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Quality of Service (QoS) management for web services is usually over the
place. It is spread across testing tools, analytics dashboards, predictive
models, and billing systems. This paper is about QoS Collab, an
integrated Software-as-a-Service (SaaS) platform that unifies real-time
QoS testing, makes predictions based on machine-learning, service
recommendation and comparison, and token-governed execution within
a single deployable architecture. The system is implemented using a
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uptime and throughput and failure-sensitive refund logic. Experimental
evaluation demonstrates that a baseline Linear Regression pipeline
achieves a holdout R? of 0.5350 (MAE = 1.4590, RMSE = 1.8122),
whereas an optimized ensemble pipeline yields R? = 0.6804 (MAE =
1.0706, RMSE = 1.3324), representing a 27.2% improvement in
explained variance and a 26.6% reduction in MAE. Platform-level
workflows confirm the practical feasibility of combining observability,
predictive analytics, and consumption-based billing governance in a
unified operational design. The study also found some things to consider
when making production grade Machine Learning-driven Quality of

Service systems.

Introduction

Cloud services and third-party application
programming interfaces (APIs) are important
for modern digital products to work well [1],
[2]. When these services do not work properly
or unavailability directly impacts end-user
experience and can impose significant
operational and financial costs on dependent
organisations [2]. Although a broad ecosystem
of monitoring, analytics, and billing tools exists,
these components are typically deployed as
isolated subsystems, creating three interrelated
operational problems.

First, the peoples who operate these services
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have to look at a lot of screens to figure out what
is going on which takes a lot of time and effort.
Second, the predictions that these tools make
are not very accurate because they are not
connected to the testing of the services. Third,
when tests fail, resource consumption is often
charged in full, creating billing inequity that
degrades user trust.

To address these gaps, this paper introduces
QoSCollab, a wunified SaaS platform that
integrates real-time QoS testing, ML-based
efficiency prediction, service recommendation
and comparison, and token-governed billing
within a single runtime and data architecture.

This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Objectives

This work pursues three primary objectives: (1)
The first goal is to create a system that design
and implement an end-to-end architecture that
tightly couples service observability, predictive
inference, and logic; (2) to quantify the
predictive performance gains  achievable
through feature engineering and ensemble
optimization; and (3) to validate the practical
utility of the integrated model under
representative operational conditions.

2. Contributions

The principal contributions of this work are as
follows:

1) A four-plane SaaS architecture (client, edge
orchestration, data/security, ML inference) that
enables to get the information at real-time and
helps our system work properly when we are
testing, prediction, and billing subsystems.

2) A failure-aware, cache-sensitive token cost
model that figures partial refunds proportional
to test-phase completion, ensuring billing equity
under timeout, network failure, and error
conditions.

3) An enhanced machine learning that
combines different models and uses the best
parts of each one This makes system works
effieciently to gives us more accurate results.

4) An end-to-end experimental evaluation
encompassing baseline and optimised pipelines
with holdout and cross-validation protocols,
accompanied by a discussion of threats to
construct, internal, external, and reproducibility
validity.

5) Identification of deployment prerequisites
for production readiness, including model
registry management, drift detection, billing
audit trails, and CI/CD schema reproducibility.

3. Paper Organisation

Section II surveys related work across QoS
monitoring, ML-based prediction, service
recommendation, and managing bills. Section
I describes the QoSCollab system architecture
in detail. Section

IV goes into details about how tokens cost,
what the cache policy is, how refunds work and
the machine learning pipeline of the QoSCollab
system. Section V presents the experimental
setup and results. Section VI discussion about
what the QoSCollab system means from a point
of view what is good about it. Section VII

classifies threats to validity. Section VIII
concludes the paper and outlines future
research directions

Related Work

1. QoS Monitoring and Performance
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Prediction

Early QoS research focused on things like how
long it takes for something to happen and how
often it is working properly monitoring of scalar
metrics such as latency and uptime [3]. Zheng et
al. characterized the statistical distributions of
real-world web service QoS attributes and
demonstrated that these metrics exhibit
significant skew and motivating data-driven
modelling approaches [4]. Li et al. subsequently
applied collaborative filtering to QoS prediction
in cloud environments, exploiting user-service
interaction matrices to interpolate missing
observations [5]. Wu et al. employed a two-
phase K-means clustering strategy to group
services by behavioral similarity prior to
regression, improving holdout accuracy relative
to global models [6]. A limitation shared by
these approaches is their decoupling from
operational testing infrastructure: predictions
are generated offline from historical logs rather
than from continuously refreshed, live test
results.

