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Abstract

:

Recent work attributing decadal regime changes in temperature to radiative forcing is extended to atmospheric moisture. Temperature, and specific and relative humidity (T, q, RH) from the HadISDH data set were analyzed for regime shifts using the bivariate test. Most shifts in q and T for global and northern hemisphere (NH), and tropical land occurred within a year of each other. Only one shift of q was recorded in the southern hemisphere (SH). RH increased in the NH in 1990–91 and decreased in a series of shifts from the late 1990s, while in the SH decreased from 2001. The tropics have remained neutral, shifting negative over land and positive over the ocean. The global decreases in 2001 and 2011 was −0.56%. Global RH from 32 climate models from the CMIP5 RCP4.5 archive all contained regime shifts but only 4 reached or exceeded the observed decreases by 2100, the earliest in 2056. Regime shifts in RH and fire danger over Australia are consistent with the SH decreases in RH, shifting within one year of global fire season length in 2002, showing that impacts are also being underestimated by current analyses. Methods for nonlinear attribution and the contributing processes for nonlinear change are discussed. These results show that developing a better understanding of nonlinear change in moisture-related climate risk is an urgent task.
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1. Introduction


Decadal step changes have been detected in global mean surface temperature (GMST) and regional temperatures using a number of different change-point methods [1,2,3,4,5,6]. Using inverse modeling, these have been identified as climate regime changes where the nonlinear component is externally forced [4,7]. Similar changes are evident in coupled ocean-atmosphere climate models from the Climate Model Intercomparison Projects CMIP3 and CMIP5 [7].



These results have been severely tested, where a severe test of hypothesis H is successful if it passes statistical tests with probative criteria that its rivals fail—a result that would be very improbable were H false [8]. Hypothesis H is that on decadal timescales, climate responds to forcing via a series of abrupt shifts. This was tested against null hypothesis that the forced component is a gradual, monotonic trend [7]. The latter is the standard view of climate change, recently re-endorsed in the IPCC Sixth Assessment Report (AR6) with high confidence [9].



Of the six tests applied during testing, regime shifts passed all, whereas gradual change did not [7]. Two were crucial:



(1) The timing of shifts in GMST from CMIP3 and CMIP5 ensembles of historical forcing reproduced the observed pattern of regional and global shifts drawn from five observational records with high probability (p < 0.01). Decadal variability is considered to be random, but if it was, this outcome from two successive generations of models would be the almost impossible. Time series were divided into fast and slow components of change by summing internal trends between break points and shifts as the distance between end points of those trends. If the timing of shifts is accepted as being forced, but still due to internal variability, the rapid warming component in observed GMST is too large and the gradual component too small to explain the forced component of total change. For five records 1880–2020, shift to total warming ratios are 0.65 to 0.92.



(2) Time series of GMST 1861–2095 from 94 models in the CMIP5 RCP4.5 ensemble were divided into shifts and internal trends. Regressed against equilibrium climate sensitivity (ECS) 2006–2095, the r2 for shifts was 0.53 compared to 0.18 for trends, giving the fast-warming component 2.9 times the power of slow warming in predicting model ECS [8]. For 1861–2095, the r2 values were 0.36 for shifts and 0.07 for trends, 5.2 times the power.



Instead of the atmosphere warming gradually, during steady-state regimes, excess heat is stored in the ocean where it accumulates. On reaching a critical threshold, heat is suddenly released, producing a rapid response in atmospheric feedback, hence the close relationships between rapid warming and ECS. From the second half of the 20th century, these shifts were initiated in tropical sea surface temperatures before propagating to land and higher latitudes [10]. Decadal variability is often the trigger.



Due to the nonlinearity of the hydrological cycle, atmospheric moisture can often be more important than direct temperature effects. Atmospheric moisture influences the hydrometeorological spectrum from very wet to very dry conditions. For example, higher atmospheric moisture content at higher temperatures increases maximum precipitable water and rainfall intensity [11,12,13]. Moisture deficits are also important, where a lack of moisture at higher temperatures contributes to flash droughts and greater respiratory stress for vegetation [14,15]. Fire climates feature towards the dry end of the hydrological spectrum, where low atmospheric moisture and high rainfall variability greatly increase fire risks [16,17]. Understanding how atmospheric moisture may respond to a changing climate is therefore very important [18,19,20,21].



This paper focuses on regime shifts in relative humidity. It starts by analyzing observations, then goes on to survey shifts in CMIP5 models. We explore methods for nonlinear attribution before showing how regime shifts in RH have affected fire climates in Australia and globally. The results should concern researchers, policy makers and practitioners to the regime-like structure of atmospheric moisture so that impacts can be better anticipated and planning put in place. Instances where regime changes in climate models differ substantially from observations also indicate weaknesses that need to be accounted for when projecting future change.




2. Materials and Methods


Shifts in mean were detected using the multi-step bivariate test utilizing the bivariate test developed by Maronna and Yohai [22] to detect multiple shifts in the time series [23,24]. The bivariate test was developed to test mean shifts in serially independent data. It tests a time series against a random reference where the null hypothesis is no step change, and against a reference variable where the null hypothesis is no relative change from the reference. Let    x i ′  , i = 1 … n   be a stationary reference time series and    y i ′  , i = 1 … n   be a test time series that measures for a single shift at some time i0, where the test result is the Ti0 statistic for maximum i0 in year 0 of the change.



The Ti0 statistic measures against the null of no change in the mean with p < 0.05 thresholds of 7.4, 7.8, 8.2 and 8.7 for i = 15, 20, 30, 40, and p < 0.01 thresholds of 9.3, 9.8, 10.7 and 11.6 for i = 15, 20, 30, 40, respectively. Error sampling using the random reference applies 100 iterations, whereas the relative test uses the available data only once. The multi-step version has been extensively and rigorously tested in a wide range of conditions, providing reliable results in the presence of moderate trends and autocorrelation [24].



A variety of other tests, such as the ADF, and tests for data stationarity and whiteness were sourced from the Real Statistics resource pack [25].



The main data set analyzed for shifts was the HadISDH land [26,27], marine [28,29] and blended data 1973–2020, as anomalies during 1981–2010. HadISDH is a global gridded monthly mean surface humidity dataset. Quality controlled and homogenized/bias-adjusted monthly mean anomalies were provided alongside uncertainty estimates (2σ limits for sampling, coverage, station and combined uncertainties). The land data were derived from the sub-daily temperature and dewpoint quality-controlled data from land stations with sufficiently long records. The marine data were obtained from ships, moored buoys and ocean platforms [29]. Three variables were analyzed for shifts: temperature (T), specific humidity (q) and relative humidity (RH). It has previously been examined for trends [26,28,30,31,32] and compared with the climate model output [33]. Testing was conducted for annual data to detect the shift and obtain p-values against a random reference, then monthly data analyzed to pinpoint the timing.



