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Abstract 

 
In Mexico, approximately 95% of startups do not use business artificial intelligence, accounting software or ERP systems, or 

predictive tools to anticipate risks, sales, growth, or customer behavior. This research begins with the question: How can 

artificial intelligence detect financial risks in startups? The objective was to analyze artificial intelligence (AI) systems using 

a qualitative-quantitative-interpretive approach, employing two main methods: a review of academic literature, institutional 

reports, and policies, and a simple random, non-probabilistic sample. A questionnaire was administered to 44 entrepreneurs 

using Google Forms. The data show that the obstacle to AI use in Mexico is not a lack of interest, but rather the lack of suitable 

offerings for startups, whether micro, small, or medium-sized enterprises (MSMEs), and that the most significant barrier is 

not necessarily economic, but operational and organizational. This prevents them from generating sustainable development 

(decent employment and economic growth) and increases their vulnerability, which can be overcome in three stages through 

the use of artificial intelligence for generating reports, financial analysis, alerts, and predictions. 
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Resumen  

 
En México, aproximadamente el 95% de startups (empresas de reciente creación) no utilizan inteligencia artificial de negocios, 

un software contable o ERP y herramientas predictivas para anticipar riesgos, ventas, crecimiento o comportamiento de 

clientes. En este sentido, la investigación parte de la interrogante: ¿Cómo puede la inteligencia artificial detectar los riesgos 

financieros en startups? A partir de ello, se estableció como objetivo analizar los sistemas de inteligencia artificial (IA), 

mediante un enfoque cuali - cuantitativo-interpretativo, con dos métodos principales:  Revisión documental de literatura 

académica, informes institucionales, políticas y una muestra no probabilística, aleatoria simple. Se aplicó un cuestionario a 

44 emprendedores, mediante la herramienta Google forms. Los datos muestran que el obstáculo para el  uso de la  IA en 

México no es la falta de interés, sino la falta de una oferta adecuada para las empresas de reciente creación ya sean micro, 

pequeñas y/o medianas empresas y que la barrera más importante no es necesariamente económica, sino operativa y 

organizacional. Lo cual les impide generar desarrollo sostenible (empleo digno y crecimiento económico) y aumenta su 

vulnerabilidad la cual puede ser superada en tres etapas para la generación de reportes, análisis financiero,  alertas y predicción, 

mediante el uso de la inteligencia artificial. 
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Introduction 

 

This research analyzes artificial intelligence systems applied to the detection of financial risks in Mexican 

startups, with the aim of developing predictive models that strengthen sustainability and financial 

decision-making in newly established companies. 

 

It is observed that a significant number of startups face financial constraints and lack advanced 

analytical tools to identify financial warning signs in a timely manner, which increases their vulnerability 

and hinders their ability to remain in the market. 

 

Based on this issue, the study proposes to analyze artificial intelligence systems to develop 

strategies that facilitate the adoption of this tool for financial management in newly established 

companies. 

 

Building on this approach, the study addresses: the theoretical framework, the methodology, a 

diagnostic analysis, and a three-stage proposal for the adoption of artificial intelligence analytical tools. 

 

The theoretical framework is built on concepts related to artificial intelligence, predictive machine 

learning models, financial forecasting, and the main characteristics and challenges faced by startups. 

Additionally, a questionnaire was administered via Google Forms to 44 entrepreneurs to assess their level 

of organizational maturity, identify financial risks, and evaluate their analytical capabilities for 

implementing artificial intelligence tools. 

 

The results show that many entrepreneurs lack the time, training, and resources to adopt these 

technologies, a situation that limits the implementation of early-warning systems for financial risks and 

increases the vulnerability of these companies. Therefore, the study highlights the importance of 

promoting technological strategies that foster business stability, decent work, and sustainable economic 

growth 

 

Theoretical Framework 

 

Systems research is a general trend in scientific knowledge and industrial development; it can be defined 

as a set of elements that interact with one another to achieve a goal. It includes: inputs (information or 

resources), processes (which transform those inputs), outputs (results), and feedback (adjustments for 

improvement) (Bertalanffy, 1968). 

 

Currently, there are several traditional methods of financial forecasting that rely primarily on 

linear statistical models, notably: the Altman Z-score model, discriminant analysis, regression, and 

econometric insolvency models 

 

However, these methods have significant limitations, such as an inability to capture nonlinear 

relationships, poor adaptability to dynamic contexts, and a reliance on extensive historical financial data. 

