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1. Introduction to AI in Investment Strategy Development
Meet the worlds of artificial intelligence (AI) and investing. These separate worlds are 
now coming together to transform not only how investment strategies are developed, 
but  also  who  develops  them  and  what  can  be  done  with  them  to  address  specific 
investment  and  operational  challenges.  AI  represents  a  new  and  improved  force 
multiplier for investors and those who develop investment strategies—in other words, 
for  finance  professionals—and  new  investment  strategy  tools  to  improve  investors' 
decision-making  and  investment  results.  The  idea  of  using  AI  systems  to  improve 
investment results sparks high hopes and strong, often giddy, expectations. There are 
misconceptions and misleading ideas about what AI can and cannot do that need to be 
addressed to realize its potential and to take advantage of what AI really has to offer.  
Several  terms  are  used  in  finance  to  refer  to  the  use  of  AI  in  investment  strategy 
development  and  implementation.  These  terms  include  "quant  finance,"  "financial 
computing,"  "financial  engineering,"  "systematic  finance,"  and "quant  investing."  This 
growing trend of "data-everything" has been transforming not only how we invest but 
technology itself. The move into quantitative finance was when a new breed of money 
managers began to use information technology and new, mainly quantitative techniques 
to support and guide their investment decisions. This marked the start of major changes 
in the investment world that have powered the development of new, more sophisticated 
tools  with  which  to  invest.  In  particular,  it  gave  rise  to  powerful  computer-based, 
quantitative  investment  strategies  in  which  the  rules  employed  were  designed  to 
optimize  or  take  advantage  of  the  likely  market  behavior.  This  presents  substantial 
reasons and evidence that suggest AI is now having, and will continue to have, the same 
sort of increasingly significant impact. Major changes in the finance world will result 
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from an AI revolution in investment strategy development and implementation. AI is 
the most important change in fund investment strategies we have seen in the investment 
world since the emergence of quantitative investing. Fundamentally,  the next step is 
here,  called  AI  investment  strategies.  In  short,  AI  investment  strategies  are 
systematically  creating,  integrating  data,  uncovering  relationships  between  complex 
investment structures, and managing investment transactions for profit. The following is 
to explain the relationship between investment and AI flow, the importance of AI's effect 
for investment strategy, the research framework, and the AI affecting the financial sector 
and  investment  strategy  that  established  this  research  system.  In  the  process  of 
paradigm  change  in  AI  methods  and  safeguards,  the  contribution  is  its  theoretical 
significance  and  the  practical  application  and  guidance  of  investment  strategy 
development.  We propose a  new quantitative analysis  environment composed of  AI 
technology and statistical techniques. We also introduce an AI investment strategy that 
uses such proposed research collaborations. We are particularly concerned about the rise 
of data in the investment strategy. Looking back, at the beginning of the development of 
systematic  investment  strategies,  it  is  basically  relying  on  the  idea  of  tracking  and 
differences, such as arbitrage, indexing, and trend tracking. Although it has gradually 
evolved  with  the  support  of  quantitative  finance,  the  time  of  ticker  tape  is  already 
outdated after the computer age.

2. Fundamentals of Machine Learning in Finance
We often think that sales of our latest equity fund will only occur when the marketing 
roadshow hits  Asia.  However,  numerous  other  potential  selling  opportunities  occur 
daily. We suggest developing a machine learning model of sales patterns and volumes 
to see if this particular product instance may be able to predict to some degree when 
sales and trading volumes next rise. Such a model could tell us about who our potential 
customers are and how to pick which customer would be best to approach first. Machine 
learning  has  the  potential  to  become  just  as  fundamental  an  enabler  of  investment 
strategy development as econometric techniques are at present. The great advantage of 
machine learning is that, in contrast to econometrics, the need to assume stabilizing or 
equilibrium properties about the underlying economic environment is dispensed with in 
order to proceed. This capability of direct prediction, without assuming any economic 
model, underlies concerns that it is closer to magic than math. However, it does take a 
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lot of learned number crunching to get to a position where small firms, trading start-ups, 
and invest-tech teams are able to put these techniques to practical use.

