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Abstract

This paper investigates the practical applicability of Machine Learning (ML) techniques
for buffer pool optimization in Database Management Systems (DBMSs), a critical com-
ponent traditionally tuned manually in mission-critical environments. While prior work
proposes ML-based approaches, most evaluations are limited to simulated settings, leav-
ing their feasibility in production systems—particularly on mainframes—Ilargely unex-
plored. To address this gap, we present an empirical, production-level validation of an
automated, data-driven optimization methodology applied to a relational DBMS running
on a mainframe. Our approach integrates Bayesian Optimization based on Gaussian Pro-
cess Regression (BO-GPR) with a three-phase pipeline: Exploratory Factor Analysis with
clustering for metric reduction, LASSO regression for parameter selection, and BO-GPR
for fine-grained configuration tuning. We validate the methodology using real workloads
from a large-scale financial system, achieving substantial performance gains, including
up to a 95% reduction in maximum synchronous I/O wait time. These results provide
reproducible evidence that ML-based optimization is both effective and operationally
viable in mainframe-based DBMSs.

Keywords: Machine Learning, Database Management Systems, Buffer Pool Optimization, Real Work-
loads, EFA, LASSO, BO-GPR.
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1 Introduction

Database Management Systems (DBMSs) are responsible for storing, organizing, and managing data in
a structured way, enabling efficient query execution and data sharing [1,2]. As central components in
corporate environments, DBMSs must ensure data integrity and performance across varied workloads [3H5].
However, DBMS tuning remains a complex and NP-hard problem due to the large number of interdependent
configuration parameters, dynamic workloads, and platform heterogeneity [6L|7]. In practice, DBMS tuning
requires navigating a complex search space with hundreds of knobs whose effects on performance are often
non-linear and workload-dependent [8l9]. Traditional approaches rely heavily on DBA expertise, ad-hoc trial-
and-error tuning, or static guidelines, which are insufficient for modern dynamic data environments [10L11].
As corporate systems evolve to handle increasingly heterogeneous and time-sensitive workloads, there is
a growing need for automated, data-driven methods that can adapt configurations in near real-time and
provide consistent performance improvements across scenarios.

A growing body of research has investigated automated tuning strategies based on Machine Learning
(ML), demonstrating performance gains that often surpass manual configurations performed by experienced
DBAs [12H16]. Recent approaches |17H24] increasingly focus on modeling parameter interactions and adapt-
ing configurations to diverse workloads, spanning environments from cloud-native platforms to traditional
on-premises databases. Within this landscape, Buffer Pool (BP) tuning stands out as a particularly critical
task, as it directly influences I/O behavior by caching frequently accessed data pages in memory [17,25H27].
Despite its substantial impact on performance, BP tuning remains predominantly manual, demanding spe-
cialized expertise and considerable effort, which ultimately constrains responsiveness and scalability in dy-
namic operational settings.

To mitigate these limitations, this paper introduces a fully automated buffer pool tuning pipeline for
relational DBMSs on mainframes, focusing on IBM DB2 for z/OS [28]. The objective of this study is
not only to apply ML techniques in a practical scenario but also to empirically evaluate their operational
feasibility under real production constraints, characterizing the work as a scientific validation rather than a
mere technological application. The experimental environment used is representative of corporate mission-
critical scenarios, where small performance variations have direct impacts on operational costs and service
levels, reinforcing the scientific relevance of the results. As a proof of concept, the solution was applied
in collaboration with a major financial institution in Brazil, one of the largest in Latin America. The
institution operates a mainframe infrastructure comprising over 400 distinct mainframe systems, 11 high-
volume database silos, and more than 1,000 buffer pools dedicated to transaction processing. On average,
the system processes over 400 billion mainframe transactions per month, supporting critical banking services
at a national and international scale.

In this context, the proposed solution addresses a strategic institutional challenge: improving system
responsiveness and resource efficiency without increasing infrastructure costs or operational risks. By au-
tomating buffer pool tuning (a component traditionally modified manually and infrequently), the proposed
methodology enables continuous, data-driven performance optimization. This not only improves system
scalability and reduces wait times but also directly contributes to service reliability, regulatory compliance,
and operational cost reduction, which are critical concerns for financial institutions operating under high
transactional loads.

Unlike experimental or simulated environments, the DBMS mainframe context imposes strict constraints
on stability, predictability, and operational cost, making the empirical validation of ML techniques in this
mission-critical scenario scientifically relevant. This study is an empirical validation conducted in a real
production environment under actual loads and operational constraints, distinguishing it from approaches
based on simulation or synthetic datasets commonly found in the literature.

Accordingly, the primary contribution of this work is not the introduction of novel Machine Learning
techniques, but the delivery of robust, production-grade evidence that such techniques can be effectively
deployed and sustained in one of the most constrained and business-critical computing environments: a re-
lational DBMS operating on a mainframe platform. By demonstrating measurable performance gains under
real corporate workloads, this study directly addresses long-standing concerns regarding the practicality, re-
liability, and risk of ML-driven self-tuning in industrial settings. In this regard, the present work significantly
extends our earlier results presented at CLEI 2025 [29] by expanding the methodology to transaction-intensive
environments, while also consolidating and advancing our prior investigation of non-transactional workloads
reported in [30]. Collectively, these results establish a concrete bridge between academic self-tuning DBMS
research and its adoption in mission-critical enterprise systems.

More specifically, relative to the conference version [29] and the preliminary study [30], the present paper
introduces the following original contributions: (i) a substantially broader experimental scope, expanding
the number of evaluated buffer pools from a limited subset to 29 distinct groups covering heterogeneous
transactional workloads; (ii) a more rigorous statistical treatment, incorporating paired t-tests and effect size
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analysis (Cohen’s d) to validate the significance and practical magnitude of the observed improvements; (iii)
stronger empirical results, achieving performance gains of up to 95% in synchronous I/0 latency reduction,
compared to approximately 45% in the earlier versions; (iv) a detailed case study (BP8KS) that illustrates
the end-to-end application of the methodology in a single buffer pool, from diagnosis to sustained post-
optimization monitoring; and (v) a comprehensive discussion section that interprets the results, addresses
practical implications, and explicitly acknowledges limitations and threats to validity. It should also be noted
that, although the final cleaned dataset (109,749 records) is numerically smaller than the raw collection
reported in [30], this reduction results from a stricter data quality process, including consistency checks,
outlier removal, and temporal alignment, which was deliberately designed to improve representativeness and
statistical reliability for transaction-critical workloads rather than to maximize volume.

The remainder of this paper is organized as follows. Section [2] presents the theoretical foundations that
support the proposed solution, including buffer pool fundamentals in DB2, supervised and unsupervised
learning techniques, Exploratory Factor Analysis, and Bayesian Optimization based on Gaussian Process
Regression. Section [3] introduces the proposed architecture, describing the end-to-end analytical workflow
that integrates data processing, statistical modeling, and optimization. Section [ reviews related work and
positions this study within the current state of the art in automated DBMS tuning. Section [5] details the
proposed methodology, formalizing the experimental design and the CRISP-DM-based pipeline adopted in
this work. Section [6] reports the experimental results obtained in a real production environment, including
quantitative performance gains and statistical validation. Section[7]discusses the implications of these results,
practical considerations, and limitations. Finally, Section [§ concludes the paper and outlines directions for
future research.

2 Background

This section presents the theoretical foundations of Buffer Pool and Machine Learning techniques used
in this work, including supervised and unsupervised methods, exploratory factor analysis, and Bayesian
Optimization.

2.1 Buffer Pool Fundamentals on DB2 z/0S

The Buffer Pool (BP) is a critical area of virtual storage in DB2 that keeps copies of data pages and index
pages from disk [2526]. Its main role is to minimize physical I/O operations, which are significantly slower
than memory access, thereby improving overall query response time. In the z/OS environment, BPs are
managed by DB2’s Data Manager component and are defined by several key parameters that control their
size and behavior [28].

A BP’s size is determined by the number of pages it can hold, and its efficiency is directly related to the
hit ratio, i.e., the percentage of requests served from memory rather than disk. However, simply increasing
the BP size is not always optimal, since it consumes valuable memory resources and may increase page
management overhead [27]. Key parameters that govern BP behavior include:

e VPMIN (Virtual Pool Minimum): The minimum number of pages reserved for immediate use, pre-
venting the pool from shrinking below this size;

o VPUSE (Virtual Pool Use): The current number of pages allocated to the BP;
e« VPMAX (Virtual Pool Maximum): The maximum number of pages to which the BP can grow;

o DWQT (Deferred Write Threshold): The percentage of pages in the BP that, when reached, triggers
asynchronous write operations to disk;

o« VPSEQT (Sequential Pre-fetch Threshold): The percentage of pages in the BP that, when reached,
causes sequential prefetch operations to be suspended.

