
Received: 24 April 2025 / Accepted: 12 March 2026
© The Author(s) 2026

Extended author information available on the last page of the article

Identifying trend reversals in atmospheric ethane from a 
multi-site analysis

Marina Friedrich1,2  · Siem Jan Koopman1,2  · Yicong Lin1,2  · 
Emmanuel Mahieu3  · Stephan Smeekes4  · Martine De Mazière5 · Victoria Flood6 · 
Matthias Max Frey7 · Michel Grutter8  · James W. Hannigan9 · Frank Hase7 · 
Nicholas Jones10 · Rigel Kivi11  · Maria Makarova12 · Isamu Morino13 · Isao Murata14 · 
Tomoo Nagahama15 · Justus Notholt16 · Ivan Ortega9  · Maxime Prignon17 ·  
Amelie Ninja Röhling7 · Dan Smale18 · Kimberly Strong6 · Yao Té19 · Minqiang Zhou20

Climatic Change          (2026) 179:66 
https://doi.org/10.1007/s10584-026-04153-0

Abstract
Ethane is the most abundant non-methane hydrocarbon in Earth’s atmosphere and acts as 
an indirect greenhouse gas, influencing the atmospheric lifetime of methane. Therefore, 
understanding the development of trends and identifying trend reversals in atmospheric 
ethane is crucial. Ethane abundance is measured at different ground-based stations world-
wide using Fourier transform infrared remote sensing techniques. We compile a new da-
taset comprising 26 ethane time series from the Northern and Southern Hemispheres. We 
analyze their long-term trends using different econometric techniques capable of handling 
missing data and strong seasonal components present in the data. The resulting trend pat-
terns are consistent across the different methods, with similar estimated trends at the vari-
ous stations. In the Northern Hemisphere, the common trend across stations declined from 
the 1990s to 2005, gradually increased over the next decade, and then resumed a similar 
downward trajectory from 2015 onward. The estimated trends reveal a pronounced peak 
around 2014/2015, marking a reversal from an upward to a downward trend.

Keywords  Atmospheric ethane · FTIR remote sensing · Nonparametric trend analysis · 
Kalman filter

1  Introduction

Short-lived climate forcers are broadly divided into methane and non-methane volatile 
organic compounds (NMVOC) (Szopa et al. 2021). They affect the climate and are often 
also air pollutants. Ethane is the most abundant NMVOC in the atmosphere, sharing impor-
tant emission sources with methane, a major greenhouse gas with high global warming 
potential (Franco et al. 2015). The main sources of ethane are anthropogenic (62% from 
leakage during production and transport of natural gas, 20% from biofuel combustion), 
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while methane has both natural and anthropogenic sources (Xiao et al. 2008). Understand-
ing trends in atmospheric ethane is crucial to better constrain the anthropogenic sources 
of methane, in particular from the oil and gas industry (Franco et al. 2016). The ethane 
abundance in the atmosphere is measured above many ground-based stations using Fourier 
transform infrared (FTIR) remote sensing techniques. Therefore, observational data is avail-
able for a wide spread of locations all over the world. However, trend patterns have only 
been analyzed in the literature for a subset of these locations.

Several papers have studied trends in atmospheric ethane. For example, Angelbratt et al. 
(2011) obtain ethane trends until 2006 from four different stations located in the Northern 
Hemisphere (NH).  Zeng et al. (2012) obtain trend estimates until 2009 from the ethane 
burden above Lauder and Arrival heights. Franco et al. (2015) analyze the trending pattern 
observed over the Jungfraujoch measurement station. Franco et al. (2016) analyze ethane 
trends in North America with the support of model simulations. Lutsch et al. (2020) study 
10 ethane time series from the NH until 2018. Friedrich et al. (2020a) investigate ethane 
trends from four different stations, one of them located in the Southern Hemisphere (SH); 
three of these end in 2014 and one in 2019. Recently, Maddanu and Proietti (2023) analyze 
ethane trends from 15 different stations until 2021, three of which are located in the SH. 
From this strand of the literature, we can see trend patterns emerging, which are common to 
most of the analyzed data sets. Most of the series obtained from stations in the NH share a 
similar trend pattern: a steady downward trend until around 2007/2008, followed by a sig-
nificant upward trend. This trend reversal has been found in Franco et al. (2015), Lutsch et 
al. (2020), Friedrich et al. (2020a) and Maddanu and Proietti (2023). Subsequently, a slow-
down of the upward trend around 2014/2015 has been found for the Jungfraujoch in Fried-
rich et al. (2020a). This is confirmed for some other NH stations in Maddanu and Proietti 
(2023), resulting in a second trend reversal that has received less attention in the literature 
up to this point. The SH stations, however, do not share a clear common trending pattern.

In this paper, we investigate the 2014/2015 trend reversal in a new dataset consisting of 
updated ethane measurements up to 2023 for a total of 26 stations (five from the SH). To 
understand the long-term developments of the ethane burden in the atmosphere, we care-
fully analyze the time trends obtained from each of the 26 stations. Our approach combines 
three distinct econometric techniques. Since FTIR ethane data display a large fraction of 
missing observations and a strong seasonal pattern, causing high correlation between data 
points over time, we adopt econometric methods that have been shown to account for these 
characteristics (Friedrich et al. 2020b; Maddanu and Proietti 2023). Specifically, we estimate 
smooth trends nonparametrically as in Friedrich et al. (2020a) to get a first impression of the 
trend at each station. This nonparametric approach allows us to extract a trend curve without 
making restrictive assumptions on the shape of the trend. We observe a pronounced peak 
around 2014/2015 in almost all of the estimated trends from the NH. To further validate this 
observed pattern, we employ a second method using parametric unobserved components 
models. The results align with the nonparametric analysis, reinforcing the robustness of our 
conclusions. The findings are also in line with the previous analysis of the ethane burden 
above the Jungfraujoch found in Friedrich et al. (2020a) and with results from Maddanu and 
Proietti (2023). To quantify the increase and subsequent decrease, we proceed by assuming 
(piecewise) linearity of the trend line. Based on this assumption, we test for a break in the 
linear trend at each station. If a break is present, we locate it and quantify the uncertainty 
around the break location. We report slopes (with bootstrap confidence intervals) before and 
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after the break. We find evidence for a break in trend between 2013 and 2016 for almost all 
stations, with the exceptions of Paramaribo and St. Denis. In the NH, the estimated slope 
coefficient before the break is positive and ranges from 1.3 to 7.3% per year. After the break, 
it turns negative with magnitudes ranging from −0.4 to −2% per year. In the SH, there is no 
overall common pattern.

The remainder of the paper is organized as follows. In Sect. 2, we describe the data 
used for this study. Section 3 explains our general modeling strategy, while the following 
Sects. 4–6 go into details about our three approaches and presents their results. Section 7 
concludes.

2  The data

We study a new and extended dataset consisting of atmospheric ethane abundances recorded 
at 26 different measurement stations across the world. The data set consists of 21 series 
obtained from stations in the Northern Hemisphere (NH) and five from the Southern Hemi-
sphere (SH). As shown in Fig. 1, the stations are located across different latitudes and alti-
tudes. More details on the exact location of the measurement stations are summarized in 
Table 1. The stations are sorted according to latitude in descending order. Eureka to Sodan-
kyla are considered NH high-latitude stations, Harestua to Tsukuba are NH mid-latitude, 
and Izaña to Paramaribo NH subtropics and tropics stations. Both stations on La Réunion 
are categorized as SH subtropics and tropics, Wollongong and Lauder as SH mid-latitude, 
and Arrival Heights as SH high-latitude stations. We additionally observe that the mea-
surement stations at Zugspitze, Jungfraujoch, Izaña, Mauna Loa, and Altzomoni are high-
altitude stations, located higher than 2500 meters above sea level.

