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Situations where

MapReduce is not efficient
● Long pipelines sharing data

● Interactive applications

● Streaming applications

● Iterative algorithms (optimization problems)
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(Anytime where MapReduce would need to write and read from disk a lot).
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 Resilient Distributed Datasets (RDDs) -- Read-only partitioned
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dataset(s).
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Spark’s Big Idea

Resilient Distributed Datasets (RDDs) -- Read-only 

partitioned collection of records (like a DFS) but with a record 

of how the dataset was created as combination of 

transformations from other dataset(s).

● Enables rebuilding datasets on the fly.

● Intermediate datasets not stored on disk

(and only in memory if needed and enough space)

Faster communication and I O



The Big Idea

 Resilient Distributed Datasets (RDDs) -- Read-only partitioned

collection of records (like a DFS) but with a record of how the

dataset was created as combination of transformations from other
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Original Transformations:

RDD to RDD

Resilient Distributed Datasets (RDDs) -- Read-only

partitioned collection of records (like a DFS) but with a record 

of how the dataset was created as combination of 

transformations from other dataset(s).

Matei Zaharia, Mosharaf Chowdhury, Tathagata Das, Ankur Dave, Justin Ma, Murphy McCauley, Michael J. Franklin, Scott Shenker, Ion Stoica. “Resilient Distributed

Datasets: A Fault-Tolerant Abstraction for In-Memory Cluster Computing.”. NSDI 2012. April 2012.

http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf
http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf
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Original Transformations:

RDD to RDD

 Resilient Distributed Datasets (RDDs) -- Read-only

 partitioned collection of records (like a DFS) but with a record of

how the dataset was created as combination of transformations

from other dataset(s).Original Actions: RDD to Value, Object, or Storage

Matei Zaharia, Mosharaf Chowdhury, Tathagata Das, Ankur Dave, Justin Ma, Murphy McCauley, Michael J. Franklin, Scott Shenker, Ion Stoica. “Resilient Distributed

Datasets: A Fault-Tolerant Abstraction for In-Memory Cluster Computing.”. NSDI 2012. April 2012.

http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf
http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf


An Example

Count errors in a log file:

TYPE MESSAGE TIME

lines

filter.(_.startsWith(“ERROR”))

errors

count()

Matei Zaharia, Mosharaf Chowdhury, Tathagata Das, Ankur Dave, Justin Ma, 

Murphy McCauley, Michael J. Franklin, Scott Shenker, Ion Stoica. “Resilient

Distributed Datasets: A Fault-Tolerant Abstraction for In-Memory Cluster

Computing.”.NSDI 2012. April 2012.

http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf
http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf
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An Example

Count errors in a log file:

TYPE MESSAGE TIME
lines

filter.(_.startsWith(“ERROR”))

errors

count()

Matei Zaharia, Mosharaf Chowdhury, Tathagata Das, Ankur Dave, Justin Ma, 

Murphy McCauley, Michael J. Franklin, Scott Shenker, Ion Stoica. “Resilient

Distributed Datasets: A Fault-Tolerant Abstraction for In-Memory Cluster

Computing.”.NSDI 2012. April 2012.

Pseudocode:

lines = sc.textFile(“dfs:...”) errors =
lines.filter(_.startswith(“ERROR”)) errors.count

http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf
http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf
http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf


An ExampleCollect times of hdfs-related errors

TYPE MESSAGE TIME

errors

lines

filter.(_.startsWith(“ERROR”))

Pseudocode:

lines = sc.textFile(“dfs:...”) errors =
lines.filter(_.startswith(“ERROR”)) errors.persist

errors.count
...

