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ABSTRACT 

 

Value-at-Risk (VaR) has been the primary tool for market risk analysis since the 1990s. However, during the 

Global Financial Crisis of 2008 and the economic recession caused by COVID-19 in March 2020, financial 

organizations had to abandon or deactivate their use in a relatively short period. Previous studies mainly explain 

such situations through failure of the underlying statistical models used or dynamics of the process of crisis 

escalation; therefore, the process behind model abandonment remains understudied in the field of behavioral and 

organizational theory. The current study will uncover behavioral and organizational determinants driving the 

decision to abandon VaR constraints in times of financial crises and make a comparison between these 

determinants in 2008 and 2020 to see if there is any structural phenomenon underlying the process of model 

abandonment in times of financial crises, or if it is a crisis-specific contingency. For the purpose of the study, 

there will be a comparative case analysis of two crises, supplemented by the relevant literature and a survey of 

19 individuals on their trust in models and human judgment in times of tranquility and crises. In fact, the same 

mechanism has governed the abandonment of VaR constraints in times of the two crises despite different initial 

conditions (internally induced leverage excess in 2008 and exogenous shock in 2020): failure of the governance 

system, delayed escalation, and manual overrides. The latter is confirmed by the results of the survey, where the 

trust in the accuracy of the model fell from 52.6% in calm markets to only 5.3% during the crisis, and most of 

the participants depended on expert judgment rather than models. Thus, model abandonment in times of crises 

can be regarded as a structural phenomenon from the point of view of behavioral and organizational theory. 

Keywords: Value-at-Risk, financial crises, model risk, algorithm aversion, risk governance 

INTRODUCTION 

 

Since the 1990s, VaR has been extensively used to quantify risk in trading portfolios. The roots of the VaR 

concept date back to 1922, when the New York Stock Exchange mandated capital requirements for its members. 

VaR also has its roots within portfolio theory, where a very simple form of VaR was first published in 1945 

(Holton, 2002). VaR calculation involves several approaches, including the Parametric Method, Historical 

Method, and Monte Carlo Method. At the end of the first decade of the 21st century, VaR became almost 

paradigmatic in risk management, serving as the common language of risk that was used by banks, traders, and 

software developers when talking to their regulators and upper management. However, at least two times in 

twelve years, at the beginning of both the Global Financial Crisis (GFC) of 2008 and the COVID-19 market 

crisis of March 2020, this approach proved ineffective with such speed and magnitude that companies needed to 

override, modify, or even abandon it completely. It is important not only to understand the reasons for this 

happening but also to understand the nature of this problem and how it keeps repeating itself. 

Issues related to the drawbacks and weaknesses of VaR systems have been thoroughly analyzed in the scientific 

literature. In particular, for example, Artzner et al. (1999) have shown that VaR is not subadditive and therefore 

the risk of the overall portfolio might be higher than the sum of the individual risks, making VaR incoherent as 

a risk measure and implying that in some cases diversification might actually increase VaR. Danielsson (2002) 

has argued that VaR creates systemic instabilities since if all institutions react to increases in VaR simultaneously 
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and reduce their exposure, it results in systemic deleveraging, leading to dislocation of prices and an additional 

increase in VaR. As was noted by Taleb (2007), due to the reliance on historical returns of VaR, this risk measure 

systematically underestimates the likelihood and the magnitude of tail events, which are exactly the cases when 

proper risk assessment is required. Nevertheless, VaR has remained an essential element of banks' risk 

management during crisis periods. 

These vulnerabilities came to light through empirical substantiation during the Global Financial Crisis of 2007-

2009. Brunnermeier (2009) analyzed the propagation of the crisis through three interconnected amplification 

spirals—losses, margins, and liquidity—showing how risk constraints based on value-at-risk (VaR) transformed 

rational individual decisions about deleveraging into irrational collective fire sale dynamics. As asset prices fall, 

financial institutions are capitalized less while the criteria for credit and margin are tightened. This leads to fire 

sales, which lower prices and reduce funding. Adrian and Shin (2010) provided empirical proof that investment 

banks targeted VaRs in their pre-crisis operations, increasing leverage when VaR was low and decreasing it as 

VaR rose. This represented a procyclical policy leading to an increase in leverage in good times and to 

deleveraging in bad times. The Financial Crisis Inquiry Commission (2011) showed at the corporate level that 

VaR models employed by Citibank and Merrill Lynch underestimated the mortgage-related exposure, and that 

the risk managers who challenged the model were overruled by top management due to competition for revenue. 

