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An investment portfolio implies the assortment of assets invested in the
commaodity market and equity funds across global markets. The critical issue
associated with any portfolio under its optimization entails the achievement
of an optimal Sharpe ratio related to risk-return. This issue turns complex
when risk budgeting and other investor preferential constraints are weighed
in, rendering it difficult for direct solving via conventional approaches. As
such, this present study proposes a novel technique that addresses the
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. . . differential evolution (DE) strategies. The proposed automated solution
Differential evolution facilitates portfolio managers to adopt the best possible portfolio that yields
Hall of fame the most lucrative returns. In addition, the outcome coherence is verified by
Metaheuristic monitoring the best blend of evolution strategies. As a result, imminent
Nifty50 outcomes were selected based on the best mixture of portfolio returns and
Portfolio optimization Sharpe ratio. The monthly stock prices of Nifty50 were included in this
Risk-budget study.
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1. INTRODUCTION

A meta-heuristic framework, namely differential evolution hall of fame (DEHOF), was deployed by
Pai and Michel [1] to resolve the issue of equity market neutral portfolio (EMNP) with specific bounding
constraints imposed on long-short positions and high-risk assets with a penalty system to manage intricate
forces for maintaining excellent portfolios within a limited time. Meanwhile, Wang and Hu [2] prescribed a
set of evolutionary algorithms to generate the best outcomes for variance and co-variance optimization
frameworks. Alternatively, sinusoidal differential evolution (Sin DE) has been introduced by Draa et al. [3].
The recommended approach is studied against the linear parameter shifting DE, the classical model of DE.
Kamili and Riffi [4] analyzed the application of metaheuristics in portfolio optimization. It comprises particle
swarm optimization (PSO), bat algorithm (BA), and cat swarm optimization (CSO). Zaheer et al. [5] have
considered the mean semi-variance portfolio optimization model given by Markovitz, solved with the help of
DE, which is a population-based metaheuristic. Jia and Bai [6] discussed an uncertain portfolio selection
problem considering background risk and asset liquidity.

The role of DE in electricity markets for resolving the issue of portfolio optimization was elaborated
by Faia et al. [7]. Smart grid technologies were discussed by Lezama et al. [8] to integrate and manage the
distributed energy sources. Meanwhile, Sethia [9] compared performance and convergence time of varying
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swarm-intelligence-based methods for two types of objective functions. The objective functions refer to
Sharpe ratio maximization and maximization of value at risk-weighted portfolio return. Cortés et al. [10]
built a dynamic portfolio to identify the most efficient parameters of the PSO framework by employing
artificial intelligence that applies PSO in addition to genetic algorithm (GA).

A new decision-making approach regarding multiple risks involved in portfolio optimization was
initiated by Salehpoor and Zavardehi [11] by endorsing cardinality restraints, which are referred to as hybrid
or mixed meta-heuristic algorithms. Next, Fernandez et al. [12] proposed a model of time-related effects
under imperfect knowledge and its impact on selecting optimal new product development portfolios.
Hu et al. [13] conducted comparative experiments on multi-swarm multi-objective optimization evolutionary
algorithms based on p-optimality criteria (p-MSMOEASs), while several multiple objective evolutionary
algorithms (MOEAs) were evaluated based on six mathematical benchmarking functions with two portfolio
samples. A linear portfolio selection method was initiated by Khan et al. [14] by weighing in the cardinality
inhibitors and the cost of transaction. Next, Costa and Kwon [15] proposed an approach that relaxed the
generalized risk parity model into a convex semidefinite program.

As opined by Harrison et al. [16], in the case of a defined set of projects, selecting and scheduling
the optimum subset of projects are challenging issues recognized as nondeterministic polynomial time
(NP)-Hard and addressed as project portfolio selection and scheduling problem. It was demonstrated by
Kalayci et al. [17] that an effective mixed metaheuristic algorithm blends the significant elements of an
artificial bee colony (ABC), consistent optimization of an ant colony, and GAs to resolve the issue of
cardinality restricted portfolio optimization. Escobar-Anel et al. [18] prescribed two approaches: First, the
optimization problem is reduced to an associate problem with constraints independent of wealth and a
different utility function. Second, a change of control is applied. Following the 2008 financial crisis in the
US, the equal risk contribution of the asset allocation model was developed by Davallou et al. [19], in which
special attention as a risk factor. Another metaheuristic, adaptive multi-population optimization, was studied
by Li et al. [20] to yield consistent optimization. Higher entropy values generate higher portfolio
diversifications, which can minimize portfolio risk. As such, Lam et al. [21] introduced a multi-objective
optimization model, namely a mean-absolute deviation-entropy model. Meanwhile, Meng et al. [22] revisited
the bi-criteria portfolio optimization model with permissible short selling. Next, Cura [23] developed a
heuristic approach to the portfolio optimization problem by using the ABC technique.

