


Predictive Failure Modeling for Microservices-Based Financial Platforms


Abstract
Microservices architectures have become central to modern financial platforms, offering scalability and faster delivery, although they also introduce distributed dependencies, partial failures, and cascading failure dynamics that threshold-based and reactive monitoring cannot adequately address. This review examines how predictive failure modelling may strengthen the reliability of microservices-based financial platforms, and is guided by three questions: how predictive models are built to recognise failures in microservices environments, what challenges arise in deploying them in finance, and which trade-offs organisations face when selecting among them. Drawing on literature from distributed systems engineering, machine learning, and financial technology, the review traces how failure dynamics have changed with the shift from monolithic to microservices architectures, defines predictive failure modelling in relation to anomaly detection and root cause analysis, and then compares four families of techniques (anomaly detection, time-series modelling, classification, and reinforcement learning) against criteria relevant to financial platforms. It also considers the architectural and data engineering foundations these methods depend on, including telemetry pipelines, feature engineering, deployment, and model maintenance. The review identifies recurring challenges, including data heterogeneity, scarcity of labelled failure events, concept drift, the balance between sensitivity and alert fatigue, and the limited interpretability of complex models in regulated settings. The reviewed literature provides limited evaluation of production financial platforms. The review concludes that predictive modelling is most effective as part of a broader system, supported by mature observability, MLOps practices, and human oversight, and highlights explainable AI, reinforcement learning for adaptive control, digital twins, and the integration of business and regulatory context into prediction as priorities for future work.
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Introduction
The field of financial systems has changed considerably over the past decade. Instead of monolithic banking applications, financial firms now use distributed architectures that emphasise modularity and agility. One of the key elements of the modern approach to the development of software in finance is microservices, in which applications are divided into services that communicate through APIs. Although this approach offers advantages for service scalability and faster updates, distributed architecture creates challenges for operational risk mitigation.
In monolithic systems, fewer services were involved in transactions, and failures could be traced more readily to a single point. Distributed architectures involve multiple dependent services, so failures do not occur in just one place. Even a minor failure may cascade and cause additional failures, depending on how many interdependent services there are in the system. According to Soldani et al. (2021), failures in one service can propagate along service dependencies and cascade through the wider application.
Recent log-based work further shows how service interactions can be analysed to explain the propagation of observed cascading failures, although such retrospective explanations should not be equated with advance failure prediction (Soldani et al., 2025).
In the financial domain, where uptime is critical, minor issues may have serious consequences. Processing problems, transaction inconsistencies, and downtime can lead not only to financial losses but also to reputational damage and regulatory pressure. This issue is particularly important when real-time processing is central to operations such as digital banking, trading, and fraud detection (Kou et al., 2019).
Given these considerations, researchers and industry professionals have increasingly recognised the limitations of reactive approaches and the need for predictive and proactive models. The traditional approach to failure modelling relies primarily on threshold-based detection; however, it cannot handle complex failure scenarios and requires more advanced techniques involving machine learning and real-time telemetry (Laptev et al., 2015; Soldani & Brogi, 2022).
A cloud-native testbed study has explored the combination of failure prediction and policy-guided recovery in microservices; however, its controlled setting does not establish performance on production financial platforms (Iheanachor, 2026).
The significance of predictive modelling is further emphasised by the rising use of AI in finance. Today, machine learning models are used for applications such as fraud and credit risk detection, as well as for broader system improvement and optimisation. This integration of AI and systems engineering creates opportunities to develop adaptive systems that respond to changing conditions (Mao et al., 2016).
Nevertheless, the implementation of predictive modelling in microservices-based financial systems poses several difficulties. Because of the nature of microservices architecture, large volumes of heterogeneous data such as logs, metrics, and traces are generated in real time. Thus, handling and analysing these data require complex data pipelines and analytics platforms. Additionally, the opacity of many machine learning algorithms presents issues related to transparency and explainability (Rudin, 2019).
A conceptual framework for cloud-native applications has also integrated secure data flows with AI monitoring and anomaly detection, but its simulation-based findings still require production validation (Okpong, 2026).
Trace-based anomaly detection research has combined service-invocation graphs with temporal telemetry analysis, illustrating an approach for detecting abnormal microservice behaviour without demonstrating financial-platform deployment (Li et al., 2025).
Equally important is the alignment between predictive models and organisational goals. Not all failures have equal significance; distinguishing minor abnormalities from hazards to the wider system still requires considerable effort (Sculley et al., 2015). This implies that effective predictive systems must take into account the business context, using both technical and business measures to prioritise different problems appropriately.
A recent survey likewise identifies scalability, explainability, and real-time applicability as continuing limitations in microservice anomaly detection and root-cause identification (Barata et al., 2026).
The literature reviewed in this manuscript offers limited direct evaluation of predictive failure models on production financial platforms; much of the available evidence is drawn from general cloud services or benchmark microservice systems. Consequently, the transferability of reported detection performance, warning time, and operational trade-offs to financial workloads remains insufficiently established.
This paper reviews the research literature on predictive failure modelling for microservices architectures in finance. It draws on multidisciplinary studies including distributed systems engineering, machine learning, cybersecurity, and fintech innovations. The review is guided by three questions:
How are predictive models developed to recognise failures in microservices environments? What specific problems may arise when implementing predictive models in finance? What trade-offs should businesses consider when choosing models for implementation?
In addressing these questions, the paper takes a critical view, noting both the potential and limitations of existing frameworks. Emerging trends, such as the application of explainable AI, reinforcement learning for adaptive system control, and the use of digital twins to simulate and predict system failures, are also considered.
The aim, however, is not only to improve system reliability but also to examine how financial platforms approach resilience. This entails a shift from reacting to system failures towards the proactive approach enabled by predictive modelling.
