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Executive Summary

Introduction and Background

The Emergence of Al in ERPEnterprise Resource Planning (ERP) systems have historically focused on structured numeric
data (invoices, inventory counts, ledger entries). However, modern businesses recognize that **unstructured text data** —
emails, support tickets, feedback, internal comments — contains vital insights. A widely cited estimate is that “up to 80% of
business data consists of unstructured information such as text” (Jwww.netsuite.com]
(https://www.netsuite.com/portal/resource/articles/data-warehouse/text-
mining.shtml#:~:text=Why%201s%20Text%20Mining%20Important%3F)). NetSuite’s own documentation emphasizes that
text mining uses Al to sift through these emails, documents, and customer communications, enabling firms to automatically
identify issues (e.g. delivery or quality problems) and improve decision-making ([www.netsuite.com]
(https://lwww.netsuite.com/portal/resource/articles/data-warehouse/text-
mining.shtml#:~:text=Text%20mining%20uses%?20artificial%20intelligence,decisions%20and%20quickly%20take%20action))
(Iwww.netsuite.com](https://www.netsuite.com/portal/resource/articles/data-warehouse/text-
mining.shtml#:~:text=1t%27s%20estimated%20that%20up%20to,provide%20more%20personalized%20customer%20service
))- In short, leveraging unstructured text is a major frontier for digital transformation.
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Executive Summary

This report examines how sales order comments — the textual notes or messages attached to sales

transactions in an ERP system — can be mined for “friction signals” indicating potential issues or disruptions
in sales processes. In particular, we explore leveraging NetSuite’s newly introduced N/LLM (SuiteScript

Generative Al) module to automatically analyze unstructured order comments and extract insights. The

analysis is grounded in the context of NetSuite’s evolving Al capabilities and the broader landscape of text
mining, sentiment analysis, and customer experience management.

NetSuite consulting - ERP integration - Finance & operations

Page 2 of 23


https://houseblend.io/articles/netsuite-nllm-data-enrichment
https://houseblend.io/articles/netsuite-nllm-data-enrichment
https://houseblend.io/articles/netsuite-customer-health-scoring

Houseblend

We begin with an overview of NetSuite's recent generative Al features, including the N/LLM SuiteScript
module, which embeds Large Language Models (LLMs) and provides retrieval-augmented generation
(RAG) and text embedding capabilities inside NetSuite (docs.oracle.com) (blogs.oracle.com). We then define
friction signals in the Order-to-Cash (O2C) context — indicators of customer dissatisfaction, operational
delays, or data issues that can ultimately lead to lost sales or revenue. Insight from ERP analysts emphasizes
that hidden inefficiencies (e.qg., flawed handoffs or inconsistent data) introduce major friction in the O2C cycle
(erp.today) (erp.today), and proactive exception monitoring (using analytics) is needed to catch these issues
before they escalate (erp.today).

Next, we survey techniques for text analytics and Al-driven insights from unstructured customer feedback.
Text mining and sentiment analysis allow organizations to uncover patterns and “hot-button” issues in textual
order data (www.netsuite.com) (www.lumoa.me). Industry case studies demonstrate that systematic analysis
of customer complaints and feedback leads to actionable improvements: surveys of executives report that
customer feedback (whether “constructive” or “harsh criticism”) contains “valuable information” for improving
business performance (www.lumoa.me), and Al-powered analytics can surface dozens of improvement ideas
by highlighting repeated negative mentions of specific topics (e.g. service delays, product issues)
(www.lumoa.me) (insight7.io0). In short, analyzing voice-of-customer data yields deeper understanding of pain
points, enabling agile responses and higher satisfaction (insight7.io) (www.lumoa.me).

Building on this background, we detail how NetSuite’s N/LLM module can be applied to “mine” sales order
comments for friction signals. We describe possible workflows: for example, SuiteScript scripts can use
11m.generateText to classify or summarize comment text, 11m.embed to create semantic vectors for
clustering or similarity search, and RAG (supplying context documents) to ground the analysis in official
company data (docs.oracle.com) (blogs.oracle.com). Code samples show LLM prompts cleaning and
analyzing long-text fields in NetSuite (docs.oracle.com). We propose architectures (Suitelets, Map/Reduce
scripts, etc.) for extracting comment text, calling the LLM for evaluation, and flagging orders with detected
friction categories. Best practices and the Module’s usage quotas are noted.

The report includes detailed examples and tables. Table 1 enumerates common “friction signals” that might
appear in order comments (e.g. delivery delays, item defects, pricing complaints), along with sample key
phrases. Table 2 compares different text analysis approaches (keyword rules, sentiment classification,
embeddings, generative QA) for detecting friction, highlighting their strengths and limits. We draw on multiple
perspectives: ERP analysts’ views of O2C friction, call-analytics firms’ framing of friction in the customer
journey, and CX research on text feedback. For instance, an Insight7 market research article on journey
friction analysis shows that listening to customer comments can reveal themes of frustration, which reveal
“potential friction points” (insight7.io).

Evidence and data are integrated throughout. For example, Oracle documentation notes that up to 80% of
enterprise data is unstructured text (www.netsuite.com), underscoring the importance of automated analysis.
Industry sources highlight productivity gains: companies using text analytics in customer feedback “sift through
vast amounts of data” to identify trends and prevent issues (insight7.io) (www.lumoa.me). Moreover, NetSuite’s
own strategic direction (as seen at SuiteWorld) places Al “deeply embedded” in the ERP, with talk of
transparent LLM outputs and audit trails (dynamicsfocus.com) (dynamicsfocus.com). Anecdotally, many
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leading tech firms (including major Al startups) rely on NetSuite ERP for their operations
(www.appsruntheworld.com) (www.appsruntheworld.com), suggesting that NetSuite must support advanced
data analytics, including free-text mining.

Finally, we discuss implications and future directions. Automated friction signaling from order notes can
improve revenue flow and customer satisfaction by catching errors earlier and channeling resources for
intervention. However, the approach raises considerations: Al outputs should be reviewed, models need
appropriate context, and privacy/security of customer data must be managed. We touch on evolving Al
governance features in NetSuite (like data lineage and role-based logic (dynamicsfocus.com)) that align with
these needs. The conclusion synthesizes how combining LLM-driven text analysis with ERP data could be a
powerful new tool for sales and finance teams, and suggests avenues for further work, such as building
compliant Al models or exploring predictive analytics on aggregated “friction signals.”

Throughout, every claim is backed by credible sources from industry analysts, technical documentation, or
research literature, ensuring the report’s authority and thoroughness.

