
Exploratory Data Analysis on the Correlation Structure 
 
In longitudinal data analysis (and multi-level data analysis) we model two key components of the 
data: 

1. Mean structure 
2. Correlation structure (after removing the mean structure) 

Last lab, we discussed how to graphically explore the mean structure of our data. Today we’ll 
talk about the correlation structure. 
 
After we explore the mean function in the regression, we need to explore the correlation structure 
for the residuals, taking away the mean trend effect. 
 
. *clear out any existing data  
. clear 
 
. *increase the memory or there will problems  
. set memory 40m 
(40960k) 
 
. *increase the number of variables you can include in the 
datset  
. set matsize 100 
 
. ** change the working directory ** 
. cd "C:\Documents and Settings\Sandrah Eckel\Desktop\LDA lab4" 
C:\Documents and Settings\Sandrah Eckel\Desktop\LDA lab4 
  
. ** read in the data set **  
. use pigs.stata.dta, clear 
 
. ** alternatively click on: file>open>pigs.stata.data 
** Note: data is currently in wide format 
 
. sum week1-week9 
 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
-------------+------------------------------------- ------------------- 
       week1 |        48    25.02083    2.468866         20         31 
       week2 |        48    31.78125    2.790383       26.5         39 
       week3 |        48    38.86458    3.544158       32.5         48 
       week4 |        48    44.39583    3.734483         37         54 
       week5 |        48    50.15625    4.534919       38.5         60 
-------------+------------------------------------- ------------------- 
       week6 |        48    56.44792    4.449766         48       67.5 
       week7 |        48    62.45833    4.973155       52.5         76 
       week8 |        48    69.30208    5.424275       59.5       81.5 
       week9 |        48    75.21875    6.335401         64         88 
 



Initially, we will begin to understand the correlation structure of the data by 
exploring the correlation of the standardized weights. 
 
With the pigs data, we can use standardization of weight by week to take away the mean 
trend effect because we only have the single covariate of time (week).  We are treating the 
covariate week as categorical. To standardize the weights at each week, we subtract 
observations in each category (each week) by the mean for that week and then divide them 
by the standard deviation for that week. Hence by standardizing by week, we are removing 
the effect of week. 
. ** standardize** 
. gen sweek1 = (week1 - 25.02)/2.47 
. gen sweek2 = (week2 - 31.78)/2.79 
. gen sweek3 = (week3 - 38.86)/3.54 
. gen sweek4 = (week4 - 44.39)/3.73 
. gen sweek5 = (week5 - 50.16)/4.53 
. gen sweek6 = (week6 - 56.45)/4.45 
. gen sweek7 = (week7 - 62.46)/4.97 
. gen sweek8 = (week8 - 69.30)/5.42 
. gen sweek9 = (week9 - 75.22)/6.34 
 

Explore the correlation between observations from two time points using matrix plot. 
Since the matrix plot is symmetric, we only plot half of the matrix. 
 

. graph matrix sweek1-sweek9, half iscale(0.7) diagonal("1" "2" 
"3" "4" "5" "6" "7" "8" "9") 
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The plot at row number 5 and column number 3 is a scatterplot of observations at week3 versus 
the observations at week5.  Observations from any two time points are positively correlated. 
Notice that as the time interval gets larger, the points form a more widely scattered ‘cloud’. This 
means that the correlation for observations that are further away in time is weaker. 
 
Calculate the correlation between observations from each pair of weeks: 
 
. corr sweek1-sweek9 

(obs=48) 
 

              |   sweek1   sweek2   sweek3   sweek4    sweek5   sweek6   sweek7   sweek8   sweek9 
-------+------------------------------------------- ------------------------------------- 
sweek1 |    1.0000 
sweek2 |    0.9156    1.0000 
sweek3 |    0.8015   0.9118    1.0000 
sweek4 |    0.7958    0.9084   0.9582    1.0000 
sweek5 |    0.7494    0.8809    0.9280    0.9621    1.0000 
sweek6 |   0.7051   0.8353    0.9058    0.9327    0.9219    1.0000  
sweek7 |   0.6551    0.7759   0.8435    0.8681   0.8546    0.9633    1.0000  
sweek8 |   0.6255    0.7133    0.8167   0.8293    0.8104    0.9280    0.9586    1.0000  
sweek9 |   0.5581    0.6638   0.7689    0.7856   0.7856    0.8893    0.9170    0.9695    1.0000  
 

·  The calculated correlations show the strength of the linear relationship between the 
weights of the pigs at each pair of weeks (each cell of the matrix plot above).  

