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e Streaming Analytics on Massive(Previously Polygon) stock data
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Dstream

RDD @time1 RDD@time2 RDD@time3 RDD @ time 4

datafrom | __ = datafrom | datafrom | _ = datafrom =D

DStream = - timeOto 1l time 1to 2 time 2to 3 time3to4

e A basic abstraction provided by Spark Streaming
e Represents a continuous stream of data
e Contains a continuous series of RDDs at different time



Dstream Example
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First, we import StreamingContext, which is the main entry point for all streaming functionality. We create a local

StreamingContext with two execution threads, and batch interval of 1second.

from pyspark import SparkContext
from pyspark.streaming import StreamingContext

# Create a local StreamingContext with twoe working thread and batch interval of 1 second
sc = SparkContext("Tocal[2]", "NetworkWordCount™)
ssC = StreamingContext(sc, 1)

Using this context, we can create a DStream that represents streaming data from a TCP source, specified as hostname (e.g.

Tocalhost) and port (e.g. 9999).

# Create a DStream that will connect to hostname:port, like Tocalhost:9999
Tines = ssc.socketTextStream("localhost™, 9999)

This Tines DStream represents the stream of data that will be received from the data server. Each record in this DStream is

a line of text. Next, we want to split the lines by space into words.

# Split each line into words
words = lines.flatMap(lambda Tine: line.split(" "))

RDD @ time 3 RDD @ time 4

data from

data from
time2to3 )

time3to4d

This Tines DStream represents the stream of data that will be received from the data server. Each record in this DStream is

a line of text. Next, we want to split the lines by space into words.

# split each Tine into words
words = lines.flatMap(lambda Tine: Tine.split(" "))

flatMap is a one-to-many DStream operation that creates a new DStream by generating multiple new records from each
record in the source DStream. In this case, each line will be split into multiple words and the stream of words is represented

as the words DStream. Next, we want to count these words.

# Count each word in each batch
pairs = words.map(lambda word: (word, 1))
wordCounts = pairs.reduceBykey(lambda x, y: x + y)

# Print the first ten elements of each RDD generated in this DStream to the console
wordCounts . pprint ()

The words DStream is further mapped (one-to-one transformation) to a DStream of (word, 1) pairs, which is then
reduced to get the frequency of words in each batch of data. Finally, wordcounts.pprint () will print a few of the counts

generated every second.

Note that when these lines are executed, Spark Streaming only sets up the computation it will perform when it is started,
and no real processing has started yet. To start the processing after all the transformations have been setup, we finally call

ssc.start() Start the computation

ssc.awaitTermination() # wait for the computation to terminate



Spark Structured Streaming
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Streaming Analytics Setup

e Step 1: Create your account using your Columbia email ID on Massive

Businesses v

MASSIVE

Modernizing Wall St.
one market at a

At Massive, we're on a mission to modernize the financial
industry. We believe that the industry runs on old technology,

and we're here to change that.
Create API Key View our API does


https://massive.com/dashboard/keys

Streaming Analytics Setup

e Step 2: Login and Save your API Key from Dashboard (You will use your own unique
API key in the following exercise)

Products v Docs v Company v Pricing Contact @ Dashboard

Name API Key

Default Copy



Streaming Analytics Setup

e Step 3: Pull data from Massive

REST API ( )
Aggregates Bars Response Object
Getting Started
@ Iv2/aggs) Ti Hrangs {timespan}/{from}/{tc} {
Market Data Endpoints ~ "adjusted": true,
Get aggregate bars for a stock over a given date range in custom time window sizes. "next_url": "https:/fap 1o
® Aggregates (Bars) "queryCount": 2,
® Grouped Daily (Bars) . . . . "request_id"
For example, if timespan = 'minute’ and multiplier = ‘5" then 5-minute bars will be returned wresults": [
®  Daily Open/Close It
® Previous Close T5:067125
Parameters : 75.15,
® Trades "n: 73,7975,
® LastTrade stocksTicker  AAPL s race,
® Quotes (NBBO) Specify a case-sensitive ticker symbl. For example, AAPL represents Apple Inc. i 1577941200000,
® LastQuote
multipliers 1 S
@ Snapshots v The size of the timespan multiplier. {
® Technical Indicaters ¢ 74.3575,
tinespan®  day - 75.145,
Reference Data Endpoints ~ The size of the time window: "Lt 74,125,

® Tickers
from*  2023-01-09

®  Ticker Details V3
The start of the aggregate time window. Either a date with the format YYYY-MM-DD or a milisecond timestamp.