Matei Zaharia, Mosharaf Chowdhury, Tathagata Das, Ankur Dave, Justin Ma, 

Murphy McCauley, Michael J. Franklin, Scott Shenker, Ion Stoica. “Resilient

Distributed Datasets: A Fault-Tolerant Abstraction for In-Memory Cluster

Computing.”.NSDI 2012. April 2012.

http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf
http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf
http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf


An Example

Collect times of hdfs-related errors

TYPE MESSAGE TIME

lines

filter.(_.startsWith(“ERROR”))

errors

filter.(_.contains(“HDFS”))

(HDFS errors)

Matei Zaharia, Mosharaf Chowdhury, Tathagata Das, Ankur Dave, Justin Ma, 

Murphy McCauley, Michael J. Franklin, Scott Shenker, Ion Stoica. “Resilient

Distributed Datasets: A Fault-Tolerant Abstraction for In-Memory Cluster

Computing.”.NSDI 2012. April 2012.

Pseudocode:

lines = sc.textFile(“dfs:...”) errors =
lines.filter(_.startswith(“ERROR”)) errors.persist

errors.count errors.filter(_.contains(“HDFS”))
...

http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf
http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf
http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf


An Example

Collect times of hdfs-related errors

TYPE MESSAGE TIME lines

filter.(_.startsWith(“ERROR”))

(time fields)

errors

filter.(_.contains(“HDFS”))

(HDFS errors)

map.(_.split(‘\t’)(3))

collect()

Matei Zaharia, Mosharaf Chowdhury, Tathagata Das, Ankur Dave, Justin Ma, 

Murphy McCauley, Michael J. Franklin, Scott Shenker, Ion Stoica. “Resilient

Distributed Datasets: A Fault-Tolerant Abstraction for In-Memory Cluster

Computing.”.NSDI 2012. April 2012.

Pseudocode:

lines = sc.textFile(“dfs:...”) errors =
lines.filter(_.startswith(“ERROR”)) errors.persist

errors.count errors.filter(_.contains(“HDFS”))
.map(_split(‘\t’)(3))
.collect()

http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf
http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf
http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf


An Example

Collect times of hdfs-related errors

TYPE MESSAGE TIME lines

filter.(_.startsWith(“ERROR”))

(time fields)

Matei Zaharia, Mosharaf Chowdhury, Tathagata Das, Ankur Dave, Justin Ma, 

Murphy McCauley, Michael J. Franklin, Scott Shenker, Ion Stoica. “Resilient

Distributed Datasets: A Fault-Tolerant Abstraction for In-Memory Cluster

Computing.”.NSDI 2012. April 2012.

errors

filter.(_.contains(“HDFS”))

(HDFS errors)

map.(_.split(‘\t’)(3))

collect()

Pseudocode:

lines = sc.textFile(“dfs:...”) errors =
lines.filter(_.startswith(“ERROR”)) errors.persist

errors.count errors.filter(_.contains(“HDFS”))
.map(_split(‘\t’)(3))
.collect()

Functional Programming

http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf
http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf
http://people.csail.mit.edu/matei/papers/2012/nsdi_spark.pdf


The Spark Programming Mo

Gupta, Manish. Lightening Fast Big Data Analytics using Apache Spark. UniCom 2014.
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An Example
Word Count

textFile

flatMap(split(“ “))

tuples of (word, count)

(words)

map.((word, 1))

tuples of (word, 1)

reduceByKey.(_ + _)

saveAsTextFile

Apache Spark Examples 

http://spark.apache.org/examples.html

Scala:

val textFile =

sc.textFile("hdfs://...")
val counts = textFile

.flatMap(line => line.split(" "))

.map(word => (word, 1))

.reduceByKey(_ + _) 
counts.saveAsTextFile("hdfs://...")

http://spark.apache.org/examples.html


An Example
Word Count

textFile

flatMap(split(“ “))

(words)

map.((word, 1))

tuples of (word, 1)

reduceByKey.(_ + _)

tuples of (word, count)

saveAsTextFile

Apache Spark Examples 

http://spark.apache.org/examples.html

Python:

textFile = sc.textFile("hdfs://...") counts =
textFile

.flatMap(lambda line: line.split(" "))

.map(lambda word: (word, 1))

.reduceByKey(lambda a, b: a + b) 
counts.saveAsTextFile("hdfs://...")

http://spark.apache.org/examples.html


Lazy Evaluation
Spark waits to load data and execute transformations until necessary -- lazy

Spark tries to complete actions as immediately as possible -- eager

Why?