These limitations are particularly problematic for startups, which generally lack historical data. 

 

An Artificial Intelligence (AI) system is a set of interrelated elements that use algorithms and data 

to learn, predict, make decisions, or automate tasks, mimicking certain human capabilities such as 

learning, analysis, and decision-making. 

 

Furthermore, the use of artificial intelligence (AI) enables the processing of large volumes of 

data, the identification of hidden patterns, and the generation of more accurate predictive models through 

techniques such as machine learning, real-time data analysis, and classification algorithms. Through tools 

such as machine learning, deep learning, and others (see Table 1). (Mingorance, Alcázar, Ramos, 

Oliveros, & Ponce de León, 2025). 
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Box 1 

 

Table 1 

Recommendations for Artificial Intelligence Systems for Start-ups 
 

IA Purpose 

Microsoft Copilot / Copilot Studio It enables you to create custom agents that access company data with 

enterprise-grade security. 

Google Gemini (Vertex AI): It stands out for its ability to process large-scale data (millions of 

tokens) and its excellent multimodal capabilities. 

ChatGPT Enterprise (OpenAI): Advanced data analysis tools and enhanced privacy 

Claude (Anthropic): Technical accuracy, programming and the analysis of lengthy 

documents, delivered in a more human and ethical tone. 

UiPath: Líder en RPA Automate repetitive tasks on legacy and modern systems using agents 

that ‘read’ screens and execute processes. 

Noxus / n8n Workflow orchestration platforms that connect hundreds of 

applications so that AI can perform end-to-end tasks without human 

intervention. 

IBM Watson Machine Learning The standard for regulated industries (banking, healthcare) that require 

complete control over data governance and compliance. 

Salesforce Einstein AI integrated directly into the CRM to predict which customers are 

most likely to make a purchase or to automatically draft personalised 

sales emails 

Zendesk AI / Tidio Customer service agents who resolve complex enquiries 

independently, escalating to human agents only when strictly 

necessary. 

Reply Fully automated sales prospecting, from finding contacts to booking 

meetings. 

 

Note: Compiled by the author based on (OpenAI chatGPT, 2026) 

 

With regard to predictive machine learning models, these analyze historical data to estimate future 

or unknown patterns and, based on them, make predictions about what will happen. 

 

For startups, the financial landscape is a mix of opportunity and vulnerability. Unlike established 

corporations, startups operate with fragile structures where a miscalculation can be fatal. 

 

The following describes the main financial risks, which include: liquidity and cash flow risk, 

credit risk, market risk (fluctuations), and capital risk. 

 

1. Liquidity and cash flow risk. This refers to the company’s inability to meet its short-term 

obligations (debts) due to a lack of immediate cash (Estupiñan, 2023). 

2. Credit risk. This occurs when customers fail to meet their payment obligations (Credit Bureau, 

2026). 

3. Market risk. This risk stems from external fluctuations beyond the company’s control, such as 

changes in interest rates, inflation, or exchange rate fluctuations (World Bank, 2023). 

4. Capital (Financing) Risk. Young companies often rely on investment rounds or loans. The risk 

lies in failing to secure a new injection of capital before current funds run out, or in market 

conditions driving up the cost of capital (high interest rates) (Morales, 2025). 

 

Methodology 

 

Startups face a highly uncertain environment characterized by limited financial resources, a lack of credit 

history, inexperience in administrative management, and high exposure to financial risks. Among these 

are liquidity problems, unstable revenue, difficulty accessing financing, inadequate cost estimates, and 

vulnerability to changes in the economic environment. This significantly increases a company’s 

vulnerability during its first years of operation. 

 

Despite the importance of anticipating these risks, many of these organizations lack advanced 

analytical tools that would allow them to identify warning signs in a timely manner. 
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However, there is a significant gap between the theoretical potential of these tools and their 

effective implementation in newly established companies, especially in contexts such as Mexico’s, where 

micro and small businesses with limited access to technology and specialized knowledge predominate. 

This situation highlights the need to analyze how artificial intelligence can be adapted to the real-world 

conditions of these organizations and effectively contribute to the detection of financial risks. 