The data covered publicly available areal averages covering global, northern and southern hemisphere extra tropics and the tropical regions. Domains covered were global 70° S to 70° N, each hemisphere 20–70° and tropics 20° S to 20° N. There were significant data gaps in these records due to incomplete coverage, particularly over the SH ocean [28]. Annual means were initially analyzed using the multi-step bivariate test, but then expanded to allow shifts within the first and last six years of the record and those at p < 0.05, both restrictions within the automated program. This was because of the record’s relatively short length (48 years). Having analyzed longer records and those from other sources, we relaxed the rules near the beginning of the record (e.g., the mid-to-late 1970s following the 1976 Pacific shift), and also towards the end. The initial multistep bivariate test results can be downloaded as Supplementary Material and the updated results are shown in the next section.



Projected global mean relative humidity 1861–2100 from 32 models from the CMIP5 RCP4.5 ensemble was downloaded from the KNMI data repository for the r1p1 (realization 1) and also analyzed for regime shifts. The results are also in the Supplementary Materials.




3. Results


3.1. Observations


The main regime shifts in temperature during the 1973–2020 period occurred in the tropical oceans in 1976–77, the extratropics shortly after in 1978–79, the northern hemisphere in 1987–88, globally in 1995–98, southern hemisphere oceans in 2009–10 and globally in 2014–15 [7,10,24]. T and q from HadISDH are shown in Table 1. Not all shifts in T register a corresponding shift in q but most do. Note that shifts calculated by the bivariate test are an estimate of the change in mean as calculated by the test—these are typically close to the arithmetic mean. T generally preceded q except in between 1994–95 and 1997–98. This marks a period of successive regime shifts in a complex event. Detailed analysis of temperature connects a phase shift in the Atlantic Multidecadal Oscillation (AMO) and regime shift western Pacific Warm Pool in 1995 [10], a link confirmed elsewhere [34]. It was followed in two months by a shift in q in the NH ocean, which preceded any shifts in SST (excepting the warm pool). This established a regime shift in tropical regions and warming in the 1997–98 El Niño propagated this more widely. This was followed by a negative phase shift in the Pacific Decadal Oscillation (PDO), then by three La Niña events through to 2001–02. Changes in q are larger in the tropics compared to the extratropics because of the greater water-holding capacity of the warmer atmosphere, rather than the size of the temperature shifts, which are generally larger in the higher latitudes.



For RH, shifts are fewer with timing that generally follows shifts in T and q, often with a delay (Table 2).



Regimes for the three variables are compared in Figure 1 and Figure 2, illustrated by their internal trends. Global and tropical averages are shown in Figure 1. The timing of regime change in T and q in the global average are closely linked, with the change in T being larger. The tropical averages show T and q moving in unison, showing that the tropics are very efficient in mobilizing atmospheric moisture with warming compared to the extra-tropics. The tropics show limited response in RH until the recent decade, when RH over tropical land reduced. RH decreased in 2012 by 0.40 and over the ocean in 2017 by 0.43, showing no change in the blended record.



Globally, T increased only slightly faster than q over the ocean, whereas over land, the increase has been larger. This is expected because of the greater partitioning of sensible and latent heat over land. The blended record is partway between the two, but shows a greater influence of land than the ocean. Consistent with this, RH responds more strongly over land and generally follows T and q. Global ocean RH decreased by 0.39 from 1982, then has remained relatively constant, although shows large variability.



Figure 2 shows the hemispheric responses. The NH shows the strong influence of land on atmospheric moisture. The 1987–88 regime shift was to warmer, wetter conditions, producing an increase in RH. This reversed with the next regime shift in the late 1990s. A further downward shift in RH out of phase with T and q over land occurred in 2005–06. RH over the ocean decreased in 2013–14 as part of the recent global shift that coincided with the phase shift in the PDO. The blended data shows the influence of both ocean and land producing long-term gradual change at p > 0.05.



The SH shows fewer regime changes. Shifts in T were fewer with limited change in q except for increases in the ocean and blended records in 2015. RH over the ocean decreased in the mid-1980s. RH over land was sustained until following the 1997–98 shift in temperature, shifting down in late 2001. The cause of this delay was due to the shift in T in 1997–98 being followed by a large La Niña and negative phase shift in the PDO perhaps delaying onset for several years following the shifts in T and q. This downward shift is present in the blended data set, showing the influence of land on the result, despite its relatively small area.



We briefly surveyed longer-term data sets for their ability to represent known regime shifts. Global vapor pressure (1901–2018) over land from the CRU_ts4.03 data set [35] showed upward shifts in 1930 (p < 0.01), 1979 (p < 0.05), 1987 (p < 0.05), 1998 (p < 0.01), and 2015 (p < 0.1). The dates 1979, 1998 and 2015 line up with known shifts in air temperature over land, 1987 registers in the NH and 1930 was a shift date for the HadCRUt data set until recent years [10] (it now separates into 1920–21 and 1936–37). We did not use RH from this data set because its correlation with HadISDH 1973–2018 for the SH is poor (0.14), whereas correlation for specific humidity is good (0.95). We did not analyze reanalysis data in detail for similar reasons.



Exploring Uncertainty


This section explored the sensitivity of these results to uncertainties. The two main types were error and structural uncertainty. Error uncertainty describes the relationship between the test itself and the internal variability within the data. Structural uncertainty contains measurement methods, including instrumentation, coverage and reading frequency, along with data quality management and uncertainty management techniques. The HadISDH data were supplied with 2σ estimates of sample, coverage, station and overall uncertainty. These ranges were constructed by the Monte Carlo sampling of uncertainty ranges at each time step on a 5° grid [26], and were averaged for the regional estimates. The differences between the HadCRUt and HadISDH data sets were mainly structural.



Structural uncertainty affected by the means of measurement and treatment is inherent in any type of environmental measurement. It differs between different treatments, so while it can be explored internally and between different methodologies, the overall uncertainty with respect to the “true” change is very difficult to gauge. This led Thorne et al. [36] to conclude that at least three independent constructions were required to explore such uncertainty. Given there is only one high-quality record of atmospheric moisture, this is not possible here.



As trend and shift analysis represent the signal-to-noise relationship very differently, we assessed the sensitivity of both to a combination of structural and error analysis. Results that are sensitive to various types of uncertainty need to be treated more circumspectly than those that are robust. We analyzed global mean land RH, for both shifts and trends. As noted in Table 2, this time series shifted in 1990, 2002 and 2007 for the median estimate, so we also analyzed the 2σ upper and lower limits. Note that because these limits are measures of annual uncertainty, the likelihood of producing a mean linear or nonlinear response at the 2σ limit is remotely small.



Table 3 shows the shift size and trends for the lower, median and upper limits. The variation between shifts is much lower than trends from the same data, with total estimated change for shifts in the range of −0.51 to −0.71 compared to −0.58 to −0.99 for trends. By not accounting for the positive change in 1990, trend analysis estimates a greater decrease than the bivariate analysis, with a wide range of uncertainty. This increase is routinely interpreted as climate variability. Attribution is discussed in Section 3.3.



Different sampling strategies on the 1990 shift were then assessed. Two tests applied Gaussian sampling on an annual basis for station and overall uncertainty. Station uncertainty is about half of overall uncertainty. This was followed by bias sampling of overall uncertainty, where the same random sample was applied over the whole time series. For the original test that sampled the median only using a randomized reference time series (n = 100) reported in Table 2, the Ti0 variable was 11.96 ± 0.72, the year 1990 ± 0.47 and shift size 0.29 ± 0.01 (Table 4). For the subsequent uncertainties, the Ti0 variable decreased slightly but remained p < 0.01 and the standard deviation increased by a factor of 2–4 for each variable, still minor compared to overall change. The mean changes remained fairly constant while their uncertainty expanded, being constrained by the central limit theorem.