2. Service Recommendation

Service Metadata-driven keyword matching has
been used to recommend services [7],
collaborative filtering on the history of user-
service interactions [5], and hybrid scoring
algorithms that integrate user choice signals
with anticipated QoS [7]. A preference-inference
framework that weights services based on past
user interaction and expected reliability was
proposed by Zhang et al. [7]. However, most of
these systems are not responsive to short-term
service degradation situations since they work
against static service catalogues and do not use
real-time test results in the recommendation
score.

3. Usage-Based and Resource
Governance

As businesses look to match prices with
measured value, consumption-based invoicing
for cloud and API services has garnered a lot of
interest. SLA-aware monitoring frameworks for
cloud environments were established by Chen
and Zhou, who emphasised the necessity of
billing systems that represent observed rather
than contracted service levels. [8]. Kumar et al.
strengthened the argument for outcome-
sensitive cost models by quantifying the impact
of API delay on revenue and experience[9].
Despite this body of work, current billing
systems usually charge per invocation
regardless of the result of the test, neglecting to
take timeout events or partial failures into
account.

Billing
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4. Serverless and Edge-Based Orchestration

For per-user, multi-tenant applications,
serverless and edge-based execution paradigms
have become scalable substrates. [10], [11]. A
large cloud provider's serverless workload
patterns were described by Shahrad et al., who
showed that bursty, latency-sensitive jobs are
best suited for fine-grained, event-driven
function activation. [11]. Sewak and Singh
emphasised the cost-effectiveness and ease of
use of function-as-a-service approaches for
instrumentation pipelines. [10]. Serverless edge
functions are a perfect fit for QoS test
orchestration because of these architectural
characteristics.

5. Research Gap

No previous platform integrates QoS testing,
ML-based efficiency  prediction, service
recommendation, and outcome-sensitive
payment governance inside a single runtime and
data architecture, despite advancements in each
of these discrete disciplines. By offering tight
operational integration across all four
subsystems, QoSCollab is intended to close this
gap and enable feedback loops that are not

possible when these issues are handled
separately.
System Architecture

The Client Layer, Edge Orchestration Layer, Data
and Security Layer, and ML Inference Layer are
the four interacting planes that make up the
QoSCollab architecture. Fig. 1 shows the high-
level interactions between these planes.

Client Plane
React Web App
(Dashboard, Run Test, Predict,
Biling)

Edge Orchestration Plane DstaSecurty Pine

Supatiase PosigreSQL + Auth +
RLS

Predicton fequestresponse

ML inference Plane
FastéPl fpredict
(00 eficency precicton)

Fig. 1. High-level system architecture of
QoSCollab, showing the four interacting planes:
client, edge orchestration, data/security, and ML

inference.

1. Client Layer

React 18 and TypeScript are used to implement
the frontend as a single-page application (SPA).
Dashboard, Test  Execution, Prediction,
Analytics, Recommendations, Comparison, and
Billing/Profile are its seven functional modules.
Before rendering any sensitive modules,
authenticated routes impose J[SON Web Token
(JWT) validation. A persistent widget that
subscribes to server-sent event (SSE) streams
released by the edge tier presents real-time
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token balance and consumption-cycle statistics.
Perceived delay during test submission and
prediction request procedures is reduced by
client-side optimistic state updates..