The complexity arises because these parameters are interdependent and their optimal values are highly
sensitive to workload (OLTP vs. Batch) and specific access patterns. For example, a high DWQT can
reduce synchronous I/O waits but increases the risk of a sudden I/O surge when the threshold is eventually
exceeded. Our work focuses on tuning these specific parameters to minimize Maximum Synchronous I/0
Delay (ms), a critical metric for OLTP performance.
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2.2 Supervised Learning

Supervised learning encompasses a class of techniques in which models are trained using labeled datasets to
learn a mapping between input features and known outputs [14]. These methods are commonly categorized
into regression and classification tasks |15,/16]. Regression techniques aim to estimate continuous target
variables by iteratively adjusting model parameters to minimize prediction error [15]. Owing to their ability
to capture quantitative relationships, regression models are widely employed in domains such as weather
forecasting, financial market analysis, and time-series prediction [14]. In the context of DBMS optimization,
regression-based approaches-particularly LASSO and process-based methods such as Bayesian Optimization
with Gaussian Process Regression (BO-GPR)—have gained prominence due to their robustness and inherent
capability to model uncertainty [§].

Classical Ordinary Least Squares (OLS) regression seeks to minimize residual error but exhibits significant
limitations in high-dimensional settings. Specifically, OLS does not perform variable selection and is prone to
high variance, which undermines its stability and predictive performance [31,32]. As a result, it is ill-suited
for configuration parameter selection in DBMS environments, where the number of tunable parameters can
be large and highly correlated [18].

LASSO (Least Absolute Shrinkage and Selection Operator) overcomes these limitations by introducing
an L1 regularization term that encourages sparsity in the model coefficients [32]. By driving irrelevant coef-
ficients to zero, LASSO simultaneously performs regularization and feature selection, making it particularly
effective for high-dimensional optimization problems. This property improves model interpretability and
generalization, which are critical for reliable DBMS tuning.

Despite the emergence of more sophisticated learning techniques, linear regression remains a foundational
model in machine learning and serves as a building block for many advanced approaches [16]. Bayesian linear
regression extends the classical framework by incorporating prior knowledge over parameters and modeling
uncertainty through posterior distributions, enabling more informed and probabilistic decision-making [33].

2.3 Unsupervised Learning

Unsupervised learning comprises techniques that analyze data without predefined labels, aiming to uncover
latent structures, patterns, or relationships inherent to the dataset [15,[16]. Such methods are particularly
effective for exploratory analysis tasks, including clustering and association discovery, where the objective is
to identify similarities and groupings without prior assumptions.

Among clustering techniques, K-means remains one of the most widely adopted algorithms. It partitions
observations into k clusters by minimizing intra-cluster variance, thereby promoting compact and well-
separated groups [16]. While K-means is computationally efficient and well suited for numerical data,
selecting an appropriate number of clusters poses a nontrivial challenge. In this study, K-means is employed
to group workload metrics exhibiting similar behavioral patterns, enabling the identification of underlying
structures in the performance data and supporting subsequent dimensionality reduction and modeling steps.

In the context of DBMS performance analysis, unsupervised techniques play a critical role in handling
the high dimensionality and complexity of monitoring data. Performance metrics often exhibit strong cor-
relations and non-obvious dependencies, making manual analysis impractical. By clustering metrics with
similar dynamics, unsupervised learning helps reduce redundancy, highlight dominant behavioral patterns,
and improve the interpretability of subsequent modeling phases. This capability is particularly valuable in
automated tuning pipelines, where uncovering latent workload characteristics enables more informed param-
eter selection and more robust optimization under varying operational conditions

2.4 Exploratory Factor Analysis

Exploratory Factor Analysis (EFA) is a multivariate statistical technique designed to reduce the dimension-
ality of complex datasets by identifying latent factors that capture the underlying structure of correlations
among observed variables [34//35]. By modeling shared variance, EFA enables the condensation of a large
set of correlated metrics into a smaller number of interpretable factors, facilitating analysis and downstream
modeling. The application of EFA typically begins with an assessment of data suitability, relying on estab-
lished statistical tests to ensure that the correlation structure is appropriate for factor extraction.

Bartlett’s Test of Sphericity evaluates whether the correlation matrix differs significantly from the identity
matrix, indicating sufficient correlations among variables to justify factor analysis [34]. The test is based
on a chi-square distribution and tests the null hypothesis that the variables are uncorrelated. A significant
result (typically p < 0,05) rejects the null hypothesis, supporting the factorability of the data.

The Kaiser-Meyer-Olkin (KMO) measure assesses sampling adequacy by evaluating the proportion of
variance among variables that may be common variance [34]. It compares observed correlations to partial
correlations. Values range from 0 to 1, with values above 0.6 considered acceptable for factor analysis [35].
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Factor extraction follows Kaiser’s criterion |36], retaining only factors with eigenvalues greater than 1.
Cattell’s Scree Test [37] provides visual support for determining the number of factors to retain. After
extraction, factor rotation (typically Varimax) is applied to improve interpretability by simplifying factor
loadings [3§].

2.5 Bayesian Optimization based on Gaussian Process Regression (BO-GPR)

Bayesian Optimization (BO) is a principled approach for optimizing black-box functions that are complex,
noisy, and expensive to evaluate [39]. It relies on surrogate models to construct a probabilistic approximation
of the objective function, allowing informed decision-making under uncertainty. By explicitly modeling both
predicted performance and associated uncertainty, BO enables efficient exploration of the search space while
minimizing the number of costly evaluations.

Gaussian Process Regression (GPR) is one of the most commonly adopted surrogate models in BO due to
its non-parametric nature and strong theoretical foundations [40]. GPR defines a distribution over possible
functions consistent with observed data, providing closed-form expressions for both predictive mean and
variance at unseen points. Within the BO-GPR framework, these uncertainty estimates play a central role
in guiding the optimization process toward regions with high potential for improvement.

The selection of the next configuration to evaluate is governed by an acquisition function, which encodes
the trade-off between exploration—sampling regions of high uncertainty—and exploitation—refining regions
predicted to yield high performance. Commonly used acquisition functions include:

o Expected Improvement (EI): Computes the expected improvement over the current best value, weighted
by uncertainty;

o Probability of Improvement (PI): Computes the probability that a point will exceed the current best
value;

o Upper Confidence Bound (UCB): Combines the mean prediction and an uncertainty term scaled by a
confidence parameter.

This theoretical foundation underpins the proposed buffer pool tuning framework, providing the method-
ological basis for a data-driven and intelligent configuration strategy that systematically adapts to workload
characteristics and performance dynamics.

3 Proposed Architecture

The proposed methodology is operationalized through a structured architecture that reflects the complete
analytical workflow adopted in this work. This architecture, illustrated in Figure[l] is organized as a pipeline
composed of three major stages: input data processing, analytical modeling for workload and parameter char-
acterization, and Bayesian-based optimization. Such an organization highlights a clear separation between
data preparation, statistical learning, and configuration optimization, thereby promoting clarity, modularity,
and reproducibility throughout the experimental process.

The first stage, denoted as Input Data Processing, is responsible for consolidating all raw information
required by the methodology. Configuration parameters are extracted directly from the DB2 system catalogs,
while performance metrics are obtained from SMF records. These heterogeneous data sources are merged
and submitted to a data cleaning and preprocessing step, which includes normalization, type conversion,
removal of inconsistencies, and synchronization between metrics and parameters. After preprocessing, an
analysis selection step defines the samples that will be used in the subsequent phases, guaranteeing that only
consistent and representative observations are forwarded to the modeling components.

The second stage corresponds to the analytical core of the methodology and is divided into two com-
plementary processes: workload characterization and parameter identification. In the workload characteri-
zation block, performance metrics are evaluated through Exploratory Factor Analysis, supported by KMO
and Bartlett tests to verify statistical adequacy. The Scree Plot is used to determine the number of relevant
latent factors, and K-means clustering is subsequently applied to group similar workload behaviors. This
process results in a reduced and structured representation of the workload, expressed through distinct metric
profiles. In parallel, the parameter identification block focuses on configuration parameters. The LASSO
regression technique is applied to select the most influential parameters with respect to the observed perfor-
mance behavior, producing a compact subset of configuration variables that effectively describe the system
response.

The third stage implements the optimization process. The selected parameters and representative samples
are used to train a Gaussian Process model, which acts as a surrogate for the real DB2 system. Based on
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Figure 1: Proposed architecture for automated buffer pool tuning

this model, the acquisition and recommendation component applies Bayesian Optimization strategies to
propose new configurations that maximize the expected performance improvement. Each recommended
configuration is evaluated against the improvement criterion, and when a satisfactory gain is detected,
the process converges to a final configuration. This iterative loop formalizes the architecture as a closed
optimization cycle, where statistical modeling and real-system feedback are continuously combined to refine
configuration recommendations.

This architecture accurately represents the end-to-end workflow of the proposed solution, from raw data
acquisition to final configuration selection. It explicitly integrates statistical validation, dimensionality re-
duction, clustering, sparse regression, surrogate modeling, and Bayesian Optimization into a single coherent
framework, ensuring that the tuning process is both data-driven and operationally feasible in production
database environments.