Both GA and PSO have been commonly deployed as issue-solving methodologies for risk budgeting
optimization. Metaheuristic optimization with DEHOF can address a range of quality implications linked
with risk-budgeted portfolio optimization. Turning to this present study, a novel technique is proposed to
overcome the problem of constrained risk-budgeted optimization with multiple crossovers along with
DEHOF. This proposed automated solution helps portfolio managers to adopt the best possible portfolio that
yields the greatest return. The study outcomes may guide risk management and investors to select the most
viable asset for optimum returns. The rest of this paper is described: i) The theoretical background is
described in detail in section 2 and explains the proposed solution, an adaptive metaheuristic approach for
risk-budgeted portfolio optimization; ii) Section 3, results, and discussion of its implementation by selecting
the Nifty50 portfolio was presented; and iii) Section 4, the conclusion of this study is offered.

2. THEORITICAL BACKGROUND-RISK-BUDGETED PORTFOLIO OPTIMIZATION
2.1. Risk-budgeted portfolio optimization model

The risk budgeting investment, commonly referred to as risk contribution, implies a technique of
value investment that enhances the exposure to investment and market protection through the segregation of
aggregate risks of the portfolio into component risks. Consequently, wealth distribution entails harmonizing
with risk budgets based on the risk-taking capacity of the investors. Risk budgeting could be effected through
what is known as marginal contribution to risk (MCR). MCR is defined as the partial derivative of the
portfolio risk with respect to its weights and is given by,

V.w

m = (my,my,...,m,) =

)

]

w'v.

W' = (wy,wy,...,wy) implies the weight set, whereas V defines the variance-covariance matrix of
asset returns. The absolute contribution to total risk is given by,

wi.m;,i=123,...N, )

and the percentage contribution to total risk is given by,
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Absolute Contribution to Total Risk _ w;m;

Total Risk Jwvw'

i=12,...,N @)

It is an investor's prerogative to stretch the risk budgeted portfolio to the maximum limit by
investing in an advantageous long-term fund and optimizing the Sharpe ratio of the portfolio by constraints
(4), a risk budget of r% is imposed over the absolute contribution to total risk for each asset i in the portfolio,
that is,

wp.m; <% of opi=12,...,N (@)

where m; is the marginal contribution to the risk linked with the asset i, w; implies the weight of asset i, and
a,, the portfolio's risk. The portfolio is fully invested, that is,

Lwi=1 (5)

unbounded inequality constraints are imposed on specific assets, especially the ones with the positive
premium, which indicates the extent of leveraging permitted to the portfolio, that is,

a constraint enforced on selected assets for defining the leveraging limit of a set of the long-short portfolio,
that is,

—a; < Wi < bi (7)
where (a;, b;) are upper and lower limits accepted by the investor to boost a leveraged portfolio.

Thus the risk-budgeted portfolio which is a leveraged long-short portfolio comprises three asset
classes with specific constraints imposed on each of these asset classes. Some are positive premia holding
compulsory and beneficial investment (w; > 0), other positive premia assets with optional and leveraged
investment (w; > 0), other assets with free bounds but leveraged and long-short (—a; < w; < b;). Let W™,
WPt and WFree reflect the three categories of assets. The mathematical formulation of the problem model is
described as,

A .. .
max | = maximize Sharpe Ratio 8

(\/w’-V.vT/) ( p ) (8)
where p corresponds with the premia (returns) of the assets in the portfolio, w implies the weights and V
means variance-covariance matrix of asset returns, p defines the expected portfolio return, o, = Vw’. V. w

symbolizes the portfolio risk and ——==— computes the Sharpe ratio, subject to the constraints,
vw'v.w
wi.m; < 1% of o, i=12,...,N (risk budgeting ) 9)
where m = (my, m,,...,my) = ¥ _ indicate the marginal contributions to risk and r% is the limit of the
vw'.v.w
risk,
YN, =1 (fully invested) (10)
w]-+ >0 (financial leverage) (11)

where w* imply the weights of selected assets of positive premia W,

W,fpl >0, j# k (optional inclusion of special leveraged asset) (12)

where w,f”l define the weights of specific assets WSP! whose inclusion is not compulsory but, if inclusive,

can be leveraged to an unlimited extent.
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—a; <wf™ < b; (long — short mix, promoting leveraging) (13)

where (—a;, b;) are free limits for a;, b; accepted by the investor for selected assets belonging to W¥7¢¢ and
are promoting a beneficial long-short portfolio. In (8)—(13) define a single objective non-linear constrained
fractional programming model which is difficult to solve using analytical methods and hence the need for
metaheuristic methods. However, to tackle the non-linear constraints represented by (9) together with the
linear constraints (bounded and unbounded) represented by (10)—(13), it is essential that metaheuristic
methods adopt specialized methods which may involve transformation of the original problem model. The
constraint management strategies implemented under metaheuristic techniques are given below.

