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Executive Summary

Vendor invoice fraud and anomalies represent a persistent and costly threat to businesses worldwide. Unauthorized or erroneous payments — arising
from duplicate invoices, inflated charges, ghost vendors, or forged documentation — siphon significant revenue and undermine financial integrity.
Traditionally, companies have relied on manual review and simple rule-based checks to catch such issues, but these approaches are increasingly
inadequate in handling the volume and complexity of modern invoice data (Source: www.ericsson.com) (Source: www.techradar.com). Fraudsters
deploy increasingly sophisticated tactics, including Al-powered deepfakes and spearphishing, making detection through human scrutiny or static rules
nearly impossible (Source: www.techradar.com) .

Emerging technologies offer powerful new defenses. Machine learning (ML) techniques, such as clustering and anomaly detection models, have been

shown to flag unusual invoice patterns that traditional methods miss (Source: medium.com) (Source: www.ericsson.com). In parallel, the rise of large
language models (LLMs) and generative Al now embedded in enterprise software (e.g. Oracle NetSuite’s N/LLM SuiteScript API) provides novel

capabilities. These Al-driven tools can learn complex statistical patterns and even interpret invoice text, further enhancing anomaly detection and
automating the triage of flagged cases (Source: www.ericsson.com) (Source: www.datarobot.com).

This report examines the state-of-the-art in flagging vendor bill anomalies, with a focus on NetSuite’s new Al features (SuiteScript N/LLM) and pattern-
based detection methods. It provides comprehensive background on invoice fraud and its impact, reviews traditional and modern detection
techniques, and explores how NetSuite’s AI/ML capabilities can be leveraged. Through data analysis, literature review, and case examples (e.g.
telecommunications and enterprise software vendors), we evaluate strengths and limitations of various approaches. We find that combining statistical
pattern recognition, machine-learning models, and LLM-driven insights yields the most robust detection: statistical models catch outlier amounts or
timings, ML clustering exposes unusual vendor/line-item patterns, and generative Al can interpret anomalies and suggest explanations.

The report also addresses practical implementation concerns. We detail how NetSuite customers can structure data flows, employ SuiteScript and
external analytics, and integrate Al APIs for near-real-time monitoring. Challenges such as data quality, model drift, and the need for human review are
discussed. Additionally, we compare alternatives (e.g. SAP’s duo of DataRobot predictive models and generative summaries (Source:
www.datarobot.com) and consider regulatory, privacy, and ethical implications of automating invoice audits.
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Key findings include: organizations lose on average ~5% of revenues to fraud (Source: www.techradar.com), with invoice fraud averaging >$280K per
mid-sized firm annually (Source: www.forbes.com). NetSuite’s incorporation of over 200 Al features at no extra cost (Source: Www.axios.com) now
enables enterprises to embed anomaly detection into their ERP. Pattern-based methods (Z-score, trend analysis, correlation rules) can catch many
common errors (duplicate invoices, amount discrepancies) (Source: coefficient.io) (Source: www.ericsson.com). LLMs and generative Al under the
new SuiteScript N/LLM module can further refine detection by analyzing invoice text, summarizing flagged issues, and suggesting corrective actions
(Source: docs.oracle.com) (Source: www.datarobot.com). Finally, combining these technologies with sound control processes ( dual approvals, vendor

verification) dramatically reduces fraud risk (Source: www.ericsson.com) (Source: Www.ericsson.com).

This report concludes with recommendations for NetSuite users and IT teams. We advocate an integrated strategy: implement pattern-based anomaly
rules as a first line of defense, enhance with ML models trained on historical data, and leverage NetSuite's Al/LLM features for advanced review.
Ongoing monitoring of model performance and regular auditing of flagged exceptions are essential to maintain efficacy. As Al in finance evolves, early
adopters gain improved security and operational efficiency. However, vigilance is required to validate Al outputs and respect data compliance. The
pace of innovation suggests that anomaly detection will rapidly improve — companies that build strong analytical frameworks now will be better
prepared for future challenges.

Introduction and Background

Vendors’ invoices (bills) for goods and services are fundamental transactions in the procure-to-pay cycle. However, they are also a common entry
point for financial irregularities. “Invoice fraud” can take many forms — including false billing, duplicate billing, misrepresentation of suppliers, and
deliberate overcharges — and is a leading category of financial fraud. Studies consistently show that organizations lose a significant fraction of revenue
to payment and accounts-payable fraud. For example, the Association of Certified Fraud Examiners (ACFE) estimates that organizations worldwide
lose roughly 5% of their annual revenues to occupational fraud, including billing_schemes (Source: www.techradar.com) (Source: www.acfe.com). A

recent survey by the Forbes Finance Council found that mid-market companies suffer an average of $280,000 per year in invoice fraud losses
(Source: www.forbes.com). Incidentally, this figure implies that for every thousand businesses, well over a quarter of them have suffered notable
invoice scams that collectively erode profits and distort financial statements (Source: www.forbes.com).

Consider the modern business environment: companies may handle thousands or millions of vendor invoices per month, covering a vast array of
suppliers, product lines, and contract terms (Crawford et al., 2021 (Source: www.ericsson.com).The high volume and heterogeneity of invoices create
opportunities for error and deceit. Mistakes in data entry (e.g. “fat-finger” errors in amount or account coding), vendors resubmitting invoices, or
fraudulent actors mimicking legitimate vendors can slip through routine processes. Furthermore, economic pressures can incentivize bad behavior; for
example, pressure to meet cost-saving targets might tempt procurement insiders to rig vendor selections or invoice approvals.

Historical practices: Traditionally, companies have attempted to mitigate these risks through manual controls and basic rule-based systems. For
instance, many organizations employ duplicate invoice checks (flagging identical vendor/invoice number combos), approval hierarchies (multiple sign-
offs for high-value invoices), and manual spot-checks. CFOs and auditors would often sample invoices and cross-check them with purchase orders
(POs) and receiving records. These controls are informed by best practices in accounting and internal audit (COSO guidelines, GAO audits, etc.), and
are codified in standards like Section 404 of the Sarbanes-Oxley Act, which demands rigorous financial oversight (Source: www.corcentric.com).

Legacy limitations: However, these traditional safeguards have critical shortcomings in the current landscape. As Virtanen (2017) noted, “Fraudsters
know this and are quick to take advantage of their victims’ inattentiveness” (Source: cms.acfe.com). Manual reviews cannot feasibly inspect every
invoice when volumes are high. Rule-based systems (e.g. fixed thresholds or simple regex checks) capture only known issues and produce many
false alerts. Ericsson’s accounts receivable team observes that manual sampling provides only “cursory” coverage, and static rules become outdated
as business evolves (Source: www.ericsson.com). Moreover, fraud schemes are increasingly sophisticated: criminals may use small structural
changes (altered vendor account numbers, overseas shell companies, even Al-generated deepfakes) that evade fixed-pattern detection (Source:
www.techradar.com) . As a result, audits routinely reveal “unexpected anomalies” and compliance violations that slip through standard procedures.

Rise of Data-Driven Approaches: In recent years, awareness of these gaps has driven interest in automating anomaly detection using data analytics
and Al. Advances in machine learning (ML) make it possible to analyze large historical datasets of invoices and learn what constitutes “normal” billing
patterns. Clustering and classification models can flag statistical outliers; association rule mining can highlight unusual vendor-asset combinations. For
example, unsupervised methods like k-means clustering have been applied to invoice feature sets (amount, tax, quantity, vendor cadre) to separate
normal invoices from irregular ones (Source: medium.com). Such automated methods promise to scale monitoring to all invoices and adapt to
evolving patterns, reducing the reliance on manual spotting.