+ 146535512,
4 Ticker Events

T4.7026
to 20230210 ¥

1,
"resultsCount

®  Ticker News

The end of the aggregate time window: Either a date with the format YYYY-MM-0D or a millisecond timestamp.
® Ticker Types

®  Market Holidays adjusted  true -

® Market Status Whether or not the results are adjusted for splits. By default, results are adjusted. Set this to false to get results that are NOT ¥
adjusted for splits
® Stock Splits V3

® Dividends V3 sort  asc -

4 Stock Financials VX Sort the results by timestamp. asc will return results in ascending order (oldest at the top), desc wil retun results in
descending order (newest at the top).
® Conditions

@ Exchanges VI ¢



Streaming Analytics Setup

® Step 4: Create your GCP Dataproc Cluster as done for previous assignments and setup the Massive API

© |ivport requests
import pandas as pd
from datetime import datetime

# Both api.massive.com and api.polygon.io are valid
BASE_URL = ‘https://api.massive.com’
API_KEY = 'YOUR_API_KEY_HERE'

def get_histdata massive(ticker, start date, end_date, timespan='minute', multiplier=1):
Fetches aggregate stock bars from Massive / Polygon API.
Dates/timestamps can be provided as YYYY-MM-DD or millisecond timestamps.
url = F"{BASE_URL}/v2/aggs/ticker/ {ticker}/range/{multiplier}/{timespan}/{start_date}/{end_date]2apikey={API_KEY}"
response = reguests.get(url)

if response.status_code == 200:
data = response.json()
if ‘results’ not in data or not data[results’]:
print("No results returned for the specified window.")
return pd.DataFrame()

df = pd.DataFrame(data[ 'results’])
# Convert millisecond epoch "t' to human-readable datetime
df["timestamp'] = pd.to_datetime(df['t'], unit="ms', utc=True)

# Select and rename relevant columns
if = df[[ timestamp’, "o’, 'h', '1°, °
df.columns = ['UTC Timestamp', "o',
return df

elif response.status_code == 483:
print("Error 483: Forbidden. Verify your API key or ensure you are querying valid historical dates allowed on your tier.")
return pd.DataFrame()

else:

print(f"Error {response.status_code}: {response.text}")
return pd.DataFrame()

# Example test run for a past market day
test_df = get_histdata_massive( AAPL', '2024-10-63', "2024-10-83')
print(test_df.head())




TO DO

1. Pull the stock data of “AAPL” at 1-minute level resolution every S minutes. Each such pull made
once every 5 minutes should have data from the (current timestamp - one hour) to the current
timestamp when you hit the api i.e. one hour's worth of data in each pull. Let this entire process run
for 30 minutes. At the end of your program, your code should have generated ~1.5 hours worth of
data for the stock and the api should have been called 7 times (once every 5 minutes, over a period of
30 minutes).



TO DO

2. In each data pull, the data should be incrementally loaded into a Spark data frame where the data
frame schema will be [*Stock Name’, “UTC Timestamp”, “c”, “I”, ”’h”, 70, ”v”’]

Sample flow of incremental update operation:

