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Abstract— In the face of growing data complexity and 

volume, enhancing data processing performance is a 

critical challenge for modern information systems. This 

review investigates the dual approach of optimizing 

database queries and implementing multithreading to 

significantly boost the performance and scalability of 

data-driven applications. By examining foundational 

techniques, recent advancements in AI-driven query 

optimization, and multithreaded execution 

frameworks, the review highlights how hybrid models 

outperform traditional query processing paradigms. 

Furthermore, it discusses theoretical models, system 

architectures, experimental evaluations, and the 

integration of adaptive feedback mechanisms. The 

article concludes with a discussion on emerging 

research trends and suggests future directions to build 

faster, more intelligent data processing systems. This 

study aims to provide researchers and practitioners 

with a detailed understanding of the evolution, current 

state, and future potential of optimization and 

parallelism in database systems. 

 

Index Terms— Query Optimization, Multithreading, 

Data Processing Systems, Machine Learning, Database 

Performance, Adaptive Feedback, Parallel Execution, 

AI-driven Optimization, Cost Estimation, Data 

processing, Big Data. 

 

I. INTRODUCTION 

 

In the digital era, the exponential growth of data 

across domains has driven the evolution of data 

processing systems that must support high-speed, 

reliable, and scalable operations. From e-commerce 

and healthcare to banking and scientific research, 

efficient data handling is critical to ensuring system 

responsiveness, accuracy, and user satisfaction. 

Central to this capability is the performance of 

database management systems (DBMS), which serve 

as the backbone of modern information systems by 

storing, retrieving, and managing massive volumes of 

structured and unstructured data. 

 

Despite advances in hardware and software, modern 

applications often encounter performance 

bottlenecks due to suboptimal database queries and 

inefficient use of processing resources. As data 

becomes more voluminous and complex, the need for 

effective query optimization strategies and the 

utilization of parallel computing paradigms, such as 

multithreading, becomes increasingly essential. 

Query optimization refers to the process of 

transforming a given database query into the most 

efficient form in terms of time and resource 

consumption, without altering the final output [1]. 

Concurrently, multithreading allows a system to 

execute multiple threads of execution in parallel, 

thereby improving throughput and reducing latency 

in data processing tasks [2]. 

 

The significance of this topic in today’s technological 

and research landscape cannot be overstated. As 

cloud computing, real-time analytics, and Internet of 

Things (IoT) applications become more widespread, 

the ability to process and analyze data in real time 

becomes a critical requirement. In the context of 

artificial intelligence (AI) and machine learning 

(ML), where vast amounts of data must be 

preprocessed and fed into models, the efficiency of 

data handling pipelines can significantly influence 

outcomes. Thus, optimizing database queries and 

leveraging multithreading not only improves system 

performance but also enhances the capabilities of AI-

driven systems across domains such as renewable 

energy optimization, healthcare diagnostics, and 

smart city planning [3]. 

 

However, several challenges persist in the current 

research and development landscape. First, many 

organizations still rely on legacy database systems 

that are not fully optimized for modern multithreaded 

environments. Second, designing effective query 

optimization algorithms that are both generalizable 

and adaptable to real-world workloads remains a 

difficult task. Furthermore, multithreading introduces 

its own complexities, such as thread synchronization, 

data consistency, and potential race conditions, 

which must be addressed to ensure system reliability 

[4]. Additionally, there is a gap in the integration of 
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AI-based methods for dynamic and adaptive 

optimization of database systems, an area that holds 

promise but remains underexplored. 

Given these challenges and opportunities, this review 

aims to provide a comprehensive analysis of existing 

strategies and advancements in database query 

optimization and multithreaded data processing. It 

will explore classical approaches alongside recent 

innovations, including AI-driven methods for query 

tuning, cost estimation, and parallel execution 

planning. Moreover, the review will examine 

practical implementations and case studies where 

these techniques have led to measurable performance 

improvements in various sectors. 

 

Through this synthesis, readers will gain insights into 

the state-of-the-art techniques, the limitations of 

current methodologies, and future directions for 

research and development. The objective is to bridge 

the gap between theoretical advancements and 

practical applications, thereby contributing to the 

ongoing efforts to build faster, smarter, and more 

efficient data processing systems. 

Table 1: Summary of Key Research in Query 

Optimization and Multithreaded Data Processing 

Yea

r 

Title Focus Findings  

200

4 

Access Path 

Selection in 

Main-

Memory 

Optimized 

Data Stores 

Cost-based 

query 

optimization 

for main-

memory 

systems 

Demonstrated 

that 

traditional 

disk-oriented 

cost models 

are 

ineffective for 

memory-

optimized 

DBMS; 

proposed new 

heuristics for 

main-memory 

scenarios [5]. 

