Turkish Studies - Economics, Finance, Politics !‘

ANKARA SCIENCE

www.turkishstudies.net/economy eISSN' 2667_5625 UNIVERSITY

Research Article / Arastirma Makalesi

Financial Stress and Market Volatility in Machine Learning-Based Greenwashing Detection:
Evidence from S&P 500 Companies

Makine Ogrenmesi Tabanli Yesil Aklama Tespitinde Finansal Stres ve Piyasa Oynaklig1: S&P 500
Sirketlerinden Bulgular

Riiya Kaplan Yildirim*

Abstract: As sustainability reporting has taken on an increasingly central role in corporate communications,
the inconsistency between companies’ stated environmental commitments and their actual practices has
become a significant credibility issue for investors and regulatory bodies. The aim of this study is to assess the
reliability of the environmental commitments made by companies in the S&P 500 index and, in this context,
to develop a machine learning-based model for detecting greenwashing. A review of the existing literature on
this topic reveals that the vast majority of studies focus solely on textual features and largely disregard financial
and market-based indicators. Building on this gap, this study systematically examines whether integrating
textual features with financial stress factors and market volatility into a single model improves classification
performance. Accordingly, using data from 503 companies, natural language processing techniques
(ClimateBERT, TF-IDF, sentiment analysis, readability metrics, and expressions of uncertainty), financial
structure indicators (leverage ratio, return on assets, firm size, sector sensitivity), and market volatility
indicators based on the GARCH (1,1) model—totaling 21 features—were created and fed as inputs to the
XGBoost classifier. The dependent variable was obtained by converting the ISS governance risk score into a
binary class using a dynamic thresholding method. According to the findings, the model demonstrated
satisfactory classification performance with an ROC-AUC value of 0.704 and a Spearman rank correlation
coefficient of 0.756. The results of the SHAP analysis revealed that the signals with the highest explanatory
power were market volatility indicators, although textual features also made a significant contribution to model
performance. Our findings also indicate that textual features play a complementary role by increasing the
model’s sensitivity during the decision-making process. In this context, the study demonstrates that, rather than
relying on a single data source for greenwashing detection, multi-channel model architectures that
simultaneously evaluate corporate discourse, financial structure, and market reaction produce more reliable
and consistent results, and recommends the adoption of such integrated approaches for future research.
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Oz: Siirdiiriilebilirlik raporlamasinin kurumsal iletisimde giderek merkezi bir konuma gelmesiyle birlikte,
sirketlerin beyan ettikleri ¢evresel taahhiitler ile fiili uygulamalar1 arasindaki tutarsizlik, yatirimcilar ve
diizenleyici kurumlar agisindan 6nemli bir giivenilirlik sorunu haline gelmistir. Bu ¢calismanin amaci, S&P 500
endeksinde yer alan sirketlerin ¢evresel taahhiitlerinin giivenilirligini degerlendirmek ve bu baglamda makine
Ogrenmesi tabanli bir yesil aklama (greenwashing) tespit modeli gelistirmektir. Konuyla ilgili mevcut literatiir
incelendiginde, calismalarin biiyiik cogunlugunun yalnizca metinsel 6zelliklere odaklandig1 ve finansal ile
piyasa temelli gostergeleri biiyiik dlglide goz ardi ettigi goriilmektedir. Bu ¢aligsma ise s6z konusu bosluktan
hareketle, metinsel O6zellikler ile finansal baski unsurlarimin ve piyasa oynakliginin tek bir modelde
biitiinlestirilmesinin smiflandirma performansini artirtp artirmadigin sistematik bicimde incelemektedir. Bu
dogrultuda, 503 sirkete ait veriler kullanilarak dogal dil isleme teknikleri (ClimateBERT, TF-IDF, duygu
analizi, okunabilirlik 6lgiitleri ve belirsizlik ifadeleri), finansal yap1 gostergeleri (kaldirag orani, aktif karliligi,
firma biiyiikligi, sektorel duyarlilik) ve GARCH (1,1) modeline dayali piyasa oynaklig1 gostergeleri olmak
iizere toplam 21 6zellik olusturulmus ve bu 6zellikler XGBoost siniflandiricisina girdi olarak sunulmustur.
Bagimli degisken, ISS yonetisim risk skorunun dinamik esikleme yontemiyle ikili bir sinifa doniistiiriilmesiyle
elde edilmistir. Elde edilen bulgulara gére model, 0,704 ROC-AUC degeri ve 0,756 Spearman sira korelasyon
katsayisi ile tatmin edici bir smiflandirma performans: sergilemistir. SHAP analizi sonuglari, en yiiksek
aciklayicilifa sahip sinyallerin piyasa oynaklig1 gdstergeleri oldugunu, ancak metinsel 6zelliklerin de model
performansina dnemli katki sagladigini ortaya koymustur. Bulgularimiz ayrica, metinsel 6zelliklerin karar
asamasinda modelin duyarliligini artirarak tamamlayici bir islev istlendigine isaret etmektedir. Bu baglamda
calisma, yesil aklama tespitinde tek bir veri kaynagina dayanmak yerine, kurumsal sdylemi, finansal yapiy1 ve
piyasa tepkisini es zamanli olarak degerlendiren ¢ok kanalli model mimarilerinin daha giivenilir ve tutarl
sonuglar lirettigini gdstermekte, gelecekteki ¢aligmalar igin de bu tiir biitiinlesik yaklagimlarin benimsenmesini
onermektedir.

Anahtar Kelimeler: Yesil Aklama, ESG, Finansal Baski, Makine Ogrenmesi, Finansal Yap1 Gostergeleri.
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Structured Abstract:

Most of the existing greenwashing detection literature relies almost exclusively on textual disclosure
features, leaving the potential contribution of firm-level financial pressure and market-based signals largely
unexamined. This study aims to build a machine-learning-based greenwashing detection model that evaluates
the credibility of the environmental commitments made by S&P 500 companies by combining textual,
financial, and market-volatility information. Specifically, we investigate whether incorporating GARCH-based
conditional stock-return volatility as a proxy for investor skepticism toward corporate environmental claims,
alongside natural language processing (NLP) and financial structure indicators, improves classification
performance compared to text-only approaches. This multi-channel approach addresses a glaring gap in the
literature: no previous study has combined time-series market-volatility dynamics with textual and financial
indicators within a single ESG-credibility classifier, and so it is important to test whether “market skepticism”
reflected in volatility has any additional and independent explanatory power beyond disclosure language and
balance-sheet pressure.

The study is based on a quantitative and predictive machine-learning model on a sample of 503 S&P
500 companies, which are classified by GICS sector. We constructed three independent data channels. The
NLP channel uses six features from company disclosure text such as TF-IDF (the weights of nine ESG-specific
terms, a Loughran-McDonald ESG-extended sentiment score, Flesch and Gunning Fog readability indices,
hedge word count and a ClimateBERT (DistilRoBERTa)-based greenwashing score with temperature scaling.
Five features are incorporated in the financial channel (firm size, return on assets, leverage ratio and GICS
sector sensitivity). The market channel uses ten cross-sectional features (company-specific GARCH (1,1)
based on daily stock returns) based on the data from a firm, though we make use of a prediction before the
forecast window as they are more likely to be leaked. The 21 resulting features were aggregated into a single
matrix and fed into an XGBoost classifier, with hyperparameters tuned by RandomizedSearchCV and class
imbalance dealt with through a dynamically adjusted scale pos weight. The binary dependent variable was
built by applying a dynamic percentile threshold to the ISS Governance QualityScore. The dataset was split
80/20 (402 training, 101 test companies) using stratified sampling and SHAP (TreeExplainer) was used for
explainability. Three robustness tests were designed: ablation test, where all GARCH features were removed,
isolation test using only GARCH features, and lagged-GARCH test, where volatility parameters are re-
estimated only on the first 70% of return history as an anti-data leakage check.

On the held-out test set of 101 previously unknown firms, the full model has an ROC-AUC of 0.704
and Spearman rank correlation of 0.756 which is an informative classification and a strong risk ranking
consistency for a model built on a very small number of explanatory variables. SHAP analysis showed that
market-volatility features are the focus of the explanation of the model outputs. Three of the top five and eight
of the top thirteen predictors are from the GARCH channel, with garch vol last (SHAP = 0.668) being the
strongest predictor before leverage and Gunning Fog readability. However, we found that volatility alone is
not enough. When the GARCH features are used in isolation, the ROC-AUC is only slightly less (0.638, -
2.3%), and Average Precision is only 20.7% worse (0.467), showing that the volatility is the most predictive
feature in this case, even if there is no textual or financial context. When the GARCH features are removed
completely, the ROC-AUC is still only 0.012 (1.8%) and the accuracy is 7.5%, indicating that NLP and
financial features are very discriminating on their own and leverage (0.662) and Gunning Fog (0.618) are the
most predictive features. The lagged-GARCH robustness test using volatility parameters estimated from only
the first 70% of the return history outperformed the contemporary baseline model (ROC-AUC 0.704 vs. 0.653;
Spearman p 0.756 vs. 0.739). This indicates that if the look-ahead data leaks, the market-volatility signal is not
temporary but rather is a structural relationship.

The results suggest that greenwashing risk cannot be captured in only one information source: market
volatility signals are the major drivers of the ranking performance but textual and financial features are also
needed to enhance the decision-level precision and reduce the number of false positives. If we use multi-
channel models which assess the corporate discourse, financial structure and market response jointly, we will
find that greenwashing classification is more reliable than the single channel model. The study contributes to
the literature in two ways. One is that the authors, for the first time, have introduced firm-level GARCH-derived
volatility dynamics into an ESG-credibility classifier, which is key to the theory that heterogeneous investor
beliefs about ESG authenticity are reflected in the variance in conditional returns. Second, the model's stability
in ranking is also useful for portfolio ESG screening. The authors have performed three rigorous robustness
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tests and demonstrated that volatility influences a good AUC while textual complexity and hedging language
affects the classification accuracy. The study is predictive rather than causal and it relies on a single governance
risk provider (ISS) and proxy disclosure reports instead of complete CSR/CDP/TCFD reports; this is a cross-
sectional, single-period (2023-2024) study focused on S&P 500 firms and future studies using greenwashing
cases, alternative ESG rating providers, panel data and instrumental-variable or Granger-causality designs
should be undertaken to establish causality and generalizability.

Keywords: Greenwashing, ESG, Financial Pressure, Machine Learning, Financial Structure
Indicators.
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Résumé Structuré:

La majeure partie de la littérature consacrée a la détection de 1’écoblanchiment repose presque
exclusivement sur les caractéristiques textuelles des informations publiées par les entreprises, laissant
largement inexplorée la contribution potentielle des pressions financiéres a 1’échelle de 1’entreprise et des
signaux de marché. Cette étude vise a élaborer un modele de détection de 1’écoblanchiment fondé sur
I’apprentissage automatique, permettant d’évaluer la crédibilit¢é des engagements environnementaux des
entreprises du S&P 500 en combinant des informations textuelles, financiéres et relatives a la volatilité du
marché. Plus précisément, nous examinons si 1’intégration de la volatilit¢ conditionnelle des rendements
boursiers, estimée au moyen de modéles autorégressifs a hétéroscédasticité conditionnelle généralisée
(GARCH) et utilisée comme indicateur indirect du scepticisme des investisseurs a 1’égard des allégations
environnementales des entreprises, améliore les performances de classification lorsqu’elle est associée au
traitement automatique du langage naturel (TALN) et aux indicateurs de structure financiére, comparativement
aux approches exclusivement textuelles. Cette approche multicanale répond a une lacune manifeste de la
littérature : aucune étude antérieure n’a combiné les dynamiques de volatilit¢ du marché issues de séries
temporelles avec des indicateurs textuels et financiers au sein d’un méme classificateur de crédibilité
environnementale, sociale et de gouvernance (ESG). Il importe donc de déterminer si le « scepticisme du
marché », reflété dans la volatilité, posséde un pouvoir explicatif supplémentaire et indépendant, au-dela du
langage employé dans les publications et des pressions liées au bilan.

L’étude repose sur un modele quantitatif et prédictif d’apprentissage automatique appliqué a un
échantillon de 503 entreprises du S&P 500, réparties par secteur selon la norme mondiale de classification des
secteurs (GICS). Trois canaux indépendants de données ont été construits. Le canal TALN mobilise six
caractéristiques extraites des textes publiés par les entreprises, comprenant les pondérations de neuf termes
propres a I’ESG calculées selon la méthode de fréquence du terme—fréquence inverse du document (TF-IDF),
un score de sentiment fondé sur le lexique de Loughran—-McDonald étendu au domaine ESG, les indices de
lisibilité de Flesch et de Gunning Fog, le nombre de marqueurs d’atténuation et un score d’écoblanchiment
fondé sur ClimateBERT (DistilRoBERTa), avec calibration par mise a 1’échelle de la température. Le canal
financier intégre cinq caractéristiques : la taille de 1’entreprise, la rentabilité des actifs, le ratio de levier
financier et la sensibilité sectorielle selon la classification GICS. Le canal de marché utilise dix caractéristiques
transversales tirées des données de chaque entreprise a partir d’'un modeéle GARCH (1,1) spécifique, estimé sur
les rendements boursiers quotidiens ; toutefois, nous utilisons une prédiction antérieure a la fenétre de
prévision, compte tenu du risque accru de fuite de ces données. Les 21 caractéristiques obtenues ont été
regroupées dans une matrice unique, puis fournies a un classificateur XGBoost. Les hyperparamétres ont été
optimisés a 1’aide de RandomizedSearchCV, tandis que le déséquilibre entre les classes a été traité par un
ajustement dynamique du paramétre scale pos weight. La variable dépendante binaire a été construite en
appliquant un seuil de percentile dynamique au score ISS Governance QualityScore. Le jeu de données a été
divisé selon un ratio de 80/20, soit 402 entreprises pour 1’entrainement et 101 pour le test, au moyen d’un
échantillonnage stratifié. La méthode SHAP (TreeExplainer) a été utilisée pour assurer 1’explicabilité du
modele. Trois tests de robustesse ont été congus : un test d’ablation, supprimant I’ensemble des caractéristiques
GARCH ; un test d’isolement, utilisant uniquement ces caractéristiques ; et un test GARCH décalé dans le
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temps, dans lequel les paramétres de volatilité sont réestimés exclusivement sur les premiers 70 % de
I’historique des rendements, afin de vérifier 1’absence de fuite de données.

Sur le jeu de test réservé, composé de 101 entreprises non observées auparavant par le modele, le
modele complet atteint une aire sous la courbe ROC (ROC-AUC) de 0,704 et une corrélation des rangs de
Spearman de 0,756. Ces résultats témoignent d’une capacité de classification informative et d’une forte
cohérence dans le classement des risques pour un modéle reposant sur un nombre trés limité de variables
explicatives. L’analyse SHAP montre que les caractéristiques de volatilit¢é du marché occupent une place
centrale dans I’explication des sorties du modéle. Trois des cinq principaux prédicteurs et huit des treize
prédicteurs les plus importants proviennent du canal GARCH ; garch vol last constitue le prédicteur le plus
influent (SHAP = 0,668), devant le levier financier et I’indice de lisibilit¢ de Gunning Fog. Toutefois, nous
constatons que la volatilité seule ne suffit pas. Lorsque les caractéristiques GARCH sont utilisées isolément,
la ROC-AUC n’est que légérement inférieure (0,638 ; —2,3 %), tandis que la précision moyenne (Average
Precision) ne diminue que de 20,7 %, pour s’établir a 0,467. Ce résultat indique que la volatilité constitue, dans
ce cas, la caractéristique la plus prédictive, méme en I’absence de contexte textuel ou financier. Lorsque les
caractéristiques GARCH sont entiérement supprimées, la diminution de la ROC-AUC demeure limitée a 0,012
(1,8 %) et celle de I’exactitude de classification a 7,5 %, ce qui indique que les caractéristiques TALN et
financiéres posseédent, a elles seules, un fort pouvoir discriminant ; le levier financier (0,662) et I’indice de
Gunning Fog (0,618) sont alors les caractéristiques les plus prédictives. Le test de robustesse GARCH décalé
dans le temps, fondé sur des paramétres de volatilité estimés uniquement a partir des premiers 70 % de
I’historique des rendements, surpasse le modéle de référence contemporain (ROC-AUC de 0,704 contre 0,653
; p de Spearman de 0,756 contre 0,739). Cela indique que, si une fuite de données futures se produit, le signal
de volatilit¢ du marché n’est pas temporaire, mais refléte plutdt une relation structurelle.

Les résultats suggérent que le risque d’écoblanchiment ne peut étre appréhendé a partir d’une seule
source d’information : les signaux de volatilité du marché constituent les principaux déterminants de la
performance de classement, mais les caractéristiques textuelles et financieres sont également nécessaires pour
améliorer la précision des décisions de classification et réduire le nombre de faux positifs. L’ utilisation de
modeles multicanaux évaluant conjointement le discours des entreprises, leur structure financiére et la réaction
du marché permet d’obtenir une classification de 1’écoblanchiment plus fiable que celle issue d’un modele a
canal unique. L’étude apporte deux contributions a la littérature. Premi¢rement, les auteurs introduisent, pour
la premiére fois, des dynamiques de volatilité dérivées de modéles GARCH a I’échelle de I’entreprise dans un
classificateur de crédibilité ESG. Cette contribution est centrale pour la proposition théorique selon laquelle
I’hétérogénéité des croyances des investisseurs quant a I’authenticité des pratiques ESG se refléte dans la
variance conditionnelle des rendements. Deuxiémement, la stabilit¢é du modéle en matiére de classement
présente également un intérét pour le filtrage des portefeuilles selon des critéres ESG. Les auteurs ont réalisé
trois tests de robustesse rigoureux et montré que la volatilité contribue a une bonne performance en matiére
d’AUC, tandis que la complexité textuelle et les marqueurs d’atténuation influencent I’exactitude de
classification. L’étude est prédictive plutot que causale et repose sur un seul fournisseur d’évaluations du risque
de gouvernance (ISS), ainsi que sur des rapports de divulgation utilisés comme substituts, plutdt que sur des
rapports complets de responsabilité sociale des entreprises (CSR), du Carbon Disclosure Project (CDP) ou de
la Task Force on Climate-related Financial Disclosures (TCFD). Il s’agit d’une étude transversale couvrant une
seule période (2023-2024) et centrée sur les entreprises du S&P 500. Des recherches futures mobilisant des
cas d’écoblanchiment, d’autres fournisseurs de notations ESG, des données de panel et des dispositifs
méthodologiques fondés sur les variables instrumentales ou la causalité au sens de Granger devraient donc étre
menées afin d’établir la causalité et la généralisabilité des résultats.

Mots-clés: Ecoblanchiment, ESG, pression financiére, apprentissage automatique, indicateurs de
structure financiére.

Resumen Estructurado:

La mayor parte de la literatura existente sobre la deteccion del lavado verde (greenwashing) se basa
casi exclusivamente en las caracteristicas textuales de la informacion divulgada, mientras que la posible
contribucion de las presiones financieras a nivel empresarial y de las sefiales de mercado permanece, en gran
medida, inexplorada. Este estudio tiene como objetivo desarrollar un modelo de deteccion del lavado verde
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basado en aprendizaje automatico que evalte la credibilidad de los compromisos ambientales de las empresas
del S&P 500 mediante la integracion de informacion textual, financiera y relativa a la volatilidad del mercado.
Especificamente, se examina si la incorporacion de la volatilidad condicional de los rendimientos bursatiles,
estimada mediante modelos de heterocedasticidad condicional autorregresiva generalizada (GARCH), como
variable sustitutiva del escepticismo de los inversores ante las declaraciones ambientales corporativas, junto
con indicadores de procesamiento del lenguaje natural (PLN) y de estructura financiera, mejora el desempeiio
de clasificacion frente a los enfoques exclusivamente textuales. Esta aproximacion multicanal aborda una
laguna manifiesta en la literatura: ningun estudio previo ha integrado las dinamicas de volatilidad del mercado
observadas en series temporales con indicadores textuales y financieros en un unico clasificador de credibilidad
ambiental, social y de gobernanza (ESG). Por consiguiente, resulta pertinente comprobar si el «escepticismo
del mercado» reflejado en la volatilidad posee una capacidad explicativa adicional e independiente respecto
del lenguaje de divulgacion y de las presiones del balance.

El estudio adopta un enfoque cuantitativo y predictivo basado en aprendizaje automatico, aplicado a
una muestra de 503 empresas del S&P 500, clasificadas por sector conforme al Estandar Global de
Clasificacion Industrial (GICS). Se construyeron tres canales independientes de datos. El canal de PLN utiliza
seis caracteristicas extraidas de los textos de divulgacion corporativa, entre ellas las ponderaciones de nueve
términos especificos de ESG calculadas mediante la frecuencia de término—frecuencia inversa de documento
(TF-IDF), una puntuacion de sentimiento basada en el Iéxico de Loughran—-McDonald ampliado al ambito
ESG, los indices de legibilidad de Flesch y Gunning Fog, el recuento de expresiones de atenuacion y una
puntuacién de lavado verde basada en ClimateBERT (DistilRoBERTa), calibrada mediante escalado de
temperatura. El canal financiero incorpora cinco caracteristicas: tamafio de la empresa, rentabilidad sobre los
activos, ratio de apalancamiento y sensibilidad sectorial segin el GICS. El canal de mercado utiliza diez
caracteristicas transversales obtenidas de los datos de cada empresa mediante un modelo GARCH (1,1)
especifico, estimado a partir de los rendimientos bursatiles diarios; no obstante, se utiliza una prediccion
anterior a la ventana de prondstico, dada la mayor probabilidad de filtracion de esos datos. Las 21
caracteristicas resultantes se integraron en una unica matriz y se introdujeron en un clasificador XGBoost,
cuyos hiperparametros se ajustaron mediante RandomizedSearchCV. El desequilibrio entre clases se abord6
mediante un ajuste dindmico del parametro scale pos weight. La variable dependiente binaria se construy6
aplicando un umbral percentilar dindmico al ISS Governance QualityScore. El conjunto de datos se dividié en
una proporcion de 80/20, con 402 empresas para entrenamiento y 101 para prueba, mediante muestreo
estratificado, y se utilizo6 SHAP (TreeExplainer) para interpretar las predicciones. Se disefiaron tres pruebas de
robustez: una prueba de ablacion, en la que se eliminaron todas las caracteristicas GARCH; una prueba de
aislamiento, que utilizé exclusivamente dichas caracteristicas; y una prueba con GARCH rezagado, en la que
los parametros de volatilidad se reestimaron utilizando unicamente el primer 70 % del historial de
rendimientos, como comprobacion frente a la filtracion de datos.

En el conjunto de prueba reservado, compuesto por 101 empresas no observadas previamente por el
modelo, el modelo completo alcanza un area bajo la curva ROC (ROC-AUC) de 0,704 y una correlacion de
rangos de Spearman de 0,756. Estos resultados indican una capacidad de clasificacion informativa y una
elevada consistencia en la ordenacion del riesgo para un modelo construido con un nimero muy reducido de
variables explicativas. El analisis SHAP mostr6 que las caracteristicas de volatilidad del mercado ocupan una
posicion central en la explicacion de los resultados del modelo. Tres de los cinco principales predictores y ocho
de los trece mas relevantes proceden del canal GARCH; garch _vol _last constituye el predictor mas influyente
(SHAP = 0,668), por delante del apalancamiento y de la legibilidad medida mediante Gunning Fog. Sin
embargo, los resultados muestran que la volatilidad por si sola no es suficiente. Cuando las caracteristicas
GARCH se utilizan de forma aislada, el ROC-AUC es solo ligeramente inferior (0,638; —2,3 %), mientras que
la precision promedio (Average Precision) disminuye tnicamente un 20,7 %, hasta situarse en 0,467. Esto
indica que la volatilidad constituye la caracteristica con mayor capacidad predictiva en este caso, incluso en
ausencia de contexto textual o financiero. Cuando las caracteristicas GARCH se eliminan por completo, la
disminucion del ROC-AUC sigue siendo de tan solo 0,012 (1,8 %) y la de la exactitud de clasificacion es del
7,5 %, lo que indica que las caracteristicas de PLN y las financieras poseen, por si mismas, una elevada
capacidad discriminativa; el apalancamiento (0,662) y Gunning Fog (0,618) son los predictores mas relevantes.
La prueba de robustez con GARCH rezagado, cuyos parametros de volatilidad se estimaron utilizando
unicamente el primer 70 % del historial de rendimientos, superd al modelo de referencia contemporaneo (ROC-
AUC de 0,704 frente a 0,653; p de Spearman de 0,756 frente a 0,739). Ello indica que, si se produce una
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filtracion de informacioén futura, la sefial de volatilidad del mercado no es transitoria, sino que refleja una
relacion estructural.

Los resultados sugieren que el riesgo de lavado verde no puede captarse mediante una unica fuente de
informacion: las sefiales de volatilidad del mercado son los principales determinantes del desempefio en la
ordenacidn del riesgo, pero las caracteristicas textuales y financieras también son necesarias para mejorar la
precision de las decisiones de clasificacion y reducir el numero de falsos positivos. El uso de modelos
multicanal que evaluan conjuntamente el discurso corporativo, la estructura financiera y la respuesta del
mercado permite obtener una clasificacion del lavado verde mas fiable que la proporcionada por un modelo de
un solo canal. El estudio contribuye a la literatura de dos maneras. En primer lugar, los autores incorporan, por
primera vez, dinamicas de volatilidad derivadas de modelos GARCH a nivel empresarial en un clasificador de
credibilidad ESG, un elemento central para el planteamiento tedrico segln el cual la heterogeneidad de las
creencias de los inversores sobre la autenticidad de las practicas ESG se refleja en la varianza condicional de
los rendimientos. En segundo lugar, la estabilidad del modelo en la ordenacién del riesgo también resulta util
para la seleccion de activos en carteras conforme a criterios ESG. Los autores realizaron tres pruebas rigurosas
de robustez y demostraron que la volatilidad contribuye a un buen desempefio en términos de AUC, mientras
que la complejidad textual y el lenguaje de atenuacion influyen en la exactitud de clasificacion. El estudio es
predictivo, no causal, y se basa en un tinico proveedor de evaluaciones del riesgo de gobernanza (ISS) y en
informes de divulgacion utilizados como aproximaciones, en lugar de informes completos de responsabilidad
social corporativa (CSR), del Proyecto de Divulgacion de Carbono (CDP) o del Grupo de Trabajo sobre
Divulgaciones Financieras Relacionadas con el Clima (TCFD). Asimismo, se trata de un estudio transversal
correspondiente a un unico periodo (2023—2024), centrado en empresas del S&P 500. Por tanto, se requieren
investigaciones futuras que utilicen casos de lavado verde, proveedores alternativos de calificaciones ESG,
datos de panel y disefios basados en variables instrumentales o en causalidad de Granger, con el fin de
establecer la causalidad y la generalizabilidad de los resultados.

