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Agenda

● HW1
○ Iterative K-means clustering

○ Binary Classification with Spark Mlib

○ Mini-Project
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HW1

● Document clustering with K-means
○ Implement iterative K-means clustering in Spark

○ L1, L2 distance functions

○ Different initialization strategies

○ Plot the cluster assignment result with T-SNE dimensionality reduction

● Binary Classification
○ Load data into Spark Dataframe

○ Modeling and Evaluation

3



HW1 Part 1 Iterative K-means clustering on Spark

Apache Spark is an open-source engine for large-scale data processing, 

especially useful when working with big datasets across many machines.

● It supports in-memory computing, making it faster than Hadoop MapReduce.

● It provides high-level APIs in Python (PySpark), Java, and Scala.

● It includes MLlib, a library for scalable machine learning.
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Iterative K-means

● In each iteration, k centroids are initialized, each point in the space is 

assigned to the nearest centroid, and the centroids are re-computed

● Pseudo code:
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Iterative K-means in Spark
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Spark operations you might need:

map, reduceByKey, collect, keys



Document clustering
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Goal: Group similar text documents together using the K-means clustering algorithm based on 

word importance features.

Dataset: 

• data.txt contains 4601 documents, each represented as a 58-dimensional vector.

• Each feature represents the importance of a word (like TF-IDF) in the document.

• Idea: Similar documents → similar word distributions → same cluster.

Task:

• Run iterative K-means using:

              Two initialization strategies (c1.txt and c2.txt)

              Two distance metrics (L1 and L2)

• Evaluate clustering quality using within-cluster cost

• Visualize results using t-SNE (reduces 58-D to 2-D for plotting)



Plot the result with t-SNE
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t-SNE (t-distributed Stochastic Neighbor Embedding) is a dimensionality reduction technique that 

helps you visualize high-dimensional data in 2D or 3D space.



Plot the result with t-SNE
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Before clustering After clustering

Each point is a document. Colors represent clusters assigned by K-means after 
dimensionality reduction via t-SNE.



Plot the result with t-SNE (set random state)
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Plot the cost of each iteration
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Spark MLlib

● Spark's scalable machine learning library

● Tools:
○ ML Algorithms: classification, regression, clustering, and collaborative filtering

○ Featurization: feature extraction, transformation, dimensionality reduction, and selection

○ Pipelines: tools for constructing, evaluating, and tuning ML Pipelines

○ Persistence: saving and load algorithms, models, and Pipelines

○ Utilities: linear algebra, statistics, data handling, etc.
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Example: K-means clustering with Spark MLlib
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HW1 Part 2 Binary classification with Spark MLlib

● Dataset: Adult dataset​ from UCI Machine Learning Repository

● Goal: Given information of a person, predict if the person could earn > 50k per 

year
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HW1 Part 2

Workflow
○ Data loading: load data into Dataframe
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Spark Dataframe Guide: https://spark.apache.org/docs/latest/sql-getting-started.html



HW1 Part 2 Binary classification with Spark MLlib

Workflow
○ Data preprocessing: Convert the categorical variables into numeric variables with ​ML 

Pipelines​ and Feature Transformers​
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HW1 Part 2 Binary classification with Spark MLlib

Workflow
○ Modeling (9 models)：

 Logistic Regression

 Random Forest

 Naive Bayes

 Decision Tree

 Gradient Boosting Trees

 Multi-layer perceptron

 Linear Support Vector Machine

 One-vs-Rest
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HW1 Part 2 Binary classification with Spark MLlib

Workflow
○ Evaluation (Logistic Regression)

18ROC: Receiver operating characteristic - Wikipedia
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HW1 Part 2 Binary classification with Spark MLlib

● Workflow
○ Evaluation (Logistic Regression)
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References

● https://spark.apache.org/docs/latest/sql-getting-started.html

● https://www.analyticsvidhya.com/blog/2016/10/spark-dataframe-and-

operations/

● https://spark.apache.org/docs/latest/ml-guide.html

● https://towardsdatascience.com/machine-learning-with-pyspark-and-mllib-

solving-a-binary-classification-problem-96396065d2aa
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QUESTION 1 - PROBLEM SETUP

