
Stability specifications for climate data 
records: their meaning and application in 
evaluating geophysical trend uncertainty 
Article 

Published Version 

Creative Commons: Attribution 4.0 (CC-BY) 

Open Access 

Merchant, C. J. ORCID: https://orcid.org/0000-0003-4687-
9850, Woolliams, E. R., Dorigo, W., Bulgin, C. E. ORCID: 
https://orcid.org/0000-0003-4368-7386, Gobron, K., 
Hohensinn, R., Loizeau, X. and Tynan, C. P. J. (2026) Stability 
specifications for climate data records: their meaning and 
application in evaluating geophysical trend uncertainty. 
Surveys in Geophysics. ISSN 1573-0956 doi: 10.1007/s10712-
026-09941-y Available at https://centaur.reading.ac.uk/128460/

It is advisable to refer to the publisher’s version if you intend to cite from the 
work.  See Guidance on citing  .

To link to this article DOI: http://dx.doi.org/10.1007/s10712-026-09941-y 

Publisher: Springer 

All outputs in CentAUR are protected by Intellectual Property Rights law, 
including copyright law. Copyright and IPR is retained by the creators or other 
copyright holders. Terms and conditions for use of this material are defined in 
the End User Agreement  . 

http://centaur.reading.ac.uk/71187/10/CentAUR%20citing%20guide.pdf
http://centaur.reading.ac.uk/licence


www.reading.ac.uk/centaur   

CentAUR 

Central Archive at the University of Reading 
Reading’s research outputs online

http://www.reading.ac.uk/centaur


Vol.:(0123456789)

Surveys in Geophysics
https://doi.org/10.1007/s10712-026-09941-y

Stability Specifications for Climate Data Records: Their 
Meaning and Application in Evaluating Geophysical Trend 
Uncertainty

Christopher J. Merchant1   · Emma R. Woolliams2 · Wouter Dorigo3 · Claire E. Bulgin1 · 
Kevin Gobron4,5 · Roland Hohensinn6,7 · Xavier Loizeau2 · Connor P. J. Tynan2

Received: 18 September 2025 / Accepted: 4 February 2026 
© The Author(s) 2026

Abstract
When quantifying changes over time in the natural environment, the stability of the obser-
vations used should be considered. Stability conceptually refers to how accurately true 
geophysical changes and trends are reflected in observational data. We argue the need for 
a better approach to defining and quantifying stability consistently across climate data 
records. We propose that the appropriate stability metric is the stability uncertainty for 
specified spatial and temporal scales. We formally define stability uncertainty by analogy 
with metrological measurement uncertainty. Informally, stability uncertainty informs data 
analysts about the plausible magnitude of a non-geophysical contribution to trend values 
arising solely from the observing system. Neglecting the stability uncertainty leads to over-
confident assessment of the significance of geophysical trends inferred from observations. 
We recommend that adopting this metric would greatly improve the clarity and practical 
impact of the Global Climate Observing System (GCOS) statements of requirement for 
stability of essential climate variable (ECV) products. Moreover, GCOS stability require-
ments would then become a useful resource for users of ECV products when evaluating 
and interpreting trends in observations, helping them avoid unjustified claims for the sig-
nificance of computed trends; a synthetic illustration of such usage is provided.
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1 � Introduction: Observations to Quantify Climate Change

Earth’s climate is changing due to greenhouse gases from fossil fuels and other human 
activities. Observations are vital (Hollmann et  al. 2013) to quantify and understand 
these changes and to model flows of energy, water, and carbon. Observations are used 
to study climate changes, benchmark the current climate, inform government policy 
across sectors, and validate climate models. Observations are crucial for assessing 
temporal trends and underpinning projections of future climate risks, as well as for 
quantifying modes of geophysical variability.

The Global Climate Observing System (GCOS) defines ‘essential climate variables’ 
(ECVs) that require observation (GCOS 2022a, 2022b; GCOS 2016). Space agencies 
are among the organisations responding to GCOS because satellite-based Earth obser-
vations are key to globally quantifying over 20 ECVs (Hollmann et  al. 2013; Schulz 
et al. 2009). This paper focusses on satellite-informed ECV products, here termed "cli-
mate data records" (CDRs; Mittaz et al. 2019). CDRs typically integrate observations 
from multiple satellite platforms, and often incorporate in situ elements of the observ-
ing system as well.

