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Abstract
To address the inability of existing big data classification methods to satisfy
the time and storage space constraints in big data applications, we propose a
design method for a parallel multi-label K-nearest neighbor classifier for big data
based on the Apache Spark framework. To reduce the cost overhead of existing
MapReduce schemes through the use of in-memory operations, first, the training
set is divided into multiple partitions leveraging the parallel mechanism of the
Apache Spark framework; then, in the Map phase, the K nearest neighbors of
the sample to be predicted are found within each partition, and subsequently,
in the reduce phase, the final K nearest neighbors are determined based on the
results from the Map phase; finally, the label sets of the neighbors are aggregated
in parallel, and the target label set of the sample to be predicted is output by
maximizing the posterior probability. Experiments conducted on four big data
classification datasets, including PokerHand, demonstrate that the proposed
method achieves lower Hamming loss, thereby validating its effectiveness.
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Abstract: Existing big data classification methods struggle to meet the time
and storage space constraints inherent in big data applications. To address this
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limitation, we propose a design method for a big data parallel multi-label K-
nearest neighbor classifier based on the Apache Spark framework. To reduce
the cost overhead of existing MapReduce schemes by leveraging additional in-
memory operations, we first partition the training set into multiple partitions
using Spark’s parallel mechanism. Then, in the Map phase, we find the K nearest
neighbors for each partition of the sample to be predicted, and subsequently
determine the final K nearest neighbors in the Reduce phase based on the Map
phase results. Finally, we aggregate the label sets of the neighbors in parallel
and output the target label set for the sample to be predicted by maximizing
the posterior probability. Experiments conducted on four big data classification
datasets including PokerHand demonstrate that our proposed method achieves
lower Hamming loss, thereby proving its effectiveness.

Keywords: classification processing; Apache Spark; parallel mechanism; data
mining; Hamming loss; K-nearest neighbor

0 Introduction
In recent years, big data has become a focal point of research, and large-scale in-
formation processing has emerged as a necessary and critical task [1~3]. Contin-
uous technological innovation and changing consumption patterns have driven
the informatization of commerce, which in turn has led to a dramatic increase
in available data volume. Meanwhile, social media, biomedicine, and entertain-
ment activities also generate massive amounts of data daily. Without proper
knowledge extraction processes, such data remains useless. Consequently, there
is an urgent need for convenient tools capable of leveraging these data resources.

The K-nearest neighbor algorithm (kNN) [4] is an intuitive and effective non-
parametric model commonly used for classification and regression tasks. Some
studies have introduced kNN classifiers into the MapReduce process, but their
objective is not to perform precise KNN classification; instead, they employ
partial KNN (applying KNN to subsets of training data) for clustering large
datasets. For instance, literature [5] proposes a novel approach combining KNN
with principal component analysis for large-scale dataset clustering. Literature
[6] presents a method with two distinct stages: first using K-means to partition
the entire dataset, then computing KNN within each group to provide approx-
imate results. Other research focuses not on classification or regression tasks,
but on proposing distributed KNN computations for queries in MapReduce.
For example, literature [7] applies KNN-join (exact or approximate) queries
in a two-stage MapReduce process; literature [8] proposes an iterative Hadoop
MapReduce process for KNN-based image classification. However, this approach
iteratively executes MapReduce for each individual test instance, resulting in
significant time consumption. Literature [9] proposes a Hadoop MapReduce
process that can classify large numbers of test samples simultaneously, reducing
Hadoop’s startup costs, but this method suffers from low classification accuracy
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and requires further improvement.

In this paper, we propose a design method for a big data parallel multi-label
K-nearest neighbor classifier based on the Apache Spark framework. In our im-
plementation, we aim to leverage Spark’s flexibility to reduce the cost overhead
of existing MapReduce schemes by utilizing additional in-memory operations.
To manage massive test sets, we minimize the number of iterations based on
memory constraints by using the maximum possible number of test examples
per iteration. In each iteration, we apply a KNN MapReduce process that finds
the K nearest neighbors for each partition of the sample to be predicted in the
map phase, and determines the final K nearest neighbors in the reduce phase.
Finally, we aggregate the label sets of the neighbors in parallel.

