't Accept Loan/ | .;qs = Didn't Accept Loan

Implication:
- Shallow trees » simple, general,
high bics. e
. Deep trees - detoiled, overfit, class = Didn't Accept Loan) | class = Accepted Loan
high variance. | mmm e
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Impurity

(Homogeneity Measure)

A numerical measure of how mixed a node is in terms of

class labels.

Y
One such impurit [ CD_Accounts0.5
J PUFILY gini = 0.343
measure is Gini samples = 159
value =[124.0, 35.0]
e = §| — Z(p*’)z  Class = Didn't Accept Loan,
pi = proportion of class i { l
within the node. s ini — 0 375 N
N 5> Pure node (all samples belong o one class) |
Il Closer to 0.5 » More mixed (classes evenly split) I

Calculation: p, —124/159 = 0.779, p,., = 35/159 = 0.220
Gini =1 — (0.779)% — (0.220)? =1 — 0.606 — 0.048 = 0.346 ~ 0.343

INTERPRETATION:

It shows some overlap in customer behavior — likely those without
a CD account but with mixed tendencies toward loan acceptance.
The model might still split this further
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Building a Decision Tree

Step by Step

‘ Prepare the Data
e Remove irrelevant columns (like IDs).
e Encode categorical variables (trees need numeric
values).
e No need for scaling or normalization — trees split
on raw values.

Choose a Metric for Splitting
e The tree uses an impurity measure (usually Gini or
Entropy)
e to decide how “mixed” each node is.
e Lower impurity = purer node = better split.

The Split Selection Logic

e At each node, the algorithm tests every feature
and possible threshold.

e Splits the data into left and right groups.

e Combines them using a weighted average based
on group size.

e The feature + threshold giving the largest impurity
reduction is chosen.
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Building a Decision Tree

Step by Step

‘ Recursive Partitioning

e Once the best split is chosen, the process repeats
on each child node.

e The tree keeps growing — splitting, reducing
impurity, and creating smaller, more
homogeneous groups.

e This continues until:

o All samples in a node belong to one class, or
o A stopping rule is met (max_depth,
min_samples_split, etc.).

Assigning Predictions
e Each final node (leaf) contains a distribution of
classes.
e The model assigns the maijority class as the
prediction.
e Alternatively, it can output class probabilities
based on that distribution.
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Weighted Child Impurity

‘ When a Decision Tree tests a potential split, it
doesn’t just look at how pure the left and right
nodes are — it also cares how many samples fall
into each node.

Otherwise, a tiny group could look “perfectly pure”
but have little impact on the overall dataset.

That's why the algorithm uses a weighted
average of child impurities — so larger nodes
influence the decision more than smaller ones.

Weighted Child Impurity = L x Ginip + e x Ginig
n n

where:

* ny,ngr =number of samples in left & right child nodes

* n =total samples in parent node

« Giniy, Gintg = impurity of child nodes
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Weighted Child Impurity

Goal:

Choose the split that gives the lowest weighted
Impurit because that means overall purity improved
the most.

B Step 1: Information from the Tree

At the Root Node:

makefile (9 Copy code

Income = 110.5
gini = 0.173
samples = 3000
value = [2713, 287]

This root node splits into two child nodes:

Left Child (True branch = Income = 110.5):

makefile (9 Copy code
CCAvg = 2.95
gini = 0.031

samples = 2363
value = [2326, 37]

Right Child (False branch = Income > 110.5):

makefile (9 Copy code

Education = 1.5
gini = 0.477
samples = 637
value = [387, 250]
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Weighted Child Impurity

B Step 2: Compute Weighted Average Impurity

We'll use the formula:

nr ng
Gweighted — E X GL T ; X GR

where:

« ng = 2363, G = 0.031
* Mg — 637, GR = 0.477
« n = 3000

Calculation:

Gweighted — (2353/3000) x 0.031 + (637/300’0) x 0.477
Gueighted = 0.7877 x 0.031 + 0.2123 x 0.477

G yeighted = 0.0244 4 0.1013 = 0.1257

Weighted Child Impurity = 0.126 (approx.)
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Weighted Child Impurity

B Step 3: Impurity Reduction (Information Gain)

Parent impurity = 0.173
Weighted child impurity = 0.126

Reduction = 0.173 — 0.126 = 0.047

Impurity reduced by 0.047 through this spilit.