GCOS sets quantitative requirements for CDRs to be useful for climate applica-
tions (GCOS 2022b). These requirements cover spatial resolution, temporal frequency, 
measurement uncertainty, stability, and timeliness. This paper critically reviews the 
concept of stability, offering practical implications for CDR users. This paper is com-
plementary to recent efforts to develop methods for setting CDR requirements objec-
tively (Roebeling et al. 2025) and to aid users in assessing the suitability of CDRs for 
their needs (Dee et al. 2024).

A review of stability concepts is needed because the GCOS definition of the sta-
bility requirement, as detailed in Sect. 3 below, is imprecise, leading to ambiguity in 
whether a CDR is compliant. Consequently, stability assessment methods vary between 
different communities of practice and may be inconsistent. Furthermore, where a sta-
bility statement is provided for a CDR, its precise meaning and application may not be 
obvious to a user. This paper clarifies the meaning of stability as a concept and illus-
trates how users’ analyses can benefit from quantitative stability information.

Previous work (Mittaz et al. 2019; Woolliams 2025; Hunt et al. 2020, 2018; Giering 
et al. 2019; Merchant et al. 2017, 2019; Woolliams et al. 2018; Woolliams et al. 2016) 
(much of it within the Horizon project FIDUCEO) exploited and extended concepts 
from metrology (the science of standards and measurement) to support the understand-
ing, description, and structured quantification of uncertainty in CDRs. This paper 
extends this approach to stability, treating stability as a specific aspect of timeseries 
uncertainty.

The paper is structured as follows: Sect.  2 provides further context on CDRs and 
their climate change applications and discusses the nature of the observation errors in 
CDRs. Section 3 constructively critiques the GCOS approach to stability requirements, 
including its imprecise terminology. Section  4 proposes clearer stability vocabulary, 
informed by metrology. Section 5 uses a synthetic example to illustrate why users need 
stability information from data producers for quantifying changes and trends, and how 
GCOS requirements can still guide users when such information is absent. Section 6 
concludes with a summary of implications and recommendations.
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2 � Context: Climate Data Records

The needs for climate data cover a wide range of time and space scales, from sub-hourly 
point samples to decadal global averages. CDRs are used to analyse temporal changes 
(including parameters describing trends) and spatial differences (gradients), as well as 
many other applications (Dee et al. 2024). Requirements may differ between applications: 
for example, stability requirements are usually most stringent for quantifying climatic 
trends on large scales.

Producers of CDRs aim to provide globally consistent, multidecadal data for ECVs 
(Popp and Mittaz 2022). However, CDRs typically must be made by combining the meas-
ured values of many sensors over more than a decade, which may introduce inconsistency 
through discrepancy of calibrations and because observing systems have evolved. Satellite 
constellations have generally improved in temporal density, spatial resolution, and/or spec-
tral information content. Less obviously, changes in the mean local time-of-day of meas-
urements are significant for CDRs of quantities with a diurnal cycle, as these measurement 
times have sometimes varied over decades (Embury et al. 2024).

Observation errors arise from various effects: errors of calibration or noise in sensor-
measured values; retrieval errors; biased sampling within the time-location domain attrib-
uted to an observation; and misattribution of time or location to an observation. Analyses 
and interpretations of CDRs should therefore account properly for observation uncertainty 
that arises from such effects. The term ‘observation uncertainty’ requires clarification. 
CDRs are typically highly processed products derived from numerous (sometimes trillions 
of) measured values. In the case of satellite-based datasets, the sensor-measured values 
(e.g., radiance values) are used to infer (‘retrieve’) values of the ECV target quantity. Here, 
we use ‘observations’ to refer to retrieved values, space-and-time averages of retrieved val-
ues, and gap-filled estimates derived from retrieved values: these are the types of data com-
monly found in a CDR. Observation error is the difference of an observation from the true 
value (or true average value) of the quantity for the time and location (or time-location 
domain) attributed to the observation. The true value is generally unknown, except for rare 
instances where an independent, traceable reference measured value is available – which 
at best is for a limited number of locations and times. The observation standard uncer-
tainty (hereafter simply ‘uncertainty’) is the standard deviation of the observation error 
distribution. Uncertainty informs the user about the dispersion of values it is reasonable 
to attribute to the ECV quantity given the observation. In other words, given an observed 
value, an associated uncertainty informs us how close to that observed value the true value 
likely was. This clarification of ‘observation uncertainty’ is intended to apply equally for 
individual observations and when averaging or gap-filling has been used to create a CDR, 
as is often done to make the dataset convenient to use.

