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1. Introduction
The RHTest software package is designed to detect multiple step-changepoints that could exist in a time series (referred to “base series” hereafter). It is based on a two-phase regression model with a linear trend for the entire base series (Wang 2003); and the semi-hierarchical splitting algorithm (described in the Appendix below) was adopted in the process of finding multiple step-changepoints. A homogenous time series that is well correlated with the base series may be used as a reference series. However, detection of changepoints is also possible with RHTest when a homogenous reference series is not available.
This simple manual is to provide a quick reference to the usage of the functions included in the RHTest package. Users are assumed to have the general knowledge of R (how to start and end an R session and how to call R functions) and/or familiarity with RClimDex. 
2. To load the RHTest functions and to call one of them: 
· To load the functions to R, enter source (“RHTest.r”) under R prompt (“>”). 
· To call a function, enter function(InputDataFile and Parameters list) under R prompt. Here, function is an RHTest function to be called; InputDataFile and Parameters list contain the input filename(s) and parameters to be passed onto the function (character strings should be included in double quotation marks, e.g., “InFile”).
3. Input data format required for the RHTest
· The input data file(s) should have 14 columns, with the years of observation in the first column, 12 monthly values in columns 2-13 for January-December, respectively, and the annual values in column 14.
· Each column should be separated by a comma (“,”) in Excel files (with extension “csv”), or by space(s) in non-Excel files.

· Missing values should be coded as -99.9 for all files.
· The above requirements apply to both base series and reference series (if any).
· There may be different ways of constructing a reference series (e.g., a user may wish to use different weights for different stations to compose a reference series or use a single station series as a reference series). Here, one single reference series is assumed to have been constructed by the user at their choice, and this reference series should have the same sample size as the base series (i.e., both base and reference series should have data/missing-values at the same years).  

4. The RHTest functions for change-points detection and step-size estimation
Four functions have been provided for detection of multiple changepoints and estimation of step-sizes, with or without a reference series. The general procedure should be: 
    First, run an RHTest function to find possible step-changepoints, which results in three files containing the possible step-changepoints and their related statistics.
    Second, investigate available metadata to see if there is anything happened at or near the identified step-changepoints that could have been the causes of the step-changes (it is possible that some of the step-changes identified turn out to be documented and others are not). As a result, a final list of the exact positions of documented changepoints plus some undocumented but statistically significant step-changepoints (see the examples below for more details) is produced.

    Third, run an RHTest function to estimate the step-sizes at the changepoints listed in the final list produced above. 
4.1 The case without a reference series
First, call function FindSteps to identify possible step-changepoints in the base series:


R prompt>FindSteps(baseseries=“InFile”, output=“OutFile”, minseg=Nmin) <enter>
Here, InFile is the name of the file containing the base series, OutFile is a user selected prefix for the name of the files to contain the results, and Nmin is the minimum length of a segment (which means that a segment of length < 2Nmin will not be split further and the resulting segments will have at least Nmin data points; its default value is 10). After a successful call, this function produces three files: OutFile.ips, OutFile.pdf, and OutFile.stat. 
The OutFile.ips stores years (say Ip’s) at which step-changepoints were identified (a step between years Ip and Ip+1). It contains 13 lines, with the 1st to 12th lines listing the step-changepoints identified from the time series of monthly values for January to December, subsequently, and the last line, for the annual series. An NA in this file indicates that no changepoint was identified for the specific time series. The OutFile.pdf contains the plots of the base series with its step-changepoints and linear trend. Monthly and annual values are plotted separately here. The OutFile.stat provides the summary of the results, including the step-changepoint position, its Fmax statistic value and critical values, as well as its confidence level (pval) if it turns out to be a documented changepoint.

Example: Suppose the user wants to identify possible step-changepoints for time series of monthly and annual values from a station for which no reference time series is available, and the time series are stored in an Excel file named “InFile.csv”. Further, suppose the user wants the resulting files to have “ResFile” as their prefix and the minimum length of a segment to be 10. Then, under R prompt, the user should enter 
FindSteps(baseseries=“InFile.csv”, output=“ResFile”, minseg=10)
which results in the following three files:
1). 
ResFile.ips, which could contain something like this:
1933 1956

1955

1949

1930 1943 1967 1978

1950 1964 1989

1930 1943 1976 1989

1952

1930 1945 1978

1946 1961

1949 1971

1929 1951

1928 1941 1957 1984

1929 1953 1989

This means that two possible step-changepoints were identified for the January series (at 1933 and 1956), one for the February series, and so on.