This paper makes three contributions. It defines predictive failure modelling in relation to anomaly detection and root cause analysis; compares the main families of techniques against criteria relevant to financial platforms; and identifies a gap in the evaluation of such methods on production financial systems. The next section traces how microservices architecture and its failure dynamics have evolved in financial systems. The following sections review machine learning techniques, examine the architectural and data engineering requirements for implementation, synthesize the implications, and outline directions for future work.
Objectives
The objectives of this review are to define predictive failure modelling in relation to anomaly detection and root cause analysis, compare the main modelling approaches against criteria relevant to financial platforms, and identify implementation challenges and gaps in evaluations on production financial systems.
Evolution of Microservices Architecture and Failure Dynamics in Financial Systems
The transition from monolithic architectures to microservices has changed the deployment, design, and maintenance of financial systems. This transition occurred gradually in response to the need to accommodate the growing complexity of the financial industry, which required scalable and efficient systems capable of fast innovation. Initially, software was developed as tightly coupled systems, and therefore, payment functions, authentication mechanisms, report generation capabilities, and risk analysis were integrated into a unified codebase. However, this approach proved inefficient due to several factors, including scaling issues and a lack of adaptability to changes (Newman, 2021).
Unlike the monolithic approach, microservices offered financial companies with the opportunity to divide their software into independent units that could be scaled or updated separately, allowing organisations to optimise critical processes such as payments and fraud detection, among others (Dragoni et al., 2017). Moreover, the modular nature of the microservices architecture allowed different technologies to be used for specific tasks.
The architectural flexibility of microservices is accompanied by increased complexity. Distribution, autonomy, and interactions between services, which contribute to the advantages of microservices, also increase the complexity of such systems. For example, in a financial platform built according to the principles of microservices architecture, a user transaction may involve a series of services, ranging from authentication and account verification to authorization and notifications (Thönes, 2015).
These dependencies create a complex structure of failure dynamics that are characteristic of distributed microservices systems. In monolithic architectures, a failure may affect an individual component, whereas microservices can experience cascading effects. Thus, if a payment gateway service fails, subsequent processes may be affected, and account balances may not be updated promptly, potentially affecting notifications sent to users. Traditional monitoring may address such behaviour inadequately, because small disturbances can have disproportionate effects on failure dynamics, a concern that motivates chaos engineering practices (Basiri et al., 2016). Figure 1 illustrates these contrasting failure pathways.
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Figure 1. Failure Containment in Monolithic Systems vs. Cascading Failure in Microservices
In microservice-based architectures, another important aspect of system failure is partial failure. In distributed systems, it is common for some components to fail while others remain operational. Thus, a system may appear to function while underlying components are experiencing problems. For example, partial failures may be particularly harmful to financial applications because they can cause problems such as double payments, inaccurate account balances, and settlement delays (Kleppmann, 2017).
Network problems may also cause failures. Latency, packet loss, and connection interruptions may be especially problematic in cloud systems. Network problems are an inherent source of failure in distributed systems (Bailis & Kingsbury, 2014), although a large study of cloud systems found that most reported issues originate in software, with hardware failures accounting for a smaller share (Gunawi et al., 2014).
The use of containerisation and orchestration systems such as Kubernetes has increased the number of abstraction layers. While they facilitate scalability and optimisation of resources, these tools make failure detection and troubleshooting harder due to such problems as issues with container scheduling, resource competition, and misconfiguration of orchestration policies (Pahl, 2015).
Observability has become increasingly important in addressing these difficulties. Unlike monitoring, which uses selected metrics to track system processes, observability requires access to comprehensive telemetry data: logs, metrics, and distributed traces. Distributed tracing is particularly useful in microservices architectures because it enables tracking requests across services and identifying bottlenecks or sources of failures (Sigelman et al., 2010).
Despite these advances, observability alone remains insufficient. Many modern systems still operate reactively, with developers interpreting data and responding after problems occur. In many cases, however, especially when it comes to financial services, where the speed and scale of operations require near-immediate responses, such an approach may be inadequate (Erich et al., 2017).
In this review, predictive failure modelling refers to estimating, from operational telemetry, whether a failure is likely to occur within a defined future window, early enough for operators or automated controls to respond. This differs from anomaly detection, which flags deviations from normal behaviour as they occur, and from root cause analysis, which explains a failure after it has happened (Notaro et al., 2021; Soldani & Brogi, 2022). The distinction matters because a model that detects a problem only once users are affected offers little advantage over conventional alerting. In practice, these categories overlap, since anomalies are often the earliest observable sign of a developing failure. A gradual rise in request volume, unusual patterns in service-to-service communication, or abnormal resource consumption may each be too subtle or too slow to cross a fixed threshold, yet together they can signal trouble ahead (Laptev et al., 2015). A useful predictive model should therefore be assessed against two criteria: how reliably it identifies emerging failures, and how much warning it gives.
Predictive approaches are particularly important in finance. These systems require high reliability and may need to comply with strict regulatory standards and service-level agreements. Even minor system disruptions may have immediate consequences for users, their financial status, and potentially the operation of financial markets (European Parliament & Council of the European Union, 2022).
Evidence from payment infrastructure illustrates these stakes. Khiaonarong et al. (2021) reviewed recent operational incidents, including outages at major real-time gross settlement systems, and concluded that existing backup arrangements may not ensure uninterrupted payments as systems become more digital and interdependent. In the European Union, Regulation (EU) 2022/2554 requires financial entities to manage ICT risk, classify and report ICT-related incidents, and test their digital operational resilience (European Parliament & Council of the European Union, 2022). The regulation does not prescribe predictive methods. Early-warning models could nevertheless support these obligations by shortening detection time and supplying evidence for incident classification, although this is a reasoned expectation rather than an established result.
The application of predictive approaches also raises challenges that must be addressed. First, predictive models require high-quality data; otherwise, their predictions may be unreliable. Moreover, it is vital to remember that the dynamics of a microservice architecture imply that the models need to be regularly updated to take changes in the system into account (Sculley et al., 2015).