2. Edge Orchestration Layer

Supabase Edge Functions running top the Deno
runtime host all stateful business logic. This
design decision offers sub-100 ms cold-start
latency, per-user isolation, and automatic
scaling without requiring manual infrastructure
provisioning. [10], [11]. The orchestration layer
consists of seven functions: (1) run-qos-test,
which manages the entire token lifecycle and
performs active service checks; (2) predict-qos,
which logs predictions and validates ML
inference requests; (3) get-recommendations,
which generates keyword and history-weighted
service rankings; (4) compare-services, which
aggregates multi-metric QoS comparisons
across a nominated service set; (5) payments-
create-order and (6) payments-verify, which
manage token top-up workflows; and (7) token-
stream, which transmits real-time token state to
connected clients via SSE.

3. Data and Security Layer

A PostgreSQL instance hosted on Supabase is
responsible for managing persistent state. Tests,
qos_predictions,
web_services,service_recommendations,
model_feedback, user profiles,
token_transactions, payments, topup_records,
and efficiency_logs are examples of core tables.
All user-owned tables are subject to Row-Level
Security (RLS) restrictions, which guarantee
that each authorised session can only see and
alter its own entries. Supabase's admin policy
primitives further limit administrative changes
to the service catalogue. This dual-layer access
control approach lowers the attack surface for
privilege escalation and does away with the
requirement for application-level permission
checks.

4. ML Inference Layer

A FastAPI microservice supported by scikit-
learn loads model artefacts at startup [12]. The
service offers a single /predict endpoint that
takes a five-dimensional feature vector, applies
the preprocessing pipeline that has been
trained, and outputs a normalised efficiency
score between 0 and 100. Future drift detection
and longitudinal accuracy analysis are made
possible by the persistence of each inference
request to the qos_predictions database.
Because of its low serialisation overhead and
inherent support for sklearn Pipeline objects—
which combine feature scaling and model
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inference into a single reusable artifact—the
FastAPI/scikit-learn stack was chosen

5. Real-Time Consistency

CLIENT LAYER (React + TypeSeript)

PAGES: Dashboard | Run Test | Predict | Compare | Recommendations | Bifing/Profile \

FEATURES: Authenticated Routes | Token Batance Widget | Reak-time Ul Updates ‘

I A A
HTTPS + T QoS Resuls | Token Updates SSE Token Sweam / Poling
EDGE ORCHESTRATION LAYER (Supabase Edge Functions)
FUNCTIONS: run-qos-test | predici-os | compare-si |ge | payments-create-ordes | pay fy | token-iopup | token-stream
+RESPONSIBILITIES: Request Validasion | Auth Context | QoS Execubion | Cache Check ese: Biling Workdow |
Loge
SQU ReadWrite (RLS Enforced)

DATA & SECURITY LAYER (Supabase PostgreSQL + Auth + RLS)
e
e !

CORE TABLES: tests, qos_predictions, web)_senvices, sevice_fecommendations, mode!_feedback, topup_records, user_profiles, token ransactions,

‘payments, efficency_logs

SECURITY: JWT Authentication + Row-Level Securty (Ouner-based access. Admin pofies) l

REST Prediction RequestResponse

ML INFERENCE LAYER (FastAP + scikitlearn)

ENDPOINT. jpredict
INPUT. latency, heoughput, avaiabity, reiabty, response._time
QUTPUT. predicted_effciency

Fig. 2. Sequence diagram illustrating edge
function orchestration for a QoS test request,
including token reservation, execution, and SSE
state propagation.
SSE streams (primary) and periodic polling
(fallback) are wused to provide state
synchronisation across browser tabs and
concurrent sessions. Supabase broadcast
channels ensure consistency without requiring
client-initiated reconciliation by propagating
token balance modifications to all active
sessions associated with the same user. Fig. 3
shows the steps involved in a full QoS test
request, from token reservation to SSE state
propagation

Table 1: Token Base Costs by Test Type

Methodology

1. QoS Test Execution Model

A service URL, a test type identification, and
optional scheduling controls (force-refresh flag
and batch size) are included with every test
request. The following sequential steps are
followed by the execution pipeline:

e Verification of JWT authentication and
request validity.

o Estimating token costs using
scheduling modifiers, batch size, and
test type.

e A cost estimate that takes into account
scheduling modifiers, batch size, and
test type.

e Cache lookup: the cached result is
returned at zero token cost if there is a
non-expired result for the same test
type and force-refresh is not enabled.

e Token reservation: the user's balance is
automatically reduced by the expected
cost, which 1is then recorded in
token_transactions..

e Test execution with a configurable
timeout; errors are classified by failure
mode.

e Refunds or cost adjustments based on
the nature of observed failure (see
Section IV-D)

e Updating efficiency logs and keeping
test results in the tests table.

e Real-time status notification via SSE to
the subscribing client session.

