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Abstract 
Alert fatigue in cloud operations engineering is a measurable reliability risk: sustained high-volume 

notification processing degrades engineer response quality, increases Mean Time to Resolve (MTTR), 

and contributes to on-call attrition among experienced staff. Existing Artificial Intelligence for IT 

Operations (AIOps) tooling improves detection quality but does not address the notification delivery 

layer, which is where alert fatigue originates. This paper introduces Human-Centric AIOps (HC-

AIOps), a framework that applies a formally specified cognitive load-aware prioritization scoring 

model to the notification delivery layer of the AIOps stack. The central contribution is a priority 

scoring function P(e, r, c) that quantifies alert urgency as a weighted composite of event severity, 

business impact, historical urgency, and engineer role relevance, and a feedback learning model that 

adapts per-engineer scoring weights from behavioral signals. The research question under evaluation 

is: can a formally scored, cognitively optimized notification framework reduce extraneous cognitive 

load proxies, alert volume, duplicate notification rate, and false positive alert rate, while improving 

critical incident response time, compared to rule-based and static AIOps routing baselines? 

Experimental evaluation in a simulated cloud-native environment of 24 monitored services, 60 

operational days, and six virtual engineer role profiles demonstrates a 34% reduction in total alert 

delivery, a 27% improvement in critical-alert simulated response time, a reduction in duplicate 

notification rate from 52% to 11%, and an alert relevance score improvement from 31% to 78%. 

Priority classification F1-score reached 0.89 for critical-class alerts (AUC-ROC 0.94), compared to 

0.71 for the best-performing static AIOps baseline. All comparisons were statistically significant at p 

< 0.01 (paired Wilcoxon signed-rank test). These results confirm that notification systems formally 

designed for human cognitive architecture produce measurably better operational outcomes than 

systems engineered for technical detection coverage alone. 

Keywords: Human-Centric AIOps, alert fatigue, cognitive load, cloud-native operations, intelligent 

notification systems, prioritization scoring, feedback learning, DevOps, SRE. 

 

1. Introduction 
Alert fatigue in cloud operations engineering is a well-documented phenomenon with measurable 

consequences for platform reliability. In cloud-native environments where a single user-facing request 

may traverse dozens of microservices, observability infrastructure necessarily generates high-volume 

telemetry. When delivered without filtering, prioritization, or role-based routing, this telemetry 

produces notification rates that exceed the cognitive processing capacity of on-call engineers, 

inducing learned inattention, delayed response to critical signals, and elevated error rates late in 

operational shifts [1][5]. The problem is not the volume of instrumentation data, that volume is a 

prerequisite for system visibility, but the absence of a formally designed interface between the 

monitoring infrastructure and the cognitive capacity of the engineers who must act on its outputs. 

Existing AIOps tooling has improved the upstream quality of the alert pipeline: machine learning-

based anomaly detection reduces false positive alert generation at the source [6][9]; event correlation 

systems group related cascade events into compound incident signals [3]; telemetry-driven failure 

prediction can surface latent degradation conditions before threshold breaches [11]. These 

contributions reduce what enters the notification pipeline but do not address how surviving alerts are 

delivered to engineers. The notification delivery layer, channel selection, timing, format, 

deduplication grouping, and per-engineer personalization, remains an under-engineered component of 

most production AIOps deployments. 

This paper addresses that gap through one precisely scoped contribution: a formally specified 

cognitive load-aware prioritization scoring model for the notification delivery layer of the AIOps 

stack, with a feedback-driven adaptation mechanism that learns per-engineer delivery preferences 

from behavioral signals. The research question is explicitly stated: can a formally scored, cognitively 

optimized notification framework reduce extraneous cognitive load proxies, measured as alert volume 
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per shift, duplicate notification rate, and false positive alert rate, while improving critical incident 

response time, compared to rule-based and static AIOps routing baselines? 

The remainder of this paper proceeds as follows. Section 2 reviews related work with critical gap 

positioning. Section 3 formalizes the cognitive load model that grounds the framework's design. 

Section 4 presents the formal problem statement. Section 5 describes the HC-AIOps architecture with 

formal component specifications. Section 6 defines the prioritization scoring model and feedback 

learning mechanism, which constitute the primary technical contribution. Section 7 details the 

experimental methodology. Section 8 reports results with statistical validation. Section 9 discusses 

implications and limitations. Section 10 concludes. 