1.2 Spark Framework
The Spark framework can be regarded as the next-generation distributed com-
puting framework and an extension of MapReduce [13]. The key difference lies
in Spark’s introduction of a new abstraction for data under processing called
Resilient Distributed Dataset (RDD), which enables practitioners to define ad-
ditional data operations without strictly adhering to Map and Reduce functions.
However, the MapReduce paradigm remains central to the Spark platform, as
most computations follow the same pattern of applying several functions indi-
vidually to each data unit and then combining them through network shuffling.

The primary motivation for Spark becoming the de facto standard for dis-
tributed data processing relies on architectural differences: while Hadoop MR
relies on hard disk drives to persist intermediate data between operations, Spark
focuses on faster main memory to maintain its data structures. This allows for
defining more complex execution paths and increased support for iterative pro-
cesses. Figure 2 [Figure 2: see original paper] illustrates Spark operators and
data space.

1.1 MapReduce Framework
The MapReduce (MR) framework provides a highly scalable and flexible frame-
work for parallel data computation, primarily designed to address the growing
volume of digital data [10~12]. In recent years, data generation and storage
capabilities have grown to the petabyte scale, driven by more mature hardware
and novel processing technologies. MR’s main potential lies in its computational
abstraction, where entire processing is divided into smaller task types—Map and
Reduce—that are distributed and processed uniformly across the cluster. Prac-
titioners only need to provide these two functions, avoiding the need to adapt
processing to the underlying cluster architecture or data characteristics. This
framework offers a highly scalable and fault-tolerant environment for parallel
data processing.

Data managed in MR workflows is represented as key-value pairs in the form

chinarxiv.org/items/chinaxiv-201808.00091 Machine Translation

https://chinarxiv.org/items/chinaxiv-201808.00091


�key, value�. Each Map task’s initial input typically serves as an input partition
of raw data associated with arbitrary keys. Each Map task processes its chunk of
data by applying a defined function, producing numerous new intermediate key-
value output pairs. The system collects, combines, and sorts these intermediate
output pairs by their corresponding keys, and sends matching pairs that share
the same key as input to the Reduce phase, which consists of a common key and
a list containing associated values. The Reduce step then executes, producing
final output typically composed of newly formatted key-value pairs. Figure 1
[Figure 1: see original paper] shows the detailed flow of MR programs.

The popularity of this framework was driven by Apache Hadoop’s implemen-
tation; the open-source community and many private companies have jointly
worked to provide a widely available software stack for big data preprocessing.
The Hadoop ecosystem is extensive, but mainly consists of two core compo-
nents: the general-purpose MapReduce and the Hadoop Distributed File Sys-
tem (HDFS). They enable deployment of inexpensive large computer clusters
as powerful execution engines as well as reliable and fault-tolerant distributed
data storage.

Recent cloud computing technologies have provided an ideal environment for
handling such problems. The MapReduce framework and its open-source imple-
mentation in Hadoop are tools for processing data-intensive applications based
on the principle of data locality, and have been widely disseminated in data min-
ing. However, researchers have identified several limitations of Hadoop MapRe-
duce in designing scalable machine learning tools. For applications that share
data across multiple steps (including iterative algorithms or interactive queries),
MapReduce is inefficient. Recently, multiple platforms for large-scale data pro-
cessing have emerged to overcome Hadoop MapReduce’s issues, among which
Spark has become one of the most flexible and powerful engines for faster dis-
tributed computing in big data. This platform allows user programs to load
data into memory and query it repeatedly, making it more suitable for online,
iterative, or data streaming algorithms.