The market disruption associated with the pandemic in March 2020 was an example of a failure of the VaR 

model that was structurally different but no less severe than others. Within the course of 22 days, global stock 

markets declined by over 30%, providing returns that could not be accounted for by any VaR model (Alfaro et 

al., 2020). According to Mihaylov and Zurbruegg (2022), the rate of exceptions ranged from 8% to 15% for 99% 

confidence VaR models of major companies in March 2020. The Bank for International Settlements (2020) 

reported that realized volatility in some markets exceeded the pre-GFC peak and led to simultaneous VaR model 

failures in various asset classes. In response, authorities decided to relax market risk capital requirements and 

allow the omission of losses related to COVID-19 from VaR model computations (Financial Stability Board, 

2020). 

Even with this rich empirical history, however, one important void exists within the literature. Previous studies 

on VaR failure have tended to approach the problem from either a technical viewpoint – assessing aspects such 

as model mis-specifications, distributional issues, and backtests – or a macroeconomic viewpoint – examining 

crisis amplification dynamics. In contrast, very little research has addressed the behavioural and organizational 

process through which organizations decide to jettison or adapt their VaR constraints during crises – that is, the 

effect of groupthink in decision making (Janis, 1982); herding behavior among institutional risk managers 

(Bikhchandani & Sharma, 2001); and the organizational governance structure through which risk information 

will be translated into action (Aebi et al., 2012). Even less research has been done through a comparative analysis 

of the GFC and the COVID-19 crises – two crises that are completely different in their underlying drivers (excess 

in finance vs. an exogenous shock), yet nevertheless demonstrate highly similar abandonment of VaR models. 

The following research design for this paper seeks to answer three different research questions. First, what were 

the key behavioral and organizational factors that motivated financial firms to discontinue using VaR constraints 

in the context of the Global Financial Crisis of 2008 and the COVID-19 crisis of 2020? Second, to what extent 

are these factors a result of the common structure of VaR-based risk management, and to what extent are they a 

consequence of crisis-related conditions? Third, what does the comparison between two crises tell us about the 

systemically vulnerable structure of VaR as an organizational risk management tool? This research question 

allows this work to make a valuable contribution to the literature on financial risk management and 

organizational behavior by proposing a comprehensive theoretical model of model abandonment. 

LITERATURE REVIEW 

There have been numerous academic articles on how financial risk models are wrong in times of crises, but how 

organizations detect such models and substitute them remains poorly researched. This study examines two crises 

– the GFC of 2007-2009 and the COVID-19 pandemic of 2020 – to identify the process of model substitution 

during a crisis. The theory behind this research is based on Adrian and Shin (2014). In their study based on the 

Federal Reserve Flow of Funds, they showed that VaR-constrained leverage is a procyclical measure – when 
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prices decline, VaR increases, making it necessary to deleverage and further amplifying the shock. Danielsson 

(2002) formulated a similar concern about how the usage of one model can change the way markets behave in a 

way that a particular model cannot predict – endogenous risk; hence, historical calibration of risk models 

becomes irrelevant during a crisis. Based on this, Danielsson, Valenzuela, and Zer (2018) investigated 211 years 

of crises in 60 countries and found that low volatility, rather than high volatility, is a predictor for crises. 

It has long been known that Value at Risk (VaR) lacks in certain respects when analyzed statistically. Cont 

(2001) proved that the distribution of financial returns is characterized by fat tails and volatility clustering, 

features that cannot be captured by models based on the normal distribution. According to Acerbi and Tasche 

(2002), VaR does not satisfy subadditivity; that is, a diversified portfolio is riskier than its components 

individually. Violation of subadditivity means that VaR does not meet the coherence principles stated by Artzner 

et al. (1999). 

