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ABSTRACT o Wallrm
Clustering at web scale strains conventional machine- Architecture Of HGdOOp
learning stacks because algorithms must iterate over
terabytes of data while respecting storage locality,
memory limits, and network constraints. Apache
Spark and the Hadoop Distributed File System
(HDFS) provide a practical foundation for i Map()
unsupervised learning at this scale: Spark’s in- Reduce()
memory, iterative computing model drastically \

/////”

reduces disk I/O relative to classic MapReduce, and Big Dta — Map()
HDFS supplies fault-tolerant, high-throughput (InpUt)

Output

Reduce(

storage with data locality awareness. This manuscript

presents an end-to-end approach for big data A Map()
clustering using Spark MLIib on HDFS. After
motivating use cases and reviewing relevant work, we
detail a methodology that covers data ingestion,
feature engineering, dimensionality reduction,
algorithm selection (K-Means, Bisecting K-Means,

Fig.1 Architecture of Hadoop,Source([1])

Gaussian Mixture Models), hyper-parameter tuning, . . .
We then describe a simulation study that emulates

and distributed evaluation (Silhouette, Davies— . . . )
both synthetic, multi-density clusters and a semi-

Bouldin, and Calinski—-Harabasz indices). .
structured behavioral dataset, executed on a modest
multi-node cluster with HDFS-resident Parquet

inputs. Results show that MLIib’s K-Means with k-
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means|| initialization provides strong baselines and the
best time-to-insight for large, moderately separated
clusters; Bisecting K-Means yields more stable
partitions on highly imbalanced cluster sizes; and
Gaussian Mixture Models capture elliptical structure
but at increased computational cost. We report
empirical guidance on partition sizing, caching
strategy, shuffle tuning, and I/O formats that
consistently improve silhouette scores and wall-clock
time. The paper closes with actionable design patterns
and a discussion of limitations, including high-
dimensional sparsity, concept drift, and cluster
interpretability at scale.
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INTRODUCTION

Clustering—grouping  unlabeled observations by
similarity—is central to applications such as customer
segmentation, anomaly detection, topic discovery, and
sensor data aggregation. When datasets reach billions of
records, three practical problems surface. First,
algorithms are iterative and require multiple passes over
the data, which can render disk-bound architectures
prohibitively slow. Second, high dimensionality and
sparsity inflate the computational burden of distance
calculations and parameter updates. Third, production
pipelines must interleave feature engineering, model
evaluation, and persistence under strict fault tolerance and
cost constraints.

Apache Spark addresses the first problem by enabling
distributed, in-memory processing with lazy evaluation
and resilient distributed datasets (RDDs) and DataFrames.
Its execution engine reuses cached partitions across
iterations, which is especially valuable for clustering
algorithms that repeatedly recompute assignments and
centroids. Spark MLIib packages scalable

implementations of common clustering algorithms—K-

Means (with k-means|| initialization), Bisecting K-Means,
and Gaussian Mixture Models (GMM)—and integrates
them into Pipelines for reproducible preprocessing and
model fitting. HDFS, the de facto storage substrate in
many data lakes, complements Spark by providing
linearly scalable throughput, block-level replication, and
data locality scheduling. Together, Spark and HDFS form

a practical platform for unsupervised learning on massive

datasets.
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Fig.2 Big Data Clustering Using Spark
MLIib,Source([2])
However, simply “turning the crank” on MLIib seldom
yields optimal results. Data layout (file format,
compression, block size), partitioning strategy, and
resource configuration (executor memory/cores, shuffle
service, dynamic allocation) often dominate observed
performance more than the algorithm itself. Likewise,

model quality hinges on careful feature selection, scaling,
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and dimensionality reduction. Internal validation metrics
(Silhouette, Davies—Bouldin, Calinski—Harabasz) can be
computed in parallel, but they introduce nontrivial shuffle
overhead if implemented naively.

This manuscript contributes a coherent recipe for large-
scale clustering on Spark+HDFS and validates it through
a controlled simulation study. We aim to (1) enumerate
practical design decisions that materially affect speed and
quality; (2) compare MLIib clustering algorithms under
realistic constraints; and (3) provide baseline numbers and
rules-of-thumb that practitioners can adapt to their own

clusters.
LITERATURE REVIEW

Early large-scale clustering in the Hadoop ecosystem
leaned on MapReduce implementations of K-Means,
which suffered from high disk I/O because each iteration
materialized intermediate results to HDFS. Spark’s advent
shifted the paradigm toward in-memory iteration. MLIib’s
K-Means implementation incorporates k-means|, a
parallel initialization that approximates k-meanst+
seeding while remaining communication efficient. This
improves convergence rate and reduces sensitivity to poor
initial centroids.

