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Abstract 

This paper examines how the performance of low-risk anomalies varies over the FOMC cycle as they 

are expected to be weaker as uncertainty is resolved following an FOMC meeting. We form a low-

minus-high risk portfolio or betting-against-risk (BAR) portfolio, mimicking low-risk anomalies, 

using four proxies of risk, and find the biweekly pattern of returns for all four BAR portfolios after 

the FOMC meeting consistent with Cieslak et al. (2019). Taking advantage of the FOMC meeting 

schedule being known in advance, we propose dynamic BAR strategies. We find that the dynamic 

BAR strategy significantly outperforms the original low-minus-high risk portfolio. 
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1. Introduction 

The capital asset pricing model (CAPM) documents that high-beta assets should earn more than 

low-beta assets implying a positive relationship between the systematic risk and the expected return. 

However, the literature beginning with Black et al. (1972) and Fama and MacBeth (1973), consistently 

reports counterevidence, which is called the beta anomaly. More broadly, the literature has documented 

the existence of low-risk anomalies, including the beta anomaly, that describes the phenomenon of high-

risk stocks having negative abnormal returns or lower returns than less risky stocks (Ang et al., 2006, 

2009; Frazzini and Pederson, 2014). For low-risk anomalies, the literature has suggested uncertainty as 

a potential driver. Hong and Sraer (2016) suggest macroeconomic uncertainty as a driver of the beta 

anomaly. The idiosyncratic volatility anomaly is also closely related to disagreement and mispricing 

(Stambaugh et al., 2015; Stambaugh and Yuan, 2017), indicating that it can be resolved when mispricing 

becomes weaker.  

On the other hand, recent studies report a large equity premium and stronger risk-return 

relationship around the Federal Open Markets Committee (FOMC) meetings (Savor and Wilson, 2014; 

Lucca and Moench, 2015; Brusa et al., 2020). For this abnormal phenomenon, Savor and Wilson (2014) 

suggest that the announcements reduce the noise or disagreement so that returns become a clearer signal 

of aggregate risk on announcement days. Extending Savor and Wilson’s (2014) finding, Cieslak et al. 

(2019) find the biweekly pattern of the equity premium around the FOMC meetings. They find that the 

equity premium is notably high in a particular period, that is, weeks 0, 2, 4, and 6, starting from the last 

FOMC meeting (so-called even weeks). In the spirit of Savor and Wilson’s (2014), they suggest that 

other news that is typically released in even weeks contributes to reducing the uncertainty and thus 

causes the biweekly pattern. For example, a Governors’ board meeting typically takes place just prior 

to a scheduled FOMC meeting and then receives updated recommendations of the Reserve Banks over 

monetary policy after two weeks. Further studies have suggested a resolution of uncertainty around the 

FOMC meetings as a main reason in the literature (Chen and Clements, 2007; Gu et al., 2018; Boguth 
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et al., 2019; Hu et al., 2019; Ai et al., 2022; Bodilsen et al., 2021; Kurov et al., 2021).1 

Bridging these two strands of the literature, this paper examines the time-varying performance of 

the low-risk anomalies over the FOMC cycle. Specifically, we investigate if they show the biweekly 

pattern over the FOMC cycle as Cieslak et al. (2019) suggest. To do so, we form betting-against-risk 

(BAR) portfolios mimicking low-risk anomalies based on four different measures of risk: the CAPM 

beta, idiosyncratic volatility, total volatility, and systematic volatility. For the pre-scheduled FOMC 

meetings from 1994 to 2020, we find that the returns on the BAR portfolios have a biweekly pattern, 

which is a significant drop in even weeks of the FOMC cycle.  

This biweekly pattern of low-risk anomalies over the FOMC cycle has a practical benefit. The 

FOMC announces the meeting schedule ahead of time, and thus, investors can anticipate this particular 

period, which is expected to harm the performance of the BAR strategy. We, therefore, propose two 

dynamic BAR strategies exploiting the biweekly pattern and utilizing the FOMC meeting schedule 

known to the public in advance. The first strategy is to buy (sell) high-risk stocks and sell (buy) low-

risk stocks in even (odd) weeks of the FOMC cycle. The second strategy is to maintain the original 

BAR portfolio only in odd weeks and invest in risk-free assets in even weeks. Our results show that our 

dynamic trading rules significantly improve the performance of the original BAR portfolios. Our study 

contributes to the literature on dynamic anomaly strategies by suggesting a new approach exploiting 

the FOMC meeting schedule. The previous studies propose dynamic strategies using the scheduled 

