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Abstract

In this paper, as a first step, we use the Multi-Scale Log-Periodic Power Law Singularity Confidence
Indicator (MS-LPPLS-CI) approach to detect both positive and negative bubbles in the short-, medium-
and long-term in the stock markets of the G7 countries. While detecting major crashes and booms in
the seven stock markets over the monthly period of 1973:02 to 2020:05, we also observe similar timing
of strong (positive and negative) LPPLS-CIs across the G7, suggesting synchronized boom-bust cycles.
Given this, in the second step, we apply dynamic heterogeneous coefficients panel databased
regressions to analyze the predictive impact of a model-free robust metric of oil price uncertainty on
the bubbles indicators. After controlling for the impacts of output growth, inflation, and monetary
policy, we find that oil price uncertainty predicts a decrease in all the time scales and countries of the
positive bubbles and increases strongly the medium term for five countries (and weakly the short-term)
negative LPPLS-CIs. The aggregate findings continue to hold with the inclusion of investor sentiment
indicators. Our results have important implications for both investors and policymakers, as the higher

(lower) oil price uncertainty can lead to a crash (recovery) in a bullish (bearish) market.
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1. Introduction

As pointed out by Bernanke (1983) and Pindyck (1991), investment under uncertainty and real options
implies that high oil price uncertainty creates cyclical fluctuations in investment by lowering the firms’
incentive for current investment. This, in turn, affects cash flows generated by a firm and the discount
rate used to calculate stock prices and, hence, negatively impacts stock prices and/or stock returns
(Swaray and Salisu, 2018; Chen and Demirer, 2022). Moreover, since stock prices are the sum of
discounted cash flows, including dividends, oil price uncertainty can adversely affect stock prices by
decreasing the overall profit that a firm generally uses to pay dividends, with this resulting from the
fact that firms need to bear additional costs to avoid risk associated with oil price uncertainty (Demirer
et al., 2015). The theoretical prediction that oil price uncertainty negatively drives international stock
prices and or/returns via the investment and dividends channels has been widely empirically evaluated
(see, for example, Sadorsky (1999), Basher and Sadorsky (2006), Masih et al., (2011), Alsalman (2016),
Diaz et al., (2016), Bass (2017), Benavides et al. (2019), Rahman (2021), Balcilar et al. (2022), and
Salisu et al. (2022)).

While existing studies tend to agree that oil uncertainty would adversely impact equity prices
and/or returns, an associated important question would be how does it affect stock market bubbles, i.e.,
its boom-bust cycles? Intuitively, if stock prices are accelerating away from their fundamental value,
higher (lower) oil uncertainty is likely to lead to a burst of the bubble (further growth) in the market.
While the decline in stock prices would continue in the wake of higher oil uncertainty, a rally could be
witnessed when oil price uncertainty declines. Moreover, Zhang and Wong (2023) pointed out that oil
price uncertainty negatively impacts stock liquidity, which, in turn, is central to the efficient functioning
of trade and investor confidence in the financial markets. Naturally, deteriorating (improving)
investment confidence following higher (lower) oil uncertainty could also lead to a collapse (recovery)
of the stock market (see, Scherbina and Schlusche (2014) for detailed discussions of the theoretical
models, based on investor disagreement, feedback trading and biased self-attribution, used to relate
investor sentiment or confidence to bubbles). Understandably, with tremendous fluctuations in oil
prices witnessed since the Global Financial Crisis, what we propose to investigate in this paper is
pertinent from the perspective of not only investors but also policymakers, as bubbles are known to
historically not only impact economic activity (Reinhart and Rogoff, 2009; Jorda et al. 2015), but also
welfare (Narayan et al., 2016).



Against this backdrop, we aim to analyze the effect of a robust metric of oil uncertainty on stock
market bubbles of the G7 countries (i.e., Canada, France, Germany, Italy, Japan, the United Kingdom
(UK), and the United States (US)) over the monthly period of 1973:02 to 2020:05 in a panel data setting.
The choice of the G7 is not only driven by the availability of data that allows us to cover nearly five
decades of extreme movements in the stock markets of these developed economies but also due to the
fact that the G7 bloc accounts for nearly two-thirds of global net wealth and nearly half of world output,
and hence, dynamics of bubbles in these stock markets are likely to have worldwide spillover effects
and impact the sustainability of the global financial system (Das et al., 2019). At the same time, the
decision to rely on panel data regressions is motivated by the high degree of synchronization of the
indicators of the bubbles of these countries, which we discuss in detail below. But even though we
conduct the estimation in a panel setting, we allow for heterogeneous responses of bubbles to oil
uncertainty (and other controls) by utilizing the Random Coefficients (RC) approach of Swamy (1970)

to derive both overall and country-specific results.

As far as detecting bubbles, we not only use the Log-Periodic Power Law Singularity (LPPLS)
model, originally developed by Johansen et al. (1999, 2000) and Sornette (2003), for both positive
(upward accelerating price followed by a crash) and negative (downward accelerating price followed by
a rally) bubbles, but we also apply the Multi-Scale LPPLS Confidence Indicators (MS-LPPLS-CI) of
Demirer et al. (2019) to characterize positive and negative bubbles at different time scales, i.e., short-,
medium- and long-term, corresponding to estimation windows associated with trading activities over
one to three months, three months to a year, and one year to two years, respectively. Note that the
identification of both positive and negative multi-scale bubbles is not possible based on other existing
wide array of statistical tests (see, Balcilar et al. (2016), Zhang et al. (2016), and Sornette et al. (2018)
for detailed reviews), which points to the suitability and added value of our applied methodology. In
fact, we consider this as important because it would allow us to gauge the possible asymmetric effect of
oil uncertainty on the equity market bubbles of the G7, given that crash and recovery at different horizons
can carry different information for market participants as suggested by the Heterogeneous Market
Hypothesis (HMH; Miiller et al., 1997). To the best of our knowledge, this is the first paper to analyze
the effect of oil uncertainty on six indicators of multi-scale positive and negative bubbles in the G7

countries based on a heterogeneous coefficients panel data model.

The remainder of the paper is organized as follows: Section 2 discusses the data and the basics of



the econometric model. Section 3 presents the empirical findings involving the detection of bubbles, as
well as the effects of investor sentiment on the six LPPLS-CIs of bubbles in the panel of G7 countries.

Finally, Section 4 concludes the paper.
2. Data and Econometric Model
2.1. Data

We first obtain weekly bubble indicators, derived based on the natural logarithmic values of the daily
dividend-price ratio of the seven countries, using the dividend and the stock price index series in their
local currencies, obtained from Refinitiv Datastream. Appendix A of the paper outlines the
mathematical details of how the MS-LPPLS-CIs are obtained. The generated bubbles indicators cover
the weekly period of the first week of January, 1973 to the fourth week of May, 2020. Since our
controls, following Caraiani et al. (2023), namely, the macroeconomic variables, besides the indicator
of oil uncertainty, are at a monthly frequency, to obtain a monthly value for each of the multi-scale
confidence indicator, we take the average for each of the scales weekly values that fall within a given

month.

The evolution of the MS-LPPLS-CIs can be used to detect crashes and rallies in real time. To this
end, we plot the short-, medium-, and long-term indicators (green, purple, and red lines) while we show
the log price-to-dividend ratio as a black line in Figure 1(a). A larger LPPLS-CI value for a particular
scale shows that the LPPLS signature is present for many of the fitting windows to which we calibrated
the model, making it a more reliable bubble indicator. The key message conveyed by Figure 1(a) is that

there are many peaks in the LPPLS-CIs preceding substantial shifts in the log price-to-dividend ratio.

We note that the bubble indicators across the G7 countries, in general, display peaks in the periods
corresponding to crashes and recoveries before and around the collapse of the Bretton Woods system
in 1973, the “Black Monday” episode in 1987, the Asian Financial Crisis of 1997, the Dot-com bubble
burst from 2000 to 2002, the Global Financial Crisis of 2007 to 2008, the European sovereign debt
crisis from 2009 to 2012, the “Brexit” in 2016, and to some extent during the COVID-19 episode. In
other words, the MS-LPPLS-Cls are capable of providing leading information on all the major episodes

of booms and busts witnessed globally from 1973 to 2020.