3. Data Preprocessing and Feature Engineering for Financial Data
Introduction to Feature Engineering Step by Step Feature Engineering for Developing AI 
Investment Strategies

In the data preprocessing step, we almost complete our foundation and could begin 
answering interesting questions from our raw financial time series. Also, our dataset 
itself  is  all  about financial  data.  First,  make sure that it  does not contain missing or 
illogically  formatted  observations.  Then  derive  targets  reflecting  the  actual  market 
dynamics. And at last, convert raw data to more relevant signals.

Feature  Engineering  •  Handling  Missing  Values  •  Outliers  •  Inverting  Labels  • 
Generating Addresses • Aggregating Certain Risk Factors Dimensionality Reduction • 
Feature  Selection  •  Feature  Transformation  Advanced  Feature  Creation  •  Technical 
Variables • Sentiment and News • Market Spectra • Risk Factors Conclusion

Data preprocessing is an essential part of using machine learning in the financial field. It 
involves cleaning and transforming the raw financial data so that it can be successfully 
used afterwards. That’s why the more effort and insight one can provide into the data 
preprocessing stage, the better it will be. In many practical cases, the benefits of model  
development are highly dependent on the diligence and accuracy with which the data 
preprocessing stage is done. So with regard to the steps above, these can’t be skipped or 
simplified. Instead, they must be apparent in order to provide a great foundation to 
build our investment strategy.

4. Supervised Learning Models for Investment Strategy Formulation
The next  step towards  devising  a  functional  investment  strategy is  to  build  models 
explicitly destined for the purpose of strategy formulation and tailor their design for the 
unique  challenges  that  investment  professionals  must  tackle.  Aspiring  managers 
interested in allocating their investing time and resources into the art and algorithms of 
this  field  should  first  grasp  two  distinct  sets  of  models,  which  are  often  grouped 
according to the kind of results they produce. The first kind is regression models, which 
approach a problem from the standpoint of predicting a single financial outcome via the 
quantification of patterns or relationships between independent variables. The next kind 
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encompasses classification models and also centers its efforts on variable relationships 
but is primarily equipped for investors interested in categorizing assets or quantifying 
the presence of market conditions, and can provide investors with recommendations for 
action based on historically defined criteria.

Regression models possess applications in a multitude of financial objectives, such as 
portfolio management, hedging, and risk control, and the choices of stocks to buy or sell. 
Also termed asset pricing models, some of these uses might also involve forecasting a 
range of possible asset prices at a future date given defined conditions. Investors can 
select from numerous regression models to apply: linear regression, logistic regression, 
quantile regression, and their corresponding multivariate models are among the most 
popular. These models have their fair share of drawbacks as well, such as their inability 
to  capture  any  cause-and-effect  relationships  between  independent  and  dependent 
variables registered through regression, and the flexibility of such approaches that could 
potentially introduce any number of constructs into the function, rendering it less useful 
for avoiding data mining. Ultimately, investors must select a model type that aligns with 
the nature of their strategy and consider more detailed modeling options following this 
decision.

4.1. Regression Models
Regression models are a crucial element in finance and are primarily used for estimating 
statistical relationships between different financial variables. This is key for predicting 
asset prices and future stock returns and for identifying reasonable trends. The most 
straightforward  means  of  developing  a  responsible  return  forecasting  investment 
strategy is  to  examine causal  relationships.  For instance,  if  we assume that  earnings 
drive stock prices in the long run, we could create a strategy that predicts stock returns 
based on  changes  in  earnings.  Many different  regression techniques  can be  used to 
uncover such relationships. These include linear regression, polynomial regression, and 
nonlinear regression, among others.

Using some of these alternatives, we construct a profitable investment strategy based on 
EPS. We start with linear regression and investigate the strengths and weaknesses of the 
technique. Additionally, we address the potential for data mining and overfitting when 
creating prediction models and how improvements to these strategies are possible. Our 
case studies also highlight the consequences of model construction decisions that should 
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be kept in mind throughout the entire process. Specifically, we discuss the statistical 
significance of a model and the need for robust evaluation metrics. Finally, we provide 
potential solutions for refining both the performance and interpretability of modeling 
techniques. In demonstrating these main ideas, we show that there are opportunities for 
practitioners to improve upon the models presented.

