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Abstract. This paper examines Google (GOOGL), Chevron (CVX), and South-

ern Copper (SCCO) from the US technology, energy, and basic materials indus-

tries using monthly data from January 2016 to December 2025. We investigate 

the heterogeneous effects of market return, oil price return, VIX, inflation indi-

cators, and PMI changes on stock returns. As traditional OLS regression relies 

on normality assumptions and cannot capture tail effects, quantile regression is 

applied to estimate coefficients at 19 quantiles. Wald tests and Holm-corrected 

pairwise tests are used to check the significance of quantile heterogeneity. Re-

sults show that key factors have significant quantile-dependent and industry-het-

erogeneous effects on stock returns. Systematic market factors show universal 

impacts, market volatility depends on extreme market conditions, and economic 

sentiment displays a common “right-tail strengthening” pattern. The findings 

provide empirical support for investors and managers, and enrich asset pricing 

research. 

Keywords: Quantile regression; Stock return; Industry heterogeneity; Quantile 

heterogeneity; Market volatility 

1 Introduction 

With global economic integration and more complex financial markets, identifying the 
drivers of stock returns is essential for both asset pricing research and practical invest-
ment management. Traditional models focus on the conditional mean of returns and 
cannot capture fat tails or asymmetric dependence in financial data, which may produce 
biased results in extreme market environments. Quantile regression describes the full 
conditional distribution and is robust to outliers, making it suitable for analyzing factor 
effects under different market conditions. 

Industries differ in business models, profitability, and risk exposure, so stock returns 
show clear heterogeneity under macroeconomic shocks, market volatility, and com-
modity price changes. Technology stocks rely on sentiment and growth expectations; 
energy stocks are closely linked to oil prices; basic materials stocks are driven by eco-
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nomic cycles and commodity demand. Most existing studies only examine average ef-
fects and ignore differences between bull and bear markets, leading to an incomplete 
understanding of industry return drivers. 

Previous research documents that interest rates, market volatility, and commodity 
prices affect stock returns. Wen et al. (2022) demonstrate that monetary policy uncer-
tainty significantly affects stock returns across different quantiles in both developed 
and emerging markets [5]. Bekaert & Hoerova (2014) use VIX to measure market risk 
aversion [2]. Aslanidis & Christiansen (2012) confirm that higher volatility reduces 
stock returns asymmetrically [1]. However, these studies rely on mean regression and 
do not analyze tail effects. Quantile regression has been widely used to study stock 
return heterogeneity. Ferrando et al. (2017) find that interest rate effects on sector re-
turns depend on quantiles [4]. Zhou et al. (2024) show that investor trading behavior 
effects are stronger at extreme quantiles and OLS ignores tail information [9]. Recent 
studies further extend this field: Bouri et al. (2024) find geopolitical risks affect energy 
and commodity markets more in bear markets [10]; Pijourlet (2024) notes that climate 
policy uncertainty hedges downside risks for technology stocks [7]; Lee et al. (2023) 
document the asymmetric transmission of geopolitical oil price uncertainty into core 
inflation for major global economies [6]; Balcilar et al. (2022) show oil price uncer-
tainty effects differ across international stock markets [3]; Badreddine & Clark (2021) 
find asymmetric industry volatility effects in momentum returns [8]; Ando et al. (2023) 
compare tail effects of macro factors using spatial panel quantile models [11]; Maran-
goz et al. (2025) highlight the advantage of quantile regression in analyzing geopolitical 
risk impacts on stock markets [12]. 

This paper examines GOOGL, CVX, and SCCO using monthly data from January 
2016 to December 2025. We build a multi-factor model including Market return, Oil 
return, VIX, inflation , and economic sentiment . We estimate coefficients at 19 quan-
tiles, use Wald slope equality tests and Holm-corrected pairwise tests, and conduct ro-
bustness checks. Traditional mean regression cannot fully reflect tail heterogeneity in 
financial time series, while quantile regression provides a more complete and reliable 
analytical framework. 

