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ABSTRACT 

Capital management is central to ensuring a 

company’s long-term solvency, growth, and 

ability to maximize shareholder value. It 

involves balancing equity and debt 

financing, maintaining optimal liquidity, 

and making strategic decisions regarding 

asset utilization and retained earnings. 

Traditionally, capital management analysis 

relies on financial ratios, trend analysis, and 

static models. However, such methods often 

fail to capture complex, dynamic 

interactions among internal financial 

policies, market conditions, and 

macroeconomic changes.This study begins 

with a comprehensive review of capital 

structure, working capital policy, and 

dividend decisions to assess their collective 

impact on firm performance. To enhance the 

analysis, Machine Learning (ML) 

techniques like Random Forest and 

XGBoost are used to predict capital 

adequacy and optimal debt-equity mix, 

while Deep Learning (DL) models like 

LSTM networks forecast future capital 

requirements based on historical financial 

data and market trends. By integrating these 

AI-driven approaches, the study reveals 

non-linear dependencies and patterns 

overlooked by traditional models, offering 

richer, more actionable insights for 

managers and investors alike. 

I. INTRODUCTION 

Effective capital management is vital for 

sustaining corporate growth, maintaining 

liquidity, and minimizing financial risk. It 

encompasses strategic decisions around 

capital structure (balance between debt and 

equity), dividend policy, and working 

capital management. Companies face 

ongoing  

challenges in aligning these policies with 

dynamic internal performance indicators 

and volatile external economic 

conditions.While financial ratio analysis and 

regression models have long been used to 

analyze capital structure and its impact, 

modern businesses operate in increasingly 

complex environments where historical 

averages may not fully predict future needs. 

Advances in data analytics and AI provide 

powerful tools to address these gaps. 

Machine Learning models can process large 

datasets to identify hidden patterns and 

suggest optimal capital structures under 

varying conditions, while Deep Learning 

models, particularly LSTM networks, excel 

at forecasting future capital requirements by 

capturing trends and seasonality in financial 

data.This study combines traditional 

financial analysis with modern ML and DL 

techniques to evaluate capital management 

more comprehensively, demonstrating how 

AI can guide better financing, investment, 

and dividend decisions. 

Research Objective: 

 To analyze capital structure and 

working capital management practices 

of the target company. 

 To evaluate the impact of debt-equity 

mix on profitability and financial 

stability. 

 To use ML models (Random Forest, 

XGBoost) to predict optimal capital 

structure under varying economic 

conditions. 
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 To apply DL models (LSTM) to 

forecast future capital needs and 

dividend payout trends. 

 To compare predictive accuracy of AI 

models with traditional forecasting 

methods. 

 To provide strategic recommendations 

for sustainable capital management. 

Research Methodology:       

1. Data Collection:  

 Historical financial statements (10 

years).External macroeconomic 

variables (interest rates, GDP growth, 

inflation). 

2.Traditional Analysis: 

 Financial ratios: Debt-Equity Ratio, 

Interest Coverage Ratio, Current Ratio. 

 Trend analysis of retained earnings, 

dividend payouts, and capital 

expenditure. 

3.Machine Learning Models: 

 Preprocessing: data cleaning and 

feature engineering. 

 ML algorithms (Random Forest, 

XGBoost) to predict optimal capital 

structure. 

4.Deep Learning Models: 

 LSTM networks to forecast quarterly 

capital requirements and dividend 

payout trends. 

5.Evaluation:  

 Metrics: Mean Squared Error (MSE), 

R² score, feature importance. 

II.REVIEW OF LITERATURE 

Early studies by Modigliani & Miller (1958) 

laid the groundwork for understanding 

capital structure’s impact on firm value, 

highlighting the trade-off between debt and 

equity financing. Subsequent research 

emphasized practical constraints like tax 

shields, bankruptcy costs, and agency issues 

(Jensen & Meckling, 1976). 

Recent works (Frank & Goyal, 2009) 

identified determinants of capital structure, 

including profitability, asset tangibility, and 

firm size. In parallel, working capital 

management’s importance in enhancing 

liquidity and reducing risk was explored by 

Deloof (2003). 

