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Analysing steps in global and regional observed air temperature

Abstract
If externally forced and internally generated climate variability interact on decadal timescales, it will most
likely manifest as rapid shifts in warming. Here, the multi‐step bivariate test is applied to observed global
and regional surface and satellite temperatures to determine the relative roles of shifts and trends.
Statistically significant shifts dominate. Since the mid‐20th century, most of the observed warming has taken
place in four events: in 1979/80 and 1997/98 at the global scale, 1987/88 in the northern hemisphere and
1968/70 in the southern hemisphere. Warming from internal trends is less than 40% of the total for four of
five global records 1880–2013/14. Surface and tropospheric satellite temperature records (1979–2014),
undergo similar step changes in 1987/88 and 1997, with limited internal trends between steps. Analyses for
Texas, central England and south‐eastern Australia show step‐like warming that can be attributed to
external forcing and coincides with these larger‐scale changes. Such evidence that the climate system is
exhibiting complex system behaviour on decadal timescales is important information for characterising and
managing future climate risk.

Introduction
The climate research community’s preferred tool for analysing the changing climate is ordinary least‐squares
linear trend analysis (IPCC, 2001, 2007, 2013). This approach has been highly successful in measuring long‐
term climate trends, for detection and attribution and for developing and communicating climate projections.
Its simplicity satisfies the principle of Occam’s razor, but this is simplicity of method and not necessarily theory.
Trend analysis is a suitable tool for showing how much climate has changed but does not necessarily show how
climate will change (Jones et al., 2013). This distinction is extremely important for decision making.
A major gap in understanding the physical process of climate change, is how climate changes over decadal
timescales (Solomon et al., 2011). The scientific literature contains two competing hypotheses that link
anthropogenic climate change and variability (Corti et al., 1999;Hasselmann, 2002):
1. Anthropogenic climate change occurs independently of climate variability (H1).
2. Anthropogenic climate change interacts with climate variability (H2).
H1 is generally interpreted as a monotonic trend driven by gradual climate forcing that is mediated by climate
variability (Swanson et al., 2009;Rahmstorf et al., 2012;Zhou and Tung, 2013), producing a straight line or
curve with fluctuations around the trend. Physically, this describes climate change as a gradual process, which
for temperature, results in gradual warming. Decadal climate variability that manifests as specific regime shifts
will imprint on long‐term trends as changes in trend. H1 is generally measured by various forms of time series
analysis of which linear trend analysis is the most prominent. The extracted trend is interpreted as the signal,
and the residual values as climate variability or ‘noise’ (North et al., 1995;Hegerl and Zwiers, 2011;Santer et al.,
2011).
H2 is usually conceived as interactions of climate change and variability that produce significant non‐linear
responses (Corti et al., 1999;Solomon et al., 2011;Kirtman et al., 2013). In this formulation, the signal,
expressed in terms of key variables such as temperature, would be non‐linear. The main problem in detecting
and attributing such a signal has been a robust method for doing so (Rodionov, 2005;Reeves et al.,
2007;Overland et al., 2008).
Here we apply the Maronna‐Yohai (1978) bivariate test within a rule‐based procedure designed to detect
multiple step changes in historical time series of air temperature – the multi‐step bivariate test. The bivariate
test calculates the step change with the implicit assumption that the input data is serially independent with no
significant trend in the period either side. Under a stationary climate, this will be close to the mean difference
between the two periods. If there is an underlying step and trend process going on (or trend with steps), then
the test will register the full step but some of that difference may be due to internal trends. The presence of
‘red noise’ – autocorrelated data – may also register as a shift (see Supplementary Information).
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Time series tested here are mean annual global air temperature anomalies from five groups (GISS, HadCRU,
NCDC, C&W and BEST), hemispheric temperatures from three groups (HadCRU, NCDC and GISS) and zonal
temperatures from two groups (NCDC and GISS) to see how prevalent step changes are, whether they coincide
across different records and to investigate the relationship between step changes and trends. Tropospheric
satellite temperatures from two groups (RSS and UAH) are also tested. The specific records used are detailed
in the Supplementary Information.
These tests deal mainly with detection. Attribution of step changes is carried out for three regions using the
bivariate test combined with linear inverse analysis to attribute step‐wise anthropogenic warming using a
method applied by Jones (2012).

Method
A multi‐step application of the Maronna‐Yohai (1978) bivariate test has been constructed to detect step
changes in climate time series (see Supplementary Information for details). Previously, the bivariate test has
been used to detect inhomogeneities in climate variables, decadal regime shifts in climate‐related data and
step changes in a wide range of climatic time series (Jones et al., 2013). Here, the test has been modified to
account for multiple step changes. The main purpose of automating the test is to improve its objectivity and
robustness by using a predefined set of rules.
The test adapts the formulation of Bücher and Dessens (1991) and tests a single serially‐independent variate
(xi) against a reference variate (yi) using a random time series following Vivès and Jones (2005). The important
outputs of the test in a time series of length N are, (1) The Ti statistic which is defined for times i <N, (2) the Ti0
value which is the maximum Ti value, (3) i0, the time associated with Ti0, (4) shift at that time, and (5) Pr, the
probability of zero shift. Note that i0 is the last year prior to the change.
A run of an analysis of a single time series consists of a screening pass, followed by a convergent pass, which
incorporates some rules. In both passes, since the reference variate is a flat random sequence, we apply a
resampling test. The resampling test is applied to every segment tested and undertakes 100 trials of the
bivariate test. The screening pass starts from the most significant shift in a time series, determined using the
resampling test and, if Pr<0.01, the series is divided into shorter time series either side of the shift and
retested until all shifts have been detected. The convergent pass then groups segments to remove shorter
term perturbations, if any, and to determine the most robust shift dates in the segments selected. The rules
are described in the Supplementary Information. The convergent process is repeated until a stable set of step
changes is produced.
The above analysis is run 100 times. A stable set of results will produce 100 identical solutions and less stable
results will produce two or more alternatives (see Supplementary Information for more detail). The most
frequent configuration is selected as the most stable. Most historical temperature records analysed contain
one or two stable configurations for surface temperature and zero or one for satellite temperature.
Mean annual data is considered serially independent. Deseasonalised quarterly and monthly data can be used
to locate a shift within a year, but is not serially independent, so is used here in combination with the t‐test
associated with the identified shift date to assess significance.
Local attribution of step changes uses a technique described in Jones (Jones, 2012). The basic methodology is
suitable for continental mid‐latitude areas where annual average maximum temperature (Tmax) is correlated
with total rainfall (P), and minimum temperature (Tmin) is correlated with Tmax (Power et al., 1998;Nicholls et
al., 2004;Karoly and Braganza, 2005). For Central England Temperature, a largely maritime climate, diurnal
temperature range (DTR) is assessed against precipitation instead of Tmax. The method uses the following
steps:
1. Homogenous regional average data is obtained for Tmax, Tmin and P.
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2.