Even in the absence of a reference, techniques are available to estimate uncertainty in 
CDR observations (Mittaz et al. 2019; Gruber et al. 2016). Inclusion of an uncertainty esti-
mate per observation is good practice if the uncertainty varies significantly within a dataset 
(Merchant et al. 2017).

While some effects are independent between observations, many are not, so correlation 
of the errors between observations is usual in a CDR. Typically, correlated errors contrib-
ute a greater proportion of the uncertainty in the observations of CDRs whose production 
employed more averaging or gap-filling (Mittaz et al. 2019). Those components of obser-
vation error that correlate strongly on long timescales and/or large space scales might be 
referred to as ‘bias’. There is no clean separation between ‘noise’ and ‘bias’ in a CDR; 
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rather, there are many effects spanning a spectrum of spatiotemporal scales of error cor-
relation. Nevertheless, use of ‘bias’ to denote ‘the mean error across large scales’ is useful, 
even though the meaning of ‘large’ may be imprecise and application specific.

Users of CDRs are often interested in using a CDR to characterise long-term changes 
with time—i.e., trends. If bias (in the sense above, and after all applied corrections for 
bias) varies with time, this introduces an error into the evaluation of the trend. GCOS 
intend their stability requirements to constrain the magnitude of errors in trends evaluated 
from CDRs. The next section assesses the fitness for purpose of the formulation of GCOS 
stability requirements.

3 � Critique of ‘Stability’ Requirements.

3.1 � ‘Stability’ in GCOS Documents

In GCOS (2022a), GCOS define the concept of stability as the property of ‘minimal instru-
mental error and drift’ in the observing systems that underpin CDRs. Stability is needed 
because climate monitoring requires the measurement of changes that are ‘gradual and 
usually smaller than annual variability’(ibid.). ‘Drift’ (which is left undefined) typically 
refers to slow changes in sensor or observing system calibration from effects such as detec-
tor ageing.

In GCOS (2022b), GCOS define the quantity of stability as ‘the change in bias over time 
… quoted per decade’. While not defined in the documentation, this ‘change in bias’ is to 
be interpreted as ‘the maximum permissible cumulative effect of systematic changes’ [Egg-
leston, S. (GCOS Secretariat), 2020, https://​ceos.​org/​wp-​conte​nt/​uploa​ds/​2020/​10/​4WGCl​
im12_​Eggle​ston.​pdf]. Implicitly, the ‘systematic changes’ and ‘change in bias’ originate in 
the observing system and affect the values in the CDR but do not reflect true change.

These definitions indicate GCOS’s intent, but their imprecision hinders the development 
of consistent methodologies for quantifying CDR stability and consistently assessing com-
pliance; the rest of this section explains this view. A degree of criticism is necessary to 
expose and resolve the current documentation’s ambiguities and contradictions. Criticisms 
are offered constructively, setting the stage for proposed clarifications in the Sect. 4. Five 
criticisms are presented in the following subsections, mainly relating to the quantitative 
definition in GCOS (2022b).

3.2 � Criticism 1: Literal Meaning Differs from Intent

The first criticism is that GCOS’s literal wording for ‘stability’ (‘change in bias over time’) 
contradicts its intended meaning. GCOS (GCOS 2022b) specifies that a CDR is required to 
have a stability of X units per decade. The principle of substitutability (ISO 2022) is that a 
term can be substituted with its definition without a resulting change of meaning. Substi-
tuting this GCOS definition into a stability requirement implies that a CDR ‘is required to 
have a change in bias over time of X units per decade’. Clearly, this not the intent since the 
ideal change in bias over time is zero.

