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1. Introduction to Natural Language Processing (NLP) in Manufacturing

Natural Language Processing (NLP) is a branch of artificial intelligence that focuses on
enabling machines to understand, interpret, and respond to human language in a valuable
manner. Its applications in the manufacturing industry have been pivotal in enhancing
workflow efficiency and communication processes. NLP enables machines to process and
analyze large volumes of unstructured data, such as customer feedback, product
specifications, and maintenance reports, leading to improved decision-making and

streamlined operations [1].

Moreover, recent advancements in deep learning methods have significantly contributed to
the automation of semantic analysis, further enhancing the capabilities of NLP in
understanding and processing human language. As a result, NLP has become an
indispensable tool in American tech product manufacturing, offering opportunities to

optimize various processes and improve overall efficiency.
1.1. Definition and Scope of NLP

Natural Language Processing (NLP) is a subfield of artificial intelligence that focuses on the
interaction between computers and humans through natural language. It strives to enable
machines to read, understand, and derive meaning from human languages. The importance
of NLP lies in its ability to process and analyze vast amounts of natural language data, thereby

unlocking valuable insights and enhancing human-computer interactions.

NLP is an interdisciplinary field that involves concepts and theories from linguistics,
computer science, and artificial intelligence. It combines computational techniques with
linguistic knowledge to develop algorithms and models that can process and analyze
language data. Furthermore, it encompasses a wide range of tasks, including text analysis,

sentiment analysis, machine translation, speech recognition, question answering, and
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chatbots. These applications have significant implications for industries such as healthcare,

finance, education, and manufacturing.

This essay focuses on the impact of NLP on workflow efficiency in American tech product
manufacturing. Manufacturing refers to the conversion of raw materials into finished
products, and it involves several stages, including design, production, testing, and delivery.
It relies heavily on written and spoken language data, such as specifications, reports, emails,
and calls. Such data is often unstructured, redundant, or noisy, making it difficult to extract
useful information. NLP techniques can help tackle these challenges by analyzing and

interpreting language data in a meaningful way.
1.2. Relevance of NLP in Manufacturing

Natural Language Processing (NLP) has emerged as a critical technology with substantial
relevance to the American tech product manufacturing sector. NLP facilitates linguistic-based
human-computer communication, thereby addressing the communication and process
optimization needs within manufacturing. Recent advancements in computational power and
access to extensive linguistic data have significantly enhanced the capabilities of NLP,
particularly through the application of data-driven approaches and deep learning methods
[1]. These developments have enabled the automation of semantic analysis, leading to
improved workflow efficiency and streamlined operations within the manufacturing

industry.
2. Workflow Efficiency in American Tech Product Manufacturing

Within any manufacturing context, "workflow" is the sequence of processes and tasks
required to complete one or more products, while "efficiency" refers to how effectively these
processes and tasks utilize resources. Because deviation, detraction, or stoppage —however
minor or insignificant — within a process or task can impede the progress of a product through
its entire workflow, the efficiency of that entire workflow may be diminished. For American
tech product manufacturing, efficiency is unfavorable because challenges reshape how
structures, processes, and tasks are employed. The result accumulates deviation, detraction,

and stoppage across workflows and workflows become fragmented.

Inefficiency in workflow impacts the productivity of a manufacturing entity. Each workflow

is composed of separate but interlinked processes and tasks. Each task is conducted differently
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and responds to varied elements of each process. Given hereafter, the deviation, detraction,
and stoppage within one workflow may not behave similarly within other workflows. To
conduct such an analysis, a strategy must be employed for comparing everything within the
data processing structure of a workflow. Additionally, what is detrimental and favorable for
workflow efficiency will elude analysis. To eliminate such confusion, it is critical to construct
a model that defines, in detail, how the structures, processes, and tasks of a manufacturing

context are employed.

For contemporary American tech product manufacturing, there exist understanding all
manufacturing entities within an economic or social context. The relevance and currency of
labor, equipment, and technology implemented in contemporaneously prevailing products,
structures, processes, and tasks must be recalled. The techno-capital forces acting upon these
entities shape not only what they produce but also how they produce it. Entities respond
differently to reshaping, and differences in relevant or so-called knowledge underlie
discrepancies in the employment of labor, equipment, and technology. In turn, these
differences reshape how the same knowledge is interpreted or converted into productivity.
For this reason, the modeling of one unfamiliar manufacturing entity in its totality becomes a

precondition of any endeavor vis-a-vis process examination, structural comparison, etc.
2.1. Challenges in Workflow Efficiency

To succinctly express 'workflow efficiency,' it can be described as the maximum use of the
inputs to an operation. Labor, materials, and machinery are considered inputs to manufacture
tech products. Anything other than these maximum inputs, such as wasted labor hours,

materials, or machinery failures, can be considered as challenges to workflow efficiency.