Palabras clave: Lavado verde, ESG, presion financiera, aprendizaje automatico, indicadores de
estructura financiera.
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CTpyKTYpHPOBaHHAs1 AHHOTALUS:

BONBIIMHCTBO  CYHIECTBYIOIIMX HCCIICIOBAHUH, IOCBAIMIEHHBIX BBIBICHHIO TPHHBOIINHTA,
ONHUPAETCS] TIOYTH WCKIIOYUTEIIFHO HAa TEKCTOBBIE XapaKTEPUCTHKM PACKPBIBAEMOH KOPIOPATUBHOM
uH(pOpManuH, TOrJa Kak MOTCHIMAIBHBIA BKIaJ (PMHAHCOBOTO JAaBICHUS HA YPOBHE KOMITAaHUH M PHIHOYHBIX
CHTHAJIOB OCTA&TCS B 3HAUNTEIBHON CTETICHN HEU3yUeHHBIM. L{enb HacToAIIero uccieoBanus — pa3padboraTsb
MOJICTIb  BBISIBJICHUS TPHHBOLIMHIA Ha OCHOBE MAIIMHHOTO OOY4YeHHMs, IO3BOJISIONIYIO OIIEHHBAThH
JIOCTOBEPHOCTh 3KOJIOTHYECKHUX O00S3aTeNIbCTB KOMIIaHWH, BXoaamux B uHAekc S&P 500, mocpencrBom
00beANHEHNS] TEKCTOBOH, (PMHAHCOBOW MH(OPMAIMU U JaHHBIX O PHIHOYHOW BOJNATHIBHOCTH. B dactHOCTH,
UCCIeIyeTCs, TI03BOJISIET JIM BKJIIOYEHUE YCIIOBHOW BOJIATHJIBHOCTH JIOXOJHOCTH aKIMH, OLEHWBAEMOW ¢
MOMOIIBI0 Mojeneld 000OmIEHHON aBTOperpecCHOHHOM ycnoBHOW rerepockenactnuHocTH (GARCH) nu
UCIIONIb3YeMOI B KadecTBE NPOKCH-IIOKA3aTeNsl CKENTHUIIM3Ma WHBECTOPOB B OTHOLIEHHH 3KOJIOTHYECKHX
3asiBIICHAHA KOMIIAaHWH, HapsAQy C IpU3HaAKaMu o0paboTkm ectecTBeHHOTo si3bika (NLP) m moxazaremsimu
(hPMHAHCOBOH CTPYKTYPBI, OBBICUTH Ka4E€CTBO KIACCH(HUKAIIMN 110 CPABHEHHIO C TTOAXOAAMH, OCHOBAHHBIMHU
WCKIIIOYNTETBHO HAa TEKCTOBBIX JAAHHBIX. DTOT MHOTOKAaHAJIbHBIM ITOJXOJ HAaIlpaBliCeH Ha BOCIIOJHECHHUE
CYIIECTBEHHOTO Ipolela B IUTEpaType: paHee HU OJHO UCCIEI0BaHNE HE 00BEIUHATIO TMHAMUKY PHIHOYHOH
BOJIATWJILHOCTH, TIPEJCTaBICHHYIO BPEMEHHBIMHU PSAaMH, C TEKCTOBBIMH M (DMHAHCOBBIMH ITOKA3aTEISIMH B
paMKax €IWHOTrO KJIacCH(UKAaTOpa JOCTOBEPHOCTH 3KOJIOTHYECKHX, COLMAIBHBIX M YIPaBICHUYECKHX
xapaktepuctuk (ESG). [ToaTtomy BaskHO MPOBEPUTH, 001a/1a€T JIU «PHIHOYHBIA CKETITUIIU3MY, OTPAXKEHHBIN B
BOJIATWJILHOCTH, JOMOJIHUTEIHHOW M HE3aBUCUMOUN OOBSACHSIONIEH CIIOCOOHOCTHIO CBEpPX TOH, KOTOPYIO
00ecreynBaoT s3bIK PAacKphITUs MH(GOpPMALUK M (UHAHCOBOE JaBICHHE, OTpaXKaeMoe B OyXrajaTepcKoM
GanaHce.

HccnenoBanue OCHOBaHO Ha KOJMYECTBEHHOM MPOTHO3HOM MOZAENHM MAIIMHHOTO OOy4YeHus,
npruMeHEHHOW K BbIOOpke m3 503 kommammii wmHAekca S&P 500, pacnpeaenéHHBIX IO CEKTOpaM B
COOTBEeTCTBHUH ¢ [1100anbHEIM cTaHmapTOM OTpacieBor knaccupukamun (GICS). beum chopmupoBans! Tpu
HE3aBUCHMBIX KaHana AaHHbIX. Kawman NLP ucnone3yeT miecTs NPH3HAKOB, W3BIEYEHHBIX M3 TEKCTOB
KOPIIOPAaTHBHBIX PACKPBITUH, BKIIIOYas Beca AEBATH CIENUATU3UPOBAaHHBIX TepMUHOB ESG, paccunTtaHHBIE
METOJIOM «4acTOTa TepMuHa — oOpartHas gactora fqokymeHTa» (TF-IDF), onieHKy TOHaJIBHOCTH Ha OCHOBE
cnoBapss Jloypana — MakjgoHanbia, pacmMpeHHoro nans oxBaTa TepmuHonorun ESG, uHOeKkcs
ynobountaemoctu ®remnta u ['ananara — Pora, KOJIMYECTBO MAPKEPOB JTMHIBUCTUIECKOTO XeKUPOBAHUS, a
Tarke olieHKy rpunBomuHra Ha ocHoBe ClimateBERT (DistilRoBERTa) ¢ npumeHeHneM TeMiiepaTypHOro
MacmTabupoBauus. @UHAHCOBBIM KaHaJl BKIIIOYAeT MATh NMPU3HAKOB: pa3Mep KOMIIAHWH, PEHTAa0eIbHOCTH
AKTHBOB, KO (QHUIMEHT (UHAHCOBOIO pblYara 1 OTPACieBYI0 YyBCTBUTEIbHOCTh COTJIACHO KJIACCH()HMKALUK
GICS. PrIHOYHBII KaHAT UCTIOIB3YET AECATH NPU3HAKOB MOMEPEYHOTO CPe3a, HOTYIESHHBIX M3 JAHHBIX KX I0M
KOMIIaHUM Ha OCcHOBe mHAuBUAyanbHOU monenu GARCH (1,1), oneHEHHON TO €XeIHEBHOH TOXOIHOCTH
aKIW{; TP 3TOM HCIOJIB3YeTCsl MPOTHO3, COPMHUPOBAHHBIM /10 Hayana MPOTHO3HOTO OKHA, MOCKOJIBKY
COOTBETCTBYIOIINE JIAaHHBIE B OOJBIIEH CTENEHH ITOIBEPKEHBI PUCKY yTeukH. [lomyuennsiii 21 npusHak Obu1
00beANHEH B €AMHYIO MaTpUIly U mepenaH kinaccuduxaropy XGBoost. I'nneprnapamerpsl HaCTpauBaINCh C
nomomblo RandomizedSearchCV, a nucOamaHc KilaccoB YYHTHIBAJICS MOCPEACTBOM JIMHAMHUYECKOM
KOPPEKTHPOBKH NapaMeTpa scale pos weight. bunaphnas 3aBucumast nepemerHas 0bl1a chopMHUpOBaHa Iy TEM
MPUMEHEHHUS TUHAMUYECKOT0 MPOIECHTHIBHOTO mopora Kk nokaszarento ISS Governance QualityScore. Habop
JIAHHBIX ObLT pa3nenéH B cooTHomennu §0/20 nmocpeacTBoM cTpaTuGUIMPOBaHHOM BEIOOpKH: 402 KOMIIAHUH
BOIIUTM B 00y4aromiyro BeIOOpKy, a 101 — B TecToByto. 711 HHTEPIPETALIUU MOJIENIN HCIIOIB30BAJICS METOX
SHAP (TreeExplainer). bpumm pa3spaGoTaHsl TpH TNPOBEPKH YCTOHYHMBOCTH: aONSAIMOHHBIA TECT C
nckimodyenneMm Bcex mpu3HakoB GARCH; TecT M30IMpOBAaHHOTO HCIIOJIB30BAHMS, BKIFOYAIONINN TOJIHKO
npmHaki GARCH; u Ttect ¢ narupoBamHbiM GARCH, B KOTOpoM mapameTphl BOJATUIBHOCTH
MEPEOLIEHUBAIIUCh HMCKIIOUYUTENBHO HA HepBbIX 70 % HCTOpUYECKOro psaa NOXOAHOCTU IJIi HMPOBEPKU
OTCYTCTBUS YTEUKU JaHHBIX.

Ha ornoxenHo# TectoBoi BeIOOpke u3 101 xoMnanuu, paHee He NPEACTABICHHON MOJEINH, TIOJIHAS
MoOJIeb jocTuraeT 3HaueHus omann oy ROC-kpusoit (ROC-AUC), pasuoro 0,704, u xosdduimenTa
paHroBo# koppessiuun Crimpmena, pasHoro 0,756. DTH pe3ysbTaThl CBUIETENCTBYIOT 00 HHYOPMATHBHOCTH
Kiaccu(UKaMy ¥ BHICOKOH COTJIACOBAHHOCTH PAH)KUPOBAHHS PUCKOB JUIsl MOJIEIH, IIOCTPOSCHHON Ha BeCchMa
OTPaHMYEHHOM dHCJIE OOBACHIIOMUX TNepeMeHHbIX. AHamu3 SHAP mokasan, 9To NpW3HAKH PBIHOYHON
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BOJIATWJILHOCTHU 3aHUMAIOT IICHTPAJIIbHOE MECTO B OOBSCHEHHH PE3YNbTaTOB MOAENU. TpH U3 MATH U BOCEMb
W3 TPUHAALUATH HamOollee 3HAYMMBIX TPEeIuKTOpoB oTHOcATcs K kaHary GARCH; Hambosnee CHIBHBIM
npeaukropoM siBisiercst garch vol last (SHAP = 0,668), onepexarormii (pUHAHCOBBIM pblUar M WHIEKC
ynobounTaemoctu ['anamara — ®ora. Bmecre ¢ TeM yCcTaHOBICHO, 9TO OHOM BOJIATWIHFHOCTH HEAOCTATOYHO.
IIpn wm3ommpoBanHOM wucnonb3oBaHnu npuzHakoB GARCH 3mauennme ROC-AUC cHmxkaercs IHIIB
He3HaunTenbsHO — 10 0,638 (2,3 %), TorIa Kak CpeaHss TOYHOCTH MTOJIOKHUTEIBHBIX MpencKkazanuil (Average
Precision) ymenbiaercs b Ha 20,7 %, 10 0,467. DTo moKa3bIBaeT, UTO B TAHHOM CIIy4ac BOJATHUIILHOCTh
obnasaer HauOOMNbIIEH NPOTHOCTHYECKOW CHOCOOHOCTBIO Ja)Xe IpHU OTCYTCTBHM TEKCTOBOTO WM
¢uHaHcOBoro koHTekcTa. Ilpum momHom uckmouennn npusHakoB GARCH cumxenne ROC-AUC mno-
npexxHeMy cocrtasisieT Bcero 0,012 (1,8 %), a cHUKeHHE 10JIM TpaBHIIBHBIX Kiaccupukauuii — 7,5 %. 910
yKa3bIBaeT Ha BBICOKYIO CaMOCTOSITEIBbHYIO Pa3jIMYalollyl0 CIocoOHOCTh npu3HakoB NLP u ¢uHaHCOBBIX
nokasaTesell; HanboJsiee CHIIBHBIMHM HPEIUKTOPaMH IPU 3TOM BhICTyHaloT (uHaHCOBBIA phryar (0,662) u
nanekc ['amanara — @ora (0,618). IIposepka ycroitumBoct ¢ marupoBanHeIM GARCH, ucnons3yromas
IapaMeTpsl BOJATWIIBHOCTH, OLECHEHHBIE TOJBKO MO MepBbIM 70 % HMCTOPHYECKOTO psiga TOXOIHOCTH,
MIPOIEMOHCTPUPOBAJIa TIPEBOCXOACTBO Haa 0a30Boil Momenpio ¢ TekymmuMmu onerkamu (ROC-AUC: 0,704
npotus 0,653; xos3ddunment Crmpmena p: 0,756 nmpotus 0,739). D10 yka3pIBaeT Ha TO, UTO B CIIy4ae YTCUKH
OyAymMX AaHHBIX CHTHAT PBIHOYHOW BOJATWIIBHOCTH IPEACTaBIsieT cOOOH HE BpPEMEHHOE SBICHHUE, a
CTPYKTYPHYIO B3aIMOCBS3b.

Pe3ynbTaThl CBUAETENBCTBYIOT O TOM, YTO PUCK IPUHBOLIMHTA HEBO3MOXKHO B IIOJHOI Mepe BBIABUThH
Ha OCHOBE EIMHCTBEHHOI'O MCTOYHMKA HWH()OPMALMM: CHUTHANBI PBIHOYHOW BOJATHIBHOCTH SIBISIOTCS
OCHOBHBIMH (DakTOpaMu, ONpENeNSIOIUMH KayeCTBO PAaH)KUPOBAHUsI, OJHAKO TEKCTOBBIE M (PHHAHCOBBIC
NPU3HAKH TaK)Ke HEOOXOIMMBI JUISl TOBBILICHUS TOYHOCTH IOJOXKHUTEIbHBIX MNpEICKa3aHUN Ha YpOBHE
KJI1acCU(MKAIIMOHHBIX PELICHHH M COKpALICHUS YHCJa JI0KHOMOJIOKHUTEIBHBIX Pe3ylbTaToB. [IpuMeHeHue
MHOTOKaHaJIbHBIX MOJIENIEH, COBMECTHO OIICHUBAIOIINX KOPIOPATHBHBIN TUCKYPC, (UHAHCOBYIO CTPYKTYPY H
PEaKIHIO PBIHKA, [TO3BOJISICT MOJIYYHUTHh OoJiee HaA&KHYIO KIacCH()MKAIMIO TPHHBOIIMHTA 110 CPABHEHUIO C
OJTHOKaHAIBHON Mozelnblo. ViccieqoBaHne BHOCUT BKIIAJL B IUTEpATypy MO ABYM HaIlpaBieHUAM. Bo-mepBbhIx,
aBTOPHI BIIEPBHIE BKIIIOYAIOT AWHAMUKY BOJATHIBHOCTH Ha YPOBHE KOMIIAHHWH, MOJYYEHHYIO Ha OCHOBE
momerneii GARCH, B kmaccudukarop mocroBepHoctTn ESG. D10 mMeeT KIo4eBoe 3HAYCHHE [UIA
TEOPETHYECKOTO TMOJOKEHHS O TOM, YTO HEOZHOPOAHOCTh YOEXKICHHH WHBECTOPOB OTHOCHUTEIHHO
noyInHHOCTH TpakTHK ESG oTpakaercs B yCIOBHOH JUCTIEPCHH JOXOTHOCTH. BO-BTOPHIX, yCTOHYMBOCTH
MOJIE/IN B PAaHXUPOBAHUM PHUCKOB TaKXKe IOJIe3HA U1 0TOOpa aKTMBOB B MHBECTUIIMOHHBIE MOPTQETH MO
kputepusM ESG. ABTOpBI IpOBENN TPH CTPOTHE MIPOBEPKH YCTOMIMBOCTH U MOKA3aJld, YTO BOJATHUIBHOCTh
CHOCOOCTBYeT IOCTIKEeHHIO BbIcokmx 3HadeHHiH AUC, Torma Kak TEKCTOBas CIOXKHOCTh M CPENCTBa
JIMHTBUCTHYECKOTO XEJDKUPOBAHUS BIMSIOT Ha JIOJIO MpaBHIbHBIX Kiaccudukaruid. VcciaenoBanne HOCUT
MIPOTHOCTUYECKUH, a HE IPUUNHHO-00BSICHUTEIBHBIN XapaKTep U ONMUPAETCs Ha €AMHCTBEHHOTO MOCTABIINKA
OLICHOK PHMCKOB KOPIIOPATUBHOTO ympamieHHs — ISS, a takke Ha OTYETHI O PacKpPBITHM WH(OpMANNH,
UCTIONIb3YEMbIE B KadecTBE 3aMEHMTEJNIeH, BMECTO IIOJHBIX OTYETOB IO KOPIOPATHBHOW COLMAIBHOM
orBerctBeHHOCTH (CSR), [Ipoekty packpeitus mHopMarwm o BeiOpocax yriaepona (CDP) u pekomerpanusm
Paboueii rpynmsl mo packpeITHIO (PHHAHCOBOW mH(popManmH, cBszanHOU ¢ kimMaToM (TCFD). Kpome toro,
9TO HCCIIEAOBAHKE ITOIEPEYHOr0 cpe3a, OXBarhiBamomiee oauH mepuona (2023-2024 1r.) U orpaHUYEeHHOE
koMmaHusMu uHAekca S&P 500. Jlns ycTaHOBIEHMsI MPUYMHHO-CIEACTBEHHBIX CBsI3ed M 00001aeMocTu
pe3yIbTaTOB HEOOXOANMBI JajJbHEUIINE MUCCIEIOBAHUS C UCIOIh30BAHMUEM CIIy4aeB I'PHHBOIIMHIA, TaHHBIX
aNbTEPHATUBHBIX MOCTaBIIMKOB peHTHHroB ESG, maHEeNpHBIX MaHHBIX, a TaKXe MCCIeI0BaTebCKUX
JN3aifHOB, OCHOBAaHHBIX HA HHCTPYMEHTAJIBHBIX MEPEMEHHBIX WU NPHYUHHOCTH 1O I'peHmKepy.

KuioueBbie ciioBa: rpunBomuHr, ESG, ¢unancoBoe naBieHne, MammHHOEe 00ydeHUE, MOKa3aTeIH
(bMHAHCOBOMW CTPYKTYPHI.

IR IOR:

WHAIRAT &1 Uga 4 Tad SR g LT ufc: Uh STl &1 UresTd faiwarsit
R R R 8, Tafe Hu-Tiy foxiia gara iR SeR-3uRa Tabd! & JHIIT TRTe™ &1 gafa
T 6T fobam T B 1§ 31emTH T ST HIMA A R 3T Ueh MR ygaH disd fasRa
HRAT 7, S UraTTd, faxfia oiR aTeiR SifRRar Teieh gemraf & Yaifid e S&P 500 HUfl gRT Fdd
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goaRuiig vfaagarstt @ faya-iaar &1 gwie &1 ARy U 9, 9 98 Siad § & Tidhiad ui
TRIXHRUT (NLP) dYT faxfig TRe1 & Gohae! & W1y, HIURe Taiarvig ardl & Ufd oz & I21 &
TRIE Fhdd & ©U H GARCH-STYTRT =1 R WA SFRURAT HI QRARIT HRA ¥, Had U136 W
3meTied e Ivn Bt gamT H arfferzor e & GuR gidT 8 a1 76t | 98 9g-o-d e¥abiur e o faermme
TP WY MY-HRTA B! YSIId BT & [t gd srerm 3 ve g uaiarofiy, I ud 2meH-gaeh
(ESG) ﬁwﬁumm%wﬁwmwwﬁaw#@mﬁnﬁmﬁw@?ﬁ?ﬁu
Gahadh| o AT TG Tal [T § | 31d: TE URIEI0] 1 Hewaqul ¢ i SifuRar & uRkaférd «ameiR gwm
B UHCIHRUI B U SR JoH-U Yot Ta1d T W Py SHfaRad Ud W HRATHD & ¢ 1 g |

g 3T U TATHS AR GalgaHuRe RiF af- Ared R SuTid g, ¥ &P 500 &t 503
Sl & T R a1 foar a1 81 39 Sufdl $i afie I FIffeur I (GICS) & SR FaR
i far a1 §1 g8 i Tada et oHa Afifd fru ) NLp 99a B Fufal & usdieRur uret ¥ ura
38 faRrvarsit &1 It fsan T § | 399 e MgfRy-Nfdd™ gearas Mgl (TF-IDF) & YR W Ruffed
el ESG—ﬁﬁT@ q-qp[ & YR, ESG PIEACNIGERCRSIIEG] Loughran—-McDonald W R 3YTRA HIG-
fa=AWO1 R, Flesch 3R Gunning Fog T&HIadl JABID, YIS AhId Ud G SR a1l Jeal B
AT, TUT ATIHH BT &b ATeOH § 3{ifdhd ClimateBERT (DistilRoBER Ta)-3MUTRT WHARAT ¥HR
Ifthfera 81 faxfia 299a o uta faRiwaTd nfie ot 18 & dul &1 R, uikEuRr w ufawd, fada
AT U 3R GICS & AR &FTd Yag-=iadT | SR 99d & Udd HU- & Sl 4 U &g
Uy faRivarslt &1 IUANT fovan T 7, O GFe IR Uil & SMYR WR SFIHIG SHU-fardy
GARCH (1,1) AISd W 3YRd §; gTalie, Y& ST & i g $I 3ifid JTaT &I 38/d gU, 89
YaigHH 3fafd ¥ Ugd & GaigH 1 SN HRd § | 39 UHR U 21 faiwarsii &) verd oiegg § Uahighd
FR XGBoost GRS H UfAP fHar | STEuRtRIfeRY &7 THRISH RandomizedSearchCV §RT fasar
T, STdfds aﬁ-&mﬂaﬂ Gl scale_pos_weight & TR SIS & A1end & S fovar man| fgsmumt
3T =R &1 FHEF0T 1SS Governance QualityScore TR Teb TcIRitel Yfci=Tcieh HHHAT FIFIW fopam |
TR d Uferaa gRT SeRIT &1 80/20 & 3UTd H faHTfora farar o, foras ufreror & forg 402 SR gieror
& o 101 UM W T2 | HiSH P! TARITAT & oY SHAP (TreeExplainer) &1 UGN fooam T | fF
Feadl Uten R T T U fads udtern, fored @l GArRcH faRdrelt &) get fean mar, T gus
gteror, forw Fad GARCH faRwaraft &1 IugiT fasar Tar; SR U THa-uf¥id GARCH Tteror, fores
SeT Reaa ) St B R arthal $ Ui SR % dac YRR 70% HIT TR SRR U &1
TH: 3T e T |

Tied o forg gdd: SraRfd 101 U & gUd I Y URTE0 Ted OR gUf 418 d = 0.704 &1
ROC T & 3{did 8% d (ROC-AUC) 3R 0.756 BT TWIRHT HIfe Tedse e fpar | sreia Hifera Tem
H sgremEre @R R Afifa afsw & el #, 3 ufvomm gadme arifesor emrar sik sifew wa-Fefor &
S G TR 1 SHAP FIRaIN0r @ Ty gail s SR SR et fQwat wige % Frfdl & saren
ﬁéﬁﬁq@wﬁuﬁ%wquﬁaﬂmﬁé?ﬂmﬁﬁwmww
T ¥ 36 GARCH 79 ¥ Iafd &1 39 garch_vol last JaY FHIGRITEH YAIJATMS  (SHAP = 0.668),
et ®i faxiia STEH 3R Gunning Fog Ta1adT ¥ SR & | 9UTY, 894 Urdn {6 daa ifeRar gafa
Tt 81 1§ GARCH Ta=wdraff &1 gys U ¥ IugiT {1 &Il 8, df ROC-AUC had YIS HH gidl §
(0.638; —2.3%), STalfdb 3T URSLGdT (Average Precision) B 20.7% TTHR 0.467 I S &1 ST Tobd
forera 8 fo ureTa an fawfta ey & srura o oft, 5o fRufa & sifRRar gatfee yaigamer faRvar g1 o
GARCH fa=idrafi &1 1 oRe geT fadn STl 8, a6 H ROC-AUC # PRTaE e 0.012 (1.8%) SR aFffepRur
gted1 H fRTae 7.5% @A &1 98 i & fb NLP 3R faxita fa=iwemy s oy & 3= fadesry &
T &, qUT faiia ST (0.662) 3R Gunning Fog (0.618) Taiieid qalHM®R! [ARIvam € | ufawal &
UfgTRI® 31fireld & bad URMHE 70% HFT U STHI SRR Udl &l IUANT HR- dTel JHI-Uid
GARCH JE¢dT URTEU A THHTA SHTURITT ATSd H 95 FT1a a1 (ROC-AUC: 0.704 §TH 0.653;
THREA p: 0.756 T 0.739) | ST Mobd fHadr g b afe yfasy & = &1 Rama gar g, @ IR
SRR BT Yobd U 7 B T TATHS Tay ! Ufaffad drar gl
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ORRoTY g=1Td & fob WA sniias & farsdt U Gam did & A1eqd 3§ quia: Tt SHei off Il |
IEIR SRR & Tbhd SNREH HH-FuURY & Awred & vge R §, fihg arffavo fAofal & wW w
Wﬁﬁ?ﬁwwmﬁmwmﬁ%mwamﬁ?ﬂumwﬁ
AT ¢ | HIaRe famei, iy Txa=T SiR IR Ufafhan &1 Sgad Hedic R ard 9g-a-d Agar
1 SYTNT, Teha- A7 Higel &Y T 3 fayerg WHGIRAT aieRur UeH Rl 81 I8 31eqa
Wﬁﬁw@@wh@w AGH! A Ugell IR HUH-TRT GARCH-ITS SRR
TfeRftedr o ESG faya-iaar affere & affifed far 81 a8 39 Sgifae ufdured o forg fewgu §
SR SITAR ESG UTHITOTehdl o Hefe & Farep! &1 eRumafl &1 fasme uftpedl o T=Td TR0 # ufaférd
B 31 R, SfH HH-FufRor & disd o RRd o aidwifeat o EsG-snemid Serg & forg of
JUANT 8 | AT = IF HAR Yegdl URTefur fhu 3R Ui foan fah sifRRdr s/ Auc Fsarea #aime=
f B, Safe ureTId Sifeqar aur Wit Yoia Td qraymt g arelt sifiyoafaar aifeor gt o
TUITId Fcll § | T8 L HRUNHAD &b Tolg JaAJHHIRES § 3R ArG-Haeht sy & T i
UeTdT, 1SS, R R v 81 1y S, 39 HIuRe Jrmfis STREIG (CSR), BIa YH b GRgTorHT
(CDP) 3R Sefarg-Haeht fadia Ueciaru srdad (TCFD) & Syt Rutef & ®ITH IR ddfeid Udhdiem o
fraief o1 IuanT fohar T §1 g8 S&P 500 HUMTT W Bigd, Thd 3Gy (2023-2024) D JHe ara
YR T | 3 HRUMABAT AR FHs ot rT=iieRofoar RAfid & & forg wiaw & sreqgt
T AR & e, dbietds ESG & Uerdstt, U9d SeT auT JreHTrdd TR a1 FoR HRUNHG TR
TR =M SMNHed! BT IUINT fopdT ST AR |

B TMeg: WA, ESG, faxfia gara, m=fi= af, fada OemT dade |

Yapilandirilmis Ozet:

Yesil aklama tespitine iliskin literatliriin biiylik bir kismi1 neredeyse tamamen metinsel agiklama
ozelliklerine dayanmakta olup, sirket diizeyindeki finansal baski ve piyasa temelli sinyallerin potansiyel katkisi
biiyiik 6l¢iide incelenmemistir. Bu ¢aligma, metinsel, finansal ve piyasa oynaklig: bilgilerini birlestirerek S&P
500 sirketleri tarafindan verilen ¢evresel taahhiitlerin giivenilirligini degerlendiren, makine d6grenimi tabanlt
bir yesil yikama tespit modeli olusturmay1 amaglamaktadir. Ozellikle, dogal dil isleme (NLP) ve finansal yapi
gostergelerinin yani sira, sirketlerin ¢evresel iddialara yonelik yatirimer siipheciliginin bir gostergesi olarak
GARCH tabanl kosullu hisse senedi getiri oynakliginin dahil edilmesinin, yalnizca metne dayali yaklagimlara
kiyasla siniflandirma performansini iyilestirip iyilestirmedigini arastirtyoruz. Bu ¢ok kanalli yaklagim,
literatiirdeki bariz bir boslugu doldurmaktadir: Daha once hicbir ¢aligma, zaman serisi piyasa oynakligt
dinamiklerini metinsel ve finansal gostergelerle tek bir ESG giivenilirlik siiflandiricist iginde birlestirmedi;
bu nedenle, oynaklikta yansiyan “piyasa siipheciliginin”, agiklama dilinin ve bilanco baskisinin 6tesinde ek ve
bagimsiz bir agiklayici giice sahip olup olmadigini test etmek dnemlidir.

