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Abstract. The local business landscape in the Philippines presents a
slow adoption to digitization. There are fears of inaccurate results and
limited technical proficiency. Data analytics and artificial intelligence
(AI) are crucial for business growth. By understanding the performance
of stock-keeping-units (SKU) with technology, businesses can find better
ways to handle products to increase profitability. In exploring optical
character recognition (OCR) and large language models (LLM), a soft-
ware pipeline can help businesses analyze handwritten sales data for
business intelligence. The research aims to develop a system for trans-
lating logbooks into metrics by augmenting manual business processes
performed by staff. The application combines Amazon Web Services’
OCR technology with Anthropic’s Haiku 3.0 LLM. The pipeline extracts
handwritten text from images and performs few-shot learning-based clas-
sification. Data from a local food stall was used for testing. Precision
and recall scores were calculated to analyze similarities between original
and extracted data. Results showed moderate-low precision but above-
average recall. The SKUs yielded average precision and recall scores of
0.32 and 0.62, while sales data stood at 0.55 and 0.54, respectively. These
scores indicate that the application struggles with accuracy but cap-
tures a fair amount of true values. Improvements are needed to enhance
the learning mechanism of the LLM. Despite this, the application holds
promise for helping small businesses achieve digitization to supplement
manual business processes, taking into account the limited technological
literacy of staff. It serves as a potential catalyst for growth by simplifying
complex data problems with cost-efficient solutions.
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1 Introduction
The local business context in some Global South countries like the Philippines
exhibits a slow adoption process to digital technology, especially for smaller-sized
enterprises. Businesses are hesitant in recognizing the benefits of digitization due
to fear of inaccuracies and learning curves [13]. Smaller organizations tend to be
more risk-averse, avoiding potential change and uncertainty [12]. This behavior
comes from a general misunderstanding of factors affecting such changes and
the context surrounding the shift. For instance, artificial intelligence (AI) is per-
ceived to replace human jobs, which affects adoption. People deem it as a threat
that is powered to lower costs of operations and production [11]. Although, some
small firms simply lack the proper resources to pursue such innovations with-
out detrimentally impacting the scalability of their own business [21]. However,
AI can be seen to augment business processes when applied with traditional
staff activities through co-piloting strategies [9]. By applying ethical considera-
tions in AI, business development can excel without replacing human jobs [17].
Rather, AI processes are supported by human intervention to produce maximum
efficiency.

Data analytics is an essential element in business optimization [4]. Deep and
relevant data allow the organization to identify actionable insights which can in-
novate the way they handle core activities while maintaining existing processes
[13]. In the scope of sales data, adequate collection of such information can
assist business owners in locating the high- and low-performance items stock-
keeping-units (SKU), which offers solutions on inventory improvement, cost re-
allocation, category assortment strategies, and automated systems for sales data
transformation [4,15,28]. AI has also been observed to complement operations
management by identifying points for optimization in supply chain management,
scheduling, and holding inventory [14].

Although raw sales data initially come as numbers from manual staff logging,
data engineering can develop such figures into more digestible features that can
tell a story to its audience. An advancement in machine learning (ML) is the
optical character recognition (OCR) on images, featuring different attributes
that can be useful for turning sets of handwritten logbook information into a
database through extraction and document classification [6,20]. Large language
models (LLMs) could perform few-shot learning-based classifications by iden-
tifying similar text that correspond to a specific item from a small amount of
training information [22]. This retrieves power from its natural language process-
ing (NLP) capabilities and prompt engineering [7]. Competitive advantage and
innovation are determinants that affect business intelligence adoption. These are
essential in determining the viability of the application [26].

1.1 Objectives and Research Questions

The objective is to explore how OCR and LLM technology can enable tradition-
ally non-digital businesses such as small food stalls to optimize business activities
without removing manual business processes for staff with limited proficiency in
technology [9]. This can help businesses understand the written data from their
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sales logbooks and translate them into understandable metrics. Although this is
a feasible approach, there remains a concern with the accuracy of such a pipeline.
The research questions ask:

RQ1) What are some considerations when developing the pipeline for the
application?

