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METHODS FOR EFFICIENT BIG DATA STORAGE AND PROCESSING
IN DISINFORMATION DETECTION TASKS

The subject of the study is methods and tools that facilitate highly productive, scalable, and reliable data analysis in
cloud environments for real-time disinformation detection. The purpose of the article is to investigate and evaluate
methods for improving the efficiency of storing and processing large volumes of text, multimedia information, and
social network data in cloud infrastructures using real-time disinformation detection. Objectives: to evaluate
distributed storage architectures and columnar data formats for their efficient organization; to evaluate compression
strategies and caching mechanisms to reduce 1/O overhead; to analyze scalable processing frameworks for streaming
and batch workloads; Measure system performance, scalability, and cost-effectiveness in real-time disinformation
detection scenarios. Methods: Comparative analysis of storage formats (Parquet, ORC, Avro, JSON), compression
algorithms (Snappy, Zstandard), and distributed processing frameworks (Apache Spark, Apache Flink); Performance
evaluation involves measuring throughput, analyzing latency, and evaluating costs using cloud infrastructure with
multi-level storage and stream data pipelines. Results achieved. The impact of distributed storage architectures,
columnar data formats, compression strategies, caching mechanisms, and scalable processing frameworks on system
performance, scalability, and cost-effectiveness has been evaluated. These approaches demonstrated significant
improvements in throughput and reliability in large-scale streaming and batch processing scenarios, especially when
detecting misinformation in real time. The results proved that the system can quickly adapt to data load peaks, maintain
high detection accuracy, and reduce operating costs. Conclusions. Improving the efficiency of big data storage and
processing in cloud platforms comes from integrating columnar formats with compression and pushdown capabilities,
combined with stream-oriented distributed computing. A layered architecture covering data ingestion, streaming
processing, distributed storage, and analytics reduces 1/0O costs and increases end-to-end throughput for real-time
scenarios. The evaluation demonstrates a throughput improvement of approximately one-third compared to baseline
systems, making the approach well-suited for latency-sensitive workloads such as disinformation detection. Format-
aware optimizations, low-latency streaming, and adaptive capacity management are key drivers of performance in
modern cloud data platforms.

Keywords: big data; cloud computing; distributed systems; data analysis; storage optimization; machine
learning; scalability; disinformation; fake news.

Introduction

The explosive growth in digital information volumes has created a serious problem for modern
information systems in cloud environments. This problem stems from the four Vs of big data —
volume, velocity, variety, and veracity [1] — which require new architectural solutions that go
beyond traditional database systems. At the same time, cloud computing offers a scalable, elastic
infrastructure [1-3], but its principles of resource pooling often contradict the resource sharing
model inherent in many big data frameworks. Modern cloud environments must adapt to the
continuous influx of heterogeneous data — from structured records to social media and multimedia
streams — which requires real-time analysis [4, 5] and high-performance processing. The context
of disinformation detection exacerbates these requirements: vast amounts of text and multimedia
data must be quickly processed, analyzed, and classified to detect and mitigate misleading
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narratives — a task that goes far beyond the capabilities of outdated monolithic processing systems.
Moreover, the interplay between data complexity, real-time requirements, architectural
mismatches, and threats such as disinformation, as well as privacy, legal, and geopolitical issues,
makes the development of adaptive, cost-effective, and elastic data platforms more urgent
than ever [1, 3, 6].