2. Token Cost Model

For a test of type t, the base token cost CP(t) is
defined as shown in Table 1. The total reserved
cost C is computed as:

C=CP’(t)-as-ab

where as = 0.80 for scheduled (non-interactive)
runs and as = 1.00 otherwise, and ab = 0.85
when batch size = 5 and ab = 1.00 otherwise.
Scheduling and  batch  discounts are
multiplicative and may  be applied
simultaneously.

Test Type Base Cost  CP | Cache TTL Policy

(tokens)
Latency 5 Short TTL; frequent re-test expected
Uptime 3 Short TTL; high-frequency health checks
Throughput 10 Medium TTL; moderate re-test cadence
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Load 15

Long

TTL; computationally intensive

3. Cache-Aware Execution Policy

Results are cached per (user, service, testType)
tuple to minimise unnecessary test invocations.
Cache validity windows vary depending on the
type of test: latency and uptime checks expire
quickly to maintain freshness, whereas load
tests are kept for the greatest duration due to
their high execution cost. The cached result is
delivered instantly at zero token cost and no
deduction is noted in token_transactions when a
valid cache entry is present and force-refresh is
not asserted.

4. Failure-Aware Refund Policy

WThe following failure classification determines
the refund amount R in the event that a test fails
after token reservation: (1) Target-Down or
Network Error: a 50% refund is given (R = 0.5C),
indicating that network-level probing used
partial resources; (2) Timeout: a partial refund
is given proportionate to the fraction of the
configured timeout that elapsed before failure,
ie,R=C-(1

- t_elapsed / t_timeout); (3) Application Error: a
full refund is given (R = C), since the failure is
due to a platform fault rather than a billable
service interaction. Users are charged in
accordance with the amount of computational
work done on their behalf thanks to our
progressive refund approach.

5. Runtime Efficiency Heuristics

The Using the following weighted algorithm, the
test pipeline calculates a composite efficiency
score E from the raw QoS metrics of each test
execution.

E = 0.35 - Availability + 0.35 - Reliability + 0.20
- LatencyScore

+0.10 - ThroughputScore

where ThroughputScore is normalised to [0,
100] from the observed requests-per-second
figure, and LatencyScore = max(0, 100 -
latency_ms / 10). The ML pipeline uses the
efficiency score E as both the prediction target
and the heuristic runtime label.

6. Machine Learning Prediction Pipeline
With the objective variable y = efficiency_score,
prediction queries provide a five-dimensional
feature vector X = [latency, throughput,
availability, reliability, response_time]. The
inference pipeline logs request telemetry to
efficiency_logs for longitudinal analysis and
applies schema validation, Standard Scaler-
based feature normalisation, model inference,
and result persistence to qos_predictions.
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7. Baseline Training Pipeline

Standard preprocessing is used in the baseline
pipeline, which includes outlier clipping at the
first and 99th percentiles, StandardScaler
normalisation, and training three candidate
models using the default scikit-learn
hyperparameters: Linear Regression, Random
Forest Regressor, and Gradient Boosting
Regressor [12]. The main criterion for model
selection is 5-fold cross-validated R2, and the
chosen model's holdout R2, MAE, and RMSE are
reported. Three thousand samples with five
input features make up the baseline dataset.

