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Semenov & Welham (2004, this issue) raised a very
important point on the use of statistical tests in
applied research. Misuse of statistical tests is one
aspect of the misuse of statistical analysis in climate
research, as demonstrated by von Storch (1995).
Proper application of statistical techniques becomes
more important as statistical packages that are easy to
use on PCs become increasingly available. This is fun-
damentally important, because almost all data in cli-
mate research are intercorrelated in both space and
time. These correlations result in difficulties, since
most standard statistical techniques are based upon
the assumption that the data are derived in indepen-
dent experiments.

The 2-sample Kolmogorov-Smirnov (K-S) test was ap-
plied in our recent paper (Qian et al. 2004) to verify whe-

ther the largest difference ( ) 

between the 2 empirical cumulative distribution func-
tions (CDFs), estimated from the observed weather
series (x11, x12, ……, x1m) and from the synthetic series
(x21, x22, ……, x2n) generated by stochastic weather
generators, is small enough to not reject the null
hypothesis that the synthetic series comes from the
same probability distribution as the observed series. 
If the test statistic Dmn is larger than the critical value,  

i.e. , the null hypothesis is 

rejected at the α × 100% significance level. Although 
the K-S test is a nonparametric approach, basic
assumptions are still applied, as Semenov & Welham
(2004) indicated. These assumptions are essential for
the test, especially for determining the critical values
at the α × 100% level by the assumption of independent
sampling. When the data involved in the test are seri-
ally correlated, the effective sample size or effective
number of degrees of freedom is smaller than the data

sample size used in the test. Therefore, when the data
sample sizes m and n are used to determine the critical
value for the test at a given significance level, the
critical value is smaller than the one under the inde-
pendent sampling assumption. This makes the K-S test
liberal, i.e. it rejects the null hypothesis more often
than expected at a given significance level. 

To better estimate the false rejection rate in our tests,
a Monte-Carlo experiment was conducted. We took
Fredericton as an example, since the rejection rate was
relatively high at this station for both weather genera-
tors. We performed the K-S test 1000 times on ran-
domly resampled daily temperature data from a 300 yr
synthetic dataset generated by the 2 weather genera-
tors. The test was conducted for each month, and sep-
arately for daily maximum and minimum temperatures
and for the 2 weather generators. For each test, two
30 yr independent samples were formed by indepen-
dently resampling the 300 yr synthetic daily maximum
(or minimum) temperature without replacement from
the same weather generator. The resampling process
was used to select years, rather than days, so that the
serial structure would be maintained in the resampled
series to be tested. The null hypothesis is true, as the 2
samples in all tests were sampled from the same distri-
bution. The rejection rate (Table 1) varied from 11 to
24% when the 5% level was applied to the 2-sided
probability, instead of the single-sided one shown
above in the formula for the critical value. No sig-
nificant difference was observed between weather
generators, implying that both weather generators
reproduced the serial structure of daily temperatures
adequately, and that the relative performance of the 2
weather generators was not affected by the higher
rejection rate. We used the 2-sided probability as a
compromise to reduce the risk of rejecting the null
hypothesis when it is true, as we were aware of the
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bias that could result from performing the K-S test on
data which did not fully satisfy the assumptions of the
test. We also assumed that the bias of the tests result-
ing from autocorrelations might be smaller when a
large number of data samples was used, rather than a
small number. 

In addition, we employed the quantile–quantile
(Q–Q) plots to help visually in the assessment of the
goodness-of-fit of the 2 samples based on their empiri-

cal distributions. As Q–Q plots only compare the
empirical distributions of the data samples, we do not
think that autocorrelation will have significant effects
on the comparison when a large number of data sam-
ples is used. To demonstrate this, we generated several
sets of 2 random samples from the standard normal dis-
tribution with lag-1 correlations of 0.00, 0.25, 0.50 and
0.75. For each set, Sample 1 was generated for 900 ele-
ments and Sample 2 for 9000 elements, giving similar
sample sizes to those used in Qian et al. (2004). The
Q–Q plots (Fig. 1) show that a comparison of the
empirical distributions of 2 samples generated from the
same probability distribution will indicate a good fit
regardless of the magnitude of the autocorrelations
between the elements of the samples. We also con-
ducted the same experiment with the sample size of
300 elements used by Semenov & Welham (2004). No
difference was observed, except that both tails deviate
slightly from the 1:1 line because of the smaller sample
size. This implies that a larger sample size is needed
for precisely estimating the tails of the distributions
when strong autocorrelation exists in the samples, as
opposed to cases of weak autocorrelation. This bias
at the tails did not affect our analysis.

In applying the K-S tests, we intended to reduce the
risk of accepting the null hypothesis when it is false
at the cost of increasing the risk of rejecting the
null hypothesis when it is true. A better assessment
through improved statistical tests may be still better

than our compromise measures. As has been
indicated, the problem arises from the critical
values of the test statistic for a given signifi-
cance level when the K-S test is performed on
data samples that do not fully satisfy the test
assumptions, especially if the data samples
are serially correlated. Therefore, determin-
ing valid critical values of the test statistic
may be a possible solution to the problem,
instead of using the estimated values from
the assumed probability distribution of the
statistic in the K-S test. Since the advent of
inexpensive and fast computing, resampling
tests or Monte-Carlo tests (Wilks 1995) have
become practical for this purpose. 

