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Abstract 
This study investigates consumer sentiment as an early-warning signal for systemic risk in financial 
markets. It underscores the role of behavioural intelligence, where shifts in sentiment often precede 
financial instability. Sentiment indices, consumer confidence surveys, and social media analytics were 
applied to assess the value of real-time behavioural data in monitoring systemic vulnerabilities. The 
results reveal that changes in market psychology provide early indicators of liquidity shortages, asset 
bubbles, and contagion effects. By integrating sentiment-based indicators with established risk 
measures, the analysis demonstrates improved predictive capacity and greater resilience in stability 
frameworks. The study concludes that consumer sentiment is not only a reflection of market dynamics 
but also a practical input for early-warning mechanisms. It is recommended that regulators and 
institutions embed sentiment-driven models into financial stability systems to enhance anticipatory 
responses and safeguard against systemic disruptions. 
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Introduction 
Systemic risk refers to the potential for localized financial disruptions to escalate into 
widespread market instability, threatening the stability of the broader economy (Rodriguez et 
al., 2018) [38]. 
Conventional models have historically emphasized quantitative financial indicators such as 
leverage ratios, liquidity metrics, and macroeconomic aggregates (Wang et al., 2020) [48]. 
However, these approaches often fail to account for the nonlinear and psychological 
dynamics that drive collective decision-making in financial markets (Kunze et al., 2020) [32]. 
Behavioural finance has demonstrated that investor and consumer attitudes expressed 
through optimism, fear, or uncertainty can amplify systemic vulnerabilities by shaping 
demand for assets, influencing borrowing decisions, and accelerating contagion during 
downturns (Gramlich et al., 2011) [21]. Behavioural indicators, including surveys of 
expectations and measures of confidence, provide unique insights into latent risks not 
captured in balance sheets or official statistics (Wang et al., 2020) [48]. For instance, shifts in 
consumer sentiment can precede major adjustments in household spending, credit uptake, 
and savings behaviour, directly influencing financial system resilience (Wang et al., 2020) 
[48]. 
Consumer sentiment serves as a barometer of public confidence in economic prospects, 
encompassing perceptions of income stability, employment outlook, and investment climate. 
Empirical evidence shows that fluctuations in sentiment often act as early-warning signals, 
anticipating shifts in consumption patterns and credit market participation (Preis et al., 2013) 
[36]. In this sense, consumer sentiment is not simply reflective but also predictive, offering 
policymakers and financial institutions a valuable lens for gauging systemic vulnerabilities 
before they materialize (Preis et al., 2013) [36].  
During periods of uncertainty, such as recessions or financial crises, declining sentiment 
accelerates liquidity withdrawals, heightens risk aversion, and increases volatility across 
sectors (Yoon et al., 2019) [51]. In contrast, heightened optimism can drive over-leveraging, 
asset bubbles, and excessive risk-taking, ultimately undermining long-term stability. 
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Incorporating sentiment indices into systemic monitoring 
allows regulators to detect emerging imbalances often 
obscured by financial metrics (Yoon et al., 2019) [51]. 
Furthermore, advances in digital data collection, including 
social media sentiment analysis, provide richer real-time 
insights that complement survey-based measures Laubsch et 
al., 2014) [33]. This multidimensional perspective highlights 
consumer sentiment as both a stabilising and destabilising 
force, depending on the economic context. Its systematic 
integration into surveillance frameworks can therefore 
enhance early intervention strategies and promote 
sustainable financial resilience (Caporin et al., 2019) [11]. 
This study examines consumer sentiment as an early-
warning signal for systemic risk, showing how behavioural 
indicators can complement financial metrics in identifying 
vulnerabilities. Embedding sentiment measures within 
monitoring frameworks provides regulators with timely 
insights, facilitates early intervention, and supports the 
resilience of financial systems. 
 
2. Historical Evolution of Behavioural Finance and 
Sentiment Tracking  
The evolution of behavioural finance can be traced to the 
limitations of classical financial theories, such as the 
Efficient Market Hypothesis (EMH), which assumed 
rational investors and fully efficient markets (Yildirim, 
2017) [50]. Early anomalies, including excess volatility and 
persistent mispricing, challenged these assumptions and 
encouraged the integration of psychology into financial 
models (Shiller, 1981) [46]. Behavioural finance gained 
prominence in the 1990s, offering explanations for herd 
behaviour, speculative bubbles, and market overreactions 
(Barberis & Thaler, 2003) [4]. Alongside this, sentiment 
tracking emerged as a means of quantifying collective 
investor and consumer mood. Initial approaches relied on 
survey-based measures such as the University of Michigan 
Consumer Sentiment Index and the Conference Board 
Consumer Confidence Index, which remain widely used 
benchmarks (Curtin, 1982) [14]. With the advent of the 
digital era, sentiment tracking expanded through 
computational analysis of news content, online forums, and 
social media data, providing real-time insights into market 
psychology (Tetlock, 2007) [47]. This progression reflects a 
shift from theoretical models of behaviour towards practical 
applications of sentiment, positioning consumer sentiment 
as a valuable tool for detecting systemic vulnerabilities. 
 
