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 ABSTRACT 

Environmental, Social, and Governance (ESG) investment analytics has matured from 
screening-based exclusions to integrated, multi-objective portfolio construction that explicitly 

quantifies sustainability–financial trade-offs. This paper develops a rigorous framework for 
sustainable portfolio optimization that (1) characterizes ESG data uncertainty and provider 
divergence, (2) integrates ESG indicators within mean–variance and multi-objective 
optimization formulations, and (3) leverages machine-learning methods to extract material ESG 
signals and to enhance return and risk forecasts. We propose an uncertainty-aware ESG penalty 
term that augments classical mean–variance optimization and show how varying the ESG-

aversion parameter produces a continuum from financially-efficient to sustainability-efficient 
allocations. To account for heterogeneous ESG data and methodological differences across 
providers, we incorporate ensemble ESG scoring and robust optimization techniques, and we 
evaluate performance using out-of-sample backtests across multiple markets and time horizons. 
The framework is extended to a multi-objective evolutionary solver that jointly optimizes 
expected return, downside risk (CVaR), and aggregated ESG impact metrics, while an 

explainability module maps portfolio exposures to material E, S, and G drivers. Empirical results 
indicate that (i) accounting explicitly for ESG uncertainty meaningfully alters allocations, (ii) 
ML-driven indicator selection improves forecasting accuracy and portfolio ex-post sustainability 
profiles, and (iii) regulatory developments and methodological biases in ESG scoring critically 
influence risk–return–sustainability trade-offs. The paper closes with a discussion of 
implementation challenges, data governance, and directions for future research... 

Keywords: ESG analytics; sustainable portfolio optimization; robust optimization; machine 
learning; multi-objective evolutionary algorithms; explainability . 
 

 

1. INTRODUCTION: 

Sustainable finance has emerged as a central paradigm in 

contemporary investment theory and practice, driven by 
heightened awareness of climate change, social 
inequality, corporate accountability, and long-term 
systemic risk. Within this paradigm, Environmental, 
Social, and Governance (ESG) considerations have 

evolved from peripheral ethical screens into core 
determinants of capital allocation decisions. Institutional 
investors, asset managers, regulators, and policymakers 

increasingly recognize that traditional risk–return 

frameworks, when applied in isolation, may fail to capture 
non-financial risks that materially affect portfolio 
performance, resilience, and long-term value creation. As 
a result, ESG investment analytics has gained prominence 
as a methodological bridge between financial 

optimization and sustainability objectives. 

Despite its growing adoption, ESG-based investing 
presents substantial analytical challenges. ESG data is 
inherently multidimensional, heterogeneous, and subject 
to measurement error, methodological divergence, and 
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disclosure bias. Different ESG rating providers often 
assign materially inconsistent scores to the same firm, 

reflecting divergent indicator selection, weighting 
schemes, and normative assumptions. This lack of 
consensus complicates portfolio construction, risk 
management, and performance attribution, particularly 
when ESG metrics are directly embedded into 
optimization models. Moreover, the dynamic nature of 

ESG risks, such as transition risk related to 
decarbonization or governance failures, introduces 
temporal instability that is insufficiently addressed by 

static optimization techniques. 

From a quantitative perspective, the integration of ESG 
considerations into portfolio optimization necessitates 
extensions to classical financial theory. Mean–variance 
optimization, while foundational, does not naturally 
accommodate sustainability objectives or stakeholder 
preferences beyond expected return and volatility. Recent 

advances in robust optimization, downside risk measures, 
and multi-objective evolutionary algorithms provide 
promising avenues for reconciling financial efficiency 
with sustainability efficiency. Concurrently, machine 
learning techniques enable the extraction of material ESG 
signals from high-dimensional datasets, improving 

forecasting accuracy and supporting adaptive portfolio 
strategies. However, the literature remains fragmented, 
with limited consensus on best practices for ESG 
integration, uncertainty treatment, and performance 

evaluation. 

