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Data Skew is a condition in which a table's data is unevenly distributed among partitions across the nodes in the cluster.

During Aggregation and/or Join operations, if data is unevenly distributed across partitions; one or more tasks are stuck in processing the
heavily skewed patrtition, resulting in severely degraded performance of queries, often the entire job fails due to massive shuffle. Joins between
big tables require shuffling of data and skew can lead to an extreme imbalance of work in the cluster.

Joins and Aggregations are both shuffle operations, so the symptoms and fixes of Data Skew in both are the same.

A query appears to be stuck, finishing all but few (usually, the last 2 or 3 tasks out of default 200) tasks.
A join stage seems to be taking a long time in Spark Ul. This is typically one last task of the many tasks.
Stages before and after join seem to be operating normally.

Logs show "Caused by: org.apache.spark.shuffle.FetchFailedException: Too large frame:"

Duration Tasks: Succeeded/Total Input Output

47 h 199/200

® On the Spark Web Ul, you see something like:
® Note: 47 h in Duration can be any other value.

® Always ensure the query is selecting only the relevant columns working only on the data that you need for the join.

® Experiment with different join orderings, especially when the joins filter out a large amount of data.

® Partition or repartition() a dataset prior to joining for reducing data movement across the cluster, especially when the same dataset is
used in multiple join operations. It's worth experimenting with different pre-join partitioning and repartitioning. Note: All joins come at the
cost of a shuffle, this experimenting isn't free of cost but can be well worth in avoiding severely degraded performance later on.

® Ensure that the null values are handled correctly (using null, and not 'EMPTY" or empty space like ""). Given below are the code
examples to handle the null values in the joining columns.

Consider the following 3 tables, i) orders, ii) customers and iii) delivery. orders table has 300 million rows where cust_id is null and 300 million
rows where delivery_id is null.

Since orders table has maximum data, it is the driving table, and should be the left-most table in any join operation.

Table Name Row Count Table Size count(distinct cust_id) cust_id is null cust-id is not null
orders 500 million 50 GB 150 million 300 million 200 million
count(distinct delivery_id) delivery_id is null delivery-id is not null
500 million 50 GB 250 million 300 million 150 million
count(distinct cust_id) cust_id is null cust-id is not null

customers 150 million 15GB 150 million 0 150 million



count(distinct delivery_id) delivery_id is null delivery-id is not null

delivery 250 million 25 GB 250 million 0 250 million

select * from orders o
left join customers c on o.cust_id = c.cust_id
left join delivery d on o.dlivery_id = d.delivery_id,;

In this query, marked in red are the problem areas. The bolded red is the root-cause of the Data Skew. orders table's cust_id and delivery_id h
ave a lot of null values and are used as join-columns with customers table and delivery table.

Since the driving table (orders) has null values in cust_id and delivery_id and we can't filter null records before joining due to some business
requirement, we need all records from the driving table. When this query is run in a Spark, you will notice the stage performing this join
progresses to 199 tasks quite fast and then gets stuck on the last task, eventually the query aborts after several hours and the job fails.

Spark hashes the join columns and sorts it. Then Spark tries to keep records with same hashes on the same executor, so all the null values
from the orders table will go to one executor. Thus Spark gets into a continuous loop of shuffling and garbage collection with no success.

Split orders table into two parts. The first part will contain all rows that don't have null values for the cust_id and the second part contains all
rows with null values in cust_id. Perform the join between orders with no null values in cust_id and customers table, then perform a union
all of the two parts. Repeat the process for delivery_id.

The queries for splitting the orders table are:-

create table orders_cust_id_not_null as

select * from orders where cust_id is not null;

create table orders_cust_id_null as

select * from orders where cust_id is null;

create table orders_cust as
(select ol.cust_id from orders_cust_id_not_null o1
left join customer ¢ on ol.cust_id = c.cust_id
union all

select 02.cust_id from orders_cust_id_null 02);

create table orders_delivery_id_not_null as

select * from orders_cust where deliver_id is not null;



create table orders_delivery_id_null as

select * from orders_cust where deliver_id is null;

create table orders_delivery as
(select ol.delivery_id from orders_delivery_id_not_null o1
left join delivery d on ol.delivery_id = d.delivery_id
union all

select 02.delivery_id from orders_delivery_id_null 02);

Consider the 3 tables in csv format, given below.

