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ABSTRACT 

            This paper introduces an advanced investment strategy for the equity markets, 

combining a proprietary financial stress index with sentiment analysis conducted using 

FinBERT, a Bidirectional encoder representation from the Transformers model adapted 

specifically for financial contexts in deep learning. We analyze sentiments on financial news 

from HuffPost from 2012 to 2024. Integrating these sentiment analyses into our investment 

strategy via stress indices significantly improves market forecast accuracy and portfolio 

performance, achieving higher ratios, and reducing maximum drawdowns compared to 

conventional strategies. This paper highlights the power of combining advanced machine 

learning models with extensive financial news data to develop a dynamic trading strategy 

adaptable across various equity markets. The improved performance is consistent across the 

NASDAQ, the S&P 500, and the MSCI Global Investment index, indicating that the method 

generalizes for forecasting and portfolio optimization. 

Keywords: Sentiment Analysis, Financial Bidirectional encoders for representation of 

Transformers, Equity Markets, Market Stress Indicator, Investment Strategy, HuffPost.  

INTRODUCTION 

There are volatilities and complexities in a stock market driven by several factors that 

can cause rapid fluctuations in the market. These complexities are caused by several 

economic indicators, market volatility, geopolitical events, technology developments, legal 

environments, investor behavior, global links, and data overload (Singh, 2010; Chen, 2021). 

Traditional investment strategies often depend predominantly on past financial data and 

macroeconomic indicators and are gradually becoming less effective in this increasingly 

dynamic landscape (Fischer & Merton, 1984). As a result, the need for sophisticated 

predictive models that can manage the complexity and volatility of financial markets is 

higher than ever (Farmer et al., 2012). There are several ways of dealing with financial 

market intricacies, including fundamental analysis, technical analysis, and quantitative 

modeling. Sentiment analysis is distinct because it can capture market sentiment and investor 

attitudes in real-time. When integrated with financial stress indices, it improves market 

prediction, improves risk management, effectively mitigates portfolio risks, and offers a 

forward-looking paradigm for guiding stock market strategies (Singh and Bhowal, 2010; 

Singh and Bhowal, 2011; Huang et al., 2023). To better grasp market sentiment, models must 

go beyond quantitative variables and encompass qualitative variables like public and 



  

investment sentiment. Qualitative data are required because they quantify emotional and 

psychological measures and give us real-time information that cannot be quantified by using 

quantitative data (Akter et al., 2019). 

            Sentiment analysis is effective because it enables us to quantify investor sentiment 

and public opinion, which are the primary drivers of market volatility (Pang & Lee, 2008). 

Financial news sentiment analysis offers real-time market trends rather than social media 

sentiment, which fails to reflect accurate market behavior (Khan et al., 2024). A financial 

stress index is a composite indicator that measures systemic risk by summing different 

financial market indicators, including interest rate spreads, exchange rates, and stock market 

returns (Hollo et al., 2012). This index helps predict economic uncertainty and enhance 

financial decision-making. Recent studies underscore sentiment analysis as a crucial area in 

the financial market. A concrete example is a survey carried out by JP Morgan and Queen's 

University in which the authors proved that the FinBERT model outperforms the ChatGPT 

model and several other models for financial sentiment analysis (Li et al., 2023). 

            This paper underscores the requirement for domain-specific models like FinBERT to 

fine-tune financial language and obtain more precise sentiment readings of financial news 

and reports. Certainly, the present study supports a broader trend of literature that suggests 

the value of specialized models toward enhancing the accuracy of market sentiment analysis 

(Hollo et al., 2012; Pang & Lee, 2008). Such models are combined with a financial stress 

index, which combines numerous financial indicators, such as exchange rates, stock market 

returns, and interest rate spreads, to measure systemic risk. This offers portfolio management 

strategies, improving predictability and modeling of future markets. 