·  The correlation decreases as we compare observations that are further apart in time 
(correlations further away from the diagonal).  

·  Also notice that pairs of observations that are separated by the same time interval have 
similar correlation. This can be observed by looking at the values of the correlations 
along the diagonals that are ‘parallel’ to the diagonal of 1’s (same color). 

 
Formally explore the correlation structure for the residual from regression, since 
this is what we really model. 
Although both techniques (standardization and using residuals from regression) eliminate 
the mean trend, regression on the categorical variable for week is different from the 
standardization procedure for week. Regression assumes a common standard deviation 
for all of the weeks while standardization allows for different standard deviations for 
each category (week). 
 
How we decide to model the correlation structure depends on the auto correlation 
function (ACF). 
 
** need long format for regression ** 
. reshape long week sweek, i(Id) j(time) 
(note: j = 1 2 3 4 5 6 7 8 9) 
 
Data                               wide   ->   long  
--------------------------------------------------- ----------------- 
Number of obs.                       48   ->     43 2 
Number of variables                  19   ->       4 
j variable (9 values)                     ->   time  



xij variables: 
                  week1 week2 ... week9   ->   week  
               sweek1 sweek2 ... sweek9   ->   swee k 
--------------------------------------------------- ----------------- 
 

. regress week time 
 
      Source |       SS       df       MS              Number of obs =     432 
-------------+------------------------------           F(  1,   430) = 5757.41 
       Model |  111060.882     1  111060.882           Prob > F      =  0.0000 
    Residual |  8294.72677   430  19.2900622           R-squared     =  0.9305 
-------------+------------------------------           Adj R-squared =  0.9303 
       Total |  119355.609   431  276.927167           Root MSE      =   4.392 
 
--------------------------------------------------- --------------------------- 
        week |      Coef.   Std. Err.      t    P>| t|     [95% Conf. Interval] 
-------------+------------------------------------- --------------------------- 
        time |   6.209896   .0818409    75.88   0.0 00     6.049038    6.370754 
       _cons |   19.35561   .4605447    42.03   0.0 00     18.45041    20.26081 
--------------------------------------------------- ------------------------ 
 
. predict weekrs, resid 

 
** NOTE: must read in autocor.ado ** 
** if this file is not in the working directory ** 
** or in another appropriate place on your computer  ** 
 
 

. autocor weekrs time Id 
 
      |    time1    time2    time3    time4    time 5    time6    time7    time8    time9 
------+-------------------------------------------- ------------------------------------- 
time1 |   1.0000  
time2 |   0.9156   1.0000  
time3 |   0.8015   0.9118   1.0000  
time4 |   0.7958   0.9084   0.9582   1.0000  
time5 |   0.7494   0.8809   0.9280   0.9621   1.000 0  
time6 |   0.7051   0.8353   0.9058   0.9327   0.921 9   1.0000  
time7 |   0.6551   0.7759   0.8435   0.8681   0.854 6   0.9633   1.0000  
time8 |   0.6255   0.7133   0.8167   0.8293   0.810 4   0.9280   0.9586   1.0000  
time9 |   0.5581   0.6638   0.7689   0.7856   0.785 6   0.8893   0.9170   0.9695   1.0000  

 
 
     +----------+ 
     |      acf | 
     |----------| 
  1. | .9425781 | 
  2. | .8870165 | 
  3. | .8462396 | 
  4. | .7962576 | 
  5. | .7724156 | 
     |----------| 
  6. | .7121489 | 
  7. | .6407955 | 
  8. | .5581002 | 
     +----------+ 



(note: file acf.gph not found) 
(note: file acf.raw not found) 
 

 
The ACF is decreasing, indicating that the correlation decreases as the time lag increases. 
Next we calculate the standard error for ACF. From pp.47 of the Diggle, Heagerty, Liang and 
Zeger book, we know the standard error is roughly N/1  where N is number of independent pairs 

used to calculate the ACF for that time lag. E.g. standard error for acf(1)= )19(*48/1 - . 
 