2). ResFile.pdf, which contains the plots of the base series with its linear trend and possible step-changepoints, like this:
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3). ResFile.stat, which has the following as its first few lines:

JAN Homogenouse test statistics report:

Year=1933,Fmax=6.613,pval=0.9855,Fm90=9.25,Fm95=11.22,Fm99=16.17,StepSize=-0.67,SegmLen=38

Year=1956,Fmax=14.5473,pval=0.9997,Fm90=9.3,Fm95=11.02,Fm99=15.16,StepSize=-3.89,SegmLen=66

This means that the first possible step-changepoint in the January time series was identified at year 1933 (i.e., between 1933 and 1934), with an Fmax value of 6.613. This step-change is not statistically significant if no documented cause was found for it (i.e., this is an undocumented step-change), because the Fmax value (6.613) is smaller than its 90% critical value (i.e., Fm90 above). However, this step-change is statistically significant (of 98.55% confidence, because pval=0.9855) if a documented cause for it was found from the metadata investigation (i.e., this is a documented step-change). The estimated step size is -0.67. This is the only step-changepoint in a segment of length 38 of the base series (from the first data year to year 1956 in this case). In other words, the sample size used to calculate the above pval and Fmax critical values (Fm90, Fm95, and Fm99) is 38, and the two segments (before and after this changepoint) were considered to be homogeneous. The second possible step-changepoint in the January time series was identified at year 1956… and so on. 
Second, investigate available metadata and analyze the results from calling function FindSteps to produce a final list of the exact positions of step-changepoints (documented or not). Say, this list was saved in a file named Changepoints. Note that this file should look similar to the ResFile.ips above; it have 13 lines, listing the step-changepoints identified for the January, February…, December, and annual time series in its 1st, 2nd…,12th, and 13th line. 
Third, call function StepSize to estimate the step-size for each of the step-changepoints listed in the final list (say in a file named Changepoints), that is, under R prompt, enter 
StepSize(baseseries=“InFile.csv”, output=“FinalRes”, changepoints=“Changepoints”)

which results in the following two files:
1) FinalRes.pdf, which contains the plots of the base series with its linear trend and step-changes and is similar to the ResFile.pdf above.
2) FinalRes.stat, which is similar to the ResFile.stat above.
Any differences between the above FinalRes and the relevant ResFile files are due to replacement of the estimated positions of the documented changepoints with their exact positions and removal of insignificant undocumented changepoints from the ResFile.ips. The pval values give the statistical significance for the documented changepoints; while the statistical significance of undocumented changepoints should be determined by comparing the Fmax values with their relevant critical values (Fm90, Fm95, and Fm99). For example, the undocumented step-change is statistically of at least 95% confidence if Fmax > Fm95).








4.2 The case with a reference series
When a homogeneous reference time series is available, the difference time series between the base and reference series is used in an R function called FindSteps.wRef to detect possible step-changepoints in the base series. 
Suppose that the reference series are stored in an Excel file named “refFile.csv” and that Nmin is the desired minimum segment length. Then, under the R prompt, enter
FindSteps.wRef(baseseries=“InFile.csv”, output=“ResFile”, reference=“refFile.csv”, minseg=Nmin)

This also results in three files: ResFile.ips, RefFile.pdf, and ResFile.stat. The contents of these files are the same as the relevant files in the case of no reference series.
Metadata investigation is still the next thing to do here. After a final list of step-changepoints has been produced and stored in a file name Changepoints, the user should call function StepSize.wRef to estimate the step-sizes, i.e., under the R prompt, enter
StepSize.wRef(baseseries=“InFile.csv”, output=“FinalRes”, reference=“refFile.csv”, changepoints=“Changepoints”)

This again results in two files: FinalRes.pdf and FinalRes.stat. The results in these files can be interpreted similarly as the relevant files in the case of no reference series. 









5. For RClimDex users

A utility function daily2month(ifile= “InputDailyData”,ofile= “OutPutMonthlyData”) is provided for computing monthly values from quality controlled daily values generated by RClimDex. Here, InputDailyData is the name of the file containing the daily data, and OutPutMonthlyData is the name of the file containing the resulting monthly data. 
6. References
Wang, X. L., 2003: Comments on “Detection of Undocumented Changepoints: A Revision of the Two-Phase Regression Model”. J. Climate, 16, 3383-3385. 
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7. Appendix: The semi-hierarchical splitting algorithm
(To be added soon)
_1158132295.pdf
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Comments on ‘“‘Detection of Undocumented Changepoints: A Revision of the
Two-Phase Regression Model”

XIAOLAN L. WANG

Climate Research Branch, Meteorological Service of Canada, Downsview, Ontario, Canada

28 January 2003 and 30 April 2003

Lund and Reeves (2002) revisited the two-phase lin-
ear regression test for changepoint detection at an un-
documented time. The two-phase regression model is
of the following form:

+ at + €, l=st=c
= {/‘Ll a € )

M, + at + €, c<t=n,

where { ¢} is the zero-mean independent random error
with a constant variance o2. This alows for both step-
and trend-type changepoints. The time c is caled a
changepoint if w, # w, (step type) and/or «, # «, (trend
type).