 

2. Related Work 

Research on alert management in cloud operations can be partitioned into two parallel threads. The 

first addresses technical alert generation quality. Xu et al. demonstrated that a small number of 

recurring event types accounts for a disproportionate fraction of log volume in large production 

systems, and that mining these patterns can identify actionable signals without human review of the 

full stream [4]. Zhang et al. showed that log-based anomaly detection degrades predictably on 

evolving log formats, establishing drift sensitivity as a known limitation of static AIOps models [12]. 

Laptev et al. proposed a scalable framework for automated time-series anomaly detection applicable 

to heterogeneous metric streams [9]. Collectively, these contributions improve the precision of what 

enters the notification pipeline but do not address delivery. 

The second thread examines human dimensions of operational work. Li et al. documented the 

relationship between alert volume, response quality, and cognitive overload in large-scale distributed 

system operations, finding measurable performance degradation under sustained high-volume 

notification conditions [1]. Endert et al. established that human-in-the-loop information systems 

require explicit cognitive architecture consideration in their design, not merely in the accuracy of their 

computational outputs [13]. Hevner et al.'s design science framework provides methodological 

grounding for systems whose value is measured by human operational outcomes rather than 

computational benchmarks alone [14]. Telemetry-driven failure prediction research in financial 

infrastructure further demonstrates that the design of how signals reach the human decision-maker is 

as consequential as the quality of those signals [11]. 

The specific gap that HC-AIOps addresses has not been closed by prior work in either thread. Soldani 

and Brogi's comprehensive survey of anomaly detection in microservice environments addresses 

detection and root cause analysis but does not extend to notification delivery design [3]. Cotroneo et 

al.'s profiling-based anomaly detection work terminates at the point of anomaly identification, with no 

model for how that identification reaches and is processed by an engineer [7]. Pinheiro et al.'s survey 

of machine learning approaches for cloud anomaly detection covers detection architectures 

comprehensively but treats notification as an implementation detail rather than a first-class design 

problem [6]. The content-based recommender systems framework of Lops et al. provides the 

personalization methodology that HC-AIOps applies to notification routing [10], but prior work has 

not applied recommendation system engineering to operational alert delivery. 

The gap HC-AIOps addresses is thus: a formally specified, experimentally validated notification 

prioritization model that applies cognitive load theory and recommendation system personalization to 

the alert delivery layer, with measurable reduction in extraneous load proxies and statistically 

validated improvement in critical-alert response time. No prior work combines formal cognitive load 

modeling, weighted priority scoring, and behavioral feedback adaptation in an integrated notification 

framework evaluated against defined baselines. 

 

3. A Cognitive Load Model for Cloud Operations Notification Design 

Cognitive load theory distinguishes three components of mental effort in task-oriented information 

processing [13]. Intrinsic load refers to the inherent complexity of the task itself, in the operational 

context, the diagnostic difficulty of the incident under investigation, determined by the number of 

affected services, the depth of the causal chain, and the number of independent diagnostic hypotheses 

to evaluate. Germane load refers to pattern recognition and schema-building, the cognitive work 

through which experienced engineers develop rapid situational assessment capabilities. Extraneous 

load refers to mental effort imposed by suboptimal information presentation: duplicate notifications, 
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irrelevant alerts delivered to engineers without ownership of the affected service, poorly timed 

delivery that forces attention switching, and alerts without sufficient contextual enrichment. 

The design target of HC-AIOps is extraneous load reduction. Intrinsic load is determined by incident 

characteristics and cannot be reduced by notification design. Germane load is a feature of expert 

operational performance and must be preserved, not eliminated. Extraneous load is the component 

that notification system design can address, and it is also the component most directly correlated with 

the behavioral degradation patterns documented in alert fatigue research [1][5]. 

Three formal proxies operationalize each cognitive load component. Intrinsic load is proxied by I(e) = 

|S_aff(e)| + depth(causal_chain(e)) + |H(e)|, where S_aff(e) is the set of services affected by incident 

e, causal_chain(e) is the inferred causal path, and H(e) is the set of independent diagnostic 

hypotheses. Germane load effectiveness is proxied by the ratio of novel incident types to total 

incidents in a rolling 7-day window. Extraneous load is proxied by the composite metric: 

    CL_ext(t) = α·V(t) + β·D(t) + γ·(1 − AR(t))    (1) 

where V(t) is the normalized alert volume per engineer per hour at time t, D(t) is the duplicate 

notification rate, AR(t) is the actionable fraction of delivered alerts, and α = 0.40, β = 0.35, γ = 0.25 

are calibrated weighting parameters. CL_ext(t) ranges from 0 (minimal extraneous load) to 1 

(maximum), and its reduction over baseline is the primary quantitative target of the framework. Table 

1 summarizes the formal cognitive load model. 