The empirical evidence pertaining to the performance of Gaussian factor/credit (GFC) models is the most 

thoroughly researched in the study of O'Brien and Szerszen (2017). Using real data from the banking regulatory 

reports, they proved that internal value-at-risk (VaR) models generated clustered exception rates that 

significantly exceeded their 99% confidence level for the period of 2007-2009. On the contrary, relatively 

simpler alternatives based on GARCH models showed much better results, reflecting governance problems apart 

from modeling issues. This contagion effect was explained by Brunnermeier (2009): the correlations among 

banks' VaR models, assumed to be stable, went to unity, removing the diversification effect at a time when it 

was most needed. Acharya et al. (2017) elaborated on this theory, showing that VaR of a single firm was 

completely insensitive to the systemic risk, i.e., how its distress was contributing to the overall capital shortage. 

In response to these findings, Basel 2.5 (BCBS, 2009) demanded Stressed VaR to be estimated over a historical 

stress window of twelve months. 

COVID-19 caused unique types of model failure. When WTI Crude Oil Futures traded at -$37.63 per barrel on 

20 April 2020, CME Group made a quick change of pricing models for its options from Black-Scholes to 

Bachelier,r as Black-Scholes can never incorporate negative prices for the underlying asset (Choi, Kwak, Tee, 

& Wang, 2022). Similarly, during the pandemic, the IFRS 9 Expected Credit Loss model framework, which was 

developed after the GFC, was unable to predict credit losses due to government moratoriums on payments, 

thereby stopping default indicators used by ECL model staging algorithms (Camara, Ozkan, & Yildiz, 2023). 

According to the supervisory data collected by the ECB, management overlays contributed significantly to 

impairments at European banks in the last quarter of 2020, a result consistent with the work of Camara et al. 

(ECB, 2024). Expanding globally, Zhang, Hu, and Ji (2020) find that pre-COVID-19 VaR models had 

underestimated March 2020 losses in G-7 stock markets by 3-5 times. 

As shown in the literature on governance, model switching is significantly influenced by the institutional 

architecture. The SR 11-7 guidance of the Fed (2011) made clear that a switch requires an independent validation 

and a parallel run before the challenger switches places with the champion. It was Kupiec (1995) and 

Christoffersen (1998) who provided the statistical signals, with ten or more exceptions in backtests constituting 

a red zone and requiring a review. Backlogs of validation amounting to fourteen months were found to be the 

main structural problem by Vogl (2021). The FRTB (BCBS, 2019) made it mandatory that all firms switch from 

the Value at Risk (VaR) to the Expected Shortfall (ES), and the main technical problem was solved by Fissler 

and Ziegel (2016) in proving the joint elicitability of ES with VaR. In the future, Hutchinson, Lo, and Poggio 

(1994) showed that neural networks could learn option-pricing functions just based on the market data, and Ruf 

and Wang (2020) provided evidence that ML models beat Black-Scholes consistently. Yet, regulations limit 

their adoption because of interpretability requirements (Joshi, 2025). 

These studies suggest that there exists a theoretical basis for understanding the phenomenon of crisis-driven 

model switching as a structurally predictable consequence of the creation and regulation of financial risk models. 

GFC and the current coronavirus pandemic show that endogenous and exogenous crises create different failure 

patterns but trigger the same delayed response, a topic explored by this paper. 
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METHODOLOGY 

 

The present research paper uses a mixed-methods approach, including comparative case studies of two financial 

crises and an additional survey among finance practitioners. The comparative case study part answers the 

questions formulated in the Introduction about the causes of VaR model abandonment related to behavioral and 

organizational factors, while the survey component evaluates whether the same pattern exists at the level of the 

practitioner's decision-making. 

1. Research Design 

The comparative case study is based on the most-different-systems analysis of the 2008 Global Financial Crisis 

and the market crash in March 2020 caused by the COVID-19 pandemic. These two financial crises are selected 

for their opposite origins, the first one being an endogenous, highly-leveraged, and excessive process in the 

financial system, while the second one represents an exogenous event (a public health shock). Both crises have, 

however, led to a massive and fast abandonment of VaR-based risk management techniques. 

