How to Combine Multiple Columns
Into One in PySpark Using
Coalesce

Authored by
stats writer

February 5, 2026

RECOMMENDED CITATION

stats writer (2026). How to Combine Multiple Columns into One in PySpark Using Coalesce.
PSYCHOLOGICAL SCALES. Retrieved from https://scales.arabpsychology.com/?p=129447

PSYCHOLOGICAL SCALES scales.arabpsychology.com



https://scales.arabpsychology.com/?p=129447
https://scales.arabpsychology.com/?p=129447
https://scales.arabpsychology.com/?p=129447
https://scales.arabpsychology.com/?p=129447
https://scales.arabpsychology.com
https://scales.arabpsychology.com

How to Combine Multiple Columns into One in PySpark Using Coalesce

The challenge of consolidating scattered data points across multiple columns into a single,
cohesive field is a common requirement in data engineering. In the realm of big data processing
using PySpark DataFrame, this crucial task is elegantly solved using the built-in coalesce function.

This function is designed explicitly to traverse a series of input columns, row by row, and select the
first value it encounters that is not a null values. This capability is paramount for tasks ranging from
sophisticated data harmonization to simple data cleansing, ensuring that critical information is
never lost due to fragmentation.

The methodology of coalescing data involves more than just merging columns; it is a strategic
operation essential for maintaining data integrity and preparing datasets for analytical pipelines. By
leveraging "coalesce’, data professionals can effectively manage sparsity and prioritize data
hierarchy. For instance, if data for a specific metric might exist in ‘Column A', 'Column B', or
'‘Column C', and these columns are ordered by reliability, "coalesce™ ensures that the most
trustworthy, non-null value (e.g., from Column A) is selected first, providing a clear audit trail for
data lineage. This systematic approach to data consolidation simplifies subsequent ETL (Extract,
Transform, Load) processes and significantly enhances the reliability of derived metrics.

Understanding the internal mechanics of the “coalesce™ function is key to its effective application. It
operates purely on the principle of positional preference combined with the detection of non-null
values. When provided a sequence of columns, the function iterates through them from left to right.
The moment a column contains a valid, non-null entry for a given row, that value is immediately
returned, and the remaining columns in the sequence are ignored for that specific row. This short-
circuiting behavior makes the function not only logically sound for prioritizing data but also highly
efficient in execution, which is vital when dealing with large-scale distributed PySpark DataFrame.

PySpark: Coalesce Values from Multiple Columns into
One

Understanding Data Coalescing in PySpark

The necessity to combine information from several potential sources into a singular, definitive
column is a frequent requirement in data preparation. Whether dealing with sensor readings, user
input fields, or statistical measures, data often presents itself in a fragmented manner, sometimes
residing in secondary columns if the primary source is missing. The primary goal of coalesce is to
provide a robust mechanism within the PySpark DataFrame API to resolve this fragmentation

systematically. It allows data engineers to define a clear order of precedence for data sources,
ensuring that the final output column contains the best available value for every record.

Crucially, the operation handles the pervasive issue of null values gracefully. Unlike simple
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arithmetic or concatenation operations which often fail or yield incorrect results when encountering
nulls, coalesce is designed specifically to bypass these markers of missing data. If all specified
columns contain null for a particular row, the function logically returns null for the output column,
providing an accurate representation of truly missing data. If, however, even one column in the
sequence holds a valid, non-null data point, that value is extracted, completing the record
harmoniously. This makes it an indispensable tool for data quality and imputation tasks.

Furthermore, the ability to consolidate attributes is vital for optimizing downstream processes.
Analytical models and visualization tools often perform better and are simpler to implement when
they operate on standardized input columns rather than needing complex conditional logic to check
across multiple source fields. By using ‘coalesce’, data scientists can create feature-rich,
normalized columns, dramatically reducing the complexity of subsequent feature engineering and
machine learning model training. This transformation step is a cornerstone of efficient, scalable
data pipelines built on Apache Spark.

Why the coalesce Function is Essential for Data Cleaning

Data cleaning processes frequently involve filling gaps or reconciling conflicting entries, tasks for
which the “coalesce” function is perfectly suited. In scenarios where data might be redundantly
captured in multiple columns--perhaps due to different ingestion systems or legacy schema
changes--"coalesce’ provides a deterministic method for selecting the definitive record. It enforces
a hierarchy where, for example, manually verified data in 'Column A' is prioritized over
automatically generated data in 'Column B', thereby improving the overall trustworthiness of the
PySpark DataFrame.