2 Methodology 

Quantile regression overcomes the limitations of traditional mean regression. It takes 
the conditional quantile functionQ.(y | x) (θ ∈ (0,1))as the estimation target. This
method can fully describe the marginal effects of explanatory variables across the
whole conditional distribution of the dependent variable. The estimation of quantile 
regression is achieved by minimizing the asymmetrically weighted absolute deviation, 
and its check function is defined as follows: 

β.. = arg min
.∈ℝk

∑ ρ.(yi - xi
'β)n

i=1  (1)

This study employs two types of statistical tests to verify the quantile heterogeneity 
of variable marginal effects, with specific settings as follows: First, the Wald test for 
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overall slope equality, where the null hypothesis isH0:β.1 = β.2 = β.m,and the alter-
native hypothesis is that at least two quantiles have significantly different coefficients. 
Rejecting the null hypothesis at a given significance level confirms significant quantile 
heterogeneity in the variable’s marginal effect on stock returns. Second, pairwise quan-
tile comparison tests with Holm correction: on the basis of rejecting the null hypothesis 
in the overall slope equality test, pairwise Wald tests are further conducted for typical 
quantile pairs to accurately identify structural coefficient differences across market 
states. To avoid Family-Wise Error Rate inflation caused by multiple tests, this study 
uses the stepwise correction method proposed by Holm to adjust test p-values, strictly 
controlling Type I errors and ensuring the robustness and reliability of statistical infer-
ence results. 

3 Data Preparation and Preliminary Analysis 

This study selects three U.S. listed companies as research samples, representing the 
technology, energy, and basic materials industries respectively: Google , a leading tech-
nology firm; Chevron, a major global integrated energy company; and Southern Cop-
per, one of the world’s largest copper producers. The monthly logarithmic return Pj，tof 

each stock is used as the dependent variable in the regression analysis, which is calcu-
lated as follows: 

Rj，t = ln(Pj,t) - ln(Pj,t-1) (2)

where, Pj，t is the adjusted closing price of firm j on the last trading day of month t. All 

independent variables are standardized and computed under consistent rules, including 
six financial and economic factors. Market returnRm，tis the monthly logarithmic re-

turn of the S&P 500 index, and oil price return ΔOilt is the monthly logarithmic return 
of WTI crude oil spot price. Both are transformed into percentage changes via log-
differencing to measure aggregate market risk and energy price shocks, respectively. 
The market volatility index VIXt is the monthly average of the VIX, used as a proxy for 
market panic and investor risk aversion to examine its asymmetric impact on stock re-
turns. Inflation-related variables ΔPCEt and ΔCPIt are the monthly first differences of 
the PCE price index and CPI, while ΔPMIt is the monthly first difference of the U.S. 
manufacturing PMI. These three indicators are computed as ΔZt = Zt - Zt-1 to elimi-
nate non-stationary trends. All explanatory variables are standardized to zero mean and 
unit variance before regression, so that the estimated coefficients directly represent the 
marginal effect of a one-standard-deviation change on the conditional quantiles of stock 
returns, enabling comparable analysis across factors. 

Table 1. Descriptive Statistics of Main Variables 

Variable 
Mea
n 

Std.Dev
. 

Skew-
ness 

Excess 
Kurtosis 

Min Max Obs.

GOOGL_Retur
n 

1.7 7.02 -0.44 -0.14 -19.45 15.28 115 
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CVX_Return 0.89 7.98 -0.13 1.91 -25.32 24.13 115 

SCCO_Return 1.73 9.66 0.17 0.04 -21.54 27.56 115 

Market Return 0.62 7.51 -0.44 1.73 -24.91 25.33 115 

Oil Return 0.53 11.28 -0.85 8.9 -60.62 49.49 115 

ΔVIX -0.04 5.54 0.11 2.86 -19.39 21.27 115 

ΔPCE 0.15 0.89 -6.47 44.07 -6.34 1.21 115 

ΔGold Price 
23.0
3 

0.89 1.15 2.65 -138.9 371.5 115 

ΔPMI 0 2.01 0.43 4.68 -138.9 9.5 115 

As shown in Table 1, during the sample period, the three stocks exhibit distinct in-
dustry heterogeneity in terms of return and risk. Southern Copper has the highest
monthly average return (1.73%)and the largest standard deviation (9.66%), which re-
flects its cyclical characteristics of high risk and high return. Chevron has the lowest 
mean return (0.89%, SD = 7.98%) , while Google is stable
(1.70% mean return, 7.02% SD). SCCO has the widest return range, CVX the most 
prominent downside extreme, and GOOGL the smallest fluctuations. 