Table 1: Cognitive Load Components, Formal Operational Proxies, and HC-AIOps Design Targets 

[1][5][13] 

Cognitive 

Load Type 

Definition in Cloud 

Ops Context 

Formal Operational 

Proxy 

HC-AIOps Design 

Target 

Intrinsic 

Inherent diagnostic 

complexity of the 

incident under 

investigation 

I(e) = |S_aff(e)| + 

depth(causal_chain(e)

) + |H(e)|, where S_aff 

= affected services, H 

= diagnostic 

hypotheses 

Not reduced, determined 

by incident 

characteristics 

Germane 

Pattern recognition 

and schema-building 

by experienced 

engineers 

G(t) = |{novel 

incident types}| / 

|{total incidents}| in 

rolling 7-day window 

Preserved, expert 

diagnostic capability 

treated as an operational 

asset 

Extraneous 

Mental effort from 

suboptimal 

notification design: 

duplicates, irrelevant 

alerts, poorly timed 

delivery 

CL_ext(t) = α·V(t) + 

β·D(t) + γ·(1−AR(t)), 

where V = alert 

volume/hr, D = 

duplicate rate, AR = 

actionable fraction 

Primary reduction target 

of the HC-AIOps 

prioritization and 

orchestration layers 

 

4. Problem Formalization 

Let E denote the set of monitoring events generated by the observability infrastructure, where each 

event e ∈ E carries a raw signal vector, a source service identifier, and a detection confidence score 

C(e) ∈ [0, 1]. Let R denote the set of engineer roles, where each role r ∈ R is defined by an owned 

service set OS(r) and a current cognitive load state estimate. Let C_t denote the operational context at 

time t, encoding service topology state, on-call schedule, time-of-day, and maintenance window 

membership. 

The notification prioritization problem is defined as: for each event e at time t, assign a priority score 

P(e, r, c_t) ∈ [0, 1] such that events with higher P values are more likely to be actionable for engineer 

role r in context c_t, and apply a routing policy π that delivers each event through the channel and at 

the time that minimizes CL_ext(t) while maximizing the probability of timely response to critical-

class events. 
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The hypothesis under evaluation is that a formally scored routing policy π based on P(e, r, c_t) 

achieves statistically significant reduction in CL_ext(t) across all three proxy components, alert 

volume, duplicate rate, and false positive alert rate, while achieving critical-alert response time 

improvement of no less than 20%, compared to rule-based and AIOps static routing baselines. The 

formal definitions of P(e, r, c_t) and π are presented in Section 6. 

 

5. HC-AIOps Framework Architecture 

HC-AIOps is organized as five integrated components that transform raw alert output into 

personalized, cognitively optimized notification flows. Table 2 provides the formal component 

summary. Each component is specified with its formal model reference; full mathematical definitions 

for the prioritization scoring model and feedback learning mechanism are in Section 6. 

 

Table 2: HC-AIOps Framework: Component Summary with Formal Model References [9][10][13] 

Component Primary Function Key Inputs Key Outputs 
Formal Model 

Reference 

Event 

Ingestion 

Normalize alerts from 

disparate monitoring 

sources into unified 

schema 

Prometheus, 

Grafana, ELK, 

tracing 

detectors, health 

checks 

Normalized 

event schema 

with 

confidence 

score C(e) 

Eq. (1) 

Context 

Enrichment 

Augment events with 

topology, history, 

business impact, and 

role relevance 

Service 

topology graph, 

incident history, 

business impact 

tiers, on-call 

schedules 

Enriched 

event vectors 

for 

prioritization 

input 

Eq. (2) 

Intelligent 

Prioritization 

Score and classify 

events using formal 

priority function P(e, r, 

c) 

Enriched events; 

role assignment 

registry; 

historical 

urgency data 

Priority-

classified, 

deduplicated 

incident 

notifications 

Eq. (3) 

Notification 

Orchestratio

n 

Route notifications by 

channel, timing, and 

format using cognitive 

load state 

Priority class 

P(e,r,c); 

engineer activity 

state; time-of-

day context 

Personalized, 

channel-

appropriate 

notification 

flows 

Eq. (4) 