We then explored the relative confidence limits for steps and trends over the whole range of uncertainty for global mean RH over land, where the range of confidence for the upper and lower 2σ confidence limits for the whole distribution were calculated. We distinguish steps from shifts where shifts refer to the size of the change only, whereas steps calculate the arithmetic mean change between each shift. Both the bivariate test and least squares trend analysis are based on the assumption of normally distributed serially independent data, so their total area covered is 41.8 RH %years for trends and 41.6 for steps, compared to the measured range of 28.6 RH %years. The results are shown in Figure 3. Both charts show the median RH with the 2σ range, the 2σ confidence limits for the median and the 2σ confidence limits for the entire range for trends (Figure 3a) and steps (Figure 3b). The range for steps clearly fits the data better than that for trends.



This is a very important result because trends are fitted to the data based on initial assumptions about the nature of change, whereas steps are based on detection—if there are no steps present below a nominated probability, they do not register. The only optimization is to ensure that all the steps within specified limits are detected.



In this example, the trend data captured 79% of the 2σ uncertainty for the observed range, but 46% of its confidence range was blank space. The step data captured 92% of the observed uncertainty and 37% of its confidence range was blank. Considering only the median estimate for observations, trends captured 27% of the 2σ sigma range and steps 37%. For this narrower band, the confidence range for trends was 42% blank space and for steps was 18%. Testing the residuals of the entire time series for stationarity and whiteness, showed both trends and steps are stationary according to the ADF test, but steps were statistically white according to the Box–Pierce and Ljung–Box tests (p > 0.3), whereas trends were not (p < 1 × 10−8). Overall shifts have a much better fit to the data than trends.



We did not include uncertainty estimates with our results because of the difficulty in separating error from structural uncertainties. However, we showed that detected shifts analyzed as simple steps in mean provided a better fit.





3.2. Comparison with Climate Models


A total of 32 records of RH 70° S to 70° N from CMIP5 RCP4.5 models were analyzed for regime shifts and compared with the global blended record. RH produced by the models is much less responsive to historical forcing than observations. Figure 4 shows all 32 records for the period in 1973–2020, with a common baseline of 1981–2010, shown as a running 11-month mean. Few show any appreciable movement and none reproduce the shifts shown in observations.



Over the full period in 1861–2100, the 32 simulations produced 105 shifts, with 19 records decreasing and 13 increasing. The observed time series shifted by −0.27 in December 2001 and −0.29 in November 2011, a total reduction of −0.56. Only four of the records exceeded this decrease by the decade in 2091–2100. We tested the timing of when the first and second shifts were exceeded by negative regime shifts in the model ensemble. Two models, IPSL CM5A and CM5B, shifted below the first (−0.27 in 2001) in 2014 and 2016, respectively. Eleven more models exceeded that value after 2049. Only three models shifted below the total reduction of −0.56, in 2056, 2075 and 2088, one more meeting it by 2100.



The observed and model time series to 2100 are shown in Figure 5. The 1973–2000 regime in the observations has been readjusted by −0.10 to match the 1981–2010 baseline in the models. The observed response occurred in the presence of a top of the atmosphere energy imbalance of about 0.5 W m2, increasing to about 0.95 W m2 in 2012–13, under atmospheric forcing about three times that amount [37]. The equivalent model response occurs earliest in 2056 with the models stabilizing at a forcing of 4.5 W m2 from around 2060 [38].



These underestimates have been noted by Dunn et al. [33] and Douville and Plazzotta [39]. The latter focused on the NH midlatitudes, linking the recent drying to long-term reduction in CMIP5 models. This was a model-to-model comparison, using reanalysis and SST-forced simulations of historical climate and comparing those with the CMIP5 models run using historical forcing. The Dunn et al. [33] study was restricted to the land-only HadISDH data, and used reanalysis and an SST-forced atmospheric GCM for a fuller assessment of observations to 2014. The latter was unable to reproduce the post 2000 reductions. Historical runs of CMIP5 models from nine groups where historical forcing extended to 2012–14 all failed to match the observations and were inconclusive about the direction of forced change [33]. The models in Figure 4 follow RCP4.6 from 2006 but show similar results.




3.3. Attribution


The differences between observed and modelled RH have been noted previously [18,33], but since the release of the global high-quality HadISDH data set combining ocean and land observations, have become very apparent [28]. RH is one of the most difficult ways to measure climatic variables, along with closely related evaporation measures, especially transpiration [32,40]. If assessed as trend changes, the relatively brief 48-year record presents issues in terms of constraining the associated uncertainties. Non-linear responses are routinely attributed to decadal variability [18,41,42], but if they become an accepted response to forcing, attribution of change within the HadISDH data becomes more straightforward. Most of the uncertainty previously linked to variability converts to signal, and the trends between breakpoints, as pictured in Figure 4 and Figure 5, are generally not statistically meaningful. The 48-year length of the HadISDH record contained zero to three shifts in each time series. The three variables tested produced 36 trends, whereas they provided 31 shifts for T, 25 for q and 20 for RH. Of those internal trends, only one of each variable registered p < 0.05. The models were also very step-like, with global RH showing eight internal trends p < 0.05 and three p < 0.01 associated with the 105 total shifts.



Whether RH is responding to changes in rainfall minus evaporation (P-E) changes over the ocean, or due to soil moisture and vegetation feedbacks over land has also been difficult to assess [32]. The relationship between regime shifts in T, q and RH, can help shed light on that. A feature of the bivariate test is that if related variables shift in unison, no breakpoint is recorded, because even though both records are nonstationary, they share the same relative changes in mean. If shifts are multiplicative and/or out of phase, then they can be detected against a nonstationary reference. This technique was first used by Jones [4] to identify shifts in continental temperature independent of land-surface moisture feedbacks. Here, it was used to identify those feedbacks.



We analyzed three pairs for each of the regions in Table 1 and Table 2, where the first was used as the reference and the second, the test variable. Pairs tested were T–q, T–RH and q–RH. The T–q pairs for the most part recorded no meaningful result, therefore most of the shifts between T and q in Table 1 (the blue and red lines in Figure 1 and Figure 2) are additive. The exceptions are the SH ocean in 1985 shifting down by −0.12 kg m−1 at p < 0.01, an increase over the whole NH of 0.07 kg m−1 in 1988 at p < 0.05, and increase of 0.13 kg m−1 at p < 0.05 over the tropical ocean in 2017 that may be temporary—related to successive La Niña events, an increase of 0.10 kg m−1 in 1995 at p < 0.1 over tropical land and −0.08 kg m−1 at p < 0.1 over global land in 2004 (Table 5). The SH ocean decrease was unrelated to temperature and was not reflected on land so may have been be due to a decrease in oceanic rainfall, or to limited spatial coverage. The other shifts may represent changing moisture distribution.