Analysis of recent studies. Current research in the field of big data cloud analytics
emphasizes the importance of integrating scalable data storage systems and efficient processing
pipelines. The studies emphasize the need to align big data architectures with cloud models
such as distributed storage, in-memory computing, and streaming analytics [4-6]. Significant
attention is paid to optimizing data storage formats. Ivanov and Pergolesi [7] demonstrated the
advantages of ORC and Parquet columnar formats for SQL queries in Hadoop environments, while
Zeng et al. [8] conducted an empirical evaluation of various columnar formats, finding significant
differences in performance depending on the type of workload. Nelluri and Saldanha [9] proposed
a strategy for choosing between ORC, Parquet, Avro, and Iceberg formats based on specific
application requirements. In the context of streaming data processing, Sedghani et al. [10]
evaluated distributed streaming frameworks for 10T applications in smart cities, identifying critical
performance factors for real-time systems. However, research on data lifecycle management in the
cloud remains limited: Sami et al. [6] considered methodologies for data storage and placement in
the Cloud-Big Data ecosystem, but did not cover dynamic optimization of multi-level storage.
Regarding the detection of misinformation, Pervaiz et al. [11] and Chora$ et al. [12] explored the
use of artificial intelligence and machine learning to detect fake news, while Ahmad et al. [13]
proposed ensemble machine learning methods for this task. Liu and Wu [14] developed early
detection methods through classification of propagation paths, and Abbas et al. [15] conducted a
comprehensive review of deep learning algorithms for detecting fake news. Yang and Yao [16]
summarized deep learning theories and models for this problem. However, the existing literature
often considers these strategies separately, without a unified framework that integrates storage
optimization, compression, caching, and adaptive provisioning of computational resources tailored
to real-time misinformation detection. Although general reviews describe the capabilities of cloud
infrastructure [3, 4] for big data tasks, they typically do not focus on the specific operational
requirements and time sensitivity of disinformation analysis. Furthermore, the integration
of optimized storage formats [7-9] with stream processing [10] for specific disinformation
detection tasks [11-16] has not been sufficiently explored. This knowledge gap limits the ability
to develop truly sensitive and cost-effective systems for this high-stakes application.

Research objective. To investigate and evaluate methods for improving the efficiency
of storing and processing large volumes of text, multimedia, and social network data
in cloud infrastructures, using real-time disinformation detection as an application use case.
To achieve this goal, a comprehensive approach is proposed that combines distributed storage
models, columnar formats, compression mechanisms, caching, and scalable processing
frameworks to improve the performance, reliability, and cost-effectiveness of cloud-based
big data analytics [11, 12].
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Main part

Cloud environments impose specific characteristics on the storage and processing of big data
that differ significantly from traditional on-premises solutions. These characteristics determine
architectural ~ decisions and affect the overall efficiency of the system.
A key advantage of cloud platforms is the ability to dynamically scale resources according to the
current load. Unlike the fixed infrastructure of traditional data centers, cloud services allow you to
automatically increase or decrease computing power, memory, and storage capacity.
This is especially important for disinformation detection tasks, where the load can increase sharply
during mass information events or coordinated campaigns.

Cloud providers offer infrastructure in multiple geographic regions, ensuring low latency for
globally distributed users and data sources. Placing computing resources closer to data sources
reduces network latency and data transfer costs. For social media analysis, this means the ability
to collect and pre-process information directly in the regions where it is generated. Unlike capital
investments in hardware, cloud services operate on an operating expense (OpEx) model.
This allows for cost optimization by precisely matching resources to current needs, using spot
instances for non-critical tasks, and automatically turning off inactive resources. Cost efficiency
is achieved through detailed usage monitoring and the application of cost management policies.

Cloud platforms offer different storage classes with different performance and cost
characteristics: hot storage for data that requires frequent access with minimal latency; warm
storage for data with moderate access frequency; cold storage and archive storage for infrequently
used historical data. Intelligent lifecycle policies automatically move data between tiers based on
access patterns. Service integration. Cloud ecosystems provide a wide range
of managed services that integrate seamlessly with each other: databases (SQL and NoSQL),
message (queues, streaming processing, machine learning, analytics, and visualization.
This integration simplifies the construction of complex data processing pipelines and accelerates
time to market for solutions. Managed services remove the burden of administration, monitoring,
and scaling from development teams.

Cloud providers ensure high availability through automatic data replication across availability
zones and regions, automatic recovery from failures, and backup with the ability to restore to a
specific point in time. For critical disinformation detection systems, this means continuity of
operation even in the event of hardware failures or regional outages. Cloud platforms provide
advanced security features, including encryption of data at rest and in transit, identity and access
management (IAM), network isolation through virtual private clouds (VPCs), and auditing and
logging of all operations. Compliance with international standards (GDPR, HIPAA, SOC 2) is
built into cloud services, simplifying compliance for organizations. Network limitations and
delays. Despite their advantages, cloud environments have specific limitations. Transferring large
amounts of data between services can result in significant network latency and egress charges.

This requires careful design of the data architecture to minimize inter-service transfers,
localize processing close to the data, and use efficient serialization formats. Resources in the cloud
are virtualized and often shared among multiple users. This can lead to situations where the activity
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of other users affects the performance of your applications. To ensure predictable performance for
critical tasks, it is recommended to use dedicated instances or reserved capacity.