2. Case Study Component 

For the case study component of the research, evidence was gathered from secondary sources, including the 

peer-reviewed scientific literature onthe  VaR model, model risk, and crisis behavior; regulatory publications 

(Financial Crisis Inquiry Report, Basel Committee guidelines, Federal Reserve supervisory communications, 

Bank for International Settlements and Financial Stability Board); and market data on volatility and VaR 

exception rate. These sources were categorized according to three different approaches utilized in the paper: 

model failure (technical issues such as distributional assumptions and backtesting exceptions); crisis 

amplification (issues of leverage, fire sales, and endogenous risk); and behavioral/organizational aspects 

(including groupthink, herding, and escalation of commitment). 

Two crises were compared thematically to reveal the causes that are specific to each of the crises and those that 

are common to both of them. 

3. Survey Component 

The survey is conducted in order to examine whether the patterns observed in the case studies also exist at the 

level of individual practitioners' decisions. It is collected through Google Forms; it is distributed to the population 

of convenience, i.e., finance professionals and other people with some experience in financial decision-making. 

Only 19 responses were received (N=19); 63.2% of the respondents identify themselves as finance professionals, 

and 47.4% of them are aged 18-30 years old. Given this small number of responses, the survey can be considered 

an illustrative example and not a representative measure of practitioners' opinions. 

The survey instrument includes 15 questions divided into five thematic blocks: general awareness about model 

accuracy and predictability of the market; perceptions of risk and reliance on the model for making decisions; 

decision-making under the conditions of a crisis; behavior in terms of escalation and accountability; and 

comparative trust in models and human decision-making. For most items, categorical scales are used (single-

select), ranging from "very" to "not" and "high" to "low"; the percentage of all respondents answering in a certain 

way is computed for further analysis. 

4. Data Analysis Methods 

The case study findings were analyzed qualitatively by comparing thematically the mechanisms described in the 

literature as applicable to each crisis. The findings from the survey questions were analyzed descriptively by 

calculating the percentages of responses to each of the questions thematically and comparing those percentages 

to the patterns of crisis abandonment found in the case studies, e.g., the change in survey trust level from calm 

to crisis situation being compared to the switch from use of models to manual intervention observed in the GFC 

and COVID-19 crises. No inferential statistics were performed on the survey data due to its small size. 
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Data Analysis 

Overview 

N = 19, collected via an online Google Forms survey. 63.2% are working professionals; 47.4% are aged 18-30. 

General Awareness 

Q4 — Model accuracy (calm markets) 

Response % 

Accurate 36.8% 

Neutral 26.3% 

Very accurate 15.8% 

Very inaccurate 10.5% 

Somewhat inaccurate 10.5% 

52.6% call models accurate in calm markets — consistent with "algorithm appreciation," where algorithmic 

judgment is favored absent visible errors (Logg et al., 2019). 

Q6 — AI vs. human forecasting 

Response % 

Probably yes 26.3% 

Probably not 21.1% 

Unsure 21.1% 

Definitely not 15.8% 

Definitely yes 15.8% 

Split down the middle: 42.1% back AI, 36.9% don’t, 21.1% unsure. 

Q10 — Market predictability 

Response % 

Somewhat predictable 26.3% 

Equally predictable/unpredictable 26.3% 

Mostly unpredictable 26.3% 

Completely unpredictable 15.8% 

Mostly predictable 5.3% 
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Views split three ways; 42.1% lean toward markets being unpredictable. 

Risk Perception 

Q5 — Invest in the model alone? 

Response % 

Probably not 26.3% 

Definitely not 26.3% 

Probably yes 21.1% 

Unsure 21.1% 

Definitely yes 5.3% 

52.6% would not invest in a model’s word alone — a mild "algorithm aversion" signal even amid general 

trust (Dietvorst et al., 2015). 

Q8 — Top AI concern 

Response % 

Lack of transparency 26.3% 

Bias in algorithms 26.3% 

Lack of human oversight 21.1% 

System failures 15.8% 

No major concerns 10.5% 

Transparency and bias (52.6% combined) worry people far more than system failure. 