FOMC meetings, but they apply the dynamic trading rules only on a market index (Lucca and Moench, 

2015; Cieslak et al., 2019; Huang et al., 2020). Anomalies can be of interest to investors as they suggest 

a trading strategy that can generate significant profits. Thus, understanding the time-varying 

performance of anomalies and utilizing this knowledge to improve performance can be important 

 
1 Kurov et al. (2021) document that a high equity premium before the FOMC announcements disappeared after 

2015 but our study is different from their work as we focus on a stronger relationship between risk and return 

rather than a high equity premium. We thus examine the performance of the low-risk anomalies, not the market 

index. Moreover, we focus on the biweekly pattern revealed by Cieslak et al. (2019) rather than the pre-FOMC 

announcement drift which is limited to the day of announcement. 
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(Barroso et al., 2020; Moreira and Muir, 2017; Barroso and Santa-Clara, 2015). Focusing on the low-

risk anomalies, Kim and Kim (2022) suggest dynamic BAR strategies managing the downside risk of 

low-risk anomalies, but we propose simpler and non-parametric dynamic strategies motivated by the 

biweekly pattern over the FOMC cycle.  

2. Data and Variables 

We consider four different proxies for risk based on the literature. We first employ the systematic 

risk of a stock according to CAPM (Beta) (Black et al., 1972; Fama and MacBetch, 1973; Frazzini and 

Pederson, 2014). Ang et al. (2006) show that not only Beta, but also volatility also has similar cross-

sectional relationship with expected returns. We thus employ three volatility measures suggested by 

Ang et al. (2006), the idiosyncratic volatility (Ivol), the total volatility (Tvol), and the systematic 

volatility (Svol) as proxies for risk.2 We collect the value-weighted daily returns on decile portfolios 

that are sorted by those four proxies of risk from Lu Zhang’s online data library. For each of these 

variables, we construct an anomaly-mimicking portfolio, namely the betting-against-risk (BAR) 

portfolio, which longs the low-risk decile portfolio and shorts the high-risk decile portfolio.  

The FOMC meeting schedule is collected from the FED.3 Our sample period starts from 1994, 

although the dates of FOMC meetings are available starting from 1982 because the FED started to 

disclose their decisions to the public following the scheduled meeting in 1994. In the period from 

January 1994 to December 2020, there were 215 scheduled FOMC meetings. For each FOMC meeting 

 
2 http://global-q.org/testingportfolios.html; Beta is estimated by by regressing individual stocks’ monthly returns 

on the market returns from month t-60 to t-1 for each month t. Ivol at month t is measured by the residual volatility 

from regressing a stock’s daily excess returns on the Fama-French 3 factors in month t-1. Tvol of each month t is 

defined as the volatility of a stock’s daily returns from month t-1. Svol is estimated from the bivariate regression 

of a stock’s daily excess returns on the market factor and aggregate volatility shock with the daily returns from 

month t-1. The regression coefficient on the aggregate volatility shock is used as the systematic volatility. 

3 https://www.federalreserve.gov/monetarypolicy/fomccalendars.htm 

http://global-q.org/testingportfolios.html
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at day 0, week 0 is defined as the days from -1 to 3. Weeks -1 to 6 are defined to include five business 

days in a similar way. Even weeks include weeks 0, 2, 4, and 6, and odd weeks include weeks -1, 1, 3, 

and 5. 

To examine the risk-adjusted return on the BAR strategies, we employ the Fama-French (1993) 

three factors: the market factor (MKT), the size factor (SMB), and the value factor (HML). The daily 

three factors and the risk-free rate (T-bill rate) are obtained from Kenneth French’s data library.4   

3. Results 

3.1. Biweekly pattern of the BAR 

Table 1 reports the summary statistics of the daily returns on the BAR portfolios for the entire 

sample period (Panel A), as well as for the even (Panel B) and odd weeks (Panel C), separately. In each 

panel, we report the number of daily observations (N), the average (Mean), standard deviation (Stdev), 

skewness (Skew), and kurtosis (Kurt) of returns. 

[Insert Table 1 here] 

Panel A shows that the BAR strategies, except Beta, have positive returns on average. If we break 

the data down into the FOMC even and odd weeks, we can see clear differences between the 

performance of the BAR strategies in these two periods. Panel B shows that the four BAR strategies all 

show negative returns on average, ranging from -0.088% (Beta) to -0.003% (Svol) (-22% to -0.75% in 

annualized returns), while Panel C shows that they all generate positive returns on average, ranging 

from 0.037% (Svol) to 0.071% (Tvol) (9.25% to 17.75% in annualized returns). Table 1 provides 

supportive evidence that the low-risk anomalies become weaker in the even weeks of the FOMC cycle.  