 

Consequently, the following research question arises: How can artificial intelligence detect 

financial risks in startups? The objective is to analyze AI systems for the detection of financial risks in 

startups in order to develop strategies that facilitate their adoption as a key tool for strengthening 

sustainability and financial decision-making. 

 

A qualitative-quantitative-interpretive approach was used, employing two main methods: 

 

1. A review of academic literature, institutional reports, and policies. 

 

2. A 12-question survey administered to 44 entrepreneurs via Google Forms. This survey was 

structured into five sections. The first section analyzes the profile of the company and the 

entrepreneur; the second provides a financial risk assessment; the third covers analytical tools and 

capabilities; the fourth identifies barriers to the implementation of artificial intelligence; and the 

fifth serves as a space for open feedback. 

 

Results 

 

To understand the role of artificial intelligence in the financial management of startups, a questionnaire 

was administered to 44 entrepreneurs. The questionnaire collects information regarding perceptions, 

knowledge, and use of artificial intelligence systems. 

 

Regarding the context, size, and maturity of the organizations, the following responses were 

obtained: 

 

Box 2 

 

 
Figure 1 

Company type 

 

It can be seen that 86 per cent are micro-enterprises with an average of 1 to 10 employees, which 

form the backbone of the local economy, whilst 14 per cent are small enterprises with 11 to 50 employees. 

The data therefore paint a picture in which micro-enterprises form the core of local entrepreneurship and, 

at the same time, represent the segment most exposed to financial risks.  

 

 

 

 

  

  

86  %  

14 % 

0 % 0 % 

Company type 

Microempresa: De 1 a 10  

empleados. Son el motor de  

la economía local (ej. una  

tienda de abarrotes o una  

startup en fase inicial).  

Pequeña Empresa: De 11 a  

50   empleados.  
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Length of time the business has been operating 

 

Box 3 

 

 
Figure 2 

Age of the venture 

 

Financial risk assessment 

 

Based on the issues mentioned: liquidity, costs and revenue 

 

This question analyses the difficulty in covering immediate operating expenses, which relates to 

liquidity. It also examines the stability or variability of monthly sales, significant discrepancies between 

estimated and actual costs, and the rejection of credit applications due to a lack of credit history or 

collateral. Using a Likert scale where: 1 is ‘never’, 2 is ‘rarely’, 3 is ‘frequently’ and 4 is ‘always’ 

 

Box 4 

 

 
 

Figure 3 

Difficulty covering operating expenses 

 

It is noted that 59% have difficulty covering immediate pre-operational expenses, 14% frequently 

encounter problems, 23% have never had liquidity problems, and 4% always have problems covering 

their operational expenses. 

The data reflects an entrepreneurial ecosystem with high exposure to liquidity problems and 

financial sustainability issues.  

45%

32%

23%

Age of the venture

Menos de 1 año

1 a 3 años

3 a 5 años

23%

59%

14%
4%

Difficulty covering operating expenses

Nunca Rara vez Frecuentemente Siempre
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Box 5 

 

 
 

Figure 4 

Extreme instability or variability in monthly sales 

 

It can be seen that 55% rarely experience instability or variability in their monthly sales, 23% 

frequently experience variability, 18% never experience variability and 5% always experience extreme 

variability. 

 

Most of these companies appear to have validated demand (consistent sales), but fail to convert 

those sales into immediate cash flow. Therefore, the risk is not insolvency (lack of sales), but rather a 

lack of working capital to withstand the collection cycle. 

 

Box 6 

 

 
 

Figure 5 

Significant difference between estimated costs and actual costs 

 

55% rarely see a significant difference between estimated and actual costs; 27% frequently do; 

14% never do; and 5% always do. 

 

 

 

18%

55%

23%

5%

Extreme instability or variability in monthly sales

Nunca Rara vez Frecuentemente Siempre

14%

55%

27%

5%

Significant difference between estimated costs and actual costs

Nunca Rara vez Frecuentemente Siempre
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It can therefore be seen that most start-ups have a good ability to estimate costs. In terms of risk, 

this means that the entrepreneur understands their business. This implies that 69 per cent have good cost 

control and 73 per cent have stable sales (as seen above), yet 59 per cent still struggle with liquidity. 

Consequently, the problem for start-ups is not their internal operations, but the external environment 

(customer payment terms, tax burdens or other ‘petty expenses’ that result in cash outflow, which affects 

liquidity). 

