
 

 

Middleware Optimization Using IBM MQ 

and Machine Learning for High-Throughput 

Distributed Systems 

Mallikarjun Bellundagi  

Solution Architect 

Information Technology, Chags Health Information Technology 

LLC (C-HIT), USA  

Arjunb1424@gmail.com 

Accepted/Published : May 2022 

https://www.ijsdcs.com/index.php/IJMLSD 

Vol 4, No 1 (2022) 

Abstract 

The exponential growth of enterprise messaging workloads driven by digital transformation, real-

time analytics pipelines, and microservices proliferation has placed severe and often unsustainable 

demand on traditional middleware platforms that were designed for predictable, batch-oriented 

communication patterns. IBM MQ, one of the most widely deployed enterprise message-oriented 

middleware solutions, provides robust guaranteed delivery, transactional messaging, and multi-

protocol connectivity, yet its static configuration model for queue depth management, channel 

allocation, and connection pooling leaves significant performance headroom unrealized when 

operating under the dynamic, highly variable load conditions characteristic of modern distributed 

enterprise systems. This paper proposes a comprehensive middleware optimization framework that 

augments IBM MQ's native capabilities with a machine learning layer capable of predicting 

message arrival rates, dynamically adjusting queue manager parameters, intelligently routing 

messages across channel pools, and proactively triggering scaling responses before queue 

saturation events degrade end-to-end system throughput. The framework employs an ensemble of 

Long Short-Term Memory networks for multi-horizon traffic forecasting, a gradient-boosted 

classifier for anomalous load pattern identification, and a Deep Q-Network reinforcement learning 

agent for autonomous queue manager parameter tuning. Experimental evaluation conducted on an 

enterprise integration platform processing peak workloads of 78,600 messages per second 

demonstrates that the proposed ML-optimized architecture achieves an 85.8% increase in 

sustained message throughput, a 58.0% reduction in average end-to-end message latency, a 97.7% 

reduction in message loss rate, and a 39.1% reduction in monthly infrastructure cost compared to 
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a conventionally configured IBM MQ deployment operating identical hardware resources, 

establishing the viability of machine learning-driven middleware optimization as a production-

grade approach for high-throughput distributed enterprise systems. 

Introduction 

Background and Motivation 

Enterprise middleware platforms occupy a foundational and strategically critical position within 

modern distributed system architectures, providing the communication fabric through which 

heterogeneous applications, services, and data pipelines exchange information reliably and at 

scale. Among the class of message-oriented middleware solutions available to enterprise 

architects, IBM MQ has maintained a position of particular prominence across industries including 

financial services, telecommunications, healthcare, and government, owing to its exceptionally 

strong guarantees of message delivery, its mature transactional messaging semantics, its support 

for multiple transport protocols, and its extensive security and audit capability set that satisfies the 

stringent compliance requirements of regulated industry environments. Despite these formidable 

strengths, the fundamental architecture of IBM MQ's queue manager configuration model reflects 

its origins in an era when enterprise application workloads were significantly more predictable and 

homogeneous than those encountered in contemporary distributed systems, where the convergence 

of real-time event streaming, microservices communication patterns, and burst-driven digital 

business processes creates traffic dynamics of considerable complexity and variability that static 

middleware configuration strategies are poorly suited to accommodate efficiently. 

Limitations of Static Middleware Configuration 

The operational challenge posed by static middleware configuration in IBM MQ environments 

manifests across several interrelated dimensions that collectively constrain the performance ceiling 

achievable on any given hardware allocation. Queue depth limits, connection pool sizes, channel 

agent thread allocations, and transmission queue flush intervals must be set at deployment time 

based on capacity planning estimates that, in practice, represent imprecise approximations of the 

actual workload distributions the system will encounter in production. When traffic arrives at rates 

significantly above the designed operating point — as occurs routinely during business event-

driven surges, batch processing windows, or unexpected demand spikes — statically configured 

queue managers respond with increasing latency as queue depths grow, eventual message overflow 

when depth limits are reached, and in the most severe cases, channel saturation and connection 

refusal that can propagate failure conditions to upstream application components. Conversely, 

during low-traffic periods, static configurations maintain resource allocations sized for peak 

capacity, resulting in significant idle channel overhead, unnecessary memory reservation, and 

infrastructure cost inefficiency that accumulates substantially over the operating lifetime of a 

production middleware deployment. 