Crisis Decisions 

Q7 — Model accuracy (crisis) 

Response % 

Somewhat inaccurate 42.1% 

Very inaccurate 31.6% 

Neutral 21.1% 

Very accurate 5.3% 

Trust collapses under pressure — 73.7% call models inaccurate, the clearest algorithm-aversion swing in 

the dataset (Dietvorst et al., 2015). 
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Q15 — First move if model misbehaves 

Response % 

Flag to the senior risk manager 36.8% 

Run an alternative model in parallel 26.3% 

Continue, but document my concern 15.8% 

Manual override of output 15.8% 

Trust the model completely 5.3% 

63.1% escalate or cross-check first — the opposite of the automation complacency Parasuraman and 

Manzey (2010) describe in over-reliant users. 

 Organizational Behavior 

Q11 — AI without human approval? 

Response % 

Never 31.6% 

Rarely 26.3% 

Sometimes 26.3% 

Often 15.8% 

57.9% want AI to rarely or never decide alone — guarding against the "automation bias" Parasuraman 

and Manzey (2010) document in routine reliance. 

Q12 — Who is responsible for AI losses? 

Response % 

Shared responsibility 36.8% 

The financial institution 21.1% 

The software developers 15.8% 

Regulators 15.8% 

The investor 10.5% 

Most (36.8%) see responsibility as shared, not any single party’s. 

Q13 — Voice concerns to a superior? 

Response % 

Likely 26.3% 
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Very likely 26.3% 

Neutral 21.1% 

Unlikely 15.8% 

Very unlikely 10.5% 

52.6% would push back on a risky call; 26.3% would stay quiet. 

 Trust: Models vs. Judgment 

Q3 — Trust: models or intuition? 

Response % 

Both equally 36.8% 

Mostly mathematical models 31.6% 

Mostly intuition 15.8% 

Human intuition 15.8% 

“Both equally” leads (36.8%); trust in models ties with trust in intuition (31.6% each). 

Q9 — Model vs. expert disagreement 

Response % 

Both equally 26.3% 

Mostly expert 26.3% 

Expert only 26.3% 

Mostly model 15.8% 

Model only 5.3% 

Experts beat models head-to-head, 52.6% to 21.1% — aversion resurfaces once a model is directly 

challenged. 

Q14 — Biggest factor in high-stakes calls 

Response % 

Balance of data & judgment 42.1% 

Quantitative evidence 26.3% 

Team consensus 15.8% 

Senior leadership opinion 10.5% 

Historical precedent 5.3% 

42.1% want a deliberate blend of data and judgment — the top answer. 
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Key Findings 

●       Trust splits evenly across models, intuition, and "both equally" — no dominant camp. 

●       Model trust flips hardest under pressure: 52.6% accurate (calm) vs. 73.7% inaccurate (crisis). 

●       Experts beat models head-to-head, 52.6% to 21.1%. 

●       57.9% limit AI’s autonomy; 63.1% escalate a misbehaving model rather than trust it blindly. 

●       Top AI worry is transparency/bias (52.6%); hierarchy still silences about a quarter of dissent (26.3%). 

DISCUSSION 

This part will analyze the survey in light of this paper's key research question: Does trust in financial models 

shift toward human judgment after a crisis? This conflict is reflected in the literature on behavioral finance by 

the opposition between algorithm aversion – rejection of the algorithm's decision-making due to its past mistakes 

(Dietvorst, Simmons, & Massey, 2015), and algorithm appreciation – preference for algorithmic judgments 

under a stable and error-free environment (Logg, Minson, & Moore, 2019). The survey of 19 respondents 

represents this conflict on a micro-level and is consistent with the pattern of model switching after a crisis 

revealed during the analysis of the 2008 and COVID-19 cases. 

The key finding of the survey is the change in opinions between Q4 and Q7 – financial models are trusted in 

normal circumstances (52.6%) – algorithm appreciation, but this becomes the opposite after a crisis emerges 

(73.7% of answers state that the models are inaccurate). The same transformation is observed in Q9, where 

experts are preferred over algorithms, which is consistent with the findings of Dietvorst et al. (2015), who 

discovered that visible mistakes reduce trust in algorithms excessively. Additionally, the respondents' opinions 

are consistent within the model-oriented respondents in Q3, who also chose "quantitative evidence" in Q14. 

