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Asynchronous Data and Serial Correlation 
in Financial Time Series 

Introduction 
It’s Tuesday, 2 PM in New York. The Commerce Department has just released new data 

suggesting that economic growth was far stronger than economists had anticipated. In our increasingly 

integrated global economy, this is seen as good news not just for US-based corporations but also for 

corporations around the world. But while US equity markets rally on the news, in Asia and Europe 

nothing. The reason: at 2 PM Easter Standard Time, European traders are most likely at home eating 

dinner, and Asian traders are most likely fast asleep, their equity markets closed for the day. When Asian 

and European markets do finally open, the news from the US will be reflected almost instantly in higher 

share prices. The markets are clearly reacting to the same information that drove US markets higher 

only a few hours earlier. The problem is that when Asian and European markets finally do rally, it is no 

longer Tuesday, it is Wednesday. Even though Asian and European markets reacted to the news as soon 

as they opened, when we look back at the historical return data, what was really one event will appear 

to have happened on two separate days. That the markets appear to be out of synch, that the data 

appears to be asynchronous, with the same event showing up in different markets on different dates, 

turns out to have serious consequences when it comes to estimating risk. 

In what follows, we begin by looking at actual market data to see how asynchronous data can impact 

traditional measures of risk. Next we examine how to quantify the degree to which different markets 

are linked using serial correlation. We then explore how risk measures can be corrected for 

asynchronous data. A separate section is devoted specifically to incremental risk measures. Finally we 

discuss some practical issues to consider when reporting risk statistics. 

Asynchronous Markets and Risk 
Looking at daily returns from 1990 through 2012, the Nikkei 225 moved in the same direction as 

the S&P 500 50% of the time. In other words, on any given day the Nikkei was just as likely to move in 

the same direction as the S&P 500 as it was to move in the opposite direction. Based on daily returns, it 

would appear that the Nikkei is highly independent of the S&P 500. If we look at monthly data, however, 

we see the Nikkei and the S&P moving in the same direction 66% of the time. On a monthly basis, the 

two markets are twice as likely to move in the same direction as they are to move in the opposite 

direction. 

We observe the same pattern if we look at correlations. The correlation between the S&P 500 and the 

Nikkei appears much higher if we use monthly data than if we use daily data. The chart below shows 

rolling 24-month correlation between the S&P 500 and the Nikkei based both on daily and monthly 

returns. Not only is there a dramatic difference between the two series on average, but the gap appears 
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to be growing in recent years. Global markets have become increasingly linked over the past 20 years, a 

fact which is completely absent from the daily series. 

 

Figure 1: Rolling 24-Month Correlation of the S&P 500 and Nikkei 225 

The difference in correlation between daily and monthly returns is due in large part to asynchronous 

data. When it comes to monthly returns, with the exception of the last day of the month, if economic 

news impacts US markets today, it doesn’t matter if the impact of that news on Asian markets is 

registered today or tomorrow it is still the same month. With daily returns, one day makes all the 

difference. 

Asynchronous data can have a significant impact on standard risk measures. For example, standard risk 

measures will tend to underestimate the risk of portfolios that have long equity exposures in different 

markets. As we will see in the next section, asynchronous data could easily cause us to underestimate 

the long-term risk of a portfolio that is long S&P 500 and Nikkei 225 by as much as 27%. At the same 

time, standard risk measures will overstate the risk of portfolios that are long equities in one market and 

short in another. Asynchronous data can just as easily lead us to overestimate risk as it can to 

underestimate risk. 

Serial Correlation 
Based on the preceding discussion, it is tempting to believe that the solution to asynchronous 

data is simply to look at longer return horizons. This solution has two fundamental problems. The first is 

that it does not completely eliminate the asynchronous events, it simply reduces the possibility. Using 
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the example from the preceding section, if an event impacts US markets today and Asian markets 

tomorrow and we are using a five day return window, there is still a one in five chance that the event 

will show up in different five day windows. The second problem is that longer windows mean less data 

points. If we use five day windows, then we will have 1/5 as many data points than if we were using 

daily returns (we could use overlapping data, but for many statistics this can lead to biases which are 

difficult or impossible to correct). If we try to eliminate the first problem, asynchronous data, the second 

problem, less data points, becomes worse, and vice versa. 