orders table customers table
orderd_id cust_id delivery_id  order_dt order_amt cust_id cust_name  cust_city
1A 1 1001 1/1/18 100 1 Adam San
Francisco
2A 1002 2/2/18 200 2 Bob Palo Alto
3A 2 1003 1/1/18 260 30 Charly New York
4A 3 3/3/18 300 4 Dave San
Antonio
5A 4/4/18 150 5 Ed Phoenix
6A 4 1004 5/5/18 400 6 Frank Houston
A 1005 6/6/18 500 7 Gary Madison

cust_state

CA

CA

NY

TX

AZ

TX

wi

delivery table

delivery_id

1001

1002

1003

1004

1005

1006

1007

delivery_dt

1/10/18

2/10/18

1/10/81

3/10/18

10-Apr

5/10/18

6/10/18

delivered_by
Jon

Joe

Jack

Jared

Jack

Javed

Juzar

received_by

YA

MA
HA

SA

WA

SA

SA

orders table does have null values in cust_id for order_id 2A, 5A and 7A and null values in delivery_id for order_id 4A and 5A. These null

values are the reason why these columns are prone to data skew.

We will read these tables as csv files into DataFrames, and evaluate how to resolve the data skew.



orders = spark.read.csv("/Users/usuf/Documents/Customers/AmFm/orders.csv", header=True, inferSchema=True)
orders.show( )

S SR R S + JR— + +
|orderd id|cust_id|delivery id|order dt|order amt|
Fommmmmaaa Fommmaas + J— + +
| 18| 1| 1001] 1/1/18] 100]
| 2a|  null] 1002| 2/2/18| 200 |
[ 3a| 2] 1003 1/1/18| 260
[ an| 3| null| 3/3/18] 300 |
| 5A| null| null| 4/4/18| 150
| 6A| 4| 1004| 5/5/18] 400 |
| 7a|  null] 1005 6/6/18| 500|
S RR——— T —— + —— + +

customers = spark.read.esv("/Users/usuf/Documents/Customers/AmFm/customers.csv”, header=True, inferSchema=True)
customers.show()

F— + S Fommmm e +
|cust _id|cust name| cust_city|cust state|
Fa— + S S — S — +
| 1] Adam|San Francisco| CA|
| 2| Bob| Palo Alto| CA|
| 30| Charly| New York| NY|
| 4| Dave| San Antoniol TX|
| 5] Ed| Phoenix| AZ|
| 6| Frank| Houston | TX|
| 7] Gary| Madison| WI|
o + S Fommmm e +

delivery = spark.read.csv("/Users/usuf/Documents/Customers/AmFm/delivery.csv", header=True, inferSchema=True)
delivery.show()

o - 2 S — - +
|delivery id|delivery dt|delivered by|received by |
P S S S +
| 1001 1/10/18] Jon | YA |
| 1002 | 2/10/18] Joe| MA |
[ 1003 | 1/10/81| Jack | HA|
| 1004 | 3/10/18| Jared | SA |
| 1005| 10-Apr | Jack | WA |
[ 1006 | 5/10/18| Javed | sa|
| 1007 6/10/18] Juzar | SA|
+am A S — - +

To perform join in Spark, you can directly do so on DataFrame, or use alias of the DataFrame for easier access to the column names. Below are
examples of both the techniques.



a ord = orders.alias('a ord")
a cust = customers.alias('a cust')
a_del = delivery.alias('a del')

ocd = a_ord.join(a cust, a ord.cust _id == a_cust.cust id, how='left outer') \
.join(a_del, a_ord.delivery id == a del.delivery id, how='left outer')
ocd. show( )

N SR S S—— O oo + ———t S S 4= -+
—— +m -t

|orderd_id|cust_id|delivery_id|order dt|order_amt|cust_id|cust_name| cust_city|cust_state|delivery id|delivery_dt|
delivered by|received by|

[ —— U S U O Fommeee + ————t fomem Fu— 4o -+
—_— +- -—t

| 1a| 1] 1001| 1/1/18| 100] 1| Adam|San Francisco| CA| 1001 1/10/18]
Jon | YA|

| 28|  null| 1002| 2/2/18| 200]| null| null| null| null| 1002 | 2/10/18]
Joe | MA|

[ 33| 2| 1003| 1/1/18] 260 2| Bob| Palo Alto| cal 1003 | 1/10/81|
Jack| HA|

| 4a| 3| null| 3/3/18| 300] null| null| null| null| null| null|
null| null|

| 5A| null| null| 4/4/18| 150] null| null| null | null| null]| null|
null| null|

| 6A| 4| 1004| 5/5/18| 400| 4| Dave| San Antonio| TX | 1004 | 3/10/18]
Jared| sa|

| 7A| null| 1005| 6/6/18| 500] null| null| null| null| 1005 10-Apr|
Jack| WA |

F—— A R A o fommeeme + et EY— A o -+
——— +- -+

The join in above code snippet is the root cause of the data skew, as it is joining on the orders.cust_id and orders.delivery_id columns, which
have a lot of null values. Now, let's look into how to resolve

data skew issue in the multi table join where null values are present.