In both case studies, the same pattern emerges. Degiannakis, Floros, and Livada (2012) demonstrate that Value-

at-Risk models, calibrated based on the assumption of normal distribution, underestimated the risks of the 2008 

financial crisis. A similar situation occurred in March 2020, when algorithmic trading increased market 

volatility, and practitioners turned to manual judgments because models encountered situations outside of their 

operational range. In the survey, this behavior is reflected in the decrease in trust from 52.6% (Q4) to almost 

zero (Q7) upon the introduction of a crisis. 

Distrust of AI is not related to the mistakes of systems, but rather to the lack of understanding of how they work 

– transparency and bias issues (52.6% together) prevail over system-failure concerns (15.8%). This reflects the 

"black box" problem discussed throughout the algorithm aversion literature. Upon encountering a mistake in the 

model, 63.1% of respondents check or escalate the situation – the opposite behavior compared to automation 

complacency described by Parasuraman and Manzey (2010) for overreliant users. Age may be an influential 

factor – three out of four older (55+) respondents preferred intuition 

The respondents prefer shared control over total automation, with 57.9% restricting AI’s decision-making 

powers, thus avoiding the automation bias described by Parasuraman and Manzey (2010), and "shared 

responsibility" (36.8%) winning out over any single party as the most appropriate for AI-loss accountability. 

Hierarchies matter – 26.3% of respondents say that they would remain silent on their concerns about a potentially 

faulty decision made by their superior, much like escalation gaps observed in 2008 and COVID-19 studies. 

Neither model nor humans win in this situation: 42.1% of respondents want a deliberate combination of both in 

the decision-making process for important cases, the top individual response. This supports the idea that the 

middle-ground approach is the way forward, as advocated in recent algorithm aversion/appreciation literature 

(Müller and Bostrom, 2016). It suggests that models should be considered inputs for human decision-making 

with an emphasis on transparency, the top-cited issue. 
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N=19 is small – each respondent makes up 5.3% of the total and is more a signal than a precise result; moreover, 

all cells are too small for meaningful statistical analysis. Background information is self-reported without 

additional verification beyond "Working Professional" (63.2%).  

Despite small numbers, results mirror the literature: trust in models is highest in calm markets and lowest in 

times of crisis, at which point human judgment takes over. This is the key empirical basis of the argument made 

in this paper regarding crisis-driven shift to model switching, and a mini-confirmation of the algorithm 

aversion/appreciation pattern in the practitioner population during real crises. 

CONCLUSION 

The objective of this research was to identify the factors of behavior and organization behind the abandoning of 

Value-at-Risk (VaR) models during the 2008 Global Financial Crisis and the March 2020 COVID-19 crash and 

to examine whether there is a structurally recurring pattern in the comparison of those two cases or whether each 

event is a standalone narrative. From the comparative case analysis, it can be seen that this is indeed the case. 

Even though the origins of both crises differed greatly (endogenous build-up of financial leverage in 2008 vs. 

exogenous shock to public health in 2020), in both instances the same sequence was triggered by the event: VaR 

models exceeded their statistical bounds more often than expected given the level of confidence; escalation of 

the warning signals issued by risk managers and committees was delayed; and eventually companies and 

regulators had to rely on manual overrides, stressed add-ons, and other emergency measures, instead of using 

models. Thus, the recurring pattern of the process, despite the nature of the trigger,r makes up the core empirical 

contribution of the paper: VaR abandonment in the time of crises is an organizational response to a specific 

structural weakness—a model calibrated on stable data is demanded to govern decisions when the stability of 

the environment is lacking. 