2.2. Constraint management

Considering the integration of combined metaheuristic models, one of the key barriers is the need to
overpower the restrictions placed on the problems. Therefore, metaheuristic models must generate feasible
solutions to comply with each paradigm restriction before attaining an appropriate solution. Thus, the literary
studies focus on multiple approaches for mitigating the issue of constraint management.

2.3. Strategy of repair

The set of chromosomes or individuals having genes or gene components reflecting the individual's
set of optimization solutions has been examined to ascertain if they represent feasible sets of problems. In
case they violate either of the defined restrictions, they are termed as "infeasible". The well-structured repair
techniques pursue repairing the infeasible individuals or chromosomes to transform them into feasible sets of
solutions. However, the fact that no standard repair technique is likely applicable for all issues is quite
complex makes it disadvantageous. It can hamper the process of evolution of problem solutions.

2.4. Strategy of penalty function

The penalty function strategy is based on similar methods adopted in conventional constrained
optimization, where solutions that are infeasible are penalized using what are called penalty coefficients. The
strategy of penalty function focuses on comparative approaches launched in traditional constrained
optimization; wherein infeasible techniques are subjected to penalty through the usage of penalty
coefficients. Thus, given a constrained optimization problem, which is a minimization problem as described
as,

min(f (), = (X4, %z0..., %)
gk(X) <0, k=12,...,K)
hn (X)) =0, m =1,2,...,M)
x; € dom(x;)

(14)

where ¥ = (xq, x5, ..., x,,) are the decision variables with dom(x;) as the domain of the decision variable x;,
g(x) reflect the inequality constraints, f(x) implies the minimization objective function and h,, (x) are the
equality constraints. The penalty function strategy transforms the constrained optimization problem model
into an unconstrained optimization problem model by reconstructing the objective function as,

P(E,1) = f(X) + 1 =i (h(0))? + 1 Xfizq Gr(9x (D) (15)
where G, is the heavier operator such that:
_(0, g(x=<0)
Gie = {1, 9k (®) > 0 (16)

and r is a positive magnifier that restricts the magnitude of the penalty function. In the case of a restricted
optimization problem that can become an issue of maximization, the change may be influenced by using the
principle of duality as,

max(f(x)) = —min(=f(x)) 17

2.5. Joines and Houck's penalty function method

A penalty-oriented approach to constraint management was proposed by Joines and Houck, which
increases the penalty coefficient with the enhancing number of generations, thus explaining the function of
the penalized objective in t** generation is described as,

Int J Artif Intell, Vol. 12, No. 1, March 2023: 305-314



Int J Artif Intell ISSN: 2252-8938 a 309

P(E, ) = () + (C.OEh=1 ()P + oy Gr(gx()P) (18)

where (C, @, B) are referred to as constants, and penalty term (C.t)* increases consistently with the count of
each generation. Nonetheless, the continuity of solutions is based on the selection of (C,a,f) and
conclusively, the acceptable substitute to the constants is (C = 0.5,a = 2,8 = 2). The increasing penalty
term of (C.t)* with each generation results in a situation where the infeasible chromosomes / individuals
during the last few generations receive death penalty and thus the method tends to converge early.

2.6. Transformed risk budgeted portfolio optimization framework

To tackle the non linear risk-budgeting constraint, Joines and Houck’s Penalty function method is
employed, which transforms the original objective function (maximization) to its dual (minimization), using
the principle of duality. The revised formulations of the objective function and the risk budgeting constraints
are as,
p.w

Vw'v.w

—min(— +yY(w,m,t)) (19)

where Y (w, m, t) known as the function of constraint violation is explained as:

N
Y(w,m, t) = (C. t)a(zk=1 Gie(@r (Wi, m)F)

O Wi, my) = wemy, — x% of op and
Gy is the Heaviside Operator such that:

G = {0, for o(w,,my) <0, and
T, for @(w,my) >0

_ , v.w
m= (my,m,,....my) = W?V;) (20)

Nl

The transformed objective function represented by (19)-(20) together with the linear constraints
represented by (10)—(13) now defines the transformed Risk-budgeted portfolio optimization model. The
attribute of changed goal with linear constraints elaborates the modified model of risk budgeted portfolio
optimization that holds the complex resolving capability of optimizing endless linear constraints, thereby
creating metaheuristic methodologies. Furthermore, DEHOF has been identified as a purified variant of the
differential evolution algorithm.

2.7. Differential evolution associated with hall of fame

Differential evolution is a form of substitutional development algorithm paired with a hall of fame
technique, which is a depository of a couple of best individuals from each generation to promote super
specialization. Only the best fit one succeeds in earning a membership. Thus, the hall of fame is extensively
witnessed in evolutionary algorithms boosting elitism with time. At the stage of termination of any
evolutionary algorithm, especially the differential evolution algorithm, a chromosome or individual
occupying space in the hall of fame has declared as the "BEST" solution to the issue [24].