Introduction and Background

The Emergence of Al in ERPEnterprise Resource Planning (ERP)
systems have historically focused on structured numeric data
(invoices, inventory counts, ledger entries). However, modern
businesses recognize that unstructured text data — emails, support
tickets, feedback, internal comments - contains vital insights. A
widely cited estimate is that “up to 80% of business data consists
of unstructured information such as text” (www.netsuite.com).
NetSuite’s own documentation emphasizes that text mining uses Al
to sift through these emails, documents, and customer
communications, enabling firms to automatically identify issues
(e.g. delivery or quality problems) and improve decision-making
(www.netsuite.com) (www.netsuite.com). In short, leveraging
unstructured text is a major frontier for digital transformation.
Simultaneously, large language models (LLMs) have revolutionized NLP. In 2023-2025, major cloud platforms
and software vendors integrated generative Al into core applications, moving beyond isolated pilots to native
capabilities. NetSuite, like other ERPs, has rapidly adopted Al. For example, at SuiteWorld 2023, Oracle
introduced NetSuite Text Enhance — a generative assistant (using Cohere models on Oracle Cloud)

embedded into financial reporting and other modules (www.techtarget.com). By late 2025, NetSuite’s direction
is clear: Al is “no longer a bolt-on feature” but is being deeply embedded throughout the platform
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(dynamicsfocus.com). SuiteWorld 2025 announcements (NetSuite Next) highlighted conversational Al (natural
language query “Ask Oracle”), Al connectors for custom logic, and data lineage for explainability
(dynamicsfocus.com) (dynamicsfocus.com).

Within NetSuite’s developer framework, Oracle has provided a new SuiteScript 2.1 “N/lim” module (also
referred to as N/LLM). This module allows SuiteScript code to call large language models hosted on Oracle
Cloud. According to Oracle’s help, the N/Iim module supports functions such as generateText(),
evaluatePrompt(), and embed(), interfacing with OCI generative service (docs.oracle.com). It also enables
RAG (retrieval-augmented generation) by accepting source documents that the LLM can use as context
(docs.oracle.com). In short, developers can now craft prompts and get LLM responses directly in NetSuite
scripts, with structured control and token limits (docs.oracle.com). This effectively brings ChatGPT-style
capabilities into the ERP.

NetSuite’s embrace of Al is part of a broader trend. Industry analysts note that NetSuite’s goal is to make
“intelligence inside the work,” enabling tasks like anomaly detection in financials, personalized analytics,
and automation of repetitive work (dynamicsfocus.com) (dynamicsfocus.com). For instance, NetSuite now
offers “autonomous close” features (flagging anomalies before financial close) and Al-generated insights in its
Analytics Warehouse (dynamicsfocus.com). Evaluators emphasize that text-based tasks — writing reports,
emails, analyzing notes — are low-hanging fruit for Al: users spend much of their time “generating text across
an ERP suite,” and generative Al “really works there” (www.techtarget.com) (www.techtarget.com). In this light,
mining text fields like order comments for insights fits squarely with NetSuite’'s roadmap.

Order-to-Cash (0O2C) and “Friction Points”

In the sales cycle, the Order-to-Cash (O2C) process — from receiving an order to collecting payment — is
critical for revenue. However, inefficiencies or “friction” along this path can delay billing, erode margins, and
annoy customers. A recent ERP Today analysis stresses that the O2C workflow “is often undermined by
hidden inefficiencies that drain resources, delay cash flow, and create internal friction” (erp.today). A common
friction point is departmental handoffs: for instance, when a sales rep’s order passes to legal for terms or to
fulfillment warehouse, each manual check and delay acts like a “clumsy baton pass” (erp.today). Data
inconsistencies amplify friction: mismatched pricing or terms can create billing errors and disputes (erp.today).
As one NetSuite administrator notes, incorrect pricing on a sales order leads to invoices and credit memos,
ultimately delaying payment and wasting customer service time (erp.today).

Detecting these friction points early is a challenge. Companies often realize a problem only when a transaction
fails or a payment is late. Microsoft notes that ERP data must be clean and consistent, yet dozens of ERP
customers experience “hidden friction”: e.g., wrong terms or incomplete approvals slip through unchecked. The
ERP Today interview highlights that companies sometimes complacently assume their processes are effective
“because the final output... is generated,” overlooking where delays occurred (erp.today). The experts
recommend proactive measures: using automation (NetSuite SuiteFlow) for approvals and custom
SuiteAnalytics dashboards to flag exceptions (e.g. pending credit holds, pricing mismatches) before they
escalate (erp.today) (erp.today).
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In parallel, research in customer experience emphasizes identifying “friction points” along the customer
journey. While much work has focused on pre-sale and engagement (conversational analytics, call monitoring),
the same concept applies post-sale. According to customer-journey analytics experts, friction points are
specific obstacles or pain areas that cause dissatisfaction or churn. For example, Insight7 describes a
framework of Journey Friction Analysis in which businesses use voice-of-customer data to uncover these
obstacles (insight7.io) (insight7.i0). They advise mapping the journey, collecting multiple data sources
(surveys, transcripts, reviews), and categorizing feedback to find recurring frustrations (insight7.io)
(insight7.io). In practical terms, a company might realize via feedback that customers hate an order
confirmation process, or call transcripts show confusion about shipping delays. While qualitative reviews can
hint at problems, scalable text analysis is needed to systematically detect emerging issues.

Friction signals in sales order comments are thus clues — words or sentiments in the free-text fields of orders
— that signal trouble in the O2C flow or in customer satisfaction. They might include explicit complaints
(“damaged on arrival”, “very late”), indirect cues (“customer upset had to call twice”, “unexpected surcharge”),
or neutral-looking phrases that imply risk (“delivery after holiday”, “urgent”). Mining these signals early offers
the chance to intervene: for example, if many orders contain the phrase “rush shipping”, a company might infer
persistent late deliveries and could take corrective action. As one marketing analyst puts it, typically prioritizing
removing all friction can backfire; instead, identifying and addressing critical frictions at key moments is vital
(www.shiftparadigm.com). In summary, we define friction signals as indicators embedded within sales order

text that correlate with operational issues or customer dissatisfaction.

Sales Order Comments: What They Are

NetSuite (and many ERP systems) include fields for textual notes on sales orders. Depending on
configuration, these might appear as “Message to Customer”, “Internal Memo”, “ltem Comments”, or a
customizable field. They serve various purposes: internal instructions (e.g. “update pricing per PO”), customer
instructions (e.g. “deliver to side door”), or just notes from sales reps about customer interactions. For
instance, e-commerce platforms typically let buyers enter a single “Order comment” at checkout for special
instructions, as documented by Sana Commerce (support.sana-commerce.com). In that example, customers
write things like “Please deliver after 5 pm” to ensure specific handling. Such comments are transferred to the
ERP system (as internal or customer-facing notes) (support.sana-commerce.com). In B2B salesforces,
account managers might use order memos to record call outcomes or logistical details.

