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Abstract 

The proliferation of microservice architectures and containerized workloads in cloud-native environments has 

fundamentally altered the failure landscape of modern software systems [1]. Traditional reactive monitoring 

approaches, predicated on threshold-based alerting and siloed telemetry stores, are demonstrably insufficient for 

diagnosing latency degradation, cascading failures, and resource contention across dynamically scheduled pods. 

This paper proposes the Observability-Linked Correlation Framework (OLCF), a systematic methodology that 

unifies Application Performance Monitoring (APM) signal streams with correlated log pipelines to enable 

proactive, root-cause-anchored performance optimization. The framework synthesizes the three pillars of 

observability—metrics, logs, and distributed traces—within a single causal reasoning layer [2], leveraging 

semantic enrichment via the OpenTelemetry specification and cross-signal join operations keyed on propagated 

trace identifiers. Empirical validation was conducted across two large-scale production deployments spanning 

heterogeneous technology stacks, using New Relic APM, Splunk Enterprise, and the Elastic Stack as primary 

observability backends. Quantitative results demonstrate a 71.3% reduction in Mean Time to Detect (MTTD), a 

65.1% reduction in Mean Time to Resolve (MTTR), a 58.7% improvement in P95 API latency, and an 83.4% 

reduction in application error rate following OLCF adoption. Additionally, a 74.6% decrease in false-positive 

alert volume substantiates the framework’s contribution to operational signal quality. Statistical significance was 

established at p < 0.001 for primary outcomes. These findings advance the empirical understanding of unified 

observability in distributed systems and offer practitioners a replicable, tooling-agnostic blueprint for 

performance engineering in cloud-native contexts. 

Keywords: cloud-native observability; APM; log correlation; distributed tracing; OpenTelemetry; 

microservices performance; MTTD; MTTR; New Relic; Splunk; Elastic Stack 

1. Introduction 

Cloud-native architectures have displaced monolithic application designs at an accelerating rate throughout the enterprise 

technology sector. The Cloud Native Computing Foundation (CNCF) Annual Survey of 2023 reported that 84% of 

organizations run containerized workloads in production, and 44% of that cohort operate more than 250 microservices in a 

single environment [1]. This architectural decomposition yields significant benefits in terms of independent deployability, 

horizontal scalability, and fault isolation; however, it simultaneously introduces an exponential increase in the operational 

surface area that engineering teams must instrument, monitor, and optimize. 

 

Figure 1: Cloud-Native Adoption Rates — CNCF Annual Survey 2023 [1] 
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Performance degradation in distributed systems rarely originates from a single, easily identifiable cause. Instead, pathological 

behaviors typically manifest as emergent properties of complex, multi-service interaction patterns: a degraded upstream 

dependency silently inflating downstream tail latencies; a garbage collection pause in one JVM process cascading into 

connection pool exhaustion across three consuming services; or a misconfigured Kubernetes Horizontal Pod Autoscaler failing 

to provision capacity ahead of a predictable traffic surge. Understanding these causality chains demands observability tooling 

that can correlate temporally proximate signals across heterogeneous telemetry stores. 

Observability, as distinguished from monitoring by Charity Majors and colleagues at Honeycomb [2], shifts the operational 

paradigm from pre-defined dashboards and static thresholds toward the capacity to interrogate system state with arbitrary, 

exploratory queries. The practical realization of this paradigm requires that the three canonical observability signals—metrics, 

logs, and distributed traces—be not merely collected in parallel but semantically correlated, enabling an engineer to navigate 

from a high-cardinality metric anomaly into the specific log line that explains its cause, and from that log line into the distributed 

trace that reveals the cross-service propagation of the error. 

Despite a growing body of architectural guidance from platform vendors and open-source communities, the literature lacks 

empirical, quantitative studies that assess the operational impact of cross-signal correlation strategies in real production 

environments. Most published work remains conceptual [3], vendor-specific [4], or focused on individual telemetry dimensions 

in isolation [5, 6]. This gap is particularly acute for practitioners navigating multi-tool observability stacks—a ubiquitous reality 

in large enterprises where New Relic APM, Splunk log management, and Elasticsearch-based log search coexist across different 

teams and business units. 