The data cover a time span of more than 35 years, with the earliest observations going 
back to 1986 and the most recent ones obtained in 2023. We work with dry-air mole frac-
tions (DAMF) in parts per billion (ppb) instead of with non-normalized ethane total columns 

Fig. 1  Latitudinal variation of the ethane yearly mean dry air mole fraction, computed for (the year) 2019 
(2018 for Wollongong). The additional effect of altitude is color-coded following the right panel scale. 
The full names and codes of the stations are listed in Table 1
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Station Code Country Location Altitude Range Obs. Missing Reference
Northern Hemisphere
Eureka EUR Canada 80.05∘N, 

86.42∘W
610 m 2006–

2020
828 83.40% Batchelor et 

al. (2009)
Ny-Ålesund NYA Norway 78.92∘N, 

11.93∘E
15 m 1993–

2022
882 90.88%

Thule THU Greenland 76.52∘N, 
68.77∘W

225 m 1999–
2022

1,537 81.71%  Hannigan 
et al. (2009)

Kiruna KIR Sweden 67.80∘N, 
20.40∘E

420 m 1996–
2022

1,962 79.85%  Blumen-
stock et al. 
(2009)

Sodankylä SDK Finland 67.37∘N, 
26.63∘E

188 m 2012–
2023

1,193 70.82% Kivi and 
Heikkinen 
(2016)

Harestua HAR Norway 60.2∘N, 10.8∘E 596 m 1994–
2021

1,224 87.62%

St. Petersburg SPB Russia 59.88∘N, 
29.83∘E

20 m 2009–
2022

912 81.69% Makarova 
et al. (2024)

Bremen BRE Germany 53.10∘N, 
8.80∘E

27 m 2004–
2022

548 91.85%

Karlsruhe KAR Germany 49.1∘N, 8.42∘E 110 m 2010–
2022

1,162 73.85%  Kiel et al. 
(2016)

Paris PAR France 48.97∘N, 
2.37∘E

60 m 2011–
2022

551 86.45%

Zugspitze ZUG Germany 47.25∘N, 
10.59∘E

2,964 m 1995–
2023

2,564 74.82%  Hausmann 
et al. (2016)

Jungfraujoch JUN Switzerland 46.55∘N, 
7.98∘E

3,580 m 1986–
2022

3,174 76.39% Zander et 
al. (2008), 
Franco et al. 
(2015)

Toronto TOR Canada 43.66∘N, 
79.40∘W

174 m 2002–
2022

2,377 67.78% Yamanouchi 
et al. (2023)

Rikubetsu RIK Japan 43.46∘N, 
143.77∘E

380 m 1995–
2022

1,078 89.10%

Boulder BLD United 
States

39.99∘N, 
105.26∘W

1,634 m 2010–
2021

973 79.07%  Ortega et 
al. (2019)

Xianghe XIA China 39.75∘N, 
116.96∘E

46 m 2018–
2021

706 45.52% Zhou et al. 
(2023)

Tsukuba TSU Japan 36.05∘N, 
140.12∘E

31 m 2001–
2022

1,107 85.94%

Izaña IZA Spain 28.30∘N, 
16.50∘W

2,367 m 1999–
2022

2,309 73.31%  García et 
al. (2021)

Mauna Loa MLO United 
States

19.54∘N, 
155.58∘W

3,397 m 1995–
2022

2,957 70.30%  Hannigan 
et al. (2009)

Altzomoni ALT Mexico 19.12∘N, 
98.65∘W

3,985 m 2012–
2023

1,176 69.44%  Baylon et 
al. (2017)

Paramaribo PMB Suriname 5.74∘N, 55.2∘W 23 m 2013–
2022

102 96.89%

Southern Hemisphere

Table 1  Information on the FTIR measurement stations. Obs. reports the number of days with observations, 
and the missing percentages are calculated as the number of days without observations divided by the total 
number of days in the sample range of each station. Stations are sorted according to decreasing latitude for 
the Northern Hemisphere and increasing latitude for the Southern Hemisphere
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expressed in the number of molecules per cm2. The DAMF corresponds to the ratio between 
the actual total column of the target gas, here ethane, and the dry-air pressure column. The 
way to compute DAMF is provided, e.g., in Pardo Cantos et al. (2022, see Eq. (2) in Sect. 
4.3.1). Whenever multiple measurements are taken on one day, we consider daily averages.

The last column of Table 1 shows the percentage of missing data per station. They are 
obtained as the number of days in the sample period of the respective station in which no 
observations are available. With 45.52% of missing observations, the series obtained at 
Xianghe, China, contains the highest ratio of observations, while the Paramaribo series 
has the highest ratio of missing data with 96.89% (although there are still 102 observations 
available). Several limiting factors can explain significant fractions of missing data. The 
most important one is weather conditions since the ground-based FTIR technique requires 
a cloud-free sky to record spectra. Other unfavorable circumstances include instrumental 
failures and campaign-type observations, which are generally limited in duration. These 
percentages clearly indicate that missing data is a severe and non-negligible problem in our 
analysis. In particular, common imputation techniques such as linear interpolation are likely 
to be imprecise and may introduce strong biases into the outcomes. Therefore, we do not 
impute the data but use statistical methods that allow for missing values. A strong seasonal 
pattern further characterizes the data, as ethane degrades faster under warm weather condi-
tions than in cold temperatures, and therefore, the measurements display local peaks every 
winter period. The seasonal pattern is clearly visible in Fig. 2, which plots a subset of six 
series. From the NH, we select one mid-latitude station (Harestua), two mid-latitude sta-
tions - one of which is a high altitude (Jungfraujoch) and the other one a low altitude station 
(Karlsruhe) – as well as one station from the subtropics and tropics (Paramaribo). From the 
SH, we select one mid-latitude (Lauder) and one high-latitude station (Arrival Heights). 
Even though the displayed data have different sample lengths, the differences in data avail-
ability are visible. Lauder is the most complete among this subgroup with 64% of missing 
data, while Paramaribo is the most incomplete with almost 97% of missing data. As in Fig. 
2, we see that the overall burden is lower in the SH than in the NH and gets lower with 
decreasing latitude. Comparing the NH mid-latitude stations Jungfraujoch and Karlsruhe, 
we observe an expected lower average burden for the high-altitude station due to the altitude 
difference. Commonalities in long-term behavior over time are, however, not evident from 
these plots due to the strong seasonality and missing observations. In the next section, we 
proceed with the extraction of long-term trends using statistical techniques.

Station Code Country Location Altitude Range Obs. Missing Reference
La Réunion, 
St. Denis

REU_ST France 20.9∘S, 55.5∘E 85 m 2004–
2015

745 81.15%  Vigouroux 
et al. (2012)

La Réunion, 
Maïdo

REU_M France 21.1∘S, 55.4∘E 2,155 m 2013–
2019

1,095 56.08%

Wollongong WOL Australia 34.24∘S, 
150.52∘E

30 m 2007–
2020

2,324 52.48%  Griffith et 
al. (2021)

Lauder LAU New 
Zealand

45.04∘S, 
169.68∘E

370 m 1996–
2022

3,504 63.56%  Zeng et al. 
(2012)

Arrival 
Heights

AHT Antarctica 77.83∘S, 
166.67∘E

184 m 1997–
2022

1,170 87.61%  Zeng et al. 
(2012)

Table 1  (continued) 
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3  A general set-up for long-term trend modeling

The trending behavior of ethane abundance may consist of long-run movements, seasonal 
fluctuations, and short-run variations. Hence, we consider the model 

	 yt = µt + ψt + εt, t = 1, . . . , T,� (1)

where yt denotes the ethane abundance measured at a given station at day t, the variable 
µt represents the long-run trend component over years, which is the primary focus of our 

Fig. 2  Temporal development of ethane DAMF data in ppb obtained from different measurement stations. 
Note that the length of the sample differs for each station, which can make the seasonality and data avail-
ability appear more or less dense
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analysis, variable ψt captures seasonal effects within each year, and ɛt is a stochastic error 
term that accounts for short-run fluctuations in yt. The technical statistical details of the dif-
ferent approaches are discussed below.