Implement iterative K-means in Spark. We’ve provided you with starter code kmeans.py

on Canvas, which takes care of data loading. Complete the logic inside the for loop, and
run the code with different initialization strategies and loss functions. Feel free to

change the code if needed, or paste the code into a Jupyter notebook. Take a
screenshot of your code and results in your report

(1) Run clustering on data.txt with c1.txt and c2.txt as initial centroids and use L1

distance as similarity measurement. Compute and plot the within-cluster cost for
each iteration. You’ll need to submit two graphs here. 

(2) Run clustering on data.txt with c1.txt and c2.txt as initial centroids and use L2

distance as similarity measurement. Compute and plot the within-cluster cost for
each iteration. You’ll need to submit two graphs here. 

(3) t-SNE is a dimensionality reduction method particularly suitable for visualization

of high-dimensional data. Visualize your clustering assignment result of (2) by
reducing the dimension to a 2D space. You’ll need to submit two graphs here.

(4) For L2 and L1 distance, are random initialization of K-means using c1.txt better

than initialization using c2.txt in terms of cost? Explain your reasoning. 

(5) What is the time complexity of the iterative K-means? 



QUESTION 1 - PART 1

Restate the task

● Input:

○ data.txt → 4601 docs × 58 features

○ c1.txt and c2.txt → two sets of initial centroids

● Distance function: L1 (Manhattan)

● Iterations: 20, with k = 10

● Output: Plot within-cluster cost vs. iteration (two graphs: c1-init, c2-init)

Different from L2: adds absolute differences (linear growth) !

(please don’t use this as your answer)



QUESTION 1 - PART 1 

Restate the task

● Input:

○ data.txt → 4601 docs × 58 features

○ c1.txt and c2.txt → two sets of initial centroids

● Distance function: L1 (Manhattan)

● Iterations: 20, with k = 10

● Output: Plot within-cluster cost vs. iteration (two graphs: c1-init, c2-init)

For each iteration (1 to N):

1. Assign each document → nearest centroid using L1

 (Spark: map each point → cluster ID)

2. Compute cost: sum of distances of each point to its assigned 

centroid.

 (Spark: map distances → reduce to total)

3. Recompute centroids (mean of assigned points, unless you 

implement true median for L1).



QUESTION 1 - PART 2

Restate the task / Similar to L1 Implementation

● Input:

○ data.txt → 4601 docs × 58 features

○ c1.txt and c2.txt → two sets of initial centroids

● Distance function: L2 (Euclidean)

● Iterations: 20, with k = 10

● Output: Plot within-cluster cost vs. iteration (two graphs: c1-init, c2-init)

For each iteration (1 to N):

1. Assign each document → nearest centroid using L2

2.  (Spark: map each point → cluster ID)

3. Compute cost: sum of distances of each point to its assigned 

centroid.

 (Spark: map distances → reduce to total)

4. Recompute centroids (mean of assigned points, unless you 

implement true median for L1).



QUESTION 1 - PART 3

t-SNE : t-distributed Stochastic Neighbor Embedding

A dimensionality reduction algorithm (like PCA), but optimized for visualization.

Take high-dimensional data (58-D documents here) and show it in 2D (or 3D) while preserving neighborhood 

structure.

Feature PCA t-SNE

Type Linear Non-linear

Goal Capture max variance Preserve local 

neighborhoods

Good for Dimensionality reduction before 

ML

Visualization (2D/3D)

Global vs 

Local

Preserves global structure Preserves local structure

Speed Fast Slower (iterative 

optimization)

Output Any # of dims Usually 2D or 3D only



QUESTION 2 - BINARY CLASSIFICATION ON SPARK

Frame the problem 

● Dataset: Adult (Census Income) ~48k rows.

Goal: predict income ≥ 50K? → binary classification.

● Deliverables: load → preprocess → train 9 models → evaluate & rank accuracy.