 

Box 7 

 

 
 

Figure 6 

Rejection of credit applications due to lack of credit history or collateral 

 

41% have rarely had their credit applications rejected due to a lack of credit history or collateral; 

45% have never experienced this situation; 9% always do; and 5% frequently do. The data shows that 

access to credit remains a significant challenge for many Mexican start-ups. Although a significant 

proportion maintain acceptable financial conditions, there is a considerable segment that faces recurring 

or permanent barriers to obtaining finance, which increases their level of financial risk. 

 

Analytical Tools and Capabilities 

 

Box 8 

 

 
 

Figure 7 

What tools do you currently use to analyze and record 

45%

41%

5%

9%

Rejection of credit applications due to lack of credit history or collateral %

Nunca Rara vez Frecuentemente Siempre

45%

45%

5%
5%

What tools do you currently use to analyze and record 

Registro manual

(Cuaderno/Libreta).

Hojas de cálculo (Excel /

Google Sheets).

Software contable o ERP (ej.

Aspel, Contpaqi,

QuickBooks).

 Herramientas de Inteligencia

de Negocios (Power BI,

Tableau).
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45% keep manual records in a notebook or ledger; 45% record and analyze their financial 

information using a spreadsheet; 5% use accounting software or an ERP system; and 5% use business 

artificial intelligence tools. This result shows that the use of artificial intelligence in financial processes 

is still in its infancy among Mexican startups, but it also highlights a significant area of opportunity for 

technological growth and business innovation. Overall, the data shows that 90% of companies use basic 

or traditional financial management methods (manual methods and spreadsheets), while only 10% use 

advanced technologies such as ERP or artificial intelligence. 

 

Box 9 
 

 
 

Figure 8 

It features an "Early Warning" system 

 

32% have an automated alert system, which enables them to be alerted before they run out of 

cash, in the event of a drop in sales or a shortage of raw materials, amongst other things. 32 per cent carry 

out a manual process of periodic checks, whilst 36 per cent only realise there is a problem once it has 

already occurred. This explains why 59 per cent (of the figures above) face immediate liquidity problems. 

The problem is not just that they are short of money, but that they do not know what they will be short 

of until their account balance reaches zero. 

 

Box 10 

 

 
Figure 9 

How familiar are you with using predictive tools for finance?  
 

32%

32%

36%

Does it have an “Early Warning” system that alerts you before you run out of 

cash, experience a drop in sales, or face a shortage of raw materials, among 

other issues? %

Sí, está automatizado.

Sí, pero es un proceso manual

de revisión periódica.

No, nos damos cuenta cuando

el problema ya ocurrió.

45%

32%

23%

How familiar are you with using predictive tools for finance?%
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45% are not familiar with the use of advanced analytics tools or predictive models for finance; 

32% are familiar with predictive models but do not apply them; and 23% apply them in their company. 

Consequently, there appears to be a disconnect between the technology available and the user’s reality. 

If 77% (45% + 32%) do not apply predictive models, this means that financial decisions in the vast 

majority of startups continue to be made based on intuition or tradition, not on data. 

 

Barriers to Implementation  

 

Research on obstacles in the Mexican context. 

 

Box 11 

 

 
 

Figure 10 

What is the main reason why you do not use technological tools for your 

finances? 

 

45% believe that the main reason they do not use advanced technological tools for their finances 

is a lack of time to learn how to use them; 27% cite the high cost of purchase and licensing; 14% cite a 

lack of trained staff; and 14% believe their company is still too small for that. 45% state that the “lack of 

time” is their biggest obstacle, that they are bogged down in day-to-day operations (dealing with the 

liquidity of past data), which prevents them from planning for the short, medium, or long term. 

 

Box 12 

 

 
Figure 11 

If an accessible and easy-to-use artificial intelligence tool existed, would 

you use it?  

27%

45%

14%

14%

What is the main reason why you do not use technological tools for 

your finances ? %

Alto costo de adquisición y

licencias.

Falta de tiempo para aprender

a usarlas.

Falta de personal capacitado.

 Considero que mi empresa

aún es demasiado pequeña

para eso.

59%

32%

9%

If an accessible and easy-to-use artificial intelligence tool existed, would 

you use it? %

Sí, definitivamente.

Tal vez, dependiendo del costo.