Data Currently in dataframe

+----- mmmm e SEEEEEEEE Fom-m- - +o-mmm - R R +------ +
|stock|Datetime lc |1 |h lo [v I
+----- Fo-mmm e +-------- +------- o +-----—-- +------ +----- +
|AAPL |2023-108-02 21:45:@0[173.7 |173.7 [|173.7 [173.7 |Se7.9 |
|AAPL [2023-10-@2 21:48:00|173.72 |173.72 [173.72 |[173.72 |[340.0
AAPL [2023-10-02 21:49:00(173.7201|173.7201(173.7201|172.7201|110.0
AAPL [2023-16-02 21:51:00|173.74 173.74 173.74 173.74 111.0
AAPL [2023-10-02 21:54:08|173.66 173.66 173.7 173.7 2005.0
AAPL |2023-1©-02 21:57:00|173.67 173.67 173.67 173.67 193.0
AAPL |2023-10-02 21:58:00|173.67 173.67 173.6799(1732.6799(420.0
AAPL |2023-10-02 21:59:00|173.65 173.65 173.65 173.65 280.0
AAPL [2023-10-02 22:00:00(173.74 173.65 173.74 173.69 2389.0
AAPL [2023-16-02 22:02:00(173.74 173.735 [173.74 173,735 |536.0
AAPL [2023-16-02 22:03:00|173.7397|173.7397|173.7397|172.7397|231.0
AAPL [2023-10-02 22:09:00|173.7398|173.7398|173.7398|173,7398|3773.0
AAPL |2023-1©-02 22:15:00|173.74 173.74 173.75 173.74 938.0
AAPI 2023-10-02 22:18:0081173.8 173.78 173.8 173.78 1623.0
|AAPL |2023-10-02 22:31:00|173.86 |173.75 |173.86 |173.75 [738.@ |
|AAPL |2023-10-02 22:32:00|173.87 |173.87 |173.87 |173.87 [434.0 |
|AAPL |2023-10-02 22:35:00|173.83 |[173.83 |173.83 |173.83 |441.0 |
|AAPL |2023-10-02 22:37:00|173.8  |173.8 |173.82 |173.82 [341.0 |
|AAPL |2023-10-02 22:38:00|173.8199|173.8199]|173.8199|173.8199|527.0 |
|AAPL |2023-10-02 22:39:00]|173.75 |173.75 |173.75 |173.75 [553.@ |
|AAPL |2023-10-02 22:42:00|173.75 |173.75 |173.8 |173.8 [215.0 |
o---- o oo oo [ EnEEEEE oo oo +

Data from latest api pull

|AAPL |2@23-10-02 21:49:
|AAPL |2023-1@-82 21:51:
2023-10-02 21:54:00
2823-108-82 21:57:00
2023-10-92 21:58:00
2023-10-82 21:59:00
2023-10-92 22:00:00
2823-10-82 22:02:00
2023-10-92 22:03:00
2823-10-02 22:09:00
2023-10-92 22:15:00
2023-10-82 22:18:00|173.
20823-108-82 22:19:00|173.
|2023-10-02 22:35:00|173
|2023-10-02 22:37:00|173
|2023-10-02 22:38:00|173
|2023-10-82 22:39:00|173
|2023-10-82 22:42:00|173.
|2023-10-82 22:43:00|173.
|2023-10-02 22:44:00|173.
|2023-10-82 22:45:00|173.
|2023-10-82 22:46:00|173.

20|173.
28173,
173.
173.
173.
173.
173.
173.
173.
173.
173.

.8

|1
7201|173,
74 |173.
66 |173.
67 |173.
67 |173.
65 [173.
74 |173.
74 |173.
7397(173.
7398|173.
74 |173.
8 173.
8484 |173.
.83  |173.