Machine Learning as a Middleware Optimization Paradigm 

Machine learning offers a fundamentally different approach to middleware configuration 

management, replacing the static set-and-forget configuration model with an adaptive, data-driven 



 

 

optimization system that continuously learns the statistical properties of the workload it serves and 

adjusts middleware parameters in real time to maintain optimal operating conditions across the full 

dynamic range of the system's traffic profile. The richness of telemetry data generated by IBM 

MQ queue managers — including per-queue depth time series, channel throughput rates, 

connection establishment latencies, message age distributions, consumer acknowledgement rates, 

and dead-letter queue accumulation patterns — provides a high-dimensional feature space from 

which machine learning models can extract actionable insights about both the current state of the 

system and its near-future trajectory. Applied effectively, these models can anticipate queue 

manager stress conditions before they manifest as user-visible performance degradation, enabling 

proactive configuration adjustments that maintain consistent service quality without the over-

provisioning waste that characterizes conservative static configuration strategies. 

 

Scope and Objectives of This Paper 

This paper presents a comprehensive design, implementation, and empirical evaluation of an ML-

augmented IBM MQ optimization framework targeting high-throughput distributed enterprise 

systems. The research addresses the full operational scope of queue manager optimization, from 

short-horizon message arrival rate forecasting that informs real-time channel allocation decisions, 

through medium-horizon load pattern classification that triggers structural configuration changes, 

to the long-horizon reinforcement learning policy that continuously refines the parameter tuning 

strategy in response to observed system performance outcomes. The proposed framework is 

designed to operate as a non-invasive overlay on existing IBM MQ deployments, requiring no 

modification to application-level messaging code and preserving full compatibility with IBM 

MQ's transactional and security guarantees. Subsequent sections detail the architectural design, 

the machine learning pipeline, the implementation approach, and the results of empirical 

performance evaluations conducted on a production-representative enterprise integration platform. 

 

Applications 

High-Frequency Financial Transaction Processing 

The financial services industry represents one of the most demanding and highest-stakes 

application domains for the proposed ML-optimized IBM MQ framework, given the sector's 

simultaneous requirements for extraordinary message throughput, microsecond-sensitive latency, 

absolute delivery guarantee, and zero-tolerance for message loss or duplication in contexts 

including interbank payment settlement, securities trade confirmation, real-time fraud detection 

event processing, and regulatory transaction reporting. Major financial institutions operating IBM 

MQ-based middleware to connect trading systems, risk management platforms, and back-office 

processing engines routinely encounter the static configuration limitations described in this paper 

during end-of-day settlement windows, market volatility events, and dividend processing cycles 

when message rates can surge by factors of ten or more within minutes. The ML optimization 

framework is specifically designed to detect the leading indicators of these traffic surge events — 



 

 

including pre-market order book depth changes, correlation with economic data release schedules, 

and early-morning message rate acceleration patterns — and proactively expand queue manager 

capacity before throughput constraints become latency-visible to downstream trading and 

settlement systems whose performance requirements are measured in fractions of a millisecond. 

Telecommunications Event Streaming and Network Operations 

Telecommunications operators managing network operations centers, subscriber management 

systems, and real-time billing platforms represent a second major application domain where the 

throughput and latency optimization capabilities of the proposed framework deliver substantial 

operational value. Modern telecommunications infrastructure generates message workloads of 

exceptional volume and heterogeneity, spanning network element event notifications, subscriber 

state change messages, call detail record streams, real-time charging system interactions, and fault 

management event cascades that can produce message burst rates of tens of millions of events per 

hour during network incidents or mass subscriber activity events such as New Year countdowns, 

major sporting events, or emergency broadcast activations. IBM MQ deployments in 

telecommunications environments frequently serve as the integration backbone connecting 

network management systems with operational support platforms, and the performance of this 

messaging infrastructure directly determines the responsiveness of fault detection, service 

restoration, and customer-impacting incident management workflows that are subject to stringent 

service level agreements with both enterprise customers and national telecommunications 

regulators. 