The literal GCOS wording confuses a deterministic ‘change in bias over time’ with 
the probabilistic ‘uncertainty in change in bias over time’. This uncertainty arises because 
CDR producers can correct for known observing system drifts only imperfectly, leaving 

https://ceos.org/wp-content/uploads/2020/10/4WGClim12_Eggleston.pdf
https://ceos.org/wp-content/uploads/2020/10/4WGClim12_Eggleston.pdf
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residual biases that vary over time. The intent of the GCOS requirement is to constrain the 
likely magnitude of unknown changes in residual bias over time.

3.3 � Criticism 2: ‘Stability’ is the Wrong Name for the Numerical Requirement

Stability is qualitatively understood as a CDR’s property of reliably representing true 
changes over time, which is the usage in GCOS (2022a). However, using "stability" also 
as the term for the quantitative property, as in GCOS (2022b), is problematic, for greater 
stability (concept) corresponds to a smaller quantified ‘stability’. Consider the sort of state-
ment this situation leads to: ‘The new version of the CDR has greater stability (2 units per 
decade) than the previous version (3 units per decade)’. Clearly, the numbers here quantify 
something that is not exactly equivalent to the concept being discussed.

The solution is to separate the qualitative concept of ‘stability’ from the quantitative 
definition of ‘stability uncertainty’ as a specific component of the observation uncertainty. 
There is a parallel with the metrological distinction between the qualitative term ‘accu-
racy’ and its quantification, ‘uncertainty’ (Woolliams 2025; JCGM, 2008), as greater accu-
racy means smaller uncertainty. The proposals in Sect. 4 analogously resolve this issue for 
stability.

3.4 � Criticism 3: Interpretation of the Numerical Requirement: Coverage Factor

The GCOS definition of the numerical requirement for uncertainty states clearly that the 
requirement refers to ‘2 standard deviations’ of the estimated error distribution (a coverage 
factor of two). A similar level of clarity is needed to describe the coverage factor, for any 
numerical requirements targeting the uncertainty in change in bias over time.

Interpreting the ‘stability’ as ‘the maximum permissible cumulative effect of systematic 
changes’ [ibid. Eggleston, 2020] seems intuitive but does not account for the probabilistic 
nature of uncertainty. The change in bias over time after known effects have been corrected 
is unknown, and therefore, it cannot be claimed with certainty to be smaller than a maxi-
mum permissible magnitude.

Instead, CDR producers may be able to estimate the plausible distribution of residual 
changes in bias over time, or to assess the probability that the ‘stability’ is within the 
requirement. For a Gaussian distribution, a coverage factor of two implies acceptance of 
a ~ 5% chance that the magnitude of residual change of bias over time exceeds the numeri-
cal requirement. This low probability seems quite compatible with the intent of the ‘maxi-
mum permissible’ formulation quoted earlier. It is therefore plausible to interpret GCOS 
numerical requirements on stability as quantifying, with a coverage factor of two (or cover-
age probability of 95%), the uncertainty in change in bias over time. This needs definitive 
formal clarification.

3.5 � Criticism 4: Interpretation of the Numerical Requirement: Applicable Spatial 
Scale

CDRs are complex datasets, unlikely to be spatially uniform in either bias or change of 
bias over time. This means that an evaluation of ‘stability’ will vary with the domain of 
evaluation. Five ECVs (sea surface temperature, sea surface salinity, regional mean sea 
level, ground water storage change, and relative humidity in the boundary layer) have a 
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quantitative statement of the spatial scale of relevance for assessing the GCOS stability 
requirement (GCOS 2022b). This is good practice and should be built into the formulation 
of the requirement by default.

For example, consider a CDR for which a key application is the evaluation of trends 
across geographical areas typically ~ 1000 km in extent. The global ‘stability’ of such a 
CDR may well be better than the ‘stability’ for localised areas, so it would be relevant to 
state that the numerical requirement for ‘stability’ is applicable to ~ 1000 km scales.