In general, smaller crashes or rallies can best be recovered using shorter time scales, while longer

time scales help to detect larger crashes or rallies, with the short-term LPPLS-Cls preceding the



medium-term ones, and the latter leading the long-run indicators, i.e., maturation of the bubble heading
towards instability is present across several distinct time-scales. More importantly, we observe a similar
timing of the strong (positive as well as negative) MS-LPPLS-CI values in the cross-section of G7
countries, in line with the intuition that boom and bust cycles of the seven developed equity markets
often occur in tandem, motivating the need to use a panel-based approach to analyze the impact of oil

price uncertainty on stock market bubbles.
[INSERT FIGURE 1]

Next, we next turn our attention to the main predictor, i.e., oil price uncertainty, depicted in Figure
1(b). One must realize that uncertainty is a latent variable, and needs to be measured. Given this,
majority of the studies, mentioned in the introduction, rely on univariate or bivariate Generalized
Autoregressive Conditional Heteroskedasticity (GARCH) models applied to the oil price returns to
derive metrics of oil price uncertainty to relate to stock price and/or returns. In other words, GARCH-
based oil price uncertainty is fully determined by changes in the level of oil price, and as a result, it is
impossible to disentangle uncertainty about the oil price and changes in the oil price level (Jo, 2014).
Given this, Rahman (2021) proposes a new measure of oil price uncertainty by utilizing Stochastic
Volatility (SV) in a Structural Vector Autoregressive (SVAR) model (involving oil and stock prices,
and a monetary policy instrument). In this model, oil price uncertainty is the conditional variance of
the oil price change forecast error, and thus, it evolves independently of any change in the oil price
level.! Despite the innovativeness of this approach over GARCH-based models in measuring oil price
uncertainty, the metric is not free from the structure of any specific theoretical model. Given these
empirical issues in constructing an appropriate metric of oil price uncertainty, Nguyen et al. (2021)
have proposed a novel construction of the oil price uncertainty index that is unconditional on a model.?
These authors develop a measure of oil price uncertainty as the one-period-ahead forecast error variance
of a forecasting regression with SV in the residual terms. The novelty of this construction approach lies
in its flexibility in including a large number of additional information that is important in explaining
fluctuations in oil prices, namely, exchange rate, oil production, global economic condition and co-

movement in the fuel market. In this sense, the index is able to capture uncertainty in oil prices rather

! Using this framework, Rahman (2021) provides evidence that increased oil price uncertainty has a negative
effect on (real) stock returns of the US.

2 The data for the oil uncertainty index can be obtained from the website of Dr. Bao H. Nguyen at:
https://sites.google.com/site/nguyenhoaibao/datasets/oil-market-uncertainty?authuser=0.




than volatility as measured by both GARCH and SV models.

According to Figure 1(b), heightened oil price uncertainty coincides with the first and second oil
crises of 1973 and 1979. These events are also associated with substantial positive and negative stock
market bubbles across all G7 countries, as evident from Figure 1(a). Following the oil crises of the
1970s, oil uncertainty peaked again during the first half of 1986, coinciding with a prolonged period of
positive stock market bubbles across all G7 countries and at short- medium- and long-term time scales.
A strong bull market overdue for a correction since 1982, exacerbated by heightened oil uncertainty,

culminated in the Black Monday stock market crash of October 1987.

Iraq’s invasion of Kuwait in 1990 had significant ramifications for global stock markets, leading
to increased uncertainty and bearish sentiment. The invasion led to a sharp spike in oil prices and
consequently increased inflation and reduced economic growth, typically negative for stock market
performance. As with many geo-political crises, investors pull out riskier assets like equities and move
towards safer assets such as gold and government bonds. This effect shows up as positive asset bubbles,

most notably in Germany and the US.

The next episode of heightened oil market uncertainty started towards the end of 1998, with
substantial positive stock market bubbles across all countries, but most pronounced for the US. The
positive bubble indicators for the US remained high up to 2002, reflecting both the impact of the East-

Asian crisis and the Dot-Com Bubble on global stock markets.

Our model-free estimate of oil price uncertainty indicates another spike towards the end of 2008, further

negatively contributing to the Global Financial Crisis.

As is further evident from Figure 1(b), the COVID-19 pandemic, which emerged at the end of
2019 and became a global health crisis in 2020, had profound effects on the global economy and various
industries, with the oil and gas industries most severely impacted through a collapse in demand, storage
issues and a price war between major oil producers in the OPEC+ group. The pandemic also accelerated
discussions about the future of oil and the potential for a more rapid transition to renewable energy
sources — leading to a significant increase of uncertainty in the oil market, driven by not only immediate
demand-side shocks but also longer-term considerations about the future of energy consumption.
Although most countries in the sample register some positive bubble effects, positive bubbles are most

noticeable in the case of the US.



Regarding the macroeconomic control variables included in the analysis, we use month-on-month
growth of industrial production, month-on-month Consumer Price Index (CPI)-based inflation rate, and
change in the interest rate, with all transformations to the data ensuring stationarity of the variables
under consideration, as per the unit root testing approach of Im et al. (2003). As far as the interest rate
variable is concerned, we use the three-month money market interest rates, merged with the Shadow
Short Rate (SSR) of the individual countries (of course, from 1999 onwards France, Germany, and Italy
have the same values), from the time the latter became available. Industrial production, CPI, and the
money market interest rates are all sourced from the Main Economic Indicators (MEI) database of the
Organization for Economic Co-operation and Development (OECD).? Specifically speaking, barring
the US data, which begins in 1985:11, the SSRs of the remaining six countries are available from

1995:01.%

Ultimately, based on data availability and transformations to ensure stationarity, our panel
databased regression covers monthly data from 1973:02 to 2020:05. Though the model-free measure
of oil price uncertainty starts in 1975:02 and ends in 2020:05, in line with the extant literature on oil
uncertainty and stock price, we also use GARCH-based measure of the former in our estimations, which
in turn, based on the West Texas Intermediate (WTI) oil price log-returns can be computed from
1973:02, with the data on oil price derived from the Global Financial Data.’ This is important for us, as
it not only allows us to go two years back in time to relate oil price uncertainty with the bubbles

associated with the collapse of the Bretton Woods system but also provides a robustness check.

3 https://www.oecd.org/sdd/oecdmaineconomicindicatorsmei.htm.

4 The SSRs are derived from the website of Dr. Leo Krippner: https://www.ljkmfa.com/. Note that, the SSR
estimates used in this paper are derived from the works of Krippner (2013, 2015), due to their coverage involving
the G7, besides being considered an improvement over those obtained by Wu and Xia (2016) (for the Euro area,
the UK and the US), as discussed in detail by Krippner (2020). The SSR is based on models of the term-structure,
which essentially removes the effect that the option to invest in physical currency (at an interest rate of zero) has
on yield curves, resulting in a hypothetical “shadow yield curve" that would exist if the physical currency were
not available. The “shadow policy rate” generated in this manner, therefore, provides a measure of the monetary
policy stance after the actual policy rate reaches zero. The main advantage of the SSR is that it is not constrained
by the Zero Lower Bound (ZLB), and thus allows us to combine the data from the ZLB period with that of the
non-ZLB era, and in turn to use it as the common metric of monetary policy stance across the conventional and
unconventional monetary policy episodes.

3 https://globalfinancialdata.com/.