8. Optimised Ensemble Training Pipeline
The Three designed interaction terms are added
to the raw feature set by the optimised pipeline:
availability_reliability_interaction (element-wise
product of availability and reliability),
load_factor (throughput multiplied by
availability), and latency_ratio (latency divided
by response_time). These words are inspired by
the finding that concurrent availability and
throughput stress are nonlinearly correlated
with efficiency deterioration. Five-fold grid
search  cross-validation is used  for
hyperparameter tuning over Random Forest
(n_estimators € {100, 200, 300}; max_depth €
{None, 10, 20}) and Gradient Boosting
(n_estimators € {100,

200}; learning_rate € {0.05, 0.1, 0.2}; max_depth
€ {3, 5}) parameter grids. The final ensemble
uses soft averaging of the anticipated outputs of
the best-performing tweaked Random Forest
and Gradient Boosting models. 2,650 processed
samples with eight features make up the
optimised dataset; the decrease from the 3,000-
sample baseline is due to the elimination of
samples that did not pass schema validation
following the addition of designed features.

9. Service Recommendation Scoring

Two complementary methods are used to
generate recommendations: (1) keyword
search, which uses trigram similarity to match
the query string against service name, category,
and description fields; and (2) history-weighted
quality scoring, which calculates a composite
score S =wj + Q — w, - ViewCount

+ w'% - CategoryBoost, where Q is the service's
mean predicted efficiency score, ViewCount
penalises  over-represented results, and
CategoryBoost rewards services from the user's
historically preferred categories. Depending on
the deployment situation, weights w;, w,, and
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w3 can be adjusted.

10.Service Comparison

For every service that has been nominated, the
comparison module compiles latency,
throughput, uptime, and success-rate data from
the most recent N tests. To enable at-a-glance
decision help, each statistic has a relative rank
annotation. In the comparison output, services
that score highest on a certain metric are
identified as the category leader.

Experiments And Results

1. Experimental Environment

The experiments were carried out in a stack that
included a managed PostgreSQL instance, a
Supabase serverless edge  runtime, a
React/TypeScript web interface, and a Python
3.10 FastAPI microservice that served scikit-
learn model artefacts. [12]. To ensure data
isolation, all prediction inputs and outputs were
connected to verified user sessions. Scikit-learn
1.3 was used to train the model on a typical
workstation (Intel Core i7, 16 GB RAM).

2. Dataset Configuration

To allow for controlled comparison,
assessment artefacts were created:
Baseline Dataset: 3,000 samples with five input
features (latency, throughput, availability,
reliability, and reaction time) assessed on an
80/20 holdout split using 5-fold cross-
validation.

2,650 processed samples with eight features
(the original five + three created interaction
terms) make up the optimised dataset. After
feature augmentation, records that failed
schema integrity tests were eliminated,
resulting in a decrease from 3,000 to 2,650
samples. To guarantee comparability, the same
80/20 holdout procedure was used.

Both datasets include artificially created records
that have been parameterised to match realistic
QoS distributions found in earlier empirical
research [4], [6]. Section VII addresses the
acknowledged problem of relying on synthetic
data.

two

Commercial-Grade Monitoring
Built for Fast-Moving Products
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3. Evaluation Protocol

Three regression metrics were used to assess
each model: Root Mean Squared Error (RMSE),
Mean Absolute Error (MAE), and Coefficient of
Determination (R?). To evaluate generality
consistency, holdout scores and 5-fold cross-
validated scores are shown. Each of the three
possible models—Linear Regression, Random
Forest, and Gradient Boosting—was evaluated
separately for the baseline pipeline; the
optimized pipeline's ensemble result is
presented.

4. Baseline Results

With R? = 0.5350, MAE = 1.4590, and RMSE =
1.8122, Linear

Regression outperformed the other two baseline
models. On this dataset, Random Forest (R2 =
0.4905, MAE = 1.6241, RMSE = 1.9873) and
Gradient Boosting (R2 = 0.5126, MAE = 1.5318,
RMSE = 1.8906) performed worse than the
linear model, indicating that the baseline feature
set does not yet reveal the non-linear structure
that tree-based techniques need to perform
better than a linear fit. There was no significant
overfitting in the baseline configuration, as
indicated by cross-validated R2 values that were
consistent with holdout scores (within +0.03).
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5. Optimised Pipeline Results

In comparison to the best baseline model, the
optimised ensemble pipeline obtained R? =
0.6804, MAE = 1.0706, and RMSE = 1.3324,
which is a 27.2% improvement in explained