B Step 4: Interpretation

- Before splitting on Income <110.5, the parent node had
a Gini of 0.173 (some mix of “Yes” and “No” responses).
- After splitting:
o The left node (low income) became very pure
(mostly “No”).
o The right node (high income) was less pure (mix of
“Yes” and “No”), but much smaller in size.
« When weighted by size, the overall impurity dropped to
0.126.
- That's a meaningful gain — so the model chooses
Income < 110.5 as the root split.
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Weighted Child Impurity

B Step 3: Impurity Reduction (Information Gain)

Parent impurity = 0.173
Weighted child impurity = 0.126

Reduction = 0.173 — 0.126 = 0.047

Impurity reduced by 0.047 through this spilit.

B Step 4: Interpretation

- Before splitting on Income <110.5, the parent node had
a Gini of 0.173 (some mix of “Yes” and “No” responses).
- After splitting:
o The left node (low income) became very pure
(mostly “No”).
o The right node (high income) was less pure (mix of
“Yes” and “No”), but much smaller in size.
« When weighted by size, the overall impurity dropped to
0.126.
- That's a meaningful gain — so the model chooses
Income < 110.5 as the root split.
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Pruning the Tree - Its Matters

l Decision Trees grow until every leaf is pure — this often
leads to overfitting (memorizing training data).

Pruning simplifies the tree by stopping growth or
trimming weak branches, improving generalization.

Parameters Purpose Example
. . Prevents over-
max_depth Limits tree depth
complex trees
min sambles solit Minimum samples Avoids tiny, noisy
- PIeS_SP to split a node splits
. Minimum samples Smooths
min_samples_leaf . -
in a leaf predictions
max_leaf nodes Caps total leaves CRles m.odel
complexity
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Pruning the Tree - Its Matters

l max_depth

- Stops the tree from growing too deep, preventing it

from memorizing noise in lower-level splits.

IN Increasing - deeper tree - higher risk of overfitting.
A4 Decreasing - shallower tree » more bias, less variance.

min_samples_split

- Prevents further splits on small, noisy subsets by
requiring enough samples to justify a split.

N Increasing - fewer splits » simpler tree (less overfitting).

A4 Decreasing » more splits » deeper, more overfit tree

min_samples_leaf
- Ensures each leaf has enough observations to
represent a general pattern, not outliers.

N Increasing - fewer, larger leaves » smoother, general model.
A4 Decreasing -» small, pure leaves » more overfitting.

max_leaf_nodes
- Limits the total number of terminal nodes, simplifying

the tree’s structure and reducing variance.

N Increasing » more leaves - detailed, risk of overfitting.
A4 Decreasing -» fewer leaves - simpler, more general model.
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Post-Pruning

(Cost Complexity Pruning)

Grow the full tree first, then trim back weak branches
that add little predictive value.

e Fach branch adds some accuracy but also
complexity.

e Scikit-learn uses a parameter ccp_alpha (Complexity
Cost Parameter) — higher values prune more
aggressively.

Intuition:
Pruning removes branches where the gain in accuracy

Is smaller than the cost of complexity.
Why It Prevents Overfitting

e Qverfitting = tree fits noise instead of real patterns.
e Pruning keeps only generalizable patterns.
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Post-Pruning

(Cost Complexity Pruning)

N

ccp_alpha
- Adds a penalty for each additional branch — prunes
nodes that don’t add enough predictive value.

N Increasing » more pruning - simpler, general tree.
A4 Decreasing - less pruning - complex, overfit tree.

Typical Value Ranges
e Often tuned between 0.0 » 0.05
e |n practice, start with 0.0 (no pruning) and increment
gradually (e.g., 0.001, 0.005, 0.01) using cross-validation

to find the optimal balance.
e Too high a value may collapse the tree to just the root;

too low can leave it overgrown.

How it controls complexity—-generalization balance
e Low pruning (small ccp_alpha) » captures fine detail but
risks fitting noise.
e High pruning (large ccp_alpha) - prioritizes simplicity and
general patterns, improving reliability on unseen data.
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Strength & Weaknesses

N

Strengths
e |nterpretability: Produces clear, rule-based decisions (“If
Income > 110K - likely to accept loan”).
e Flexibility: Handles both numerical and categorical data.
e Non-linear boundaries: Naturally captures feature
interactions.
e No scaling needed: Works on raw feature magnitudes.