4 Related Work

This section reviews the main advances in automated DBMS parameter tuning, with emphasis on machine
learning-based approaches |§|, Table (1| summarizes the evolution of the state of the art, organized
chronologically along three methodological dimensions: parameter selection, feature reduction, and tun-
ing technique. Rather than suggesting a linear technological replacement, this organization highlights how
different paradigms coexist, each with distinct trade-offs in computational cost, convergence speed, inter-
pretability, and operational feasibility. In addition, the table reflects how the choice of technique is strongly
influenced by the target deployment environment, particularly the contrast between traditional enterprise
DBMSs and cloud-based database (CDB) platforms.

Table [1| provides a structured view of how automated DBMS tuning techniques have evolved across
three orthogonal dimensions: parameter selection strategies, feature reduction mechanisms, and optimization
techniques. Rather than indicating a linear technological progression, the table reveals a diversification of
methodological choices driven by trade-offs among modeling complexity, computational cost, and operational
feasibility. Early approaches are dominated by heuristic methods, which typically lack explicit parameter
ranking and systematic metric reduction. As DBMS configurations and workloads become more complex,
later works progressively incorporate statistical and learning-based mechanisms to manage the growing
dimensionality of both configuratiowell-suitedd performance metrics.

An important aspect that emerges from Table[l]is that different techniques tend to dominate in different
operational contexts. In classical enterprise environments, such as mainframes and on-premise relational
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Table 1: Comparison of automated DBMS tuning approaches

‘Work Year Selection Reduction Technique
STMM [12] 2006 N/E N/E Heuristic
PGTune [19) 2008 N/E N/E Heuristic
iTuned [42] 2009 LHS N/E BO-GPR
OpenTuner 43] 2014 N/E N/E Heuristic (EA)
OtterTune [1§] 2017  LASSO EFA + K-means BO-GPR
CDBTune [44] 2019 N/E N/E RL (DDPG)
iBTune [17] 2019 N/E N/E RL (DDPG)
Tuneful |22] 2020 N/E N/E BO-GPR
ReIM [45] 2020 N/E N/E BO-GPR
ResTune [46] 2021 N/E N/E BO-GPR
CGPTuner [47] 2021 N/E N/E BO (CGP)
UDO [48] 2021 N/E N/E RL (DDPG)
WATuning 23] 2021 N/E MIM-1/O RL (ATT-DDPG)
DB-BERT |[24] 2022 NLP N/E RL (BERT)
LlamaTune [21] 2022 HeSBO  SHAP BO (REMBO)
GMM/DNN [49] 2023 GMM N/E DL (DNN)
A-Tune [50] 2024 LLM ILP LLM (GPT-4)
Centrum [51] 2025 N/E N/E BO (SGBE)
ADWTune [52] 2025 N/E DBSCAN RL (DDPG)

DBMSs, tuning is primarily concerned with reducing operational costs, improving resource efficiency, and
preserving system stability. In such settings, each configuration change is expensive and risky; therefore,
optimization methods must be sample-efficient, computationally lightweight, and predictable. In contrast,
in cloud database (CDB) environments, tuning is often associated with elastic provisioning, rapid instan-
tiation of new database nodes, and online adaptation to workload changes. In this latter context, higher
computational overhead during training is acceptable since tuning costs are amortized over many short-lived
instances and supported by abundant elastic resources.

The table also shows that Bayesian Optimization based on Gaussian Process Regression (GPR) is a
recurrent and persistent choice across multiple generations of tuning systems, including iTuned, OtterTune,
Tuneful, ReIM, and ResTune. This recurrence indicates that BO-GPR-based methods achieve a particularly
favorable balance between sample efficiency, modeling expressiveness, and computational cost. In enterprise
DBMS environments, where the main objective is cost reduction and operational efficiency, this balance is
critical. BO-GPR enables effective optimization with a relatively small number of DBMS reconfigurations,
making it well suited for scenarios in which each experiment has direct economic and operational implications.
The stage of research of BO-GPR in Table [I] supports its role as a pragmatic and mature solution rather
than merely an academic choice.

From an economic and systems perspective, adopting computationally expensive learning models to re-
duce CPU and memory consumption costs, limited determinism, and restricted transparency raises concerns
about their impact. The aim of saving CPU and memory during the tuning process in order to optimize
production undermines the very objective of optimization. For this reason, computational efficiency be-
comes not only a practical constraint but a first-class design requirement. BO-GPR naturally satisfies this
requirement because its training and inference costs are modest, and its convergence typically requires or-
ders of magnitude fewer interactions with the DBMS than reinforcement learning or deep neural network
approaches.

In contrast, Reinforcement Learning approaches, especially those based on DDPG, appear mainly in works
that aim for fully autonomous, end-to-end tuning in cloud-oriented scenarios, such as CDBTune, iBTune,
and UDO. Fill methods offer high expressive power and strong online adaptation capabilities. Table
shows that their adoption is comparatively limited and concentrated in recent years. This reflects their
substantial computational overhead, long exploration phases, and a large number of interactions required
for convergence. Such properties are difficult to reconcile with enterprise production environments, but they
are compatible with CDB settings, where elasticity, rapid scaling, and online learning are more important
than minimizing tuning costs.

Similarly, Deep Learning and LLM-based approaches occupy a smaller portion of the landscape summa-
rized in Table 1] Works such as GMM/DNN and A-Tune illustrate an exploratory trend toward leveraging
complex neural architectures and unstructured knowledge sources. However, their limited presence in the
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table, combined with their typically experimental evaluation settings, indicates that these techniques are
still at an early stage of maturity. Their results are often difficult to reproduce, their operational costs are
high, and consistent performance gains over established BO or RL baselines have not yet been systematically
demonstrated. Consequently, they should be interpreted as exploratory research directions rather than as
consolidated alternatives for production-grade DBMS tuning.

The automated tuning workflow is usually decomposed into four stages [8], namely parameter configura-
tion, feature selection, tuning method, and transfer techniques, which are described as follows:

e (i) Parameter Configuration: define the knobs to be optimized. Each parameter (k) is associated
with a configuration value (v, ), which can be tuned within continuous intervals (™", %) or discrete
sets (v1,...,v%). This step may rely on expert knowledge or data-driven ranking techniques such as
LASSO [18] and CART |[21];

o (ii) Feature Selection: characterize and reduce the dimensionality instead of using cs. Metrics typi-
cally include workload indicators and DBMS internal counters. Dimensionality reduction is commonly
performed using EFA [18], Principal Component Analysis (PCA) [53], or clustering methods such as
K-means [18];

o (iii) Tuning Method: solve the optimization problem using the selected parameters and features.
Heuristic approaches rely on static rules or DBA expertise. Bayesian Optimization (BO) employs
surrogate models such as Gaussian Processes [18], SMAC [21], and TPE [54]. Deep Learning (DL) ap-
proaches use models such as DNNs [13] and CNNs [17], while Reinforcement Learning (RL) approaches
rely on agents such as DDPG [44] and DDQN [4§];

o (iv) Transfer Techniques: reuse historical tuning knowledge across workloads or DBMS instances,
ranging from simple configuration mappings [18] to full model reuse [23].

Historically, the first generation of automated tuning systems was dominated by heuristic approaches such
as STMM |[12] and PGTune [19], which encode DBA knowledge in fixed rules. These methods are simple
and robust, but lack adaptability to workload changes and offer limited support for systematic exploration
of the configuration space.

The introduction of Bayesian Optimization marked a fundamental shift. iTuned [42] formalized tuning as
a black-box optimization problem using Gaussian Process Regression (GPR) as surrogate model and Latin
Hypercube Sampling (LHS) for initial exploration. OtterTune [18|] consolidated this paradigm by integrat-
ing LASSO for parameter ranking and EFA for metric reduction, showing that statistically grounded BO
pipelines can achieve strong performance with relatively small numbers of experiments. A key advantage of
BO-GPR is its favorable computational profile: training and inference costs are significantly lower than those
required by deep neural networks or reinforcement learning agents, and convergence is typically achieved
with orders of magnitude fewer DBMS interactions. This property is critical in production environments,
where each configuration change is expensive, risky, and subject to strict operational constraints.

In contrast, Reinforcement Learning approaches such as CDBTune [44], iBTune |17], and UDO [48§],
largely based on DDPG, require long exploration phases and a large number of environment interactions
to converge. While RL offers expressive modeling capacity and strong online adaptation, its computational
cost, instability during training, and limited interpretability pose substantial barriers to adoption in mission-
critical enterprise DBMS environments. Similarly, Deep Learning approaches based on DNNs [49] introduce
high training overhead and require large labeled datasets, which are rarely available in real corporate de-
ployments.

Despite recent interest in Large Language Models (LLMs) for DBMS tuning, such as A\-Tune [50], these
approaches remain at an early research stage. Their evaluations are typically conducted in controlled or
synthetic environments, their experimental setups are difficult to reproduce, and their performance improve-
ments over established BO-GPR or RL baselines are not yet consistently demonstrated. Moreover, their
high operational cost, limited determinism, and restricted transparency raise concerns regarding direct de-
ployment in production DBMS infrastructures. They should therefore be viewed as exploratory research
directions rather than as mature optimization solutions.