This research positions ESG investment analytics as a 
formal decision-support system for sustainable portfolio 
optimization. By synthesizing financial economics, 
operations research, and data science, the paper seeks to 
develop an analytically rigorous and practically 

implementable framework that accounts for ESG 
uncertainty, investor preferences, and regulatory 
constraints. In doing so, it contributes to the growing body 
of literature that reframes sustainability not as a constraint 
on performance, but as an integral dimension of long-term 

portfolio optimization. 

Overview 

This paper provides a comprehensive analytical treatment 

of ESG-driven portfolio optimization. It begins by 
examining the theoretical foundations of ESG investing 
and the limitations of conventional portfolio theory when 
applied to sustainability-oriented investment objectives. 
The study then introduces a unified optimization 
framework that embeds ESG metrics into both mean–

variance and multi-objective formulations, allowing 
investors to navigate explicit trade-offs between financial 
performance and sustainability impact. Special emphasis 
is placed on handling ESG data uncertainty through 
ensemble scoring, robustness techniques, and explainable 

modeling approaches. 

Scope and Objectives 

The scope of this research encompasses listed equity 

portfolios with publicly available ESG disclosures and 
third-party ESG ratings, though the proposed framework 
is extensible to other asset classes. The primary objectives 
of the study are threefold. First, to analytically 
characterize the impact of ESG score heterogeneity and 

uncertainty on portfolio construction and risk–return 
outcomes. Second, to develop and evaluate optimization 

models that jointly account for expected return, risk 
(including downside risk), and ESG performance. Third, 
to assess the role of machine learning and explainable 
analytics in improving ESG signal extraction, portfolio 
transparency, and decision robustness. The study aims to 
provide both theoretical insights and practical guidance 

for sustainable investment practitioners. 

 

Author Motivations 

The motivation for this research arises from the observed 
gap between the rapid growth of ESG-labelled investment 
products and the relative immaturity of their underlying 

analytical foundations. While ESG considerations are 
widely promoted in practice, their quantitative integration 
often relies on ad hoc constraints or simplistic screening 
rules that may undermine both financial and sustainability 
objectives. Furthermore, increasing regulatory scrutiny 
and concerns over greenwashing underscore the need for 

transparent, data-driven, and methodologically sound 
ESG analytics. The authors are motivated to address these 
shortcomings by proposing a framework that is rigorous, 
interpretable, and adaptable to evolving data and 

regulatory environments. 

Paper Structure 

The remainder of the paper is organized as follows. 
Section II reviews the relevant literature on ESG data, 

ESG scoring methodologies, and sustainable portfolio 
optimization models. Section III presents the proposed 
analytical framework, including ESG-augmented mean–
variance optimization, robust formulations, and multi-
objective extensions. Section IV discusses the 
incorporation of machine learning techniques for ESG 

signal extraction and forecasting. Section V reports 
empirical results and performance evaluation across 
multiple scenarios. Section VI addresses implementation 
challenges, regulatory implications, and limitations. 
Finally, Section VII concludes the paper with key findings 
and directions for future research, emphasizing the role of 

ESG analytics in shaping resilient and sustainable 

investment strategies. 

2. LITERATURE REVIEW 

The academic literature on ESG investing and sustainable 
portfolio optimization has expanded rapidly over the last 
decade, reflecting the growing institutionalization of 

sustainability considerations in capital markets. Early 
contributions primarily examined the relationship 
between ESG performance and financial returns, while 
more recent studies focus on methodological integration 
of ESG metrics into quantitative portfolio optimization 
frameworks. This section synthesizes the literature across 

four interrelated streams: ESG performance and financial 
outcomes, ESG data and rating heterogeneity, ESG-
integrated portfolio optimization models, and the 
emerging role of machine learning and advanced analytics 

in sustainable finance. 

A substantial body of empirical research investigates 
whether ESG considerations enhance, detract from, or are 



How to cite : Dr. Pooja Gupta, Ashima Jindal, Dr. Mani Manjari, Ms. Ruchi Gupta, Mr. Abhishek Jain, Dr. Minakshi Budhiraja, Dr. 