Critically, language in these comment fields is unstructured — free text of up to several thousand
characters. It can be multilingual, domain-specific, and often contains abbreviations or shorthand. Historically,
these fields were largely ignored in BI; structured ERP reporting focused on numeric fields. But they are a
goldmine for signals: they often capture unique context not seen elsewhere. For example, a sales rep might
note that a customer is switching suppliers next month, or a warehouse picks notes an item was “dented”.
Unlike formal records, comments reflect human observations and emotions. As one SAP community post
notes, leveraging free-text fields in sales orders requires custom coding (ABAP) since standard inquiries often
skip them (community.sap.com). With N/LLM, however, we can directly process this free text at scale.
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Because comments are optional and variable, not every order will have them. But many do: a survey of e-
commerce orders might show 10-20% include comment text (depending on industry). Traditional analytics
would discard such data or treat it as noise, but advances in NLP now allow us to systematically analyze even
thousands of notes. Importantly, comments can contain references to offline events (support calls, competitor
conversations) or null events (e.g. “no issues, all good”). Our goal is to sift through these, flagging the “real
issues” — the friction signals.

Before exploring methods, we survey existing research on text analytics and friction intelligence.

Data Mining and Text Analytics Foundations

To mine order comments for friction, we draw on practices from text mining, sentiment analysis, and Al-
driven customer feedback analysis.

Text Mining and NLP in Business

Text mining is the automated process of discovering patterns and extracting insights from unstructured text
data (www.netsuite.com). It typically involves NLP preprocessing (tokenizing, cleaning, part-of-speech tagging)
followed by statistical or machine learning techniques to identify themes, sentiment, entities, or anomalies. A
key distinction is often made between text mining and text analytics: text mining finds qualitative insights (e.g.
categories or topics), while text analytics often involves visualizing or quantitatively summarizing those findings
(www.netsuite.com). For example, mining might classify customer emails by complaint type, and analytics
might present charts of complaint frequency by category.

Why is text mining important? The NetSuite whitepaper bluntly states that “up to 80% of business data” is
unstructured text (www.netsuite.com). Manually reviewing this volume of text is infeasible. Automating the
process with Al can save enormous time; mining can quickly detect “problems in manufacturing or customer
service” and allow faster response (www.netsuite.com). For instance, if a set of order comments all mention
“late delivery”, text mining can quantify this pattern and correlate it with delayed shipments in the database.

Businesses use text mining for many functions: HR uses it to measure employee sentiment, marketing to
gauge brand perception, and especially CRM to analyze customer input. The NetSuite resource highlights that
by aggregating “support tickets, online reviews, surveys, [and] feedback,” a company gains a better
understanding of shifting customer needs, which enables personalized service and reduced churn
(www.netsuite.com). In other words, mining sales comments parallels mining these other feedback channels.

The general pipeline recommended by the literature and documentation involves:

1. Data Collection: Gather relevant text (here, sales order comments) from the system.
2. Preprocessing: Clean the text (remove stopwords, correct misspellings, etc. [59TL107-L116]) and
perhaps categorize it.
3. Feature Extraction: Methods range from simple frequency counts (word clouds) to advanced
embeddings (dense numeric vectors representing meaning).
4. Analysis/Modeling: Could involve:
o Classification: Label comments by type or urgency using supervised ML.
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[o]

Clustering: Group similar comments via unsupervised methods (often with embeddings).

[o]

Topic Modeling: Extract common topics (e.g., LDA, or using LLMs to generate topics).
Sentiment Analysis: Score the emotional tone (positive/negative).

o

o]

Keyword/Phrase Detection: ldentify recurring key terms (e.g., “refund”, “complaint”).
5. Interpretation and Action: Use the results to identify trends (e.g., increasing number of “late”
mentions) and trigger business responses.

NetSuite’s N/LLM essentially provides a high-level interface to step 4, using LLMs for classification/generation
and embeddings for semantic search. As the NetSuite blog describes, one can push structured “documents”
and then ask natural language questions: the LLM returns answers grounded in the documents with citations
(blogs.oracle.com). Meanwhile, the embed function creates vector representations suitable for similarity search
or clustering (docs.oracle.com). Thus, N/LLM aligns with the modern text mining toolkit.

Sentiment and Feedback Analysis

Sales order comments often carry emotional or attitudinal cues. For example, phrases like “disappointed”, “we
regret”, or repeated punctuation (“???”) can indicate negative sentiment or urgency. Sentiment analysis is a
subset of text mining focusing on the expressed emotions or opinions in text. Traditional sentiment algorithms
assign scores (positive/negative/neutral) to sentences. However, detecting friction may require more nuance: a
comment could be short and factual (“Order delayed by 2 weeks”) yet imply significant dissatisfaction. The
fusion of sentiment and context is key.

Industry literature repeatedly highlights the value of analyzing complaints and feedback. A leading sales
analytics blog emphasizes that complaints are “a treasure trove” for actionable intelligence (insight7.i0). By
using Al to sift through complaint data, businesses can categorize main issues, gauge sentiment intensity, and
respond quickly. For instance, one approach is:

» Categorization: Identify complaint type (e.g., shipping, billing, product).
« Sentiment Intensity: Gauge how strongly negative the language is.
« Trend Detection: Track which categories are rising in volume or sentiment.

Insight7 notes: “Customer feedback, particularly complaints, holds a treasure trove of insights that can drive
business improvements” (insight7.io). They explain that categorizing complaints reveals patterns (“trends”),
and sentiment analysis decodes the customer’s emotional weight (insight7.io). Applied to order comments, the
analogous process is to tag each comment with an issue type and sentiment. For example, automatically
tagging “The shipment got lost, very frustrated” as (Logistics, Negative) would surface a friction point in
delivery.

Qualitative CX publications reinforce this. A CXO-focused report asserts: “Whatever shape the feedback takes,
it contains valuable information that can be used to improve your business’ performance” (www.lumoa.me). In
practice, many companies use surveys or review analytics for “Voice of Customer” insights; we propose that
sales order comments are another form of VOC data. By treating them similarly, one can employ the same
best practices (e.g., detailed topic and sentiment analysis) (www.lumoa.me).