            This paper aims to improve market forecasting through the integration of sentiment 

analysis and financial stress indices. This is due to the failure of the conventional model to 

capture real-time market sentiment and perceptions effectively (Singh and Bhattacharjee, 

2019). We collected and pre-processed data on financial news articles from HuffPost for a 

period of twelve years (2012-2024). Since its inception, HuffPost Financial News has been a 

superhighway of information on the financial market, providing relevant and 

contemporaneous information. With a vast reach and audience impact, HuffPost is a 

significant financial news source. This twelve-year dataset was chosen as it captures an entire 

economic cycle, ensuring a strong basis for sentiment analysis. This research study aims to 

develop an advanced investment strategy leveraging sentiment analysis on financial news and 

financial stress index for better market prediction and portfolio management. FinBERT is a 

machine-learning model that can process and analyze the sentiment of the sentiment-laden 

news data collected (Costola et al., 2023). FinBERT was selected for the study because it is 

superior in understanding and interpreting financial text than other models (Liu et al., 2020). 

whereas other models, including Bidirectional encoder representations from transformers, 

LSTM, and Generative Pretrained Transformer 3 (GPT-3), among others, FinBERT is more 

accurate and efficient, trained explicitly for financial language  

tasks (Bharathi Mohan et al., 2024). A financial stress index that considers macroeconomic 

variables, credit spreads, liquidity ratios, and volatility indices has been constructed 

(MacDonald et al., 2018). Sentiment data and the financial stress index are integrated into a 

single investment strategy (Hollo et al., 2012). Experiments have been conducted to ascertain 

how effective this combined approach is for predicting stock market movement and 

managing portfolio performance (Huang et al., 2005). Integration of financial stress indices 

with sentiment analysis forms the unique contribution of this study to the literature. The new 

market prediction approach could improve investment decision-making processes and risk 

management practices (Jin et al., 2020). The findings have significant implications for 

investors, portfolio managers, and financial analysts seeking to improve their market 

strategies in a more uncertain and complicated financial landscape (Zahra, 1996). This study 
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illustrates the effectiveness of integrating sentiment analysis with financial stress indices to 

develop a dynamic and adaptive trading strategy. By extensive experimentation and analysis, 

this research offers pragmatic insights into the combined approach to enhancing market 

forecasting accuracy and achieving superior risk-adjusted returns (Deep, 2024). This research 

addresses the following key questions: 

1. How can sentiment analysis from financial news enhance traditional investment strategies? 

2. How does incorporating a financial stress index impact market prediction accuracy? 

3. Can the combined use of sentiment analysis and stress indices provide better risk-adjusted returns? 

LITERATURE REVIEW 

Combining sentiment analysis with financial stress indices has gained considerable 

interest in the recent years because of its ability to optimize stock market strategies (Kamal et 

al., 2022). Extensive text analysis, together with a financial stress index, provides a more 

precise identification of systemic risk, enhances market sentiment assessment, improves 

knowledge about market dynamics El-Hajj et al., (2019), and helps create smart investment 

strategies that can change with market movements (Moore & Manring, 2009). A financial 

stress index integrates more than one measure for various financial market indicators to show 

the financial system's stress level (Ishrakieh et al., 2020). An index is mostly for measuring 

systemic risk and predicting the possible financial crisis through the movement of interest 

rate spreads, the performance of stock markets, and others (Rossi, 2021). As a financial text 

mining algorithm, FinBERT is one of the best Sentiment Analysis methods for applying 

sentiment evaluation in financial contexts (Arslan et al., 2021; Huang et al., 2023). Analyzing 

extensive text data and using financial stress indices to ascertain systemic risk enhances 

market sentiment assessment, and this integration has improved our understanding of market 

dynamics. 

In addition, Hugging Face, the open-source NLP library, offers advanced tools and 

models for different NLP tasks (Wolf et al., 2020). Among different Hugging Face pre-

trained models, BERT, GPT-3, and FinBERT are prominently used for sentiment analysis, 

text classification, and general language generation tasks (Leippold, 2023). It is very 

effective in handling big data and proper preprocessing and analysis of data (Yang et al., 

2024).  The literature review will cover FinBERT for sentiment analysis, utilizing financial 

stress indices and data-gathering methods with Hugging Face models. 

FinBERT for Sentiment Analysis 

            Recent studies well prove the effectiveness of FinBERT in financial text analysis, 

particularly in capturing subtle sentiments in financial news. A recent study by JP Morgan in 

association with Queen's University established the fact that FinBERT is far better than the 

ChatGPT model and some other models found in the financial domain and thus preferred for 

the sentiment analysis used in the financial markets. Such a feature made FinBERT one of the 

power tools for making predictions in the market and presents much more authentic, 

contextual information. According to Yang et al. (2020), FinBERT is efficient at extracting 

subtle sentiments for predicting market movements. (Sharma et al., 2024) underscored that 

the model is more accurate than traditional methods when it comes to sentiment classification 

and has implications for the application of accurate sentiment assessment. In addition, (Shen 

& Zhang, 2024) demonstrated FinBERT’s real-time financial news analysis and potential to 

deal with vast datasets and offer real-time market sentiment insights.  