2.1 Early Approaches: Investor Psychology and Market 
Anomalies  
The earliest recognition of behavioural influences on 
financial markets came from studies of investor psychology 
and market anomalies, with Keynes (1937) [28] emphasising 
the role of “animal spirits” in shaping investment behaviour. 
Classical economic theory, built on assumptions of rational 
actors and efficient markets, struggled to explain 
phenomena such as excessive volatility, speculative 
bubbles, and irrational herding (Barberis & Thaler, 2003) [4]. 
Early Behavioural economists and psychologists highlighted 
that cognitive biases such as overconfidence, anchoring, and 
loss aversion could distort decision-making, leading to 
deviations from rational expectations (Yoon et al., 2019) 
[51]. These insights offered a foundation for integrating 

sentiment into systemic risk analysis. 
Empirical work demonstrated that collective mood swings 
among investors frequently preceded significant fluctuations 
in asset prices, suggesting that markets were not entirely 
driven by fundamentals (Laubsch et al., 2014) [33]. 
Behavioural models proposed that optimism or pessimism 
could spread contagiously, reinforcing market trends and 
amplifying systemic instability. The recognition of these 
dynamics paved the way for the development of sentiment-
based indices and research programs designed to capture 
psychological signals in a structured manner. By reframing 
investor psychology as a measurable determinant of 
systemic stability, these early approaches provided the 
conceptual scaffolding for later advances in Behavioural 
Intelligence (Caporin et al., 2019) [11]. They also established 
a precedent for integrating subjective data sources alongside 
quantitative metrics in financial monitoring frameworks. 
 
2.2 Evolution of Sentiment Indices: From Surveys to 
Digital Analytics 
According to Ángeles et al., (2020) building on early 
behavioural insights, institutions developed standardized 
sentiment indices to quantify consumer and investor 
confidence. Among the most influential is the University of 
Michigan Consumer Sentiment Index, launched in the mid-
20th century. This index systematically captures household 
expectations about personal finances, business conditions, 
and purchasing intentions. It has been shown to correlate 
strongly with consumption expenditures and, in many cases, 
anticipates economic turning points (Bisias et al., 2012) [8]. 
Similarly, the Conference Board Consumer Confidence 
Index introduced a complementary measure that places 
emphasis on labour market perceptions and income 
expectations. Together, these indices form the backbone of 
sentiment-based macroeconomic analysis, providing regular 
benchmarks for policymakers, investors, and analysts 
(Donaldson & Schoemaker, 2013) [18]. Their importance lies 
not only in their predictive capacity but also in their 
accessibility and widespread adoption, which enables broad 
comparative studies across economic cycles (Donaldson & 
Schoemaker, 2013) [18]. 
According to Dertli and Eryüzlü, (2020) [15] social media 
sentiment analysis, Google Trends, and news analytics have 
emerged as powerful supplements to traditional indices, 
offering real-time monitoring of collective moods. These 
advances enhance the timeliness and granularity of 
sentiment tracking, mitigating the lag often associated with 
survey responses. 
The expansion of sentiment indices reflects a broader 
recognition that psychological and social variables are 
integral to systemic stability. By bridging traditional survey 
methods with digital-era analytics, researchers are 
increasingly able to capture dynamic shifts in consumer 
behaviour that may signal emerging risks well before they 
appear in financial fundamentals (Blancher et al., 2013) [9]. 
 
2.3 Lessons from Past Crises: Dot-Com, 2008 Financial 
Meltdown, and Pandemic Shocks  
Major financial crises provide strong evidence that 
sentiment can amplify systemic risk. During the Dot-Com 
bubble of the late 1990s, investor enthusiasm for technology 
stocks far exceeded their underlying fundamentals (Kraay & 
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Ventura, 2007) [30]. This wave of optimism fuelled 
speculative prices until sentiment reversed, causing a sharp 
collapse in valuations that triggered widespread market 
losses (Yoon et al., 2019) [51]. 
The 2008 global financial crisis further illustrated the 
destructive impact of collapsing confidence. In the period 
leading up to the meltdown, consumer and investor 
sentiment indices recorded steep declines that reflected 
growing concerns about the housing market and the stability 
of the banking sector (Zouaoui et al., 2011) [53]. These 
declines coincided with liquidity freezes and credit 
contractions, which magnified the systemic fallout 
(Blancher et al., 2013) [9]. Analysts have since argued that 
integrating sentiment signals into regulatory frameworks 
could have provided critical early warnings of the 
impending crisis (Laubsch et al., 2014) [33]. 
The COVID-19 pandemic offered another clear example, as 
sudden global uncertainty drove dramatic drops in 
household expectations and market sentiment (Dertli et al., 
2020) [15]. Surveys documented collapsing consumer 
confidence, while digital sentiment analytics captured 
widespread fear and risk aversion in real time (Laubsch et 
al., 2014) [33]. The resulting shifts contributed to a 
synchronized global shock that disrupted both supply and 
demand channels (Blancher et al., 2013) [9]. Collectively, 
these crises demonstrate that sentiment not only tracks but 
often precedes systemic instability. Recognizing these 
dynamics reinforces the need to embed behavioural 
intelligence into financial surveillance frameworks, since 
conventional models have frequently underestimated the 
psychological drivers of market volatility (Kraay & 
Ventura, 2007) [30]. 
 