The present work addresses this gap with three primary contributions: (i) the formalization of the OLCF as a composable, four-

stage observability pipeline applicable to any cloud-native technology stack; (ii) a structured empirical evaluation of cross-

signal correlation efficacy across two production deployments of distinct scale and domain; and (iii) quantitative evidence that 

unified observability measurably reduces MTTD, MTTR, latency percentiles, and operational noise, with implications for both 

platform engineering practice and SRE team resourcing. 

The remainder of this paper is organized as follows. Section 2 surveys related work in observability, APM, and log analytics. 

Section 3 presents the OLCF architecture and its implementation rationale. Section 4 describes the experimental setup and case 

study environments. Section 5 reports and analyzes empirical results. Section 6 discusses implications, limitations, and threats 

to validity. Section 7 concludes with directions for future research. 

2. Background and Related Work 

2.1 Foundations of Observability in Distributed Systems 

The theoretical foundations of software observability draw from control theory, where Kalman [7] defined a system as 

observable if its internal state can be inferred from external outputs over a finite time horizon. Applied to software systems, 

Majors, Fong-Jones, and Miranda [2] operationalize observability as the capability to ask questions about system behavior that 

were not anticipated at instrumentation time. This demand for high-cardinality, high-dimensionality telemetry distinguishes 

observability architectures from conventional monitoring, which optimizes for predefined alerting conditions. 

Sigelman et al.’s seminal paper on Google’s Dapper framework [8] established distributed tracing as a first-class mechanism 

for understanding request propagation across microservice boundaries. Dapper’s propagation model—passing a globally 

unique trace identifier through all causal links of a request—has since been standardized by the W3C Trace Context 

specification [9] and implemented by the OpenTelemetry project [10], which by 2023 had become the second most active CNCF 

project by contribution volume [1]. 

Cinque et al. [11] demonstrated through controlled fault injection experiments that log analysis alone can correctly attribute root 

cause in only 61% of microservice failure scenarios. The remaining cases required correlation with either APM traces or 

infrastructure metrics, underscoring the fundamental need for multi-signal reasoning. This finding aligns with operational 

reports from large-scale internet companies including Netflix [12] and LinkedIn [13], which independently documented the limits 

of single-signal observability at scale. 
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Figure 2: Three Pillars of Observability — Signal Taxonomy, Characteristics, and Tooling [2, 10] 

 

2.2 Application Performance Monitoring: Capabilities and Limitations 

Application Performance Monitoring tools have evolved substantially from their origins as passive bytecode instrumentation 

agents. Contemporary APM platforms such as New Relic and Dynatrace provide full-stack observability spanning application 

runtime metrics, browser synthetic monitoring, infrastructure telemetry, and distributed tracing within unified data platforms. 

Neri et al. [14] conducted a comparative evaluation of commercial APM platforms and found significant variation in their ability 

to perform automatic root cause localization, with tools that natively unified trace and metric data outperforming log-only or 

metric-only approaches by 31–44% in localization accuracy on a curated benchmark. 

New Relic’s NRDB architecture, described in internal technical documentation and independently analyzed by Gregg [15], 

ingests heterogeneous telemetry types into a unified time-series and event store queryable through NRQL. This architectural 

choice eliminates the context-switching penalty that characterizes federated observability deployments, where engineers must 

navigate between separate interfaces for APM traces, infrastructure dashboards, and log search. However, it also introduces 

data gravity concerns: organizations with pre-existing investments in alternative log platforms face difficult trade-offs between 

data centralization and tooling continuity [16]. 

Burns et al. [17] analyzed service-level objective (SLO) adherence across 47 production Kubernetes deployments and found a 

statistically significant negative correlation (r = −0.61, p < 0.001) between APM tool adoption depth (measured by 

instrumented service percentage) and incident duration. This correlation strengthened to r = −0.74 when APM traces were 

correlated with structured log data, providing early empirical evidence for the hypothesis that cross-signal correlation materially 

improves operational outcomes. 