● Only executes what is necessary to achieve action.

● Can optimize the complete chain of operations to reduce communication



Lazy Evaluation

Spark waits to load data and execute transformations until necessary -- lazy

Spark tries to complete actions as quickly as possible -- eager

Why?

● Only executes what is necessary to achieve action.

● Can optimize the complete chain of operations to reduce communication 

e.g.

rdd.map(lambda r: r[1]*r[3]).take(5) #only executes map for five records 

rdd.filter(lambda r: “ERROR” in r[0]).map(lambda r: r[1]*r[3])

#only passes through the data once



Broadcast Variables

Read-only objects can be shared across all nodes.

Broadcast variable is a wrapper: access object with .value

Python:

filterWords = [‘one’, ‘two’, ‘three’, ‘four’, …] fwBC =
sc.broadcast(set(filterWords))



Broadcast Variables

Read-only objects can be shared across all nodes.

Broadcast variable is a wrapper: access object with .value

Python:

filterWords = [‘one’, ‘two’, ‘three’, ‘four’, …] fwBC =
sc.broadcast(set(filterWords))

textFile = sc.textFile("hdfs:...") counts =
textFile

.map(lambda line: line.split(" "))

.filter(lambda words: len(set(words) and word in fwBC.value) > 0)

.flatMap(lambda word: (word, 1))

.reduceByKey(lambda a, b: a + b) 
counts.saveAsTextFile("hdfs:...")



Accumulators

Write-only objects that keep a running aggregation 

Default Accumulator assumes sum function

initialValue = 0
sumAcc = sc.accumulator(initialValue) 
rdd.foreach(lambda i: sumAcc.add(i)) 
print(sumAcc.value)



Accumulators

Write-only objects that keep a running aggregation 

Default Accumulator assumes sum function

Custom Accumulator: Inherit (AccumulatorParam) as class and override methods

initialValue = 0
sumAcc = sc.accumulator(initialValue)
rdd.foreeach(lambda i: sumAcc.add(i))
print(minAcc.value)

class MinAccum(AccumulatorParam):
def zero(self, zeroValue = np.inf):#overwrite this 

return zeroValue

def addInPlace(self, v1, v2):#overwrite this 

return min(v1, v2)

minAcc = sc.accumulator(np.inf, minAccum())

rdd.foreeach(lambda i: minAcc.add(i))
print(minAcc.value)



Spark Overview
● RDD provides full recovery by backing up transformations from stable storage 

rather than backing up the data itself.

● RDDs, which are immutable, can be stored in memory and thus are often 

much faster.

● Functional programming is used to define transformation and actions on 

RDDs.



Spark Overview

● RDD provides full recovery by backing up transformations from stable storage 

rather than backing up the data itself.

● RDDs, which are immutable, can be stored in memory and thus are often 

much faster.

● Functional programming is used to define transformation and actions on 

RDDs.

● Still need Hadoop (or some DFS) to hold original or resulting data efficiently 

and reliably.

● Lazy evaluation enables optimizing chain of operations.

● Memory across Spark cluster should be large enough to hold entire dataset to 

fully leverage speed.

○ MapReduce may still be more cost-effective for very large data that does not fit in memory.
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Why Social ScientificApplications?

Applications that make a difference in the world.

Often public data available.

Experience working toward an objective and/or using data to 

answer questions.
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?
extraversion --
sociable, assertive, 

active, energetic, 

talkative, outgoing

19M Facebook posts 75,000 personality surveys

Schwartz, H. A., Eichstaedt, J. C., Kern, M. L., Dziurzynski, L., Ramones, S. M., Agrawal, M., Shah, A., Kosinski, 
M., Stillwell, D., Seligman, M. E. P., & Ungar, L. H. (2013). Personality, Gender, and Age in the Language of 
Social Media: The Open-Vocabulary Approach. In PLOS ONE 8(9).