2.1. Econometric Framework

To capture the predictive effect of oil price uncertainty on equity market bubbles at various time scales,

we specify the following dynamic panel data model:
eq_bubblei]’t = Boi + ﬂllieq_bubblei]’t_l + B2,i00Uit—1 + PriZit—1 T Eir (1)

where eq_bubblei]"t = {lt_negi_t,mt_negi’t, st_negi’t_lt_posi_t,mt_posi_t,st_posi’t},j =12,..,6
represents negative and positive equity market bubbles at short, medium and long-run time scales,
which correspond to estimation windows associated with trading activities over one to three months,
three months to a year, and one year to two years, respectively (see, Appendix A for further details);
opu;;_ is the one-period lagged oil price uncertainty, which involves either the metric developed by
Nguyen et al. (2021) or the GARCH-based one; while Z;_; is the set of lagged macroeconomic
control variables, with Z/,_; = {ip _growth; ;_q,infl; 4, ir_dif fi,t—l}r comprising industrial
production growth, CPI inflation, and changes in interest rates. The f's in Equation (1) capture the
cross-section-specific (country-level) parameters associated with the predictors, which also involves
the lagged MS-LPPLS-CIs of the G7 in an attempt to capture the persistence of these indicators. The
idiosyncratic error term (&; ¢) is distributed with mean zero and variance o;; 1. The model is estimated

using the Random Coefficients (RC) approach, as discussed in Appendix B.
3.  Empirical Findings

In this section, the Random Coefficient (Swamy, 1970) estimation results for Equation (1) for all
countries combined, as well as the country-specific results of the effect of oil price uncertainty on equity

market bubbles, are reported.

We model the lagged impact of oil price uncertainty on equity market bubbles to capture the notion
of predictive impact and avoid any possible concerns of endogeneity.® The impact of lagged opu on

negative and positive equity market bubbles across the three time scales are presented in Table 1.

[INSERT TABLE 1 HERE]

% Note that, the application of the Hausman (1978) test suggested that oil price uncertainty and the control
variables are exogenous to the specification, with complete details of these results available upon request from
the authors. Hence, in Table C1 in Appendix C we depict the contemporaneous effects of all the predictors.



From Table 1, it is evident that, in line with the observations made in Figure 1, with relatively
longer time scales capturing stronger crashes or rallies, the persistence, which is always statistically
significant at the 1% level, increases as we move from the short- to the long-term positive and negative
LPPLS-CIs. More importantly, as per our intuition outlined in the introduction, lagged oil price
uncertainty exerts a positive and negative impact on the negative and positive MS-LPPLS-Cls,
respectively.” While the effect is statistically significant at the 1% level across all the time scales of the
positive bubbles, significance (at 10% and 1%, respectively) is observed for the cases of the short- and
medium-term negative bubbles.® In sum, lagged higher oil price uncertainty is likely to cause a burst in
the stock market relatively more strongly, as depicted by the higher absolute value of the regression
coefficient related to oil price uncertainty when it is in its bullish phase, than further collapse in its
bearish state. This evidence of asymmetry in terms of the strength and significance of the effect of oil
price uncertainty provides us with a strong justification for decomposing bubbles into their positive and
negative counterparts. This result is possibly an indication that market agents tend to react less to (oil
price uncertainty) news, in particular during deep stock market downturns, as captured by the long-
term negative LPPLS-CI, as sentiments are already low (Cepni and Gupta, 2021; Cepni et al., 2023),
especially given that they might have foreseen the situation with short- and medium-term indicators

leading long-horizon bubbles, as shown in Figure 1.

As far as the effects from the other controls are concerned, they are somewhat sporadic, especially
for output growth and changes in interest rates. For instance, in line with economic sense, higher growth
in industrial production reduces the negative long-term-LPPLS-CI and increases the positive medium-
term-LPPLS-CI in a statistically significant manner. Higher inflation can be considered bad news and
is found to significantly increase the negative short- and long-term-MS-LPPLS-Cls, whereas the effect
is opposite, in a statistically significant fashion, for all the scales of the positive LPPLS-ClIs. Finally,
the lagged interest rate tends to increase and reduce, at conventional statistically significant levels, the
short-term negative and positive bubbles indicators, respectively, in line with what is expected. But, a
weak counter-intuitive negative effect is detected for the negative medium-term LPPLS-CI. All in all,

inflation, like oil uncertainty, tends to carry quite a strong influence on the MS-LPPLS-ClIs, especially

7 These results in terms of sign are also confirmed, along with delayed significant effects, in Figure C1 in the
Appendix, via impulse response functions, following an oil price uncertainty shock, identified using Cholesky
decomposition, on six Panel VAR (PVAR) models with variables ordered as follows: opu, ip_growth, infl, ir_diff,
and a specific MS-LPPLS-CI for the G7.

8 These findings are consistent for contemporaneous opu, as reported in Table C1.



in the context of positive bubbles.

We next turn to country-specific results for the sample of the G7 economies to understand the
drivers of the overall results, with the tests of parameter constancy, barring the cases of short-, and
long-term positive LPPLS-ClIs, suggesting statistically different slope parameters of the predictors, i.e.,
heterogeneous impacts. Table 2 presents the results for the impact of lagged opu on negative and
positive equity market bubbles at the short-, medium-, and long-term scales. Consistent with the overall
strong results in Table 1 for positive MS-LPPLS-ClIs, we find that barring the case of the short-term
positive bubbles indicator of Italy, oil price uncertainty tends to predict a decline of the positive MS-
LPPLS-CIs in a statistically significant manner in all other twenty instances. Comparatively, as shown
in Table 1, the country-specific effects for the negative MS-LPPLS-CIs are weak, with the overall
strong effect for the medium-term being driven by France, Germany, Italy, Japan and the UK.
Interestingly, while the overall effect is insignificant for the positive long-term-LPPLS-CI, significance
is observed for France and Japan, with counter-intuitive insignificant effects observed for the UK and
the US (likely to have nullified the aggregate influence). At the same time, while weak predictive
content is shown to be carried by lagged oil uncertainty for the short-term negative LPPLS-CI, there is
no evidence of significance at the country level under this case. The reason behind this is technical,
with the software (STATA, Version 18, in this case) not allowing for producing bootstrapped standard
errors for the country-specific parameter estimates, unlike that in the overall case. In fact, if we do not
bootstrap the standard errors for the results in Table 1, the response of the short-term negative LPPLS-
Cl to opu is no longer significant at the 10% level. More importantly, the other predictive effects from
opu, i.e., on all three time scales of the positive bubbles indicators and on the medium-term negative
LPPLS-CI, continue to be significant at the 1% level.’ In sum, our results tend to confirm that higher
values of lagged oil price uncertainty are likely to have a strong negative impact on the positive MS-
LPPLS-CIs, i.e., cause a crash across all of the G7 markets and, hence, the aggregate. For the negative
medium-term LPPLS-CI involving the whole of the G7, the relatively strong positive influence is due

to five out of the seven markets.
[INSERT TABLE 2 HERE]

In order to validate the model-free measure of oil price uncertainty used by us, we present in Table

% All non-bootstrapped results are available from the authors upon request.
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3 the overall predictive results for the bubbles of G7 countries obtained now based on the GARCH-
based measure of oil returns volatility. As can be seen, compared to Table 1, the lagged effects are
weaker, with statistical significance detected only under the medium-term positive and short-term
negative LPPLS-ClIs, with the sign being counter-intuitive (negative) in the latter case. Clearly, this set
of results justifies the need to utilize a robust metric of an otherwise latent variable when drawing
appropriate inferences of prediction involving stock market bubbles of the G7 based on oil price

uncertainty.
[INSERT TABLE 3 HERE]

Finally, realizing the role of behavioral factors in driving stock market bubbles of the G7 (Pan,
2020; Van Eyden et al. (2023)), we have reported in Table 4 the results from an extended version of
the model given by Equation (1), where we have now additionally included lagged standardized
seasonally-adjusted survey-based business confidence indicator (bci) and consumer confidence
indicator (cci) as predictors, with both these variables obtained from the MEI database of the OECD.
Our results of Table 1, i.e., oil uncertainty tends to negatively impact positive MS-LPPLS-ClIs relatively
strongly, statistically and economically, than the corresponding positive effects on the negative bubbles
indicators continue to hold robustly under the extended model. The fact that the sentiment indicators,
barring the negative effect (as higher values depict better sentiments) of the lagged cci for the long-
term negative bubbles, are hardly significant, is possibly an indication that oil price uncertainty affects

the stock markets not only via investment and dividends channels, but also through a behavioral route.
[INSERT TABLE 4 HERE]

