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Abstract

Start-up validation at the initial stage demands a combination of business feasibility

assessment, market environment, competitive positioning, technical feasibility, and financial

sustainability, which is hard to accomplish manually. The proposed paper discusses a startup

evaluation framework that combines Large Language Model (LLM) reasoning with business

and financial analytics. The startup inputs such as problem description, target market, solution,

value proposition, and business model are checked using the Flask backend and converted

into structured prompts for LLM. The evaluation process will cover demand in the market,

competition, uniqueness, scalability, feasibility, risk, and yield criterion-level results, viability

ranking, and advice on how to improve. The finance module will handle income, profit margins,

cash flow, burn rate, financing, leverage, cost per acquired customer, and life-time value to

determine the financial health and viability of the start-up business. Persistence using MongoDB

will allow for comparison with past evaluations.

Keywords: Large Language Model Reasoning, Startup Viability Assessment, Business-Contextual

Analysis, Financial Sustainability Modeling, Automated Decision Support, Prompt-Structured

Evaluation, Persistent Evaluation Analytics.

1. Introduction

The AI Startup Idea Validator based on Large Language Models (LLM) is a

decision-support system meant to help entrepreneurs assess their startups in the early stage

before investing a considerable amount of time and money. Artificial Intelligence (AI) systems

have been used more often to perform business analysis, evaluate the market, and make

decisions, while the large language models allow for processing complex business descriptions
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in context. Nevertheless, the problem of assessing startups remains uncertain because of the need

to analyze the market demand, competitive situation, scalability, feasibility, appropriateness,

and risks.

Traditional methods for validation often rely on manual research, expert advice, and

subjective opinions, making the initial validation cumbersome and non-standardized. Analysis of

startups using an LLM is one way to make the initial validation automated through interpreting

text and creating business insights from it. Nevertheless, a successful validation system cannot

only create unlimited amounts of texts; the evaluation parameters should be standardized.

This system will address the above-stated criteria by collecting critical start-up

information using a web interface and processing it using a structured LLM evaluation pipeline.

The system will evaluate different viability parameters, calculate the overall viability score,

consider any existing financial indicators, identify significant risks and produce suggestions

for how to improve the idea. Collected information and produced reports will be saved in the

MongoDB database and can be later accessed via the evaluation history interface. In addition,

the system will consider financial indicators like revenue, cash flow, burn rate, runway, customer

acquisition costs, and customer lifetime value.

To support objective evaluation, the system could be benchmarked with real-life

Kickstarter campaign data that includes textual information about the campaigns as well as

related parameters [11]. This would help in evaluating the consistency and effectiveness of the

LLM-based startup evaluations with the actual results from the campaigns. In this way, the

proposed system integrates contextual LLM evaluation, multi-parameter scoring, financial

evaluation, and risk-based decision-making into one startup evaluation system.

2. Related Works

Recent research on startup has been observed that recent advances in the field of startup

evaluation have largely moved away from traditional judgmental assessment of startups towards

computational-based assessments using data. In machine learning, it has been seen that the

features of successful ventures can be predicted using the techniques of machine learning from

structured data about startups [2]. Market-based predictions have used internal venture features

along with market-related conditions to predict startup performance and indicate that startup

performance is affected by multiple factors [4]. Various studies have used other aspects of
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startups such as the technology involved and venture capitalist related features for predicting

startup success, and various dimensionality reduction techniques have been explored to represent

startup features [6], [8].

Natural language information serves as yet another channel to analyze the early-stage

businesses. It has been shown that through content analysis one could use natural language

information of startups, along with cohort attributes, to generate meaningful cues about success

of the ventures [5]. Later studies further developed this area using the idea of generative AI. The

capacity of language models to analyze startups and produce business-level judgments has been

analyzed in context of early-stage investments and survival prediction [1], [7]. Reasoning-based

methods were applied to memory enhancement and multi-step reasoning to solve the problem of

startup evaluation, underscoring the significance of systematic reasoning in this area [3].

Nevertheless, the use of generative AI poses difficulties related to hallucination,

reasonability of the results produced, and interpretation of the produced entrepreneurial

recommendations [9]. As a result, the approaches to AI decision-making have turned their

attention to integration in order to provide startup-success prediction and risks evaluation by

means of considering the significance of using several data sources and analysis methods

[10]. In any case, it is possible to claim that all current approaches are oriented towards either

predictive modeling of startup success or using LLMs for entrepreneurial analysis, which leaves

room for an integrated approach to be developed.