2 KNN Classifier
The kNN algorithm is a non-parametric method that can be used for both
classification and regression tasks [15]. Let 𝐷𝑠 be the training dataset and 𝑇𝑠
be the test set, consisting of 𝑛 and 𝑚 samples respectively. Each sample 𝑥 is
a multivariate tuple (𝑥1, 𝑥2, ..., 𝑥𝑝), where 𝑝 is the number of features. Here,
𝑥𝑖𝑗 represents the value of the 𝑗-th feature of the 𝑖-th sample. Samples belong
to category 𝜔, determined by 𝑥 and a 𝑝-dimensional space. For set 𝐷𝑠, the
category 𝜔 is known, while this is unknown for set 𝑇𝑠.

For each test sample 𝑥𝑡𝑒𝑠𝑡 contained in set 𝑇𝑠, the kNN algorithm searches for
the 𝑘 closest samples in set 𝐷𝑠. Therefore, KNN calculates distances between
𝑥𝑡𝑒𝑠𝑡 and all samples in 𝐷𝑠. Euclidean distance is the most widely used metric
for this purpose. Based on the calculated distances, training samples are sorted

chinarxiv.org/items/chinaxiv-201808.00091 Machine Translation

https://chinarxiv.org/items/chinaxiv-201808.00091


in ascending order, and the 𝑘 nearest samples are selected. They are then used
to calculate the most dominant class label. The choice of 𝑘 value may affect
the technique’s performance and noise tolerance. Although KNN performs
excellently in a wide variety of problems, it lacks scalability for large training
datasets.

The main issues in processing large-scale data are: a) Runtime complexity.
Finding nearest neighbor training samples for a single test instance is computa-
tionally expensive because it requires sorting computed distances. When finding
𝑘 neighbors, this becomes even more computationally complex, requiring addi-
tional complexity 𝑂(𝑛 log 𝑛). This process needs to be repeated for each test
example. b) Memory consumption. For rapid distance computation, the
KNN model requires storing training data in memory. When both 𝐷𝑠 and 𝑇𝑠
are too large, they can easily exceed available RAM storage.

These drawbacks motivate distributing KNN processing across node clusters.
Literature contains various methods for executing KNN on MapReduce. While
KNN classifiers aim to provide predicted classes, KNN-join itself outputs neigh-
bors for individual tests. Therefore, these methods cannot be used for classifi-
cation. Figure 3 [Figure 3: see original paper] illustrates the distributed KNN
process.

For classification tasks (also applicable to regression), existing methods are sim-
pler than KNN-join approaches because they don’t need to provide neighbors
themselves, only their classes. So far, two main methods have been proposed,
both focusing on using the Map phase to split training data into 𝑝 disjoint parts.
For example, literature [14] proposes iteratively repeating the MapReduce pro-
cess for each individual test example (without a clearly defined reduce function),
which is extremely time-consuming in both Hadoop and Spark. Literature [15]
proposes a classifier called MR-KNN that uses one MapReduce process to man-
age test set classification. Hadoop reads test data row by row in the map phase.
Therefore, this pattern is scalable, but its performance can be further improved
through in-memory solutions.

3 Proposed Method
This paper presents an alternative distributed KNN model for big data classifica-
tion using Spark, referred to as a design method for big data parallel multi-label
K-nearest neighbor classifier based on the Spark framework. When both train-
ing and test sets are large datasets, this paper focuses on reducing the runtime of
the KNN classifier. When computing KNN within the parallel framework, many
other factors may affect execution time, such as the number of MapReduce jobs
𝑗 or the required number of Map and Reduce tasks (𝑚 and 𝑟). Therefore, writ-
ing efficient and accurate KNN in Spark is challenging, and multiple key points
must be considered to achieve an efficient and scalable model.

This section introduces the MapReduce process that manages classification of
test data subsets fitting into memory. Therefore, this MapReduce process is
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based on MR-KNN, but differs in that it allows multiple Reducers, checks run-
time requirements to avoid memory swapping, and is implemented under Spark.
As a MapReduce model, this divides computation into two main phases: Map
and Reduce. The Map phase splits training data and computes distances and
corresponding categories of the 𝑘 nearest neighbors for each test sample within
each block. The Reduce phase aggregates the 𝑘 nearest neighbor distances from
each map and produces a definitive list of 𝑘 nearest neighbors. Finally, the ma-
jority voting procedure in the kNN algorithm is executed to predict the resulting
category.