RQ2) How accurate can a cost-efficient application be in order to produce a
system with a low barrier to accessibility?

2 Review of Related Literature
The adoption of new information technology (IT) systems in small businesses
proves vital for proper management support [13,23]. This can promote their
competitive advantage within their specific business environment by leveraging
automation of transactional tasks to divert focus on data-driven, strategic plan-
ning and direction. While there are a number of complexities within the sphere
of IT adoption in smaller enterprises, this remains a potential factor that can
motivate business growth [23]. However, caveats remain present in the adoption
of technology for business processes. On one end, early adoption may allow for
more innovation, but can impose risks due to poor networking, marketing and
sales efforts. If the firm chooses to adopt later, it may provide insights on how
such shift has impacted other similar businesses, but may also result in falling
too far behind competitors. Hence, timing is a very essential factor to consider
when leveraging the relevant technologies [29].

A study in Korea analyzed the accuracy of OCR technology in the context of
a ship’s logbook. Data from handwritten navigational information was captured
and entered into a software application, yielding an error rate of approximately
11% [19]. Although limited in scope, this technological innovation can still be
explored in other types of data, more particularly those with tabular formats.

Automated deep-learning, text extraction in logbooks are also being applied
in other sectors like education. These methods are being used to reduce labor-
intensive logging and provide valuable insight into attendance patterns while
automating transactional workflows. With proper monitoring, the system holds
a high degree of precision, which can streamline the process of logging data
digitally [24]. Although in a more educational setting, such strategies can be used
to keep employees more proactive towards heavier decision-making procedures
[16].

AI-driven data pipelines is another tool that can increase the accuracy of
predictive models. By integrating additional steps into the process, the accu-
racy of data extraction and transformation can be monitored. With newer ML
technologies, this can be useful in automating manual data modification or cor-
rection, translating information into actionable insights quickly [10]. By allowing
the machine to handle menial activities, especially when given larger amounts
of data, the user could focus on deriving implicit information early on.
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Fig. 1. Proposed application pipeline with OCR and LLM integration.

Fig. 2. Sample collection of sales data with handwritten logs from a food stall.

3 Methods
The application was built using Python, which integrated the OCR technol-
ogy of Amazon Web Services (AWS) and the LLM application programming
interface (API) of Anthropic Claude: Detect Document Text (DDT) and Haiku,
respectively [3,2]. This was used as a means to provide cost-efficient alternatives
while determining accuracy levels compared to other more expensive models.
The pipeline consisted of the following steps as seen in Figure 1:

1. Manually upload the images of the sales logbooks digitally.
2. Extract the image with AWS OCR.
3. Access the handwritten blocks from the raw dictionary of results with Python

logic.
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4. Perform few-shot learning-based classification by letting the LLM read a
masterlist of SKU-price data and retrieving information according to its
perceived data content.

3.1 Data Collection

Data was collected from a local food stall in the Ateneo de Manila Student
Enterprise Center to exhibit real-world results. Figure 2 shows an example of the
data content, containing the name of the customer, an abbreviation of the SKU
ordered, and the sales price per quantity ordered. It was used as a representative
of other stalls in the same local cafeteria given the similarities of their respective
sales log formats. The fast-paced environment of such stalls also make it so that
abbreviated, handwritten logs are deemed as necessary to maintain their service
during peak hours.

Five pages of logbook details were collected and uploaded into the software
application. Upon extraction, the table of sales, their corresponding SKUs, and
the confidence levels were presented.

4 Results
The results yielded the following similarity scores for precision and recall. These
were obtained using a Python script with an analytical library, scikit-learn [27].
A sample result after extraction, including confidence level comments, can be
seen Figure 3.

Fig. 3. Sample results of SKU-to-sales extraction data using the software
application interface.
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Table 1. Similarity scores for the SKUs between actual and predicted text.