A second challenge is balancing sensitivity and specificity. Highly sensitive models may generate numerous alerts, including false positives, leading to alert fatigue among system operators. Conversely, overly conservative models may overlook problems that need to be addressed in a timely manner. This balance requires careful adjustment and a thorough understanding of the system and its objectives (Chandola et al., 2009; Lin et al., 2018).
Figure 2 illustrates this trade-off, showing how model sensitivity relates to alert volume. As sensitivity increases, alert volume rises accordingly; overly conservative thresholds risk missing genuine failures (lower left), while excessively sensitive configurations generate high rates of false positives, contributing to operator alert fatigue (upper right). A balanced operating point represents the optimal configuration for financial microservice environments.
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Figure 2. Conceptual Trade-off Between Model Sensitivity and Alert Volume
As financial systems advance, their architectural complexity continues to increase. Decentralisation, third-party integration, and real-time operations also become more prevalent. Understanding failure dynamics in microservices architectures is therefore important for developing effective predictive models.
Machine Learning Techniques for Predictive Failure Modeling
As the scope and complexity of these systems increase, conventional monitoring methods become less able to accommodate the dynamic nature of distributed systems. Consequently, many companies use machine learning solutions to learn from past events and identify operational patterns that human operators might not readily detect.
Anomaly detection is an integral part of predictive failure modelling, which involves identifying deviations from normal system performance that may indicate impending failures. Anomalies in a microservices environment may include latency problems, request spikes, high error rates, or abnormal resource consumption. At the same time, the task of anomaly detection becomes difficult because the definition of 'normal' performance changes over time (Chandola et al., 2009).
In this regard, unsupervised machine learning approaches have been widely used. While supervised models depend on labelled training data, unsupervised algorithms can detect patterns and anomalies without prior knowledge of failure cases. Cluster analysis can, for example, group similar system behaviours and identify cases that do not fit existing clusters. Dimensionality reduction methods may also help to analyse the telemetry data more effectively (Ahmed et al., 2016).
Time-series analysis is another relevant approach. As financial systems continuously produce data related to parameters such as CPU usage, memory usage, throughput, and performance indicators, these data often exhibit temporal dependence. Current values may depend on previous values. Therefore, using such algorithms as LSTM and other recurrent neural networks can be effective in analysing this kind of data (Hochreiter & Schmidhuber, 1997).
In practice, time series models could help estimate the likelihood that a system metric will exceed its expected threshold. For instance, a gradual increase in response time over several hours might indicate an imminent system breakdown due to bottlenecks or resource depletion (Malhotra et al., 2015). Such predictions may provide system administrators with warning before corrective measures are required.
In addition to anomaly detection and time-series forecasting, classification models can also be used to predict potential system failures. In this approach, machine learning algorithms are used to determine whether the state of a system is stable or prone to failure based on past data. Such models include decision trees, random forests, and support vector machines. Deep learning methods have also become increasingly common in this context (Goodfellow et al., 2016; Lin et al., 2018).
Machine learning applications in finance also face several specific challenges, particularly regarding the availability and quality of labelled datasets. Failure events are often rare, leaving few examples for model training; in some cases, labelled datasets may not be available at all. This creates significant challenges for training supervised machine learning models, which depend on sufficient and accurately labelled data to learn effectively (Zhou, 2018).
Another consideration when implementing this approach in microservice-based environments is the diversity of data sources. Available data may include several types, including structured metrics, unstructured logs, and distributed traces (Xu et al., 2009). These sources provide different insights into system operation. For instance, logs help explain events within a particular environment, whereas metrics provide quantitative information about performance.
Models trained to analyse multiple input data types may offer advantages across different applications. By training models on multiple data types, such as logs alongside performance measures, anomaly detection may be improved by combining qualitative and quantitative data (Du et al., 2017). Furthermore, trace information can be used to pinpoint the precise services involved when a system fails.
Recent work reinforces this direction. Notaro et al. (2021) reviewed 100 failure management solutions and organised them according to their intervention window and the problems addressed, while Soldani and Brogi (2022) offer a structured overview of anomaly detection and root cause analysis techniques for multi-service applications. Zhao et al. (2023) argue that methods relying on a single data source miss many instance failures and raise numerous false alarms because they ignore the correlation among metrics, logs, and traces. Their unsupervised multimodal approach reported F1-scores of 0.857 and 0.922 on two datasets. Such figures are encouraging, but they come from specific experimental datasets and should not be assumed to transfer to production financial platforms.
The cost of errors is also high on financial platforms. False positives trigger unnecessary actions and costs, while false negatives allow genuine failure signals to pass, so the sensitivity trade-off illustrated in Figure 2 has direct operational and financial consequences (Sculley et al., 2015).
The ability to explain AI model outputs is also an important consideration. In recent years, more complex machine learning models have become popular in finance and other industries. These deep learning models are often referred to as black boxes because their internal processes may be difficult to inspect. Even though they are very accurate, their limited transparency may cause problems in a regulated environment where decisions should be auditable and justified (Rudin, 2019). Rudin argues that, for high-stakes decisions, inherently interpretable models should be preferred to post hoc explanations of black box models, which favours simpler and more transparent models wherever their accuracy is adequate.
Scalability is also important for AI-based decision-making systems. In finance, transactions occur at considerable scale, and thousands or even millions of new pieces of information are generated within a matter of seconds. As a result, predictive models must be designed to analyse the incoming data streams efficiently and promptly, without causing delays (Kreps et al., 2011).
An emerging trend in this field is the use of reinforcement learning for adaptive management of the system. Unlike approaches focused solely on failure prediction, reinforcement learning supports decisions intended to improve system performance. For example, reinforcement learning may support resource allocation, traffic redirection, or service configuration adjustments according to anticipated risks. Even though this approach has not yet been developed completely, it promises to deliver self-adjusting financial systems (Mao et al., 2016).
Nevertheless, machine learning should not be regarded as a universal solution. Machine learning models depend heavily on data availability, algorithm selection, and integration into the wider system. Table 1 summarises the techniques discussed above.
	Technique
	Purpose
	Example Methods
	Key Challenge

