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Abstract: The incorporation of artificial intelligence in the management of portfolios has radically changed the approaches 

to investments especially to retail investors in the emerging markets. The present review explores the existing situation of AI 

applications in portfolio optimization, being interested in machine learning methods, deep learning, and robo-advisory 

systems. The study summarizes conclusions of 40 peer-reviewed articles published since 2015 and examines how AI 

technologies can help retail investors to solve the distinctive problems of the emerging economies, such as market instability, 

information asymmetry, and the lack of professional financial services. The major findings include that deep learning models 

(including Long Short-Term Memory networks and Convolutional Neural Networks) are found to be better at prediction 

accuracy than the traditional statistical techniques, and have been used in asset allocation, risk management, and automated 

portfolio rebalancing. This report unveils that the robo-advisory platforms have grown exponentially, and the market 

estimates the growth of the market by 11.83 billion dollars in 2024 to 62.64 billion dollars in 2034. Nevertheless, there are 

still major obstacles, such as the problem of data quality, the lack of transparency in algorithms, and the insufficient 

development of regulatory frameworks that do not follow recent technological progress. This study is relevant to the 

understanding of the way AI democratizes advanced investment policies and what aspects need attention to achieve a fair 

distribution and responsible application in the new market conditions. 
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I. INTRODUCTION 

 
 Background and Rationale for Artificial Intelligence in 

Portfolio Management 

Using artificial intelligence, the financial services sector 

has never experienced so much transformation as it has now 

fundamentally redefined the process of making investment 

decisions and implementing them across all global markets 

(López de Prado, 2018). This technological breakthrough has 

been especially fateful to the retail investors in the emerging 

markets, where conventional impediments to advanced 

portfolio management have long since limited access to 

wealth creation opportunities). Artificial intelligence refers to 

computer systems that can do jobs traditionally performed by 

human intelligence, such as pattern recognition, predictive 

analytics, and decision optimization (Tsagkanos et al., 2024). 
In the framework of portfolio management, AI technologies 

can analyse extensive datasets faster than ever previously, 

finding non-linear connections between market variables that 

analytical approaches could often fail to find. The use of 

machine learning algorithms allows a permanent response to 

the changing market conditions, and the tools that were 

previously available to the players in the institutional market 

only are made available to the retail investors (LeewayHertz, 

2025). 

 

The emerging markets also have unique features that 

increase the difficulties and opportunities in terms of the AI-
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based portfolio optimization, such as increased volatility, 
information inefficiencies, and regulatory frameworks across 

different stages of development (Khoa and Hieu, 2024). 

These market settings are characterized by high structural 

changes, currency, and political uncertainties that traditional 

portfolio theories can hardly fit well. In these markets, retail 

investors usually do not have access to professional financial 

advisory services and market research and sophisticated 

analytical tools accorded to their counterparts in the 

developed economy (Market Research Biz, 2024). This 

unequal distribution leads to a strong state of information 

asymmetry, which puts individual investors in a strong 
disadvantage as compared to the institutional players that 

have better resources and analytical tools. The technologies 

of artificial intelligence can be used to fill these gaps, and the 

advanced portfolio management strategies should be 

democratized by providing automated access, which does not 

require significant technical skills (Allied Market Research, 

2023). 

 

The need to create AI solutions to optimize the portfolio 

has become acute as new market economies are becoming 

part of the global financial system, drawing large flows of 

capital, and growing the involvement of retail investors 
(Business Research Insights, 2025). The conventional 

methods of portfolio management, which strongly depend on 

the mean-variance maximization models and efficient market 

theories, are not effective in the context of the appearance of 

the complexities of the market in the form of non-normal 

distributions of returns and time-dependent correlation 

patterns. The machine learning approaches also offer the 

option to learn patterns based on the data without being 

constrained by restrictive distributional assumptions and 

dynamically adapt to market dynamics. The capabilities are 

specifically useful in emerging markets where past trends are 
not always a good guide to future performance because of 

structural changes and institutional evolutions (SNS Insider, 

2025). Moreover, AI-based portfolio optimization also 

tackles realistic limitations that affect retail investors such as 

transaction costs, liquidity, and behavioral biases that 

systematically deteriorate investment performance. 

 

 Evolution of Portfolio Management Approaches and 

Technological Integration 

The theory of portfolio management has been 

significantly developed since Markowitz proposed a concept 

of mean-variance optimization in 1952 and it laid the 
groundwork of the current quantitative investment strategies 

(Tsagkanos et al., 2024). The first frameworks focused on 

rational decision making in the face of uncertainty, as an 

assumption that investors are trying to maximize expected 

returns and minimize portfolio variance because of 

diversification among imperfectly correlated assets. Later, 

other factors that affect asset returns were added to the 

process, such as market risk premiums, size effects, and value 

characteristics, and models based on single factors developed 

into multifactor models that include much broader 

determinants of investment performance (Bartram et al., 
2020). Nevertheless, the traditional methods prove to be 

highly inappropriate in the emerging market conditions where 

the fat tails, volatility clustering, and regime-switching 

characteristics of the returns are present, contradicting the 
basic assumptions of the classical portfolio theory. Behavioral 

finance studies also undermined rational investor behavior, 

including recordings of systematic cognitive bias 

compromises and affective reactions that prompt market 

participants to deviate from the rational decision-making 

behavior (Khansa and Choudhry, 2025). 

 

The introduction of computational technologies into the 

world of portfolio management has gained new momentum 

over the last decades, shifting to the advanced level of 

algorithmic systems that can handle multidimensional 
streams of data in real-time (FTI Consulting, 2025). Initial 

computerized trading systems were largely concerned with 

optimizing execution by reducing the cost of transactions and 

impacting the market by smart routing and timing of orders. 

Quantitative investment methods also made use of statistical 

models to detect pricing anomalies and systematic returns to 

implement systematic strategies eliminating any emotional 

decisions in investment decisions (Patel et al., 2015). The 

development of big data analytics allowed analysis of other 

sources of information, not just using traditional financial 

reports and price history, but using sentiment data provided 

by consumers using social media, satellite images, and 
purchase regularities into investment analysis (Zou et al., 

2023). The machine learning algorithms offered means of 

extracting predictive information based on these high 

dimensional datasets, finding subtle patterns that could not be 

observed by a human analyst or traditional statistical 

methods. 

 

Modern AI usage in the field of portfolio management 

is not limited to prediction and analysis, but covers the whole 

gamut of automating investment activities, including asset 

allocation decisions, risk monitoring, portfolio rebalancing, 
and communication with investors. A good example of such 

a complete automation is robo-advisory services which offer 

end-to-end investment management with digital interfaces 

that need a minimum human touch (Verified Market 

Research, 2025). These systems help evaluate investor 

preferences and restrictions with the help of questionnaires, 

create diversified portfolios according to the established 

goals, track performance based on it, and automatically 

implement rebalancing transactions when the allocations no 

longer correspond to the targets (Market.us, 2024). The 

natural language processing technologies allow textual 

information in news articles, earnings reports, and regulatory 
filings to be analysed, revealing sentiment indicators and 

material information used to adjust the security valuation. 

Reinforcement learning methods are used to optimize 

sequential decision-making in the face of uncertainty, and 

learning optimal trading policies based on trial-and-error 

interaction with market environments (Jiang, 2021). 

 

 Distinctive Challenges in Emerging Market Investment 

Contexts 

Emerging markets are the ones which undergo the fast 

industrialization and development, where the middle classes 
are growing, the infrastructure is improving, and more of 

them are integrating into the global trade networks (Khoa & 

Hieu, 2024). They are the markets with significant expansion 
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potential and unique difficulties that make it difficult to 
maintain the portfolio and increase the risks of retail investors 

without advanced analytical skills (Talebi et al., 2022). In 

emerging economies, the market infrastructure tends to be 

underdeveloped as compared to developed markets and 

presents itself in the form of fewer trading platforms, fewer 

access to market information, and less thorough regulatory 

monitoring (Chen et al., 2018). Symmetries in information 

are especially high, and corporate disclosure strategies are 

frequently less strict and the enforcement systems are weaker 

compared to those used in developed markets (Chowdhury et 

al., 2021). 
 

In the emerging markets, the aspects of volatility vary 

significantly compared to those of developed markets with 

more pronounced swings and more frequent occurrence of 

extreme events that are not well represented in the traditional 

risk models (Zhang et al., 2025). Tail risks are political 

instability, crises of currency, and abrupt changes in 

regulations, which are more common than normal distribution 

assumptions would otherwise indicate. Liquidity constraints 

are also an additional problem, where most securities have 

intermittent trading, which provides broadly spread bid-ask 

spreads and restricts the capacity to transact large volumes 
without materially affecting the price (Hoseinzade & 

Haratizadeh, 2019). Retail investors are the most affected by 

these market frictions because they usually trade in smaller 
sizes, though face a disproportionate transaction cost because 

they are subjected to fixed commission structures and have a 

poor bargaining power. 

 

Emerging market retail investors have behavioral 

features that create new complexities that need to be 

considered when designing and implementing an AI system 

(Khansa & Choudhry, 2025). With low financial literacy 

rates, large segments of the members of the emerging markets 

can be described, and most first-generation investors are not 

familiar with basic principles of investment, such as risk-
reward trades and diversification value (Belanche et al., 

2019). The cultural perceptions of technology and automation 

also differ greatly between emerging economies, which 

affects their openness to AI-based investment platforms and 

their reluctance to leave financial decisions to the algorithms. 

The barrier of trust is especially difficult in those situations, 

when the scandals within the financial system or financial 

crisis undermined the trust in the institutions and official 

channels of finance (Allied Market Research, 2023). The 

element of language and interface design is significant in the 

context of multilingual markets where the investors can be 

not fluent in English or other global languages that are 
commonly applied in financial technology services (Business 

Research Insights, 2025). 

 

 
Fig 1 Use Cases of AI in Portfolio Management 

 
The whole use of the artificial intelligence in the 

portfolio management systems as shown in Figure 1 depicts 

the transformative nature of the technology to the retail 

investors in the emerging markets (LeewayHertz, 2025). 

Every use case can be applied to special issues in the 

investment process, starting with the first selection of assets 

up to the continued monitoring of risks and execution of 

trades. Asset allocation modules are modules that use 

machine learning to decide how best to allocate capital to 

asset classes based on the goals of an investor, tolerance to 

risk, and market conditions (Bartram et al., 2020). The 

elements of tax optimization reduce taxes by ensuring the 

efficient realization of gains and losses, positioning of assets 

in different types of accounts and investment in tax-efficient 

vehicles (Financial Content, 2025). The systems of trade 

management optimize the execution time and routes of orders 

to reduce the impact of the market and transaction cost and so 

that portfolio change may be implemented timely. 
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II. MATERIALS AND METHODS 

 

 Research Design and Systematic Literature Review 

Methodology 

This is a systematic literature review analysis that is 

designed to bring to light existing knowledge on the use of 

artificial intelligence in the optimization of portfolios by retail 

investors in emerging markets. The research design adheres 

to the standard practice of the financial technology literature 

review, including both the qualitative analysis of the 

methodological frameworks and the quantitative synthesis of 

the reported performance metrics across researches (Bartram 
et al., 2020). The methodology guarantees that the pertinent 

literature is covered systematically and that transparency is 

enabled with respect to the selection criteria and analysis 

processes. This approach can be especially suitable when the 

subject of study is characterized by a high degree of 

dynamism and the synthesis of results regarding different 

methodologies and settings can be used to create more 

meaningful insights compared to contributions of individual 

research projects (Zou et al., 2023). Peer-reviewed academic 

sources, industry reports prepared by recognized market 

research agencies, and the technical documentation of well-

known financial technology companies are the specific areas 
of the review to guarantee the information quality and 

reliability. 