200

8 

MapReduce: 

Simplified 

Data 

Processing on 

Large 

Clusters 

Parallel data 

processing 

using the 

MapReduce 

framework 

Introduced a 

scalable, 

fault-tolerant 

model for 

processing 

vast datasets 

using 

multithreaded 

cluster nodes 

[6]. 

201

0 

Star Schema 

Benchmark 

and 

Optimization 

Strategies 

Optimizing 

complex 

queries on 

data 

warehouse 

systems 

Showed that 

query rewrite 

techniques 

can 

significantly 

reduce 

runtime in 

OLAP 

environments 

[7]. 

201

1 

Cascades 

Framework 

for Query 

Optimization 

Rule-based 

optimization 

and plan 

enumeration 

Proposed a 

modular, 

extensible 

optimization 

framework 

adaptable to 

multithreaded 

environments 

[8]. 

201

3 

Massively 

Parallel 

Query 

Optimization 

on Multicore 

Architectures 

Multithreade

d parallelism 

in query 

planning 

Proved that 

fine-grained 

multithreadin

g in query 

planning 

reduces total 

optimization 

time by over 

40% [9]. 

201

5 

Adaptive 

Query 

Processing in 

Data Streams 

Real-time 

adaptive 

optimization 

in streaming 

data 

Proposed 

dynamic re-

optimization 

techniques 

triggered by 

runtime 

feedback, 

improving 

throughput by 

30–60% [10]. 

201

7 

Learning to 

Optimize Join 

Queries with 

Deep 

Reinforcemen

t Learning 

AI-based 

query plan 

generation 

Applied deep 

reinforcement 

learning to 

join ordering, 

achieving 

2.5× 

performance 

gains over 

traditional 

optimizers 

[11]. 

201

8 

An Empirical 

Study of 

Automation 

Cloud based 

database.  

Cloud 

database-

driven testing 
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in Cloud 

Databases.  

techniques 

reviewed for 

scalability 

and 

optimization 

[12]. . 

202

0 

Multithreaded 

Execution of 

Recursive 

Queries in 

Graph 

Databases 

Enhancing 

recursive 

queries via 

parallelizatio

n 

Presented a 

multithreaded 

execution 

engine 

improving 

recursive 

query speed 

by 3× on 

average [13]. 

202

3 

NeuroCard: 

One 

Cardinality 

Estimator for 

All Tables 

 

Neural 

network-

based 

cardinality 

estimation 

for query 

optimization 

Introduced a 

unified ML 

model for 

accurate 

cardinality 

estimation, 

reducing 

query 

planning 

errors 

significantly 

[14]. 

This table provides a chronological perspective on 

major innovations, from classical cost-based models 

to modern AI-driven methods. Early work focused on 

adapting optimizers to memory-based environments 

[5], while subsequent research introduced 

frameworks for scalable parallel data processing 

[6][9]. More recent studies employ deep learning to 

learn optimal query paths dynamically [11], and self-

tuning approaches for system-wide configuration 

[12]. 

 

Proposed Theoretical Model and System 

Architecture 

In developing an efficient data processing service that 

leverages both optimized database queries and 

multithreading, it is essential to define a layered 

theoretical model supported by architectural 

diagrams. The model must address the major 

components responsible for executing queries, 

managing threads, and adapting to dynamic 

workloads. 

This section outlines a conceptual framework built on 

three primary principles: 

1. Intelligent Query Optimization 

2. Multithreaded Execution Engine 

3. Adaptive Feedback Loop 

Each component interacts through defined interfaces 

and is optimized for scalability, concurrency control, 

and responsiveness in a distributed environment. 

1. Block Diagram: System Architecture Overview 

Below is a high-level block diagram of the proposed 

system. Each layer encapsulates core functionality 

and interfaces with adjacent layers through well-

defined communication protocols. 

Figure 1: Block Diagram of the Proposed Data 

Processing Model 

 
Description of Components: 

● Client Interface/API Layer: Accepts high-level 

queries from end-users or applications. 

● Query Parser and Optimizer: Converts SQL 

queries into abstract syntax trees (ASTs) and 

determines the most cost-effective execution 

plan. Can incorporate ML-based cost estimators 

[15]. 

● Multithreaded Execution Engine: Allocates sub-

tasks to CPU threads based on a morsel-driven 

approach, minimizing contention and 

maximizing CPU core utilization [16]. 

● Storage Manager: Interfaces with the underlying 

DBMS for data retrieval. 

● Feedback Controller: Continuously monitors 

query performance and updates the optimizer 

with runtime statistics for adaptive tuning. 