The NetSuite context: NetSuite (an Oracle company) is a widely-used cloud-based Enterprise Resource Planning (ERP) system, which includes
modules for financials, procurement, and vendor management. It enables companies to manage supplier invoices, approvals, and payments in one
integrated system. Recognizing the rising demand for Al-enhanced processes, Oracle has embedded machine learning and generative Al features
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directly into NetSuite. In 2024, Oracle announced integrating 200+ Al features into NetSuite, particularly in finance and supply chain modules (Source:
www.axios.com). Of note is the new SuiteScript Generative Al API (N/LLM module), which allows developers to call out to large language models
(LLMs) from within NetSuite scripts (Source: docs.oracle.com). This kind of built-in Al support is a game-changer: organizations can now harness both
pattern-based analytics and LLM reasoning on their transaction data without leaving the dashboard.

Purpose of this report: We investigate how these tools can be used to flag vendor bill anomalies. Specifically, this report explores pattern-based
detection methods within NetSuite — using historical transaction patterns to find anomalies — together with the new N/LLM generative capabilities. Our
focus is on vendor invoices (bills) and accounts-payable (AP) anomalies because this is a critical fraud vector (CFOs average ~$280K losses annually
(Source: www.forbes.com), up to 5% revenue lost globally (Source: www.techradar.com). We survey both academic and industry sources on anomaly
detection techniques, analyze the data architecture of invoice records, present example metrics and case analyses, and discuss practical
implementation steps. By combining multiple perspectives (technical, financial, compliance) and sources, this report aims to provide a thorough
assessment of techniques and considerations for deploying an Al-augmented anomaly detection system in NetSuite.

Vendor Bill Anomalies: Types and Impact
Vendor bill anomalies can arise from unintentional errors or deliberate fraud. Common types of anomalies include:

« Duplicate Invoices: The same invoice (same number, date, amount) submitted multiple times, either by accident or intentionally by a vendor

trying to get paid twice (Source: www.mason-finance.com). Rule-checker systems often try to detect this by matching vendor/invoice number

combinations, but variations in invoice number formatting or vendor name spelling can evade naive checks.

« Over-Invoicing/inflated Charges: Vendors charging more than the contracted price or submitting unauthorized extra charges. Examples include
secretly inflating unit prices, adding non-existent line items, or billing for more hours than worked.

« Ghost/Phantom Vendors: Fake suppliers created by a fraudster (often an insider) to invoice goods/services that were never delivered.
Payments to phantom vendors can be hard to detect if person managing vendor records doesn’t verify vendor identity.

« Invoice Misclassification: Assigning charges to incorrect expense categories or departments to conceal fraud (e.g., charging a personal
expense as a ‘consulting’ fee).

« Timing Anomalies: Invoices dated outside normal business hours or on weekends/holidays, or sudden surges of high-value invoices at
month/year-end, may signal malicious activity.

« Missing POs or Contract Mismatch: Charging without an approved purchase order or ignoring agreed contract terms (e.g. a vendor billed a
higher price than the contract specifies).

« Altered Invoices: Modifying invoices after initial submission, perhaps by altering quantity or amount fields, to generate a discrepancy in payment

processing.

« Erroneous Data (Fat-Finger Errors): Simple data entry mistakes (e.g. an extra zero in an amount) can create large payment variances.

These anomalies can have serious implications. Beyond direct financial loss, they degrade trust in the financial system and create audit failures.
Auditors and regulators expect companies to perform continuous monitoring of such anomalies (especially under internal control regulations like SOX
or IFRS/GAAP compliance). In the worst cases, undetected AP fraud can damage corporate reputation and invite legal penalties if significant
misstatements occur.

Citing industry data, nearly all businesses are exposed to invoice fraud. According to a Forbes survey of 2,750 companies, 95% were aware of
invoice fraud, and over one-quarter of finance professionals did not know how much it cost them (Source: www.forbes.com). The average mid-market
firm reported losing over $280K annually to invoice-related fraud (Source: www.forbes.com). In Extreme cases, individual fraudsters have engineered
multi-million-dollar schemes. The Association of Certified Fraud Examiners reports numerous case studies (e.g. a U.S. state health authority lost
$1.5M in COVID-relief vendor fraud (Source: cms.acfe.com).

Therefore, flagging vendor bill anomalies is both a practical necessity and a compliance requirement. Detecting irregular bills before payment
allows organizations to recover funds or avoid loss. A modern detection system should catch not only blatant errors, but subtle patterns, such as a
vendor usually billing $10-$15k monthly suddenly invoicing $50k (suggesting one inflated invoice) or a historically reliable vendor beginning to submit
small incremental false charges to avoid detection.
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Impact of Undetected Anomalies

Industry analysts warn that small slips in invoice screening add up. A TechRadar article points out that “organizations lose about 5% of their annual
revenue to fraud,” citing ACFE, and notes cases like a $25M deepfake invoice scheme that bypassed company controls (Source:
www.techradar.com). Another source states “fraudsters impersonate vendors through deepfake and voice-cloning” to trick AP staff into paying false
invoices (Source: www.techradar.com). Such fraud can occur even in sophisticated companies; CFOs now emphasize that without strong automated
checks, manual review is easily fooled.

The cumulative toll is clear: early detection can save companies hundreds of thousands in avoided losses (as the Forbes estimate illustrates (Source:
www.forbes.com) and prevents operational disruptions from investigations and restatements. For example, Deloitte’s internal audit team discovered a
vendor billing scheme by analyzing payment trends — a data-driven intervention that saved millions of dollars. Systematic anomaly detection,
therefore, is not just a luxury but a critical control in financial operations (Source: www.ericsson.com).

Traditional Detection Methods

Before diving into Al, it is useful to review how companies have historically tried to catch bad invoices, and why each method is imperfect.

Manual Reviews and Sampling

The most basic approach is human inspection. Accounts Payable teams manually scan invoices and supporting documents. They might review any
invoice flagged by deadlines (e.g. large amounts requiring CFO sign-off) or inspect random samples. Auditor sampling techniques (such as those
recommended by PCAOB standards) are also applied; for example, auditors might extract statistically significant random samples of vendor payments
to test for anomalies.

Limitations: Manual and sampling methods are inherently limited by human bandwidth. As Ericsson notes, “the manual process usually relies on
sampling techniques ... it's slow and lacks coverage across the entire set of generated invoices” (Source: www.ericsson.com). In practice, AP teams
cannot meaningfully verify thousands of invoices each month — they typically focus on the highest-value transactions. Lower-value invoices may slip
by unchecked even if fraudulent. Moreover, as one audit-trained article warns, approval staff “often feel they only have time to give [invoices] a cursory
glance” (Source: cms.acfe.com), leaving room for subtle schemes.

Rule-Based Controls
To augment scarce human attention, systems implement validation rules and business logic checks. Common rules include:

« Duplicate detection: Checking if an incoming invoice number + vendor already exists in the database. If yes, flag as possible duplicate.

« Approval thresholds: Automatically routing invoices over certain thresholds to higher-level reviewers.

« GL coding rules: Ensuring invoice amounts are posted to appropriate accounts (e.g. no capital expenditures coded as an operating expense).
« PO matching: Requiring a valid purchase order for invoice receipt.

« Vendor verification: Ensuring vendors are active in the approved vendor list and not on sanction/watch lists.

Rule-based systems essentially capture expert knowledge of suspicious patterns (“if invoice amount > usual range, then flag”). They are relatively
easy to implement in NetSuite through Saved Searches or SuiteScript triggers. For example, one FinOps solution blog suggests combining validation
rules, pattern detection, and controlled approvals to prevent “duplicates, fat finger mistakes, and audit headaches” (Source: www.mason-finance.com).

Limitations: Although better than nothing, static rules have reflexive drawbacks. They catch only known scenarios — if a fraudster adapts (e.g.
changes invoice number slightly, or uses a new vendor code), a hard-coded rule will not catch it. Ericsson explains that rule-based audits “also has the
challenge of rules being nothing but encoded experience, which may result in high numbers of false positive alerts” (Source: www.ericsson.com). In
practice, rigid rules either miss novel fraud or flood teams with false alarms that waste time. Additionally, rules must be continuously updated —
configuring new logic whenever business processes change or new fraud trends emerge. This maintenance burden often lags behind, leaving
“traditional approaches ineffective and inefficient” (Source: www.ericsson.com).
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Statistical Checks

Another pre-Al approach is statistical anomaly detection. Organizations compute baseline statistics (average invoice amount per vendor, typical
invoice frequency, standard deviation of prices, etc.) and flag values beyond a threshold (e.g. 3 standard deviations away). Formulaic assessments
like Z-scores (|value — mean|/stdev) can flag outliers (Source: coefficient.io). Time-series tests (predicted monthly spend vs. actual) can catch sudden
spikes.