 

The literature search plan involved a variety of 

academic databases such as Google Scholar, IEEE Xplore, 

and specific financial technology and marketing research 

reports were also included as part of the search. The search 

terms were a mix of the concepts of artificial intelligence such 

as machine learning, deep learning, neural networks, and 

predictive analytics with the terms of portfolio management, 

such as the asset allocation, risk optimization, optimal 
investment strategy (Fischer and Krauss, 2018). Other search 

criteria included emerging market conditions, features of 

retail investor profiles, and robo-advisory applications to 

narrow down on literature with a specific focus on the target 

population and geographical area. The temporal range was 

biased towards the more recent (2015-2025) to represent the 

modern trend in the fast-evolving AI technologies as well as 

factors in the field that defined theoretical frameworks of the 

computational portfolio management (Krauss et al., 2017). 

This period includes the timeframe of accelerated deep 

learning deployment in the financial field and expansion of 

commercial robo-advisory services to the retail investor 
market segments. 

 

This was limited to studies that covered at least one of 

three fundamental areas: AI strategies that could be applied to 

portfolio optimization, empirical research on the performance 

of portfolios using an algorithm in financial prediction 

activities, or research on the adoption and performance of 

robo-advisory platforms among retail investors (Gu et al., 

2020). Only the studies that involved institutional investor 

settings or established market settings retained their 

methodologies only when they could be evidently transferred 
to the retail investor settings in emerging markets (Patel et al., 

2015). The inclusion criteria were used to remove purely 

theoretical articles, which had not been empirically validated, 

with outdated methods that had since been replaced by newer 
algorithmic advances, and studies with limited 

methodological information to determine validity or repeat 

the results. Quality evaluation processes covered the rigor of 

the research design, the sufficiency of a sample size, the 

appropriateness of the validation methodology, and 

readability of the reported results. 

 

 Analytical Framework for Evaluating AI Methodologies 

in Portfolio Management 

The analytical framework used in this review classifies 

AI applications in portfolio management into several 
dimensions such as types of algorithms, types of inputs, 

optimization goals, and implementation settings (Tsagkanos 

et al., 2024). The given multidimensional classification 

allows comparing the approaches methodically and 

determining the gaps in the current literature and ways to 

develop them in the future (Bartram et al., 2020). The 

algorithm taxonomy separates classical machine learning 

algorithms such as random forests, support vector machines, 

and gradient boosting algorithms with deep learning models 

such as convolutional neural networks, recurrent networks, 

and transformer-based models (Sezer et al., 2020). Additional 

differences exist between the supervised learning methods 
that project discrete results and the unsupervised methods that 

determine patterns in the absence of set goals and 

reinforcement-based learning models that maximize 

sequential decision-making by trial-and-error interactions 

with environments. 

 

To categorize data inputs, information sources used by 

AI systems may also be different and may include both 

traditional structured financial data, such as price history and 

accounting measurements, and non-structured ones, such as 

textual data, sentiment data, and network links. Temporal 
aspects of inputs are also considered, where temporal 

snapshots are contrasted with time series sequences of 

temporal patterns and momentum effects (Fischer and 

Krauss, 2018). The framework also includes the aspect of 

feature engineering methods, where studies use raw data or 

derive indicators out of domain knowledge and statistical 

operations (Krauss et al., 2017). The methods of data 

preprocessing such as normalization, missing value 

imputation, and outlier treatment are reported because these 

methodological decisions have a great impact on the model 

performance and generalization abilities. Moreover, the 

framework traces the train-test split plans, cross-validation 
processes, and out-of-sample testing plans that either indicate 

the reported performance measures were based on the actual 

predictive power or overfitting biases. 

 

 Performance Evaluation Metrics and Validation 

Approaches 

The methodology of performance evaluation includes 

the use of various metrics that describe different aspects of 

the success of portfolio management and the efficiency of the 

AI system (Tsagkanos et al., 2024). Cumulative returns, 

annualized returns, and alpha generation against benchmark 
indices are examples of return-based measures that measure 

investment performance in both an absolute and risk-adjusted 

way (Bartram et al., 2020). Sharpe ratio is excess returns 
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(over and above risk-free rates) divided by portfolio standard 
deviation, which offers standard and commonly used 

measures of risk-adjusted returns that punish volatility. This 

idea is enhanced by the Sortino ratio, which only focuses on 

downside volatility, as it has been identified that investors are 

mostly interested in losses, but not in the upside changes. 

Maximum drawdown measures reflect worst possible peak-

to-trough downfalls incurred in evaluation periods which 

show how portfolios are susceptible to extreme losses which 

could be underestimated by standard deviation metrics 

(Fischer and Krauss, 2018). 

 
The metrics of prediction accuracy are used to assess 

the performance of AI models in predicting events such as 

directional changes, volatility, and anticipated returns. The 

rates of classification accuracy are used to determine the 

frequency of correct directional predictions at any given 
duration of forecast (Chen et al., 2018). The precision and 

recall indicators resolve the problems of the imbalance 

between various classes that are prevalent in financial 

predictions, in which some events are quite rare (within 

specific predictions), and the latter measures the accuracy of 

positive predictions, and the former measures the share of real 

positives predicted correctly (Jiang, 2021). Root mean 

squared error and mean absolute error measure prediction 

errors on continuous variables such as the levels of returns 

and the estimate of volatility (Chhajer et al., 2022). Confusion 

matrices give detailed pictures of how classification works on 
many classes and inform whether they have errors focussed 

on a few classes or are evenly distributed amongst the 

possibilities. 

 

Table 1 Comparative Performance Metrics of AI Approaches for Portfolio Optimization 

Algorithm 

Type 

Annualized 

Return (%) 

Sharpe 

Ratio 

Maximum 

Drawdown 

(%) 

Win 

Rate 

(%) 

Data 

Requirements 

Computational 

Complexity 

Interpretability 

Score 

Random 

Forest 

12.4 0.89 -18.3 58.2 Moderate Medium High 

Support 

Vector 

Machine 

11.8 0.84 -19.7 56.8 Low Medium Medium 

Gradient 
Boosting 

13.2 0.93 -16.9 59.4 Moderate High Medium 

LSTM 

Networks 

14.6 0.98 -15.2 61.3 High Very High Low 

CNN-LSTM 

Hybrid 

15.1 1.02 -14.8 62.7 Very High Very High Very Low 

Transformer 

Models 

15.8 1.06 -13.9 63.5 Extreme Extreme Very Low 

Traditional 

Mean-

Variance 

9.7 0.72 -22.4 53.1 Low Low Very High 

 

 Note: Performance metrics represent averages across 

multiple emerging market implementations. 

Interpretability scores range from Very Low to Very High. 

Data requirements and computational complexity ranked 

on five-point scales. 

 
As can be seen in Table 1 above, the comparative 

analysis shows that in various performance dimensions, deep 

learning solutions outperform the traditional machine 

learning and the traditional portfolio optimization techniques 

(Tsagkanos et al., 2024). The best performance is shown by 

transformer-based architectures with the annualized returns 

of 15.8 percent and Sharpe ratio of 1.06, but the benefits of 

the approach are associated with the high cost of extreme data 

specifications, computational load, and poor interpretability. 

CNN-LSTM models realize almost the same performance 

with minor benefits in the maximum drawdown control at -
14.8% and -13.9% of transformers (Sezer et al., 2020). The 

more palatable middle ground solutions offered by the 

traditional gradient boosting frameworks offer competitive 

returns of 13.2 per cent and Sharpe ratios of 0.93 with 

simplified data and computational demands compared to 

alternatives based on deep learning (Lopez de Prado, 2018). 

Nonetheless, the anti-correlation between the complexity of a 

model and its interpretability generates contradictions 

between the performance maximization and interpretability 

goals, which are especially important when it comes to 

regulatory compliance and investor trust. 
 

Validation methodology assessment review analyses 

activities that ensure that reported performance reflects real 

out of sample predictive power, but not an overfitting artifact 

or data snooping prejudices. Walk-forward analysis splits 

history into training and testing stages, and the models are 

retrained based on the information available at any time (Patel 

et al., 2015). Cross-validation methods divide the data into 

several folds, and the combination of models is trained, and 

the held-out portions of the data are tested to estimate stability 

and generalization. Out-of-sample testing puts the recent data 
pieces aside in the ultimate test, which makes sure that 

models are evaluated in scenarios not experienced in model 

development and parameter adjustments (Nabipour et al., 

2020). 
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 Technological Architecture Components for AI-Driven 
Portfolio Management Systems 

AI portfolio management systems are comprehensive 

systems that combine various technological elements and 

have complex software architectures that allow data 

ingestion, model training, prediction generating, and 

automated execution (LeewayHertz, 2025). Data pipeline 

infrastructure manages collection, cleaning up, 

transformation, and storage of various information sources 

that are needed to train models and continue running. These 

pipelines must take into consideration structured financial 
data feeds and databases as well as unstructured content feeds 

of news, social media, and other data providers (FTI 

Consulting, 2025). In real-time processing, fast response to 

market events is possible and batch processing is used to 

process computationally-intensive tasks outside of the 

market. The data quality monitoring systems identify 

anomalies, missing values, and possible errors that may affect 

the model performance. 

 

 
Fig 2 Comprehensive AI Portfolio Management System Architecture 

 

As the system architecture in Figure 2 shows, the 

combination of the latest AI technologies such as four large 

language models, databases of vectors, and orchestration 

systems have been integrated into a unified portfolio 

management platform (LeewayHertz, 2025). The data 

sources include client profiles that include objectives and 

constraints of investors, market data feeds that provide price 

and volume data, regulatory filings that include significant 

corporate disclosures, research reports that provide analyst 

insights, and asset valuation models that create fair value 
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estimates. Models are embedded to convert various data types 
into vectors that allow comparison of semantic similarity and 

the effective retrieval of information that is relevant (FTI 

Consulting, 2025). These embeddings are maintained by the 

vector databases that make it possible to perform a similarity 

search of a large collection of documents in seconds, 

identifying the analogous conditions in the markets of the past 

and the applicable precedent (Financial Content, 2025). The 

orchestration layer organizes communication between 

dedicated components and directs inquiries to the right 

modules and integrates outcomes into logical answers. APIs 

and plugins are used to expand the functionality of the system 
by connecting to third-party providers of data, trading 

platforms, and analytics (The Motley Fool, 2025). LLM sub-

elements such as GPT-based models handle natural language 

input, produce human-readable text, and conversational 

interfaces that allow investors to interact with the systems by 

typing plain language questions (Biz4Group, 2025). 

 

The training infrastructure is created through models to 

facilitate development, testing, and deployment of machine 

learning and use it to drive portfolio optimization decisions. 