Sometimes, a user may need to understand stability uncertainty on a range of scales. 
This requires error covariance information across observations separated in time and space: 
a more detailed set of information than can be represented in a statement of stability uncer-
tainty. Practical methods for parameterising such error covariance information have been 
proposed (Mittaz et al. 2019; Merchant et al. 2019). Work to make these ideas operational 
for CDRs still needs to be done, but further discussion goes beyond the scope of this paper.

3.6 � Criticism 5: Interpretation of the Numerical Requirement: Applicable Temporal 
Scale

The unit for numerical requirements on ‘stability’ is ‘units per decade’ in GCOS (2022b). 
What is the intent here? Some infer that the requirement applies to every 10-year interval 
within a record, others that the requirement should be assessed over a record’s full dura-
tion but expressed per decade, and others read this merely as a standardised presentation 
offering no methodological implications. GCOS’ intent here needs to be clarified, as evalu-
ations against the requirements will differ based on the temporal scale used for assessment.

To illustrate this, Fig. 1 shows the stability uncertainty of a hypothetical CDR plotted 
against the interval over which the stability uncertainty is evaluated. For illustration, it is 
assumed that the observation errors are driven by an error process that operates constantly 
throughout the record (whereas reality will be more complicated). Four different error 
processes are depicted (see caption), which by design yield the same stability uncertainty 
when evaluated over 10 years. Over other evaluation intervals, the stability uncertainty dif-
fers from the 10-year “stability”, to a degree that depends on the correlation properties of 
the observation errors under different processes.

In summary, this section has identified some inconsistency and imprecision in the ter-
minology employed by GCOS, and additional information needed to define more fully the 
meaning and evaluation of numerical requirements. Section 4 proposes a set of terminol-
ogy intended to bring the clarity needed to make statements about stability practically use-
ful to users of CDRs seeking to evaluate climatic trends.

4 � A Systematic Terminology for Stability Requirements

In Table  1, we propose a systematic terminology for discussing stability requirements, 
by analogy with the metrological terminology for expressing uncertainty in measurement 
(Woolliams 2025; JCGM 2008). In Table 1, we use ‘trend’ to indicate a quantity character-
ising change of an ECV quantity with time.

The proposed definitions for stability, stability error, and stability (standard) uncer-
tainty mirror the established metrological concepts of accuracy, measurement error, and 
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Fig. 1   a The stability uncertainty from observation errors depends on the time range over which the sta-
bility uncertainty is quantified. The uncertainty in computed trends arising from observation errors tends 
to decrease when the trend is computed over a longer interval, irrespective of the nature of the processes 
causing the errors. This is illustrated for four stationary error processes: an auto-regressive process (cor-
responding to errors that correlate over time with an exponential decay of time constant τ  = 3 months); 
an auto-regressive process with longer memory (τ = 48 months); a random walk process; and pink noise. 
All processes have been normalised in magnitude to give a stability standard uncertainty (‘k = 1’) of 1 unit 
per decade when the stability is evaluated over 10 years. Real CDRs will have observation errors that may 
be characterised by a mixture of these and other types of error process that are not necessarily statistically 
stationary over time. b Randomly selected example timeseries corresponding to each of the four error pro-
cesses. Each series is normalised to cause the same stability standard uncertainty over 10 years, as in panel 
(a) with the same colour coding. Processes with less memory tend to be ‘noisier’ between timesteps for a 
given level of decadal stability standard uncertainty. The series are shown offset in the vertical for legibility 
by setting the first value to 0 (AR �=3), 500 (AR �=48), 1000 (Random Walk) and 1500 (Pink Noise)
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measurement (standard) uncertainty, allowing for precise distinctions between these related 
concepts.

When a trend is derived from a CDR, the resulting trend value is our best estimate of the 
true trend. Because no CDR is perfect, there is a spread of plausible trend values around 
that best estimate associated with the unknown observation errors in the CDR. This dis-
persion equals the stability uncertainty of the CDR. It is typically quantified as a standard 
deviation (a coverage factor of k = 1 ), though other coverage factors could be chosen.