3.
4.
5.

A period of stationary climate is calculated by testing when the relationship between Tmin and Tmax
undergoes a statistically significant step change. The relationship between Tmax and P will change at
the same, or later date.
Linear regressions are calculated between each pair (Tmax/P and Tmin/Tmax) for the stationary
period.
Anthropogenic regional warming is estimated for the non‐stationary period using these regressions.
The results are tested for step changes.

Results
Global and zonal temperatures
Statistically significant step changes in global and zonal temperatures show a great deal of structure over the
1880–2014 time period. All series were tested from their earliest recorded date (1850 and 1880) and results
from 1880–2014 are shown. Collectively, downward steps occur in the late 19th and early 20th century, upward
steps between 1912 and 1938 with one downward step in 1964. From 1968, upward steps dominate, with one
exception in the high southern hemisphere (SH) latitudes in 2007 (Figure 1).
Global step changes form largely unbroken vertical lines in Figure 1. The 1997 step change is global, with some
regional variation in 1996 and 1998. A step change occurs in in 1979/80 globally and in many regions except
the northern hemisphere mid and high latitudes. All other step changes occur across more limited regions,
with some being confined solely to land or to ocean. These show that the mean global record is an integration
of more regional records, combining regional extent and the size of the shift.
Upward step changes occur in 1997 and 1979/80 in all five global records. The 1997 step is the largest at
0.31±0.01°C. The 1979/80 is the next largest at 0.22±0.03°C. The greater variation in size is subject to the
timing and size of previous steps and trends. In the first half of the 20th century, three records show positive
steps in 1920/21 and in 1937, and two in 1930 (Figure 1). The GISS record also shows a downward step in
1903, coinciding with the northern hemisphere (NH) ocean, tropics and perhaps southern hemisphere. The
global records fall into two groups based on their early 20th century analysis: GISS, BEST, C&W in one group
and HadCRU and NCDC in the other. The anomaly averaged from all five records shows upward step changes in
1930, 1979 and 1997.
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Figure 1: Dates of statistically significant step changes (p<0.01) 1880–2014, for a range of mean annual
temperature records. Downward steps are blue and upward red. Records are sourced from Goddard Institute
of Space Studies (GISS), the Hadley Centre and Climate Research Unit (HadCRU (land and ocean), HadSST
(ocean), CRUtem (land)), National Climatic Data Center (NCDC (land, land and ocean), ERSST (ocean)), Berkeley
Earth Surface Temperature (BEST) and Cowtan and Way (C&W). See Supplementary Information for details.
Differences emerge in ocean and land records. The global HadSST (HadCRU) record shifts in 1937, 1979 and
1997, whereas the ERSST (NCDC) record shifts in 1930, 1977, 1987 and 1997. Global land records from both
CRU and NCDC shift in 1920/21, 1980 and 1997. Northern hemisphere land and ocean step changes are
consistent across three records: in 1924/25, 1987 and 1997. The NH ocean shows a downward step in 1902/03
and is less consistent between the two records tested for subsequent upward steps. The SH is consistent
across 1937, 1979 and 1997, with two records showing a downward step in 1890 and an upward step in 1969.
The tropics show a downward step in 1902/03, and upward steps in 1926, 1979 and 1997. Three NH mid‐
latitude records step upwards in 1920, 1921 or 1930, in 1978/89 and 1997/98. One zonal record also shows a
downward step in 1964. The two NH high latitude records show a single downward step in 1902 and in 2005,
both step upwards in 1921 and 1994 and a single step upwards in 2005. The three SH mid‐latitude records
show a downward step in 1887 and one in 1903, and upward steps in 1933 or 1937, 1968 or 1970, 1977/1978
or 1984, and 1997 or 1998. SH high latitude data is not very reliable, being absent for NCDC 60°S–90°S. The
GISS 64°S–90°S average anomaly steps downward in 1912 and an upward in 1955. The combination of
alternate positive and negative step changes in some records indicates the climate is responding to both
internal and external drivers.
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Figure 2. Mean global anomalies of surface temperature with internal trends. The annual anomalies (dotted
lines) from five records (HadCRU, C&W, BEST, NCDC, GISS) are taken from a 1880–1899 baseline. Internal
trends (dashed lines) are separated by step changes detected by the bivariate test at the p<0.01 level of
statistical significance. The size of each step (in red) and change in temperature of each internal trend (in
black) is shown in the figure table along with its significance, where NS is p>0.05, * is p<0.05 and >0.01, ** is
p<0.01. The shift total is inclusive of internal trends.
Figure 2 illustrates the five records of global mean temperature analysed, showing internal trends and their
significance. Steps and trends are consistent for the last two periods 1979/80 to 1996 and 1997 to 2013/14,
but diverge somewhat in the middle of the record, seen as differences in the timing and magnitude of steps
and accompanying internal trends. Data quality may be an issue in the earlier parts of the record. For example,
the latest version of GISS data shows five shifts in 1902, 1920, 1937, 1980 and 1997, whereas a previous
version to 2013 stabilised on shifts in 1930, 1979 and 1997, consistent with the average anomaly of all five
records. This indicates that the timing and magnitude of shifts in the early 20th century can be influenced by
adjustments made to improve data quality. However, all shift dates globally coincide with regional shifts,
showing that while the relative importance of dates associated with step changes may be different, the dates
themselves are quite stable. This gives us added confidence we are not detecting false positives.
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Internal trends are mainly non‐significant in the early record, the exception being the GISS 1920–37 period.
The 1979/80 to 1996 trend is significant at the p<0.01 level in two records (HadCRU and NCDC) and p<0.05 in
the other three records. The NH step change in 1987 strongly influences this trend, which is examined further
in the next section. The post 1997 period is non‐significant in two records and trends at p<0.05 in three
records.
There is no objective way to partition shift and trend in these analyses. However, if the total change produced
by internal trend is calculated, it ranges from 32% to 38% of the total change produced. The GISS record is an
exception at 62% because of the downward shift in 1903 and subsequent recovery.