Economic  and  financial  theory  suggests  that  certain  asset  returns  are  influenced  by 
macroeconomic  factors.  Consequently,  a  fundamentalist  can  improve  their  expected 
payoff by incorporating macroeconomic factors as predictors in the asset pricing models. 
A multivariate regression model is one way to formalize the influence of macroeconomic 
factors  on  stock  returns.  In  the  simplest  fashion,  a  multivariate  regression  model 
identifies the strength of the relationship between multiple input factors and a single 
output  factor,  stock  returns  in  this  context.  The  outputs  from  these  regressions  are 
sometimes  used  as  a  form  of  economic  dashboard  to  identify  economic  conditions. 
However, before you start interpreting the results of the regression and putting them 
into  practical  application,  it  is  important  to  evaluate  the  appropriateness  of  the 
regression  model.  Despite  the  potential  usefulness  of  regression  models,  there  are 
several  potential  pitfalls  that  the  fundamentalist  must  be  cautious  of.  An important 
hypothesis that the fundamentalist must respect in order to use a factor-based regression 
model is the assumption that a factor has no statistically significant explanatory power 
for  a  fundamental  value  investor.  The next  section describes  how to  handle  such a 
scenario to uncover the best form of the forecasting models.

4.2. Classification Models
4.2.1 Model Definition Classification models are pivotal  in finalizing decisions in the 
investment strategy development framework. In the financial dimension, classification 
models  are  solicited for  two primary objectives.  First,  in  the  security  categorization, 
classification models  are trained to  categorize the objects  into  one of  the predefined 
classes.  Portfolios  are  then  constructed  for  each  class.  Second,  the  models  can  be 
employed  for  the  implementation  of  the  anticipated  positions,  such  as  long  or  buy 
signals.  By  using  a  set  of  distinct  features,  models  can  be  trained  to  predict  the 
movements of financial markets.

4.2.2 Major Classification Techniques a) Logistic Regression b) Support Vector Machines 
c)  Random  Forests  Applications  in  finance:  All  the  above-mentioned  classification 
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techniques  have  been employed in  the  financial  modeling exercises.  As  the  random 
forests  are  constructed  by  employing  a  collection  of  decision  trees,  they  are  highly 
flexible and can be employed for either the binary classification task or the multi-class 
classification task.  SVMs can also be utilized for binary classification and multi-class 
classification  tasks.  SVMs,  however,  are  less  flexible  compared  to  random  forests. 
Logistic regression can be employed for the binary classification task.

4.2.3 Training and Validation Models  are trained using a specific period of  financial 
observations. Once trained, they are evaluated on a separate financial dataset. Ideally, 
inputs used for both training and validation periods should not have been observed 
with each other in order to identify model memorization. Random cross-validation is 
also employed to cater for specific biases in either the training methodology or the data 
itself.

4.2.4  Challenges  The  modeling  of  financial  asset  price  movements  is  subject  to 
limitations that the researcher should try to tackle. When dealing with financial data, 
many of the evaluation metrics need to be adjusted to accommodate any forecasts. The 
most common one is class imbalance, which refers to one class being represented in the 
dataset more than the other. Almost all the evaluation techniques used are symmetric. 
Thus, the same levels of false positives as false negatives can have a significant impact in 
asymmetric  distributions.  Even  traditional  financial  metrics  are  being  reshaped  to 
accommodate classification outputs of machine learning models. To maintain simplicity, 
innovative techniques are being developed to resample the addressed data in one way 
or another, with under or over sampling techniques, and by paying specific attention 
when choosing the evaluation metric. Common as well is the implementation of a cost-
sensitive learning process where each misclassified case might affect differently.

4.2.5 Feature Selection Feature selection is the process of choosing the required subset 
with just the estimations that will be of consideration for the model. Feature selection 
can  greatly  contribute  to  the  utility  and  speed  of  the  model.  Besides,  pertaining  to 
reducing overfitting, it can be critical in boosting the model's aptitude to elucidate the 
causality that is affecting the financial asset price movements.