! Weaknesses

e Overfitting risk: Grows too deep without pruning.

e |nstability: Small data changes can alter the entire
structure.

e Greedy nature: Makes locally optimal splits, not globally
best.

e Limited extrapolation: Performs poorly outside seen
ranges.

Business Trade-off
e Use Decision Trees when explainability is critical (e.g.,
credit approvals).
e Prefer ensemble methods (Random Forest, XGBoost)
when accuracy & stability outweigh interpretability.
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Now, Let's Move Into

RANDOM FOREST
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What is a Random Forest?

(Plain-English Intuition)

A Random Forest is simply a collection of many
Decision Trees working together.

Each tree is trained on a slightly different version of
the data, and their predictions are combined to
make the final decision.

Think of it like this:

Instead of asking one expert for an answer (a single
tree), you ask a panel of experts (many trees).

Each looks at the data from a slightly different

angle. The group’s consensus is usually more
reliable than any single opinion.
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Why “Random™?

e Each tree gets a random sample of the data
(rows) - called a bootstrap sample.

. . . . 4 5 6 . . . bootstrap sample 1
N
. . . . . 5 6 . . 9 | bootstrap sample 2

. . . ... 4)( 5 .... bootstrap sample 3

original sample

e Atree grows using all features. But at every split
done in a tree, it looks at only a random subset

of features (columns).

I TR Random Forest Random Forest
Tree 1 Tree 2

eFeature A eFeature A eFeature B
eFeature B eFeature B eFeature C
eFeature C efFeature E eFeature D
eFeature D
efFeature E

e This randomness ensures the trees learn
differently & don’t all make the same mistakes.
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Prediction Logic

| Dataset

el

Demsmn Tree-N

Decnsmn Tree-1 Demsmn Tree-2

Result 1 Result 2 Result N

L —>  Majority Voting / Averaging [«———

Final Result

e For Classification Problems
o Each tree in the forest votes for a class label (e.g.,

Loan Accepted = Yes / No).

o The final prediction is determined by majority vote —
The class receiving the highest number of votes
across all trees becomes the model’s output.

e For Regression Problems:
o Each tree outputs a continuous numerical prediction

(e.g., expected loan amount or predicted revenue).
o The final output is the average (mean) of all tree

predictions.
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How Random Forest Works

(Step-by-Step)

N

Step — Bootstrap Sampling (Bagging)

Original Data
00 0000000

v v v

Bootstrap sample 1 Bootstrap sample 2 Bootstrap sample n
o 000 0 00 0 00
n 000 @ 00 900000

e Randomly select subsets of the training data
with replacement.

e Each tree gets a unique “view” of the data —
some records may repeat, some may be left out
(called Out-of-Bag samples).

e Purpose » Reduce variance by making trees
Independent of one another.
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How Random Forest Works

(Step-by-Step)

Step — Grow Decision Trees
Decision Tree Random Forest Random Forest

Tree 1 Tree 2

eFeature A eFeature A eFeature B

eFeature B eFeature B eFeature C

eFeature C eFeature E eFeature D

eFeature D

eFeature E

e Train a separate Decision Tree on each sampled
dataset.

e A Tree gets all the features to train with. But at

each split:
o Only a random subset of features is considered.
o This randomness increases diversity among trees.

e Trees are grown deep and unpruned — each one
learns detailed patterns.
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How Random Forest Works

(Step-by-Step)

N

Step — Grow Decision Trees (Cont.)

P —1 I T ¥ ¥ ¥ T ¥ ¥ [
/ Income <110.5 \‘
gini=0.173 |
samples = 3000 |

c an

value = [2713, 287]
lass = Didn't Accept Lo /l

~Froe~—————— ~False
— — ————— e ———
/ CCAvg <2.95 \| Education < 1.5
O = | Cira
I value = [2326, 37] I value = [387, 250]
l\ class = Didn't Accept Loan) class = Didn't Accept Loan

N L

- P CD_Account 0.5 Family <2.5
o = O gini = 0.343 gini = 0.192
valu g — [2?202 2] samples = 159 samples = 400
” ’ value =[124.0, 35.0] value = [357, 43]
C an c an

class = Didntt Accept Loan lass = Didn't Accept Lo lass = Didn't Accept Lo

#1 - At the root node, Random Forest might

randomly select 3 features out of all available ones:
o For Ex- Income, CCAvg (average credit card
spend), and Education.