To evaluate the statistical significance of the difference of the BAR returns in even and odd weeks, 

we regress BAR returns on a dummy variable for the FOMC cycle time as follows:  

 
4 https://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html. 
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𝐵𝐴𝑅𝑡 = 𝛼 + 𝛽′𝐷𝑡 + 𝜖𝑡                                (1) 

where 𝐵𝐴𝑅𝑡 indicates the return on a BAR strategy on day t, and 𝐷𝑡 is a set of dummy variables for 

the FOMC cycle time for day t. For 𝐷𝑡 , we test three sets of independent variables: (1) a dummy 

variable for the days in week 0, 2, 4, or 6 in the FOMC cycle (D(0,2,4,6)), (2) a dummy for the days in 

week 0 (D(0)), and another dummy for the days in weeks 2, 4, or 6 (D(2,4,6)), and (3) separate dummies 

for the days in weeks 0, 2, 4, and 6, respectively (D(i) for i = 2, 4, and 6).  

[Insert Table 2 here] 

In Table 2, for each BAR strategy, Model 1 includes a dummy for all even weeks and Models 2 

and 3 further distinguish even weeks. Table 2 supports our conjecture that the low-risk anomalies are 

resolved in the FOMC schedule’s even weeks as the relationship between the risk and the return 

becomes strongly positive in these periods. Model 1 shows the significant drop in returns in even weeks 

for all BAR strategies except Svol. Although Svol shows generally a weak pattern compared to other 

BAR strategies, Model 3 shows that the dummy for week 4  is significantly negative.  

3.2. Dynamic BAR strategy 

In this section, we develop two non-parametric dynamic strategies that can be implemented in real-

time using only the information available at the moment without considering future information 

utilizing the FOMC meeting schedule.  

The first non-parametric trading strategy is designed to switch the long- and short-legs of the 

original BAR portfolio in even weeks. Put differently, it is the strategy of buying the high-risk decile 

portfolio and selling the low-risk decile portfolio in even weeks of the FOMC cycle while buying the 

low-risk decile portfolio and selling the high-risk decile portfolio, as suggested by the original BAR 

strategy, otherwise. Second, we design another non-parametric rule to take no position (a zero-

investment position) in even weeks instead of switching the long- and short-legs of the original BAR 

portfolio.  

[Insert Table 3 here] 
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Table 3 compares the performance of the original and dynamic BAR strategies. For each strategy, 

we report the annualized mean (Mean), standard deviation (Stdev), Sharpe ratio (SR), and the p-value 

for the difference in the Sharpe ratios of returns.  

Table 3 exhibits the dramatic improvement in the performance of the BAR strategies. For example, 

the original beta strategy has a negative average return (-5.136%), but two dynamic beta strategies 

generate large, positive returns on average. In particular, the average return on the first dynamic beta 

strategy is 15.100%, and that of the second one is 4.982%, resulting in an annualized Sharpe ratio of 

0.528 and 0.242, respectively. The difference in the Sharpe ratio relative to the original strategy is 

significant for both strategies indicating a significant improvement. Ivol and Tvol portfolios also show 

a large increase in returns, and thus, in the Sharpe ratios based on the application of dynamic strategies. 

The test on the difference in SR also shows that the increase in profitability by applying the dynamic 

trading rules is statistically significant. We find that Svol shows a relatively weaker result but still, our 

results show that the average return is increased from 4.645% to over 5% by applying the dynamic 

trading rule to Svol portfolio.  

Next, we compare the profitability of the two strategies in terms of risk-adjusted return. We regress 

the daily return on the BAR strategy on Fama and French’s (1993) three factors – MKT, SMB, and 

HML – for the sample period. Table 4 reports the estimated intercept, indicating the risk-adjust return 

of the strategy and the risk-adjusted return, excluding the coefficients on the three factors for brevity. 

The results are annualized. 

[Insert Table 4 here] 

Table 4 provides additional support for the outperformance of the dynamic BAB strategy, even in 

terms of the risk-adjusted returns. We find that the average risk-adjusted returns on dynamic strategies 

are all significant except the Svol’s first dynamic trading strategy. Specifically, the average risk-adjusted 

returns on the original Beta and Svol are insignificant in our sample period, but their dynamic strategies 

all generate positive and significant risk-adjusted returns, on average. For instance, while the risk-

adjusted return on Beta is 4.936% with t-statistic = 1.40, that of the first dynamic Beta is 15.422% with 



8 

t-statistic = 2.75, which is three times larger than that of the original strategy.   