Satellite era records
Satellite records of lower troposphere temperatures sourced from the RSS (Mears and Wentz, 2009) and UAH
records beginning in December 1978, were analysed for step changes (1979–2014). Annual mean global and
zonal temperatures show 1995 and 1998 as the two main shift dates, with 1995 more prominent at the global
scale (Table 1). Quarterly anomalies were investigated individually and as a continuous time series. For
individual seasons, the shifts in 1995 are dominated by the NH JJA and SON periods, especially on land. This
can be traced back to warm El Niño conditions in 1994/5. When the continuous quarterly time series is
analysed (4 seasons x 36 years), the JJA and SON quarters of 1997 dominate the UAH global record, less so for
the RSS record.
Table 1. Dates of step changes for lower tropospheric satellite temperature anomalies, with annual time series
and quarterly breakdowns in parentheses (DJF, MAM, JJA, SON), and quarterly time series. Data sources are
Remote Sensing Systems (RSS) and University of Alabama, Huntsville (UAH).
Region
Global land & ocean
Global land
Global ocean
NH land & ocean
NH land
NH ocean
SH land & ocean
SH land
SH ocean
Tropics land & ocean
Tropics land
Tropics ocean
NH ex‐trop land & ocean
NH ex‐trop land
NH ex‐trop ocean
SH ex‐trop land & ocean
SH ex‐trop land
SH ex‐trop ocean
N polar land & ocean
N polar land
N polar ocean
S polar land & ocean
S polar land

Annual time series (quarterly breakdown)
RSS
UAH
1995 (98,98,95,95) 1995 (97,98,94,95)
1995 (95,98,95,95) 1998 (98,98,94,95)
1998 (98, ‐ ,97,95) 1995 (97, ‐ , ‐ ,95)
1995 (98,98,94,94) 1998 (98,98,94,94)
N/A
1998 (98,98,98,98)
N/A
1994 ( ‐ , ‐ , ‐ ,94)
1995 (98, ‐ , ‐ ,95) 1995 (97, ‐ ,87,95)
N/A
1995 (95, ‐ ,91,95)
N/A
1995 (97, ‐ , ‐ ,95)
1995 ( ‐ , ‐ , ‐ ,93)
‐ ( ‐ , ‐ , ‐ ,95)
1995 ( ‐ , ‐ , ‐ ,87) 1995 (98, ‐ ,95,95)
1995 ( ‐ , ‐ , ‐ ,95) ‐
1998 (95,98,98,94) 1998 (98,98,98,94)
1998 ( ‐ ,98,94,94) 1998 ( ‐ ,98,98,98)
1998 (99,98,98,94) 1994 (02,98, ‐ ,94)
1998 (96, ‐ , ‐ ,95) 1996 (97, ‐ , ‐ ,95)
1995 ( ‐ , ‐ , ‐ , ‐ )
2001 (03, ‐ , ‐ ,02)
1998 (96, ‐ , ‐ , ‐ ) 1996 (97, ‐ , ‐ ,95)
1995 (03,95,98,95) 1995 (05,95,98,95)
1995 ( ‐ ,94,98,95) 1995 ( ‐ ,89,98, ‐ )
1995 (03,05,98,95) 1995 (05,95,98,95)
‐
‐
‐
‐

Quarterly time series
RSS
UAH
JJA 1997
SON 1997
SON 1994
SON 1997
JJA 1997
SON 1997
JJA1997
SON 1997
N/A
JJA 1997
N/A
JJA1997
SON 1997
SON 1997
N/A
MAM 2002
N/A
DJF 1998
JJA1997
JJA1997
SON 1997
JJA1997
JJA 1997
‐
SON 1997
DJF 1998
MAM 1994 DJF 1998
SON 1997
MAM 1998
DJF 1998
DJF 2001
JJA 1995
MAM 2002
DJF 1998
DJF 1998
DJF 2000
MAM 1998
DJF 2005
MAM 2000
MAM 2002 MAM 1998
‐
‐
‐
‐