Does language use reflect who we are?

Words and Phrases

Language Says A Lot About People



insights

19M Facebook posts 75,000 personality surveys

extraversion --
sociable, assertive, 

active, energetic, 

talkative, outgoing

Words and Phrases

Language Says A Lot About People



Predict?
extraversion --
sociable, assertive, 

active, energetic, 

talkative, outgoing

Words and Phrases

19M Facebook posts 75,000 personality surveys

“Language-based Assessments”

Language Says A Lot About People





Language-Based Assessment Evaluation



Language-Based Assessment Evaluation



Other Outcomes?

Life Satisfaction
(Schwartz et al., 2013; 2016)

Meaning in Life
(Schwartz et al., 2016)

Emotion / Affect
(Preotiuc-Pietro et al., 2016)Mental Health

(Schwartz et al., 2013; 
Coppersmith et al., 2014; 
Eichstaedt et al., 2018)

Personality
(Schwartz et al., 2013; 
Park et al., 2015)

Dark Triad
(Preotiuc-Pietro et al., 2016)

Temporal Orientation
(Schwartz et al., 2015)

Spiritual/Religious Outcomes
(Yaden et al., 2016, 2017)

Control
(Rouhizadeh et al., 2018)

Demographics
(Sap et al., 2014)

Causal Explanations
(Son et al., 2018) Trustfulness

(Buffone et al., 2018)

Characterizing Gratitude
(Carpenter et al., 2016)



(Schwartz et al., 2016)

Causal Explanations
(Son et al., 2018) Trustfulness

(Buffone et al., 2018)Control
(Rouhizadeh et al., 2018)

Depth?

Life Satisfaction
(Schwartz et al., 2013; 2016)

Meaning in Life

Emotion / Affect
(Preotiuc-Pietro et al., 2016)Mental Health

(Schwartz et al., 2013; 
Coppersmith et al., 2014; 
Eichstaedt et al., 2018)

Personality
(Schwartz et al., 2013; 
Park et al., 2015)

Dark Triad
(Preotiuc-Pietro et al., 2016)

Temporal Orientation
(Schwartz et al., 2015)

Spiritual/Religious Outcomes
(Yaden et al., 2016, 2017)

Demographics
(Sap et al., 2014)

Characterizing Gratitude
(Carpenter et al., 2016)



Twitter Predicts Heart Disease

Eichstaedt, J. C., Schwartz, H. A., Kern, M. L., Park, G.,..., Ungar, L. H., & Seligman, M. E. (2015). Psychological Language on Twitter Predicts 

County-Level Heart Disease Mortality. Psychological Science 26(2), 159-169



Heart Disease Mortality Insight



1. Diseases of heart

2. Malignant neoplasms (cancers)

3. Chronic lower respiratory

4. Cerebrovascular diseases 

(strokes)

5. Accidents, unintentional

6. Alzheimer’s disease

7. Diabetes melitus

8. Kidney Diseases

9. Influenza & Pneumonia

10. Intentional self-harm 

(suicide)

11. Septicemia

12. Liver Disease

13. Hypertension

14. Parkinson’s

15. Pneumonitus

TOP 15 Causes of Death, 2013



1. Diseases of heart

2. Malignant neoplasms (cancers)

3. Chronic lower respiratory

4. Cerebrovascular diseases 

(strokes)

5. Accidents, unintentional

6. Alzheimer’s disease

7. Diabetes melitus

8. Kidney Diseases

9. Influenza & Pneumonia

10. Intentional self-harm 

(suicide)

11. Septicemia

12. Liver Disease

13. Hypertension

14. Parkinson’s

15. Pneumonitus

*

*** p < 0.001

** p < 0.01 
p < 0.001
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How can your project make an impact?



The End
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