2.3 Log Analytics and Correlation Pipelines 

The Elastic Stack (Elasticsearch, Logstash, Kibana) has been one of the most widely deployed log aggregation platforms since 

its open-source release in 2010. Research on its performance characteristics by Gormley and Tong [18] and later by Divya and 

Goyal [19] established its viability for petabyte-scale log indexing, while acknowledging operational complexity in managing 

index lifecycle policies and shard allocation under high ingest load. The introduction of Elastic APM in 2018 and its subsequent 

tightening with distributed tracing contexts provided a native path for log-trace correlation within the Elastic ecosystem. 
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Splunk Enterprise, operating on a proprietary indexed data store, has been documented as offering superior search performance 

for high-cardinality string matching relative to Elasticsearch in controlled benchmarks [20]. Splunk’s IT Service Intelligence 

(ITSI) module extends core log analytics with an event correlation engine capable of grouping related alerts into episodes and 

applying machine learning to surface causal relationships—capabilities that several studies have identified as materially 

reducing alert fatigue in large operations centers [21, 22]. 

The challenge of correlating logs generated by heterogeneous services—each with distinct timestamp formats, severity 

schemas, and identifier conventions—has motivated standardization efforts including Elastic Common Schema (ECS) [23] and 

OpenTelemetry’s Logs Data Model [24]. Baier et al. [25] demonstrated that schema alignment via ECS reduced log-to-trace 

correlation error rates from 18.7% to 2.3% in a multi-service benchmark, with the majority of residual errors attributable to 

clock skew in distributed environments. 

2.4 Research Gaps and Positioning 

A systematic review of relevant literature published between 2020 and 2023 identified three substantive gaps. First, quantitative 

studies of production observability impact remain scarce; most empirical work relies on synthetic benchmarks or simulated 

fault injection rather than real production traffic. Second, multi-tool observability stacks—reflecting the heterogeneous reality 

of enterprise environments—are underrepresented relative to single-platform evaluations. Third, the operational effectiveness 

of structured log correlation as a complement to APM tracing has not been studied with adequate statistical rigor. The present 

work directly addresses all three gaps. 

Observability Platform Summary: Key Differentiators 

Platform APM & Trace 

Correlation 

Log Analytics Strength Cloud-Native Integration 

ELK Stack Moderate (Elastic APM) High — flexible schema, 

petabyte scale 

Moderate 

Splunk Enterprise High (ITSI episode 

grouping) 

Very High — fastest high-

cardinality search 

High 

New Relic Very High — native 

NRDB unified store 

High (NRQL log queries) Very High — OTLP-

native 

Table 1: Observability Platform Comparison — Three Primary OLCF Backends 

3. The Observability-Linked Correlation Framework (OLCF) 

3.1 Framework Overview 

The OLCF is a four-stage observability pipeline designed to transform fragmented, heterogeneous telemetry data into a 

coherent, queryable representation of system behavior at any point in time. The framework is intentionally tooling-agnostic at 

the semantic level, specifying the data transformations and correlation operations that must occur, while remaining compatible 

with any combination of commercial and open-source backends that conform to the OpenTelemetry specification [10]. Figure 3 

below illustrates the four-stage architecture and the data flow between stages. 
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Figure 3: OLCF Four-Stage Architecture — Telemetry Ingestion through Insight & Actuation 

3.2 Stage 1: Telemetry Ingestion 

The ingestion stage standardizes the collection of all three telemetry signal types from instrumented services. Each service is 

instrumented using the language-specific OpenTelemetry SDK, supplemented by vendor agents where auto-instrumentation 

coverage is incomplete. A critical requirement of this stage is the propagation of W3C Trace Context headers across all 

synchronous and asynchronous communication channels, including HTTP/gRPC calls, Kafka message headers, and database 

query comments [26]. Without end-to-end propagation, log-to-trace correlation becomes probabilistic rather than deterministic, 

significantly degrading cross-signal diagnostic value. 