The supplementary survey adds an extra level of empirical support to the pattern on the individual judgment 

side. Model accuracy was perceived as reliable when there was no crisis in the market environment, but it 

degraded when the crises did occur, and the choice of expert judgment over a model when the two conflicted 

was evident, which is consistent with the algorithm aversion literature. At the same time, the participants of the 

survey were not likely to disregard the models completely—the most frequent answer was a conscious mixture 

of data and human judgment in crucial situations, and the majority chose escalation or cross-checking of a model 

instead of a silent override or blind faith in it. Thus, in light of the case study evidence, it is reasonable to say 

that the behavioral response to crisis-era model failure does not imply abandoning quantitative risk management 

at all. We set out to identify the behavioural and organisational drivers behind the abandonment of Value-at-

Risk during the 2008 Global Financial Crisis and the March 2020 COVID-19 crash, and to ask whether a 

comparison of the two episodes reveals a structurally recurring pattern rather than two unrelated, crisis-specific 

stories. 

Indeed, the comparative case analysis demonstrates that VaR models do have such a pattern of behavior. The 

fact is, despite the two crises having arisen due to totally different reasons—an internal accumulation of leverage 

in the financial sector in 2008 compared to an external health-related shock in 2020—the both produced an 

identical sequence of events: VaR models failed to comply with their statistical boundaries more often than it 

should be expected from their confidence levels, the warnings about that problem were not escalated timely by 

risk managers and control agencies, and eventually, the models were abandoned in favor of manual overrides, 

stressed additions, and special temporary measures. That this happened twice due to totally different triggers 

constitutes the key empirical finding of the present research: VaR abandonment during crises seems more like a 

predictable organizational response to a certain structural feature than a set of separate cases of models' failure, 

namely, asking models based on historically stable data to make decisions at times of instability. 

The supplementary survey adds another level of evidence to the above pattern from the perspective of individual 

judgment. The trust in models' accuracy was relatively high in normal conditions, but disappeared immediately 

after a crisis scenario appeared, and participants chose experts' judgments over models if there was a clash 

between the two, which confirms the algorithm aversion findings. At the same time, respondents did not want 

to abandon the models in any way: the most common answer given to the scenario was to use both data and 

judgment in high-stakes decision-making, and most of the survey's participants stated they would escalate or 
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check the warning sign of the model's misbehavior rather than ignore it or accept it unconditionally. In the light 

of the case studies' results, it becomes clear that the reaction to crisis-era VaR models' failure has nothing to do 

with abandoning quantitative risk management per se. However, this is accomplished through stricter human 

control of the process. 

Combining results from case studies and survey data, this paper presents an integrated theory of model 

abandonment based on a synthesis of three distinct viewpoints: (i) technical features of the Value at Risk model 

(fat tail, non-subadditivity, and historical calibration), (ii) amplification mechanisms introduced by such features 

in times of crisis (leverage cycle, fire sale, and endogenous risk), and (iii) behavioral aspects, including 

groupthink and herding, which govern the pace and transparency of the organizational abandonment of the 

model. An integrated approach represents the main contribution of this work; this paper does not offer another 

model of risk measurement but instead gives explanations of why certain VaR properties produce similar 

reactions in times of crisis. The results have practical implications for risk management. As the time lag between 

the breakdown of the model and organizational actions was common to both crises considered, the automation 

of escalation processes triggered by backtesting exceptions rather than discretionary escalation by risk managers 

may shorten this gap. Furthermore, due to the reluctance of survey respondents to use only model output and 

discretionary judgement, risk frameworks involving formalized human override procedures in addition to model 

output may align better with the preferences of practitioners in stressful conditions. Moving to Stressed VaR and 

then to Expected Shortfall after the Global Financial Crisis as part of the Basel III reform demonstrates the same 

regulatory tendency. 

This paper has several significant limitations. In regard to case studies, the lack of access to internal bank 

documents about their risk-committee decisions forces this paper to describe them, relying only on secondary 

literature and available public regulatory materials. Surveying a small sample (N = 19) of a self-selecting type 

means that percentages derived from it should be understood as indicative but not representative of practitioners' 

opinions; a single response holds over five percentage points of total responses, which limits the evidentiary 

value of the survey. Future research may continue comparing different crises using the methodological approach 

applied here in regard to other recent events, such as the 2022 gilt market disruption in the UK or regional bank 

stress in the US in 2023, to determine if this abandonment pattern remains relevant. Another potential future 

research might involve combining a bigger survey sample and accessing the internal documentation of model 

governance processes. 
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