We investigated the quarterly anomalies for the RSS and UAH satellite and HadCRU and GISS surface mean
global temperature to compare similarities and differences. Quarterly time series are affected by
autocorrelation due to the El Niño‐Southern Oscillation (ENSO), so for the bivariate test, the results are robust
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for timing but not significance. Student’s t‐test (two sided, unequal variance), was therefore also used to
assess significance.
RSS shifts in DJF 1986/87 by 0.11°C (p<0.05 bv and p<0.01 t‐t) and UAH shifts in DJF 1986/87 by 0.13°C (p<0.01,
both tests). For surface temperature, HadCRU and GISS shift in JJA 1987 by 0.14°C and 0.15°C, respectively
(p<0.01, both tests). On an annual basis the 1986/87 is significant to the p<0.05 level using the bivariate test.
RSS shifts in JJA 1997 by 0.23°C, UAH shifts in DJF 1997/98 by 0.20°C, HadCRU in JJA 1997 by 0.26°C and GISS in
SON 1997 by 0.25°C (all p<0.01, both tests). These four data sets show consistent shift dates in 1997 and
similar shift dates in 1986/87, showing that the significant step change in the NH is present at the global scale.
This suggests that the period of accelerated trend noted by many for 1976–1998 (Trenberth, 2015) is actually a
period containing two step changes, one global (1978/79) and one regional (1986/87).
When four records are plotted on a common baseline of 1979–1998, the surface and satellite temperatures
display similar shifts but different internal trends (Figure 3). Shown this way, the supposed substantial
differences between surface and satellite trends are largely removed. The satellite data show significant
negative internal trends over 1979–1986 (RSS p<0.01, UAH p<0.05), otherwise are non‐significant. The surface
data show significant positive internal trends over 1997–2014 (GISS p<0.01, HadCRU p<0.05), otherwise are
non‐significant. The decline post 1981 and lower trends in the early 1990s in the satellite data are likely due to
volcanic eruptions, which amplify cooling at altitude(Free and Lanzante, 2009). The differences in internal
trends post 1996 may be due to orbital decay that has not been fully allowed for in the satellite record, cooling
from above affecting the satellite data and heating from below affecting the surface data, or a combination of
these.
0.8
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RSS trend
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0.0
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Figure 3. Quarterly mean satellite (RSS, UAH) and surface (HadCRU, GISS) temperature anomalies 1979–2014.
Annual anomaly (solid lines), and internal trends from surface (dashed lines) and satellite (dotted lines)
separated by step changes detected by the bivariate test are shown.

Regional attribution
Regional attribution of step changes has previously been carried for south‐eastern Australia (SEA) annual mean
temperature (Jones, 2012) and is repeated here for Texas and central England. The methodology is suitable for
continental mid‐latitude areas where annual average minimum temperature (Tmin) is correlated with
maximum temperature (Tmin/Tmax), and Tmax is correlated with total annual rainfall (Tmax/P) (Power et al.,
1998;Nicholls et al., 2004;Karoly and Braganza, 2005). For maritime areas such as central England, DTR is used
(DTR/P) instead of Tmax/P. The method uses the bivariate method to test the dependent variable against the
reference variable. A shift in the dependent variable denotes a regime change.
SEA climate was stationary until 1967 when a step change shifted minimum temperature (Tmin) by 0.6°C with
respect to maximum temperature (Tmax) (Jones, 2012). Six independent climate model simulations for the
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same region become non‐stationary between 1964 and 2003, showing shifts of 0.4 to 0.7°C (Jones, 2012).
Texas becomes non‐stationary in 1990 with an increase in Tmin/Tmax of 0.5°C. Tmax increases by 0.8°C
against P in 1998. For Central England, Tmin increases against DTR by 0.3 °C and Tmax against P by 0.9 °C in
1989. Tmax also increases against P in 1911 by 0.5°C (Table 2).
Table 2. Year of non‐stationarity in regional temperature for south‐eastern Australia, Texas and Central
England. Data source, year of first change greater than one standard deviation for Tmax against P and Tmin
against Tmax, or DTR/P using the bivariate test. The stationary period is also shown.
Stationary
Data source
Tmax/P
Tmin/Tmax
DTR/P
Period
Chan
Year
Change
Year
Change
Year
ge
(SEA)
SE Australia
Texas
Central UK

1999
1998
1989
1911

0.7
0.8
0.9
0.5

1968
1990
N/S

0.6
0.5
1989

0.3

1910–1967
1895–1990
1878–1988

The stationary period is used to established regression relationships that calculate Tmax and Tmin from P and
Tmax, respectively. These regressions are used to estimate how Tmax and Tmin would have evolved during the
non‐stationary period. The residual is then attributed to anthropogenic regional warming and is tested using
the bivariate test. Here the residuals for Tmax and Tmin are averaged to estimate the average anthropogenic
regional warming (TavARW).
In SEA, TavARW shifts up by 0.5°C in 1973 (Figure 4). Similar patterns were found for 11 climate model
simulations for SEA, undergoing a series of step changes to 2100 (Jones, 2012). For Texas, TavARW shifts by
0.8°C in 1990. Central England temperature shifts up by 0.7°C in 1989 and by 0.5 °C in 1911. Using the full
record for Central England average temperature from 1659, a significant step change was found in 1920,
whereas using a starting date of 1878 identifies 1911. Given that the second mode identified in the longer test
is 1911, we conclude the 1911 date is an artefact of the starting date in 1878 and a step change in 1920,
consistent with NH data, would register if earlier data were available. None of the internal trends in Figure 4
are significant, suggesting that at the local level, step changes may dominate trends. This has also been found
for high quality tide gauge records of sea level (Jones et al., 2013). Elsewhere, warming in both Central England
and continental US has been found to be nonlinear (Franzke, 2012;Capparelli et al., 2013), supporting the
analysis here.