Bu ¢aligma, GICS sektorlerine gore siniflandirilmig 503 S&P 500 sirketinden olusan bir drneklem
iizerinde gelistirilen nicel ve 6ngoriicii bir makine dgrenimi modeline dayanmaktadir. Ug bagimsiz veri kanali
olusturulmustur. NLP kanali, sirket agiklama metinlerinden TF-IDF (dokuz ESG'ye 6zgii terimin agirliklari,
Loughran-McDonald ESG genisletilmis duyarlilik puani, Flesch ve Gunning Fog okunabilirlik endeksleri,
hedge kelime sayis1 ve sicaklik dlgeklendirmesine sahip ClimateBERT (DistilRoBERTa) tabanli greenwashing
puani) gibi alt1 6zelligi kullanmaktadir. Finansal kanalda bes 6zellik yer almaktadir (sirket biiytikligii, aktif
karlilig1, kaldirag oran1 ve GICS sektor duyarliligl). Piyasa kanali, bir sirketten elde edilen verilere dayali on
kesitsel 6zellik (glinliik hisse senedi getirilerine dayal1 sirkete 6zgiit GARCH (1,1) kullanmaktadir; ancak bu
verilerin sizma olasilig1 daha yiiksek olmasi nedeni ile tahmin penceresinden dnceki bir tahmin kullanilmistir.
Elde edilen 21 &zellik tek bir matris halinde birlestirilerek bir XGBoost smiflandiricisina beslenmistir;
hiperparametreler RandomizedSearchCV ile ayarlanmis ve smnif dengesizligi dinamik olarak ayarlanan
scale_pos weight ile giderilmistir. Ikili bagimlh degisken, ISS Governance QualityScore’a dinamik bir
persentil esigi uygulanarak olusturulmustur. Veri kiimesi, tabakali 6rnekleme yontemi kullanilarak 80/20
oraninda (402 egitim, 101 test sirketi) boliindii ve agiklanabilirlik i¢in SHAP (TreeExplainer) kullanilmistir.
Ug adet saglamlik testi tasarlanmustir: tiim GARCH 6zelliklerinin kaldirildig: ablasyon testi, yalnizca GARCH
ozelliklerinin kullanildig1 izolasyon testi ve veri sizintisini 6nlemek amaciyla volatilite parametrelerinin getiri
geemisinin yalnizca ilk %701 lizerinde yeniden tahmin edildigi gecikmeli GARCH testi.
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Daha o6nce bilinmeyen 101 firmadan olusan ayrilmis test kiimesinde, tam model 0,704 ROC-AUC ve
0,756 Spearman sira korelasyonu degerlerine sahiptir; bu, ¢cok az sayida agiklayici degisken iizerine insa
edilmis bir model i¢in bilgilendirici bir siniflandirma ve giiglii bir risk siralama tutarliligi anlamina gelir. SHAP
analizi, piyasa volatilitesi 6zelliklerinin model ¢iktilarinin agiklanmasinda odak noktasi oldugunu gdstermistir.
[k bes tahmin degiskeninden iigii ve ilk on ii¢ tahmin degiskeninden sekizi GARCH kanalindan gelmektedir;
garch_vol last (SHAP = 0,668), kaldirag ve Gunning Fog okunabilirliginden once en giiclii tahmin
degiskenidir. Ancak, oynakligin tek basina yeterli olmadigim tespit ettik. GARCH o6zellikleri tek basina
kullanildiginda, ROC-AUC degeri sadece biraz daha diisiik (0,638, -%2,3) ve Ortalama Hassasiyet sadece
%20,7 daha kotii (0,467) ¢ikmistir; bu da, metinsel veya finansal baglam olmasa bile, bu durumda oynakligin
en iyi tahmin eden 6zellik oldugunu gostermektedir. GARCH 6zellikleri tamamen kaldirildiginda, ROC-AUC
degeri yine de sadece 0,012 (%1,8) ve dogruluk oran1 %7,5’tir; bu da NLP ve finansal 6zelliklerin tek baslarina
oldukga ayirt edici oldugunu ve kaldirag (0,662) ile Gunning Fog (0,618) degerlerinin en iyi tahmin eden
Ozellikler oldugunu gostermektedir. Getiri gecmisinin yalnizca ilk %70’inden tahmin edilen oynaklik
parametrelerini kullanan gecikmeli GARCH saglamlik testi, ¢agdas referans modelden daha iyi performans
gosterdi (ROC-AUC 0,704’e kars1 0,653; Spearman p 0,756’ya kars1 0,739). Bu durum, ileriye doniik verilerin
sizmasi halinde piyasa volatilitesi sinyalinin gegici degil, yapisal bir iliski oldugunu gostermektedir.

Sonuglar, yesil aklama riskinin tek bir bilgi kaynagiyla tespit edilemeyecegini gostermektedir: Piyasa
oynaklig1 sinyalleri, siralama performansinin baslica belirleyicileridir; ancak karar diizeyindeki dogrulugu
artirmak ve yanlis pozitif sonuglarin sayisini azaltmak i¢in metinsel ve finansal 6zelliklerin de dikkate alinmasi
gerekmektedir. Kurumsal sdylemi, finansal yapiy1 ve piyasa tepkisini bir arada degerlendiren ¢ok kanalli
modeller kullanirsak, yesil yikama smiflandirmasinin tek kanalli modele kiyasla daha giivenilir oldugunu
gorecegiz. Bu ¢alisma, literatiire iki yonden katki saglamaktadir. Birincisi, yazarlarin ilk kez sirket diizeyinde
GARCH modelinden tiiretilen oynaklik dinamiklerini bir ESG giivenilirlik siniflandiricisina dahil etmeleridir;
bu, ESG'nin gergekligi hakkindaki heterojen yatirimci inanglarinin kosullu getirilerdeki varyansa yansidigi
teorisi agisindan kilit dneme sahiptir. ikincisi, modelin siralamadaki istikrari, portfoy ESG taramasi igin de
yararhidir. Yazarlar, ¢ titiz saglamlik testi gergeklestirmis ve volatilitenin iyi bir AUC degerine katkida
bulundugunu, metinsel karmasiklik ile riskten korunma dilinin ise siniflandirma dogrulugunu etkiledigini
gostermigtir. Bu calisma nedensel olmaktan ziyade 6ngdriicii nitelikte olup, eksiksiz CSR/CDP/TCFD raporlari
yerine tek bir yonetisim riski saglayicisina (ISS) ve vekaleten sunulan agiklama raporlarina dayanmaktadir.
Calisma, S&P 500 sirketlerine odaklanan kesitsel, tek donemli (2023-2024) bir ¢aligmadir; nedensellik ve
genellestirilebilirligi tespit etmek igin gelecekte yesil aklama vakalarmi, alternatif ESG derecelendirme
saglayicilarini, panel verilerini ve ara¢ degisken veya Granger nedensellik tasarimlarint kullanan c¢aligmalar
yiiriitiilmelidir.

Anahtar Kelimeler: Yesil Aklama, ESG, Finansal Baski, Makine Ogrenmesi, Finansal Yapi
Gostergeleri
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Introduction

As a result of global technological advancements in the manufacturing sector, global
awareness of the damage caused to nature has grown over the years. In addition to preparing financial
reports, companies have begun to prepare sustainability reports that include social and environmental
disclosures. At this stage, stakeholders want to monitor not only companies’ financial data but also
their sustainability activities through these reports. Research shows that companies prioritizing
sustainability are viewed as valuable by investors (Dagistanlt & Celik, 2023). In recent years,
sustainability and sustainability reporting have taken center stage in corporate practices. At the same
time, public awareness of environmental and sustainability issues has also increased. This situation
has created increasing pressure on companies to integrate social and governance (ESG) factors into
their business models. In addition, they are now required to disclose their performance in these areas
to the public. Furthermore, pressure from stakeholders—including investors and governments—has
led large companies to improve their corporate responsibility and sustainability reporting.
Sustainability reports, which show the extent to which companies are progressing toward their
sustainability goals and how these goals influence their strategies, are an important resource
containing valuable information for all business stakeholders. The standards that have been
developed not only ensure the consistency and comparability of sustainability disclosures but also
enable information users to make more informed and strategic investment decisions. The disclosures
included in these reports help reduce the information asymmetry that is likely to exist among
investors. However, factors such as the largely voluntary nature of ESG disclosures, regulatory gaps,
investor and customer expectations, and competitive pressures may lead some businesses to make
misleading sustainability claims that go beyond their actual performance (Karagiil & Selimoglu,
2026; Suta et al., 2026; Liman, 2026).

Under current conditions, it is insufficient for businesses to present only their financial
reports, as this fails to highlight their activities in environmental and social areas. The corporate
activities through which businesses generate ecological impacts cannot be fully assessed, and the
production of comparable and useful information is not ensured. Financial reporting has been
criticized for failing to facilitate an understanding of environmental, social, and governance impacts.
Consequently, the need for businesses to provide additional disclosures has emerged to ensure that
these impacts are understood and balanced against their economic performance (Schaltegger &
Burritt, 2010). In line with these developments, environmental, social and governance (ESG)
reporting has emerged as a new reporting tool that allows companies to share their non-financial
performance with stakeholders. However, the widespread adoption of ESG reporting has also led to
new debates of the accuracy and reliability of the reported information.
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Greenwashing has long been the subject of discussion (Celik & Reis, 2026). Greenwashing
is an interdisciplinary term, but there is no single definition, and in general is a misleading marketing
strategy that portrays a product or service as environmentally friendly, green, or sustainable when in
fact the product or service is not (Ozkaya, 2026). Greenwashing can be defined as a form of deceptive
marketing in which companies make false claims regarding the environmental performance of their
products or services, thereby creating a gap between stated claims and actual practices that misleads
stakeholders (Lyon & Maxwell, 2011; Shakourloo & Azimli, 2025). Greenwashing is considered
unethical in the corporate world in which companies are seeking to raise capital, create a good
impression of their company and regulatory stance by creating an environment-conscious image. The
environmental and social aspects are not only associated with the risks but with the investor trust in
financial markets. This is because the growing number of ESG-related investments in companies,
while increasing the number of investors who are attracted to companies that have good
environmental performance, also creates information asymmetry. Furthermore, the loss of trust in
investors caused by greenwashing, coupled with the fact that companies demonstrate
environmentally responsible behavior, exacerbates the problem. Indeed, the increasing prevalence of
ESG-focused investment simultaneously encourages investors to favor companies with strong
environmental performance and exacerbates the problem of information asymmetry (Shakourloo &
Azimli, 2025).

Furthermore, greenwashing has effects such as eroding investor confidence and creating bias
against companies that demonstrate environmentally responsible behavior (Tepeli & Biiklii, 2025).
Emphasizing that stakeholders play a vital role in whether greenwashing occurs, Seele and Gatti
(2017) also noted that stakeholders’ perceptions and reactions to greenwashing can significantly
influence a company’s strategies. However, the impact of these perceptions and reactions is not
limited to the strategic level; concerns among stakeholders can also affect companies’ market
performance. Indeed, situations that cause concern among stakeholders can lead to sudden changes
in stock prices (Chen and Dagestani, 2023). In particular, when financial pressures on firms increase,
their rhetoric and risk management language may shift, and they may engage in behavior that
contradicts reality by adopting more positive rhetoric.

Research has shown that greenwashing can take various forms, ranging from baseless claims
to deliberate misrepresentations that undermine publicly traded companies’ efforts to assess their
actual environmental impacts (Atabay, 2026). In addition, companies that engage in greenwashing
often use complex, vague language to try to conceal their true environmental performance. First
introduced in 1986 by ecologist Jay Westerveld, the concept of greenwashing has been extensively
studied and debated by scholars from various disciplines, including business, environmental
management, and law.

One of the key studies in this area (Karagiil & Selimoglu, 2026) noted that greenwashing
practices in businesses can lead to various financial problems, such as a loss of investor confidence,
a decline in market value, damage to reputation, deliberate deceptive actions, fraud, and the resulting
legal violations. In contrast, Li et al. 2023) have argued that greenwashing can be an effective tool
for resolving the conflict between environmental pressures and stakeholder demands within
organizations.

Research on greenwashing has employed a wide range of methodological approaches. A
substantial body of this literature relies on case-based financial analysis (Laufer, 2003; Marquis et
al., 2016; Tepeli & Biiklii, 2025; Walker & Wan, 2012), while other studies adopt content analysis
(Kusku et al., 2017; Yu et al., 2020) or discourse analysis (Dorfleitner & Utz, 2024; Thewissen,
2026) to examine corporate disclosures. In addition, comparative analysis (Cocozza, 2026; Kathan
et al., 2025) and text mining techniques (Kiling et al., 2026) have been used to identify patterns across
firms and industries. Other researchers have drawn on scores provided by ESG rating agencies
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(Atabay, 2026; Kathan et al., 2025; Siddique et al., 2026) or conducted multiple case studies (Karagiil
& Selimoglu, 2026) to assess the extent and consequences of greenwashing practices. However, the
vast majority of existing studies rely solely on textual features, and research examining the combined
effect of financial stress and market volatility on corporate discourse within a single model remains
limited.

Machine learning is a subfield of computer science and was defined by Arthur Samuel in
1959 as “the ability to teach computers to learn without being explicitly programmed.” Machine
learning in the field of artificial intelligence: It is based on prediction, learning from data and
algorithms to make predictions, and learning from data. Machine learning technology can be used to
extract meaningful data from the complex structures of data and can play a key role in
multidimensional problem solving in the generation of artificial intelligence (Meral, 2025). Machine
learning is very useful from a financial perspective in predicting market conditions and risks; the
problem of risk prediction, the development of financial instruments demand and supply/demand
balance (Ozgiir, 2021). In reality, large language models, natural language processing (NLP) and
machine learning technology are not only automating the analysis of corporate reports. Text mining
and NLP technology is transforming the analysis of corporate reports in the corporate report analysis
process. These technologies are now used in a wide range of applications, such as the automated
analysis of financial statements, sustainability disclosures, and risk reports; decision making
processes; compliance audits and transparency (Basar & Dogruel, 2025). These techniques can
analyse thousands of reports at once, reduce human bias and help in decision making.

This study aims at developing a machine learning system that assesses the reliability of the
environmental commitments of companies in the S&P 500 index. The system can detect such risks
not only on a textual basis but also on financial structure and market perception. The model uses not
only corporate texts but also financial stress indicators and market volatility as explanations as well.
Therefore, we find the influence of corporate discourse and financial conditions on greenwashing
behavior in general.

Materials and Methods
Sample and Data Sources

The sample for this study is 503 companies, extracted from Wikipedia's "List of S&P 500
companies." The companies are classified according to the Global Industry Classification Standard
(GICS) sector taxonomy, and the financial data was gathered through the Yahoo Finance (yfinance)
API and is estimated to be from 4 January 2023 to 30 December 2024 (about 500 trading days). The
data was chosen to consider the 2020-2022 period in a market free of pandemic-induced
macroeconomic noise. Furthermore, the period is characterized by geopolitical shocks of energy
markets, leading to market volatility and global ESG reporting standards (CSRD, SEC drafts)
becoming legal. GARCH models can achieve good performance in moderate forecast windows to
avoid structural market breaks and to maintain stability (Starica & Granger, 2005; Hwang & Valls
Pereira, 2006).

The data we have collected are divided into three categories: Firstly, companies' business
descriptions on the Yahoo Finance platform (longBusinessSummary) and sector-based sustainability
proxy texts were used as input data for text analysis. Secondly, financial indicators like market
capitalization (Market Cap), firm size (Ln_Firm_Size), return on assets (ROA), leverage ratio
(Leverage), price-to-book ratio (Market-to-Book), dividend yield (Dividend Yield), etc. were taken
into account. Third, the dependent variable is based on ISS (Institutional Shareholder Services)
Governance QualityScore metrics obtained from Yahoo Finance. The ISS scoring system evaluates
firms in the following order of the risk: 1 is the lowest risk (see ISS, 2023) and 10 is the highest risk
(see ISS, 2023). The model's target variable (y) was obtained by converting these raw scores on the
scale 1-10 into a binary class using dynamic quantile thresholding.
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Table 1. Data sources

Source Content Coverage
Wikipedia S&P 500 table Ticker list + sector 503 firms
yfinance API Financial ratios, ESG risk scores, stock 503 firms
prices
yfinance company descriptions | Proxy ESG disclosure text (NLP input) 503 firms
Daily log-returns For GARCH modeling 249.610 rows, 501 firms

Missing Data Management

An imputation technique based on the GICS sector median was applied to fill in missing
observations in the dataset. Under this approach, a firm’s missing financial indicator was first
imputed using the median value of firms in the same GICS sector; when the sector median was also
missing, it was imputed using the overall sample median. This strategy is consistent with the
assumption of sectoral homogeneity proposed by Little and Rubin (2019) in their theory of missing
data. It limits the risk of individual outliers disrupting the imputation process.

Defining the Dependent Variable

The dependent variable was determined by converting the raw ISS (Institutional Shareholder
Services) Governance QualityScore data (1-10 decile scale) from Yahoo Finance into a binary
categorical variable through dynamic quantile thresholding. The 503 firms in the sample were ranked
by their ISS governance risk score and the threshold value was the 75th percentile of the distribution
(esg_risk_raw =8.0). The firms with a risk score greater than or equal to this threshold were classified
as “High Risk” (y = 1) while the lowest risk firms were classified as “Low Risk” (y = 0). This is done
so that no data leaks are reported (Kaufman et al., 2012). In early trials, when the target variable was
obtained from the model inputs, the artificially high accuracy rate (around 98%) was evaluated as a
measure of this risk. As a result of this thresholding, 349 firms (69.4%) in the sample were marked
as "Low Risk" (y = 0) and 154 firms (30.6%) as "High Risk" (y = 1). Due to a tie at a raw score of
8.0, the final class distribution was slightly off the theoretical 75%/25% ratio.

GICS Sector Sensitivity Map

Companies are assigned an environmental sensitivity weight ranging from 0 to 1 based on
the GICS sector classification. These weights are determined based on sectors’ carbon footprint,
exposure to environmental regulations, and the historical frequency of ESG-related discussions.

Table 2. GICS Sector Sensitivity Map

Sector Sensitivity Weight
Energy 0.95
Materials 0.80
Utilities 0.75
Industrials 0.65
Consumer Staples / Consumer 0.50
Discretionary

Health Care 0.45
Financials 0.40

Real Estate 0.35
InformationTechnology 0.25
Communication Services 0.20
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As shown in Table 2, although the Energy sector has the highest environmental sensitivity
weight (0.95), it has a relatively small share of firms in the sample (4.4%). This means that the impact
of the small number of firms in the sector on the model's output may be disproportionately large
compared to their share in the sample. This is a methodological limitation that must be taken into
account when interpreting the findings.

Three-Channel Architecture

Based on the assumption that a single data layer cannot fully represent greenwashing
behavior, this study employs an architecture that evaluates three independent information channels
together.

Channel 1: NLP (What are they
saying?)

Channel 2: Financial (What is their

structure?)

Channel 3: GARCH (How does the
market react?)

Figure 1. Three-pillar architecture

The first channel analyzes what companies say using natural language processing (NLP)
techniques; the second channel explores whether the company’s structure supports this narrative with
financial indicators, and the third channel analyzes how the market reacts to these statements using
the GARCH (1,1) model. The features learned from each channel are combined into one matrix of
21 variables and fed to the XGBoost classifier.

In the T2 (Volatility-Removed) model, while the Accuracy metric was increased by 7.5%
from the Baseline model, the ROC-AUC level fell. This could be explained by the threshold-
dependent nature of the Accuracy metric and the imbalanced class distribution in the target variable
(69.4% vs. 30.6%). Rather than discriminating easy cases, the T2 model created an artificial increase
in accuracy by focusing on the majority class (Low Risk), whereas the ROC-AUC value, which
measures discriminatory power independent of the threshold, decreased.

On the other hand, the 20.7% drop in Average Precision across the T2 model, which is trained
only on GARCH features, is very important. This is because market volatility is a very useful
indicator for detecting potential greenwashing, but when it is used on its own it can be very noisy.
Without the NLP channel, the model lost its precision by detecting all market shocks as
greenwashing.

The function of each channel can be summarized by a question: the NLP channel seeks to
answer “What is the company saying?” the financial channel asks “Does the company’s structure
support these claims?” and the GARCH channel asks “Does the market truly trust this company?”
The data sources and sample features for each channel are summarized in Table 3.
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Table 3. Three-Pillar architecture for greenwashing detection

Channel | Question Data Source Example Features

ClimateBERT, FinBERT, GWL score, fog index, hedge

(13 f)’?
NLP What does the firm say? text analysis word count

Financial Does the ﬁrm S stf}lcture yfinance, S&P 500 Leverage, ROA, firm size
support its claims?

“Does the market actually Daily stock returns — Conditional volatility, spike

GARCH trust this firm?” GARCH (1,1) count, persistence

Channel 1: Natural Language Processing (NLP) Features

This channel is intended to investigate the text of what firms say in their environmental
disclosures, at the text level. It is a well-known observation from the literature that companies which
engage in greenwashing use complex and ambiguous language to hide the truth about their
environmental performance. This is consistent with what is known already in financial reporting for
the financial sector: Li (2008) found that annual reports of underperforming firms have a higher Fog
index and are less understandable, while sustainable earnings reports are written in relatively clear
English. In this paper, we believe that the same mechanism could also be true of environmental
disclosures; we hypothesize that a high Fog index and low readability of environmental disclosure
may be an indirect indication of a discourse strategy where information is presented formally but not
properly communicated.

TF-IDF (Term Frequency-Inverse Document Frequency)

TF-IDF weights were calculated for nine key terms specific to the ESG field (sustainable,
green, emissions, carbon, climate, environmental, renewable, decarbonization, net-zero). TF-IDF is
a statistical method that measures the importance of a term in a specific document by weighting it
with its rarity across the entire document collection (Salton & Buckley, 1988). In this way, the
conceptual focus areas in companies’ sustainability discourse were quantified.

Loughran-McDonald ESG-Extended Sentiment Analysis

The sentiment score in the texts was calculated using a version of Loughran and McDonald’s
(2011) finance-specific lexicon adapted to the ESG context. In addition to standard positive and
negative terms, hedging words indicating uncertainty (might, could, may, perhaps, potentially) were
also included and weighted by a factor of 0.7 before being added to the negative polarity.

The calculation proceeds as follows: first, the number of positive, negative, and uncertainty
words in the text is counted; the number of uncertainty words is multiplied by 0.7 and added to the
negative side to obtain the total negative value; finally, the formula.

Emotion Score = (Positive — Total Negative) + (Positive + Total Negative) (1)

is applied.

For example, if a text contains 10 positive, 4 negative, and 6 neutral words, the total negative
score is calculated as 4 + (6 x 0.7) = 8.2, and the sentiment score is (10 — 8.2) + (10 + 8.2) = 0.10,
which indicates a slightly positive tone. The score ranges from —1 to +1; values approaching +1 are
positive, values approaching —1 are negative, and values close to 0 indicate neutral or ambiguous
discourse. This approach is consistent with findings suggesting that ambiguous language in corporate
sustainability reports may be a potential indicator of greenwashing (Marquis et al., 2016).
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Readability Metrics

Text complexity was assessed using two standard readability measures: the Flesch Reading
Ease (Flesch, 1948), a score based on sentence length and syllable density, where lower values
indicate more complex text; the Gunning Fog Index (Gunning, 1952), which is based on sentence
length and the proportion of multisyllabic words, with higher values indicating text that is complex
at a technical or academic level. It has been argued in the literature that high linguistic complexity in
corporate sustainability reports may serve the purpose of intentionally obscuring information
(obfuscation) and, therefore, could be considered a potential indicator of greenwashing (Li, 2008).

Counting Hedge Words (Expressions of Uncertainty)

To quantify the level of uncertainty in corporate reports, the number of hedge words was
calculated using regular expressions (regex) (might, could, may, perhaps, possibly, probably,
assume, suggest, potentially, believe). The density of hedge words per company was normalized by
dividing it by the total text length.

Greenwashing Score with ClimateBERT
ClimateBERT (DistilRoBERTa) Model

ClimateBERT model developed by Webersinke et al. (2022) was used to obtain
greenwashing risk scores. ClimateBERT is a transformer-based language model that is distilled to
the DistilRoBERTa version of the RoBERTa architecture (Liu et al., 2019) and pre-trained on
scientific publications, policy documents, and company reports on climate change. This domain-
specific pre-training is helpful for the model to better describe sustainability discourse than the
general language model.

For model parameters, we used a 6-layer DistilRoBERTa with around 82 million parameters;
the pre-training corpus consisted of climate change research articles, IPCC reports, and corporate
CDP disclosures. The total token length was limited to BERT's standard 512, and the batch size was
8 on the CPU and 16-32 on the GPU.