Split orders data_frame into two data_frames, one where cust_id is not null, and the other where cust_id is null.



from pyspark.sql.functions import col
o _c_not null = orders.filter(col("cust id").isNotNull())

o ¢ not null.show()

S W ——— o TR — $ommmmmaaat
|orderd id|cust id|delivery id|order dt|order amt |
N W——— b ——ee F N N ——
| 1A 1] 1001 1/1/18| 100 |
| 3a| 2| 1003| 1/1/18| 260 |
| 4n| 3| null| 3/3/18| 300
| 6A| 4| 1004| 5/5/18| 400 |
S S —— fommmmm e mm e T R—— fommmmmmeat

o ¢ null = orders.filter|col("cust id").isNull{))
o ¢ null.show()

S R o ———— I T —
|orderd id|cust id|delivery id|order dt|order amt |
Fommmm et ———— o ———— . I —
| 2A|  null| 1002| 2/2/18| 200
| 5A| null | null| 4/4/18| 150 |
| 78|  null] 1005| 6/6/18| 500 |
Yommmmm et ———— T R—— T —

Join o_c_not_null DataFrame with customers DataFrame on cust_id. Note: This join will be much faster, as only the non-null
cust_ids are participating in the join.

o_c_not null cust = o _c _not null.join(customers, o _c not null['cust id"'] == customers|'cust id'], how='left outer')

o_c_not_null_cust.show()

#select ol.cust id from orders_cust id not null ol
#left join customer ¢ on ol.cust_id = c.cust_id

o ——— Fmmmm Fomm e ——— o —— AN s o ———— o ———— +
|orderd_id|cust_id|delivery_ id|order dt|order amt|cust idjcust name| cust_city|cust_state]
! C——— T ¥ IR— T —— T SRRSO (USSR | SSS—— TS E S S— +
| 1a| 1| 1001 1/1/18]| 100 Adam|San Francisco| CA|
| 3a| 2| 1003| 1/1/18| 260 Bob|  Palo Alto| cA|
| 4| 3| null| 3/3/18| 300 null| null | null |
| 6A| 4| 1004| 5/5/18| 400 Dave| San Antonio| X |
fommmm——— + R Fomm——— fomm ——— .

Problem: The cust_id column appears twice in the joined data_frame, as the column name is same in both the tables. If we try to access cust_id
from the result data_frame, it will give 'AnalysisException' on cust_id due to the ambiguity.

EnalysisException: "Reference 'cust id' is ambiguous, could be: cust id, cust id.:"

Remove duplicate columns from the resulting data_frame. This is a good opportunity to introduce a User Defined Function, so
it's generic on any two data_frames which may have duplicate columns.

def remove duplicate cols(df, dfl, df2):
repeated_columns = [c for c in dfl.columns if c in df2.columns]
for col in repeated_columns:
df = df.drop(dfZ[col])
return df



o ¢ not null cust = remove duplicate cols{o ¢ not null cust, o ¢ not null, customers)
o ¢ not null cust.show()

I TR o R T o N o +
|orderd id|cust id|delivery id|order dt|order amt|cust name| cust city|cust state]
R ———— R S—— S S ——— E S———— R ——— R S ——— R S ———— R ——— +
| 14| 1| 1001 1/1/18| 100| Adam|San Francisco| CA|
| 3a| 2| 1003| 1/1/18| 260 | Bob | Palo Alto| cA|
| 4n| 3| null| 3/3/18| 300| null| null | null |
| 6A| 4| 1004| 5/5/18| 400| Dave| San Antonio| TX |
R U Fommmmmmmeem U —— S S N S +

Now we have the data_frame without the duplicate columns of cust_id.

Union the resulting data_frame with o_c_null data_frame to get the full orders_customers data_frame.

In order to perform the union of the two data_frames, the pre-requisite is that both the data_frames must have the same schema. In this case,
we need to union o_c_not_null_cust data_frame which is a joined product ( with customers data_frame ) and the o_c_null data_frame which is
the sub-set of the orders data_frame. To do this, we have to customize the union, first ensuring the schemas are same in both the data_frames.
This can be done with a generic User Defined Function.

