Learning PySpark: A Guide to
Filtering Null Values with “Is Not
Null

Authored by
Mohammed looti

November 10, 2025

Mohammed looti (2025). Learning PySpark: A Guide to Filtering Null Values with “Is Not
Null. PSYCHOLOGICAL STATISTICS. Retrieved from
https://statistics.arabpsychology.com/?p=16477

PSYCHOLOGICAL STATISTICS statistics.arabpsychology.com



https://statistics.arabpsychology.com/?p=16477
https://statistics.arabpsychology.com/?p=16477
https://statistics.arabpsychology.com/?p=16477
https://statistics.arabpsychology.com/?p=16477
https://statistics.arabpsychology.com
https://statistics.arabpsychology.com

Learning PySpark: A Guide to Filtering Null Values with “Is Not Null

The Critical Role of Handling Null Values in PySpark DataFrames

PySpark, which serves as the powerful Python API for Apache Spark, is the cornerstone for

modern, large-scale data processing and distributed computing. Within the realm of data
engineering and analysis, one of the most persistent and challenging issues is the management of
missing or undefined information, which is conventionally denoted by null values. The presence of
these nulls is not merely an inconvenience; it represents a significant threat to data quality,
potentially causing downstream transformations to fail, skewing statistical models, and leading to
incorrect business insights. Therefore, the ability to accurately identify and filter out records based
on the existence or absence of data is a foundational skill for any professional utilizing the Spark
ecosystem.

Effective null handling generally requires two primary strategies. The first is surgical: targeting a
single, mission-critical column and ensuring that a value is present only in that specific location.
The second strategy is comprehensive: performing a broad cleansing operation to guarantee that
every single column within a retained record is complete. PySpark offers highly optimized, native
methods within its DataFrame API to handle both scenarios with efficiency, a necessity when
processing petabytes of information across a cluster. Mastering these techniques ensures that
data integrity is maintained throughout complex pipelines, providing the necessary assurance for
reliable data consumption.

This guide provides an in-depth exploration of the primary mechanisms available in PySpark for
filtering rows to ensure a specific value is confirmed to be not null. We will contrast the precision
offered by column-level functions with the comprehensive cleaning capabilities of high-level
DataFrame transformations. The choice between these two approaches hinges entirely on the
specific requirements for data quality mandated by subsequent analytical processes or storage
schemas. We will demonstrate how to implement both techniques using real-world examples to
illustrate their distinct impacts on the resulting dataset, thereby equipping you with the knowledge
to select the most appropriate method for your data cleansing tasks.

To summarize, the two most common and efficient techniques available in PySpark for filtering
rows where a value in a column is confirmed as not null are detailed below:

Method 1: Targeted Filtering using .isNotNull() on a Column Object

#ilter for rows where value is not null in 'points' column
df.filter(df.points.isNotNull()).show()

Method 2: Comprehensive Row Cleanup using .dropna() on the DataFrame

#filter for rows where value is not null in any column
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df.dropna().show()

Setting the Stage: Constructing a PySpark DataFrame with Intentional Nulls

Before diving into the filtering mechanics, it is essential to establish a controlled environment where
we can accurately test and observe the effects of null-filtering operations. This requires initializing a
sample DataFrame that explicitly contains various patterns of null values. This initial step is non-
negotiable for any PySpark task: we must first create a SparkSession, which acts as the crucial
entry point for interacting with the distributed computing features of Apache Spark. Without an
active session, no distributed processing can occur.

Our illustrative dataset models a simplified sports record book, tracking four key attributes: team
identification, conference affiliation, total points scored, and assists recorded. To simulate real-
world data imperfections--where attributes might be temporarily missing or unavailable during
collection--we deliberately embed None values into the source data. Specifically, we introduce
missing conference information for one instance of Team A, and two records for Team B are
missing their critical point totals. This carefully constructed structure mimics the challenges faced
daily by data professionals dealing with incomplete or inconsistent data sources, making our
demonstration practical and relevant.

It is important to note the translation between Python and Spark during the data ingestion process.
When we use None in our Python list definition, PySpark automatically interprets and represents
this as nul | within the resulting distributed DataFrame structure. This representation is standard
across the Spark ecosystem for indicating missing data. The code block provided below executes
the entire setup sequence, from importing necessary modules and defining the data to creating the
distributed DataFrame and displaying its contents. This initial view is vital for verifying the starting
state and subsequently confirming the accuracy of our filtering results.