2.8. Repair mechanism for handling unrestricted linear constraints

The repair mechanism is responsible for managing unrestricted linear constraints (11)—(12) subject
to restrictions on a stringently dedicated portfolio (10) trailed by restrictions (13) on the free limit of chosen
assets to promote the blend of the long-short portfolio having leverage. The objective of a repair strategy in
case of the communication between chromosomes or individuals and a pool of random portfolio weights
corresponds to fixing or standardizing the weights to satisfy the entire range of direct imperatives
communicated with (10)—(13) for transforming it to a pragmatic assortment vector of the problem. Assuming
'"W' as an irregular vector of weight regarding portfolio built up by N assets during (-c, +c), W*, W', and
WFee stand for the sets of weight-related with the assets falling in three asset categories explained by
(11)-(13). The number of assets present in each asset category can be denoted by p, s, and f, such that
p+s+f =N. The investors opt for risk budgeted portfolio optimization to achieve a leveraged portfolio of long-
short position to maximize their portfolio's Sharpe ratio. Table 1 illustrates the issue constraints as well as
criteria that have been decided by the investor, reflecting the preferences of the investor fitting in line with
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the modified mathematical model of risk budgeted portfolio optimization stipulated by (10)—(13) as linear
constraints and as an objective penalty function by (19)—(20).

Table 1. Investor-defined issue parameters and constraints of the portfolio

Parameter Description Remarks

Portfolio size 50 assets

Composition of assets in the portfolio Automobile: 6 Assets serial No: 4,14,20,32,33,44
Cement: 3 Assets serial No: 16,40,48
Construction: 1 Assets serial No: 31
Consumer Goods: 6 Assets serial No: 2,9,22,28,34,47
Fertilizer & Pesticides: 1 Assets serial No: 49
Financial Services: 11 Assets serial No:

3,5,6,18,19,23,24,26,30,39,41

IT:5 Assets serial No: 17,27,43,46,50
Oil & Gas: 5 Assets serial No: 7,15,25,36,38
Pharma: 4 Assets serial No: 10,12,13,42
Metal 4 Assets Serial No0.11,21,29,45
Power: 2 Assets serial No: 35, 37
Services: 1 Assets serial No: 1
Telecom: 1 Assets serial No: 8

Risk budget 15%

Portfolio objective Maximize Sharpe ratio Equations (19)-(20)

Nature of the portfolio Leveraged, fully invested, and long short

Basic constraint Fully invested portfolio Equation (10), X%, =1

Investors defined asset classes and Leveraged weights for nifty50 (Asset serial Equation (11)

constraints imposed on them No: (1-48) wi'®>0,j=123,..48
Mandatory investment Lower bound set as 0.001
Leveraged weights for fertilizers & pesticides  Equation (12)
(Asset serial no: 49) W;p’ >0,k=49

Optional investment
Leveraged long-short weights for Wipro Ltd Equation (13)
(Asset serial no.50) —a; <wf™ < b,i =50

Under the attributes of the targeted problem model, DEHOF assesses the health of the population
comprising parents and offspring. Considering the risk budget portfolio optimization (19) and (20), the
evolutionary objective function is elaborated, which demands penalty functions to mitigate the non-linear
risk. Every individual in the population symbolizes the vector of weight. Therefore, fitness values need to be
repaired quickly to attain a feasible set of solutions. Marginal contributions to risk can be actuated by
substituting w in the targeted individuals with repaired weights, specifying the criteria for penalty functions
(C, a, B), the achievement of p and V by t, which imply the premia and variance-covariance metrics of the
returns linked with the concerned portfolio, along with calculating m.

The adaptive metaheuristic risk-budgeted portfolio optimization (AMRBPO) algorithm will be
explained in the following steps: i) The process of differential evolution with hall of fame initiates with
determining problem parameters, identifying assets or asset categories for the portfolio, and defining their
lowest limits, setting risk budgets, and achieving premiums and metrics of variance and covariance; ii) This
stage is followed by setting DEHOF specifications, determining generations and population size, dynamic
penalty functions, setting scale factors and generation index represented as i, and finally, starting the hall of
fame; iii) The next step involves the random population generation wherein every gene has an irregular asset
weight. After this, the repair strategy is implemented on every individual of the population to transform them
into viable solution sets that resolve the constraints; iv) Then, the fitness function values of the population P
can be calculated by employing the objective functions. In case the generation index is less than or equal to
the population generations, the parent population is established as P, and its fitness values are recorded,;
v) differential evolution strategies (D.E./rand/1, D.E./rand5/Dir4 & D.E./rand4/BestDir5) and multiple
crossovers (Binomial, Exponential & Arithmatic) are applied to this generation for gaining offspring
population. The repair strategy applies to all the individuals of the offspring population referred to as O,
which transforms the entire generation into a feasible set of solutions; vi) The fitness value of O is calculated
before applying the deterministic selection operator and selecting the best individuals from P and O
populations for the hall of fame (HF) of the next generation called NEXTGEN; vii) NEXTGEN individual
having the best fitness is tagged as BEST and contrasted with the individual in HF, out of which the winner
would occupy the final space in HF; viii) The NEXTGEN is retagged as population P, where i =i + 1 and the
entire cycle restarts. However, in contrasting situations where i is not equal to or lesser than generations, the
weight W of HF individual is identified, which denotes optimal weight. Lastly, the maximum Sharpe ratio is
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calculated herein; and ix) The optimal blend of all conceivable combinations with the best portfolio returns
and Sharpe ratio will be picked.