2.4 Behavioural Intelligence in Financial Markets  
According to Dertli et al. (2020) [15], behavioural 
intelligence in financial markets refers to the integration of 
behavioural data, sentiment indicators, and collective 
decision-making patterns into financial risk monitoring 
frameworks. Unlike conventional models that rely mainly 
on prices, yields, and macroeconomic statistics, behavioural 
intelligence emphasizes the psychological underpinnings of 
market behaviour and how these shape systemic 
vulnerabilities. 
Blancher et al. (2013) [9] highlight that behavioural 
intelligence draws heavily on behavioural economics and 
cognitive psychology, recognizing that investors and 
institutions are rarely fully rational in their decisions. 
Herding, loss aversion, and overconfidence are common in 
financial markets, producing feedback loops that can 
magnify instability. Panic-driven selloffs, for example, often 
trigger liquidity shortages, while periods of excessive 
optimism inflate speculative bubbles (Blancher et al., 2013) 
[9]. Zouaoui et al. (2011) [53] argue that behavioural 
intelligence reframes such dynamics as measurable and 
predictive, rather than as random anomalies. Advances in 
computational finance and natural language processing now 
allow analysts to transform qualitative inputs from surveys, 
news, and digital platforms into structured sentiment 
indicators. This approach improves the capacity of financial 
models to anticipate risks arising not only from 
fundamentals but also from collective psychology. 
Hanley and Hoberg (2016) [22] emphasize that behavioural 

intelligence should not be viewed as a substitute for 
conventional financial analysis but as a complementary tool. 
When combined with traditional risk metrics, sentiment-
based indicators enhance systemic risk monitoring and can 
function as early-warning signals of financial instability. 
 
2.5 Consumer Sentiment, Market Liquidity, Volatility, 
and Contagion  
According to Markose et al. (2013) [35], consumer sentiment 
does more than reflect optimism or fear; it directly 
influences core market mechanisms such as liquidity, 
volatility, and contagion. Liquidity, defined as the ease of 
trading assets without significant price changes, can 
deteriorate rapidly when negative sentiment drives investors 
toward risk aversion. Past crises demonstrate that 
widespread pessimism often causes investors to retreat from 
markets, drying up liquidity and intensifying asset selloffs 
(Markose et al., 2013) [35]. 
According to Baker and Wurgler (2006), volatility also 
responds sharply to sentiment shocks. It showed that periods 
of heightened optimism and pessimism strongly influenced 
market fluctuations, with sentiment-driven mispricing 
amplifying volatility beyond what fundamentals could 
justify (Baker & Wurgler, 2006). Behavioural finance 
research shows that fluctuations are not triggered solely by 
exogenous shocks like monetary policy changes, but also by 
collective emotional reactions. For instance, Dertli et al. 
(2020) [15] observed that declines in sentiment linked to 
unemployment and political instability amplified volatility 
indices well beyond levels justified by fundamentals. This 
underscores the role of sentiment as an endogenous driver of 
instability. 
Sahajwala and Van den Bergh (2000) [40] noted that negative 
sentiment in one major economy can spread rapidly across 
borders through capital flows and investor networks, even 
where domestic fundamentals remain sound. In today’s 
interconnected digital environment, this “networked 
sentiment contagion” accelerates through real-time media 
and financial communication, reinforcing cross-border 
vulnerabilities Integrating sentiment with liquidity and 
volatility indicators strengthens predictive models by 
accounting for both structural and Behavioural drivers. 
Ignoring sentiment in financial monitoring risks missing a 
critical dimension of systemic fragility. Sheaffer (1998) [41] 
argued that models based solely on structural indicators 
underestimate vulnerabilities by excluding behavioural 
signals. Incorporating sentiment into risk assessment 
frameworks creates a more comprehensive picture, 
enhancing the predictive power of early-warning systems. 
 
2.6 Historical Evolution of Behavioural Finance and 
Sentiment Tracking 
The framework for behavioural intelligence in early-
warning systems has emerged through the progressive 
incorporation of behavioural finance insights into systemic-
risk monitoring. Early studies demonstrated that market 
sentiment and investor psychology influence volatility and 
crisis dynamics, thereby exposing the limitations of models 
grounded purely in rational expectations (Shiller, 2000) [46]. 
Subsequent research established that incorporating 
behavioural signals, such as consumer surveys, news 
sentiment, and real-time digital activity, can provide a 
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forward-looking complement to macroeconomic and 
financial data by revealing patterns that anticipate systemic 
stress (Blancher et al., 2013) [9]. 
Advances in data analytics in the 2000s and 2010s 
accelerated this integration. Natural language processing, 
machine learning classifiers, and hybrid econometric-
behavioural models enabled the large-scale processing of 
unstructured sentiment data, capturing shifts that precede 
episodes of market disruption. Evidence from text-based 
analyses of corporate disclosures, for instance, shows that 
linguistic patterns revealed emerging risks before the 2008 
crisis, underscoring the predictive capacity of sentiment 
modelling (Hanley & Hoberg, 2016) [22]. Relatedly, 
contagion studies using network approaches confirmed that 
psychological dynamics, such as herding and narrative 
cohesion, propagate across markets in ways that traditional 
models often fail to capture (Billio et al., 2012) [7]. 
The comparative value of these approaches is illustrated in 
Table 1, which contrasts conventional systemic-risk models 
with behavioural intelligence enhanced frameworks. 
Conventional approaches, which rely on balance-sheet 
structures and macro-financial aggregates, are effective in 
diagnosing leverage cycles or credit excesses but remain 
limited in detecting psychological contagion. By contrast, 