The following code snippet shows the complete initialization process and the resulting schema,
highlighting the precise locations of the null values that we will target for removal in the subsequent
examples:

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

#define data
data =,
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#define column names
columns =

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

#view dataframe
df.show()

ot + + +

[team|conference|points|assists|
R — + + +

| Al East| 11| 4|

| Al null| 8] 9|

| Al East| 10| 3|

| B| West| null| 12|

| B| West| null| 4]

| C| East| 5| 2|

ot + + +

Method 1: Precision Filtering with the isNotNull() Function

The i sNot Nul | () function is the definitive choice when the requirement is to enforce data
presence in one or more specific columns while tolerating missing data in others. This function
operates directly on a DataFrame column object, producing a concise boolean condition for every
row. This condition evaluates to Tr ue if the value in that specific column is present (non-null) and
Fal se if it is missing (null). This boolean logic is then seamlessly integrated into the powerful
.filter() transformation, which is the standard mechanism in PySpark for subsetting data based

on arbitrary expressions.

The syntax for utilizing this method is straightforward and highly descriptive:
df . filter(df.isNotNull()). This command explicitly instructs the Spark engine to scan the
distributed DataFrame and only preserve those records where the named column satisfies the non-
null condition. This level of precise, column-specific control is crucial in complex data workflows.
For instance, if an analyst needs to calculate aggregate statistics based on poi nt s, every record
must have a valid point total. However, the calculation may still be valid even if the secondary
metadata, such as conf er ence affiliation, is temporarily unavailable. The i sNot Nul | () approach
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facilitates this type of surgical data preparation.

In our demonstration, we prioritize the integrity of the poi nt s column. The two rows associated
with Team B, which contain null values for their point totals, are considered invalid for our
hypothetical scoring analysis and must be systematically excluded. By applying i sNot Nul | ()
exclusively to the poi nts column, we ensure that the row for Team A, which is missing its
conf er ence affiliation (a less critical field in this context), remains in the dataset. This showcases
the fundamental advantage of i sNot Nul | () : it allows data quality rules to be enforced with fine-
grained discretion, avoiding the unnecessary removal of otherwise complete records.

Example 1: Filter for Rows where Value is Not Null in Specific Column

The following code demonstrates how to use the column function i sNot Nul | () within the
.filter() transformation to retain only rows where the points column contains a valid, non-null
value. Note the resulting structure: the row with a null conf er ence value is successfully kept, but
the rows where poi nt s is null are correctly eliminated:

#ilter for rows where value is not null in 'points' column
df filter(df.points.isNotNull()).show()

-t + + +

|team|conference|points|assists|
+--t + + +

| Al East| 11| 4]

| Al null] 8] 9|

| Al East| 10| 3|

| C| East| 5| 2|

E— + + +

The resultant DataFrame confirms the successful application of the filter. Only the four rows
possessing valid data in the points column are retained. Crucially, the two records corresponding
to Team B, which had null entries in that critical column, have been precisely excluded, validating
the surgical capability of the i sNot Nul | () function for targeted data integrity enforcement.

Method 2: Comprehensive Cleanup using the dropna() Function

In sharp contrast to the targeted approach of i sNot Nul | (), the dropna() function offers a high-
level, sweeping mechanism designed for mass cleansing. This function is invoked directly on the
DataFrame and is ideal when the requirement is absolute: only perfectly complete records, entirely
devoid of any missing data across all columns, are acceptable for the ensuing pipeline stages. This
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method significantly streamlines the process of achieving strict data quality compliance, making it
highly valued for rapid data preparation.

When df . dropna() is called without explicit parameters, it defaults to the behavior defined by
how=' any' . This default setting enforces a stringent rule: if even a single cell within a given row
contains a null value, the entire row is immediately discarded from the DataFrame. This aggressive
filtering is frequently utilized immediately prior to operations that are highly sensitive to missing
data, such as training machine learning models or performing complex joins where null keys could
lead to unexpected results. The simplicity of the default call makes it a powerful tool for enforcing
global record completeness.

While the basic usage is straightforward, it is essential to acknowledge the inherent flexibility of the
dropna() function. It supports several crucial parameters that allow for nuanced control. The
subset parameter, for example, permits the user to supply a list of column names, instructing
Spark to only check for nulls within those specified columns (e.g., dropping a row only if nulls are
present in poi nts OR assi sts). Furthermore, the how parameter can be setto ' all', which
dictates that a row should only be dropped if every single column contains a null value, although
this is a less common requirement for general data filtering tasks. For the primary objective of
retaining only rows that are not null in any column, the default how=" any' setting is the most
appropriate and powerful choice.