Bisecting K-Means—agglomerative at the “cluster” level
yet divisive at the “algorithmic” step—recursively splits
the cluster with the highest SSE (sum of squared errors).
In large, imbalanced datasets, this often outperforms flat
K-Means because it allocates capacity where
heterogeneity is greatest. Gaussian Mixture Models add
probabilistic assignments and elliptical cluster geometry
through expectation—maximization (EM). While GMMs
capture nuances missed by spherical K-Means, EM
increases iteration costs and is more sensitive to
initialization and scaling.

Beyond algorithmic cores, the literature emphasizes the
outsized role of data representation. Columnar formats
(Parquet/ORC) with predicate pushdown reduce scan
costs. Feature hashing provides memory-efficient

embeddings for sparse text or categorical signals.

Principal Component Analysis (PCA) or random
projections reduce dimensionality, which can sharpen
cluster structure and cut per-iteration distance
computations. Numerous works show that internal
validation metrics help select k, but warn that silhouette
and related indices can be biased in high-dimensional
settings or when cluster densities vary greatly.
Operationally, success stories in production stress
partition sizing (avoiding tiny files), caching only what is
reused, and tuning shuffles (e.g., controlling
spark.sql.shuffle.partitions, enabling external shuffle
service, and choosing Kryo serialization). They also
highlight using DataFrames/Datasets for Tungsten-
backed execution and code generation, falling back to
RDDs when custom distance functions are required.
METHODOLOGY

System Architecture

e Storage: HDFS with replication factor 2-3 and
256-512 MB block size. Data stored in Parquet
with snappy compression for columnar scans
and efficient predicate pushdown.

e Compute: A modest cluster (e.g., 8—16 worker
nodes) managed by YARN or Kubernetes.
Executors configured with 4-6 cores each to
balance parallelism and GC pressure; memory
per executor sized to keep the working set
resident during iterative steps.

e Spark Stack: Spark SQL/DataFrame APIs for
preprocessing; MLIib for algorithms and
evaluators; Spark Ul and event logs for
performance diagnostics.

Data Ingestion and Preparation

1. Schema-on-read: Load Parquet tables from
HDFS; validate schema consistency. Enforce
data types and nullability.

2. Cleansing: Impute missing numeric features by
median; bucketize extreme outliers using
winsorization to stabilize distance metrics.

3. Feature Engineering:
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o Scaling: Standardize  continuous
features to zero mean/unit variance (via
MLIib’s StandardScaler), crucial for K-
Means and GMM.

o Categoricals: Use one-hot encoding or
feature hashing for high-cardinality
columns (e.g., product IDs, referrers).

o Text: TF-IDF with hashing trick for
query strings or descriptions.

Dimensionality Reduction: Apply PCA to
retain 90-95% variance, capping dimensionality
(e.g., 50-100 PCs). This reduces compute and
often improves separability.

Persistence: Cache the standardized, reduced
feature vector column (e.g., features pca)

because it is reused across multiple candidate

models and k values.

Algorithms and Hyper-parameters

K-Means (MLIib): Distance = Euclidean;
initialization = k-means||; parameters: k € {10,
20, 50}, initSteps € {2, 5}, maxlter € {20, 40},
tol = le-4.

Bisecting K-Means: Splits until target k
reached; minDivisibleClusterSize = 1.5%
average; maxlter per split = 20.

Gaussian Mixture Model: Components k €
{10, 20}, maxlter € {50, 80}, diagonal
covariance for stability; small regParam to avoid

singularities.

Model Selection and Validation

Internal Metrics:

o Silhouette (Euclidean): Measures
cohesion vs separation (—1 to 1).

o Davies—Bouldin Index (DBI): Lower
is better; balances cluster scatter and
centroid distances.

o Calinski-Harabasz (CH): Higher is
better; ratio of between-cluster to

within-cluster dispersion.

Stability Check: For each candidate model,
compute silhouette on multiple bootstrap
samples (e.g., 3-5 subsamples) to assess
variance.

Computational Metrics: Wall-clock time,
shuffle read/write (GB), peak executor memory,

and GC time, captured from the Spark UI.

Performance Tuning

Use coalesced partitions after heavy filters to
align task counts with executor slots; avoid tiny
files on HDFS by writing results with
maxRecordsPerFile.