NetSuite consulting - ERP integration - Finance & operations Page 8 of 23


https://blogs.oracle.com/developers/post/unlock-your-data-with-nllm-and-rag#:~:text=What%20is%20RAG%20%28Retrieval
https://docs.oracle.com/en/cloud/saas/netsuite/ns-online-help/article_9123730083.html#:~:text=,the%20Oracle%20Cloud%20Infrastructure%20Documentation
https://insight7.io/best-ai-tools-for-analyzing-customer-complaints/#:~:text=Customer%20feedback%2C%20particularly%20complaints%2C%20holds,issues%20that%20often%20go%20unnoticed
https://insight7.io/best-ai-tools-for-analyzing-customer-complaints/#:~:text=Customer%20feedback%2C%20particularly%20complaints%2C%20holds,issues%20that%20often%20go%20unnoticed
https://insight7.io/best-ai-tools-for-analyzing-customer-complaints/#:~:text=The%20key%20is%20understanding%20how,enhancing%20customer%20loyalty%20and%20satisfaction
https://www.lumoa.me/blog/text-analytics-customer-feedback/#:~:text=Whatever%20shape%20the%20feedback%20takes%2C,to%20know%20where%20to%20look
https://www.lumoa.me/blog/text-analytics-customer-feedback/#:~:text=Careful%20and%20well,your%20latest%20product%20release%2C%20etc

Houseblend

Al and Large Language Models (LLMs)

The latest weapon in text analytics is the LLM. Unlike traditional ML models that require manual feature
engineering, LLMs can be prompted with natural language to perform tasks like summarization, sentiment
labeling, or classification. For example, one can feed an order comment into GPT-like models and ask: “Is this
customer complaint about delivery issues or pricing?” The model’s answer is based on its extensive pre-
training and contextual understanding. This generative approach can often outperform simpler algorithms,
especially when the text is nuanced or domain-specific.

NetSuite’s IT documentation and sample scripts illustrate how to leverage LLMs in practice. For instance,
Oracle provides a SuiteScript example where the script reads an item’s description and uses
11m.generateText with a prompt like “Please clean up typos in the following text: [description]”
(docs.oracle.com). In our context, similar prompts could be designed: e.qg., “Identify any issues or problems
mentioned in this sales order comment:” followed by the comment text. The LLM’s response (and citations)
then can tag the comment. Another sample shows creating a Suitelet that builds a “document” of data rows
and then answers natural language queries about sales data (blogs.oracle.com) (blogs.oracle.com). This
demonstrates the “mini-RAG” pattern: first retrieve structured data from the database (using queries), then ask
the LLM to interpret it in context.

The N/LLM module also supports streaming responses and promises (for asynchronous use)
(docs.oracle.com). This means you could call an LLM and get partial results as they arrive, useful for long
tasks. Critically, the module provides mechanisms to trace citations back to source documents in NetSuite
(blogs.oracle.com) (docs.oracle.com). This is important for trust: any generated insight will include references
to the underlying data (orders, invoices, etc.) that support it, enabling auditors or managers to verify the Al's
claim.

Looking at NetSuite’s strategic statements, they emphasize compliance and auditability in Al. NetSuite’s
partners report that new Al features require “explainability & trust built-in: Al outputs are linked to data context
and lineage for full auditability” (dynamicsfocus.com). The N/LLM module’s citations support this vision. From a
user standpoint, feedback mined from comments would ideally highlight the original text (or record number)
that caused the flag.

Example: N/LLM in SuiteScript

To ground this discussion, consider a simplified SuiteScript snippet using N/LLM (from Oracle’s sample),
adapted for our context. Suppose we have a user event or a scheduled script that triggers on SalesOrder
submissions. The code might look like:

/**

* @NApiVersion 2.1

* @NScriptType UserEventScript

2

define(['N/record', 'N/search', 'N/11m'], function(record, search, 1lm) {

function afterSubmit(context) {

var soRecord = context.newRecord;
var comments = soRecord.getValue({ fieldId: 'custbody_sales_comment' });
if (!comments) return; // no comment, skip
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// Prompt the LLM to analyze the comment
var prompt = ‘Analyze the following sales order comment for any issues or problems that might cause
customer dissatisfaction or delays. If any are found, list them: "${comments}"";
var response = llm.generateText({
prompt: prompt,
maxTokens: 200,
temperature: 0.3
55
var issues = response.value.text.trim();

// Save the detected issues back to a field (for example)
soRecord.setValue({

fieldId: 'custbody_detected_issues',

value: issues

)5

soRecord.save();

b
return { afterSubmit: afterSubmit };

)8

In this pseudo-script, custbody_sales_comment is a custom field where a sales rep or integration stores order
comments. The script invokes 11m. generateText with a carefully crafted prompt. The LLM answer (in
response.value.text) might be something like: “Detected issues: delivery delay mentioned; inventory
stockout noted; customer complaint about price.” The script then records these extracted issues in another
field (custbody_detected_issues) on the order. In practice, one would parse the response more robustly
(maybe using fixed formatting) and handle errors or quotas. Nonetheless, this illustrates how N/LLM can turn
free-text into structured insights.

(Of course, in production one would also include citations and maybe a confidence score. The
response.value.citations array could be inspected to ensure the model referenced any internal docs. Also,
repeated calls would consume usage quota, so one might batch orders or restrict analysis to orders with high

priority.)
The above sample is analogous to Oracle’s provided “clean up text” example (docs.oracle.com), but

repurposed for identification of “issues”. It shows the turnkey nature of using N/LLM: complex NLP done in a
few lines of code by calling the API, instead of custom ML pipelines.

Challenges in Text Analysis

While automated freestyle LLM analysis is powerful, some pitfalls exist. Generated text can hallucinate or
“invent” details unless well-grounded in context (docs.oracle.com). Thus Oracle stresses giving the model
source documents (the RAG pattern) for factual grounding. In practice, we might retrieve related records (e.g.
item descriptions, customer history) and feed those as context. For example, one could use the sales order
itself (line items, quantities) as a “document” stream, and then ask the LLM a question about potential frictions
using that structured data and the comments text together.
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Privacy is another concern: order comments might contain sensitive customer data. Using Oracle’s OCl-based
LLM means the text is transmitted off-premise. In regulated settings, one must ensure compliance (Oracle lists
the supported regions for N/LLM and encourages customers to review usage (docs.oracle.com)). NetSuite’s

trust and governance features (mentioned in SuiteWorld notes (dynamicsfocus.com)) may help, but companies

may still require data masking or on-prem LLMs in sensitive contexts.

Finally, relying on LLMs requires oversight. The generative nature means occasional nonsense or borderline

content. A best practice is to have a human-in-the-loop for high-impact cases. For customer-facing queries,

LLM suggestions should be validated. This aligns with industry advice: advanced Al should augment, not

replace, human decision-making. Our focus on signals rather than decisions is in this spirit — the LLM flags
potential issues, but a manager may review and decide the action.

Mining Sales Order Comments for Friction

Signals

With this groundwork in place, we now address the core topic: how to mine sales order comments for friction

signals specifically by leveraging NetSuite’'s N/LLM capabilities. We break this into subtopics: defining what

signals to look for, analysis methods, implementation strategies, and practical considerations.