 

2. Theoretical Model: Hybrid Query Optimization 

with Multithreading 

We propose a hybrid architecture that integrates cost-

based query optimization with adaptive, parallel 

execution. The theoretical underpinnings can be 

described using the following layered design: 

A. Query Optimization Layer 

The optimizer calculates the cost function C(q) for 

each potential execution plan q: 

C(q)=∑i=1nTi⋅RiC(q) = \sum_{i=1}^{n} T_i \cdot 

R_i 

Where: 
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● TiT_i = estimated execution time of operation i 

 

● RiR_i = resource cost (I/O, memory) for 

operation i 

 

● n = number of operations in the plan 

 

Machine learning models such as deep reinforcement 

learning can predict C(q)C(q) more accurately by 

learning from prior executions [17]. 

 

B. Multithreaded Execution Layer 

Queries are split into smaller units (morsels), each 

processed by a separate thread: 

● Shared-memory systems: Thread pools handle 

concurrent morsels. 

 

● NUMA-aware scheduling is employed to avoid 

memory bottlenecks. 

 

The theoretical execution time for a query QQ on p 

cores is: 

T(Q)=max⁡j∈[1,p](∑m∈Mjtm)T(Q) = \max_{j \in 

[1, p]} \left( \sum_{m \in M_j} t_m \right) 

 

Where: 

● MjM_j = morsels assigned to thread jj 

 

● tmt_m = execution time of morsel mm 

 

This allows for better parallel load balancing and 

reduced query completion time [18]. 

 

C. Adaptive Feedback Control Layer 

This layer adjusts the query execution plan and thread 

scheduling dynamically by monitoring key metrics 

such as: 

● Actual vs estimated cost 

 

● Thread idle times 

 

● I/O bottlenecks 

 

It updates the cost model parameters using feedback 

FF, improving subsequent optimization runs: 

 

C′(q)=C(q)+α⋅FC'(q) = C(q) + \alpha \cdot F 

 

Where α\alpha is the learning rate for adjusting cost 

estimates [19]. 

Conceptual Flow Diagram: Execution Pipeline 

 

Figure 2: Conceptual Execution Flow 

 
This dynamic feedback-driven execution ensures that 

the system improves with continued use and adapts 

to different query workloads and hardware 

environments. 

Advantages of the Proposed Model 

● Performance Gains: Fine-grained multithreading 

can reduce query execution time by up to 3× in 

analytical workloads [16]. 

● Adaptivity: The model learns from historical 

data and adapts query plans for future runs, 

improving efficiency over time [17]. 

● Scalability: Thread-level parallelism and 

NUMA-aware resource management allow for 

effective scaling in multicore architectures [18]. 

 

II. EXPERIMENTAL RESULTS 

 

This section presents experimental findings 

comparing different techniques of database query 

optimization and multithreaded processing. The 

experiments are synthesized from peer-reviewed 

literature and benchmark data such as TPC-H, Star 

Schema Benchmark (SSB), and real-world testbeds 

used in contemporary studies. 

1. Experimental Setup 

The evaluation framework used across various 

referenced studies generally includes: 

● Dataset: TPC-H Benchmark (Scale Factor: 

10/100 GB) and real-world logs (Amazon AWS 

Cloud DB). 

● Query Workload: A mix of analytical and 

transactional queries. 

● Systems Compared: 

○ Traditional Cost-Based Optimizer (CBO) 

○ Learned Optimizer (RL/DNN) 

○ Single-threaded execution 
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○ Multithreaded morsel-based execution 

● Hardware: 

○ 16-core Intel Xeon E5-2670 

○ 128 GB RAM 

○ PostgreSQL 13.0 and customized 

multithreaded engine 

2. Performance Comparison: Query Optimization 

Approaches 

Table 2: Average Query Execution Time (in ms) 

Across Optimizers 

Query 

Type 

Traditi

onal 

CBO 

Learned 

Optimizer 

(RL) 

% 

Improvement 

Simple 

Selects 

35.8 28.5 20.4% 

Joins (2-

table) 

122.3 83.2 31.9% 

Joins 

(Multi-

table) 

244.1 153.7 37.0% 

Aggregate

s 

91.5 58.6 35.9% 

Complex 

(Nested) 

311.4 184.9 40.6% 

Results indicate that learned optimizers significantly 

reduce execution time across complex query types, 

especially nested and multi-table joins [20][21]. 

3. Multithreading vs. Single-threaded Execution 

Figure 1: Query Throughput (Queries/sec) — Single 

vs. Multithreaded Execution 

 

Query Type Single-

threaded 

Multithreaded 

Simple SELECT 10 QPS 33 QPS 

Aggregate 

Queries 

5 QPS 18 QPS 

Complex Joins 3 QPS 12 QPS 

Multithreaded execution provides a 3–4× throughput 

improvement over single-threaded counterparts 

[22][23]. 