At this point, a clear conceptual distinction must be made: This study does not offer an
econometric or causal impact analysis. The machine learning architecture developed is completely
predictive. Market volatility or complex reporting languages are not the factors ‘“causing”
greenwashing; it is the algorithmic detection of the traces (symptoms) left by the company’s lack of
corporate transparency in the market and in the texts.

Calibration Using Temperature Scaling

We have applied the temperature scaling method to improve the reliability of the model
outputs (Guo et al., 2017). This method aims at minimizing the sharpness of the model errors by
dividing the raw logit values produced by the model by a temperature parameter T: adjusted score =
raw score + T; then the model estimates the probability with softmax. Low T values (e.g. T = 0.3)
lead the model to produce sharper predictions closer to binary decisions while high T values (e.g. T
= 0.5) lead to a softer probability distribution closer to intermediate values. Two different threshold
values were used for the study: T = 0.3 was adopted for the Discourse Style Score (GWLS) to be
able to distinguish the different greenwashing patterns in the discourse more clearly and T = 0.5 for
the Symbolic Action Score (GWLE) to investigate more deeply the inconsistency in action-discourse
on the action front.

Sentence-Level Inference

Each company text was split into sentences using the ‘sent tokenize' function of the NLTK
library and fed into the ClimateBERT model. The company GWLS and GWLE scores were
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calculated by taking the arithmetic average of the sentence-level scores. This methodology can help
to capture local greenwashing patterns which occur in long texts.

GWL Bilesik Skoru (Geometrik Ortalama)

The firm-level ultimate greenwashing (GWL) risk was calculated as the geometric mean of
the discourse style (GWLS) and symbolic action (GWLE) scores:

GWL = VGWLS x GWLE ()

For example, for a firm with GWLS = 0.80 and GWLE = 0.60, GWL = V(0.80 x 0.60) =
V0.48 = 0.693.

The reason why we prefer the geometric mean to the arithmetic mean is that this method
requires both components to be high simultaneously. For example, if one component is very high
(0.90) and the other is very low (0.10), the geometric mean will only yield a low value like V(0.90 x
0.10) = 0.30. This prevents companies that have issues only in the "rhetoric" or "action" dimension
from being mistakenly called "high-risk." We assume that a genuine greenwashing risk requires both
dimensions to be high simultaneously. The features of the NLP channel are summarized in Table 4.

Table 4. NLP features (Channell)

# Feature Source Description

1 NLP_GWL_Score ClimateBERT (1})reenwash1ng likelihood probability (0—
2 finbert esg sentiment FinBERT ESG sentiment polarity (—1 to +1)

3 flesch reading ease Text analysis Readability score (higher = simpler)

4 gunning_fog Text analysis Fog index (text complexity)

5 hedge words count Lexicon-based Count of hedging expressions

6 ESG Gap Derived 0.3 xhedge + 0.7 x (1 — readability/100)

Channel 2: Financial Characteristics

The second channel aims to evaluate the extent to which firms' financial structures support
their environmental claims. So, log firm size (Ln_Firm_Size), ROA (return on assets) and leverage
ratio (Leverage) were calculated from yfinance data; sector sensitivity (sector sensitivity) was
calculated, by engineering, as a weight between 0 and 1 of the GICS sector of those firms. These
weights were taken into account the carbon footprint of entities, exposure to regulation and the
frequency of ESG-related discussions for companies such as Energy companies (0.95 weight), and
Information Technology companies (0.25 weight). The third channel is proxy gwl score, a text-
based indicator. This is consistent with the corporate finance literature on the relationship between
ESG and firm structure, in that companies with a high degree of leverage may be more likely to
understate their ESG performance to lower their cost of capital. On the other hand large companies
are more subject to public scrutiny (Gillan et al., 2021). In this context, the fact that sectors with high
carbon intensity and regulatory exposure, such as the energy sector, are structurally riskier from the
ESG perspective can also be viewed as an extension of the same logic.
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Table 5. Financial features (Channel2)

# Feature Source Description

7 Ln Firm Size yfinance Log market capitalization

8 ROA yfinance Return on assets

9 Leverage yfinance Debt-to-equity ratio

10 sector_sensitivity Engineered GICS sector ESG exposure (0—1)
11 proxy gwl score Engineered Text-based composite GWL proxy

Channel 3: GARCH (1,1) Volatility Modeling

This channel aims to measure the market’s reaction to corporate announcements through the
conditional volatility of stock returns.

GARCH (1,1) Model

To capture market-based risk signals, a separate GARCH (1,1) model (Bollerslev, 1986) was
estimated for each firm. The model operates on daily log returns (r_t, scaled by 100) with the
following specification:

rt=u+c¢et et =ot-zt zt~N(O1 3)
c’t=w+a - E{t—1} + p-o*{t—1} 4)

Here o t is conditional volatility (the market's perception of uncertainty on the relevant day).
In the equation, the ® parameter is the firm's underlying volatility, the a parameter is the effect of
the previous day's unexpected shock on today's volatility, and the  parameter is the extent to which
yesterday's volatility is repeated today. The sum of o and [ is generally taken as an indication of
volatility persistence. When this sum is 1, it means that the effect of a shock lasts longer (Engle &
Patton, 2001). So if this sum is 0.95 in a firm which is in a shock period of months, it might last for
many months, and here it ends up fading after a few weeks.

The model was estimated using the ARCH Python library assuming a constant mean and
normal distribution for firms with at least 100 days of observations; the estimation was completed
for all 501 firms in the sample.

Derivation of Firm-Level Attributes from GARCH

The conditional volatility series for each firm was reduced to firm-level summary statistics
and converted into a total of ten cross-sectional attributes, which are listed in Table 6.

The rationale for including these attributes is based on two distinct findings. First, it has been
shown that investors exhibit strong and asymmetric price reactions to both positive and negative
news regarding a firm’s corporate social responsibility (CSR) practices; in particular, the reaction to
negative events was found to be more pronounced than that to positive events (Kriiger, 2015). In this
study, it is hypothesized that a similar mechanism may extend beyond the price level to reflect in
conditional volatility; that is, it is anticipated that investors’ skepticism regarding a firm’s ESG
disclosures may manifest not only in returns but also in an increase in the dispersion of returns
(conditional volatility). Second, it is noted that a firm’s ESG/CSR profile is associated with its risk
level, although findings regarding this relationship remain controversial in the literature (Gillan et
al., 2021).
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Table 6. Ten GARCH-derived features fed into XGBoost

# Feature Computation Economic Meaning

1 garch vol mean Mean of 6 t Firm's average market uncertainty
2 garch_vol std Std. deviation of ¢ _t ?SIOW variable the uncertainty itself
3 garch_vol last Final 6 T value ngﬁzmm%t recent level of
4 garch vol max Maximum ¢ t Most severe market reaction

5 garch vol 95 95th percentile of 6 t Extreme risk measure

6 garch spike count Days with z-score > 2 Count of abnormal volatility events
7 garch spike ratio spike count / total days Normalized event frequency

8 garch persistence o+p How long shocks persist

9 garch rolling vol 60d Mean of 60-day rolling o Volatility regime indicator

10 | vol return corr Corr (r t, 6 1) GARCH model fit quality

Data Leakage Prevention

Only historical returns before the forecast point (the period from January 4, 2023, to
December 30, 2024) were used in deriving the GARCH parameters. As part of robustness tests,
lagged volatility features were additionally generated using only the first 70% of each firm’s return
series, thereby confirming the absence of data leakage risk.

Feature Matrix and Model Input

A total of 21 features (six from the NLP channel, five from the financial channel and ten
from the GARCH channel) were combined in a single matrix for the XGBoost classifier. The
combined structure of the three channels is such that even though statistically the three channels are
calculated independently, the final decision is in fact made from a combined evaluation.

Classification Model: XGBoost

XGBoost (Extreme Gradient Boosting) algorithm (Chen & Guestrin, 2016) was selected for
greenwashing risk classification. XGBoost is a scalable and regularized version of gradient boosting
to reduce the residual errors of each new decision tree compared to the previous one by building
decision trees in a linear fashion (Friedman, 2001). The reason behind selecting this algorithm for
this work can be summarized as follows: (i) it could be integrated into a model to model different
scales and distributions of features such as NLP scores, financial ratios, and volatility metrics, (ii) it
can provide an inherent protection against overfitting with L1/L2 regularization, (iii) it can model
nonlinear interactions between features in a tree-like manner, and (iv) it can adapt to class imbalance
in the form of a scale_pos_weight parameter (Lundberg & Lee, 2017).

Hyperparameter Optimization

The model hyperparameters were optimized using RandomizedSearchCV (Bergstra &
Bengio, 2012); this method enables effective exploration in high-dimensional parameter spaces with
lower computational cost compared to a full grid search. The search space covered the values {50,
100, 150, 200, 250, 300} for 'n_estimators’, {0.01; 0.03; 0.05; 0.1; 0.15; 0.2}, and for 'max_depth':
{2, 3, 4,5, 6, 7}; the optimization was performed on 15 random combinations under 3-fold cross-
validation, using the accuracy metric. At the end of this process, the values n_estimators=200,
max_depth=4, and learning_rate=0.15 were selected as optimal. On the other hand, to preserve the
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stochastic gradient boosting architecture and prevent the model from overfitting, the “subsample” and
‘colsample bytree” parameters were not included in the hyperparameter search space; instead, they
were fixed at 0.8 in accordance with common best practices in the literature (Chen & Guestrin, 2016).

Class Imbalance Management

Percentile thresholding results in an imbalanced class distribution in the sample, with a ratio
of approximately 3:1. To address this imbalance, XGBoost’s ‘scale pos weight' parameter is
dynamically adjusted based on the ratio of the number of firms in the safe class to the number of
firms in the risky class. In this approach, when the model misclassifies a high-risk firm during
training, the cost of this error is weighted at a level that is a multiple of the cost of misclassifying a
low-risk firm; thus, the influence of the minority class (high-risk firms) on the learning process is
increased. This strategy is consistent with the cost-sensitive learning paradigm (He & Garcia, 2009).

Training-Test Split

The dataset was split into 80% training and 20% test using stratified sampling
(random_state=42); this split ensures that the class distribution in both subsets preserves the ratio
found in the original sample. Consequently, the model was trained on 402 firms; performance
evaluation was conducted on the remaining 101 firms, which the model had never seen during the
training process. A summary of the model’s training configuration is presented in Table 7.

Table 7. Model training configuration

Parameter Value

Algorithm XGBoost (gradient boosted trees)
Hyperparameter selection RandomizedSearchCV (15 iterations, 3-fold CV)
n_estimators 200

max_depth 4

learning_rate 0.15

subsample 0.8

colsample bytree 0.8

Train/test split 80% / 20% stratified (random_state=42)
Training set 402 firms

Test set 101 firms (never seen by the model)

Model Explainability: SHAP Analysis

To interpret the model's decision-making mechanism, SHAP (SHapley Additive
exPlanations) (Lundberg & Lee, 2017) was applied, a game theory-based explainability method. The
analysis was conducted on the XGBoost model using TreeExplainer, where the average contribution
of each feature to the model is calculated based on the absolute SHAP values. This analysis helps to
understand not only how well the model is performing but also to see which channel becomes
dominant under which conditions.

Design of Robustness Tests

Three separate tests were designed to assess the contribution and reliability of GARCH
integration. All tests were conducted under the same fixed hyperparameters (n_estimators=200,
max_depth=4, learning_rate=0.15) and the same 80%/20% split (random_state=42); this ensures that
differences between tests stem solely from the feature set.
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Test 1 (without GARCH — ablation) involves removing all ten GARCH features and training
the model using only the remaining eleven NLP and financial features; this test aims to determine
the extent to which the GARCH channel contributes to the model’s overall performance.

Test 2 (GARCH only) is based on completely removing NLP and financial features and
training the model using only the ten GARCH features; this design tests whether the market signal
alone is sufficient.

Test 3 (lagged GARCH — anti-data-leakage test) involves re-estimating the GARCH(1,1)
model for each firm using only the first 70% of the return history (the period from January 2023 to
approximately September 2024); Data from the October—December 2024 period were not used in
this forecast in any way. This design creates a precise temporal gap (lag) between the forecast point
and the feature calculation point, thereby allowing us to test whether the GARCH signal is inflated
by forward-looking information (contemporaneous information).

Summary of Data Leakage Precautions

Throughout the study, two key measures were taken to mitigate the risk of data leakage. The
first is that the dependent variable is dynamically derived from the sample distribution rather than
being calculated directly from the model inputs. The second is that GARCH parameters are
calculated using only historical returns before the estimation point, and this design is further validated
through a lagged re-estimation test.

Software and Hardware Environment

All analyses were conducted using the Python 3.10+ programming language. The core
libraries used and their purposes are listed in Table 8.

Table 8. Libraries used in the analysis.

Library Version Purpose

transformers (HuggingFace) >4.30 ClimateBERT model inference

torch (PyTorch) >2.0 Deep learning framework

xgboost >1.7 Gradient boosting classifier

scikit-learn >12 Machine ‘ 1ea'1rning pipeline, evaluation metrics,
cross-validation

arch >5.5 GARCH-based volatility modeling

shap >0.42 Model explainability (SHAP value) analysis

yfinance >0.2 Financial data acquisition

nltk >3.8 Text preprocessing and sentence tokenization

textstat >0.7 Computation of readability indices

pandas >2.0 Data manipulation and numerical processing

numpy >1.24 Data manipulation and numerical processing

matplotlib >3.7 Data visualization

seaborn >0.12 Data visualization
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Findings
Descriptive Statistics

The distribution of the 503 firms comprising the sample across Global Industry Classification
Standard (GICS) sectors is presented in Table 9. While the most heavily represented sectors in the
sample were Manufacturing (15.7%) and Finance (15.1%), Energy (4.4%) and Communication
Services (4.6%) stood out as the sectors with the lowest shares. Although the Energy sector has a
low share within the sample, it carries a high sectoral sensitivity weight in the model due to its high
carbon intensity. This result indicates that the impact of the small number of companies in this sector
on the classification may be disproportionate.

Table 9. Sector distribution of the sample.

Sector Firm Count Share
Industrials 79 15.7%
Financials 76 15.1%
Information Technology 73 14.5%
Health Care 59 11.7%
Consumer Discretionary 48 9.5%
Consumer Staples 35 7.0%
Utilities 31 6.2%
Real Estate 31 6.2%
Materials 26 5.2%
Communication Services 23 4.6%
Energy 22 4.4%

The descriptive statistics for the ten features derived from the GARCH (1,1) model are
presented in Table 10; this table shows that firm-level conditional volatility (garch vol last)
averaged 1.70, but could reach a maximum of 7.61, indicating significant heterogeneity across firms.

Table 10. GARCH feature descriptive statistics (N = 501 firms).

Feature Min Mean Max
garch vol mean 0.82 1.76 6.66
garch vol std 0.00 0.24 3.53
garch vol last 0.80 1.70 7.61
garch_vol max 1.02 3.82 76.51
garch vol 95 0.94 2.14 11.77
garch spike count 0 18.6 40
garch spike ratio 0.00 0.04 0.08
garch persistence 0.00 0.66 1.00
garch rolling vol 60d 0.81 1.75 6.54
vol return_corr —0.07 0.12 0.42
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The analysis reveals that the "garch_vol max" variable contains an outlier of 76.51, which is
well above the mean (1.76). This value is believed to stem from the 53% single-day plunge in Globe
Life Inc. (GL) stock on April 11, 2024, caused by a corporate scandal. It was also determined that
the GARCH model accurately captured this sudden market shock. No data trimming (winsorization)
was applied in this study. There are two reasons for this: first, since the XGBoost algorithm used is
a tree-based model, it possesses natural resistance to outliers and does not distort the estimates as
linear models do (Chen & Guestrin, 2016). Second, such extreme corporate confidence shocks are
rare but valuable signals that reflect the very nature of greenwashing and ESG risk.

Model Performance: Held-Out Test Set Results

The model’s performance on 101 firms it had never seen during the training process is
summarized in Table 11. The sample of 503 firms was divided into an 80% training subset (402
firms) and a 20% test subset (101 firms) using random and stratified sampling; the model was
developed solely on the 402 firms in the training set, and its performance was evaluated on the
independent test set of 101 firms that were not included in the training process in any way. This
distinction ensures that the reported results provide a performance estimate that is free from data
leakage and reflects true out-of-sample validity.

Table 11. Held-out test set performance.

Metric Value
ROC-AUC 0.704
Spearman p 0.756
F1 (macro) 0.657
Accuracy 0.703

The final model, which was developed using a lagged GARCH feature set, has an ROC-AUC
of 0.704 and Spearman rank correlation of 0.756 on the held-out test set.

This is supported by the recent empirical studies on classification-based financial risk
models, where it was demonstrated that AUC values around 0.70 are informative when working with
a small number of explanatory variables, for example in classifying carbon emission risk using firm-
level ESG ratings. In this case, the AUC values around 0.70 were obtained in the out-of-time
robustness test and the result was interpreted as informative for practical screening (Kim & Na,
2026).

However, given the small sample size of this test (101 firms, 31 positive and 70 negative
observations), a single misclassification in this sample size would change the AUC value by about
0.01 points. Indeed, the robustness tests presented in the next section result in AUC values of 0.64
to 0.70 for different feature types and hence point estimates should be interpreted with a certain
degree of uncertainty.

The Spearman rank correlation of 0.756 indicates that the model ranks firms largely
consistently according to their risk level. From the point of view of portfolio management
applications, the stability of the relative risk ranking of firms is a more decisive criterion than the
accuracy of binary classification and the performance of the model ranking is better than binary
classification.
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To evaluate the model’s robustness under different feature configurations, three separate
tests were conducted, and the results are presented in Table 12 in comparison with the baseline model.

Table 12. Robustness tests: side-by-side comparison.

Metric Baseline T1:No GARCH | T2: GARCH Only E’;;é‘%fed

ROC-AUC 0.653 0.641 (—1.8%) 0.638 (—2.3%) 0.704 (+7.8%)
Avg Precision 0.589 0.585 (~0.7%) 0.467 (-20.7%) | 0.627 (+6.6%)
F1 (macro) 0.604 0.653 (+8.0%) 0.596 (—1.3%) 0.657 (+8.7%)
Precision (macro) 0.604 0.658 (+8.9%) 0.596 (—1.5%) 0.655 (+8.3%)
Recall (macro) 0.604 0.649 (+7.4%) 0.597 (—1.2%) 0.660 (+9.2%)
Accuracy 0.663 0.713 (+7.5%) 0.653 (—1.5%) 0.703 (+6.0%)
Spearman p 0.739 0.737 (~0.2%) 0.728 (—1.4%) 0.756 (+2.3%)

The baseline model—a configuration in which GARCH features are used
contemporaneously—achieved ROC-AUC and Spearman p values of 0.653 and 0.739, respectively.
Using these reference values as a baseline, the model’s robustness was tested under three different
feature configurations: an ablation test in which GARCH features were completely removed (T1),
an isolation test in which only GARCH features were used (T2), and a timing test in which GARCH
features were used with a one-period lag (T3). As seen in the summary table, these three
configurations had differing effects on performance, both in terms of direction and magnitude.

Test 1 — When GARCH Features Are Removed

The purpose of this test is to assess the extent to which the model remains functional without
its GARCH-based volatility features. Accordingly, all 10 GARCH features defined in the previous
section were removed from the feature set, and the model was retrained using only the remaining 11
natural language processing (NLP) and financial features. This ablation test aims to determine
whether the volatility signal makes a necessary contribution to the model’s discriminative power or
merely plays a supplementary role. The comparative results between the baseline model and the T1
configuration are presented in Table 13.

Table 13. TEST 1: Ablation (volatility features removed)

Metric Baseline (21 feat) T1: No Vol (11 feat) Delta

ROC-AUC 0.653 0.641 —0.012
Spearman p 0.739 0.737 —0.002
F1 (macro) 0.604 0.653 +0.049

In this case, with GARCH features completely removed, the ROC-AUC remained only 0.012
points (1.8%) lower while Spearman's p remained virtually unchanged. The +0.049 points increase
in the F1 metric (macro) as well as the increase in accuracy in Table 13 (7.5%) indicate that the
model with fewer features is less likely to show a variance on the smaller test set. These results
together suggest that NLP and financial features form a strong basis for discrimination on their own
and that the model does not collapse in the absence of the GARCH-based volatility channel. This
indicates that the GARCH signal is not a requirement of the model; volatility information is a feature
of the model and not a prerequisite. On this basis it was shown that when the GARCH features were
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removed, the variables "Leverage" (0.662) and "gunning fog" (0.618) become the most important
features in the SHAP importance ranking. This redistribution indicates that in the absence of a
market-driven volatility signal, the model has to compensate for this by the firm's financial structure
(leverage ratio) and the linguistic complexity of the explanatory texts (Gunning Fog readability
index).

Test 2 — Model Using Only GARCH Features

The purpose of this test is to assess the predictive power of the GARCH-based volatility
signal on its own. To this end, all NLP and financial features were removed from the feature set, and
the model was retrained using only the ten GARCH features. The comparative results between the
baseline model and the T2 configuration are presented in Table 14.

Table 14. TEST 2: Volatility-only model

Metric Baseline (21 feat) T2: Vol Only (10 feat) Delta

ROC-AUC 0.653 0.638 —0.015
Avg Precision 0.589 0.467 —0.122
Spearman p 0.739 0.728 —0.011

In the case where only GARCH features were used, the ROC-AUC declined slightly (0.638;
-2.3%) and the Average Precision dropped 20.7% to 0.467. This indicates that the GARCH volatility
signal can reasonably rank firms in terms of risk, but generates a significant number of false positives
at the decision threshold. In other words, a lot of firms with high volatility tend to be flagged as high-
risk even though they really are not.

This situation suggests that the use of high volatility alone as an environmental risk indicator
is an issue since at the firm level one can expect volatility that is not directly related to the
environment, such as sectoral growth dynamics, R&D intensity or market liquidity. In this context,
NLP-based features such as the gunning fog variable, which measures text complexity, and the ESG
gap variable, which captures uncertainty or cautious language, play an important role in
distinguishing environmental-based suspicious volatility from normal volatility due to business
operations. All in all, we have shown that only using market signals to detect volatility has a
downside. Volatility is well served in terms of direction at the ranking level but at the decision level,
the precision can't be good enough without NLP.

Test 3 — Lagged GARCH (Data Leakage Test)

This test aims to determine if features based on GARCH really have a structural and
persistent signal or they are inflated by the contemporaneous information. For this purpose, we re-
estimated the GARCH (1, 1) parameters of each firm by only the first 70% of the return history and
thus we found there was a clear time gap between the estimation point and the feature calculation
window. The results of our baseline model and T3 configuration are shown in Table 15.
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Table 15. TEST 3: Lagged volatility (anti-leakage test)

Metric Baseline (full data) T3: Lagged (first 70%) Delta

ROC-AUC 0.653 0.704 +0.051
Avg Precision 0.589 0.627 +0.038
F1 (macro) 0.604 0.657 +0.053
Accuracy 0.663 0.703 +0.040
Spearman p 0.739 0.756 +0.017

The ROC-AUC of 0.653 on the held-out test set is considered information-carrying for
classification models with few explanatory variables as discussed in the previous section. It should
be noted that the small test set (N=101) leads to higher metric variance. The model’s true strength
lies in its ranking quality (Spearman p = 0.739, p < 107'8). This is the most actionable metric for
portfolio screening. In this scenario, where GARCH parameters were re-estimated using only the
first 70% of the return history, the model outperformed the baseline model trained on the full dataset
across all metrics examined (ROC-AUC: 0.704 vs. 0.653; Spearman p: 0.756 vs. 0.739). This result,
which may seem unexpected at first glance, can be interpreted as follows: when GARCH (1,1)
parameters are estimated over a shorter and more stable window, out-of-sample generalization
performance improves; conversely, the full sample window may also include short-term noise
specific to the most recent period. The fact that performance improved rather than declined can also
be interpreted as a strong indication that the GARCH signal is not inflated by look-ahead information.
If there had been a timing inconsistency (data leakage) in the feature calculation, performance would
have been expected to decline as the lagged model lost this advantage. However, this finding should
be interpreted not as definitive proof on its own, but as a positive sign regarding the model’s timing
consistency. In this test the SHAP importance ranking has also changed, the garch rolling vol 60d
variable is now in first place, well ahead of garch vol last. This effect can be explained by the fact
that, in this case when most of the information on the most recent day's volatility is from months ago,
the 60-day moving average is more representative of the firm's structural volatility regime.

SHAP Analysis Findings

SHAP (SHapley Additive exPlanations) (Lundberg & Lee, 2017) is an explainability method
that measures the contribution of each feature to the model’s output using a game theory-based
approach. In this study, it was applied to the XGBoost model using the TreeExplainer algorithm. The
SHAP feature importance rankings for the full model are presented in Table 16, a summary
comparison by channel is shown in Table 17, and a comparison among the four different model
variants is presented in Table 18. The visual distribution of the rankings is also shown in Figure 2.

Table 16. SHAP features importance ranking (full model).

Rank | Feature SHAP(Mean) | Channel | Interpretation

1 garch vol last 0.668 GARCH | Market's current level of skepticism
2 garch vol mean 0.452 GARCH | Average uncertainty

3 garch vol max 0.448 GARCH | Most severe market reaction

4 Leverage 0.403 Financial | Debt-driven greenwashing incentive
5 gunning fog 0.358 NLP Text complexity / obfuscation

6 garch persistence 0.340 GARCH Shock persistence
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7 vol return_corr 0.308 GARCH | Model fit quality

8 garch _vol 95 0.306 GARCH | Tail risk measure

9 ESG_Gap 0.300 NLP Hedge word density
10 ROA 0.295 Financial | Profitability

11 garch vol std 0.293 GARCH | Uncertainty variability
12 sector_sensitivity 0.273 Financial | Sector ESG exposure
13 garch spike count 0.270 GARCH | Event frequency

14 NLP _GWL Score 0.253 NLP ClimateBERT score
15 proxy gwl score 0.251 NLP GWL proxy

16 Ln Firm Size 0.229 Financial | Firm size

17 garch rolling vol 60d 0.216 GARCH | Regime indicator

18 flesch reading ease 0.200 NLP Readability

19 finbert esg sentiment 0.135 NLP ESG sentiment

20 garch spike ratio 0.090 GARCH | Normalized event rate
21 hedge words count 0.011 NLP Raw hedge count

The fact that three of the top four features in the SHAP analysis originate from the GARCH
channel empirically validates the “market skepticism” hypothesis at the core of this study. However,
this situation also carries the risk of single-channel dependency in the model. It is particularly
noteworthy that the Leverage and ROA variables—which represent the financial pressure hypothesis
cited in the literature as the primary motivation for greenwashing—carry relatively limited weight in
the SHAP ranking. This finding may support the thesis that large-scale, institutionalized firms, such
as those in the S&P 500, use greenwashing not as a financial last resort but rather as a strategic
positioning tool.