A primary benefit of using this specific function, rather than complex conditional statements (like
nested ‘when" and “otherwise™ clauses), is the clarity and conciseness of the code. While
conditional statements can achieve similar results, they quickly become verbose and difficult to
maintain when dealing with five or more columns. The coalesce function provides a clear, single-
line expression that communicates the intent instantly: "Find the first non-null value among these
specified columns." This adherence to clean code principles is especially important in large-scale
production environments where readability directly correlates with maintainability and debugging
speed.

Moreover, the function's utility extends beyond simple data consolidation to complex data
transformation patterns. Imagine a scenario involving time-series data where certain metrics are
only recorded sporadically. You might have a primary reading, a secondary reading from a backup
sensor, and a historical average. By applying "coalesce(primary_sensor, backup_sensor,
historical_average)’, you create a comprehensive metric column that ensures no row is left with a
null values unless data truly does not exist in any of the potential sources. This strategic use allows
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for effective data imputation based on defined hierarchical rules, minimizing data loss and
maximizing analytical coverage.

Syntax and Implementation of coalesce in DataFrames

Implementing the coalescing operation in PySpark DataFrame is straightforward and requires the

use of the “pyspark.sqgl.functions™ library. The operation is typically executed alongside the
withColumn transformation, which is necessary for adding the newly calculated coalesced value
into a fresh column within the existing DataFrame. The syntax clearly dictates the source columns
and the name of the destination column.

To demonstrate the general pattern, the following code snippet illustrates how to import the
necessary function and apply it to a DataFrame. This approach is standardized across virtually all
PySpark versions and is the most recommended way to perform this consolidation operation.

from pyspark.sgl.functions import coalesce

#coalesce values from points, assists and rebounds columns
df = df.withColumn('coalesce’, coalesce(df.points, df.assists, df.rebounds))

This particular example creates a new column named coalesce that intelligently merges the values
from the points, assists, and rebounds columns into one column. The function's key behavior
here is critical: it evaluates the expression “df.points, df.assists, df.rebounds™ from left to right. For
any given record, if points is non-null, that value is chosen. If points is null, it checks assists. If
assists is non-null, that value is chosen. Only if both are null does it proceed to check the
rebounds column. This sequential dependency ensures rigorous adherence to the defined data
hierarchy.

It is important to note that the coalesce function requires that all input columns share compatible
data types. While PySpark is flexible, attempting to coalesce a string column with an integer
column may lead to runtime errors or unintended data conversions. Best practice dictates ensuring
type consistency among the columns being combined, potentially requiring explicit casting steps
prior to the coalescing operation if the source data types vary significantly. This attention to
schema compatibility guarantees smooth and reliable data integration.

Setting Up the PySpark Environment: An lllustrative Example

To provide a clear, practical demonstration of the “coalesce” function, we will establish a sample
PySpark DataFrame representing basketball player statistics. This dataset is intentionally

structured to include several null values across the statistics columns (points, assists, and
rebounds), simulating the kind of sparse data often encountered in real-world applications where
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data collection might be incomplete or selectively reported. The first step involves initializing a
SparkSession, the entry point for all Spark functionality.

The example data consists of five rows, detailing the performance metrics. Notice how the null
values are distributed unevenly, making it impossible to rely on any single column as the definitive
source of statistical information. The goal of the coalescence operation will be to create a single
'Performance Score' column by prioritizing the 'points' value, then 'assists', and finally 'rebounds’,
based on the assumption that points are the most critical metric when available.

The code below sets up this scenario, defining the data, the column names, and finally creating
and displaying the initial DataFrame. This establishes the baseline against which the coalesce
operation will be evaluated.

from pyspark.sqgl 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()

+ + + +

|points|assists|rebounds]|
+ + + +

| null] null] 3|
| null] 7] 4|

| 19] 7| null

| null] 9] null|

| 14/ null] 6]

+ + + +
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Applying the Coalescing Logic to Basketball Statistics

With the sample DataFrame initialized, we can now execute the core transformation. Our objective
is to generate a new column, simply named coalesce for demonstration purposes, that captures
the most significant non-null performance metric for each player. We utilize the withColumn
method, which is the standard PySpark utility for adding or replacing columns, ensuring the
immutable nature of the original DataFrame is respected by returning a new, modified DataFrame.