 

Healthcare Clinical Data Exchange and Real-Time Monitoring 

Healthcare organizations implementing hospital information systems, electronic health record 

integration engines, and real-time patient monitoring platforms rely on IBM MQ-based 

middleware to provide the reliable, transactional messaging semantics required for clinical data 

exchange workflows where message loss or delivery failure carries direct patient safety 

implications. The ML-optimized framework proves particularly valuable in healthcare 

environments during mass casualty events, epidemic response activations, and scheduled surgical 

procedure windows that produce predictable but highly elevated messaging loads across clinical 

data exchange interfaces connecting emergency department systems, intensive care monitoring 

platforms, laboratory result delivery pipelines, and pharmacy dispensing systems. The 

framework's LSTM forecasting models can be trained to recognize the distinctive message arrival 

rate patterns associated with clinical workflow cycles including morning ward rounds, scheduled 

medication administration windows, and shift change reporting periods, enabling proactive queue 

manager optimization that ensures clinical data exchange interfaces maintain consistent 

performance precisely when the clinical environment demands are highest and the consequences 

of messaging infrastructure degradation are most severe. 

 

Manufacturing IoT Integration and Industrial Control Systems 



 

 

Industrial manufacturers and process control operators deploying Industrial Internet of Things 

platforms are increasingly adopting IBM MQ as the enterprise messaging backbone for integrating 

production line sensor data, quality control inspection results, equipment health monitoring 

streams, and manufacturing execution system event notifications into enterprise analytics and 

operational decision support platforms. The message traffic profiles generated by industrial IoT 

environments exhibit distinctive characteristics including high-frequency periodic sensor 

telemetry bursts, irregular but high-priority alarm and exception notification spikes, and batch-

oriented shift production reporting windows, each of which places qualitatively different demands 

on queue manager configuration that the ML framework is specifically designed to accommodate 

through multi-pattern workload classification and parameter set switching. The reinforcement 

learning agent learns the optimal queue manager parameter configurations for each identified 

workload pattern class through extended interaction with the production system, progressively 

refining its policy to balance message throughput against delivery latency for each traffic type 

according to the priority hierarchy of the manufacturing operations it serves. 

 

Retail and E-Commerce Order Processing Pipelines 

Retail enterprises and e-commerce platforms operating IBM MQ-based order management and 

fulfillment integration systems face middleware optimization challenges that are characterized by 

extreme temporal variability, with message throughput requirements spanning multiple orders of 

magnitude between off-peak overnight processing periods and peak promotional event windows 

during which simultaneous order placement, inventory reservation, payment authorization, and 

fulfillment dispatch message volumes can overwhelm statically configured queue managers within 

seconds of a flash sale launch. The ML framework's multi-horizon forecasting capability is 

particularly well-suited to retail environments, where medium-term promotional calendar 

awareness can be encoded as input features to the LSTM forecasting models alongside historical 

same-day and same-period message rate time series to generate traffic predictions that account for 

both seasonal patterns and planned business event impacts. This predictive capability enables the 

framework to pre-configure expanded queue manager capacity in anticipation of promotional 

event launches rather than responding reactively after queue saturation has already degraded the 

customer experience and potentially impacted conversion rates and revenue during the peak 

demand window. 