SHAP Feature Importance - S&P 500 Greenwashing Risk (Fixed Labels)
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Figure 2. Visual distribution of the SHAP feature importance rankings

Table 17. SHAP category summary

Channel Features in Top 5 Features in Top 13 8;73::;:)3301?11)
GARCH (Market) 3/5 8/13 Dominant

NLP (Text) 1/5 2/13 Complementary
Financial 1/5 3/13 Complementary

In the full model, three of the top five features (garch vol last, garch vol mean,
garch_vol _max) come from the GARCH channel; the remaining two spots are shared by Leverage
(financial channel) and gunning_fog (NLP channel). When expanded to the first thirteen features,
this distribution becomes even more pronounced in favor of GARCH; eight come from the GARCH
channel, three from the financial channel, and two from the NLP channel.

This pattern suggests that the market-based volatility signal is driving the overall
explanation, while financial and textual channels play a complementary role with a limited but
consistent contribution. This SHAP advantage may lead to the suspicion that volatility could be an
endogenous determinant; however, we can alleviate this by comparing the results from the three
robustness tests: (i) the 20.7% decline of the Average Precision for the model based on only GARCH
features suggests that the volatility signal alone is not enough; (ii) the model remains functional even
when GARCH features are completely removed, which is consistent with the idea that NLP and
financial channels have independent explanatory power; (iii) the fact that the lagged (70%) volatility
features outperform the full model suggests the relationship is not simply temporary and cyclical but
rather very structural. Taken together, these three results show that the GARCH weight of SHAP is
not just an artificial artifact of the model's data processing order or contemporaneity
(contemporaneous relationship), but none of these three tests alone are evidence of causality. This is
consistent with the framework of the theory of Kriiger (2015) of “ESG concerns — volatility”; since
the purpose of this study was not to prove a causal relationship, the overlaps should not be viewed
as causality but should be seen as an indicator consistent with theoretical expectations.

Table 18. Cross-model SHAP comparison

Model #1 Feature GARCH in Top §
Full Model garch vol last (0.668) 3/5
T1: No GARCH Leverage (0.662) 0/5
T2: GARCH Only garch vol last (0.798) 5/5
T3: Lagged GARCH garch_rolling vol 60d (0.579) 4/5

We compare the four model variants and find that the model can be adapted to different
channels without one channel. As far as GARCH features are removed (T1), we find that Leverage
(0.662) is the most important feature, which means that even when no market signal is available, the
model is able to adapt to the financial structure and text complexity. In T3 where we use GARCH
features with a lag, we find that garch rolling vol 60d is the most important feature; this supports
the view of the previous section that the 60-day regime average is a better signal than the
instantaneous volatility measure. This flexibility can be understood as indirect proof that the
proposed architecture does not depend on a single information channel.
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Main Thesis: The Role of Market Skepticism in Detecting Greenwashing

The findings from the SHAP analysis reveal a pattern consistent with the study’s underlying
interpretive framework: the level of trust investors place in companies’ ESG disclosures can translate
into an indirectly observable signal via stock volatility. According to this framework, when a firm
publicly discloses its environmental commitments but market participants do not find this disclosure
convincing, this skepticism is expected to manifest in pricing behavior in three ways: an increase in
the conditional variance of stock returns (o2 t), the persistence of this increase over time, and an
increase in the frequency of periodic volatility shocks. This triplet of patterns—high volatility, high
persistence, and frequent shocks—aligns with the variables garch vol last, garch persistence, and
garch_spike count, which emerge as the strongest explanatory signals in the SHAP analysis.

This interpretive framework is not a causality test, but rather a proposal for a theoretical
explanation consistent with the observed SHAP pattern; a direct causal test to determine whether the
increase in volatility stems directly from investor skepticism falls outside the scope of this study.
However, according to the results obtained in Test 2, the volatility signal alone is not sufficient; since
high volatility can stem from many alternative causes (sectoral dynamics, firm size, liquidity
conditions), it produces a significant number of false positives when used on its own. Therefore,
NLP-based features such as text complexity (gunning fog) and the density of cautious/ambiguous
language (ESG_Gap) serve a complementary and necessary function in distinguishing volatility of
environmental origin from normal volatility arising from business operations.

Discussion

The results of this study can be summarized in three sections. First, we have developed a
model that classifies 503 S&P 500 firms according to greenwashing risk based on 21 features from
NLP, financial and GARCH channels and has a Spearman rank correlation of 0.756 and ROC-AUC
of 0.704 on an independent test set of 101 of them not picked up in training. A level of this
performance is considered to be information-carrying for financial risk classification models that
work with very few explanatory variables. In particular, the high-ranking consistency of the model
indicates that the model can be used for portfolio screening.

Second, a SHAP analysis showed that the volatility characteristics in GARCH (i.e.,
garch_vol last (SHAP = 0.668)) are the strongest explanatory signal from the model. This is
consistent with the hypothesis that investors’ lack of confidence in a firm’s environmental disclosures
may be reflected in the conditional variance of stock returns, even if it is not directly observable.
However, robustness tests showed that this is not enough on its own: one model based on only
GARCH (Test 2) saw a 20.7% decrease in Average Precision; that is, market volatility is a mix of
factors that aren't related to the environmental data (e.g., sectors, liquidity, etc.) and when taken into
account in isolation, leads to a large number of false positives. Thus, the NLP channel (gunning_fog,
ESG_Gap) is a complementary channel to distinguish suspicious volatility from normal volatility
due to business activity.

Third, the model's performance was only slightly lower (ROC-AUC: -0.012 points) in the
ablation test (Test 1), where GARCH features were removed completely, showing that the remaining
NLP and financial features have reasonable discriminatory power on their own. When we combine
these three findings, the central thesis of the study is fulfilled. Greenwashing risk is not detected by
a single approach based on the company's discourse (NLP), its financial structure (Finance) or its
market response (GARCH) but the combination of these three information channels is necessary.

In order to be considered reliable from both academic and practical perspectives, the model
should be evaluated in terms of data integrity, explainability and robustness, as well as its predictive
performance. In this study we have tested the model in six dimensions.
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The multi-source structure of our model was achieved by combining 21 features from the
NLP, financial and GARCH channels into a single matrix. We have also computed SHAP values
from TreeExplainer, and find that garch _vol last, garch_vol mean, and garch vol max are the top
three features of the model with the most contribution, while leverage and gunning fog are the
financial and textual channels, respectively, among the top five features.

We have taken two measures to reduce the risk of data leakage: the dependent variable was
generated based on a dynamic threshold based on the 75th percentile of the sample distribution, rather
than on the model input and the GARCH parameters were derived using only the historical returns
prior to the forecast point. We check this assumption further with our delayed re-estimation test (Test
3) where we only used the first 70% of the return history. The fact that the model's performance
improved rather than declined in this test (ROC-AUC: 0.653 vs. 0.704) represents a positive signal
that the signal was not inflated by forward-looking information.

We tested the model's robustness through three tests (ablation, isolation and delayed re-
estimation) with the same fixed hyperparameters that confirmed the model's performance is not
determined by one channel. The model's overfitting risk was mitigated by the model's performance
in a 101-firm held-out test set that it had never seen before. Finally, the market sensitivity of our
model is explained by the dominance of GARCH (1,1)-based features in the ranking of SHAP on top
of the list (three of the top five features and eight of the top thirteen features).

Conclusion

We have developed an XGBoost model that classifies 503 companies within the S&P 500
based on their greenwashing risk with 21 features from three different information channels: natural
language processing, financial indicators, and GARCH (1,1)-based market volatility. The model
achieved an ROC-AUC of 0.704 and a Spearman rank correlation of 0.756 on an independent set of
101 previously unseen companies. This is supported by three independent robustness tests and anti-
data-leakage validation with lagged GARCH features.

We find that the market-based volatility signal is the strongest explanatory component of the
model, but this signal alone is not enough; NLP and financial channels are complementary to the
model and increase sensitivity at the decision threshold. This is in line with the fact that instead of
one data source in the company for greenwashing detection, multi-channel architectures that analyze
a company’s discourse, structure, and market response to the discourse can be more reliable. This
study makes two significant contributions to the literature on greenwashing detection. First, to the
best of our knowledge, it represents the first study to integrate time-series volatility dynamics into
an ESG credibility classifier in the form of firm-level cross-sectional characteristics; the theoretical
basis for this integration aligns with propositions suggesting that heterogeneous investor beliefs
regarding ESG authenticity are reflected in the market in the form of conditional variance (Kriiger,
2015; Pastor et al., 2021), and this integration has also been empirically validated through the
ablation tests applied in the study. Second, these tests demonstrate that none of the three channels
(NLP, financial, market) is sufficient on its own, but together they produce a synergistic result; in
particular, the finding that volatility is decisive in terms of ranking performance (AUC), while NLP
is decisive in terms of precision, offers a unique perspective on multi-source ESG analysis.

Beyond their theoretical contribution, these findings also offer concrete guidance for both
policymakers and firms.For policymakers, the dominance of the market volatility signal—combined
with its insufficiency on its own—suggests that greenwashing oversight should combine market-
based risk indicators with disclosure-text review rather than relying on textual analysis alone; the
documented divergence across rating providers (Berg et al., 2022) further supports mandating multi-
provider ESG verification for firms flagged as high-risk. For firms, the results indicate that vague or
overly positive disclosure language becomes especially visible—and costly to investor trust—during
periods of elevated market volatility; firms are therefore advised to align sustainability claims closely
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with verifiable financial and operational performance, particularly when under financial stress, to
avoid being flagged by increasingly multi-channel greenwashing detection tools such as the one
developed in this study.

Limitations and Future Research

While this study contributes to the empirical literature, it has some methodological
limitations: First, the ISS Governance QualityScore data, which forms the basis of the dependent
variable, should be evaluated in light of the phenomenon of ESG rating divergence documented by
Berg, Kolbel, and Rigobon (2022). Different rating agencies (ISS, MSCI, Refinitiv) can
systematically produce different risk scores for the same firm; because the study’s dependent variable
relies on a single data provider (ISS), it carries this risk of measurement error. In this context, the
ISS Governance QualityScore is not a direct measure of greenwashing but rather an indirect indicator
(proxy); since the concept of greenwashing, by definition, arises at the intersection of high corporate
risk and low transparency (obfuscation) (Lyon & Maxwell, 2011), this study treats the governance
risk score as only one dimension of this intersection and complements it with NLP-based textual
transparency metrics (Fog Index, Hedge Words). Future studies using verified greenwashing case
databases (SEC investigations, climate lawsuits) will strengthen this conceptual validity.

Second, the NLP channel uses company disclosure texts accessed via yfinance as a proxy
instead of actual sustainability reports (CSR, CDP, GRI, TCFD). While this choice limits the
information content of text-based signals, it does not affect the validity of the findings in terms of
the methodological framework (GARCH integration, robustness verification); future studies
conducted using actual CSR reports are expected to enhance the contribution of the NLP channel.

Third, the values ranging from 0 to 1 used to determine GICS sector sensitivity weights
(sector_sensitivity), while based on concrete metrics such as carbon footprint and regulatory
exposure, are partly heuristic in nature.

Fourth, the study employs a cross-sectional design and is based on a single time period
(2023-2024). The use of a panel data structure and rolling GARCH windows will allow for an
assessment of the model’s performance under different market regimes. In this regard, the fact that
the sample is limited to S&P 500 firms indicates that the findings are valid in the context of large-
scale, institutionalized publicly traded firms; generalizing these findings to smaller-scale, non-
publicly traded firms or those subject to different regulatory frameworks (e.g., emerging markets)
should be approached with caution. Replication studies conducted on these firm groups will test the
model’s generalizability. Since market volatility and governance risk are measured in the same cross-
section, endogeneity between variables (garch vol last) cannot be fully ruled out. Although the
applied lagged variable tests prevent forward-looking data leakage, future studies should more
precisely isolate this feedback loop using Granger causality or Instrumental Variable (IV) models.

Finally, this study is a predictive modeling study and does not claim to provide causal
inference. The observed relationship between GARCH volatility and ESG risk should be interpreted
as correlational; the causal nature of this relationship should be further tested in future studies based
on instrumental variables or natural experiment designs. Furthermore, only the ISS Governance
QualityScore was used as the target variable. In accordance with the “rating divergence”
phenomenon recognized in the literature (Berg et al., 2022), it is recommended that future studies
test the model’s sensitivity through cross-provider validation using alternative providers such as
Sustainalytics, MSCI, or Refinitiv. Another point to note is that, for the sake of scalability, company
summary texts were used as proxies. In future studies, conducting a pilot application using full-text
analysis of actual CSR, CDP, or TCFD reports will further clarify the model’s mechanism.
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Makine Ogrenmesi Tabanh Yesil Aklama Tespitinde Finansal Stres ve Piyasa Oynakhgi:
S&P 500 Sirketlerinden Bulgular

Giris

Diinyada yasanan teknolojik gelismelerin iiretim sektoriindeki yansimalari sonucunda
dogaya verilen zarar kaynakli kiiresel biling yillar i¢inde artis gostermistir. Firmalar, ekonomik rapor
hazirlamak disinda, sosyal ve cevresel raporlari igceren siirdiiriilebilirlik raporu hazirlamaya
baslamistir. Gelinen noktada paydaslar firmalarin sadece finansal verilerini degil siirdiiriilebilirlik
faaliyetlerini de bu raporlar araciligiyla takip etmek istemektedir. Yapilan arastirmalar,
stirdiiriilebilirlige 6nem veren firmalarin yatirimcilar tarafindan degerli goriildiigiinii gostermektedir
(Dagistanli & Dagistanli, 2023). Son yillarda siirdiiriilebilirlik ve siirdiiriilebilirlik raporlamasi
kurumsal uygulamalarin merkezine yerlesmistir. Bununla birlikte c¢evresel ve siirdiiriilebilirlik
konularma iliskin toplumsal farkindalik da artmistir. Bu durum igletmeler iizerinde ¢evresel, sosyal
ve yonetisim (Environmental, Social and Governance- ESG) unsurlarini is modellerine entegre etme
ihtiyact ve bu alanlardaki performanslarini kamuya agiklama yoniinde artan bir bask1 olusturmustur.
Bunlarla birlikte yatirimcilar ve hiikiimetler de dahil olmak iizere paydaslardan gelen baskilar, bityiik
sirketlerin kurumsal sorumluluk ve siirdiiriilebilirlik raporlamasimi gelistirmesine yol agtu.
Isletmelerin siirdiiriilebilirlik hedeflerine ne 6lciide yaklastiklarini ve bu hedeflerin stratejilerini nasil
etkiledigini gosteren siirdiiriilebilirlik raporlari, tiim isletme paydaslar igin faydali bilgiler iceren
o6nemli kaynaklardan biridir. Gelistirilen standartlar, siirdiiriilebilirlik agiklamalarinin tutarliligini ve
karsilastirilabilirligini sagladig1 gibi, bilgi kullanicilarinin yatirim kararlarini daha bilingli ve stratejik
olarak almalarina da olanak saglamaktadir. Bu raporlarda yer alan agiklamalar, yatirimcilar arasinda
var olmasi muhtemel bilgi asimetrisinin azaltilmasina yardimci olmaktadir. Ancak ESG
aciklamalarinin biiyiik 6l¢iide goniilliiliik esasina dayanmasi, diizenleyici bosluklar, yatirimci ve
miisteri beklentileri ile rekabet baskis1 gibi faktorler, bazi isletmelerin fiili performanslarinin 6tesinde
yaniltici siirdiiriilebilirlik beyanlarinda bulunmasina yol agabilmektedir (Karagiil & Selimoglu, 2026;
Suta et al., 2026; Liman, 2026).

Glinlimiiz kosullarinda igletmelerin yalnizca finansal raporlarini sunmalari, ¢evresel ve
sosyal alanlarda gergeklestirdikleri faaliyetlerini ortaya koyamamasindan dolay1 yetersiz
kalmaktadir. Isletmelerin  ekolojik etki yarathg kurumsal faaliyetler tam olarak
degerlendirilememekte, karsilastirilabilir ve kullanigl bilgi liretimi de saglanamamaktadir. Finansal
raporlama, ¢evresel, sosyal ve kurumsal etkilerin anlagilmasini miimkiin kilmadigi gerekcesiyle
elestirilere maruz kalmistir. Bu nedenle, s6z konusu etkilerin anlasilmasini ve bu etkilerin
isletmelerin ekonomik performansiyla dengelenmesini saglamak amaciyla, isletmelerin ilave
aciklamalar yapmasi gerektigi giindeme gelmistir (Schaltegger & Burritt, 2010). Bu gelismeler
dogrultusunda g¢evresel, sosyal ve yonetisim (CSY) raporlamasi, isletmelerin finansal olmayan
performanslarini paydaslara seffaf bicimde aktarmalarini amaglayan tamamlayici bir raporlama araci
haline gelmistir. Ancak CSY raporlamasinin yayginlasmasi, raporlanan bilgilerin dogrulugu ve
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giivenilirligi konusunda yeni tartigmalar1 da beraberinde getirmistir. Bu tartismalarin merkezinde
yesil aklama (greenwashing) sorunu bulunmaktadir (Celik & Reis, 2026). Disiplinlerarasi
niteliginden dolay1, evrensel diizeyde kabul gérmiis ortak bir tanimi bulunmamasina ragmen yesil
aklama genel anlamda; bir iiriin veya hizmeti gercekte cevre dostu, yesil ya da siirdiiriilebilir olmadig1
halde ¢evre dostu, yesil ya da siirdiiriilebilir olarak gosteren yaniltic1 bir pazarlama stratejisi olarak
tammlanmaktadir (Ozkaya, 2026). Baska bir tanimla yesil aklama, isletmelerin gevresel duyarliliga
iliskin beyanlar1 ile bu beyanlari destekleyen gercek uygulamalar arasindaki uyumsuzluk durumu ve
bir firmanin ¢evresel performansi hakkinda paydaslarini yaniltma pratigidir (Shakourloo & Azimli,
2025; Lyon & Maxwell, 2011).

Kurumsal baglamda yesil aklama ise, isletmelerin ¢evre dostu bir imaj insa ederek sermaye
temin etme, tiiketici nezdinde olumlu alg1 olusturma ve diizenleyici baskilar1 sinirlama amaciyla
basvurduklan etik dis1 bir strateji olarak degerlendirilmektedir. Bu tiir uygulamalar yalnizca ¢evresel
ve toplumsal etkiler bakimindan degil, ayn1 zamanda finansal piyasalarda giivenin tesis edilmesi
acisindan da Onemli riskler barindirmaktadir. Zira ESG odakli yatirimlarin yayginlagmasi,
yatinnmcilarin ¢evresel performansi yiiksek isletmelere yonelmesini tegvik ederken, es zamanli olarak
bilgi asimetrisi sorununu da derinlestirmektedir (Shakourloo & Azimli, 2025). Ayrica yesil
aklamanin yatirimcilar iizerinde olusturdugu giiven kaybu1 ile ¢cevreci davranislar gosteren firmalara
onyargida bulunma gibi etkileri bulunmaktadir (Tepeli & Biiklii, 2025).

Yesil aklamanin (greenwashing) gergeklesmesinde veya gerceklesmemesinde paydaslarin
hayati bir 6neme sahip oldugunu vurgulayan Seele and Gatti (2017), paydaslarin yesil aklamaya
iligkin algilar1 ve tepkilerinin, bir sirketin stratejilerini 6nemli 6lcilide etkileyebilecegini de dile
getirmistir. Bununla birlikte, s6z konusu alg1 ve tepkilerin etkisi stratejik diizeyle sinirlandirilmayip;
paydaslarda olusan endiseler sirketlerin piyasa performansina da yansiyabilmektedir. Nitekim
paydaslar agisindan endise yaratan durumlar, pay fiyatlarinda ani degisimlere neden olabilmektedir
(Chen and Dagestani, 2023). Ozellikle firmalar {izerindeki finansal baskilar arttiginda firmalarin
sOylemleri ile risk yonetim dili degisebilmekte ve daha olumlu sdylemlerde bulunarak gergege aykiri
davranislar ortaya g¢ikabilmektedir. Ortaya koyulan ¢aligmalar, yesil aklamanin asilsiz iddialardan,
halka a¢ik firmalarin gercek cevresel etkilerini degerlendirme cabalarini sekteye ugratan bilingli
yapilan yanlig beyanlar ile farkli tiirden uygulamalarla meydana gelebilecegini gostermistir (Atabay,
2026). Bunlarin yani sira yesil aklama yapan firmalar genellikle karmasik, belirsiz ifadeler
kullanarak gercek cevresel performanslarini gizlemeye calisir.

Ik kez 1986 yilinda ekolojist Jay Westerveld tarafindan ortaya atilan yesil aklama kavrami
isletme, ¢evre yonetimi ve hukuk dahil olmak tizere cesitli disiplinlerden akademisyenler tarafindan
kapsamli bir sekilde incelenmis ve tartisilmistir. Bu kapsamdaki onemli calismalardan birisini
gerceklestiren (Karagiil & Selimoglu, 2026), yesil aklama uygulamalarinin isletmelerde yatirimei
giiveni, piyasa deger kaybi, itibar kaybi, bilingli yapilan aldatici eylemler, dolandiriciliklar ile bunlar
sonucunda meydana gelen yasal ihlaller gibi c¢esitli finansal problemlere neden olabilecegini
belirtmistir. Buna kargin (Li et al., 2023) isletmelerde ¢evresel baski ve ortaklarin talepleri arasindaki
uyusmazligin ortadan kaldirilabilmesinde yesil aklamanin etkin bir arag olabilecegini 6ne stirmiistiir.
Greenwashing iizerine yapilan ¢alismalarin 6nemli bir kism1 vaka temelli finansal analiz yontemi
(Laufer, 2003; Walker & Wan, 2012; Marquis et al., 2016; Tepeli & Biiklii, 2025), icerik analizi
(Ozdemir et al., 2017; Yu et al., 2020; ), sdylem analizi (Dorfleitner & Utz, 2024; Thewissen, 2026),
karsilastirmali analiz (Kathan et al., 2025; Cocozza, 2026) metin madenciligi (Kiling et al., 2025; ),
ESG derecelendirme kuruluslarinin skorlar1 ( Atabay, 2026; Kathan et al., 2025, Siddique et al.,
2026), ve coklu drnek olay incelemesine (Karagiil & Selimoglu, 2026) dayanmaktadir. Son yillarda
dogal dil isleme ve makine 6grenmesi kullanilmaya baglanmigtir. Ancak mevcut ¢aligmalarin biiyiik
cogunlugu yalnizca metinsel 6zellikleri kullanmaktadir. Finansal baski ve piyasa volatilitesinin
kurumsal sOylem fizerindeki etkisini ayni model icgerisinde degerlendiren caligsmalar oldukca
stirlidir.
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Makine Ogrenmesi bilgisayar bilimlerinin bir alt dali olup 1959 yilinda Arthur Samuel
tarafindan “bilgisayarlara acik¢a programlanmadan O6grenme aligkanligi kazandirma” seklinde
tanimlanmaktadir. Yapay zekad cercevesinde hesaplamali 6grenme teorisi ve desen tanima
calismalariyla evrimlesen makine 6grenmesi, tahmin yapabilme, verilerle 6grenme, algoritmalarin
gelistirilmesi ve incelenmesini easas alir. Bu 6grenme teknikleri, karmagik verilerden anlaml bilgi
cikarilmasia imkan tantyarak yapay zeka sistemlerinin ¢ok boyutlu problem ¢ézme siireclerinde
onemli bir rol oynamaktadir (Meral, 2025).

Finansal agidan ele alindiginda makine 6grenmesi, degisen piyasa kosullari ve bunlarin
Olciilmesinde, risklerin tahmin edilmesinde, riske sebebiyet verebilecek durumlarin saptanmasinda,
finansal araglarin arzinda talebin ne Olciide olacagmni ve arz talep dengesinin saglanmasinda
kolayliklar saglamaktadir (Ozgiir, 2021). Nitekim biiyiik dil modelleri, dogal dil isleme ve makine
Ogrenmesi teknikleri kurumsal raporlarin analizini de otomatik hale getirmektedir. Bu kapsamda
metin madenciligi ve dogal dil isleme (NLP) teknolojileri, biiyiilk hacimli ve yapilandirilmamig
metinsel verilerden anlamli i¢goriiler elde edilmesini saglayarak, kuruluslarin kurumsal rapor analiz
stireglerini kokten degistirmektedir. S6z konusu teknolojiler, finansal tablolarin, siirdiiriilebilirlik
bildirimlerinin ve risk raporlarinin otomatik analizinde, karar alma mekanizmalarinin
desteklenmesinde, uyumluluk denetimlerinde ve seffafligin artirilmasinda giinden giine daha yaygin
bir alanda kullanilmaktadir (Basar & Dogruel, 2025). Bu yontemler binlerce raporu ayni anda analiz
edebilmekte, insan Onyargisini azaltmakta ve karar destek sistemi olarak kullanilabilmektedir.

Bu c¢alisma, S&P 500 endeksine dahil firmalarin ¢evresel taahhiitlerinin giivenilirligini
degerlendiren bir makine 6grenimi sistemi gelistirmek amaciyla tasarlanmistir. Sistem, bu riski
yalnizca metinsel analize dayanarak degil, finansal yap1 ve piyasa algisin1 da dikkate alarak tespit
etmektedir. Mevcut caligmalardan farkli olarak model yalmizca kurumsal metinleri degil, aym
zamanda finansal baski gostergelerini ve piyasa volatilitesini de agiklayici degiskenler olarak
kullanmaktadir. Boylece kurumsal sdylem ile finansal kosullar arasindaki iligkinin yesil aklama
davranis1 tizerindeki etkisi birlikte degerlendirilmektedir. Calismanin hem literatiire hem de
yatinmcilar, diizenleyici kurumlar ve denetim otoriteleri agisindan uygulamaya katki saglamasi
beklenmektedir

Materyal ve Yontem
Orneklem ve Veri Kaynaklar

Arastirmanin  6rneklemini, Wikipediamin “List of S&P 500 companies” sayfasindan
otomatik olarak ¢ekilen 503 firma olusturmaktadir. Firmalar, Global Industry Classification Standard
(GICS) sektor taksonomisine gore siniflandirilmis; finansal veriler ise Yahoo Finance (yfinance)
API'si araciligryla toplanmis olup 4 Ocak 2023 ile 30 Aralik 2024 tarihleri arasindaki donemi
(yaklasik 500 islem giinii) kapsamaktadir. Bu donemin seg¢ilme amaci 2020-2022 dénemini pandemi
kaynakli makro-ekonomik giiriiltiiden arindirilmis bir piyasa rejiminde ¢aligmaktir. Ayrica, enerji
piyasalarindaki jeopolitik soklarm piyasa volatilitesini domine ettigi ve global ESG raporlama
standartlarinin (6r. CSRD, SEC taslaklar1) yasal bir yaptirim giiciine kavustugu bu doénem ve 'yesil
aklama' pratiginin salt bir PR sorunundan ¢ikip piyasa volatilitesiyle (GARCH) dogrudan fiyatlanan
finansal bir riske doniistiigii zaman araligidir. GARCH modellerinin yapisal piyasa kirilmalarindan
kaginmak ve stabilite saglamak i¢in 1liml1 tahmin pencerelerinde optimal performans gosterdigi tespit
edilmistir (Starica & Granger, 2005; Hwang & Valls Pereira, 2006).