In general, we highlight the importance of oil price uncertainty, when measured accurately, in
predicting positive bubbles across various time scales and medium-term negative bubbles, in particular

for the G7 stock markets.
4. Conclusion

The primary objective of our paper is to analyze the predictive impact of a model-free robust measure
of oil price uncertainty on equity market bubbles of the G7 countries. In the first step, we detect positive
and negative bubbles in the short-, medium-and long-run for these advanced equity markets using the
Multi-Scale Log-Periodic Power Law Singularity Confidence Indicator (MS-LPLLS-CI) approach. Our

findings reveal major crashes and booms in the seven stock markets over the monthly period of 1973:02

11



to 2020:05. We also observe similar timing of strong (positive and negative) LPPLS indicator values
across time scales for the G7 countries, suggesting commonality in the boom-bust cycles of these equity
markets. In other words, diversification of investor portfolios across these developed stock markets is
not a possibility for the market agents over investment horizons during both booms and crashes. In the
second step, due to the detected evidence of synchronicity in the bubble indicators across the G7, we
use a dynamic panel data-based heterogeneous coefficients regression model to study the overall and
country-specific impact of oil price uncertainty. After controlling for the impacts of output growth,
inflation, and monetary policy, we find that oil price uncertainty predicts a decrease across all time
scales for the positive LPPLS-CI, and reduces the next period negative LPPLS-CIs primarily at the
medium- and weakly at the short-term scale for the G7 countries considered all together. At the country
level, predictability of the positive MS-LPPLS-CIs by oil price uncertainty is observed for all the G7
stock markets, while the effect on the medium-run negative LPPLS-ClIs is recorded for five countries.
The aggregate findings continue to hold when we include investor sentiment indicators, but when oil
price uncertainty is captured by a conditional measure of volatility, our results weaken considerably
and, hence, highlight the need to appropriately model the latent variable of uncertainty in oil price

movements.

With oil price uncertainty showing up as having strong negative effects on positive bubbles
compared to other traditional macroeconomic and financial indicators, it is recommended that investors
and policymakers should be careful when the level of oil uncertainty tends to rise at the time the stock
markets are booming, because this could imply an imminent crash. At the same time, when stock prices
are facing relatively less severe bearish regimes, higher oil price uncertainty can lead to deep equity
market downturns. Accordingly, policymakers should monitor rising oil price uncertainty closely and
implement expansionary monetary and fiscal policies to ensure the revival of the equity market (Gupta
et al., 2023; André et al., forthcoming; Cepni et al., forthcoming), as directly controlling oil price
uncertainty is likely to be difficult due to it being driven by oil market-specific shocks and geopolitical

events (Demirer et al., 2020; Qian et al., 2022).

As part of future research, in light of the large literature on the relationship between oil price or
returns and stock price or returns (see, Degiannakis et al. (2018), and Smyth and Narayan (2018) for
comprehensive reviews), it would be interesting to consider the effect of oil prices on stock market

bubbles. But realizing that oil prices are driven by various shocks namely, oil-supply, global economic
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activity, oil-specific consumption demand and inventory-demand (Kilian, 2009; Baumeister and
Hamilton, 2019), having different directional impacts on stock prices (Kilian and Park, 2009), we will
need to decompose oil price movements due to these innovations to detect the impact on bubbles in
possibly a time series-based SVAR model, which will also allow us to distinguish between opposing
effects of higher oil prices on stock markets for oil-exporting and importing countries (Wang et al.,

2013).10

19 This line of reasoning is perhaps confirmed by our finding of insignificant predictive impacts of replacing oil
price uncertainty in our model in Equation (1) with nominal WTTI oil price returns on the MS-LPPLS-ClIs, as
reported in Table C2 in Appendix C.

13



References

André, C., Caraiani, P., and Gupta, R. (Forthcoming). Fiscal Policy and Stock Markets at the Effective

Lower Bound. Finance Research Letters.

Alsalman, Z. (2016). Oil price uncertainty and the U.S. stock market analysis based on a GARCH in
mean VAR model. Energy Economics, 59, 251-260.

Balcilar, M., D., Gupta, R., and Pierdzioch, C. (2022). Oil-Price Uncertainty and International Stock
Returns: Dissecting Quantile-Based Predictability and Spillover Effects Using More than a Century
of Data. Energies, 15(22), 8436.

Balcilar, M., Gupta, R., Jooste, C., and Wohar, M.E. (2016). Periodically collapsing bubbles in the

South African stock market? Research in International Business and Finance, 38, 191-201.

Basher, S.A., and Sadorsky, P. (2006). Oil price risk and emerging stock markets. Global Finance
Journal, 17(2), 224-251.

Baumeister, C., and Hamilton, J.D. (2019). Structural Interpretation of Vector Autoregressions with
Incomplete Identification: Revisiting the Role of Oil Supply and Demand Shocks. American
Economic Review, 109(5), 1873—-1910.

Bernanke, B.S. (1983). Irreversibility, uncertainty, and cyclical investment. Quarterly Journal of

Economics, 98(1), 85-106.

Caraiani, P., Gupta, R., Nel, J., and Nielsen, J. (2023). Monetary policy and bubbles in G7 economies
using a panel VAR approach: Implications for sustainable development. Economic Analysis and

Policy, 78, 133-155.

Cepni, O., and Gupta, R. (2021). Time-varying impact of monetary policy shocks on US stock returns:
The role of investor sentiment. The North American Journal of Economics and Finance, 58,

101550.

Cepni, O., Gupta, R., and Ji, Q. (2023). Sentiment Regimes and Reaction of Stock Markets to
Conventional and Unconventional Monetary Policies: Evidence from OECD Countries. Journal of

Behavioral Finance, 24(3), 365-381.

14



Cepni, O., Gupta, R., Nel, J., and Nielsen, J. (Forthcoming). Monetary Policy Shocks and Multi-Scale

Positive and Negative Bubbles in an Emerging Country: The Case of India. Financial Innovation.

Chen, C-D., and Demirer, R. (2022). Oil beta uncertainty and global stock returns. Energy Economics,
112, 106150.

Das, S., Demirer, R., Gupta, R., and Mangisa, S. (2019). The effect of global crises on stock market
correlations: Evidence from scalar regressions via functional data analysis. Structural Change and

Economic Dynamics, 50(C), 132-147.

Degiannakis, S., Filis, G., and Arora, V. (2018). Oil Prices and Stock Markets: A Review of the Theory
and Empirical Evidence. The Energy Journal, 39(5), 85-130.

Demirer, R., Demos, G., Gupta, R., and Sornette, D. (2019). On the predictability of stock market
bubbles: Evidence from LPPLS confidence multi-scale indicators. Quantitative Finance, 19(5),

843-858.

Demirer, R., Gupta, R., Pierdzioch, C., and Shahzad, S.J.H. (2020). The predictive power of oil price
shocks on realized volatility of oil: A note. Resources Policy, 69(C), 101856.

Demirer, R., Jategaonkar, S.P., and Khalifa, A.A.A. (2015). Oil price risk exposure and the cross-

section of stock returns: The case of net exporting countries. Energy Economics, 49, 132-140.

Diaz, E.M., Molero, J.C., and de Gracia F.P. (2016). Oil price volatility and stock returns in the G7

economies. Energy Economics, 54, 417-430.

Filimonov, V., and Sornette, D. (2013). A stable and robust calibration scheme of the log-periodic

power law model. Physica A: Statistical Mechanics and its Applications, 392(17), 3698-3707.
Greene, W.H. (1997). Econometric Analysis, 3rd Edition. Upper Saddle River, NJ: Prentice Hall.

Gupta, R., Nel, J., and Nielsen, J. (2023). US monetary policy and BRICS stock market bubbles.
Finance Research Letters, 51, 103435.