To draw solid conclusions about the trending behaviors of ethane abundance, we focus 
on the treatment of the trend component µt and remove the seasonal component ψt from 
the ethane time series yt. In other words, we seasonally adjust the data a priori, which is a 
standard procedure in official statistics, for example, see ​h​t​t​p​s​:​​​/​​/​w​w​​w​.​c​e​n​s​u​​s​.​g​​​o​v​/​d​​a​​t​a​/​s​​o​f​t​
w​​a​​r​e​/​x​​1​​3​a​s​.​h​t​m​l (last accessed on August 22, 2025). In this study, we analyze daily ethane 
measures and adopt the unobserved components time series model (UCTSM) for seasonal 
adjustment, see Appendix A.2. In Harvey et al. (1997) it is argued that the challenges of 
seasonal adjustment of weekly or daily data can be most effectively addressed within the 
UCTSM framework. The UCTSM requires both components to be specified as latent ran-
dom processes. For example, the trend can be modeled as a random walk process, and the 
seasonal can be modeled as a stochastic Fourier process, see also the discussion in Proietti 
(2000). Once the model is formulated in state space form, the Kalman filter and related 
methods are adopted to estimate the unknown parameters by maximum likelihood, and 
to extract the components µt and ψt using a smoothing method, see Durbin and Koopman 
(2012). The seasonal adjustment is achieved by simply subtracting the estimate of ψt from 
the data.

The trend component µt in this study is treated by different statistical approaches, each 
with a distinct perspective. These methods may involve nonparametric or parametric mod-
els, and the trend itself may be specified as either a deterministic or a random process. First, 
following Friedrich et al. (2020a), we assume that the trend µt is a deterministic yet fully 
unknown function of time, and we estimate it nonparametrically. Second, we can extract the 
trend from the UCTSM model that is used for the seasonal adjustment of the data. Third, to 
achieve a more structural interpretation of the trend and understand its rate of change, we 
assume piecewise linearity and employ a parametric broken linear trend approach (Perron 
and Zhu 2005, Friedrich et al. 2020a, Beutner et al. 2023). This method enables us to calcu-
late the rates of increase and decrease both before and after the peak.

4  Nonparametric trend analysis

To gain an initial understanding of the long-term trend µt in Eq. (1), we first consider a 
nonparametric specification that imposes minimal assumptions on the form of the trend. 
Specifically, let 

	 µt = g(t/T ), t = 1, ..., T,� (2)

where g(·) denotes a smooth (i.e., twice continuously differentiable) unknown function 
defined on the interval [0, 1]. As is standard with this approach, we map all time points into 
the interval [0, 1] by dividing by T. This results in a theoretically consistent approximation 
of g with increasingly dense observations in the interval [0, 1] as T increases  (see, e.g., 
Robinson 1989; Cai 2007). This is mainly done for theoretical purposes and does not affect 
estimation in practice. Apart from the smoothness assumption, we do not need to restrict the 
functional form of the trend.
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Our main goal is to estimate the function g(·) and quantify the uncertainty around this 
estimate, as it reflects the long-term trending behavior of ethane abundance. We apply the 
toolkit proposed in Friedrich et al. (2020a, 2020b), employing a nonparametric kernel esti-
mator in combination with the autoregressive wild bootstrap (AWB) to construct confi-
dence bands. The estimator requires a smoothing parameter known as the bandwidth h > 0. 
The choice typically depends on the context of the study, but data-driven procedures can 
assist with this selection. A common approach for time series data is the Modified Cross-
Validation (MCV) approach proposed by Chu and Marron (1991), which has been adopted, 
for instance, in Friedrich et al. (2020a). Given the substantial amount of missing values in 
several records (see Table 1) and the fact that some time series, such as Xianghe, are rela-
tively short, selecting an optimal bandwidth for each series individually is challenging or 
even infeasible. At the same time, the smoothness of ethane abundance can reasonably be 
expected to be comparable across stations within the same hemisphere, as emissions may be 
influenced by common regional drivers. For this reason, we pool the time series within each 
hemisphere and determine a single bandwidth per hemisphere, which allows shorter records 
to “borrow” information from surrounding stations. This approach ensures a common level 
of smoothness within hemispheres and thereby also facilitates comparisons between trends. 
Importantly, however, adopting a common h does not imply that the trends themselves must 
evolve in the same direction or exhibit the same magnitude. For this purpose, the MCV 
approach is adapted to account for multiple time series, with the technical details provided 
in Appendix A. In our case, a bandwidth of h = 0.09 is selected by the criterion for the NH 
and h = 0.125 for the SH.

Figure 3 displays the nonparametric trend estimates and 95%-level confidence bands. 
The stations are sorted according to latitude in descending order. The DAMF are plotted as 
grey circles, the black line is the estimated trend line, and the blue lines are the confidence 
bands. Overall, the nonparametric trend estimates capture the movement of ethane abun-
dance at each station well.

To examine potential co-movements, we demean all estimated trend curves and plot them 
together in Fig. 4. Panel (a) includes all stations from the Northern Hemisphere, and panel 
(b) all Southern Hemisphere. We find a pronounced peak around 2014/2015 for almost all 
series of the NH. For series that start early (e.g., Harestua, Rikubetsu, Jungfraujoch, Zugspi-
tze), we additionally see an overall downward trend until around 2006–2009 – interrupted 
by a local peak around 1998 and 2002 (Yurganov et al. 2004, 2005) – which then turns into 
an upward trend until the 2014/2015 peak. It is important to emphasize the common ten-
dency observed across the NH stations. The common trend declined from the 1990s until 
around 2005. After that, it gradually increased for about 10 years. This downward-upward 
trend reversal has been associated in the literature with an increasing shale gas exploitation 
in the United States (Franco et al. 2015; Friedrich et al. 2020a; Maddanu and Proietti 2023). 
However, starting in 2015, the trend began to decline again at a pace similar to that seen in 
the 1990s. This latest trend reversal has been tentatively attributed to the evolution of the 
crude oil price which showed a severe reduction as of 2015 (Friedrich et al. 2020a; Angot 
et al. 2021; Maddanu and Proietti 2023). This affected the profitability of fracking, possibly 
leading to a rapid reduction of related emissions, given the versatility of the U.S. industry 
and economy.1 It is interesting to note that Zhang et al. (2024) found that the trend in the eth-

1 In line with Franco et al. (2016) and Maddanu and Proietti (2023), we examine the correlation between the 
trend reversals identified by our nonparametric and parametric models and U.S. crude oil production as well 
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Fig. 3  Nonparametric trend results for all stations. Dry-air mole fractions (in ppb) are represented by the 
grey circles, the trend estimate by the black line (with bandwidths h = 0.09 for NH and h = 0.125 for SH), 
and the blue lines indicate the 95% confidence bands
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ane emissions was decoupled from ethane production, based on observations performed in 
the U.S. by the National Oceanic and Atmospheric Administration (NOAA) Global Moni-
toring Laboratory. Indeed, they report that US emissions would have risen by 0.25 ± 0.31 Tg 
over 2015–2020 while reported ethane production increased by 78%. These authors provide 
several ways to explain this decoupling, including the exploitation of new wells with lower 
ethane content, and/or that leakage at the various phases of production (drilling, storage, 
transport) may have diminished Zhang et al. (2024).

The 2014/2015 peak stands out as it appears across nearly all series in the NH. Excep-
tions include Xianghe, which started only in 2018, and Mauna Loa, which had multiple 
large gaps before the period of interest, complicating the accurate estimation of the long-
term trend during this time. For the other series, we will further analyze the characteristics 
of the observed peak and the resulting trend reversal in the remaining two sections.