The specific call to “coalesce(df.points, df.assists, df.rebounds)” defines the critical order of
precedence: points are checked first, then assists, and finally rebounds. This implementation
ensures that if a player scored points, that number will be used, regardless of their assists or
rebounds values. If points are missing, the focus shifts entirely to the assist count, and so on. This
logical flow is essential for achieving the desired data prioritization.

Executing the transformation and viewing the resulting DataFrame clearly illustrates how the
function operates across the distributed dataset. Each row is independently processed according
to the defined hierarchy, yielding a unified, derived statistic column that effectively summarizes the
available data for that record. This outcome validates the function's utility in creating
comprehensive, consolidated metrics from disparate, incomplete sources.

from pyspark.sgl.functions import coalesce

#coalesce values from points, assists and rebounds columns
df = df.withColumn('coalesce’, coalesce(df.points, df.assists, df.rebounds))

#view updated DataFrame
df.show()

+ + + + +
|points|assists|rebounds|coalesce|
+ + + + +

| null] null| 3| 3|

| null] 7| 4] 7|

| 19] 7| null] 19|

| null] 9] null| 9]

| 14| null] 6] 14|

+ + + + +

Detailed Analysis of the Coalescing Results

Examining the output DataFrame provides concrete evidence of the “coalesce” function's behavior,
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particularly how it navigates and manages null values. The new coalesce column is the result of
applying the left-to-right priority check to the three input statistics. Analyzing each row individually
confirms the strict adherence to the defined order (points, assists, rebounds).

For instance, in the first row, both points and assists were null, forcing the function to look at the
third column, rebounds, which held the value 3. In the second row, points was null, but assists
was 7, thus the process stopped there, and 7 was selected, ignoring the rebounds value of 4.
Conversely, the third and fifth rows show the highest priority being chosen, as 19 and 14 were
present in the points column, immediately terminating the search for those rows.

The resulting values in the coalesce column are precisely selected based on this strict positional
hierarchy:

First row: The primary columns (points, assists) were null. The first non-null value found was 3
(rebounds).

Second row: The points column was null. The first non-null value was 7 (assists).

Third row: The first column, points, contained the non-null value 19.

Fourth row: The points column was null. The first non-null value was 9 (assists).

Fifth row: The first column, points, contained the non-null value 14.

This systematic selection process highlights why coalesce is superior to manual imputation
methods: it guarantees that the most preferred source of data is always utilized when available,
ensuring the integrity of the final consolidated metric while maintaining exceptional execution
speed across the distributed environment of the PySpark DataFrame.

Advanced Considerations and Alternatives

While the “coalesce™ function is highly efficient for handling null values and prioritizing columns,
data engineers should be aware of certain advanced considerations, especially concerning
performance and edge cases. Firstly, if all columns provided to the function are null for a given
row, the result will be null. If the intent is to replace truly missing values with a default constant
(e.g., O for a missing score), the constant must be included as the last argument in the “coalesce’
function, ensuring it is only selected if every preceding column is null.

Secondly, when performance tuning large-scale operations, it is worth noting that while coalesce is
optimized, using an excessively large number of columns (e.g., twenty or more) might introduce
slight overhead compared to a more targeted approach. In most practical scenarios, however,
coalescing a reasonable number of columns (under ten) is instantaneous and highly optimized by
Spark's Catalyst optimizer.

Finally, for scenarios where the consolidation logic is not based on "first non-null" but rather on
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complex criteria (e.g., selecting the maximum value, or prioritizing based on an external lookup
table), the “coalesce’ function should be replaced by or combined with more complex functions like
when/otherwise or custom User-Defined Functions (UDFs). However, for the vast majority of data

cleaning tasks that involve hierarchical data filling, coalesce remains the simplest, cleanest, and
most performant solution available in the PySpark API. The documentation for the PySpark
coalesce function is readily available for further technical reference.

The following tutorials explain how to perform other common tasks in PySpark:
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