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ABSTRACT: For the better part of two decades, the administration of SAP environments has been characterized by 

reactive forensics, a structural fragility that the recent industry shift toward cloud-hosted infrastructure has merely 

digitized rather than resolved. Current scholarship overwhelmingly favors a ―hybrid observability‖ stack bifurcating 

infrastructure metrics and application logging yet this architectural compromise creates a fatal semantic gap that 

precludes true predictive modeling. This study challenges the hybrid consensus by proposing a ―Unified Semantic 

Plane‖ utilizing Azure Monitor for SAP Solutions (AMS). Unlike studies validated through sterile, academic datasets 

like SAP-SAM, this research employs rigorous chaos engineering injections on production-grade, stochastic telemetry. 

Results demonstrate that unifying the telemetry stream reduces anomaly detection latency by over 70% and suppresses 

false positives by 87%, successfully identifying ―silent‖ failure modes such as semantic locks that traditional threshold-

based monitoring ignores. These findings suggest that the industry must abandon the bricolage of the hybrid stack in 

favor of monolithic data planes, moving from deterministic automation to probabilistic ―predict-then-optimize‖ 

frameworks, even as the ontological gap between technical signal and business value remains the final barrier to full 

autonomy. 
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I. INTRODUCTION 

 

For the better part of two decades, the administration of SAP environments has been an exercise in forensic 

archaeology. We wait for the system to fail a transaction lock to seize, a HANA database to exhaust its memory, a batch 

job to stall and only then do we begin the digging. We sift through the sedimentary layers of NetWeaver traces, 

operating system logs, and database dumps, attempting to reconstruct the catastrophic sequence of events ex post facto. 

It is a reactive, brittle discipline, relying heavily on the intuition of senior basis administrators who have memorized the 

idiosyncratic groans of the machinery. 

 

When the industry began its mass migration to the cloud specifically, the lift-and-shift of SAP workloads to Azure there 

was a pervasive, almost naive optimism that the underlying infrastructure’s elasticity would solve this fragility. It did 

not. Instead, we merely digitized our inefficiencies. We replaced on-premise hardware with virtual machines, yet we 

continued to monitor them with the disjointed tools of the mid-2000s. This persistence of legacy methodology in a 

cloud-native world is not just technical debt; it is an epistemological crisis. We are attempting to manage stochastic, 

high-velocity cloud systems with the static, linear tools of a previous era. 

 

1.1 The Functional Limitations of Bifurcated Telemetry 
The current literature and indeed, the vast majority of enterprise implementations I have reviewed advocates for what is 

termed a ―hybrid observability stack‖ [21]. The logic suggests we should use Azure Monitor for infrastructure metrics 

(CPU, disk I/O, network throughput) while retaining specialized, often open-source tools like the ELK stack 

(Elasticsearch, Logstash, Kibana) for application-layer logging [29]. On paper, this appears pragmatic. In practice, it is a 

theoretical dead end. 
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By bifurcating the data plane, we create a ―semantic gap‖ that no amount of dashboarding can bridge [12]. Consider a 

standard failure mode: a sudden spike in CPU utilization on the database server. Azure Monitor detects the spike and 

alerts the administrator. However, Azure Monitor, in a standard deployment, possesses no concept of why the CPU is 

spiking. It does not know that twenty seconds prior, a rogue custom ABAP report triggered a massive table scan. That 

information lives in the application logs, sequestered in a separate ELK silo. The administrator must manually correlate 

these two signals, wasting precious minutes context-switching between tools. This fragmentation renders true predictive 

modeling impossible. One cannot train an anomaly detection algorithm on half the data. If the model observes the 

symptom (CPU spike) but not the cause (ABAP report), its predictions will remain stubbornly reactive, plagued by false 

positives. While the ELK stack offers real-time log aggregation and highly customizable dashboards, its integration 

with Azure Monitor creates a disjointed workflow. We are clinging to the hybrid model not because it is superior, but 

because it is familiar. 

 

 
 

1.2 Differentiating Deterministic Scripts from Cognitive Autonomy 
We must also be rigorous about our terminology, a discipline sadly lacking in recent industry whitepapers. There is a 

tendency to conflate automation with autonomy. They are not synonyms; they are distinct evolutionary stages. 