Table 2: Comparative Model Performance (Holdout Evaluation)

variance and a 26.6% decrease in MAE. These
improvements can be attributed to the use of
hyperparameter optimisation and tailored
interaction features. A combined comparison of
all assessed setups is shown in Table II

Model R? MAE RMSE cv R?
(x0)
Linear 0.5350 1.4590 1.8122 0.527 #
Regression 0.021
(Baseline)
Random Forest | 0.4905 1.6241 1.9873 0483 +
(Baseline) 0.018
Gradient 0.5126 1.5318 1.8906 0.505 +#
Boosting 0.024
(Baseline)
Ensemble 0.6804 1.0706 1.3324 0.671 | *
(Optimised) 0.019

CV: 5-fold cross-validation; o denotes standard deviation across folds

Fig. 6. R? Comparison: Baseline Models vs
Optimized Ensemble Pipeline
0.75 -
[ Baseline Models
Il Optimized Ensemble
0.70

0.6804

0.4905

Random Gradient
Forest Boosting

Model

Linear
Regression

Optimized
Ensemble

Fig. 7. Error Metric Comparison (MAE and RMSE):

Baseline vs Optimized Configuration
20
B MAE

I RMSE
1.8122

Error Value

Baseline

Optimized
Model Configuration

6. System-Level Observations

The following operational properties were
confirmed by end-to-end system evaluation, in
addition to predictive accuracy: (1) the edge
function pipeline successfully propagates test
results from execution through persistence to
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real-time client notification with consistent
ordering; (2) cache-aware execution eliminates
redundant test invocations for recently assessed
services without data loss; (3) the refund state
machine correctly transitions through reserved,
partially-refunded, and fully-refunded states
under simulated timeout, network failure, and
application error conditions; (4) SSE-based
token balance updates reach connected clients
within observed round-trip latencies consistent
with Supabase's published edge function
performance characteristics; and (5) service
comparison and recommendation outputs are
empirically consistent with the underlying test
history and efficiency predictions.

LI QoSCollab Compe & O b Uncrscsmacieg - Moe R Account

Dashbosrd  Sendces  Diectory

Token Consumption by Operation Failure Heatmap (24h)

e .

Run Performance Test View Reports Andlytics Dashboard

1t ViewReports
1t View ks

Al-Driven Insights

Viewsights

Discussion

1. Technical Significance

The depth of QoSCollab's cross-subsystem
integration is its main  architectural
contribution. Conventional installations



QoSCollab: A Token-Governed SaaS Architecture for Real-Time QoS Testing, ML-Based Efficiency Prediction, and

Service Recommendation

approach billing, ML prediction, QoS testing, and
recommendation as separate issues that are
only related by manual reconciliation or
recurring data exports. At the data, control, and
user experience layers, QoSCollab creates
ongoing feedback loops. For instance, billing
charges are modified in real time depending on
observed test completion rather than pre-
agreed flat rates, and test results directly

calibrate the efficiency ratings used in
suggestion ranking. Adaptive governance
techniques that are not practicable in

fragmented deployments are made possible by
this close linkage, such as automatically
increasing test frequency for services whose
expected efficiency is decreasing.

2. Strengths

QoSCollab  demonstrates a number of
noteworthy engineering advantages. Without
requiring human infrastructure provisioning,
the serverless edge function architecture offers
sub-100 ms cold-start latency, automatic
horizontal scaling, and per-tenant isolation. By
giving the database engine access control, the
RLS-enforced data model removes a whole class
of application-layer authorisation problems.
Without the need for client-initiated polling, the
SSE-driven real-time wupdating mechanism
guarantees that the billing status remains
constant throughout concurrent sessions. A
feature lacking in the majority of current API
billing systems, the progressive refund policy is
a principled billing equity mechanism that
synchronises user charges with platform
resource utilisation.