  

Financial Stress Indices 

Bianco et al. (2011) provide a robust methodology for building a financial stress 

index, combining heterogeneous market indicators to measure systemic risk. It is a valuable 

instrument for the monitoring of financial stability. The financial stress index presented by 

Cevik et al. (2013) has been developed specifically for emerging markets. The authors further 

analyze the component structure of the proposed index and the index's forecasting 

proficiency with regard to identifying financial crises. Their work highlights the essential 

need for tailored indices, depending upon variations in market conditions (Singh et al., 2024). 

Duprey et al. (2017) further demonstrated the applicability of financial stress indices in 

predicting financial stability crises, thus proving their position in prospective risk 

management. 

Data Collection Methodologies Using Hugging Face Models 

Wolf et al. (2020) discuss the Hugging Face model repositories by focusing on model 

adaptation towards large datasets and applications in data collection and preprocessing 

involving NLP tasks. Loshchilov and Hutter (2019) propose methods that assist training 

models. Brown et al. (2020) talks about large language models like GPT-3 that may be used 

in data collection and sentiment analysis. Devlin et al. (2019) introduce the model FinBERT, 

explaining one primary preprocessing step of data and methodologies that relate to our 

research. 

The method of using sentiment analysis with FinBERT and financial stress indices 

appears to be a promising approach for improving stock market strategies Fatouros et al., 

(2023), while individual works of Sentiment analysis studies using FinBERT; financial stress 

indices and data collection with Hugging Face Models can be found individually, very few 

research exist addressing all three. The present study attempts to bridge this gap. These 

methods provide a general overview of market dynamics and an informed investment strategy 

(Argyres et al., 2020). By implementing advanced NLP models and robust financial indices, 

this study will enhance the body of knowledge related to the realm of finance with regard to 

the application of sentiment analysis and financial stress indices (Hansen & Borch, 2022). 

RESEARCH METHODOLOGY 

We applied Natural Language Processing with FinBERT on financial news from 

HuffPost spanning ten years, extracting sentiment data that reflects market moods and trends 

(Almalis et al., 2022). We have chosen DOW Jones because it is the index that is a global 

leader in its sector, and the world stock markets are influenced by its strong fundamentals and 

impact globally (Agarwal et al., 2024). Additionally, we constructed a financial stress index 

using various market indicators such as volatility indices, credit spreads, liquidity ratios, and 

macroeconomic indicators (Oet et al., 2015). These were standardized and integrated into a 

robust measure of market stress. The stress index, when merged with sentiment data, enabled 

more accurate and dynamic investment strategies to be developed (Liang et al., 2023). To test 

the strategies, experiments were conducted by measuring them against some key financial 

metrics, such as the Sharpe ratio, maximum drawdown, and cumulative returns, as proposed 

by Choi (2021). The goal is to improve market forecasting and enhance portfolio 

management.  

 

 

Data Collection 
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            We gathered a comprehensive dataset of financial news articles from HuffPost, 

covering from 2012 to 2022, sourced from Kaggle. Initially in JSON format, the same dataset 

included key information such as headlines, dates, categories, and authors and represented 

valuable data in market sentiment views. It covered the time over a decade, capturing all 

diverse kinds of market conditions and events. 

Data Preprocessing 

            We prepared the dataset by converting the JSON data to CSV for easy manipulation, 

removed irrelevant or duplicate articles, corrected inconsistencies, and handled missing 

values. Then, we segmented the data into year-wise subsets for a time-series analysis of 

market trends. 

Data Integration 

            We combined sentiment analysis employing FinBERT with a financial stress index 

for enhancing stock market strategies. Financial news sentiment scores provided valuable 

insights regarding market sentiment, while the stress index, derived from measures of 

volatility, credit spreads levels, liquidity ratios, and macroeconomic variables, evaluated 

general market stress levels. Through the combination of these factors, we established a solid 

framework for adaptive investment strategies. These strategies were exhaustively validated 

with significant financial metrics, including maximum drawdown, cumulative returns, and 

the Sharpe ratio, hence ensuring improved market prediction and effective portfolio 

management. 

Experiments and Stress Index Analysis 

The components of this index are:  
1. Volatility Indices: These indices indicate market expectations of short-term volatility, as informed by stock 

index option prices; high volatility indicates more significant levels of uncertainty and risk (Li, 2022).  