In the case of American tech product manufacturing, some representative companies and
items will be presented in the first subsection of this essay. Immediately following that, the
common challenges to workflow efficiency among those companies will be thoroughly

discussed in the following subsections.
2.1.1. Representative Companies

Tech products manufactured in the United States range from personal computers to robot
vacuums, cell phones, tablets, printers, and even monitors. Company A, represented by HP

Inc., manufactures printers in Boise, Idaho. Company B, represented by Apple, Inc., designs
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and sells computers but manufactures the printed circuit board assembly and final assembly
of both product categories in Cupertino, California. Company C, represented by

Roomba/iRobot Corp., manufactures robot vacuums in Bedford, Massachusetts.

2.1.2. Challenges to Labor Efficiency Tech product manufacturing typically involves
partnered operations. Contractual relationships are usually formed with partner companies
for pennies for years, with a clause on holding the pricing constant. Newly designed products
are provided to partners for manufacturing, which requires both involved companies to
develop production-specific testimony by investing substantial time and resources. Tech
product development involves engineering design, prototype development, reliability
assurance, production planning, and manufacturing, and after a product is introduced and
sold, this cycle replays for the next product. Consequently, partners are typically changed
every few years, which makes designer employees' switching companies to maintain business
relationships likely. This results in a lack of business continuity and a breach of confidentiality,

including Intellectual Property leakage.

For American companies, this labor efficiency challenge compounds further because of
operations starting from only veteran employees. For mass-manufactured tech products, a
small workforce peak, typically thousands of employees, is required to manufacture many
products for a relatively long time frame, usually years. Since it is difficult for American
companies to foster such production capabilities in-house, cheaper wages persuaded its
migration out of America. Domestic workforce forces employees to go through several years
of education, resulting in associate professionals and upper-skilled workers. Because of all
these matters, there is a trend of "overuse of (veteran) employees in their 40s and 50s while
their more productive decades were in their 30s and 40s," which has resulted in outpacing

compensation, over-skilling, higher pay-off risks, and instability of recruitment.
3. Methods of Applying NLP in Manufacturing

[Natural Language Processing (NLP) offers several methods for application in manufacturing
processes. Text mining and information extraction are key techniques that can be employed
to analyze unstructured data such as maintenance logs, customer feedback, and product
specifications. By utilizing text mining, manufacturers can extract valuable insights from large
volumes of textual data, enabling them to identify patterns, trends, and anomalies that can

inform decision-making and process optimization [2].
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Another method, sentiment analysis, holds potential for gauging customer sentiment from
product reviews, social media interactions, and other textual sources. This can be particularly
beneficial for manufacturers seeking to understand customer perceptions and preferences,
thereby informing product development and marketing strategies. By leveraging these
methods, manufacturers can harness the power of NLP to enhance workflow efficiency and

drive continuous improvement in their operations.]
3.1. Text Mining and Information Extraction

[3]. These techniques enable the extraction of valuable insights and knowledge from
unstructured data sources, contributing to workflow optimization. In practical applications,
text manipulation follows standard pipelines to address the initial business issues that drive
the use of NLP. This high-level overview of techniques provides a foundation for
implementing NLP for text mining and information extraction within manufacturing

processes.

Furthermore, industrial projects, such as those in the healthcare sector, have successfully
employed text mining and NLP to develop intelligent systems for automated analysis of large-
scale text data [4]. These projects often rely on rule-based methods and domain lexicons,
favoring interpretability and maintainability over supervised models. The utilization of such
techniques in the healthcare domain reflects the broader applicability of NLP in industrial

settings, showcasing the potential for workflow optimization and insightful data extraction.
3.2. Sentiment Analysis

Sentiment analysis, a key application of natural language processing (NLP), plays a crucial
role in the manufacturing sector, particularly in American tech product manufacturing. By
leveraging sentiment analysis, organizations can gain valuable insights into textual
sentiments, enabling them to make informed decisions and enhance operational processes.
This approach is instrumental in understanding customer satisfaction, as it allows businesses
to extract insights from public opinions about products and services. Additionally, sentiment
analysis techniques encompass various aspects such as sentiment classification, sentiment
lexicons, and document-level, sentence-level, and aspect-based sentiment analysis, as
highlighted in the study by [5]. Furthermore, the study by [6] demonstrates the effectiveness

of sentiment analysis through NLP and machine learning techniques in achieving 77%
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accuracy using Support Vector Machine and Logistic Regression with the Bag-of-Words

technique.
4. Case Studies in American Tech Product Manufacturing

Case studies in American tech product manufacturing showcase the diverse applications of
natural language processing (NLP) in addressing industry-specific challenges and
opportunities. For example, a case study by Company X demonstrates how NLP algorithms
have been implemented to streamline the analysis of customer feedback data, enabling the
identification of emerging trends and customer sentiment in real time. This has significantly
improved the company's ability to respond to market demands and enhance product

development processes [7].