We also observe that the SH exhibits less distinct common trends. However, we see a 
downward-upward trend reversal for some locations, where early data is available. The 
reversal is estimated to happen between 2010 and 2015, which is later than in the NH. This 

as U.S. natural gas gross withdrawals in Appendix B.

Fig. 4  Demeaned trend lines for all stations to compare comovements. Panels (a) and (b) show the non-
parametrically estimated trends, while panels (c) and (d) show the estimated UCTSM trends for the 
Northern (left panels) and Southern Hemisphere (right panels). Note that in the left panels, the brown 
lines represent the estimated trends for Jungfraujoch, which is the longest time series shown
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could imply a delayed effect of the shale gas extraction in the SH compared to the NH. Spe-
cifically, there is a common downward trend visible for Lauder and Arrival Heights where 
observations are available before 2000. For Wollongong and La Réunion St. Denis, the 
downward trend is also visible, even though the observations start a bit later.

5  State-space modeling of trends

A parametric approach to trend estimation can be based on an unobserved components time 
series model (UCTSM) that includes a trend component. We have discussed the UCTSM 
in Sect. 2 for the purpose of seasonal adjustment, given that the data from all stations are 
subject to year-on-year (trend) and within-year (seasonal) changes. We therefore adopt a 
state-space approach based on the decomposition in Eq. (1) in Sect. 3, with a long-term 
trend component µt and a seasonal effects component ψt. We treat these components as 
unobserved dynamic processes and include them jointly in the UCTSM; see Durbin and 
Koopman (2012). We have found that the trend component µt in Eq. (1) can appropriately be 
specified as a smooth stochastic trend function, represented by an integrated random walk 
process. Hence, the role of µt is to account for the low-frequency year-on-year dynamics 
in the time series yt. Furthermore, the seasonal within-year component ψt has shown to be 
effective when it is treated as a sum of S stochastically time-varying Fourier series corre-
sponding to the seasonal frequencies 2π j / 365.25, with j = 1, 2, 3.

More specific details of the statical specifications of the trend and seasonal components, 
and the methodology to estimate the model parameters and to extract the trend component, 
are reviewed in Appendix A.2. A convenient feature of the state-space statistical treatment 
is that missing observations, of which there are many in our data set, are treated as an inte-
grated part of the analysis.

5.1  Trend estimation results based on UCTSM

We apply the UCTSM framework to the ethane dry-air mole fractions. The results are plotted 
in Fig. 5. Each plot contains the original data, the corresponding trend component estimate, 
and the 95%-level confidence interval. The start and end of each time series plot can be dif-
ferent as the data availability for each station varies. Although there are commonalities to 
be found in the trend estimates, they can also be quite different among the different stations. 
Most trend estimates of the SH stations have wider confidence intervals due to the shorter 
samples with larger amounts of missing values. Furthermore, the five estimated SH trends 
have lower values compared to most of the estimated NH trends. The estimated trends of 
the stations are jointly presented in Fig. 4, the NH trends are presented in the left panel and 
the SH trends in the right panel. NH trends show some common patterns. Many NH trend 
estimates show increasing behavior between 2008 and 2015 or at least show upward trends 
in many of their sub-samples during this period. However, most stations show a downward 
trend after 2014/15. The trend of Thule stands out with a strong increasing pattern from 
2000 onward. The trends from the SH stations do not provide a clear common pattern. The 
trend of Wollongong stands out with a strong increasing pattern from 2014 onward. To 
facilitate further comparisons, also between the trends of the nonparametric method and the 
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Fig. 5  Estimated UCTSM trends results for all stations. Dry-air mole fractions (in ppb) are given as grey 
circles, the trend estimate by the black line and the blue lines indicate the 95% confidence intervals
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UCTSM framework, we present in Fig. B1, in Appendix B, the yearly means of the trend 
estimates from both approaches.

Note that the error process of this model is assumed to be independent, which distin-
guishes it from the other approaches used in this paper. To also assess the validity of this 
assumption, we examine the residuals from this model in Appendix B. For most stations, the 
residual autocorrelation is low, although some exceptions are observed. These cases could 
potentially be addressed by allowing for long-memory behavior in the cyclical component 
or by introducing a correlated error structure. We leave these extensions for future research, 
as they are not expected to materially affect the shape of the estimated long-term trends.

5.2  Trend breaks in 2014–2016 and percentage changes

To identify the most recent breaks in the trend estimates (in most cases, breaks in the years 
2014–2016), we focus on the trend-slope estimates to detect the dates of the breaks. It 
can be observed that when the trend-slope component is negative, the trend is decreasing, 
and when the trend-slope is positive, the trend is increasing. Hence, when the trend-slope 
component switches its sign over time (its value is then close to zero when dealing with 
sufficiently smooth trends), the trend component shows a break from an increasing trend 
towards a decreasing trend (or vice versa). Therefore, the location of a break in the trend can 
be traced via the trend-slope estimate (at the position where it crosses the zero-line). When 
we locate the most recent zero-valued trend-slope estimate, we obtain the dates as presented 
in Table 2. We can interpret these dates as indicative of when the break has taken place.

For many stations, no trend breaks can be detected because they are overall decreasing or 
increasing (no zero values found in the slope estimate). In cases where the trend is estimated 
as a fixed trend line, then no break is detected. When a break is identified, we measure the 
change in the trend level over the subsequent five years. Specifically, we report the percent-
age change in the trend value five years after the break date, given by 

	
%TrendChange = 100 ×

TrendValuebreakdate+5years − TrendValuebreakdate

TrendValuebreakdate
.

The results in Table 2 indicate that for 8 out of 21 stations in the NH, we have not detected 
a break in the trend in the last 7–8 years of the sample. Most of the 15 break dates for the 
NH and SH stations occur either late in 2014 or in 2015, while the ones for Zugspitze and 
Boulder occur earlier in 2014, and for Wollongong, the (positive) break occurs in early 
2016. All trend changes in the NH are negative, which implies that all trends decrease after 
the break dates. The only (slight) negative break detected within the five SH stations is 
for Maïdo, while the one for Wollongong is a positive break, implying an increasing trend 
after 17 February 2016. For the NH stations, the largest trend changes of 7% and higher 
are detected for the stations Ny-Ålesund, Kiruna, St. Petersburg, Bremen, Jungfraujoch, 
Toronto, and Tsukuba, while trend changes closer to 3 − 5% are obtained for Sodankylä, 
Kalsruhe, and Zugspitze.
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6  Direct approach to modeling trend breaks

The UCTSM framework discussed in Sect. 5 indicates that many stations exhibit a trend 
break in 2015. In this section, we carry out a structural analysis using the well-known bro-
ken linear trend model, originally proposed by Perron and Zhu (2005). For related asymp-
totic results, see Harvey and Leybourne (2014) and Beutner et al. (2023). Specifically, we 
assume that the trend follows a piecewise linear shape and define µt as follows: 

	 µt = α + βt + δDt,T1 ,� (3)

where Dt,T1 = 0 for t ≤ T1, and t − T1 otherwise, with T1 denoting the unknown break 
location. Eq. (3) describes a broken trend model with an unknown break point at T1. The 
intercept and slope parameters before the break are α and β, respectively. For t > T1, the 
dummy variable Dt,T1  induces a change solely in the slope coefficient from β to β + δ, 
while maintaining the intercept to exclude a jump in trend at the break date. This prevents 

Table 2  Estimated ethane trend break points around 2015 and percentage trend change after five years, based 
on the UCTSM analysis

Break Date
Station Year Month Day % Trend Change
Northern Hemisphere
Eureka - - - -
Ny-Ålesund 2014 9 25 −7.397
Thule - - - -
Kiruna 2015 7 23 −11.95
Sodankylä 2014 9 22 −5.609
Harestua - - - -
St. Petersburg 2015 2 23 −7.886
Bremen 2014 6 29 −10.22
Karlsruhe 2015 1 13 −5.881
Paris 2014 11 18 −0.289
Zugspitze 2014 4 30 −3.308
Jungfraujoch 2015 6 26 −15.01
Toronto 2014 10 22 −8.284
Rikubetsu 2015 4 24 −2.563
Boulder 2014 2 2 −1.581
Xianghe - - -
Tsukuba 2015 2 7 −7.400
Izaña - - - -
Mauna Loa - - - -
Altzomoni - - - -
Paramaribo - - - -
Southern Hemisphere
REU St. Denis - - - -
REU Maïdo 2015 12 24 −0.240
Wollongong 2016 2 17 2.081
Lauder - - - -
Arrival Heights - - - -
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the modeled ethane concentration from exhibiting unrealistic behavior at t = T1. For the 
specification of the seasonal component ψt, we again adopt the Fourier series as in the previ-
ous sections (see Eq. (A10)).