8

Analysing steps in global and regional observed air temperature

2.0

Anomaly (°C)

1.5
1.0
0.5
0.0
‐0.5
‐1.0
1910

1930

1950

1970

1990

2010

Year
2.0

Anomaly (°C)

1.5
1.0
0.5
0.0
‐0.5
‐1.0
‐1.5
1895

1915

1935

1955

1975

1995

Year
2.0
1.5

Anomaly (°C)

1.0
0.5
0.0
‐0.5
‐1.0
‐1.5
‐2.0
1875

1895

1915

1935

1955

1975

1995

Year
Figure 4. Anomalies of TavARW for Central England (top), Texas (centre) and south‐eastern Australia (bottom).
Internal trends (dashed lines) are separated by statistically significant step changes to the p<0.01 level.
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Discussion
A growing body of evidence describes regime changes that match key dates identified in this study (Trenberth,
1990;Trenberth and Hurrell, 1994;Hare and Mantua, 2000;McFarlane et al., 2000;Mantua, 2004). Menberg et
al. (2014) identify shifts in 1977, 1987/88 and 1997 in global mean temperature and 90–24°N zonal
temperature using the STARS method (Rodionov, 2006), noting the last two dates also occur in German
records. Significant change‐points (1986/87, 1997/98, 1968/69, and 2003/04) are detected in the time series
of temperature and rainfall in the Zhujiang River Basin with 1986/87 being most significant there (Fischer et
al., 2012) and on the Tibetan Plateau (Chen et al., 2014).
Dates associated with regime changes in decadal variability include the north Pacific in 1997 and 1989 (Hare
and Mantua, 2000), and in 1996–7 (Gedalof and Smith, 2001;Chikamoto et al., 2012), the Mediterranean
(Conversi et al., 2010) and the North Sea in 1987 (Beaugrand, 2004) and in the NH high latitudes in the early
1920s (Drinkwater, 2006). Many studies note the presence of rapid shifts and step‐wise behaviour in
temperature associated with such changes but these tend to be interpreted as the influence of decadal
variability on a secular trend (Swanson et al., 2009;Wu et al., 2011). Alternatively, studies that force trends
onto the data to dispel the recent so‐called hiatus in global mean temperature produce change points
unrelated to known climate phenomena. For example, Cahill et al. (2015) produce trend change points in 1912,
1940 and 1970, which they maintain relates back to forcing.
There is a great deal of theoretical evidence to support climate change over decadal timescales as a nonlinear
process. The latest Intergovernmental Panel on Climate Change (IPCC) report does not select between linear
and nonlinear interactivity between internally generated and externally forced near‐term climate change. Both
are treated as linearly additive with the following caveat: This separation of T, and other climate variables, into
components is useful when analyzing climate behaviour but does not, of course, mean that the climate system
is linear or that externally forced and internally generated components do not interact (Kirtman et al., 2013).
Following Ozawa et al. (2003) we see the conversion from radiative forcing to heat as being a linear process,
but view the distribution of that heat within the climate system as being nonlinear, consistent with H2. The
analysis of attributable step changes in regional warming in three locations that coincide with larger‐scale
changes is consistent with nonlinear behaviour. We conclude that climate is more usefully seen as a turbulent
hydrodynamic system exhibiting complex system behaviour over multiple temporal and spatial scales (Ozawa
et al., 2003;Ghil, 2012), not a Newtonian mechanistic system following simple trends.

Conclusions
When global and regional mean temperature records to 2014 are analysed for step changes, steps dominate
over trends, even if the internal trends are summed first. An accompanying study investigates simulated global
mean surface warming by climate models, concluding that step changes dominate the warming process
through to 2100 (Jones and Ricketts, 2015). This is counter to the prevailing narrative where rising
temperatures are seen as an ongoing trend mediated by decadal variability (Santer et al., 2011;Kirtman et al.,
2013;Meehl et al., 2013;England et al., 2014;Schmidt et al., 2014). This feeds into a gradualist narrative that,
when applied to climate impacts, understates risk (Jones et al., 2013;Jones, 2015).
Every statistical model carries a set of assumptions about how a system or process works, whether explicit or
implicit (von Storch, 1999;von Storch and Zwiers, 2001). The implicit assumption in trend analysis is that the
atmosphere is warming gradually in a trend‐like manner with the rate of warming being modulated by climate
variability. For example, empirically‐based studies of climate model output suggest that a period of at least 17
years, should be a sufficiently reliable measure for gauging trends in lower tropospheric temperature (Santer
et al., 2011), whereas here we have shown that the historical record is dominated by steps. Based on the
evidence here, trend analysis will not provide a reliable guide for decision making over decadal timescales.
Warming that is not gradual but stepwise, has significant implications for how climate risk is managed.
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Supplemental information
Statistical method
This formulation from Bücher and Dessens (1991) is based on normalised data with no trend. It takes
advantage of the normalisation step to allow simpler structure. According to the authors, it was obtained from
Potter, although the method published in Potter (1981) is essentially that of Maronna and Yohai (1978).
In the following, primes reference un‐normalised data and functions, normalised data in step 2 is denoted by
removal of primes. This usage has been slightly modified from Bücher and Dessens (1991). Additionally, the
second part of (4) corrects an inconsistency in that paper.
1. . . be a stationary reference time series and ,
1. . . be a test time‐series which is
Let ,
assumed to correlate to except for a single shift at some time i0.
Step 1. Standardize series.
′

∑

, ′

∑

,

,

/

∑

,

for all

.