Automation is scripted and deterministic. It follows the logic of If X happens, do Y. For example, if disk space falls 

below a threshold, expand the volume. This has been the standard for years. Autonomy, by contrast, is cognitive [2]. 

 

As Toro Medina and colleagues articulate, autonomous control systems provide the ability of ―self-governance beyond 

the conventional control system,‖ evolving from nominal control to safety-critical mitigation processes [4]. 

 

Table 1: The divergence between scripted automation and cognitive autonomy 

 

Feature Automated Operations (Legacy) Autonomous Operations (Next-Gen) 

Trigger Static Threshold (e.g., CPU > 90%) Deviation from Learned Baseline 

Logic Deterministic Script (If-Then) Probabilistic (Predict-Then-Optimize) 

Context Single Metric Focus Multi-dimensional Semantic Awareness 

Goal Maintain Uptime Optimize Business Continuity 

 

 

An autonomous system does not merely react to a threshold breach; it anticipates it [31]. It observes the rate of change, 

correlates it with historical patterns, and preemptively adjusts the environment. This requires a shift from simple 

descriptive statistics to the ―predict-then-optimize‖ frameworks found in Operations Research a field we in systems 

administration have ignored for too long [9]. 
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1.3 Establishing a Unified Telemetry Stream for AIOps 
The central argument of this paper is that ―Next-Gen Observability‖ is not about better visualization we do not lack for 

dashboards. It is about the unification of the telemetry stream. We must abolish the distinction between ―infrastructure 

data‖ and ―application data‖ [20]. By utilizing Azure Monitor to ingest the full semantic context of the SAP workload 

NetWeaver logs, HANA events, and OS metrics into a single Log Analytics workspace, we create the mathematical 

prerequisite for AIOps [5]. We are effectively building a nervous system for the SAP estate [15]. 

 

There is a risk here, of course. Centralizing all telemetry into a single cloud-native stream creates a single point of 

complexity. However, the true challenge and the focus of our methodology is not collecting the data, but filtering it for 

signal. In the sections that follow, we will demonstrate how this unified approach allows us to move beyond the ―break-

fix‖ cycle. We will show that when the monitor understands the semantics of the workload, the infrastructure can finally 

begin to heal itself. 

 

II. LITERATURE REVIEW 

 

To review the literature on Enterprise Resource Planning (ERP) maintenance is, frankly, to wade through a swamp of 

redundant optimization heuristics [18]. For the better part of a decade, the scholarship has been trapped in a reactive 

loop, mirroring the very systems it seeks to improve [3]. We see an endless parade of papers proposing ―novel‖ 

dashboarding techniques or slightly more efficient log aggregation pipelines, yet the fundamental epistemological 

problem remains untouched: we are still treating the symptom, not the pathology. 

 

The existing body of work can be broadly categorized into two distinct lineages. On one side, we have the systems 

engineering camp exemplified by the work of Joyce et al. regarding SAP on Azure which treats the cloud infrastructure 

as a deterministic machine [8]. On the other, we have the application-layer theorists, focused on the chaotic, stochastic 

internal logic of the SAP ABAP stack. The tragedy of the current literature is that these two worlds rarely meet. 

 

2.1 Structural Deficits in Contemporary Hybrid Observability Models 
The prevailing orthodoxy in recent years advocates for a ―Hybrid Observability Stack.‖ This approach suggests utilizing 

cloud-native tools like Azure Monitor for infrastructure metrics while retaining legacy, specialized tools (such as the 

ELK stack) for application logging. Proponents argue that tools like the ELK stack offer strengths in real-time log 

aggregation and the ability to handle massive volumes of logs efficiently. This is, of course, a structural error disguised 

as a feature. 

 

While the hybrid model does offer a superficial continuity for administrators transitioning from on-premise 

environments, it introduces a fatal fracture in the data plane [6]. By segregating infrastructure telemetry from 

application telemetry, we create a temporal and semantic lag. As noted in limitations of such studies, the integration of 

specific monitoring tools often fails to explore complementary solutions that might offer a more holistic view [10]. The 

―hybrid‖ solution is not a destination; it is a transition state that has overstayed its welcome. 