Many of the relationships between T and q with RH shown in Table 5 are multiplicative, reflecting feedback effects, especially with the transition of moisture from ocean to land, and internally on land may be due to changes in rates of moisture recycling. If moisture supply does not keep up with increases in T, RH will decrease. Regime shifts from Table 2 that continue through to Table 5 reflect such changes, and new shifts may indicate other processes in play, such as rainfall changes.



Two events are notable—the first in the late 1980s and the second in the late 1990s. Although Reid et al. [6] addressed the global impacts of the late-1980s shift, our analyses show that its main impact was over NH land, especially Eurasia [24]. Moisture over NH and global land registered as a shift in q in 1987 but was delayed in RH until 1990 (Table 2). These shifts are unusual in representing an increase and are almost totally absent from Table 5, showing that the impact was additive with no additional feedback over land.



The 1990s event was Initiated by a shift in q in the NH ocean in mid-1994 at p < 0.01, timing that is difficult to interpret. However, q showed no net shift from T in Table 1, which shifted in 1997, so can be physically linked. A shift in q in 1995 over the tropics coincided with a relative increase in RH over tropical land and the land-ocean average. Widespread shifts in 1997–98 temperature were reflected in smaller shifts in q in the extratropics. These were followed by relative decreases in RH 1998–2002 in the NH ocean and land, and subsequently SH land. A second shift registered over NH land in 2007, which may have been due to land-based feedback with a nonlinear response shown in Table 5.



Further decreases in RH relative to q occurred over SH in 2012, following two very wet years, and relative to both T and q over the NH ocean in 2014, on top of shifts in both. These are linked to the shifts that ended the extended regime dating from 1997–98 (the so-called hiatus), which influenced the SH followed by the NH. Additional reductions in RH occurred over the NH ocean and land and SH land, while the tropics registered an increase over the ocean and decrease over the land. A contemporary increase in q suggests this latter decrease and that over SH land is largely a land-temperature feedback, whereas the NH shows reductions in RH over both ocean and land.



Other Studies


In AR5 (2013), the IPCC reported that near surface humidity had very likely increased since the 1970s but had since abated over land in recent years (medium confidence) [41]. In AR6, large-scale decreases in RH over land since 2000 were assessed as very likely [40]. The reduction was attributed to greater warming over land and altered circulation patterns, but that is not consistent with the evidence from the regime shifts detailed above, which includes an oceanic origin and subsequent land-based feedback. However, AR6 only analyzed RH over land, lacking access to the latest data from HadISDH containing the updated ocean and land-ocean blended data [28].



Under sustained radiative forcing, the ocean warms the land, even though the land warms by a greater amount [31,42,43]. The ocean is also the dominant source of atmospheric moisture. Ninety percent of the moisture originating from the ocean rains out over the ocean, and ten percent falls on land [44]. Two-thirds of that is then recycled over land [44,45]. Continental precipitation can be mapped as to whether it is largely of oceanic origin or recycled continental [45]. Continental regions with seasonally alternating hot, dry and wet climates tend to be in zones with rainfall of oceanic origin, including regions of Mediterranean climate, tropical wet and dry season climates and some alpine and boreal climates [44,45,46].



Chadwick et al. [47] used a simple model to scale specific humidity over the ocean with that on land, which reproduced land patterns fairly well. Using a similar approach with the same data set, the transport of moist static energy from the ocean to the land produced a fractional response, decreasing RH over drier land areas [30]. According to Chadwick et al. [47], the adjustment timescale of moisture over land in response to transport from the oceans is much faster than the warming timescale of the surface oceans under climate change. However, they were assuming the ocean warms gradually at a slower rate than the atmosphere, whereas it maintains steady state until regime shifts produce rapid warming in SST and the overhead atmosphere.



Both these studies analyzed their results as trends. For temperature and specific and relative humidity 40° S to 40° N (their Figure 1), the Byrne and O’Gorman [31] model predicted the observed trend for all three over land. Their results captured the variability and shift for specific humidity but not fully for relative humidity. This may partly be due to the different sources of land and ocean data. Their land data was derived from HadISDH and the ocean data from the ERA-interim reanalysis [31]. The pattern and timing of large-scale shifts in relative humidity are therefore consistent with the changing relationship between rainfall and evaporation over oceanic source regions for moisture, combined with surface feedback effects over land.



Figure 5 shows 5° × 5° grid-based trends for two periods, 1973–1999 and 2000–2019, almost picking up the 2002 break [26] (Willet et al. 2014; data for 2020). This conveniently captured the main break around the year 2000, so the first period in 1999 contained positive trends over the NH land, whereas the second was dominated by negative trends over midlatitude land and positive trends over some ocean areas, the tropics and high latitudes. Many of the negative regions were in the mid-latitude belts of Mediterranean climates where the vast majority of their moisture is of oceanic origin [45,46]. However, a large part of continental Eurasia where terrestrial recycling is high [44] was also affect by reductions in RH (Figure 6).



The advantage of being able to use regime shifts with precise timing means that if forcing can be or has been attributed to the driving variable, and a causal relationship has been established with subsequent variables, then successive regime shifts can be attributed to the original forced response. This offers a great deal more precision than allowed by trends, and the use of inverse analysis as shown in Table 5, means that observations can be relied upon much more strongly, with models being used for support.



The alternative is to use trend analysis, but in the presence of large variability obtaining a statistically meaningful result can be difficult. This is illustrated by the recent AR6 findings on the attribution of changes in observed RH, which is limited to decreases in the midlatitude NH continents in summer with medium confidence [48], despite having evidence of more widespread changes. The sensitivity analysis in Section 3.1 shows that steps reproduce the known uncertainty much more closely.





3.4. Impacts


The impact of regime shifts in moisture is illustrated by a recent analysis of changes in fire danger in Australia and its links to global fire season length [49]. In Australia, fire danger is calculated using McArthur’s Forest Fire Danger Index (FFDI) [50,51,52]. This is constructed from daily maximum temperature (Tmax), 3 p.m. relative humidity, 3 p.m. windspeed and a drought factor. Due to the difficulty in obtaining continuous high-quality records for RH and 3 p.m. windspeed, multiple linear regression relationships for high quality fire season Tmax, rainfall anomalies, cloud cover and area above the 10th percentile of Tmax from the Australian Bureau of Meteorology were used to estimate annual the FFDI indices for total FFDI and days above high, very high and severe FFDI [49]. They were developed using a homogenized nine-station state average for Victoria, Australia 1972–73 to 2009–10, then evaluated for states and territories against a national time series 1973–2017 consisting of 39 stations [52,53]. The results show that for five regions with representative station coverage, a close match was achieved with station-based estimates of average annual FFDI (r2 0.84–0.88) and days of severe fire danger (r2 0.68–0.81) [49].



All regions showed regime shifts in FFDI indices, except for Western Australia and the Northern Territory, regions that span very different climates (tropical/arid zone/temperate and tropical/arid zone). Timing ranged from 1996–97 in Victoria, 2001–02 and 2002–03 in south-west Western Australia, Tasmania, South Australia and New South Wales aand 2012–13 in Queensland. Testing of input variables showed that regime shifts in FFDI occurred only when there was a downward shift in RH that was accompanied or closely followed by a shift in fire season Tmax. The shift in RH was therefore enhancing fire season Tmax through drier conditions. The changes in fire season Tmax generally followed those in mean, which also usually preceded the change in RH. Testing for regime shifts in other inputs showed that wind and other variables were not involved. A fire climate can therefore be defined as the external climatic influences on fire regimes based on the atmospheric moisture content and fire season maximum temperature of a region. Changes in these key variables can therefore be used to project large-scale influences on future fire danger independent of local conditions.