4.2.6 Real World Applications In academia, analysis of such models is set on a small 
focus group typically built from stocks or stock sectors in a specific country or region. 
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Often, these studies do not take into consideration slightly different datasets, and only 
one  modeling  algorithm  is  being  used.  Despite  the  algorithms'  simplicity,  most 
practitioners believe that their employment in portfolio management robustly enhances 
it.

5. Unsupervised Learning Techniques for Investment Strategy Development
Unsupervised learning techniques are powerful artificial intelligence tools that are able 
to transform a suboptimal investment strategy into a more efficient one. In contrast to 
supervised techniques, unsupervised learning does not require any labeled output, and 
its main function is to explore data and identify relevant patterns in the data. This direct 
approach  might  be  used  to  identify  hidden  structures  in  financial  time  series  and 
different datasets or disjoint subpopulations in a dataset. There are several unsupervised 
learning  algorithms.  Among  the  most  relevant  for  investment  applications,  we  find 
clustering  analysis,  dimensionality  reduction  tools,  and  association  rule  mining 
techniques.

Clustering  analysis  is  a  family  of  exploratory  data  analysis  that  identifies  the  most 
suitable grouping of the data through the development of homogeneous groups. It has 
been adopted in finance to uncover market trends and classify the stocks or assets that 
can  be  considered  close  to  clusters.  Identifying  these  stocks  or  assets  can  help  us 
understand the homogeneous behavior of some families of assets. It is an exploratory 
technique employed for discovering hidden patterns in the dataset. Clustering has been 
performed on the basis  of  features and has  been used in portfolio  diversification to 
identify companies with similar features. Similarly, a correlation between operational 
performance and stock price behavior of companies has been analyzed to understand 
modern portfolio  management.  There is  a  growing emphasis  among practitioners  to 
check returns as well as risk in the clusters of companies to diversify their investments 
properly. Besides, clustering techniques have been employed for various categories, box 
plots, and essential statistics to evaluate the consistencies of clusters in the same sectors. 
The number of clusters is selected based on the average silhouette width. The silhouette 
can be used as an evaluation tool to identify how effectively the data are categorized 
among different clusters. If the silhouette value is closer to 1, the input vector is worse 
data compared to the best vectors.
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5.1. Clustering Algorithms
5.  Comparison  of  Clustering  Algorithms  5.1.  Clustering  Algorithms.  Clustering 
algorithms are tools  for grouping similar data points together or dividing them into 
groups based on the similarity of  the underlying data attributes.  The significance of 
clustering in finance surpasses financial  data reduction or dimensionality due to the 
possibility of recognizing market segments that ought to be treated differently and also 
help to form investment groups. Several clustering techniques exist. Some are based on 
partitions,  including  K-means;  density-based  techniques  such  as  DBSCAN;  and 
hierarchical  clustering.  Clustering  financial  data,  selecting  an  optimal  number  of 
clusters, and distance measures for financial data and its implications are some of the 
main goals in investment. Some popular clustering techniques in finance include the K-
means partitioning algorithm, the density-based spatial clustering of applications with 
noise  clustering  algorithm,  and  the  pairwise-complete  linkage  Ward’s  hierarchical 
clustering.