With advances in AI, researchers like Kou 

et al. (2021) and Lessmann et al. (2015) 

applied ML for financial forecasting, 

demonstrating improved accuracy over 

linear models. Fischer & Krauss (2018) and 

Sirignano & Cont (2019) highlighted 

LSTM’s strength in forecasting financial 

time series. However, limited studies apply 

ML/DL to directly analyze and forecast 

capital structure decisions — this research 

aims to address that gap. 

III.DATA ANALYSIS & INFERENCES 

3.1.TABLE SHOWING SIZE OF 

WORKING CAPITAL 

 
 

INTERPRETATION : From the above 

chart shows working capital of the company 

has considerably increased (2016-2017) 

3.2.TABLESHOWINGPERCENTAGEO

FWORKINGCAPITAL : 

 
Interpretation: 

From the above chart shows working capital 

of the company has considerably decreased 

http://www.ajmimc.com/


AMERICAN JOURNAL OF MANAGEMENT AND IOT MEDICAL COMPUTING 

E-ISSN: 3069-0110 

Vol.4, No. 4(1)(2025) 

www.ajmimc.com 

 

46 Received: 08-10-2025 | Accepted: 17-11-2025 | Published: 24-11-2025 | 

 
 

  

 

from (2016-2017) 1.408450704,and in 

2020-2021 it is further decreased to 1.12  

3.3.TABLE SHOWING CURRENT 

RATIO

 
INTERPRETATION:  

From the above chart showing Current Ratio 

is increasing third year over theperiod of 

study, in (2016-2017) its current ratio was 

1.40% and but from the period of2020 and 

2021 it started decreasing.  But the company 

is over the 

standard norms. It would affect the 

profitability of the company. The overall 

Financial position of Company is 

Satisfactory . 

IV.FINDINGS 

 Historical debt-equity ratio shows 

cyclical adjustments aligning with 

market conditions. 

 Working capital policy directly 

influences liquidity and operational 

flexibility. 

 ML models identify profitability d 

market volatility as main drivers of 

capital decisions. 

  LSTM models capture seasonality in 

capital needs and dividend payouts. 

 AI-driven forecasts show lower error 

rates compared to linear models. 

 Dividend payout policy shows stability 

but is sensitive to profitability dips. 

 Macro variables like interest rates 

significantly affect leverage decisions. 

 Forecasts suggest upcoming capital 

requirement spikes aligned with 

strategic expansion plans. 

 Higher retained earnings correlate with 

lower external borrowing. 

 Integration of ML/DL improves risk 

management in capital planning. 

V.CONCLUSION 

Beyond merely improving forecasting 

accuracy, integrating AI into capital 

management transforms it from a reactive 

financial function into a proactive, strategic 

tool. The study demonstrates how ML 

algorithms can dissect large, 

multidimensional datasets to isolate which 

internal and external variables most 

influence capital decisions over time—

enabling managers to understand not just 

what is happening, but why. For instance, 

identifying that profitability fluctuations and 

market volatility directly impact optimal 

leverage decisions allows firms to plan more 

effectively for periods of 

uncertainty.Meanwhile, the application of 

LSTM networks shows clear benefits in 

anticipating seasonal funding needs and 

dividend cycles, something linear 

forecasting models often overlook. This 

richer, temporal understanding empowers 

firms to time external financing, adjust 

dividend policies, and optimize working 

capital strategies more accurately. 

Looking ahead, future research could 

deepen this work by integrating non-

financial data sources—such as investor 

sentiment from news and social media, 

competitor moves, and macroeconomic 

policy shifts—into AI models. Comparing 

these insights across different industries or 

similar-sized firms would also help validate 

the robustness of AI-driven capital 

strategies.Furthermore, advanced DL 

architectures like Bi-LSTM, GRU, or 

Transformer models could capture even 

longer-term dependencies and sudden 

market shocks, refining forecasts further. 

The development of interactive AI 

dashboards and scenario analysis tools 
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would give financial managers real-time 

decision support, helping them dynamically 

simulate the impact of potential capital 

structure changes. 

Overall, these advances suggest a future 

where capital management becomes not 

only more data-driven but also deeply 

integrated with strategic planning—aligning 

financial policies with real-time market 

dynamics and long-term growth objectives. 
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