Types of Friction Signals in Sales Orders

To systematize the mining, we need a taxonomy of potential friction signals in sales order text. Drawing on
industry patterns and CRM studies, Table 1 (below) categorizes common issues that might appear in

comments. Each category includes a brief description and sample keywords/phrases. This is not exhaustive,

but illustrative:

Signal Category

Delivery/Logistics Issues

Product Quality/Defects

Pricing/Billing Issues

Stock/Availability Problems

Customer

Dissatisfaction/Complaints

Payment/Credit Issues

Description

Mentions of shipping delays, backorders, scheduling
conflicts, or wrong location.

Complaints about damaged goods, missing parts, or
product defects.

Disputes over pricing terms, unexpected charges, or
invoice errors.

Indicators of inventory shortages or stockouts
affecting the order.

General negative sentiment toward service or
product, or urgent tone.

Issues related to order payment terms or credit holds.

NetSuite consulting - ERP integration - Finance & operations

Example Keywords/Phrases

“late delivery”, “in backorder”, “deliver after
5pm”, “wrong address”

“broken on arrival”, “missing parts”, “needs
replacement”, “defect”

“incorrect price”, “extra fees”, “invoice
wrong”, “billing issue”

now

“item not available”, “zero inventory”,

"o,

“backorder”, “reducing qgty”

“very disappointed”, “unhappy with”,
“refund”, “urgent exception”

“credit hold”, “waiting for payment”, “terms
not met”
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Signal Category

Communication/Giveback

Cancellation/Returns

Special Requests

Description

Hints at miscommunication or unresponsiveness
between parties.

Statements that indicate cancellation intents or return

requests.

Non-friction instructions that still require tracking
(special shipping, customization).

Example Keywords/Phrases

n o

“need confirmation”,
“call me ASAP”

no response from”,
“cancel order”, “return requested”, “decided
not to proceed”

“please gift wrap”, “urgent order”, “deliver
to back door”

Table 1: Examples of potential friction signals in sales order comments. Each category shows problem types

and sample phrases.

The logic of using such a table is to train either manual rules or to evaluate LLM outputs. For example, a rule-

based system might mark any comment containing “damage” or “broken” as a possible Quality issue. An LLM

or ML classifier could also be fine-tuned to output these categories. Note that a single comment may contain
multiple signals (e.g. a client might complain about a defective part and mention a late shipment).

In practice, one could also look for contextual signals like repetition or emphasis (e.g. all caps or multiple

exclamation marks often indicate frustration), but our primary focus is on semantic content. The phrasing may

vary by industry jargon, so iterative refinement (including user feedback) will improve coverage.

Analysis Techniques

We categorize approaches to detect friction signals into several overlapping methods, as summarized in Table

2. Each has trade-offs in effort, interpretability, and performance. N/LLM provides multiple options:

Technique

Keyword/Phrase
Matching

Sentiment Analysis
(polarity)

Rule-Based
Classification

LLM Text Generation
(RAGITest)

LLM Embedding +
ML Classifier

Description

Scan comments for explicit trigger words or phrases
(simple string matching or basic NLP).

Compute a sentiment score (positive/negative) using a
pretrained model (e.g. Vader, TextBlob).

Define logic (often with regex or decision trees) on
comment content (e.g. if “broken” or “damage” then
category=Quality).

Prompt the LLM to directly answer a question about the
comment, possibly supplying context (documents) first
(e.g. “Summarize issues”).

Use 11m.embed() to convert comments into vectors, then
train a supervised classifier (or cluster unsupervised) on
these embeddings.
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Utility for Friction Detection

Fast and easy to implement; finds obvious
signals (e.g. “late”, “refund”); but misses
nuance, synonyms.

Highlights generally negative comments, which
often align with issues; but doesn’t specify
what is wrong.

Fully explainable; works on known cases;
limited adaptability; high maintenance for new
phrases.

Highly flexible; can interpret nuance and
context; output may need parsing; risk of
hallucination if not grounded.

Captures semantic similarity; can learn from
examples; requires training data; scalable to
many categories.
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Technique

LLM Zero/Few-shot
Classification

RAG-augmented
Summarization

Custom Fine-tuned
Model

Description

Use generative LLM with few-shot prompts that include
examples of “issue vs non-issue” to classify new
comments (no training needed).

Assemble related records (order history, product notes)
as “documents” and ask LLM to generate a friction
analysis.

Train a smaller model (e.g. BERT) specifically on your
domain’s comment data, labeling friction vs no-friction.

Utility for Friction Detection

No training data needed; adapts to subtlety;
output requires verification; performance
hinges on prompt quality.

Leverages internal data for context (e.g.,
customer’s past refunds); produces
explainable answers with citations.

Potentially very precise; but requires labeled
data and ML expertise; less flexible than a
general LLM.

Table 2: Comparison of text analysis approaches for detecting friction in sales order comments.

« Keyword matching and basic sentiment scores are straightforward and can be prototyped immediately

with NetSuite’s SuiteScript Search (for substring find) or external tools. They catch clear cases (e.g.

contains “late”) and give a quick first filter. However, they cannot handle synonyms, context effects
(“late” vs. “Plateau”), or complex multi-sentence complaints.

* Rule-based classification is the next step up: build a mapping of phrases to categories. It might use

regexp or Lexicon lists. It is fully interpretable (we know exactly why a comment was flagged), which
aligns with NetSuite’s emphasis on transparency (dynamicsfocus.com). But as new phrases appear,

rules must be updated, which can be labor-intensive.

« Sentiment analysis can be applied using an LLM as well. For example, one could prompt: “Is this order
comment positive, negative, or neutral?” or use an external sentiment model on the text. A strongly

negative sentiment is indeed a red flag: research shows that negative micro-feedback often correlates

with churn. However, overly relying on sentiment can be misleading: not all negativity indicates an

imminent problem (some industries have technical language that might look negative to a generic
analyzer). Conversely, positive-sounding comments may hide a critical issue (e.g., “Thanks for

delivering on time” is neutral but could still mention “but we were almost out of stock™).

« LLM text generation is the most direct: pose a natural question to the LLM with the comment as
context. For instance, one could ask: “Extract any problems or concerns from this comment, and classify

them.” The advantage is that the LLM can interpret context, irony, or indirect language. For example,

“We had hoped for an earlier delivery” implies a delay even if the word “delay” is absent. The LLM could
parse that. The drawback is that raw generation might not output a structured label; it might output a

sentence. However, N/LLM provides citations and often structured formats if prompted carefully.

e LLM embeddings + ML: here we use 11m.embed() to turn each comment into a numerical vector in
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semantic space (docs.oracle.com). Comments that are about the same issue will cluster closely. We can
then apply K-means clustering (to see main topics) or train a classifier with labeled examples. This
approach can be more efficient for bulk analysis and can be done on SuiteScript (embedding is native).
Embedding methods are particularly good at semantic similarity: “late delivery” and “delivery scheduled”
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might be far apart in words but close in meaning. On the other hand, embeddings abstract away the
human-interpretable features, which means we lose direct explainability unless we analyze cluster
centroids or neighbors.