Hausman, J.A. (1978). Specification Tests in Econometrics. Econometrica, 46(6), 1251-1271.

Im, K.S., Pesaran, M.H. and Shin, Y. (2003). Testing for unit roots in heterogeneous panels. Journal of

15



Econometrics, 115(1), 53-74.

Jo, S. (2014). The effects of oil price uncertainty on global real economic activity. Journal of Money,

Credit and Banking, 46(6), 1113—-1135.

Johansen, A., Ledoit, O., and Sornette, D. (2000). Crashes as critical points. International Journal of

Theoretical and Applied Finance, 2, 219-255.

Johansen, A., Sornette, D., and Ledoit, O. (1999). Predicting Financial Crashes using discrete scale

invariance. Journal of Risk, 1(4), 5-32.

Jorda, O., Schularick, M., and Taylor, A.M. (2015). Leveraged Bubbles. Journal of Monetary
Economics, 76, S1-S20.

Judge, G.G., Hill, R.C., Griffiths, W.E., Liitkepohl, H., and Lee, T.C. (1985). The Theory and Practice

of Econometrics, 2nd edition. New York: John Wiley and Sons.

Kilian, L. (2009). Not All Oil Price Shocks Are Alike: Disentangling Demand and Supply Shocks in
the Crude Oil Market. American Economic Review, 99(3), 1053-1069.

Kilian, L., and Park, C. (2009). The impact of oil price shocks on the US stock market. International
Economic Review, 50(4), 1267-1287.

Kraft, D. (1988). A software package for sequential quadratic programming. Institut fiir Dynamik der
Flugsysteme, Oberpfaffenhofen, Germany.

Krippner, L. (2013). Measuring the Stance of Monetary Policy in Zero Lower Bound Environments.

Economics Letters, 118, 135-138.

Krippner, L. (2015). Zero Lower Bound Term Structure Modeling: A Practitioner's Guide. Palgrave
Macmillan, London, UK.

Krippner, L. (2020). A Note of Caution on Shadow Rate Estimates. Journal of Money, Credit, and
Banking, 52(4), 951-962.

Masih, R., Peters, S., and de Mello, L. (2011). Oil price volatility and stock price fluctuations in an
emerging market: Evidence from South Korea. Energy Economics, 33(5), 975-986.

16



Miiller, U.A., Dacorogna, M.M., Davé, R.D., Olsen, R.B., and Pictet, O.V. (1997). Volatilities of
different time resolutions: Analyzing the dynamics of market components. Journal of Empirical

Finance, 4, 213-239.

Narayan, P.K., Sharma, S.S., and Phan, D.H.B. (2016). Asset price bubbles and economic welfare.
International Review of Financial Analysis, 44(C), 139-148.

Nguyen, B., Okimoto, T., and Tran, T.D. (2021). Uncertainty-dependent and sign-dependent effects of
oil market shocks. Journal of Commodity Markets, 26, 100207.

Pan, W-F. (2020). Does sentiment drive stock market bubbles? Beware of excessive optimism! Journal

of Behavioral Finance, 21(1), 27-41.

Pindyck, R. (1991). Irreversibility, uncertainty, and investment. Journal of Economic Literature, 29(3),
1110-1148.

Poi, BP (2003). From the help desk: Swamy's random coefficients model. The Stata Journal, 3(3), 302—
308.

Qian, L., Zeng, Q., and Li, T. (2022). Geopolitical risk and oil price volatility: Evidence from Markov-

switching model. International Review of Economics & Finance, 81(C), 29-38.

Rahman, S. (2021). Oil price volatility and the US stock market. Empirical Economics, 61(3), 1461—
1489.

Reinhart, C. M., and Rogoff, K.S. (2009). This Time is Different: Eight Centuries of Financial Folly.

Princeton: Princeton University Press.
Sadorsky, P. (1999). Oil price shocks and stock market activity. Energy Economics, 21(5), 449—469.

Salisu, A.A., Gupta, R., and Demirer, R. (2022). Oil Price Uncertainty Shocks and Global Equity
Markets: Evidence from a GVAR Model. Journal of Risk and Financial Management, 15(8), 355.

Sornette, D. (2003). Why stock markets crash: Critical events in complex financial systems. Princeton

University Press, New Jersey.

Sornette, D., Cauwels, P., and Smilyanov, G. (2018). Can we use volatility to diagnose financial

17



bubbles? Lessons from 40 historical bubbles. Quantitative Finance and Economics, 2(1), 486—590.

Sornette, D., Demos, G., Zhang, Q., Cauwels, P., Filimonov, V., and Zhang, Q. (2015). Real-time
prediction and post-mortem analysis of the Shanghai 2015 stock market bubble and crash. Journal

of Investment Strategies, 4, 77-95.

Swamy, P.A.V. (1970). Efficient inference in a random coefficient regression model. Econometrica,

38,311-323.

Swaray, R., and Salisu, A.A. (2018). A firm-level analysis of the upstream-downstream dichotomy in

the oil-stock nexus. Global Finance Journal, 37, 199-218.

Van Eyden, R., Gupta, R., Nielsen, J., and Bouri, E. (2023). Investor sentiment and multi-scale positive
and negative stock market bubbles in a panel of G7 countries. Journal of Behavioral and

Experimental Finance, 38, 100804.

Wang, Y., Wu, C., and Yang, L. (2013). Oil price shocks and stock market activities: Evidence from

oil-importing and oil-exporting countries. Journal of Comparative Economics, 41(4), 1220-1239.

Wu, J.C,, and Xia, F.D. (2016). Measuring the macroeconomic impact of monetary policy at the zero

lower bound. Journal of Money, Credit, and Banking, 48(2-3), 253-291.

Zhang, Q., Sornette, D., Balcilar, M., Gupta, R., Ozdemir, Z.A., and Yetkiner, H. (2016). LPPLS bubble
indicators over two centuries of the S&P 500 index. Physica A: Statistical Mechanics and its

Applications, 458(C), 126—139.

Zhang, Q., and Wong, J.B. (2023). The influence of oil price uncertainty on stock liquidity. Journal of
Futures Markets, 43(2), 141-167.

18



Figure 1.
1(a).

Data Plots
Monthly Multi-Scale LPPLS-ClIs of the G7 Countries

Monthly CANADA Multiscale LPPLS Confidence Indicators

Positive Bubble Indicators

IL..Mr"?\lf\!k'mm‘mn” “ | moEiare

~—— short bubble indicator (pos) -~ medium bubble indicator (pos) -~ long bubble indicator (pos)

o o o
N W
bubble indicator (pos)

°
o

Negative Bubble Indicators

~— short bubble indicator (neg) —— medium bubble indicator (neg) -~ long bubble indicator (neg)

L L R R R R L L L T Sl L i S T i "

Monthly FRANCE Multiscale LPPLS Confidence Indicators

Positive Bubble Indicators

Y ka1 1N OO Y 10 ¢ & TeY 1N T8

| —— short bubble indicator (pos) ~—— medium bubble indicator (pos) —— long bubble indicator (pos) |

Negative Bubble Indicators

~— short bubble indicator (neg) —— medium bubble indicator (neg) —— long bubble indicator (neg)

R R i i - i i i T Sl i

19

bubble indicator (neg)

bubble indicator (pos)

bubble indicator (neg)



Monthly GERMANY Multiscale LPPLS Confidence Indicators

Positive Bubble Indicators

7 Fos
6 F06
7
g
s I I | ! ] 5
E »Mg
£ £
4 | H
to23
3 | !
{ [ L i Loo
2 ~—— short bubble indicator (pos) —— medium bubble indicator (pos) —— long bubble indicator (pos)
Negative Bubble Indicators
7 ros
6 06
g
£
o5 asd
3 roeg
£ 2
¢ £
9 Fo23
IBE
= Foo
B ~— short bubble indicator (neg)  —— medium bubble indicator (neg) —— long bubble indicator (neg)
n ©  1® 0 © N & SRS 1 ® o 2 n R Y 0 0
I L R - O S Ll - O e T Al i ol o
Monthly ITALY Multiscale LPPLS Confidence Indicators
Positive Bubble Indicators
8 k1o
7 Los
0
. g
" 1 Loss
5 8
2 g
o4 g
f 2
4 ‘ ! ! 1 ! ! | | | ! | “ " E
M\L ‘l" ' |
3 ) i AR LIl Al Y N Y e ¥ oo
2 ~—— short bubble indicator (pos) —— medium bubble indicator (pos) -~ long bubble indicator (pos)
Negative Bubble Indicators
8 06
7 Fos
. load
i 1
5 il
to3S
2
»02§
4 2
Fo1
3
¥ |l L F00
3 —— short bubble indicator (neg) —— medium bubble indicator (neg) —— long bubble indicator (neg)

20

oot g g e o g g o o g 9 g o e @ et R S et o



Monthly JAPAN Multiscale LPPLS Confidence Indicators

Positive Bubble Indicators

~— short bubble indicator (pos) —— medium bubble indicator (pos) —— long bubble indicator (pos)

bubble indicator (pos)

Negative Bubble Indicators

| T \h.