|173.
.8199|173.
.75 |173.
75 |173.
8 |173.
75 |173.
78 |173.
79  |173.
-

+--mm - R S
Ih le Iv |
+---- - o - oo+

7201|173.7201|173.7201|110.0 |

74 |173.74 [173.74 |111.8

66 |173.7 173.7 2005.0

67 |173.67 |172.67 |193.@

67 |173.6799|173.6799|4208.0

65 |173.65 |173.65 |28@.0

65 |173.74 |173.69 |2389.0

735 |173.74 |172.735 |536.0

7397|173.7397|173.7397|231.0

7398|173.7398|173.7398|3773.0

74 |173.75 |173.74 |938.0

78 |173.8 173.78 |1623.0

8494|173.86 |173.86 |3318.0

83 |173.83 [173.83 |441.0 |

8 |173.82 |173.82 |341.0

8199|173.8199|173.8199(527.0 |

75 |173.75 |173.75 |[553.0

75 |173.8 |173.8 |215.0 |

8 |173.8 |173.8 |220.0 |

75 |173.7501|173.7501|285.0 |

78 |173.78 |173.78 |1815.0|

79 |173.8 |173.8 |789.0 |

B et 4o - +

Final dataframe state after
incremental update

+----- o +-------- Fo-momoo- +------- +----- - +------ +
|stock |Datetime lc |1 |h o |v |
+----- Fommmm oo +-------- e oo R Rt s +
|AAPL |2023-10-02 21:45:00|173.7  |173.7  |173.7 |173.7 |5@7.8
|AAPL 2023-10-02 21:48:08|173.72 |173.72 [173.72 |173.72 |340.8 |
|AAPL |2023-10-82 21:49:00|173.7201|173.7201|173.7201|173.7201|110.0 |
|AAPL |2023-10-02 21:51:00|173.74 |173.74 [173.74 |173.74 |111.e |
|AAPL |2023-10-02 21:54:00|173.66 |173.66 [173.7 |173.7  |2005.0|
|AAPL [2023-10-02 21:57:08|173.67 |173.67 [173.67 |173.67 |193.8 |
|AAPL |2023-10-82 21:58:00|173.67 |173.67 |173.6799|173.6799|420.0 |
|AAPL |2023-10-02 21:59:00|173.65 |173.65 [173.65 [173.65 |280.8 |
|AAPL |2023-10-02 22:00:00|173.74 |173.65 [173.74 |173.69 |2389.0|
|AAPL |2023-10-82 22:02:00|173.74 |173.735 |173.74 |173.735 |536.0 |
|AAPL |2023-10-82 22:03:00|173.7397|173.7397|173.7397|173.7397|231.0 |
|AAPL |2023-10-02 22:09:00|173.7398|173.7398|173.7398|173.7398|3773.0|
|AAPL |2823-10-02 22:15:08|173.74 |[173.74 |173.75 [172.74 |938.0 |
|AAPL |2023-10-02 22:37:08|173.8  [173.8  [173.82 [173.82 |341.0
|AAPL |2023-10-02 22:38:00|173.8199]173.8199|173.8199|173.8199|527.0 |
|AAPL |2023-10-02 22:39:00|173.75 |173.75 [173.75 |173.75 |[553.8
|AAPL |2023-10-02 22:42:08|173.75 |[173.75 [173.8 |173.8 |215.0
|AAPL |2023-10-02 22:43:00|173.8 |173.8  [173.8 |173.8 |[220.0
|AAPL |2023-10-02 22:44:08|173.75 |173.75 |173.7501|173.7501|285.0
|aAPL |2023-10-02 22:45:08|173.78 |173.78 |[173.78 [173.78 |1815.@
|AAPL |2023-10-02 22:46:00|173.79 [173.79 [173.8 |173.8 |[789.8

to--- oo tommmmee- oo Hommm s ERREEEEE 4o---ee +



TO DO

3. Every 5 minutes, after inserting data into the dataframe, compute the 30-minute moving averages
for the stock's "c", "I", "h", "0", and "v" values. Store these moving averages incrementally in a
separate PySpark dataframe with the schema [“Datetime", “c MA", "l MA", "h. MA", "o MA",

"v. MA"], where “Datetime" represents the end timestamp of the moving average window.

Moving Averages for the data Moving Averages for all the data present
called till 2023-10-02 22:42:00 after next api call at 2023-10-02 22:46:00
[T RS SR RN RS R N e R frommmmmeme e frommmmme e rmmmmmmee e rmmmmmmm e e
|stock|patetine |cma |1 ma |h ma |o_na v ma | |Stock|Datetine |c ma [1 ma |h na |o_na [v ma
{7 PSSP ps————_y——(———_————— | [ [P [P [P [F— [

|ARPL [2023-10-82 21:45:00|173.6999969482422 |173.6999963482422 [173.6999963482422 [173.699996948242 |567.8
|AAPL |2023-10-82 21:48:80| 173. 7099990844726 173.7TA999048447265 | 173. 7699999847266 |173.. 7099990844726 £23.5
|ARPL [2023-10-82 21:49:00|173,7200927734375 |173. 7200927734375 |173. 7208927734375 [173.7200927734375 |110.0
|AAPL |2023-10-82 21:51:08|173.73004913330678| 173, 73004913330878 173 73084913330878 173 73084913330078 110. 5

|AAPL | 2023-10-02 21:48:00]173.70999908447266 | 173.70999968447266| 173, 7999908447266 173, 70999088447 266 4235
|AAPL | 2023-10-82 21:49:08] 173.71336364746094 | 173.71336364746094| 173,71336364746004| 173, 7133636474664 | 319.6
|AAPL | 2023-10-02 21:51:00]173.72002410888672 | 173.72002410888672| 173, 7202410888672 | 173, 72002410888672 | 267.0
|AAPL | 2023-10-82 21:54:00] 173.70802081953126 | 173.70802081953126| 173, 7168186767578 |173.7166186767578 |614.6
|ARPL |2023-10-62 21:57:00]173.7016830444336 |173.7616830444336 |173.7063485921224 |173.7683485921224 |544,3333333333334 |