	Anomaly Detection
	Flag deviations from normal system behavior
	Clustering, dimensionality reduction
	Definition of 'normal' shifts over time

	Time-Series Analysis
	Model temporal dependence in telemetry data
	LSTM, recurrent neural networks
	Requires sustained, high-quality historical data

	Classification
	Predict stable vs. failure-prone system states
	Decision trees, random forests, SVM, deep learning
	Scarcity of labeled failure events

	Reinforcement Learning
	Enable adaptive, self-adjusting system responses
	Policy-based resource allocation and traffic control
	Still maturing; risk to system stability


Table 1. Machine Learning Techniques Used in Predictive Failure Modeling
Table 2 compares the four families against criteria that most affect selection in financial settings. The comparison is qualitative and reflects the authors' synthesis of the literature reviewed above. A quantitative comparison across studies is not currently possible, because reported performance depends heavily on the dataset, labelling, and evaluation protocol. Le and Zhang (2022), for example, re-evaluated five deep learning models for log-based anomaly detection on four public datasets and found that training data selection, data grouping, class distribution, and noise changed the results significantly, with no model performing consistently well.
	Technique
	Labeled failure data
	Interpretability
	Warning provided
	Main deployment risk

	Anomaly detection
	Often none (unsupervised)
	Moderate for clustering, lower for deep models
	Limited; flags deviations as they occur
	False alarms when normal behavior shifts

	Time-series modeling
	Not needed to forecast metrics, but requires long, clean history
	Low for recurrent networks
	Good; projects metrics toward limits
	Drift and dependence on data quality

	Classification
	Required, yet failure events are rare
	Higher for trees and forests, lower for deep models
	Direct; estimates failure risk in a defined window
	Label scarcity and class imbalance

	Reinforcement learning
	Not needed, but requires a reward signal and a safe training environment
	Low
	Acts on predicted risk rather than only warning
	Instability if actions are wrong; limited maturity


Table 2. Qualitative Comparison of Techniques Against Selection Criteria (Authors' Synthesis)
Three trade-offs follow from the comparison. First, techniques that need the least labelled data, such as unsupervised anomaly detection, generally provide the least warning, whereas those that provide explicit lead time, such as classification, depend on scarce failure labels. Second, the more flexible deep models are usually the least interpretable, which matters where decisions must be auditable (Rudin, 2019). Third, the more autonomous the technique, as with reinforcement learning, the greater the potential cost of an error, which is why the hybrid arrangement described later, in which models recommend and operators decide, is the more defensible choice for financial platforms (Mao et al., 2016).
For anomaly detection and prediction in financial microservices ecosystems, an effective combination of tools may help achieve high performance. This may improve predictive model accuracy and support more effective decisions by users analysing anomalies and failures in system behaviour.
Further development of this technology may support a shift towards end-to-end systems for predicting anomalies based on time-series and classification, combined with the use of continuous feedback and updates. Such technologies may help models remain responsive to changes in system behaviour and improve predictions of future issues.
The next section turns to the data engineering and architectural requirements for implementing predictive failure models.
Architectural and Data Engineering Considerations for Implementation
Implementing predictive failure modelling in microservices-based financial platforms involves more than selecting algorithms. A robust system design must support continuous data collection and processing, model deployment, and meaningful feedback. The effectiveness of predictive systems depends not only on model sophistication but also on implementation quality.
Successful model implementation depends on data quality. Applications operating in microservices environments generate telemetry data. Telemetry includes logs, metrics, and distributed traces. Each form of telemetry offers a different perspective, making their combination valuable. Collecting and storing large volumes of information is complex. For financial platforms, this is complicated by both technical requirements and regulatory considerations (Sigelman et al., 2010). The corresponding data-processing sequence is illustrated in Figure 3.
[image: ]Figure 3. End-to-End Data Pipeline for Predictive Failure Modeling