Despite the diversity of techniques, a persistent limitation in the literature is the heavy reliance on
simulated environments, experimental clusters, or benchmark workloads. Very few studies demonstrate
end-to-end viability under real production constraints, such as restricted experimentation budgets, stability
requirements, and compliance with operational change management processes. This gap is particularly
pronounced for RL, DNN, and LLM-based approaches, whose experimental demands are difficult to reconcile
with corporate mainframe environments.

Our work positions itself within this gap. By adopting a BO-GPR strategy, we prioritize computational
efficiency, low experimentation cost, and reproducibility, while maintaining strong optimization performance.
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This choice reflects a pragmatic trade-off between modeling expressiveness and operational feasibility, aiming
to bridge academic advances in DBMS tuning with the concrete requirements of industrial, mission-critical
production systems.

5 Proposed Methodology

The central hypothesis of this work is that Machine Learning techniques are not only predictive-effective
but also operationally viable for optimizing buffer pool parameters in a DBMS running on a mainframe,
even under real performance, availability, and computational cost constraints. The proposed approach does
not rely on a specific environment configuration but on the systematic use of observable DBMS metrics,
reducing the risk of overfitting to a particular scenario and favoring reproducibility. In the conducted
experiment, the independent variable corresponds to buffer pool parameter configurations associated with
ML strategies, while the dependent variables are DBMS performance metrics such as latency, I/0O efficiency,
and effective memory utilization. The success criterion considers obtaining measurable improvements in
DBMS performance metrics, particularly significant latency reductions, while preserving operational stability
and complying with the production constraints of the mainframe environment.

For this purpose, the experiment follows the CRISP-DM framework (Cross-Industry Standard Process
for Data Mining) [55/56] and is structured in three main stages: (1) Workload characterization and metric
reduction; (2) Parameter identification and ranking; and (3) Bayesian Optimization for parameter tuning.
Observed variables include DBMS performance metrics (e.g., cache hit rates, I/O times) and buffer pool
configuration parameters. The operational success criterion is the ability to identify configurations that
significantly reduce synchronous I/O wait time without degrading other performance metrics and with an
optimization computational cost justifiable in production. Although confidentiality constraints prevent full
disclosure of data and infrastructure, the proposed methodology is implementation-agnostic and was designed
to be replicable in other environments that provide equivalent operational metrics, in line with reproducible
research principles in computational science [57].

To facilitate reproducibility and provide a concise overview of the end-to-end optimization process, Al-
gorithm [2] summarizes the complete pipeline, from data preparation through final configuration recommen-
dation. FEach stage is detailed in the subsequent subsections. It should be noted that, for computational
tractability, the GPR surrogate model is trained on a stratified subsample comprising 25% of the cleaned
dataset (preserving the proportional representation of each buffer pool), with a training cap of 4,000 observa-
tions selected at random from the training partition. Model selection employs early stopping with a patience
of 25 epochs, monitored on the validation-set Negative Log Predictive Density (NLPD). The acceptance
policy hyperparameters (MIN_IMPROV_PCT and NcanpipaTES BP) are jointly calibrated through a grid
search that maximizes a composite score balancing adoption rate and predicted latency reduction.

5.1 Workload Characterization and Metric Reduction

This stage establishes the analytical foundation for subsequent phases. Its goal is to understand the origin,
structure, and quality of available information, removing inconsistencies, standardizing formats, and assess-
ing the dataset’s statistical adequacy for dimensionality reduction and predictive modeling. The process
integrates BP configuration parameters extracted from the DB2 catalog and operational time series met-
rics collected at 15-minute granularity. The target variable, Maximum Synchronous I/O Delay (ms), was
standardized using StandardScaler, ensuring comparability and stabilizing distribution behavior.

After cleaning, the dataset was reduced from 45 to 35 metrics and from 7 to 6 parameters, removing
about 22% of monitored variables. The determinant of the correlation matrix (1.132118 x 1072%) and a
rank equal to 32 confirmed that removing redundant columns preserved the linear structure necessary for
factor analysis. Robustness was ensured by excluding records with null fields, resulting in an intermediate
sample of 122,618 complete observations prior to outlier removal. Table[2|lists the removed metrics and their
selection criteria.

The metric selection stage aimed to identify among the collected indicators those capable of representing
BP behavior in a stable and non-redundant manner. The overall process, combining EFA and K-means
clustering, is summarized in Figure The process began with EFA for dimensionality reduction and
latent factor discovery [34,[35]. The global KMO index reached 0.97, classifying the sample as “excellent”,
and Bartlett’s test of sphericity was significant (p < 0.001), confirming sufficient correlation for factor
extraction [38]. Initial factor extraction is visually supported by the Scree Plot in Figure based on
Cattell’s test [37], which clearly indicates the number of factors to retain.

Extraction followed Kaiser’s criterion [36] (eigenvalues > 1), yielding ten latent factors. Prior to factor
extraction, an iterative KMO-based selection procedure was applied: at each iteration, the metric with the
lowest individual KMO value was removed until the global KMO index exceeded the adequacy threshold of
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Input: Raw performance metrics M (15-min granularity), BP configuration parameters P, target variable
y (Max Synchronous I/0 Delay)

Output: Optimized configuration p* for each buffer pool, or baseline preservation

Stage 1: Workload Characterization and Metric Reduction

Clean M: remove zero-variance and highly correlated (> 0.995) features

Iteratively remove metrics with individual KMO < 0.6 until global KMO > 0.6

Apply EFA with Varimax rotation; extract n factors via Kaiser’s criterion (eigenvalues > 1)

Apply K-means on factor loadings with optimal &k (Silhouette + Pham’s criterion)

For each cluster, select representative metric closest to centroid — reduced set M,.

Stage 2: Parameter Identification and Ranking

Normalize P using StandardScaler

Compute LASSO regularization path: vary A from Apax t0 Amin

. Rank parameters by activation step (first A where |3;| > 0)

: Retain parameters with early or moderate activation — reduced set P,

= T
N =)

: Stage 3: Bayesian Optimization (BO-GPR)
: Subsample dataset via stratified sampling by BPOOL (25%); split 80/20 train/validation
: Train GPR on (P,,y) with composite kernel (RBF + Matérn + Linear + ARD)
Optimizer: Adam; early stopping on NLPD (patience = 25); training cap = 4,000 samples
. Calibrate (MIN_-IMPROV_PCT, Ncanp) via grid search on composite score
: for each buffer pool b € B do
Define baseline yg < last observed latency for b
Sample Ncanp candidates from feasible parameter space (uniform + local perturbation)
Predict pu(x), o(x) for all candidates via GPR posterior
Compute v = (yo,- — p12)/0>
Evaluate EI, PI, and UCB acquisition functions for each candidate
Select best candidate per strategy; choose overall winner by lowest predicted latency
A< (yo—9")/vo
if A > MIN_IMPROV_PCT then
Accept recommended configuration for b
else
Preserve baseline configuration for b
31:  end if
32: end for
33: return Set of accepted configurations {p;}

WONN NN NN NN NN 2 2 e e e
S L XSSP HE PR Q O XN T

Figure 2: Complete optimization pipeline for automated buffer pool tuning

Table 2: Removed metrics and selection criteria

Removed Metric Reason

Pending Time: Device Busy Delay (ms) Zero variance

Decrypted Read Rate (kB/s) Zero variance

Encrypted Write Rate (kB/s) Zero variance

Read/Write Access Method (kB/s) Correlation > 0.995
Unchanged Pages in Buffer Pool (kB) Correlation > 0.995
Random Read (I/Os/s) Correlation > 0.995
Getpages: Buffer Pool Hits (Getpages/s)  Correlation > 0.995

Read Operations (LR/s) Correlation > 0.995
VPPSEQT Zero variance (refinement)
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Figure 3: Workload characterization and metric reduction process.

0.6, ensuring that only metrics with sufficient sampling adequacy were retained for factor analysis. Subse-
quently, K-means clustering was applied to the resulting factor loadings to identify groups of metrics with
statistically similar behavior. The optimal number of clusters was determined by combining elbow analysis,
the Silhouette coefficient [58], and Pham’s criterion, with both Silhouette and Pham indicating a common
optimum. Within each cluster, the representative metric was selected as the one closest to the cluster cen-
troid in the factor loading space (minimum Euclidean distance), ensuring that each selected metric best
summarizes the latent behavior of its group. Resulting clusters are analyzed in Figure [B] showing metric
distribution in factor space.

Table |3| summarizes numerical results, indicating a clear optimal solution at k = 11, simultaneously
supported by the Silhouette coefficient and Pham’s criterion, both reaching their best values at this configu-
ration. The final model established eleven coherent clusters, each representing a distinct behavioral pattern
among the monitored metrics. Table [4]lists representative metrics for each cluster, chosen based on factorial
dominance and internal proximity.

The resulting set, composed of eleven representative metrics distributed across ten latent factors and
eleven clusters, forms the empirical basis for subsequent parameter selection and modeling phases. This
structure reduces the original dimensionality and enhances statistical interpretability, allowing the optimiza-
tion steps to rely on more consistent metrics correlated with overall BP performance.