3.1 Map Phase
First, we assume that the training set 𝐷𝑠 and corresponding test sample subset
𝑇𝑠 have been previously read from HDFS as RDD objects. Therefore, when the
training dataset 𝐷𝑠 is read, it is already partitioned into 𝑝 user-defined disjoint
subsets. Each map processes subset 𝐷𝑠𝑖 using samples from each partition of
the training set, where 𝑖 = 1, 2, ..., 𝑝. Thus, each map processes approximately
the same number of training instances.

To achieve an exact KNN implementation, the input test set 𝑇𝑠 is not split
together with the training set, meaning both 𝐷𝑠 and 𝑇𝑠 should fit completely in
memory. In the Spark implementation described in this paper, a KNN searcher
is initialized with 𝑘 in each partition. Meanwhile, each partition obtains local
K nearest neighbors for the entire test set samples.

Each map sends multiple outputs and allows using multiple reducers. The result
data from each partition exists as key-value pairs (𝑘𝑒𝑦, 𝑣𝑎𝑙𝑢𝑒). The key repre-
sents the number of each test sample, while the value represents the neighbor
array with elements as key-value pairs (𝑖𝑑, 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒). When the used training
and test datasets are very large, using more Reducers may be beneficial. Algo-
rithm 1 describes the main process of the Map phase, where 𝐷𝑠𝑓𝑖𝑙𝑒 represents
the training set file, 𝑇 𝑠𝑓𝑖𝑙𝑒 represents the test set file, and 𝐿𝑖𝑠𝑡[𝑖𝑑, 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒]
represents the sample neighbor set.

Algorithm 1 Distributed KNN Map Phase Process

Ds = textFile(Ds_file).map(normalize).map(mapLinearNNSearch).cache
Ts = textFile(Ts_file).map(normalize).map(keyvalue).collect
arr_sc = broadcast(Ts)
ans = computeKNN(arr, Ds)

3.2 Reduce Phase
The Reduce phase includes aggregating the 𝑘 nearest neighbors from the 𝑝
partitions provided by the map phase. After the map phase completes, for each
test sample 𝑥𝑡𝑒𝑠𝑡 there are 𝑝 × 𝑘 neighbors, and all elements with the same key
are grouped. This function processes each element in this list one by one and
updates the result list with 𝑘 neighbors.
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Since vectors from the map are sorted by distance, the update process becomes
faster. This involves merging two sorted lists to obtain the 𝑘 values; therefore,
the worst-case complexity is 𝑂(𝑘). The function compares each distance value
of each neighbor one by one, starting from the nearest neighbor. If the distance
is less than the current value, the corresponding category and distance at that
position are updated; otherwise, it continues to the next value. Algorithm 2
provides details of the Reduce operation.

Algorithm 2 Distributed Reduce Phase Process

res = new Array[type](id, k+1)
for i = 0 to p do

for j = 0 to k do
if ans[i][j].distance < res[j].distance then

res[j] = ans[i][j]
id = j + 1

In summary, for each instance in the test set, the Reduce function aggregates
these values according to the previously described function. To simplify this
process, we use Spark’s ReduceByKey(func) transformation.

4.1 Experimental Configuration
In this experimental study, we use four big data classification datasets: Poker-
Hand [16], NUS-WIDE-bow [17], Susy [18], and Higgs [19]. We randomly sample
these datasets to obtain balanced categories. These datasets contain not only
large numbers of instances but also relatively numerous features, allowing us to
observe how this characteristic affects the proposed model.

Table 1 summarizes the properties of these datasets, including sample count,
feature count, and label count information.