Another case study by Company Y illustrates the use of NLP for automating quality control
processes in manufacturing. By leveraging NLP-powered algorithms, the company has been
able to efficiently process and analyze vast amounts of textual data from quality reports,
identifying patterns and anomalies that would have been challenging to detect using
traditional methods alone. As a result, the company has achieved notable improvements in
production efficiency and product quality. These case studies exemplify the tangible impact

of NLP on workflow efficiency and innovation within American tech product manufacturing.
4.1. Company A: Implementing NLP for Quality Control

Company A, a leading American tech product manufacturer, faced numerous challenges in
maintaining quality control across its diverse and intricate products. With an enormous pool
of quality inspection reports generated every month, analyzing and interpreting this data
manually proved to be inefficient and prone to inaccuracies. To streamline and enhance the
analysis of these quality inspection reports, Company A decided to leverage Natural
Language Processing (NLP) technologies and partnered with a prominent consulting

company.

The NLP tools developed by the consulting company enabled the automatic categorization of
quality inspection reports into predefined categories. Additionally, the contextual analysis of
these quality inspection reports identified whether each quality inspection report was positive

or negative in sentiment. The results were promising: nearly 95% of the quality inspection
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reports were categorized into predefined categories with fairly good accuracy, and contextual

analysis detected positivity or negativity in over 83% of the quality inspection reports.
y P y g y q Yy 1nsp P

By harnessing the power of NLP technologies, Company A successfully reduced its analysts'
effort in quality inspection report interpretation by over 80%. As a significant outcome of this
case study, the NLP tools were expanded and made available to all divisions of the company
globally. Three months after the deployment of NLP tools for quality control, reports with
positive sentiment on quality inspection began to rise sharply, paving the way for better

process controls and improvements.
4.2. Company B: Leveraging NLP for Supply Chain Optimization

While Company A, detailed in the prior section, encounters challenges in quality control,
Company B focuses on automating and enhancing supply chain processes. The supply chain
of Company B includes sourcing Component W from Supplier Y, sending it to a third-party
warehouse, utilizing it internally for assembly to Product Z, transporting Product Z to various
third-party warehouses and Company B's subsidiaries, and distributing them to stores. All
these processes, in-house and outsourced, rely heavily on emails and documents for data

interchange.

Recently, Company B's management has observed signs of inefficiency, particularly in the
turnaround time for emails. Some internal employees have been found to send and receive
the same emails multiple times, leading to redundancies or confused communications. Such
negative phenomena are compounded by the fact that there are dozens of Store A and Store
B, leading to tens of thousands of emails exchanged between some individuals. Management
deems these unusual signs unacceptable, as the problem will only aggravate with the
increasing scale of Group I and the sophistication of demands. Therefore, to search for a
solution, Company B's management has held brainstorming sessions and communications

with stakeholder departments.

Out of the box, the RPA team proposed a solution manifesting a low-hanging fruit: employing
an NLP engine to analyze all past emails sent to Store A and Store B, comparing them with
each other in terms of predetermined common attributes. The RPA team built a task force
consisting of a working group and engineering team. The working group includes individuals

from both Company B and the Robot+ vendor data team and is responsible for collecting
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relevant past emails, general request/data definitions, and validating email segmentation and
attribute matching. The engineering team is responsible for creating a script to score the emails
based on the matching percentage of each pair from the database. The task force went live

shortly after the formulation of this task force.

The above process is among the very few use cases in which Company B Token X at scale
generates conclusive benefits. In early 2022, human analysts employed two months reviewing
500+ emails from Store A and filtering out 105 valid emails. However, 75% of the manually
filtered emails were from five individuals inside Company B, an indicator of the poor email
ad-hoc transmission. In clear contrast, the task force built by the NLP engine in Component S
analyzed 1500+ emails in only four days, providing a clear picture of the email transmission

topology and the key individuals.
5. Benefits and Limitations of NLP in Manufacturing