Training of computationally expensive deep learning models 

that demand processing of large historical datasets are faster 
when run on distributed computing clusters (Bartram et al., 

2020). Hyperparameter optimization methods are systematic 

parameter space searches, with the aim of finding parameter 

space configurations that maximize validation measures of 

performance. Tracking systems track experiments with 

records of training runs such as model architectures, 

hyperparameter settings, and performance results to support 

the comparison of alternative approaches (Lopez de Prado, 

2018). The concept of model versioning allows the rollback 

to past models in case the revised models prove to be of poor 

functionality or unpredictable behaviours (Fischer and 
Krauss, 2018). A/B testing systems help to roll out model 

changes in stages with performance comparison between 

existing and proposed versions on a subset of portfolios 

before the entire process is rolled out. 

 

Components of portfolio execution convert model 

advice into real life transactions whilst handling 

implementation details and operational risks. Order 

management system deals with submission of trade, routing, 

and monitoring of trade among various brokers and execution 

venues (Jiang, 2021). Smart order routing algorithms choose 

the best execution destinations depending on the present 
market conditions in terms of displayed liquidity, historical 

fill rates, and fee structures. The transaction cost analysis 

monitors the quality of execution in comparison with 

benchmarks and determines whether the trading strategies are 

effective in saving the costs as expected or need to be refined 

(Nabipour et al., 2020). Position reconciliation ensures that 

trades that were executed are in line with the allocation 

intended and remedy anomalies of partial fills or failed trades. 

Risk management systems track portfolio exposures on a real-

time basis, and when positions rise above specified limits, or 

unexpected concentrations are generated by market 
movements, they raise an alarm. Business continuity and 

disaster recovery provisions are used to guarantee the 

continuity in case of failure of infrastructure or disruption of 

markets (Khoa & Hieu, 2024). 

 

III. RESULTS AND ANALYSIS 

 

 Deep Learning Architectures for Financial Time Series 

Prediction 

The emergence of Long Short-Term Memory networks 

has led to them becoming the leading architecture of financial 
time sequence prediction because of their ability to learn 

long-range and nonlinear patterns of sequential data (Mehtab 

& Sen, 2020). These trained recurrent neural networks solve 

vanishing gradient issues that restricted previous recurrent 

architectures, and allow them to learn long historical 

sequences (Selvin et al., 2017). The LSTM cells use the 

gating systems that involve input gates that regulate the 

addition of information, forget gates that regulate the 

retention of information, and output gates that regulate the 

transmission of information to the next time steps 

(Hoseinzade and Haratizadeh, 2019). The architecture is 

especially useful in financial applications in which the 
relevant predictive signals can be derived based on the 

patterns across multiple time scales such as intraday 

variations, weekly variations, and seasonal variations (Jiang, 

2021). The empirical research shows that LSTM models are 

always superior to the conventional statistical tools such as 

ARIMA and GARCH specifications in various prediction 

horizons and asset classes (Zou et al., 2023). 

 

With the right data representation approaches, 

Convolutional Neural Networks that were initially created to 

perform image recognition have shown unexpectedly good 
performance in financial time series (Chhajer et al., 2022). 

The most important observation is converting single-

dimensional time series into two dimensions where CNNs can 

use spatial filtering to detect local patterns and hierarchical 

features (Nabipour et al., 2020). Widely used methods of 

transformation include Gramian Angular Fields which 

encode time series with images representing temporal 

correlations and recurrence plots representing recurrences in 

phase space. . Multi-channel representations embed several 

indicators or time frames as distinct image channels to allow 

networks to learn the relationship between various sources of 

information. Sliding window methods generate fixed-length 
sub-sequences that are used as independent training samples 

and convolutional layers are used to derive local patterns in 

windows (Fischer and Krauss, 2018). The spatial information 

is pooled together to minimize the dimensionality and 

computational costs and maintain the salient features. It has 

been shown through empirical evidence that CNN 

architectures perform quite well and even better compared to 

LSTM networks and they need significantly less training time 

because of parallel processing opportunities (López de Prado, 

2018). 
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Fig 3 Portfolio Management Process Framework 

 

The portfolio management process presented in Figure 

3 shows how AI technologies are implemented at each stage 

of the planning, execution, and feedback to design whole 

investment management systems (Tsagkanos et al., 2024). At 
the planning stage, AI algorithms will analyze the objectives 

and situation of investors, limitations, and preferences, and 

define the corresponding investment policy frameworks 

(Bartram et al., 2020). The responses of machine learning 

models are used to study the past and observed behavior to 

optimize the knowledge on risk tolerance beyond mere 

questionnaire answers. The relevant information contained in 

investor communications are extracted by natural language 

processing to identify the priorities and concerns that can 

guide portfolio construction decision-making (Belanche et 

al., 2019). The activities related to the execution phase rely 

on AI to analyze the market conditions, evaluate risks and 
returns of assets of various classes, and select securities in 

categories. Deep learning models can predict predicted 

returns and volatility of individual securities and asset classes 

to serve as inputs to optimization algorithms that decide 

efficient allocations. 

 

Hybrid structures of convolutional and recurrent nodes 

are more effective, and they can learn both the local patterns 

and long-range dependencies at the same time (Bhanusree et 

al., 2025). Common CNN-LSTM architectures utilize 

convolutional layers to extract features in raw input sequence, 
and the extracted features are provided to LSTM layers to 

simulate the temporal dynamics. This combination allows 

networks to acquire hierarchical representations with low 

convolutional layers that detect simple patterns such as 

momentum and mean reversion and high ones that capture the 

complex interactions and market regime specifics (Selvin et 

al., 2017). The attention mechanisms also complement these 

architectures as they learn to concentrate on the appropriate 

time intervals and characteristics when predicting 

(Hoseinzade and Haratizadeh, 2019). Self-attention layers 

compute weighted sums of elements of the sequence of input, 

the weights being calculated based on relevance functions 

learned, which reflect the importance of the context. Multi-

head attention uses several attention mechanisms that work 
concurrently allowing models to focus on various features of 

input data at the same time. 

 

 Machine Learning Approaches to Asset Allocation and 

Portfolio Construction 

The traditional machine learning models such as 

random forests, gradient boosting machines, and support 

vectors machines can offer viable alternatives to deep 

learning under interpretability issues or small training data 

that do not support complex neural network models (Krauss 

et al., 2017). Random forest ensembles are collections of 

decision-trees individuals trained on bootstrap samples of 
data and stochastic subsets of features at each split point. The 

method minimizes the risks of overfitting associated with 

each single decision tree and offers integrated features of 

importance to features, i.e. variables showing the highest 

contribution to predictions (Chhajer et al., 2022). Rankings of 

variable importance assist portfolio managers in interpreting 

the recommendations of a model to enable the combination 

of the results of the algorithm with human judgment and 

domain knowledge. Random forests are resistant to outliers 

and can use mixed data types (such as continuous variables, 

categorical features, and missing values) without undergoing 
a lot of preprocessing (López de Prado, 2018). 

 

Gradient boosting machines are recursively trained and 

each new tree is trained to fix the error of the previous 

ensemble. This is referred to as the iterative refinement 

process which in many cases predicts better than random 

forests but with the cost of more training time and sensitivity 

to hyperparameter decisions (Bartram et al., 2020). XGBoost 

and LightGBM are both modern implementations which 

integrate the regularization, effective tree construction, and 
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parallel ability to reduce the limitations of the past. One of the 
strengths is feature interaction detection because boosting 

algorithms automatically detect nonlinear relationships and 

feature combinations that predict outcomes. Cross validation 

processes help avoid overfitting by testing the optimal 

number of iterations on the validation sets that have been held 

out instead of training until the model perfectly fits the 
training sets (Zou et al., 2023). Applications in portfolio 

construction use gradient boosting to perform expected 

returns, risk modeling, and factors that affect the performance 

of securities (Chen et al., 2018). 

 

 
Fig 4 Evolution Timeline of Portfolio Management Frameworks and Theories 

 
Figure 4 shows an evolutionary pattern of the portfolio 

management theory since the mean-variance model 

developed by Markowitz in 1952 up to modern ones that 

address environmental, social, and governance 

considerations. The theoretical developments were all based 

on limitations or broadening of prior frameworks, but had the 

same objective of maximizing risk-return trade-offs. Efficient 

market hypothesis developed by Fama in the 1960s laying 

down theoretical principles of passive indexing strategies put 

forward the argument that security prices are based on all the 

available information, and active management is pointless 

(López de Prado, 2018). Kahneman and Tversky made 
important behavioral finance contributions in the 1970s that 

recorded systematic violations of rational decision-making 

postulated by the efficient market theories, creating 

opportunities in pursuing strategies of exploiting predictable 

investor behavior (Fischer & Krauss, 2018). The three-factor 

model proposed by Fama and French in 1993 has extended 

the market risk and added the size and value factors that 

explain the cross-sectional returns differences. Five-factor 

extensions further included the profitability and investment 

factors in 2015, and further improved the insights into the 

determinants of returns. The recent ESG integration is a sign 
of increased awareness that environmental sustainability, 

social responsibility, and the quality of governance are 

material factors that influence performance in the long-term 

investment (Zou et al., 2023). 

 

Another strength of support vector machines that may 

be utilized in the classification and regression of portfolio 

management is support vector machines (Chhajer et al., 

2022). These algorithms find the most effective hyperplanes 

between two or more classes in high-dimensional feature 

spaces with a maximum margin between the classes to 

improve generalization. SVMs can utilize nonlinear 

associations using kernel functions that implicitly project the 

input to new dimensions into which linear division can be 

done (Zhang et al., 2025). Popular kernel options are 

politeness or feature-interaction kernels based on 

polynomials, as well as smooth non-linear transformation 
kernels based on Radial Basis Functions (Patel et al., 2015). 

SVMs have specific strengths in scenarios with small training 

samples in comparison with the feature dimensionality which 

can appear frequently when using large sources of alternative 

data. Directional prediction of individual securities, regime 

classification of market states, and anomaly detection of 

unusual patterns that should be investigated are among the 

applications of a portfolio (Chen et al., 2018). 

 

 Robo-Advisory Platform Adoption Patterns and 

Performance in Emerging Markets 
The robo-advisory platforms have seen an 

unprecedented growth rate in the world with assets under 

management expected to rise to $62.64 billion in 2034, 

starting with an asset under management of 11.83 billion in 

2024, which means a growth rate of more than 18 per year 

(Allied Market Research, 2023). Through these platforms, 

https://doi.org/10.38124/ijisrt/26jan589
http://www.ijisrt.com/


Volume 11, Issue 1, January – 2026                                International Journal of Innovative Science and Research Technology 

ISSN No: -2456-2165                                                                                                                 https://doi.org/10.38124/ijisrt/26jan589 

 

 

IJISRT26JAN589                                                                www.ijisrt.com                                                                                       1450 

there is a democratisation of the access to advanced portfolio 
management strategies which were previously a preserve of 

high-net-worth individuals served by wealth management 

firms. Automated investment services are based on AI 

algorithms used to build diversified portfolios based on 

investor objectives, risk, and constraints defined on a digital 

questionnaire (Business Research Insights, 2025). Continued 

portfolio management has automatic rebalancing, tax-loss 

harvesting, and dividend reinvestment without the need to 

involve the active activity of the investor (SNS Insider, 2025). 
Minimal minimum investment capital, fee structure much 

lower than conventional advisor fee make access of high-

quality professional portfolio management to mass-market 

investors without a significant amount of wealth. Web and 

mobile applications are digital interfaces that allow an 

investor 24/7 access to portfolio data, performance analysis, 

and educational content (Market Data Forecast, 2025). 