behavioural intelligence-enhanced models integrate 
sentiment indicators with financial data to provide greater 
predictive value, often signalling risks earlier and with 
sharper sensitivity to shifts in market narratives. Their 
strength lies in foresight rather than hindsight, although they 
also require careful calibration to mitigate noise and ethical 
oversight to ensure that the use of sentiment data respects 
privacy and avoids bias (Dertli et al., 2020) [15]. 
The final dimension of this evolution involves decision 
integration, whereby behavioural outputs are operationalised 
within regulatory and institutional settings. Dashboards, 
scenario simulations, and automated alerts translate 
sentiment data into actionable signals, supporting pre-
emptive intervention by central banks and financial 
institutions. This trajectory underscores complementarity 
rather than substitution: behavioural intelligence enriches 
established financial surveillance by embedding 
psychological and sentiment indicators into early-warning 
frameworks. The fusion of behavioural and financial 
dimensions allows for multidimensional risk assessment, 
equipping policymakers and institutions with tools capable 
of anticipating crises with greater precision and timeliness 
(Markose et al., 2013) [35]. 

 
Table 1: Comparative Typology of Systemic Risk Models with and without Behavioural Intelligence Integration 

 

Dimension Conventional Systemic Risk Models Behavioural Intelligence-Enhanced Models References 

Core Focus Structural indicators such as capital ratios, 
liquidity, leverage, and interbank exposure. 

Integration of financial indicators with behavioural 
and sentiment signals. 

Blancher et al., 2013 [9]; 
Markose et al., 2012 

Data Sources Market data, institutional balance sheets, 
macroeconomic indicators. 

Combination of market and macro data with 
consumer sentiment, social media, search trends, 

and networked behavioural signals. 

Billio et al., 2012 [7]; 
Dertli et al., 2020 [15] 

Strengths Well-established, regulatory acceptance, 
reliable for detecting structural shocks. 

Captures psychological contagion, anticipates 
nonlinear disruptions, and improves predictive 

accuracy. 

Hanley & Hoberg, 2016 
[22]; Blancher et al., 2013 

[9] 

Weaknesses 
Limited capacity to model irrational investor 

behaviour, panic-driven contagion, or 
feedback loops. 

Requires high-quality behavioural datasets, ethical 
safeguards, and advanced calibration protocols. 

Markose et al., 2012; 
Dertli et al., 2020 [15] 

Predictive 
Scope 

Effective in analysing structural stability, but 
unable to capture sudden shifts caused by 

sentiment cascades. 

Broader coverage, including behavioural 
contagion and early-warning signals for bubbles 

and crises. 

Billio et al., 2012 [7]; 
Hanley & Hoberg, 2016 

[22] 

Implementation 
Readiness 

Widely adopted across central banks and 
regulatory agencies due to established track 

record. 

Emerging practice, largely experimental, with 
adoption concentrated among select institutions 

and research initiatives. 

Blancher et al., 2013 [9]; 
Dertli et al., 2020 [15] 

Ethical 
Considerations 

Minimal ethical risks, as models primarily use 
quantifiable financial variables. 

High ethical considerations requiring governance 
around privacy, representativeness, and fairness in 

behavioural data collection and application. 

Dertli et al., 2020 [15]; 
Blancher et al., 2013 [9] 

 
2.7 Ethical and Methodological Challenges  
While behavioural intelligence enhances the predictive 
capacity of early-warning systems, it also introduces 
significant ethical and methodological challenges that 
demand careful consideration. A primary ethical concern 
arises from the collection of sentiment data from digital 
platforms, which can expose individuals to privacy risks 
and, if unchecked, lead to surveillance overreach (Cooper & 
Coetzee, 2020) [13]. These concerns underscore the need for 
transparent governance mechanisms and regulatory 
safeguards to ensure that behavioural indicators are 
deployed in ways that respect fundamental rights (Sahajwala 
& Van, 2000) [40]. 
Methodological challenges further complicate the use of 
behavioural intelligence. Sentiment indicators are prone to 

measurement error and cultural bias, as language, tone, and 
context vary significantly across populations. Algorithms 
trained on unbalanced or biased datasets risk 
misclassification, thereby undermining reliability and 
potentially reinforcing systemic distortions (Sheaffer et al., 
1998) [41]. This concern echoes broader findings on 
algorithmic fairness and financial modelling, where 
unvalidated models often amplify noise rather than provide 
meaningful foresight (Bollen et al., 2011) [10]. Moreover, 
sentiment data is inherently volatile, and without rigorous 
validation standards, models may generate false alarms that 
erode institutional trust (Tetlock, 2007) [47]. Addressing 
these challenges requires cross-disciplinary collaboration 
between economists, data scientists, and ethicists, alongside 
the establishment of rigorous validation protocols.  
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3. Data Foundations and Use Cases of Behavioural 
Intelligence in Financial Markets 
3.1 Conventional Economic Indicators: Surveys, Indices, 
and Household Data  
According to Sahajwala and Van (2000) [40], conventional 
economic indicators have long provided the backbone of 
systemic risk monitoring, with household surveys, consumer 
confidence indices, and labour market statistics serving as 
benchmarks for anticipating turning points. Institutions such 
as the University of Michigan and the Conference Board 
developed sentiment indices that remain widely used in 
forecasting consumption and investment behaviour. These 
measures capture household expectations about income, 
employment, and business conditions, thereby offering early 
insights into macroeconomic stability (Sheaffer et al., 1998) 
[41]. 
Household-level datasets, including spending, debt, and 
savings patterns, further enrich systemic analysis by 
reflecting consumer-driven vulnerabilities. Research has 
shown that rising household leverage, when paired with 
declining confidence indicators, has historically 
foreshadowed liquidity strains and financial downturns 
(Schweizer & Renn, 2019) [43]. Such granular information 
provides an essential foundation for constructing baseline 
models of financial stability, as it connects macroeconomic 
trends directly to household capacity to sustain economic 
activity (Bassarab, 2010) [6]. 
Despite their utility, conventional indicators face persistent 
limitations. Survey-based measures often suffer from 
reporting lags and periodic collection cycles that reduce 
their responsiveness during volatile periods. In addition, 
reliance on self-reported responses raises concerns of bias 
and limited representativeness, which may weaken 
predictive precision in fast-moving crises (Schweizer & 
Renn, 2019) [43]. 
 