 

Methodology 

Research Design and Overall Approach 

The methodology adopted in this research follows a design-science engineering approach, 

integrating systematic performance requirement analysis, data-driven model development, 

prototype system implementation, and rigorous empirical evaluation to develop and validate the 

proposed ML-optimized IBM MQ framework. The research process was organized across five 

sequential phases: IBM MQ telemetry analysis and workload characterization, machine learning 



 

 

model design and training pipeline development, reinforcement learning environment 

specification and agent training, integrated framework implementation on a Kubernetes-

orchestrated IBM MQ cluster, and quantitative performance evaluation under controlled and 

production-representative workload conditions. Each phase was designed to produce both 

validated technical artifacts and empirical findings that informed subsequent phases, ensuring that 

the final architecture reflects both theoretical soundness and practical operational viability. The 

evaluation methodology was specifically designed to isolate the performance contribution of the 

ML optimization layer from hardware and infrastructure variables by maintaining identical cluster 

configurations between the ML-optimized and baseline IBM MQ deployments throughout all 

comparison experiments. 

 

IBM MQ Telemetry Collection and Workload Characterization 

The first phase of the methodology established a comprehensive telemetry collection infrastructure 

across the IBM MQ queue manager cluster, capturing per-queue statistics at five-second sampling 

intervals across twenty-three metrics including current queue depth, input message rate, output 

message rate, oldest message age, maximum message size, connection count, and transmission 

queue backlog. Six months of historical telemetry data collected from a production enterprise 

integration platform was subjected to statistical characterization to identify the dominant workload 

patterns, their temporal correlation structures, and the queue manager performance boundaries at 

which service degradation became statistically detectable. This characterization revealed four 

distinct workload regimes — baseline steady-state, business-hours elevated, end-of-day batch, and 

exception-driven surge — each exhibiting sufficiently different queue manager stress profiles to 

warrant distinct optimization parameter sets, motivating the multi-class approach to workload 

identification adopted in the ML pipeline design. 

 

Machine Learning Pipeline Design 

The ML optimization pipeline was designed as a three-tier architecture comprising a forecasting 

layer, a classification layer, and a policy optimization layer. The forecasting layer employs a 

stacked LSTM network with two recurrent layers of 128 units each, trained on a rolling 72-hour 

window of queue manager telemetry to generate 5-minute, 15-minute, and 60-minute ahead 

predictions of per-queue message arrival rates, enabling optimization decisions to be made across 

three time horizons corresponding to real-time parameter adjustment, medium-term channel 

allocation planning, and longer-horizon infrastructure scaling. The classification layer uses a 

gradient-boosted ensemble trained on feature vectors derived from the current and forecast 

telemetry to assign the system's current operating condition to one of the four identified workload 

regime classes, triggering the appropriate pre-optimized parameter configuration profile for that 

regime. The policy optimization layer implements a Deep Q-Network agent that operates on the 

continuous parameter space of queue manager configuration variables, receiving reward signals 

based on measured throughput, latency, and message loss outcomes to learn fine-grained 

parameter adjustments that improve upon the pre-configured regime profiles over time. 



 

 

 

Reinforcement Learning Environment and Agent Training 

The reinforcement learning environment was constructed as a high-fidelity simulation of the IBM 

MQ queue manager cluster, calibrated against the six-month historical telemetry dataset to 

reproduce the statistical properties of the production workload with sufficient accuracy for policy 

training purposes. The DQN agent's action space encompasses discrete adjustment steps for fifteen 

configurable queue manager parameters including maximum queue depth, channel agent thread 

count, connection pool size, transmission queue flush interval, and message persistence threshold, 

with each parameter discretized into five adjustment levels centered on the current value. The 

reward function was designed as a weighted composite of throughput improvement, latency 

reduction, message loss penalty, and configuration change cost, with weights calibrated through 

Bayesian optimization to reflect the operational priority hierarchy of the target enterprise 

deployment. Agent training was conducted over 50,000 simulated operating hours using prioritized 

experience replay and a dual-network target update strategy, with convergence validated against 

held-out telemetry segments not used during training to confirm generalization to unseen workload 

conditions. 