∑

/

(1)

(2)

Step 2. Compute test statistics.
(3)
∑

∑

,

for all

(4)

for all

(5)

for all
for all
max

,

when

(6)
.

(7)
max

.

(8)

represents the time period during which a change occurred and its successor is
The time associated with
the first time of the new regime. A mean shift can be computed. For the null trend case, critical values of Ti are
provided by Maronna and Yohai (1978) for two‐tailed, alpha levels of (0.1, 0.05, and 0.01) for the null
hypothesis of no change, given time series lengths of 15, 20, 75 and Potter (1981) provides these for 100. An
interpolating function is used to generalize these results for time series of varying length.

Multi‐step bivariate test: application
The purpose of constructing a rule‐based process for analysing multiple step changes in a time series is to
remove the need to make individual decisions that utilise the experimenter’s judgement. It also allows
multiple sampling and the addition of randomness, which increases the robustness of the results.
The bivariate test, rule‐based process and diagnostics are coded in Python 2.7.6, developed with the Spyder
environment (© 2009‐2012 Pierre Raybaut), running in 32‐bit Windows 7 and 64‐bit Windows 8.1
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environments. Moba‐Xterm PE v7.2, a windows based Unix emulator, was used to support some collation of
results, and data acquisition.

Description
The method is a technique for segmenting time series with zero to many step changes in the mean.
The test returns a list of break‐points that divide a time series into segments bounded by statistically
significant step changes, except for the start and the end. The routine consists of a screening pass, which
produces a first approximation break‐list. This break‐list is iteratively refined by a convergent pass. Both passes
are described below. Each application of the test is subject to a resampling test, which determines the
resilience of a step‐point determination to noise. One hundred iterations sample a test series against a
randomly selected reference time series.
The method is probabilistic. Each iteration returns a list comprising a set of shift points, their timing and
magnitude and null probability against a serially independent reference, along with a variety of diagnostic
variables. A time series with distinct step changes will return the same list for a set of iterations, whereas
others may yield several variations. This is especially the case for areal averages that integrate local changes
from two or more regions, data with quality issues, or where autocorrelation due to trending behaviour or
other processes is present.
Resampling test. The bivariate test is repeated 100 times using different random sequences and the i0 values
and associated Ti0, and shifts are collated by mode.
1. On the screening pass only the modal value is examined.
2. On the convergent pass additional selection rules apply. The mode and second mode are examined. There
may be a single mode (e.g., 100% selection), or the two modes may be close together or well separated.
The i0 (time i preceding the shift) returned by the resampling test is the modal value (i.e., most frequent) of
each test. Similarly, Ti0, and shift magnitude are the mean of those values associated with i0. A segment
contains a breakpoint in position i if Ti0 exceeds the critical Ti value for segment length with a given probability.
Screening pass. This is a binary segmentation technique, similar to that used in similar applications(Scott and
Knott, 1974;Killick et al., 2012). The entire time series is analysed for a single breakpoint using the resampling
test (100 iterations). If Ti0 is significant (p<0.01), then the segment up to and including i0 is analysed for an
earlier break, and the segment after i0 is analysed for a later break. This process is repeated for the sub‐
segments so formed until no significant breaks are found. The result is a series of breakpoints which are then
refined on the convergent pass. Because breakpoints found on this pass are returned on the basis of a
recursive process, end point effects caused by sampling time series of different lengths may influence the
results.
The role of the convergent pass is to combine segments to determine whether the screening pass has
oversampled for steps and also to ensure that the selected break points are robust within the selected
segmentation.
Convergent pass. The list of n breakpoints from the screening pass breaks the original time series into s=n+1
segments. The algorithm then works its way from earliest to latest segments combining consecutive segments
into one, and then searching within that segment using binary segmentation to produce a candidate list from
which two most frequent i0 values are retained (in practice there are rarely more than two and usually just
one). There are two special cases, segments 1 and s which are analysed individually at either end of this
process to cover the impact of end point adjustments. This procedure will sometimes reduce the number of
step changes from the screening pass.
The convergent pass is reiterated until it produces the same list for a second time and this is returned as the
final result.
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This pass incorporates some decision rules.:
1. A prohibition period of seven years is applied at the start and the end of the time series, and after a
break point before another point will be accepted. This is because the bivariate is sensitive to end
effects.
2. If the modal year is within the prohibition period from the previous break point, then the two are
compared. A resample test is conducted by extending the segment backwards to the start date of the
previous segment. If it is a valid break, this then replaces the previous break, otherwise the previous
break is retained, and a small “safety margin” is added for one iteration to the low bound of the first
segment next time around to prevent the point being re‐selected.
3. If the mode is equal to or >90%, or the first mode is >50% and the second mode is > 20% then the
modal year is accepted, else it is dropped.
4. If after this, a segment contains a single breakpoint, it is retained.
5. If the candidate list is empty, that is, a segment no longer contains a breakpoint then the two
segments are merged and treated as a single segment on the next iteration.
6. If the candidate list contains more than one point, then the earliest two are retained and the rest
discarded. The two points are then trialled using a resampling test to determine if the interval up to
the later of the two still contains a break, and if this is still present, it is retained. If not, then the
second candidate is similarly tested.