No, prefiero los métodos

tradicionales
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59% believe that if there were an accessible, simplified artificial intelligence tool to prevent 

financial risks, they would be willing to adopt it; 32% say they might, depending on the cost; and 9% say 

no, preferring traditional methods. 

 

The data reflects a largely favorable attitude toward the adoption of artificial intelligence tools to 

prevent financial risks. Although there are concerns regarding cost and some reluctance to abandon 

traditional methods, most startups are willing to incorporate predictive technologies if they are accessible, 

simple, and useful for improving financial decision-making. 

 

Applied approach to building the foundation for future predictive models for startups 

 

Startups are advised to combine machine learning, big data, and early-warning systems, since there is no 

financial history for the company and foresight—not just analysis—is needed. Therefore, the challenge 

lies not primarily in access to the tools, but in the organizations’ ability to identify their areas of 

opportunity and integrate predictive artificial intelligence tools into their operations. 

 

Likewise, processing information carries inherent risks related to data security and privacy. 

Consequently, true productivity is not only fast but also secure, since implementing these tools requires 

sound judgment to protect the company’s integrity and customer trust, ensuring that the  speed of 

execution does not become a catalyst for legal, technical, administrative, or operational risks. 

 

The process is described in three stages: Stage one involves data collection to generate the initial 

phases of financial analytics. Subsequently, stage two involves descriptive analysis, and stage three 

involves predictive analysis (see Figure 1). 

 

Box 13 

 

 
 

Figure 12 

Steps for creating predictive models using artificial intelligence 
Note: Created in-house using AI (Gemini, 2026) 

 

1. The design of machine learning models (data mindset). As there is no historical data available to 

train a model, during the first three months of the company’s establishment, the priority is the 

structured collection of data relating to sales, expenditure, debt and customers. Regulatory 

compliance and reporting are fundamental components of risk management in the financial sector. 

Artificial intelligence technologies offer innovative solutions for automating compliance 

monitoring, reporting and risk-based decision-making. Design to measure, with the aim of 

extracting key information and optimising decision-making.  

 

The example shown below can be applied from the start of operations through to the first three 

months; it enables the analysis of monthly sales, drops in revenue, debt and changes in financial patterns, 

allows comparison with bankruptcy patterns, and generates an automatic alert system. To this end, the 

use of SQL tools, Excel and artificial intelligence is recommended, as shown (see Tables 1 and 2):  

Table 1. Basic financial data (example) 
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Box 14 

 

Table 2 

Company XY  

Year 2026 

month Sales Expenses Cash flow Customers Lost customers (Churn) debt Liquidity 

January  120,000.00 100,000.00 20,000.00 80 12 50,000.00 0.40 

February  140,000.00 140,000.00 0.00 95 10 48,000.00 0.00 

March  170,000.00 150,000.00 20,000.00 110 8 45,000.00 0.44 

April  160,000.00 175,000.00 -15,000.00 108 11 52,000.00 -0.29 

May 210,000.00 170,000.00 40,000.00 130 6 39,000.00 1.03 

        

Note: Compiled by the autor 

 

Based on the financial data for Company XY for the period from January to May 2026, the 

following financial analysis and identified risks are presented (see Table 2):  

 

Box 16 

 

Table 2 

Example of a financial report using Artificial Intelligence (AI) 
 

Company XY 

Year 2026 

Financial Analysis 

Report for January to May 2026 

The company’s financial performance shows a trend of sales growth, although with marked volatility in 

operating profitability. 

REVENUE PERFORMANCE AND CASH FLOW 

Sales Growth: Sales increased by 75% from January ($120,000.00) to May ($210,000.00). 

Turning Point (April): This was the only month with negative cash flow (–$15,000.00), as expenses 

($175,000.00) exceeded revenue ($160,000.00). 

Recovery in May: The highest cash flow of the period ($40,000.00) and the lowest debt level ($39,000.00) 

were recorded. 

EFFICIENCY AND LIQUIDITY 

Liquidity has fluctuated significantly, directly impacted by cash flow: 

January–March: Liquidity remained stable or increased (0.40 to 0.44). 

April: It fell to a critical level of -0.29, indicating a temporary inability to meet immediate obligations. 

May: It surged to 1.03, its highest point, suggesting an excellent cash position at the end of the month. 