Table 1 Dataset Description | Dataset | Samples | Features | Labels | |———
|———|———-|——–| | Higgs | 5,000,000 | 28 | 2 | | PokerHand | 1,025,010 | 11 | 10 |
| NUS-WIDE-bow | 269,648 | 500 | 81 | | Susy | 5,000,000 | 18 | 2 |

For the experimental study, all datasets are partitioned using a 5-fold cross-
validation (5-fcv) scheme. This means the dataset is divided into 5 subsets,
with 80% of each subset used as training samples and the remainder as test
instances. For each subset, the kNN algorithm computes the nearest neighbors.
In the presented MapReduce scheme, the number of dataset instances is di-
rectly related to the number of Maps used; therefore, more Maps result in fewer
instances per Map.

All test experiments are executed on a cluster consisting of 16 nodes: one master
node and 16 compute nodes. The compute nodes use 2x Intel Xeon CPU E5-
2620 processors. Specific details of the software and configuration are as follows:

a) MapReduce implementations: Hadoop 2.6.0-cdh5.4.2 and Spark 1.5.1
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b) Maximum number of map tasks: 256

c) Maximum number of reduce tasks: 128

d) Maximum memory per task: 2GB

e) Operating System: Cent OS 6.5

Note that the total number of available cores is 192, which becomes 384 with
hyper-threading enabled. Therefore, when the algorithm explores more than
384 maps, linear speedup cannot be expected because tasks will be queued. For
these cases, we focus our analysis on Map and Reduce operations.

4.2 Performance Metrics
We evaluate the performance and scalability of the proposed method using the
following three metrics:

a) Hamming Loss. This represents the average number of misclassified
labels. Better algorithm performance corresponds to smaller Hamming
loss.

ℎ𝑙𝑜𝑠𝑠 = 1
𝑝

𝑝
∑
𝑖=1

|𝑌𝑖Δℎ(𝑥𝑖)|
|𝑞|

where Δ is the symmetric difference between two sets, |𝑞| is the length of the
label vector, and ℎ represents the multi-label classifier.

b) Runtime. This records the total time spent by the kNN classifier to clas-
sify a given test set according to the training dataset. The total runtime of
the parallel method includes reading and distributing all data, computing
the k nearest neighbors, and performing majority voting.

c) Speedup. To demonstrate the efficiency of the parallel algorithm com-
pared to its sequential execution version, we measure the runtime of both
sequential and parallel versions. According to Amdahl’s law [20], in a
fully parallel environment, the theoretical maximum speedup equals the
number of cores used.

𝑆𝑝𝑒𝑒𝑑𝑢𝑝 = 𝑡𝑖𝑚𝑒𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒
𝑡𝑖𝑚𝑒𝑝𝑎𝑟𝑎𝑙𝑙𝑒𝑙

where 𝑡𝑖𝑚𝑒𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 is the total runtime of the sequential version, and 𝑡𝑖𝑚𝑒𝑝𝑎𝑟𝑎𝑙𝑙𝑒𝑙
is the total runtime after using the parallel version.

microF� (label-based micro F-score) represents label-based precision:
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𝑚𝑖𝑐𝑟𝑜𝐹𝛽 =
∑|𝑞|

𝑗=1(1 + 𝛽2)𝑇 𝑃𝑗

∑|𝑞|
𝑗=1((1 + 𝛽2)𝑇 𝑃𝑗 + 𝛽2𝐹𝑁𝑗 + 𝐹𝑃𝑗)

where 𝑇 𝑃𝑗, 𝐹𝑃𝑗, 𝑇 𝑁𝑗, 𝐹𝑁𝑗 are true positives, false positives, true negatives,
and false negatives in the confusion matrix for label 𝑗.

4.3 Comparison with Sequential KNN Methods
This section compares our method with the sequential version of KNN based on
the Hadoop MapReduce framework. For this purpose, we use the NUS-WIDE-
bow and Higgs datasets, which are commonly used in computer vision. For
these datasets, our method requires only one iteration because the test dataset
fits into each map’s memory, and the number of reducers is also fixed at 1.