2. Credit Spreads: The measurement of credit spreads is a differential yield calculated from different types of 

bonds, generally between government and corporate bonds (Chen et al., 2007). A rising credit spread means 

that investors demand higher returns for taking an additional risk, which implies some stress in the credit 

markets (Cesa-Bianchi & Sokol, 2022). 

3. Liquidity Ratios: Liquidity ratios measure the ability of the market to trade assets without causing 

significant price fluctuations. High liquidity indicates a healthy market with easy asset trading, whereas low 

liquidity could indicate stress and potential market instability (Arsyad et al., 2021). 

4. Macroeconomic Indicators: These indicators are in the form of GDP growth rates, unemployment rates, and 

inflation rates (Agu et al., 2022). Whenever these indicators experience abnormal deviations from their 

normal levels, stress in the economy is witnessed (Cevik et al., 2013).     

All these components constitute a well-rounded view of financial stress. All these 

components are standardized using z-scores to standardize across different scales and 

periods. Then, we combined the standardized measures to create a robust and comprehensive 

financial stress index that can adequately measure the market and provide advance warnings 

of possible crises by applying the Z-scoring technique to make indices. 

            In integrating dynamic SI + News, Z-scoring is adopted to standardize various 

components of the financial stress index. This helps compare different variables on different 

scales and ensures consistency and comparability over time. The formula for calculating the 

Z-score is: 

 X
Z Score






                                                                 (1) 



  

Where: 

X = Value of the component 

μ = Mean (average) of the component 

σ = Standard deviation of the component 

Applying Z-scores standardizes each component of the financial stress index, such as 

volatility, credit spreads, and liquidity ratios. The standardized components can then be 

compiled into a single comprehensive financial stress index, which is used together with 

sentiment scores obtained from financial news. This integration method (Dynamic SI+News) 

ensures that the data used for the decision-making is comparable, no matter from which scale 

the different components originated. 

Integration as Sentiment-Stress Synergy Model. 

            We have introduced "Sentiment-Stress Synergy Model" which has been given the 

merit of alternating strategy-one depending upon financial stress index (SI) with another 

based upon the stress index combined with news sentiment analysis (SI+News). such a 

dynamic switch allows the model to optimize investment decisions under the different market 

conditions, using news sentiments when it improves performance. The combination of 

sentiment data and the stress index helps in much better comprehension of market behaviour, 

especially during extreme volatility or crises.  

            The strategy alternation is controlled by a mechanism that uses performance 

evaluation based on the Sharpe ratio, calculated over a 250-day rolling window analogous to 

an annual observation period. The mechanism switched the strategy to the one with the 

higher Sharpe ratio for the following month. empirical tests at hand reveal that, depending on 

the market context, the SI+News approach underwent strong outperformance and 

underperformance with respect to the SI-only approach, especially during crises. For 

instance, in December 2022, the SI+News strategy, which had a Sharpe ratio of 0.9, 

outranked the SI-only strategy with a Sharpe ratio of 0.4. Hence, in the following months, 

they opted for the combined strategy, which produced superior risk-adjusted returns. This 

choice dynamic allows for a strategy to evolve with the changing market environment, 

providing better portfolio management through the integration of financial stress and 

sentiment information. Our study aims to provide a general model for predicting the market 

and formulating an investment strategy through such detailed integration of sentiment 

analysis with financial stress indices. This complements the understanding of market 

dynamics and provides practical risk management and return optimization tools to investors. 

Experimental Setup 

            The experiment was conducted using Google Colab. The experiments aimed to test 

the notion that stock market fluctuations may be predicted more accurately by combining 

sentiment data from HuffPost financial news with conventional financial stress indicators. 

We processed and classified sentiment from the gathered HuffPost data using FinBERT, a 

model designed especially for financial sentiment analysis Figure 1. 
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FIGURE 1 

MODEL COMPARISON WITH FIN-BERT 

Construction of the Composite Stress Index 

            The composite stress index was created by allocating weights to the different 

components based on their predictive usefulness and influence on market dynamics. These 

weights were calibrated using a combination of correlation analysis and backtesting, with an 

emphasis on their historical association with market rallies and declines. The resulting index 

proved to be a robust measure of market stress, which could then be used in conjunction with 

sentiment data for further empirical analysis. The Sharpe and Calmar ratios have been 

selected for backtesting of the financial strategies, as these ratios are best suited for assessing 

risk-adjusted returns and drawdown management. While the Sharpe ratio reflects return in 

relation to risk and is an excellent tool for determining a strategy's effectiveness concerning 

volatility, the Calmar ratio indicates how resilient a strategy is to severe losses. It measures 

the relationship between maximum drawdowns and annualized returns, which are widely 

known in financial analysis, to weigh risk exposure and the best possible returns. 