Data pipeline architecture usually begins with instrumentation at the service level. All microservices should be designed to generate logs, performance statistics, and tracing information. Standardisation is important because it enables better data aggregation and correlation. Modern observability tools emphasise uniformity, enabling the effective processing and management of collected data (Erich et al., 2017).
Once collected, data must be transmitted and stored efficiently. This step often involves streaming technologies such as distributed messaging queues, which facilitate the timely transfer of large amounts of incoming data. In this way, real-time data are continuously delivered to processing units, where it can be processed to identify possible irregularities. The main challenge is balancing latency and data integrity, especially in financial systems, where small delays may have grave consequences (Kreps et al., 2011).
Storage systems also play an important role. While time-series databases are usually preferred for metrics because they can efficiently handle sequential data, log management systems are better for unstructured data. However, storage for distributed traces must support the reconstruction of complex service interactions. Integrating these storage systems within one data platform can support comprehensive analyses (Xu et al., 2009).
Raw data preprocessing is another important stage that is sometimes overlooked. Raw telemetry data cannot be used directly by machine learning models because they must first be cleaned, normalised, and converted into features. This process includes working with missing data, removing noise, and aligning different types of data using the timestamps (Ahmed et al., 2016).
Feature engineering may also improve model predictions. Instead of relying solely on raw metrics, generated features such as rates of change, moving averages, and service dependencies can provide additional insight into system behaviour. For example, the rate of increase in latency may be a better predictor of failure than latency alone. Understanding service dependencies may also help identify potential failure propagation paths (Du et al., 2017).
Predictive models also require appropriate deployment. In financial systems, predictive models generally need to operate continuously, analysing real-time data streams and generating timely insights. To achieve this, models can be incorporated into production services or deployed separately while remaining accessible through application programming interfaces (Sculley et al., 2015).
An important deployment consideration is maintaining model accuracy. The microservices landscape is dynamic, characterised by frequent changes in configurations, operations, and even the way services are used. Such changes may lead to concept drift, which refers to changes in the statistical distribution of data, thereby affecting the ability of pre-trained models to perform effectively (Sculley et al., 2015).
Another important consideration is the effective use of predictions within operational processes. Predictions become useful only when they translate into actionable steps. Predictions should therefore be integrated into alerting or automated systems that support proactive management. For example, when a machine learning model predicts an impending failure in a payment service, the system can scale resources, divert traffic, or fail over to an alternative payment service. Such responses characterise a self-healing architecture (Mao et al., 2016).
Nevertheless, automation requires careful management, particularly when it comes to financial processes. Mistakes or overly aggressive actions may cause interruptions in services or even create further problems. For this reason, a hybrid arrangement is a prudent design for financial processes, in which predictive models make recommendations and operators review them before action is taken (Rudin, 2019).
Security and compliance are additional considerations. Financial platforms must meet requirements concerning data management, privacy, and system integrity. Predictive modelling systems must therefore be secure and comply with applicable regulatory standards. This may involve data anonymisation, strict access controls, and monitoring of model actions (European Parliament & Council of the European Union, 2022).
Scalability, discussed earlier as a modelling requirement, is also an infrastructure requirement. As transaction volumes grow, telemetry processing must scale with them, and cloud platforms help by distributing computation across multiple nodes (Pahl, 2015).
The use of digital twins is another emerging approach. Digital twins are basically virtual replicas of the system, which can be used for scenario-based testing, and creating different scenarios where predictive models are validated and developed (Fuller et al., 2020). This strategy may be useful for predicting failures in microservices-based financial platforms.
Nevertheless, several implementation challenges remain. Organisations may find it difficult to address information silos, data incompatibility, and problems associated with outdated legacy systems. For example, different teams may manage services within a financial platform, increasing operational complexity.
Implementing this strategy involves both technological and business considerations. Successful implementation depends on addressing relevant barriers effectively. This may enable organisations to move from reactive incident management towards a more proactive approach.
Synthesis and Implications
The move from reactive monitoring to predictive failure modelling is a significant change in how reliability is pursued in financial platforms. Although microservices architectures have contributed to greater flexibility and innovation within such platforms, they have also increased operational complexity, which reactive techniques may not adequately address. Predictive models, by contrast, aim to anticipate failures before they occur.
By shifting the focus of reliability to predicting and addressing failures before they happen, predictive failure modelling redefines what reliability means in modern business operations. Rather than focusing solely on root cause analysis after an issue has occurred, emphasis is placed on identifying and anticipating the timing of potential issues (Soldani & Brogi, 2022; Lin et al., 2018). This shift is particularly crucial for financial companies because unreliable performance may cause financial losses, regulatory concerns, and reputational damage.
The literature consistently highlights that predictive modelling does not operate in isolation. Its effectiveness depends heavily on the surrounding ecosystem. Strong data pipelines, mature observability practices, and scalable infrastructure form the foundation for predictive systems. Without these elements, even well-designed models struggle to produce reliable outcomes (Erich et al., 2017). This reinforces the idea that predictive modelling should be treated as part of a broader system architecture rather than a standalone solution.
The human element is also important. While machine learning introduces automation and speed, human expertise remains essential for interpreting model outputs and making context-aware decisions. Engineers play a critical role in distinguishing meaningful signals from noise and ensuring that automated responses align with operational priorities. Combining machine intelligence with human judgement is the arrangement assumed in this review, and it is consistent with the argument that high-stakes decisions require reasoning that people can inspect (Rudin, 2019).
Trust is a further requirement. Where accountability is critical, as in financial environments, an opaque model is difficult to rely on, so explainability is a requirement and not merely a technical advantage. Interpretability may also increase the likelihood of model acceptance and adoption (Doshi-Velez & Kim, 2017).
From an implementation and maintenance perspective, predictive failure modelling presents several challenges that differ from traditional software maintenance. The performance of machine learning models may change as operational processes evolve. Predictive models therefore require ongoing monitoring and retraining. MLOps principles extend DevOps practices to support the continuing effectiveness and validity of predictive models (Sculley et al., 2015).