The hemisphere-wide reduction in RH over SH land of −1.1% in 2002 from HadISDH and −2.4% across Australia in 2001 is shown in Figure 7. The Australian median daily average FFDI calculated from Lucas and Harris [54] was compared with global fire season length, a mean anomaly constructed from the number of days when fire danger was above its median value from three analysis data sets for three fire danger variables, covering the US, Canada and Australian FFDI 1979–2013 [55]. Both shifted up in 2002. The Australian record measures a 15% increase, but in some regions, days above severe fire danger have more than doubled [47].



This example shows that shifts in moisture and fire regimes over Australia can be linked to broader-scale regime shifts. There is potential to expand this type of analysis to a range of moisture-related variables. This would include the investigation of fire climates across more regions, changes in soil moisture and drought, ecosystem function, plant growth, surface water balance, and physiological comfort for animal species. They translate into widespread impacts in ecology, agricultural systems, human health and extreme events, including water and fire-related extremes.





4. Discussion


The introduction of the high-quality blended land-ocean data set for HadISDH 1973–2020 [28] provides the opportunity to analyze the data for regime shifts in moisture. Previous work has identified and attributed regime shifts in temperature [4,7] but a lack of confidence in the quality of observed atmospheric moisture data has prevented its extension to relative humidity until now. The analysis here is restricted to the four major zones of publicly available data: the NH and SH extratropics 20–70°, the tropical zone to 20°, and the global average below 70°. These large areas capture the major regional characteristics while averaging out more localized data quality issues, especially those related to lower sampling rates over the ocean.



Area averages capture the average shift over a region. Where regimes are present in the data, uneven sampling of quality-controlled data does not run the risk of detecting shifts where none exist, but it does increase the uncertainty around shift size and timing. Regime shifts are not evenly distributed over a region [24], but spatial data needs to be of sufficiently high quality at the scale being investigated for patterns of regime change to be identified. The uncertainty analysis carried out in Section 3.1 shows that steps provide a more accurate description of change than trends for the example given, which is representative of the overall data.



4.1. Attribution Methods


Measuring shifts and trends uses the same data, but provides very different information. Trends measure long-run change but convey limited information about the signal until sufficient time has elapsed to discount other influences. Different methods of data preparation, such as the removal of various types of noise, will vary the results but usually not the direction [56]. Alternatively, if present, a series of regime shifts can be identified in a single sequence, providing more information.



How forcing is allocated using linear and nonlinear methods is also very different. The standard method treats the forced change as gradual and variations from that signal as stochastic or forced stochastic if forcing is considered to increase the frequency of random events [48]. Trend analysis requires the signal to rise beyond the noise, a process that has become known as signal emergence [57,58]. The separation of signal from noise and its exploration in model ensembles measures stochastic uncertainty [59,60]. For example, comparing satellite estimates of the lower tropospheric atmospheric temperature with compatible model simulations led to the conclusion that a minimum 17-year period was required for signal emergence [61]. A further examination of the statistical emergence of the anthropogenic global fingerprint (spatial pattern) in model ensembles concluded the time of emergence was 8–15 years in the troposphere and 1–3 years in the stratosphere [59]. These longer periods reflect the presence of decadal variations in the troposphere, absent from the stratosphere.



Regime shifts that can be linked to nonlinear shifts in T measure the forced response directly, with the proviso that accompanying shifts in variability mode or unforced circulation changes may complicate the signal, though to a lesser degree than how decadal variability affects trends. Regime shifts affecting causal relationships, such as T→q→RH can also be explored via shift sequences. The nonlinear attribution methods outlined in Section 3.3 allow attribution to be carried out using observations, provided they are of sufficiently quality and extent. This reduces the present reliance on models for direct attribution and increases the emphasis on process studies, especially (i) where various types of forcing may affect regime shifts differently (e.g., stratospheric and tropospheric ozone), (ii) through feedback effects (especially those over land affecting moisture) and (iii) to separate the forced and free components of regime shifts. The latter can arise when mode change in decadal oscillations and forced change combine; e.g., the AMO-PDO in 1995–98 and the PDO in 2012–14.



For standard, linear attribution when observations are limited, models generally are preferred because they provide a more complete spatial and temporal record. For example, two-tier attribution methods were used to compare trends in reanalysis model output with climate model output under various forcings to attribute the decrease in NH midlatitude RH [39]. A significant proportion of attribution studies compare trends in reanalysis data with models subject to historical forcing in preference to observations for reasons of quality and coverage.



However, for nonlinear attribution, the performance of complex climate models and reanalyses in reproducing regime shifts has been inadequate for most variables tested [62]. For example, both the NCEP/NCAR R1 and the Twentieth Century Reanalysis V3 contain regime shifts in radiative fluxes, moisture and temperature but show limited skill in reproducing historical change [62]. An initial survey of RH for R1 1948–2022 shows an inhomogeneity at the beginning of the satellite records in 1979, followed by negative shifts in global mean RH in 1989, 1996 and 2012 of −1.88% compared to the observed −0.56%. The longer V3 record 1880–2015 shows negative shifts in 1893, 1921 and 1960 totaling −0.44% followed by a minor positive trend, so does not reproduce any of the recent change. Simmons et al. [63] showed the ERA interim and ERA40 RH agreed with global and continental trends to 2008, but an initial analysis of RH in ERA50 to 2021 contains positive shifts in 1957 and 1972, a large negative shift in 1988, positive in 2006 and negative in 2018, the latter at p < 0.05. The 1988 and 2006 shifts are in the opposite direction to observations.



The underestimation of modeled changes in RH detailed in Section 3.2 raises serious concerns about their capacity to adequately represent future moisture changes. The incomplete coverage of HadISDH shown in Figure 5 compared to the same overall domain in Figure 3 and Figure 4 may introduce some bias, but these are mostly over the SH ocean. However, using trend analysis of observations as a constraint for future projections, which underestimates the impact of observed downward shift, Douville and Plazzotta [39] found that most of the CMIP5 models underestimated NH midlatitude reductions under the much stronger RCP8.5 forcing.



There is further evidence that models need to be forced harder to produce the changes seen historically. Heede et al. [64] forced a coupled model with abrupt changes in CO2 doubling from 2× to 16×. They showed that assuming that evaporative damping controlled the surface response, the mixed layer model responses followed the Clausius-Clapeyron relationship, whereas the coupled models did not. This indicates a less efficient response, which would result in reduced RH, but these relationships did not diverge greatly until 4 × CO2 forcing was imposed. Furthermore, energy balance constraints restrict the hydrological response to 2–3% of the ideal 7% response per °C predicted by Clausius–Clapeyron relationship [18,65]. Therefore, to reproduce the observed response, coupled models need to be forced much harder than the observed climate.