~— short bubble indicator (neg)  —— medium bubble indicator (neg) —— long bubble indicator (neg)

bubble indicator (neg)

°
=

0o

B R R LR N L L L e i g

Monthly UK Multiscale LPPLS Confidence Indicators

Positive Bubble Indicators

o8

°
a
bubble indicator (pos)

roz

[ 00

Negative Bubble Indicators

~— short bubble indicator (neg) -~ medium bubble indicator (neg) -~ long bubble indicator (neg)

o
e

bubble indicator (neg)

B R R LR N L L L e i g

21
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Table 1. Random coefficient estimation predictive results for negative and positive equity bubbles due to
a model-free estimate of oil price uncertainty: 1975:02 to 2020:05

() (2) (3) “) (5) (6)
It neg mt_neg st neg It pos mt_pos st_pos
LIt neg 0.670™"
(20.42)
Lmt_neg 0.416™
(15.00)
Lst neg 0.248™
(8.24)
LIt pos 0.775™
(46.76)
L.mt_pos 0.580™"
(17.25)
Lst_pos 0.320™"
(15.34)
Lopu 0.00330 0.00951™" 0.00169" -0.0132™" -0.0126™" -0.00748™
(1.23) (4.02) (1.70) (-7.05) (-6.04) (-5.30)
Lip_growth -0.186™" 0.00925 -0.0530 0.0507"" 0.117 -0.0196
(-2.97) (0.17) (-0.96) (2.02) (1.46) (-0.37)
Linfl 0.239 -0.0584 0.261" -0.417 -1.270™" -0.756™"
(0.97) (:0.36) (3.09) (:0.85) (-3.89) (-6.68)
Lir diff -0.0000363 -0.000632 0.00160"*" -0.00194 -0.00285 -0.00250"
(:0.03) (-1.28) 2.77) (-1.28) (-1.41) (-1.75)
constant 0.000109 -0.00262 0.00323™" 0.0154™" 0.0182™" 0.0148™"
(0.06) (-1.59) 4.37) (6.08) (3.84) (12.46)
# observations 3808 3808 3808 3808 3808 3808
# groups 7 7 7 7 7 7
Test for par 91.33 60.06 53.88 38.81 76.37 35.10
constancy, y°
do.f 36 36 36 36 36 36
Prob. 0.0000 0.0072 0.0281 0.3440 0.0001 0.5114

Note: / (one-month lag); Oil price uncertainty (opu); industrial production growth (ip_growth); consumer price
index inflation (infl); interest rate difference (ir_diff); long-term negative bubble (/#_neg); medium-term negative
bubble (mt_neg); short-term negative bubble (st_neg); long-term positive bubble (/#_pos); medium-term positive
bubble (m¢_pos); short-term positive bubble (st_pos) t-statistics (based on bootstrapped robust standard errors) in
parentheses; * p<0.10, ™ p<0.05, ™" p<0.01.
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Table 2. Random coefficient estimation predictive results for the country-specific impact of a model-
free estimate of oil price uncertainty on negative and positive equity market bubbles: 1975:02

to 2020:05
(1 2 3) 4) ®) (6)
It neg mt_neg st neg It pos mt_pos st_pos
Canada l.opu 0.0006 0.0034 0.0013 -0.0152"*  -0.0151™  -0.0096™"
(02.12) (0.85) (0.54) (-3.06) (-2.98) (-2.88)
France Lopu 0.0104™ 0.0103"* 0.0023 -0.0107" -0.0113™ -0.0073"
(2.44) (3.46) (0.99) (-2.20) (-2.25) (-2.18)
Germany l.opu 0.0031 0.0159"" 0.0016 -0.0329™"  -0.0140™ -0.0082"
(0.85) (3.95) (0.71) (-3.22) (-2.79) (-2.54)
Italy lL.opu 0.0072 0.0120™" 0.0005 -0.0076™" -0.0119™ -0.0047
(1.56) (4.00) (0.20) (-1.65) (-2.37) (-1.44)
Japan l.opu 0.0077" 0.0218"™" 0.0026 -0.0114™ -0.0092" -0.0062""
(1.66) (3.00) (1.10) (-2.44) (-1.83) (-1.87)
United Kingdom Lopu -0.0017 0.0102"** 0.0024 -0.0145™" -0.0114™  -0.00104™"
(-0.33) (2.78) (1.03) (-2.96) (-2..26) (-3.16)
United States l.opu -0.0041 0.0018 0.011 -0.0192*  -0.0155™ -0.0056"
(-0.83) (0.48) (0.51) (-3.73) (-3.06) (-1.72)

Note: / (one-month lag); Oil price uncertainty (opu); long-term negative bubble (/¢ neg); medium-term negative
bubble (mt_neg); short-term negative bubble (st_neg); long-term positive bubble (/#_pos); medium-term positive
bubble (mt_pos); short-term positive bubble (st_pos) t-statistics in parentheses; * p<0.10, ** p<0.05, ™ p<0.01.
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Table 3. Random coefficient estimation predictive results for negative and positive equity bubbles
due to a conditional volatility estimate of oil price uncertainty: 1973:02 to 2020:05

(1) (2) 3) C)) (5) (6)
It neg mt_neg st_neg It pos mt_pos st_pos
LIt neg 0.658""
(21.04)
Lmt_neg 0.464™
(14.23)
Lst neg 0.244™
(8.37)
LIt pos 0.778™*
(46.81)
L.mt_pos 0.581"*"
(17.26)
Lst_pos 0.319"
(16.57)
.GARCH opu 0.0000020 0.00000013  -0.0000012"  -0.0000025  -0.0000058"  -0.00000030
(1.14) (0.15) (2.11) (-1.40) (-4.00) (:0.13)
Lip_growth -0.214™" -0.0376 -0.0658 0.154™" 0.184™ 0.0543
(:2.79) (-0.57) (-1.15) (2.63) (2.44) (1.55)
Linfl 0.315 0.183 0.369™ -0.255 -0.966™" -0.539™"
(1.06) (0.85) (4.57) (:0.63) (-3.36) (-5.63)
Lir diff 0.00132 0.000345 0.00224™ -0.00175 -0.00228 -0.00277*
(0.95) (0.90) (5.49) (-1.43) (-1.49) (:2.32)
constant 0.00238"*" 0.00400"*" 0.00469"*" 0.00590"*" 0.00959"*" 0.00940"*"
(4.04) (6.88) (15.76) (4.58) (10.11) (22.20)
# observations 3997 3997 3997 3997 3997 3997
# groups 7 7 7 7 7 7
Test for par 92.92 69.05 51.01 40.95 76..11 38.81
constancy, y°
do.f 36 36 36 36 36 36
Prob. 0.0000 0.0008 0.0499 0.2621 0.0001 0.3440