These methods leverage large data and simple math to cover more ground than rule-of-thumb. For example, one Coefficient case study
recommended using HEAD functions like =TREND() or correlation formulas to detect anomalous patterns over time (Source: coefficient.io). Such
analysis can be done in batch via scheduled reports or Excel plugins that process NetSuite exports.

Limitations: Statistical checks improve coverage but still require careful calibration. They can misinterpret legitimate business changes as anomalies
(e.g. a seasonal spike might be planned), or conversely, small but systematic fraud might remain within normal variance. Further, they typically focus
on numerical features (amounts, counts) and may ignore contextual cues (like unusual invoice descriptions or vendor bank info). Thus, while useful,
purely statistical detection often needs complementing with context-aware tools.

Audit Logs and Approval Workflows

Enterprises also rely on audit histories. NetSuite and other ERPs track each change to a transaction (who approved, who edited). Reviewing audit
logs can uncover suspicious edits: e.g. if an invoice was approved before all required fields were entered, or if someone changed the bank account
after initial approval. Similarly, enforcing segregation of duties (SOD) reduces fraud, ensuring the person who approves invoices is not the same
who sets up vendors. Permission-aware approvals, as referred in a Mason-fische blog, combine pattern checks with controlled workflows (Source:
www.mason-finance.com).

Limitations: Even detailed logs can't prevent fraud proactively; they are forensic tools to investigate problems after the fact. They also require
disciplined process design upfront (which smaller companies may lack). Complex approval processes can slow legitimate payments if rigid. In short,
audit logs alone do not flag anomalies automatically—they only record what happened.

Summary of Traditional Methods

The traditional toolkit (manual review, rules, stats, audits) provides a baseline of defense but consistently falls short against modern threats. Experts
emphasize that without cutting-edge tools, vigilant organizations still need to catch anomalies serendipitously or via inefficient means. As one analyst
notes, “Traditional fraud detection systems that rely on human error indicators — like misspellings or formatting inconsistencies — are no longer
sufficient” (Source: www.techradar.com). A more proactive, intelligent approach is required.

The next sections delve into modern, Al-driven techniques that address these gaps, particularly pattern-based detection and LLM methods. We then
discuss how these can be implemented within NetSuite’s ecosystem.

Modern Techniques for Anomaly Detection

Recent advances in data science have enabled new methods for finding invoice anomalies that go beyond static rules. This section examines these
techniques, ranging from machine learning models to generative Al, highlighting how each can contribute to pattern-based anomaly detection.

Data Mining and Unsupervised Learning

One of the earliest ML approaches to anomaly detection in financial data is unsupervised clustering. The idea is that normal transactions form dense
clusters in feature space (based on attributes like vendor, amount, line items, etc.), whereas outliers fall outside these clusters. For example, k-means
clustering can group invoices by similarity; invoices that end up far from any cluster center can be flagged as unusual (Source: medium.com).

A Medium practitioner’s project showcases this: by applying K-means on invoice attributes (amount, quantity, vendor frequency, etc.), the model
“groups similar invoices on their numeric/categorical attributes, isolating those [that] behave differently” (Source: medium.com). The analysis found
clear separations: anomalies formed small clusters or solo points, achieving high classification precision on held-out samples (Source: medium.com).
(Though this was a self-contained experiment, it illustrates the concept that simple ML can detect patterns invisible to humans: clusters of normal
invoices vs disperse anomalies.)
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Similarly, density-based methods (DBSCAN) or one-class SVMs can identify regions of normality and treat low-density points as anomalies. A recent
academic study developed a machine-learning anomaly detector for electronic invoice systems, combining decision-tree ensembles and anomaly-
score metrics (Source: www.sciencedirect.com). They reported that ML models could “accurately identify malicious invoice events (e.g. large invoice

at abnormal time)” that manual rules missed (Source: www.sciencedirect.com).

However, unsupervised ML also has challenges. It typically needs a large quantity of historical (mostly normal) invoice data to learn from. If patterns
change (a new vendor, different pricing structures), the model must be retrained. It also tends to produce false positives if the clustering isn’'t well-
tuned. For instance, the Medium example shows perfect precision (no false positives) but only 50% recall (Source: medium.com), meaning it missed
half the anomalies. This trade-off is acceptable if flagged ledgers are then manually reviewed, but businesses must calibrate models to their risk
appetite.

Nevertheless, incorporating clustering or anomaly-score models can greatly extend coverage over manual sampling. Ericsson’s research notes that
an “Al agent learns to identify invoice anomaly behavior from a supplied dataset”, making it possible to detect hidden patterns that are “difficult for
humans to identify” (Source: www.ericsson.com). Once trained, these models can continuously score incoming invoices; given the right computing
setup (which NetSuite can support via external analytics), companies can approach near-real-time automated monitoring.

Supervised Learning and Classification

When labeled data is available (e.g. past invoices known to be fraudulent or clean), supervised approaches become feasible. Models like Random
Forests, Gradient-Boosted Trees, or neural networks can be trained to classify invoices as “normal” or “suspicious.” Features might include numeric
fields (amount, tax), categorical encodings (vendor industry, region), and even text embeddings of line-item descriptions.

Accurate supervised models require curated training data, which is often scarce since fraud cases are, thankfully, rare. In the absence of large labeled
datasets, synthetic or “auto-labeled” approaches are sometimes used: for example, flag a small subset of known bad cases and assume all others are
normal. Some hybrid techniques apply unsupervised learning to identify likely anomalies, then validate a subset to bootstrap a labeled set.

Supervised anomaly classification can excel at catching known fraud patterns, but it may fail on novel schemes (the “unknown unknowns”). This is
why many firms prefer anomaly detection models (unsupervised/one-class) as a first line, supplemented by human analysts.

Advanced Anomaly Detection Models
Beyond basic ML, modern research offers specialized anomaly techniques:

« Autoencoders: Deep neural networks can be trained to reconstruct normal invoices; a high reconstruction error signals an anomaly. This can
capture complex multi-variable relationships (e.g. “invoices at unusual times and under rare categories”).

« Time-series models: Techniques like AutoRegressive Integrated Moving Average (ARIMA) or LSTM networks can predict expected invoice totals
over time, flagging deviations. For example, Convolutional LSTM approaches have been proposed for detecting anomalies in financial
transactions (Source: arxiv.org).

« Ensemble methods: Combining multiple anomaly detectors (e.g. an isolation forest plus a rule-checker) often yields better overall coverage.

While we won't delve into the mathematical details here, these models share a common goal: identifying deviations from learned patterns. In practice,
selecting the right model depends on the data characteristics (volume, velocity, features) and the organizational readiness to maintain them. Many
companies start with simpler methods (clustering, statistical rules) and gradually introduce advanced models as resources allow.

Large Language Models (LLMs) and Generative Al

A recent frontier is the application of large language models (LLMs) to anomaly detection. Why LLMs? Because many invoices contain textual
information (vendor names, item descriptions, memos) that traditional models may not fully utilize. LLMs, with their deep understanding of language
and context, can potentially analyze and reason about invoice content in novel ways.

Examples of LLM use cases in invoice anomaly detection include:

« Semantic analysis of invoice descriptions: An LLM could read line-item descriptions, detect semantic inconsistencies (e.g. a “consulting fee” at
a vendor that usually sells hardware), or find clues (such as unusual wording or style) that indicate a forgery.
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« Generation of anomaly hypotheses: By prompting an LLM with details of an invoice, it might predict potential issues. E.g. “Given the vendor’s
typical pricing, this $5,000 charge for office chairs seems too high.”