Future Directions
Reinforcement learning for adaptive system management is the most prominent direction. As discussed earlier, it extends prediction to action by allowing systems to reallocate resources, redirect traffic, or adjust service configurations in line with anticipated risk. A central unresolved challenge is stability, and Mao et al. (2016) caution that such controllers must be introduced carefully because poor decisions can themselves degrade the system.
Another emerging direction involves the integration of digital twins in microservices-based financial architectures. By creating a replica of a financial platform, companies could analyse its behaviour and test predictive models in a safe environment (Fuller et al., 2020).
Cross-domain techniques are also becoming increasingly relevant. Cybersecurity, fraud analytics, and financial risk models may offer insights for improving failure prediction. For example, the use of anomaly detection techniques developed for fraud analytics may help detect abnormal activity in system components, while risk models can assist in prioritising actions according to business impact (Chandola et al., 2009).
Nevertheless, several problems remain. Specifically, the absence of standard evaluation tools hinders comparisons and makes the assessment of performance more challenging. Moreover, rare, high-impact events remain challenging because, in many cases, they are poorly represented in training samples (Laptev et al., 2015).
The evidence base for financial settings remains limited. Most studies reviewed here were evaluated on general cloud services or benchmark microservice systems, and this review did not identify published evaluations of failure prediction on production financial platforms. Benchmark initiatives such as RCAEval, which provides 735 failure cases from three microservice systems and fifteen reproducible baselines, support more comparable evaluations (Pham et al., 2025), but they target root cause analysis and do not focus on financial workloads. Studies that report lead time and cost-weighted error on financial workloads would be valuable next contributions.
Another area requiring attention is the integration of business factors into prediction models. Although existing models tend to focus primarily on technical aspects of systems, adding information about transaction costs or associated regulatory risks could prove valuable for decision-making. This approach could help organisations prioritise responses according to business criteria. This is a gap identified by the review, and it follows from the cost asymmetry between false alarms and missed failures discussed earlier.

Conclusion
Predictive failure modelling may contribute to more reliable microservice-based financial platforms. As these systems become more complex, the limitations of traditional reactive strategies become increasingly apparent. However, while the use of predictive technologies can provide much-needed flexibility and resilience, their success depends on more than technological sophistication.
Achieving reliable predictions requires a comprehensive approach combining high-quality data, sound engineering, and professional expertise. When these components are integrated effectively, predictive modelling may support resilient platforms capable of graceful recovery.
In relation to the three questions guiding this review, the literature suggests the following. First, predictive models for microservices are built by learning normal and pre-failure behaviour from telemetry, using anomaly detection, time-series modelling, and classification, while reinforcement learning is emerging as a means of acting on predictions. Second, the main problems in finance are heterogeneous data, scarce labelled failures, concept drift, alert fatigue, limited interpretability and regulatory constraints. Third, the central trade-offs are between warning time and dependence on labelled data, and between model flexibility and interpretability, so the choice of technique should reflect a platform's tolerance for error and its audit requirements rather than model sophistication alone. Because the evidence comes mostly from general benchmark systems, these conclusions should be tested on production financial platforms.
Ultimately, the aim is not to eliminate disruptions entirely but to develop systems capable of adapting to and operating effectively despite them.

Limitations 
This review draws primarily on studies of general cloud services, benchmark microservice applications, and related engineering methods, with limited published evaluations on production financial platforms. Consequently, the reviewed results may not fully reflect financial transaction patterns, operational constraints, or regulatory requirements. Differences in datasets, failure definitions, and evaluation protocols also restrict direct comparisons between modelling approaches. The findings should therefore be interpreted as a qualitative synthesis rather than as evidence of comparative performance or effectiveness in deployed financial systems.
Declaration of AI Use



This manuscript was prepared through the intellectual contributions of the author(s) to the study design, data analysis, interpretation of results, and scholarly content. Grammarly and ChatGPT were used solely to assist with grammatical refinement and reference formatting during manuscript revision. The author(s) accept full responsibility for the accuracy, integrity, and final content of the manuscript.
COMPETING INTERESTS DISCLAIMER:
Authors have declared that they have no known competing financial interests OR non-financial interests OR personal relationships that could have appeared to influence the work reported in this paper.