Toplanan veriler ii¢ kategoriye ayrilmaktadir. ilk olarak, firmalarin Yahoo Finance
platformundaki is agiklamalar1 (longBusinessSummary alani) ile sektor bazli siirdiiriilebilirlik proxy
metinleri, metinsel analiz icin girdi kiimesini olusturmustur. Ikinci olarak, piyasa degeri (Market
Cap), firma biiyiikliigii (Ln_Firm_Size), aktif karliligi (ROA), kaldirag oranm1 (Leverage), piyasa-
defter degeri oram1 (Market-to-Book), temettii verimi (Dividend Yield) gibi finansal gostergeler
derlenmistir. Uciincii olarak, bagimli degisken, Yahoo Finance aracilifiyla elde edilen ISS
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(Institutional ~ Shareholder Services) Governance QualityScore metrikleri kullanilarak
olusturulmustur. ISS skorlamasi, firmalar1 1 (en disiik risk) ile 10 (en yiiksek risk) arasinda goreceli
bir desil (decile) dlgeginde degerlendirmektedir (ISS, 2023). Modelin hedef degiskeni (y), bu 1-10
Olcegindeki ham skorlarin dinamik kuantil esiklemesi ile ikili sinifa (binary) doniistiiriilmesiyle elde
edilmistir.

Tablo 1. Veri Kaynaklari

Kaynak icerik Kapsam

Wikipedia S&P 500 tablosu Ticker listesi + sektor 503 firma

yfinance AP l;l i}l]l;lllasrall oranlar, ESG risk skorlari, hisse 503 firma

yfinance sirket a¢iklamalari Proxy ESG bildirim metni (NLP girdi) 503 firma

Giinliik log-getiriler GARCH modellemesi i¢in 249.610 satir, 501 firma
Eksik Veri Yonetimi

Veri setindeki eksik gozlemlerin tamamlanmasinda GICS sektér medyanina dayali
imputation teknigi uygulanmigtir. Bu yaklagimda bir firmanin eksik finansal gostergesi, oncelikle
aynt GICS sektoriindeki firmalarin medyan degeriyle; sektér medyaninin da eksik oldugu
durumlarda genel 6rneklem medyaniyla doldurulmustur. Bu strateji, Little ve Rubin'in (2019) eksik
veri teorisinde Onerdigi sektdrel homojenlik varsayimiyla uyumlu olup, tekil aykir1 gézlemlerin
doldurma siirecini bozma riskini sinirlamaktadir.

Bagiml Degiskenin Tanimlanmasi

Bagimli degisken, Yahoo Finance araciligiyla elde edilen ISS (Institutional Shareholder
Services) Governance QualityScore ham verisinin (1-10 desil 6lgegi) dinamik kuantil esiklemesi
yoluyla ikili bir sinif degiskenine déniistiiriilmesiyle elde edilmistir. Orneklemdeki 503 firma, ISS
yonetisim risk puanlarina gore kiigiikten biiylige siralanmis ve dagilimin 75. yiizdelik dilimine
karsilik gelen esik degeri hesaplanmistir (esg_risk raw = 8.0). Risk puani bu esik degerine esit veya
bu degerin iizerinde olan firmalar "Yiiksek Risk" (y = 1), esigin altinda kalan firmalar ise "Diisiik
Risk" (y = 0) olarak siniflandirilmistir. Bu tercihin gerekgesi, Kaufman ve arkadaslarinin (2012)
tammladig1 veri sizintis1 (data leakage) riskinden kaginmaktir. Erken asama denemelerde, hedef
degiskenin dogrudan model girdilerinden tiiretilmesi durumunda gozlenen yapay olarak yiiksek
dogruluk oran1 (yaklasik %98), bu riskin somut bir gostergesi olarak degerlendirilmistir. Uygulanan
bu esikleme sonucunda 6rneklemdeki 349 firma (%69.4) "Diisiik Risk" (y = 0), 154 firma (%30.6)
ise "Yiiksek Risk" (y = 1) sinifinda yer almigtir. Ham skorda 8.0 degerinde gozlenen gozlem
y1gilmasi (tie) nedeniyle, nihai simf dagilim teorik %75/%25 oranindan bir miktar sapmuistir.

GICS Sektor Hassasiyet Haritasi

Firmalar, GICS sektor siniflandirmasina gore 0 ile 1 arasinda degisen bir ¢cevresel hassasiyet
agirligina sahiptir. Bu agirliklar, sektorlerin karbon ayak izi, ¢evresel diizenleyici maruziyeti ve
tarihsel ESG tartisma sikligi temel alinarak belirlenmistir.
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Tablo 2. GICS Sektor Hassasiyet Haritast

Sektor Hassasiyet Agirhg:
Enerji 0.95
Malzemeler 0.80
Kamu Hizmetleri 0.75
Sanayi 0.65
Temel Tiiketim / Zorunlu Tiiketim Mallar1 0.50
Saglik Hizmetleri 0.45
Finansal Hizmetler 0.40
Gayrimenkul 0.35
Bilgi Teknolojileri 0.25
Tletisim Hizmetleri 0.20

Tablo 2'de goriildiigii lizere, Energy sektorii en yliksek ¢evresel hassasiyet agirligia (0.95)
sahip olmakla birlikte, 6rneklemde nispeten diisiik bir firma payina (%4.4) karsilik gelmektedir. Bu
durum, ilgili sektordeki az sayidaki firmanin model ¢iktisi lizerindeki etkisinin, 6rneklem ig¢indeki
paylyla orantisiz bi¢cimde biiyiik olabilecegine isaret etmekte olup, bulgularin yorumlanmasinda
dikkate alinmas1 gereken metodolojik bir sinirlilik olusturmaktadir.

Uc Kanalli Mimari

Yesil aklama davranisinin tek bir veri katmaniyla eksiksiz bigimde temsil edilemeyecegi
ongoriisiinden hareketle, calismada {i¢ bagimsiz bilgi kanalin1 birlikte degerlendiren bir mimari
kullanilmagtr.

Kanal 1: NLP(Ne diyorlar?) —

Kanal 2: Finansal(Yapilan XGBoostSiniflandirici21
ne?) ozellik

Kanal 3: GARCH(Piyasa ne
tepki veriyor?)

Sekil 1. U¢ Sa¢ Ayagi Mimarisi

Birinci kanal, dogal dil isleme (NLP) teknikleriyle firmalarin ne sdyledigini; ikinci kanal,
finansal gostergeler araciligiyla firma yapisinin bu sdylemi ne dl¢iide destekledigini; iigiincii kanal
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ise GARCH (1,1) modellemesiyle piyasanin s6z konusu agiklamalara nasil tepki verdigini analiz
etmektedir. Her kanaldan elde edilen 6zellikler, toplam 21 degiskenden olusan tek bir matriste bir
araya getirilerek XGBoost siniflandiricisina girdi olarak sunulmustur.

T1 (Volatilitenin Cikarildig1) modelinde Accuracy (Dogruluk) degerinin Baseline modele
gore %7.5 artarken, ROC-AUC degerinin diigsmesi ilk bakista ¢eliskili goriinebilir. Ancak bu durum,
Accuracy metriginin esik-bagimli (threshold-dependent) dogas1 ve hedef degiskendeki dengesiz sinif
dagilimi (%69.4'e %30.6) ile agiklanmaktadir. T1 modeli, zor vakalar1 ayirt etmek yerine ¢ogunluk
sinifina (Diisiik Risk) agirlik vererek yapay bir dogruluk artis1 saglamistir; oysa esikten bagimsiz
ayricilik giiciinii 6lcen ROC-AUC diigmiistiir.

Ote yandan, sadece GARCH ozellikleriyle egitilen T2 modelinde Ortalama Hassasiyetin
(Average Precision) %20.7 gibi dramatik bir diislis yasamasi kritik bir bulgudur. Bu disiis, piyasa
volatilitesinin yesil aklama siiphesini yakalamada c¢ok gii¢lii ancak tek basma birakildiginda
'giiriiltiilii (noisy)' bir sinyal oldugunu kanitlar. NLP kanalinin yoklugunda model, her piyasa sokunu
yesil aklama sanarak hassasiyetini (precision) kaybetmistir

Her kanalin islevi, kendisine karsilik gelen bir soruyla 6zetlenebilir: NLP kanali “firma ne
sOylityor?”, finansal kanal “firmanin yapisi1 bu iddialar1 destekliyor mu?”” ve GARCH kanali “piyasa
bu firmaya gergekten giiveniyor mu?” sorularina yanit aramaktadir. Kanallara ait veri kaynaklari ve
ornek 6zellikler Tablo 3'de 6zetlenmistir.

Table 3. Yesil aklamanin tespitine yonelik {i¢ siitunlu mimari

Kanal Soru Veri Kaynagi Ornek Ozellikler
NLP “Firma ne soyliiyor?” ChmateBERT, FinBERT, GWL sko.ru, fog indeksi,
metin analizi hedge kelime sayis1
Finansal Flrmapln yap 151”1dd1a1ar1 yfinance, S&P 500 K.?l(.i.lra.?l .ROA’ firma
destekliyor mu? biiyiikligii
GARCH “Firmanin yap1si iddialari Glinliik hisse getirileri — Kosullu volatilite, spike
destekliyor mu? ”’ GARCH(1,1) sayisl, persistence

Kanal 1: Dogal Dil isleme (NLP) Ozellikleri

Bu kanal, firmalarin gevresel agiklamalarinda ne soyledigini metin diizeyinde analiz etmeyi
amagclamaktadir. Yesil aklama yapan firmalarin, gercek ¢evresel performanslarini gizlemek amaciyla
karmagik ve belirsiz bir dil kullandig1 literatiirde siklikla dile getirilen bir goézlemdir. Bu goriis,
finansal agiklamalar alanindaki bulgularla da ortiismektedir: Li (2008), zayif performans gdsteren
firmalarin yillik raporlarinin daha yiiksek Fog indeksine sahip ve daha az okunabilir oldugunu, buna
karsilik kazanglar1 kalici olan firmalarin raporlarinin nispeten sade bir dille yazildigini géstermistir.
Bu ¢alismada da benzer bir mekanizmanin ¢evresel agiklamalar i¢in gegerli olabilecegi varsayilmais;
yiiksek Fog indeksi ve diisiik okunabilirligin, bilginin bi¢imsel olarak sunuldugu ancak etkin bicimde
iletilmedigi bir sdylem stratejisinin dolayli gostergesi olabilecegi ongdriilmiistiir.

SHAP analizinde ilk dort siradaki ozellikten {giinin GARCH kanalindan gelmesi,
calismanin merkezinde yer alan 'piyasa siiphesi' tezini ampirik olarak dogrulamaktadir. Ancak bu
durum, modelin tek-kanal bagimlilig1 (single-channel dependency) riskini de beraberinde
getirmektedir. Bilhassa literatiirde yesil aklamanin temel motivasyonu olarak gosterilen finansal
bask1 hipotezinin temsilcileri olan Leverage (Kaldirag) ve ROA (Karlilik) degiskenlerinin SHAP
siralamasinda nispeten sinirht bir agirliga sahip olmas: dikkat ¢ekicidir. Bu bulgu, S&P 500 gibi
biiyiik 6l¢ekli ve kurumsallagmis firmalarin, yesil aklamayi finansal bir ¢aresizlikten ziyade, stratejik
bir konumlandirma araci olarak kullandiklari tezini destekleyebilir.
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TF-IDF (Terim Sikhigi-Ters Belge Sikhigi)

ESG alanina 6zgii dokuz anahtar terim (sustainable, green, emissions, carbon, climate,
environmental, renewable, decarbonization, net-zero) i¢in TF-IDF agirliklar1 hesaplanmigtir. TF-
IDF, bir terimin belirli bir belgedeki Onemini, tiim belge koleksiyonundaki seyrekligiyle
agirliklandirarak olgen istatistiksel bir yontemdir (Salton & Buckley, 1988). Bu yolla, firmalarin
stirdiiriilebilirlik sdylemlerindeki kavramsal odak alanlar1 nicellestirilmistir.

Loughran-McDonald ESG-Genisletilmis Duygu Analizi

Metinlerdeki duygu skoru, Loughran ve McDonald'im (2011) finans metinlerine 6zgii
sozliigliniin ESG baglamina uyarlanmis bir versiyonuyla hesaplanmistir. Standart pozitif ve negatif
terimlere ek olarak, belirsizlik bildiren hedge kelimeler (might, could, may, perhaps, potentially) de
dahil edilmis ve bu kelimeler 0,7 katsayistyla agirliklandirilarak negatif polariteye eklenmistir.

Hesaplama su sekilde islemektedir: 6nce metindeki pozitif, negatif ve belirsizlik kelimeleri
sayilir; belirsizlik kelime sayis1 0.7 ile ¢arpilarak negatif tarafa eklenir ve toplam negatif elde edilir;
son olarak

Emotion Score = (Positive — Total Negative) + (Positive 4+ Total Negative) (1)
formiilii uygulanir.

Ornegin bir metinde 10 pozitif, 4 negatif ve 6 belirsizlik kelimesi varsa, toplam negatif 4 +
(6 x 0.7) = 8.2 olarak hesaplanir ve duygu skoru (10 — 8.2) + (10 + 8.2) = 0,10 ¢ikar; bu da hafif
pozitif bir tona isaret eder. Skor —1 ile +1 arasinda degismekte, +1'e yaklasan degerler olumlu, —1'e
yaklagan degerler olumsuz, 0'a yakin degerler ise nétr veya belirsiz soylemi ifade etmektedir. Bu
yaklagim, kurumsal siirdiiriilebilirlik raporlarindaki belirsiz dilin potansiyel bir yesil aklama
gostergesi olabilecegine dair bulgularla tutarlidir (Marquis vd., 2016).

Okunabilirlik Metrikleri

Metin karmasikligi iki standart okunabilirlik dlciitiiyle degerlendirilmistir: Flesch Reading
Ease (Flesch, 1948), ciimle uzunlugu ve hece yogunluguna dayali bir skor olup diisiik degerler daha
karmagik metne isaret etmektedir; Gunning Fog Index (Gunning, 1952) ise ciimle uzunlugu ve ¢ok
heceli kelime oranina dayanmakta, yliksek degerler teknik veya akademik diizeyde karmasik bir
metni gostermektedir. Kurumsal siirdiiriilebilirlik raporlarindaki yiiksek dilsel karmasikligin,
bilginin kasith olarak muglaklastirilmasi (obfuscation) amaci tagiyabilecegi ve bu nedenle potansiyel
bir yesil aklama gostergesi olarak degerlendirilebilecegi literatiirde ileri siiriilmiistiir (Li, 2008).

Hedge Words (Belirsizlik ifadeleri) Sayimi

Kurumsal raporlardaki belirsizlik diizeyini nicellestirmek amaciyla, diizenli ifadeler (regex)
kullanilarak hedge kelime sayilar1 hesaplanmistir (might, could, may, perhaps, possibly, probably,
assume, suggest, potentially, believe). Firma bagma hedge kelime yogunlugu, toplam metin
uzunluguna oranlanarak normallestirilmistir.

ClimateBERT ile Yesil Aklama Skoru
ClimateBERT (DistiiRoBERTa) Modeli

Yesil aklama risk skorlarmin iiretiminde, Webersinke ve arkadaslar1 (2022) tarafindan
gelistirilen ClimateBERT modeli kullanilmistir. ClimateBERT, RoBERTa mimarisinin (Liu vd.,
2019) DistilRoBERTa boyutuna damitilmis ve iklim degisikligiyle ilgili bilimsel yaynlar, politika
belgeleri ve kurumsal raporlar iizerinde alana 6zgii 6n egitimden gegirilmis bir transformer tabanl
dil modelidir. Bu alana 6zgii 6n egitim, modelin siirdiiriilebilirlik sdylemindeki niianslar1 genel
amagl dil modellerine kiyasla daha etkin yakalamasini saglamaktadir.
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Model parametreleri: mimari olarak 6 katmanli, yaklagitk 82 milyon parametreli
DistilRoBERTa kullanilmis; 6n egitim korpusu iklim degisikligi aragtirma makaleleri, IPCC
raporlar1 ve kurumsal CDP agiklamalarindan olusmus; maksimum token uzunlugu BERT'in standart
limiti olan 512 ile sinirlandirilmis; batch boyutu CPU'da 8, GPU'da 16-32 olarak ayarlanmaistir.

Bu noktada kavramsal bir sinirin net ¢izilmesi gerekmektedir: Bu ¢aligma ekonometrik veya
nedensel (causal) bir etki analizi iddia etmemektedir. Gelistirilen makine O0grenmesi mimarisi
biitiiniiyle ongoriisel (predictive) bir yapidadir. Piyasa volatilitesi veya karmasik raporlama dilleri,
yesil aklamaya 'sebep' olan faktorler degil; aksine, firmanin kurumsal seffaflik eksikliginin piyasada
ve metinlerde biraktigi izlerin (semptomlarin) algoritmik olarak tespit edilmesidir.

Temperature Scaling ile Kalibrasyon

Model c¢iktilarmin giivenilirligini artirmak amaciyla temperature scaling ydntemi
uygulanmigtir (Guo vd., 2017). Bu teknik, modelin iirettigi ham logit degerlerini bir sicaklik
parametresine (T) bolerek olasilik tahminlerinin keskinligini kontrol etmektedir: ayarlanmis puan =
ham puan + T, ardindan bu degerler softmax fonksiyonuyla olasiliklara doniistiiriilmektedir. Diigiik
T degerleri (6rn. T = 0.3) modelin daha keskin, ikili kararlara yakin tahminler liretmesini saglarken;
yiiksek T degerleri (6rn. T = 0.5) daha yumusak, orta degerlere yakin bir olasilik dagilimi
vermektedir.

Calismada iki farkl sicaklik degeri kullanilmistir: Soylem Stili Skoru (GWLS) i¢in T = 0.3
secilmis, boylece soylemdeki belirgin yesil aklama kaliplar1 daha keskin bi¢imde ayirt edilmesi
hedeflenmistir; Sembolik Eylem Skoru (GWLE) i¢in ise T = 0.5 kullanilarak eylem-sdylem
tutarsizlifinin daha niiansh degerlendirilmesi amag¢lanmistir.

Ciimle Bazh Cikarim

Her firma metni NLTK kiitiiphanesinin sent_tokenize fonksiyonuyla ctimlelere ayrilmis, her
climle ayr1 ayr1 ClimateBERT modeline verilmistir. Firma diizeyindeki GWLS ve GWLE skorlari,
climle bazli skorlarin aritmetik ortalamasi alinarak hesaplanmigtir. Bu yaklasim, uzun metinlerdeki
yerel yesil aklama kaliplarinin yakalanma kapasitesini artirmaktadir.

GWL Bilesik Skoru (Geometrik Ortalama)

Firma diizeyindeki nihai yesil aklama (GWL) riski, sdylem stili (GWLS) ve sembolik eylem
(GWLE) skorlarinin geometrik ortalamasi olarak hesaplanmigtir:

GWL = VGWLS x GWLE (2

Ornegin GWLS = 0.80 ve GWLE = 0.60 olan bir firma i¢cin GWL = V(0.80 x 0.60) = V0.48
~ (0.693 elde edilir.

Aritmetik ortalama yerine geometrik ortalamanin tercih edilmesinin nedeni, bu yontemin iki
bilesenin de es zamanli olarak yiiksek olmasini gerektirmesidir. Ornegin bilesenlerden biri cok
yiiksek (0.90) digeri ¢ok diisiikse (0.10), geometrik ortalama yalnizca ¥(0.90 x 0.10) = 0.30 gibi
diisiik bir deger iiretmektedir. Boylece yalnizca sdylem veya yalnizca eylem boyutunda sorun olan
firmalarin yanhislikla "yiiksek riskli" smifina dahil edilmesi Onlenmekte; gercek yesil aklama
riskinin, her iki boyutun da es zamanl olarak yiiksek olmasini gerektirdigi varsayilmaktadir. NLP
kanalina ait 6znitelikler tablo 4’de 6zetlenmistir.
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Tablo 4. NLP Ozellikleri (Kanal 1)

# Ozellik Kaynak Aciklama

1 NLP GWL Score ClimateBERT Yesil aklama olasilik skoru (0-1)

2 finbert esg sentiment FinBERT ESG duygu polaritesi (—1 to +1)

3 flesch reading ease Metin analizi Okunabilirlik skoru (yiiksek = basit)

4 gunning fog Metin analizi Fog indeksi (metin karmasikligi)

5 hedge words count Sozliik tabanl Belirsizlik ifadesi sayis1

6 ESG_Gap Tiiretilmis (1)030)X hedge + 0.7 x (1 — okunabilirlik /

Kanal 2: Finansal Ozellikler

Ikinci kanal, firmalarin finansal yapisinin cevresel iddialar1 ne olgiide destekledigini
degerlendirmeye yoneliktir. Bu dogrultuda log-firma biiyiikligii (Ln Firm_Size), aktif karhihig
(ROA) ve kaldirag orami (Leverage) yfinance verisinden elde edilmis; sektor hassasiyeti
(sector_sensitivity), her firmanin GICS sektoriine atanan 0-1 arasi bir agirlik olarak miihendislik
yoluyla tiiretilmistir. Bu agirliklar, sektorlerin karbon ayak izi, diizenleyici maruziyeti ve tarihsel
ESG tartisma sikligi dikkate alinarak belirlenmistir; 6rnegin Enerji sektoriine 0.95, Bilgi
Teknolojileri sektoriine ise 0.25 gibi gorece diisiik bir agirlik atanmistir. Kanala ayrica metin tabanlt
bilesik bir gosterge olan proxy gwl score dahil edilmistir. Yiiksek kaldira¢hi firmalarin sermaye
maliyetini diisirmek amaciyla ESG performanslarin1 oldugundan iyi gdsterme egiliminde
olabilecegi, biiyiik firmalarin ise kamuoyu denetimine daha fazla maruz kaldigi, kurumsal finans
literatliriindeki ESG-firma yapisi iligskisine dair tartismalarla tutarlidir (Gillan, vd., 2021). Bu
cercevede enerji gibi karbon yogunlugu ve diizenleyici maruziyeti yliksek sektorlerin, ESG agisindan
yapisal olarak daha riskli kabul edilmesi de ayn1 mantigin bir uzantisi olarak degerlendirilebilir.

Tablo 5. Finansal Ozellikler (Kanal 2)

# Ozellik Kaynak Aciklama

7 Ln Firm Size yfinance Log piyasa degeri

8 ROA yfinance Aktif karlilig

9 Leverage yfinance Borg/6zkaynak orani

10 sector_sensitivity Miihendislik GICS sektorii ESG hassasiyeti (0—1)
11 proxy gwl score Miihendislik Metin tabanli bilesik GWL proxy

Kanal 3: GARCH (1,1) Volatilite Modellemesi

Bu kanal, piyasanin firma agiklamalarina verdigi tepkiyi, hisse senedi getirilerindeki kosullu
volatilite iizerinden dlgmeyi amaglamaktadir.

GARCH (1,1) Modeli

Piyasa tabanl risk sinyallerini yakalamak amaciyla, her firma icin ayr1 ayr1t GARCH (1,1)
modeli (Bollerslev, 1986) tahmin edilmistir. Model, giinliik log-getiriler (r_t, 100 ile 6lgeklenmis)
tizerinde asagidaki spesifikasyonla ¢alismaktadir:

rt=pu+e¢et et =o0t-zt zt~N(O1) 3)
oc’t=w+a-&{t—1} + f-0%{t—1} 4
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Burada o t, kosullu volatiliteyi (piyasanin ilgili giindeki belirsizlik algisini) temsil
etmektedir. Denklemdeki o parametresi firmanin tagidigi temel dalgalanma diizeyini, o parametresi
bir onceki giinkii beklenmedik sokun bugiinkii volatiliteye etkisini, } parametresi ise diinkii
volatilitenin bugiine ne Ol¢iide tasindigini ifade etmektedir. o ile Pf'nin toplami, yaygin olarak
volatilite kaliciliginin bir gdostergesi olarak yorumlanmaktadir; bu toplamin 1'e yaklagsmasi, bir sokun
etkisinin daha uzun siirdiigii anlamina gelmektedir (Engle & Patton, 2001). Ornegin bu toplamin 0.95
oldugu bir firmada piyasa sokunun etkisi aylarca siirebilirken, 0.70 oldugu bir firmada birka¢ hafta
i¢inde soniimlenmektedir.

Model, arch Python kiitiiphanesiyle sabit ortalama (constant mean) ve normal dagilim
varsayimi altinda, en az 100 giinliik g6zlemi bulunan firmalar i¢in tahmin edilmis; 6rneklemdeki 501
firmanin tamaminda tahmin basariyla tamamlanmaistir.

GARCH'tan Firma Bazh Oznitelik Tiiretimi

Her firmaya ait kosullu volatilite serisi, firma diizeyinde Ozet istatistiklere indirgenerek
toplam on adet kesitsel (cross-sectional) 6znitelige doniistiiriilmiis ve Tablo 6'da listelenmistir.

Bu ozniteliklerin dahil edilme gerekcesi iki ayri bulguya dayanmaktadir. ilk olarak,
yatirimeilarin bir firmanin kurumsal sosyal sorumluluk (CSR) uygulamalarina iligkin olumlu ve
olumsuz haberlere giiclii ve asimetrik fiyat tepkileri verdigi gosterilmistir; 6zellikle olumsuz olaylara
verilen tepkinin olumlu olaylara kiyasla daha belirgin oldugu bulunmustur (Kriiger, 2015). Bu
calismada, benzer bir mekanizmanin fiyat diizeyinin Gtesine gecerek kosullu volatiliteye de
yansiyabilecegi varsayilmis; yani yatirimcilarin bir firmanin ESG beyanlarina duydugu siiphenin,
yalnizca getirilerde degil, getirilerin dagilimindaki artista (kosullu wvolatilite) da kendini
gosterebilecegi dngdriilmiistiir. Ikinci olarak, ESG/CSR profilinin firmalarin risk diizeyiyle iliskili
oldugu, ancak bu iligkiye dair bulgularin literatiirde hala tartismali oldugu belirtilmektedir (Gillan,
vd., 2021).