Rohtash Kumar , ESG (Environmental, Social, Governance) investment analytics for sustainable portfolio optimization   Advances in 
Consumer Research. 2026;3(2): 433-443 

Advances in Consumer Research 435 

 

 

neutral to financial performance. Foundational meta-
analyses, such as Friede et al. [17], aggregated evidence 

from thousands of studies and concluded that the majority 
report non-negative or positive relationships between 
ESG performance and corporate financial outcomes. 
Subsequent meta-studies and systematic reviews refined 
these findings, emphasizing that the ESG–performance 
relationship is context-dependent, varying across regions, 

sectors, market cycles, and ESG dimensions [16]. Recent 
empirical work further suggests that ESG effects are more 
pronounced over longer investment horizons and during 
periods of heightened market stress, where governance 
quality and environmental risk exposure play critical roles 

in downside risk mitigation. 

More recent literature has shifted attention from 
correlation analysis toward causality and forecasting. 
Studies such as Dincă [5] analyze how ESG indicators 
influence analysts’ earnings forecasts and risk 

assessments, demonstrating that material ESG factors can 
improve predictive accuracy when appropriately modeled. 
However, these studies also highlight that naïve inclusion 
of ESG scores may dilute financial signals due to noise, 
redundancy, and methodological inconsistencies across 

data providers. 

The second major stream of literature addresses ESG data 
quality, disclosure practices, and rating divergence. 
Multiple studies document substantial disagreement 
among ESG rating agencies, with correlations between 

providers often significantly lower than those observed 
for credit ratings [13]. Systematic reviews covering the 
period 2020–2025 emphasize that ESG rating divergence 
arises from differences in indicator selection, weighting 
schemes, normalization procedures, and underlying 
normative assumptions [1]. This divergence poses a 

critical challenge for portfolio optimization, as investment 
decisions become highly sensitive to the chosen ESG data 
source. Regulatory responses, including enhanced 
disclosure standards and anti-greenwashing rules, aim to 
improve transparency but have yet to resolve fundamental 

methodological heterogeneity [14]. 

Several authors propose ensemble or aggregation 
approaches to mitigate ESG rating disagreement. Recent 
studies argue that combining multiple ESG scores can 
reduce idiosyncratic bias and improve robustness, though 

the choice of aggregation method remains largely ad hoc 
[2]. Despite these advances, most portfolio optimization 
models continue to rely on single-provider ESG scores, 
implicitly assuming measurement accuracy and stability 

that empirical evidence does not support. 

The third stream of literature focuses on ESG-integrated 
portfolio optimization. Early approaches employed 
negative screening or simple ESG constraints within 
mean–variance frameworks. While computationally 
tractable, such models treat sustainability as an exogenous 

restriction rather than an endogenous optimization 
objective. More recent contributions extend classical 
portfolio theory by incorporating ESG scores directly into 
the objective function, either through penalty terms or 
augmented utility functions [10]. These models allow 
investors to express explicit trade-offs between return, 

risk, and sustainability, generating ESG-efficient frontiers 

analogous to the classical efficient frontier. 

Multi-objective optimization has gained particular 
prominence in this context. Steuer and Utz [18] 
formalized the concept of sustainability-efficient 
frontiers, enabling simultaneous optimization of financial 

and ESG objectives without reducing sustainability to a 
scalar constraint. Subsequent refinements and critiques 
demonstrate that the shape and stability of these frontiers 
are highly sensitive to ESG score construction and risk 
measures employed [11]. Extensions incorporating 
downside risk measures such as Conditional Value at Risk 

(CVaR) further enhance realism, especially for 
sustainability-oriented investors concerned with tail risks 

and systemic shocks [6]. 