3.2 Digital Sentiment Signals: Social Media, Search 
Trends, and News Analytics  
The digital transformation of communication has created a 
vast reservoir of behavioural data that captures shifts in 
sentiment with unprecedented speed and granularity (Jung 
& Yun, 2011). Social media platforms such as Twitter and 
Reddit generate real-time signals of optimism, fear, and 
collective mood, while search activity on tools like Google 
Trends correlates with consumption patterns, unemployment 
concerns, and investment sentiment (Jung & Yun, 2011) [27]. 
News analytics provides another significant channel of 
sentiment extraction, as advances in natural language 
processing enable the systematic measurement of tone in 
financial headlines, corporate disclosures, and opinion 
articles (Hawkins & BIS, 2002) [23]. During periods of 
instability, the intensity and sentiment of news coverage 
have been found to amplify investor reactions and accelerate 
systemic stress (Hawkins & BIS, 2002) [23]. 
The immediacy of digital sentiment signals is their greatest 
advantage, with millions of daily interactions producing 
high-frequency indicators that conventional surveys cannot 
match (Ruza et al., 2019) [39]. These benefits, however, are 
tempered by methodological risks, since misinformation, 
manipulation campaigns, and demographic biases in 
platform usage often distort reliability and limit 
representativeness (Emmanuel, 2019). 

Despite these challenges, digital sentiment remains a 
valuable complement to conventional indicators, offering 
early detection of shocks and providing policymakers with 
critical lead time to respond (Ruza et al., 2019) [39]. When 
triangulated with survey-based indices and household-level 
data, these signals create a multidimensional framework that 
enhances systemic monitoring and strengthens financial 
stability analysis (Ruza et al., 2019) [39]. 
 
3.3 Machine Learning, Hybrid Models, and 
Implementation Challenges 
According to Schweizer and Renn (2019) [43], the integration 
of financial and behavioural data requires analytical 
sophistication that conventional econometric tools alone 
cannot deliver. Machine learning provides this capacity by 
detecting complex, nonlinear patterns across high-
dimensional datasets, while hybrid approaches that combine 
econometric models such as vector autoregression with 
neural networks offer a balance between interpretability and 
predictive accuracy (Bassarab, 2010) [6]. This dual strength 
is particularly important in systemic surveillance, where 
regulators demand transparency alongside robust foresight. 
Machine learning pipelines process and normalize these 
inputs into structured indices, which are then fed into 
dashboards accessible to central banks and financial 
institutions. Studies have shown that such architectures can 
provide adaptive early-warning signals by recalibrating 
continuously as new data flows in, thus shifting financial 
monitoring from reactive to predictive (Jung & Yun, 2011) 
[27]. However, this adaptability also raises concerns about 
opacity, as poorly governed algorithms risk devolving into 
“black boxes” that undermine institutional trust (Sahajwala 
& Van, 2000) [40]. 
Despite their promise, these systems face critical 
implementation challenges. Emmanuel (2019) notes that 
interoperability issues emerge when diverse datasets from 
markets, surveys, and social media are merged into unified 
models. Privacy risks further complicate adoption, 
especially where sentiment data is harvested from digital 
platforms without informed consent, raising regulatory and 
ethical concerns (Sheaffer et al., 1998) [41]. Reliability is an 
additional hurdle, since sentiment measures are often noisy 
or biased, which can produce false alarms and erode 
credibility if not validated carefully. Comparative studies 
confirm that while machine learning enhances predictive 
capacity, its effectiveness depends on rigorous governance, 
ethical safeguards, and robust validation frameworks (Ruza 
et al., 2019) [39]. Yet, as other studies highlight, their 
transformative potential will only be realized if the technical 
innovations are matched by transparency, ethical 
safeguards, and international coordination to ensure 
responsible adoption across financial markets (Bollen, Mao, 
& Zeng, 2011) [10]. 
 