3. Proposed Methodology

Figure 1. LLM-based startup validation architecture
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The proposed AI Startup Idea Validator operates based on a pipeline processing

methodology which consists in the translation of the user-supplied data related to the startups

into a multidimensional viability assessment. As shown as Figure 1, the proposed approach

encompasses input pre-processing, dataset-driven benchmarking, structured prompts design,

LLM evaluation, viability rating, financial evaluation, risk assessment, recommendations

provision, and persistent report storage.

3.1 Startup Input and Preprocessing

The system first takes in four fundamental startup attributes via the web portal: the

problem, target audience, solution to the problem, and the business model. The above

information is what is needed for the evaluation process. The Flask back-end ensures that the

information provided is validated and then structured before sending it to the LLM as a request.

This process standardizes the inputs from different startups so that the evaluation process

becomes less ambiguous. The validated information is then sent to the prompt generation stage,

as shown in Figure 2.

Figure 2. Operational workflow of the LLM-based startup idea validation system
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3.2 Dataset Description

Kickstarter 2018 (Pre-processed Dataset) [11] serves as a benchmark dataset to evaluate

the proposed approach of using an LLM to assess startups. This dataset comprises 191,724

campaigns with both text and structured features such as campaign name, blurb or description,

funding data, campaign duration, and outcome of success or failure. The campaign description

serves as the input in natural language form while the campaign outcome is kept as the evaluation

reference.

To perform the classification evaluation using the quantitative method, the outcomes of

the campaigns are categorized into three reference classes based on the decision classes generated

by the model: Recommended, Moderate, and Not Recommended. Successful campaigns are

considered to belong to the Recommended category. Unsuccessful campaigns are further divided

depending on the achievement of the predetermined target funding level: those that reach more

than 50% of the target funding are labeled as Moderate, while the rest are classified as Not

Recommended. Data containing missing information about the campaign outcome is disregarded

from the classification evaluation process.

The original outcome of the campaign is translated to the decision label space needed

for the proposed assessment model. The successful campaign is mapped to Recommended

while the unsuccessful campaign is mapped to Not Recommended. However, since the original

outcome has a binary nature, the Moderate label cannot be taken from the original outcome and

hence does not have an independently created ground-truth label without the definition of an

intermediate-outcome criterion.

Before partitioning, any data that has missing or unusable required variables is excluded.

Subsequently, the remaining data is split into two groups: 80 % for the development/reference

purpose and 20 % for the held-out test dataset, maintaining the proportionate class of the target

outcome variable. The LLM does not undergo training and finetuning on the dataset. The

assessment generated by processing the description from the held-out dataset is then compared

to the actual result obtained.
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Table 1. Dataset specifications

Parameter Specification

Dataset Kickstarter 2018 (Pre-Processed Data)

Source Zenodo

Campaign Records 191,724

Primary Textual Field Campaign blurb/description

Supporting Attributes Campaign name, funding date, funding period, funding
amount, success status

Evaluation Target Campaign success status

Dataset Role Benchmark evaluation

LLM
Training/Fine-Tuning

Not performed

Development/Reference
Subset

80%

Held-Out Test Subset 20%

Split Strategy Stratified random partition

Text Utilization Natural-language startup/idea input

Preprocessing Removal of incomplete/unusable records

3.3 Structured Prompt Construction and LLM Evaluation

The validated representation of the startup is transformed into an organized prompt that

has the problem statement, target market, solution offered, and business model. The prompt

dictates the evaluation criteria to be used as well as the response structure to be provided by the

LLM such that the LLM does not produce unrestricted narratives but rather focuses on startup

assessment fields. The prompt created is sent through the Flask backend to the set up LLM API.

The response received from the LLM is parsed in order to retrieve the respective

assessment scores as well as comments. These scores are then normalized against a common

scale prior to being scored and financially processed. Therefore, the LLM acts as the contextual

assessment layer, whereas scoring and financial processing interpret its output.
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3.4 Multi-Factor Viability Assessment

Normalization of the extracted scores for the LLM assessment is done, based on a

common scale, while the scores are aggregated based on the predefined criteria. Calculation of

the total viability score is based on the weighted aggregation of the criteria, as expressed in the

formula

V =
n

∑
i=1

wisi,
n

∑
i=1

wi = 1 (1)

where V denotes the overall viability score, sirepresents the normalized score of the

ithevaluation criterion, and widenotes its corresponding weight. These dimensions are as follows:

market need, competitiveness, value proposition, technological feasibility, scalability, and

business model suitability. This score is then used in conjunction with the individual dimension

observations to formulate the overall viability evaluation.