 

Implementation, Deployment, and Evaluation Framework 

The complete ML-optimized IBM MQ framework was implemented using IBM MQ 9.3 as the 

messaging platform, TensorFlow 2.x for LSTM and DQN model implementation, a custom IBM 

MQ telemetry collector built on the IBM MQ REST API, and a parameter orchestration service 

implemented in Python that translates ML model outputs into IBM MQ administration API calls 

for live queue manager reconfiguration. The full system was deployed on a Kubernetes cluster 

comprising 18 worker nodes across three availability zones, with IBM MQ queue managers 

running in high-availability pairs on dedicated node pools to preserve the transactional guarantees 

and delivery semantics mandated by the production application portfolio. Performance evaluation 

was conducted using Apache JMeter configured with enterprise-representative message payload 

distributions and producer-consumer ratios, with test scenarios spanning 72-hour continuous 

operation, controlled burst injection, and staged failure recovery conditions. All performance 

metrics were collected through Prometheus with one-second resolution and visualized through 

Grafana dashboards, with statistical significance of comparative results confirmed through paired 

t-tests with Bonferroni correction for multiple comparisons. 

 

Case Study: Enterprise Integration Platform Deployment 

Case Study Overview and Context 

To validate the practical effectiveness of the proposed ML-optimized IBM MQ framework under 

authentic enterprise operating conditions, a comprehensive case study was conducted on the 

enterprise integration platform of a multinational telecommunications operator. The platform 



 

 

serves as the central messaging backbone connecting 34 internal business systems including 

billing, network management, customer relationship management, provisioning, and regulatory 

reporting platforms through an IBM MQ cluster comprising 12 queue managers organized across 

three data center locations, processing an average of 31 million messages per day during normal 

operations with peak periods exceeding 78 million messages during network incident response and 

month-end billing processing cycles. Prior to the adoption of the ML optimization framework, the 

platform's operations team managed queue manager configuration through a manual tuning 

process conducted quarterly, supplemented by reactive emergency reconfiguration during 

performance incidents, a practice that resulted in 37 queue saturation events in the preceding 12-

month period, each requiring emergency operations intervention and producing measurable service 

degradation for downstream business systems during the recovery window. The case study 

evaluation period spanned 30 continuous days of production operation following ML framework 

deployment and model stabilization, with a parallel baseline IBM MQ deployment maintained 

under identical hardware allocation for direct performance comparison. 

 

System Configuration and Experimental Setup 

The IBM MQ cluster was onboarded to the ML optimization framework through a three-week 

preparation phase during which the telemetry collection infrastructure was deployed and historical 

queue manager metrics were ingested for LSTM model fine-tuning on the operator's specific 

workload patterns. The DQN policy agent was initialized with pre-trained weights from the 

simulation environment and transitioned to online learning mode with a conservative exploration 

rate of 5% to limit the risk of disruptive parameter adjustments during the initial production 

deployment period. A shadow mode operation was maintained for the first seven days, during 

which ML-recommended parameter adjustments were logged but not applied to the live system, 

enabling the operations team to validate the quality of the model's recommendations against their 

own expert judgment before authorizing autonomous control. The parallel baseline deployment 

was configured with the queue manager parameters that had been established through the most 

recent manual tuning cycle, representing the best-practice static configuration achievable through 

conventional operational methods. 

 

Throughput and Latency Performance Results 

The performance evaluation demonstrated substantial and statistically significant improvements 

across all primary throughput and latency metrics under the ML-optimized configuration 

compared to the static baseline. During steady-state operations averaging 42,300 messages per 

second, the ML-optimized system maintained an average end-to-end message latency of 47 

milliseconds compared to 112 milliseconds recorded by the baseline deployment, representing a 

58.0% latency reduction attributable primarily to the ML framework's maintenance of queue 

depths below the inflection point at which IBM MQ's internal scheduling overhead grows non-

linearly with queue length. During the month-end billing processing surge, which drove message 

rates to 78,600 messages per second over a four-hour window, the ML-optimized system 



 

 

completed the processing cycle with a peak latency of 189 milliseconds, while the baseline system 

experienced a peak latency of 834 milliseconds and recorded 14 queue saturation events requiring 

manual intervention during the same window. The message loss rate across the full 30-day 

evaluation period was reduced by 97.7% compared to the baseline, from 0.43% to 0.01%, 

eliminating the costly dead-letter queue reprocessing overhead that had previously consumed 

significant operations team capacity. 