A better solution is to model and quantify the process that is causing the asynchronous data directly. At 

the portfolio level, asynchronous data leads to serial correlation – sometimes referred to as 

autocorrelation – in the return series. Serial correlation simply means that portfolio returns are 

correlated with their own lagged values. If a portfolio is long equities in the US and Japan, then large 

positive returns will be more likely to be followed by positive returns, and large negative returns will be 

more likely to be followed by negative returns. If we then measure the correlation between returns and 

returns from the previous day, the correlation should be positive. Similarly if a portfolio is long equities 

in the US and short equities in Japan, we should see negative serial correlation. 

The chart below shows the rolling 24-month serial correlation of three portfolios, one that is long the 

S&P 500, one that is long the S&P 500 and the Nikkei 225, and one that is long the S&P 500 and short 

the Nikkei 225. As expected, the portfolio that is long both markets exhibits positive serial correlation, 

the long/short portfolio exhibits negative serial correlation. The serial correlation of the portfolio of just 

the S&P 500 is in between, and close to zero. 

 

Figure 2: Rolling 24-Month Serial Correlation 
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Adjusting Risk for Serial Correlation 
In this section we derive a formula for calculating the impact of serial correlation on the 

standard deviation of returns. The complete derivation is somewhat tedious, but the final result is 

extremely simple, involving nothing more than basic arithmetic. 

Assume that the log return at time t for our portfolio, rt, can be described by the following 

equation: 

𝑟𝑡 = (1 − 𝑑)𝜇 + 𝑑𝑟𝑡−1 + 𝜀𝑡 

where μ is a constant, and d is a constant between −1 and +1 (as we will see shortly, these constants are 

the mean and serial correlation of rt, respectively). εt is a random variable with a mean of zero and 

standard deviation σε. εt is uncorrelated with its own lags. That is: 

𝐸[𝜀𝑡𝜀𝑠] = {𝜎𝜀
2   𝑡 = 𝑠

0    𝑡 ≠ 𝑠
 

The model is extremely simple, but it exhibits the essential feature that we are after: returns in one 

period, rt, are impacted by returns in the previous period, rt-1. Intuitively, if d is positive then positive 

returns in one period will be more likely to be followed by positive returns in the next period, and 

negative returns in one period will be more likely to be followed by negative returns. If d is positive, we 

expect that the portfolio returns will exhibit positive serial correlation. Similarly if d is negative, we 

expect the portfolio returns will exhibit negative serial correlation. 

By repeatedly substituting the equation into itself we can rewrite the return process as: 

𝑟𝑡 = 𝜇 ∑ 𝑑𝑖

𝑛−1

𝑖=0

+ ∑ 𝑑𝑖𝜀𝑡−𝑖

𝑛−1

𝑖=0

+ 𝑑𝑛𝑟𝑡−𝑛 

where n is an arbitrary positive constant. As n goes to infinity, dn goes to zero. In the limit, we can 

rewrite the process as: 

𝑟𝑡 = 𝜇 + ∑ 𝑑𝑖𝜀𝑡−𝑖

∞

𝑖=0

 

The mean of the process is then equal to μ: 

𝐸[𝑟𝑡] = 𝐸[𝜇] + ∑ 𝑑𝑖𝐸[𝜀𝑡−𝑖]

∞

𝑖=0

= 𝜇 + ∑ 𝑑𝑖 ∙ 0

∞

𝑖=0

= 𝜇 

The unconditional variance of the return process, 𝜎𝑟
2, is equal to 𝜎𝜀

2 /(1−d2): 

𝜎𝑟
2 = 𝐸[(𝑟𝑡 − 𝜇)2] = 𝐸 [∑ 𝑑𝑖𝜀𝑡−𝑖

∞

𝑖=0

] =
𝜎𝜀

2

1 − 𝑑2
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Just as we calculated the variance of return process, we can calculate the covariance of the return 

process with its own lags: 

𝐸[(𝑟𝑡 − 𝜇)(𝑟𝑡−1 − 𝜇)] = 𝑑𝜎𝑟
2 

From this equation it is not difficult to see that the serial correlation of the return process, that is the 

correlation of the returns with their first lag, is equal to d, as promised. 