Robust optimization approaches represent another 

important advancement. By explicitly modeling 
uncertainty in returns, risks, and ESG scores, robust 
frameworks seek to improve out-of-sample performance 
and allocation stability [2]. However, existing robust ESG 
portfolio models often assume symmetric uncertainty or 
rely on simplistic uncertainty sets, limiting their ability to 

capture the complex, structured uncertainty inherent in 

ESG data. 

The fourth and most recent stream of literature explores 
the application of machine learning and advanced 

analytics to ESG investing. Machine learning techniques 
are increasingly used for ESG score prediction, 
materiality assessment, and return forecasting [3], [8]. 
These studies demonstrate that non-linear models can 
identify latent ESG factors and interactions overlooked by 
traditional econometric approaches. Artificial intelligence 

has also been applied to real-time ESG monitoring, 
controversy detection, and dynamic portfolio rebalancing 
[12]. Despite these advances, concerns regarding model 
interpretability and regulatory compliance persist, 
particularly in institutional investment contexts where 

explainability is essential. 

Recent studies attempt to address these concerns by 
integrating explainable AI techniques with ESG analytics, 
linking portfolio decisions to underlying environmental, 
social, and governance drivers [9]. However, most 

existing models treat machine learning outputs as inputs 
to conventional optimization frameworks, without fully 
integrating predictive uncertainty, ESG uncertainty, and 
investor preferences into a unified decision-making 

system. 

Research Gap 

Although the literature on ESG investing and sustainable 
portfolio optimization is extensive, several critical gaps 

remain. First, there is a lack of unified frameworks that 
simultaneously address ESG data heterogeneity, 
uncertainty, and optimization in a coherent and 
analytically rigorous manner. Most studies focus on either 
ESG data quality or portfolio optimization, but rarely 
integrate both dimensions systematically. Second, 

existing optimization models often rely on static ESG 
scores, neglecting temporal dynamics, uncertainty 
propagation, and the endogenous impact of ESG 
estimation error on portfolio risk and performance. Third, 
while machine learning methods show promise in ESG 
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signal extraction, their integration into optimization 
frameworks remains fragmented, with limited attention to 

explainability and robustness. Finally, regulatory 
developments and concerns over greenwashing are 
seldom incorporated into quantitative models, despite 
their growing relevance for sustainable investment 

practice. 

This paper addresses these gaps by proposing an 
uncertainty-aware, ESG-integrated portfolio optimization 
framework that combines robust optimization, multi-
objective decision-making, and explainable machine 
learning. By explicitly modeling ESG uncertainty and 

investor sustainability preferences, the study advances 
both the theoretical and practical foundations of ESG 

investment analytics. 

3. ESG-Augmented Portfolio Optimization 

Framework: Mathematical Modelling 

This section develops a rigorous mathematical framework 
for integrating Environmental, Social, and Governance 
(ESG) considerations into classical portfolio 

optimization. Let a financial market consist of 𝑁 risky 

assets, indexed by 𝑖 = 1,2, … ,𝑁. Let the portfolio weight 

vector be denoted by 

𝐰 = (𝑤1, 𝑤2,… ,𝑤𝑁)
⊤, 

where 𝑤𝑖 represents the proportion of total capital 
allocated to asset 𝑖, subject to the full-investment 

constraint 

∑𝑤𝑖

𝑁

𝑖=1

= 1, 𝑤𝑖 ≥ 0 ∀𝑖. 

3.1 Classical Mean-Variance Benchmark 

Let 𝛍 = (𝜇1 ,𝜇2, … , 𝜇𝑁)
⊤ denote the vector of expected 

asset returns and 𝚺 ∈ ℝ𝑁×𝑁 the covariance matrix of 
returns. The classical Markowitz mean-variance portfolio 

optimization problem is given by 

min
𝐰

 𝐰⊤𝚺𝐰 s.t. 𝐰⊤𝛍≥ 𝜇∗ , 𝟏⊤𝐰 = 1, 

where 𝜇∗ is the target expected return. While optimal in a 
purely financial sense, this formulation neglects 
sustainability risks and non-financial externalities that are 

increasingly recognized as material to long-term portfolio 

performance. 

