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Abstract

Large Salesforce integration programs require continuous evidence that incoming records remain complete, structurally
valid, semantically consistent, and safe for warehouse consumption. This paper develops an intelligent Extract, Transform,
and Load (ETL) monitoring framework that combines deterministic data-quality rules with an explainable anomaly-
prioritization model. A public CRM sales-opportunity snapshot containing 201 source records is projected onto a
Salesforce-compatible multi-object representation. Fourteen naturally missing account values are preserved, while seven
controlled fault classes are injected under a fixed seed to stress underrepresented failure modes without representing the
data as proprietary Salesforce records. The resulting 100,000-row workload contains 15,955 review-worthy records. The
deterministic rule layer recovered all benchmark-defined defects. Account-grouped evaluation on 15,000 records compared
logistic regression, random forest, extremely randomized trees, and XGBoost. XGBoost obtained ROC-AUC 0.9995,
PR-AUC 0.9976, F2 0.9953, and recall 1.0000; however, expected calibration error was 0.1968, showing that ranking
quality did not imply calibrated probabilities. Rule validation, feature construction, and XGBoost inference processed
100,000 records in 0.483 s, corresponding to 207,092 rows/s in the reported environment. SHAP analysis identified account
completeness, deal stage, close value, and sales-cycle duration as dominant signals. The design therefore uses machine
learning for explainable triage while retaining deterministic rules as the warehouse acceptance authority.
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1. Introduction

Customer-relationship-management (CRM) platforms
are frequently treated as operational systems of record for
sales opportunities, account relationships, products, owner-
ship, and revenue-stage transitions. When these objects are
replicated into enterprise data warehouses, data lakes, or
downstream business-intelligence platforms, integration cor-
rectness becomes inseparable from data quality. A pipeline
can complete on schedule and still be analytically unsafe
if identifiers are malformed, required dimensions are ab-
sent, stage values violate the configured domain, dates are
temporally inconsistent, or amounts conflict with business
semantics. This distinction is important because data qual-
ity is multidimensional: fitness for use depends not only on
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numerical accuracy but also on completeness, consistency,
timeliness, and interpretability. Wang and Strong formal-
ized this consumer-oriented view and showed that data
users evaluate quality through several dimensions rather
than a single error rate [1]. Pipino, Lee, and Wang subse-
quently emphasized the need for operational metrics that
combine objective measurements with contextual quality
assessment [2].

Large-scale Salesforce integration amplifies these issues.
Opportunity data are commonly joined to account, product,
user, campaign, and reference objects whose update fre-
quencies differ. Incremental extraction may arrive out of or-
der; late-arriving dimensions can temporarily orphan facts;
configuration changes can introduce new stage codes; and
mapping defects can silently alter data types or nullability.
A quality mechanism placed only after warehouse loading
therefore observes failures too late. Systematic data-quality
methodologies instead recommend explicit assessment, mea-
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surement, and improvement phases with defined dimensions
and remediation responsibilities [3]. Broader treatments of
data quality likewise connect profiling, duplicate detection,
integrity constraints, data integration, and record linkage
as parts of one control problem [4].

The ETL literature establishes the complementary exe-
cution perspective. Vassiliadis describes ETL as a workflow
of extraction, transformation, and loading activities whose
correctness depends on both local operators and workflow-
wide properties [5]. Ali and Wrembel later show that op-
timization, quality objectives, metadata, parallelism, and
user-defined transformation logic remain coupled research
concerns rather than isolated implementation details [6].
These observations are directly relevant to Salesforce pro-
grams: monitoring must not become a serial afterthought
that destroys the throughput gains achieved by bulk ex-
traction and parallel loading. Quality checks must instead
be measurable operators with bounded latency and explicit
relationships to source fields and warehouse acceptance
rules.

ETL-specific quality studies further argue that defects
should be traced along the transformation path rather
than discovered only in reporting layers [7]. This require-
ment becomes difficult when error types are heterogeneous.
Abedjan et al. demonstrate that individual cleaning tools
often have limited coverage and that orchestrating multiple
detectors can materially affect the amount of human ver-
ification required [8]. Systems such as NADEEF provide
a general platform for expressing heterogeneous cleaning
rules and detecting violations [9], while BigDansing ad-
dresses the scaling problem by compiling cleaning logic
into distributed execution plans and shared operators [10].
Collectively, these studies motivate a monitoring architec-
ture in which deterministic constraints remain explicit but
can be complemented by learned prioritization when the
incoming stream is too large for uniform manual review.