3. RESULTS AND DISCUSSION
3.1. Data collection

The monthly stock prices of Nifty50 from January 2019 to January 2021 were employed in this
study [25] to compute the covariance matrices. The premiums of portfolio Nifty50 achieved by [25] is
presented in Table 2. MATLAB 2019a was used for this study.

Table 2. Assets and their premiums comprising the Nifty50 portfolio

S. No. Description Premium
1 Adani Port and Special Economic Zone Ltd. 0.006
2 Asian Paints Ltd. 0.021
3 AXIS Bank Ltd. 0.025
4 Bajaj Auto Ltd. 0.007
5 Bajaj Finance Ltd. 0.023
6 Bajaj FinServ Ltd. 0.008
7 Bharat Petroleum Corp. Ltd. 0.005
8 Bharti Airtel Ltd. 0.020
9 Britannia Industries Ltd. 0.007
10 Cipla Ltd. 0.007
11 Coal India Ltd. 0.005
12 Divi's Laboratories Ltd. 0.008
13 Dr. Reddy's Laboratories Ltd. 0.011
14 Eicher Motors Ltd. 0.006
15 GAIL (India) Ltd. 0.004
16 Grasim Industries Ltd. 0.006
17 HCL Technologies Ltd. 0.017
18 HDFC Bank Ltd. 0.104
19 HDFC Life Insurance Co. 0.008
20 Hero MotoCorp Ltd. 0.007
21 Hindalco Industries Ltd. 0.006
22 Hindustan Unilever Ltd. 0.036
23 Housing Development Finance Corporation Ltd. 0.076
24 ICICI Bank Ltd. 0.061
25 Indian Oil Corporation Ltd. 0.004
26 Indusind Bank Ltd. 0.008
27 Infosys Ltd. 0.083
28 ITC Ltd. 0.030
29 JSW Steel Ltd. 0.006
30 Kotak Mahindra Bank Ltd. 0.049
31 Larsen and Toubro Ltd. 0.026
32 Mahindra and Mahindra Ltd. 0.012
33 Maruti Suzuki India Ltd. 0.017
34 Nestle India Ltd. 0.011
35 NTPC Ltd. 0.008
36 Oil And Natural Gas Corporation Ltd. 0.006
37 Power Grid Corporation of India Ltd. 0.008
38 Reliance Industries Ltd. 0.107
39 SBI Life Insurance Co. 0.006
40 Shree Cement Ltd. 0.005
41 State Bank of India 0.018
42 Sun Pharmaceutical Industries Ltd. 0.011
43 Tata Consultancy Services Ltd. 0.057
44 Tata Motors Ltd. 0.006
45 Tata Steel Ltd. 0.008
46 Tech Mahindra Ltd. 0.010
47 Titan Company Ltd. 0.011
48 UltraTech Cement Ltd. 0.010
49 UPL Ltd. 0.000
50 Wipro Ltd. 0.000

3.2. DE/ rand/1 strategy with multiple crossovers
The execution of the AMRBPO algorithm was done to achieve an optimal portfolio through
multiple crossovers with DE/rand/1 strategy. It was clear from Table 3 that the Exponential crossover yields
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the best returns on the portfolio for the strategy DE/rand/1. This strategy was executed in repetition to
examine the consistency of its outcomes. Table 4 displays the outcomes of 10 sample runs, which confirm
the consistency of Sharpe ratios solely aiming at portfolio maximization under the DE/rand/1/exp strategy.

3.3. DE/rand 5/Dir4 strategy with multiple crossovers

The execution of the AMRBPO algorithm was done to achieve an optimal portfolio through
multiple crossovers with DE/rand5/Dir4 strategy. It was clear from Table 5 that the DE/rand5/Dir4/bin
strategy yields the best returns on the portfolio. This strategy was executed in repetition to examine the
consistency of its outcomes. Table 6 shows the outcomes of 10 sample runs, which confirm the consistency
of Sharpe ratios solely aiming at portfolio maximization under the DE/rand5/Dir4/bin strategy.