3.5 Financial Assessment

The financial assessment module evaluates the set of financial metrics which can be

obtained for the submitted startup. They include income, cash flow, burn rate, runway, cost per

Customer Acquisition Cost (CAC), and the value of the customer LifeTime Value (LTV). These

metrics are evaluated in combination with the viability assessment derived from the LLM. In

case when both LTV and CAC are known, their ratio is defined by the following expression:

LTV
CAC

=
LTV
CAC

(2)

where LTV represents the estimated lifetime, value generated by a customer and CAC

denotes the cost incurred to acquire that customer. The resultant indicator is part of the financial

analysis process along with the cash flow position, burn rate, and runway. The process thus

moves beyond assessing the viability of an idea to considering financial sustainability prior to

moving on to risk assessment and recommendations.

3.6 Risk Analysis and Recommendation Generation

The risk analysis stage combines the outputs that have been derived from the multi-factor

assessment of viability and financial analysis. This system analyzes different types of risks that

may arise from the market, competitive situation, technical aspects, scalability, and financial
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aspect considering the attributes of the startup and the observations by the LLM. Every single

risk corresponds to the specific weakness of the startup idea analyzed.

From the analysis of the discovered weaknesses and the result of the assessment carried

out, the LLM formulates recommendations that will be used in enhancing the concept of the

startup. This is done by formulating recommendations based on the findings of the assessment

process and not on a pre-established list of recommendations.

3.7 Report Generation, Storage, and Retrieval

Post viability, financial, and risk assessment of the system, the output is combined and

compiled into a validation report. This report comprises the criterion level assessment, viability

score, financial assessment, risks detected, and recommendations for improvement. The Flask

backend sends the generated report back to the web interface where it can be presented to the

user immediately.

At the same time, the final evaluation is stored in the MongoDB database, which ensures

that past evaluations will be saved in the form of evaluation documents. Using the history

interface, these saved evaluations will be fetched whenever needed so that users can retrieve

their past evaluations without running the original idea again.

Algorithm 1: AI startup idea validation

Input: Startup idea X

Output: Structured validation report R

Step 1: Receive the startup inputs: problem statement,target market, proposed

solution, and business model.

Step 2: Validate the submitted fields and construct the structured startup

representation Xs.

Step 3: Prepare the structured prompt using Xs and the predefined evaluation

criteria.

Step 4: Submit the prompt to the LLM through the Flask backend.

Step 5: Obtain criterion-level assessments for market demand, competition, value

proposition, technical feasibility, scalability, and business-model suitability.

Step 6: Extract and normalize the generated criterion scores.

Step 7: Compute the overall viability score using Equation (1).
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Step 8: Process the available financial parameters and calculate the LTV/CAC ratio

using Equation (2) when both values are available.

Step 9: Identify market, competitive, technical,scalability, and financial risks from

the assessment outputs.

Step 10: Generate recommendations corresponding to the identified weaknesses.

Step 11: Assemble the viability score, criterion assessments, financial analysis,

risks, and recommendations into report R.

Step 12: Store R in MongoDB and display thecompleted report through the web

interface.

END

4. Results and Discussion

4.1 Experimental Setup

The proposed system was tested by making use of the web-based AI Startup Idea

Validator, which consists of a Flask backend, LLM API integration, MongoDB database storage,

and finance evaluation module. Information related to startup ideas was provided through the

web interface and then evaluated using the process outlined above in the methodology.

Table 2. System components and configuration

Component / Parameter Configuration

Application Type Web-based startup evaluation system

Backend Framework Python with Flask

AI Processing Large Language Model (LLM) API

Input Representation Problem statement, target market, proposed solution,
and business model

Evaluation Dimensions Market demand, competition, competitive advantage,
market opportunity, team capability, scalability,
feasibility, and risk

Viability Assessment Weighted multi-factor scoring
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Financial Assessment Revenue, profit margin, cash flow, burn rate, runway,
funding, debt-to-equity, CAC, and LTV

Financial Indicator LTV/CAC ratio

Database MongoDB

Result Management Persistent evaluation history and detailed-result retrieval

Benchmark Dataset Kickstarter 2018 (Pre-Processed Data) [11]

Dataset Records 191,724 campaign records

Dataset Partition 80% development/reference, 20% held-out test

Partition Strategy Stratified random split

Evaluation Mode Real-time application execution and held-out
benchmark assessment

4.2 LLM-Based Startup Evaluation Output

The experimental evaluation tests how the system converts a given startup idea into a

multi-dimensional evaluation structure. For the edume startup idea, the report generated from the

system gives a viability score of 56/100 and recommendation of MODERATE. The evaluation

determines that EdTech is the targeted market and evaluates the idea using competitor analysis,

competitive advantage, market opportunity, and team capability.