Experiment Design 

            In this study, we explore the ability of the news signals to predict by comparing six 

different strategies across three major markets: NASDAQ, S&P 500, and MSCI Global 

Investment Index. This study seeks to determine whether the use of sentiment-driven signals 

improves performance in comparison to standard financial indicators. The six strategies that 

were tested are the following: The long-only strategy (Benchmark), as its name implies, is the 

baseline by assuming that it places a long position in the markets without considering any 

kind of sentiment or stress signals. Thus, this works as the yardstick against which the other 

strategies' efficiency will be gauged. Secondly, the VIX-based strategy with the weight 

assigned according to the VIX index indicates periods of market stress whenever the VIX 

level exceeds its 80th percentile historically at approximately 26%. The Stress Index (SI) 

strategy relies solely on weightings as defined by the financial stress index, which reflects the 

stress and volatility of the economy. 



  

            The fourth strategy, News, assigns weights based on the sentiment underlying 

financial news, which allows for the consideration of qualitative market mood in the analysis. 

The fifth strategy, SI + News, couples the Stress Index and news sentiment by multiplying 

the two signals together. This integrated approach makes use of quantitative and qualitative 

factors for a more balanced decision (Pandey et al, 2024; Pandey et al, 2025). Finally, the 

Dynamic SI + News strategy involves dynamically the Stress Index itself and the 

combination of Stress Index and News Sentiment whichever performs better in the preceding 

period. The choice is made based on the Sharpe ratio over a rolling period for optimal 

performance. To draw an overall comparative picture of performance among these strategies 

in the three markets, 18 experiments were run. The MSCI Global Investment Index is broad 

and international; it allows an evaluation of effectiveness for the global equity market. 

Important financial metrics involved in the assessment of performance are the Sharpe ratio 

and the Calmar ratio; they give us information about how risk-adjusted the returns, as well as 

about the ability to manage market decline.  

RESULTS 

            This section compares the performance of four different strategies using a few 

important financial variables, including the Sharpe ratio, Calmar ratio, annualized volatility 

(Vol), maximum drawdown (Max DD), and turnover rate. 

4.1. Comparative Analysis of Investment Strategies 

            The strategy's performance under various conditions is shown in the tables below. The 

Sharpe ratio evaluates the risk-adjusted return of a strategy, calculated by dividing the excess 

return by annualized volatility. The formula is: 

 E Ra Rf
SharpeRatio

a


                                                                                   (2) 

A higher Sharpe ratio indicates better risk-adjusted performance, with values above 1 

considered good. 

The Calmar ratio focuses on the relationship between annualized returns and 

maximum drawdown, which measures the largest peak-to-trough decline in a portfolio. It is 

calculated using the formula: 

 

                                                                             (3)   

 
A higher Calmar ratio signals better downside risk management. 

To keep column names concise in tables, we denote Sharpe for the Sharpe ratio, 

Calmar for the Calmar ratio, Vol for annualized volatility, and Max DD for maximum 

drawdowns.   

 
Table 1 

STRESS INDEX PERFORMANCE AS THE BASELINE STRATEGY 

Strategy Sharpe Calmar Vol Max DD Turnovers 

SI (baseline) 0.68 0.49 8.2% 12% 7.5 

        

The baseline strategy, namely the Stress Index (SI), is highlighted in the table 1. It 

provides a Sharpe ratio of 0.68 and a Calmar ratio of 0.49, with annualized volatility at 8.2% 

and a maximum drawdown of 12%. A turnover rate 7.5 indicates that it is a relatively non-

aggressive approach, with fewer trades executed over time. The baseline provides moderate 

risk-adjusted returns and is compared against the other strategies in the study.  