References
Ahmed, M., Mahmood, A. N., & Hu, J. (2016). A survey of network anomaly detection techniques. Journal of Network and Computer Applications, 60, 19–31. https://doi.org/10.1016/j.jnca.2015.11.016 
Bailis, P., & Kingsbury, K. (2014). The network is reliable: An informal survey of real-world communications failures. ACM Queue, 12(7), 20:20–20:32. https://doi.org/10.1145/2639988.2639988
Barata, L. M., Sequeira, S., Lopes, E., Inácio, P. R. M., & Freire, M. M. (2026). Anomaly detection and root-cause identification in microservices: A survey. Cluster Computing, 29, Article 309. https://doi.org/10.1007/s10586-026-06095-9
Basiri, A., Behnam, N., de Rooij, R., Hochstein, L., Kosewski, L., Reynolds, J., & Rosenthal, C. (2016). Chaos engineering. IEEE Software, 33(3), 35–41. https://doi.org/10.1109/MS.2016.60
Chandola, V., Banerjee, A., & Kumar, V. (2009). Anomaly detection: A survey. ACM Computing Surveys, 41(3), Article 15. https://doi.org/10.1145/1541880.1541882
Doshi-Velez, F., & Kim, B. (2017). Towards a rigorous science of interpretable machine learning. arXiv. https://doi.org/10.48550/arXiv.1702.08608
Dragoni, N., Giallorenzo, S., Lluch Lafuente, A., Mazzara, M., Montesi, F., Mustafin, R., & Safina, L. (2017). Microservices: Yesterday, today, and tomorrow. In M. Mazzara & B. Meyer (Eds.), Present and ulterior software engineering (pp. 195–216). Springer. https://doi.org/10.1007/978-3-319-67425-4_12 
Du, M., Li, F., Zheng, G., & Srikumar, V. (2017). DeepLog: Anomaly detection and diagnosis from system logs through deep learning. In Proceedings of the 2017 ACM SIGSAC Conference on Computer and Communications Security (pp. 1285–1298). Association for Computing Machinery.  https://doi.org/10.1145/3133956.3134015
Erich, F. M. A., Amrit, C., & Daneva, M. (2017). A qualitative study of DevOps usage in practice. Journal of Software: Evolution and Process, 29(6), Article e1885. https://doi.org/10.1002/smr.1885 
European Parliament & Council of the European Union. (2022). Regulation (EU) 2022/2554 on digital operational resilience for the financial sector. Official Journal of the European Union, L 333, 1–79. https://eur-lex.europa.eu/eli/reg/2022/2554/oj
Fuller, A., Fan, Z., Day, C., & Barlow, C. (2020). Digital twin: Enabling technologies, challenges and open research. IEEE Access, 8, 108952–108971. https://doi.org/10.1109/ACCESS.2020.2998358 
Goodfellow, I., Bengio, Y., & Courville, A. (2016). Deep learning. MIT Press. https://www.deeplearningbook.org/
Gunawi, H. S., Hao, M., Leesatapornwongsa, T., Patana-anake, T., Do, T., Adityatama, J., Eliazar, K. J., Laksono, A. F., Lukman, J. F., Martin, V., & Satria, A. D. (2014). What bugs live in the cloud? A study of 3000+ issues in cloud systems. In Proceedings of the 2014 ACM Symposium on Cloud Computing (pp. 1–14). Association for Computing Machinery. https://doi.org/10.1145/2670979.2670986 
Hochreiter, S., & Schmidhuber, J. (1997). Long short-term memory. Neural Computation, 9(8), 1735–1780. https://doi.org/10.1162/neco.1997.9.8.1735
Iheanachor, J. C. (2026). Self-healing microservice architecture using autonomous AI agents for cloud applications. Asian Journal of Research in Computer Science, 19(10), 29–43. https://doi.org/10.9734/ajrcos/2026/v19i10916
Khiaonarong, T., Leinonen, H., & Rizaldy, R. (2021). Operational resilience in digital payments: Experiences and issues (IMF Working Paper No. 2021/288). International Monetary Fund. https://doi.org/10.5089/9781616355913.001
Kleppmann, M. (2017). Designing data-intensive applications: The big ideas behind reliable, scalable, and maintainable systems. O'Reilly Media. https://dataintensive.net/
Kou, G., Chao, X., Peng, Y., Alsaadi, F. E., & Herrera-Viedma, E. (2019). Machine learning methods for systemic risk analysis in financial sectors. Technological and Economic Development of Economy, 25(5), 716–742. https://doi.org/10.3846/tede.2019.8740 
Kreps, J., Narkhede, N., & Rao, J. (2011). Kafka: A distributed messaging system for log processing. In Proceedings of the 6th International Workshop on Networking Meets Databases (NetDB) (pp. 1–7). https://www.microsoft.com/en-us/research/wp-content/uploads/2017/09/Kafka.pdf
Laptev, N., Amizadeh, S., & Flint, I. (2015). Generic and scalable framework for automated time-series anomaly detection. In Proceedings of the 21st ACM SIGKDD International Conference on Knowledge Discovery and Data Mining (pp. 1939–1947). Association for Computing Machinery. https://doi.org/10.1145/2783258.2788611
Le, V.-H., & Zhang, H. (2022). Log-based anomaly detection with deep learning: How far are we? In Proceedings of the 44th International Conference on Software Engineering (ICSE '22). Association for Computing Machinery. https://doi.org/10.1145/3510003.3510155
Li, J., Ying, S., Li, T., & Tian, X. (2025). TraceDAE: Trace-based anomaly detection in microservice systems via dual autoencoder. IEEE Transactions on Network and Service Management, 22(5), 4884–4897. https://doi.org/10.1109/TNSM.2025.3583213
Lin, Q., Hsieh, K., Dang, Y., Zhang, H., Sui, K., Xu, Y., Lou, J.-G., Li, C., Wu, Y., Yao, R., Chintalapati, M., & Zhang, D. (2018). Predicting node failure in cloud service systems. In Proceedings of the 26th ACM Joint Meeting on European Software Engineering Conference and Symposium on the Foundations of Software Engineering (pp. 480–490). Association for Computing Machinery. https://doi.org/10.1145/3236024.3236060