The parameters of interest are (α, β, δ), the parameters in the Fourier specification, and 
the unknown break date T1. We first test for the presence of a break using the test statistic FT 
given in Friedrich et al. (2020a), Eq. (3.3), which compares the sum of squared residuals of a 
model without break to the lowest sum of squared residuals of a model including one break. 
Critical values for the test are obtained with the AWB. Given a significance level of the test, 
the critical value of the test determines the cutoff point. If the test indicates evidence of a 
break, we estimate its location and obtain confidence intervals as in Friedrich et al. (2020a). 
We again use the autoregressive wild bootstrap for obtaining confidence intervals, as it has 
been theoretically shown to correctly mimic the missing data and variance patterns.

Since we want to focus on the 2014/2015 trend reversal pattern and the existing approach 
only allows for one trend break, we have to restrict the longer series to be able to capture our 
break point of interest. To this end, we disregard the data collected before 2004 in this analy-
sis. The estimated break locations, slope coefficients, and confidence intervals obtained with 
the AWB are given in Table 3 for the NH and Table 4 for the SH. If a break is detected by 
the test, the tables report the estimated slope coefficients β̂ before the break and β̂ + δ̂ after 
the break. If no break is detected, the overall slope coefficient β̂ is reported. The test results 
are reported in Table B1 in Appendix B.

The broken linear trend lines are plotted in Fig. 6. The dry-air mole fraction data are 
plotted as grey circles. Furthermore, the seasonal fit is given by the black line, and the blue 
line shows the (broken) trend line. In cases where a break is present, the two dotted vertical 
lines show the confidence intervals around the break location corresponding to the results in 
Tables 3 and 4. In cases where no break is found by the test, only the trend line is displayed.

Several key observations can be made based on Tables 3 and 4 and Fig. 6. First, we 
find evidence for a break in trend at a 10% significance level for almost all stations, with 
the exceptions of Eureka, Altzomoni, and Paramaribo in the NH and St. Denis in the SH. 
Second, if there is evidence for a break at an NH station, it is mostly located between 2013 
and 2016, with confidence intervals spanning 2013 until 2020 in the widest case (Boulder).2 
We note first that we employ a trim fraction of 0.1 at both the beginning and the end of the 
sample, as is standard in the literature for valid structural break tests (see also λ = 0.1 in the 
notation of Friedrich et al. (2020a)). After trimming, such a situation typically arises either 
when no structural break is present or when a break exists but its magnitude is too small to 
be accurately identified, in which case the confidence intervals may span the entire trimmed 
sample and the estimated break date (if any) may lie at the beginning or the end of the 
sample, depending on the data. Two exceptions are Thule and Mauna Loa, with late breaks 
occurring in 2019 and 2021. Third, the estimated slope coefficient before the break is posi-
tive and negative after the break in the NH. The corresponding 95% confidence intervals 
indicate that all pre-break slope estimates are significantly different from zero. The post-
break slopes of Paris and Zugspitze are the only ones that are not significantly different from 
zero. The estimated slopes range from 0.8 to 8.8% per year before the break. After the break, 
they vary from −0.4 to −2.2% per year. Fourth, in the SH, the common pattern is less clear. 
La Réunion Maïdo and Arrival Heights share the NH pattern, with a break around 2015 and 

2  Note that for Boulder, the lower bound of the confidence interval for the break location coincides with the 
estimated break date.
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an upward-downward trend pattern. La Réunion St. Denis shows a significant downward 
trend and no evidence for a break. Note that the La Réunion stations are located in close 
proximity but have little time overlap. Specifically, measurements at St. Denis end in 2015, 
while the time series at Maïdo begins in 2013. Wollongong and Lauder show a downward-
upward trend reversal between 2011 and 2017, similar to the early trend reversal in the NH. 

Table 3  Point estimate and 95% confidence interval [CI] of the break date T1 as well as the slope parameter β 
before and after the break in cases where we find evidence of a break in the time series, otherwise the overall 
slope is reported
Individual break dates and parameter estimates for the NH
Station Break [CI] Period Slope (%) [CI] (%)
Eureka - - 0.34 [0.18, 0.51]
Ny-Ålesund 2015.24 [2013.73,2016.60] before 0.83 [0.55, 1.10]

after −1.41 [−1.81, −0.99]
Thule 2019.64 [2018.75,2020.24] before 1.41 [1.31, 1.52]

after −1.60 [−2.24, −1.03]
Kiruna 2015.40 [2014.23, 2016.35] before 1.58 [1.37, 1.81]

after −1.25 [−1.63, −0.88]
Sodankylä 2014.85 [2014.21,2015.43] before 2.16 [1.24, 3.05]

after −1.78 [−2.02, −1.55]
Harestua 2015.19 [2012.78,2017.12] before 1.71 [1.28, 2.12]

after −0.90 [−1.58, −0.24]
St. Petersburg 2015.09 [2014.57,2015.64] before 2.95 [2.51, 3.41]

after −2.09 [−2.47, −1.69]
Bremen 2014.61 [2013.75,2015.63] before 2.43 [2.07, 2.80]

after −2.16 [−2.58, −1.72]
Karlsruhe 2013.90 [2013.11,2015.20] before 3.47 [2.50, 4.47]

after −0.53 [−0.90, −0.17]
Paris 2013.13 [2012.39,2014.58] before 8.80 [4.82, 11.5]

after −0.37 [−0.87, 0.11]
Zugspitze 2015.40 [2014.44,2016.25] before 1.67 [1.46, 1.86]

after −1.17 [−1.49, 0.84]
Jungfraujoch 2015.65 [2014.59,2016.75] before 1.52 [1.31, 1.72]

after −1.19 [−1.57, −0.81]
Toronto 2014.86 [2014.01,2015.67] before 2.89 [2.55, 3.24]

after −1.86 [−2.34, −1.33]
Rikubetsu 2015.15 [2014.02,2017.20] before 1.48 [1.14, 1.81]

after −1.18 [−1.81, −0.53]
Boulder 2013.62 [2013.62,2020.40] before 4.46 [1.22, 7.48]

after −1.04 [−1.61, −0.50]
Tsukuba 2016.13 [2015.02,2016.92] before 1.54 [1.32, 1.78]

after −2.06 [−2.60, −1.53]
Izaña 2015.50 [2014.24,2016.51] before 1.37 [1.18, 1.57]

after −0.93 [−1.23, −0.64]
Mauna Loa 2021.37 [2019.86,2021.86] before 0.126 [0.04, 0.21]

after −2.61 [−28.88, −1.74]
Altzomoni - - −0.16 [−0.30, −0.02]
Paramaribo - - 0.24 [−0.38, 0.92]
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This could again speak for a delayed effect of shale gas extraction in the SH. Figure 4 is in 
line with the observed break results.