ReAnnualized turn
CalmarRatio

Maximumdrawdown

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Table 2 

COMPARATIVE ANALYSIS FOR THE DOW JONES 

Strategy Sharpe Calmar Vol Max DD Turnover 

SI (baseline) 0.68 0.49 8.2% 12% 7.5 

SI+News 

(Sentiment-Only) 

0.50 0.28 6.5% 13% 13.2 

DynamicSI+News 

(Combined) 

0.78 0.53 7.8% 10% 8.9 

 

Table 2 compares the SI baseline, SI+News (Sentiment-Only), and Dynamic 

SI+News (Combined) strategies for the Dow Jones. The SI+News strategy, driven by 

sentiment data, shows a Sharpe ratio of 0.50 and a Calmar ratio of 0.28, reflecting its lower 

effectiveness relative to the baseline. It also exhibited a higher turnover rate of 13.2, 

reflecting more active trading driven by news sentiment, but this did not translate into 

improved performance. On the other hand, the strategy Dynamic SI+News (Combined) 

produced more excellent results with a Sharpe ratio of 0.78 and a Calmar ratio of 0.53. This 

strategy also displayed lower volatility at 7.8% and a reduced maximum drawdown of 10%. 

The turnover rate of 8.9 suggests a balance between active and passive trading, offering better 

risk-adjusted returns than the SI+News strategy. 

 
Table 3 

STRESS INDEX ANALYSIS IN BROADER MARKET CONDITIONS 

Strategy Sharpe Calmar Vol Max DD Turnover 

SI (baseline) 0.76 0.49 9.2% 18% 6.9 

SI+News (Sentiment-

Only) 

0.55 0.34 7.1% 11% 12.7 

Dynamic SI+News 

(Combined) 

0.81 0.57 8.6% 14% 7.4 

            The analysis in Table 3 extends to the MSCI Global Investment Index, which displays 

the versatility of the Dynamic SI+News (Combined) strategy. The strategy had a Sharpe ratio 

of 0.81 and a Calmar ratio of 0.57, with lower volatility at 8.6% and a maximum drawdown 

of 14%. The turnover rate of 7.4 reflects moderate trading activity, indicating that this 

strategy adapts well to global market environments, providing superior risk management and 

returns. 

Table 4 

COMPARATIVE ANALYSIS OF MAJOR MARKET STRATEGIES 

Strategy Sharpe Calmar Vol Max DD Turnover 

Dynamic SI+News 

(Combined) 

0.81 0.57 8.6% 14% 7.4 

SI (baseline) 0.76 0.49 9.2% 18% 6.9 

SI+News 

(Sentiment-Only) 

0.55 0.34 7.1% 11% 12.7 

             Table 4 examines the three strategies across leading equity markets, further evidence 

that Dynamic SI+News is strongly ahead of the competition. With the Sharpe ratio standing 

at 0.81 and the Calmar ratio at 0.57, the strategy maintains its relative lead over SI (baseline) 

at Sharpe and Calmar levels of 0.76 and 0.49, respectively. Furthermore, the SI+News 

strategy also lagged with a Sharpe ratio of 0.55 and a Calmar ratio of 0.34. The Dynamic 

SI+News strategy also managed a lower maximum drawdown of 14% and moderate turnover 

of 7.4, confirming its strength in managing risk and return in diverse market conditions. 



  

Validation and Testing 

            We validated our findings by running a series of validation tests, including worst-case 

stress tests, sensitivity analyses, and out-of-sample testing. These tests were designed to 

check the adaptability and resilience of the strategies under different market environments. 

The strategies were tested over a decade-long period, from January 2012 to January 2022, 

encompassing different market conditions. Our comparative analysis, as presented in Tables 

2, 3, and 4, highlights the performance consistency of the different investment strategies 

when applied to the Dow Jones Industrial Average, as we have chosen this because it is the 

least researched index. Notably, the Dynamic SI+News strategy, which is the sentiment-only 

strategy, was analyzed as per our FinBERT model. Consistently demonstrated superior 

performance in Sharpe and Calmar ratios, indicating better risk-adjusted returns and effective 

drawdown management. This underscores the strategy's ability to navigate complex market 

dynamics while optimizing portfolio performance. In more detail, for the Dow Jones (Table 

2), the Dynamic SI+News strategy achieves not only the highest Sharpe ratio (0.78) but also 

the highest Calmar ratio (0.53). This improvement in the Sharpe ratio is significant compared 

to the benchmark strategy (SI: Baseline), which only achieves a Sharpe ratio of 0.68, making 

the improvement substantial. Similarly, in the DOW JONES market (Table 3), the same 

strategy shows a remarkable Sharpe ratio of 0.81, further reinforcing its efficacy in a tech-

heavy index. The analysis for major equity markets (Table 4) also corroborates the 

superiority of the Dynamic SI+News strategy, particularly in managing market downturns, as 

evidenced by its lower maximum drawdown (Max DD) compared to other strategies like 

News and VIX. 