 

Table 2: The Semantic Gap in Contemporary Literature 

 

Approach Telemetry Source Contextual Scope Primary Deficit 

Infrastructure-Centric 

(Joyce et al.) 

Azure Metrics (CPU, 

RAM) 

Hardware/Hypervisor Blind to business logic (e.g., cannot see 

a ―stuck‖ invoice). 

Application-Centric 

(SAP-SAM) 

NetWeaver/HANA 

Logs 

Business Process Blind to resource constraints; assumes 

infinite hardware. 

Unified Semantic 

(Proposed) 

Azure Monitor (AMS) Full Stack High implementation complexity; 

requires strict standardization. 

 

2.2 The Validity Risks of Reliance on Synthetic Datasets 
If the architectural models are fractured, the data used to validate them is frequently suspect. A significant portion of 

recent research relies on synthetic datasets, most notably the SAP-SAM (SAP Student Academic Model) corpus [1]. I 

confess, I once encouraged my own doctoral students to utilize these repositories. They are clean and well-structured. I 

was wrong. As the documentation makes clear, SAP-SAM consists of process and business models created by academic 

researchers, teachers, and students using the SAP Signavio Academic Initiative. 
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These datasets represent a ―happy path‖ reality mostly BPMN 2.0 models generated in an educational context devoid of 

the dirty, chaotic noise that defines a production SAP estate [24]. They lack the jagged edges of network jitter or the 

sudden IOPS throttling of a noisy neighbour in a multi-tenant cloud [16]. Consequently, anomaly detection models 

trained on such data are brittle. They achieve high precision in the lab but collapse under the weight of false positives 

when exposed to the messy stochastics of a live S/4HANA instance. We must stop building models for a world that 

does not exist. 

 

2.3 The Theoretical Evolution from Reactive to Proactive Control 
Finally, we must address a linguistic sloppiness that has infected the field: the conflation of automation with autonomy. 

Automation is deterministic: a script triggers a predefined action based on a static threshold [30]. Autonomy, however, 

implies a higher-order cognitive function. Lindstrom describes the evolution of Security Operations Centers (SOCs) 

from merely monitoring and reacting to being proactive and driven by intelligence. Similarly, Toro Medina defines 

autonomous control systems as those providing ―self-governance‖ capable of managing off-nominal behaviour through 

safety-critical mitigation [19]. 

 

The literature is thinnest in applying these rigorous Operations Research methods often used in container logistics or 

mining to SAP telemetry. The field is stuck in the ―detect and alert‖ phase, seemingly terrified to hand over the keys to 

the ―predict and fix‖ algorithms. It is a disquieting realization, but perhaps necessary: we have spent twenty years 

building better alarms, when we should have been building a system that knows when to wake itself up. 

 

III. METHODOLOGY 

 

To design a methodology for SAP observability is, effectively, to design a nervous system. For too long, we have 

accepted a lobotomized architecture where the brain (the monitoring platform) receives signals from the limbs 

(infrastructure) but remains neurologically severed from the organs (the application logic). Therefore, the methodology 

proposed here is not merely a collection of tools; it is a structural rejection of the ―Hybrid‖ consensus that has 

dominated this field [7]. 

 

3.1 Architecting a Low-Latency, Unified Ingestion Pipeline 
The central tenant of our approach is the abolition of the ―sidecar‖ pattern. In standard practice, telemetry is harvested 

via disparate agents and clumsily stitched together. This is architectural indecision masquerading as flexibility [25]. 

Instead, we utilize Azure Monitor for SAP Solutions (AMS) to enforce a ―Unified Semantic Plane.‖ Azure Monitor is a 

cloud-native service that collects and analyses telemetry data, providing comprehensive monitoring for Azure-based 

environments. 

 

By configuring the AMS provider to ingest SAP NetWeaver, HANA, and Pacemaker logs directly into a singular Azure 

Log Analytics workspace, we eliminate the latency inherent in cross-platform correlation [32]. The data is no longer 

―infrastructure metrics‖ versus ―application logs‖; it is a single, continuous, stochastic signal. The difference is not 

merely aesthetic; it is mathematical. In a hybrid model, the correlation coefficient between a CPU spike and a 

transaction lock is diluted by the time-drift between the Azure metric store and the ELK log timestamp. In our Unified 

model, these events share a synchronized temporal index. 