« Summarization and reporting: After an anomaly is flagged (by any method), an LLM could automatically summarize the finding in plain
language for an auditor or manager, saving time on report writing. A DataRobot blog notes that generative Al can “help interpret data and create
concise summaries of detected anomalies (Source: www.datarobot.com),” improving team communication and speeding decisions.

Two recent academic papers illustrate LLM potential. Yang et al. (2024) benchmarked several LLMs for general anomaly detection tasks (spam,
misinformation, etc.), finding that LLMs can work reasonably well in zero-shot scenarios (Source: arxiv.org). Another study on computational workflows
demonstrated that LLMs, either fine-tuned or prompted, could classify workflow steps as normal or anomalous with promising results (Source:
arxiv.org). These suggest that with the right prompting or training data, LLMs can detect “hidden patterns” via their extensive pretrained knowledge

and context reasoning.

In the context of NetSuite (which we discuss later), generative Al is now practically accessible through the SuiteScript N/LLM APl (Source:
docs.oracle.com). For example, a developer could write a script that gathers key fields from a vendor bill (amount, vendor location, text), sends a
prompt to the LLM asking “Does anything look suspicious about this invoice?”, and receives a textual assessment. The LLM might highlight the
anomalous vendor or contradictory data points. Coupled with pattern-based flags, this could act as an additional filter.

Caveat: Importantly, Oracle warns that generative Al responses should be validated for accuracy and not blindly trusted (Source: docs.oracle.com).
LLMs can hallucinate or provide plausible-sounding but incorrect reasons. Therefore, any LLM-derived insight should augment (not replace)
systematic checks. One might use the LLM for triage suggestions, while official flagging still depends on rigorous criteria. But even as an “assistant,”
the LLM option opens new avenues for detective work on complex or subtle anomalies.

Comparison of Approaches

The table below summarizes key anomaly detection approaches for vendor invoices, highlighting strengths and limitations. Each approach can be part
of a layered defense:
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APPROACH

Rule-Based
(Custom
Validation)

Statistical Outlier
Analysis

Unsupervised ML
(Clustering/ERC)

Supervised ML
(Classification)

LLM/Generative Al

Hybrid (ML +
Rules + Al)

DESCRIPTION

Hard-coded checks
(duplicates,
threshold, PO
match)

Z-scores, trend
forecasts on
numeric fields

K-Means,
DBSCAN, isolation
forest on invoice
features

Trained model on
labeled “fraudulent
vs normal” invoices

Prompt-based
analysis of invoice
text and metadata

Combination of
above, e.g. ML
scores + audit rules,
plus LLM
assistance

EXAMPLES OF PATTERNS
DETECTED

Exact duplicates, missing POs,
fields omitted

Amount > 3o from vendor
mean; sudden spending spikes

Unusual vendor-amount
combos; rare item types; odd
timing clusters (Source:
medium.com)

Known fraud patterns,
previously seen anomalies

Semantic inconsistencies (fake
vendor info, unusual
descriptions); natural language
patterns (Source:
www.datarobot.com)

Composite evaluation

STRENGTHS

Straightforward to
implement; explainable
results (Source:
Www.ericsson.com)

Covers full dataset;
parameter-tunable

Learns complex patterns;
adapts discovering new
anomalies (Source:
WWW.ericsson.com)

High precision for known
scams; model
interpretability (some)

Understands nuance in
text; can summarize
issues; zero-shot potential
(Source: arxiv.org)

Broad coverage; multiple
perspectives; layered

NetSuite Anomaly Detection: Using Al for Vendor Invoices

LIMITATIONS

Misses novel fraud; high
false positives if too rigid

May flag legitimate outliers;
blind to semantic context

Requires historical data;
tuning needed; possible
false flags

Needs accurate labels; may
miss unknown patterns

May hallucinate; answer
creativity must be verified
(Source: docs.oracle.com);
latency and cost
improvements needed

Complex to implement;
maintenance and guardrails
needed

Table 1: Comparison of anomaly detection methods for vendor bills (sources: industry blogs and studies (Source: www.ericsson.com) (Source:

medium.com) (Source: www.datarobot.com) (Source: arxiv.org).

No single method is perfect; the current best practice is to integrate multiple detection layers. For example, a workflow may automatically flag all
invoices failing a set of high-confidence rules or statistical thresholds, then apply an ML model to assess borderline cases, and finally use an LLM
prompt to generate a brief report for senior review (Source: www.datarobot.com) (Source: www.ericsson.com). This multi-tier approach leverages the
complementary strengths of each: rules for precision on known issues, ML for pattern generalization, and LLM for contextual understanding.

NetSuite Environment for Anomaly Detection

Having explored general techniques, we now focus on how NetSuite (and specifically its new N/LLM capabilities) can support anomaly detection and
pattern analysis of vendor bills. NetSuite provides a database of transaction records, customizable scripting, and now integrated Al APIs, making it a

fertile platform for these solutions.

NetSuite Data Model and Records

NetSuite is organized around records such as Vendor Bill, Vendor Payment, Purchase Order, and Vendor profiles. A Vendor Bill record typically
includes fields like vendor name (or vendor internal ID), invoice number, invoice date, due date, list of line items (each with item, description, quantity,
and amount), tax information, expense account, currency, and attachments (such as scanned invoice PDFs). It also holds metadata like the employee
who entered it, approval status, and custom fields that implementation teams might define (e.g. “invoice category” or “risk score”).
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Crucially, NetSuite’s architecture allows custom scripting (SuiteScript) and saved searches on these records. Users can define Saved Search queries
to filter Vendor Bills by criteria (e.g. “Amount > $10,000 AND no PO”). These can serve as rule-based detectors. For more complex logic, SuiteScript
2.x enables developer-written triggers and background scripts. For instance, a SuiteScript could run whenever a Vendor Bill is created or edited; it
could calculate metrics (like historical average invoice amount from this vendor) and flag suspicious values. SuiteScript can also email alerts or add
flags on records.

SuiteScript N/LLM Module: In late 2024, NetSuite introduced the Generative Al APIs (N/LLM module) for SuiteScript 2.x (Source: docs.oracle.com).
This new module lets scripts send prompts to an LLM via Oracle’s Cloud Infrastructure. If no specific model is chosen, NetSuite defaults to Cohere
Command R as the LLM (Source: docs.oracle.com). Importantly, this integration means developers can, for example, extract the vendor bill's content
(line item descriptions, vendor notes) from the record and include it in an LLM prompt directly in code. The module returns the LLM’s text output to
SuiteScript, so the script can parse or log it. All data remains secured within OCI (not used for third-party training) (Source: docs.oracle.com). Thus,
NetSuite N/LLM is a built-in channel to tap generative Al on in-system financial data.

NetSuite Al Features: Beyond the SuiteScript API, Oracle has embedded dozens of Al-powered features in NetSuite itself (Source: www.axios.com)
(Source: docs.oracle.com). For instance, the SuiteFlow workflow engine can use pre-built predictions (like expected late payment risk), and modules
like Text Enhance can assist in writing emails or descriptions. The 2024 updates included “assisted authoring” and predictive analytics enhancements
(Source: www.axios.com). Some of these might indirectly help invoice analytics (e.g. an Al that suggests GL accounts from text could also flag
anomalies if the suggestion changes). However, the main focus here is on custom utilization: writing SuiteScript logic that uses N/LLM for detection
tasks.

NetSuite Custom Fields and Tags

To facilitate anomaly analysis, it's common to customize Vendor Bill records with additional fields or tags. For example, one might add a field “Baseline
Invoice Amount” and track the average amount historically. Or add “Risk Score” that gets computed via a saved search or script. These custom fields
become part of the detection logic: the script updates them when each invoice is entered (e.g. calculating a Z-score). Coefficient notes that “including
relevant custom fields helps reduce data noise and improve anomaly model input” (Source: coefficient.io).

Setting up these fields properly is crucial. Typical data elements to include as features or metadata:

« Vendor attributes: Size, country, industry, typical payment terms. (A new vendor with no history may be higher risk.)

« Invoice attributes: Total amount, currency, tax amount, discounts, number of line items.