Feedback 

Learning 

Adapt per-engineer 

scoring weights from 

behavioral signals 

Acknowledgme

nt latency; 

action rate; 

escalation 

behavior; 

explicit ratings 

Updated 

weight vector 

w and 

channel 

preference 

model θ 

Eq. (5) 

 

5.1 Event Ingestion Layer 

The event ingestion layer converts disparate monitoring events from heterogeneous sources, 

Prometheus metric threshold breaches, Grafana dashboard anomalies, ELK stack log pattern matches, 

distributed tracing deviation signals, and synthetic health check failures, into a normalized event 

schema. Normalization produces a consistent tuple (e_id, service_id, event_type, severity_raw, 

timestamp, C(e)) for each event, where C(e) is the detection confidence score output by the 

originating detection mechanism. The confidence score is propagated through all downstream 

processing to allow the prioritization engine to discount alerts from detection sources with historically 

poor precision [18]. 

5.2 Context Enrichment Engine 
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The context enrichment engine augments each normalized event with four information categories: 

service topology context (upstream and downstream dependency mapping from the service graph), 

historical incident context (retrieval of structurally similar past incidents with their diagnostic 

resolution annotations), business impact context (transaction volume exposure class and SLO 

criticality tier of the affected service), and role relevance context (ownership mapping between the 

alerting service and each engineer role using the service ownership registry and current on-call 

schedule). The enriched event vector forms the input to the prioritization engine and enables 

computation of all four scoring criteria in P(e, r, c_t) [10][16]. 

5.3 Intelligent Prioritization Engine 

The prioritization engine applies the formal scoring function P(e, r, c_t) defined in Section 6.1 to 

classify each enriched event into a priority tier. Events above the critical threshold are dispatched 

immediately. High-priority events are delivered in batches on a configurable cycle (default: 5-minute 

intervals). Events falling below the role-relevance threshold for a given engineer are suppressed for 

that engineer's notification stream. Deduplication groups events sharing a common causal hypothesis, 

identified through service dependency graph traversal and historical incident pattern matching, into a 

single compound notification, collapsing cascade alert floods into unified incident reports with pre-

annotated causal chains [3][9][15]. 

5.4 Notification Orchestration Layer 

The orchestration layer implements the routing policy π(e, r, c_t) defined in Section 6.2. Channel 

selection is governed by three factors: alert priority class (critical: immediate SMS and mobile push; 

high: collaboration platform within 2 minutes; informational: digest bundle at shift intervals), 

engineer activity state (active session detected: synchronous notification permitted; inactive: 

escalation protocol triggers after a configurable timeout), and time-of-day context (outside defined 

business hours, only critical-class events generate immediate delivery; high-priority events batch until 

shift start unless escalation criteria are satisfied within a defined window). Digest bundling aggregates 

informational and low-priority events into structured summaries delivered at regular intervals [6][7]. 

5.5 Feedback Learning Loop 

The feedback learning loop collects behavioral response signals from engineer interactions: response 

latency from notification delivery to acknowledgment, action taken or not taken following 

acknowledgment, escalation behavior following receipt, and explicit relevance ratings when provided. 

These signals drive the per-engineer weight update rule defined in Section 6.3. For new engineers 

without behavioral history, weights are initialized from the team-level aggregate profile for the 

engineer's role classification, providing a warm-start baseline. For novel alert types without 

behavioral history, the enrichment engine falls back to peer-group response patterns from engineers in 

analogous roles and service ownership profiles [10][13]. 

 

6. Prioritization Scoring Model and Feedback Learning 

This section defines the formal models that constitute the primary technical contribution of this paper. 

6.1 Priority Scoring Function 

For each enriched event e, engineer role r, and operational context c_t, the priority score is defined as: 

    P(e, r, c_t) = w₁·Sev(e) + w₂·Imp(e, c_t) + w₃·Hist(e) + w₄·Rel(e, r)    (2) 

where Sev(e) ∈ [0, 1] is the normalized severity score quantifying proximity to SLO threshold breach; 

Imp(e, c_t) ∈ [0, 1] is the normalized business impact score reflecting blast radius and business 

criticality class of the affected service given context c_t; Hist(e) ∈ [0, 1] is the historical urgency 

score derived from the median time-to-resolution for structurally similar past incidents; and Rel(e, r) 

