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Calculating a rolling mean, often referred to as a moving average, represents an indispensable
technigue within time series analysis and data smoothing, particularly when dealing with large-
scale datasets. This statistical operation is vital for identifying underlying trends and cycles by
systematically reducing high-frequency noise. In the realm of distributed computing, specifically
using PySpark, this calculation involves calculating the average of a fixed humber of data points
over a sequentially moving time frame. Successfully implementing this process on distributed data
stored within a DataFrame requires leveraging Spark's highly optimized Window Function

capabilities, which ensure computational efficiency and scalability. This comprehensive guide
provides an expert walkthrough on how to accurately define and apply the necessary window
specification to achieve precise rolling mean calculations in a distributed environment.

The foundation of this technique lies in defining a computational window that systematically slides
across a data partition. Unlike traditional aggregate functions (like sunm() or avg() applied
globally), window functions produce a result for every single row, basing that result solely on the
values contained within its currently defined window frame. For calculating a rolling average, it is
essential that this sliding window includes the current observation (row) and a specified count of
preceding observations, thereby generating a trailing average. Mastering the correct specification
of data ordering and the precise boundaries of this window is the single most critical factor for
achieving accurate and successful implementation within a distributed framework like Spark.

The following concise PySpark syntax illustrates the fundamental elements required to calculate a
rolling mean across a DataFrame. This established pattern mandates importing the relevant
classes, meticulously defining the window based on necessary ordering and row boundaries, and
subsequently applying an appropriate aggregate function (in this case, the average function) over
the defined window object.

from pyspark.sqgl import Window
from pyspark.sql import functions as F

#define window for calculating rolling mean
w = (Window.orderBy('day').rowsBetween(-3, 0))

#create new DataFrame that contains 4-day rolling mean column
df_new = df.withColumn('rolling_mean’, F.avg('sales’).over(w))

This implementation specifically yields a new column containing the 4-day trailing average derived
from the values present in the sales column. The subsequent sections will systematically dissect
every critical component of this powerful syntax, demonstrating its practical application using a
realistic and reproducible sales dataset.

PSYCHOLOGICAL STATISTICS statistics.arabpsychology.com



https://en.wikipedia.org/wiki/Moving_average
https://spark.apache.org/docs/latest/api/python/index.html
https://en.wikipedia.org/wiki/DataFrame
https://spark.apache.org/docs/latest/sql-ref-window-functions.html
https://spark.apache.org/docs/latest/api/python/index.html
https://en.wikipedia.org/wiki/DataFrame
https://statistics.arabpsychology.com/?p=16531
https://statistics.arabpsychology.com
https://statistics.arabpsychology.com

Learn How to Calculate Rolling Means in PySpark DataFrames

Understanding the Role of Rolling Means and PySpark Windows

A rolling mean (or moving average) functions as a crucial statistical metric designed to analyze
specific subsets of data points, effectively smoothing out undesirable short-term fluctuations and
emphasizing significant longer-term trends or cyclical patterns. Whether applied in financial market
analysis, complex engineering simulations, or routine data science tasks, this methodology is
invaluable for extracting meaningful, actionable insights from inherently noisy time-series data. The
'rolling’ characteristic precisely describes how the calculation window advances forward by a single
position at each step, necessitating a recalculation of the average based on the new, updated set
of observations encompassed within the frame.

Within the architecture of PySpark, defining this moving calculation requires the careful use of the
W ndow class, which grants users the ability to precisely dictate how complex calculations should
be logically partitioned and sequentially ordered. A typical PySpark window definition is
constructed using three primary components: partiti onBy (for dividing data into independent
groups), or der By (for sequencing records within those groups), and the frame boundary definition
(specified using rowsBet ween or rangeBet ween). For most straightforward rolling mean
calculations that span the entire dataset chronologically, the primary focus remains on correctly
defining the ordering and the frame boundaries, often omitting the partitioning step if the analysis
treats the entire dataset as a single, unified series.

When implementing any rolling calculation on massive, distributed data, achieving maximum
computational efficiency is paramount. PySpark's native Window Functions are engineered for high
optimization, facilitating the execution of these complex analytical calculations across vast clusters
without the need for expensive data collection or shuffling processes that would be completely
infeasible for truly massive datasets. By defining the window specification only once, analysts gain
the ability to reuse this object across various aggregate functions--such as calculating a rolling
sum, rolling maximum, or rolling standard deviation--without the necessity of repeatedly
restructuring the underlying data, which promotes exceptionally clean, reusable, and performant
code.