[NLP] offers several benefits in the context of American tech product manufacturing. By
leveraging NLP, manufacturers can streamline communication, automate data extraction, and
enhance decision-making processes. NLP tools can efficiently analyze unstructured data from
various sources such as customer feedback, technical documents, and maintenance records,
thereby facilitating predictive maintenance and quality control [8]. However, it is essential to
acknowledge the limitations of NLP in manufacturing. Ethical considerations, data privacy,
and the need for continual monitoring to prevent bias in automated decision-making
processes are critical challenges that need to be addressed to ensure responsible and effective
implementation of NLP in the manufacturing workflow. These limitations highlight the
importance of a balanced approach that considers both the advantages and potential

drawbacks of NLP integration in American tech product manufacturing.
5.1. Advantages of NLP in Workflow Efficiency

Workflow efficiency is pivotal for any organization, especially in the highly competitive
technology product manufacturing industry. Natural Language Processing (NLP) has
emerged as a powerful tool to enhance workflow efficiency by automating and streamlining
various language-related tasks. This section examines the advantages of NLP in workflow

efficiency, particularly in American tech product manufacturing, including process
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automation, enhanced communication and collaboration, data mining and knowledge

management, and increased scalability and adaptability.

Processes such as transcription, translation, and summarization are often labor-intensive and
tedious. NLP can make these processes simpler, faster, and cheaper. NLP can break down
language barriers between employees in different regions, especially in global companies. It
can enable voice assistants to help with routine tasks, integrate machine translation tools in
emails, or build chatbots to answer common questions. NLP can also automate the analysis of
employee feedback, monitoring of social media conversations, or assistance with quality
control check analysis. These workflow enhancements can help companies increase

productivity and save costs.

Written communication is crucial in the tech product manufacturing industry due to the high
complexity of products and related processes. Even a slight misunderstanding caused by
ambiguous terminology or inconsistent phrasing can have serious consequences. NLP can
facilitate better communication and collaboration between employees, geolocated in different
regions, by providing features such as automatic language detection and translation,
terminology checking, or consistency checking. This way, NLP can prevent wording

misunderstandings from escalating into more serious problems.

American tech product manufacturing companies often use massive amounts of data
generated by different sources, including customer complaints, employee feedback,
engineering and testing documentation, social media posts, or regulatory texts. Fulfillment
and analysis of such data sets often exceed human capacities. NLP can help with data mining
and knowledge management by providing automated analysis of customer opinions,
screening of patents, automated updates of knowledge bases, and early problem detection.
NLP can also assist in summarizing lengthy reports and documents to help employees quickly
understand their context. By utilizing NLP in the data context, manufacturing companies can
make better use of the information and gain a significant technological and strategic

advantage.

In the field of tech product manufacturing, rapid technological change and dynamic markets
characterize the environment. This results in frequently changing products, processes, and
used languages. NLP solutions based on statistical methods that rely on training data may no

longer effectively perform language-related tasks. One of the advantages of rule-based
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systems is that they do not need to be adapted to changing environments and can cover
multiple languages and dialects with surprisingly little effort. NLP can also help companies

expand to new markets that speak incomprehensible languages.
5.2. Challenges and Ethical Considerations

Challenges and ethical considerations surrounding the integration of Natural Language
Processing (NLP) in manufacturing are multifaceted. The perceived trustworthiness of NLP
tools, particularly in the context of user characteristics, has been a subject of study [9]. The
analysis revealed that different user groups exhibit varying adoption rates and willingness to
trust NLP tools, with concerns raised about privacy, explainability, and ethical implications.
Additionally, gender bias and other ethical issues have been highlighted, emphasizing the
necessity for regulations and ethical development and deployment of NLP tools. Despite the
potential limitations and ethical concerns, NLP tools have the capacity to reduce professionals'
workload, underscoring the need for further research to understand and mitigate biases in

NLP tools.

In the legal domain, the adoption of NLP technologies also presents ethical, legal, and social
implications [7]. The study provides a structured overview of NLP use cases in the legal
domain and investigates their ethical, legal, and social aspects. This includes addressing the
gap between legal NLP research and practitioners’ needs, emphasizing the importance of
considering ethical, legal, and social implications when deploying NLP technologies in the
legal domain. These insights underscore the need for a holistic understanding of the
challenges and ethical considerations associated with the integration of NLP in manufacturing

and legal domains.
6. Future Directions and Emerging Trends in NLP for Manufacturing

Emerging trends in Natural Language Processing (NLP) for the manufacturing sector are
poised to revolutionize workflow efficiency. As artificial intelligence and machine learning
continue to advance, the integration of NLP with the Industry 4.0 framework holds great
promise for the sector. Scholars have proposed NLP applications to compute design metrics
using natural language text data, highlighting the need for a comprehensive design
framework and a guide to inform various aspects of NLP applications. Moreover, the

development of language models and neural machine translation using state-of-the-art NLP
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approaches is crucial for further enhancing the understanding and processing of natural

language text within manufacturing workflows [10].