The F datistic for a changepoint at timec O {2, ...,
n— 1} is

_ (SSERed - SSEFUII)/Z
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where SSE,,, is the “full model” sum of squared errors:

SSEr = 21 Xe = By — ayt)?
t=

BN G R R ©
t=c+
and SSEg, is the “reduced model” sum of squared
errors:

SSEry = 2:1 X — /:('Red - aRedt)zv (4)
t=

where fipq and oy, are estimated under the constraints
My = Mo = Mpeg @Nd @ = a, = agy. Under the null
hypothesis of no changepoint and assuming Gaussian
errorse,, F, hasan F distribution of 2 numerator degrees
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search Branch, Meteorological Service of Canada, 4905 Dufferin
Street, Downsview, ON M3H 5T4, Canada.

E-mail: xiaolan.wang@ec.gc.ca

of freedom and (n — 4) denominator degrees of freedom,
denoted as F,,,_,. The existence of an undocumented
changepoint is concluded when
Frax = Max F, (5)
1=c=n
is too large to be attributed to chance variation. The
most prominent changepoint is estimated as the argu-
ment(s) ¢ that maximizes F.. Lund and Reeves (2002)
pointed out errors that had propagated in the related
literature and presented the true percentiles of the F,,
distribution under the null hypothesis of no changepoint,
which is very useful for detecting step- and trend-type
changepoints.

However, as mentioned in Lund and Reeves (2002),
changes in trend slopes could be rooted in true climate
change. Also, a trend-type changepoint could well be
just a point between two phases of long quasi-periodic
variation (e.g., multidecadal fluctuations). Thus, extra
caution should be exercised when using the above
changepoint detection technique, especially when a
trend-type changepoint is involved. In particular, Eq.
(4.2) in Lund and Reeves (2002), which shows how to
adjust the time series for the detected changepoint,
should be used with caution. If the ultimate goal of the
changepoint detection is to form homogeneous climate
data series by correcting biases, a trend-type change in
climate data series should only be adjusted if there is
sufficient evidence showing that it isrelated to a change
at the observing station, such asachangein the exposure
or location of the station, or in its instrumentation or
observing procedures.

In addition, a simpler situation is most often encoun-
tered when correcting biasesin climate observations but
was not considered explicitly in Lund and Reeves
(2002). That is a case when o, = a, = «; that is, a
two-phase regression model with a common trend «:

(6)
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TaBLE 1. The F,, percentiles of model (6).

Foa Percentiles

n Fmax, 0.90 Fmax, 0.95 Fmax, 0.99
10 11.646 15.559 28.412
20 9.651 11.948 18.043
30 9.379 11.396 16.249
40 9.261 11.148 15.750
50 9.269 11.068 15.237
60 9.296 11.072 15.252
70 9.296 11.059 14.985
80 9.341 11.072 15.013
90 9.397 11.080 14.891

100 9.398 11.085 14.874
150 9.506 11.127 14.828
200 9.604 11.208 14.898
250 9.691 11.310 14.975
300 9.790 11.406 14.998
350 9.794 11.392 15.044
400 9.840 11.416 14.980
450 9.872 11.474 15.072
500 9.929 11.537 15.115
550 9.955 11.552 15.086
600 9.995 11.549 15.164
800 10.102 11.673 15.292
1000 10.169 11.749 15.154
2500 10.478 12.064 15.519

In this case, the F statistic for the changepoint ¢ O {2,
...,n—1}is
F, = (SSERed — SSEFUII)/11 (7)
SSEFuII/(n - 3)
which is distributed as F, ,,_5 under the null hypothesis
of no changepoint and assuming Gaussian errors e,.
Here,

$%F2“ﬁ%—@2
t=

F 3 K- he—atr ad  (9)

t=c+1
SSEgey = Z (Xi = Bred = @redl)?, )
t=1

where fiqey and arey are estimated under the constraint
M1 = Mo = e (185 X = Hres T areat + € for 1 =
t=n).

Under the null hypothesisthe F ., percentiles of mod-
el (6) are given in Table 1, which was obtained by
simulating 100 000 F,, values for each series length
n. The simulation procedure is similar to the one de-
scribed in Lund and Reeves (2002).