Figure 3. LLM-based startup evaluation output

As shown in Figure 3. the competitor analysis reveals a fragmented market of tutoring,

Journal of Information Technology and Digital World, December 2026, Volume 8, Issue 4 317



AI Startup Idea Validator

where there are already online and offline options available, whereas the competitive advantage

analysis reveals the constraint in the form of limited differentiation. On the other hand, the

market opportunity analysis reveals a significant demand in the target market segment. The

above example proves that the LLM module is not only providing one viability assessment but

also breaking down the entire start-up idea into various criterion-based assessments.

4.3 Evaluation History and Persistent Result Management

The evaluation history module ensures a sustainable way of managing the startup

evaluations created. All the evaluated startups are saved with their respective names, target

markets, scores on viability, recommendations made, and dates on which the evaluations were

processed.

As illustrated in Figure 4, the interface keeps several evaluation records, comprising

evaluations of the edume startup done more than once and evaluation of Shopify. The keeping

of each individual evaluation ensures that the results of the assessment can be compared

across various submissions without having to undergo the whole LLM inference process again.

The incorporation of MongoDB into the Flask back-end thus acts as the evaluation record

management layer in the startup validation system.

Figure 4. Persistent startup evaluation history
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4.4 Financial Assessment and Sustainability Analysis

The financial analysis module analyzes the financial situation of the startup based on the

parameters entered in the application. The financial analysis takes into consideration factors such

as revenue generation, profit-making capacity, cash flow status, capital consumption, operational

runway, funding model, and the economics of the customer.

As illustrated in Figure 5, edume is financially assessed to have moderate financial

situation and sustainability. This can be attributed to the fact that in the analysis of the

components, edume is found to have better unit economics and runway features, whereas

profitability is found to be a weak aspect which needs to be improved. In this case, the system

considers operational efficiency and cost optimization to be suitable solutions for the identified

problems.

Figure 5. Startup financial sustainability assessment
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4.5 Quantitative Evaluation Results

Quantitative assessment of the effectiveness of classification in the developed startup

evaluation system is conducted using the comparison of the decision classes formed and the

ground-truth decision classes described in section 3.2. This comparison considers three classes –

Recommended, Moderate, and Not Recommended and analyzes how well the generated decision

classes correspond to the reference decision classes. The class-wise distribution obtained in this

way is shown in the form of the confusion matrix in Figure 6.

Figure 6. Confusion matrix of startup outcome assessment

The confusion matrix shows considerable clustering of the predictions on the main

diagonal, implying consistency in agreement between the predictions made by the system and

the corresponding references. The off-diagonal clustering is also modest, implying that the

evaluation framework can effectively differentiate the key decision categories, although the

overlapping near the middle category is due to the ambiguity of the borderline startups.

The derived performance measures are presented in Table 3. The high correlation

between the macro-averaged metrics shows the consistent classification pattern within the three

types of decisions. The most prominent class-level classification is achieved for the category

"Not Recommended", while the lower value obtained for Moderate points at the fact that the

difficult-to-categorize cases constitute the main challenge of the task. On the whole, the analysis

demonstrates that the developed classification system allows the reliable separation of the classes.
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Table 3. Classification performance by class

Class Precision (%) Recall (%) F1-Score (%)

Recommended 93.35 94.42 93.88

Moderate 93.05 92.51 92.78

Not Recommended 96.44 96.14 96.29

Macro Average 94.28 94.36 94.32

5. Conclusion and Future Work

The proposed AI-powered startup validation system presents an example of an integrated

method of evaluating startups at the initial stage by employing the following components:

contextual reasoning with the help of LLM, viability assessment, financial assessment, and

persistent management of evaluations. Specifically, the Flask framework is used for transforming

the description of startups into structured data for analysis and providing insights on criteria

such as demand, competitiveness, uniqueness, scalability, feasibility, and risks. The financial

component of the system analyzes key economic factors and sustainability limitations. Such

an integration allows for a realistic approach to assessing and improving startups prior to any

considerable investment of resources. Future research may involve expansion of the system

using model modification by domain, integration of real-time external market data, predicting

outcomes, more sophisticated financial analysis, and empirical validation on a greater scale.

Traceability and uncertainty estimation of explainable evaluations will increase their transparency

and validity.
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