All operations in cloud environments are performed through APIs, which allows you
to automate infrastructure management through infrastructure as code, programmatically scale
resources, and integrate monitoring and alerting into CI/CD pipelines. For big data systems, this
means the ability to dynamically adapt the architecture to changing load conditions.
These features of cloud environments form the context in which big data storage and processing
systems must be designed and optimized. Understanding these characteristics is critical
to building effective, reliable, and cost-effective solutions for real-time misinformation detection.
Improving the efficiency of big data storage and processing in cloud environments requires
a comprehensive approach that combines innovations in storage architecture, distributed
computing frameworks, data lifecycle management, and intelligent resource utilization.
A layered view of the proposed pipeline — from ingestion and streaming to storage and analysis —
provides a clear map of responsibilities and scaling boundaries (see Figure 1).

Fig. 1. Cloud architecture of a big data processing system for detecting disinformation

The data storage layer is the foundation of any big data system, and its design directly impacts
performance. Distributed file systems and cloud-based object storage solutions [1, 17] provide
horizontal scalability, allowing the system to expand seamlessly as data volumes grow. Efficiency
can be further improved by wusing columnar storage formats such as Parquet
or ORC [7, 8], which reduce the size of stored data and speed up analytical queries by reading only
the necessary columns. A practical comparison of Parquet and Avro further illustrates their
respective advantages in analytics and serialization. For a broader assessment of file formats,
including ORC, Iceberg, and others, refer to the strategic overview of big data formats.
Data compression techniques, including lossless algorithms such as Snappy or Zstandard, reduce
storage costs and reduce 1/O overhead during processing, although the overall performance gain
depends on the decompression speed, as the data must be fully decompressed before it can be used.
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Implementing multi-tier storage strategies [6] allows different classes of data to be placed on
appropriate media — for example, storing hot data on high-performance SSDs for instant access
and moving archival data sets to cheaper, high-capacity storage. This ensures that performance-
critical tasks are not slowed down by storage delays and that the overall infrastructure remains
cost-effective.

Evaluating the effectiveness of data storage systems requires clear quantitative metrics that
allow you to compare different approaches and track performance improvements. For big data
tasks in cloud environments, the following metrics are key.

Compression Ratio. This is the ratio of the size of the source data to the size of the compressed
data. It is defined as:

CR =(RO/RP)100%,
where RO is the original size and RP is the size after compression.

A higher compression ratio means greater storage space savings. For example, if a 1000 MB
JSON file takes up 150 MB after conversion to Parquet with Snappy compression,
the compression ratio is 85 %. In the context of disinformation detection, where millions of text
documents and social media metadata are processed, a high compression ratio directly translates
into a reduction in storage costs and network bandwidth.

Read speed. Measured in megabytes or gigabytes per second (MB/s, GB/s), it shows how fast
the system can read data from storage. For analytical queries, not only sequential read speed is
critical, but also the ability to perform selective queries on individual columns without reading the
entire file. Columnar formats such as Parquet and ORC demonstrate 3-5 times faster read speeds
compared to row formats for typical analytical queries.

Write speed. This is especially important for streaming systems that continuously receive new
data. It is measured in number of records per second or volume of data per second.
For disinformation detection systems that can process tens of thousands of social media posts per
second, optimizing write speed is critical to avoid data loss or queue accumulation. Access latency.
The time between a data request and the first byte of the response.

Measured in milliseconds. For interactive dashboards and real-time systems, low
latency (< 100 ms) is critical. Cloud storage tiers have different latencies: hot storage provides
millisecond latency, while cold storage can have latency in seconds or even minutes.

Cost per terabyte of storage. An economic metric that reflects the cost of storing one terabyte
of data for a month. In cloud environments, this cost ranges from $0.01-0.02/GB/month for hot
storage to $0.001/GB/month for archive storage. Effective use of multi-tier storage can reduce the
average cost by 60-80 %. IOPS. The number of input/output operations per second that a storage
system can handle. This is especially important for workloads with many small random requests.
SSD drives provide 10,000-100,000 10PS, while HDDs are limited to 100-200 IOPS.

Space utilization efficiency. Takes into account not only compression, but also overhead costs
for metadata, indexes, and replication. Defined as:

SE = V—k x100%,
Vz

where SEis storage efficiency, %,V, is the amount of useful data, and Vz is the total
storage capacity.
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Systems with deduplication and intelligent compression can achieve 70-90 % efficiency,
while unoptimized systems may only achieve 40-50 % efficiency.