For the two production deployments studied in this work, the ingestion architecture employed a dual-write fanout pattern: 

the OpenTelemetry Collector was configured with multiple exporters, routing metrics and traces to New Relic NRDB via the 

OTLP protocol, and logs to both Splunk’s HTTP Event Collector (HEC) and Elasticsearch via Logstash. This pattern avoids 

vendor lock-in while enabling each platform’s native correlation features. The additional network overhead of dual-write was 

empirically measured at 2.3% increased egress bandwidth. 

3.3 Stage 2: Enrichment and Normalization 

Raw telemetry signals, even when collected from a uniformly instrumented service fleet, exhibit heterogeneity in attribute 

naming conventions, timestamp precision, and contextual metadata richness. The enrichment stage applies a declarative 

transformation pipeline to every incoming signal stream, enforcing semantic alignment with the OpenTelemetry Semantic 

Conventions specification [10] and the Elastic Common Schema [23] where applicable. The primary enrichment operations 

include: (a) tag propagation via Kubernetes metadata enrichment processors; (b) service dependency tagging from a topology 

registry; and (c) trace identifier injection into log records extracted from thread-local context stores or the Mapped Diagnostic 

Context in JVM applications. 

The mathematical formulation of cross-signal correlation exploits these enriched identifiers. Given a set of log events L and a 

set of spans S, a correlated pair (l, s) is defined as: 

C(L, S) = { (l, s) ∈ L × S ∣ l.trace_id = s.trace_id ∧ |l.timestamp − s.start_time| ≤ δ } 

where δ is the maximum tolerated clock skew (empirically set to 500 ms). Both production deployments achieved correlation 

coverage exceeding 94% for request-path log events after enrichment pipeline deployment, compared to a baseline of 

approximately 12% using only service-name-based heuristic matching. 

 



Computer Fraud and Security  

ISSN (online): 1873-7056 

 

__________________________________________________________________________________________ 
725 

 Vol: 2024 | Iss: 12 | 2024 
 

3.4 Stage 3: Correlation Engine 

The correlation engine is the analytical core of the OLCF, applying three classes of operations: trace-to-log linking, metric-to-

trace anomaly association, and causal graph construction. Trace-to-log linking is implemented as a stream join operation keyed 

on trace_id with a 30-second tumbling window. When a span exhibits latency exceeding the service’s P95 baseline by a 

configurable 2.5× multiplier, the engine retrieves all correlated log events and constructs a unified incident context record. 

Metric-to-trace anomaly association employs an isolation forest algorithm trained on 14 days of baseline telemetry. When a 

metric anomaly is detected (Z-score > 3.0 on a rolling 5-minute window), the engine queries the APM backend for candidate 

traces, narrowing the diagnostic search space from 107–109 daily events to a bounded set of 102–104 candidate traces. Causal 

graph construction builds a directed acyclic graph (DAG) of service relationships, with edge weights proportional to the 

conditional probability of a performance anomaly in service B given an anomaly in service A within the preceding 60 seconds, 

implementing a variant of the causal attribution algorithm described by Bahl et al. [27]. 

3.5 Stage 4: Insight and Actuation 

The insight layer presents the correlated, causally ordered incident context to operators through unified dashboards and enriched 

alert notifications. Rather than emitting separate alerts for each degraded service in a cascade, the OLCF deduplicates related 

alerts into a single incident episode with an attached root-cause confidence score and a chronologically ordered list of correlated 

log events and spans. Alert notifications include deep links into both the APM distributed trace view and the log search 

interface, filtered to the specific trace_id and time window of the incident. 

For incidents where the causal graph exhibits high confidence (>80%) in a specific root cause service, the actuation layer 

optionally triggers automated remediation actions: horizontal pod scaling for CPU saturation events; circuit breaker activation 

for upstream dependency failures; and cache flush operations for stale-data-induced correctness failures. These automated 

actions are gated by a policy engine evaluating deployment environment, time of day, and recent change velocity before 

allowing execution. 

4. Experimental Setup and Case Study Environments 

4.1 Environment A: Enterprise Managed Services Platform 

The first production environment is a large-scale enterprise managed services platform serving internal and external clients 

across financial services, healthcare, and retail verticals. The platform comprises 340 microservices deployed across 12 

Kubernetes clusters, with an aggregate transaction volume of approximately 4.2 million requests per hour at peak load. Services 

are implemented in Java (Spring Boot), Python (FastAPI), and Node.js (NestJS), with inter-service communication 

predominantly via REST over HTTP/2 and Apache Kafka for event-driven flows. 