The critical values of the K-S test statistic
Dmn were estimated through resampling tests
for each test. The resampling procedure was
as follows: (1) pooling the 30 yr observations
of daily maximum (or minimum) temperature
and the corresponding 300 yr synthetic data
generated by LARS-WG and AAFC-WG, to
form a 330 yr data pool; (2) random selection
of a year from the 330 yr data pool without
replacement for 30 times, forming a 30 yr
sample; (3) random selection of a year from
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LARS-WG AAFC-WG
Tx Tn Tx Tn

Jan 17 22 21 19
Feb 20 15 21 19
Mar 19 23 22 20
Apr 19 18 19 14
May 17 17 18 16
Jun 21 16 18 17
Jul 20 22 19 24
Aug 22 16 19 19
Sep 20 17 15 11
Oct 21 14 18 16
Nov 21 15 21 19
Dec 22 18 21 20

Table 1. Rejection rate (%) in 1000 times performing the Kol-
mogorov-Smirnov test at the 5% level on 2 independent 30 yr
samples resampled from a 300 yr synthetic dataset of daily
maximum (Tx) and minimum (Tn) temperatures generated by 

LARS-WG and AAFC-WG for the station of Fredericton
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Fig. 1. Q–Q plot of 2 samples (900 elements for Sample 1 and 9000 ele-
ments for Sample 2), generated using the standard normal distribution 

NN(0,1) with a lag-1 autocorrelation r (t, t–1)
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the remaining 300 yr data pool without replacement
for 300 times, forming a 300 yr sample; (4) computation
of the test statistic Dmn from the empirical CDFs esti-
mated from the 30 yr sample and the 300 yr sample;
(5) repetition of Steps 2 to 4 for 1000 times to obtain
1000 values of Dmn; (6) taking the 95th percentile of the
1000 values of Dmn as the critical value of the test sta-
tistic Dmn for the test at the 5% significance level. This
significance level is the probability of a Type I error,
i.e. the probability of falsely rejecting the null hypoth-
esis given that it is true. The order of the data years in
the 2 samples does not affect the magnitude of the test
statistic in the resampling test. The magnitude of Dmn

is determined by the years included in each sample.
After the critical values of Dmn were determined, they
were used to reject or accept the null hypothesis in
the K-S test, for the corresponding location, month,
weather variable and the weather generator. Test
results for daily maximum and minimum temperature
distributions (corresponding to Table 3 in Qian et al.
2004) are listed in Table 2. As expected, the rejection
rate was reduced for the synthetic data generated by
both weather generators, while the previous conclu-
sions relating to their relative performance remain
valid. Nevertheless, much smaller values of the test
statistic Dmn were often found for the synthetic data
from AAFC-WG, compared to LARS-WG. Alterna-
tively, estimation of effective sample size may be
applicable in determining the valid critical values for
the tests.

It is always important to use statistical techniques
appropriately in applied research, and to take into
account the assumptions they require. The use of
resampling or Monte-Carlo tests may be an alternative
to the standard tests, which often require assumptions
that may not apply. The resampling approach should

be applicable for testing the means and variances in
validations of weather generator simulations where
the conventional t-test and F-test are commonly
applied, even though daily weather series may not
fully satisfy the assumptions for these tests. However,
caution is still required, as basic assumptions are also
applied in resampling tests. For example, serial corre-
lation may still have an effect on statistical inferences
made with resampling procedures (Zwiers 1990).
When observations are serially correlated, inferences
will be made relative to incorrectly derived reference
or sampling distributions, because the resampling pro-
cess does not replicate the serial correlation structure
of observed climate processes. 

In our case, serial correlation of daily temperatures is
significant in a month of a given year, rather than
between years, e.g. daily temperature Ti1 on Day 1 in
January of Year i may be significantly correlated to
daily temperatures Tit on Day t (t = 2,3,…,31) of Year i
rather than Tjt (t = 1,2,…,31; j ≠ i). In our resampling
tests, we shuffled the years rather than the days, and
therefore the serial correlation structure in the dataset
for the test was preserved. It may be still worthwhile to
mention that all our statistical analyses were based on
the basic assumption that daily values of a weather
variable in a month can be treated as a random vari-
able; however, neither these analyses nor others (e.g.
χ2 test for distributions) will be applicable if this
assumption is in question. This also applies to the tests
or analyses in the comparisons of means, variances and
other statistics of the synthetic daily weather data (as
well as any weather data from numerical models) in a
month with observations. 
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Stn LARS-WG AAFC-WG
Tx Tn Tx Tn

Beaverlodge 4 5 0 0
Fredericton 5 6 1 1
Goose 3 6 0 0
Ottawa 3 3 0 0
Regina 3 5 0 0
Toronto 1 0 0 0
Truro 3 6 0 1
Vancouver 0 0 0 0
Winnipeg 2 4 0 0

Table 2. Number of months showing significant differences
between observed and simulated daily maximum tempera-
ture (Tx), minimum temperature (Tn) by LARS-WG and using
the 2-sample Kolmogorov-Smirnov test with critical values 

from resampling tests at the 5% level
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