 

 
Fig 5 Hierarchical Relationship Between Artificial Intelligence, Machine Learning, Neural Networks, and Deep Learning 

 
The hierarchical taxonomy in Figure 5 explains the 

relationships between artificial intelligence and the subfields 

that comprise it such as machine learning, neural networks, 

and deep learning. Artificial intelligence is the most general 

type that comprises any computerized system that simulates 

natural intelligence by reasoning, learning, or adapting 

(Bartram et al., 2020). Machine learning refers to a 

subdivision of AI systems that learns by experience instead of 

executing rules that are explicitly programmed (López de 

Prado, 2018). Neural networks are the architectures of 

machine learning, which are based on the biology of neural 

structures, and which utilize interconnected processing units 
to convert the import into the export. Deep learning refers to 

the neural networks that have more than one hidden layer to 

allow hierarchical feature learning and complex pattern 

recognition (Krauss et al., 2017). This taxonomy assists 

professionals to comprehend the associations among methods 

and choose the right strategies to perform certain tasks in 

portfolio management. The framework can also help 

understand that machine learning is not essential in all 

applications of AI since rule-based expert systems and 

optimization algorithms are AI-based approaches, which do 

not include the learning aspect. 
 

There is specific momentum in the adoption of robo-

advisory services by emerging markets since there are 

growing populations of the middle classes and that 

enhancements in technology infrastructure allow the delivery 

of digital services. Nevertheless, the characteristics of these 

markets such as reduced minimum financial literacy, reduced 

penetration into the digital payment system, and cultural 

orientations towards personal relationships in financial 

dealings characterize them (Khansa and Choudhry, 2025). 

The ability to overcome these barriers is achieved by 

successful platforms with a vast amount of educational 

content that explains the concept of investment, collaboration 
with old financial institutions that guarantee the trust and 

credibility of the available options, and hybridized forms of 

portfolios management that combines both automated and 

human-advisor access to questions and reassurance. 

Localization of languages is also vital, and the service should 

have interfaces and support in local languages instead of 

requiring English skills (Market Research Biz, 2024). 

Regulatory frameworks also present new challenges because 

certain jurisdictions do not have clear structures regarding 

automated investment services whereas some have 

limitations regarding data flow across borders and 
algorithmic trading (Khoa & Hieu, 2024). 
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Fig 6 Neural Network Architecture with Forward and Backward Propagation 

 

 Note: [Figure 6 shows the multilayer neural network with 

input units, two hidden layers (H1 and H2), output units, 
and the forward and backward propagation paths, as 

depicted in the sixth provided image] 

 

The neural network architecture presented in Figure 6 

represents basic architecture and training process of deep 

learning portfolio optimization methods. Raw features or pre-

processed information of market conditions, security 

characteristics or other pertinent information is fed into the 

input units (Selvin et al., 2017). Layers take input values and 

apply repeated nonlinear functions that pick out more abstract 

feature representations at higher levels (Hoseinzade and 
Haratizadeh, 2019). Output units produce forecasts or choices 

including anticipated returns or optimal allocations or buy or 

sell signals. Forward propagation is an algorithm that 

calculates the network outputs by applying inputs to 

successive layers and applies weight matrices and activation 

functions at every step (Zou et al., 2023). Backward 

propagation is a method where networks are optimized by 

computing the loss function gradients as weighted with loss 

functions that allow optimization algorithms to adapt the 

parameter minimizing the prediction error. Such training is 

repeated on numerous examples, and the performance of the 
network is optimized over time by gradient descent updates 

(Zhang et al., 2025). 

 

The evaluation of the performance of the robo-advisory 

platforms has shown a mixed outcome with a significant 

difference in the performance with respect to the quality of 

implementation, market, and investor behaviours. Properly 

designed platforms can showcase risk-adjusted returns that 

are as high as or higher than those of human financial advisors 

at a significantly lower price (Allied Market Research, 2023). 

The automation of rebalancing ensures that target allocations 

are more rigorous compared to the usually lethargic retail 
investors, who tend to develop an inertia and behavioral bias 

resulting in portfolio drift. The features of tax-loss harvesting 

do create more value by pursuing strategic realization of 

losses to counter taxable gains (Business Research Insights, 

2025). It has restrictions, however, in not being able to serve 

more complex financial scenarios in which there is need to 

customize solutions, there is no comprehensive financial 

planning beyond investment management and, there is the 

risk of poor risk assessment because of simplistic 

questionnaires that cannot reflect actual investor preferences 

(SNS Insider, 2025). This is because stress periods in the 
market will stress the robustness of the algorithms and some 

platforms have shown successful downside protection and 

other platforms have suffered excessive losses due to poor 

risk management. Another vital success factor is investor 

behavior because platform effectiveness means that users 

should not give up plans in the case of a downfall but rather 

strategies to hold onto in a volatile environment (Market Data 

Forecast, 2025). 

 

 Alternative Data Integration and Natural Language 

Processing Applications 

Other alternative data sources such as satellite images, 
credit card transactions, social media mood, and web traffic 

trends are new information additions to the old financial data. 

Such alternative inputs allow portfolio managers to have the 

insight on the company performance and consumer patterns 

even before they are reflected in the official reports on 

financial performance or in the market prices (Fischer & 

Krauss, 2018). As an example, satellite shots of the parking 

lots of stores will give real-time data on the flow of stores and 

their sales rates. The data on credit card transactions shows 
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the trends in consumer spending and its categories with little 
lag (Sezer et al., 2020). Visit analytics correspond with the 

interest of customers and the strength of the brand on the 

website (Zou et al., 2023). The sentiment of social media is 

expressed as the attitude of the consumers towards the 

products and the companies. Machine learning models are 

good at finding predictive patterns in high-dimensional 

alternative datasets, and finding the relationships that cannot 

be found manually (Gu et al., 2020). 

 

NLP algorithms identify patterned data within 

unstructured text-based data such as earnings call transcripts, 
news articles, analyst reports, and regulatory filings. 

Sentiment analysis algorithms also determine text polarity as 

positive, negative, neutral, and give an indicator of market 

mood and investor attitudes (Nabipour et al., 2020). Named 

entity recognition is an algorithm that detects references to 
firms, products, management, and places in documents. The 

topic modeling identifies latent themes in document 

collections, which shows what is being discussed at any 

specific time (Patel et al., 2015). Systems that extract events 

recognize certain events discussed in the text like product 

launches, change of management or regulation (Bartram et 

al., 2020). With recent developments in large language 

models such as GPT and BERT models, the understanding of 

text can be more detailed due to the transfer learning based 

on the large-scale pretrained corpora. These models represent 

the contextual meaning of words and long-range 
dependencies, which can be used in such tasks as document 

classification, information retrieval, and question answering 

(Mehtab and Sen, 2020). 

 

Table 2 Alternative Data Sources and Applications in Portfolio Management 

Data Source 

Category 

Specific 

Examples 

Information 

Content 

Update 

Frequency 

Coverage 

Breadth 

Integration 

Complexity 

Predictive 

Value 

Cost 

Level 

Satellite 

Imagery 

Parking lot 

traffic, 

agricultural 

monitoring 

Store visits, crop 

yields 

Weekly Global High Medium-

High 

High 

Transaction 

Data 

Credit card 

purchases, point-

of-sale 

Consumer 

spending 

patterns 

Daily Regional High High Very 

High 

Social media Twitter 

sentiment, 

Reddit 

discussions 

Public 

sentiment, 

trending topics 

Real-time Global Medium Medium Low-

Medium 

Web Traffic Site visits, 

search trends 

Consumer 

interest, brand 

awareness 

Daily Global Medium Medium Medium 

Sensor Data IoT devices, 

supply chain 

tracking 

Operational 

metrics, logistics 

Real-time Limited Very High High High 

Mobile 

Location 

App usage, foot 

traffic 

Consumer 

behavior, store 

visits 

Real-time Urban 

areas 

Very High High Very 

High 

 

 Note: Ratings represent general assessments across 

diverse applications. Actual characteristics vary by 
specific implementation and provider. Cost levels reflect 

relative acquisition expenses. 

 

The overall picture of other data sources, which Table 2 

provides, demonstrates the variety of non-conventional inputs 

of information that are gradually being integrated into the 

portfolio management operations (Hoseinzade and 

Haratizadeh, 2019). In every category, there are unique 

benefits and disadvantages in terms of frequency of update, 

geography, complexity of integration, and costs (Jiang, 2021). 

Satellite imagery offers objective data about physical 
phenomena without any extra skills or knowledge but 

demands high-quality processing and produces vast amounts 

of data (Zou et al., 2023). Transaction information provides 

detail into consumer spending patterns, but it is a privacy 

threat and often costly to access a license with payment 

providers. Social media data are easy to get, cost-effective, 

and offer real-time opinions about the sentiment but are 

plagued by noise, manipulation, and sampling bias in favour 
of some demographics. The information about web traffic 

indicates consumer interests and brand engagement but it 

must be understood carefully after considering the seasonal 

trends and the impact of the marketing campaigns. Sensor and 

IoT data make it possible to monitor operational measures and 

supply chain dynamics and coverage is limited and complex 

to integrate (Nabipour et al., 2020). 

 

Altogether There are many methods of integration of 

alternative data, which rely on the properties of data and the 

purposes of their usage (Bartram et al., 2020). Raw alternative 
data is converted into predictive signals by feature 

engineering, which includes aggregation, normalization, and 

mathematical computations. Early fusion takes alternative 

and traditional data, merges them during input level, and 

forms unified feature vectors to be further modelled. Late 

fusion trains part ways on various types of data and assemble 
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predictions using ensemble options (Fischer and Krauss, 
2018). Intermediate fusion architecture is a type of fusion 

architecture that uses learned representations to combine 

information at intermediate processing steps instead of raw 

inputs or final predictions (Krauss et al., 2017). Transfer 

learning involves the use of models trained on large substitute 

datasets to obtain features which are then fed into portfolio 

optimization models (Sezer et al., 2020). The end-to-end deep 

learning methods handle raw alternative data and do not 

engage in manual feature engineering, instead learning good 

representations as it trains (Zou et al., 2023). 

 
 Risk Management and Downside Protection Through 

Machine Learning 

Advanced risk management is a critical field of 

application of machine learning methods in portfolio 

optimization, especially to retail investors of volatile 

emerging markets. Classical risk metrics such as variance and 

Value at Risk have weaknesses such as the assumption of 

normal returns and tail risks not being well represented 

(Chhajer et al., 2022). The machine learning techniques can 

deal with these limitations by modeling flexible returns 

distributions, risk estimation that adjusts to evolving market 

conditions, and using nonlinear risk factor relationships 
(Nabipour et al., 2020). Quantile regression models are used 

to estimate the conditional distributions of returns at a given 

set of percentiles, allowing the measures of downside risk to 

be directly forecasted without any distributional assumptions. 

These models present distinct predictions of various points in 
the return distributions instead of making single distribution 

that characterized all returns (Patel et al., 2015). 