 

Table 3: Architectural Latency Comparison 

 

Feature Hybrid Stack (ELK + Azure) Unified Semantic (AMS) 

Ingestion Path Dual-pipeline (Async) Single-pipeline (Sync) 

Time Drift 150–500ms < 10ms 

Contextual Link Manual (Human correlation) Native (ResourceID tagging) 

Data Gravity High (Data siloing) Low (Centralized Workspace) 

 

 

3.2 Implementing Cost-Based Optimization over Binary Thresholding 
Once the signal is unified, how do we interpret it? The industry standard is ―thresholding‖ a brittle, binary logic. This is 

a legacy of an era when resources were static [22]. We instead apply a ―Predict-then-Optimize‖ framework borrowed 

from Operations Research. As Bertsimas and Kallus explored, predictive analytics can be adapted to estimate 

conditionally expected costs, addressing the challenge of minimizing uncertain costs given incomplete information [14]. 
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We define the system not by its limits, but by a cost function  , representing the business impact of a state   .The 

objective is to minimize the expected cost over a future horizon  : 

 

   
 

∑ 

 

   

[ (     )] 

 

Where    represents the autonomous remedial action. Crucially, this model allows for ―permissible stress.‖ A CPU 

spike during a non-critical batch job has a low Cost, whereas the same spike during a financial closing period has a 

catastrophic Cost. I must pause here to correct a previous assumption I held. In earlier drafts, I argued that simple 

anomaly detection would suffice. This was a miscalculation. Teams often waste significant time investigating false 

positives rather than addressing actual threats [23]. Anomaly detection identifies strangeness, not badness. 

Consequently, we shifted to this cost-optimization model, which suppresses ―benign anomalies‖ and reduces alert 

fatigue. 

 

3.3 Training on High-Entropy Production Telemetry 
The validity of any predictive model is bounded by the entropy of its training data. Here, we diverge sharply from 

contemporary scholarship. We have explicitly excluded the SAP-SAM dataset. While SAP-SAM is clean and 

pedagogically useful for understanding BPMN structures, it is a hallucination of order. It lacks the ―dirty‖ stochasticity 

of a live enterprise environment [26]. 

Training a self-healing AI on SAP-SAM is akin to training a pilot in a flight simulator that has no wind. Instead, we 

utilize a proprietary dataset of anonymized telemetry logs from a mid-sized manufacturing conglomerate running SAP 

S/4HANA on Azure. This data is ugly, containing gaps, drift, and the residual scars of bad coding practices [27]. It is, in 

short, real. By training our models on this jagged terrain, we ensure that our ―autonomous‖ agent learns to navigate the 

friction of the real world. 

 

IV. SYSTEM DESIGN & EXPERIMENTAL SETUP 

 

To validate an autonomous system is to engage in a distinct paradox: one must construct a perfect order, only to 

systematically dismantle it. Most academic validation in this domain suffers from a ―sterile laboratory‖ bias [17]. This 

is, of course, useless. A self-healing system cannot be tested in a vacuum; it must be forged in the fire of genuine 

operational dysfunction. 
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4.1 Configuration of the Direct-Egress Validation Environment 
We established a ―brownfield-simulation‖ environment, deliberately introducing the architectural debt common to 

mature enterprises. The core infrastructure was hosted on Microsoft Azure, utilizing purpose-built infrastructure forms 

and redundancy practices designed for SAP workloads. Unlike fragmented architectures where database and application 

layers are treated as distinct fiefdoms, we enforced a unified telemetry egress. 

 

The SAP HANA database, the NetWeaver application server, and the underlying SUSE Linux Enterprise Server (SLES) 

OS were all configured to pipe diagnostics directly into a singular Azure Log Analytics Workspace via the AMS 

provider. This consolidation was not merely administrative; it was structural. By removing the ―hop‖ to an external 

ELK stack, we reduced the signal propagation delay to near-zero. It creates a nervous system where the brain is no 

longer five seconds behind the hand. 

 

 

4.2 Methodology of Targeted Failure Injection 
A monitoring system is defined by what it fails to catch. To map the limits of our Unified Semantic approach, we 

employed a rigorous regime of failure injection. 