A practical gap remains between database-oriented
data cleaning and modern CRM integration operations.
Production Salesforce pipelines often expose row counts,
API errors, and job status, yet operational dashboards do
not necessarily quantify semantic quality, rank suspicious
records, or explain why an anomaly score changed. Con-
versely, an unconstrained machine-learning detector can
produce high numerical performance while learning leakage,
source identity, or artifacts of the fault-generation process.
The engineering challenge is therefore not simply to “apply
AI” to ETL. It is to construct a layered mechanism in
which (i) rule violations have deterministic semantics, (ii)
anomaly models are evaluated with leakage control, (iii)
explanations refer to observable data characteristics, (iv)
throughput overhead is measured, and (v) model confidence
is not mistaken for data correctness.

This paper develops such a framework for Salesforce-
compatible ETL monitoring. The evaluation is intention-
ally reproducible and does not claim access to proprietary
tenant data. A public CRM opportunity snapshot is de-
composed into Opportunity, Account, Product, and Agent
logical objects. Its naturally missing account values are re-
tained as genuine source-quality defects. Controlled faults
are then added only to create sufficient examples of under-
represented failure modes: missing product, invalid stage,
date-order violations, inconsistent won/lost values, and

malformed opportunity identifiers. A deterministic val-
idator defines the warehouse acceptance boundary, while
XGBoost produces a review priority score from raw struc-
tural and business attributes. SHAP explanations are used
to inspect which characteristics drive that score.

The contributions are fourfold. First, the paper spec-
ifies a multi-layer ETL monitoring architecture that uni-
fies object-level ingestion telemetry, deterministic quality
gates, anomaly prioritization, and explainability. Second,
it formalizes a composite data-quality score, the XGBoost
objective, and SHAP-based explanation values and maps
each equation to the corresponding pipeline step. Third,
it provides a leakage-controlled evaluation in which repli-
cated source records are grouped by original row identity,
preventing copies of the same CRM record from appearing
across evaluation groups. Fourth, it measures monitoring
overhead up to 100,000 records and reports both positive
findings and limitations, particularly the gap between XG-
Boost ranking quality and probability calibration. The
resulting design treats learned monitoring as a triage layer,
not as a substitute for deterministic data contracts.

2. Literature Review

2.1. Data cleaning as an operational control problem
Modern data cleaning research increasingly treats qual-

ity as a system problem involving detection, repair, pri-
oritization, and user effort. ActiveClean couples iterative
data cleaning with statistical model training and prioritizes
records whose repair is expected to influence the analytical
model [11]. This is relevant to ETL monitoring because
it rejects the assumption that all dirty records are equally
urgent. HoloClean takes a probabilistic approach, combin-
ing integrity constraints, statistical signals, and external
evidence in a unified repair model [12]. Its contribution is
not merely another detector; it illustrates how heteroge-
neous evidence can be integrated without reducing quality
management to one hand-written rule set.

External information can also improve reliability [13],
[23]. In enterprise CRM integration, the analogous exter-
nal sources are master-data services, account registries,
product catalogs, and reference dimensions. However, such
services may be unavailable during ingestion, so a practical
monitor must still operate when only the inbound object
and warehouse metadata are present. Raha addresses an-
other operational burden: configuration. It generates and
combines detector configurations and uses limited labels
to identify erroneous values without requiring exhaustive
user tuning [14]. HoloDetect moves further toward learned
error detection by using few-shot learning and data aug-
mentation to capture heterogeneous error patterns with
limited labeled examples [15]. These systems motivate the
learned triage layer in this work, but they also highlight
why experimental fault generation must be separated from
claims about naturally occurring enterprise defects.