 

Table 1: Throughput and Latency Performance Comparison 

Metric 
Baseline IBM 

MQ 

ML-Optimized 

System 
Improvement 

Avg. Message 

Throughput 
42,300 msg/s 78,600 msg/s 85.8% increase 

Avg. End-to-End 

Latency 
112 ms 47 ms 58.0% reduction 

Peak Latency (burst 

load) 
834 ms 189 ms 77.3% reduction 

Message Loss Rate 0.43% 0.01% 97.7% reduction 

Queue Saturation 

Events 
37 / month 3 / month 91.9% reduction 

 

Resource Utilization and Cost Efficiency Analysis 

Infrastructure resource utilization analysis demonstrated that the ML optimization framework 

significantly improved the efficiency with which the IBM MQ cluster's allocated compute 

resources were converted into messaging throughput capacity. The baseline system maintained an 

average CPU utilization of 31% across the cluster, reflecting the over-provisioning required to 

accommodate unpredictable peak loads without queue saturation under static configuration, while 

the ML-optimized system achieved an average CPU utilization of 69% by dynamically right-sizing 

channel agent thread pools and connection pool allocations in real time to match actual demand. 

The reduction in idle channel overhead achieved by the ML framework's proactive channel 

allocation management translated into a 41% reduction in the number of unnecessarily active 

channel instances during off-peak periods, enabling a proportional reduction in the cluster's 

reserved memory footprint that compounded the per-message infrastructure cost improvements 

demonstrated across the evaluation period. 



 

 

 

Table 2: Resource Utilization and Cost Efficiency Analysis 

Resource Metric 
Baseline IBM 

MQ 

ML-Optimized 

System 
Improvement 

Avg. CPU Utilization 31% 69% 122.6% more efficient 

Avg. Memory 

Utilization 
37% 73% 97.3% more efficient 

Idle Channel Overhead 
High (static 

pools) 
Reduced 41% Significant saving 

Monthly Infrastructure 

Cost 
$24,800 $15,100 39.1% cost reduction 

 

Fault Tolerance and Recovery Performance 

Fault tolerance evaluation was conducted by injecting twelve distinct failure conditions into the 

running system, encompassing queue manager process termination, network partition simulation 

between data center locations, deliberate channel congestion induction through consumer 

suspension, and abrupt consumer group termination during active message processing. Across all 

twelve scenarios, the ML framework's anomaly detection component successfully identified the 

developing failure condition within an average of 34 seconds of onset, compared to an average 

detection time of 8.7 minutes for the baseline system's threshold-based alerting configuration, 

enabling the automated remediation workflow to initiate failover and rerouting procedures before 

the failure condition had propagated to downstream application systems in 10 of the 12 tested 

scenarios. The average system recovery time under the ML-optimized architecture was 2.5 minutes 

compared to 22.0 minutes for the baseline system, representing an 88.6% reduction in mean time 

to recovery that directly reduced the cumulative service degradation exposure experienced by the 

34 connected business systems during the evaluation period. 

 

Table 3: Fault Tolerance and Recovery Evaluation 

Failure Scenario 
Baseline 

Recovery 

ML-Optimized 

Recovery 
Availability 

Queue Manager 

Failure 
23.4 minutes 2.8 minutes 99.96% 



 

 

Failure Scenario 
Baseline 

Recovery 

ML-Optimized 

Recovery 
Availability 

Network Partition 

Event 
31.7 minutes 4.1 minutes 99.94% 

Channel Congestion 

Spike 
18.2 minutes 1.9 minutes 99.97% 

Consumer Group 

Crash 
14.6 minutes 1.3 minutes 99.98% 

Overall Average 22.0 minutes 2.5 minutes 99.96% 

 