from pyspark.sql.functions import 1lit
from pyspark.sql import Row

def customUnion(dfl, df2):
colsl = dfl.columns
cols2 = df2.columns
#total cols = sorted(colsl + list{set(cols?) - set{colsl))) #if columns need to be in sorted order
total cols = colsl + list(set(cols2) - set(colsl))
def expr(mycols, allcols):
def processCols(colname):
if colname in mycols:
return colname
else:
return lit(None).alias(colname)
cols = map(processCols, allcols)
return list(cols)
appended = dfl.select(expr(colsl, total cols)).union(df2.select(expr(cols2, total cols)))

return appended

ord cust = customUnion(oc ¢ not null cust, o ¢ null)
ord cust.show()

+
| 1n| 1| 1001 1/1/18| 100| 2Adam|San Francisco| CA|
| 3a| 2| 1003| 1/1/18] 260 | Bob | Palo Alto| ca|
| 4a | 3| null| 3/3/18| 300| null| null | null|
| 6A| 4| 1004| 5/5/18| 400 Dave| San Antonio| TX |
| 2A| null| 1002 2/2/18| 200 null| null | null|
| 5A| null| null| 4/4/18| 150| null| null| null|
| TA| null| 1005| 6/6/18| 500| null| null | null|
+



ord cust = customUnion{o ¢ not null cust, o ¢ null).sort([ 'orderd id'])
ord cust.show()

Fommmmmeee TR TR R S —— S —— S ——— N — +
|orderd id|ecust id|delivery id|order dt|order amt|cust name| cust city|eust state|
Femm e ——— Fem———— e Fem————— Fommm e Fomm—— Fom e Fomm e ——— +
| 14| 1] 1001 1/1/18| 100| Adam|San Francisco| CA|
| 24| null | 1002 2/2/18| 200 null | null | null |
| 3A| 2| 1003| 1/1/18] 260 Bob | Palo Alto] CA|
| 4n | 3| null| 3/3/18| 300| null| null | null |
| SA| null | null| 4/4/18| 150 null | null | null |
| 6A | 4| 1004| 5/5/18| 400 | Dave| San Antonio] TX |
| TA| null | 1005| &/6/18]| 500| null| null | null |
Fommmmmeeem T e R S . S S +

Now, that we have the ord_cust data_frame, we need to perform the join with delivery table. We will repeat the same steps, using the ord_cu
st data_frame as the driving table.

Split ord_cust DataFrame into two DataFrames, one with delivery_id not null and the other with deliver_id null.

o d not null = ord cust.filter(col("delivery id").isNotNull())
o d not null.show()

S S S N — S R —— S —— S S +
|orderd id|cust id|delivery id|order dt|order amt|cust name | cust city|cust state]
S — S tom—————— S S —— S — B N +
| 14| 1| 1001| 1/1/18| 100 Adam|San Francisco| CA|
| 24| null| 1002| 2/2/18| 200 null| null | null|
| 34| 2| 1003| 1/1/18| 260| Bob | Palo Alto| Ca|
| BA| | 1004| 5/5/18| 400 | Dave| San Antonio| TH |
| 74| null| 1005| &/6/18| 500| null| null | null|
R R R —— R—— N Fom e Fom e I +

o d null = ord cust.filter(col("delivery id").isNull({}))
o d null.show()

S R A O N ——— R —— R R +
|orderd id|cust id|delivery id|order dt|order amt|cust name|cust city|cust state]
S Fommmeee tammmme————— Fommmmeem R R —— R R +
| 4h| 3| null| 3/3/18| 300| null | null | null |
| 5A| null | null| 4/4/18| 150 null | null | null |
O R N O . . . S +

Join the o_d_not_null DataFrame with delivery DataFrame. This join will be much faster, sans all the null values in delivery_id colu
mn.



o_d_not_null del = o_d not_null.join(delivery, o d not null['delivery id'] == delivery[ 'delivery id'], how='left outer’
o_d not null del.show()

D P — R N +- + R N + R N —— E S —— S N ——— S — fomee————
S N — +

|orderd id|ecust id|delivery id|order dt|order amt|cust name cust_city|cust statefdelivery id|Helivery dt|delivere
d_by|received_by|

S — R +- + S S + R S —— L T —— 2% WEVEPRRI | W —— fomm—————
B + F

| 1a| 1] 1001| 1/1/18]| 100 | BAdam|San Francisco| ca| 1/10/18|

Jon| YA|

[ 28|  null| 1002| 2/2/18] 200 null| null | null| 2/10/18|

Joe| MA|

| 3a| 2| 1003| 1/1/18] 260 Bob | Palo Alto| ca| 1/10/81|

Jack| HA|

| 6A| 4| 1004| 5/5/18| 400 | Dave| San Antonio| TX| 3/10/18| J
ared| SA|

| 7a| null| 1005| &/6/18| 500 | null| null| null| 10-Apr |

Jack| WA |

D P —— R N +- + o N + R N —— L S —— S S— fomeem———
S N — +

Drop duplicate column from the resulting data_frame and union it with o_d_null data_frame re-using both the UDFs created earlier.
The result of the union is the final data_frame, with all the 3 tables joined.