Moreover, the clustering results revealed a strong structural consistency between the EFA and the K-
means stages. Each cluster is dominated by a single latent factor, indicating that the clustering process
preserves the statistical structure uncovered by factor analysis instead of introducing artificial groupings.
In this sense, EFA provides the latent representation of the metric space, while K-means reorganizes this
space into operationally meaningful regimes. This near one-to-one correspondence between factors and
clusters reinforces the methodological coherence of the dimensionality reduction process and ensures that
each selected representative metric is associated with a well-defined operational behavior of the DBMS, such
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Figure 4: Scree plot for factor extraction

Table 3: K-means clustering results for different values of k

k SSE PS Silhouette

2 12.8522 — 0.2206

3 10.7914 0.9106 0.2519

4 88387 0.8676 0.2591
5  7.5557  0.8939 0.3036
6
7
8

6.2711  0.8608 0.3290

5.2389 0.8616 0.3960

4.3639  0.8555 0.3730
9 3.6335 0.8525 0.4145
10 3.0531 0.8581 0.4386
11 23301  0.7779 0.4550
12 1.8768  0.8196 0.4498
13 1.5679  0.8489 0.4455
14  1.2636  0.8180 0.4165
15 1.1336  0.9096 0.3934

as synchronous I/O latency, asynchronous I/O efficiency, cache effectiveness, buffer pool utilization, and
throughput patterns.

5.2 Parameter Identification

The Ordinary Least Squares (OLS) regression method, although commonly used, is not ideal for param-
eter selection in DBMSs due to two main shortcomings: (i) estimates have low bias but high variance,
which increases as more features are included, compromising prediction accuracy and variable selection;
and (ii) estimates become harder to interpret as the feature set grows because irrelevant features are never
removed [18§].

As an alternative, we chose the LASSO (Least Absolute Shrinkage and Selection Operator) regression
technique [31}/32], which adds a penalty proportional to the sum of absolute coefficients to the model’s cost
function. This induces sparsity and forces some coefficients to be exactly zero. The penalty enables LASSO
to perform variable selection and coefficient estimation simultaneously, yielding more stable and interpretable
models.

The technique uses regularization to select variables that most influence system performance, removing
small weights and discarding less impactful features. Metrics were normalized using Scikit-Learn’s Stan-
dardScaler [59] to bring all variables to the same scale. Based on the LASSO path analysis, parameters
are ranked according to the first step in which their coefficients become non-zero, serving as a measure of
importance, as illustrated in Figure [6]

The LASSO path analysis revealed a clear hierarchy of influence among the six adjustable parameters.
VPMIN (Virtual Pool Minimum) consistently entered the model first (i.e., its coefficient became non-zero)

12


Enzo Rucci
Rectángulo


Start: Dataset

Define Number of feccnnan
Clusters k X

!

Initialize k Centroids
Randomly
T
v
Assign Each Point to 1
the Nearest Centroid Adjust k Value:

B Elbow Method

1
v

Recalculate Centroids: A
Mean of Points in
Each Cluster
[
Y

Yes Centroids
Changed?

|No
v

Evaluate Quality:
SSE, Silhouette Score

Yes ~ Final Clusters:
Optimal k? ——»( Clustering
Completed

Figure 5: K-means clustering of metrics in factor space

Table 4: Representative metrics selected based on EFA and K-means clustering

Metric Selection Method
Synchronous I/O Delay (ms) EFA and K-means
1/0 Pages for Asynchronous I/O (pages/s) EFA and K-means
MAX_SYNC_IO_DLY_MS EFA and K-means
Response Time (ms) EFA and K-means
Pending Time: Command Response Delay (ms) EFA and K-means
Db2 Synchronous Read — Disk Cache Hit (I/Os/s) EFA and K-means
Getpages — Hit in Buffer Pool (%) EFA and K-means
Bufferpool Usage EFA and K-means
Getpages — Miss in Disk Cache (%) EFA and K-means
Non-Encrypted Write Throughput (kB/s) EFA and K-means
Asynchronous I/O Response Time (ms) EFA and K-means

as the regularization strength (A) was relaxed, confirming its critical role in base memory allocation and
its immediate impact on hit ratio and synchronous I/O delay. Following VPMIN, the DWQT (Deferred
Write Threshold) showed the second-highest influence, reflecting the delicate balance between reducing syn-
chronous I/O waits and managing asynchronous write load. The remaining parameters (VPMAX, VPUSE,
VPSEQT) ranked lower, indicating that while important, their effect on the target variable is secondary
to base allocation (VPMIN) and write management (DWQT). This ranking provides data-driven justifi-
cation for focusing tuning efforts and significantly reduces the search space for the subsequent Bayesian
Optimization stage.

5.3 Bayesian Optimization for Parameter Tuning

The final stage of the pipeline involves optimizing the identified parameters using Bayesian Optimization .
This approach is particularly suitable for DBMS parameter tuning, where the objective function (e.g., query
latency or synchronous I/0 delay) is expensive to evaluate, noisy, and does not admit a closed-form expres-
sion. By building a probabilistic surrogate model, Bayesian Optimization enables efficient exploration of the
configuration space with a limited number of evaluations, explicitly balancing the exploitation of promising
regions and the exploration of uncertain areas. In this context, the primary role of Bayesian Optimization
is not merely to improve predictive accuracy, but to support informed decision-making under uncertainty,
which is a fundamental requirement in production environments where each experiment represents a real
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Figure 6: LASSO path analysis for parameter ranking

operational cost.

5.3.1 Gaussian Process Regression (GPR)

We modeled the relationship between configuration parameters and performance metrics using Gaussian
Process Regression (GPR) . GPR is a non-parametric Bayesian approach that defines a prior over
functions such that any finite collection of function values follows a multivariate Gaussian distribution [38].
Formally, a BO-GPR model is fully specified by a mean function m(x) and a covariance (kernel) function
k(x,x’), as expressed in Eq. :

f(x) ~ GP(m(x), k(x,x)) (1)

Given a set of n observations (X,y) corrupted by Gaussian noise with variance o2, the posterior predictive
distribution at a new point x is Gaussian, whose mean and variance are given by Egs. and , respectively:

nx) = k()T (K +021) "y, (2)
o2(x) = k(x,x) —k(x) T (K +021) " "k(x). (3)

In Egs. (2) and (3), K;; = k(x;,x;) denotes the covariance matrix of the training samples, and k(x) represents
the covariance vector between the candidate point x and the observed data. The predictive mean p(x) in
Eq. provides an estimate of the expected performance, while the predictive variance o?(x) in Eq.
quantifies the model uncertainty. This explicit separation between prediction and uncertainty estimation is
fundamental for Bayesian Optimization, since acquisition functions rely directly on both quantities to guide
the search process.

In this work, GPR is not primarily employed as a superior point-wise regressor when compared to
classical models, but as a probabilistic model capable of expressing uncertainty about unseen configurations.
Empirically, its predictive performance was found to be comparable to that of linear baselines such as
Ordinary Least Squares (OLS) [18], which confirms that the main advantage of GPR in this context lies not in
raw predictive accuracy, but in its ability to provide a principled quantification of uncertainty. This property
is essential for the efficiency and robustness of Bayesian Optimization, especially under the constraint of a
limited number of expensive evaluations |13].

The surrogate model adopts an additive kernel structure composed of three complementary components:
a Radial Basis Function (RBF) kernel, a Matérn kernel, and a Linear kernel. This design allows the model
to decompose system behavior into different structural contributions. The RBF kernel captures smooth
and globally varying effects of configuration parameters, the Matérn kernel models localized and potentially
less smooth variations, and the Linear kernel represents global linear trends in the response surface. This
additive formulation increases the expressiveness of the surrogate model while preserving interpretability, as
each kernel component corresponds to a distinct type of system behavior.

Furthermore, Automatic Relevance Determination (ARD) was employed in the RBF and Matérn ker-
nels to allow the model to learn individual length-scales for each input dimension. In practice, the ARD
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mechanism converged to nearly identical length-scale values across all input features, indicating that GPR
alone was not effective in discriminating the relative importance of configuration parameters [40]. This em-
pirical result reinforces the methodological choice of using LASSO as a prior feature selection and ranking
stage. While LASSO performs explicit variable selection and importance ordering, GPR focuses on modeling
the response surface and its uncertainty over the reduced and structured parameter space, making the two
techniques complementary rather than redundant [38].

From a numerical perspective, special care was taken to ensure the stability of the GPR model. Input
normalization, output standardization, noise priors, and the introduction of a small input jitter were em-
ployed to mitigate degeneracy caused by duplicated samples and ill-conditioned covariance matrices [38].
The final kernel matrix exhibited a significantly improved condition number when compared to its initial
configuration, ensuring stable matrix inversion and reliable posterior inference. This numerical robustness is
critical for maintaining the integrity of the Bayesian Optimization loop, particularly in large-scale datasets
and high-dimensional parameter spaces [1§].

Overall, the use of GPR within the BO-GPR framework provides a mathematically rigorous and opera-
tionally robust foundation for sequential parameter tuning. While its predictive performance is comparable
to simpler regression models, its capacity to represent epistemic uncertainty, combined with a flexible and
expressive kernel design, makes it uniquely suited for guiding efficient and safe optimization in production-
grade DBMS environments [18].