Trends are most suitable for estimating long-term change, because the additive nature of radiative forcing provides the overall boundary conditions within which the nonlinear dissipative system operates. Overall projected change remains largely altered, but regime shifts and trends are similar to stairs and ramps reaching the same destination—how these rapid shifts affect climate impacts is a critical factor that is largely being overlooked [2,66]. Ensemble means become less important in favor of the statistics of regime shift size, frequency and behavior. This also alters how signal statistical emergence can be calculated—via observations first and individual model statistics second, with ensemble averages being less relevant. Using regime shifts in high quality observational data for attributing forced change will allow attribution to be made with high confidence more rapidly than has been possible to date because of the additional information provided by shifts compared to trends. However, the use of models to understand underlying processes, and in additive analyses that test different elements of forcing, remains essential.




4.2. Contributing Processes and Mechanisms


A set of related papers explore the processes and mechanisms behind regime shifts [62,67]. These focus on the Pacific Ocean heat engine, a heat pump (reverse heat engine) that uses the kinetic energy embodied in the Coriolis Effect to transport heat from the cool reservoir in the eastern Pacific to the hot reservoir of the Western Pacific Warm Pool. This acts as a thermoregulator teleconnected to the broader climate network of decadal oscillations, including the PDO and AMO, which in turn is linked to the Atlantic Meridional Overturning Circulation, resulting in a network of fast to very slow dissipation processes [10]. A major role of the heat pump is to govern the dissipation of heat from the equator to the poles via meridional heat transfer. This involves the dissipation of both moist and dry heat to the poles, the balance between the two influencing available atmospheric moisture.



The asymmetry between the two hemispheres, the high proportion of land in the NH and ocean in the SH, has a significant effect on the balance between heat and moisture given both hemispheres have to emit the same amount of energy to space [62]. The heat engine, which includes ENSO and PDO, and other oscillations are emergent features of coupled systems not present in mixed layer models. These emerged with the advent of ocean-atmosphere coupling [62]. Normally, this network maintains steady-state conditions, but if forced, can reach a critical point where the dissipative processes reorganize to a new regime. Warmer if forcing is positive and cooler if negative.



Further evidence of a complex system response comes from model experiments driven by observed SST. Douville et al. [68] drove the CNRM-CM6-1 atmospheric model with SST and ice extent. Figure 1 shows a clear downward regime shift in RH N of 60° S just before 2000. The NH midlatitudes show rapid increases in the late 1980s, followed by a decrease a decade later [68]. They also undertook process studies, identifying the ocean influence of reduced moisture over land, along with further reductions over land due to the physiological responses to CO2 being included in the land surface model [68]. The inclusion of CO2 effects in this model produced greater declines in RH than its predecessor [68]. These outcomes are consistent with the results in Table 5.



Patch or pacemaker experiments that take a small part of the ocean, running it within a coupled model to assess its influence on the broader climate can also produce regime shifts. Kosaka and Xie [69] tested the findings from previous studies identifying the IPO/PDO as the main driver of the staircase in GMST. They used historical SST covering the eastern Pacific 20° S–20° N and 175° E to the American coast 1870–2014 to drive the GFDL CM2.1 coupled model under historical forcing. This region covers the cool reservoir of the Pacific Ocean heat engine. Based on their results, they concluded that this region is a major driver of Pacific decadal variability [69]. Testing their results for regime shifts, a ten-member ensemble average produced shifts in temperature close to the historical average, in 1977, 1986 and 1997 [62], consistent with the dates in Table 1. This shows the central-eastern Pacific plays a major role in mediating the observed regime shifts [62].



The timing and location of shifts in RH and FFDI indicate that regime shifts are part of tropical expansion. Zonal gradients in temperature pressure and wind stress have increased, increasing the Walker circulation [64], along with increased meridional winds [70]. Mean meridional transport shows nonlinear expansion of the Hadley Cell and transport generally in the late 1990s [71]. These are not seen in the historical simulations of the CMIP5 ensemble [72]. In addition to the pacemaker experiment described above, a recent application of higher resolution in the tropical Pacific also produced PDO behavior more closely, resolving individual eddies [73]. Finer ocean resolution in the tropics may therefore help to overcome the limited responses seen in coupled models (Figure 4 and Figure 5). The addition of realistic physiological processes over land, amplifying regime shifts in RH will also contribute to more realistic regime shifts.



The early indications are that these issues are present in CMIP6 coupled models. Lee et al. [74] project with medium confidence widespread decreased near surface RH over land and moderate increases over the ocean. High confidence (>80% model agreement) is given to some areas of tropical and subtropical land [74]. However, RH has undergone two forced shifts in the late 1990s and in 2014 over the NH ocean, which has reasonable coverage in the HadISDH dataset, so a reversal would be required for this to eventuate. The model consensus over Australia in 2081–2100 under SSP7.0 is −2–0% as shown in Lee et al. [74] (their Figure 4.23) and the observed change in Figure 7 is −2.4%. Note also that the fire regimes changes initiated in the late 1990s/early 2000s in southern Australia are generally close to or equal to the upper limit of change projected for 2030, and the shift in RH/fire season Tmax feedback relationship was the main initiator of these changes [49].



These all point to observed atmospheric moisture being much more responsive to forcing than seen in climate models. Recent changes are being misdiagnosed as decadal climate variability and consequently current and future moisture-related areas of climate risk are being underestimated.





5. Conclusions


Analyses of the recently released land, ocean and blended HadISDH data set [26,28,30] for regime shifts in 1973–2020 show that shifts in specific humidity (q) are closely linked to those in temperature, especially in the tropics and northern hemisphere. All shifts in q were positive, and all regions showed shifts except for the SH land and blended records. For RH, net change between the first to last regime (records containing zero to three regime changes, Table 5) were −0.58 for global land, marine −0.39 and blend −0.56; for NH land −0.63, marine −0.80 and blend −0.83; SH land −1.18, marine −0.77 and blend −0.80; and tropical land −0.40, marine 0.43 and blend no change. The SH and NH changes balance each other, and the tropics show a decrease on land, and increase over the ocean for no net change. Testing RH against temperature and specific humidity shows that some changes were nonlinear, especially those from the late 1990s onwards. These are due to reductions in net moisture transport with respect to temperature over the ocean, which combines with positive land-surface feedbacks over land.



Coupled climate models from CMIP5 produce regime changes in atmospheric moisture (32 models, 170 shifts, with 19 decreasing and 13 increasing), but they significantly underestimate current and future changes in RH. The observed time series shifted by −0.27 in December 2001 and −0.29 in November 2011, a total reduction of −0.56. No model reproduced these reductions and only four of the records met or exceeded this decrease by 2100, the first in 2054.



Analyzing shifts instead of trends in RH provides much greater confidence in the nature and direction of change compared to the findings in AR6. Reductions over the NH and ocean, SH land and global average are forced because of their links with the T→q→RH sequence. When that is translated into impacts, we find that those related to atmospheric dryness, with fire climate being a specific example, are being underestimated.