7  Conclusion

We analyzed a new dataset of atmospheric ethane abundance measured at 26 stations around 
the globe. We assessed the trend patterns for each time series using three distinct statis-
tical approaches. These approaches have been selected because of their ability to handle 
the large fraction of missing observations, autocorrelation as well as heteroskedasticity 
in the data. The first two methods, namely the nonparametric and UCTSM approaches, 
revealed that ethane trends in the Northern Hemisphere show similar patterns. Specifically, 
both approaches identified a peak and subsequent trend reversal from upward to downward 
around 2014/2015, with the NH trend declining from the 1990s to 2005, rising for the next 
decade, and then declining again at a similar pace from 2015 onward.

To further investigate this trend reversal, we applied a broken linear trend model in two 
steps. First, we conducted a formal break test to determine whether a linear trend or a linear 
trend with one break provides a better fit to the data. Next, we estimated the (broken) trend 
model and reported the slope estimates, which indicate the annual percentage change. Our 
findings indicate that nearly all Northern Hemisphere stations show a breakpoint around 
2014/2015. Prior to this breakpoint, the estimated slopes range from 0.8% to 8.8% per 
year, while after the breakpoint, they range from −0.4% to −2.2% per year. The confidence 
intervals indicate that most of these slopes are statistically significantly different from zero. 
More interestingly, for the majority of stations in the Northern Hemisphere, the intervals 
shift from positive to negative, suggesting a trend reversal from growth to decline. The three 
approaches applied in this paper should be seen as complementary rather than competing 
methods. Due to the characteristics of the data mentioned above, the extraction of trend 
reversals in the ethane burden can be a challenging task. By applying these methods in com-
bination, they can provide stronger evidence of the presence of trend reversals in the data.

Overall, the consistency of our results across the different modeling approaches provides 
evidence that ethane levels in the Northern Hemisphere have been declining since 2015. In 
contrast, the Southern Hemisphere does not show a clear common trending pattern. While 

Table 4  Point estimate and 95% confidence interval [CI] of the break date T1 as well as the slope parameter β 
before and after the break in cases where we find evidence of a break in the time series, otherwise the overall 
slope is reported
Individual break dates and parameter estimates for the SH
Station Break [CI] Period Slope (%) [CI] (%)
La Réunion St.Denis - - −0.47 [−0.64, −0.29]
La Réunion Maido 2015.87 [2015.58,2016.27] before 2.54 [2.04, 3.04]

after −1.80 [−2.09, −1.50]
Wollongong 2017.66 [2017.10,2019.72] before −0.10 [−0.18, −0.04]

after 1.53 [1.16, 1.86]
Lauder 2011.84 [2009.63,2013.86] before −0.36 [−0.45, −0.27]

after 0.13 [0.07, 0.20]
Arrival Heights 2014.61 [2013.75,2015.36] before 2.43 [2.07, 2.80]

after −2.16 [−2.58, −1.72]
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Fig. 6  Results of the linear trend analysis as in Friedrich et al. (2020a). Dry-air mole fractions in ppb are 
given by the grey circles, the (broken) linear trend by the blue line, and the seasonal fit of the UCTSM by 
the black line. The dotted vertical lines (if present) are the confidence intervals around the break location
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this most recent trend reversal in the Northern Hemisphere has been attributed to a decline 
in oil prices, it remains an interesting topic for future research. It would imply that we 
should later see the impact of the war in Ukraine, resulting in a renewed interest and related 
boom in fracking in the U.S. and elsewhere to cover the European need for non-Russian 
gas and oil. In addition, future research could explore the commonalities in these trending 
behaviors through multivariate statistical analysis and consider additional factors causing 
the observed trends, such as shale gas production. The methods applied in this paper may 
also be used in a forecasting exercise to predict future ethane abundances.

Appendix A. Technical details

A.1. Nonparametric trend: a global smoothness parameter

To obtain a smoothness parameter that is optimal for multiple stations jointly, we first need 
to extend our nonparametric trend model to account for multiple time series: 

	 yi,t = µi,t + ψi,t + εi,t, i = 1, . . . , N, t = 1, . . . , T,� (A1)

where i is an index referring to station i with i = 1, . . . , N . Similarly, ψi,t represents 
the seasonal effects of the ith station at time t. To study the long-run comovement, we now 
specify µi,t as follows: 

	 µi,t = di + g(t/T ), i = 1, . . . , N, t = 1, . . . , T,� (A2)

where di is a deterministic term that captures the level of ethane for each individual sta-
tion. As in Sect. 4, the function g(·) : [0, 1] → R denotes a smooth, nonrandom function 
that drives the variations of ethane globally. Hence, we drop the index i in g(·). To formally 
account for missing data, we define a sequence of binary variables {Mi,t}: 

	
Mi,t =

{
1, if yi,t is observed,
0, if yi,t is missing,

i = 1, . . . , N, t = 1 . . . , T,� (A3)

where the missing data generating mechanism is assumed to satisfy the conditions men-
tioned in Friedrich et al. (2020b).

Given the specification (A2), it is straightforward to obtain a consistent estimator of g(·) 
by first partializing out the intercepts di and the seasonality component ψi,t from yi,t. As 
such, for each station i, we remove the seasonality of the ethane series using the Fourier 
terms in (A10), then centralize/demean the data. We then obtain a deseasonalized series 
{ỹi,t, t = 1, . . . , T} with zero average, i.e., T −1 ∑T

t=1 Mi,tỹi,t = 0, i = 1, . . . , N .
We next consider the local linear estimation to estimate g(·). This nonparametric esti-

mation method has been previously adopted for trending panel data models, for instance, 
see  Li et al. (2011),  Chen et al. (2012),   Lin et al. (2023), and  Friedrich et al. (2025). 
More specifically, let g(1)(·) be the first order derivative of g(·). Moreover, we define 
ỹi = (ỹi,1, . . . , ỹi,T )′ and Z(τ) = (z1, . . . , zT )′, where zt(τ) = (1, t/T − τ)′. For every 
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fixed τ ∈ [0, 1], then the local linear estimator of g(τ) is the first element in 
(
ĝ(τ), ĝ(1)(τ)

)′, 
which is obtained by minimizing the following locally weighted sum of squares: 

	

(
ĝ(τ)

ĝ(1)(τ)

)
= argmin(g(τ),g(1)(τ))′

N∑
i=1

T∑
t=1

K

(
t/T − τ

h

)
Mi,t

[
ỹi,t − g(τ) − g(1)(τ) (t/T − τ)

]2

=

[
N∑

i=1

T∑
t=1

K

(
t/T − τ

h

)
Mi,tzt(τ)zt(τ)′

]−1 [
N∑

i=1

T∑
t=1

K

(
t/T − τ

h

)
Mi,tzt(τ)ỹi,t

]

=

[
N∑

i=1

Z(τ)′W i(τ, h)Z(τ)

]−1 N∑
i=1

Z(τ)′W i(τ, h)ỹi,

� (A4)

where K(·) is a kernel function, h > 0 is a use-specified bandwidth parameter, and 

	
W i(τ, h) = diag

{
K

(
1/T − τ

T

)
Mi,1, . . . , K

(
T/T − τ

T

)
Mi,T

}
, i = 1, . . . , N,� (A5)

are T-dimensional diagonal weighting matrices. The selection of K(·) usually does not lead 
to a qualitative difference. We use the Epanechnikov kernel K(x) = 3/4(1 − x2)1{|x|≤1} 
in our analysis. The bandwidth parameter h, which is common for all i, controls the level of 
overall smoothness. As discussed in Sect. 4, a data-driven method can assist the selection in 
practice. We consider the Modified Cross-Validation (MCV) loss criterion: 

	
MCV(h) = (NT )−1

N∑
i=1

T∑
t=1

[ỹi,t − ĝl,h(t/T )]2 ,� (A6)

where ĝl,h(t/T ) is the leave-(2l + 1)-out estimator obtained by omitting observations at 

t = ⌊τT ⌋ + i, −l ≤ i ≤ l, τ ∈ [0, 1]. We have that 
(

ĝl,h(τ), ĝ
(1)
l,h (τ)

)′
 equals 

	




N∑
i=1

∑
t:|t−τT |>l

K

(
t/T − τ

h

)
Mi,tztz

′
t




−1 


N∑
i=1

∑
t:|t−τT |>l

K

(
t/T − τ

h

)
Mi,tztỹi,t


 .