Determining the number of clusters developed by a clustering algorithm is a challenging 
task. It is important to recognize that different choices will lead to different findings. 
Several methods have been proposed to determine the 'optimal' number of clusters, and 
the most dominant include using the Within Sum of Squares change, the elbow criterion, 
or  the  gap  statistic.  Selecting  the  optimal  Euclidean  distance  is  also  necessary. 
Hierarchical  clustering  techniques  can  provide  useful  assistance  to  portfolio 
management. For instance, they are also used to examine style purity or quality and 
assign securities where necessary. Commercial banks also use clustering for transaction 
monitoring when identifying unusual or suspicious customer activities. Understanding 
the typical application of the clustering technique in the field of finance would benefit 
students or those who are new learners. The interpretation that clustering algorithms 
use is  visualization.  One thing to be careful  about is  to avoid interpreting grouping 
information from the cluster tree or agglomerative coefficient alone. Therefore, ensuring 
the  validity  of  the  interpretative  model  is  also  important.  The  results  of  clustering 
techniques are generally affected by the data informatics input; they often cluster data 
based on the significances, which may draw incorrect or less precise results. Recently, a 
suggestion  for  an  automatic  and  more  efficient  hybrid  approach  by  combining  the 
clustering with support vector machine or supervised learning has been made.
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6. Evaluating and Testing Investment Strategies with Machine Learning
Evaluation  and  testing  of  investment  strategies  are  important  steps  in  strategy 
development. Machine learning enables the generation or selection of potentially good 
strategies. However, not all  machine learning techniques are beneficial to investment 
strategy  development.  Indispensable  parts  of  evaluating  potential  strategies  are 
performance metrics and an evaluation framework. Backtesting is commonly used in 
investments for strategy validation and model testing. Besides standard unique train 
and  test  set  backtesting,  advanced  backtesting  techniques  exist.  For  a  more  reliable 
evaluation of investment models, a walk-forward analysis is executed. The number of 
splits  and  the  length  of  training  and  testing  periods  influence  the  outcome.  Cross-
validation is a model selection technique that estimates the models' performance and 
training  error.  Overfitting  leads  to  unrepresentative  results  and  is  tackled  by  walk-
forward  backtesting.  In  contrast,  underfitting  implies  that  the  model  is  not  strong 
enough to capture the underlying information.

The  strategy's  performance  in  relation  to  traditional  buy-and-hold  strategy,  market 
index, or another investment strategy is an essential part of evaluation. Benchmarking is 
important as it  reveals the relative performance of  the strategies.  Several investment 
funds benchmark their relative performance against one or more indices. Data snooping 
is a threat to evaluation. With the many potential strategies to test and the abundant 
data available, this approach may easily lead to insignificant results that are only due to 
chance. Robust results that are meaningful in a larger context are essential for effective 
investment  decisions.  Especially  in  real  investments  or  in  sectors  including  risk 
management and hedging, the design of an evaluation process is crucial. To ensure the 
strategies' robustness, a more thorough evaluation process is needed. Simulation and 
scenario analysis test a wider range of extreme market conditions and ensure that the 
results are not only valid for past conditions. Meaningful and reasonable backtesting is 
fundamental to ensure that trading strategies are useful and superior to a buy-and-hold 
strategy in future and varying market conditions.

6.1. Backtesting Techniques
Backtesting  is  widely  accepted  and used to  validate  the  performance  of  investment 
strategies. It can also emphasize its robustness, especially in different market conditions. 
It is carried out with two different approaches. First, historical backtesting refers to the 
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application of the models and indicators to past data in a given period to obtain their 
performance. Second, out-of-sample testing is the validation of the investment strategies 
to  future data  of  the  same period that  the model  and indicator  are  not  exposed to. 
Researchers have developed exclusive frameworks for backtesting in the literature in 
order to obtain some implications. There are two important issues that must be decided 
before backtesting procedures are  started.  These are:  how much data is  adequate  to 
draw some conclusions about their performance and whether the investment strategy is 
more profitable,  especially in bad market conditions.  In the backtesting process,  one 
should be careful while determining these limits.

Common backtesting pitfalls in finance include: survivorship bias and lookahead bias. 
These are realistic problems, particularly when there is database searching for market 
strategies.  These pitfalls  were not simulated based on hypothesized probabilities  but 
were encountered during the actual trading process. It is necessary to have these limits 
established  beforehand  to  maintain  the  process's  transparency  and  consistency. 
Backtester should also be taken into account as simple extra means to test whether any 
strategy  rolling  is  effective  or  needs  improvement.  There  are  several  commercially 
available  software  platforms  and  criteria  ready  to  fulfill  standard  backtesting 
approaches.  In essence,  backtesting results  are  important  since any potential  trading 
decision may be based upon those results. Nevertheless, performance within the sample 
period is not an assurance that the strategy will perform in the future. Also, backtesting 
can  never  guarantee  that  it  will  perform  in  the  market.  Although  the  strategy  is 
disclosed and shared  by  the  strategy  developers,  the  investability  of  the  strategy  is 
important as well. The Sharpe ratio should be considered since it takes into account not 
only the investment return but  also  its  risk.  A superior  investment  strategy may be 
improved  to  increase  its  Sharpe  ratio,  which  can  be  considered  a  more  reliable 
quantitative investment strategy.