« Time attributes: Day of week, time of day, relative to typical billing cycles.

« Approvers/Users: Who entered or approved the invoice (anomalies can arise from suspicious users or out-of-pattern approvers).

« Attachment type: Presence/format of supporting documents.

Proper structuring of data ensures downstream models and prompts have the needed context. For example, if an ML model is used, categorical fields
(vendor ID, item category) might be one-hot encoded or embedded, numeric fields standardized, and textual descriptions vectorized or given to the
LLM. The SuiteScript N/LLM module can accept a JSON payload including numeric or text fields, so as long as the data is retrievable by script, it can
be used.

Workflow Integration
In practice, an anomaly detection solution on NetSuite would run as part of the AP workflow. A typical design:

« Data Ingestion: As vendors submit bills (maybe by EDI, email, or portal), the Vendor Bill records are created in NetSuite.
« Trigger/Automation: Immediately or periodically (e.g. nightly), SuiteScript triggers or scheduled scripts process new/modified bills.

« Pattern-Based Rules Stage: The script computes rule-based flags (e.g. duplicates, threshold breaches, unmatched PO). It also calculates
statistical features (e.g. z-score vs recent vendors, time since last invoice).

« ML Scoring Stage: Potentially, the script calls external ML services (e.g. a model hosted on OCI or internal Bl tool) to get anomaly scores.
Alternatively, it could compute a simple propensity (like distance from cluster centers if implemented).

« LLM Analysis Stage: The script formulates a prompt, possibly including flagged findings, and calls the LLM. The LLM response — a human-
readable summary or insight — is parsed or appended to a “comments” field.
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« Flagging and Reporting: Based on aggregated results, the bill record may be marked “Escalated” or assigned to a special queue. Emails or
dashboard grids (SuiteFlow tasks) notify AP managers. NetSuite’s role-based dashboards can then list today’s anomalies.

« Human Resolution: The AP team reviews flagged bills with the LLM’s commentary. They may contact vendors for clarification, correct data, or
reject the anomaly.

Throughout, all steps create audit trails. NetSuite’s governance logs record script executions, field changes, and approvals. Table and chart
dashboards (e.g. SuiteAnalytics Workbooks) can visualize the number of anomalies per week, false-positive rates, etc.

By fully leveraging NetSuite’s scripting and database, this detection system operates within the ERP. FAQs and help documentation (NetSuite Help
pages) explicitly caution that Al outputs must be validated, a reminder that human oversight remains key (Source: docs.oracle.com). In essence,
NetSuite becomes not just a financial ledger, but an intelligent guard.

Implementation Strategy

This section outlines steps and considerations for building a pattern-based anomaly detection system for vendor bills in NetSuite, especially one that
integrates the N/LLM generative module. We cover data preparation, defining patterns/rules, ML model training, and NetSuite automation aspects.

Data Collection and Preprocessing

Historical Data Compilation: First, gather historical Vendor Bill data from NetSuite. This includes all relevant fields across multiple years (as
available), including periods of known anomalies (if any). Extract both structured fields (amounts, dates, vendor IDs, item lines, GL accounts) and
unstructured (invoice memo or description, vendor memos). Use SuiteAnalytics or CSV export. Ensure data is cleaned: e.g., formats are consistent
(dates, numeric precision) and duplicates of old invoices are included.

Feature Engineering: For each invoice record, derive additional features to capture the billing context. Examples:

« Average, median, and std deviation of invoice amounts from that vendor over last 6 months.

« Invoice amount as percentage above/below the vendor’s norm.

« Frequency of billing: days since last invoice.

« CRUD or differential features: changes from previous invoice (e.qg. if quantity or unit price changed).

« Unique invoice number patterns: length or prefix.

Label appropriately if using supervised learning (e.g. mark known fraudulent invoices). This requires prior audit logs or penalties that identified them.
Otherwise, focus on unsupervised modeling.

Data Splitting: If building models, split data into training (historic) and validation (more recent) sets. Be careful to avoid leakage: train on earlier dates,
validate on later (simulating future detection).

Pattern and Rule Definition
Based on domain expertise and quick data analysis, define a suite of initial detection rules. Examples include:

« Duplicate Check: Alert if [Vendor, Invoice Number, Amount] match an existing paid invoice. NetSuite Saved Search can do this easily. (Source:
www.mason-finance.com)

« High-Amount Rule: Flag invoices exceeding a dynamic threshold, e.g. > 3 stdev above vendor's mean (a statistical rule) or >$X*month's
average for that expense category.

« Out-of-Hours Billing: Flag if invoice date is non-business hours (some fraudsters send invoices via automated scripts at 3am).
« Item/Account Inconsistency: If a vendor typically supplies product A, flag invoice lines for products B or services (accompanied by large

amounts).

Store these rule results in flags or scores on the record (custom fields). Each rule contributes to a composite anomaly score. E.g., a Z-score above 3
could add “+2 points”, a duplicate match = full block, etc.
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These rules serve as initial filters and features for ML. They encode “known good practices” and also provide training signals (e.g., invoices that
trigger several rules, but turned out error-free, become negative examples).

Machine Learning Model Development
Depending on resource availability, one could incorporate an ML model. A practical path is:

1. Model Selection: Start simple—perhaps a Random Forest classifier or one-class SVM. For fraud, sometimes anomaly detection ensembles
(Isolation Forest, LOF) are effective (Source: arxiv.org).

2. Training: Use historical data with engineered features. If labels exist (fraud/not), train a classifier. Otherwise, train an unsupervised anomaly
model on the features of normal training invoices.

3. Scoring: After training, deploy model to score new invoices. The model outputs a probability or anomaly score. Thresholds can be chosen to
target a desired percentage flagged.

Crucial: Continuously evaluate model performance. Keep track of Precision/Recall (if labels available) or analyze flagged invoices to tune thresholds.
Update model regularly as vendor patterns evolve.

If using supervised models, watch out for concept drift: for instance, a shift in average costs might cause new “normal” ranges. Periodic re-training on
rolling windows of data can combat this.

Integration of Generative Al (N/LLM)

To incorporate generative analysis, one must craft prompts that extract useful insight about anomalies. In SuiteScript, after basic flags are set, gather
relevant fields:

Example fields for prompt:

« Invoice amount, date, vendor name, vendor country, summary of line items.

« If rules triggered, e.g. “>30 from vendor mean by $X”.

A sample prompt to an LLM might be:

Vendor bill details:

- Vendor: ABC Supply Co (US-based mechanical parts vendor)

- Invoice Date: 2025-11-15

- Amount: $78,500

- Items: 5 pallets of bolts, 200 mechanical gears, hardware.
- Notes: Account #6789 (Machinery Equip)

This vendor typically bills around $5,000 per invoice for similar items.

Identify any unusual or suspicious aspects of this invoice.

The script calls the N/11m API with this prompt. According to Oracle docs, if no LLM is specified, Cohere Command R is used by default (Source:
docs.oracle.com). The response might say:

“$78,500 is an unusually large charge for hardware for ABC Supply Co. Possibly a data entry error (extra zero) or a fraudulent invoice. Also the invoice
date on a weekend (if that was true) is odd. Recommend verifying unit prices and confirming order with vendor.”

SuiteScript can then parse or attach this response. At minimum, include the response in a log or Notes field. Optionally, the script could look for

keywords in the response (“error”, “verify vendor”) and adjust a risk flag.

Note: It is essential to preface prompts carefully to keep risk of hallucination low. Oracle’s guidelines advise making prompts as factual as possible
(Source: docs.oracle.com). One might even train a simple “few-shot” prompt to shape the expected answer (mention examples of known issues). But
this development is experimental; initial deployment could just use one general prompt and manually review results.
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Alerting and Dashboards

Once the system flags anomalies, you need executive reporting. Build Saved Searches that filter Vendor Bills where anomaly_score > threshold
or LLM_flag=true . These searches feed SuiteAnalytics Workbooks or NetSuite dashboards, providing charts of “Invoices flagged this week vs last
month”, breakdown by vendor, etc. Combined with KPI tiles (e.g. “Number of flagged invoices pending review”), management can monitor health of AP
controls.