Table 3. Risk/returns achieved by AMRBPO algorithm through multiple crossovers
Crossovers  Sharpe ratio  Portfolio risk  Portfolio return

Binomial 0.494 0.073 0.036
Exponential 0.723 0.085 0.062
Arithmatic 0.479 0.088 0.042

Table 4. Risk/return features by DE/rand/1 during multiple cycles of Exponential crossover
Runs  Sharpe ratio  Portfolio risk  Portfolio return

1 0.845 0.111 0.094
2 0.726 0.107 0.067
3 0.980 0.077 0.076
4 0.726 0.107 0.067
5 0.723 0.085 0.061
6 0.723 0.085 0.061
7 0.723 0.085 0.061
8 0.798 0.084 0.067
9 0.756 0.095 0.072
10 0.744 0.104 0.067

Table 5. Risk/return features attained by AMRBPO algorithm through multiple crossovers
Crossovers  Sharpe ratio  Portfolio risk  Portfolio return

Binomial 1.774 0.055 0.097
Exponential 1.739 0.064 0.112
Arithmatic 0.397 0.077 0.031

Table 6. Risk/Return features DE/rand5/dir4 during multiple cycles of Binomial crossover
Runs  Sharpe ratio  Portfolio risk  Portfolio return

1 1.827 0.045 0.045
2 1.774 0.055 0.097
3 1.763 0.054 0.054
4 1.827 0.045 0.045
5 1.735 0.079 0.137
6 1.737 0.075 0.129
7 1.735 0.079 0.137
8 1.737 0.075 0.129
9 1.753 0.046 0.077
10 1.768 0.055 0.055

3.4. DE/rand4/Bestdir5 strategy with multiple crossovers

The execution of the AMRBPO algorithm was done to achieve an optimal portfolio through multiple
crossovers with DE/rand4/BestDir5 strategy. It was clear from Table 7 that the best returns on the portfolio are
yielded by DE/rand4/ BestDir5/exp strategy, due to which is executed in repetition for many cycles to observe
its outcome consistency. Table 8 displays the outcomes of 10 sample runs that reveal the Sharpe ratios
consistency, solely aiming to maximize the optimum portfolios under DE/Rand4/BestDir5/exp strategy. This
study is a comparative analysis of long-short term metaheuristic risk-budgeted portfolio maximization for the
targeted optimization of Sharpe ratios of the assets of the Nifty50 portfolio through the AMRBPO algorithm.
Table 9 reveals that the combination of Binomial crossover with DE/rand5/Dir4 yields the highest Sharpe ratio
of 1.774 linked with 5.5% risks that yield a return value of 9.7% upon the assets of Nifty50.
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Table 7. Risk/returns attained by AMRBPO algorithm with multiple crossovers
Crossovers  Sharpe ratio  Portfolio risk  Portfolio return

Binomial 1.455 0.061 0.089
Exponential 1.633 0.067 0.112
Arithmatic 0.424 0.086 0.036

Table 8 Risk/returns achieved by DE/rand4/Bestdir5 during multiple cycles for Exponential crossover

Runs  Sharpe ratio  Portfolio risk  Portfolio return

1 1.649 0.071 0.111
2 1.657 0.061 0.096
3 1.690 0.058 0.097
4 1.602 0.077 0.077
5 1.625 0.058 0.094
6 1.623 0.059 0.089
7 1.602 0.068 0.109
8 1.600 0.042 0.042
9 1.631 0.050 0.079
10 1.633 0.069 0.112

Table 9. Best risk/returns obtained by AMRBPO with various evolution strategies

Evolution strategy  Best crossover Sharpe ratio  Portfolio risk  Portfolio return
DE/randl Exponential 0.723 0.085 0.062
DE/rand5/Dir4 Binomial 1.774 0.055 0.097
DE/rand4/BestDir5 Exponential 1.633 0.067 0.112
CONCLUSION

This work discusses an optimal construction of a risk budgeted portfolio using a meta-heuristic

method viz., AMRBPO algorithm. The conclusions are; i) While it is possible to directly solve the
optimization problem in its naive form using linear programming techniques but the risk budget constraint
imposed on the high-risk assets in the portfolio, including bounding constraints, levied on the long-short
positions and high-risk assets with more than two crossovers makes it a complex problem, which is resolved
by using AMRBPO algorithm. ii) AMRBPO algorithm reported consistency of performance across all the
runs, and iii) The proposed AMRBPO algorithm helps to select the best combination of differential evolution
strategy and crossover for the best portfolio returns for the investors.

REFERENCES

[1] G. A. Vijayalakshmi Pai and T. Michel, “Differential evolution based optimization of risk budgeted equity market neutral
portfolios,” 2012 IEEE Congress on Evolutionary Computation, Jun. 2012, pp. 1-8, doi: 10.1109/CEC.2012.6256583.

[2] W. Wang and J. Hu, “A new evolutionary algorithm for portfolio optimization and its application,” Proceedings - 9th
International Conference on Computational Intelligence and Security, CIS 2013, Dec.2013, pp.80-84, doi: 10.1109/CIS.2013.24.