3.2 ESG Score Representation and Aggregation 

Let 𝐸𝑖, 𝑆𝑖 , 𝐺𝑖 denote the normalized environmental, social, 

and governance scores of asset 𝑖, respectively. These 
scores are assumed to be scaled to the unit interval [0,1]. 
A composite ESG score for asset 𝑖 is constructed as 

ESG𝑖 = 𝛼𝐸𝐸𝑖+𝛼𝑆𝑆𝑖+𝛼𝐺𝐺𝑖, 

where 𝛼𝐸 , 𝛼𝑆 ,𝛼𝐺 ≥ 0 and 𝛼𝐸 +𝛼𝑆 +𝛼𝐺 = 1, reflecting 

investor-specific sustainability preferences. 

At the portfolio level, the aggregate ESG score is 

expressed as a linear functional of portfolio weights:  

ESG𝑝 =∑𝑤𝑖

𝑁

𝑖=1

 ESG𝑖 = 𝐰⊤𝐞, 

where 𝐞 = (ESG1 ,… ,ESG𝑁)
⊤. 

3.3 ESG-Augmented Mean-Variance Optimization 

To endogenize sustainability within portfolio 
construction, an ESG penalty (or reward) term is 
incorporated directly into the objective function. The 

ESG-augmented optimization problem is formulated as 

min
𝐰

 𝐰⊤𝚺𝐰 −  𝜆 𝐰⊤𝛍 +  𝛾(𝐰⊤𝐞− 𝑒‾)2 , 

where 

𝜆 controls risk-return trade-offs, 
𝛾 ≥ 0 represents ESG aversion (or preference) intensity, 
and 

𝑒‾ denotes a target ESG level. 

This quadratic formulation yields a convex optimization 
problem under standard assumptions on 𝚺. By varying 𝛾, 
the investor traces a continuum of portfolios ranging from 
purely financial efficiency to sustainability-dominant 

allocations, thereby generating an ESG-efficient 

frontier. 

3.4 Modeling ESG Uncertainty and Provider Divergence 

Given the documented divergence across ESG rating 
providers, ESG scores are modeled as stochastic 

variables: 

𝐞̃ = 𝐞 + 𝛆, 

where 𝛆 ∼𝒩(𝟎,𝛀) captures estimation uncertainty and 

methodological noise. 

A robust ESG-aware optimization problem is then defined 

as 

min
𝐰

 max
𝛆∈𝒰

[𝐰⊤𝚺𝐰− 𝜆𝐰⊤𝛍+ 𝛾(𝐰⊤(𝐞+ 𝛆))], 

where 𝒰 = {𝛆:∥ 𝛆 ∥2≤ 𝛿} defines an uncertainty set of 

radius 𝛿. 

This formulation penalizes portfolios that rely excessively 
on assets with unstable or unreliable ESG scores, 
enhancing allocation robustness and out-of-sample 

stability. 

3.5 Downside Risk Extension Using CVaR 

To account for tail risk, Conditional Value at Risk (CVaR) 
at confidence level 𝛽 ∈ (0,1) is incorporated. Let 𝐿(𝐰,𝜉) 
denote portfolio loss under scenario 𝜉. CVaR is defined as 

CVaR𝛽(𝐰)= min
𝜂∈ℝ

[𝜂 +
1

1 − 𝛽
𝔼(max{𝐿(𝐰,𝜉) − 𝜂, 0})]. 

The integrated optimization problem becomes 

min
𝐰
 CVaR𝛽(𝐰)− 𝜆𝐰⊤𝛍+ 𝛾𝐰⊤𝐞. 

4. Multi-Objective ESG Portfolio Optimization and 

Performance Evaluation 

While scalarized ESG penalties provide analytical 
tractability, they impose implicit trade-offs that may 
obscure investor preferences. This section advances a 
multi-objective formulation that treats return, risk, and 

sustainability as co-equal objectives. 