#2 - For one of those branches (say, customers with
Income < 110K), the model performs another

random selection of features —
o This time, it might pick: CCAvg, CD_Account, and
Online.
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How Random Forest Works

(Step-by-Step)

N

Step — Voting / Averaging

Class A

| | |
Y \ Y

Bagging (voting majority) ‘

\

‘ Prediction output ‘

Class A

e When a new data point comes in:
o Each tree makes a prediction.
o For classification, the class with the most votes
wins.
o For regression, the average value across trees is
taken.

e This ensemble approach smooths out noisy or
overfit behavior from individual trees.
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How Random Forest Works

(Step-by-Step)

l Step — Out-of-Bag (OOB) Error
E l (] I [

Bootstrapped Ou‘t*op-laatj set

dataset (unseen data)

)
QO

Ug@ btéﬁ@
unseen dato

to eva ﬂ uate

&
S S S SIS I SIS GER GES SIS G S SIS NS SES NS GES NS En SEe  Smm
-~

_,____________________
rd

e Remember the samples left out during
bootstrap?

e Those are used to validate each tree.

e Average OOB performance across trees gives an
internal accuracy estimate — no need for a
separate validation set.

e This makes Random Forest naturally resistant to

overfitting.
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Why Do We Sample with

Replacement?

l Each tree in a Random Forest is trained on a
bootstrapped sample of the original training data.

This means that for every tree, we randomly draw
data points with replacement — so some records
may appear multiple times, and some may not
appear at all.

Let’s say our original training dataset has 3000
records. Then we randomly draw N samples with
replacement for one tree:

e Some rows will get picked more than once.

e Some rows won’t get picked at all.

e On average, about 63-67% of the original data
points get included in that tree’s sample.

e The remaining ~33-37% are left out — these are
called Out-of-Bag (OOB) samples.
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Why Do We Sample with

Replacement?

‘ Mathematically:
If each record has a 1/N chance of being picked on
each draw, the probability of not being picked after
N draws is roughly

(1—1/N)N ~e 1 =0.367

So, ~36.7% of data is left out » ~63.3% used - hence
the “67/%” approximation.

In the example of the AllLife Bank Loan Dataset
We have 3,000 customer records in training:
e Each tree randomly samples 3,000 rows with
replacement.
e Roughly 1,890-2,000 unique customers are used
to train that tree.
e The remaining 1K-1.1K customers become Out-
of-Bag samples for testing that tree’s
predictions.
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Sampling With Replacement

Why Do This?

‘ 4 1. Introduces Diversity
Each tree sees a slightly different dataset - trees
learn different relationships - less correlation
between trees -» reduced variance.

2. Enables Internal Validation (OOB Estimate)
The ~33% of data not seen by a tree can be used to
validate it. This is how the Random Forest computes
the Out-of-Bag error —

An internal measure of model accuracy without
needing a separate validation set.

3. Reduces Overfitting
Since no single tree sees all the data, each one
overfits differently.

Averaging their predictions smooths out individual
biases.
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Do we still need Validation

Set if using OOB Estimate ?

N

Not always — but often, yes.

4 When OOB is enough:
e You need a quick, internal check of model
accuracy.
e Data is well-shuffled and sufficiently large.
e You’re not comparing multiple models.

! When to still use a validation/test set:

e During hyperparameter tuning (to avoid
optimistic bias).

e For model comparison across algorithms.

e Before deployment, to estimate real-world
performance.

e \When data is small or imbalanced.

Rule of thumb:
OOB = internal validation.
External validation = real-world test.
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Bias-Variance: Why Random

Forests Work So Well

N

A single Decision Tree tends to have

e Low Bias - fits the training data very closely (captures
patterns well)

e High Variance -» performance fluctuates heavily with
small data changes

This means it overfits — great on training data,
unreliable on new data.

Random Forests combine many Decision Trees,
each trained on different bootstrapped samples
and random feature subsets. When we average their
predictions, random errors and noise cancel out.