Prior to OLCF adoption, the observability stack consisted of the Elastic Stack (v8.6) for log aggregation, New Relic APM for 

application performance monitoring, and Prometheus with Grafana for infrastructure metrics, operating independently with no 

programmatic correlation between signal types. The OLCF was deployed incrementally over an eight-week period, beginning 

with 45 highest-traffic services and expanding to full coverage over six months. The correlation engine was deployed as a 

dedicated Kubernetes Deployment with 6 replicas, processing approximately 850,000 telemetry events per minute at peak. 

4.2 Environment B: High-Volume E-Commerce Operations Platform 

The second production environment is a high-volume e-commerce operations platform processing transactions for one of the 

largest general merchandise retailers in North America. The platform operates 180 microservices across a hybrid infrastructure 

combining on-premises Kubernetes clusters and managed cloud services, with peak-to-trough traffic ratios exceeding 40:1 

during promotional events, and stringent latency SLOs of P99 < 200 ms for checkout-path services. 

The pre-existing observability stack included Splunk Enterprise (v9.0) for all log management, New Relic APM for checkout-

path services, and custom Prometheus exporters for infrastructure telemetry. Critically, approximately 70% of services had 

already deployed structured JSON logging, providing a materially higher baseline for log-trace correlation than Environment 

A. OLCF deployment was compressed into a four-week period, enabled by this pre-existing structured logging infrastructure. 
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Figure 4: Environment A vs. Environment B — Infrastructure Characteristics Comparison 

4.3 Measurement Design and Statistical Methodology 

To establish pre-OLCF baselines, operational metrics were extracted retrospectively from incident management systems 

(ServiceNow and PagerDuty), APM dashboards, and log analytics platforms for the six-month period immediately preceding 

OLCF deployment. Post-OLCF metrics were collected over a matched six-month observation period. All metrics were sampled 

at hourly granularity and analyzed using paired Wilcoxon signed-rank tests, chosen for their robustness to the non-normal 

distributions characteristic of MTTD and MTTR data [28]. To control for confounding variables, months containing major 

infrastructure migrations, planned maintenance windows exceeding four hours, or publicly disclosed cloud provider incidents 

were excluded, removing 23 data-hours from Environment A and 31 data-hours from Environment B (0.6% and 0.9% of their 

respective observation periods). 

5. Results and Analysis 

5.1 Primary KPI Outcomes 

Table 2 presents the aggregate KPI results across both environments. Individual environment results demonstrated consistent 

directional alignment: Environment B exhibited marginally superior MTTD and MTTR improvements (74.1% and 68.3%) 

compared to Environment A (68.6% and 61.9%), a difference attributable to the higher pre-existing structured logging coverage 

in Environment B facilitating faster correlation engine convergence. 

KPI / Outcome Pre-OLCF Post-OLCF Improvement Sig. 

MTTD 14.3 min 4.1 min 71.3% p < 0.001 

MTTR 52.7 min 18.4 min 65.1% p < 0.001 

P95 API Latency 487 ms 201 ms 58.7% p < 0.01 

Error Rate 1.87% 0.31% 83.4% p < 0.001 

False Alert Rate 34.2% 8.7% 74.6% p < 0.01 

Infrastructure Cost Baseline −22.4% 22.4% p < 0.05 

SLO Compliance 96.4% 99.6% +3.2 pts p < 0.01 

Table 2: Pre- and Post-OLCF KPI Comparison (Aggregated Across Both Production Environments) 
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Figure 5: Post-OLCF KPI Improvements — Percentage Change with Statistical Significance Indicators 

5.2 MTTD and MTTR Analysis 

The 71.3% reduction in aggregate MTTD (from 14.3 to 4.1 minutes) represents the most operationally significant outcome of 

OLCF deployment. Qualitative incident retrospective analysis across 42 sampled incidents attributed MTTD reduction to three 

distinct mechanisms: (a) proactive alerting from the anomaly correlation engine, surfacing causal chains 8.4 minutes earlier on 

average than threshold-based alerts; (b) elimination of manual context-switching between monitoring tools, saving a measured 

6.2 minutes per incident; and (c) enriched alert notifications delivering pre-correlated log context, eliminating the initial log 

search phase for 67% of sampled incidents. 