[AAPL |2023-10-82 21:53:00| 173.60715663364954 | 173. 6071563364054 | 173, 70428466706875| 173. 7042866796875 526. 5714285714286 | |MPL [2623-10-00 21:54:00[173.TOGT006296366 173, TOGTOO4 290366 | 173.7 003173828125 173, T20B3LT3808105 742,
[AAPL |2623-1-62 21:59:00]173.6912612915839 |173.6912612915039 |173.,674383215332 |173.6974983215332 |495.75 | [MPL |2623-10-02 21:57:00| 173, 6975250244146 |173..6975 2502441406 |L73. 7075 2334594727 | 173, 76752334504717 | 604,75
|AAPL |2023-10-82 22:00:00]173.69667731391058 | 173. 6866762539062 | 173.7022213406633 |173.60666544506353|706.1111111111111 | |AAPL |2023-10-02 21:58:00|173,6920196333203 |173.6920196533203 |173,70199898136718| 173, 78199890136 718| 567.8
|ASPL |2023-10-02 22:02:00]173.70101013183594]173.,6915084838867 |173.70599975585938| 173, 70649896240235| 689, 1 : ’ : .

o e e e b1 A AT 4 AT ] 21 R A S | 41 4 3 T 10 2
|AAPL |2023-16-02 22:28:00|173.7573380003764 |173.7468816583807 |173.76611162849787|173.75238314541903 | 1258. 909090989091 | \WL |2023-10-62 22:37:00]173. 8173647938566 173. 8055461536 7504 | 1738210560191 7613| 173..80832880193537 | 1104 3636363636363
|AAPL |2023-16-02 22:29:60|173.77279246937144|173.76233603737572 | 173.77466513893822 | 173.76693725585938| 1239, 696909990969 | [MAPL [2023-10-62 22:38:08|173.81757609649478|173.8667423562604 |173.8209507269694 |173.80929311116537 |1056.25
|AAPL |2023-10-82 22:31:00|173.7970718383789 |173.7835708618164 |173.79913177490235|173.78463134765624|1169.9 | |AAPL |2023-16-62 22:39:@0|173.8123779296875 |173.8237755408655|173,8155612864333 |173.8047321026142 |1017.5384615384615
[AsPL |2623-10-82 22:32:00|173.8037012273615 |173.7914276123647 |173.80557389692828 173, 7923016993409 |1163.8 | |APL |2023-10-62 22:42:00|173.8131619966347 |173.80316162189375173,82013174203726| 173 80936255821814| 743, 8451538461538

|AAPL |2023-10-82 22:35:80|173.81910095214843 | 173.80610046386718 | 173.82116088867187 | 173.80716094970703 | 1180.7

|AAPL |2023-18-82 22:37:00|173.81736477938566|173.80554615367544 | 173.82105601917613 | 173.88832880193537 | 1104, 3636363636363 | [APL |2023-10-62 22:44:00]173. 80867393391927 173, 7994069417317 173, 81412150065105) 173, 8047852680078 |678,3333333333334
}AAPL }zaza—m—ez 22:38:88I173.81757669049473}173.8967423562694 }173.8209597269694 }173.86929311116537IlGSG.IS | [PL. |2023-10-02 72:45:00| 173, 8063192367537 173, 1961939315796 | 173..8119888305664 | 173, 0323885871338 720375

AAPL [2023-10-02 22:39:00|173.8123779296875 |173.80237755408655|173.8155012864333 |173.8047321026142 |1617,5384615384615

|AAPL |2023-18-82 22:42:00|173.8131619966947 |173.80316162189375|173.82013174263726|173.808936255821814 | 743.8461538461538 | [P [2023-16-22 72:45:00173. 8004434738156 | 173. 80131816864012 | 173. 8151462130127 173. 8069887161255 |720.0625

[AAPL |2023-16-62 22:43:00|173,81222267285636| 173, 8620360089983 | 173, 8186939784585 | 173, 8086940220424 |706,4285714285714



To Submit:

-  PDF with screenshots of your code, brief explanation of the code worflow and the
results i.e. dataframe holding the streamed data and the dataframe holding the
moving averages.

- Code file for Streaming Analytics section

Important Notes:

- You may not get the data for each minute level timestep, there may be a few data points missing
here and there which is fine but ensure that the majority of the expected timestamps are present in
each pull.
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