RISK ANALYSIS 

1. Operational Risk and Customer Retention (Churn). The performance of the customer base shows 

mixed signals: 

· Churn Rate: April was not only a poor month financially but also saw a spike in lost customers (11) and 

a reduction in the total customer base (from 110 to 108). 

· Improvement in May: Risk decreased significantly, with the lowest number of lost customers (6) and the 

highest total number of customers (130). 

SOLVENCY RISK (INDEBTEDNESS) 

· Debt-to-Sales Ratio: In April, debt rose to $52,000.00 while sales declined, increasing the risk of default.  

· Debt Management: Fortunately, the company managed to reduce its debt in May to $39,000.00, the lowest 

level recorded this year. 

Summary of Key Indicators: Month, sales, cash flow, and lost customers 

Risk Note: The month of April represents a warning sign. It is recommended to investigate whether the 

increase in expenses during that month was a planned investment or an operational inefficiency, given that 

it negatively impacted all risk indicators. 

 

Note: Compiled by the author based on (Gemini, 2026) 

 

2. To begin the descriptive analysis from the start through to the first six months. Other options 

include: Google Analytics, CRM, Dashboards (Looker, Tableau) (see Table 3). 
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Once you have created the company’s website, it is advisable to install Google Analytics in order 

to strengthen your digital presence and evaluate interactions on the business’s website. Through this 

platform, it is possible to find out how many people visit the site, track interactions within the marketing 

process, identify which country they are accessing the site from, what device they are using, how long 

they stay on the site, the most frequently visited sections, traffic sources, social media, search engines or 

advertising campaigns, amongst other benefits (Barbosa, 2021) (Google Analytics, 2026).  

 

HubSpot CRM – Copilot. It enables you to organise your business and contacts, centralise your 

customer database, track sales, visualise business opportunities within a sales funnel, automate 

marketing, send emails, forms and automated campaigns, provide customer service, manage tickets, chats 

and support, and generate reports, metrics and real-time analysis of results. 

 

Tableau with Einstein Analytics: Transforms manual analysis into a ‘conversation with the data’. 

Instead of creating charts, you ask the AI directly about trends and it generates the report. 

 

Amplitude: Specialises in conversational analytics to understand user behaviour in digital 

products and detect anomalies in real time. 

 

3. It is recommended to start predictive analytics within the first 6 to 12 months  

 

Financial predictive analytics systems: These project future scenarios, cash flow and sales; are 

Big Data-based systems; and process large volumes of information – including social media data, market 

data, consumer behaviour, falls in sales, increases in debt and changes in financial patterns – using 

regressions, decision trees, complex interactions and hidden patterns. 

 

This involves analysing historical data and developing models to predict future outcomes. In the 

context of cybersecurity, it can be used to identify potential risks and vulnerabilities. By utilising AI-

driven predictive modelling, organisations can take proactive measures to mitigate risks and prevent 

cyberattacks. 

 

The literature reviewed shows a shift towards machine learning and deep learning models, which 

improve the accuracy of predicting bankruptcies or financial difficulties. 

 

Fraud detection systems identify unusual behaviour in real time, detect suspicious transactions 

and atypical activity. 

 

Recommended for start-ups. AI with text analysis. Natural Language Processing (NLP), analysis 

of documents such as: financial reports, news, market commentary. It also detects reputational risks and 

legal issues. 

 

Some artificial intelligence systems for the early detection of risks include: machine learning 

applied to financial risk. The most commonly used algorithms include: Random Forest, Gradient 

Boosting (XGBoost) and Support Vector Machines. 

 

Furthermore, artificial neural networks can identify complex and non-linear patterns in large 

databases, outperforming traditional models in terms of predictive accuracy. A notable example is the 

use of XGBoost, which has demonstrated a greater ability to identify companies at financial risk even 

when data is incomplete or missing. 

 

Deep learning and advanced neural models. In recent years, deep learning-based models have 

been developed that are capable of integrating multiple sources of financial information. Among the most 

notable models are: Recurrent Neural Networks (RNN), LSTM and BiLSTM, and Hierarchical Attention 

Networks. These models enable the analysis of sequential financial data, the identification of temporal 

patterns, and the automatic weighting of critical variables.  
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Conclusions 

 

In the context of research into artificial intelligence systems for detecting financial risks and generating 

predictive models, these findings are crucial as they enable the identification of the factors that limit 

digital transformation in start-ups. 