Model Variance Result
Decision Tree Low A High Overfits easily
Random Forest Relatively High v Much lower Generalizes well
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Key Parameters to Tune in

Random Forests

Random Forest inherits the Decision Tree
parameters (max_depth, min_samples_split,

min_samples_leaf, criterion, etc.)
e Butintroduces additional ensemble-level parameters
that control randomness, stability, and performance.

Parameter Typical [ Possible Values Description & Impact &

n_estimators int , default =100 Number of trees in the forest. More trees improve stability
and generalization but increase training time. Common
range: 100 - 1000+.

max_features “sqrt” (default for Number of features randomly considered at each split.
classification), “log2” , None , or Lower values increase tree diversity; higher values can
int/float reduce bias but raise correlation.
bootstrap True (default) | False Controls row sampling. When True , trees train on

bootstrapped samples (~67% of data, with replacement).

If False, all trees see the same data — less diversity.

oob_score True |/ False, default = False If enabled, uses Qut-of-Bag (OOB) samples to estimate
model accuracy internally (no separate validation

needed). Only works when bootstrap=True .

n_jobs -1 (use all cores) or integer Number of CPU cores used to train trees in parallel. Set to
count -1 for maximum efficiency.

random_state Any integer seed Ensures reproducibility of results by fixing randomization.

warm_start True |/ False, default = False If True , retains existing trees when adding new ones

(useful for incremental model updates).
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Why Random Forests Work So

Well - The Core Idea

N

The strength of a Random Forest doesn’t come from
any single tree — it comes from the collective
wisdom of many diverse trees working together.

Each tree is trained on a slightly different view of
the data, and their combined predictions cancel out
noise and individual biases.

@" Key Principles at Play
Concept What It Does Why It Matters @)
Bagging (Bootstrap Each tree trains on a random subset Reduces variance by exposing trees to
Aggregating) of data (with replacement). diverse samples.
Random Feature Selection At every split, only a random subset Ensures trees are decorrelated — they
of features is considered. don't all chase the same patterns.
Aggregation of Predictions Final output is the majority vote Averages out individual tree errors,
(classification) or average improving stability.

(regression).

Out-of-Bag (OOB) Uses unseen O0OB samples to Provides a built-in check on
Validation estimate model accuracy internally. generalization without a separate

validation set.
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The Net Effect — Why It

Outperforms a Single Tree

l Each mechanism above plays a role in controlling
variance, bias, and stability, creating a model that
performs reliably even on complex, noisy datasets.

What You Get with Random Forests

Lower Overfitting — by averaging across many
uncorrelated trees.

Higher Accuracy — due to reduced variance and
better generalization.

More Stable Predictions — small changes in data
don’t change outcomes drastically.

Minimal Hyperparameter Tuning — performs well
with sensible defaults.

Works with Both Numerical & Categorical Features —
versatile and robust.

Core Insight

A single Decision Tree can memorize patterns. A
Random Forest learns structure — balancing bias and
variance to deliver consistent, trustworthy predictions.
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Beyond Prediction: Practical

Strengths of Random Forests

' Random Forests aren’t just accurate — they’re
resilient, handling the imperfections of real-world
data with ease.

Handles Missing Values
Can train and predict even with incomplete data — splits are
made using available records.

Robust to Outliers
Median-based splits and ensemble averaging reduce the
impact of extreme values.

Performs Implicit Feature Selection
Less informative features rarely appear across trees — the
model focuses on the strongest predictors.

Provides Feature Importance
Quantifies how much each variable contributes to
predictions — great for interpretability.

Built-in Validation (OOB Error)
Uses unseen data (~33%) from each tree for internal
accuracy estimation — no separate validation set needed.
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¥ Pros: Why It Works So Well

' High Accuracy & Generalization
e Combines multiple Decision Trees to reduce
overfitting and variance.

Handles Missing Data & Outliers Gracefully
e Works well even when data is messy or
Imperfect.

Works with Both Numerical & Categorical Features
e No heavy preprocessing or scaling required.

Feature Importance Built-In
e Helps identify which variables drive predictions.

Robust Default Settings
e Delivers strong performance with minimal
tuning.