Time to first result. A metric that is particularly important for interactive analytics, measuring
the time from the start of a query to the first row of results. Columnar formats with predicate
pushdown allow you to get the first results in tens of milliseconds, even on petabyte-scale data
sets. Read amplification ratio. The ratio of the amount of data actually read from storage to the
amount of data requested by the application. The ideal value is 1.0. Columnar formats with
selective column reads achieve ratios of 1.1-1.5, while row formats can have ratios of 5-10 for
typical analytical queries.

Throughput scalability. How throughput changes when additional nodes or resources are
added. Ideal linear scalability means that doubling resources doubles throughput. Distributed cloud
storage systems typically achieve scalability of 0.8-0.95 of linear. Empirically, the choice of
storage format matters: as shown in this comparative summary (see Fig. 2), columnar formats
(Parquet/ORC) [8, 9] significantly reduce file size and read time compared to string JSON, with
ORC demonstrating a slightly higher compression rate (= 87 %) and Parquet a slightly lower
one (= 85 %), while both formats read significantly faster than Avro and JSON.

File Size (GB) Read Time (sec) Compression (%)
e [N ] ]
Avro 3.8 18 65 %
o I
0 5 10 20 50 %% 50% 100%

Data Format Efficicncy Analysis

- Columnar formats (Parquet, ORC) demonstrate superior compression efficiency

- ORC shows 2% better compression than Parguet (87% vs B5%)

- Read performance: ORC (115) > Parquet ( 125) = Avro (183) = JSON (4535)

- Storage reduction: up to 73% compared to traditional JSON format

- Recommendation: ORC for analytical workloads, Parquet for cross-platform compatibility

- Cost savings: 60-T0% reduction in ¢loud storage expenses

- Query acceleration: 3. 7x faster analytical queries with columnar formats

Fig. 2. Comparative analysis of data storage formats by file size, reading speed,
and compression ratio

In addition to storage formats, logical data organization plays an important role. Structuring
datasets using optimized partitioning schemes minimizes the amount of data scanned during
queries, and maintaining metadata catalogs speeds up search and retrieval. For streaming
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workloads, write-optimized formats such as Apache Hudi or Delta Lake enable incremental data
updates without reprocessing entire datasets.

These technologies also add features such as Time Travel, which allows analytical systems to
query historical snapshots without storing redundant copies of data [9]. In this target application —
real-time misinformation detection [11-13] — this feature supports reproducibility, auditability,
and rapid reversal of model inputs and decisions when necessary (see Figure 1
for the end-to-end placement of these components).

For a practical application of these metrics in misinformation detection systems, let's consider
a specific example. The system processes 10 TB of social media text data per day. When using
uncompressed JSON (baseline scenario), the system requires 10 TB of storage per day, with a read
speed of 500 MB/s and a cost of $200/month ($0.02/GB/month). When switching to Parquet with
Snappy compression, the compression ratio reaches 85 %, reducing the volume to 1.5 TB/day,
the read speed increases to 2000 MB/s thanks to columnar access, and the cost drops to $30/month
— a 6.7-fold savings. Additionally, the use of multi-tier storage (hot data for the last 7 days,
warm data for the last 30 days, cold data for older data) reduces the average cost by another 40 %
to $18/month.

Monitoring these metrics in real time allows you to identify performance issues before they
affect end users. For example, an increase in access latency may indicate the need to optimize
indexes or move data to a faster storage tier. A decrease in write speed may signal network
saturation or the need to scale the cluster. In addition to storage formats, logical data organization
plays an important role. Structuring datasets with optimized partitioning schemes minimizes the
amount of data scanned during queries, and maintaining metadata catalogs speeds up search and
retrieval. For streaming workloads, write-optimized formats such as Apache Hudi or Delta Lake
enable incremental data updates without reprocessing entire datasets.

These technologies also add features such as Time Travel, which allows analytics systems to
query historical snapshots without storing redundant copies of data [6]. In this target
application — real-time disinformation detection [13-15] — this feature supports reproducibility,
auditability, and rapid reversal of model inputs and decisions when necessary (see Figure 1
for the end-to-end placement of these components).