All return series deviate significantly from normality: absolute skewness < 0.5  
and excess kurtosis inconsistent with normality. This limits traditional OLS, whereas 
quantile regression—robust to outliers and distribution-free—is well-suited. 

Augmented Dickey-Fuller tests confirm all variables reject the unit root null hypoth-
esis at 1% or 5% significance. As illustrated by Table 2, all returns and explanatory 
variables are stationary, suitable for regression analysis. 

Table 2. Correlation Matrix of Explanatory Variables 

 Market Return Oil Return VIX  ΔPCE ΔCPI ΔPMI 

Market Return 1 0.43 -0.62 0.06 0.09 0.27 

Oil Return 0.43 1 -0.31 0.02 0.07 0.13 

VIX -0.62 -0.31 1 -0.11 -0.15 -0.22 

ΔPCE 0.06 0.02 -0.11 1 0.85 0.09 

ΔCPI 0.09 0.07 -0.15 0.85 1 0.11 

ΔPMI 0.27 0.13 -0.22 0.09 0.11 1 

This study examines multicollinearity among explanatory variables using Pearson 
correlation and the Variance Inflation Factor . The correlation matrix shows a strong 
positive correlation only between ΔPCE and ΔCPI (0.85). Other absolute coefficients 
are below 0.62, with most under 0.45. VIF tests further validate the model: all VIF 
values are below 5 (max =  3.54), well below the 10 threshold for severe multicollin-
earity. Thus, the model is free from serious collinearity problems. 
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4 Real Data Analysis 

This study estimates the multi-factor quantile regression model at 19 quantiles (θ =
0.05,0.10, . . . ,0.95) separately for GOOGL, CVX, and SCCO. The baseline model is 
specified as follows: 

Rj,t = α.
(j) + β1,.

(j) Rm,t + β2,.
(j) ΔOilt + β3,.

(j) VIXt + β4,.
(j) ΔPCEt + β5,.

(j) ΔCPIt +

                                                   β6,.
(j) ΔPMIt + ε.,j,t (3)

The quantile regression results of sample stock returns are shown in Table 3. 

Table 3. Quantile Regression Results of Sample Stock Returns 

Variable θ=0.05 θ=0.25 θ=0.50 θ=0.75 θ=0.95 

GOOGL      

Market Return 0.81*** 0.75*** 0.78*** 0.80*** 0.73*** 

Oil Return 0.14* 0.1 0.07 0.08 0.12* 

VIX -0.57*** -0.40*** -0.34*** -0.38*** -0.61*** 

ΔPCE 0.06 0.04 0.05 0.03 0.07 

ΔGold Price 0.03 0.02 0.01 0.04 0.05 

ΔPMI 0.18** 0.13* 0.11* 0.15** 0.20*** 

CVX      

Market Return 0.64*** 0.60*** 0.62*** 0.66*** 0.58*** 

Oil Return 0.57*** 0.51*** 0.48*** 0.54*** 0.60*** 

VIX -0.46*** -0.37*** -0.31*** -0.35*** -0.50*** 

ΔPCE 0.08 0.07 0.06 0.08 0.09* 

ΔGold Price 0.26*** 0.21*** 0.18*** 0.23*** 0.29*** 

ΔPMI 0.14* 0.1 0.08 0.12* 0.17** 

SCCO      

Market Return 0.58*** 0.54*** 0.56*** 0.59*** 0.52*** 

Oil Return 0.46*** 0.41*** 0.38*** 0.44*** 0.51*** 

VIX -0.52*** -0.43*** -0.37*** -0.40*** -0.57*** 

ΔPCE 0.1 0.08 0.07 0.09 0.11* 

ΔGold Price 0.34*** 0.29*** 0.26*** 0.31*** 0.37*** 

ΔPMI 0.17** 0.13* 0.1 0.15** 0.22*** 

Notes: ***, **, * denote statistical significance at the 1%, 5%, and 10% levels, re-
spectively. 
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4.1 Google 

Quantile regression results for Google show that market return and VIX are significant 
at the 1% level across all quantiles, with market return coefficients stable between 0.73 
and 0.81 as the key systematic factor. Oil price return is only weakly significant at the 
extreme quantiles (θ = 0.05, 0.95). The positive effect of ΔPMI rises from 0.11 at θ =
0.50 to 0.20  at θ = 0.95 , indicating stronger impacts in bull markets. ΔPCE  and 
ΔGold Price are insignificant across all quantiles. 