Malhotra, P., Vig, L., Shroff, G., & Agarwal, P. (2015). Long short term memory networks for anomaly detection in time series. In Proceedings of the European Symposium on Artificial Neural Networks, Computational Intelligence and Machine Learning (ESANN 2015), 89–94.  https://www.esann.org/sites/default/files/proceedings/legacy/es2015-56.pdf
Mao, H., Alizadeh, M., Menache, I., & Kandula, S. (2016). Resource management with deep reinforcement learning. In Proceedings of the 15th ACM Workshop on Hot Topics in Networks (pp. 50–56). Association for Computing Machinery. https://doi.org/10.1145/3005745.3005750
Newman, S. (2021). Building microservices (2nd ed.). O'Reilly Media. https://www.oreilly.com/library/view/building-microservices/9781492034018/
Notaro, P., Cardoso, J., & Gerndt, M. (2021). A survey of AIOps methods for failure management. ACM Transactions on Intelligent Systems and Technology, 12(6), Article 81. https://doi.org/10.1145/3483424
Okpong, T. I. (2026). Data flow modeling framework for cloud-native systems engineering: An intelligent approach for microservices and secure data pipelines. Journal of Applied Physical Science International, 18(2), 1–18. https://doi.org/10.56557/japsi/2026/v18i210796
Pahl, C. (2015). Containerization and the PaaS cloud. IEEE Cloud Computing, 2(3), 24–31. https://doi.org/10.1109/MCC.2015.51 
Pham, L., Zhang, H., Ha, H., Salim, F., & Zhang, X. (2025). RCAEval: A benchmark for root cause analysis of microservice systems with telemetry data. Companion Proceedings of the ACM Web Conference 2025, 777–780. Association for Computing Machinery. https://doi.org/10.1145/3701716.3715290
Rudin, C. (2019). Stop explaining black box machine learning models for high stakes decisions and use interpretable models instead. Nature Machine Intelligence, 1(5), 206–215. https://doi.org/10.1038/s42256-019-0048-x 
Sculley, D., Holt, G., Golovin, D., Davydov, E., Phillips, T., Ebner, D., Chaudhary, V., Young, M., Crespo, J.-F., & Dennison, D. (2015). Hidden technical debt in machine learning systems. In Advances in Neural Information Processing Systems, 28 (pp. 2503–2511).  https://research.google/pubs/hidden-technical-debt-in-machine-learning-systems/
Sigelman, B. H., Barroso, L. A., Burrows, M., Stephenson, P., Plakal, M., Beaver, D., Jaspan, S., & Shanbhag, C. (2010). Dapper, a large-scale distributed systems tracing infrastructure. Google Technical Report. https://research.google.com/archive/papers/dapper-2010-1.pdf
Soldani, J., & Brogi, A. (2022). Anomaly detection and failure root cause analysis in (micro)service-based cloud applications: A survey. ACM Computing Surveys, 55(3), Article 59. https://doi.org/10.1145/3501297
Soldani, J., Forti, S., Roveroni, L., & Brogi, A. (2025). Explaining microservices’ cascading failures from their logs. Software: Practice and Experience, 55(5), 809–828. https://doi.org/10.1002/spe.3400
Soldani, J., Montesano, G., & Brogi, A. (2021). What went wrong? Explaining cascading failures in microservice-based applications. In J. Barzen (Ed.), Service-Oriented Computing (SummerSOC 2021), Communications in Computer and Information Science, vol. 1429 (pp. 133–153). Springer, Cham. https://doi.org/10.1007/978-3-030-87568-8_9
Thönes, J. (2015). Microservices. IEEE Software, 32(1), 116.  https://doi.org/10.1109/MS.2015.11
Xu, W., Huang, L., Fox, A., Patterson, D., & Jordan, M. I. (2009). Detecting large-scale system problems by mining console logs. In Proceedings of the ACM SIGOPS 22nd Symposium on Operating Systems Principles (pp. 117–132). Association for Computing Machinery. https://doi.org/10.1145/1629575.1629587 
Zhao, C., Ma, M., Zhong, Z., Zhang, S., Tan, Z., Xiong, X., Yu, L., Feng, J., Sun, Y., Zhang, Y., Pei, D., Lin, Q., & Zhang, D. (2023). Robust multimodal failure detection for microservice systems. In Proceedings of the 29th ACM SIGKDD Conference on Knowledge Discovery and Data Mining. Association for Computing Machinery. https://doi.org/10.1145/3580305.3599902
Zhou, Z.-H. (2018). A brief introduction to weakly supervised learning. National Science Review, 5(1), 44–53. https://doi.org/10.1093/nsr/nwx106




image1.png
(a) Monolithic Architecture

Single Application

(b) Microservices Architecture

Payments - Auth - Reporting - Risk Analysis

Localized Failure

Failure stays contained to a single component;
the rest of the application keeps running.

Failure originates here

Payment
Gateway

Notification

Propagated failure path Normal dependency

Cascading failure: a single service failure propagates
through dependent services, causing partial system degradation.




image2.png
Alert Volume —

1.0

0.8

o
)

I
IS

0.2

0.0

(g) Sensitivity-Alert Volume Tradeoff Analysis

|

(high alert volume)
False positives cause alert fatigue

Too Sensitive J

Balanced
operating point

™~

Too Conservative
(low sensitivity)
Real failures may be missed

N

0.0

0.2 0.4

0.6 0.8

Model Sensitivity -

1.0




image3.png
Telemetry Streaming & Preprocessing & Alert /

Predictive
Model

logs - metrics - traces human-reviewed

Collection Feature Engineering Action

Storage