Prefer vectorized Parquet reads; ensure
spark.sql.parquet.enableVectorizedReader=true.
Set spark.sql.shuffle.partitions based on cluster
scale (e.g., 3—4x total executor cores) and data
size.

Enable broadcast joins for small dimension
tables (e.g., lookup enrichments) before
clustering.

Cache only the post-PCA feature vectors;

unpersist intermediate DataFrames promptly.

Reproducibility

Fix random seeds for initialization.

Store pipeline metadata and metrics in a log table
(Delta/Parquet) for each run: algorithm, k,
params, metrics, and environment details (Spark

version, executor layout).

STATISTICAL ANALYSIS

The table below summarizes representative outcomes

from the simulation study (Section “Simulation Research

and Results”). Metrics are computed on a 10% holdout

sample to reduce bias, with variance estimated over three

bootstrap replicates.

Algorit | k | Silhoue | Davie | Calins | Runti

hm tte 7 S— ki— me
Bould | Harab | (min)
in | asz 1 l
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Fig.3 Statistical Analysis
Notes: Silhouette and CH typically peak near k=20 in the
test setting, suggesting diminishing returns and potential
over-partitioning beyond that point. GMM captures non-
spherical structure but shows higher runtime due to EM.

SIMULATION RESEARCH AND RESULTS

Datasets

We evaluate two complementary datasets designed to
stress different aspects of clustering at scale.
1. Synthetic Multi-Density Mixture (S-MDM):

o Size: 50 million rows, 60 original
features.

o Structure: A mixture of 22 latent
clusters with varying covariance scales
(some elongated, some compact) and
mild overlap in three subspaces.

o Generation: Random linear transforms
applied to base Gaussians; 10% log-
normal noise features appended to
emulate skewed behavioral signals.

o  Sparsity: 25% features set to zero to
mimic missingness and sparse events.

o Ground truth: Known component
labels used only for sanity checks (e.g.,
adjusted Rand index on a 1% sample),
not for training.

2. Behavioral Session Embeddings (BSE):

o Size: ~28 million sessions, 80
engineered features derived from
clickstream aggregates (counts,
recency, entropy of actions) and
product affinities hashed into a 2"18-
dimensional space, then reduced.

o Structure: Naturally imbalanced
segments (long-tail cohorts) with heavy
categorical influence and moderate
noise.

Both datasets are stored in HDFS as partitioned Parquet:
dt=YYYY-MM-DD for BSE and chunk id for S-MDM.
Snappy compression is used; average file size = 256 MB
to align with HDFS block size and minimize small-file
overhead.
Experimental Setup

e  Cluster: 12 worker nodes; each 24 vCPUs, 128

GB RAM; 10 GbE network.
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Executors: 4 cores/executor, 10 GB executor
memory; 60 executors total; dynamic allocation
enabled with bounds [24, 60].
Spark Config (illustrative):
o spark.sql.shuffle.partitions = 720
o spark.serializer =
org.apache.spark.serializer.KryoSeriali
zer
o spark.memory.fraction = 0.6
o spark.sql.files.maxPartitionBytes =
256MB
o External shuffle service enabled.
Preprocessing:  Standardization — PCA
retaining 95% variance (resulting in 50-70 PCs).
Model Grid: K-Means (k€{10,20,50}),
Bisecting K-Means (k€{10,20,50}), GMM
(k€{10,20}); maxIter chosen per Section
“Methodology.”
Validation: For each model, compute silhouette
on the full dataset using distributed evaluators;
compute DBI and CH on stratified subsamples
(e.g., 20 million points for S-MDM, 10 million
for BSE) to bound compute.

Findings

1.

Quality vs. k: On both datasets, silhouette
improved sharply from k=10 to k=20 and
plateaued or slightly declined by k=50. This
pattern aligns with the intuition that too many
clusters fragment coherent structures, increasing
boundary points and depressing silhouette.
Algorithm Behavior:
o K-Means: With k-means|| seeding,
convergence typically occurred within
12—18 iterations. It provided the best
time-to-first-model and robust scores
on S-MDM, where many clusters were
roughly spherical after scaling and

PCA.

Bisecting K-Means: Produced
marginally higher silhouette and lower
DBI at k=20, especially on BSE where
segment sizes were imbalanced. The
divisive strategy naturally “zoomed in”
on heterogeneous regions, yielding
more interpretable large clusters (e.g.,
frequent-short sessions vs. fewer long-
engagement sessions).