            Focusing on the Sharpe ratio, we also notice that the strategy based on the Stress 

index alone consistently ranks second, indicating that the signals from the stress index are 

robust and more effective than those using the VIX index. Regarding turnover, which 

measures the frequency of trading within the portfolio, we observe notable differences across 

strategies. For instance, in the Dow Jones (Table 2), the 'SI+News' strategy exhibits the 

highest turnover rate at 13.2, indicating a more active trading approach. This contrasts with 

strategies like 'SI' and 'Dynamic SI+News', which have lower turnover rates, suggesting a 

more passive strategy. 

Figures 2-5 provide a detailed visual representation of the comparative performance 

between the 'Dynamic SI+News' strategy and the passive long-only benchmark within the 

Dow Jones universe. These figures are crucial in demonstrating the superior performance of 

the Dynamic SI+News strategy, which effectively combines sentiment indicators (SI) and 

real-time news data to inform investment decisions. 

 

FIGURE 2 

COMPARISON OF DYNAMIC SI+NEWS VS. STRESS INDEX AND LONG-ONLY 

FOR DOW JONES 
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            The upper plot in each figure presents the cumulative performance of the Dynamic 

SI+News strategy relative to the benchmark. The strategy outperformed the long-only 

approach, considering its steeper growth trajectory and higher overall returns. This 

outperformance is particularly pronounced during periods of higher market volatility, where 

the strategy better copes with potential losses through its adaptability than the static 

benchmark. 

 

FIGURE 3 

COMPARISON OF STRESS INDEX VS. LONG-ONLY FOR DOW JONES 

 

FIGURE 4 

COMPARISON OF NEWS VS. LONG-ONLY FOR DOW JONES 

Each figure subplot offers additional information by illustrating the adjustments to the 

allocation made by the Dynamic SI+News strategy over time. Dynamic allocation is a feature 

of the strategy that allows it to modulate its exposure in response to market fluctuation. For 

instance, in order to take advantage of growth prospects, the strategy may raise its market 

exposure in more stable times while decreasing its risk exposure during times of increased 

uncertainty. These Allocation Shifts, then, are fueled by sentiment analysis as well as news-



  

driven insights to ensure the strategy is responsive to new and prevailing market 

development. 

 

FIGURE 5 

COMPARISON OF DYNAMIC SI+NEWS VS. LONG-ONLY FOR DOW JONES 

The correlation matrix shows insightful relationships among the performance metrics 

of the investment strategies. Notably, the Sharpe ratio, which measures risk-adjusted returns, 

shows a high positive correlation (0.918) with the Calmar ratio. This indicates that strategies 

with higher Sharpe ratios also tend to have better risk-adjusted performance, as indicated by 

the Calmar ratio. On the other hand, the Sharpe ratio exhibits a strong negative correlation 

with maximum drawdown (-0.720) and turnover (-0.883). This shows that strategies with 

higher Sharpe ratios exhibit lower maximum drawdowns and engage in less frequent trading, 

highlighting their efficiency in managing risk and trading costs. 

 

FIGURE 6 

CORRELATION MATRIX OF INVESTMENT STRATEGIES 
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            The Calmar ratio also shows an extremely negative correlation with maximum 

drawdown (-0.815) and turnover (-0.889). Therefore, it could be concluded that strategies 

with higher Calmar ratios not only provide better risk-adjusted returns but also manage to 

minimize potential losses and maintain a lower frequency of trading. This proves how strong 

the Dynamic SI+News strategy is while consistently outperforming all others across various 

markets. Volatility, as expected, shows a moderate positive correlation with maximum 

drawdown (0.563) and turnover (0.442). Higher volatility is generally associated with higher 

potential losses and a more active trading approach. However, although weaker, its negative 

correlations with both the Sharpe (-0.175) and Calmar (-0.109) ratios indicate that lower 

volatility is somewhat aligned with better risk-adjusted performance. The strong positive 

correlation between maximum drawdown and turnover (0.809) reveals that strategies with 

higher drawdowns tend to have more turnover. This relationship is further emphasized as the 

trade-off between active management and exposure to significant losses. Overall, these 

correlations point to the importance of selecting strategies that have high risk-adjusted 

returns, effective drawdown management, and optimal trading frequency. The ability of the 

Dynamic SI+News strategy to balance all these aspects across different markets is 

noteworthy. 