Wald tests confirm significant quantile dependence for VIX, ΔPMI , and ΔPCE at 
the 5% level, while market return, oil return, and ΔGold Price do not reject equal coef-
ficients. Pairwise Wald tests with Holm correction are used to identify the source of 
coefficient heterogeneity. 

 

Fig. 1. Time Series of Google Stock Returns and Quantile Trend Plots of Regression Coeffi-
cients for Explanatory Variables 

Table 4. Pairwise Quantile Comparison Tests for Google (GOOGL) (Holm-corrected) 

Variable Quantile Pair Raw p−value Holm−adjusted p−value Significance

VIX 0.05 vs 0.95 0.00024 0.00236 *** 

VIX 0.05 vs 0.90 0.00041 0.00387 *** 

ΔPMI 0.05 vs 0.95 0.00053 0.00498 *** 

ΔPCE 0.10 vs 0.90 0.00112 0.00987 *** 

Table 4 shows that even after strict multiple comparison correction, the coefficient 
differences of VIX between quantile pairs (0.05 & 0.95, 0.05 & 0.90), ΔPMI between 
(0.05 & 0.95), and ΔPCE between (0.10 & 0.90) remain highly significant at the 1% 
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level. This further confirms that the heterogeneous variable effects are systematic struc-
tural characteristics rather than sampling errors. 

It can be observed from Figure 1 that as a representative technology stock, the returns 
of Google are primarily driven by market sentiment and growth expectations, and it 
exhibits low sensitivity to commodities and inflation. The VIX coefficient is -0.18 at 
the left tail (θ = 0.05, 1% significance) and weakens as quantiles rise, showing strong 
left-tail risk. The OLS estimate of VIX (-0.09) clearly underestimates downside risk. 
Oil price returns are insignificant across quantiles, unlike energy stocks. ΔPMI  and 
ΔPCE show a right-tail strengthening pattern, with stronger impacts in bull markets. 
Inflation effects are generally insignificant, reflecting tech firms’ resilience to inflation. 
S&P 500 returns are significantly positive across quantiles (0.60 - 0.69), indicating 
stable systematic market effects. 

4.2 Chevron 

For Chevron, Market return, Oil return, VIX, and ΔGold Price are significant at the 1% 
level across all quantiles. Oil return is the core factor with a stable coefficient of 0.48 -
0.60. Market return ranges from 0.58 to 0.66, VIX from −0.31 to −0.50, and ΔGold 
Price from 0.18 to 0.29, confirming stable commodity-driven effects. ΔPCE  is only 
significant at θ = 0.95, and ΔPMI only at extreme quantiles, suggesting weak short-
run impacts from inflation and economic activity. 

Table 5. Pairwise Quantile Comparison Tests for Chevron (CVX) 

Variable Quantile Pair Raw p−value Holm−adjusted p−value Significance

VIX 0.05 vs 0.50 0.00017 0.00153 *** 

VIX 0.50 vs 0.95 0.00029 0.00261 *** 

Oil Return 0.40 vs 0.55 0.00009 0.00072 *** 

Table 5 shows that the coefficient differences of VIX between bear and normal mar-
kets, as well as between normal and bull markets, remain highly significant at the 1% 
level. Even though the overall slope test for oil price return fails to reject the null hy-
pothesis, the coefficient difference between the 0.40 and 0.55 quantiles is still signifi-
cant at the 1% level, indicating statistically notable subtle structural changes in the lo-
cal range near the median. 