5.8.2  Acquisition Functions

The acquisition stage is not limited to the isolated maximization of a single utility function. Instead, it is
formulated as a competitive and risk-aware decision mechanism, where multiple acquisition strategies are
evaluated in parallel and filtered through an operational acceptance criterion [40]. This design reflects the
practical constraints of DBMS tuning, in which recommendations must be both statistically promising and
operationally safe before being applied.

Formally, the acquisition functions exploit the predictive distribution defined by Egs. and [39].
Candidate configurations are ranked according to a utility criterion that combines the predictive mean p(x)
and the predictive standard deviation o(x) = y/02(x). In this work, three classical strategies are evaluated:
Expected Improvement (EI), Probability of Improvement (PI), and Upper Confidence Bound (UCB). Their
theoretical characteristics are summarized in Table [l

Table 5: Comparison of acquisition functions used in Bayesian Optimization

Function Behavior Advantages Limitations

EI [18,39] Maximizes the ex- Captures high-impact More sensitive to
pected magnitude of opportunities; theoret- model uncertainty and

improvement, balanc- ically well grounded. noise; higher computa-
ing exploitation and tional cost.
exploration.

PT (39 Maximizes the proba- Stable, simple and Ignores improvement

bility of outperforming conservative; suitable magnitude; may favor
the current best value. for incremental im- small but frequent
provements. gains.

UCB [39] Maximizes a linear Explicit control over Requires careful cali-
combination of mean exploration; robust to bration of k; may over-
and uncertainty con- local optima. explore if misconfig-
trolled by k. ured.

The Expected Improvement (EI) is defined as

* X)) — f*

BI(x) = (1(x) — 1)0(2) + o(x)a(z), == 2O (@
o(x)

where ®(-) and ¢(-) denote the cumulative and probability density functions of the standard normal distri-

bution. The first term favors exploitation, while the second explicitly promotes exploration by weighting

predictive uncertainty [39].

The Probability of Improvement (PI) is given by

PI(x) = @("(X)_f*> : (5)
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and estimates the probability that a candidate configuration improves over the current best value. Because

it depends only on the standardized improvement, PI tends to be conservative and favors regions of the

configuration space where improvements are more predictable, even if their magnitude is moderate [39].
The Upper Confidence Bound (UCB) is defined as

UCB(x) = pu(x) + k o(x), (6)

where the parameter x controls the balance between exploitation and exploration. Larger values of k em-
phasize uncertainty-driven exploration, whereas smaller values privilege exploitation of high predicted per-
formance [39).

In the proposed methodology, these three strategies are evaluated jointly for each buffer pool (BPOOL).
For every BPOOL, the candidate configuration that yields the best predicted improvement among EI, PI,
and UCB is selected as the winning strategy. This transforms the acquisition stage into a competitive mech-
anism, where each strategy contributes according to its strengths. Empirically, PI dominates in frequency,
reflecting its conservative nature, while EI and UCB appear less often but are responsible for the largest
predicted improvements. This behavior is fully consistent with their theoretical properties: PI promotes
stable incremental gains, whereas EI and UCB capture high-impact opportunities [39].

However, selecting the best acquisition value is not sufficient to produce an actionable recommendation.
Each candidate configuration is further subjected to an operational acceptance gate based on a minimum
required improvement threshold, denoted as MIN_IMPROV_PCT. Only configurations whose predicted
latency reduction exceeds this threshold are accepted. Otherwise, the baseline configuration is preserved.
This mechanism converts Bayesian Optimization from a purely exploratory procedure into a risk-aware
recommendation system with explicit control over operational impact.

The value of MIN_.IMPROV_PCT and the number of sampled candidates per BPOOL (NcaNDIDATES BP)
are treated as hyperparameters of the acquisition policy. They are calibrated automatically through a grid
search guided by an aggregate score that combines adoption rate, predicted performance gain, and robustness
of the recommendations. In the reported experiments, the optimal configuration was obtained with

MIN_IMPROV_PCT = 5%, NcanpipaTes BP = 26000,

which achieved the best compromise between adoption rate and expected performance improvement.

The choice of a 5% minimum improvement threshold deserves explicit justification, as it reflects both a
technical and an operational rationale. From a technical standpoint, the threshold must exceed the combined
uncertainty introduced by (i) the GPR model’s predictive variance, (ii) the noise inherent in the 15-minute
aggregation granularity of the monitoring data, and (iii) natural workload variability across measurement
windows. FEmpirically, the standard deviation of the predicted latency for accepted configurations corre-
sponds to approximately 2-3% of the baseline value, meaning that improvements below this range cannot
be reliably distinguished from prediction noise. Setting the threshold at 5% thus provides a safety margin of
roughly 1.5% to 2.5x the empirical noise floor, ensuring that only configurations with statistically meaning-
ful predicted gains are recommended. From an operational perspective, any buffer pool reconfiguration in a
production mainframe environment incurs non-trivial costs: the change must be scheduled during a main-
tenance window, validated by the operations team, and monitored post-deployment. A latency reduction
below 5% would not justify this operational overhead, as the expected benefit would be indistinguishable
from day-to-day performance fluctuations observed by end users. In this sense, the 5% threshold represents
a practical breakeven point at which the predicted performance gain begins to outweigh the organizational
cost of implementing the change.

This design transforms the acquisition stage into a multi-criteria decision process that balances (i) mag-
nitude of predicted improvement, (ii) stability of recommendations, (iii) operational risk, and (iv) computa-
tional feasibility.

5.3.3  Optimization Cycle

Figure [7] illustrates the Bayesian optimization cycle adopted in this work. The process starts with an initial
dataset of observed configurations and performance metrics, which is used to train the BO-GPR surrogate
model. Once trained, the acquisition stage proceeds as follows:

1. For each BPOOL, a large set of candidate configurations is sampled from the feasible parameter space;
2. EI, PI, and UCB are evaluated independently for all candidates;
3. The best candidate among the three strategies is selected as the provisional recommendation for that

BPOOL;
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4. The predicted improvement is compared against the minimum improvement threshold MIN_IMPROV_PC'T,

5. If the threshold is satisfied, the configuration is accepted; otherwise, the baseline configuration is
maintained.

This cycle introduces an explicit acceptance policy that separates model suggestion from operational adop-

tion. As a consequence, not all BPOOLs necessarily receive new configurations. In the reported experiments,
29 BPOOLSs were evaluated and 17 (58.62%) had their recommendations accepted, with an approximate 95%
confidence interval of [40.68%, 76.56%]. While the overall average predicted gain across all BPOOLSs reflects
the conservative nature of the acceptance gate that filters out near-optimal pools, the subset of accepted
configurations exhibited substantial predicted latency reductions, as detailed in Table [6]

Therefore, the optimization cycle is not designed to maximize global average improvement, but rather to

identify a subset of configurations with sufficiently strong evidence of benefit to justify operational changes.
This makes the proposed methodology particularly suitable for production environments, where cautious
and selective adoption is preferable to aggressive but potentially unstable tuning strategies.
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Figure 7: Bayesian Optimization cycle using Gaussian Process and competitive acquisition with acceptance
threshold

6 Experimental Results

Experiments were conducted on an IBM DB2 for z/OS V13 M506 silo in a production OLTP environ-

ment with data sharing and seven active members. The optimization objective was to minimize the average
99th percentile waiting time for synchronous read operations. The methodology was applied to 29 distinct
buffer pool groups, each associated with heterogeneous workloads and different combinations of online and
batch processing. Over a four-month observation window, 122,618 records were initially collected. After
systematic data cleaning, consistency checks, and outlier removal, the final dataset comprised 109,749 valid
observations, each aggregating 15-minute performance metrics and corresponding configuration parameters.
All configurations recommended by the optimization process were validated by experienced DBAs and re-
quired no additional manual correction, confirming the adequacy of the selected metrics and the consistency
of the reduced parameter space.

In the metric reduction stage, the combination of Exploratory Factor Analysis and K-means clustering

proved to be computationally efficient and operationally effective, yielding dimensionality reductions between
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60% and 90% of the original metric set. Despite its low computational cost, this approach achieved perfor-
mance comparable to more complex dimensionality reduction techniques. This is supported by Silhouette
scores consistently above 0.41, indicating well-formed and stable clusters. As a direct consequence, both the
search space and the computational effort required in the subsequent optimization stage were substantially
reduced, improving overall scalability.