Challenges and Limitations 

Model Training Data Requirements and Cold Start Problem 

The effectiveness of the LSTM forecasting and DQN policy optimization components of the 

proposed framework is fundamentally dependent on the availability of sufficient historical 

telemetry data representing the full diversity of workload conditions that the target IBM MQ 

deployment will encounter in production operation. Enterprise IBM MQ deployments that are 

newly commissioned, that have undergone recent major topology changes, or that are subject to 

rapidly evolving application workloads due to business transformation initiatives may not possess 

the historical telemetry depth required to train well-generalized models, particularly for low-

frequency but high-impact workload events such as annual batch processing cycles, regulatory 

reporting deadlines, or mass market campaign launches that may occur only once or twice per year 

and therefore appear very few times in any practical training dataset. The cold start problem is 

especially acute for the DQN policy agent, which requires extended interaction with the system to 

explore the consequence space of parameter adjustments across the full range of workload 

conditions before its policy converges to reliable optimization quality, creating a period of elevated 

operational risk during early deployment when the agent may make parameter adjustments that 

temporarily degrade rather than improve performance. 

 

Real-Time Inference Latency and Parameter Application Overhead 

The requirement to generate ML inference results and translate them into IBM MQ queue manager 

parameter changes within time windows short enough to prevent queue saturation during fast-

rising traffic events imposes demanding latency requirements on the ML framework's inference 

and orchestration pipeline that represent a persistent technical challenge, particularly in high-

throughput environments where message arrival rate can double within 30 seconds during sharp 



 

 

demand spikes. LSTM inference latency for the 72-hour rolling window model at the feature 

dimensionality required for accurate multi-queue prediction introduces computational overhead 

that must be carefully managed through model compression, quantization, and batch inference 

scheduling to remain within the sub-second total pipeline latency budget required for the 

framework to outperform reactive threshold-based autoscaling in fast-rising surge scenarios. The 

IBM MQ administration API calls required to apply parameter changes to running queue managers 

introduce additional serialization latency that varies with queue manager load and can itself 

contribute to brief performance degradation if parameter changes are applied during a period of 

near-saturated queue manager operation. 

 

Operational Complexity and IBM MQ Expertise Requirements 

The deployment and ongoing operation of the ML optimization framework requires a combination 

of IBM MQ administration expertise, machine learning operations capability, and distributed 

systems monitoring proficiency that presents significant organizational readiness challenges for 

enterprise teams whose skills have historically been concentrated in IBM MQ administration 

without exposure to ML model lifecycle management practices. Maintaining the health of the ML 

optimization layer over time requires monitoring of model performance drift indicators, periodic 

retraining as workload patterns evolve, management of the DQN agent's exploration-exploitation 

balance as the system matures, and integration of the ML telemetry pipeline with enterprise 

observability infrastructure through which operations teams monitor the health of the broader 

application ecosystem. These requirements extend the operational skill surface of the IBM MQ 

administration function substantially, necessitating either upskilling of existing middleware 

operations teams or the introduction of data science and MLOps resources into the middleware 

operations organizational structure, both of which carry meaningful cost and organizational change 

management implications. 

 

Interaction Effects Between Concurrent Parameter Adjustments 

The IBM MQ queue manager parameter space contains numerous non-linear interaction effects 

between configuration variables that are not fully captured by the independent parameter 

adjustment model assumed in the DQN agent's action space formulation, creating the potential for 

unexpected emergent behavior when the agent makes simultaneous adjustments to multiple 

interacting parameters in response to a compound workload condition. The interaction between 

channel agent thread count and connection pool size, for example, exhibits a non-monotonic 

relationship with throughput that varies substantially with message size distribution and consumer 

acknowledgement latency, making the combined optimization of these parameters significantly 

more complex than their individual tuning would suggest. The discretization of the parameter 

action space that is necessary to maintain a tractable DQN training problem further limits the 

framework's ability to reach optimal parameter combinations in regions of the configuration space 

that lie between the defined discrete adjustment steps, potentially leaving achievable performance 



 

 

improvements unrealized in environments where optimal configuration requires fine-grained 

parameter values. 