𝐸[(𝑟𝑡 − 𝜇)(𝑟𝑡−1 − 𝜇)]

𝜎𝑟
2 = 𝑑 

Next we examine the impact of this serial correlation on multi-period returns. Define the n-period return 

at time t, yn,t, as: 

𝑦𝑛,𝑡 = ∑ 𝑟𝑡−𝑖

𝑛−1

𝑖=0

 

By substituting our equation for rt into this new formula, it is easy to show that the mean of yn,t is nμ: 

𝐸[𝑦𝑛,𝑡] = 𝑛𝜇 

It takes a bit more work, but we can also derive the equation for the variance of yn,t: 

𝜎𝑦,𝑛
2 = 𝜎𝑟

2 [𝑛 + 2 ∑(𝑛 − 𝑖)𝑑𝑖

𝑛−1

𝑖=1

] 

If there is no serial correlation, d = 0, then the variance of yn,t is simply equal to n𝜎𝑟
2. Put another way, if 

there is no serial correlation then the standard deviation of the n-day returns is just √𝑛 times the daily 

standard deviation. This is the familiar square root rule for independent and identically distributed 

returns. 

If there is positive serial correlation, d > 0, then all the terms in the summation will be positive, and the 

variance and standard deviation will be greater. This is exactly as we anticipated in the first section. If we 

have a portfolio that is long both the S&P 500 and Nikkei, it will tend to display positive serial 

correlation, and the monthly standard deviation will be higher than we would have anticipated based on 

the standard deviation of daily returns. 

As our window length increases, the bias, the difference between what we would expect for the 

variance if there was no serial correlation and the variance when there is serial correlation continues to 

increase, but at a decreasing rate. In the limit, as n goes to infinity, the ratio of the actual variance and 

the no serial correlation variance is: 

𝜎𝑦,𝑛
2

𝑛𝜎𝑟
2 = 1 + 2 (

𝑑

1 − 𝑑
) 
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A more detailed proof for this results and the previous result are provided as an appendix.  

Note that as d approaches +1, the ratio becomes increasingly large. If serial correlation is high, then the 

actual long-run variance can be significantly higher than we might otherwise anticipate. As d approaches 

−1, the ratio goes to zero. A portfolio with extreme negative correlation will be much more stable in the 

long-run than anticipated.  

The table below shows the ratio for several values of d: 

d ratio 

-0.80 0.11 

-0.60 0.25 

-0.40 0.43 

-0.20 0.67 

0.00 1.00 

0.20 1.50 

0.40 2.33 

0.60 4.00 

0.80 9.00 

 

As we can see from the table, even relatively modest amounts of serial correlation can have a 

meaningful impact on long-term risk. In the previous section the portfolio that was long S&P 500 and 

Nikkei 225 exhibited positive serial correlation of 12%. This level of serial correlation would cause us to 

underestimate the long-term standard deviation by 27%. 

Incremental Risk 
In risk management we not only want to understand the risk of positions in our portfolio in 

isolation, we want to understand how each position in contributing to the overall risk of the portfolio. 

One popular measure of this risk contribution is incremental VaR, or iVaR, which for a position of size x, 

is defined as: 

𝑖𝑉𝑎𝑅 =
𝑑𝑉𝑎𝑅

𝑑𝑥
𝑥 

iVaR tells us how much the overall VaR of the portfolio will change if we make small changes to the any 

position in the portfolio. For example, if the iVaR of a position is $5,000 and we increase the size of the 

position by 1%, then the total VaR of the portfolio will increase by $50, $50 = $5,000 x 1%. 

The calculation of iVaR is often based on the related concept of incremental standard deviation. If a 

portfolio consists of two positions with quantities w1 and w2, standard deviations σ1 and σ2, and 

covariance σ12, then the portfolio standard deviation, σp, is: 
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𝜎𝑝 = (𝑤1
2𝜎1

2 + 𝑤2
2𝜎2

2 + 2𝑤1𝑤2𝜎12)1/2 

The incremental standard deviation of the first position is then: 

𝑑𝜎𝑝

𝑑𝑤1
𝑤1 =

𝑤1
2𝜎1

2 + 𝑤1𝑤2𝜎12

𝜎𝑝
 

It is not too difficult to see that the sum of the incremental standard deviation of the first position and 

the second position is equal to the total standard deviation of the portfolio. This additive property 

makes incremental standard deviation —and iVaR which shares this property — extremely user friendly. 