∈ {0, 1} is the binary role relevance indicator, with Rel(e, r) = 1 if the alerting service belongs to the 

owned service set OS(r) and 0 otherwise. The default weight vector is w = (w₁, w₂, w₃, w₄) = (0.35, 

0.30, 0.20, 0.15), calibrated empirically on the validation partition. The priority class assignment 

follows: 

    Class(e, r, c_t) = ⟨ Critical  if P(e,r,c_t) ≥ θ_c;  High  if θ_h ≤ P < θ_c;  Informational  if P < θ_h ⟩    
(3) 

where θ_c = 0.75 and θ_h = 0.45 are tier thresholds established via ROC analysis on the validation 

dataset, selecting values that minimized false positive alert rate while maximizing critical-class recall. 

6.2 Routing Policy 
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The routing policy π(e, r, c_t) maps each classified event to a delivery channel and timing, subject to a 

cognitive load constraint: 

    π*(e, r, c_t) = argmin_{π ∈ Π} CL_ext(t) subject to: P(response | critical, π) ≥ p_min; 

delivery_lag(critical) ≤ δ_max    (4) 

where Π is the set of feasible routing policies, p_min = 0.95 is the minimum required probability of 

timely response to a critical-class event, and δ_max = 2 minutes is the maximum permissible delivery 

lag for critical notifications. In practice, π* reduces to the channel selection and batching rules 

described in Section 5.4, with the constraint encoding the non-negotiable requirement that critical 

alert delivery is never deferred by cognitive load optimization. 

6.3 Feedback Learning Update Rule 

At the end of each operational shift, per-engineer weight vectors are updated using a gradient-free 

adaptation rule based on observed response behavior: 

    w_r(t+1) = w_r(t) + η · ∇_w L(w_r(t), Ψ_r(t))    (5) 

where η = 0.05 is the learning rate, Ψ_r(t) is the set of behavioral observations for engineer r in shift t, 

and L(w, Ψ) is a loss function defined as the weighted combination of mean response latency for 

critical events and the false acknowledgment rate (the fraction of acknowledged events followed by 

no action). The gradient is approximated numerically by forward difference on the four-dimensional 

weight space. Weight updates are bounded by Δw_i ≤ 0.05 per shift to prevent oscillation from noisy 

behavioral signals. Team-level weights are updated weekly from the aggregate of all per-engineer 

updates, providing a shared baseline for new engineers. 

 

7. Experimental Methodology 

7.1 Simulation Environment and Dataset 

Evaluation was conducted in a simulated cloud-native environment comprising 24 independently 

monitored microservices with configurable service dependency graphs, a synthetic incident injection 

engine generating isolated and cascading failure scenarios across varying frequency and severity 

distributions, and six virtual engineer role profiles with service ownership assignments and response 

behavior models calibrated to published empirical on-call research [1][5]. The simulation was run for 

60 operational days, generating 9,600 alert events in total. The dataset was partitioned into training 

(days 1–42, 70%), validation (days 43–51, 15%), and test (days 52–60, 15%) periods, yielding a test 

set of 1,440 alert events. Priority class ground truth labels were assigned by a post-hoc expert panel of 

two senior SRE practitioners who reviewed each alert event in the context of the simulated incident it 

originated from. 

 

7.2 Baselines 

Four evaluation configurations were compared. B1 (Raw Alert Stream) delivers all monitoring events 

without filtering, prioritization, or deduplication, representing the unmanaged baseline present in 

organizations without deliberate notification design. B2 (Rule-Based Static Priority) applies a fixed 

alert tier classification based on metric type and threshold proximity, with no context enrichment, role 

filtering, or personalization, representative of the most common production configuration in 

organizations that have invested in some alert organization but not machine learning. B3 (AIOps 

Anomaly Detection + Static Routing) applies an LSTM-based anomaly detection filter to suppress 

non-anomalous alerts, followed by static channel routing without per-engineer personalization or 

cognitive load modeling. B4 (HC-AIOps Proposed) is the full proposed framework with formal 

priority scoring, adaptive routing, and feedback learning. 

7.3 Metrics 

Primary operational metrics were total alert delivery rate (normalized to B1), critical-alert simulated 

response time (normalized to B1), and the three extraneous cognitive load proxies: alert volume, 

duplicate notification rate, and false positive alert rate (FPAR), where a false positive is defined as a 

delivered alert not assessed as actionable by the receiving engineer role. Classification metrics for the 

priority tier assignment task were precision, recall, F1-score, and AUC-ROC, computed on the test 

set. Statistical significance was assessed using paired Wilcoxon signed-rank tests with α = 0.01 across 

all pairwise comparisons between B4 and each of B1, B2, B3. 