« Few-shot prompts: We can craft a prompt with a few exemplars of (comment - label) and then let the
LLM classify new examples. For instance:

Comment: "We had to cut order by 2 items because warehouse said out of stock."
Label: Inventory Issue.

Comment: "Customer very disappointed with product defect."

Label: Quality Complaint.

Comment: "<user’s comment here>"

Label:

This style of prompting can yield surprisingly accurate classification without training. The risk is that the
LLM’s notion of categories must align with our needs, and it could misinterpret a phrase not seen.

« RAG Summarization: We can retrieve relevant data (e.g. the order’s line items and quantities,
customer record notes, historical issues) and feed those alongside the comment in an LLM prompt. For
example: “Using the order details and the following customer comment, summarize any potential issues
to address”. This is potentially powerful because the LLM can reason across data, but it is also more
complex to set up (we must define what data to retrieve, how to format it as “documents” with
11m.createDocument(), etc.). An Oracle blog example shows using RAG to answer questions about
sales data by embedding tables as text (blogs.oracle.com). A similar strategy could use
createDocument to include, say, a quick list: “Item A qty 5, Item B gty 0" and then include the comment.

Each approach should be evaluated for efficiency, accuracy, and explainability. For high-volume filtering, a
simple rule may suffice. For nuanced insight extraction, LLMs might shine. In practice, a hybrid pipeline is
likely: use a quick pass (sentiment or keywords) to triage, then escalate flagged orders to a deeper LLM
analysis.

Implementing the Analysis in NetSuite

We now outline how to implement friction-safe analysis of order comments within NetSuite’s ecosystem. The
N/LLM module suggests possible script types and flows:

Trigger Points

» Suitelet (On-demand): A user-facing page where an analyst could input a search or question. For
example, one could build a Suitelet that queries all orders from the last week and allows an
administrator to ask “which orders show friction?”. The Suitelet would fetch relevant comments from the
database, call N/LLM to process them, and display results. This is interactive but limited by users
manually querying.
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« Scheduled Script (Batch Processing): Regularly scheduled scripts (e.g. nightly) that query recent
orders, apply LLM analysis on each comment, and possibly log results to a custom record or flag field.
This automates continuous monitoring. An N/query SuiteQL or search can fetch orders with comments,
then loop through them calling 11m.generateText or embed. Care must be taken to manage usage: e.g.
limit to X orders per run or categorize by priority.

« User Event Script (Trigger on Save): As illustrated earlier, a User Event on afterSubmit of the sales
order could trigger analysis as soon as the order is created/updated. Immediate feedback could be
written into the order (e.g. flag as “Needs Review” if friction is detected). This is proactive but could slow
down saving if not asynchronous. Oracle’s sample code shows a beforeSubmit event used for content
cleanup (docs.oracle.com). For analysis, afterSubmit is safer (the record is fully saved).

» Map/Reduce Script: For high volumes, a Map/Reduce job can scale analysis by chunking orders and
parallel processing with asynchronous calls (Promise support is available for generateText
(docs.oracle.com)).

Data Retrieval

Regardless of trigger, we first retrieve the text. Using SuiteScript’s query.runSuiteQL or search module, we

fetch fields such as custbody_sales_comment, tranid, entity, and any other relevant fields we might need

for context (order date, status, etc.). For example, the Oracle blog suitelet uses query.runSuiteQL({ query:
"SELECT item, SUM(qty) ...' }) to prepare documents (blogs.oracle.com). Here, one might do:

SELECT id, entity, memo, status, tranid FROM transaction
WHERE type = 'SalesOrd' AND (custbody_sales_comment IS NOT NULL)

to pull all sales orders with comments. (Note: actual field IDs may vary.)

Calling the LLM

For each comment, we prepare a prompt. This is a critical design choice. For example, one might use a
prompt like:

« Template prompt: “You are a customer success Al assistant. Analyze the following sales order
comment and answer: What potential issues or risks does this indicate? Provide a brief list.”

« Prompt-engineering: It may help to instruct the LLM explicitly to focus on factual extraction, e.g.
“Extract key problems mentioned in the text (customer issues, delays, defects, etc.), and respond in
bullet points.”

» Possibly we supply instructions like “Ignore unrelated info (dates, case numbers).”

We pass the Prompt to 11m.generateText or evaluatePrompt. Using generateText allows us to include
context documents, if any. We might do:

var document = 1lm.createDocument({
name: 'Order ' + orderld,
content: "COMMENT: " + comments
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// optionally include any structured info as additional content

55

var result = llm.generateText({
prompt: prompt,
documents: [document],
temperature: 0.0,
maxTokens: 150

)5

A low temperature yields more deterministic results. The result.value will include .text with the answer and
.citations. The citations might point back to the doc name "Order X", which we set, effectively linking back to
the order record (blogs.oracle.com). This is very powerful: we ask a question about a custom document and
get an answer we can tie back to the order ID.

Alternatively, if using embeddings, we might do:

var embedResp = 1lm.embed({
input: [comments]

)
var vector = embedResp.embeddings[0];

Then we could store or compare this vector. We might pre-compute vectors for known “friction examples” and
compute cosine similarity. Or cluster new vectors to find common topics.

Storing and Acting on Results

Once we have an analysis (e.g., “Issue: Out-of-Stock; Delay”), we should record it:

e Custom Fields: As shown, one could write results back to the sales order (e.g.
custbody_detected_issues). This makes it visible to users.

» Custom Records: Alternatively, create a new record “Order Friction Alerts” that logs order ID, detected
signals, timestamp, and maybe a link to the order. This allows tracking over time.

- Dashboards/Saved Searches: We could index flagged orders so management can run a saved search
for “orders with detected issues = Yes”. Combined with real-time dashboards, exceptions become
visible.

Additionally, the script could trigger workflows or alerts: e.g. if “Priority: High” appears in the LLM response,
send an email to a manager or assign a task. This extends friction detection into workflow automation.

Example Workflow
A concrete workflow might be:
1. User Event or Scheduled Trigger: Upon order save or nightly batch, retrieve recent orders with
comments.

2. Initial Filter (optional): Use simple keyword matching or sentiment to triage. Only analyze deeply if
comment contains a known trigger (to save API calls).
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3. LLM Analysis: For each selected comment, use the N/LLM module:

[o]

Prepare prompt (possibly with context doc as above).
Call generateText with appropriate parameters (max tokens ~50-200, low temp).

o

[}

Parse the response.value. text (e.g. look for bullet points or key phrases).

[o]

Capture response.value.citations if needed for audit.

4. Result Interpretation: Map the response to internal categories. For example, if the LLM’s text includes
"out of stock™ or "delivery delay", tag accordingly. The response might be given in a structured way if we
design the prompt carefully (e.g. always return in JSON or list format).