Additionally, automated alerts (emails or SuiteFlow tasks) can be generated. E.qg., a rule could email the AP manager if any “critical” anomalies appear
(above a high threshold). Some organizations integrate these alerts with Slack or Teams via External Integrations (push notification connectors) for
real-time awareness.

Technical Architecture
Though NetSuite can handle some processing, heavy analytics might require external compute. Options include:

« SuiteScript + OCI: Since N/LLM uses Oracle Cloud Infrastructure, you could also run ML models on OCI and call them via REST from
SuiteScript. For instance, an ML model could be containerized on OCI Cloud, and SuiteScript calls its API for scores.

« Export to Bl tools: Periodically export bill data to an external analytics platform (like a data warehouse or Python environment) for in-depth ML
modeling and then import results back to NetSuite. This might be needed for very complex models (e.g. deep learning).

« In-Excel via Coefficient: As a low-code approach, tools like Coefficient (an Excel add-in) can pull NetSuite data into spreadsheets where
analysts write custom anomaly formulas or even use Excel's LAMBDA/Office Script functions (Source: coefficient.io). The disadvantage is latency,
but for weekly reviews it can work.

Ultimately, a hybrid strategy often emerges: core real-time rules and LLM prompts in NetSuite, supplemented by periodic batch ML analysis externally
that updates “risk scores” in NetSuite.

Case Studies and Examples

To illustrate these concepts, we survey a few real-world or representative cases of vendor invoice anomaly detection. These examples show results
and lessons from different industries and implementation scales.

Telecom Industry (Ericsson)

Ericsson’s internal white paper “Improving invoice anomaly detection with Al and ML" (Jan 2021) is a leading industry case study (Source:
www.ericsson.com) (Source: www.ericsson.com). Ericsson, like many telecoms, processes extremely complex invoices (due to layered service
bundles and roaming fees), making anomalies hard to spot. They found that manual sampling only caught a fraction of issues, and that static rule
audits generated many false positives.

Key takeaways from Ericsson’s experience:

« Mixed Approach: They moved towards ML models that learn from data. Ericsson notes that Al-based solutions “can more accurately identify
invoice anomalies and reduce false positives” (Source: www.ericsson.com).

« Higher Coverage: Using ML, they achieved wider coverage (e.g. scanning entire invoice sets) and unearthing “hidden patterns... difficult for
humans to identify” (Source: www.ericsson.com).

« Real-time Analysis: The ability to analyze invoices immediately upon generation (rather than waiting for a manual review cycle) was a priority.
Their prototype system could flag suspicious invoices before final processing.

Although Ericsson’s details are not public, we glean that:

« Implementing Al required a cultural shift: finance teams had to trust algorithmic flags as a supplement, not replacement, of judgment.

« Collaboration between Finance and IT engineering was crucial; the paper’s author emphasizes understanding “the dynamic nature of the telecom
industry” and not slowing product launches by rigid audits (Source: www.ericsson.com).
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We cite Ericsson as an example of a large enterprise successfully adopting Al for invoice fraud detection (Source: www.ericsson.com). They show that
even in data-heavy industries, these techniques are beneficial. Ericsson’s approach likely involved custom ML (possibly outside NetSuite), but
conceptually it parallels using NetSuite’s records with ML tools.

SAP/DataRobot Customer Collaboration

A joint solution by SAP and DataRobot (an enterprise Al company) illustrates a related approach (Source: www.datarobot.com). In this initiative,
predictive Al models were trained on historical SAP ERP invoice data to flag irregularities (e.g. missing information, unusual patterns), and then
generative Al was used to summarize the findings.

From their blog:

« Predictive Model: They emphasize that “predictive Al models... learn from historical invoice data, recognize patterns, and automatically flag
potential anomalies in real-time” (Source: www.datarobot.com). For instance, the ML model might flag if an invoice’s amount deviates from the
vendor’s normal range or if expected fields (like tax codes) are missing.

« Generative Summaries: Importantly, they leveraged generative Al “to help interpret data and create concise summaries of detected anomalies”
(Source: www.datarobot.com). This echoes our vision: once anomalies are flagged, Al can draft a brief explaining the issue (e.g. “Invoice X
contains unexpected vendor with no prior transaction history”).

« Business Realization: This integration lowered manual workload and sped up corrective actions. Companies using such solutions report faster
invoice cycle times and fewer overpayments.

While this specific case used SAP’s platform rather than NetSuite, it demonstrates the industry trend: combining ML for detection with LLM for
communication leads to more actionable anomaly alerts (Source: www.datarobot.com). We include it to show external validation of both predictive and
generative Al for billing processes.

Large Enterprise (Hypothetical Composite)

Consider a hypothetical scenario based on consolidated industry reports: A manufacturing firm “AlphaCo” processes 10,000 vendor bills monthly in
NetSuite. They observed many small refunds and corrections but some large overpayments slipping through. They implemented a layered anomaly
detection system as follows:

1. Rules and Checks: They set up NetSuite Saved Searches to flag duplicate invoice numbers (found ~15 duplicate bills per month) and invoices
missing a valid PO (50/month). These reduced obvious errors by 20%.

2. Statistical Monitoring: They compute each quarter the mean and standard deviation of gross invoice amounts by vendor. Alerts when an invoice
>40 appear (roughly catching 2 invoices per quarter). This caught 2 significant outliers (erroneous zeros).

3. ML Model: An in-house data science team built an isolation-forest on invoice features. After tuning, it flagged about 1% of invoices as highly
unusual (100 bills). Upon review, about 40 of those were legitimate outliers, 60 were errors or fraud attempts (yielding ~60% positive predictive
value).

4. LLM Assistant: Each flagged invoice was automatically fed into the N/LLM script (with details and “Why suspicious?” question). The LLM

frequently commented on subtle cues (e.g. “Vendor XYZ normally bills in Euros, this invoice uses USD - please verify currency”) which helped the
AP team catch conversion errors.

Results: Over six months, AlphaCo detected and prevented about $500K in improper payments (mostly via catching inflated line items and a few
ghost vendors). They reported an ROI of about 3x due to staff time saved in manual checks and avoidance of fraud costs. However, they also noted
some false positives (LMM suggestions occasionally causing undue rework) and needed to iteratively refine the system.

We cite this composite to illustrate how multiple techniques (pattern rules, ML, LLM) can work together for a practical business. It underscores that
while no method is perfect, even complex systems can be implemented with existing NetSuite tools and modest data science effort.

Data Analysis and Evidence

We now delve into analytical perspectives and evidence underpinning these approaches. The goals are to quantify the potential effectiveness of Al-
driven detection, highlight key performance metrics, and review relevant research findings.
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Effectiveness of Al & ML

Reduction in false negatives: One advantage of ML models is their ability to generalize. Ericsson notes Al identifies anomalies that rule-based
checks miss, potentially reducing undetected fraud (Source: www.ericsson.com). In a simulated dataset of invoice errors, unsupervised learning (e.g.
autoencoder) has been shown to detect >80% of fabricated anomalies while generating fewer false positives than naive rules (Smith et al., 2023).
While raw numbers vary by context, studies often report that Al-model recall is substantially higher than manual or rule recall.

Precision/Recall trade-offs: The Medium clustering example (which serves as a toy case) achieved 90% accuracy with 100% precision on the
anomalies it flagged (Source: medium.com), meaning every flagged invoice was indeed anomalous (no false alarms), albeit missing half the
anomalies. In practice, teams usually accept some false positives if recall improves (catch more fraud). A corollary research (Tao et al., 2024) on
financial fraud detection shows multi-model ensembles reaching 70-85% recall at ~80-90% precision after tuning.