2.2. Anomaly detection and class imbalance
Anomaly detection is broader than data-quality valida-

tion. Chandola, Banerjee, and Kumar categorize anomaly
methods according to assumptions about normality, labels,
contextual information, and collective behavior [16]. Their
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taxonomy is useful for ETL because quality incidents may
be point anomalies (one malformed key), contextual anoma-
lies (an amount invalid only for a given stage), or collective
anomalies (a batch whose missingness suddenly increases).
Density-based Local Outlier Factor (LOF) identifies objects
whose local density differs from their neighbors [17]; it is
powerful for geometric outliers but less direct for categorical
business constraints. Isolation Forest instead isolates rare
observations through randomized partitions and is compu-
tationally attractive for high-volume detection [18]. Both
methods can complement rule systems, yet neither natu-
rally explains a stage-specific business rule such as “Won
implies positive close value.” This paper therefore keeps
explicit constraints for such semantics and uses supervised
learning only for prioritization.

Rare-error prevalence also affects model evaluation. In
operational ETL streams, most records are expected to pass
validation, so accuracy can remain high even when a detec-
tor misses important defects. Imbalanced-learning research
emphasizes class weighting, resampling, and minority-sensitive
metrics [22]. ROC analysis remains useful for ranking per-
formance across thresholds [23], but precision-recall behav-
ior is particularly informative when the anomaly class is
relatively uncommon. For this reason, the experiments
report ROC-AUC, PR-AUC, F1, F2, recall, specificity, bal-
anced accuracy, Matthews correlation, Brier score, log loss,
and expected calibration error instead of a single accuracy
value.

2.3. Tree ensembles and explainability for monitoring
Tree ensembles provide a suitable middle ground for

tabular CRM monitoring because they model nonlinear
thresholds, missingness, and interactions without requiring
a large neural architecture. Random forests reduce variance
by aggregating decorrelated trees [21]. XGBoost adds regu-
larized gradient boosting, sparsity-aware split finding, and
scalable training procedures [19]. In this work, XGBoost is
selected as the primary explainable triage model because
the user requirement is not merely to flag a record but to
identify the structural or business feature that influenced
the flag.

TreeSHAP provides an efficient way to obtain additive
feature attributions for tree ensembles [20]. The moni-
toring interpretation is especially useful: a high anomaly
score can be decomposed into contributions from account
completeness, stage, amount, cycle duration, key structure,
and other features. However, explanations do not convert
association into a causal diagnosis. A feature can domi-
nate SHAP magnitude because the benchmark encodes a
strong syntactic defect, while a subtler real-world semantic
error may remain undetected. Accordingly, this paper uses
SHAP as an audit mechanism for model behavior and not
as a repair policy.

2.4. Gap addressed by this study
The literature provides mature ideas for quality dimen-

sions, rule-based cleaning, probabilistic repair, anomaly
detection, scalable processing, and explanation. The re-
maining integration gap is architectural: Salesforce-oriented
ETL operations require these ideas to coexist under explicit
acceptance semantics. The proposed design differs from

Table 1: Dataset and evaluation protocol.

Item Value

Public source opportunities 201
Naturally missing accounts 14
Scaled monitoring workload 100,000 rows
Review-worthy rows 15,955 (15.955%)
Controlled injected faults 9,000
Model-evaluation subset 15,000 rows
Grouped CV 5 folds by source row
Random seed 20260910
Quality rules 7
Compared classifiers 4

a pure data-cleaning system in three respects. First, it
preserves a deterministic quality gate whose outcome is
auditable independently of a learned model. Second, it
measures monitoring latency as part of ETL performance
rather than evaluating detection in isolation. Third, it en-
forces source-row grouping during cross-validation, which
is essential when controlled replication is used to construct
load-test volumes. These choices target reproducible en-
gineering evidence rather than claims that a single model
can discover every form of enterprise data error.

3. Methodology

3.1. Dataset, multi-object representation, and fault protocol
The source snapshot contains 201 CRM sales opportu-

nities with the fields opportunity ID, sales agent, product,
account, deal stage, engagement date, close date, and close
value. Four logical source objects are derived: Opportunity
retains the transaction and foreign-key attributes; Account,
Product, and Agent are distinct reference streams. This
decomposition represents a Salesforce-compatible multi-
object integration pattern but does not imply that the
public dataset was exported from a real Salesforce tenant.
In addition to business objects, the experiment produces
two measured sources of monitoring evidence: validation-
event records and execution telemetry.