** save current data set before infile the data for  acf from the "autocor"    
   command above ** 
save “pig_lab4_temp.dta”, replace 
** alternatively click on: file>save as>pigs.temp.d ta 
 
** read in the ACF data generated by "autocor.ado" ** 
** acf in the following command is the file name in  which the ACF values are  
   stored ** 
** this file is in the working directory of STATA * * 
 
insheet using acf, names clear 
 
** calculate number of independent pairs ** 
gen N=48 
gen lag=_n 
gen num = N*(9-lag) 
** calculate standard error for ACF ** 
gen se = 1/sqrt(num) 
 
** plot ACF with 95% CI ** 
gen lb = acf - 2*se 
gen ub = acf + 2*se 
 
twoway scatter acf lb ub lag 
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We see a wider confidence interval for ACF at the larger lags, because we have less data to 
estimate ACF with large lags. 
 
When the data are unbalanced, use the command “pwcorr” with option “obs” to display the 
number of independent pairs: (need wide format) 
 

. reshape wide week sweek weekrs, i(Id) j(time) 
 

. pwcorr weekrs1 weekrs2 weekrs3 weekrs4 weekrs5 weekrs6 weekrs7 weekrs8 weekrs9, obs 
 
             |  weekrs1  weekrs2  weekrs3  weekrs4  weekrs5  weekrs6  weekrs7 
-------------+--------------------------------------------------------------- 
     weekrs1 |   1.0000  
             |       48 
             | 
     weekrs2 |   0.9156   1.0000  
             |       48       48 
             | 
     weekrs3 |   0.8015   0.9118   1.0000  
             |       48       48       48 
             | 
     weekrs4 |   0.7958   0.9084   0.9582   1.0000  
             |       48       48       48       48 
             | 
     weekrs5 |   0.7494   0.8809   0.9280   0.9621   1.0000  
             |       48       48       48       48       48 
             | 
     weekrs6 |   0.7051   0.8353   0.9058   0.9327   0.9219   1.0000  
             |       48       48       48       48       48       48 
             | 
     weekrs7 |   0.6551   0.7759   0.8435   0.8681   0.8546   0.9633   1.0000  
             |       48       48       48       48       48       48       48 
             | 
     weekrs8 |   0.6255   0.7133   0.8167   0.8293   0.8104   0.9280   0.9586  
             |       48       48       48       48       48       48       48 



             | 
     weekrs9 |   0.5581   0.6638   0.7689   0.7856   0.7856   0.8893   0.9170  
             |       48       48       48       48       48       48       48 
             | 
 
             |  weekrs8  weekrs9 
-------------+------------------ 
     weekrs8 |   1.0000  
             |       48 
             | 
     weekrs9 |   0.9695   1.0000  
             |       48       48 

 
The number of independent pairs N(u) for the lag u can be calculated by adding up the elements 
along the diagonal corresponding to that lag (u).  
 

Plot Variogram: 
The variogram is more useful in the continuous time situation, where it is hard to compute ACF 
directly.  
 
. ** need to load the pig data again ** 
. ** you can choose to save or not save the acf dat a set ** 
use "pig_lab4_temp.dta", clear ** 
 
. ** need longitudinal envionment for the variogram  ** 
. tsset Id time 
       panel variable:  Id, 1 to 48 
        time variable:  time, 1 to 9 
 

** neet to run variogram.ado to define this command  ** 
** need to run xtdiff.ado, ksmapprox.ado before run ning variogram.ado ** 

. variogram weekrs 
Computing smooth lowess model for v in ulag 
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Calculate the ACF from variogram: 
 

** Calculate the ACF from variogram ** 
** save current data set before infile the data for  variogram from the  
   "variogram" command above ** 
save "pig_lab4_temp.dta", replace 
 