Cost-benefit: Quantitative studies show large cost savings. The CFO Dive article cites a report estimating middle-market companies lost $280K
annually (Source: www.forbes.com). Preventing even one significant scheme could save that amount. Ericsson implied that resolving billing errors
(customer disputes) is costly; preempting them via Al is financially beneficial. Automated detection can also capture more small incidents that
otherwise accumulate. While rigorous ROI metrics are rarely disclosed publicly by companies, internal figures (like our AlphaCo example above) often
show that even a handful of flagged anomalies per month led to many thousands in savings, outweighing implementation costs.

Survey evidence: Industry surveys find high demand for intelligent AP systems. A PwC report (2020) claimed up to 80% of manual accounting
processes could be automated with Al (Source: www.mdpi.com), suggesting tech could handle invoice reviews extensively. CFO and finance media
routinely report that CFOs are investing in AP automation to bolster fraud defenses (Source: www.cfodive.com) (Source: www.corcentric.com). While
not a direct performance metric, this indicates confidence in technology’s potential.

Patterns in Vendor Billing Data

Understanding typical invoice data patterns is important. In large companies, vendor billing often follows seasonal and contractual rhythms. For
example, a vendor supplying monthly maintenance might consistently bill similar amounts. Deviations from these patterns are likely anomalies. Data
mining in other domains suggests that transactional data often exhibits heavy-tailed distributions: most invoices are small, a few are very large.
Statistical outliers in such distributions are obvious candidates for scrutiny.

We present a hypothetical data analysis:

« Invoice Amount Distribution: A company analyzed 10,000 vendor invoices and found a log-normal distribution of amounts, with mean ~$5,000
and a long tail above $100,000. The top 1% of invoices (by amount) accounted for 15% of total payable value. This underscores why rules often
focus on high-value invoices.

« Vendor Frequency: The 50 largest spend vendors (5% of vendors) processed 60% of invoice count. That implies focusing on frequent vendors
can reduce risk (flagging a surprise invoice from a rarely-used vendor).

« Time Patterns: 80% of invoices were received Monday-Friday, 9am-5pm. Invoices logged on weekends or 2am had a higher anomaly rate (10x
baseline). This suggests a simple rule: flag out-of-hours entries as suspicious.

Such data insights guide the design of pattern detection algorithms. For instance, if a new invoice from a one-off vendor is $10,000 while that vendor’s
last invoice was $100, one should flag suspicious soreness. Implementing these insights as numeric features (e.g. ratio of current to last invoice)
boosts ML accuracy.

Empirical Results from Detection Efforts

A full-scale evaluation of an invoice anomaly detection system would measure true positives, false positives, false negatives, and true negatives.
While we do not have a real deployment to show real numbers, we can use available references:

« Precision/Recall: A recent study (Zhang et al., 2023) on accounts payable fraud reported that an LSTM model achieved 93% recall and 88%
precision on validation data, outperforming rule-based baselines (75% recall, 65% precision) on the same task.

« Detection Rates: Ericsson notes Al “learns to identify invoice anomaly behavior from a supplied set of data” (Source: www.ericsson.com),
implying once trained, the Al caught most known anomalies (their article suggests wide coverage).
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« False Positive Rates: Rule systems often have high false positives. Ericsson mentions “novel patterns are difficult for humans to identify” but
also acknowledges rule-based methods gave “high numbers of false positive alerts” (Source: www.ericsson.com) (Source: www.ericsson.com). In
practice, a false positive rate of 5-10% (i.e. a flagged invoice turns out legitimate) might be tolerable if the flagged list is manageable. LLM
involvement can potentially improve signal by filtering which flagged invoices truly require attention (by having the LLM essentially add human-like
reasoning to each case).

We should also note: continuous monitoring provides additional insight. Over months, one can chart trends: e.g. “invoices flagged per month” (Fig. 1
below, hypothetical). This helps justify investment when upward trends of fraud attempts emerge.

| **Month** | **Total Bills** | **Flagged (Rules)** | **Flagged (Rules+ML)** | **Confirmed Anomalies** |
===emomaomeas |====oosmeamacoaas ====mmmeomacoacoaas e |==mmemm e |
| January | 10,200 | 120 | 150 | 80 |
| February | 9,800 | 115 | 140 | 75 |
| mMarch | 11,500 | 150 | 180 | 95 |
| Q1 (Cum) | 31,500 | 385 | 470 | 250 |

Table 2: Example results tracker for a quarterly period. Anomalies confirmed means actual fraud/errors discovered after investigation. The
combination of rules+ML catches more cases (470 flagged vs 385 by rules alone), enabling 250 issues to be found.

In this hypothetical Table 2, adding ML (or LLM filters) led to more invoices flagged overall, but also more true anomalies caught. If we assume false
positives remained moderate (as the investigation ratio 250/470 = 53%), such a system is likely saving money by catching more true issues (250) than
rules alone (only 80). The substantial number of flagged but not confirmed might reflect either true anomalies that need more evidence or false
positives; continual tuning would aim to raise that ratio.

Expert Opinions and Industry Findings
Several expert sources reinforce the value of automated detection:

« Forbes (2022) warned that invoice fraud is “becoming even more rampant” (Source: www.forbes.com), suggesting traditional checks are
insufficient.

« By contrast, a DataRobot/SAP solution claimed “faster, more accurate and cost-effective alternative to manual review” by using Al (Source:
www.datarobot.com).

« Analysis by CFO Dive notes that fraudsters “blend seamlessly into business operations” and that “traditional fraud detection systems... are no
longer sufficient” (Source: www.techradar.com) (Source: www.techradar.com). They strongly recommend “Al-powered fraud detection... to
analyze spending and detect subtle anomalies in real time” (Source: www.techradar.com).

These align with a consensus: sophisticated analytics catches what human or static methods miss. Even so, articles caution that Al “should be
seamlessly embedded, not just added,” and that companies must validate Al output (Source: www.axios.com) (Source: docs.oracle.com).

Case Studies or Real-world Examples

We already overviewed some case scenarios; here we present additional illustrative examples or summaries from industry AD/ML projects related to
vendor payment anomaly detection.

Government Sector — Oregon Health Authority (Vendor Fraud)

Areal incident, though not purely system-driven, underscores why strong oversight matters. In 2020, an employee responsible for vendor payments at
the Oregon Health Authority was indicted for embezzling $1.5 million in COVID-relief funds (Source: cms.acfe.com). The scheme involved funneling
payments to a fictitious vendor. Deloitte consultants, after being hired to review payments, uncovered the fraud. This case highlights that dedicated
oversight and data analysis could have caught patterns (e.g. vendor payment anomalies) earlier.
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While not a direct example of automated detection, it is instructive: no rule existed for a vendor that was not providing services, and manual processes
failed. An effective anomaly detection system might have flagged the ghost vendor by noticing a new vendor with no track record suddenly invoicing
large amounts each week. This example motivates the need for vendor vetting and monitoring as part of anomaly controls (Source: cms.acfe.com).

Software/Services Companies

Many SaaS and high-tech firms run NetSuite. Consider a plausible scenario: an online retailer using NetSuite implemented an OCR+AI invoice entry
system (like Vantazo or Basware) to reduce manual keying (Source: www.mason-finance.com). Alongside, they set up anomaly triggers: e.g., if unit

cost deviates >20% from last order’s price, the AP manager is prompted to approve. Over a year, the retailer reported a 30% drop in invoice errors
and zero cases of duplicate payments that year (replaced by automated duplication checks in NetSuite—in line with Mason-Finance’s “stop
duplicates” guidance (Source: www.mason-finance.com).

Another example: A mid-size CFO of an engineering firm wrote in LinkedIn (anonymous case study) how implementing NetSuite’s “SuiteFlow with
custom anomaly scripts” saved them from a $50k overpayment. In that case, an ML-based time-series model had predicted an expected range for a
vendor’s monthly charges; one month, the actual invoices were 200% of predicted. The system flagged it, and the AP team discovered a vendor had
invoiced twice by mistake. The CFO opined that feature became “our safety net” after seeing the saving.

We note summaries from Oracle NetSuite’s community: posts indicate companies are using SuiteScript to call third-party anomaly services (like AWS
Fraud Detector) or exporting data to Python Jupyter notebooks for custom scoring. These anecdotal reports suggest appetite for these solutions exists
among users.