o d not null del = remove duplicate cols({o d not null del, o d not null, delivery)
o_d not null del.show()

temmmsa=as= o + ===t +- tamme temmm== famas temmn=- fammm== tmmmm=—=
I;;;:rd_id|cust_id|delivery_id|arder_dt|order_amt|cust_name cust_city|cust_state|delivery dt|delivered by|receive
i:}fﬂ _____ oo + ——t i T T feem e I e
I___+ 1a| 1] 1001| 1/1/18| 100 Bdam|San Francisco| CA| 1/10/18| Jon |

TAI 28| null| 1002 2/2/18| 200 | null | null | null| 2/10/18| Joe |

Iiml 3a| 2| 1003 1/1/18| 260 | Bob | Palo Alto| cA| 1/10/81] Jack|

Tﬂl BA| 4| 1004| 5/5/18| 400 Dave| San Antonio| TX | 3/10/18| Jared |

TAI 78| null| 1005| 6/6/18| 500 null| null | null]| 10-Apr | Jack|

Wa|

temmmsm=as= o + ===t +- tamme temmm== famas temmn=- fammm== tmmmm=—=
==aat

ord cust _del = customUnion(o d not null del, o d null).sort([ 'orderd id'])
ord_cust_del.show|( )

S SR R S + JR— +- S —— S ———— S — S S R S NS
———t
|orderd id|cust id|delivery id|order dt|order amt|cust name | cust_city|cust_state|delivery dt|delivered by|receive
d_by|
S R——— . — + —— +- S —— S —— tmmem > —— " S——— S ————
——t
| 18| 1] 1001 1/1/18| 100 Adam|San Francisco | CA| 1/10/18| Jon |
Ya|
| 28| null| 1002 2/2/18| 200| null | null | null| 2/10/18| Joe |
MA|
| 3n| 2| 1003 1/1/18| 260 | Bob | Palo Alto| CA| 1/10/81] Jack |
HA|
| 4R | 3| null| 3/3/18| 300 null| null | null| null| null|
null|
SA| null| null| 4/4/18| 150 null | null | null| null| null|
null|
| 6A| 4| 1004| 5/5/18]| 400 | Dave| San Antonio| TX| 3/10/18| Jared|
SA|
| TA| null| 1005| 6/6/18| 500 null| null | null| 10-Apr | Jack|
WA |
S R— . — + —— +- S —— S —— tmmem > —— " S——— S ————




In this way, you can avoid tons of shuffle between the nodes in the cluster, prevent memory pressure on the driver and executor nodes,
safe-guard against the data skews when null values are present, leading to a performant Spark ETL, potentially saving $$$$. "=

raw-code: Below is the raw code from PySpark's ipython notebook.

orders = spark.read. csv("/ Users/usuf/ Docunent s/ Cust oner s/ AnFnif or der s. csv", header =Tr ue,

orders. show()

S e o oo R S +
| orderd_id|cust_id|delivery_id|order_dt|order_ant|
S Fomea - Fommme e R S +
| 1A| 1| 1001 1/1/18| 100|
| 2A| nul || 1002| 2/2/18| 200|
| 3A| 2| 1003| 1/1/18| 260|
| 4A| 3| nul I| 3/3/18| 300|
| 5A| nul || nul I'| 4/4/18| 150|
| 6A| 4] 1004| 5/5/18| 400|
| 7A| nul || 1005| 6/6/18| 500]|
S e o oo R S +

custonmers = spark.read. csv("/ Users/ usuf/ Docunents/ Cust oner s/ AnfFni cust oners. csv",

rue)
cust onmers. show()

E Fommmm o B Fomm e e - +
| cust _i d| cust _nane| cust _city|cust_state|
Fomm o [ B Fomm e e - +
| 1] Adani San Franci sco| CA|
| 2| Bob| Pal o Alto| CA|
| 30| Charl y| New Yor K| NY|
| 4| Dave| San Antoni o] TX|
| 5| Ed| Phoeni x| AZ|
| 6| Fr ank| Houst on| TX|
| 7| Gary| Madi son| W |
Fomm o [ B Fomm e e - +

delivery = spark.read. csv("/ Users/usuf/Docunents/ Custoners/ AnfFni del i very. csv",
e)
del i very. show()