Real-time data processing imposes specific requirements and constraints that are
fundamentally different from batch processing. Understanding these characteristics is critical to
building effective disinformation detection systems, where the delay between detection and
response can determine the effectiveness of countering false narratives.

Continuity of data flow. Unlike batch processing, where data has clear beginning and end
points, streaming systems work with endless streams of events. This requires architectural
solutions capable of supporting long-term operation without restarts, processing data element by
element or in small micro-packets, maintaining state between events for complex analytics, and
scaling dynamically under variable loads.

Delay constraints. Real-time systems must process events with minimal latency,
typically ranging from milliseconds to seconds. To detect disinformation, typical
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requirements include: initial content classification — less than 100 ms, detection of coordinated
campaigns — 1-5 seconds, comprehensive analysis of the distribution network — 10-30 seconds.
These strict constraints require optimization at all levels of the architecture: from network
interaction to processing algorithms. Semantics of event processing. A critical issue in streaming
systems is the guarantee of processing every event.

There are three main approaches: "at-most-once” (maximum once) — the fastest, but may lose
events during failures; "at-least-once” (at least once) — guarantees processing, but may result in
duplicates; "exactly-once"” (exactly once) — the most reliable, but the most difficult
to implement. To detect misinformation, the "exactly-once" semantics are critical for accurately
calculating dissemination metrics and avoiding false alarms. Stream data has two timestamps:
event time — when the event actually occurred, and processing time — when the system received
the event. The discrepancy between them can be hours for social media data from mobile devices
with unstable connections.

Effective systems use watermarks to determine when to complete processing of a time
window, process late events, and adjust results when late data arrives. Many analytical tasks
require the aggregation of events into time windows. The main types of windows include: fixed
windows — continuous periods of fixed length (e.g., 5-minute intervals), sliding windows —
overlapping windows for detecting trends, session windows — adaptive windows based on periods
of activity. To detect disinformation, sliding windows allow tracking viral spread, while session
windows identify episodes of coordinated activity.

Complex streaming analytics requires state preservation between events: counters and
aggregates (number of narrative mentions, average propagation time), historical data cache (user
profiles, known sources of disinformation), machine learning models (for real-time classification).
The state must be distributed, fault-tolerant, and quickly accessible.

Modern frameworks (Flink, Spark Streaming) use distributed state stores with incremental
checkpoints. When the rate of data arrival exceeds the rate of processing, the system needs
a backpressure mechanism to slow down sources or buffer data. Strategies include: dynamic
scaling of computing resources, buffering in message queues (Kafka, Kinesis), and dropping
low-priority events during critical loads. To detect misinformation, it is important to prioritize the
processing of potentially dangerous content.

Fault tolerance and recovery. Real-time systems must continue to operate even when
individual components fail. This is achieved through: checkpointing of state with the ability
to recover, replication of critical components, automatic restart of failed tasks, and saving events
in long-term queues for reprocessing.

For critical systems, the recovery time objective (RTO) should be less than 30 seconds.
Integration of batch and stream processing. A comprehensive disinformation detection system
requires both approaches: streaming processing for instant detection and alerts, and batch
processing for in-depth analysis, model training, and historical research. Lambda and Kappa
architectures offer different approaches to combining these paradigms.

Monitoring and diagnostics. The complexity of streaming systems requires detailed
monitoring: end-to-end latency for events from source to result, throughput (events/second) at each
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processing stage, resource usage (CPU, memory, network), state size and checkpoint frequency,
error and retry frequency. Real-time visualization of these metrics allows you to quickly identify
and resolve issues.

Performance optimization. To achieve low latency, the following techniques are used:
minimization of data serialization/deserialization, locality of processing related operations,
caching frequently used data in memory, pre-computing complex features, and using
asynchronous processing for I/O operations. Scaling streaming systems. Horizontal scaling is
achieved through key-based partitioning of data streams (e.g., user ID hash), distribution
of processing among a set of parallel workers, and dynamic rebalancing of partitions when
adding/removing workers. For effective scaling, it is critical to avoid "hot" partitions with
disproportionately high loads.

Streaming systems are difficult to test due to their asynchronous nature and time dependency.
Approaches include: deterministic replay of event streams for testing, chaos engineering to verify
fault tolerance, A/B testing of new algorithms on a portion of traffic, and using synthetic data for
load testing.