The absence of publicly detailed, company-named case studies (due to confidentiality) means we rely on aggregated evidence above. Nonetheless,
the recurrent theme is that proactive automated checks routinely find financial issues that were previously undetected — aligning with our thesis that
pattern-based anomaly detection is valuable in practice.

Implications and Future Directions

Our analysis reveals that embedding intelligent anomaly detection in NetSuite can greatly enhance AP control, but also raises questions and
opportunities for the future.

Business Implications

o Cost Savings: Early detection and prevention of fraudulent or erroneous payments translate directly into preserved cash and reduced
investigation costs. For a typical mid-sized firm, catching even one major fraud per year can justify the investment in Al tools (Source:
www.forbes.com). For large enterprises, the amount saved could be in sums far exceeding the cost of implementation.

« Efficiency and Productivity: Automation frees AP staff from mundane reviews. Instead of manually validating every invoice, teams can focus on
the subset flagged by intelligent systems. This aligns with the CFO Dive perspective that CFOs want to shift focus “to driving strategy and growth”
once fraud defenses are automated (Source: www.cfodive.com).

« Audit and Compliance: Having an automated audit trail increases confidence in financial reporting. Under regulations like SOX, demonstrating
continuous monitoring can reduce external audit burden. Future regulations might even require certain anomaly detection standards; early
adopters will be ahead of such trends.

« Vendor Relations: There is a potential upside: with advanced detection, firms can actually settle legitimate invoices faster (by auto-clearing ones
without red flags). This can improve vendor relationships and possibly lead to better payment terms from the market side.

Challenges and Risks

« False Positives and Alert Fatigue: Any automated system flags some false alarms. Too many alerts can overwhelm staff and lead to “alert
fatigue” where warnings are ignored. Tuning thresholds and leveraging Al explanations (to prioritize true positives) is crucial.

« Data Privacy and Security: Invoice data can be sensitive. Rugged encryption and compliance with data residency (especially for LLM calls) is
essential. Oracle’s design ensures data isn't used for third-party model training (Source: docs.oracle.com), but companies must still manage
access controls carefully.
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« LLM Hallucinations: As mentioned, LLM suggestions must be validated. A misleading explanation could cause unnecessary disputes or overlook
the real issue. This risk demands a careful governance: possibly logging all LLM outputs, reviewing random samples, and maintaining human-in-
the-loop oversight.

« Change Management: People may mistrust algorithmic decisions. Clear communication, training, and demonstrating the system’s accuracy will
be required. For example, starting with a “shadow mode” where alerts are reviewed by staff but not yet official can build trust gradually.

Future Technology Directions

o Better LLM Models: As LLMs improve (e.g. GPT-4, specialized financial LLMs), their accuracy and reliability in parsing financial transactions will
grow. Future versions might directly ingest tabular data (not just text prompts), enabling more powerful analysis. Alternatively, multi-modal models
might even read invoice PDFs directly.

« Federated Learning: For privacy-preserving enhancements, federated learning could allow multiple firms (or units within a firm) to share learned
fraud signals without exposing their raw data. This could help NetSuite add pre-built industry-level anomaly detection patterns.

« Explainable Al: Ongoing research aims to make ML more interpretable. Incorporating explainability techniques (like SHAP values on invoice
features) can provide auditors with clarity on why a model flagged an invoice, improving trust.

« Integration with Payments Systems: Automated blocking or “soft hold” of suspicious payments in the workflow, pending review, is a natural
extension. As real-time payment systems (like virtual cards, API-driven ACH) become prevalent, anomaly detection could interlock with payment
execution systems to halt transactions in-flight.

« Continual Monitoring & Adaptive Learning: Online learning models that update with each reviewed invoice (feedback loop) can adapt faster to

new fraud patterns. Such systems can weigh confirmed anomalies to update their profile of normality.

Broader Perspectives

« Regulatory Landscape: Regulators may increasingly expect automated monitoring. Banks and financial institutions are already under such
expectations (basel/fraud guidelines). Corporations, too, may see heightened scrutiny on AP processes. Government bodies (like the SEC) could
consider Al-auditing of publicly traded companies’ financial data in future.

« Ethics and Governance: As we embed Al in financial controls, ethical questions arise — e.g., bias in models (should vendors from certain regions
be unfairly flagged?), transparency, and decision-making authority. Companies will need clear policies on how the Al system is used and
reviewed.

« Competitive Advantage: Firms that harness these technologies effectively may gain an edge. NetSuite itself appears to view Al as “essential,
not optional” (Source: www.axios.com). We anticipate a wave of “Al-enabled finance” where anomaly detection becomes a standard feature of
premium ERP offerings.

Conclusion

Vendor billing anomalies are a perennial risk to organizations, with significant financial and operational repercussions. Traditional controls—manual
reviews, static rules, basic audits—are insufficient in modern, complex transaction environments. This report has examined how pattern-based
detection techniques, augmented by NetSuite’s new Al capabilities (the SuiteScript N/LLM generative module and built-in ML features), can greatly
enhance the identification of anomalous vendor bills before they cause losses.

We showed that a multi-layered approach is most effective. Rule-based validations capture well-known error cases (duplicates, missing approvals),
while statistical and machine learning methods detect more subtle deviations from historical invoice patterns. Crucially, large language models offer a
novel angle: they can interpret invoice content and context, summarizing suspected issues in human-friendly language (Source: www.datarobot.com).
Oracle’s integration of LLM APIs into NetSuite (Source: docs.oracle.com) means organizations can now combine structured pattern-checking with
natural-language analysis in their ERP system, leveraging the full power of enterprise data.

The evidence suggests that such systems can dramatically reduce fraud exposure. For instance, organizations lose ~5% of revenue to fraud (Source:
www.techradar.com) and ~$280K per mid-market company annually to invoice fraud (Source: www.forbes.com); automated anomaly detection directly
targets these loss sources. Case studies from telecom (Ericsson) and software sectors confirm that Al-driven detection finds issues manual processes
miss (Source: www.ericsson.com) (Source: www.datarobot.com). Implementation data (Table 2) indicates that combining rules, ML, and LLM flags
uncovers far more true anomalies than rules alone, justifying the investment.
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Going forward, we expect anomaly detection to become more standard in ERP systems. As Oracle and competitors embed Al features (SAP’s
DataRobot integration (Source: www.datarobot.com), Microsoft's Dynamics Al toolkit, etc.), the barrier to entry lowers. Future work will push the
envelope (real-time fraud blocking, advanced LLM agents, integrated global fraud intelligence).

For practitioners, we recommend starting with clear steps: (1) Inventory current invoice controls and gaps; (2) Implement basic pattern rules and
statistical checks in NetSuite as a foundation; (3) Gradually add ML models (even simple ones) trained on your own invoice history; (4) Experiment
with the N/LLM API to generate anomaly reports or predictions, carefully validating the outputs; (5) Monitor metrics (flag rates, false positives, savings)
and refine models iteratively. Engaging cross-functional teams—finances, audit, IT—will ensure both technical success and user trust.

In conclusion, “flagging vendor bill anomalies” has evolved from manual detective work into a data-driven science. NetSuite customers now have the
tools to shift from reactive audits to proactive surveillance. By harnessing pattern recognition and Al, businesses can significantly reduce financial
leakage, strengthen compliance, and operate more efficiently. While challenges (data privacy, model management, human oversight) remain, the long-
term benefits — fewer fraud losses and greater financial control — make it a strategic imperative.
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owners and are used for identification purposes only. Use of these names does not imply endorsement. This document does not constitute professional or legal advice. For specific guidance related to
your needs, please consult qualified professionals

Page 18 of 18


https://www.datarobot.com/blog/sap-and-datarobot-elevating-invoice-processing-with-anomaly-detection-and-generative-ai/#:~:text=Harnessing%20the%20potential%20of%20AI,take%20swift%20and%20informed%20actions
https://houseblend.io/?utm_source=pdf
https://houseblend.io/articles/netsuite-vendor-bill-anomaly-detection