Defining the PySpark Window Specification for Trailing Averages

The most pivotal step in accurately calculating any metric based on a sliding window is the correct
construction of the window object itself, achieved using the W ndow class imported from
pyspar k. sql . This resultant object, commonly referenced using the variable name win examples,
establishes the precise scope and context of the aggregation for every row in the DataFrame. For
any calculation involving time-series or sequential data, such as a rolling mean, the data must first
be correctly sequenced. This is accomplished using the or der By method. In our demonstration, we
utilize W ndow. or der By (' day' ), which strictly enforces that all subsequent calculations proceed in
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chronological order based on the values contained within the day column.

Immediately following the ordering specification, the boundaries of the calculation frame must be
precisely defined using the r owsBet ween function. This function accepts two required arguments:
the starting boundary and the ending boundary, both of which are defined relative to the position of
the current row (which is always represented by the index 0). Crucially, negative integers are used
to denote preceding rows (rows before the current one), while positive integers represent following
rows (rows after the current one). The specific definition r owsBet ween(-3, 0) is central to
achieving a 4-day trailing average. Here, the '0' endpoint specifies that the calculation window
terminates exactly at the current row, and the starting boundary '-3' dictates that the window begins
three rows prior to the current row. When combined, this specification includes four total rows: the
Current Row plus the 3 Preceding Rows.

It is important to recognize the behavior of the window when it initially slides across the beginning
of the dataset. At the start, there may not be a sufficient number of preceding rows available to
completely fill the defined frame (e.g., when calculating Day 2 of a 4-day average). In these initial
cases (such as Day 1, Day 2, and Day 3 in our 4-day example), the window function gracefully
averages only the available rows. This standard behavior for trailing rolling averages is beneficial
because it prevents the introduction of missing values (nulls) in the output column, although the
resulting average for these initial rows will naturally be based on fewer than the maximum four data
points until the window is fully populated.

Practical Implementation: Setting Up the Sales Data

To effectively illustrate the implementation of the rolling mean calculation, we will work through a
practical scenario based on sales data. Imagine a grocery store recording daily sales figures over a
span of ten consecutive days. This dataset, which we will structure and load into a DataFrame,
requires smoothing to reveal the underlying sales trends by mitigating the high volatility often seen
in raw day-to-day figures.

Our first technical step is to initiate a Spar kSessi on, which serves as the essential entry point for
all programming interactions with Spark using the Dataset and DataFrame APIs. Subsequently, we
define the raw data structure--a nested list containing paired values for the day number and the
corresponding sales figure. Explicitly defining the column names (day and sal es) ensures
necessary clarity and consistency when interacting with and querying the resulting structured data.
This foundational setup is a prerequisite for any subsequent analytical processing using PySpark.

The resulting DataFrame, which we name df , provides an organized and clean structure ready for
immediate analysis. It is good practice to inspect the structure immediately after creation, verifying
the integrity of the data types and ensuring that the day column is logically ordered, confirming its
suitability for sequential time-series analysis utilizing window functions. While the structure is
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intentionally simple for demonstration, it powerfully validates the successful application of the
rolling mean calculation discussed previously.

from pyspark.sql import SparkSession
spark = SparkSession.builder.getOrCreate()

#define data
data =,

#define column names
columns =

#create dataframe using data and column names
df = spark.createDataFrame(data, columns)

#view dataframe
df.show()

[ S S +
|day|sales]|
S
| 1] 11

| 2] 8

| 3] 4|

| 4] 5|
]

| 6] 8

|71 7]

18] 7|

| 9] 6]

| 10 4|

[ T S +
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Calculating and Interpreting the 4-Day Rolling Mean Results

With the sales data successfully prepared and structured, we are ready to apply the previously
defined window specification (w) to execute the calculation of the 4-day rolling mean. This
procedure necessitates importing the W ndow class and the core functions (commonly aliased as F)
from the pyspar k. sql module. We employ the wi t hCol umm transformation, which is the standard
method for appending the new calculated column, named rol | i ng_mean, to our existing
DataFrame.

The actual calculation is triggered by the expression F. avg(' sal es'). over (w). This powerful
syntax explicitly instructs PySpark to compute the average (avg) of the numerical values within the
sales column. However, instead of performing a simple global aggregation, this calculation is
applied selectively over the custom window frame defined by the object w. Since wwas configured
as a 4-day trailing window, every resulting value populated in the rol i ng_nean column
represents the average sales performance comprising the current day's sales figure and the sales
figures spanning the three immediate preceding days.