Data loading 

● Read CSV as DataFrame with inferSchema and header handling.

● Rename columns to:

 

["age","workclass","fnlwgt","education","education_num","marital_status","occupation
","relationship","race","sex","capital_gain","capital_loss","hours_per_week","native
_country","income"]

● Check schema & nulls/‘?’.

● “Which columns look categorical vs numerical?”

● “What should we do with ‘?’ entries?”



QUESTION 2 - BINARY CLASSIFICATION ON SPARK

Preprocessing 

Goal: turn mixed schema → single features vector + label.

1. Clean string columns (trim/lowercase; replace ? with “Unknown”).

2. StringIndexer on each categorical col (fit on train only!).

3. OneHotEncoder on indexed cats (dropLast=true).

Assemble numeric + OHE categorical into features.

4. Label: index income → {0,1} (e.g., <=50K→0, >50K→1).

5. Split: 70/30, seed=100.

Some Questions?

● “Why index before one-hot?”

● “Why assemble after encoding?”

● “Why split before fitting transformers?” (data leakage)



QUESTION 2 - BINARY CLASSIFICATION ON SPARK

Modeling (9 estimators) 

The 9 models (Spark MLlib)

1. Logistic Regression (LR) – linear decision boundary; probs via sigmoid.

 Hyperparams to mention: regParam, elasticNetParam, maxIter.

2. Random Forest (RF) – ensemble of trees; handles nonlinearity; robust.

 numTrees, maxDepth, featureSubsetStrategy.

Naive Bayes (NB) – assumes feature independence; best with counts; try multinomial.

3. Decision Tree (DT) – interpretable; prone to overfit; maxDepth, minInstancesPerNode.

4. Gradient-Boosted Trees (GBT) – strong accuracy; maxIter, maxDepth. (Binary only.)

5. Multilayer Perceptron (MLP) – simple feedforward NN; specify layers like [input, h1, …, 2].

6. Linear SVM (LSVC) – margin-based linear classifier; fast; no probabilities by default.

One-vs-Rest (OvR) – meta-wrapper for multi-class; here it will just wrap a base linear model 

Reuse the same preprocessed features for all models.

Wrap each model in a small Pipeline: [indexers → encoder → assembler → estimator] 
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Modeling (9 estimators) 

The 9 models (Spark MLlib)

1. Logistic Regression (LR) – linear decision boundary; probs via sigmoid.

 Hyperparams to mention: regParam, elasticNetParam, maxIter.

2. Random Forest (RF) – ensemble of trees; handles nonlinearity; robust.

 numTrees, maxDepth, featureSubsetStrategy.

Naive Bayes (NB) – assumes feature independence; best with counts; try multinomial.

3. Decision Tree (DT) – interpretable; prone to overfit; maxDepth, minInstancesPerNode.

4. Gradient-Boosted Trees (GBT) – strong accuracy; maxIter, maxDepth. (Binary only.)

5. Multilayer Perceptron (MLP) – simple feedforward NN; specify layers like [input, h1, …, 2].

6. Linear SVM (LSVC) – margin-based linear classifier; fast; no probabilities by default.

One-vs-Rest (OvR) – meta-wrapper for multi-class; here it will just wrap a base linear model 

Reuse the same preprocessed features for all models.

Wrap each model in a small Pipeline: [indexers → encoder → assembler → estimator] 



EECS E6893 Big Data Analytics
Spark Dataframe, Spark SQL
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Agenda
● Spark Dataframe

● Spark SQL

● Hadoop metrics
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Spark Dataframe
● An abstraction, an immutable distributed collection of data like RDD

● Data is organized into named columns, like a table in DB

● Create from RDD, Hive table, or other data sources

● Easy conversion with Pandas Dataframe
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Spark Dataframe: read from csv file
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Spark Dataframe: common operations
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Spark Dataframe: common operations
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Spark Dataframe: common operations
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Spark Dataframe: common operations
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Spark Dataframe: conversion with Pandas
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Work with Spark SQL
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