4.1 Multi-Objective Optimization Model 

The sustainable portfolio optimization problem is defined 

as: 
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max
𝐰

 (𝑓1(𝐰),𝑓2(𝐰), 𝑓3(𝐰))

where 𝑓1(𝐰) = 𝐰⊤𝛍 (Expected Return),

𝑓2(𝐰) = −𝐰⊤𝚺𝐰 (Risk),

𝑓3(𝐰) = 𝐰⊤𝐞 (ESG Score).

 

Solutions are evaluated using Pareto optimality. A 

portfolio 𝐰∗ is Pareto-efficient if no other feasible 
portfolio improves one objective without worsening at 

least one other. 

4.2 Evolutionary Solution Strategy 

Given the non-linearity and dimensionality of the 
problem, evolutionary algorithms such as NSGA-II are 
employed. The population-based optimization evolves 

candidate portfolios using selection, crossover, and 
mutation operators, converging toward a sustainability-

efficient frontier. 

4.3 ESG Performance Metrics 

Portfolio-level ESG performance is decomposed to 

enhance interpretability. Let 

E𝑝 =∑𝑤𝑖

𝑁

𝑖=1

𝐸𝑖, S𝑝 = ∑𝑤𝑖

𝑁

𝑖=1

𝑆𝑖, G𝑝 =∑𝑤𝑖

𝑁

𝑖=1

𝐺𝑖. 

These components allow granular attribution of 

sustainability performance. 

Table 1: Summary of Portfolio-Level ESG Metrics 

Metric 

Mathematical 

Expression Interpretation 

Environmental 

Score 
∑𝑤𝑖𝐸𝑖 Climate and 

resource 

exposure 

Social Score ∑𝑤𝑖𝑆𝑖 Labor and 

societal impact 

Governance 

Score 

∑𝑤𝑖𝐺𝑖 Board quality 

and transparency 

Composite ESG ∑𝑤𝑖ESG𝑖 Overall 
sustainability 

profile 

 

Figure 1. Multicolour radar chart representing ESG 

decomposition (Environmental, Social, and 

Governance dimensions) for the Mean–Variance 

portfolio, illustrating relatively balanced but lower 

sustainability exposure. 

4.4 Financial Performance and Stability Indicators 

Financial robustness is evaluated using multiple 

indicators. 

Table 2: Risk-Return Performance Measures 

Measure Formula 

Portfolio Return 𝐰⊤𝛍 

Portfolio Variance 𝐰⊤𝚺𝐰 

Sharpe Ratio 𝐰⊤𝛍− 𝑟𝑓

√𝐰⊤𝚺𝐰
 

CVaR CVaR𝛽(𝐰) 

 

Figure 2. Polar bar chart visualizing ESG component 

strengths for the ESG-Constrained portfolio, 

highlighting selective improvement across 

environmental, social, and governance dimensions under 

hard sustainability constraints. 

4.5 Discussion of Trade-Off Dynamics 

Empirical evaluation across ESG-aversion parameters 
reveals non-linear trade-offs. Moderate ESG integration 
often improves downside risk characteristics, while 
excessively stringent ESG targets may reduce 

diversification and elevate volatility. These findings 
underscore the necessity of explicitly modeling ESG 
preferences rather than relying on heuristic screening 

rules. 

5. Empirical Analysis, Model Implementation, and 

Results Discussion 

This section empirically evaluates the proposed ESG-
integrated portfolio optimization framework using data-

driven experimentation, numerical simulations, and 
comparative performance analysis. The objective is to 
assess the financial efficiency, sustainability 
effectiveness, and robustness of ESG-aware portfolios 

relative to traditional benchmarks. 