Fourteen source opportunities have no account value.
These omissions are preserved and treated as naturally
observed quality defects rather than repaired before evalu-
ation. To obtain sufficient examples of other rule classes,
deterministic controlled corruptions are introduced using
seed 20260910. Seven injected classes are used: missing
account, missing product, invalid stage, close date pre-
ceding engagement date, non-positive value for a Won
opportunity, positive value for a Lost opportunity, and
malformed opportunity ID. The full 100,000-row stream
contains 84,045 clean records, 6,955 replications of natu-
rally missing-account records, and 9,000 injected faults. A
15,000-row subset is used for grouped model evaluation;
the full stream is reserved for quality and performance
measurements. Table 1 summarizes the protocol.

3.2. Deterministic data-quality validation
For each record x, seven Boolean violation functions

vj(x) ∈ {0, 1} are evaluated: key format, account com-
pleteness, product completeness, stage domain, date order,
Won-value semantics, and Lost-value semantics. The batch
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quality score is defined as (1), where Q(B) = 1 denotes
zero rule violations.

Q(B) = 1− 1

7|B|
∑︂
x∈B

7∑︂
j=1

vj(x) (1)

The rule vector is also persisted as an event record con-
taining source-row identity, ingestion identity, rule name,
outcome, and execution timestamp. This separation en-
ables the warehouse gate to reject or quarantine failures
while retaining evidence for audit and root-cause analysis.

The benchmark label is intentionally aligned with the
declared data contract: the 14 naturally missing-account
records and all controlled faults are review-worthy. The
validator therefore evaluates whether the implementation
correctly realizes the contract, not whether the contract
captures every possible semantic defect. That limitation is
central to the interpretation of the results.

3.3. Explainable XGBoost triage model
The learned monitor does not consume the rule out-

comes themselves. Instead, it uses structural and busi-
ness features derived from the inbound row: deal stage,
ID length, number of non-alphanumeric ID characters,
account-string length, product-string length, close value,
engagement month, engagement weekday, sales-cycle du-
ration, and missing close-date indicator. High-cardinality
account names and agent identities are excluded from the
classifier because they are not legitimate quality signals
and could encourage memorization.

Let ŷi =
∑︁K

k=1 fk(xi) denote the additive tree score.
XGBoost minimizes

L =

n∑︂
i=1

ℓ(yi, ŷi)+

K∑︂
k=1

Ω(fk), Ω(f) = γT+
1

2
λ∥w∥22,(2)

In (2), T is the number of leaves and w the leaf-weight
vector.

Class weights are computed inside each training fold.
The operating threshold is selected from the out-of-fold
predictions to maximize F2, giving recall greater weight
than precision because missed data-quality incidents are
operationally costly.

Explainability uses additive SHAP values. For feature
j, the local contribution is expressed as (3).

ϕj =
∑︂

S⊆F\{j}

|S|!(|F | − |S| − 1)!

|F |!
[︁
fS∪{j}(x)− fS(x)

]︁
(3)

Global importance is the mean absolute |ϕj | over the
evaluated records. SHAP is used to verify that the model
responds to interpretable quality characteristics rather than
arbitrary source identities.

3.4. Leakage control and performance measurement
Controlled volume scaling necessarily creates multiple

copies of the same public source record. Random row-wise
cross-validation would therefore leak source-specific pat-
terns between folds. To prevent this, each generated row
retains its original source-row index and the five-fold split

groups all replicas of the same source row together. The
model benchmark uses 15,000 rows because detection accu-
racy and monitoring throughput answer different questions:
the former requires a leakage-controlled labeled sample,
while the latter requires stress at larger volume.

Monitoring latency includes deterministic validation,
feature construction, and XGBoost inference. For workload
size N , throughput is expressed by (4).

Θ(N) =
N

tval(N) + tfeat(N) + tinf (N)
. (4)

Three executions are performed per workload size and
the median is reported. Hardware-dependent timings are
therefore evidence for this reproducibility environment, not
a universal Salesforce service-level guarantee.

3.5. Batch-level quality state and alert policy
Row-level quarantine is necessary but insufficient for an

operational integration program because a large batch can
remain loadable while showing a statistically meaningful
degradation in one quality dimension. The framework there-
fore aggregates every 1,000 monitored rows into a batch
state containing the rule-fail rate, Q(Bt), anomaly-score
distribution, per-rule counts, and stage-specific missing-
ness. The batch state is stored separately from row-level
events so that operators can distinguish isolated defects
from a source-wide condition such as a mapping regression
or delayed reference object.