Using trend analysis to make climate projections reveals a weakness in that the method discards information pertaining to forced nonlinear change, so we have outlined some initial methods for using nonlinear analysis for attributing and projecting climate. Accounting for rapid shifts in atmospheric moisture in detection and attribution, in assessing changing climate risks and in improving model performance in this area are all urgent tasks.
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Figure 1. Annual anomalies (1981–2010) and regimes showing internal trends (dashed lines) for global and tropical average temperature (T), specific humidity (q) and relative humidity (RH) for (a) global land, (b) tropical land, (c) global ocean, (d) global ocean, (e) global blend and (f) tropical blend (Willett et al. 2020). Units are °C for temperature and g kg−1 for specific humidity on the left axis and % for relative humidity on the right axis. Solid lines are annual values and dashed lines internal trends between shift points. 






Figure 1. Annual anomalies (1981–2010) and regimes showing internal trends (dashed lines) for global and tropical average temperature (T), specific humidity (q) and relative humidity (RH) for (a) global land, (b) tropical land, (c) global ocean, (d) global ocean, (e) global blend and (f) tropical blend (Willett et al. 2020). Units are °C for temperature and g kg−1 for specific humidity on the left axis and % for relative humidity on the right axis. Solid lines are annual values and dashed lines internal trends between shift points.



[image: Atmosphere 13 01577 g001a][image: Atmosphere 13 01577 g001b]







[image: Atmosphere 13 01577 g002a 550][image: Atmosphere 13 01577 g002b 550] 





Figure 2. Annual anomalies (1981–2010) and regimes showing internal trends for northern and southern hemisphere average temperature (T), specific humidity (q) and relative humidity (RH) for (a) NH land, (b) SH land, (c) NH ocean, (d) SH ocean, (e) NH blend and (f) SH blend (Willett et al. 2020). Units are °C for temperature and g kg−1 for specific humidity on the left axis and % for relative humidity on the right axis. Solid lines are annual values and dashed lines internal trends between shift points. 
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Figure 3. Median annual anomalies (1981–2010) and the 2σ uncertainty range (shaded area) showing (a) the median trend with 95% trend confidence limits and the 95% annual anomaly range limits assuming change is gradual and (b) as for (a) but considered as regimes (1973–2020). 
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Figure 4. Simulated RH 70° S to 70° N from CMIP5 RCP4.5 compared with observed RH for blended global RH from Had ISDH. Period 1973–2020 with a baseline of 1981–2010, shown as a running 11-month mean. 
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Figure 5. Simulated annual RH 70° S to 70° N from CMIP5 RCP4.5 (1861–2100) with a baseline of 1981–2010 compared with observed RH for blended global RH from Had ISDH (1973–2020). Observations have been adjusted by −0.10. 
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Figure 6. Trends for blended land and marine RH from the HadISDH dataset [26,28,30] showing trends (a) 1973–1999 and (b) 2000–2019 (center) on a 5° by 5° grid with latitudinal spread of results to the right, where light grey shows proportion coverage (source https://www.metoffice.gov.uk/hadobs/hadisdh/trendmaterialBLEND.html, accessed 20 June 2020). 
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Figure 7. Mean daily average anomalies for RH from Southern Hemisphere land (HadISDH) and Australia [54], the latter as standard anomalies. 
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Table 1. Bivariate test result (Ti0), year of shift, month of shift, p-value for regime changes in specific humidity (g kg−1) and month of shift in temperature from HadISDH data.
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	Region
	Ti0
	Year
	Shift
	Month
	p-Value
	T Month





	Global land
	9.8
	1987
	0.13
	May-87
	p < 0.05
	Feb-87



	
	10.0
	1997
	0.13
	Jun-97
	p < 0.05
	Dec-97



	
	9.4
	2015
	0.16
	Sep-15
	p < 0.05
	Dec-14



	NH land
	11.0
	1987
	0.14
	Nov-87
	p < 0.01
	Dec-87



	
	8.8
	1997
	0.11
	Mar-97
	p < 0.05
	Feb-98



	
	11.7
	2015
	0.15
	Sep-15
	p < 0.01
	Dec-14



	SH land
	NR
	
	
	
	
	Jun-77



	
	
	
	
	
	
	Aug-12



	Tropical land
	9.4
	1978
	0.25
	Aug-77
	p < 0.05
	Sep-76



	
	20.0
	1995
	0.27
	Feb-95
	p < 0.01
	Jun-97



	
	8.2
	2016
	0.23
	May-15
	p < 0.05
	May-15



	Global ocean
	
	
	
	
	
	Apr-87



	
	22.7
	1995
	0.18
	May-97
	p < 0.01
	Jun-97



	
	12.2
	2015
	0.16
	Jun-15
	p < 0.01
	May-14



	NH ocean
	11.7
	1988
	0.14
	Nov-87
	p < 0.01
	May-88



	
	11.0
	1994
	0.09
	Jul-94
	p < 0.01
	Feb-97



	
	11.9
	2014
	0.11
	May-14
	p < 0.01
	May-14



	SH ocean
	11.8
	2015
	0.18
	Aug-15
	p < 0.01
	Jul-15



	Tropical ocean
	16.4
	1987
	0.22
	Apr-87
	p < 0.01
	Dec-78



	
	13.4
	2016
	0.29
	Jul-15
	p < 0.01
	Apr-15



	Global blended
	
	
	
	
	
	Apr-87



	
	24.3
	1995
	0.19
	Oct-94
	p < 0.01
	Jun-97



	
	11.8
	2015
	0.15
	Sep-15
	p < 0.01
	Apr-14



	NH blended
	15.0
	1988
	0.16
	Dec-87
	p < 0.01
	Apr-88



	
	10.7
	1997
	0.10
	Mar-97
	p < 0.01
	Feb-98



	
	12.5
	2015
	0.11
	Aug-14
	p < 0.01
	Dec-14



	SH blended
	
	
	
	
	
	Nov-97



	
	7.9
	2015
	0.11
	May-15
	p < 0.1
	May-14



	Tropical blended
	
	
	
	
	
	Nov-76



	
	18.5
	1995
	0.24
	May-95
	p < 0.01
	Jun-97



	
	10.2
	2016
	0.25
	Jul-15
	p < 0.05
	May-15
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Table 2. Bivariate test result (Ti0), year of shift, month of shift, p-value for regime changes in relative humidity (%) from HadISDH data.
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	Region
	Ti0
	Year
	Shift
	Month
	p-Value