I confess, in the preliminary design of this experiment, I was too conservative. I assumed that subtle, ―creeping‖ 

anomalies would be sufficient. I was wrong. Modern SAP kernels are surprisingly resilient. To truly test theautonomous 

response, we had to be aggressive. We utilized mechanisms to inject specific classes of failure designed to mimic the 

most pernicious ―silent killers‖ in SAP operations: 

 The “Zombie” Process Lock: A simulated runaway work process holding a semantic lock but consuming 

negligible CPU. 

 The HANA Memory Fracture: A forced allocation mimicking a memory leak in the index server. 

 IOPS Starvation: A deliberate throttling of storage throughput, simulating a ―noisy neighbor‖ scenario. 
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Table 4: Comparison of Failure Injection and Detection Capabilities 

 

Failure Class Injection Method Legacy Detection 

(Threshold) 

Semantic Detection (Proposed) 

Semantic 

Lock 

Custom ABAP Report 

(Sleep/Hold) 

Miss (CPU remains low) Hit (Correlates ENQUEUE logs with 

SM50 state) 

Memory 

Leak 

OS-level stress-ng 

injection 

Late (Alerts at 95% usage) Early (Detects deviation in allocation 

gradient) 

IOPS 

Throttling 

Azure Disk Fault 

Injection 

Noisy (Generic ―System 

Slow‖ alert) 

Precise (Correlates Disk Queue Length 

with Transaction Latency) 

 

4.3 Utilization of Stochastic Real-World Transaction Logs 
Finally, we must reiterate the issue of data quality. As noted in Section 3, we categorically rejected the use of the SAP-

SAM dataset. While SAP-SAM allows academic researchers to create and analyze process models, these models are 

abstractions. They do not generate the telemetry of a live system under duress. Instead, we replayed anonymized 

transaction logs from a partner running a substantial SAP estate. 

 

This data stream contains the ―sedimentary layers‖ of a real business end-of-month closing spikes, erratic batch job 

scheduling, and the occasional malformed SQL query. By feeding this chaotic, organic signal into our predict-then-

optimize model, we ensured that our results were not artifacts of a clean room, but resilient proofs of concept capable of 

surviving the messy reality of the enterprise [28]. 

 

V. RESULTS & DISCUSSION 

 

The data harvested from these injections does not merely suggest a performance improvement; it exposes a structural 

fracture in the prevailing theory of cloud operations. For years, the industry has operated under the tacit assumption that 

―observability‖ is a cumulative property that if one simply piles enough logging tools on top of a legacy ERP kernel, 

clarity will eventually emerge. Our results demonstrate, with disquieting precision, that the opposite is true. Complexity 

is not additive; it is frictional. 

 

5.1 Quantitative Analysis of Detection Latency and Signal Fidelity 

The primary metric of interest was not the volume of data ingested, but the Time-to-Context (    ). In the ―Hybrid‖ 

control group representing the integration of ELK Stack and Azure Monitor the system behaved like an organism with a 

severed spinal cord. As detailed in Table 2, the Hybrid model struggled to correlate the symptoms of our ―IOPS 

Starvation‖ attack. The Azure metrics correctly reported a drop in disk throughput, but the ELK stack, isolated in its 

own semantic silo, merely reported a generic rise in transaction latency. The human operator was forced to manually 

bridge this gap, resulting in a detection latency averaging 11.4 seconds. 

 

In high-velocity environments, eleven seconds is not a delay; it is an epoch. Contrast this with the Unified AMS 

architecture. Because the infrastructure telemetry and the SAP NetWeaver logs reside in the same Azure Monitor 

ecosystem, our ―predict-then-optimize‖ model could calculate the covariance between Disk Queue Length and 

application traces in real-time. The detection latency collapsed to 3.2 seconds. 

 

Table 5: Operational Efficiency Metrics 

 

Metric Hybrid Stack (ELK + Azure) Unified AMS (Proposed) Improvement (%) 

Detection Latency 11.4s 3.2s 71.9% 

False Positive Rate 18.7% 2.4% 87.1% 

Mean Time to Remediation 14.2 min 1.8 min 87.3% 

Model Perplexity High (Noisy) Low (Convergent) N/A 

 

The reduction in False Positives (18.7% down to 2.4%) is perhaps the more critical finding. Intelligent detection 

mechanisms reduce alert noise by understanding routine maintenance activities and traffic fluctuations that trigger 

conventional threshold-based monitoring unnecessarily. The Unified model, possessing the semantic context of the job 

schedule alongside the CPU metrics, correctly dismissed benign spikes. 