As a key energy sector firm, Chevron displays clear industry-specific and stable fac-
tor responses across quantiles. As depicted in Figure 2, oil price return is significantly 
positive at the 1% level across all quantiles, with coefficients stable between 0.23 and 
0.27, confirming its role as the core pricing factor in all market conditions, unlike tech-
nology and materials stocks. The negative impact of VIX weakens with higher quan-
tiles: significant at the left tail (θ = 0.05,-0.15) reflecting strong bear-market risk, 
while insignificant at the right tail as rising oil prices hedge market risk in bull markets. 
ΔPMI shows a right-tail strengthening effect, becoming significantly positive at high 
quantiles. ΔPCE is stably positive across quantiles (1.0 - 1.5), indicating consistent re-
sponses to economic expansion and mild inflation. Inflation effects are insignificant 
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across quantiles, unlike the right-tail negative pattern for SCCO, owing to energy com-
panies’ strong cost-pass-through capacity. S&P 500 return is significantly positive
across quantiles (0.48 - 0.58), supporting the stable role of systematic market factors. 

 

Fig. 2. Time Series of Chevron Stock Returns and Quantile Trend Plots of Regression Coeffi-
cients for Explanatory Variables 

4.3 Southern Copper 

For Southern Copper, market return, oil return, VIX, and gold return are significant 
across all quantiles: market return coefficients range from 0.52  to 0.59 , VIX  from 
-0.37 to - 0.57. Oil return and ΔGold Price exert stronger effects at low and medium 
quantiles but decline rapidly at high quantiles, indicating commodity prices are more 
impactful drivers for basic materials stocks in weak markets. The positive effect of 
ΔPMI rises with quantiles—from 0.10 at θ = 0.50 to 0.22 at θ = 0.95, significant at 
θ = 0.05, 0.75, and 0.95,showing a right-tail strengthening pattern consistent with 
technology stocks. ΔPCE is only significant at the 10% level at θ = 0.95, reflecting 
limited impact from short-term inflation fluctuations. 

Wald tests for overall slope equality confirm VIX, ΔCPI, and ΔPMI reject the null 
hypothesis of "equal coefficients across all quantiles at the  5% level (VIX: χ² =
41.25, p = 0.0012;  ΔCPI: χ² = 35.89, p = 0.0068;  ΔPMI: χ² = 34.12, p = 0.0104), 
verifying their significant quantile dependence on SCCO’s returns. Other variables fail 
the 5% significance test, so the null hypothesis of equal coefficients cannot be rejected. 
To pinpoint the source of coefficient heterogeneity, pairwise Wald tests are conducted 
for key quantile pairs, with Holm’s stepwise correction applied to control the family-
wise error rate in multiple comparisons. 
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Table 6. Pairwise Quantile Comparison Tests for Southern Copper (SCCO) (Holm-corrected) 

Variable Quantile Pair Raw p−value Holm−adjusted p−value Significance

ΔCPI 0.25 vs 0.70 0.00002 0.00015 *** 

VIX 0.05 vs 0.90 0.00011 0.00102 *** 

ΔPMI 0.05 vs 0.95 0.00031 0.00284 *** 

Table 6 shows that after multiple comparison correction, the coefficient differences 
of ΔCPI, VIX, and ΔPMI across quantiles remain highly significant at the 1% level, fur-
ther confirming the heterogeneous factor effects for basic materials stocks. 

 

Fig. 3. Time Series of Southern Copper Stock Returns and Quantile Trend Plots of Regression 
Coefficients for Explanatory Variables 

As can be seen in Figure 3,southern Copper’s quantile regression results reveal dis-
tinct industry characteristics and quantile heterogeneity in factor impacts. S&P 500 re-
turn is significantly positive across all quantiles (0.55 - 0.65), reflecting stable sys-
tematic market effects. VIX shows a typical left-tail risk pattern: highly significant at 
-0.22 in the left tail (θ = 0.05) and gradually insignificant at higher quantiles. Oil 
price return is quantile-dependent—significantly positive (0.2 - 0.3) at θ . 0.5 but 
weakens toward zero above θ = 0.7, indicating sentiment dominance in bull mar-
kets.ΔPMI and ΔPCE exhibit right-tail strengthening, turning significantly positive at 
high quantiles. Inflation has an increasing negative effect toward the right tail, becom-
ing significantly negative at θ = 0.95, as higher costs and tightening expectations sup-
press cyclical stock valuations. 
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5 Conclusions 

Full-sample quantile regression and coefficient heterogeneity tests yield key findings. 
Traditional OLS has limitations for financial time series, as core variables show strong 
non-normal distributions. Quantile regression is more suitable, being robust to outliers 
and free of strict distribution assumptions. It effectively captures tail heterogeneity
(especially τ . 0.1 or τ . 0.9) and nonlinear structures ignored by OLS mean regres-
sion. 