4. Conclusion 

The FOMC meeting has been one of the major interests in the finance and economics literature 

due to its unique role and significant impact on the global economy (Beckmeyer et al., 2021; Brusa et 

al., 2021). On the other hand, the low-risk anomaly is one of the most long-standing anomalies in the 

finance literature, which challenges traditional asset pricing models (Black et al., 1972; Fama and 

MacBeth, 1973). This paper bridges these two important strands of the literature and provides important 

implications for future research and practice.  

Our results suggest the predictive nature of low-risk anomalies and explore the intertemporal aspect 

of them. This motivates us to design dynamic BAR strategies, and we find that these dynamic trading 

rules greatly improve the performance of the original BAR strategies. Barroso et al. (2020) document 

that low-risk anomalies can be explained by Fama and French’s (2018) six-factor model, but their risk-

managed versions cannot. They note that such dynamic versions challenge the asset pricing models to 

a greater degree than the original ones. Our results build on this literature by showing that even the risk-

adjusted returns increase if we apply our dynamic trading rules to the BAR portfolios. 
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Table 1. Summary statistics of low-risk anomaly returns 

This table presents the summary statistics of daily returns on the low-risk anomaly portfolios. For each 

of the four risk proxies, market beta (Beta), idiosyncratic volatility (Ivol), total volatility (Tvol), and 

systematic volatility (Svol), we construct the BAR portfolio, which longs the lowest risk decile portfolio 

and shorts the highest risk decile portfolio. The sample period is from January 1994 to December 2020. 

Panel A reports the summary statistics for the whole sample period, and Panel B and C report the ones 

for FOMC even and odd weeks, respectively. In each panel, we report the number of daily observations 

(N), the average (Mean), standard deviation (Stdev), skewness (Skew), and kurtosis (Kurt) of daily 

returns. 

  Beta Ivol Tvol Svol 

Panel A: Whole period 

N 6,799 6,799 6,799 6,799 

Mean -0.021 0.011 0.004 0.019 

Stdev 1.808 1.563 1.88 1.135 

Skew -0.355 -0.309 -0.252 0.303 

Kurt 10.425 13.589 11.052 13.707 

Panel B: Even Week 

N 3,143 3,143 3,143 3,143 

Mean -0.088 -0.046 -0.074 -0.003 

Stdev 1.846 1.598 1.91 1.165 

Skew -0.607 -0.597 -0.481 0.548 

Kurt 13.530 16.926 13.860 13.800 

Panel C: Odd Week 

N 3,656 3,656 3,656 3,656 

Mean 0.037 0.06 0.071 0.037 

Stdev 1.774 1.532 1.852 1.108 

Skew -0.104 -0.02 -0.029 0.062 

Kurt 7.220 10.111 8.279 13.590 
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Table 2. Regressions of low-risk anomaly returns on FOMC cycle dummies 

This table presents the estimated results of regressing daily anomaly long-short portfolio returns on the FOMC even-week dummies (Equation (1)). The 

definition of weeks in the FOMC cycle time are: Week 0: Days -1 to 3; Week 2: Days 9 to 13; Week 4: Days 19 to 23; Week 6: Days 29 to 33. D(i) indicates 

a dummy for the days in week i of the FOMC cycle. The numbers in parentheses indicate the t-statistics with the Newey-West (1987) adjustment with ten 

daily lags, and those in brackets indicate the t-statistics with standard errors clustered in five-day periods (with a given five-day period consisting of only 

even-week or only odd-week observations, respectively). *, **, and *** indicate a significance at the 10%, 5%, or 1% confidence level, respectively. The sample 

period is from January 1994 to December 2020. 

 Panel A. Beta Panel B. Ivol Panel C. Tvol Panel D. Svol 

Model 1 2 3 1 2 3 1 2 3 1 2 3 

Intercept 0.037 0.037 0.037 0.060** 0.060** 0.060** 0.071** 0.071** 0.071** 0.037* 0.037* 0.037* 

  (1.19) (1.19) (1.19) (2.16) (2.16) (2.16) (2.24) (2.24) (2.24) (1.85) (1.85) (1.85) 

  [1.18] [1.18] [1.18] [2.12] [2.12] [2.12] [2.19] [2.19] [2.19] [1.87] [1.87] [1.87] 

D(0,2,4,6) -0.125***   -0.106***   -0.145***   -0.040   

  (-2.79)   (-2.74)   (-3.27)   (-1.37)   