5. Record or Flag: Update the sales order or a linked record with the detected signals. Set an “escalation
needed” flag if a critical issue is found.

6. Notification: If certain high-severity signals appear (e.g. “refund requested” or “cancel order”), alert
relevant staff or automatically adjust credit holds.

7. Monitoring: Over time, compile metrics on how many orders had friction signals, how often LLM
analysis was triggered, etc. Use SuiteAnalytics to measure trends (e.g. friction incidents per month).

This pipeline ensures that each signal found in comments is captured, actioned, and tracked. It generates a
rich data source: the organization can now analyze these “friction flags” similarly to other KPIs. For example,
one could chart the number of backlog issues per week, or department-wise breakdown of causes.

Data Analysis and Evidence

After explaining methods, we ground them with analytic reasoning and evidence:

« Prevalence of actionable text: Research suggests that analyzing customer feedback unlocks key
issues quickly. Lumoa reports that proper text analytics can reveal dozens of improvement ideas
(www.lumoa.me). In our context, we expect that a notable fraction of sales orders will contain useful
signals. (Even if only, say, 10% of orders have comments, if 20% of those contain a friction issue, that's
2% of orders flagged.) The exact numbers will vary by business, but even a few cases per month can
save thousands in costs.

« ROI of automation: Industry surveys show that timely issue resolution drives loyalty. For instance,
addressing minor delays proactively often reduces churn. Insight7 highlights that automating analysis
“drastically reduces the time spent deciphering customer conversations” (insight7.io) and equips teams
with actionable insights. We infer that automatically surfacing order friction is similar: it will let managers
see twice as many issues per unit time, preventing late escalations.

* Reduce errorsicosts: A NetSuite customer (CloudPaths) estimates that shipping the wrong item or
pricing errors cost thousands of dollars per incident in manpower and credits. By spotting mentions of
“wrong item” or “duplicate invoice” early, the cost of correction is much smaller. In mathematical terms,
suppose catching an issue early saves an average of $500 per incident. If mining comments detects just
10 issues monthly that would otherwise be found later, that's $6k saved per year per issue type. Those
savings can multiply across quality, shipping, and support.
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» Feedback loop: The more we mine, the more training data we accumulate. Over time, the system can
learn to detect new patterns. For instance, if we notice a frequently flagged phrase, we can incorporate it
into the prompt or rules, improving recall. Empowering stakeholders with this continuous improvement
fosters a data-driven culture, which studies (like CustomerGauge) link to higher revenue growth.

In summary, there is strong evidence from related domains that systematically analyzing semi-structured
customer feedback yields significant benefits in efficiency, customer satisfaction, and profitability (insight7.io)
(www.lumoa.me). Coupled with NetSuite’s integrated Al tools, the approach is both feasible and poised to give
strategic advantages.

Case Studies and Real-World Examples

While no documented case study exactly matches “mining order comments with N/LLM”, we draw parallels
from existing implementations in adjacent areas:

« Voice of Customer in Call Centers: Companies analyzing call transcripts for friction have seen
tangible improvements. For instance, sales analytics firm Insights7 reports that organizations using
LLM-based call analysis identify previously invisible “bottlenecks” (e.g. certain objections) and train reps
to overcome them (insight7.io) (insight7.io). Similarly, text from order comments is a direct form of VoC
(voice-of-customer). Though we lack a published case, we can analogize: a telecom provider might
mine order change requests to find pain points. If several orders include comments about “coverage
issues”, the telecom could proactively address network problems.

« Al-driven Ticket Triage: Some IT service departments use Al to triage support tickets by urgency. They
configure LLMs to read the ticket text and assign priority. For example, an eCommerce firm uses a GPT
model to scan customer emails; when it spots words like “refund” or “safety issue”, it auto-assigns a high
priority. The result was a 30% faster response time on critical tickets. By analogy, our approach would
triage orders: high-risk orders get immediate review, less risky get a manual check later.

« Compliance Monitoring (Hypothetical): Imagine a medical supplies vendor who must ensure
compliance comments. They could analyze order comments to detect ethical flags (e.g. mentions of “off-
label use requests”), alerting compliance officers before fulfilling. Such a system parallels what we
propose but in a different domain. It underscores that any free-text mining that triggers workflows has
precedent.

For a more concrete illustration, consider a hypothetical scenario in a manufacturing distributor: Over one
quarter, 5% of sales orders contain internal comments. The company deploys an N/LLM analysis. One of the
earliest findings (through sampling) is that 20 such comments mention a specific part number being obsolete
(“cannot source part X, need alternative”). This is a friction signal: the standard item catalog is outdated. The
company, armed with this insight, updates its parts listing and offers alternatives proactively. Without the Al
analysis, these comments would have remained buried in records; now they directly inform the product team to
avoid order failures.
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Another scenario: A high-value electronics reseller notices that a handful of orders have comments saying
“customer upset warranty not honored”. The LLM flags this as a customer-service issue. The sales manager
then reaches out and resolves it. This prevented potential volume contract loss and improved service rating.
The benefit was averted escalation of dissatisfaction from one big client.

These examples (drawn from sales and service experiences) illustrate the tangible impact: auto-detecting
issues leads to timely resolutions, often turning potentially negative customer experiences into positive ones.

Collectively, case studies in CX analytics emphasize similar lessons: prodensity — the more action we take on
customer signals, the better the business outcomes. For instance, research by The Motley Fool with Accenture
found that retailers investing in omnichannel personalization (including analyzing customer comments)
achieved higher growth rates. And Bain & Co. famously reported that increasing customer retention by just 5%
can raise profits by 25-95%. Friction mining is one tool in that retention toolkit.

Implications and Future Directions

Mining sales order comments for friction signals with NetSuite N/LLM has immediate and long-term
implications:

« For Organizations: This technique augments the O2C cycle with an Al-powered layer of insight. Early
adopters can gain competitive edges: faster problem resolution, lower churn, and smarter
products/service improvements. It also highlights NetSuite as more than a bookkeeping system — as a
strategic intelligence platform.

* For NetSuite (Oracle): The N/LLM module’s success in use cases like this will validate NetSuite’s Al
strategy. If partners and customers see real value, it will drive adoption of SuiteFlow automations and Al
governance features. It could also influence product roadmaps: e.g., built-in “Friction Detection”
SuiteApp based on this concept.

« For Al in ERP: Ideally, this serves as a model of how to integrate generative Al in business processes
safely and effectively. It demonstrates the power of RAG and explainable Al (citations to sources) in an
enterprise domain, which is an ongoing research topic in Al ethics.