Note: / (one-month lag); GARCH model-based oil price uncertainty (GARCH opu); industrial production growth
(ip_growth); consumer price index inflation (infl); interest rate difference (ir_diff); long-term negative bubble
(It_neg); medium-term negative bubble (mt_neg); short-term negative bubble (st_neg); long-term positive bubble
(It_pos); medium-term positive bubble (m¢_pos); short-term positive bubble (sz_pos) t-statistics (based on
bootstrapped robust standard errors) in parentheses; ** p<0.05, *** p<0.01.
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Table 4. Random Coefficient estimation predictive results for negative and positive equity bubbles
due to a model-free estimate of oil price uncertainty with investor sentiment indicators:
1975:02 to 2020:05

(1 ) 3) “4) &) (6)
It neg mt_neg st neg It pos mt_pos st_pos
Lit neg 0.614™"
(10.38)
Lmt_neg 0.406™"
(11.51)
l.st neg 0.243™
(7.08)
Lit pos 0.769™*
(42.92)
Lmt_pos 0.569™"
(15.71)
Lst_pos 0.308"
(11.11)
l.opu 0.00492 0.0109™ 0.00230™ -0.0140™" -0.0124™ -0.00729™
(1.44) (5.65) (2.03) (-3.81) (-3.56) (-2.81)
Lip_growth -0.127% 0.0382 -0.0223 0.0112 0.0715 -0.0310
(-2.09) (0.75) (-0.55) (0.31) (0.84) (-0.46)
Linfl 0.196 -0.0967 0.360™" -0.284 -1.081°* -0.949™"
(1.09) (-0.29) (4.12) (-0.58) (-3.13) (-5.52)
Lir_diff -0.000122 -0.00186™ 0.00106™ -0.00163 -0.000374 -0.000492
(-0.08) (-2.10) (2.08) (-0.88) (-0.14) (-0.19)
l.cci -0.00113" -0.000467 -0.000131 0.000551 0.000873  -0.00000175
(-1.89) (-1.33) (-0.37) (0.70) (1.19) (-0.00)
L.bci 0.000185 0.000392 0.0000964 0.000216 -0.000727 -0.000215
(0.71) (1.59) (0.31) (0.37) (-1.14) (-0.45)
constant 0.0942"" 0.00393 0.00605 -0.0611 0.00332 0.0367
(2.00) (0.16) (0.31) (-1.08) (0.10) (1.36)
# observations 3377 3377 3377 3377 3377 3377
# groups 7 7 7 7 7 7
Test for par 139.33 65.54 67.28 55.70 84.07 56.31
constancy, i’
do.f 48 48 48 48 48 48
Prob. 0.0000 0.0469 0.0345 0.2077 0.0010 0.1920

Note: / (one-month lag); Oil price uncertainty (opu); industrial production growth (ip_growth); consumer price
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index inflation (infl); interest rate difference (ir_diff); consumer confidence indicator (cci), business confidence
indicator (bci); long-term negative bubble (/¢ neg); medium-term negative bubble (m¢_neg); short-term negative
bubble (st_neg); long-term positive bubble (/¢_pos); medium-term positive bubble (mt_pos); short-term positive
bubble (st_pos) t-statistics (based on bootstrapped robust standard errors) in parentheses; * p<0.10, ** p<0.05, ***
p<0.01.
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Appendix A: Estimating the Multi-Scale Log-Periodic Power Law Singularity (LPPLS) Model

Filimonov and Sornette (2013) developed a stable and robust calibration scheme for the following

LPPLS model given by:
InE[pt)]=A+B(t.—t)™ + C(t, — t)™ cos(w In(t, — )™ — ¢) (A1)

where parameter t. represents the critical time (the date of the termination of the bubble); 4 is the
expected log value of the observed time series, i.e., the stock price-dividend ratio, at time t.; B is the
amplitude of the power law acceleration; and C is the relative magnitude of the log-periodic oscillations.
The exponent of the power law growth is given by m, while w and ¢ represent the frequency of the

log-periodic oscillations and a phase shift parameter, respectively

We make use of this stable and robust calibration scheme, and following Filimonov and Sornette
(2013), reformulate Equation (A1) to reduce the complexity of the calibration process by eliminating

the nonlinear parameter ¢ and expanding the linear parameter C to C; = C cos¢ and C, = C cos ¢.
The new formulation can be written as
InE[p(®] =A+B({) + C1(9) + (M) (A2)
where
f=@t—tm
g = (t; —t)™ cos[w In(t; — t)]
h = (t, —t)™sin[wIn(t, — t)]

To estimate the three nonlinear parameters: {t.,m, w}, and 4 linear parameters: {4, B, C;, C;}, we
fit Equation (A2) to the log of the price-dividend ratio. This is done by using L? norm to obtain the

following sum of squared residuals:

N
2
F(te,m,w,4A,B,C;,Cp) = E[IH p(t) — A= B(f)) — C1(gi) — Caqny)|
= (A3)

Since the estimation of the three nonlinear parameters depends on the four linear parameters, we

obtain the following cost function:
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F(tC’m' (1)) = AgnglnCZF(tCImr (UJA) B; Cll CZ) = F(tCImI wIAI BI 6‘1) 6‘2) (A4)

Solving the optimization problem allows for the estimation of the four linear parameters:

{A,B,C,,C,} =arg min F(t,m w,A,B,Cyi,C,) (A5)
AB,C1,C,

which can be done analytically by solving the following matrix equation:

/ N Xfi 2o Zh YInp;
>fi Xff Tfigi Xfih > fiInp;

A

B = A6
Y9: Xfig9i Y9f Zgihi/ €1 Y gilnp; (A6)

C,

Yhi Yfihi YTgihi  Thi Y hi Inp;

Next, the three nonlinear parameters can be determined by solving the following nonlinear

optimization problem:

{t., M, @} = arg min F(t,, m, w) (A7)
temw

We use the Sequential Least Squares Programming (SLSQP) search algorithm (Kraft, 1988) to find

the best estimation of the three nonlinear parameters {t., m, w}.

The LPPLS confidence indicator, introduced by Sornette et al. (2015), is used to measure the
sensitivity of bubble patterns in each country's log price-dividend ratio time series. The larger the
LPPLS confidence indicator (CI), the more reliable the LPPLS bubble pattern and vice versa. It is
calculated by calibrating the LPPLS model to shrinking time windows by shifting the initial observation
t, forward in time toward the final observation t, with a step dt. For each LPPLS model fit, the
estimated parameters are filtered against established thresholds, and the qualified fits are taken as a
fraction of the total number of positive or negative fits. A positive fit has estimated B < 0, and a

negative fit has estimated B > 0.

Following the work of Demirer et al. (2019), we incorporate bubbles of varying multiple time scales
into this analysis. We sample the time series in steps of 5 trading days. We create the nested windows
[t1,t,] and iterate through each window in steps of 2 trading days. In this manner, we obtain a weekly

resolution from which we construct the following indicators:

Short-term bubble: A number € [0,1] which denotes the fraction of qualified fits for estimation
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windows of length dt:=t, — t; € [30:90] trading days per t,. This indicator comprises of (90 —
30)/2 = 30 fits.

Medium-term bubble: A number € [0,1] which denotes the fraction of qualified fits for estimation
windows of length dt: = t, — t; € [30:90] trading days per t,. This indicator comprises of (300 —
90)/2 = 105 fits.

Long-term bubble: A number € [0, 1] which denotes the fraction of qualified fits for estimation
windows of length dt: = t, — t; € [30:90] trading days per t,. This indicator comprises of (745 —
300)/2 = 223 fits.

Filter conditions: After calibrating the model, the following filter conditions are applied to determine

which fits are qualified:
m € [0.01,0.99]
w € [2,15]

t. € [max(t, — 60,t, — 0.5(t, — t;)), min(252, t, + 0.5(t, — t;))]

0>25
D >0.5
where, O = %ln (tc_tl) is the number of oscillations, and D = % captures the damping parameter
c—t2

required to ensure that the crash hazard rate, (%), is non-negative.
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Appendix B: Random Coefficients (RC) Estimation

Traditional fixed- and random-effects models incorporate panel-specific heterogeneity by including a
set of nuisance parameters that provide each panel with its own constant term. However, in these models
all panels share common slope parameters — a restriction that is often less desirable as changes in
independent variables may exert a heterogeneous impact on the dependent variable in question.
Random-coefficients (RC) models (Swamy, 1970) are more general, allowing each panel to have a
vector of randomly drawn slopes from a distribution common to all panels. According to Poi (2003),
the implementation of the RC estimator ensures the best linear unbiased predictors of the panel-specific

draws from this distribution.