  [-2.79]   [-2.62]   [-3.13]   [-1.45]   

D(0)  -0.115* -0.115*  -0.098* -0.098*  -0.133** -0.133**  -0.022 -0.022 

   (-1.92) (-1.92)  (-1.82) (-1.82)  (-2.10) (-2.10)  (-0.55) (-0.55) 

   [-1.91] [-1.91]  [-1.82] [-1.82]  [-2.08] [-2.08]  [-0.58] [-0.58] 

D(2,4,6)  -0.130**   -0.110**   -0.152***   -0.050  

   (-2.48)   (-2.45)   (-2.96)   (-1.52)  

   [-2.54]   [-2.38]   [-2.88]   [-1.58]  

D(2)   -0.113   -0.110*   -0.151**   -0.009 

    (-1.61)   (-1.89)   (-2.17)   (-0.22) 

    [-1.60]   [-1.85]   [-2.12]   [-0.22] 

D(4)   -0.160**   -0.123**   -0.164**   -0.098** 

    (-2.44)   (-2.09)   (-2.49)   (-2.27) 

    [-2.53]   [-2.06]   [-2.48]   [-2.37] 
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D(6)   -0.044   -0.006   -0.073   -0.022 

    (-0.33)   (-0.04)   (-0.46)   (-0.27) 

    [-0.33]   [-0.04]   [-0.46]   [-0.26] 
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Table 3. Original versus dynamic low-risk anomaly strategies 

This table compares the performance of the original and dynamic low-risk anomaly strategies and 

reports the annualized mean, standard deviation (Std), and Sharpe ratio (SR) of the original anomaly 

strategies, as well as two types of dynamic strategies. The first dynamic strategy is designed to buy 

high-risk stocks and sell low-risk stocks in even weeks of the FOMC cycle, and to buy low-risk stocks 

and sell high-risk stocks otherwise. The second dynamic strategy is designed to buy low-risk stocks and 

sell high-risk stocks in odd weeks of the FOMC cycle, and withdraw the positions otherwise. The last 

two rows present Jobson and Korkie’s (1981) test results on the differences in Sharpe ratios of two 

strategies, namely original and dynamic strategies. Following Maio (2014), the relative risk aversion 

parameter is set to 3. The numbers in parentheses indicate the p-values. The sample period is from 

January 1994 to December 2020. 

  Beta Ivol Tvol Svol 

Original strategy Mean (%) -5.136 2.806 0.940 4.645 

 Std (%) 28.592 24.720 29.729 17.943 
 SR -0.180 0.114 0.032 0.259 

First dynamic strategy Mean (%) 15.100 13.359 18.148 5.366 

 Std (%) 28.578 24.706 29.707 17.942 
 SR 0.528 0.541 0.611 0.299 

Second dynamic strategy Mean (%) 4.982 8.083 9.544 5.006 

 Std (%) 20.564 17.767 21.481 12.845 
 SR 0.242 0.455 0.444 0.390 

      

First – Original (0.00) (0.05) (0.01) (0.44) 

Second – Original (0.00) (0.00) (0.00) (0.13) 
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Table 4. Risk-adjusted returns of original and dynamic strategies 

This table presents the risk-adjusted returns of the dynamic low-risk anomaly strategies, controlling for 

the Fama-French three-factors. The first dynamic strategy is designed to buy high-risk stocks and sell 

low-risk stocks in even weeks of the FOMC cycle, and to buy low-risk stocks and sell high-risk stocks 

otherwise. The second dynamic strategy is designed to buy low-risk stocks and sell high-risk stocks in 

odd weeks of the FOMC cycle, and withdraw the positions otherwise. The daily risk-adjusted returns 

are annualized by multiplying by 250. The sample period is from January 1994 to December 2020. The 

numbers in parentheses indicate the t-statistics with the Newey-West (1987) adjustment with ten daily 

lags. *, **, and *** indicate a significance at the 10%, 5%, or 1% confidence level, respectively. 

  Beta Ivol Tvol Svol 

Original strategy 
 

4.936 9.629*** 10.825*** 6.868** 

 
 

(1.40) (2.88) (2.98) (2.17) 

First dynamic strategy 
 

15.422*** 13.589*** 18.439*** 5.509 

 
 

(2.75) (2.78) (3.31) (1.48) 

Second dynamic strategy 
 

10.179*** 11.609*** 14.632*** 6.189** 

 
 

(2.96) (3.75) (4.26) (2.39) 

 

 