4. Impact of Adaptive Feedback Optimization 

Table 3: Average Cost Prediction Error Reduction 

Over Iterations 

Iteration Initial 

Estimator 

Error (%) 

With 

Feedback 

Loop (%) 

1 26.5 26.5 

5 22.1 15.3 

10 21.8 9.6 

15 21.0 5.4 

Feedback loops reduced the average cost prediction 

error by over 70% after 15 iterations, leading to more 

accurate optimization and better resource utilization 

[24]. 

5. Memory and CPU Utilization Comparison 

Figure 2: CPU Utilization (%) Across Execution 

Models 

 
 

Model Average 

CPU 

Usage 

Peak CPU 

Usage 

 

Single-

threaded 

Engine 

38.7% 42.1% 

Multithre

aded 

Engine 

87.2% 98.3% 
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Multithreaded engines leverage system hardware far 

more efficiently, reducing CPU idle time and 

improving parallelism [25]. 

Discussion of Results 

The experimental results confirm the effectiveness of 

combining machine learning for query optimization 

with multithreaded execution to enhance 

performance in data processing systems. Key 

takeaways include: 

● Learned optimizers reduce query planning time 

and improve decision accuracy significantly in 

complex workloads [20][21]. 

● Multithreaded execution leads to up to 4× 

throughput and 2–3× reduction in latency [22]. 

● Adaptive feedback reduces estimation error over 

time, making systems more intelligent and 

robust to workload changes [24]. 

● Overall, the hybrid model leads to better 

resource utilization, with reduced wait times and 

improved response for end-users [25]. 

 

III. FUTURE DIRECTIONS 

 

Building upon current advancements, the following 

future research directions are proposed: 

1. AI-Augmented Self-Tuning Optimizers 

While initial strides have been made in using 

reinforcement learning and deep neural networks for 

query planning, there remains untapped potential in 

transformer-based architectures and transfer learning 

to enable cross-system generalization [30]. These 

models could be pre-trained on large sets of query 

plans and fine-tuned for specific environments. 

2. Multithreading in Distributed & Heterogeneous 

Environments 

With the rise of edge computing and distributed cloud 

services, future systems must optimize 

multithreading across heterogeneous clusters 

involving CPUs, GPUs, and TPUs. Strategies like 

NUMA-aware scheduling and hybrid parallelism 

could be enhanced with AI-based orchestration tools 

[31]. 

3. Integration with Serverless and Microservice 

Architectures 

Emerging architectures like serverless computing 

and containerized microservices present new 

challenges for query optimizers due to fluctuating 

execution contexts. Research must focus on 

designing context-aware optimizers that adapt in real 

time without depending on static statistics [32]. 

4. Explainability and Debuggability of Learned 

Optimizers 

A major concern with learned optimizers is their 

black-box nature. Future systems should incorporate 

explainable AI (XAI) mechanisms to allow database 

administrators to understand and trust optimizer 

decisions, especially in regulated sectors like finance 

and healthcare [33]. 

5. Benchmarking and Standardization 

There is a need for standardized benchmarks for 

hybrid systems that combine AI-based optimization 

with parallel execution. Current benchmarks like 

TPC-H and SSB do not account for adaptive or 

learned behavior. New benchmarking tools that 

measure adaptivity, learning convergence, and 

energy efficiency are essential [34]. 

 

IV. CONCLUSION 

 

The integration of query optimization techniques 

with multithreaded execution paradigms presents a 

promising solution to address the growing demand 

for efficient data processing in modern applications. 

From traditional cost-based models to AI-driven 

optimization engines, advancements have enabled 

systems to execute increasingly complex workloads 

with reduced latency and improved throughput. As 

demonstrated in experimental results, multithreading 

enhances CPU utilization and query throughput by up 

to 4× compared to single-threaded models [26]. 

 

Moreover, the incorporation of adaptive feedback 

loops significantly refines cost estimations over time, 

making systems self-learning and more resilient to 

changing workloads [27]. Studies such as those by 

Marcus et al. (2019) and Sun & Guo (2020) validate 

the advantages of combining learned query planners 

with morsel-driven parallelism to yield superior 

performance across multiple dimensions [28][29]. 

 

Nonetheless, several challenges remain, including 

optimizing for heterogeneous hardware 

environments, handling concurrency control at scale, 

and ensuring transaction integrity in multithreaded 

systems. While current models have achieved notable 

success, they often require sophisticated tuning and 

lack generalizability across diverse datasets and 

platforms. 

In conclusion, query optimization and multithreading 

form a synergistic foundation for next-generation 

data systems. Their union is pivotal in supporting 

real-time analytics, AI applications, and high-

throughput transactional environments. 
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