NLP's applications in manufacturing are diverse and include tasks such as automatic
summarization, co-reference resolution, discourse analysis, and named entity recognition.
These applications are essential for extracting valuable insights from unstructured text data,
thereby contributing to improved decision-making and operational efficiency in the
manufacturing domain [2]. As NLP continues to evolve, its potential to transform

manufacturing workflows and drive innovation is becoming increasingly evident.
6.1. Artificial Intelligence and Machine Learning Integration

Artificial intelligence (AI) and machine learning are increasingly integrated with natural
language processing (NLP) to enhance workflow efficiency in various domains. In the
healthcare sector, Al has revolutionized precision medicine by leveraging machine learning
algorithms to tailor personalized medical care to individual patients' genetic makeup,
environments, and lifestyles [11]. This integration has enabled medical practitioners to detect
disease-causing genetic mutations and develop customized treatment protocols, thereby

improving patient outcomes and reducing healthcare costs.

Moreover, in the education domain, NLP techniques are utilized to analyze student feedback
in textual format, identifying areas of improvement in educational infrastructure, teaching
practices, and learning management systems [12]. NLP methodologies such as sentiment
annotations, entity annotations, text summarization, and topic modeling are leveraged to
uncover insights from student feedback data, contributing to the enhancement of educational
services and environments. These examples underscore the potential synergies of integrating

Al and machine learning with NLP to improve workflow efficiency across various sectors.
6.2. Industry 4.0 and Smart Manufacturing

[13] highlight the significant focus on smart production applications, predictive models,
digital systems for industrial machines, robotic automation, and security in the context of
Industry 4.0. Moreover, the application of NLP in forecasting load and power demands,
optimizing job scheduling, and automating smart production tasks aligns with the goal of

dynamically improving logistic processes in the supply chain. [14] also emphasize the
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potential of NLP in identifying technology terms with higher accuracy, indicating a promising

future for leveraging NLP in smart manufacturing systems.

These insights underscore the potential for NLP to revolutionize the manufacturing industry,
offering new avenues for improving workflow efficiency and driving innovation in American

tech product manufacturing.
7. Conclusion

In recent years, natural language processing (NLP) techniques, tools, and large language
models have advanced dramatically with the rise of foundation models. Consequently, the
deployment of these models in various domains has become increasingly straightforward,
allowing use cases to be implemented via modular building blocks using many NLP libraries
like Hugging Face Transformers and SpaCy. Nevertheless, scaling such use cases poses a
significant challenge due to the high fixed and marginal costs when deploying these models
on cloud platforms that offer underwhelming custom hardware for such workloads.
Nevertheless, these technologies enable numerous workflow automation opportunities for

impactful business use cases.

Numerous industries stand to gain significant momentum from economic, regulatory, and
social factors. The accelerating pace of adverse technological disruptions raises challenges for
companies and customers. In the case of American tech product manufacturing, an inevitable
excess of demand relative to supply is projected as industries undergo an accelerated digital
transformation, clashing with a swarm of worsening unconventional conditions affecting the
profitability and maintainability of American tech product manufacturing. These challenges
catalyze the emergence of innumerable workflow automation opportunities and necessitate
their timely execution. Failure to adapt is projected to result in irrevocable hindrance and

downfall.

For these workflow automation opportunities on the demand side of American tech product
manufacturing, NLP interface-based use cases with elastic yet manageable prompt templates
and model input/output formats hold the most promise by minimizing the necessary
workload of interns, miscellaneous administrators, and the middle class, all of whom
routinely partake in text-based communication. Given the current technological state, ongoing

economic or geopolitical turbulence that ignites a turn to Al-facilitated productivity will
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accelerate the takeoff of NLP interface-based workflow automation in high-stakes scenarios;
thus, its inevitability can be postulated. However, quantifying the tech product manufacturers
most likely or positioned to survive the swiftest adoption presents difficulties owing to

opaqueness.

Overall, an independent research project is proposed to broadly assess the Australian tech
product manufacturing industry and comparatively analyze the potential risk and possibility
that American tech product manufacturing companies miss, evade, or harness the onslaught
of NLP technology. As part of this project, NLP model integration with a tech product
manufacturing enterprise resource planner company database is detailed. The feasibility and
cost-benefit projection of such models for workflow automation of all-related use cases are
examined. Specifically for the text generation category, implementation suggestions are
proposed based on a Spanish position for prompt templates, synthesis notes, and model

output formats.
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