Considerations about the multi‐step bivariate test
The role of time
This analysis treats time unidirectional. The bivariate test itself selects the last time before a change so is
asymmetric. The convergent pass operates from earliest to latest, revising provisional breakpoints and then
using them to delineate later breakpoints. On each pass, as soon as a breakpoint is provisionally established, it
is used, and no other information is preserved. Therefore, every breakpoint is complete unto itself, and the
segment within which it is embedded has its own statistics. This means that the final set of segments, broken
up by the final set of breakpoints, consists of a series of segments, each of which has its own variance, mean
and shape parameters, and embedded trend. The analysis treats each segment as independent, but whether
physical dependence (including memory) or otherwise, can be assumed, remains to be assessed. Information
theory approaches to assessing statistical best fit may also break down because the system may not deliver the
same information between break‐points. This is certainly the case for other complex systems covering
economics and ecology.

End point effects
The determination of a breakpoint in a time series is sensitive to all of the data including the first and last
elements, but is less reliable near the start and end of that series (Vivès and Jones, 2005). This affects two
aspects of the analysis:
1. Previously determined shift points become end points when a subsequent segment is tested, making
nearby observations more sensitive to end effects. This is the principal reason for the 7‐year
restriction on break‐points. However, temperature data can also produce peaks/troughs due to
interannual variability giving a multi‐modal distribution of potential break points clustered around an
underlying shift. Altering segment lengths can potentially alter the distribution of these modes,
therefore leading to the application of decision rules 1, 2 and 6 above, to determine the most robust
outcome.
2. The choice of starting year.
i.
The quality of long‐term climate data characteristically degrades backwards in time. This may
produce artificial break‐points, move existing ones, or simplify ‘natural’ variability.
Autocorrelation may also be introduced by some infilling methods. Early shift points should
not be regarded as being as reliable as more recent dates.
ii.
If the data record starts just before a true shift point or is influenced by a truncated
sequence of low or high years then the next (and to a lesser extent, consequent) dates may
be affected.
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On balance it is much better to start an analysis from the earliest date available, unless data quality is clearly
compromised.

Assumptions
The bivariate test itself assumes two variates that are both stationary, except that the test variate may have a
single point change in the mean. A time series that has multiple shift points will register only one value of Ti0
and other points cannot be relied upon. Sometimes the original value of Ti0 will be removed once the time
series is segmented, because it is an ‘average’ of several others.
The assumption of serial independence is very important. A number of studies have concluded that observed
annual temperature and rainfall records fulfil that stricture. Such climate data may also contain components of
autocorrelation and variable trends. Some of the variability of trend may simply be redness (drift due to
persistence of previous values), some may represent transient processes. However, autocorrelated data such
as regional or global mean sea level, sea surface temperature or climate data divided into a monthly or
quarterly time series may lead to statistical significance being over‐estimated, although the timing of a shift
will remain accurate. In the paper, we use the t‐test to address this, but when autocorrelation is due to a
sustained trend in a time series that contains both steps and trends, the t‐test also will give misleading results.
This is addressed further in the Supplementary Information for the companion model analysis paper (Jones
and Ricketts, 2015).
Here we treat annual temperature data as a signal composed of a small but arbitrary number of linear
segments delineated by step changes, and embedded in Gaussian noise. The impact of trend is on the assigned
significance of the shift returned from the bivariate test, rather than its timing. Additionally, a change of trend
when there is no step may cause the bivariate test to allocate a step some years after the change of trend.
These can all be determined in post‐processing.
A time series that contains nothing but a general trend and variation, will have two properties when analysed
by our method:
1. The sum of steps will converge on zero.
2. The probabilistic test will be dominated by random sampling of the reference variate and the number
of different break‐point lists will increase – that is, it will return unstable sets.

Diagnostics
Every iteration of the 100 break‐list runs that comprise an analysis produces a csv file of results, plus a trace of
the decision process. The trace file contains the initial data as well as a summary of the break dates with some
QA diagnostics. All 100 trace files are collated and the diagnostics are given for each analysis. This includes Ti,
Shift, Modal Year, Modal Frequency, The Second Modal Year and its frequency, Internal Trends of the segment
containing the step, the pre‐step and post‐step segments, Delta of pre and post segments at the shift date. For
comparison there is an analysis of a 30‐year segment comprising 15 years either side of a shift, the trend of the
full segment, and pre and post trends, modal and second modal years and frequencies.

Terminology
The language of non‐linear change is nowhere near as established as is the language for trend analysis. Here
we use the following terms in the ways described:
 Break, break‐point, break‐year: a break denotes an abrupt change in statistical characteristics of any
kind (e.g., change in trend, variance).
 Shift: in the paper a shift is the distance between the end of one internal trend and the beginning of
the next across a step change.
 Step: an abrupt step‐like change as measured by the test.

Calibration of the method.
The method has been calibrated against synthetic data composed with variable lag one/seven autocorrelation,
variable number of shift points, varying trends and changes of trend. Its performance has also been tested for
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its ability to locate a randomly timed shift point in a random series to which is added varying shifts, varying
trends up to those well in excess of any climate model run, and simulating a random shift month within the
simulated shift year.

Data sources
Global mean surface temperature
Time series tested are mean annual global air temperature anomalies from five groups (GISS, HadCRU, NCDC,
C&W and BEST), hemispheric temperatures from three groups (HadCRU, NCDC and GISS) and zonal
temperatures from two groups (NCDC and GISS). Tropospheric satellite temperatures from two groups (RSS
and UAH) are also tested (Table S1).
Supplementary Table 1: Source groups for 20th century observations, surface and satellite.
Name

Version

BEST
COWTAN &
WAY
GISSTEMP3

2.0
V3

HadCRUT4
HadSST3
CRUT4

4.3.0.0
3.1.1.0
4v

NCDC

v3.5.4.
201504

Download
date
15 Jan
2015
15 Jan
2015
15 Apr
2015
25 May
2015

Base
Period
1951–
1980
1961–
1990
1951–
1980
1961–
1990

Global
Y

Hemi‐
spheric
N

Y

18 Mar
2015

“20th C
Average”