Fommmmea o oo R oo +
| delivery_id|delivery_dt|delivered_by|recei ved_by|
Fommmmea o oo R oo +
| 1001] 1/ 10/ 18| Jon| YA|
| 1002| 2/ 10/ 18| Joe| MA|
| 1003]| 1/ 10/ 81| Jack]| HA|
| 1004| 3/10/ 18| Jar ed| SA|
| 1005]| 10- Apr | Jack]| WA
| 1006]| 5/ 10/ 18| Javed| SA|
| 1007| 6/ 10/ 18| Juzar | SA|
Fommmmea o oo R oo +

a_ord = orders.alias('a_ord")
a_cust = customers.alias('a_cust')

a_del = delivery.alias('a_del")
ocd = a_ord.join(a_cust, a ord.cust_id == a_cust.cust_id, how='left_outer') \
.join(a_del, a_ord.delivery_id == a_del.delivery_id, how="left outer")

ocd. show()

header =Tr ue,

header =Tr ue,

i nf er Schema=Tr ue)

i nfer Schema=T

i nf er Schema=Tr u



| orderd_id| cust _id|delivery_id|order_dt|order_ant|cust_id|cust_nane|
cust _city|cust_state|delivery_id|delivery_dt]|delivered_by|received_by|

F Fomm - L B [ Fomm e - [ B R [ S, T +- -
--------- N

| 1A 1] 1001 1/1/18| 100| 1] Adani San Franci sco| CA| 1001]
1/ 10/ 18| Jon| YA|

| 2A| nul | | 1002| 2/2/18| 200]| nul | | nul | | nul || nul | | 1002|
2/ 10/ 18| Joe| MA|

| 3A| 2| 1003| 1/1/18| 260| 2| Bob| Pal o Alto]| CA| 1003|
1/10/ 81| Jack]| HA|

| 4A| 3| null| 3/3/18| 300]| nul | | nul | | nul || nul | | nul | |
nul || nul | | nul | |

| 5A| nul | | nul || 4/4/18| 150| nul | | nul | | nul || nul | | nul | |
nul || nul | | nul | |

| 6A| 4 1004| 5/5/18| 400]| 4 Dave| San Antoni o] TX| 1004|
3/ 10/ 18| Jar ed| SA|

| TA nul | | 1005| 6/6/18| 500]| nul | | nul | | nul || nul | | 1005|
10- Apr | Jack]| WA|

F Fomm - L B [ Fomm e - [ B R [ S, T +- -
--------- B T T e

from pyspark. sql . functions inport col

o_c_not_null = orders.filter(col ("cust_id").isNotNull())

o_c_not_nul | .show()

Fommemaa [ e meeeaa s Feommmemaa Femmmmea o +

|orderd_id| cust_id|delivery_id|order_dt|order_ant|

Femmemeaa oo - Fem e eeee s Fomm - - Femmmeeaa +

| 1A| 1| 1001] 1/1/18| 100|

| 3A| 2| 1003| 1/1/18| 260|

| 4A| 3| null| 3/3/18| 300]|

| 6A| 4 1004| 5/5/18| 400]|

Fommemaa [ e meeeaa s Feommmemaa Femmmmea o +

o c_null = orders.filter(col ("cust_id").isNull())

o_c_null.show)

Fomm e e e oo - [ S B Fommmm oo o F +

|orderd_id|cust_id|delivery_id|order_dt|order_ant|

F Fomm - B Fommmm oo o [ +

| 2A| nul || 1002| 2/ 2/ 18| 200|

| 5A| nul || nul I'| 4/4]18| 150]

| 7A| nul || 1005| 6/6/18| 500]|

Fomm e e e oo - [ S B Fommmm oo o F +

o_c_not_null_cust = o_c_not_null.join(custonmers, o_c_not_null['cust_id ] == custonmers['cust_id], how="left
_outer')

o_c_not_nul | _cust. show()

#select ol.cust_id fromorders_cust_id_not_null ol

#left join custoner ¢ on ol.cust_id = c.cust_id

Fommemaa [ e meeeaa s Feommmemaa Femmmmea o [ [ Fommmeeeeaeaaa . +

| orderd_id| cust _id|delivery_id|order_dt|order_ant|cust_id|cust_nane| cust _city|cust_state|