The parameter reduction stage further reinforced the practical applicability of the methodology. By
ranking configuration parameters according to their relevance and sensitivity to the target metric, DBAs
were able to focus on a compact and interpretable subset of variables. Operational experience indicates a
strong preference for modifying only a limited number of parameters per tuning cycle, prioritizing those
with the highest expected impact. The LASSO regularization path confirmed this behavior, with VPMIN
appearing among the first parameters to receive non-zero coefficients, highlighting its dominant influence on
synchronous I/0 latency.
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Figure 8: Quality metrics per iteration

Regarding the GPR training data, the cubic computational complexity of exact Gaussian Process infer-
ence (O(n?) for matrix inversion) necessitates a deliberate subsampling strategy when dealing with large-scale
datasets. From the 109,749 cleaned observations, a stratified subsample of 25% was drawn, preserving the
proportional representation of each buffer pool group to avoid distributional bias. This yielded approximately
27,437 records, which were subsequently partitioned into 80% for training and 20% for validation (approx-
imately 21,950 and 5,487 observations, respectively). To further ensure numerical stability and tractable
inference within the GPR kernel matrix, a training cap of n = 4,000 observations was enforced: when the
training partition exceeded this limit, a uniform random subset of 4,000 samples was selected for model fit-
ting. This cap was determined empirically as the largest sample size for which the Cholesky decomposition
of the covariance matrix remained numerically stable (condition number within acceptable bounds) while
completing within the available computational budget. Input features were normalized using a two-stage
pipeline (MinMaxScaler followed by StandardScaler), and the target variable (Max Synchronous I/O Delay)
was standardized independently using StandardScaler fitted on the training partition, ensuring zero-mean
unit-variance inputs to the kernel functions.
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In the final optimization stage, the benefits of metric and parameter reduction became explicit. Compared
to experiments without dimensionality reduction, total optimization time was reduced by more than 50%,
while memory consumption decreased by up to a factor of six in some scenarios. Model training was evaluated
over a maximum horizon of 200 epochs, shifting the validation focus from standard regression metrics to
those critical for Bayesian Optimization: ranking capability and uncertainty calibration. As evidenced by
the training logs, the model achieved stable performance well before the maximum epoch limit, triggering
the early stopping mechanism at epoch 98 due to the stabilization of the Negative Log Predictive Density
(NLPD). At this point, the Spearman’s rank correlation coefficient (p) had converged to approximately
0.763, indicating a robust ability to correctly order configuration candidates. Simultaneously, the Empirical
Coverage for 95% confidence intervals reached 90.7%, demonstrating that the model’s uncertainty estimates
were well-calibrated (close to the ideal 95%) and reliable for guiding the acquisition function, avoiding
overconfidence. The entire training process completed in approximately 19 minutes (1150s), confirming that
the BO-GPR approach achieves reliable convergence with limited computational overhead.

Given the low operational cost of acquisition evaluation, all three acquisition strategies (EI, PI, and
UCB) were systematically explored, and the one yielding the best predicted performance was selected for
each buffer pool. The final optimization results were robust and produced configuration values that remained
within realistic operational boundaries and inside the margins typically accepted by DBAs, as illustrated in
Table[6] It is important to note that this table intentionally reports only those buffer pools whose predicted
gains exceeded a minimum operational threshold defined by the optimization policy. Recommendations that
did not surpass this threshold were deliberately discarded, as marginal improvements do not justify the
technical and financial risks associated with modifying production configurations in a centralized mainframe
environment.

Initially, some simulations generated unrealistically aggressive configurations. To address this issue, the
simulation model was refined to better approximate real system behavior. A hyperbolic tangent function
was introduced to model a saturating non-linear response as the configuration distance increased, preventing
unbounded extrapolations. Additionally, Gaussian noise was incorporated to reflect the inherent stochasticity
of production environments. These adjustments resulted in more conservative and operationally realistic
predictions, without compromising the optimization capability.

It is important to emphasize that only 17 out of the 29 evaluated buffer pools (approximately 58.6%) had
their configurations effectively accepted for modification. This is not a limitation of the optimization method,
but a direct consequence of a deliberately conservative operational policy. In mainframe environments,
configuration changes carry non-negligible technical and financial risks. Therefore, only recommendations
that presented gains clearly above a minimum technical and economic threshold were considered acceptable.
Any predicted improvement that did not justify the inherent risk of modifying production parameters was
intentionally discarded.

Consequently, negative or marginal gains do not indicate a failure of the model. Instead, they indicate
that, for a significant subset of buffer pools, the existing configuration was already sufficient or near-optimal.
In such cases, the correct operational decision is to preserve the current configuration. From this perspective,
the BO-GPR framework acts not only as an optimizer, but also as a technical triage mechanism that identifies
when intervention is unnecessary. The objective is not to maximize the number of changes, but to minimize
unjustified operational risk.

The results in Table@demonstrate reductions of up to 95% in synchronous I/0 waiting time for the buffer
pools that satisfied the acceptance criteria. These gains were consistently observed across multiple experi-
mental runs, indicating stable and reproducible behavior rather than isolated improvements. Scientifically,
this confirms that the joint application of EFA, LASSO, and BO-GPR is robust enough to operate under
the complexity and constraints of a real production mainframe environment. From a corporate perspective,
it demonstrates that automated performance optimization can be achieved with controlled risk and strong
governance guarantees, even in mission-critical legacy systems.

To statistically validate the observed improvements, paired t-tests were conducted over 10 independent
runs per configuration. Reductions in the Maximum Synchronous I/O Delay (ms) were statistically signif-
icant (p < 0.05), confirming that the performance gains were not attributable to random variation. The
average effect size, measured by Cohen’s d, was 0.85, indicating a large and practically meaningful impact.
This combination of statistical significance, effect size, and operational feasibility provides strong evidence
that the proposed methodology is both scientifically sound and industrially applicable.

A natural question is whether the observed gains could be attributed to the surrogate model or whether
a simpler uninformed strategy, such as Random Search, would achieve comparable results. In this work, the
DBA-maintained configuration serves as the primary baseline because it represents the actual production
state against which any automated method must demonstrate improvement. Nevertheless, the experimental
data provide direct evidence of the added value of the GPR-guided optimization over a hypothetical random
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Table 6: Buffer pool configurations: parameters and performance
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search baseline. The candidate generation stage already incorporates a substantial random component:
60% of the NcanpipaTES.BP = 26,000 candidates per buffer pool (approximately 15,600 configurations) are
sampled uniformly at random from the feasible parameter space. If random sampling alone were sufficient,
the acquisition functions would add no value. However, the results show that the GPR posterior and the
acquisition functions are essential for two reasons.

First, the acquisition functions actively concentrate the search on high-value regions of the configuration
space. While the Probability of Improvement (PI) strategy dominated the final accepted configurations due
to its conservative nature, the Expected Improvement (EI) strategy frequently identified the highest-impact
candidates across multiple grid search iterations. This indicates that the surrogate model’s predictive mean
and uncertainty estimates provide substantial information gain over uniform sampling. This is consistent with
the theoretical and empirical findings of Turner et al. , who demonstrated that Bayesian Optimization
is systematically superior to Random Search across diverse black-box optimization benchmarks.
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Second, and more critically, the GPR-based acceptance gate prevents harmful recommendations. Of the
29 evaluated buffer pools, 12 (41.4%) had their best GPR-guided candidate predict latency worse than the
current baseline (mean predicted degradation of 24.9%). A pure Random Search strategy, lacking a calibrated
surrogate model and an explicit acceptance threshold, has no principled mechanism to distinguish beneficial
from harmful configurations. Without the acceptance gate, all 29 buffer pools would receive reconfiguration
recommendations, and the 12 pools in near-optimal or complex regimes would be subjected to changes that
the model predicts would degrade performance. In a production mainframe environment, even a single such
degradation could violate service level agreements and incur significant financial penalties.

Therefore, the DBA baseline is not merely a convenient comparator but the most operationally meaningful
one: it represents the configuration that must be provably outperformed before any change is justified. The
BO-GPR framework’s ability to selectively improve 58.6% of buffer pools while explicitly protecting the
remaining 41.4% from harmful changes constitutes its primary advantage over uninformed search strategies,
which offer no such safety guarantees.

6.1 Case Study Analysis

To illustrate the practical application of the methodology, we present a detailed case study of BP8KS8, which
achieved the highest performance gain (94.95%). This buffer pool serves high-frequency transactional tables
in the core banking system. Before optimization, BP8K8 exhibited consistently high synchronous I/O delays
during peak hours, averaging 45 ms with spikes exceeding 200 ms. The initial configuration (VPMIN=10112,
DWQT=30) was conservative, reflecting historical DBA practices that prioritized memory conservation over
performance.

The LASSO analysis identified VPMIN as the primary lever for improvement, with DWQT as secondary.
Bayesian Optimization with the PI acquisition function converged after 47 iterations, recommending VP-
MIN=25088 and DWQT=5. The rationale is straightforward: increasing VPMIN ensures that more pages
remain resident in memory, improving hit ratio, while lowering DWQT triggers earlier asynchronous writes,
preventing synchronous I/0O bottlenecks during write-intensive periods.

Post-optimization monitoring over two weeks confirmed sustained improvement. The average synchronous
I/0 delay dropped to 2.3 ms, with maximum values rarely exceeding 15 ms. Importantly, no adverse effects
were observed in complementary metrics such as CPU utilization or memory pressure, validating the oper-
ational safety and robustness of the recommended configuration.