Conventionally, the optimal bandwidth ĥopt is the minimizer of the MCV criterion: 

	
ĥopt = argmin

h∈H

MCV(h), H ⊂ R.� (A7)

Therefore, the method is fully data-driven whenever the value of l and the parameter 
space H are specified.

We make the following remarks. Firstly, the leave-(2l + 1)-out estimator above only 
removes observations along the time dimension. Indeed, if N is sufficiently large, one may 
also implement the leave-one-unit-out cross-validation method by removing observations 
along the cross-sectional dimension as in Chen et al. (2012).

More importantly, the minimization step (A7) can be problematic, especially when con-
structing simultaneous confidence bands as discussed, for instance, in Friedrich and Lin (2024) 
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and Lin et al. (2025). The issue mostly stems from the choice of H, more specifically here, 
the upper bound of H. For illustration, we take l = 0 and H = {0.05, 0.055, . . . , 0.245, 0.25}, 
yielding a grid of 41 points. For the global trend estimations, different values of l do not lead 
to a significant difference; the results are thus omitted. The MCV criteria using the data of 
the Northern and Southern Hemispheres are plotted in Fig. A1 separately. We observe that 
the loss function for the Northern Hemisphere monotonically decreases when h ∈ H is large 
enough. As such, the minimization rule (A7) often selects the upper bound of H, making 
the results sensitive to the choice of H. The figure also demonstrates that the MCV, or many 
other common data-driven methods, can have multiple local minima. For estimating g(·), 
we prefer a small bandwidth that can capture important, local movements in the trend curves 
while still producing a reasonably smooth estimate. Here we find that the second smallest 
local minimum for the Northern Hemisphere leads to satisfactory results, and the third one 
for the southern stations. Namely, we shall take the values of 0.09 and 0.125 for the North-
ern and Southern Hemispheres, respectively.

A.2. Unobserved components time series model

The unobserved components time series model (UCTSM) is considered for the seasonal 
adjustment of the ethane tine series from all stations, see Sect. 2, and for the trend estima-
tion in Sect. 5. The UCTSM is developed and explored in detail by Harvey (1989). It has a 
measurement equation that is the same as Eq. (1) and is given by 

	 yt = µt + ψt + εt, εt
i.i.d.∼ N (0, σ2

ε),� (A8)

but we assume that the stochastic disturbance variable ɛt is independently and identically 
distributed (i.i.d.), and has a Gaussian density with mean zero and variance σ2

ε > 0, that is 
N (0, σ2

ε). The trend µt and seasonal ψt components are formulated as dynamic stochastic 

Fig. A1  Modified Cross-Validation (MCV) criterion over an equidistant grid of 41 points in [0.05, 0.25] 
with a mesh of 0.005, based on the leave-(2l + 1)-out estimator with l = 0. For the stations in the Northern 
Hemisphere (left), the two local minima are located at 0.065, and 0.09. For the stations in the Southern 
Hemisphere (right), the three local minima are located at 0.06, 0.095 and 0.125
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processes. The trend component µt is specified as an integrated random walk process given 
by 

	 µt+1 = µt + βt, βt+1 = βt + ζt, ζt
i.i.d.∼ N (0, σ2

ζ ),� (A9)

where βt is the growth, gradient or slope of µt and ζt is the innovation or disturbance driv-
ing the time-varying trend component. The disturbances ɛt in Eq. (A8) and ζt in Eq. (A9) are 
assumed to be mutually and serially independent of each other. The role of µt is to account 
for the low-frequency year-on-year dynamics in the time series yt. The seasonal within-year 
component ψt is modeled as a sum of three dynamic stochastic processes specified as time-
varying Fourier series with different seasonal frequencies. In particular, we have 

	
ψt =

S∑
s=1

ψ
(s)
t ,� (A10)

where each individual Fourier process ψ(s)
t  is specified as 

	

(
ψ

(s)
t+1

ψ
(s)∗
t+1

)
=

[ cos λs sin λs
− sin λs cos λs

] (
ψ

(s)
t

ψ
(s)∗
t

)
+

(
ω

(s)
t

ω
(s)∗
t

)
,� (A11)

and 

	
λs = 2π s

365.25
, ω

(s)
t , ω

(s)∗
t

i.i.d.∼ N (0, σ2
ω), s = 1, . . . , S.

The disturbances ɛt in Eq. (A8), ζt in Eq. (A9) and ω(s)
t  and ω(s)∗

t  in Eq. (A11) are 
assumed to be mutually and serially independent of each other, at all time points, and for 
all s = 1, . . . , S. All seasonal disturbances are assumed to share the same variance σ2

ω  to 
keep the number of unknown parameters to a minimum. The dynamic specification for 
ψ

(s)
t  in Eq. (A11) relies fully on the auxiliary variable ψ(s)∗

t  that plays a similar role to βt 
in Eq. (A9). The choice of the number of time-varying Fourier terms, S, can be based on 
formal statistical procedures such as the likelihood ratio (LR) test or the well-known Akaike 
information criterion (AIC). The specification of the UCTSM is completed with appropriate 
initial conditions for the unobserved components and their auxiliary variables βt and ψ(s)∗

t . 
We refer to the discussion in Durbin and Koopman (2012, Ch. 5) on initialization issues for 
the recursions in Eqs. (A9) and (A11). Alternative specifications for the seasonal component 
in a UCTSM are discussed by Proietti (2000).

The UCTSM can be formulated as a linear Gaussian state space model consisting of 
an observation equation for yt and an update equation for the state vector αt comprising all 
unobserved components together with their auxiliary variables. For our model with S = 3, 
we have 

	
αt =

(
µt , βt , ψ

(1)
t , ψ

(1)∗
t , ψ

(2)
t , ψ

(2)∗
t , ψ

(3)
t , ψ

(3)∗
t

)′
.
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The state space model has the general observation equation yt = Zαt + εt, with the 
selection matrix Z which for the UCTSM (A8) is given by Z = (1, 0, 1, 0, 1, 0, 1, 0), and 
the state updating equation αt+1 = T αt + ηt, with, following from Eqs. (A9) and (A11), 
the transition matrix T as given by 

	

T =




1 1 0 0 0 0 0 0
0 1 0 0 0 0 0 0
0 0 cos λ1 sin λ1 0 0 0 0
0 0 − sin λ1 cos λ1 0 0 0 0
0 0 0 0 cos λ2 sin λ2 0 0
0 0 0 0 − sin λ2 cos λ2 0 0
0 0 0 0 0 0 cos λ3 sin λ3
0 0 0 0 0 0 − sin λ3 cos λ3




and with the state disturbance vector ηt = (0, ζt, ω
(1)
t , ω

(1)∗
t , ω

(2)
t , ω

(2)∗
t , ω

(3)
t , ω

(3)∗
t )′. 

The variance matrix of the state disturbance vector is given by 

	
Ση =

[ 0 0 0
0 σ2

ζ 0
0 0 σ2

ω I6

]
,

where Ip is the p × p identity matrix. These system matrices Z, T, Ση  and σ2
ε  determine the 

dynamic and statistical properties for yt as implied by the UCTSM. Furthermore, the system 
matrices can partly depend on a set of unknown parameters, which for this UCTSM are only 
in σ2

ε  and Ση . We collect the unknown variances in the parameter vector ϕ = (σ2
ε , σ2

ζ , σ2
ω)′.