Fommemaa [ e meeeaa s Feommmemaa Femmmmea o [ [ Fommmeeeeaeaaa . +

| 1A| 1| 1001] 1/1/18| 100| 1| Adani San Franci sco| CA|

| 3A| 2| 1003| 1/1/18| 260| 2| Bob| Pal o Alto| CA|

| 4A| 3| nul I | 3/3/18| 300]| nul | | nul | | nul || nul | |

| 6A| 4 1004| 5/5/18| 400]| 4 Dave| San Antoni o] TX|

Fommemaa [ e meeeaa s Feommmemaa Femmmmea o [ [ Fommmeeeeaeaaa . +



data = [
Row zi p_code=78258, dma='TX'),
Row( zi p_code=78149, dma='TX'),
Row zi p_code=53704, dma="W"),
Row( zi p_code=94538, dma='CA")
]

firstDF = spark. createDat aFrane(dat a)

data = [
Row( zi p_code=' 782", name='TX),
Row( zi p_code=' 781", name='TX),
Row( zi p_code=' 537", name="W"),
Row( zi p_code=' 945", name='CA")
]

secondDF = spark. creat eDat aFr ane(dat a)

cust onmni on(first DF, secondDF) . show()

e +
| dna| nane| zi p_code|
e +
| TX null] 78258
| TX null] 78149|
| W|null] 53704|
|  CA null] 94538|
[null] TX 782|
[null] TX 781|
[null]  W| 537|
[null] CAl 945|
e +

from pyspark. sql . functions inmport lit
from pyspark.sql inmport Row

def customuni on(df1, df2):
col sl = df1. col ums
col s2 = df 2. col ums
#total _cols = sorted(colsl + list(set(cols2) - set(colsl))) #if colums need to be in sorted order
total _cols = colsl + list(set(cols2) - set(colsl))
def expr(mycols, allcols):
def processCol s(col nane):
if colname in mycols:
return col name
el se:
return lit(None).alias(col nanme)
cols = map(processCols, allcols)
return |ist(cols)
appended = df 1. sel ect(expr(colsl, total_cols)).union(df2.select(expr(cols2, total_cols)))
return appended

def renove_duplicate_col s(df, dfl, df2):
repeated_colums = [c for ¢ in dfl.colums if ¢ in df2. colums]
for col in repeated_col ums:
df = df.drop(df2[col])
return df

o_c_not_null_cust = renpve_duplicate_cols(o_c_not_null_cust, o_c_not_null, custoners)
o_c_not_null _cust.show)

S e - Fommme o R S R —— e S +
| orderd_id|cust_id|delivery_id|order_dt|order_ant|cust_naneg| cust_city|cust_state|
S e - Fommme o R S R —— e S +
| 1A 1] 1001] 1/1/18| 100] Adani San Franci sco| CA|
| 3A| 2| 1003| 1/1/18| 260| Bob]| Palo Alto| CA|l
| 4A| 3| nul I'| 3/3/18| 300| nul || nul || nul ||
| 6A| 4| 1004| 5/5/18| 400| Dave| San Antoni o] TX|



ord_cust = custonUnion(o_c_not_null _cust, o_c_null).sort(['orderd_id'])
ord_cust. show)

dommmmaa Fommmn- R R dommmemn - dommmmaa Fommmme - drmmmm e T +
| orderd_id|cust_id|delivery_id|order_dt|order_ant|cust_naneg| cust_city|cust_state|
dommmmaa Fommmn- R R dommmemn - dommmmaa Fommmme - drmmmm e T +
| 1A| 1] 1001] 1/1/18| 100] Adani San Franci sco| CA|
| 2A| nul || 1002| 2/ 2/ 18| 200| nul || nul || nul ||
| 3A| 2| 1003| 1/1/18| 260| Bob| Pal o Alto| CA|
| 4A| 3| nul I'| 3/3/18| 300| nul || nul || nul ||
| 5A| nul || nul I'| 4/4]18| 150] nul || nul || nul ||
| 6A| 4| 1004| 5/5/18| 400| Dave| San Antoni o] TX|
| TA| nul || 1005| 6/6/18| 500| nul || nul || nul ||
dommmmaa Fommmn- R R dommmemn - dommmmaa Fommmme - drmmmm e T +
o_d_not_null = ord_cust.filter(col ("delivery_id").isNotNull())
o_d_not_nul | . show()
Fomm o R o m e e e oo - Fomm o S, ) Fom e e e o - +
|orderd_id| cust_id|delivery_id|order_dt|order_ant]|cust_nane| cust _city|cust_state|
Fomm o R o m e e e oo - Fomm o S, ) Fom e e e o - +
| 1A 1] 1001 1/1/18| 100| Adani San Franci sco| CA|
| 2A nul | | 1002| 2/2/18| 200]| nul | | nul || nul ||
| 3A| 2| 1003| 1/1/18| 260| Bob| Pal o Alto| CA|
| 6A| 4 1004| 5/5/18| 400| Dave| San Antoni o] TX|
| TA nul | | 1005| 6/6/18| 500]| nul | | nul || nul ||
Fomm o HFomm o - o e e e S Fomm o [ S S, S +
o_d_null = ord_cust.filter(col("delivery_id").isNull())
o_d_null.show)
dommmmaa Fommmn- R R dommmemn - dommmmaa Fommmme - ommmmma- T +
| orderd_id|cust_id|delivery_id|order_dt|order_ant|cust_nane|cust_city|cust_state|
Fommmmoao +ommmm- rmmmmaa oo ommmmaa Fommmme s Fommmme- dommmmea +
| 4A| 3| nul I'| 3/3/18| 300| nul || nul || nul ||
| 5A| nul || nul I'| 4/4/18| 150] nul || nul || nul ||
Fommmmoao +ommmm- rmmmmaa oo ommmmaa Fommmme s Fommmme- dommmmea +