First, we run the sequential version of kNN on these datasets as a baseline.
This sequential version reads the test set row by row as a direct solution to
avoid memory issues. Table 2 shows the runtime (in seconds) and average preci-
sion results obtained by the standard sequential KNN algorithm with different
numbers of neighbors (where the number of Maps is set to 32).

Table 2 Performance of Sequential kNN | Dataset | k=1 | k=3 | k=5 | |
———|—–|—–|—–| | NUS-WIDE-bow | 1256s / 0.72 | 1876s / 0.75 | 2432s / 0.76 | |
Higgs | 3421s / 0.68 | 4567s / 0.71 | 5890s / 0.73 |

Table 3 summarizes the results obtained by both methods when 𝑘 = 1 (with
neighbor count set to 1). It shows the average total time and speedup achieved
relative to the sequential version for different numbers of Maps. As mentioned
previously, both methods correspond to exact implementations of KNN.

Table 3 Results from Sequential KNN and Our Method | Maps | Se-
quential KNN Avg Runtime (s) | Our Method Avg Runtime (s) | Speedup | |——
|——————————-|—————————-|———| | 32 | 1256 | 187 | 6.72 | | 64 | 1256 | 165 |
7.61 | | 128 | 1256 | 152 | 8.27 |

Based on the experimental results, we make the following analysis:

As can be seen in Table 2, the sequential KNN method requires considerably
high runtime for both datasets. However, Table 3 shows that as the number
of Maps increases, the runtime of both methods decreases. Compared to the
sequential version KNN, our parallel KNN achieves faster linear speedup. This
is due to the use of in-memory data structures, which allows us to avoid reading
test data row by row from HDFS.

Comparing the sequential version KNN with our parallel KNN, the results show
that our Spark-based parallel KNN reduces runtime by 6-8 times compared to
the Hadoop framework-based sequential version KNN.
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4.4 Performance Comparison with Other Methods
Among existing MapReduce-based distributed kNN models, we compare our
method with the MR-KNN method, which is based on the Hadoop MapReduce
framework. The MR-KNN method was originally designed for purposes other
than classification and requires increasing data sizes and even a quadratic num-
ber of Map tasks. Consequently, this scheme has theoretically much higher
complexity than our proposed technique.

Table 4 presents the performance evaluation results of our method, while Table
5 shows the performance evaluation results of the MR-KNN method, with Map
count and neighbor count set to 128 and 1 respectively. From these tables,
we can see that our method achieves lower Hamming loss, less runtime, and
also outperforms the comparison method in both speedup and microF� metrics,
demonstrating the effectiveness of our approach.

Table 4 Performance Evaluation Results of Our Method | Dataset |
Hamming Loss | Runtime (s) | Speedup | microF� | |———|————–|————-|———|
———| | Higgs | 0.12 | 152 | 8.27 | 0.89 | | PokerHand | 0.08 | 98 | 7.45 | 0.91 | |
NUS-WIDE-bow | 0.15 | 187 | 6.72 | 0.76 |

Table 5 Performance Evaluation Results of MR-KNN Method |
Dataset | Hamming Loss | Runtime (s) | Speedup | microF� | |———|————–|
————-|———|———| | Higgs | 0.18 | 245 | 5.12 | 0.82 | | PokerHand | 0.14 | 156 |
4.67 | 0.85 | | NUS-WIDE-bow | 0.22 | 298 | 4.21 | 0.68 |

5 Conclusion
The K-nearest neighbor classifier is a simple yet effective well-known method in
data mining. Due to time and memory constraints, the practical application of
this model in the big data domain is not feasible. In this work, we provide a
design method for a big data parallel multi-label K-nearest neighbor classifier
based on the Apache Spark framework. The Map phase computes the k nearest
neighbors in different training data partitions, and the Reduce phase determines
the final K nearest neighbors based on the Map phase results. Finally, the label
sets of the neighbors are aggregated in parallel, and the target label set for the
sample to be predicted is output by maximizing the posterior probability. Test
results on four big data classification datasets validate the effectiveness of the
proposed approach.
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