It is important to distinguish between stability uncertainty and statistical fitting uncer-
tainty (Gobron et al. 2026). The former relates solely to the potential impact of observation 
errors on the estimated trend, while the latter arises from the limited length of a time-
series and the presence of unfitted geophysical variability. ‘Unfitted geophysical variabil-
ity’ here means ‘geophysical changes with time that are not represented by a functional 
time-dependence in the statistical model’. Gobron et al. (2026) formulate mathematically 
the propagation of the observational error covariance and unfitted geophysical variance to 
the uncertainty in a trend value.

The term ‘trend’ is used broadly in these definitions to refer to any representation of 
long-term change in an ECV, including straight-line or higher order polynomial fits. While 
the concept of stability uncertainty applies to any such trend parameter, it is most com-
monly associated with the linear trend component. GCOS requirements—given their 
units—are intended specifically to constrain the stability uncertainty of the linear trend 
component. This targeted approach is both practical and effective as it avoids undue 
complexity.

Based on this set of definitions, the GCOS stability requirements might be interpreted 
as specifying a quantitative limit on ‘decadal-scale stability uncertainty with coverage fac-
tor k = 2 ’, implicitly corresponding to a coverage probability of approximately 95%. The 
recommendations in Sect.  6 note that a definitive statement of the intended meaning of 
stability requirements is needed.

5 � Practical implications for Analysing Trends in CDRs

An analyst using a CDR to evaluate a geophysical trend must consider the stability uncer-
tainty of the observations to accurately interpret parameter uncertainties from their fit. If 
the CDR producers do not provide a clear statement on dataset stability (or, even better, an 
error covariance matrix), the analyst should use the GCOS stability requirement for that 
ECV as a guide. If the trend uncertainty from the fit is smaller than or comparable to this 
guide stability uncertainty, the true uncertainty is likely much larger than the fit suggests, 
as the effect of observational uncertainty cannot be ignored. This should, in turn, inform 
the analyst’s statistical and geophysical interpretations of the trend value.

These practical implications are illustrated below with a synthetic example, based on 
characteristics of quasi-global (60°S to 60°N) monthly mean sea surface temperature 
(GMSST). GMSST over the past 40 years has followed a quadratic multidecadal trend, 
with the El Niño Southern Oscillation (ENSO) driving a notable share of the monthly to 
multi-annual variability (Merchant et al. 2025), along with volcanic activity and the solar 
irradiance cycle. Here, a GMSST-like timeseries is made as the sum of a linear trend, an 
annual cycle, a scaled ENSO index, and autocorrelated random variability with a seasonal 
(3-month) timescale. Using synthetic data allows us to know the true underlying trend and 
create multiple realisations of seasonal and observational variability to demonstrate their 
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effect on fitting uncertainty. Observation errors are added, also randomly generated in 
multiple realisations to mimic noise and imperfectly corrected sensor biases. The observa-
tion error series is created with an autocorrelation timescale of 4 years, a typical interval 
between major changes in the satellite observing system for SST (Embury et al. 2024). The 
synthetic timeseries are illustrated in Fig. 2, with more details given in the figure caption.

Each realisation of the synthetic SST data is fitted, and the distribution of the fitted 
slopes across these realisations represents the true trend uncertainty. This can then be 
compared to the uncertainty estimates provided by three different fitting methods: ordi-
nary least squares (OLS) fitting of an offset, a linear trend slope, and magnitude of the 
annual cycle, with the standard equations for estimation of parameter uncertainty assum-
ing independent errors; OLS as before, but explicitly fitting the impact of the ENSO cycle 
using an ENSO index as an additional function in the linear fit; and OLS using the ENSO 
index and additionally using an improved method for parameter uncertainty. The improved 
method in the latter case is implementation of the heteroscedasticity and autocorrelation 
consistent (HAC) covariance estimator (Newey and West 1987), available in Python as an 
option to the function statsmodels.regression.linear_model. The uncertainty estimates of 
parameters in all cases are purely data driven and cannot account for any component of the 
observational errors series that happens not to be orthogonal to the fit functions (annual 
cycle, linear increase and ENSO variability); all results therefore underestimate the true 
trend uncertainty, as shown below.