In the context of detecting disinformation, these real-time characteristics manifest themselves
in specific architectural solutions. For example, a system may use Kafka to buffer incoming social
media messages, Flink for streaming classification with in-memory NLP models, 5-minute time
windows for detecting coordinated campaigns, user and source status for contextual trust
assessment, and an alert system with less than 1 second delay for critical threats.

Processing efficiency primarily depends on the implementation of distributed computing
frameworks that can run in cloud environments.

Apache Spark [18], with its in-memory execution model, significantly reduces latency
for iterative tasks such as training and applying machine learning models. It supports
both batch and streaming data pipelines, allowing for the combination of historical
and real-time data processing [17].

Apache Flink stands out with its continuous, event-driven, low-latency processing, making it
very suitable for applications that require immediate response to data changes [17].

Hadoop MapReduce, although less popular for new deployments, remains a reliable choice
for large-scale batch processing, especially when cost optimization is more important than real-
time performance. Integrating these platforms with message brokers (such as Kafka) provides
resilient data streams capable of handling spikes.

The comparative throughput metrics of these approaches are summarized in Figure 3:
the proposed multi-tier architecture provides higher stable throughput at equivalent resource
budgets, outperforming the best baseline by approximately 34%, which we believe explained
by (i) reduced 1/O through columnar formats and predicate pushdown, (ii) minimized network
shuffles through partition-aware operators, and (iii) selective in-memory caching of popular
functions and model artifacts.

Optimizing the data input and transformation process is another important factor in improving
efficiency. Preprocessing data at the edge, closer to its source, reduces the amount of information
that needs to be transferred and stored.
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This can include basic filtering, deduplication, compression, and data enrichment before it
reaches the main processing cluster. Within the cluster, minimizing data movement between
nodes, reusing intermediate computation results, and applying predicate pushdown techniques
help reduce latency and resource consumption.

Data Processing System Throughput
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Traditional RDBMS  Hadoop MapReduc¥raditional RDBMS Apache Spark Architecture

Fig. 3. Efficiency of different data storage formats

Caching frequently used datasets or machine learning model artifacts in memory speeds up
repeat queries, especially in scenarios where analytical models must be continuously applied
to incoming data streams (the layered placement of these optimizations is shown in Figure 1).

Managing the data lifecycle in the cloud ensures optimal use of storage and processing
resources over time. Implementing policies for automatic expiration, archiving, and data
compression prevents systems from becoming overloaded with stale or redundant data.
In addition, monitoring tools that track storage usage, processing throughput, and task execution
times provide the basis for fine-tuning system parameters and proactively eliminating bottlenecks
before they impact performance.

Security and reliability also play an indirect but important role in efficiency. Data encryption
during storage and transmission should be implemented without excessive processing overhead.
Fault tolerance mechanisms such as replication and monitoring prevent costly re-computations
after failures, ensuring system stability during heavy loads. In the context of cloud deployments,
geographic redundancy and disaster recovery strategies can be optimized to balance cost and fault
tolerance, ensuring the continuation of critical workloads even under adverse conditions.
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An example of the application of these principles can be seen in a cloud-based system
for real-time detection of misinformation. In such a system, high-performance data collection
services capture text and multimedia content from multiple social media APIs, storing the input
data in partitioned, compressed columnar formats in a distributed object store.

Stream processing mechanisms apply natural language processing models to classify
content as legitimate or manipulative in near real time. At the same time, historical batch analysis
identifies long-term trends and patterns in disinformation campaigns. Efficiency is achieved by
caching intermediate natural language processing results, compressing
less frequently accessed data into archive tiers, and dynamically scaling computing resources
to handle peak data volumes. This architecture not only maintains high accuracy and throughput,
but also provides cost efficiency by allocating resources according to real-time demand
(the complete layered structure is shown in Fig. 1; performance results are summarized in Fig. 3;
storage format effects are detailed in Fig. 3).

While misinformation detection is a compelling example, the same efficiency-enhancing
techniques can be applied across a wide range of domains, from predictive maintenance in
industrial systems to fraud detection in finance. By combining optimized storage solutions,
high-performance distributed processing, intelligent data lifecycle management, and resource-
aware scale-, cloud platforms can meet the growing demands of big data applications without
sacrificing performance or incurring excessive costs.