One of the advantages of using model (6) is that it
has one less parameter to estimate, and hence it has
smaller sampling variability {the variance of the esti-
mates of « isvar(a) = o3/21 [t — (n + 1)/2]2 in this
case} and a higher power of detecting step-type change-
points (i.e., more likely to detect a changepoint when
it really exists). To illustrate this, for each series length
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TABLE 2. The detection rates (in 1/200) of models (6) and (1) for
time series of step-type changepoints (at 5% level of significance).

Detection rate (in 1/200)

n Model (6) Model (1)
50 37 31
70 58 49
90 76 70

100 71 61
200 111 103
300 123 120
400 126 123
500 136 132
600 133 129
800 140 135

1000 142 137

2500 152 151

n, we simulated 200 time series of the form X, = u +
at + €, with arbitrary parameters u and « and o, (note
that under the null hypothesis the ., statistic does not
depend on the particular values of u and « and o).
Then, we imposed a step AX = ¢j/100 at an arbitrary
point ¢ (1 < ¢ < n) in the jth simulated time series (]
=1,2,...,200). In other words, the steps imposed in
the 200 simulated time series range from 0.01c, to 20-..
Then, both models (6) and (1) were applied to each of
the 200 time series to detect the imposed step-type
changepoint. The results clearly show that model (6)
has a somewhat higher power of detection than model
(1), especially when the time series is short (cf. Table
2) or the ““step size to noise” ratio (i.e.,, AX/o,) islow
(not shown). Note that each of our simulations was
drawn from a model with a constant slope, in which
case model (1) is not suitable and hence it is not sur-
prising that its power of detection is lower than that of
model (6).

In particular, model (6) can better identify a negative
step (i.e., u, > u,) that occurs in time series of a de-
creasing trend, or a positive step (i.e.,, u, < u,) that
occurs in time series of an increasing trend. Such steps
could be ““masked”’ and/or misrepresented as trend-type
changes when using model (1). These situations were
also tested in the power of detection test simulations
described in the last paragraph, with results shown in
Table 2. Here is a *‘real world” example: an observer
change (from a part-time observer to a full-time ob-
server) at Gander International Airport (Canada) on 1
April 1997 introduced a step-type changepoint between
March and April of 1997 in the monthly cloud-cover
time series: the full-time observer observes much more
frequently in each hour and hence reports more cloudy
conditions than the part-time observer does (cf. Fig. 1;
the latter had other duties in addition to making obser-
vations). Both models (6) and (1) were applied to the
time series of monthly counts of occurrences of 1/10
and 9/10 cloud-covered sky conditions (i.e., 1/10 and
9/10 of the sky covered by clouds). The results are
shown in Fig. 1: When the step size to noise ratio is





15 OcToBER 2003

60 I T T I I

NOTES AND CORRESPONDENCE

3385

50
40
30

gl

i ,\ il UM |

||” ; l’ w

Monthly daytime count of 1/10 occurences

ot

T T T T T
step-only model
step-trend model

”ll‘H im

A
il

»Il

Wi wwu i

1955 1960 1965 1970

1975

1 980
Year

1 985 1 990 1995

160 T T T T
140
120

100 -

20 -

Monthly daytime count of 9/10 occurences

. i
lllﬂ i MH ““Iuim}‘x‘ ull,],‘uwu '””il“ |

T T
step-only model
step-trend model

MlH‘

A

1955 1960 1965 1970

1975

1980 1985 1990 1995 2000
Year

Fic. 1. Changepoints detected using the step-only model (6) and the step-trend model (1) for
(top) 1/10 cloud cover and (bottom) 9/10 cloud cover.

high, such as the case of 9/10 cloud-cover (Fig. 1, bot-
tom), both models accurately identified the changepoint,
although the sizes of the step and trend estimated by
the two models are different. However, when the step
size to noise ratio is lower, such as the case of 1/10
cloud cover (Fig. 1, top), model (6) clearly outperforms
model (1): while the changepoint identified by model
(6) isidentical to the actual changepoint, the one iden-
tified by model (1) is 39 time intervals (months in this
case) earlier and involves a notable trend-type change,
which is far from the reality.

Having detected a changepoint using model (6), one
can further test whether the slopes are equa before and
after the changepoint time. A standard normal z-score hy-
pothesis test with z = [a; — a,]/[var(a,) + var(a,)]¥?
would suffice. But again, a trend-type change should

only be adjusted if there is sufficient evidence showing
that it is not rooted in true climate change/variability.

Finally, note that both models (6) and (1) can easily
accommodate reference series (see Lund and Reeves
2002 for more details).
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