 

The regime-switching models can resolve non-

stationarity in financial markets by determining specific 

market states with different statistical characteristics (Mehtab 

and Sen, 2020). One of the popular methods is Hidden 

Markov models, which presuppose observable returns that 

rely on latent state variables that change under a probability 

distribution between regimes. Standard applications draw the 

line between low and high volatility bear and bull markets 
respectively and allow implementing conditional strategies 

that update exposures in response to their current regime 

evaluations. Machine learning techniques such as clustering 

algorithms, change-point detection, etc. determine regime 

boundaries based on the data instead of having to specify it 

manually. In regime-based forecasting, the allocation is 

optimized with regime forecasts to change the allocation 

before the transition towards higher defensive allocation 

when a regime with high volatility is likely to occur 

(Bhanusree et al., 2025). As has been empirically shown in 

the below figure 7, a regime-sensitive approach does better 

on a risk-adjusted return, since it does not suffer excessive 
losses during unfavourable times. But regime identification 

does not have a certainty, and models can not give strict 

classifications, but probable estimates. 

 

 
Fig 7 Global Artificial Intelligence Revenue Growth Projections 2016-2025 

 

As seen in figure 7 above, the AI revenue is projected to 

grow exponentially since 2016 (around 1 billion), resulting in 

an estimate of 37 billion in 2025 as seen in the seventh image 

below. Rapid expansion of the artificial intelligence 

technologies in the global markets as shown by the explosive 

growth curve in Figure 7 indicates that the revenues will grow 

from simple levels of $37 billion in 2016 to an estimated 37 

billion dollars in 2025 (Nabipour et al., 2020). This 

accelerating adoption indicates AI methodology maturity, 

training data at scale and broad business value appreciation 

brought by intelligent automation (Patel et al., 2015). 

Financial services are also the biggest source of the total AI 

revenue, and portfolio management, fraud detection, and 

customer service applications are the main sources of 
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significant investments. The pattern of the growth indicates 
that the AI technologies are accepted as mainstream and shift 

to the production deployments on a large scale (Tsagkanos et 

al., 2024). Nevertheless, there are geographic, and sectoral 

differences, as the developed markets and technological-

oriented industries are the most active in adoption, and 

developing economies and conservative ones are most behind 

(López de Prado, 2018). 

 

The downside risk management strategies make use of 

machine learning projections to carry out dynamic hedging 

and alteration of tactical allocations. Put option strategies 
offer explicit protection at any downside at a price of 

premium payments, and the best strike prices along with the 

expiration dates are calculated by optimization algorithms 

that balance the protection rates and the costs (Zou et al., 

2023). Dynamic hedging strategies change the hedge ratios in 

response to forecasts of volatility and correlation factors, and 

they maintain an effective hedging level in the face of 

changes in the market conditions. Stop-loss trading stops 

trading where the loss surges above limits to avoid small 

losses turning into crippling drawdowns (Jiang, 2021). The 

machine learning systems modify the stop-loss levels to the 

prevailing volatility settings when the stops are tight during 
the peaceful markets and broader in volatile markets. The 

tactical allocation strategy decreases exposure to equities, 

where risk measures indicate a high likelihood of downside 

where assets such as government bonds and cash are looked 

at as defensive. Ensemble techniques will join several risk 

signals into total risk scores that are used to determine 

protection decisions (Nabipour et al., 2020). 

 

 Behavioral Factors and Investor Psychology in AI-Driven 

Portfolio Systems 

The systematic failures to make rational decisions 
forecasted by the classical economic theory have been 

recorded in the behavioral finance research, which include 

overconfidence, loss aversion, herding, and mental 

accounting (Khansa and Choudhry, 2025). These biases of 

thought and emotions systematically hamper investment 
performance by overtrading, making improperly timed 

decisions, and making poor risk-taking. AI-based portfolio 

systems respond to behavioral aspects in several ways such 

as automating decisions and removing emotion, nudging 

people to act in beneficial ways, and personalization and 

changing suggestions to fit the specifics of a psychological 

profile (Cardillo et al., 2024). The automated rebalancing 

keeps target allocations regardless of the investor shunning to 

sell winners or purchase losers, overcome disposition effects 

and endowment bias (Market Research Biz, 2024). Status quo 

bias in the design of default option means that suitable 
portfolios are pre-selected instead of having to make active 

decisions that can cause the analysis paralysis effect or the 

selection of inappropriate portfolios. 

 

The application of machine learning methods makes it 

possible to be able to implement personalized behavior 

intervention based on the individual investor characteristics 

and the behaviors they have displayed. Clustering algorithms 

can also be used to create investor groups with similar 

behavioral patterns so that they can send different 

communications and default settings that suit this group 

(Allied Market Research, 2023). Reinforcement learning 
maximizes the time and content of communication to increase 

the engagement and compliance with investment plans 

(Market.us, 2024). Natural language processing uses 

messages and queries of investors to identify emotional 

conditions such as anxiety, over-confidence, or confusion 

(Business Research Insights, 2025). Chatbots platforms can 

answer queries straight away by clarifying the goings-on in 

the market and consoling investors in volatile periods, thus 

they do not need a human advisor to be present (SNS Insider, 

2025). Such aspects of gamification as tracking progress, 

awarding badges, and education challenges keep players 
entertained and promote positive actions. Nonetheless, the 

ethical issue is the risk of manipulation in case AI systems are 

used to use psychological methods in making decisions based 

on the investor (Market Data Forecast, 2025). 

 

 
Fig 8 Artificial Intelligence in Retail Market Size Projections 2024-2034 
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 Note: [Figure 8 here showing the growth in AI retail 
market from $11.83 billion in 2024 to projected $62.64 

billion in 2034, as depicted in the eighth provided image] 

 

The retail market development projections presented in 

Figure 8 show that the AI applications in the consumer and 

retail investor markets are going to grow significantly. The 

fact that the value has grown almost 5x, showing a rise 

between $11.83 billion and $62.64 billion in the past decade 

can be attributed to the democratization of AI technologies 

that enable sophisticated capabilities to be accessible to all 

users of the mass-market (Market.us, 2024). Robo-advisory 
systems are notable elements of this expansion, as well as 

recommendations systems that are personalized, one-to-one 

customer service, and intelligent search and discovery 

engines (Business Research Insights, 2025). The trend 

indicates an increase in consumer acceptance of AI-based 

services as user interfaces become more advanced, the 

performance is proved to be worthwhile, and trust is 

established with the help of positive encounters (SNS Insider, 

2025). As the digital use gains traction and the growth of the 

middle-class population increases, the emerging markets are 

driving growth in a disproportionate way. The forecast, 

however, presupposes further technological advancement, the 
positive regulation policy, and reaching the goal of 

overcoming hurdles such as the problem of data privacy and 

the issue of an algorithmic bias (Market Data Forecast, 2025). 

 

Education of investors is a very important part of 

effective AI portfolio management systems because users 

should know about the capabilities and limitations of the 

system and what they can expect. Educational materials that 

describe the basics of investing and understanding risks and 

long-term wealth accumulation allow users to make smart 

decisions and stay level-headed when the market is volatile 
(Khansa, 2025). There are interactive applications such as 

retirement calculators, goal planning applications, and 

features of scenario analysis that allow investors to 

comprehend trade-offs between the rate of savings, risk, and 

probability of achieving financial goals (Belanche et al., 

2019). Being transparent about the work of AI systems creates 

trust and allows users to know the rationale behind 

recommendations instead of acting on the recommendations 

made by algorithms (Market Research Biz, 2024). The 

explanations should be technically accurate and consumer 

friendly without spending a lot of time teaching the user 
advanced mathematics and give enough information that 

would enable them to evaluate the quality of the 

recommendations. Tracking progress visualization visualize 

goal progress and reflect value creation by disciplined 

investing, which helps in maintaining positive behaviors and 

deterring counterproductive responses to transient 

movements in the market (Talebi et al., 2022). 

 

IV. DISCUSSION 

 

 Performance Benchmarking of Machine Learning 

Algorithms Across Emerging Market Portfolios 
The machine learning algorithms exhibit diverse 

performance features when utilised in the context of emerging 

market portfolio optimization, in which deep learning 

architecture is always performing better in offering better 
risk-adjusted returns than its traditional counterparts. 

Empirical studies of various emerging economies show that 

LSTM models produce annualised returns of 14.6% with 

Sharpe ratios of 0.98, which is significantly higher than the 

9.7% returns and 0.72 Sharpe ratios when using the more 

traditional mean-variance optimization (Mehtab & Sen, 

2020). This is because the performance advantage will be 

especially strong when there are volatile market periods when 

emerging markets are characterised by increased levels of 

uncertainty and a faster change in correlation structure. Deep 

learning models are more responsive to such dynamic 
conditions because they can learn continuously updating their 

parameters when new data is available. Nevertheless, the 

scale of outperformance differs greatly in particular markets, 

and more liquid and informationally efficient markets exhibit 

smaller performance differences between AI and traditional 

strategies (Selvin et al., 2017). 

 

With 13.2% annualised returns, gradient boosting 

machines fill a very appealing space between the simplicity 

of linear models and the sophistication of deep learning 

models because they need less training data and compute less 

than deep learning equivalents. Such ensemble techniques are 
especially useful in new markets where little historical data 

would limit the training of the parameter-heavy deep learning 

models (Hoseinzade and Haratizadeh, 2019). The 

interpretability benefits of tree-based models are useful in 

comprehending the factor significance and decision rationale, 

which meets the regulatory transparency demands and 

develops investor confidence in algorithmic advice. Random 

forest applications have strong returns and Sharpe ratios of 

12.4 per cent and 0.89 respectively; however, they lag 

advanced algorithms in cases of extreme events in the market. 

The comparative simplicity of the random forests allows 
these to be employed on smaller platforms that do not have 

the vast AI skills and still offer significant value over the 

conventional optimization models (Jiang, 2021). 

 

The consideration of transaction costs is a major 

contributor to the change in performance realised among 

algorithms because highly elaborate models that produce 

common rebalancing messages might lose the theoretical 

value by incurring too much trading costs. Wider bid-ask 

spreads and larger commission rates compared to developed 

ones are characteristic of emerging markets, which makes the 

management of transaction costs more significant (Zou et al., 
2023). Explicit transaction cost modelling inside optimization 

scheme AI systems are characterised by superior net returns 

than the approaches that disregard frictions of 

implementation. The best option in the choice of algorithms 

is determined by the size of the portfolio, the limits on 

turnover and the liquidity nature of the market where the 

patient execution strategies are proved to be necessary to 

convert the model signals into investment returns. Realistic 

assumptions of transaction costs should be used in 

backtesting methods to give proper estimates of the viability 

of a strategy because excessively positive assumptions of 
transaction costs will result into disappointments when the 

strategy is implemented in practise (Bhanusree et al., 2025). 
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The analysis of stability over time shows that the 
performance of AI algorithms has some regime dependence 

as some methods have shown to be excellent at performance 

in trending markets and others have shown to have benefits 

in mean-reverting markets. The ensemble approach that uses 

a combination of multiple algorithms either using weighted 

averaging or dynamically selected mocks depending on the 

prevailing market variations are more consistent, particularly 

when the algorithm is used across different environments 

(Zhang et al., 2025). The future path towards making the 

process more robust lies in metadata-learning methods that 

learn to choose the best algorithm selection policies when 
historical data is available. The heterogeneity of the emerging 

market features in geographic areas requires a cautious 

verification that algorithms do not memorise a local training 

setting but generalise on other market peculiarities. Cross-

market testing can be used to gain a good understanding of 

the robustness of the model, as well as reveal the strengths of 

the algorithms that are applicable to various emerging 

economy profiles (Chhajer et al., 2022). 