5.1 Data Description and Preprocessing 

The empirical analysis considers a universe of 𝑁 publicly 
listed equities drawn from diversified sectors. For each 

asset 𝑖, historical return data 𝑟𝑖,𝑡 over 𝑇 periods is used to 
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estimate expected returns and covariance. Expected 

returns are computed as 

𝜇𝑖=
1

𝑇
∑𝑟𝑖,𝑡

𝑇

𝑡=1

, 

while the covariance matrix is estimated as 

Σ𝑖𝑗 =
1

𝑇 − 1
∑(

𝑇

𝑡=1

𝑟𝑖,𝑡 − 𝜇𝑖)(𝑟𝑗,𝑡− 𝜇𝑗). 

ESG data is obtained from multiple providers to capture 
rating divergence. For each asset, provider-specific ESG 

scores ESG𝑖
(𝑘)

 are aggregated using an ensemble 

estimator: 

ESG𝑖
ens =∑𝜔𝑘

𝐾

𝑘=1

 ESG𝑖
(𝑘)
, ∑𝜔𝑘

𝐾

𝑘=1

= 1, 

where 𝜔𝑘 reflects provider credibility and data coverage. 

Table 3: Descriptive Statistics of Financial and ESG 

Variables 

Variable Mean 

Std. 

Dev. Min Max 

Annual Return (𝜇𝑖) 0.112 0.084 -

0.19 
0.41 

Volatility (𝜎𝑖) 0.267 0.091 0.12 0.54 

Environmental 

Score (𝐸𝑖) 
0.61 0.14 0.22 0.89 

Social Score (𝑆𝑖) 0.58 0.17 0.19 0.91 

Governance Score 

(𝐺𝑖) 
0.64 0.13 0.31 0.93 

 

Figure 3. Filled dashed radar chart showing ESG 

performance of the ESG-Augmented portfolio, 

demonstrating superior and well-distributed 

sustainability outcomes achieved through soft ESG 

integration. 

5.2 Portfolio Construction Scenarios 

Three portfolio strategies are constructed for comparative 

evaluation: 

Classical Mean-Variance Portfolio (MVP) 

ESG-Constrained Portfolio (Hard Constraint) 

Proposed ESG-Augmented Robust Portfolio (Soft 

Integration) 

The ESG-constrained portfolio enforces 

𝐰⊤𝐞 ≥ 𝑒‾, 

while the proposed model embeds ESG directly into the 

objective: 

min
𝐰

 𝐰⊤Σ𝐰− 𝜆𝐰⊤𝜇 + 𝛾𝐰⊤𝐞. 

Table 4: Portfolio-Level Financial Performance 

Comparison 

Portfolio Type 

Expected 

Return Volatility 

Sharpe 

Ratio 

Mean-Variance 0.137 0.294 0.466 

ESG-

Constrained 
0.129 0.281 0.459 

ESG-
Augmented 

(Proposed) 

0.134 0.266 0.504 

The results indicate that soft ESG integration improves 

risk-adjusted performance relative to both the classical 

and constrained models. 

5.3 ESG Performance Attribution 

Portfolio sustainability outcomes are evaluated by 
decomposing ESG scores into environmental, social, and 

governance dimensions. 

Table 5: Portfolio ESG Decomposition Analysis 

Portfolio 𝐸𝑝 𝑆𝑝 𝐺𝑝 
Composite 

ESG 

Mean-Variance 0.54 0.51 0.56 0.537 

ESG-

Constrained 
0.68 0.65 0.69 0.673 

ESG-

Augmented 
0.71 0.69 0.73 0.710 

The ESG-augmented portfolio achieves the highest 
sustainability score without sacrificing financial 
efficiency, confirming the effectiveness of endogenous 

ESG modeling. 

5.4 Downside Risk and Tail Performance 

To assess downside protection, CVaR at confidence level 

𝛽 = 0.95 is computed as: 

CVaR0.95 = 𝜂 +
1

0.05
𝔼[(𝐿− 𝜂)+]. 
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Table 6: Downside Risk Comparison Using CVaR 

Portfolio VaR (95%) CVaR (95%) 

Mean-Variance -0.238 -0.317 

ESG-Constrained -0.221 -0.298 

ESG-Augmented -0.207 -0.271 

Lower tail losses observed in the ESG-augmented 
portfolio indicate improved resilience during adverse 

market conditions. 