The observation errors were synthesised to have stability standard uncertainty of 
0.035 K decade−1 evaluated over 10 years. Over the 40-year period, this translates to 
a smaller stability standard uncertainty of 0.007 K decade−1. This factor of 5 decrease 
is similar to the decrease as shown in Fig. 1 for pink noise. The first thing to note from 
Table  2 is that the stability standard uncertainty at 0.007 K decade−1 contributes a 
major part of the true trend uncertainty of 0.011 K decade−1. The difference between 

Fig. 2   A synthetic global ‘sea surface temperature’ dataset with a known linear trend (top, ‘true’ 
slope = 0.12 K decade−1), annual cycle (second panel), ENSO-related variability (third panel), and other 
geophysical variability (fourth panel). The synthetic ‘true’ series (bottom) is a combination of these, 
whereas the ‘observed’ series additionally includes observation errors (fifth panel); the deseasonalised 
timeseries are shown here for clarity. The annual cycle and ENSO index used are from SST CCI (Embury 
et  al. 2024), and the GMSST response is one-tenth of the ENSO index (neglecting the real-world lag in 
response of around 3 months). The characteristics of the ‘other geophysical variability’ are based on the 
properties of the residuals to the multi-factor linear fit of GMSST in Merchant et al. (2025), and are synthe-
sised here as an autocorrelated random (AR 1) process with time constant of 3 months and standard devia-
tion of 0.08 K. The ‘observation errors’ are a combination of: an AR 1 process with exponential time con-
stant of 48 months and standard deviation over the series of 0.215 K; and independent noise with standard 
deviation 0.0337 K. The combined series of observation errors gives a standard uncertainty of 0.04 K (root 
sum of squares of the standard deviations from the two error components) and stability standard uncertainty 
of 0.035 K/decade (evaluated over one decade). These values are purely illustrative but were selected to be 
compatible with GCOS requirements for SST. Both the other geophysical variability and the observation 
errors are generated with 1000 realisations, of which the first examples are shown here. The quoted stability 
standard uncertainty equals the standard deviation across the 1000 observational error series of the linear 
trend over the first decade. An impression of the decadal trend errors associated with this value of stability 
standard uncertainty is given by the decadal linear fits to the observation errors (dashed lines in the fifth 
panel). In the bottom panel, the dashed line is the fit (slope = 0.104 K decade−1) to the ‘observed’ series 
shown. The shaded region indicates the true trend uncertainty (with k = 2 ) arising from the combination 
of stability uncertainty and unfitted geophysical variability. The shading spans the set of straight lines with 
slopes within ± 0.022 K decade−1 of the best-fit slope. The observation error series shown in the fifth panel 
five is a single illustrative realisation; the stability uncertainty shown in the bottom panel is derived from 
the ensemble spread of trend estimates across many such realisations (and cannot be inferred from the illus-
trated realisation alone). For the code used to generate this figure, see (Merchant 2026)

▸
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0.007 K decade−1 arising from observation errors and 0.011 K decade−1 is the statisti-
cal effect of the unfitted ‘other GMSST variability’ on fitted trends.

When OLS is applied without accounting for the ENSO cycle, the fitted trend has 
a mean error (bias) of 0.005 K decade−1. This bias occurs because the ENSO index is 
more positive in later decades (see Fig. 2, third panel). The uncertainty in the linear 
parameter from the standard OLS equations is 0.005 K decade−1, only 45% of the true 
value. This happens because the fit cannot distinguish between the geophysical trend 
and the observational drift.

Adding the ENSO cycle to the OLS fit largely eliminates the bias in the trend esti-
mate but has only a minor impact on the true trend uncertainty, as it is dominated by 
observation errors and other GMSST variability. However, this also causes the fitted 
parameter uncertainty to become even more underestimated (27% of the true value) 
because fitting the ENSO cycle reduces the residuals from which the uncertainty is 
estimated. Despite this, fitting the ENSO cycle is the better choice as it reduces the 
bias in the underlying trend estimate.