A simple alert state can be expressed without allowing
the learned model to determine acceptance. Let et =
1−Q(Bt) denote the normalized rule-violation intensity of
batch t. A smoothed state is written as (5), where λ controls
how rapidly the monitor responds to new degradation.

St = λet + (1− λ)St−1, 0 < λ ≤ 1, (5)

An operational alert can then combine three conditions:
Q(Bt) below a service threshold, St above a persistence
threshold, or any critical rule whose business impact re-
quires immediate escalation. The present experiment re-
ports the unsmoothed batch measurements and does not
optimize λ or an alert threshold against incident labels.
Equation (5) is therefore a deployment model rather than
a claimed benchmark result.

This distinction matters in Salesforce integration be-
cause quality failures are not equally severe. A single miss-
ing optional account reference may be quarantined without
stopping the pipeline, whereas a sudden appearance of an
unrecognized stage code in a large fraction of opportunities
can indicate metadata drift and justify pausing downstream
transformation. The event schema therefore preserves rule
identity and source lineage rather than compressing every
defect into one binary anomaly flag. The learned score is
useful for ordering investigations inside the set of suspicious
rows, but the batch-level state remains traceable to explicit
rule counts.

4. Results and discussion

4.1. Quality-rule behavior
The seven declared rules found all 15,955 benchmark-

defined review cases with no false positives relative to the
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Salesforce-compatible
object streams

Schema normalization
and key mapping

Deterministic quality
rules, Eq. (1)

Warehouse gate
accept/quarantine

Execution telemetry
and batch context

XGBoost anomaly
priority, Eq. (2)

SHAP explanation
Eq. (3)

Quality event store
rule + score
+ lineage

Figure 1: Monitoring flow.

Opportunity staging

Account ref. Product ref. Agent ref.

Quality-event fact

Monitoring dashboard

Figure 2: Logical monitoring data model.

Algorithm 1 Quality-aware ETL monitoring
Require: inbound batch B, rule set R, trained model M ,

threshold τ
1 for all x ∈ B do
2 normalize schema, types, and business keys
3 evaluate v1(x), . . . , v7(x) using R
4 construct non-identity feature vector z(x)
5 px ←M(z(x))
6 compute SHAP explanation ϕ(x) if px ≥ τ
7 if

∑︁
j vj(x) > 0 then

8 quarantine x and persist rule evidence
9 else

10 admit x to warehouse loading path
11 end if
12 persist px, lineage, latency, and optional ϕ(x)
13 end for
14 compute Q(B) by Eq. (1) and throughput by Eq. (4)

benchmark label. This exact result should be interpreted
narrowly. The benchmark label was constructed from the
known natural missing-account condition plus controlled
violations of the same declared rules; therefore the result
verifies implementation correctness for the declared con-
tract. It does not demonstrate that the seven rules detect
unknown semantic errors. The aggregate quality score
from Equation (1) was 0.9772 because individual records
typically violated one of seven dimensions rather than all
dimensions simultaneously. Account completeness was the
most frequent issue: 8,562 of 100,000 rows failed that rule,
largely because the 14 naturally incomplete source rows
were replicated during load scaling. The remaining rule
pass rates were between 98.659% and 98.872%.
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Figure 3: Rule-failure counts in the 100,000-row monitoring
workload.

4.2. Model discrimination and calibration
Table 2 reports out-of-fold performance on the 15,000-

row grouped benchmark. Random forest produced the
highest ranking metrics, with ROC-AUC 0.99998 and PR-
AUC 0.99992. XGBoost achieved ROC-AUC 0.99954 and
PR-AUC 0.99756. At the F2-optimal threshold of 0.70,
XGBoost recalled every review-worthy case in the evalu-
ated subset, with precision 0.9768 and specificity 0.9955.
Extremely randomized trees were similarly strong. Logistic
regression was materially weaker, with ROC-AUC 0.9280
and F2 0.8066, indicating that the mixed syntax, categori-
cal stage, and value interactions are not well represented
by one linear boundary.