 

The risk-adjusted performance measures that go beyond 

the simple Sharpe ratios offer more insights into the 

effectiveness of algorithms especially in terms of downside 
protection during the periods of market stress. Statistics on 

maximum drawdown show that transformer-based designs 

cause worst-case losses of 13.9% versus 22.4% with more 

classic mean-variance methods, which is a significant 

difference in saving a portfolio in a crisis (Nabipour et al., 

2020). Even larger performance differences in favour of the 

AI methods are observed with the sortino ratios that 

emphasise downside volatility, and not total variance because 

complex algorithms are more likely to anticipate major losses 

and avoid them. Win rate analysis shows that deep learning 

models produce profitable periods 61-64% of the time versus 
53% of conventional approaches, improving the investor 

experience by giving fewer negative results. Such complex 

performance tests will prove that the benefits of AI are not 

limited to straightforward returns creation but are much more 

extensive, including more comprehensive risk management 

and portfolio stability enhancement (Zhang et al., 2025). 

 

 Cost Structures and Accessibility Implications for Retail 

Investor Adoption 

The AI-powered portfolio management platforms 

pricing scheme considerably affects the accessibility of retail 

investors, especially in the emerging markets with the income 
levels that are much lower than those of the developed 

economies. Robo-advisor platforms usually charge annual 

fees between 0.25 and 0.75 percent of the assets under 

management which are immense decreases compared to the 1 

percent and 2 percent asset under management fees that used 

to typify personal wealth management in the past (Allied 

Market Research, 2023). Such reduced fee structures are 

possible due to automation that eradicates manually intensive 

processes and economies of scale since platforms will have 

thousands of clients, and the incremental costs are low. 

Nonetheless, account balance requirements are barriers to 
less-income earners with numerous platforms having 500-

5000 starting deposits that most members of emerging market 

are unable or unwilling to save. Mass-market adoption 

platforms are becoming more eliminating minimums, and 
some allow initial investments as low as 10 to 100 dollars 

(Market.us, 2024). 

 

In addition to direct management cost, there are 

additional costs such as fund expense ratio, transaction 

commission and currency exchange costs which cumulatively 

affect the net returns to the investor. AI systems usually create 

portfolios using passive exchange-traded funds as opposed to 

active managed mutual funds to cut the expense ratio 

potential of 1-2 to 0.05-0.25 per year (Business Research 

Insights, 2025). This cost saving creates huge long-term value 
because of compounding effects in terms of investment over 

several decades. The commission free trading arrangements 

with the partners in the form of broker-dealer partners zero or 

reduce transaction cost incurred in the process of rebalancing 

activities that tend to erode returns. Nevertheless, securities 

accessed by the emerging market investors through the 

international securities are subject to foreign currency 

conversion costs and possible restrictions placed on the 

capital localization, which restrict the flexibility of the cross-

border investment. Platform economics must balance the 

understanding of the universe of investments with the 

complexity of operations, with a few offerings only domestic 
securities to avoid foreign exchange issues (SNS Insider, 

2025). 

 

The overall cost of ownership is not only direct charges 

but also opportunity costs of suboptimal advice and 

behavioural errors averted by automated discipline and time 

saved compared to self-managed investing. It has been shown 

that behavioural coaching value of automated rebalancing 

and emotional detachment in volatile times creates more than 

1-2 percent of the portfolio worth of standard retail investors 

who are likely to make bad timing choices and trade too often 
(Verified Market Research, 2025). Observed benefits such as 

strategic loss harvesting are also available as tax optimization 

benefits of between 0.5-1.0% a year to taxable account in 

capital gains taxing jurisdiction. Educational content and 

planning applications with services of portfolio management 

do not add quantifiable returns, but a better financial decision-

making and clarity of goals. Nevertheless, it is still difficult 

to measure these soft benefits, making it hard to directly 

compare the costs of AI platforms with other investing 

methods (Market Data Forecast, 2025). 

 

 Data Privacy and Security Considerations in Algorithmic 
Investment Platforms 

Data security and privacy issues are extremely 

important to portfolio management platforms based on AI 

that work with sensitive financial data and personal 

information about investors. These systems store a vast 

amount of data such as income levels, employment data, 

family data, risk data, investment data, transaction data, and 

behavioural data that form detailed financial profiles 

(Banerjee, 2025). The requirements of regulatory frameworks 

such as GDPR in Europe and other laws in other regions also 

place strict restrictions on the data collection, storage, 
processing, and sharing practises. Places need to have a 

strong cyber security to guard against third-party attacks such 

as hacking, malware, and social engineering evangelised that 
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may expose the data of clients or allow fraudulent activities 
to occur. The encryption of data during transmission and at 

rest is a minimal security requirement, the current platforms 

use bank-grade encryption levels and multi-factor 

authentication to control access to accounts (Cardillo et al., 

2024). 

 

In addition to the external security threats, internal data 

governance practises would deal with the security risk posed 

by the employees, third-party service providers, and the 

possibility of misuse of information beyond the declared 

investment management goals. The role-based access 
controls are used to restrict the visibility of employee to 

information needed to perform job functions instead of 

granting them general access to client databases (Khansa and 

Choudhry, 2025). All data access and changes are monitored 

with audit trails, which make it possible to investigate 

possible breaches in the future and prove a conformance with 

regulatory needs. The third-party risk management 

procedures evaluate the vendor security measures of the third 

parties offering services such as cloud infrastructure, 

analytics tools, and communication services. The data 

minimization principles put forward the idea of acquiring 

only the data required to provide a service instead of building 
up large collections of data that can be used in other ways. 

Behavioural patterns can be analysed using anonymization 

and aggregation methods and allow safeguarding the privacy 

of the individual user population (Belanche et al., 2019). 

 

The settings of emerging markets are associated with 

unique privacy issues such as different levels of regulatory 

maturity, cross-border barriers on the transfer of data, and 

cultural disposition toward information dissemination. In 

other jurisdictions, there is no sufficiently elaborate 

legislation on data protection, which leaves uncertainty 
regarding compliance requirements and the exposure to 

liability (Market Research Biz, 2024). On the other hand, 

some nations have very strict data localization laws that 

required that citizen data must stay in the country instead of 

it being stored in international cloud architecture. These 

limitations make it harder to run platforms as it requires 

independent infrastructure across markets and reduces 

capability of taking advantage of scale. The cultural aspect 

affects how comfortable investors are with the idea of sharing 

information over the internet, and certain groups of people are 

more suspicious of technology-based companies and worried 

about the potential misuse of information. Openness towards 
information practises, expressing the safeguarding strategies, 

and exemplifying a good record of responsible data 

management foster trust required to achieve user acquisition 

and user retention in markets with emerging digital financial 

services (Khoa & Hieu, 2024). 

 

 Algorithm Transparency and Explainability Requirements 

for Investor Trust 

Transparency and explainability of algorithms are the 

key aspects of AI-based portfolio management systems that 

affect the trustworthiness of investors, especially because 
most complex deep learning systems are black-box. The retail 

investors have a rational desire to realise the reasoning behind 

recommendations and how algorithms reach portfolio 

allocations instead of just following the results of opaque 
systems (Talebi et al., 2022). Regulators are placing more 

stress on explainability requirements and some jurisdictions 

are requiring automated investment systems to have easy to 

understand rationales behind their recommendations. But any 

significant level of explainability is in inherent conflict with 

complex modelling capability, since the most accurate 

algorithms tend to have nonlinear transformations that are 

hard to describe in simple terms. This problem is magnified 

in deep learning models that have millions of parameters that 

all affect the outputs by the means of complex interactions 

(Allied Market Research, 2023). 
 

There are several technical solutions to the problem of 

explainability that seek to gain some insight into the way 

models behave without necessarily being perfectly open 

about their inner processes. The analysis of the importance of 

the features recognises which input variables have the 

greatest impact on the predictions, and it is possible to see 

whether models focus on the most fundamental variables such 

as earnings and valuations or focus on technical variables 

such as momentum and volatility (Market.us, 2024). 

Sensitivity analysis shows how the change in prediction with 

changes in inputs, and shows sensitivity to uncertainty in 
specific variables. Local linear approximations can be used to 

give simplified explanations of model behaviour in localities 

around certain predictions, simplifying complex global 

models in those localities. Neural networks attention 

mechanism visualisations can be used to intuitively 

understand the reasoning processes by showing which 

elements of information are given the highest weight while 

processing. Counterfactual explanations are used to show the 

difference of small alterations of inputs that will change the 

recommendations to make investors aware of limits when 

making decisions (Business Research Insights, 2025). 
 

In addition to technical explainability approaches, 

effective strategies of communication can be used to convert 

algorithmic reasoning into human-understandable storeys 

that can appeal to investor mental models. The charts with 

historical results, risk analysis, and allocation can be more 

straightforward than the mathematical formulae (SNS Insider, 

2025). The natural language generation generates human 

readable summaries describing the recommendations 

rationales in a plain language instead of a technical one. 

Progressive disclosure gives explanations on an overview 

level that can be fully accessed by all the users and 
professional technical explanations to advanced investors 

who may want more knowledge. Comparison to other 

strategies illustrates trade-offs in the recommendations, and it 

helps investors to value the approach why certain strategies 

are appropriate in their situations. By developing educational 

material that creates financial literacy, it will become possible 

to sustain a much more effective assessment of the quality of 

algorithmic advice than to simply accept it blindly. These 

communication improvements are used to supplement 

technical explainability techniques to make up holistic 

transparency to make informed decisions to give confidence 
to investors (Verified Market Research, 2025). 
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 Cross-Market Performance Variations and Localization 
Strategies 

The optimization algorithm in AI portfolios does not 

show much consistency in different emerging marketplaces 

because of their unique market structure, regulatory 

environment, and investor characteristics in need of 

localization strategies. The Asian emerging economies such 

as China, India, and Southeast Asia countries are amenable to 

AI-based investment platforms because of the level of high 

technology usage, increasing middle-income wealth, and 

reasonably developed digital infrastructure (Market Data 

Forecast, 2025). These markets are characterised by high 
levels of activity among retail investors, as well as cultural 

ease of use when it comes to algorithm-driven decisions made 

by users that enable them to adopt the platform. On the other 

hand, Latin American, and African markets have more 

infrastructure limitations, low-end financial literacy and 

entrenched distrust of financial institutions based on 

historical economic crises which make it difficult to deploy a 

platform. Market-specific features such as liquidity patterns, 

volatility regimes, and security associations also affect the 

performance of the algorithm because they are associated 

with optimal model architectures and hyperparameter choices 

(Banerjee, 2025). 
 

Localization is not just a mere language translation but 

involves localization of user interfaces, communication 

patterns, product functionalities, and investment policies that 

are in accordance with local tastes and regulatory demands. 

The colour schemes, visuals, and design style must be 

culturally aware as opposed to foisting the Western norms that 

may off-put users (Cardillo et al., 2024). The tone of 

communication is dependent on whether it is formal and 

respectful to use within hierarchical cultures or casual and 

friendly within the societies that ascribe to egalitarianism. 
Product characteristics such as assets classes it sells, risk 

evaluation schemes, and rebalancing rates need to be tailored 

to local investment standards and prospects. As an example, 

gold is culturally important in some of the Asian markets, and 

it deserves to be explicitly included in the portfolio options, 

even though the interest in the Western markets is low. The 

Sharia-compliant or Shariah-compliant investments are vital 

within those countries where Muslims form the major 

population and therefore require a filtering process that 

avoids interest-related securities and specific business 

practises (Khansa & Choudhry, 2025). 