Plotting the residuals from the OLS fit reveals autocorrelation (not shown). This 
is due to both the added GMSST variability and the observation errors having some 
persistence. This means that the assumption of errors independently drawn from one 
distribution that underlies the standard equations for parameter uncertainty is violated. 
The implementation of OLS with HAC covariance allows for autocorrelation and het-
eroscedasticity. Using OLS HAC does not change the fits but does increase the esti-
mate of the uncertainty in the linear parameter to 0.007 K decade−1, which is 64% of 
its true value. While improved, this remains an underestimate because the trend in the 
observation errors cannot be isolated from the trend signal from investigation of the 
residuals alone.

Ideally, a timeseries analyst would have access to information about the stabil-
ity standard uncertainty of the observations. Compared to a true trend uncertainty of 
0.011 K decade−1 evaluated over 40 years, the trend uncertainty estimates from the 
fits are clear underestimates. The true trend standard uncertainty cannot be less than 
the stability standard uncertainty. Such information could also inform detailed statisti-
cal modelling for trend uncertainty assessment as presented in Gobron et  al. (2026), 
although it is clear from Fig.  1 that statements of stability uncertainty alone do not 
fully specify the temporal error covariance needed.

If a statement of stability uncertainty is not available for a CDR, an analyst can 
check the plausibility of obtained trend uncertainty against the GCOS stability require-
ments. For SST, ‘threshold’ and ‘goal’ requirements for ‘stability’” are stated to be 0.1 
K decade−1 and 0.01 K decade−1, respectively. The stability uncertainty attained by 
the best CDRs is likely to be somewhere between the threshold and goal values. Not-
withstanding the ambiguities in the present GCOS definitions, reference to the require-
ments would alert an analyst that it would not be justified to quote 0.003 K decade−1 
(as obtained from the second OLS fit) as the uncertainty in a linear trend, because the 
stability of the observations is not sufficient to warrant such precision.
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6 � Conclusion and Recommendations.

The concept of stability needs to be paired with a corresponding clearly defined quan-
tity in order to set requirements intelligibly, to drive self-assessment and innovation on 
the part of observation scientists, and to inform users of climate data records about the 
observation-driven uncertainty in calculated trends.

Known effects (biases) are estimated and/or corrected by producers of climate data 
records, which can be done only imperfectly, that is, with some remaining uncertainty. 
Knowledge of the trend artefacts caused by the observational errors in the data is there-
fore probabilistic. The appropriate metric is therefore probabilistic, namely, stabil-
ity uncertainty, which is a parameter characterising the uncertainty of the trend values 
attributed to a climate variable that arises from observation errors in a CDR. Stability 
standard uncertainty is this metric expressed as one standard deviation. To an analyst 
of data, the stability standard uncertainty provides a minimum value of standard uncer-
tainty attributable to a linear trend parameter derived from the data. Data producers 
should therefore endeavour to provide evaluations of the stability standard uncertainty 
of their timeseries to inform users of their data.

GCOS set numerical requirements for ECV products to which many international ini-
tiatives respond. To maximise the value and impact of requirements setting, we recom-
mend that the meaning of those numerical requirements is clarified. Only then can data 
producers coherently and quantifiably respond to them.

Specifically, we recommend the following:

(1)	 Define the numerical quantity that describes stability as a form of uncertainty – because 
that is what it is. For example, adopt the formal structure of the proposed definitions 
in Table 1, particularly ‘stability uncertainty’.

(2)	 Clarify the temporal scale over which the value of stability uncertainty is to be quanti-
fied, not merely the units of expression.

(3)	 Clarify for each requirement the relevant spatial scale(s) for quantification of the stabil-
ity uncertainty.

(4)	 Clarify the coverage factor applying to stability uncertainty. For example, adopt stabil-
ity standard uncertainty (coverage factor of k = 1 ), or state what expanded uncertainty 
(coverage factor or coverage probability) is intended.

(5)	 Foster efforts by data producers to evaluate the stability uncertainty and to communi-
cate it with their products.

(6)	 Foster understanding by data users that the stability uncertainty can usefully inform 
their interpretation of trends in datasets, avoiding overconfident interpretations.
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