3.4 Banking: Credit Risk, Loan Defaults, and Liquidity 
Forecasting  
According to Emmanuel (2019), banking systems are 
particularly sensitive to consumer sentiment, as shifts in 
confidence directly affect borrowing, repayment, and 
deposit behaviour. Conventional credit risk models rely 
heavily on financial ratios and credit histories, yet these 
approaches frequently underestimate how changes in 
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household or firm sentiment alter repayment capacity 
(Atanda, E. D. (2018) [1]. Evidence from previous 
downturns shows that pessimistic expectations amplify 
default risk even among borrowers with stable income 
streams, revealing the limitations of metrics that exclude 
behavioural dimensions (Ruza et al., 2019) [39]. 
Liquidity forecasting also illustrates the added value of 
behavioural intelligence. While regulatory tools such as 
liquidity coverage ratios provide structural safeguards, they 
do not anticipate sudden withdrawals or funding hesitations 
triggered by declining confidence. Research has 
demonstrated that negative sentiment often precedes deposit 
flight and credit tightening, generating liquidity stress 
before it appears in balance-sheet data (Helbing, 2012) [24]. 
By incorporating real-time sentiment flows, banks are better 
positioned to anticipate pressures and build contingency 
buffers in advance, strengthening resilience against systemic 
shocks. Behavioural intelligence does not substitute existing 
prudential frameworks but complements them by 
embedding psychological precursors into risk management. 
Monitoring sentiment alongside conventional financial 
indicators enables earlier detection of vulnerabilities and 
more dynamic calibration of credit assessments. As Kopp et 
al. (2017) [29] argue, embedding sentiment-driven 
intelligence into banking oversight allows institutions to 
move from reactive responses to proactive risk 
management, thereby reducing systemic fragility and 
improving institutional preparedness. 
 
3.5 Capital Markets: Bubble Detection and Volatility 
Mapping  
According to Bahrammirzaee (2010) [3], capital markets are 
especially prone to mood-driven cycles, where optimism 
inflates speculative bubbles and pessimism triggers abrupt 
selloffs. Conventional valuation models based on price-to-
earnings ratios and discounted cash flow calculations 
capture structural misalignments but often fail to detect the 
psychological forces driving asset mispricing. Empirical 
research shows that sentiment indices and digital signals, 
when combined with conventional valuation metrics, 
enhance the early detection of speculative bubbles and 
provide regulators with an opportunity to intervene before 
instability escalates (Ruza et al., 2019 [39]; Baker & Wurgler, 
2007). 
Volatility mapping demonstrates a similar limitation of 
conventional econometric tools. Models such as GARCH 
identify statistical fluctuations but overlook the 
amplification that arises from sharp declines in investor 
confidence and negative news cycles. Evidence indicates 
that pessimistic sentiment often precedes volatility surges, 
destabilizing trading systems and amplifying losses 
(Emmanuel, 2019). Incorporating behavioural signals into 
volatility forecasting frameworks has been shown to 
improve accuracy by embedding attention dynamics and 
psychological amplification into predictive models (Tetlock, 
2007) 47[] Ibitoye, J. S. (2018) [25].  
Cross-border contagion further highlights the systemic 
importance of behavioural intelligence. Investor sentiment 
in one major market frequently ripples outward through 
correlated trading behaviour and capital flows, intensifying 
systemic risk across regions. Studies of European markets 
confirm that sentiment spillovers shape both returns and 

volatility in interconnected systems, underscoring the need 
for real-time monitoring of collective mood (Ruza et al., 
2019) [39]. Behavioural models capable of mapping these 
spillovers therefore extend systemic surveillance beyond 
national boundaries, providing early warning of globalized 
vulnerabilities (Zhang et al., 2019) [52]. 
Overall, behavioural intelligence complements rather than 
replaces conventional asset-pricing models by embedding 
psychological dimensions of risk into monitoring 
frameworks. Detecting speculative sentiment before it 
culminates in systemic crises allows for pre-emptive 
measures such as macroprudential tightening, 
communication strategies, or targeted interventions. In 
doing so, Behavioural intelligence extends beyond market 
monitoring into a strategic tool for managing systemic 
vulnerabilities (Helbing, 2012) [24]. 
 
3.6 Sentiment-Based Stability Monitoring in Insurance, 
Pension Funds, and Cross-Sector Dynamics  
Insurance and pension funds, though historically regarded as 
anchors of long-term stability, are not immune to 
behavioural dynamics that shape financial systems. Shifts in 
consumer confidence exert direct influence on the demand 
for insurance products, annuities, and pension contributions, 
as pessimistic outlooks frequently result in reduced savings 
or policy cancellations, thereby undermining institutional 
solvency (Kopp et al., 2017) [29]. Behavioural intelligence 
offers tools for monitoring such changes, enabling the early 
detection of destabilizing patterns by analyzing household 
perceptions of income security, employment stability, and 
inflation expectations, which serve as predictors of 
participation levels (Bahrammirzaee, 2010) [3]. 
The integration of sentiment monitoring is particularly 
critical for insurers and pension funds, given their extensive 
exposure to capital markets. Long-term investment 
strategies in these sectors are highly vulnerable to volatility 
cycles and asset price distortions, where sentiment-driven 
fluctuations pose risks to portfolio stability. Tracking 
sentiment-based contagion across asset classes enables these 
institutions to adjust holdings in advance of market 
downturns, thereby protecting their long-term obligations to 
beneficiaries (Eross et al., 2019) [20]. Incorporating such 
behavioural signals into actuarial and portfolio management 
frameworks transforms risk management from reactive 
adjustment into proactive stability planning, reducing 
susceptibility to systemic shocks (Ruza et al., 2019) [39]. 
Cross-sector evidence reinforces the centrality of sentiment 
as a leading indicator of systemic stress. In banking, capital 
markets, and long-horizon institutions, sentiment 
consistently precedes liquidity contractions, volatility 
surges, and contagion effects that extend beyond 
fundamentals (Helbing, 2012) [24]. While conventional 
financial models emphasize structural vulnerabilities, 
behavioural intelligence highlights the psychological 
triggers, such as fear, herding, and pessimism, that initiate 
instability (Kopp et al., 2017) [29]. Embedding sentiment-
based indicators into risk surveillance frameworks, 
therefore, creates a cohesive early-warning architecture, 
bridging short-term monitoring with long-term stability 
planning and enhancing systemic resilience (Eross et al., 

https://www.allfinancejournal.com/


 

International Journal of Research in Finance and Management  https://www.allfinancejournal.com 

~ 738 ~ 

2019) [20]. 
 