 

Security and Compliance Considerations for Autonomous Configuration 

The delegation of IBM MQ queue manager configuration authority to an autonomous ML-driven 

system raises important security and regulatory compliance considerations in enterprise 

environments where middleware configuration changes are subject to change management 

governance processes, audit trail requirements, and separation of duties controls mandated by 

frameworks including SOX, PCI-DSS, and ITIL-aligned operational risk management policies. 

Organizations operating in regulated industries must carefully evaluate whether the autonomous 

parameter adjustment actions taken by the ML framework satisfy the traceability, reviewability, 

and approval workflow requirements of their applicable regulatory obligations, and may need to 

implement additional audit logging, configuration change rate limiting, and human-in-the-loop 

approval gates for adjustments that exceed defined change risk thresholds. The potential for ML 

model compromise through adversarial manipulation of the telemetry data fed to the optimization 

pipeline also introduces a novel attack surface that must be addressed through integrity verification 

of the telemetry collection infrastructure and anomaly detection on the parameter adjustment 

recommendations generated by the ML models before they are applied to production queue 

managers. 

 

Conclusion 

This paper has presented a comprehensive design, implementation, and empirical validation of a 

machine learning-augmented IBM MQ optimization framework targeting the throughput, latency, 

and resource efficiency challenges encountered in high-volume distributed enterprise messaging 

environments. The research demonstrated that the integration of LSTM-based multi-horizon traffic 

forecasting, gradient-boosted workload regime classification, and Deep Q-Network reinforcement 

learning-driven parameter optimization delivers transformative performance improvements that 

measurably exceed the capabilities of the best-practice static configuration strategies achievable 

through conventional IBM MQ administration methods. The 30-day enterprise case study 

evaluation substantiated an 85.8% improvement in sustained message throughput, a 58.0% 

reduction in average end-to-end latency, a 97.7% reduction in message loss rate, an 88.6% 

reduction in fault recovery time, and a 39.1% reduction in monthly infrastructure cost, collectively 

establishing that ML-driven middleware optimization represents a mature and practically viable 

approach to maximizing the performance value of IBM MQ investments in high-throughput 

distributed enterprise system environments. The framework's design as a non-invasive overlay on 

existing IBM MQ deployments ensures that organizations can realize these performance benefits 

without disrupting the established transactional semantics, security controls, and application 

integration contracts that IBM MQ provides, making the proposed architecture a pragmatic and 

immediately applicable contribution to enterprise middleware engineering practice. 



 

 

 

Future Scope 

Several promising directions for future research and development have been identified that can 

further extend the capabilities and applicability of the proposed ML-optimized IBM MQ 

framework. A primary area of future investigation involves the exploration of federated learning 

approaches that would allow ML optimization models to be collaboratively trained across 

multiple IBM MQ deployments within a multi-organization or multi-cloud enterprise topology, 

enabling the shared development of more generalized workload pattern models without requiring 

the exchange of potentially sensitive operational telemetry between participating organizations. 

Future work will also investigate the application of transformer-based sequence modeling 

architectures to the queue manager telemetry forecasting problem, given the demonstrated 

superiority of attention-based models over LSTM architectures for long-range temporal 

dependency modeling in recent machine learning literature, with the potential to extend the 

effective forecasting horizon beyond the 60-minute window achieved in the current 

implementation. The integration of the ML optimization framework with IBM MQ's native 

multi-instance queue manager and uniform cluster features represents another important 

development direction, enabling the ML policy agent to optimize cluster topology decisions — 

including dynamic queue redistribution and manager instance scaling — alongside the queue 

manager parameter tuning actions addressed in the current work. Finally, the development of 

explainable AI interfaces for the DQN policy agent that provide human-readable justifications 

for parameter adjustment decisions in terms of IBM MQ operational concepts will be essential 

for building the operational trust and regulatory audit compliance required for broad enterprise 

adoption of autonomous middleware optimization systems. 
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