Example 2: Filter for Rows where Value is Not Null in Any Column

The following syntax utilizes the dr opna() function to filter the DataFrame, retaining only those
rows that are perfectly complete, meaning they contain no null values across any column. Observe
the impact of this aggressive filtering: this method successfully removes the two rows from Team B
(due to null poi nt s) AND the one row from Team A (due to null conf er ence):

#filter for rows where value is not null in any column
df.dropna().show()

SE— + + +

[team|conference|points|assists|

R + + +
| Al East| 11| 4]

| Al East| 10| 3|

| C| East| 5| 2|

R — + + +

Upon execution, the resulting DataFrame contains only rows that are complete and entirely free of
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null entries. Out of the original six rows, three were retained because they satisfied the
completeness criterion. The three rows containing any null entry--whether in the conf er ence
column or the poi nt s column--were efficiently and correctly dropped by the default dr opna()
operation, demonstrating its utility for achieving immediate, comprehensive data completeness.

Comparative Analysis and Best Practices for Null Filtering

The decision between employing the targeted df . fi | t er (df . col um. i sNot Nul | ()) method and
the sweeping df . dropna() transformation fundamentally depends on the required logical
constraint for data completeness. While both functions serve the common goal of excluding
records based on nulls, their operational scope and resulting impact on the data population are
markedly different. The i sNot Nul | () function provides unparalleled surgical precision; it allows
the data professional to nominate specific, mandatory data points that must be present for a record
to be considered valid. This is invaluable in scenarios where only a primary key or a critical
measurement field is required, and secondary metadata can be safely ignored if missing.

In contrast, dropna() (using default parameters) acts as a powerful, yet simple, mechanism for
ensuring maximum completeness. If the business requirement dictates zero tolerance for missing
attributes--meaning every field must be populated to guarantee maximum data quality--then
dropna() is the most streamlined and readable solution. Furthermore, the dropna() function's
flexibility, particularly through the use of the subset parameter, allows it to achieve complex
filtering logic quickly. For instance, a data engineer could specify that a row must be dropped if
nulls are found in either transacti on_i d or transacti on_dat e, effectively combining multiple
i sNot Nul I () conditions into a single, concise function call.

From the perspective of performance within PySpark, both null-filtering methods are optimized and
executed efficiently by the underlying Apache Spark distributed engine. Spark’'s Catalyst Optimizer
handles these operations intelligently across the cluster, meaning that noticeable performance
differences for basic filtering tasks are typically negligible, especially when compared to more
resource-intensive operations like wide transformations or complex joins. Therefore, the choice
should predominantly be governed by the functional data integrity requirements rather than
marginal performance gains. A key best practice is to always favor the simplest possible function
that satisfies the strict data requirement: use i sNot Nul | () for single-column validation, and use
dropna() when complete row integrity is mandatory.

Conclusion and Next Steps in PySpark Mastery

The reliable management of null values is a fundamental and unavoidable task in building
trustworthy big data pipelines. PySpark provides an excellent toolkit for this purpose, offering both
the precise, column-focused control of the i sNot Nul | () function and the broad, comprehensive
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cleansing power of the dropna() transformation. By mastering these two distinct approaches, data
engineers can effectively enforce necessary data standards, ensuring that their DataFrame inputs
are robust and prepared for subsequent analysis, complex modeling, and accurate reporting.
These filtering techniques are foundational to maintaining data integrity within the entire Spark
ecosystem.

While this guide focused on removing nulls, it is important to recognize that this is only one facet of
data cleaning. For those seeking to further enhance their expertise, exploring advanced
DataFrame transformations is highly recommended. This includes techniques such as imputation
(where missing nulls are replaced by calculated values like means or medians), or the use of more
complex conditional logic (e.g., using when() and ot her wi se() ) to handle nulls based on values in
other columns. A holistic understanding of these methods ensures the construction of truly resilient
and high-performing data pipelines.

The following list directs you to additional resources that explain how to perform other common and
essential data manipulation tasks in PySpark:

How to perform complex column manipulations.

Techniques for effective data aggregation and grouping.

Strategies for handling different data types and schema enforcement.
Advanced methods for joining multiple DataFrames efficiently.
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