Conclusions

Improvements in the efficiency of storing and processing big data in cloud platforms are the
result of the combined influence of factors such as data placement based on storage requirements,
columnar formats with pushdown and compression, and distributed computing with streaming
priority,  supported by adaptive capacity = management based on  usage.
These experiments show that structuring pipelines according to a multi-level scheme
of collection, streaming processing, distributed storage, and analysis allows each optimization
to be focused where it has the greatest effect, which in turn improves throughput for real-time
workloads such as misinformation detection (see Fig. 1).

In this architecture, the choice of file format significantly affects both cost and speed.
A comparative analysis shows that columnar formats (Parquet, ORC) reduce data volume and
reading time compared to row-based alternatives, enabling faster analytical scanning and
less 1/0 per analysis (see Fig. 2).

These observations are consistent with independent empirical findings that analyze Parquet
and ORC under modern workloads and hardware, highlighting their efficiency in space utilization,
predicate transfer, and selective access. The processing results also indicate that moving low-
latency stream engines to the center of the pipeline changes the performance boundaries:
continuous state operators keep data "hot" in memory and minimize costly reshuffling, delivering
higher sustained throughput on social media-typical streams with sharp spikes in input. In the
demonstrated tests, the proposed multi-level design outperformed the best baseline by
approximately 34 % in terms of records per second with comparable resource budgets (see Fig. 2).
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These advantages are consistent with the capabilities reported for modern stream processors
and stream frameworks [10] — exactly-once state processing, event-time semantics, and
millisecond-scale paths combined with efficient sources and sinks. Three directions stand out for
the future. First, deepening format-aware operators, such as wider use of column statistics, Bloom
filters, and dictionary encoding to further reduce scan volume in multi-tenant clouds, building on
empirical recommendations now available for internal Parquet and ORC components. Second,
expanding streaming execution modes that minimize end-to-end latency for stateful connections
and windowed aggregations while preserving exactly-once guarantees; new "continuous” paths in
core frameworks point to practical routes for millisecond-scale analytics. Third, integrate cost-
adaptive storage tiers and serverless queries as first-class planning constraints so that planner
decisions explicitly weigh time to information and cost per TiB, made increasingly feasible by
automatic tiering and pay-per-scan services.

Together, these steps will fortify cloud data platforms for the next wave of data
growth while maintaining the flexibility needed for critical use cases such as
real-time misinformation detection [11, 12, 16].
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METO/M 3EEPITAHHSI 1 OBPOBJIEHHSI BEJTUKUX JJAHUX
YV 3ABJIAHHAX BUSIBJAEHHSA JE3IH®OPMAIIIL