7. Future Direction
Building on the enablers section above, it is expected that the future will see significant 
further  developments  in,  and disruption of,  the  role  of  AI  and machine  learning in 
investment strategy development. We discuss these developments below before turning 
to  the  opportunities  and  challenges  for  both  finance  researchers  and  practitioners. 
Emerging  technologies:  The  enablers  set  out  above  will  ensure  the  development  of 
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further algorithmic advances, which may further enhance the predictive capabilities of 
finance and investment applications. As this area continues to expand within the AI and 
machine learning communities, it is expected that computational power will provide a 
greater  number  of  'best',  'optimal'  and 'learning'  algorithms which will  in  turn offer 
enhanced  performance  in  solving  complicated,  dynamic,  high  data  and  high 
dimensionality  problems.  Such  new algorithms  may also  be  specifically  tailored  for 
finance applications such as real-time data sets and event detection as are relevant for 
investment strategies. This potential for new, better algorithms arises because finance 
offers  learning  algorithms  more  data  that  is  relevant  to  the  decision  making  being 
undertaken, which in turn can generate 'smarter' features as well as predictors. We also 
await  the  fully  integrated  big  data  technologies  and  analytics  to  produce  enhanced 
decision making in markets and investment outputs. Moreover, we also recognize the 
rise  in  popularity  and  capability  of  continuous  learning  predictors  and  adaptive 
algorithms that allow decision making in 'evolving' investment contexts. These predict 
future  states,  prices  and  probabilities  adapted  as  time  evolves.  This  increasing 
sophistication is likely to produce an acceleration in the capabilities for AI and machine 
learning within investment markets, particularly as a result of the advancements that 
can  occur  through  further  technological  investment.  Thus,  we  conclude  that  AI  for 
investment strategies has significant potential for the future of finance. Opportunities 
and challenges:  The  development  of  such  AI-enhanced investment  strategies  creates 
challenges. Ethical, responsible and transparent use of AI and big data and the role of 
regulation must be addressed. To do so requires a greater dialogue and collaboration 
between  the  finance  community  and  those  that  develop  AI  and  machine  learning 
capabilities,  the  traditional  finance  outlets  as  well  as  the  'FinTechs'  and  'RegTechs'. 
However, it is also an opportunity for innovation. Ultimately, it is these partnerships 
that will drive further disruptive development of this vastly important area, and ensure 
that action will be enforced in a timely and relevant manner so that the future of AI-
enhanced investment strategies becomes brighter.

8. Conclusion
In conclusion, with the widespread attention being given to the potential contribution of 
new and advanced technologies, especially AI, for financial investment, there is growing 
interest  in  the use of  machine learning and AI techniques  to augment and improve 
investment strategies.  This is especially natural and expected in the fintech industry, 
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with  its  focus  on  entrepreneurial  innovation.  Modern-day  investment  strategies  are 
data-driven and seek to use AI as much as possible to generate excess returns by finding 
signals and patterns not previously identified. Collecting and analyzing large volumes 
of historical prices and fundamental data are key for making well-informed investment 
decisions. The timely identification of important news will also favor the construction of 
more efficient investment strategies. The success of AI in developing trading systems is 
directly  related  to  the  features  of  the  financial  instruments,  data,  and  economic 
phenomena used, and to the qualities exhibited by the model and its creators. Other 
issues more in the control of the investor also need to be addressed, such as which types 
of factors and the quality of the data they use; which type of AI learning/forecasting 
models they select; and the features, assumptions, and expectations of the evaluation 
techniques  employed.  Several  discussions  on  the  possible  implications,  ethical 
constraints,  model  evaluation,  and  investor  protection  related  to  the  choice  of 
investment  strategies  supported by AI  technologies  are  also  still  active.  Surely,  new 
challenges and reasoning still remain to be tackled in further contributions, stemming 
from the adoption of other data, time scales, robustness, and risk factors.
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