Less Sensitive to Noise
e Ensemble averaging cancels out random errors
and anomalies.
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A Cons — What to Watch Out For

‘ Lower Interpretability
e Unlike a single Decision Tree, explaining “why” a
Random Forest predicted something isn’t
straightforward.

Computationally Expensive
e Training hundreds of trees can be slow and
memory-intensive, especially on large datasets.

Harder to Extrapolate
e Notideal for predicting beyond the range of
training data (a common limitation for all tree-
based models).

Large Model Size
e Many trees - bigger storage footprint -» slower
inference in production.

Limited Transparency for Business Users
e Stakeholders often prefer simpler, more
explainable models for decision-making.
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Real-World Use Cases of

Random Forest

' i Business - Customer Churn Prediction
Used to identify customers likely to leave a service

— enabling proactive retention strategies.

Example: A telecom company detects users with
reduced activity or late payments and targets them with
personalized offers.

= Finance - Fraud Detection
Classifies transactions as “normal” or “suspicious”

based on behavior patterns.
Example: A bank flags transactions made from unusual
locations or for unusually high amounts in real time.

$ Finance - Stock Price Prediction
Used to analyze historical data and identify

patterns in market trends.

Example: Predicts short-term stock price movements —
though accuracy is limited due to the randomness of
financial markets.
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Real-World Use Cases of

Random Forest

' =: Healthcare - Medical Diagnosis
Helps identify disease presence or risk factors

based on patient data.

Example: A Random Forest model classifies tumor types
or assists doctors in diagnosing cancer using medical
records and test results.

3 Tech - Image Recognition & Object Detection
Classifies visual inputs when deep learning isn’t

required or feasible.

Example: In self-driving cars, Random Forests help
recognize pedestrians, road signs, and vehicles for safer
navigation.
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Interview Prep -

Conceptual Foundations

e \What is a Decision Tree and how does it make
predictions?

e \What are the main limitations of a Decision
Tree model?

e \What is a Random Forest, and how does it
overcome the weaknesses of a single

Decision Tree?

e Explain the difference between bagging and
boosting.

e Why is Random Forest called an ensemble
method?
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Interview Prep -

Data Sampling & Randomness

e What is bootstrap sampling and why is it
used in Random Forest?

e Why does each tree in a Random Forest use
about 67% of the training data?

e What are Out-of-Bag (OOB) samples, and
how are they used to evaluate model
performance?

e What happens when you set bootstrap=False
In Random Forest?

e \What’s the difference between randomness

at the tree level and randomness at the split
level in Random Forest?
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Interview Prep -

Splitting & Model Mechanics

N

e How does Random Forest select the feature
to split at each node?

e What does the parameter max_features
control?

e Why is considering a random subset of
features at each split beneficial?

e How are predictions aggregated in Random
~orest for classification and regression
oroblems?

e What role does Out-of-Bag error play, and
when should you still use a separate
validation set?
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Interview Prep -

Bias-Variance & Overfitting

N

e Describe the bias—variance tradeoff in
Decision Trees.

e How does Random Forest reduce variance
without significantly increasing bias?

e What would happen if all trees in a Random
Forest were highly correlated?

e Why are Random Forests less prone to

overfitting compared to single Decision
Trees?

VARUN SAGAR THEEGALA



Interview Prep -

Parameters & Model Tuning

N

e What are the key parameters specific to
Random Forest (excluding Decision Tree
ones)?

e How does increasing n_estimators affect
bias, variance, and training time?

e What does setting oob_score=True do?
e How would you interpret max_depth and

max_features in terms of model complexity
and diversity?
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Interview Prep - Strengths,

Weaknesses & Applications

e What are the main advantages of Random
Forest in real-world applications?

e What are some limitations or challenges
when using Random Forest?
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Conclusion | Key Takeaways

Random Forests represent the perfect balance
between simplicity and power — taking the
interpretability of Decision Trees and scaling it
Into a model that is robust, accurate, and
business-ready.

Random Forests are ensemble learners — many weak
models forming one strong model.

They excel by reducing variance and improving
stability through bagging and feature randomness.

Ideal for real-world datasets that are noisy, mixed-
type, or incomplete.

A foundational algorithm — both for practical

analytics work and as a base for advanced ensemble
methods like XGBoost and LightGBM.
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