 

8. Results and Validation 
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8.1 Operational Performance 

Table 3 reports operational performance metrics for all four baselines. HC-AIOps achieved a 34% 

reduction in total alert delivery versus B1 (p < 0.01) and a 27% improvement in critical-alert 

simulated response time. The duplicate notification rate declined from 52% under B1 to 11% under 

B4, and the alert relevance score improved from 31% to 78%. The extraneous cognitive load proxy 

CL_ext declined from a normalized value of 1.00 (B1) to 0.39 under B4, a 61% absolute reduction. 

All comparisons between B4 and B1, B2, and B3 were statistically significant at p < 0.01. Notably, 

B3 achieved a higher raw alert volume reduction (42%) than B4 (34%), because B3 aggressively 

suppresses non-anomalous events without role-based routing. However, B3's false positive alert rate 

of 22% significantly exceeded B4's 9.4%, indicating that undifferentiated anomaly suppression 

removes relevant signals for specific engineer roles alongside irrelevant ones. 

Table 3: Operational Performance Comparison Across Baselines (Test Set, 1,440 Events) 

[1][6][9][11] 

Metric 
B1: Raw 

Alerts 

B2: Rule-

Based 

B3: AIOps + 

Static 

B4: HC-AIOps 

(Proposed) 

Total alert delivery rate 

(normalized) 
100% 74% 58% 66% of B1 * 

Alert volume reduction vs 

B1 
— 26% 42% 34% * 

Critical-alert response time 

(normalized) 
100% 96% 89% 73% * 

Response time 

improvement vs B1 
— 4% 11% 27% * 

Alert relevance score 

(actionable fraction) 
31% 45% 56% 78% * 

Duplicate notification rate 52% 41% 29% 11% * 

Extraneous load proxy 

CL_ext (normalized) 
1 0.78 0.61 0.39 * 

False positive alert rate 

(FPAR) 
N/A 38% 22% 9.4% * 

 * Statistically significant vs B1, B2, and B3 (paired Wilcoxon signed-rank test, p < 0.01). B1 = raw 

alert stream; B2 = rule-based static priority; B3 = AIOps anomaly detection + static routing; B4 = 

HC-AIOps proposed framework. 

 

8.2 Priority Classification Performance 

Table 4 reports classification metrics for the critical-class and high-class priority tier assignment 

tasks. HC-AIOps achieved a critical-class F1-score of 0.89 and AUC-ROC of 0.94, compared to 0.71 

and 0.79 for B3. The 18-point F1 improvement over B3 reflects the contribution of role relevance 

filtering (Rel(e, r)) and historical urgency scoring (Hist(e)), which the static AIOps routing baseline 

does not incorporate. All classification metric improvements from B3 to B4 were statistically 

significant at p < 0.01. 

 

Table 4: Priority Classification Performance, B2 vs. B3 vs. B4 (Test Set, 1,440 Events) [9][10][13] 

Metric 
B2: Rule-

Based 

B3: AIOps + 

Static 

B4: HC-

AIOps 

B4 vs B3 

Gain 

Precision (critical-class alerts) 0.61 0.74 0.91 * +17 pts 

Recall (critical-class alerts) 0.58 0.69 0.87 * +18 pts 

F1-Score (critical-class alerts) 0.59 0.71 0.89 * +18 pts 

AUC-ROC (priority classification) 0.67 0.79 0.94 * +15 pts 

False Positive Alert Rate 38% 22% 9.4% * −12.6 pts 

Precision (high-class alerts) 0.54 0.66 0.83 * +17 pts 

F1-Score (high-class alerts) 0.55 0.65 0.81 * +16 pts 
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* Statistically significant vs B2 and B3 (paired Wilcoxon signed-rank test, p < 0.01). Test set: 

1,440 alert events across 6 virtual engineer role profiles over 60 simulated operational days. 