     International Journal of Computer Technology and Electronics Communication (IJCTEC)       

                                  | ISSN: 2320-0081 | www.ijctece.com | A Peer-Reviewed, Refereed and Bimonthly Journal| 

     || Volume 7, Issue 2, March - April 2024 || 

      DOI: 10.15680/IJCTECE.2024.0702006 

IJCTEC© 2024                                                        |     An ISO 9001:2008 Certified Journal   |                                                   8522 

  

 

     

5.2 Case Study: Semantic Divergence vs. Resource Thresholds 
There is a moment in every research project where the theoretical framework collides violently with reality. For us, this 

occurred during the simulation of the ―Zombie‖ process lock. 

 

Standard monitoring logic relies on thresholds: if CPU > 90%, alert. But our Zombie process was insidious; it 

consumed negligible CPU while holding a semantic lock on a critical financial table. The Hybrid model remained silent, 

effectively blind to the paralysis spreading through the application layer. The dashboard reported ―Health: OK‖ even as 

the transaction queue backed up. 

 

The Unified AMS model, however, did not look for thresholds. It looked for divergence. It noted that the ENQUEUE 

table entries were climbing while the work process throughput was flatlining. This creates a specific vector signature in 

the telemetry space that denotes ―deadlock.‖ 

 

I must confess, watching the autonomous agent execute a termination command on a production work process based 

solely on this calculation induced a visceral hesitation. Yet, the system was correct. The ―Hybrid‖ approach, by contrast, 

would have required a frantic conference call and a manual restart. 

 

 

5.3 A Note on Fragility 
However, and I must be rigorous here we cannot simply declare victory and retire. While the Unified model excels at 

detecting the specific failure modes we injected, its performance on novel anomalies remains an open question. 

During the final phase of testing, we encountered a serendipitous network jitter event caused by an Azure platform 

update. The Unified model, over-sensitive to correlation, briefly flagged this as a ―HANA Replication Failure‖ and 

attempted to trigger a failover. A misstep. But revealing. It suggests that while our ―predict-then-optimize‖ framework 

is robust within the bounds of its training, it lacks the ―common sense‖ elasticity of a seasoned Basis administrator. We 

have built a savant, not a sage. 

 

This fragility points to the ―Application-Infrastructure‖ disconnect not just as a data problem, but as an ontological one. 

We have solved the syntax of observability by unifying the logs; we have not yet fully solved the semantics. 
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VI. CONCLUSION & FUTURE WORK 

 

For a decade, systems administration has relied on the false premise that mere log aggregation yields spontaneous 

insight. This study reveals that complexity is frictional, exposing the "Hybrid" observability stack (e.g., ELK combined 

with Azure Monitor) as an architectural dead end. This fragmented model creates a "translation layer" that obscure 

meaning and introduces significant latency 11.4 seconds in chaos trials. In contrast, the Unified AMS architecture 

reduces detection time to 3.2 seconds by collapsing data planes into a singular workspace, prioritizing fidelity over 

simple velocity. 

 

However, the autonomy offered by this unified approach is fragile. Validation phases demonstrated that the system 

functions as a "savant" rather than a "sage." While it possesses deep vertical knowledge of the SAP estate, it lacks the 

horizontal "common sense" to distinguish between routine platform updates and catastrophic failures. Consequently, 

full autonomy remains a dangerous aspiration for enterprise ERP landscapes. The immediate role of the system should 

be limited to reflexive "biological" maintenance, while the human operator retains executive function. Having solved 

the syntax of observability (unifying logs), the discipline must now solve the semantics of value. Current AIOps models 

operate in a business vacuum; they can detect resource usage but cannot distinguish between a trivial reporting job and 

a critical financial close. Future research must bridge this "ontological gap." The next generation of systems must move 

beyond simple resource thresholds to perform cost-benefit analyses based on business context, transitioning from 

merely keeping the lights on to illuminating the value of the underlying processes. 
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