[3]  A. Draa, S. Bouzoubia, and I. Boukhalfa, “A sinusoidal differential evolution algorithm for numerical optimization,” Applied Soft
Computing Journal, vol. 27, pp. 99-126, Feb. 2015, doi: 10.1016/j.as0c.2014.11.003.

[4] H. Kamili and M. E. Riffi, “A comparative study on portfolio optimization problem,” 2016 International Conference on
Engineering & MIS (ICEMIS), Sep. 2016, pp. 1-8, doi: 10.1109/ICEMIS.2016.7745339.

[5]  H. Zaheer, M. Pant, O. Monakhov, and E. Monakhova, “A portfolio analysis of ten national banks through differential evolution,”
Proceedings of Fifth International Conference on Soft Computing for Problem Solving. Advances in Intelligent Systems and
Computing, vol 437, 2016, Springer, Singapore. https://doi.org/10.1007/978-981-10-0451-3_76.

[6] J. Zhai and M. Bai, “Uncertain portfolio selection with background risk and liquidity constraint,” Mathematical Problems in
Engineering, vol. 2017, pp. 1-10, Jan. 2017, doi: 10.1155/2017/8249026.

[71  R.Faia, F. Lezama, J. Soares, Z. Vale, T. Pinto, and J. M. Corchado, “Differential evolution application in portfolio optimization
for electricity markets,” 2018 International Joint Conference on Neural Networks (IJCNN), Jul. 2018, pp.1-8, doi:
10.1109/IJCNN.2018.8489117.

[8] F. Lezama, J. Soares, R. Faia, T. Pinto, and Z. Vale, “A new hybrid-adaptive differential evolution for a smart grid application
under uncertainty,” Proceedings of the 2018 IEEE Congress on Evolutionary Computation, Jul. 2018, pp.1-8, doi:
10.1109/CEC.2018.8477808.

[91 A. M. Sethia, “Application of swarm intelligence to portfolio optimization,” 2018 International Conference on Computing,
Power and Communication Technologies (GUCON), Sep.2018, pp. 1029-1033, doi: 10.1109/GUCON.2018.8675083.

[10] D. G. Cortes, A. J. Cortes Jofre, and L. S. Martin, “Artificial intelligence based method for portfolio selection,” 2018 Congreso
Internacional de Innovacion y Tendencias en Ingenieria (CONIITI), Oct. 2018, pp.1-4, doi: 10.1109/CONIIT1.2018.8587104.

[11] I. Bavarsad Salehpoor and S. Molla-Alizadeh-Zavardehi, “A constrained portfolio selection model at considering risk-adjusted
measure by using hybrid meta-heuristic algorithms,” Applied Soft Computing Journal, vol.75, pp.233-253, Feb.2019, doi:
10.1016/j.as0¢.2018.11.011.

[12] E. Fernandez, C. Gomez-Santillan, N. Rangel-Valdez, L. Cruz-Reyes, and F. Balderas, “An interval-based evolutionary approach

to portfolio optimization of new product development projects,” Mathematical Problems in Engineering, vol. 2019, pp. 1-18, Jul.
2019, doi: 10.1155/2019/4065424.

An adaptive metaheuristic approach for risk-budgeted ... (Naga Sunil Kumar Gandikota)



314

a ISSN: 2252-8938

[13] Y. Hu, H. Chen, M. He, L. Sun, R. Liu, and H. Shen, “Multi-swarm multi-objective optimizer based on optimality criteria for
multi-objective portfolio management,” Mathematical Problems in Engineering, vol.2019, pp.1-22, Jan.2019, doi:
10.1155/2019/8418369.

[14] A. H. Khan et al., “Optimal portfolio management for engineering problems using nonconvex cardinality constraint: A computing
perspective,” IEEE Access, vol. 8, pp. 57437-57450, Mar.2020, doi: 10.1109/ACCESS.2020.2982195.

[15] G. Costa and R. H. Kwon, “Generalized risk parity portfolio optimization: An ADMM approach,” Journal of Global
Optimization, vol. 78, no. 1, pp. 207-238, Jun. 2020, doi: 10.1007/s10898-020-00915-x.

[16] K. R. Harrison, S. Elsayed, T. Weir, I. L. Garanovich, R. Taylor, and R. Sarker, “An exploration of meta-heuristic approaches for
the project portfolio selection and scheduling problem in a defence context,” 2020 IEEE Symposium Series on Computational
Intelligence, SSCI 2020, Dec. 2020, pp. 1395-1402, doi: 10.1109/SSC147803.2020.9308608.

[17] C. B. Kalayci, O. Polat, and M. A. Akbay, “An efficient hybrid metaheuristic algorithm for cardinality constrained portfolio
optimization,” Swarm and Evolutionary Computation, vol. 54, p. 100662, May 2020, doi: 10.1016/j.swev0.2020.100662.

[18] M. Escobar-Anel, M. Wahl, and R. Zagst, “Portfolio optimization with wealth-dependent risk constraints,” Scandinavian
Actuarial Journal, vol. 2022, no. 3, pp. 244-268, Mar. 2022, doi: 10.1080/03461238.2021.1962962.