4. Challenges and Risks in Sentiment-based Surveillance  
4.1 Technical and Modelling Reliability Issues  
The application of behavioural intelligence in financial 
markets is accompanied by substantial technical and 
modelling challenges. A major concern lies in the reliability 
of sentiment signals derived from surveys, social media, and 
digital platforms, which often contain noise and volatility 
that can distort predictions if models are not properly 
calibrated (Bahrammirzaee, 2010) [3]. Such distortions 
create the risk of false positives, where routine market 
fluctuations are misclassified as systemic threats, or false 
negatives, where genuine risks are overlooked, thereby 
reducing the credibility of early-warning systems (Eross et 
al., 2019) [20] Atanda, E. D. (2016) [2].  
The integration of heterogeneous data sources poses 
additional complexity, while financial data typically follows 
structured and numerical formats, behavioural inputs such 
as text or speech are inherently unstructured and require 
natural language processing and classification techniques 
for transformation into analyzable metrics (Said et al., 2014) 
[41]. Inconsistencies in preprocessing pipelines across 
different datasets often undermine comparability and 
coherence, resulting in contradictory outputs that weaken 
model robustness (Eross et al., 2019) [20]. Moreover, 
machine learning models trained on such historical data may 
overfit to past events, leaving them unable to anticipate 
novel crises or unprecedented shocks Derera, R. (2016) [17]. 
(Schoemaker, 2019) [42]. 
Advanced neural networks and hybrid algorithms can 
demonstrate high predictive accuracy, yet their “black box” 
nature prevents a clear explanation of how outputs are 
generated. This opacity reduces the willingness of regulators 
and market participants to rely on such systems, as trust is 
diminished without interpretability and accountability (Said 
et al., 2014) [41]. The lack of explainability thereby limits 
adoption, even where technical potential is significant 
(Bahrammirzaee, 2010) [3]. 
The challenges extend to real-time monitoring, in the digital 
era, behavioural signals can shift within minutes in response 
to viral news or online contagion, necessitating systems that 
adapt continuously without overfitting to transient 
anomalies. Achieving this balance requires rigorous 
validation, stress-testing, and the incorporation of hybrid 
benchmarks that combine quantitative financial indicators 
with qualitative sentiment measures (Schoemaker, 2019) [42]. 
Without such safeguards, sentiment-based surveillance risks 
producing misleading or unstable assessments of systemic 
vulnerabilities (Eross et al., 2019) [20]. 
 
4.2 Institutional and Regulatory Resistance  
Even when technically viable, the adoption of behavioural 
intelligence is frequently constrained by institutional inertia 
and regulatory reluctance. Financial institutions continue to 
rely on traditional models rooted in accounting standards 
and econometric forecasting, which are perceived as more 
stable and time-tested Derera, R. (2017) [16]. (Yang et al., 
2014) [49]. Incorporating behavioural variables requires 
major organizational restructuring, investment in 
infrastructure, and the recruitment of specialized expertise, 
all of which encounter resistance from stakeholders 

accustomed to conventional approaches (Bahrammirzaee, 
2010) [3]. 
Regulators add another layer of resistance by prioritizing 
structural indicators such as capital adequacy, liquidity 
ratios, and macroeconomic stability in surveillance 
frameworks (Javed, 2020) [26]. The introduction of 
sentiment-based indicators challenges established norms, as 
many supervisory authorities question whether such 
measures, often volatile and subjective, can provide a 
reliable foundation for formal policy interventions (Yang et 
al., 2014) [49]. This skepticism slows the integration of 
behavioural intelligence into mainstream financial 
regulation. 
Cross-border sentiment monitoring further complicates 
adoption. The collection and sharing of behavioural data 
frequently raise jurisdictional concerns, with national 
regulators wary of depending on foreign or third-party data 
systems that may reduce domestic control over surveillance 
standards (Javed, 2020) [26]. These concerns are heightened 
in periods of geopolitical tension, where sentiment data is 
increasingly regarded as a strategic asset whose misuse 
could compromise national economic security (Eross et al., 
2019) [20]. 
Institutional resistance is also cultural. Risk managers and 
policymakers unfamiliar with behavioural methodologies 
may undervalue their potential, dismissing them as 
experimental or peripheral to core financial analysis 
(Bahrammirzaee, 2010) [3]. Overcoming this cultural barrier 
requires targeted education, pilot projects, and the 
integration of behavioural experts within financial 
supervisory bodies to demonstrate practical utility (Said et 
al., 2014) [41]. Until such measures are implemented, the 
adoption of behavioural intelligence will remain incremental 
and uneven across jurisdictions, limiting its systemic impact 
(Schoemaker, 2019) [42]. 
 