Page 1 Page 2 Page 3 Page 4 Page 5 Average

Precision 0.59 0.18 0.50 0.09 0.25 0.32

Recall 0.71 0.64 0.31 0.82 0.60 0.62

Table 2. Similarity scores for the sales between actual and predicted text.

Page 1 Page 2 Page 3 Page 4 Page 5 Average

Precision 0.72 0.34 0.50 0.50 0.71 0.55

Recall 0.93 0.16 0.50 0.61 0.51 0.54

Average scores showed that the precision and recall for the extracted SKUs
were at 0.32 and 0.62, respectively. The mean for precision and recall scores for
sales data stood at 0.55 and 0.54, respectively. The prompt, "Please take a look
and modify as needed," was displayed if AWS Textract DDT deemed its own
extraction confidence level as below 85%.

5 Discussion
Results from the analysis yielded the following answers:

RQ1) What are some considerations when developing the pipeline for the
application?

The pipeline revolves around handwritten data, with minor instances of
printed formatting (i.e. content printed on the sheet prior to handwritten log-
ging) to explore the viability of such technology towards the current contextual
environment of the experiment. This means that manual transcription of orders
are better suited to be processed by this application as it creates value and ef-
ficiency in post-work day analysis of SKU volume counts, orders achieved, and
customer data, if any. It is also assumed that the data to be extracted has mul-
tiple lines of handwritten logs per day, in which the business has to manually
translate into an online software for further analysis.

RQ2) How accurate can a cost-efficient application be in order to produce a
system with a low barrier to accessibility?

There seems to be a neutral score among the five different pages, for both
categories. With 1.00 being the desired score for both tools and 0.70-0.80 as the
high-score threshold range, the current pipeline contributes a moderately-low
precision rate, suggesting that the predicted values were unable to accurately
output the true values [25,5,18]. However, in terms of recall scores, it seems to
capture and output enough of the true values above 50%. Although the general
pipeline contains more cost-efficient alternatives than other LLMs, the overall
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accuracy must still be further refined. This application can work for smaller-scale
businesses with an adequate amount of human intervention needed.

6 Conclusion
Although there were some outputs that produced the right results, there is still
much to be analyzed about the integration of OCR and LLMs in the development
of the software pipeline. This is essential to ensure that most of their long,
menial tasks are automated and simplified. It serves as a tool for businesses
and staff members to focus their attention on data-driven quality assurance
(i.e. that of food products), strategic alignment, and direction. It also addresses
the fear of job replacement and learning curves, as it proposes a simple way of
managing data. By inputting an image into the system, the human receives a
consolidated list of SKU-to-sales data with no complexities involved. It minimizes
the proficiency levels required for adoption.

Small businesses require a catalyst for growth as part of the local and national
economy. Entrepreneurs should be given the avenue to simplify complex data
problems with cost-efficient and radical solutions, without sacrificing existing
processes for its staff. As LLM and OCR technologies continuously innovate, the
accuracies of the pipeline can also be improved.

6.1 Future Work

Prompt engineering is one aspect that can be improved on, as this also affects the
learning mechanism of the model. By using other methods of training, the model
can understand the context of such food products, allowing it to generate more
accurate SKU and sales data. Fine-tuning is one approach to training LLMs with
larger amounts of past data. This can improve the perception of the model after
OCR extraction [8]. Further studies can also observe possible changes between
the extraction results of AWS Textract DDT and the more advanced Analyze
Document (AD). Although this may not align with the proposed cost-efficient
pipelines, it may yield insights on how the overall software structure can be
improved while maintaining minimal digital adoption [1].

Further iterations shall still be imposed within the proposed application and
pipeline. Studies can involve other forms of data content, including merchandiser
(diser) inventory lists, delivery schedules, among others. This holds promise for
the development of future innovations aiding the entrepreneurs in pursuing more
data-driven decisions and ensuring the competitive advantage and longevity with
their products and services.
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