Just as asynchronous data can lead us to misestimate the risk of an individual position, it can also lead us 

to misestimate how much a position is contributing to the overall risk of a portfolio. Not only can 

asynchronous data lead us to misestimate how volatile a position is, but it can cause us to misestimate 

how correlated a position is with the rest of the portfolio. To fully understand the incremental risk of a 

position we need to know not only its own serial correlation, but the correlation of the position with the 

lagged returns of the portfolio and the correlation of the portfolio with the lagged returns of the 

position. 

Just as before we begin with a simple model, but instead of one position, we have two positions, whose 

returns can be described by the following vector equation: 

[
𝑟1,𝑡

𝑟2,𝑡
] = [

𝑛1

𝑛2
] + [

𝑑11 𝑑12

𝑑21 𝑑22
] [

𝑟1,𝑡−1

𝑟2,𝑡−1
] + [

𝜀1,𝑡

𝜀2,𝑡
] 

This is an example of a first order vector autoregression process, or VAR(1). We can rewrite this more 

succinctly in vector notation as: 

𝑹𝒕 = (𝑰 − 𝑫)𝑴 + 𝑫𝑹𝒕−𝟏 + 𝜺𝒕 

On the right hand side, we have replaced the first vector with (𝑰 − 𝑫)𝑴, where M is the vector of the 

means of Rt. Just as with the scalar case, by repeatedly substituting this equation into itself we can 

express Rt as a function of past disturbances: 

𝑹𝒕 = ∑ 𝑫𝒊(𝑰 − 𝑫)𝑴

𝑛−1

𝑖=0

+ ∑ 𝑫𝒊𝜺𝒕−𝒊

𝑛−1

𝑖=0

+ 𝑫𝒏𝑹𝒕−𝒏 

In the scalar case if |d|<1 then the weight on distant returns dn diminished over time. The analogous 

requirement in the VAR(1) model is that the absolute value of the eigenvalues of the matrix D be less 

than one. For a stable system, this should be the case, in which case we can write Rt as: 

𝑹𝒕 = 𝑴 + ∑ 𝑫𝒊𝜺𝒕−𝒊

∞

𝑖=0
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It is easy to see from this equation that M is indeed the mean vector for Rt. If we try to express the 

covariance matrix for Rt in terms of εt, we end up with the following expression: 

  

𝐸[(𝑹𝒕 − 𝑴)(𝑹𝒕 − 𝑴)′] = 𝚺𝑹 = ∑ 𝑫𝒊𝚺𝜺𝑫𝒊′
∞

𝑖=0

 

Unlike in the scalar case, unfortunately, we cannot easily simplify this infinite sum. What we can do is 

vectorize both sides of the equation1, which leads us to the following: 

𝑣𝑒𝑐(𝚺𝑹) = (𝑰 − 𝑫⨂𝑫)−1𝑣𝑒𝑐(𝚺𝜺) 

Just as we found equations for the serial correlation in the scalar case, we can develop an expression for 

the serial correlation matrix for the VAR(1) model: 

𝐸[(𝑹𝒕 − 𝑴)(𝑹𝒕−𝟏 − 𝑴)′] = 𝑫 ∑ 𝑫𝒊𝚺𝜺𝑫𝒊′
∞

𝑖=0

 

We can also define a vector of multi-period returns, Yn,t, as: 

𝒀𝒏,𝒕 = ∑ 𝑹𝒕−𝒊

𝑛−1

𝑖=0

 

Proceeding in a similar fashion as before, we can develop a formula for the long-term bias of the 

covariance matrix, as n goes to infinity: 

vec(𝚺𝒀,𝒏) = [𝑰 + (𝑰⨂𝑨) + (𝑩′⨂𝑰)](n ∙ vec(𝚺𝑹)) 

𝑨 = 𝑫(𝑰 − 𝑫)−1 

𝑩 = 𝑫′(𝑰 − 𝑫′)−1 

Just as before, we have expressed the long-run covariance, ΣY,n, in terms of what we would expect it to 

be if there was no serial correlation, n∙ΣR, and a constant term which depends only on the one-period 

time-series equation, D. While not as simple as our earlier result, these matrix calculations are relatively 

easy to carry out by computer. The values of the adjusted covariance matrix can then be used to 

calculate the iVaR using the formula presented at the beginning of this section. 