These high tree-ensemble scores arise from the bench-
mark design and should not be generalized to ambiguous
master-data or semantic-reference errors. Most injected
faults create observable structural changes such as zero
string length, negative cycle time, invalid stage category, or
stage-value inconsistency. The results therefore show that
a learned triage model can recover explicit heterogeneous
patterns; they do not establish automatic detection of every
real Salesforce data incident.

A more consequential result appears in calibration. XG-
Boost’s ECE was 0.1968 and its Brier score was 0.0572
despite near-perfect ranking. The class-weighted objective
improves sensitivity but distorts the direct probabilistic
interpretation of the scores. Accordingly, the deployed
quantity should be described as a review-priority score
unless post-hoc calibration is performed on independent
production labels. This limitation is important because
a monitoring dashboard that prints “99% anomaly proba-
bility” would be operationally misleading even when the
ordering of suspicious records is excellent.
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Table 2: Grouped out-of-fold anomaly-prioritization results on 15,000 records.

Model ROC-AUC PR-AUC F1 F2 Precision Recall Specificity ECE

Random Forest 0.99998 0.99992 0.99938 0.99900 1.00000 0.99875 1.00000 0.04904
XGBoost 0.99954 0.99756 0.98828 0.99528 0.97683 1.00000 0.99548 0.19682
Extra Trees 0.99865 0.99564 0.98991 0.98396 1.00000 0.98002 1.00000 0.12621
Logistic 0.92800 0.87212 0.79043 0.80658 0.76489 0.81773 0.95205 0.14442
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Figure 4: Model comparison under grouped cross-validation.
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Figure 5: Measured monitoring throughput including
validation, feature construction, and XGBoost inference.

4.3. Monitoring throughput
Figure 5 shows measured end-to-end monitoring through-

put. The 5,000-row workload required a median 0.0491 s
and processed 101,911 rows/s. At 100,000 rows, determin-
istic validation, feature construction, and XGBoost infer-
ence required 0.4829 s, corresponding to 207,092 rows/s.
Throughput increased with batch size as fixed Python and
pipeline overhead was amortized, reaching 209,454 rows/s
at 50,000 rows and remaining near that level at 100,000
rows. These values are not API extraction rates; they mea-
sure the local monitoring stage after records are available to
the process. Network latency, Salesforce Bulk API behav-
ior, warehouse commit time, and enterprise orchestration
are outside this timing boundary.

4.4. SHAP interpretation
The SHAP ranking in Table 3 and Figure 6 is consistent

with the benchmark semantics. Account-string length had
the highest mean absolute SHAP value (1.1573), reflecting
the large number of naturally and artificially missing ac-
counts. The Won-stage indicator ranked second, followed
by close value and sales-cycle duration, which are necessary

Table 3: Top-10 XGBoost SHAP features.

Rank Feature Mean |SHAP|

1 Account length 1.1573
2 Stage = Won 0.6742
3 Close value 0.5080
4 Cycle days 0.4047
5 Product length 0.3095
6 ID length 0.2453
7 Stage = Closed-Suspended 0.1626
8 Stage = Engaging 0.0678
9 ID non-alphanumeric count 0.0466

10 Stage = Lost 0.0287

0 0.2 0.4 0.6 0.8 1 1.2

Lost stage

ID non-alnum

Engaging stage

Invalid stage

ID length

Product length

Cycle days

Close value

Won stage

Account length

Mean absolute SHAP value

Figure 6: Global SHAP importance for XGBoost.

to represent the contextual value and date violations. Prod-
uct length, identifier length, the injected invalid stage, and
non-alphanumeric identifier count also appeared among
the top ten. This alignment provides a useful audit: the
model is responding to understandable structure rather
than account or agent identity, which were deliberately
excluded.

The explanation result also identifies a limitation of the
stress protocol: account completeness dominates because
the public source already contains missing accounts and
volume scaling replicates them. In a production tenant
with nearly complete accounts but frequent reference-data
drift, the importance ordering could differ substantially.
Consequently, feature importance should be monitored over
time rather than treated as a fixed domain truth.