GMM: Captured elongated structure in
S-MDM better than K-Means in certain
subspaces, but per-iteration cost (E-step
+ M-step) and the need for more
iterations led to longer runtimes.

Diagonal covariance stabilized training

at the cost of some flexibility.

3. Runtime and Resource Use:

@)

Caching: Persisting only the PCA
feature vector achieved a 1.3—1.6x
reduction in runtime relative to caching
both raw and engineered features.
Shuffle Tuning: Setting shuffle
partitions to approximately 3x total
executor cores balanced parallelism
and spill. Increasing beyond that
threshold caused diminishing returns
and higher overhead.

Parquet Layout: Rewriting inputs to
target 256-512 MB per file reduced
task scheduling overhead by =~10-15%

and improved locality.

4. Interpretability and Actionability:

o

Centroid Projections: For K-
Means/Bisecting K-Means, projecting
centroids back into original features
highlighted differentiators (e.g., high
product-category entropy + short dwell
time vs. low entropy + long dwell time

segments).
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o Soft Assignments: GMM’s
responsibilities were useful to flag
boundary cases and anomalous sessions
with diffuse membership.

5. Stability: Bootstrap variability of silhouette at
k=20 was small (£0.01-0.02), indicating stable
partitions. At k=50, variability increased (£0.03—
0.05), a sign of over-fragmentation in noisy
regions.

Error Modes and Mitigations

e High-Dimensional Distance Concentration:
Without PCA, silhouette deteriorated and
runtimes increased. Mitigation: dimensionality
reduction and feature selection.

e Skewed Partitions: Hot keys (e.g., very
frequent categories) caused uneven task sizes.
Mitigation: additional salting/hashing and
repartitionByRange on the features vector size
surrogate.

e Out-of-Memory/GC Pressure: Large k with
dense vectors occasionally triggered executor
OOM. Mitigation: smaller batch size for distance
computations (via MLIib defaults), more
executors with fewer cores, and careful
persistence levels.

CONCLUSION

Big data clustering benefits as much from architectural
discipline as from algorithmic choice. Spark MLIib
running on HDFS offers a robust, cost-effective platform
for iterative unsupervised learning when practitioners
align storage, compute, and modeling choices.

From the simulation study, three patterns emerged. First,
moderate k (=20) balanced separation and cohesion
across both synthetic and behavioral datasets; pushing to
k=50 yielded marginal or negative returns in internal
metrics while increasing runtime and instability. Second,
Bisecting K-Means often edged out flat K-Means in
imbalanced settings, delivering slightly better silhouette

and lower DBI by focusing splits where heterogeneity

was greatest. Nevertheless, K-Means with k-means||
remained the fastest path to high-quality clusters and a
dependable baseline. Third, GMM added value where
clusters were elongated or overlapping, providing soft
assignments that are useful for boundary analysis and
anomaly flagging, albeit at higher computational cost.
Operational guidance distilled from the experiments
includes: store inputs as Parquet with sensible file sizes
(=256-512 MB) to reduce scheduler overhead;
standardize features and apply PCA to cap
dimensionality before clustering; cache only the artifacts
used by every candidate model (e.g., PCA vectors), and
unpersist aggressively; tune spark.sql.shuffle.partitions
to a few multiples of total executor cores; prefer k-
means|| seeding and cap maxlIter based on empirical
convergence in the Spark Ul. When cluster sizes are
highly uneven, trial Bisecting K-Means; when geometry
is clearly non-spherical or mixed, consider GMM with
diagonal covariance and plan for longer runs.

Limitations persist. Internal metrics can mislead in very
high dimensions; external evaluation requires labels
rarely available in unsupervised contexts. Clusters
discovered at one time may drift as behavior shifts;
incremental or streaming variants (e.g., Mini-Batch K-
Means or Streaming K-Means) are needed for freshness.
Interpretability at scale also remains a challenge—
centroid inspection and feature attribution can help but are
not substitutes for domain validation.

Future work should explore: (1) automated model
selection using Bayesian nonparametrics or information
criteria adapted to distributed environments; (2)
approximate neighbor search to accelerate silhouette
and density estimates; (3) privacy-preserving clustering
with differential privacy; (4) Delta/Lakehouse patterns to
manage iterative experiments and lineage; and (5) hybrid
CPU/GPU execution for distance-heavy workloads. With
these extensions, Spark MLIlib and HDFS can continue to
scale unsupervised learning while keeping pipelines

maintainable and reproducible.
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