                                                           
1 If we vectorize a matrix, we simply stack the columns of the matrix on top of each other. For example, for a 
matrix M, we have: 

𝑴 = [
𝑎 𝑐
𝑏 𝑑

] ⇒ 𝑣𝑒𝑐(𝑴) = [

𝑎
𝑏
𝑐
𝑑

] 
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Implementation 
The above analysis highlights the impact that asynchronous data can have on risk statistics. It 

suggests that we should adjust our risk statistics using serial correlation, to better reflect the long-term 

risk of our portfolios. One potential drawback of this approach is that we will still want to compare our 

risk statistics to actual profit and loss data.  

Going back to the example from the first section, pretend we have a portfolio that is long both S&P 500 

and Nikkei 225, and that we wish to report the standard deviation of the portfolio. The portfolio exhibits 

positive serial correlation, and our corrected standard deviation will be higher than the uncorrected 

standard deviation. The corrected version reflects what we expect standard deviation to be in the long 

run. The problem is that we don’t ever observe the long run. We could compare the corrected standard 

deviation to statistics calculated using weekly or monthly data, but this leads to the same type of 

problem we encountered when we looked at using longer returns to calculate risk statistics directly. The 

longer the window we use the more accurate we get, but the less data points we have. 

When it comes to VaR, adjusting for serial correlation can lead to what might seem like an unintended 

consequence. Pretend we are calculating 1-day 95% VaR. If our model is working, then we should expect 

to see roughly five exceedances over any 100-day period. If our portfolio exhibits positive serial 

correlation, however, then our corrected VaR will be higher than our uncorrected VaR, and we will most 

likely see less than five exceedances.  

So which VaR is correct? The adjusted VaR correctly reflects the fact that the long-run risk of the 

portfolio is higher than the unadjusted number would suggest, but it is no longer directly linked to the 

probability of an exceedance. The unadjusted number underestimates long-term risk, but correctly 

predicts the probability of an exceedance on any given day. Which should we use? For many managers 

the solution is probably to produce both uncorrected and corrected statistics. Both have their place. The 

uncorrected statistics can be used for backtesting and making 1-day forecasts. The corrected statistics 

can be used to evaluate the contribution of positions to overall risk and to make allocation decisions. By 

comparing both statistics the portfolio manager and risk manager can gain deeper insight into the 

workings of their portfolio.  

Summary 
For hedge fund portfolios with holdings in more than one geographic region, it is important to consider 

the potential impact of asynchronous data. In the presence of asynchronous data, traditional risk 

measures may significantly underestimate or overestimate the long-term risk to the portfolio. 

Asynchronous data can also lead us to misestimate how much a position is contributing to the overall 

risk of a portfolio. Fortunately we can accurately model the impact of asynchronous data on risk 

measures. The risk measures can then be corrected. These corrected statistics can help risk managers 

and portfolio managers make better decisions when managing their portfolios.    
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Appendix 
Here we provide more detail for the derivation for the formula for the variance of yn,t. We 

defined yn,t as: 

𝑦𝑛,𝑡 = ∑ 𝑟𝑡−𝑖

𝑛−1

𝑖=0

 

Where rt is: 

𝑟𝑡 = 𝜇 + ∑ 𝑑𝑖𝜀𝑡−𝑖

∞

𝑖=0

 

We begin by finding the serial correlation function for rn,t: 

𝐶𝑜𝑣[𝑟𝑡, 𝑟𝑡−𝑠] = 𝐸[(𝑟𝑡 − 𝐸[𝑟𝑡])(𝑟𝑡−𝑠 − 𝐸[𝑟𝑡−𝑠])] = 𝐸 [(∑ 𝑑𝑖𝜀𝑡−𝑖

∞

𝑖=0

) (∑ 𝑑𝑖𝜀𝑡−𝑠−𝑖

∞

𝑖=0

)] 

𝐶𝑜𝑣[𝑟𝑡 , 𝑟𝑡−𝑠] = 𝐸 [(𝜀𝑡 + 𝑑𝜀𝑡−1 + ⋯ + 𝑑𝑠−1𝜀𝑡−𝑠+1 + 𝑑𝑠 ∑ 𝑑𝑖𝜀𝑡−𝑠−𝑖

∞

𝑖=0

) (∑ 𝑑𝑖𝜀𝑡−𝑠−𝑖

∞

𝑖=0

)] 