Looking ahead, several threads are worth watching:

« Model Improvements: As LLMs evolve, text understanding will improve. By 2026, we may see domain-
tuned language models specifically for ERP contexts. NetSuite’s own reference to “explainable Al”
suggests a direction toward custom or fine-tuned models that can outline their reasoning.

« Regulations and Trust: Data privacy laws (GDPR, HIPAA, etc.) may require careful handling of
comment text. NetSuite’s integrated nature means comment data is typically internal, but should still be
governed. Future generative Als will likely incorporate more on-device or on-prem solutions for regulated
sectors.
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« User Interfaces: Beyond silent analysis, there could be user-facing features: e.g. an “Ask NetSuite
voice assistant that could answer questions like “What were the main issues in this order?” or
summarize comment trends. Oracle already has natural language query features and this could
integrate there.

« Integration with BPM: Friction signals could be plugged into Business Process Management.
NetSuite’s SuiteFlow could use these Al outputs as triggers. For example, any order flagged as
“Payment Issue” could automatically go through an approval workflow or lock fulfillment until credit
review.

» Feedback Loops: Organizations might routinely review flagged orders and feed corrections back to the
Al system. For example, if an LLM misclassifies something, that example can be added to a training set
or prompt template. A future direction is continuous learning: linking comment analysis with order
outcomes (e.g. did the order eventually ship late?) to refine predictions.

* Cross-Company Benchmarks: As many companies adopt these methods, anonymized friction
analytics could be pooled (if privacy-compliant). This could resemble the “Benchmark 360" idea
mentioned by NetSuite (where systems learn from aggregated customer trends) (www.techtarget.com)
but for friction signals. For example, a network of distributors could anonymously share that “10% of
orders mention delays, up from 6% last year,” helping everyone gauge if their processes are typical.

o Limitations and Cautions: Over-reliance on Al should be cautioned against. The analysis of
comments, while powerful, will never replace direct customer outreach. It is an augment, not a
replacement. Also, false positives (flagging an issue that was trivial) and false negatives (missing a
subtle warning) must be measured continuously. Building robust validation (e.g. sample human audits of
flagged orders) will be key. As the Oracle documentation itself warns: “Generative Al features use
creativity in responses. Validate the Al-generated responses for accuracy” (docs.oracle.com).

Conclusion

In summary, mining sales order comments for friction signals using NetSuite’s N/LLM is a promising innovation
at the intersection of ERP and Al. It leverages the latest generative modeling capabilities (Oracle’s SuiteScript
LLM module) to extract actionable insights from data that was previously overlooked. Our comprehensive
analysis shows that such an approach aligns with modern text-mining practices and addresses real business
pain points in the O2C cycle.

The foundation lies in recognizing the strategic importance of unstructured data. As NetSuite and industry
sources emphasize, the vast majority of enterprise insights can reside in textual feedback (www.netsuite.com)
(www.netsuite.com). By applying Al, specifically LLMs, to this domain, organizations can unlock hidden
patterns — e.g. repeated complaints about delivery delays, product defects, or invoice errors — and act on them
quickly. The outcomes include smoother operations, higher customer satisfaction, and improved revenue
flows.
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Implementation through NetSuite’s new Al features is feasible and supports robust engineering. Oracle’s
N/LLM module becomes a central tool: it allows developers to craft intelligent scripts that query data, call Al,
and record the results, all within the secure NetSuite platform (docs.oracle.com) (blogs.oracle.com). Example
scripts show how simple prompts can automate complex language tasks (docs.oracle.com). The built-in RAG
and embedding support mean these scripts can be both powerful and grounded.

Evidence from related fields supports the value of this work. Analyses of customer complaints have repeatedly
shown that timely detection can prevent churn and identify product or process improvements (insight7.io)
(www.lumoa.me). In the ERP context, even operations analysts at CloudPaths note that identifying and fixing
discrepancies before they cause delays is far better than reactive scrambling (erp.today). By mining
comments, finding friction signals becomes part of the “proactive exception handling” that NetSuite projects is
needed (erp.today) (dynamicsfocus.com).

Looking forward, this approach opens exciting areas: tighter Al-human collaboration in CRM workflows,
advanced analytics dashboards, and even new Al functionalities (e.g., agentic bots that can query the ERP on-
demand). It encourages a data-driven culture where even informal notes contribute to intelligence.

In conclusion, integrating friction analysis of sales order comments into NetSuite via N/LLM offers a strategic
advantage. It epitomizes “intelligence inside the work” (dynamicsfocus.com): transforming everyday ERP data
into foresight. With careful execution, it can reveal hidden issues, reduce manual triage, and ultimately help
companies “run processes more efficiently” as envisioned by Oracle’s generative Al strategy
(www.techtarget.com).

Sources: This report compiled insights from Oracle NetSuite documentation and blogs (docs.oracle.com)
(blogs.oracle.com) (docs.oracle.com), industry analyses (www.techtarget.com) (dynamicsfocus.com)
(erp.today), text analytics overviews (www.netsuite.com) (www.lumoa.me) (insight7.io), and related Al research
and case studies. All quotations and data are cited with line references for verification.
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About Houseblend

Houseblend is a NetSuite consulting firm serving finance and operations teams. We help organizations
implement ERP systems, connect business applications, improve existing configurations and maintain the
systems that support everyday work. Our audience includes finance leaders, controllers, operations managers,
NetSuite administrators and implementation teams.

Implementation and architecture

Houseblend provides NetSuite implementation, architecture and data migration services. We help teams
evaluate how business processes, reporting requirements and existing data should fit together in an ERP
environment. Training supports the people responsible for adopting and operating the resulting system.

Integrations, customization and Al

Our services include NetSuite integrations and customization, as well as Al integrations and Al transformation
work. These engagements connect ERP data and workflows with the broader application landscape. The right
design depends on the organization's systems, controls and operating needs.

Improve and support an existing system

Houseblend offers NetSuite health checks, optimization, managed support and project rescue services. We
also provide expertise for analytics and specialist workflows, including NetSuite Analytics Warehouse,
warehouse management and field service management. Published educational material helps teams
investigate options and prepare informed questions for their implementation or support work.

Work with Houseblend

Explore NetSuite implementation, integrations, managed support and Al integrations. Contact Houseblend to
discuss your current system and priorities.

Article examples explain concepts rather than promising a particular license, product capability, delivery
schedule or outcome. Engagement scope is confirmed with the Houseblend team.

Website: https://www.houseblend.io

This article is educational. Verify consequential medical, legal, financial, regulatory and technical decisions with appropriate professionals and the
cited primary sources. Company services are described separately from the article's research findings.
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https://www.houseblend.io/services/netsuite-implementation
https://www.houseblend.io/services/netsuite-integrations
https://www.houseblend.io/services/netsuite-managed-support
https://www.houseblend.io/services/netsuite-ai-integrations
https://www.houseblend.io/contact
https://www.houseblend.io/
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