not _null_del = o_d_not_null.join(delivery, o_d_not_null['delivery_id ] == delivery['delivery_id], how=

_d_
left_outer')
d

|orderd_id|cust_id|delivery_id|order_dt|order_ant]|cust_nane|
cust _city|cust_state|delivery_id|delivery_dt]|delivered_by|received_by|

F [ S S Fomm e mm oo [ Fommmm o B Fomm e e B Fomm e
fe e e o B +

| 1A 1] 1001 1/1/18| 100| Adani San Franci sco| CA| 1001]

1/10/ 18| Jon| YA|

| 2A nul | | 1002| 2/2/18| 200]| nul | | nul || nul || 1002|

2/ 10/ 18| Joe| MA|

| 3A| 2| 1003| 1/1/18| 260| Bob| Pal o Alto| CA| 1003|

1/10/ 81| Jack]| HA|

| 6A| 4 1004| 5/5/18| 400]| Dave| San Antoni o] TX| 1004|

3/ 10/ 18| Jar ed| SA|

| TA nul | | 1005 6/6/18| 500]| nul | | nul || nul || 1005|

10- Apr | Jack]| WA|

F [ S S Fomm e mm oo [ Fommmm o B Fomm e e B Fomm e
fe e e o B +

o_d not_null _del = renmove_duplicate_cols(o_d not_null _del, o_d_not_null, delivery)

o_d_not_null _del .show)



|orderd_id| cust _id|delivery_id|order_dt|order_ant]|cust_nane|
cust _city|cust_state|delivery_dt]|delivered_by|received_by|

Fomm o HFomm o - o e e e S Fomm o [ S S, S o m e e e [
fe e +

| 1A 1] 1001 1/1/18| 100| Adani San Franci sco| CA| 1/ 10/ 18|

Jon| YA|

| 2A| nul || 1002| 2/2/18| 200]| nul | | nul || nul || 2/ 10/ 18|

Joe| MA|

| 3A| 2| 1003| 1/1/18| 260| Bob| Pal o Altol| CA| 1/ 10/ 81|

Jack]| HA|

| 6A| 4 1004| 5/5/18| 400]| Dave| San Antoni o] TX| 3/ 10/ 18|

Jar ed| SA|

| TA nul | | 1005| 6/6/18| 500]| nul | | nul || nul || 10- Apr |

Jack]| WA|

Fomm o R o m e e e oo - Fomm o S, ) Fom e e e o - o m e e e S
fe e +

ord_cust_del = custonbnion(o_d_not_null_del, o_d_null).sort(['orderd_id'])

ord_cust_del . show()

|orderd_id|cust_id|delivery_id|order_dt|order_ant]|cust_nane|
cust _city|cust_state|delivery_dt]|delivered_by|received_by|

Fommemaa [ e meeeaa s Feommmemaa Femmmmea o [ e L Fommmmeaaaa o e eeem - [ R
B +

| 1A 1] 1001 1/1/18| 100| Adani San Franci sco| CA| 1/10/ 18|

Jon| YA|

| 2A| nul | | 1002| 2/2/18| 200]| nul || nul I nul || 2/ 10/ 18|

Joe| MA|

| 3A| 2| 1003| 1/1/18| 260| Bob| Pal o Alto| CA| 1/ 10/ 81|

Jack]| HA|

| 4A 3| nul I | 3/3/18| 300]| nul | | nul | | nul || nul | |

nul || nul | |

| 5A| nul | | nul || 4/4/18| 150| nul | | nul | | nul || nul | |

nul || nul | |

| 6A| 4 1004| 5/5/18| 400]| Dave| San Antoni o] TX| 3/ 10/ 18|

Jar ed| SA|

| TA nul | | 1005| 6/6/18| 500]| nul | | nul | | nul || 10- Apr |

Jack]| WA|

Fommemaa [ e meeeaa s Feommmemaa Femmmmea o [ e L Fommmmeaaaa o e eeem - [ R
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