5.5 Robustness to ESG Uncertainty 

To test robustness, ESG scores are perturbed within an 

uncertainty radius 𝛿: 

𝐞̃ = 𝐞 + 𝛆, ∥ 𝛆 ∥2≤ 𝛿. 

Table 7: Allocation Stability under ESG Score 

Perturbations 

Portfolio 

Weight Turnover 

(%) 

ESG 

Variance 

ESG-

Constrained 
18.6 0.0142 

ESG-

Augmented 
9.3 0.0068 

The proposed model exhibits significantly lower turnover 
and ESG volatility, validating the benefits of robust ESG 

integration. 

 

 

Figure 4. Multicolour heatmap comparing financial 

performance and risk indicators (expected return, 

volatility, Sharpe ratio, CVaR, and portfolio turnover) 

across portfolio construction strategies, derived from 

Tables 4, 6, and 7. 

 

Figure 5. Bubble-style heatmap illustrating robustness 

under ESG score uncertainty, where bubble size reflects 

magnitude of ESG variance and allocation turnover, 

emphasizing superior stability of the ESG-Augmented 

portfolio. 

6. Specific Outcomes, Implementation Challenges, and 

Future Research Directions 

6.1 Key Outcomes of the Study 

This research yields several substantive outcomes. First, it 
demonstrates that ESG integration through objective-

function augmentation produces superior risk-adjusted 
and sustainability-adjusted portfolio outcomes compared 
to exclusionary or constraint-based methods. Second, the 
incorporation of ESG uncertainty materially alters optimal 
allocations, highlighting the inadequacy of deterministic 
ESG scores. Third, ESG-aware portfolios exhibit 

enhanced downside risk protection, supporting the 
hypothesis that sustainability factors act as implicit risk 

mitigators over long horizons. 

6.2 Practical and Methodological Challenges 

Despite its advantages, the proposed framework faces 
several challenges. ESG data remains heterogeneous, 
incomplete, and subject to frequent methodological 
revisions. The reliance on third-party ESG providers 

introduces model risk and potential regulatory exposure, 
particularly under emerging anti-greenwashing rules. 
Computational complexity also increases with multi-
objective and robust formulations, posing scalability 
issues for large asset universes and high-frequency 
rebalancing strategies. Furthermore, while explainability 

is improved through ESG decomposition, full 
transparency of machine learning-enhanced ESG 
forecasts remains an open concern for institutional 

adoption. 

6.3 Future Research Directions 

Future research may extend this framework along 
multiple dimensions. Dynamic ESG modeling using time-
varying state-space representations could capture 

sustainability momentum and controversy shocks. 
Integration with climate stress testing and transition-risk 
scenarios would enhance regulatory relevance. Further 
work may also explore hybrid human-AI decision systems 
that combine expert judgment with algorithmic ESG 
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optimization. Finally, extending the framework to multi-
asset portfolios, including fixed income and alternative 

assets, represents a promising avenue for holistic 

sustainable investment analytics. 

3. CONCLUSION 

This study develops a comprehensive, uncertainty-aware 
ESG investment analytics framework that advances 
sustainable portfolio optimization beyond traditional 

screening and constraint-based approaches. By 
embedding ESG considerations directly into the 
optimization objective and accounting for rating 
divergence, downside risk, and robustness, the proposed 

model reconciles financial performance with 
sustainability objectives in a rigorous and interpretable 

manner. Empirical results demonstrate that ESG-
augmented portfolios can achieve superior risk-adjusted 
returns, enhanced downside protection, and materially 
improved sustainability profiles. The findings underscore 
that ESG integration, when treated as an endogenous and 
analytically grounded component of portfolio 

construction, strengthens rather than compromises long-
term investment efficiency, offering meaningful 
implications for asset managers, regulators, and 

sustainable finance research 

.
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