The 65.1% MTTR reduction exhibited a bimodal distribution in the post-OLCF dataset. For incidents in which the causal graph 

correctly identified the root cause service with confidence > 80% (73% of post-OLCF incidents), MTTR averaged 11.2 minutes. 

For the remaining 27% of incidents where causal attribution was uncertain or incorrect, MTTR averaged 34.1 minutes—still 

substantially lower than the pre-OLCF baseline, attributable to improved context richness in the diagnostic environment. These 

results indicate that causal graph attribution accuracy is the primary determinant of MTTR improvement magnitude. 

 

Figure 6: Pre- vs. Post-OLCF Performance Metrics — Absolute Value Comparison Across Key Dimensions 
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5.3 Latency and Error Rate Outcomes 

The P95 API latency reduction from 487 ms to 201 ms (58.7%) was not solely attributable to the observability framework 

itself, but rather to optimization actions made possible by OLCF-provided visibility. Root cause analysis identified three 

systemic contributors: N+1 database query patterns in five high-traffic services (contributing an estimated 110 ms to median 

latency), suboptimal JVM garbage collector configuration causing stop-the-world pauses > 200 ms in three services, and 

connection pool sizing inadequate for peak concurrency. OLCF’s unified trace-to-log correlation made these patterns visible 

in a single diagnostic session; prior to OLCF, each optimization required a separate, multi-day investigation. 

The error rate reduction from 1.87% to 0.31% similarly reflects the detection and resolution of previously invisible systemic 

issues. Log correlation analysis exposed a recurring pattern of transient authentication token expiration in a service-to-service 

communication path that manifested as intermittent 401 errors downstream—a pattern misattributed to client-side issues in pre-

OLCF analyses because log and trace data could not be co-examined efficiently. Following OLCF deployment, this failure 

pattern was identified and remediated within four hours of its next occurrence. 

5.4 Alert Quality and Infrastructure Cost 

The 74.6% reduction in false-positive alert rate (from 34.2% to 8.7%) has substantial implications for team operational 

effectiveness. Alert fatigue [29, 30] degrades response quality to genuine incidents by reducing on-call engineers’ attentiveness. 

The pre-OLCF false-positive rate of 34.2% is consistent with industry benchmarks reported by PagerDuty’s State of Digital 

Operations report [31]. Post-OLCF alert deduplication, implemented through Splunk ITSI episode grouping and New Relic AI 

Applied Intelligence, reduced alert volume by 79.3% while simultaneously improving signal quality. 

The 22.4% reduction in monthly infrastructure cost was achieved through three optimization actions directly informed by 

OLCF capacity visibility: right-sizing 28 over-provisioned Kubernetes Deployments; decommissioning redundant log shippers 

provisioned as compensating controls; and reducing log retention periods for low-diagnostic-value log streams identified 

through correlation coverage analysis. 

6. Discussion 

6.1 Practical Implications for Cloud-Native Engineering Teams 

The empirical results substantiate several practical recommendations for engineering teams operating cloud-native systems. 

First, the correlation coverage rate—the proportion of log events carrying a correlated trace identifier—serves as a more 

actionable leading indicator of observability maturity than aggregate log volume or dashboard count. Both environments 

demonstrated that correlation coverage below 50% produced negligible MTTD improvement, while coverage above 80% 

yielded the majority of diagnostic benefit (see Figure 7 below). This finding suggests that structured logging adoption and trace 

context propagation should precede investments in additional monitoring tooling. 