 
Another essential localization dimension is regulatory 

compliance because the degree of disclosure, investor 

protection, and practises of operations across jurisdictions 

differ significantly. There are countries that require certain 

risk warnings, prohibit marketing statements, or enforced the 

establishment of the local entities as opposed to allowing 

cross-border service delivery (Belanche et al., 2019). Tax 

optimization characteristics should support the local tax 

codes such as different treatment of capital gains, dividends, 

and foreign income. Joint ventures with the local financial 

institutions that are already established give regulatory 
knowledge, pre-existing customers, and trust which solely 

international platforms can hardly build on their own. 

Nevertheless, the possibility of conflict of interest and control 

tension posed by partnership arrangements brings the need to 
ensure that these aspects are managed keenly to keep the 

platforms independent and client-oriented. The most effective 

market entry plan compromises between speed and cost 

factors that tend to favour standardised market entries and 

favourability to the argument of deep localization 

investments (Market Research Biz, 2024). 

 

 Ethical Considerations in Democratizing Sophisticated 

Investment Technologies 

Democratisation of advanced portfolio management 

technology through AI platforms attracts critical ethical 
issues concerning fair access, proper usage as well as 

potential negative implications to retail investors and 

financial markets. The advocates underline that robo-

advisory service minimises the obstacles to access 

professional-level investment management by ordinary 

people, which has the potential to reduce the level of wealth 

inequality since more people can participate in the returns of 

the capital market (Khoa and Hieu, 2024). Diversified 

investing can be made efficient by lower charges and reduced 

minimum balance requirements to allow populations that 

were not previously served by diversified investing because 

they did not have enough assets to warrant the attention of 
conventional advisors. Automated discipline can especially 

be useful with unsophisticated investors who are likely to 

make behavioural errors such as bad timing and 

overconfidence in taking risks that systematically deplete 

wealth. Educational services that include educational 

materials enhance financial literacy and decision-making 

skills and have positive spillover effects further than direct 

portfolio management. In this light, AI-based platforms are a 

new trend of progressive development to improve financial 

and economic opportunity (Talebi et al., 2022). 

 
Nevertheless, there are a few alarming areas of AI 

portfolio management implementation determined by critics 

that need to be noticed closely. Algorithms can also not be 

suitable to investors who are dishonest in their reporting 

during the onboarding process, risk evaluation 

questionnaires, or do not update new information as the 

situation evolves (Allied Market Research, 2023). In contrast 

to human advisors who dig questions and gauge the 

credibility during the conversation, automated questions take 

the answers at the face value without verification or further 

probing. The streamlined assessment consists of overlooking 

the vital nuances such as irregular earnings, concentrated 
jobs, or elaborate objectives that need customised 

recommendations that are not covered by standardised 

portfolio models. Investors can become misled in their beliefs 

regarding the accuracy of algorithms and they might not 

realise that predictions are characterised by significant 

uncertainty and historical results may not be of much 

importance in making predictions about future outcomes. 

Marketing documents also tend to overstate abilities and 

undervalue restrictions and build unrealistic expectations that 

are later to be disappointed in and may avoid practical 

investment plans in times of volatility (Market.us, 2024). 
 

The dominance of large assets in similar AI systems that 

give correlated decisions leading to increased volatility 
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during stressful times raises market stability issues. The 
overall effect of the behaviour leads to self-reinforcing 

market actions and liquidity drains when vast quantities of 

algorithms react in the identical way to market indicators by 

selling assets and sectors concurrently (Business Research 

Insights, 2025). This herding effect is unlike in historical 

patterns which saw varied human decision-making processes 

yielding more dispersed responses. The democratisation 

paradox implies that saturation with the advanced strategies 

can decrease the effectiveness of these strategies because the 

markets are evolving, and the opportunities are getting 

saturated. Though, these issues are mostly theoretical, not 
proven in an empirical way at present adoption levels. The 

continuous analysis of the market dynamics as the AI 

penetration continues will be vital in seeking new risks that 

need to be controlled. To be able to ethically deploy AI 

portfolio management, the acceptance of limitations and 

honest recognition of innovation, as well as adequate investor 

protection and devotion to serving the clients and not 

prioritising platform revenues via excessive trading or 

pushing towards the high-priced products should be balanced 

(SNS Insider, 2025). 

 

 Regulatory Considerations and Ethical Implications of 
Automated Portfolio Management 

The laws and regulations governing automated 

investment services remain at an early stage in several 

jurisdictions and this brings in uncertainty as far as platform 

providers as well as investors are concerned. Some of the key 

regulatory concerns identified include the combination of 

fiduciary duty by algorithms, appropriateness of 

recommendations to investors, transparency, and disclosure, 

and assigning responsibility when the automated system 

suffers losses among the regulatory issues (Nabipour et al., 

2020). The traditional regulations which have been designed 
to be followed by human-based advisors may not be relevant 

in the automated systems and new-systems or modification of 

the characteristics of the automated decision-making process 

is required. The advisors have fiduciary standards that entail 

that they act in the best interest of the clients, but the 

algorithms complicated the definition and implementation of 

the standard (Bartram et al., 2020). 

 

Suitability requirements ensure that the 

recommendations are relevant to the situation of the investor, 

goals, and risk tolerance. Online assessment via the use of 

questionnaires may simplify a situation or even overlook the 
information that is raised when speaking to a human 

counsellor (Fischer and Krauss, 2018). It is not easy to 

confirm that algorithms deliver proper recommendations 

regarding the various profiles of the investors, particularly in 

the edge cases, which are not within normal trends in the 

training data (Krauss et al., 2017). Such continuous 

monitoring provokes the question of what the changes in the 

situation will render reconsideration and how platforms will 

offer information that investors will regularly be informed 

about (Sezer et al., 2020). Some of the obligations that can be 

fulfilled through disclosure obligations include informed 
consent, transparency with conflicts, and risk knowledge. 

However, it is difficult to undertake effective disclosure in the 

situations when algorithms include extremely complicated 

mathematics which cannot be easily comprehended by all 
investors (Chen et al., 2018). 

 

Algorithms bias is another ethical concern because the 

machine learning models may include and increase the bias 

in the training data or can contain the bias of the developers 

of the system. As an example, the trained models may 

replicate the inequalities when the historical data contain 

trends of certain groups of people receiving poor service or 

outcomes (Nabipour et al., 2020). Algorithms are capable of 

bias without explicit discrimination, by simply developing 

disproportional treatment of proxy variables based on a 
protected attribute (Zhang et al., 2025). Such problems can be 

fixed by fairness audits and bias testing, yet what it means by 

fairness and how to achieve it in a technical way is a complex 

question. The latter issue is led by the necessity to gather the 

data to make the recommendations individual and trace the 

investor behaviour (Bartram et al., 2020). The large volumes 

of data gathered on platforms include financial situations, 

goals, risk preference, and behavioural pattern (Tsagkanos et 

al., 2024). Safeguarding of such sensitive information against 

breaches, restricting other applications, and reporting of such 

habits of data is some of the vital activities (Mehtab and Sen, 

2020). This is because cross-border data flows cannot be 
easily complied with since different jurisdictions have diverse 

restrictions on data transfer and storage. 

 

 Infrastructure Requirements and Implementation 

Challenges in Emerging Market Contexts 

The introduction of AI-powered portfolio optimization 

in new markets is linked to various infrastructure and 

operational issues that cannot be addressed without the 

creation of the algorithms (Hoseinzade and Haratizadeh, 

2019). One of the fundamental requirements of cloud-based 

solutions and real-time access to data is quality internet 
connectivity yet inconsistency in service quality and low 

penetration of broadband access based on urban regions are 

the states of affairs in most of the emerging economies. 

Mobile-first is important because the proportion of people 

who use mobile phones is often greater than the number of 

individuals who possess computers, but mobile applications 

cannot offer all the capabilities and possibilities to process the 

data as the desktop programmes (Zou et al., 2023). The 

incorporation of payment systems eases investment accounts 

financing and withdrawal of proceeds, though the use of 

electronic payment in certain markets remains much lower 

since some markets are still predominantly cash-based 
(Bhanusree et al., 2025). Presence of local custody and 

brokerage connexions assists in dealing with the securities 

within the local markets and facilities are needed to establish 

functioning infrastructure or to be interconnected with the 

already existing financial institutions. 

 

The quality and availability of data is a chronic problem 

in the environment of an emerging market, where the quality 

of information disclosure is worse than the developed 

countries and the reporting standards are unevenly 

implemented (Nabipour et al., 2020). The lack of data, slow 
reporting, and dubious quality of information presented 

makes it hard to train the model and continue its further use 

(Patel et al., 2015). Other sources of data could address such 
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problems but have low coverage in small markets and 
emerging economies (Bartram et al., 2020). The market 

microstructure factors such as low liquidity, wide bid-ask 

spreads, and short-selling bans restrict the application of the 

strategies that demand frequent trading or complicated 

positions (Tsagkanos et al., 2024). Transaction cost modelling 

should also embrace local market features instead of 

presuming the presence of factors that are like developed 

exchange (López de Prado, 2018). The compliance between 

the regulations across the jurisdictions differs vastly, with 
certain states not providing clear guidelines of automated 

services and others having harsh licencing regulations of 

investment advisors (Fischer & Krauss, 2018). It is difficult 

to get through this heterogeneous regulatory environment 

without sacrificing the quality of provided services, 

especially as it might have to use different legal bodies and 

implementations tailored to various countries (Krauss et al., 

2017). 

 

 
Fig 9 U.S. Artificial Intelligence in Retail Market Size Projections 2024-2034 

 

 Note: Figure 9 here shows the growth trajectory in the 

U.S. market from $3.26 billion in 2024 to projected 

$18.19 billion in 2034, as depicted in the ninth provided 
image. 

 

The U.S. market projections presented in Figure 9 show 

that regional differences exist in terms of AI adoption trends, 

with the mature developed market recording high absolute 

growth of between $3.26 billion and 18.19 billion, but with 

lower growth rates compared to those in the emerging 

economy markets (Sezer et al., 2020). Such a trend is 

indicative of later phase of technology adoption curve in 

developed markets where underlying infrastructure and early 

platforms are already in place (Zou et al., 2023). The growth 
is caused by the expansion of functionality, more assets under 

management on the current platforms, and the slow market 

share acquisitions of traditional advisors (Chen et al., 2018). 

In contrast, emerging markets realise faster stage exponential 

growth when platforms are deployed and seize the greenfield 

opportunities among the hitherto unserved populations 

(Jiang, 2021). The contrasting trends imply that convergence 

will follow as the emerging markets will mature, and the 

developed markets will be getting closer to their saturation 

(Gu et al., 2020). Nevertheless, the unique features of every 

area such as regulatory conditions, competitive forces, and 

consumer preferences guarantee the continuation of the 

differences in the service models and value propositions 

(Chhajer et al., 2022). 
 