4.5. Batch-level quality variability
The 100,000-row workload produced 100 consecutive

1,000-row batch summaries. Because the controlled faults
were distributed under a fixed random seed rather than con-
centrated into a single incident window, the observed batch
anomaly rate varied from 12.9% to 19.0%, with a mean of
15.955% and standard deviation of 1.139 percentage points.
The corresponding data-quality score varied from 0.9729
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to 0.9816. Batch 16 was the weakest observed batch, with
a 19.0% review rate and Q = 0.9729; batch 53 was the
strongest, with a 12.9% review rate and Q = 0.9816.

These values illustrate why an enterprise dashboard
should retain both row counts and normalized quality di-
mensions. A batch with 190 suspicious rows is operationally
different from one with 129 even though both may contain
the same set of rule types. At the same time, Q(B) should
not be interpreted as a universal business-risk score: be-
cause Eq. (1) weights the seven rules equally, one severe
stage-domain failure contributes the same mathematical
amount as one missing account. Production deployments
should therefore add rule-specific severity weights only af-
ter governance owners define the business consequences of
each violation. This paper keeps equal weights to avoid
inventing organization-specific costs.

For an illustrative, non-optimized service threshold of
Q < 0.975, eight of the 100 benchmark batches would
have generated a quality-degradation alert. Raising the
threshold to 0.976 would flag 19 batches. This sensitiv-
ity shows that alert volume can change materially with a
seemingly small threshold adjustment; therefore threshold
tuning should use historical incident labels, acceptable op-
erator workload, and the cost of missed quality regressions.
The result also reinforces the role of Eq. (5): persistence
logic can reduce reactions to isolated noisy batches without
weakening deterministic row quarantine.

The monitored batch stream is intentionally station-
ary apart from sampling variation, so it does not consti-
tute a concept-drift benchmark. A realistic deployment
would encounter seasonal sales behavior, changing opportu-
nity stages, newly introduced products, and administrative
schema changes. Under such conditions, a shift in SHAP at-
tribution or score distribution could be an early diagnostic
signal, but it would still require confirmation against rule
events and metadata change logs before being labeled as
data degradation. This layered interpretation prevents or-
dinary business evolution from being confused with pipeline
failure.

4.6. Operational implications
The combined evidence supports a conservative architec-

ture. Rule evaluation remains the contractual gate because
it provides exact, testable semantics for known conditions.
XGBoost is useful for prioritizing human attention, com-
bining heterogeneous patterns, and producing a compact
review score, but its poor calibration prohibits interpreting
the raw score as a defect probability. Execution measure-
ments show that the local monitoring stage can be inex-
pensive relative to typical network-bound ETL operations,
although the experiment does not include Salesforce API
limits or cloud-warehouse commit latency. The framework
is therefore most defensible as a quality-control layer in-
serted between normalized staging and warehouse loading,
with quality events persisted for longitudinal analysis.

5. Conclusion

This paper presented an intelligent ETL monitoring and
data-quality validation framework for Salesforce-compatible
enterprise integration. The design separates deterministic

acceptance rules from an explainable learned prioritization
branch and records both quality evidence and execution
telemetry. Using a public 201-row CRM snapshot, 14 nat-
urally missing-account records were preserved and seven
additional fault classes were introduced under a fixed, re-
producible protocol. The resulting 100,000-row workload
contained 15,955 review-worthy records. The declared
rule contract recovered all benchmark-defined violations,
while XGBoost achieved grouped out-of-fold ROC-AUC
0.9995, PR-AUC 0.9976, F2 0.9953, and recall 1.0000 on
the 15,000-row model subset. End-to-end monitoring of
100,000 records required 0.483 s and reached 207,092 rows/s
in the reported environment. SHAP attributions were dom-
inated by account completeness, Won-stage context, close
value, and cycle duration.

The strongest limitation is also operationally impor-
tant: XGBoost ECE was 0.1968 despite excellent ranking
performance. The model score should therefore be treated
as review priority, not calibrated defect probability. In
addition, the controlled faults represent explicit structural
and business-rule violations; they do not cover ambiguous
entity resolution, stale master data, cross-system semantic
disagreement, or schema evolution. Future work should
evaluate multi-day Salesforce extracts with real incident
labels, incorporate drift detection and calibrated proba-
bilities, measure API-to-warehouse latency under cloud
orchestration, and extend the event model to automatically
identify which source object or transformation introduced
a defect.
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