Tablo 6. GARCH Tabanli Ozelliklerin XGBoost Modelinde Kullanimi

# Ozellik Hesaplama Ekonomik Anlam

o t'nin ortalamasi

1 garch_vol mean B Firmanin ortalama piyasa

belirsizligi

6_t'nin standart sapmast Belirsizligin ne kadar degisken

2 garch_vol_std oldugu

Son ¢_T degeri Piyasanin en giincel siiphe

3 garch_vol last S
seviyesi

Maksimum ¢ t

garch vol max

En siddetli piyasa tepkisi

garch _vol 95

G _tnin 95. yiizdeligi

Ug deger risk dlgiisii

z-skoru > 2 olan giin sayisi

Kag kez anormal volatilite yasandi

4
5
6 garch _spike count
7

garch spike ratio

spike count / toplam giin

Olay sikliginin orani

8 garch_persistence

o+p

Soklarin ne kadar siire devam
ettigi

9 garch rolling vol 60d

60 giinliik hareketli ¢ ortalamasi

Volatilite rejimi gostergesi

10 | vol return corr

Kor (Jr t|,c t)

GARCH model uyum kalitesi

Veri Sizintis1 Onlemi

GARCH ozelliklerinin tliretilmesinde yalnizca tahmin noktasindan 6nceki tarihsel getiriler
(2023-01-04 ile 2024-12-30 arasi déonem) kullanilmistir. Saglamlik testleri kapsaminda, her firmanin
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getiri serisinin yalnizca ilk %70'1 kullanilarak gecikmeli (lagged) volatilite 6zellikleri ayrica iiretilmis
ve bu yolla veri sizintis1 riskinin bulunmadig1 dogrulanmastir.

Ozellik Matrisi ve Model Girdisi

NLP kanalindan alt1, finansal kanaldan bes ve GARCH kanalindan on olmak {izere toplam
21 oOznitelik, tek bir matriste birlestirilerek XGBoost siniflandiricisina girdi olarak sunulmustur. Bu
biitiinlesik yapu, ii¢c kanalin istatistiksel olarak bagimsiz bigimde hesaplanmasina karsin, nihai kararin
izole degil birlesik bir degerlendirme {izerinden verilmesini saglamaktadir.

Simiflandirma Modeli: XGBoost

Yesil aklama riskinin siniflandirilmasinda XGBoost (Extreme Gradient Boosting) (Chen &
Guestrin, 2016) algoritmasi tercih edilmistir. XGBoost, gradyan artirma (gradient boosting)
cercevesinin Olceklenebilir ve diizenlilestirilmis bir uygulamasi olup, karar agaclarini ardisik
bicimde insa ederek her yeni agacin bir oncekinin artik hatalarinmi (residual errors) azaltmasini
hedeflemektedir (Friedman, 2001). Bu ¢alisma i¢in tercih edilme gerekgeleri su sekilde 6zetlenebilir:
(i) NLP skorlari, finansal oranlar ve volatilite metrikleri gibi farkli 6lgek ve dagilima sahip
oznitelikleri tek bir modelde etkin bigimde biitiinlestirebilmesi; (ii) L1/L2 diizenlilestirme yoluyla
asirt 0grenmeye karsi yerlesik koruma sunmasi; (iii) aga¢ tabanli yapisi sayesinde 6znitelikler arasi
dogrusal olmayan etkilesimleri oOrtiikk bigcimde modelleyebilmesi; (iv) scale pos weight
parametresiyle sinif dengesizligine uyum saglayabilmesi; ve (v) SHAP (Lundberg & Lee, 2017) ile
dogrudan uyumlu, yorumlanabilir bir yap1 sunmasidir.

Hyperparameter Optimizasyonu

Model hiperparametreleri, RandomizedSearchCV (Bergstra & Bengio, 2012) ile optimize
edilmistir; bu yontem, tam grid aramasina kiyasla daha diisiik hesaplama maliyetiyle yiiksek boyutlu
parametre uzaylarinda etkin bir kegif imkan1 sunmaktadir. Arama uzayi, n_estimators i¢in {50, 100,
150, 200, 250, 300}, learning_rate i¢in {0.01; 0.03; 0.05; 0.1; 0.15; 0.2} ve max_depth i¢in {2, 3, 4,
5, 6, 7} degerlerini kapsamis; optimizasyon 3 katli capraz dogrulama altinda 15 rastgele
kombinasyon lizerinden, dogruluk (accuracy) metrigi esas alinarak yiiriitiilmiistiir. Bu siire¢ sonunda
n_estimators=200, max_depth=4 ve learning_rate=0.15 degerleri optimum olarak segilmistir. Ote
yandan, stokastik gradyan artirma (stochastic gradient boosting) yapisin1 korumak ve modelin agir1
O0grenmesini (overfitting) engellemek amaciyla subsample ve colsample bytree parametreleri
hiperparametre arama uzayina dahil edilmemis; literatiirdeki yaygin best-practice uygulamalari
(Chen & Guestrin, 2016) dogrultusunda 0.8 olarak sabitlenmistir.

Sinif Dengesizligi Yonetimi

Yiizdelik dilim esiklemesi, 6rneklemde yaklasik 3:1 oraninda dengesiz bir smif dagilimi
ortaya c¢ikarmaktadir. Bu dengesizligi gidermek amaciyla XGBoost'un scale pos weight
parametresi, giivenli siniftaki firma sayisinin riskli siiftaki firma sayisina orani olarak dinamik
bigimde ayarlanmistir. Bu yaklagimda, model egitim sirasinda bir riskli firmayr yanlis
siniflandirdiginda bu hatanin maliyeti, giivenli bir firmay1 yanlis siniflandirma maliyetinin katlar1
diizeyinde agirliklandirilmakta; boylece azinlik sinifinin (riskli firmalar) 6grenme stirecindeki etkisi
artirnlmaktadir. Bu strateji, maliyet duyarli 6grenme (cost-sensitive learning) paradigmasiyla
uyumludur (He & Garcia, 2009).

Egitim-Test Ayrimi

Veri seti, tabakali 6rnekleme (stratified sampling) ile %80 egitim ve %20 test olarak
ayrilmistir (random_state=42); bu boliinme, her iki alt kiimedeki smif dagilimmin orijinal
orneklemdeki oran1 korumasim saglamaktadir. Sonug olarak model 402 firma {izerinde egitilmis;
performans degerlendirmesi, modelin egitim siirecinde hi¢ gormedigi kalan 101 firma {izerinde
gerceklestirilmistir. Model egitim yapilandirmasinin 6zeti Tablo 7'de sunulmustur.
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Tablo 7. Model egitim yapilandirmasi

Parametre Deger

Algoritma XGBoost (gradient boosted trees)
Hiperparametre se¢imi RandomizedSearchCV (15 iterations, 3-fold CV)
n_estimators 200

max_depth 4

learning_rate 0.15

subsample 0.8

colsample bytree 0.8

Egitim/test ayrimi1 80% / 20% stratified (random_state=42)
Egitim seti 402 firma

Test seti 101 firma (model tarafindan hi¢ goriilmemis)

Model Ac¢iklanabilirligi: SHAP Analizi

Modelin  karar  mekanizmasini1 yorumlamak  amaciyla, oyun  teorisi temelli
bir aciklanabilirlik yontemi olan SHAP (SHapley Additive exPlanations) (Lundberg & Lee,
2017) kullanilmistir.  Analiz, XGBoost modeline TreeExplainer araciligiyla uygulanmis; her
Ozniteligin model ¢iktisina yaptig1 ortalama katki, mutlak SHAP degerleri iizerinden hesaplanmaistir.
Bu analiz, yalnizca modelin genel performansini degil, hangi kanalin hangi kosullarda baskin hale
geldigini de ortaya koymay1 amaglamaktadir.

Dayamikhilik(Robustness) Testlerinin Tasarimi

GARCH entegrasyonunun katkisint ve giivenilirligini simnamak amaciyla li¢ ayr1 test
tasarlanmigtir. Testlerin tlimii, aym sabit hiperparametreler (n_estimators=200, max_depth=4,
learning_rate=0.15) ve ayni tabakal1 %80/%20 ayrim1 (random_state=42) altinda yiirtitilmiistiir; bu
sayede testler aras1 farklarin yalnizca 6znitelik kiimesinden kaynaklandigi garanti edilmistir.

Test 1 (GARCH olmadan — ablasyon), on GARCH 6zniteliginin tamaminin ¢ikarilarak
modelin yalnizca kalan on bir NLP ve finansal 6znitelikle egitilmesini igermektedir; bu test, GARCH
kanalinin modelin genel basarisina ne ol¢iide katki sagladigini ortaya koymay1 amaglamaktadir.

Test 2 (yalmzca GARCH), NLP ve finansal Ozniteliklerin tamamen ¢ikarilip modelin
yalnizca on GARCH o6zniteligiyle egitilmesine dayanmaktadir; bu tasarim, piyasa sinyalinin tek
basina yeterli olup olmadigini sinamaktadir.

Test 3 (gecikmeli GARCH - verisizintis1 karsiti test), her firma igin GARCH(1,1)
modelinin, getiri gegmisinin yalmzca ilk %701 (Ocak 2023 — yaklasik Eyliill 2024 donemi)
kullanilarak yeniden tahmin edilmesini igermektedir; Ekim—Aralik 2024 dénemine ait veriler bu
tahminde higbir sekilde kullanilmamistir. Bu tasarim, tahmin noktasi ile 6znitelik hesaplama noktasi
arasinda kesin bir zamansal bosluk (lag) yaratarak, GARCH sinyalinin ileriye doniik bilgiyle
(contemporaneous information) sisirilip sisirilmediginin sinanmasina imkan tanimaktadir.

Veri Sizintis1 Onlemlerinin Ozeti

Calisma boyunca veri sizintis1 riskine karsi iki temel 6nlem alinmistir. Birincisi, bagimli
degiskenin orneklem dagilimindan dinamik olarak tiiretilmesi ve dogrudan model girdilerinden
hesaplanmamasidir. Ikincisi, GARCH 6zniteliklerinin yalnizca tahmin noktasindan &nceki tarihsel
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getiriler kullanilarak hesaplanmasi ve butasarimin gecikmeli bir yeniden tahmin testiyle
ayrica dogrulanmasidir.

Yazilim ve Donanim Ortam

Tiim analizler Python 3.10+ programlama dilinde gerceklestirilmistir. Kullanilan temel
kiitiiphaneler ve bunlarin kullanim amaglar1 Tablo 8’de listelenmistir.

Tablo 8. Analizde kullanilan kiitliphaneler

Kiitiiphane Versiyon Kullanim Amaci
transformers (HuggingFace) >4.30 ClimateBERT model ¢ikarimi
torch (PyTorch) >2.0 Deep learning altyapisi
xgboost >1.7 Gradyan artirma siniflandiricist
scikit-learn >1.2 ML pipeline, metrikler, ¢capraz dogrulama
arch >5.5 GARCH volatilite modelleme
shap >0.42 Model agiklanabilirlik analizi
yfinance >0.2 Finansal veri ¢ekimi
nltk >3.8 Metin 6n isleme, ciimle tokenizasyonu
textstat >0.7 Okunabilirlik indeksleri
pandas >2.0 Veri manipiilasyonu
numpy >1.24 Gorsellestirme
matplotlib >3.7 ClimateBERT model ¢ikarimi
seaborn >0.12 Deep learning altyapisi
Bulgular

Tammlayia istatistikler

Orneklemi olusturan 503 firmanin Global Industry Classification Standard (GICS)
sektorlerine gére dagilimi Tablo 9'da sunulmustur. Orneklemde en fazla temsil edilen sektérler
Sanayi (%15.7) ve Finans (%15.1) olurken, Enerji (%4.4) ve Iletisim Hizmetleri (%4.6) en diisiik
paya sahip sektorler olarak dikkat cekmektedir. Enerji sektorii 6rneklem igerisinde diigiik paya sahip
olmasina ragmen yiiksek karbon yogunlugu nedeniyle modelde yiiksek bir sektorel hassasiyet
agirligina sahiptir. Bu sonug sektordeki az sayidaki firmanin siniflandirma {izerindeki etkisinin
orantisiz olabilecegine isaret etmektedir.

Tablo 9. Orneklemin sektor dagilimi

Sektor Firma sayisi Oran
Endiistriyel Uriinler 79 15.7%
Finans 76 15.1%
Bilgi Teknolojileri 73 14.5%
Saglik Hizmetleri 59 11.7%
Istege Bagl Tiiketim 48 9.5%

Temel Tiiketim Uriinleri 35 7.0%
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Kamu Hizmetleri 31 6.2%
Gayrimenkul 31 6.2%
Ham Madde / Malzeme 26 5.2%
Iletisim Hizmetleri 23 4.6%
Enerji 22 4.4%

GARCH (1,1) modelinden tiiretilen on 6zellige ait tanimlayici istatistikler Tablo 10'da yer
almaktadir; bu tablo, firma bazinda kosullu volatilitenin (garch vol last) ortalama 1.70 diizeyinde
seyrettigini, ancak maksimum degerin 7.61'e kadar ¢ikabildigini, dolayisiyla firmalar aras1 belirgin
bir heterojenligin bulundugunu gdstermektedir.

Tabl0 10. GARCH o6zelliklerine iligkin tanimlayici istatikler (N = 501 firma)

Ozellik Min Ortalama Max
garch vol mean 0.82 1.76 6.66
garch vol std 0.00 0.24 3.53
garch vol last 0.80 1.70 7.61
garch vol max 1.02 3.82 76.51
garch vol 95 0.94 2.14 11.77
garch spike count 0 18.6 40
garch spike ratio 0.00 0.04 0.08
garch persistence 0.00 0.66 1.00
garch_rolling vol 60d 0.81 1.75 6.54
vol return_corr —0.07 0.12 0.42

Analizler neticesinde garch vol max degiskeninde 76.51 gibi ortalamanin (1.76) c¢ok
izerinde bir u¢ deger (outlier) bulundugu goriilmektedir. Bu degerin Globe Life Inc. (GL) firmasinin
11 Nisan 2024 tarihinde yasadig1 %53 'liik tek gilinlikk kurumsal skandal ¢okiistinden kaynaklandig
tahmin edilmektedir. GARCH modeli bu ani piyasa sokunu dogru bir sekilde yakaladig1 da tespit
edilmistir. Calismada herhangi bir veri kirpma (winsorization) islemi uygulanmamistir. Bunun iki
nedeni vardir; birincisi, Kullanilan XGBoost algoritmas1 agag tabanli (tree-based) bir model oldugu
icin u¢ degerlere kars1 (outlier-robust) dogal bir dirence sahiptir ve lineer modellerdeki gibi tahmini
bozmaz (Chen & Guestrin, 2016). ikincisi ise, bu tiir ekstrem kurumsal giiven soklar1, yesil aklama
ve ESG riskinin bizzat dogasini yansitan nadir ama degerli sinyallerdir.

Model Performansi: Held-Out Test Seti Sonuclari

Modelin, egitim siirecinde hi¢ goérmedigi 101 firma {izerindeki performansi Tablo 11'de
ozetlenmistir. Orneklem, 503 firma iizerinden rastgele ve katmanli (stratified) 6rnekleme yontemiyle
%80 egitim (402 firma) ve %20 test (101 firma) alt kiimelerine ayrilmig; model yalnizca egitim
setindeki 402 firma iizerinde gelistirilmis, performansi ise egitim siirecine higbir sekilde dahil
edilmemis 101 firmalik bagimsiz test setinde degerlendirilmistir. Bu ayrim, raporlanan sonuglarin
veri sizintisindan (data leakage) arindirlmis, gercek dissal gegerliligi (out-of-sample validity)
yansitan bir performans tahmini sunmasini saglamaktadir.
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Tablo 11. Ayrilmis test seti performansi

Metric Deger
ROC-AUC 0.704
Spearman p 0.756
F1 (macro) 0.657
Accuracy 0.703

Nihai model, gecikmeli (lagged) GARCH o0zellik setiyle gelistirilen konfigiirasyon, held-out
test setinde 0.704 ROC-AUC ve 0.756 Spearman siralama korelasyonuna ulagmaistir.

Smiflandirma tabanli finansal risk modellerinde, kisitli sayida agiklayici degiskenle
calisildiginda 0.70 civarindaki AUC degerlerinin bilgi tasiyici (informative) kabul edildigi yakin
tarihli ampirik calismalarda da  desteklenmektedir. Ornegin, firma diizeyinde ESG
derecelendirmelerini kullanarak karbon emisyon riskini siiflandiran bir ¢calismada, zamansal (out-
of-time) dayaniklilik testinde 0.70 civarinda AUC degerleri elde edilmis ve bu sonug pratik tarama
(screening) amaglar i¢in bilgi tastyici olarak degerlendirilmistir (Kim & Na, 2026)

Bununla birlikte, test setinin sinirlt biiyiikliigii (101 firma; 31 pozitif, 70 negatif gézlem)
dikkate alindiginda, bu 6rmeklem hacminde tek bir yanlis smiflandirmanin AUC degerini yaklasik
0.01 puan oynatabilecegi goz oOniinde bulundurulmalidir. Nitekim izleyen boliimde sunulan
dayaniklilik testleri, farkli 6zellik konfigiirasyonlart arasinda 0.64-0.70 araliginda degisen AUC
degerleri tiretmekte olup, bu durum nokta tahminlerin belirli bir belirsizlik payiyla yorumlanmasi
gerektigini dogrulamaktadir.

Spearman siralama korelasyonunun 0.756 diizeyinde gerceklesmesi, modelin firmalari risk
diizeyine gore biiyiik Olclide tutarli bicimde siraladigimi gostermektedir. Portfdy yonetimi
uygulamalar1 agisindan, ikili siniflandirma dogrulugundan ziyade firmalarin goreli risk siralamasinin
istikrarli olmasi daha belirleyici bir kriterdir; bu agidan modelin siralama performansi, ikili
siniflandirma metriklerine kiyasla daha giiclii bir sonug ortaya koymaktadir.

Dayamkhilik (Robustness) Testi Bulgulari

Modelin farkli 6zellik konfigiirasyonlari altindaki dayanikliligin1 degerlendirmek amaciyla
iic ayr1 test uygulanmis ve sonuglar, baseline (referans) modelle karsilagtirmali olarak Tablo 12'de
sunulmustur.

Tablo 12. Dayaniklilik testleri: Yan yana karsilagtirma

Metrik Temel Model | T1: GARCH Yok Zﬁggﬁ“zca (T}ilfégkme“
ROC-AUC 0.653 0.641 (~1.8%) 0.638 (~2.3%) 0.704 (+7.8%)
Avg Precision 0.589 0.585 (~0.7%) 0.467 (-20.7%) 0.627 (+6.6%)
F1 (macro) 0.604 0.653 (+8.0%) 0.596 (~1.3%) 0.657 (+8.7%)
Precision (macro) | 0.604 0.658 (+8.9%) 0.596 (~1.5%) 0.655 (+8.3%)
Recall (macro) 0.604 0.649 (+7.4%) 0.597 (~1.2%) 0.660 (+9.2%)
Accuracy 0.663 0.713 (+7.5%) 0.653 (~1.5%) 0.703 (+6.0%)
Spearman p 0.739 0.737 (—0.2%) 0.728(-1.4%) 0.756 (+2.3%)
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Baseline model — GARCH o6zelliklerinin eszamanli (contemporaneous) bigimde
kullanildig1 konfigiirasyon — 0.653 ROC-AUC ve 0.739 Spearman p degerlerine ulagmistir. Bu
referans degerler temel alinarak, modelin dayaniklilig1 ii¢ farkli 6zellik konfigiirasyonu altinda
stnanmistir: GARCH 6zelliklerinin tamamen ¢ikarildigi bir ablasyon testi (T1), yalnizca GARCH
Ozelliklerinin kullanildig1 bir izolasyon testi (T2) ve GARCH 6zelliklerinin bir donem geciktirilerek
kullanildigr bir zamanlama testi (T3). Genel tabloda gorildiigii lizere, bu ii¢ konfiglirasyon
performans tizerinde farkli yonde ve farkl: biiytikliikte etkiler yaratmustir.

Test 1 -GARCH Ogzellikleri Cikarildiginda

Bu testin amaci, modelin GARCH tabanli volatilite 6zellikleri olmaksizin ne diizeyde
islevsel kaldigin1 sinamaktir. Bu dogrultuda, 6nceki boliimde tanimlanan 10 GARCH 6zelliginin
tamamu 6zellik setinden ¢ikarilmis ve model yalnizca kalan 11 dogal dil isleme (NLP) ve finansal
0zellikle yeniden egitilmistir. Bu ablasyon testi, volatilite sinyalinin modelin ayristirma giiciine ne
Olclide zorunlu bir katki sagladigini, yoksa yalnizca tamamlayici bir rol mii {istlendigini ortaya
koymay1 amaglamaktadir. Baseline model ile T1 konfigiirasyonu arasindaki karsilagtirmali sonuglar
Tablo 13’de sunulmustur.

Tablo 13. TEST 1: Ablasyon (volatilite 6zellikleri Cikarilmasi)

Metrik gzeer:;iell()l\/lodel 21 0TZ1 e:“\ifl‘(:)latilite yok (11 Fark

ROC-AUC 0.653 0.641 —0.012
Spearman p 0.739 0.737 —0.002
F1 (macro) 0.604 0.653 +0.049

GARCH o6zelliklerinin tamamen ¢ikarildig1 bu senaryoda ROC-AUC yalnizca 0.012 puan
(%1,8) gerilemis, Spearman p ise neredeyse degismeden kalmistir. F1 (macro) metriginde gézlenen
+0.049 puanlik artis, Tablo 13'de raporlanan Accuracy artisiyla (+%7,5) Dbirlikte
degerlendirildiginde, daha az 6zellikle ¢alisan modelin kiigiik test setinde daha diisiik varyans
sergiledigine isaret etmektedir.

Bu bulgular bir biitlin olarak degerlendirildiginde, NLP ve finansal 6zelliklerin tek basina
dahi giiclii bir ayrigtirma temeli olusturdugu ve modelin GARCH tabanli volatilite kanalinin
yoklugunda ¢okmedigi goriilmektedir. Bu durum, GARCH sinyalinin modelin performansi icin
zorunlu bir bilesen degil, tamamlayici (complementary) bir sinyal olarak islev gordiigii seklinde
yorumlanabilir; volatilite bilgisi, model i¢in bir bagimlilik degil bir katki kaynagidir.

Bu yorumu destekler nitelikte, GARCH o6zellikleri ¢ikarildiginda SHAP 6nem siralamasinda
Leverage (0.662) ve gunning fog (0.618) degiskenlerinin en belirleyici 6zellikler haline geldigi
gdzlenmistir. Bu yeniden dagilim, modelin piyasa kaynakli volatilite sinyali mevcut olmadiginda,
firmanin finansal yapisina (kaldirag orani) ve aciklama metinlerinin dilsel karmasikligina
(gunning_fog okunabilirlik endeksi) dayanarak telafi mekanizmasi gelistirdigini gostermektedir.

Test 2 — Yalmzca GARCH Ozellikleri ile Model

Bu testin amaci, GARCH tabanli volatilite sinyalinin tek basina ne diizeyde tahmin giiciine
sahip oldugunu sinamaktir. Bu dogrultuda, tiim NLP ve finansal 6zellikler 6zellik setinden ¢ikarilmis
ve model yalnizca on GARCH 6zelligiyle yeniden egitilmistir. Baseline model ile T2 konfigiirasyonu
arasindaki karsilastirmali sonuglar Tablo 14'de sunulmustur.
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T2: Yalmzca Volatilite

Metrik Temel Model (21 6zel.) (10 zel.) Fark

ROC-AUC 0.653 0.638 —0.015
Avg Precision 0.589 0.467 —0.122
Spearman p 0.739 0.728 —0.011

Yalnizca GARCH ozelliklerinin kullanildigi bu senaryoda ROC-AUC smirh bir diisiis
gostermis (0.638; —%2.3), buna karsin Average Precision metrigi %20.7 oraninda gerileyerek
0.467'ye inmistir. Bu oriintii, GARCH volatilite sinyalinin firmalar1 risk siralamasina makul 6l¢iide
yerlestirebildigini, ancak karar esiginde (threshold) belirgin sayida yanlis pozitif irettigini
gostermektedir; bagka bir ifadeyle, yiiksek volatiliteye sahip firmalarin énemli bir kismi, gercekte
Oyle olmadiklar1 halde yiiksek riskli olarak isaretlenme egilimindedir.

Bu durum, yiiksek volatilitenin tek bagina ¢evresel risk gostergesi olarak yorumlanmasinin
metodolojik bir sinirhilik tagidigina isaret etmektedir; zira firma diizeyinde volatilite, sektorel
biiylime dinamikleri, arastirma-gelistirme yogunlugu veya piyasa likiditesi gibi ¢evresel icerikten
bagimsiz ¢ok sayida faktdrden kaynaklanabilir. Bu baglamda, NLP tabanli 6zelliklerin — o6zellikle
metin karmagikligin1 6l¢en gunning fog ve muglak/temkinli dil kullanimin1 yakalayan ESG_Gap
degiskenlerinin — g¢evresel kokenli siipheli volatiliteyi isletme faaliyetinden kaynaklanan olagan
volatiliteden ayirt etmek bakimindan belirleyici bir rol iistlendigi degerlendirilmektedir. Bulgular bir
biitiin olarak, yalnizca piyasa sinyaline dayanan bir tespit stratejisinin risk tagidigini; volatilitenin
siralama diizeyinde dogru yonil isaret etmesine karsin, NLP destegi olmaksizin karar esiginde
hassasiyetin (precision) belirgin bicimde zayifladigini ortaya koymaktadir.

Test 3 — Gecikmeli GARCH (Veri Sizintis1 Testi)

Bu test, GARCH tabanli 6zelliklerin gercekten yapisal ve kalici bir sinyal mi tagidigini,
yoksa ¢agdas (contemporaneous) bilgiyle sisirilip sisirilmedigini sinamay1r amacglamaktadir. Bu
dogrultuda, her firma i¢in GARCH (1,1) parametreleri yalnizca getiri gegmisinin ilk %70'lik dilimi
kullanilarak yeniden tahmin edilmis; bdylece tahmin noktasi ile zellik hesaplama penceresi arasinda
acik bir zamansal bosluk (temporal gap) yaratilmistir. Baseline model ile T3 konfigiirasyonu
arasindaki karsilasgtirmali sonuglar Tablo 15’de sunulmustur.