Factor impacts exhibit significant quantile dependence and industry heterogeneity: 
Google is driven by market sentiment and growth expectations with weak commodity 
effects; Chevron is stably influenced by oil prices across all quantiles; Southern Copper 
relies on commodity prices at low-to-medium quantiles, with rising sensitivity to eco-
nomic growth in bull markets and negative inflation effects at the right tail. Market 
return acts as a stable systematic driver, VIX exerts stronger downside impacts in bear 
markets, and ΔPMI shows universal right-tail strengthening. 

These findings provide practical implications for investors, asset managers, and reg-
ulators, supporting industry-specific strategies, diversified allocation, and improved 
tail-risk measurement. Limitations include a small sample and static model; future re-
search could extend to larger panel data and dynamic quantile regression. 

Overall, quantile regression offers a more comprehensive framework for asset pric-
ing and risk management by capturing tail effects and nonlinear structures, holding 
broad potential for financial applications. 

References 

1 Aslanidis, N., & Christiansen, C. (2012). Smooth transition patterns in the realized stock–
bond correlation. Journal of Empirical Finance, 19(4), 454–464.  

. 

2 Bekaert, G., & Hoerova, M. (2014). The VIX, the variance premium and stock market vol-
atility. Journal of Econometrics, 183(2), 181–192. 

. 

3 Balcilar, M., Gupta, R., & 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.  

. 

4 Ferrando, L., Ferrer, R., & Jareño, F. (2017). Interest rate sensitivity of Spanish industries: 
A quantile regression approach. The Manchester School, 85(2), 212–242.  

. 

5 Wen, F., Shui, A., Cheng, Y., & Gong, X. (2022). Monetary policy uncertainty and stock 
returns in G7 and BRICS countries: A quantile-on-quantile approach. International Review 
of Economics & Finance, 78, 457–482. 

. 

6 Lee, C. C., Olasehinde-Williams, G., & Özkan, O. (2023). Geopolitical oil price uncertainty 
transmission into core inflation: Evidence from two of the biggest global players. Energy 
Economics, 126, 106983. 

. 

7 Pijourlet, G. (2024). Climate policy uncertainty and US industry stock returns: A quantile 
regression approach. Economics Bulletin, 44(1), 182–189.  

. 

8 Badreddine, S., & Clark, E. (2021). The asymmetric effects of industry specific volatility in 
momentum returns. International Journal of Finance & Economics, 26(4), 6444–6458.  

. 



 

9 Zhou, L., Lin, W., & Yang, C. (2024). Investor trading behavior and asset prices: Evidence 
from quantile regression analysis. International Journal of Finance & Economics, 29(2), 
1722–1744.  

. 

10 Bouri, E., Gök, R., Gemici, E., & Kara, E. (2024). Do geopolitical risk, economic policy 
uncertainty, and oil implied volatility drive assets across quantiles and time-horizons? The 
Quarterly Review of Economics and Finance, 93, 137–154.
https://doi.org/10.1016/j.qref.2023.12.004 

. 

11 Ando, T., Li, K., & Lu, L. (2023). A spatial panel quantile model with unobserved hetero-
geneity. Journal of Econometrics, 232(1), 191–213.  

. 

12 Marangoz, C., Gerekan, B., Yılmaz, E., & Bulut, E. (2025). Disentangling geopolitical risks: 
A quantile approach to geopolitical risk indices' impacts on stock markets. Finance Research 
Letters, 77, Article 107113.  

. 

970             J. Li

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.

http://creativecommons.org/licenses/by-nc/4.0/

	Tail Effects and Industry Heterogeneity in Stock Return Responses to Macroeconomic Shocks: Evidence from Quantile Regression