 

Start-ups must therefore adapt to technological advances by constantly refining their 

competencies, technical and technological skills, and knowledge of how to utilise artificial intelligence, 

in line with their specific context, where unstructured data, incomplete records or manual processes are 

prevalent, and where there are areas for improvement. 

 

Furthermore, the level of financial digitalisation can be used as a risk indicator, as companies 

with lower levels of automation tend to exhibit: reduced financial control, difficulty in anticipating 

financial problems, more vulnerable administrative processes and slower decision-making.  

 

The data reflects an entrepreneurial ecosystem where the adoption of financial technology 

remains limited, and where traditional and semi-digital management methods predominate. This 

confirms the need to promote artificial intelligence and financial automation tools that improve 

administrative control, strengthen decision-making and enhance the ability to detect financial risks at an 

early stage in Mexican start-ups. 

 

Therefore, the financial risk faced by these companies is not a problem of business viability (as 

they generate revenue and have their costs under control in most of the cases studied), but rather a 

problem of ‘operational blindness’. This only becomes apparent once the problem has already occurred. 

 

The AI system must not only detect risk, but must also become the early-warning system that 

entrepreneurs currently lack. Furthermore, there is a significant proportion of the market (those who are 

unaware of the risks and those who rely on theory) who are operating under constant risk and who could 

benefit from an early-detection system. 

 

Thus, the research focuses not only on the mathematical accuracy of a predictive model, but also 

on accessibility, given that there is a low level of digital transformation in the financial sector amongst 

Mexican start-ups; most companies do not yet have automated financial analysis systems; there are 

significant limitations in the generation of structured data for predictive models; and the adoption of 

business artificial intelligence remains limited. Consequently, there is considerable potential for 

technological modernisation within the entrepreneurial ecosystem. 

 

The fact that the lack of time to learn how to use them is considered the main reason for not using 

advanced technological tools reveals that the most significant barrier is not necessarily financial, but 

operational and organisational. This suggests that many entrepreneurs are focused on day-to-day 

operational activities and lack the time for technological training; consequently, they perceive advanced 

tools as complex and prioritise operational survival over technological innovation. 

 

This finding reflects a common reality in micro and small enterprises, where entrepreneurs often 

juggle multiple administrative, commercial and financial roles simultaneously. This indicates that 

technological solutions must be simple to implement, intuitive and user-friendly, automated, quick to 

adapt and designed for non-specialist users. 

 

Furthermore, the high cost of acquisition and licensing is considered the main constraint, 

highlighting a significant financial barrier to financial digitalisation. Many start-ups operate with limited 

resources and prioritise expenditure related to operations, sales or immediate growth over investment in 

technology. 

 

Furthermore, the lack of trained staff is clearly an obstacle, reflecting a shortage of specialist 

expertise within start-ups. This suggests that many companies lack staff with expertise in: financial 

analytics, data science, artificial intelligence, process automation and the interpretation of predictive 

models. The absence of specialist talent limits the capacity for technological adoption and can lead to a 

reliance on manual or traditional processes.  
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This finding suggests that the implementation of artificial intelligence requires not only 

technological tools, but also training strategies and business development. 

 

This result shows that some entrepreneurs associate artificial intelligence solely with large 

companies or corporations, and not with micro or small start-ups. Consequently, the following are 

observed: resistance to innovation, low investment in technology, a lack of strategic vision for growth, 

and an underestimation of financial risks. 

 

Consequently, start-ups are more vulnerable to liquidity problems, volatility and a lack of 

financial control, which is why artificial intelligence could prove to be a particularly useful tool for them. 

These results indicate that the issue of technology adoption in Mexican start-ups does not depend solely 

on the availability of tools, but also on human, economic and organisational factors. 

 

For research purposes, these findings are significant because they suggest that predictive models 

and artificial intelligence systems should be designed with the following in mind: ease of use, process 

automation, low implementation costs, simplified training, adaptability for micro-enterprises, and 

intuitive and accessible interfaces. 

 

Furthermore, the results show that the success of predictive tools will depend not only on their 

technical accuracy, but also on their accessibility and acceptance by entrepreneurs, as well as the speed 

of response and recovery from incidents involving AI technology, in the event of a cybersecurity incident. 
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