Zonal
N

Land‐
Ocean
N

References
(Rohde et al., 2012)

N

N

N

(Cowtan and Way, 2014)

Y

Y

N

N

Y

Y

Y

Y

Y

Y

Y

Y

(Hansen et al.,
1988;GISSTemp Team, 2015)
(Jones et al., 1999;Jones et
al., 2001;Brohan et al.,
2006;Rayner et al.,
2006;Kennedy et al.,
2011;Jones et al.,
2012;Morice et al.,
2012;Osborn and Jones,
2014)
(Smith et al., 2008;Vose et al.,
2012)

Satellite based atmospheric temperature estimates, Lower Troposphere to Lower Stratosphere
RSS
V03.3
7 May
1979‐
Y
Y
Y
Y
(Mears et al., 2003;Mears and
2015
1998
Wentz, 2009)
UAH
6.0.beta 5 May
1981‐
Y
Y
Y
Y
(Christy et al., 2000)
2015
2010

NDCD zonal data version v3.5.4.201504.
Annual and monthly files in ASCII format covering land, ocean, and combined land and ocean were
downloaded on 29 May 2015 from ftp://ftp.ncdc.noaa.gov/pub/data/mlost/operational/products/ using wget
in recursive mode. Each file contains data for one zonal average and for one of land, ocean and combined land
and ocean.
The zonal averages were over: 90°S–90°N (Global), 90°S–0°S (°Southern hemisphere), 0°N–90°N (Northern
hemisphere), 90°S–20°S, 60°S–30°S, 60°S–60°N, 30°S–0°N, 0°N–30°N, 20°S–20°N, 20°N–90°N, and 60°N–90°N.
Data in the files labelled as 90°S–60°S for all three subsets was clearly corrupted on receipt and was not used.
The data format is documented on‐line in the file
ftp://ftp.ncdc.noaa.gov/pub/data/mlost/operational/products/readme.timeseries,
Annual averages are as provided, rather than simple averages of monthly values.

GISSTEMP_3
Data was downloaded on 15 April 2015 in ASCII from
http://data.giss.nasa.gov/gistemp/tabledata_v3/ZonAnn.Ts+dSST.txt and format converted to CSV for use.
All values are multiplied by 0.01 to produce degrees C, as per the metadata in the file.

15

Analysing steps in global and regional observed air temperature

Cowtan and Way
Data representing annually averaged was downloaded in ASCII format on 15 Jan 2015, from http://www‐
users.york.ac.uk/~kdc3/papers/coverage2013/had4_krig_annual_v2_0_0.txt
Both annual and monthly data were downloaded but this initial analysis was of the annual data only.
Data is described at http://www‐users.york.ac.uk/~kdc3/papers/coverage2013/series.html.

Berkeley
Data representing annual averaged mean global temperature was downloaded in ASCII format on 15 Jan 2015
from http://berkeleyearth.lbl.gov/auto/Global/Land_and_Ocean_summary.txt
Two versions are present in the file. The data used in this study is from column 1, ‘Annual Anomaly’ computed
by extrapolation of temperature in the presence of sea ice by using land‐air temperature surface anomalies.

NCDC Land, Ocean, and combined Land and Ocean data
Seasonal analysis was based on data downloaded on 18 Mar 2015, as individual csv files, one per month, using
the wget utility from http://www.ncdc.noaa.gov/cag/time‐series/global/$extent/$set/1/1/*.csv where
$extent is replaced by one of [“global”,”nhem”, “shem”] and $set is one of [“land”,”ocean”,”land_ocean”].
Seasonal averages were computed as simple averages of the monthly values.
Annual averaged data was downloaded interactively from http://www.ncdc.noaa.gov/cag/ on 26 May 2015
(the same site) using 12 Month time scales to December for global and hemispheric extents giving a total of
nine files.

Hadley/CRU Land, Ocean, Land and Ocean data
Data reported here was downloaded on 25 May 2015 as ASCII text files from
http://www.metoffice.gov.uk/hadobs/ File formats are described algorithmically at
http://www.metoffice.gov.uk/hadobs/hadcrut4/data/current/series_format.html
Monthly and seasonal analyses were performed using the appropriate monthly values, corresponding annual
averages were drawn from the last column.

Satellite derived lower tropospheric temperature data, RSS and UAH
RSS
The front page for this organisation is at http://www.remss.com/. Information on upper air temperatures is at
http://www.remss.com/measurements/upper‐air‐temperature.
One complex data set is provided, Temperature of Lower Troposphere (TLT), “constructed by calculating a
weighted difference between measurements made at different Earth incidence angles to extrapolate MSU
channel 2 and AMSU channel 5 measurements lower in the atmosphere”
Data for Land, Ocean, and Land and Ocean were downloaded in a simpler ASCII format, all bands on one line
per month per year, on 7 May 2015 from ftp://ftp.remss.com/msu/data/uah_compatible_format
Data files are from Jan 1979 to present.
Anomalies are computed by subtracting the mean monthly value determined by averaging 1979 through 1998
data for each channel from the average brightness temperature for each month. The set of 12 month means
for 1979 to 1998 are included in the netCDF files available on the ftp server (ftp.remss.com/msu)

UAH
These data are version 6.0.
UAH6:0 Data were downloaded on 5 May 2015 from http://vortex.nsstc.uah.edu/data/msu/v6.0beta/.
http://vortex.nsstc.uah.edu/data/msu/v6.0beta/tlt/uahncdc_lt_6.0beta1
A readme file is at http://vortex.nsstc.uah.edu/data/msu/docs/readme.msu.
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