Tablo 15. TEST 3: Gecikmeli volatilite (Veri sizintisin1 nleme testi)

Metrik ‘Tlee;gel Model (tam 33% ();ecikmeli (ilk Fark

ROC-AUC 0.653 0.704 +0.051
Avg Precision 0.589 0.627 +0.038
F1 (macro) 0.604 0.657 +0.053
Accuracy 0.663 0.703 +0.040
Spearman p 0.739 0.756 +0.017

Held-out test setindeki 0.653 ROC-AUC, bir 6nceki boliimde tartisildig iizere, kisith sayida
aciklayict degiskenle calisan siniflandirma modelleri igin bilgi tasiyici kabul edilen bir diizeyi
yansitmaktadir. Kiiglik test setinin (N=101) metrik varyansin1 artirdigi g6z Oniinde

www.turkishstudies.net/economy



1618 Riiya Kaplan Yildirim

bulundurulmalidir. Modelin asil giicii siralama kalitesindedir (Spearman p = 0.739, p <107'* ) ki bu
portfdy tarama uygulamalari i¢in en aksiyonel metriktir. GARCH parametrelerinin yalnizca getiri
geemisinin ilk %701 kullanilarak yeniden tahmin edildigi bu senaryoda, model incelenen tim
metriklerde tam veri setiyle egitilen baseline modeli geride birakmistir (ROC-AUC: 0.704 karsisinda
0.653; Spearman p: 0.756 karsisinda 0.739). Ilk bakista beklenmedik gériinen bu sonug,
GARCH(1,1) parametrelerinin daha kisa ve istikrarli bir pencere {lizerinde tahmin edildiginde
orneklem dis1 (out-of-sample) genelleme performansinin arttigi; buna karsilik tam orneklem
penceresinin, son doneme 6zgii kisa vadeli giiriiltiiyli de igerebilecegi bigiminde yorumlanabilir.
Performansin azalmak yerine artmis olmasi, ayni zamanda GARCH sinyalinin ileriye déniik (look-
ahead) bilgiyle sisirilmedigine dair giiclii bir gosterge olarak degerlendirilebilir: eger o6zellik
hesaplamasinda bir zamanlama tutarsizlig1 (data leakage) s6z konusu olsaydi, gecikmeli modelin bu
avantaj1 kaybetmesiyle performansin azalmasi beklenirdi. Bununla birlikte, bu bulgu tek basina kesin
bir kamit olarak degil, modelin zamanlama tutarliligi agisindan olumlu bir isaret olarak
yorumlanmalidir. Bu testte SHAP 6nem siralamasi da degismis; garch rolling vol 60d degiskeni
garch_vol last'1 geride birakarak birinci siraya yiikselmistir. Bu degisim, son giin volatilitesi
bilgisinin aylar 6ncesine ait bir gozlem haline geldigi bu senaryoda, 60 giinliik hareketli ortalamanin
firmanin yapisal volatilite rejimini daha gilivenilir bigimde temsil etmesiyle aciklanabilir.

SHAP Analizi Bulgular:

SHAP (SHapley Additive exPlanations) (Lundberg & Lee, 2017), her 6zelligin model
ciktisina yaptigi katkiy1 oyun teorisi temelli bir yaklasimla dl¢en bir agiklanabilirlik yontemidir. Bu
calismada, TreeExplainer algoritmasi kullanilarak XGBoost modeline uygulanmistir. Tam modele
ait SHAP 6zellik 6nem siralamasi Tablo 16' da, kanal bazinda 6zet karsilastirma Tablo 17'de ve dort
farklt model varyanti arasindaki karsilagtirma Tablo 18'de sunulmaktadir. Siralamanin gorsel
dagilimi ayrica Sekil 2'de yer almaktadir.

Tablo 16. SHAP 06zellik 6nem siralamasi (tam model)

Siralama | OZ€MK SHAP Kanal | Yorum
ortalama
1 | garch vol last 0.668 GARCH | Piyasanin giincel siiphe seviyesi
2 | garch vol mean 0.452 GARCH | Ortalama belirsizlik
3 | garch vol max 0.448 GARCH | En siddetli piyasa tepkisi
4 | Leverage 0.403 Finansal | Bor¢lanma baskisi
5 | gunning fog 0.358 NLP Metin karmagikligi
6 | garch persistence 0.340 GARCH | Soklarin kaliciligt
7 | vol return_corr 0.308 GARCH | Ug risk 6l¢iisii
8 | garch vol 95 0.306 GARCH | Hedge kelime yogunlugu
9 | ESG Gap 0.300 NLP Karlilik
10 | ROA 0.295 Finansal | Belirsizlik dalgalanmasi
11 | garch vol std 0.293 GARCH | Sektdr hassasiyeti
12 | sector_sensitivity 0.273 Finansal | Olay siklig1
13 | garch spike count 0.270 GARCH | ClimateBERT skoru
14 | NLP_ GWL Score 0.253 NLP GWL proxy
15 | proxy gwl score 0.251 NLP Firma biiyiikligi

Turkish Studies — Economics, Finance, Politics 21(O1)



Financial Stress and Market Volatility in Machine Learning-Based Greenwashing.... 1619
16 | Ln Firm_Size 0.229 Finansal | Rejim gostergesi
17 | garch rolling vol 60d | 0.216 GARCH | Okunabilirlik
18 | flesch reading ease 0.200 NLP ESG duygu analizi
19 | finbert esg sentiment 0.135 NLP Normallestirilmis olay orani
20 | garch spike ratio 0.090 GARCH | Model uyum kalitesi
21 | hedge words count 0.011 NLP Ham hedge sayis1

SHAP analizinde en yiiksek 6neme sahip dort degiskenden iigliniin GARCH kanalindan
tiiremis olmasi, bu caligmanin temelini olusturan "piyasa siipheciligi" hipotezini ampirik olarak
dogrulamaktadir. Bununla birlikte, bu durum modelde tek kanala dayali bir bagimlilik riskini de
beraberinde getirmektedir. Ozellikle, literatiirde yesil aklamanin baslica motivasyonu olarak
gosterilen finansal baski hipotezini temsil eden Kaldirag (Leverage) ve Aktif Karliligi (ROA)
degiskenlerinin SHAP siralamasinda gorece smirli bir agirlik tasimasi dikkat cekicidir. Bu bulgu,
S&P 500 gibi biiyiik 6l¢ekli ve kurumsallagmis firmalarin greenwashing'i finansal bir son ¢are olarak
degil, stratejik bir konumlandirma araci olarak kullandigi tezini destekler niteliktedir.

SHAP Feature Importance - S&P 500 Greenwashing Risk (Fixed Labels)
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Sekil 2. SHAP 6zellik 6nem siralamasinin gorsel dagilimi

Table 17. SHAP kategori Ozeti

Kanal i1k 5'teki Ozellik i1k 13'teki Ozellik Toplam SHAP Katkisi
GARCH (Piyasa) 3/5 8/13 Baskin

NLP (Metin) 1/5 2/13 Tamamlayici

Finansal 1/5 3/13 Tamamlayici
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Tam modelde ilk bes Ozelligin tigli (garch vol last, garch vol mean, garch vol max)
GARCH kanalindan gelmekte; geriye kalan iki siray1 ise Leverage (finansal kanal) ve gunning_fog
(NLP kanal1) paylasmaktadir. {1k on ii¢ 6zellige genisletildiginde bu dagilim GARCH lehine daha da
belirginlesmekte; sekizi GARCH, {i¢ii finansal ve ikisi NLP kanalindan olugmaktadir. Bu oriintii,
piyasa tabanli volatilite sinyalinin genel agiklayicilikta 6ne ¢iktigini, finansal ve metinsel kanallarin
ise sinirl ancak diizenli bir katkiyla tamamlayici rol iistlendigini gostermektedir. S6z konusu SHAP
iistiinliigii, volatilitenin endojen bir belirleyici olabilecegi siiphesini dogurabilir; bu endise, ii¢
robustness testinden elde edilen bulgularla birlikte degerlendirildiginde kismen giderilmektedir: (i)
yalmizca GARCH o6zellikleriyle c¢alisgan modelin Average Precision metriginde %20,7 oraninda
gerilemesi, salt volatilite sinyalinin tek basina yeterli olmadigina isaret etmektedir; (ii)) GARCH
ozellikleri tamamen c¢ikarildiginda modelin héld islevsel kalmasi, NLP ve finansal kanallarin
bagimsiz bir agiklayici giice sahip olduguyla tutarhidir; (iii) gecikmeli (%70) volatilite 6zelliklerinin
tam modelin performansini gegmesi, iliskinin gecici/dongiisel degil, nispeten yapisal bir nitelik
tagidig1 yorumunu desteklemektedir.

Bu ii¢ bulgu bir arada, SHAP'te gbzlenen GARCH agirliginin yalnizca modelin veri isleme
sirasina veya eszamanliliga (contemporaneous iligkiye) bagli yapay bir artefakt olmadigini
gostermekte, ancak bu ii¢ testin higbiri tek basina kesin bir nedensellik kaniti sunmamaktadir. Bu
bulgular, Kriiger (2015)'in 6nerdigi "ESG endisesi — volatilite" yoniindeki teorik mekanizmayla
tutarli bir oriintii sergilemekte; ancak bu calismanin tasarimi nedensel bir iliskiyi test etmeye yonelik
olmadigindan, gozlenen ortiisme dogrudan bir nedensellik kaniti olarak degil, teorik beklentiyle
uyumlu bir gosterge olarak degerlendirilmelidir.

Table 18. Cross-model SHAP comparison

Model #1 Ozellik ik 5’ te GARCH
Tam Model garch_vol last (0.668) 3/5
T1: GARCH Yok Leverage (0.662) 0/5
T2: Sadece GARCH garch_vol last (0.798) 5/5
T3: Gecikmeli GARCH garch_rolling vol 60d (0.579) 4/ 5

Dort model varyanti arasindaki karsilastirma, modelin herhangi bir kanalin yoklugunda diger
kanallara uyum saglayabildigini géstermektedir. GARCH 6zellikleri tamamen ¢ikarildiginda (T1),
en belirleyici 6zellik konumuna Leverage (0.662) gecmekte; bu durum, piyasa sinyali mevcut
olmadiginda modelin finansal yap1 ve metin karmasiklifina dayanarak telafi ettigini
dogrulamaktadir. GARCH o6zelliklerinin gecikmeli (lagged) kullanildigi T3 konfigiirasyonunda ise
garch_rolling_vol 60d birinci siraya yiikselmekte; bu bulgu, 6nceki boliimde tartigilan 60 giinliik
rejim ortalamasinin anlik volatilite dl¢limiine kiyasla daha giivenilir bir sinyal tagidigi yorumunu
desteklemektedir. Bu esneklik, 6nerilen mimarinin tek bir bilgi kanalina asir1 bagimli olmadiginin
dolayl1 bir kanit1 olarak degerlendirilebilir.

Temel Tez: Piyasa Siiphesinin Yesil Aklama Tespitindeki Rolii

SHAP analizinden elde edilen bulgular, ¢alismanin temel yorumlama gergevesiyle tutarli bir
oriintii ortaya koymaktadir: yatirimeilarin firmalarin ESG beyanlarina duydugu giiven diizeyi, hisse
senedi volatilitesi araciliiyla dolayli olarak goézlemlenebilir bir sinyale doniigebilir. Bu ¢erceveye
gore, bir firma gevresel taahhiitlerini kamuya acikladiginda ancak piyasa katilimeilar1 bu beyani ikna
edici bulmadiginda, s6z konusu siiphenin fiyatlama davranigina ii¢ sekilde yansimasi beklenebilir:
hisse getirilerinin kosullu varyansinda (c?_t) bir artig, bu artisin zaman i¢inde kalicilik gostermesi ve
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periyodik volatilite soklarinin siklagmasi. Bu {iglii oriintii, yiiksek volatilite, yiiksek kalicilik ve sik
soklar, SHAP analizinde en giicli aciklayici sinyal olarak One g¢ikan garch vol last,
garch persistence ve garch_spike count degiskenleriyle ortiismektedir.

Bu yorumlama ¢ercevesinin bir nedensellik testi degil, gdzlemlenen SHAP oriintiisiiyle
tutarli bir teorik aciklama Onerisi oldugu vurgulanmalidir; volatilite artiginin dogrudan yatirimei
siiphesinden kaynaklandigia dair dogrudan bir nedensel test bu c¢alismanin kapsami disindadir.
Bununla birlikte, Test 2'de elde edilen sonuca gore, volatilite sinyali tek basina yeterli degildir;
yliksek volatilite bir¢ok alternatif nedenden (sektdrel dinamikler, firma biiyiikliigii, likidite kosullarr)
kaynaklanabileceginden, tek bagia kullanildiginda belirgin sayida yanls pozitif liretmektedir. Bu
nedenle, metin karmasiklig1 (gunning_fog) ve temkinli/muglak dil yogunlugu (ESG_Gap) gibi NLP
tabanli 6zellikler, cevresel kokenli slipheli volatiliteyi isletme faaliyetinden kaynaklanan olagan
volatiliteden ayirt etmek bakimindan tamamlayici ve gerekli bir islev gormektedir.

Tartisma

Bu ¢aligmanin bulgulari, ii¢ ana bashk altinda 6zetlenebilir. ilk olarak, gelistirilen model,
503 S&P 500 firmasin1 NLP, finansal ve GARCH kanallarindan tiiretilen 21 6zellik {izerinden yesil
aklama riskine gore siniflandirmakta ve egitim siirecinde hi¢ goriilmemis 101 firmalik bagimsiz test
setinde 0,704 ROC-AUC ile 0,756 Spearman siralama korelasyonuna ulagmaktadir. Bu diizeydeki
bir performans, kisitli sayida agiklayici degiskenle calisan finansal risk siniflandirma modelleri i¢in
bilgi tasiyict kabul edilen bir aralikta yer almakta ve 6zellikle siralama tutarliliginin yiiksek olmasi,
modelin portfdy tarama (screening) amacli kullanimlar i¢in pratik deger tasidigina isaret etmektedir.

Ikinci olarak, SHAP analizi, GARCH tabanli volatilite 6zelliklerinin — ozellikle
garch_vol_last degiskeninin (SHAP = 0.668) — modelin en giiclii agiklayici sinyali oldugunu ortaya
koymustur. Bu bulgu, yatinmcilarin bir firmanin ¢evresel beyanlarma duydugu giivensizligin,
dogrudan gozlemlenebilir olmasa da, hisse senedi getirilerinin kosullu varyansina yansiyabilecegi
yoniindeki teorik 6nermeyle uyumludur. Ancak bu iistiinliigiin tek bagina yeterli olmadigi, robustness
testleriyle ayrica smanmistir: yalnizca GARCH o6zellikleriyle ¢alisan model (Test 2), Average
Precision metriginde %20.7 oraninda bir diislis sergilemis; bu da piyasa volatilitesinin, ¢evresel
icerikten bagimsiz pek c¢ok nedenden (sektorel dinamikler, likidite kosullar1 vb.)
kaynaklanabilecegini ve tek bagina kullanildiginda belirgin sayida yanhs pozitif {rettigini
gostermistir. Bu noktada NLP kanalinin, metin karmasikligin1 6lgen gunning fog ve temkinli dil
kullanimin1 yakalayan ESG Gap degiskenlerinin, ¢evresel kokenli siipheli volatiliteyi isletme
faaliyetinden kaynaklanan olagan volatiliteden ayirt etmede tamamlayict bir islev {stlendigi
goriilmektedir.

Uciincii olarak, GARCH 6zelliklerinin tamamen ¢ikarildig1 ablasyon testinde (Test 1)
modelin performansinin yalnizca sinirh 6lgiide gerilemesi (ROC-AUC: —0.012 puan), kalan NLP ve
finansal 6zelliklerin tek basina da makul bir ayristirma giicline sahip oldugunu gostermektedir. Bu
iic bulgu bir arada degerlendirildiginde, calismanin temel tezi dogrulanmaktadir: yesil aklama
riskinin giivenilir bicimde tespit edilebilmesi, ne yalnizca firmanin sdylemine (NLP), ne yalnizca
finansal yapisina, ne de yalnizca piyasanin tepkisine (GARCH) dayanan tekil bir yaklagimla degil,
bu {i¢ bilgi kanalinin birbirini tamamlayici bigimde kullanilmasiyla miimkiin olmaktadir.

Modelin akademik ve pratik agidan giivenilir kabul edilebilmesi i¢in, tahmin performansinin
Otesinde veri bitiinliigli, aciklanabilirlik ve dayaniklilik boyutlarmin da degerlendirilmesi
gerekmektedir. Bu ¢alismada gelistirilen model alt1 temel agidan sinanmuigtir.

Modelin ¢ok kaynakli yapisi, NLP, finansal ve GARCH kanallarindan elde edilen 21
0zelligin tek bir matriste birlestirilmesiyle saglanmistir. Ag¢iklanabilirligi, TreeExplainer araciligiyla
hesaplanan SHAP degerleriyle desteklenmis; analiz, garch vol last, garch vol mean ve
garch_vol max degiskenlerinin en yiliksek katkiya sahip ilk ti¢ 6zellik oldugunu, Leverage ve
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gunning_fog degiskenlerinin ise finansal ve metinsel kanallar1 ilk beslikte temsil ettigini ortaya
koymustur.

Veri sizintist riskine karsi iki 6nlem alimmistir: bagimli degisken, model girdilerinden
dogrudan tiiretilmek yerine Orneklem dagiliminin 75. yiizdelik dilimine dayali dinamik bir
esiklemeyle olusturulmus; GARCH ozellikleri ise yalnizca tahmin noktasindan onceki tarihsel
getirilerle hesaplanmistir. Bu varsayim, getiri ge¢cmisinin yalnizca ilk %70' kullanilarak yapilan
gecikmeli bir yeniden tahmin testiyle (Test 3) ayrica sinanmis; modelin performansinin azalmak
yerine artmasi (ROC-AUC: 0.704 karsisinda 0.653), sinyalin ileriye doniik bilgiyle sisirilmedigine
dair olumlu bir gdsterge olarak degerlendirilmistir.

Modelin dayaniklili1, ayn1 sabit hiperparametreler altinda yiiriitiilen {i¢ ayr1 testle (ablasyon,
izolasyon, gecikmeli yeniden tahmin) sitnanmis; bu testler, hicbir tekil kanalin performansi tek bagina
belirlemedigini dogrulamistir. Asirt 6grenme riskinin bertaraf edildigi, modelin hi¢ gérmedigi 101
firmalik held-out test setindeki performansiyla ortaya konmustur. Son olarak, modelin piyasa
duyarliligi, GARCH (1,1) tabanl 6zelliklerin SHAP siralamasinda baskin konumda yer almasiyla
(ilk bes 6zelligin {igl, ilk on li¢ 6zelligin sekizi) desteklenmektedir.

Sonug¢

Bu calisma, S&P 500 kapsamindaki 503 firmayi, dogal dil isleme, finansal gostergeler ve
GARCH (1,1) tabanli piyasa volatilitesi olmak iizere ii¢ bagimsiz bilgi kanalindan tiiretilen 21 6zellik
araciligryla yesil aklama riskine gore siniflandiran bir XGBoost modeli gelistirmistir. Model, hig¢
gorlilmemis 101 firmalik bagimsiz test setinde 0.704 ROC-AUC ve 0.756 Spearman siralama
korelasyonuna ulasmig; bu performans, ii¢ ayr1 robustness testiyle ve gecikmeli GARCH
ozellikleriyle yiiriitiilen veri sizintis1 karsitt dogrulamayla desteklenmistir.

Bulgular, piyasa tabanli volatilite sinyalinin modelin en gii¢lii agiklayici bileseni oldugunu,
ancak bu sinyalin tek basina yeterli olmadigin1 géstermektedir; NLP ve finansal kanallar, 6zellikle
karar esigindeki hassasiyeti artirarak tamamlayici bir rol {istlenmektedir. Bu bulgu, yesil aklama
tespitinde tekil bir veri kaynagina dayanan yaklasimlarin yerine, firmanin sdylemi, yapist ve
piyasanin bu sdyleme verdigi tepkiyi biitiinlesik bigimde degerlendiren ¢ok kanalli mimarilerin daha
giivenilir sonuglar iiretebilecegine isaret etmektedir.

Bu calisma, yesil aklama tespiti literatiiriine iki temel katki sunmaktadir. ilk olarak, zaman
serisi volatilite dinamiklerinin, firma diizeyinde kesitsel 6zellikler biciminde bir ESG giivenilirlik
siniflandiricisina entegre edilmesi bakimindan, bildigimiz kadariyla bu ydnde bir ilk teskil
etmektedir; bu entegrasyonun teorik temeli, ESG otantikligine iligkin heterojen yatirimci inanglarinin
kosullu varyans bigiminde piyasaya yansidigi yoniindeki onermelerle (Kriiger, 2015; Pastor vd.,
2021) ortiismekte ve bu entegrasyon, ¢alismada uygulanan ablasyon testleriyle ampirik olarak da
dogrulanmistir. Ikinci olarak, bu testler araciligiyla ii¢c kanalin (NLP, finansal, piyasa) hicbirinin tek
basina yeterli olmadigi, ancak birlikte sinerjik bir sonug iirettigi gosterilmistir; 6zellikle volatilitenin
siralama performansi (AUC) agisindan, NLP'nin ise hassasiyet (precision) agisindan belirleyici
oldugu bulgusu, ¢ok kaynakli ESG analizine yonelik 6zgiin bir perspektif sunmaktadir.

Simirhliklar ve Gelecek Calismalar

Bu c¢alisma ampirik literatiire katki saglamakla birlikte, bazi metodolojik sinirliliklar
barindirmaktadir: Ilk olarak, hedef degiskenin temelini olusturan ISS Governance QualityScore
verisi, Berg, Kolbel ve Rigobon'un (2022) belgeledigi ESG derecelendirme ayrismasi (rating
divergence) olgusu 1s18inda degerlendirilmelidir. Farkli derecelendirme kuruluslarinin (ISS, MSCI,
Refinitiv) ayni firma i¢in sistematik olarak farkli risk puanlari liretebildigi bilinmektedir; calismanin
bagimli degiskeni tek bir veri saglayicisina (ISS) dayanmasi, bu 6l¢iim hatasi riskini tagimaktadir.
Bununla baglantili olarak, ISS Governance QualityScore, yesil aklamanin dogrudan bir 6l¢iisii degil,
dolayl1 bir gdstergesidir (proxy); greenwashing kavrami tanimi geregi yiiksek kurumsal risk ile diisiik
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seffafligin (obfuscation) kesisiminde ortaya ciktigindan (Lyon & Maxwell, 2011), bu c¢alisma
yonetigim risk skorunu bu kesisimin yalnizca bir boyutu olarak ele almakta ve bunu NLP kaynakl
metinsel seffaflik metrikleriyle (Fog Index, Hedge Words) tamamlamaktadir. Dogrulanmis
greenwashing vaka veritabanlariyla (SEC incelemeleri, iklim davalari) yapilacak gelecek caligsmalar
bu kavramsal gecerliligi giiclendirecektir.

Ikinci olarak, NLP kanali, gercek siirdiiriilebilirlik raporlar1 (CSR, CDP, GRI, TCFD) yerine
yfinance iizerinden erisilen sirket agiklama metinlerini proxy olarak kullanmaktadir. Bu tercih, metin
tabanli sinyallerin bilgi igerigini sinirlandirmakla birlikte, bulgularin metodolojik ¢cerceve (GARCH
entegrasyonu, robustness dogrulamasi) acisindan gecerliligini etkilememektedir; gercek CSR
raporlartyla yiiriitiilecek gelecek ¢aligmalarin NLP kanalinin katkisini artirmasi beklenmektedir.

Ucgiincii olarak, GICS sektor hassasiyet agirliklarmin (sector_sensitivity) belirlenmesinde
kullanilan 0-1 arasi degerler, karbon ayak izi ve diizenleyici maruziyet gibi somut Olgiitlere
dayanmakla birlikte, kismen yargisal (heuristic) bir nitelik tagimaktadir.

Dordiincti olarak, ¢aligma kesitsel (cross-sectional) bir tasarima sahiptir ve tek bir zaman
dilimine (2023-2024) dayanmaktadir. Panel veri yapisinin ve dénemsel olarak giincellenen (rolling)
GARCH pencerelerinin  kullanilmasi, modelin farkli piyasa rejimlerindeki performansinin
degerlendirilmesine imkan taniyacaktir. Bununla baglantili olarak, érneklemin yalnizca S&P 500
firmalariyla sinirli olmasi, bulgularin biiyiik o6lgekli ve kurumsallasmis halka agik firmalar
baglaminda gegerli oldugunu; daha kiiclik 6l¢ekli, halka agik olmayan veya farkli diizenleyici
cercevelere tabi (6rn. gelismekte olan piyasa) firmalara genellenmesinin ihtiyatla degerlendirilmesi
gerektigini gostermektedir. Bu firma gruplarinda yapilacak replikasyon caligmalari, modelin
genellenebilirligini test edecektir.

Piyasa volatilitesi ile yOnetisim riski eszamanlh kesitte 6l¢iildiigii i¢in, degiskenler arasi
endojenite (garch_vol last) tam anlamiyla diglanamaz. Uygulanan gecikmeli (lagged) 6zellik testleri
ongoriisel veri sizintisint engellese de, gelecekteki galigmalarin Granger-Nedensellik (Granger-
causality) veya Ara¢ Degisken (Instrumental Variable - IV) modelleri kullanarak bu geri-besleme
dongiisiinii daha kesin izole etmesi gerekmektedir.

Son olarak, bu ¢aligsma 6ngdriicii (predictive) bir modelleme ¢alismasi olup nedensel ¢ikarim
(causal inference) iddias1 tasimamaktadir. GARCH volatilitesi ile ESG riski arasinda gozlenen iligki
korelasyonel olarak degerlendirilmeli; bu iligskinin nedensel niteligi, gelecekte ara¢ degisken
(instrumental variable) veya dogal deney tasarimlarina dayali c¢alismalarla ayrica sinanmalidir.
Ayrica Hedef degisken olarak yalnizca ISS Governance QualityScore kullanilmistir. Literatiirde
kabul goren "derecelendirme ayrismasi” olgusu geregi (Berg vd., 2022), gelecek arastirmalarin
model duyarliligimi Sustainalytics, MSCI veya Refinitiv gibi alternatif saglayicilarla capraz
dogrulama (cross-provider validation) testlerine tabi tutmasi onerilmektedir. Bir diger husus ise
dlgeklenebilirlik adina sirket 6zet metinleri proxy olarak kullanilmistir. ileriki ¢alismalarda gergek
CSR, CDP veya TCFD raporlarinin tam metin analizi ile bir pilot uygulama yapilmasi, modelin
mekanizmasini daha da somutlastiracaktir.
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