DISCUSSION 

            It can be concluded from experiments and results that the Dynamic SI+News strategy 

works well, being quite good in both time periods and market conditions. Owing to the 

flexibility to incorporate real-time information and update the strategy appropriately, this out-

of-sample strategy provides a relatively robust performance profile, capturing the upside 

during easy times and having its greatest utility during stress markets by limiting potential 

loss. For investors who tend to be more active and knowledgeable about the marketplace, the 

Dynamic SI+News strategy shows superior risk-adjusted returns and lower drawdowns 

versus a passive long-only benchmark. By employing sentiment and news data, the strategy 

allows a more profound comprehension of market dynamics and thus enables remaining 

proactive in an evolving environment 

            The overall assessments presented in Figures 5 & 6 demonstrate the Dynamic 

SI+News strategy's efficacy and versatility, making it a compelling option for investors 

seeking to enhance portfolio return while controlling risk. One of the main conclusions from 

our analysis is that the strategy may adjust to various market conditions while continuously 

maintaining high-performance metrics. This highlights the strategic significance of 

integrating sentiment and news-driven insights into the investing decision. In summary, these 

figures show how the Dynamic SI+News strategy has been positioned well. These show that 

there are superior performances under different conditions of markets. Its dynamic allocation 

mechanism, guided by real-time sentiment and news data, drives the dynamic mechanism 

towards higher performance and outperforms passive long-only benchmarks. The increased 

turbulence in markets brings out even higher returns when effectively managed through 

effective risk, showing the importance of the strategy as a prime tool for return attainment. 

Managerial Implications 

            This research offers financial managers a robust analytical tool for foretelling market 

movement and augmenting portfolio performance. Sentiment analysis, integrated with 

financial stress indices, allows managers to blend qualitative sentiment information obtained 

from financial news with traditional, quantitative measures. An integrated approach such as 

this would lead to an accurate and timely investment decision, thus mitigating risk and 

maximizing return. With this integrated approach, the financial manager, in fact, ought to 



  

find use in seeing that better navigation through periods of heightened uncertainty in the 

markets would enhance decision effectiveness and minimize uncalled-for risks.  

Policy Implications 

            This study serves great significance to policymakers, given that they uphold market 

stability and transparency responsibilities. By using sentiment analysis alongside stress 

indices, regulators can construct more levers and frameworks for effective regulation while 

continuously monitoring the market in real-time. Upon perceiving potential financial risks 

and vulnerabilities through this synergy, regulators may choose appropriate interventionist 

policies to bolster market resilience. Additionally, it gives a framework for designing policies 

that favor greater accountability and transparency in financial markets, which will support 

stabilizing the economy (Agarwal and Singh, 2023). Through this, policymakers can 

intervene correctly by foreseeing possible financial risks and vulnerabilities long beforehand. 

Academic Contribution      

            The present study is academically significant as it connects purely quantitative with 

purely qualitative financial analysis. It is methodological contribution seeks to show the 

efficacy of combining sentiment data with various financial stress indicators, thus improving 

market volatility predictions. By bridging existing literature, this study provides a foundation 

for future projects investigating the synergies of financial analysis that create integration of 

qualitative and quantitative methods.  This, in turn, provides the scope for building models 

employing machine learning in financial studies, hence pushing new avenues of academic 

inquiry into market conduct and predictive modeling. 

  

CONCLUSION 

         Finally, our study illustrates the potential benefits of combining sentiment analysis 

from financial news with a financial stress index to elevate stock market strategies. The 

combined methodology significantly enhances market prediction accuracy and portfolio 

performance, as revealed by improved Sharpe ratios, lower maximum drawdowns, and more 

stable cumulative returns. This approach provides a rich market dynamics analysis by 

incorporating qualitative sentiment information and quantitative financial measures. 

Nonetheless, our work has some limitations. Using historical data from HuffPost can 

introduce period- and publication-specific biases. Moreover, FinBERT model performance 

and financial stress index performance can be sensitive to variations in market conditions and 

practices in news reporting. Future research could explore applying this integrated approach 

to other financial markets and news sources and incorporating real-time data for more 

immediate investment decision-making. 
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