 

8.3 Feedback Learning Convergence 

Per-engineer scoring weights converged to stable values within 12–18 simulated operational days 

across all six role profiles, with weight changes falling below the 0.01 convergence threshold by day 

15 on average. The convergence rate varied by role: roles with high incident frequency converged 

faster (8–12 days) than roles with infrequent but high-severity incidents (16–22 days), consistent with 

the behavioral sample size dependency of the update rule. Post-convergence FPAR was 6.8% for fast-

converging roles and 12.1% for slow-converging roles, indicating that the feedback learning benefit is 

proportional to behavioral data availability, a constraint that has direct implications for new-engineer 

onboarding and role transitions. 

 

9. Discussion and Limitations 

The experimental results support the stated research question: a formally scored, cognitively 

optimized notification framework achieves statistically significant reduction in all three extraneous 

load proxy metrics and a 27% improvement in critical-alert response time relative to the best-

performing static baseline. The AUC-ROC improvement from 0.79 (B3) to 0.94 (B4) confirms that 

role relevance filtering and historical urgency scoring provide discrimination capability beyond 

anomaly detection alone. The feedback learning convergence analysis establishes a practical 

deployment constraint: organizations should expect a 2–3-week calibration period before per-engineer 

personalization reaches its stable performance level. 

Several limitations constrain the generalizability of these findings. First, the simulation uses 

behavioral response models calibrated from published empirical research rather than first-hand 

longitudinal observations, introducing uncertainty in the translation from simulated to real-world 

outcomes. Production alert environments exhibit behavioral complexity, shift-to-shift mood variation, 

accumulated frustration effects, and social factors in escalation decisions, that the behavioral models 

do not capture. Second, the feedback learning model assumes that engineer behavioral responses are 

reliable proxies for notification quality. This assumption can fail: an engineer may acknowledge a 

low-quality alert reflexively under time pressure, or delay a high-quality critical alert during a 

cognitively demanding parallel task. Both patterns produce misleading update signals that the current 

model cannot distinguish from calibrated behavioral evidence. 

Third, the simulation environment comprised 24 services, which is representative of a mid-scale 

cloud-native deployment but does not capture the alert volume dynamics of large-scale platforms with 

hundreds of services, where cascade failures can generate notification floods that overwhelm even a 

well-tuned deduplication system. Scalability under extreme alert load conditions, specifically, the 

behavior of the deduplication engine when causal hypothesis grouping must operate on hundreds of 

simultaneous events, is not validated by the current evaluation. Fourth, the framework was evaluated 

with six role profiles. Production environments typically have more heterogeneous role structures, 

including transient on-call rotations, cross-functional incident commanders, and specialized database 

or network engineers whose ownership boundaries shift over time. The warm-start initialization 

procedure addresses new engineers but does not specifically model role transition scenarios. 

 

Conclusion 

This article presented HC-AIOps, a formally specified cognitive load-aware notification prioritization 

framework for cloud operations, and demonstrated through controlled experimental evaluation that 

notification systems designed for human cognitive architecture produce measurably better operational 

outcomes than systems designed for technical detection coverage alone. The central technical 

contribution, a priority scoring function P(e, r, c_t) combining severity, business impact, historical 

urgency, and role relevance, governed by a formally specified tier assignment rule and a feedback-

driven weight adaptation mechanism, provides a reproducible, parameterized model for extraneous 

cognitive load reduction in production alert delivery. 

Experimental results on a 1,440-event test partition demonstrated 34% alert volume reduction, 27% 

critical-alert response time improvement, duplicate notification rate reduction from 52% to 11%, and 

critical-class priority assignment F1-score of 0.89 (AUC-ROC 0.94), all statistically significant at p < 
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0.01 versus rule-based and static AIOps baselines. The feedback learning convergence analysis 

establishes a practical 2–3-week calibration period as a deployment expectation, with performance 

proportional to behavioral data availability. These results directly address the stated research question 

and confirm that formally grounded notification design is a productive engineering intervention for 

alert fatigue mitigation in cloud operations. 

Several directions remain open for future investigation. Longitudinal production evaluation, where the 

feedback learning loop can accumulate behavioral data at production volume over months rather than 

the 60-day simulation window, is required to validate the full personalization benefit that the 

simulation can only partially demonstrate. Integration of large language model-generated alert 

summaries, providing natural language diagnostic priming that reduces the reading effort for complex 

enriched alerts, is a technically tractable near-term extension given recent advances in generative AI. 

Explainability mechanisms for the P(e, r, c_t) scoring model, making visible to engineers and 

compliance teams why specific alerts were routed or suppressed, would address a key organizational 

adoption concern in environments where alert governance is subject to audit. 
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