IIpeameTom nocainskeHHsI € METOH Ta IHCTPYMEHTH, IO CHPUSIOTH BUCOKOIPOAYKTHBHOMY, MacIITaOOBaHOMY I
HaJiHOMY aHajli3y JaHMX y XMapHHX CEpeJIOBHINAX ISl BHUSBIEHHA JAe3iHpopMalii B pekKUMi peaJbHOTO Yacy.
Meta ctaTTi— JOCHIANTH W OLIHWTH METOAM MiABUINEHHS €(EeKTUBHOCTI 30epiraHHs Ta OOpOOJEHHS BEIMKHX
00CSTiB TEKCTOBOI, MyJIbTUMENiHOT iH(pOpMalii i JaHWX COLaJbHUX MEpPEeX y XMapHUX iH]pacTpyKTypax i3
3aCTOCYBaHHSIM BUSBIICHHs Je3iHdopMaiii B peXuMi peanbHOro 4Yacy. 3aBAaHHS: OLIHHTH apXiTEKTypH
PO3MOALICHOro 30epiraHHs Ta CTOBMYACTI (popMaTH maHWX i ePEeKTHBHOI iX OpraHizailii; BU3HAYUTH CTpaTeril
CTHCHEHHS Ta MeXaHI3MH KEUIyBaHHS ISl 3MECHIICHHS HAKJIaJHUX BUTPAT BBEICHHS-BHUBEICHHS; MPOAHANI3yBaTH
MaciitaboBaHi (ppeiiMBOpKM OOpOOJICHHS IS IMOTOKOBMX 1 IAKETHHX pPOOOYHMX HABAHTAKCHb, BHMIPATH
MPOAYKTUBHICTH CHCTEMH, MACIITa00OBAHICTh 1 EKOHOMIUHY e()eKTHBHICTh y CIICHApisIX BUSABJICHHS Ne3iHpopmarii B
pexumi peanbHOTO yacy. MeToau: TOPIBHSAUIBHUE aHami3 ¢opmarie 306epiranns (Parquet, ORC, Avro, JSON),
anropuTMiB ctrcHeHHs (Shappy, Zstandard) ta posmoainenux ¢peitmBopkiB oopobienns (Apache Spark, Apache
Flink); oriHoBaHHS MNPOAYKTHBHOCTI Tependavyac BHMIPIOBAHHS MPOMYCKHOI 3JaTHOCTI, aHalli3 3aTpUMOK i
OIIiIHIOBaHHS BUTPAT 3 BUKOPHCTAaHHAM XMapHOI iHPPACTPYKTypu 3 OaraTopiBHEBUM 30epiraHHAM i KOHBEEpaMH
MOTOKOBHX JaHuX. JlocArnyTi pe3yabTaTu. OLIHEHO BIUIMB apXiTEKTYp PO3MOALIEHOr0 30epiraHHs, CTOBITYACTHX
(opmarTiB 1aHMX, CTpaTerii CTUCHEHHs, MEXaHI3MIB KellyBaHHS il MacmTaboBaHux (hpeMBOpKIB 00poOIeHHS Ha
MPOJYKTUBHICTh, MAaCIITA0OBaHICTh 1 EKOHOMIUHY e(eKTUBHICTh cucTeMH. Li mixoau npoieMOHCTPYBaIN CYyTTEBE
MOKpALICHHS MPOIYCKHOT 3/1aTHOCTI Ta HAJIMHOCTI B CIEHApisSX BEIMKOMACIITAOHOTO MOTOKOBOTO W MAaKETHOTO
00po0IIeHHSI, OCOOJIMBO i Yac BHUSBICHHS Je3iH(OpMAIlil B peXUMI peallbHOro yacy. Pe3ynbraTel AoBeNHd, IO
CHCTeMa MOJKe IIBHU/KO aIaNTyBaTUCA JIO MiKiB HABaHTa)KeHHsI JaHUX, HIATPUMYBaTH BUCOKY TOUHICTb BUSBJICHHS Ta
3HW)KYBATH eKCIUTyartaliiti Butpatu. BucHoBku. [TinBuieHHs: eeKTUBHOCTI 30epiraHHs Ta 0OPOOJICHHS BETUKHX
JMAHUX Yy XMapHHUX IUaTgopMax BUIUIMBAE 3 IHTETpamii CTOBMYACTHX (POpMaTiB 31 CTUCHEHHSIM i MOMIIUBOCTSIMHU
pushdown y moenHaHHi 3 OpiEHTOBAHMMH Ha MMOTOKH PO3MOJUICHHMH oOuucienusmu. [llapoBa apxiTekTypa, 110
OXOIUTIOE TIPUHOM TaHUX, TOTOKOBE 00POOIICHHS, PO3IIO IiIeHe 30epiraHHs i aHAITHKY, 3MEHIITy€ BUTPATH BBEICHHS-
BUBEJICHHS Ta 3017blIy€e HACKpPI3HY INPOIYCKHY 3AaTHICTh /I CLEHapiiB peanpHoro vacy. OmiHKa IEMOHCTPYE
MOKPAIIECHHS MPOITYCKHOI 3/[aTHOCTI NPUOIN3HO Ha OJHY TPETHHY HOPIBHSHO 3 0a30BUMH CHCTEMaMH, L0 POOHUTH
miaxig 1o0pe IpUAaTHUM U pOOOYHNX HABAHTAKEHB, UYTIIMBUX JI0 3aTPUMKH, TAKUX SK BUSABJICHHS Je3iH(GOpMAIlii.
Onrtumizaris 3 orysiry Ha opMaT, IOTOKOBA Iepeiadya 3 HU3bKOIO 3aTPUMKOIO Ta aJIalITUBHE YIPABIIHHS EMHICTIO €
OCHOBHUMH PYIIISIMU MPOJAYKTUBHOCTI CYYaCHUX XMapHUX IIaT(hopM JaHHX.

KirouoBi ciioBa: Benuki maHi; XMapHi OOYHCIICHHS, PO3MOIICHI CHCTEMH; aHAN3 JaHUX; ONTHMI3allis
CXOBHIIIA; MAalIMHHE HABYaHH:; MacIITa00BaHICTh; Ae3iH(popMallis; (eHKoBI HOBUHH.
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