A careful examination of the output from the resulting DataFrame, df _new, clearly demonstrates
how the averaging mechanism correctly handles the initial rows where a full 4-day history is
unavailable. For Day 1, the calculated average is 11.0 (11 divided by 1 available day). When we
reach Day 2, the average becomes 9.5 ((11 + 8) divided by 2 days). Once Day 4 is achieved, the
window becomes fully populated, and subsequent calculations consistently utilize exactly four data
points. This newly generated column provides a significantly smoother, more representative view
of the underlying sales trend when compared directly against the volatile raw daily figures.

from pyspark.sql import Window
from pyspark.sql import functions as F

#define window for calculating rolling mean
w = (Window.orderBy('day').rowsBetween(-3, 0))

#create new DataFrame that contains 4-day rolling mean column
df_new = df.withColumn('rolling_mean’, F.avg('sales’).over(w))

t#view new DataFrame
df_new.show()

A +

|day|sales| rolling_mean|
S +

| 1] 11| 11.0]
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| 2] 8] 9.5|

| 3| 4/7.666666666666667|
| 4] 5| 7.0|

| 5] 5| 5.5|

| 6] 8| 5.5|

| 7] 7] 6.25]

| 8| 7] 6.75|

|9 6| 7.0|

| 10] 4| 6.0

N S S +

To solidify the understanding of the calculation mechanics, let us explicitly review the calculation
produced for Day 4. This specific calculation incorporates the sales figures observed from Day 1,
Day 2, Day 3, and Day 4:

Rolling Mean (Day 4) = (11 +8+4+5)/4=7.0

As the window frame then slides forward one position to Day 5, the calculation systematically
excludes the oldest observation (Day 1) and incorporates the newest observation (Day 5), thereby
consistently maintaining a window size of exactly four observations:

Rolling Mean (Day 5)=(8+4+5+5)/4=55

This systematic, row-by-row aggregation process ensures that the computed rol I i ng_nean
column accurately and dynamically reflects the average sales performance confined to the
immediate preceding window period.

Customizing the Window Frame and Handling Partitions

One of the most powerful features of PySpark's Window Function definition is its inherent flexibility,
allowing analysts to tailor the calculation to meet diverse analytical requirements. While our
primary example focused on a 4-day trailing average, this calculation period can be effortlessly
modified to accommodate different smoothing requirements, such as calculating a 7-day, 14-day,
or 30-day moving average. The only essential modification required to change the window size is
adjusting the start boundary argument provided within the r owsBet ween function.

For instance, if an analyst determined the need to calculate a 5-day rolling average, the window
definition would be adjusted to include the current row (0) and the four preceding rows (-4). The
precise resulting syntax required would be r owsBet ween( -4, 0). Following this logic generally, for
an N-day rolling average calculation, the starting boundary parameter must be set to - (N- 1) . This
mathematical relationship ensures that the defined window consistently encompasses exactly N
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rows, granting data analysts fine-grained control over the crucial data smoothing process and the
responsiveness of the derived trend line.

Beyond simply resizing the window, the W ndow class provides robust support for significantly more
complex analytical configurations through the partiti onBy clause. If the analytical task requires
calculating independent rolling means--for example, calculating the 4-day rolling mean separately
for sales figures collected from different store locations--the partiti onBy clause must be
introduced. A specification such as
W ndow. partitionBy('store_id ).orderBy('day').rowsBetween(-3, 0) dictates that the 4-
day rolling average calculation must restart independently whenever the unique store identifier
changes. Mastering the combined use of partitionBy, order By, and rowsBet ween is
fundamental to executing sophisticated time series and longitudinal analysis effectively using

PySpark.

Conclusion and Resources for Advanced Analytics

Calculating a rolling mean (or moving average) in PySpark is demonstrated to be a powerful,
streamlined operation facilitated expertly by the W ndow class. By diligently defining the sequential
ordering column and precisely establishing the boundaries of the calculation frame using
r owsBet ween, data analysts can efficiently and reliably smooth time-series data across even the
largest, most distributed DataFrames. This crucial technique is indispensable for effective
visualization of underlying data trends and is a standard preparatory step for building accurate
forecasting models, all while ensuring that the computational overhead remains scalable and
manageable, even when processing data at petabyte scale.

The core ability to calculate these sophisticated windowed aggregates is what distinguishes
advanced data analysis performed in Spark from simpler, row-wise or element-wise
transformations. We strongly recommend that practitioners move beyond simple averages and
begin experimenting with various window sizes and exploring the extensive library of other
available window functions. Functions such as F. sun{) . over (w) can calculate cumulative sums,
while F.l ead() and F. | ag() are essential tools for performing robust comparisons between
different time periods, collectively opening up a vast and complex array of analytical possibilities
within the Spark ecosystem.

For those committed to deepening their technical expertise in distributed data analysis and
mastering complex data transformations, the following resources and related tutorials offer further
guidance on performing other common, high-value analytical tasks using PySpark:

Additional Resources
Tutorial on calculating cumulative metrics in Spark.
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Guide to using lag and lead functions for time series comparison.

Deep dive into PySpark partitioning strategies for performance optimization.
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