4.3 Algorithmic Bias, Ethical Dilemmas, and Public 
Trust 
Behavioural intelligence in financial surveillance faces 
critical challenges related to bias, ethics, and trust. A major 
concern is representativeness: digital sentiment signals are 
disproportionately generated by younger, urban, and 
digitally literate populations, which can skew models and 
marginalize less represented groups (Eross et al., 2019) [20]. 
When systemic monitoring relies on such biased inputs, 
predictions risk being distorted and may fail to reflect the 
vulnerabilities of broader communities (Schoemaker, 2019) 
[42]. 
Algorithmic bias further compounds this issue. Machine 
learning systems trained on skewed datasets often reproduce 
and even amplify stereotypes, exaggerating certain 
behaviours while overlooking others (Said et al., 2014) [41]. 
When these outputs inform regulatory decisions, they risk 
unfairly penalizing specific groups or masking systemic 
weaknesses in underserved populations, creating significant 
ethical dilemmas. 
Privacy concerns are equally pressing. Mining consumer 
sentiment from social media and digital platforms raises 
questions about consent and the ethical boundaries of 
surveillance. Without robust safeguards, such practices can 
be perceived as intrusive, undermining legitimacy and 
public acceptance (Yang et al., 2014) [49]. Addressing these 
concerns requires fairness benchmarks, algorithmic audits, 
and privacy-preserving data practices that institutionalize 
ethical oversight. 
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Public trust ultimately determines the success of behavioural 
intelligence. If individuals or institutions perceive data 
collection as exploitative or biased, resistance to adoption 
intensifies, regardless of technical sophistication (Kuek et 
al., 2019) [31]. Transparency in data use, clear 

communication of objectives, and demonstrable systemic 
benefits are therefore essential to securing legitimacy. 
Without such trust and accountability, even technically 
advanced systems will struggle to gain meaningful adoption 
at scale (Schoemaker, 2019) [49]. 

 
Table 2: Key Barriers and Proposed Mitigation Strategies in Behavioural Intelligence Adoption 

 

Barrier Description Proposed Mitigation Strategy 

Algorithmic Bias Models risk reinforcing historical inequities and 
misrepresenting minority groups. 

Implement algorithmic audits, apply fairness benchmarks, and 
diversify training datasets (Said et al., 2014) [41]. 

Representativeness 
Issues 

Data skew from overreliance on digital signals 
(e.g., social media, search trends). 

Incorporate multi-source validation, weight data for demographic 
balance, and enforce sampling rigor (Eross et al., 2019) [20]. 

Ethical Concerns Risk of surveillance misuse, privacy violations, 
and erosion of user autonomy. 

Apply privacy-preserving data practices, consent frameworks, and 
ethical governance guidelines (Cooper & Coetzee, 2020) [13]. 

Technical 
Reliability 

Model instability in capturing nonlinear shocks 
across heterogeneous datasets. 

Stress-test models regularly, apply hybrid architectures, and improve 
calibration protocols (Bahrammirzaee, 2010) [3]. 

Institutional 
Resistance 

Hesitancy by regulators and financial 
institutions to adopt unproven methodologies. 

Foster pilot programs, regulatory sandboxes, and phased integration 
strategies (Yang et al., 2014) [49]. 

Public Trust Perceptions of intrusive monitoring may reduce 
acceptance and legitimacy. 

Build transparency mechanisms, public reporting standards, and 
inclusive stakeholder engagement (Kuek et al., 2019 [31]; Schoemaker, 

2019) [42]. 
 

5. Conclusion  
This study demonstrated that consumer sentiment and 
behavioural intelligence are critical to systemic risk 
monitoring. Conventional models, which rely mainly on 
financial ratios, market aggregates, and structural indicators, 
often overlook the psychological dynamics that drive 
instability. Integrating sentiment indices, survey measures, 
and digital analytics provides regulators and policymakers 
with a forward-looking perspective, enabling the detection 
of vulnerabilities before they escalate into crises. 
The findings confirm that sentiment can act as both a 
stabilizing and destabilizing force. Optimism may 
encourage growth but also inflate speculative bubbles, while 
pessimism can promote caution but accelerate contagion 
during downturns. Recognizing this dual role underscores 
the importance of embedding sentiment measures within 
surveillance frameworks, where they enhance early-warning 
capabilities and complement financial data with behavioural 
insights. Advances in computational methods and real-time 
analytics further strengthen this potential, offering tools that 
can anticipate systemic stress with greater precision. 
At the same time, challenges remain; issues of algorithmic 
bias, representativeness, and ethical governance continue to 
shape both credibility and adoption. Resistance from 
institutions and regulators, coupled with privacy concerns, 
highlights the need for transparent governance and 
responsible use of behavioural data. These barriers must be 
addressed if behavioural intelligence is to achieve wider 
legitimacy and systemic impact. Therefore, this study 
reinforces that consumer sentiment is not peripheral but 
central to financial stability. Its systematic integration into 
monitoring frameworks enhances foresight, supports timely 
intervention, and strengthens long-term resilience. Future 
research should refine sentiment-based models, address 
ethical risks, and build cross-sector adoption, ensuring that 
behavioural intelligence evolves into a cornerstone of 
systemic-risk surveillance. 
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