Talent accessibility and technical capacity are other 

factors that are especially scarce in new markets in which AI 

skills are concentrated on technology centres and educational 

frameworks that generate small cohorts of qualified 

practitioners (Nabipour et al., 2020). The platforms might be 

required to hire people internationally or make significant 

investments in training to develop the required capabilities 

(Zhang et al., 2025). Infrastructure and artificial intelligence 

tools remove some obstacles by making advanced capabilities 

accessible without having to use local technical resources 

(Patel et al., 2015). Nevertheless, still, local market 
characteristics and regulatory requirements require 

customization that requires the expertise of technical skills 

and domain knowledge (Bartram et al., 2020). Cultural 

adaption is not only limited to language translation but also 

to the styles of communication and to the approaches towards 

building trust and engaging with the local populations 

(Tsagkanos et al., 2024). As an example, in certain cultures, 

there is a focus on personal relations and face-to-face 

communication in the process of conducting transactions, 

which means that hybrid models that combine both 
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automation on a digital platform and a human touch point are 
essential instead of using pure algorithmic methods 

(Banerjee, 2025). Educational programmes to develop 

financial awareness and familiarity with technology among 

the target audiences are long-term investments that are 

required to achieve sustainable growth but produce slower 

returns (Cardillo et al., 2024). 

 

 Future Research Directions and Technological 

Development Priorities 

There are multiple potential areas of research that 

deserve more focus to develop the AI-based application in 
retail investor portfolio optimization (Khansa and Choudhry, 

2025). To start with, explainable AI approaches to 

interpretability issues associated with complex models are 

important necessities in the face of regulatory focus on 

transparency and accountability (Belanche et al., 2019). Other 

methods such as attention mechanisms that explain what 

inputs have the most impact on predictions, counterfactual 

explanations that show how input changes would modify 

output and local approximations based on interpretable 

models could increase what is known about algorithmic 

decisions without degrading the predictive performance 

(Market Research Biz, 2024). Second, few-shot learning 
systems that facilitate successful training of models with 

small amounts of data deal with limitations of the emergent 

markets where past data covers shorter periods and is not 

complete (Khoa and Hieu, 2024). The idea of transfer 

learning that uses models trained on data of developed 

markets and adapting them to the situations of the new market 

is promising but needs to be verified that the knowledge 

transferred can be still used despite the distributional 

differences (Talebi et al., 2022). Another way of overcoming 

data scarcity is meta-learning algorithms which learn to learn 

effectively on small datasets (Allied Market Research, 2023). 
 

Third, strong optimization models that include the 

uncertainty of the models and give output that remains steady 

throughout the reasonable parameter space can solve issues 

with point estimate optimization, causing extreme points that 

are susceptible to estimation error (Market.us, 2024). 

Distributionally robust optimization means that the true 

distributions are in ambiguity sets of empirical estimates, and 

find strategies that are acceptably effective in all possible 

situations (Business Research Insights, 2025). The Bayesian 

models model the parameter uncertainty by using posterior 

distributions as opposed to using point estimates to allow 
decision making based on uncertainties in estimations (SNS 

Insider, 2025). Fourth, multi-objective optimization between 
conflicting objectives such as returns, risk, environmental 

impact, and social outcomes counterbalance the increase in 

the attention of investors to sustainable and responsible 

investing (Verified Market Research, 2025). Pareto frontier 

approaches determine efficient trade-offs of objectives that 

indicate unavoidable trade-offs instead of billing itself as 

maximising all criteria at the same time (Market Data 

Forecast, 2025). The interactive optimization enables the 

investors to state the preferences between competing 

objectives and tailor the solution to individual preferences 

(Banerjee, 2025). Fifth, privacy-sensitive machine learning 
methods that allow training machine learning models with 

sensitive data without violating confidentiality will respond 

to the regulatory demands and the concerns of investors 

regarding data security (Cardillo et al., 2024). 

 

Federated learning is a method of training models with 

multiple devices that are at decentralised locations, which 

share only model updates and not raw data (Khansa and 

Choudhry, 2025). This method allows platforms to get 

informed through the experience of a group of investors and 

not to store sensitive financial information centrally 

(Belanche et al., 2019). Differential privacy introduces a 
small amount of noise to training data or model outputs, 

which offers mathematical guarantees that no single record 

can be recreated using models (Market Research Biz, 2024). 

Homomorphic encryption can perform computations on 

encrypted data without needing to decrypt the data, meaning 

that it is possible to process it and keep its confidentiality 

(Khoa and Hieu, 2024). Sixth, human-AI cooperation models 

that involve algorithm-based suggestions and human 

decisions might achieve higher performance than both pure 

automation and unassisted decision-making (Talebi et al., 

2022). The research of the tasks that algorithms are best 
applied to and those that humans are the most suitable in as 

well as coming up with interfaces to support effective co-

operations is a promising direction (Allied Market Research, 

2023). As an example, algorithms can be useful in terms of 

large datasets and finding patterns but humans can provide 

domain knowledge, common sense, and judgement regarding 

extraordinary cases (Market.us, 2024). Seventh, adversarial 

resilience to the deliberate introduction of harmful inputs to 

generate inaccurate outputs or to take advantage of 

vulnerabilities is becoming increasingly significant as the 

adoption of AI increases and the incentives on the side of 

game systems become higher (Business Research Insights, 
2025). 

 

Table 3 Emerging Technologies and Their Applications in Portfolio Management 

Technology 

Domain 

Specific 

Innovations 

Potential 

Applicatio

ns 

Developme

nt Stage 

Implementatio

n Timeline 

Key 

Challenges 

Expected 

Impact 

Required 

Capabilitie

s 

Quantum 

Computing 

Quantum 

annealing, 

gate-based 

systems 

Portfolio 

optimizatio

n, risk 

simulation 

Early 

research 

10+ years Hardware 

stability, error 

correction 

Revolutionar

y 

Specialized 

expertise 

Federated 

Learning 

Decentralize

d training, 

privacy 

preservation 

Cross-

platform 

learning, 

secure 

Proof of 

concept 

3-5 years Communicatio

n efficiency, 

heterogeneity 

High Distributed 

systems 
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collaboratio

n 

Causal 
Inference 

Structural 
models, 

intervention 

analysis 

Strategy 
evaluation, 

robust 

predictions 

Applied 
research 

2-4 years Identification 
assumptions, 

data 

requirements 

High Statistical 
methods 

Reinforceme

nt Learning 

Multi-agent 

systems, 

hierarchical 

approaches 

Dynamic 

allocation, 

execution 

optimizatio

n 

Active 

development 

1-3 years Exploration 

efficiency, 

safety 

Medium-

High 

ML 

infrastructur

e 

Graph Neural 

Networks 

Temporal 

graphs, 

heterogeneo

us networks 

Relationshi

p modeling, 

contagion 

analysis 

Emerging 

application 

2-4 years Architecture 

design, 

interpretation 

Medium-

High 

Deep 

learning 

Neuromorphi

c Computing 

Spiking 

networks, 
event-driven 

processing 

Real-time 

prediction, 
efficient 

inference 

Early 

research 

8-10 years Software 

frameworks, 
integration 

Medium Hardware 

expertise 

 

 Note: Timelines represent estimated periods until 

mainstream adoption in portfolio management. 

Development stages range from early research through 

active deployment. Expected impact ratings consider both 

magnitude and likelihood of realization. 

 

The emerging technologies survey in Table 3 shows the 

extent of innovations that may revolutionise the portfolio 

management in the next few decades (SNS Insider, 2025). 
Quantum computing also promises significant speed to 

optimisation problems that normally take much computation 

on a classical computer, but practical applications remain far 

away (Verified Market Research, 2025). Federated learning 

makes it possible to interactively build models and maintain 

data privacy, especially in cases when regulatory regulations 

do not allow the centralization of data aggregation (Market 

Data Forecast, 2025). Causal inference offers an alternative 

to correlation-based prediction moving towards intervention 

effects to justify the change of strategy and policy decisions 

(Banerjee, 2025). Advanced reinforcement learning addresses 

dynamic decision making in uncertain situations such as 
optimal implementation and multi period portfolio 

optimization (Cardillo et al., 2024). GNNs take relational data 

formats such as corporate networks and supply chain 

relationships (Khansa and Choudhry, 2025). Biologically-

inspired neuromorphic computing engines have the potential 

to realise energy-efficient processing in components that can 

be deployed at the edge (Belanche et al., 2019). Nevertheless, 

to achieve these possibilities, it is necessary to overcome 

significant technical challenges and implement innovations 

into the working systems (Market Research Biz, 2024). 

 

V. CONCLUSION 

 

In conclusion, this study has reviewed the application of 

artificial intelligence in portfolio optimization among retail 

investors in emerging market, and summarised 40 sources of 

academic research, industry reports, and technical 

documentation. Through this analysis, it is confirmed that AI 

technologies, especially deep learning models, and machine 

learning algorithms, have significant benefits compared to 

traditional portfolio management methods due to a higher 

predictive accuracy, dynamic adaptation to new situations, 

full processing of information, and reduction of behavioural 

bias. It has been empirically shown that advanced models that 

involve the use of LSTM networks, CNNs, and hybrid models 

are consistently better than traditional mean-variance 

optimization models and factor-based models in various 

performance indicators. Those performance gains are 

however associated with costs such as a lower interpretability 
level, higher computational needs, high data needs, and a high 

model risk that must be carefully validated and monitored. 

 

The emerging markets have unique threats that increase 

both opportunities and challenges of AI-based portfolio 

optimization. These environments are more volatile, have 

information asymmetries, constraints on infrastructure, and 

both regulatory uncertainties, which increase the context in 

which complex analytical skills are valuable and make them 

difficult to implement. Robo-advisory systems have shown 

high rate of growth in various countries across the world with 

some forecasts showing further growth as more technological 
capabilities develop and more investors embrace them. But to 

launch successfully in the emerging markets it is necessary to 

overcome numerous challenges such as data quality, access to 

technology barriers, financial literacy barriers, cultural 

adaptation requirements, and trust-building needs. The study 

has found that some key priorities to improve the field are 

development of explainable AI methods to improve 

transparency, few-shot learning methods to overcome data 

scarcity, robust optimization systems to consider uncertainty, 

privacy preserving approaches to solve the problem of 

confidentiality and human-AI collaboration models that 
integrate the benefits of algorithms and humans. 

 

In the future, AI in portfolio management may gain 

more power, and it could indeed happen that the data will be 

more readily accessible, and the barriers to adoption will be 

reduced. Other recent inventions such as quantum computing, 

federated learning, causal inference algorithms, and graph 

neural networks have prospects of further improvement but 

are only a few years away in real applications. Regulatory 
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frameworks will be the necessary change to respond to the 
unique features of automated decision-making to promote 

innovation and protect investors and financial stability. 

Artificial intelligence-based platforms to democratise 

advanced portfolio management have the potential to increase 

financial inclusion and allow retail investors in the emerging 

markets to be more actively involved in opportunities to 

generate wealth. Nonetheless, to achieve this potential, it is 

necessary to proceed with research on the challenges 

identified, responsible development based on ethical 

considerations, and inclusive design that could make sure that 

technologies benefit more population groups equally. The 
field is at an inflexion point in which underlying capabilities 

are present but significant effort needs to be applied to have 

reliable, transparent, and accessible AI-based portfolio 

management fulfilling the interests of retail investors in the 

worldwide market. 
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