3. Limitations

The current results’ generalisability is limited by
a number of issues. First, because both training
datasets are artificially created, distributional
assumptions that might not hold true in real-
world settings with diverse service populations
may be introduced. Second, it is challenging to
differentiate between in-distribution
interpolation and true generalization because
the holdout evaluation of the optimised
ensemble has the same synthetic distribution as
the training data. Third, there is no automated
drift monitoring in the ML pipeline; without
retraining, the deployed model's predicted
accuracy will deteriorate as the distribution of
real service metrics changes over time. Fourth,
user satisfaction signals have not been used to

improve the recommendation weight
parameters (w1, Wy, and w3s).

4. Deployment Prerequisites

The following operational additions are

necessary to move QoSCollab from its current
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research prototype to a production system: (1) a
billing audit trail that complies with financial
record-keeping regulations, including
immutable transaction logs; (2) a drift detection
subsystem that tracks the statistical distance
between live inference inputs and the training
distribution and initiates retraining when a
configurable threshold is exceeded; (3) an edge
function performance monitoring dashboard
with alerts on p99 latency and error rate; and
(4) CI/CD pipeline integration for schema
migration validation to guarantee repeatable
deployments across environments.

Threats To Validity

1. Construct Validity

Instead of using verified user-perceived quality
metrics, the efficiency score E is calculated using
a weighted heuristic method. The anticipated
scores might not match the real-world results if
the weighting coefficients do not fairly
represent operational priorities in a particular
deployment setting. Mitigation: empirical user
satisfaction surveys or SLA penalty data from
production deployments should be used to
calibrate the weight vector.

2. Internal Validity

The training set and the optimised ensemble
assessment have the same synthetic data
distribution, which puts the generalisation
performance at danger of being overstated.
Despite the application of an 80/20 holdout split
and 5-fold cross-validation, both divisions are
derived from the same synthetic population. To
thoroughly confirm internal validity, a
completely independent out-of-distribution test
set is needed. Mitigation: a rigorous
train/validation/test split will be used in future
assessments, with the test partition being
withheld until all hyperparameter choices have
been made.

3. External Validity

The experimental findings are based on a single
artificially created dataset that has been
parameterised for a particular set of service
attributes. It is still unknown to what extent
these results apply to production services in
various geographical areas, infrastructure
providers, and application domains. Mitigation:
Real telemetry datasets from at least three
separate production setups covering various
cloud providers and service categories will be
included in future work.

4. Reproducibility Validity
There isn't a public reproducibility bundle in the
current implementation. The reported metrics
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cannot be independently verified because to the
lack of stored training scripts, model artefacts,
and data snapshots. Mitigation: When this work
is submitted to a publication, a reproducibility
package that includes all training code, fixed
random seeds, model artefacts, and data
generating scripts will be made available to the
public

Conclusion

This paper presented QoSCollab, an end-to-end
Software-as-a-Service platform that unifies
Quality-of-Service testing, machine-learning-
based efficiency prediction, service
recommendation and comparison, and token-
aware billing governance within a single
operational architecture. The implemented
system demonstrates that real-time service
evaluation and usage control can be tightly
integrated through edge orchestration, row-
level-security-enforced data policies, and
persistent analytics.

Experimental results indicate that the optimised
ensemble prediction pipeline achieves a holdout
R? of 0.6804 (MAE = 1.0706, RMSE = 1.3324),
representing a 27.2% improvement in explained
variance over the best baseline model. Platform-
level workflows validate practical usability
through cache-aware execution, refund-aware
token lifecycle handling, and real-time state
propagation via server-sent events. Cross-
validated R? scores are consistent with holdout
performance, indicating well-controlled
overfitting across all evaluated configurations.
From a systems perspective, the principal
contribution is a deployable framework that
connects observability, prediction, and
monetisation logic rather than treating them as
isolated subsystems. Identified limitations
include dependence on synthetic training data
and the absence of out-of-distribution
validation for the optimised ensemble. Future
work will prioritise real telemetry integration
from diverse production environments, drift-
aware online retraining, stronger
reproducibility packaging, and cross-domain
benchmarking across heterogeneous service
categories. Overall, QoSCollab provides a
rigorous and extensible foundation for scalable,
intelligent, and economically governed QoS

management in  modern  service-driven
applications.
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