 

Figure 7: Log-to-Trace Correlation Coverage vs. MTTD Reduction — Diminishing Returns Analysis with Threshold Zones 
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Second, the multi-tool observability stack, often criticized as an operational liability, proved to be an architectural asset when 

mediated by a standardized semantic layer. The combination of New Relic’s APM trace fidelity, Splunk’s log search 

performance, and Elasticsearch’s flexible schema evolution provided complementary capabilities that no single platform fully 

replicated. The key enabling factor was the OTel-based trace identifier as a universal correlation key—a finding that reinforces 

the strategic importance of OpenTelemetry adoption as an industry-wide interoperability mechanism. 

Third, the results demonstrate that performance optimization through observability is a compounding investment: each 

improvement made visible by OLCF reduces the noise floor, enabling detection of subtler performance issues previously 

obscured. This virtuous cycle suggests that the long-term return on observability investment substantially exceeds what short-

term MTTD and MTTR metrics alone capture. 

6.2 Limitations and Threats to Validity 

Several limitations constrain the generalizability of these results. The two production environments studied share several 

characteristics—both operate on major cloud providers with managed Kubernetes services, both employ predominantly JVM-

based and Python application stacks, and both had pre-existing APM tooling at the time of OLCF deployment. Environments 

with substantially different characteristics (e.g., primarily serverless architectures, bare-metal deployments, or non-HTTP-

dominant communication stacks) may exhibit different correlation coverage rates and MTTD improvement profiles. 

The absence of a true randomized control group represents the most significant threat to internal validity. The pre-post 

comparison design is susceptible to temporal confounds including learning curve effects, application refactoring that reduced 

inherent failure rates, and changes in traffic composition. While the statistical analysis employed Wilcoxon signed-rank tests 
[28] to mitigate distributional assumptions, the causal attribution of observed improvements to OLCF specifically cannot be 

made with certainty. Future work should employ a staggered rollout design with contemporaneous control services to 

strengthen causal inference. 

6.3 Directions for Future Research 

Four directions for future research emerge from this work. First, the causal graph construction component would benefit from 

evaluation of more sophisticated algorithms: dynamic Bayesian networks, transfer entropy-based causal discovery, and large 

language model-assisted root cause summarization are all active research areas [32, 33] whose outputs could be integrated into 

the insight layer. 

Second, the extension of OLCF principles to serverless and event-driven architectures requires dedicated investigation. 

OpenTelemetry’s Semantic Conventions for FaaS [34] provide a starting point, but the correlation engine’s window-based join 

semantics require adaptation for invocation-based execution models. Third, privacy-preserving observability presents an under-

explored research frontier, as log enrichment pipelines increasingly touch user-identifiable information in healthcare and 

financial services contexts. Fourth, a longitudinal study of OLCF adoption across a diverse organizational sample would 

substantially strengthen the external validity of the performance improvement findings reported here. 

7. Conclusion 

This paper presented the Observability-Linked Correlation Framework (OLCF), a structured four-stage methodology for 

achieving cross-signal observability in cloud-native applications through the semantic alignment and programmatic correlation 

of APM traces, structured logs, and infrastructure metrics. The framework addresses the operational gap between the theoretical 

promise of unified observability and the engineering reality of heterogeneous, multi-tool monitoring stacks that characterize 

large enterprise environments. 

Empirical evaluation across two large-scale production deployments—collectively spanning more than 500 microservices, 

multiple programming language runtimes, and a combination of New Relic APM, Splunk Enterprise, and the Elastic Stack—

demonstrated statistically significant improvements across all measured operational dimensions. A 71.3% reduction in MTTD, 

65.1% reduction in MTTR, 58.7% improvement in P95 API latency, and 83.4% reduction in application error rate collectively 

substantiate the hypothesis that structured cross-signal correlation materially improves the operational performance of cloud-
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native systems. The 74.6% reduction in false-positive alert rate further demonstrates the framework’s contribution to the signal 

quality challenges that undermine on-call effectiveness in modern SRE practice. 

The findings advance the empirical understanding of observability as an engineering discipline, contributing quantitative 

evidence to a literature previously dominated by architectural concepts and vendor-produced case studies. For practitioners, 

the OLCF provides a replicable blueprint whose core requirement—trace context propagation as a universal correlation key—

is achievable with existing, freely available open-source tooling, making the framework accessible regardless of commercial 

observability platform investment level. 
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