When we multiply through, we end up with a lot of terms that involve E[εt-s-iεt-s-j], which, as long as i 

does not equal j, is equal to zero, by definition.  What’s left is: 

𝐶𝑜𝑣[𝑟𝑡 , 𝑟𝑡−𝑠] = 𝑑𝑠 ∑ 𝑑2𝑖𝐸[𝜀𝑡−𝑠−𝑖
2 ]

∞

𝑖=0

= 𝜎𝜀
2𝑑𝑠 ∑ 𝑑2𝑖

∞

𝑖=0

= 𝜎𝜀
2

𝑑𝑠

1 − 𝑑2
= 𝑑𝑠𝜎𝑟

2 

Returning to our formula for yn,t, we have: 

𝐸[𝑦𝑛,𝑡] = 𝐸 [∑ 𝑟𝑡−𝑖

𝑛−1

𝑖=0

] = ∑ 𝐸[𝑟𝑡−𝑖]

𝑛−1

𝑖=0

= 𝑛𝜇 

𝑦𝑛,𝑡 − 𝐸[𝑦𝑛,𝑡] = ∑(𝑟𝑡−𝑖 − 𝜇)

𝑛−1

𝑖=0

 

The variance of yn,t is then: 

𝜎𝑦,𝑛
2 = 𝐸 [(∑(𝑟𝑡−𝑖 − 𝜇)

𝑛−1

𝑖=0

)

2

] = 𝐸 [∑ ∑(𝑟𝑡−𝑖 − 𝜇)(𝑟𝑡−𝑗 − 𝜇)

𝑛−1

𝑗=0

𝑛−1

𝑖=0

] 
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𝜎𝑦,𝑛
2 = 𝑛𝜎𝑟

2 + 2 ∑(𝑛 − 𝑖)𝐶𝑜𝑣[𝑟𝑡 , 𝑟𝑡−𝑖]

𝑛−1

𝑖=1

 

𝜎𝑦,𝑛
2 = 𝜎𝑟

2 [𝑛 + 2 ∑(𝑛 − 𝑖)𝑑𝑖

𝑛−1

𝑖=1

] 

This is the general formula for the variance of yn,t that we provided previously. 

Next we derived a formula for the ratio of the variance of yn,t to the variance of what we would estimate 

yn,t to be in the absence of serial correlation, n𝜎𝑟
2: 

𝜎𝑦,𝑛
2

𝑛𝜎𝑟
2 = 1 +

2

𝑛
∑(𝑛 − 𝑖)𝑑𝑖

𝑛−1

𝑖=1

 

The result is somewhat complicated looking, but we can solve for the summation term: 

𝑆 = ∑(𝑛 − 𝑖)𝑑𝑖

𝑛−1

𝑖=1

= (𝑛 − 1)𝑑 + (𝑛 − 2)𝑑2 + ⋯ + 𝑑𝑛−1 

𝑑𝑆 = (𝑛 − 1)𝑑2 + (𝑛 − 2)𝑑3 + ⋯ + 𝑑𝑛 = 𝑆 − (𝑛 − 1)𝑑 + 𝑑2 + 𝑑3 + ⋯ + 𝑑𝑛 

𝑆(1 − 𝑑) = 𝑛𝑑 − 𝑑 − 𝑑2 − 𝑑3 − ⋯ − 𝑑𝑛 = 𝑛𝑑 −
𝑑(1 − 𝑑𝑛)

1 − 𝑑
 

𝑆 =
𝑛𝑑

1 − 𝑑
−

𝑑(1 − 𝑑𝑛)

(1 − 𝑑)2
 

Substituting into our variance equation we have: 

𝜎𝑦,𝑛
2

𝑛𝜎𝑟
2 = 1 +

2𝑑

1 − 𝑑
−

2𝑑(1 − 𝑑𝑛)

𝑛(1 − 𝑑)2
 

As n goes to infinity, the last term goes to zero which gives us our final result: 

𝜎𝑦,𝑛
2

𝑛𝜎𝑟
2 = 1 + 2 (

𝑑

1 − 𝑑
) 

 

 