Consider a general random-coefficients model, with y being the dependent variable and X being

the predictor, of the form:
yi = XiPi + & (B1)
In the case of RC, each panel-specific f; is related to an underlying common parameter vector f:
Bi=PB+v; (B2)

where E{v;} = 0, E{v;v|} = Z,E{vivf} =0 for j # i, and E{viejf} = 0 for all i and j. Equations
(B1) and (B2) may be combined to get:

yi=Xi(B+v)+g
=Xip+u
with u; = X;v; + ¢;. Furthermore:
E{ujui} = E{(Xiv; + &) (Xiv; + €)'}

= XLZX{ + O'iil

I1;
The P panels can be represented in stack format:
y=XB+u (B3)

where:
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I = E{wu} =

Estimating the parameters in Equation (B2) is a standard problem, which can be solved with

generalized least squares (GLS):

f=XT1x)"1x' T 1y
-1
= (E_X{Hi_lxi) E.X{Hflyi (B4)
l L
2122 Mﬁbi
i

where W is the Generalized Least Squares (GLS) weight and b; = (X{X;)™1X}y. The resulting I
for the overall (national) result is, therefore, a weighted average of the state-specific OLS estimates.

For more details on § variance specification and GLS weight, refer to Poi (2003).

To obtain the state-specific 8, vectors, Judge et al. (1985) suggest that if attention is restricted to
the class of estimators {f;} for which E{B;|B;} = B;, then the state-specific OLS estimator b; is
appropriate. Following Green’s (1997) suggested method of obtaining the variance of J,, it follows

that § is both consistent and efficient, and although inefficient, b; is also a consistent estimator of /3.

Poi (2003) also suggests a test to determine whether the country-specific ;s are significantly

different from one another. The null hypothesis is stated as:

Ho: By =P, == Pp (B5)
and the test statistic is defined as:

r= ZP (b — BV (6 XX} (b — BT) (B6)
t=1

A -1 A~
where Bt = {¥F_, 6,1 (X X))} Xb-165 (XiX)b;.

The test statistic T is distributed as y? with k(P — 1) degrees of freedom.
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Appendix C: Additional Results

Figure C1. Impulse response functions from a panel vector autoregressive model for negative and
positive equity bubbles due to a one unit shock to the model-free estimate of oil price
uncertainty identified using Cholesky decomposition: 1975:02 to 2020:05
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Note: The PVAR models of the G7 comprise of the variables in the following order: Oil price uncertainty (opu);
industrial production growth (ip_growth); consumer price index inflation (infl); interest rate difference (ir_diff);
long-term negative bubble (/¢ neg) or medium-term negative bubble (m¢ neg) or short-term negative bubble
(st_neg) or long-term positive bubble (/#_pos) or medium-term positive bubble (m¢_pos) or short-term positive
bubble (s¢_pos), with the blue line showing the mean responses to a one unit shock to opu, along with the 95%
confidence bands (red dotted lines),
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Table C1. Random coefficient estimation of contemporaneous effects for negative and positive
equity bubbles due to a model-free estimate of oil price uncertainty: 1975:02 to 2020:05

(1) (2) 3) “4) (5) (6)
It neg mt_neg st neg It pos mt_pos st_pos
Lit neg 0.678""
(20.54)
Lmt_neg 0.413™
(14.79)
Lst neg 0.248""
(8.42)
Lit pos 0.775™
(46.19)
Lmt_pos 0.582""
(17.55)
Lst_pos 0.323"*"
(16.82)
oilunc 0.00549 0.00847"*" 0.00246" -0.0140™" -0.0106™ -0.00514™"
(1.46) (4.08) (1.84) (-7.05) (-7.25) (-3.69)
ip_growth -0.244™ -0.164™" 0.0436 -0.0445 0.122™ 0.1417
(-2.42) (-8.29) (1.61) (:0.42) (3.26) (1.89)
infl 0.418™ -0.285™" 0.0369 -0.861" -0.696™" -0.0167
(2.16) (-4.19) (0.36) (-1.86) (-:3.35) (-0.09)
ir_diff 0.000924 -0.000903 0.000470 0.000316 -0.000104 -0.00355™"
(0.91) (:0.73) (0.64) (0.32) (:0.06) (-3.09)
constant -0.00155 -0.00161 0.00290"*" 0.0164"*" 0.0162™* 0.0123"*"
(0.61) (-1.21) (3.08) (6.39) (11.16) (11.29)
# observations 3808 3808 3808 3808 3808 3808
# groups 7 7 7 7 7 7
Test for par 112.70 60.96 54.60 44..60 66.14 35.38
constancy, y°
do.f 36 36 36 36 36 36
Prob. 0.0000 0.0058 0.0241 0.1538 0.0016 0.4978

Note: / (one-month lag); Oil price uncertainty (opu); industrial production growth (ip_growth); consumer price
index inflation (infl); interest rate difference (ir_diff); long-term negative bubble (/#_neg); medium-term negative
bubble (mt_neg); short-term negative bubble (st_neg); long-term positive bubble (/¢_pos); medium-term positive
bubble (m¢_pos); short-term positive bubble (st_pos) t-statistics (based on bootstrapped robust standard errors) in
parentheses; * p<0.10, ™ p<0.05, ™" p<0.01.
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Table C2.

Random coefficient estimation predictive results for negative and positive equity bubbles

due to nominal oil price returns: 1973:02 to 2020:05

ey 2 3) “ 6)) (6)

It neg mt_neg st_neg It pos mt_pos st_pos
LIt neg 0.658""

(21.21)
Lmt_neg 0.463™

(13.80)
Lst neg 0.244™
(8.41)
LIt pos 0.779*
(47.09)
l.mt_pos 0.582™"
(17.40)
Lst_pos 0.321™
(16.47)

L.oil_returns -0.000106 -0.0000317  -0.00000734  -0.0000668  -0.00000533  -0.0000428

(-1.62) (-1.09) (-0.28) (-1.49) (-0.12) (-0.76)
Lip_growth -0.179™ -0.0234 -0.0655 0.172™* 0.167™ 0.0565

(-2.08) (-0.37) (-1.04) (3.16) (2.40) (1.58)
l.cpi_growth 0.371 0.226 0.387"* -0.178 -0.951"* -0.522™

(1.19) (1.05) (4.53) (-0.42) (-2.94) (-3.85)
Lir_diff 0.00151 0.000351 0.00224"* -0.00156 -0.00213 -0.00265™

(1.13) (0.93) (5.63) (-1.31) (-1.44) (-2.24)
constant 0.00257"* 0.00398"" 0.00454™ 0.00555™" 0.00893" 0.00934™*

(4.40) (7.44) (13.25) 4.71) (9.84) (26.01)
# observations 3997 3997 3997 3997 3997 3997
# groups 7 7 7 7 7 7
Test for par 102.76 70.23 533.72 40.66 76.26 35.94
constancy, i’
do.f 36 36 36 36 36 36
Prob. 0.0000 0.0006 0.0290 0.2727 0.0001 04716

Note: / (one-month lag); Oil price returns (oil_returns); industrial production growth (ip_growth); consumer price
index inflation (infl); interest rate difference (ir_diff); long-term negative bubble (/#_neg); medium-term negative
bubble (mt_neg); short-term negative bubble (st neg); long-term positive bubble (/#_pos); medium-term positive
bubble (m¢ pos); short-term positive bubble (sz_pos) t-statistics (based on bootstrapped robust standard errors) in
parentheses; ** p<0.05, ™™ p<0.01.
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