Once the model is represented in state space form, the Kalman filter and related state 
space methods can be applied. The initialization of the Kalman filter recursions is based 
on the assumption of having a diffuse prior for α1. A particularly convenient feature of 
state space methods is that they can handle missing observations in a statistically correct 
manner. We estimate the unknown parameters in ϕ by the method of maximum likelihood; 
the numerical maximization of the likelihood function with respect to the parameter vector 
ϕ requires the Kalman filter to compute the log likelihood function repeatedly during the 
maximization process. Once the estimate of ϕ is obtained, we can compute the standardized 
prediction errors from the Kalman filter and use these for diagnostic checking and model 
evaluations. For both seasonal adjustment and trend extraction, We require the smoothed 
estimates of the unobserved trend µt and the periodic within-year component ψt, these are 
estimates based on all observations. We can obtain them from a Kalman filter (forward step) 
and a related smoothing method (backward step). More specific details of the state space 
formulation and the state space methods are discussed in Durbin and Koopman (2012).

Appendix B. Further analysis of the trend models

In this section, we present additional results. Figure B1 presents the yearly mean trend 
estimates from both the nonparametric and state-space approaches. To highlight the trend 
reversal around 2014/2015, we focus on the period 2010–2020. The outcome of the break 
tests that aided the results in Sect. 6 are given in Table B1. It shows the sample period, the 
number of observations T together with the p-value, the test statistic (FT), and the AWB 
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critical value associated with the break test at a significance level of 5%. Low (high) values 
of FT indicate little (substantial) evidence in favor of the model with a structural break. We 
can see that the test detects a break in all time series with the exception of Eureka, Altzo-
moni, Paramaribo, and St. Denis.

Additionally, we investigate the residuals obtained from our models using a Ljung-Box 
test. In Table B2, the results of Ljung-Box tests for residual autocorrelation, including up 
to 20 lags, are given. The columns present the test statistics applied to residuals from the 
nonparametric trend model of Sect. 4, the UCTSM model of Sect. 5, and the (broken) lin-

Fig. B1  Yearly mean trend estimates (2010–2020) obtained from the nonparametric method in Sect. 4 and 
from the UCTSM approach in Sect. 5. Stations are sorted according to decreasing latitude for the North-
ern Hemisphere and increasing latitude for the Southern Hemisphere
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ear trend model of Sect. 6. Given the high values of the test statistics, the results indicate 
that there is remaining autocorrelation present in the residuals of most models. This further 
underlines the need to apply robust inference methods, such as the autoregressive wild boot-
strap, which is employed in Sects. 4 and 6. For the UCTSM model, we further analyze how 
strong the remaining autocorrelation is with the help of the autocorrelation functions (ACF) 
of the residuals. In Fig. B2, we plot the ACF values for up to 20 lags. For most stations, the 
ACFs show some significant spikes at one lag, but the autocorrelation rarely exceeds values 
of 0.2. Exceptions to this are seen at Mauna Loa, Altzomoni, La Réunion and Wollongong.

Finally, we perform a bivariate correlation analysis between the (monthly averaged) esti-
mated trends from the UCTSM model and a set of potential explanatory variables. Those are 
the monthly U.S. production of crude oil, U.S. gross withdrawals of natural gas, and U.S. 
gross withdrawals of shale gas, obtained from the U.S. Energy Information Administration 

Table B1  Results from the bootstrapped break test of Friedrich et al. (2020a) (with λ = 0.1), sorted according 
to latitude
Station Period T p-value ST critical value
Northern Hemisphere
Eureka 2006–2020 828 0.229 0.035 0.072
Ny-Ålesund 1993–2022 882 0.000 0.654 0.124
Thule 1999–2021 1,464 0.000 0.518 0.096
Kiruna 1996–2022 1,924 0.000 1.779 0.191
Harestua 1994–2021 1,224 0.000 0.670 0.178
St. Petersburg 2009–2022 906 0.000 2.150 0.167
Bremen 2004–2022 544 0.000 2.086 0.154
Karlsruhe 2010–2022 1,162 0.000 0.843 0.115
Paris 2011–2022 551 0.002 0.498 0.185
Zugspitze 1995–2020 2,237 0.000 2.834 0.215
Jungfraujoch 1986–2022 3,171 0.000 5.662 0.296
Toronto 2002–2022 2,377 0.000 9.039 0.865
Rikubetsu 1995–2022 1,078 0.000 0.451 0.102
Boulder 2010–2021 788 0.030 0.396 0.339
Xianghe 2018–2021 706
Tsukuba 2001–2022 1,089 0.000 1.539 0.121
Izaña 1999–2021 2,244 0.000 1.792 0.170
Mauna Loa 1995–2021 2,746 0.000 0.135 0.041
Altzomoni 2012–2022 1,140 0.683 0.007 0.038
Paramaribo 2013–2022 102 0.126 0.026 0.037
Southern Hemisphere
La Réunion, St. Denis 2004–2015 745 0.383 0.042 0.121
La Réunion, Maïdo 2013–2019 1,095 0.000 0.448 0.037
Wollongong 2007–2020 2,324 0.000 0.267 0.036
Lauder 1996–2022 3,426 0.000 0.089 0.014
Arrival Heights 1997–2022 1,130 0.000 0.017 0.002
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(https://www.eia.gov). The results are presented in Table B3. The columns give the pairwise 
Pearson correlation coefficient for crude oil production, natural gas, and shale gas withdraw-
als, respectively. Although this analysis should be seen as a descriptive rather than a formal 
statistical analysis, it can shed some light on the relation between ethane trends, and oil 
and gas production. Most estimated trends from the Northern Hemisphere show a positive 
correlation with the explanatory variables. Exceptions are Ny-Ålesund, St. Petersburg, Bre-
men, Jungfraujoch, Boulder, Xianghe, and Altzomoni, where some of the coefficients are 
negative. In the Southern Hemisphere, the estimated trends mostly exhibit a negative cor-
relation with the oil, gas, and shale gas variables (with the exception of Wollongong). The 
average correlations between all three variables and the estimated trends are positive in the 
Northern Hemisphere and negative in the Southern Hemisphere. These results are mostly in 
line with Maddanu and Proietti (2023) who perform a regression analysis of the estimated 
trends on U.S. crude oil production and U.S. natural gas gross withdrawals.

Table B2  Test statistics from Ljung-Box tests for residual autocorrelation on the residuals of each model. The 
test is performed with 20 lags
Station Nonpara. trend UCTSM Lin. trend
Northern Hemisphere
Eureka 112.00 121.10 114.75
Ny-Ålesund 383.04 62.42 322.82
Thule 172.26 200.67 193.93
Kiruna 513.53 153.61 443.16
Harestua 113.26 73.40 324.32
St. Petersburg 118.98 91.18 106.99
Bremen 35.34 55.54 52.25
Karlsruhe 94.95 72.46 100.41
Paris 54.32 47.27 48.42
Zugspitze 161.00 100.48 194.97
Jungfraujoch 349.95 168.00 225.86
Toronto 90.39 67.14 123.99
Rikubetsu 266.87 29.22 45.12
Boulder 33.17 35.78 29.98
Xianghe 33.73 22.51 –
Tsukuba 23.63 23.62 50.31
Izaña 189.69 214.45 198.15
Mauna Loa 813.53 863.88 671.88
Altzomoni 242.34 226.46 217.87
Paramaribo 18.45 37.62 35.31
Southern Hemisphere
La Réunion, St. Denis 590.20 248.19 217.03
La Réunion, Maïdo 232.58 229.07 528.30
Wollongong 2398.09 381.49 425.80
Lauder 1726.82 219.80 1142.64
Arrival Heights 1254.57 42.81 920.62
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Fig. B2  Plots of the correlation between the residuals from the UCTSM and their respective lags, plotted 
as a function of up to 20 lags. The dashed horizontal lines give an approximate 95% confidence interval 
at − 1.95√

T
 and 1.95√

T
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