7 Discussion

This section contextualizes the observed results by interpreting them in light of the empirical validation
hypothesis and by discussing their implications for both industrial practice and academic research. In this
study, success is not defined by maximizing the number of configuration changes, but by identifying when
changes are technically justified and economically defensible. Consequently, the optimization framework
must be understood not only as a mechanism for performance improvement, but also as a decision-support
system that determines when intervention is unnecessary. The technical gains observed at the DBMS level
translate directly into operational benefits, such as improved predictability in meeting service levels and
more disciplined resource management. Moreover, this work aligns with the broader vision of autonomous
database management systems, or self-driving databases, whose objective is to reduce human intervention
through machine learning and automated optimization [62}/63].

7.1 Interpretation of Results

The observed performance gains, reaching up to 95% reduction in Maximum Synchronous I/O Delay, confirm
the hypothesis that machine learning techniques can outperform traditional manual tuning approaches [8}[13].
However, an equally important result is that only a subset of buffer pools exhibited improvements that
justified operational intervention. The heterogeneity of results, ranging from approximately 12% to 95%,
reflects the intrinsic diversity of system dynamics rather than limitations of the proposed model. While
some buffer pools were operating in suboptimal regimes with substantial room for improvement, others
were already configured in a performance regime where marginal gains would be statistically detectable but
operationally irrelevant.

This behavior is a desirable property of the optimization process. All candidate configurations were
filtered by a minimum improvement threshold, below which recommendations were systematically discarded.
Predicted gains that did not surpass this technical and economic threshold were rejected not because they
were incorrect, but because they were insufficient to justify the operational risk of modifying production
parameters in a centralized mainframe environment. As a result, the framework acts simultaneously as an
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optimizer and as a technical triage mechanism, distinguishing between cases that require intervention and
cases where preserving the current configuration is the correct engineering decision.

The LASSO analysis consistently identified VPMIN and DWQT as the most influential parameters |18§].
This finding is fully aligned with the underlying buffer pool mechanics. The parameter VPMIN determines
the guaranteed minimum memory allocation and directly influences the buffer hit ratio, while DWQT controls
the balance between synchronous and asynchronous write activity. Their prominence in the regularization
path provides quantitative confirmation of long-standing DBA intuition and establishes an evidence-based
prioritization scheme for configuration management. Even in scenarios where automated tuning is not
adopted, this ranking offers immediate practical value for guided manual interventions.

7.2 Practical Implications

From an operational perspective, the proposed methodology introduces a structured and conservative ap-
proach to automated tuning. Rather than promoting aggressive reconfiguration, the framework embeds
explicit governance rules through acceptance thresholds that encode organizational risk policies. Recom-
mendations are only accepted when the predicted benefit clearly outweighs the cost and risk associated
with production changes. This transforms optimization into a controlled decision process, aligned with the
operational realities of mission-critical mainframe systems.

The methodology also increases engineering efficiency by reducing the reliance on trial-and-error tun-
ing. DBAs are no longer required to explore large configuration spaces manually, but instead interact with
a system that concentrates attention on a small subset of parameters with demonstrable impact. At the
same time, the use of interpretable models, such as LASSO and BO-GPR, ensures transparency and trace-
ability. Each recommendation is supported by explicit predictions and uncertainty estimates, enabling full
auditability, which is essential in regulated environments such as the financial sector.

Finally, the framework improves production safety. By operating strictly within parameter ranges val-
idated by domain experts and by discarding low-impact recommendations, it minimizes the probability of
destabilizing the system. In this sense, the most important operational contribution is not the number of
successful reconfigurations, but the systematic avoidance of unjustified ones.

To illustrate the concrete risks that the acceptance policy is designed to prevent, consider two represen-
tative failure scenarios in DB2 for z/0OS. First, a drastic reduction in VPMIN (e.g., from 524,288 to 10,048
pages) shrinks the guaranteed resident page set, forcing synchronous read I/0 as frequently accessed pages
are evicted. Under peak load, transactions that normally complete within 50 ms may stall beyond 500 ms,
triggering cascading timeouts and breaching Service Level Agreements within minutes—with contractual
penalties that can reach hundreds of thousands of dollars per hour in financial environments. Second, an
aggressive increase in DWQT (e.g., from 5 to 90) delays asynchronous writes until the deferred write queue
saturates, forcing synchronous write mode and prolonged page latch retention. The resulting contention cre-
ates deadlock-prone conditions and, in extreme cases, a buffer pool full state that halts transaction processing
entirely.

These are not hypothetical scenarios but well-documented failure modes in IBM DB2 for z/0S envi-
ronments [60], observed when tuning is performed without adequate impact analysis. The conservative
acceptance threshold (MIN_IMPROV_PCT > 5%) ensures that only configurations with meaningful pre-
dicted benefit are recommended, avoiding exposure to these preventable but catastrophic risks.

7.3 Limitations and Threats to Validity

Despite the positive results, several limitations and threats to validity must be acknowledged. Regarding
external validity, the experiments were conducted in a single IBM DB2 for z/OS environment, albeit at large
scale and under real production conditions. While the methodology is DBMS-agnostic in principle, its direct
applicability to other platforms such as Oracle, PostgreSQL, or MySQL requires further validation, as each
system implements memory management and tunable parameters differently.

Workload dependence constitutes another important limitation. The model is trained on historical oper-
ational data and therefore assumes a certain degree of stationarity in access patterns. Significant workload
shifts, such as new application deployments, seasonal effects, or abrupt demand changes, may require re-
training or recalibration. In highly dynamic environments, this assumption may not always hold.

There is also an inherent gap between simulation and reality. Although the simulation model was cal-
ibrated using real measurements and validated by experienced DBAs, live production systems are subject
to additional factors such as hardware variability, interference between workloads, and complex resource
contention effects that are difficult to model exhaustively. Consequently, simulation-based gains should be
interpreted as conservative estimates rather than exact predictions.
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The cold-start problem is another limitation of Bayesian Optimization. A minimum amount of historical
data is required to construct an initial surrogate model. In environments with very limited monitoring
data, early recommendations may be less reliable. Techniques such as transfer learning or cross-system
initialization could mitigate this issue but were not explored in this study.

From a modeling standpoint, BO-GPR assumes a degree of smoothness and continuity in the objective
function. While this assumption holds reasonably well for latency metrics in many DBMS configurations, it
may not generalize to all performance indicators. Moreover, the cubic computational complexity of Gaussian
Process training, O(n?), limits scalability for extremely large datasets, although dimensionality reduction
via EFA significantly alleviated this issue in the present work.

The scope of tunable parameters also constrains the conclusions. The study focused exclusively on buffer
pool configuration, whereas other subsystems, such as logging, query parallelism, or sort memory, may
interact with buffer pool behavior in non-trivial ways. Extending the framework to these domains represents
an important avenue for future research.

Finally, external validation was limited to a single institution. Although all results were reviewed and
approved by experienced DBAs, cross-organizational validation was not performed. Broader adoption across
different operational environments would be required to establish stronger generalizability.

Taken together, these limitations do not undermine the core contribution of this work. Instead, they define
a clear boundary of applicability and provide a roadmap for future extensions. Within these boundaries, the
proposed methodology demonstrates that automated tuning based on EFA, LASSO, and BO-GPR is not
only technically effective, but also operationally disciplined, economically rational, and compatible with the
strict governance requirements of mission-critical mainframe environments.

8 Conclusion and Future Work

This work demonstrated the practical feasibility of applying Machine Learning techniques to automated
buffer pool tuning in a mission-critical mainframe DBMS. By integrating Exploratory Factor Analysis,
K-means clustering, LASSO regression, and Gaussian Process Regression within a Bayesian Optimization
framework, the proposed methodology was validated in a real production environment running IBM DB2 for
z/0S. The experimental results showed performance improvements of up to 95% in Maximum Synchronous
I/O Delay, with all recommended configurations being approved by experienced DBAs, confirming both
technical effectiveness and operational safety.

The dimensionality and parameter reduction stages were essential to the success of the approach. The
combination of EFA and clustering enabled a compact and interpretable representation of workload behavior,
while LASSO provided a robust, data-driven selection of the most influential configuration parameters. This
alignment between statistical modeling and established DBA practices is a central contribution of this work,
as it shows that automated optimization can complement, rather than replace, expert knowledge. In addition,
the BO-GPR strategy proved to be a pragmatic compromise between modeling accuracy and computational
cost, allowing convergence with a limited number of system evaluations, which is critical in production
environments.

Future work will focus on extending the robustness and applicability of the proposed methodology. Drift
detection mechanisms will be investigated to identify workload changes and trigger model retraining auto-
matically. Hierarchical or multi-task learning strategies may allow knowledge sharing across similar buffer
pools, improving convergence speed and data efficiency. Long-term validation will also be conducted to as-
sess stability and robustness over extended operational periods. Finally, alternative learning paradigms such
as reinforcement learning and Deep Neural Networks, as well as the auxiliary use of Large Language Models
for explainability and interaction support, will be explored cautiously, with strict attention to computational
cost, reproducibility, and operational risk.

Overall, this study establishes that automated DBMS tuning can be both scientifically rigorous and
industrially viable when grounded in statistically interpretable models and conservative optimization policies,
providing a solid foundation for safe and scalable performance optimization in mainframe environments.
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