	Global land
	11.94
	1990
	0.28
	Mar-89
	p < 0.01



	
	10.29
	2002
	−0.49
	Feb-02
	p < 0.01



	
	8.23
	2007
	−0.39
	May-07
	p < 0.05



	NH land
	13.23
	1990
	0.43
	Nov-89
	p < 0.01



	
	9.04
	1999
	−0.49
	Nov-98
	p < 0.05



	
	13.48
	2006
	−0.59
	Feb-05
	p < 0.01



	SH land
	20.4
	2002
	−1.18
	Dec-01
	p < 0.01



	Tropical land
	8.8
	2012
	−0.40
	May-12
	p~0.05



	Global ocean
	19.0
	1982
	−0.39
	Dec-81
	p < 0.01



	NH ocean
	16.0
	2000
	−0.30
	Sep-99
	p < 0.01



	
	15.8
	2014
	−0.50
	Jan-14
	p < 0.01



	SH ocean
	23.0
	1985
	−0.79
	Apr-85
	p < 0.01



	Tropical ocean
	9.1
	2017
	0.43
	Mar-17
	p < 0.05



	Global blended
	15.8
	2002
	−0.27
	Dec-01
	p < 0.01



	
	13.0
	2012
	−0.29
	Nov-11
	p < 0.01



	NH blended
	15.8
	1991
	0.32
	Feb-91
	p < 0.01



	
	13.5
	1999
	−0.48
	Nov-98
	p < 0.01



	
	10.9
	2008
	−0.34
	Aug-07
	p < 0.01



	
	7.3
	2017
	−0.33
	Feb-17
	p~0.05



	SH blended
	21.7
	2002
	−0.79
	Dec-01
	p < 0.01



	Tropical blended
	NR
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Table 3. Estimates of shifts and trends for the lower limit, median and upper limit estimate for global mean relative humidity (%) over land from the HadISDH data. Trends are % change per decade. All shifts are p < 0.01, except * p < 0.05 and ** p < 0.1. Total change for shifts is the sum of mean change between regimes and for trends is the gradient over the full period (in bold).
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	Shifts
	Lower Limit
	Median
	Upper Limit





	1990
	0.27
	0.28
	0.22 *



	2002
	−0.45
	−0.49
	−0.52



	2007
	−0.33 **
	−0.39
	−0.40 *



	Total change
	−0.51
	−0.59
	−0.71



	Trends
	
	
	



	1973–2020
	−0.12
	−0.17
	−0.21



	Total change
	−0.58
	−0.78
	−0.99
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Table 4. Estimates of shifts for an example regime change using different sampling strategies for structural uncertainty for global mean relative humidity (%) over land 1973–2001, showing the change and standard deviation. All changes are p < 0.01.






Table 4. Estimates of shifts for an example regime change using different sampling strategies for structural uncertainty for global mean relative humidity (%) over land 1973–2001, showing the change and standard deviation. All changes are p < 0.01.











	Test
	Ti0
	Year
	Shift





	Median
	11.96
	1990
	0.29



	
	0.72
	0.47
	0.01



	Station uncertainty
	10.95
	1989
	0.28



	
	1.86
	1.94
	0.04



	Overall uncertainty
	10.70
	1989
	0.29



	
	1.86
	1.94
	0.04



	Bias sampling
	10.37
	1990
	0.29



	
	1.74
	1.96
	0.03
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Table 5. Bivariate test result (Ti0), year of shift, and p-value for regime changes in pairs with the reference first for temperature (T) specific humidity (q in g kg−1) and relative humidity (RH in %) from HadISDH data. NR is no result, given for p > 0.1 values.
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	Region
	Variable
	Ti0
	Year
	Shift
	p-Value
	Ti0
	Year
	Shift
	p-Value





	NH ocean
	T-q
	6.6
	1987
	0.05
	NR
	
	
	
	



	
	T-RH/q-RH
	
	
	
	
	8.5
	1978
	−0.30
	p < 0.05



	
	
	11.1
	2000
	−0.31
	p < 0.05
	18.6
	1998
	−0.42
	p < 0.01



	
	
	9.4
	2014
	−0.44
	p < 0.05
	16.4
	2014
	−0.63
	p < 0.01



	NH land
	T-q
	7.3
	2004
	−0.07
	NR
	
	
	
	



	
	T-RH/q-RH
	8.9
	1999
	−0.46
	p < 0.05
	10.9
	1999
	−0.44
	p~0.01



	
	
	12.7
	2006
	−0.62
	p < 0.01
	14.5
	2006
	−0.62
	p < 0.01



	NH blended
	T-q
	10.0
	1988
	0.07
	p < 0.05
	
	
	
	



	
	T-RH/q-RH
	13.0
	1991
	0.29
	p < 0.01
	11.0
	1991
	0.28
	p < 0.01



	
	
	10.3
	1999
	−0.40
	p < 0.01
	16.8
	1999
	−0.61
	p < 0.01



	
	
	11.5
	2008
	−0.36
	p < 0.01
	13.9
	2014
	−0.66
	p < 0.01



	SH ocean
	T-q
	20.4
	1985
	−0.12
	p < 0.01
	
	
	
	



	
	T-RH/q-RH
	23.7
	1985
	−0.88
	p < 0.01
	13.6
	1983
	−0.59
	p < 0.01



	
	
	
	
	
	
	15.6
	1998
	−0.49
	p < 0.01



	SH land
	T-q
	5.7
	2002
	−0.10
	NR
	
	
	
	



	
	T-RH/q-RH
	8.7
	2002
	−0.80
	p < 0.1
	11.8
	2002
	−0.66
	p < 0.01



	
	
	
	
	
	
	11.4
	2012
	−0.88
	p < 0.01



	SH blended
	T-q
	6.3
	1975
	−0.16
	NR
	
	
	
	



	
	T-RH/q-RH
	
	
	
	
	9.8
	1985
	−0.40
	p < 0.05



	
	
	11.3
	2002
	−0.61
	p < 0.05
	12.4
	2002
	−0.50
	p < 0.01



	
	
	8.0
	2016
	0.83
	p < 0.05
	9.3
	2012
	−0.47
	p < 0.05



	Global ocean
	T-q
	6.1
	1982
	−0.06
	NR
	
	
	
	



	
	T-RH/q-RH
	12.3
	1982
	−0.34
	p < 0.01
	20.6
	1982
	−0.42
	p < 0.01



	
	
	
	
	
	
	13.4
	2013
	−0.33
	p < 0.01



	Global land
	T-q
	7.8
	2004
	−0.08
	p < 0.1
	
	
	
	



	
	T-RH/q-RH
	25.2
	2005
	−0.71
	p < 0.01
	24.2
	2002
	−0.60
	p < 0.01



	
	
	
	
	
	
	10.0
	2012
	−0.43
	p < 0.01



	Global blended
	T-q
	5.0
	2002
	−0.05
	NR
	
	
	
	



	
	T-RH/q-RH
	8.2
	1982
	−0.22
	p~0.05
	9.6
	1982
	−0.21
	p < 0.05



	
	
	14.8
	2002
	−0.36
	p < 0.01
	17.4
	2002
	−0.33
	p < 0.01



	
	
	11.5
	2012
	−0.32
	p < 0.01
	13.5
	2012
	−0.33
	p < 0.01



	Tropical ocean
	T-q
	9.4
	2017
	0.13
	p < 0.05
	
	
	
	



	
	T-RH/q-RH
	
	
	
	
	12.0
	1982
	−0.62
	p < 0.1



	
	
	
	
	
	
	9.3
	1988
	0.35
	p < 0.05



	Tropical land
	T-q
	7.7
	1995
	0.10
	p < 0.1
	
	
	
	



	
	T-RH/q-RH
	11.5
	1978
	0.60
	p < 0.01
	8.7
	2012
	−0.46
	p < 0.1



	Tropical blended
	T-q
	4.1
	1995
	0.05
	NR
	
	
	
	



	
	T-RH/q-RH
	4.5
	1995
	0.19
	NR
	12.1
	1982
	−0.53
	p < 0.05
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