[19] M. Davallou, H. F. Molodi, and A. S. Taherkhani, “Stock allocation strategy with equal risk contribution,” Financial
Management Strategy, vol. 9, no. 1, pp. 25-53, Apr. 2021, doi: 10.22051/JFM.2020.22745.1818.

[20] Z. Li, V. Tam, and L. K. Yeung, “An adaptive multi-population optimization algorithm for global continuous optimization,”
IEEE Access, vol. 9, pp. 19960-19989, Jan. 2021, doi: 10.1109/ACCESS.2021.3054636.

[21] W. S. Lam, W. H. Lam, and S. H. Jaaman, “Portfolio optimization with a mean—absolute deviation—entropy multi-objective
model,” Entropy, vol. 23, no. 10, p. 1266, Sep. 2021, doi: 10.3390/e23101266.

[22] K. Meng, H. Yang, X. Yang, and C. K. Wai Yu, “Portfolio optimization under a minimax rule revisited,” Optimization, vol. 71,
no. 4, pp. 877-905, Apr. 2022, doi: 10.1080/02331934.2021.1928665.

[23] T. Cura, “A rapidly converging artificial bee colony algorithm for portfolio optimization,” Knowledge-Based Systems, vol. 233,
pp. 107505, Dec. 2021, doi: 10.1016/j.knosys.2021.107505.

[24] G. A. V. Pai, “Metaheuristic Risk-Budgeted Portfolio Optimization,” Metaheuristics for Portfolio Optimization, Hoboken, NJ,
USA: John Wiley & Sons, Inc., 2017, pp. 117-149.

[25] “Nifty 50 (NSEI),” Investing.com. https://www.investing.com/indices/s-p-cnx-nifty-components. (accessed on 20 February 2021).

BIOGRAPHIES OF AUTHORS

Naga Sunil Kumar Gandikota B4 12 obtained his M.Sc. (Statistics) from S.V.
University, Tirupati, India in 2002 and M.Phil. (Statistics) from S.K. University, Anantapur,
India in 2005. In addition, he has completed Data Analytics and Machine Learning course
from the Indian Institute of Management (I11M), Bodh Gaya. He has 16+ years of experience
(13 years in Singapore and Malaysia) in BFSI, Telco, Oil&Gas industry as a Model
Developer/Validator/Senior Data Scientist. He is a Certified Anti-Money Laundering
Specialist (CAMS). Moreover, he is a Certified Risk and Compliance Management
Professional (CRCMP). Now, he is pursuing his Ph.D. at UTP, Malaysia. His areas of interest
include Artificial Intelligence and Soft Computing. He can be contacted at email:
gnagasunilkumar@gmail.com.

Dr. Mohd Hilmi Hasan  £:d B8 © obtained his Ph.D. in Information Technology from UTP
in 2017 with research in the area of artificial intelligence, specifically Interval Type-2 fuzzy.
He also graduated with a Master of Information Technology (Science) from The Australian
National University in 2004 and a Bachelor of Technology (Hons.) Information Technology
from UTP in 2002. He has been teaching and being an active researcher at UTP since 2004.
He is an expert in Artificial Intelligence and Data Analytics. He has been appointed as a
reviewer for Artificial Intelligence Review-Journal (Q2 Journal) and many other international
conferences. He can be contacted at email: mhilmi_hasan@utp.edu.my

Dr. Jafreezal Jaafar () E:J B8 2 Jafreezal Jaafar is an Associate Professor and former Head
of the Computer and Information Sciences Department, UTP, Malaysia. He holds a Ph.D.
from the University of Edinburgh, UK (2009). His main research areas include Big Data
Analytics, Soft Computing, and Software Engineering. He has secured several research
projects from the industry and government agencies. Moreover, he had been appointed as the
Chief Editor and reviewer for several journals, and the Chair, Technical Chair, and committee
for several International Conferences. He can be contacted at email: jafreez@utp.edu.my

Int J Artif Intell, Vol. 12, No. 1, March 2023: 305-314


https://orcid.org/0000-0001-8569-2058
https://scholar.google.com.my/scholar?hl=en&as_sdt=0%2C5&q=Naga+Sunil+Kumar+Gandikota&btnG=
https://www.webofscience.com/wos/author/record/2633253
https://orcid.org/0000-0002-4065-3968
https://scholar.google.com.my/citations?user=zNr37wYAAAAJ&hl=en&oi=ao
https://www.scopus.com/authid/detail.uri?authorId=55057475700
https://www.webofscience.com/wos/author/record/8695575
https://orcid.org/0000-0002-8850-6203
https://scholar.google.com.my/citations?user=vihkEFcAAAAJ&hl=en&oi=ao
https://www.scopus.com/authid/detail.uri?authorId=16642666200
https://www.webofscience.com/wos/author/record/31797153