** read in the variogram data generated by "variogr am.ado" ** 
** vario in the following command is the file name in which the variogram  
   values are stored ** 
** this file is in the working directory of STATA * * 

 
. insheet using vario, names clear 
 

Make our own variogram plot: 
 
. ** v is the sample variogram ** 
. ** vsmth is the variogram which is the smooth ave rage of sample variogram  
. ** vary is the total variance, the horizontal lin e ** 
. ** ulag is the time-deifference ** 
 
. twoway scatter v vsmth vary ulag if v<30, msymbol (p i i) connect(i l l) 
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We can calculate the ACF from the variogram, since 2/)(1)( smgmr -=  
This is especially useful for non-discrete time points in which situation the ACF cannot be 
calculated using the common procedure. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 
. gen varioacf = 1 - vsmth/vary 
(1528 missing values generated) 
. twoway line varioacf ulag, ylabel(-1(.2)1) yline( -1 0 1) 
** we make the ylable from -1 to 1 in order to allo w negative correlation * 
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Is ACF calculated from variogram the same as the ACF calculated using autocor.ado function? 
NO, they are slightly different (see below). 
 
Here’s the ACF we calculated using the autocor.ado function: 
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They are two different ways to calculate ACF. For continuous time case, ACF calculated using 
these two methods may differ a lot, since to use autocor.ado, you have to “coarsen” the data into 
discrete time. Grouping the continuous time data into discrete time points is arbitrary and causes us 
to lose a lot of information. Therefore, in the continuous case, the variogram is more reliable. 
However, for the discrete time case, the ACF calculated using these two methods should not differ 
too much.  
 
Why do the ACF calculated using the two techniques differ in the pigs data set? 
 
This may be caused by the violation of the “stationary” assumption that is required to derive the 
relationship between ACF and variogram. 

“In the mathematical sciences, a stationary process (or strict(ly) stationary process) is a 
stochastic process whose probability distribution at a fixed time or position is the same for all 
times or positions. As a result, parameters such as the mean and variance, if they exist, also do 
not change over time or position.”     - Wikipedia 

Therefore, we require the residuals from which we calculate the ACF and variogram to be 
stationary, the mean and variance of the residuals should remain approximately constant across 
time. However, in our data set, 
 
. reshape wide week sweek weekrs, i(Id) j(time) 
(note: j = 1 2 3 4 5 6 7 8 9) 
 
Data                               long   ->   wide  
--------------------------------------------------- -------------------------- 
Number of obs.                      432   ->      4 8 
Number of variables                   5   ->      2 8 
j variable (9 values)              time   ->   (dro pped) 
xij variables: 
                                   week   ->   week 1 week2 ... week9 
                                  sweek   ->   swee k1 sweek2 ... sweek9 
                                 weekrs   ->   week rs1 weekrs2 ... weekrs9 
--------------------------------------------------- -------------------------- 
 
. sum weekrs1 weekrs2 weekrs3 weekrs4 weekrs5 weekr s6 weekrs7 weekrs8 weekrs9 
 
    Variable |       Obs        Mean    Std. Dev.       Min        Max 
-------------+------------------------------------- ------------------- 
     weekrs1 |        48   -.5446759    2.468866  - 5.565509   5.434491 
     weekrs2 |        48    .0058449    2.790383  - 5.275405   7.224595 
     weekrs3 |        48    .8792824    3.544158  - 5.485301    10.0147 
     weekrs4 |        48    .2006366    3.734483  - 7.195197   9.804803 
     weekrs5 |        48   -.2488426    4.534919  - 11.90509   9.594908 
-------------+------------------------------------- ------------------- 
     weekrs6 |        48   -.1670717    4.449766  - 8.614988   10.88501 
     weekrs7 |        48    -.366551    4.973155  - 10.32488   13.17512 
     weekrs8 |        48    .2673032    5.424275  - 9.534781   12.46522 
     weekrs9 |        48   -.0259259    6.335401  - 11.24468   12.75532 
 
We can see that the standard deviation of the residuals increases with time. 
 


