
The Stippled Gridpoints are Statistically Significant: (Mis)uses of
False Discovery Rate Correction for Geospatial Data
Michael Konrad Schutte1,2, Leonardo Olivetti1,2, Flavio Maria Emanuele Pons3,4, and
Gabriele Messori1,2,5

1Department of Earth Sciences, Uppsala University, Uppsala, Sweden
2Swedish Centre for Impacts of Climate Extremes (climes), Uppsala University, Uppsala, Sweden
3Laboratoire des Sciences du Climat et de l’Environnement, UMR 8212 CEA-CNRS-UVSQ, Université Paris-Saclay, IPSL,
91191 Gif-sur-Yvette, France
4Science Partners, Paris, France
5Department of Meteorology, Stockholm University, Stockholm, Sweden

Correspondence: Michael Konrad Schutte (michael.schutte@geo.uu.se)

Abstract. Peer-reviewed articles in the geosciences routinely assess statistical significance in spatially distributed data. Sta-

tistical significance is often assessed independently at each grid point, while formal adjustment for multiple testing is applied

less consistently. Although several approaches to account for multiple testing exist, their application to geosciences data is not

always straightforward, as these data often exhibit spatially coherent signals.

In this work, we revisit multiple-testing correction in the context of spatially structured datasets. We first highlight how ne-5

glecting multiple testing correction can substantially inflate the number of false positives. We further show that the global false

discovery rate (FDR) approach, proposed in literature for application in geosciences, can yield counterintuitive and potentially

misleading results when applied to spatially coherent signals. To illustrate the latter point, we provide an example based on

near-surface air temperature composites following sudden stratospheric warmings. We show that when anomalies are spatially

coherent, restricting the spatial domain can increase the FDR-adjusted significance threshold. Consequently, the same under-10

lying field can appear more statistically significant solely due to domain selection, despite unchanged data. We explain this

behavior from the rank-based structure of the FDR procedure and discuss its implications for spatial inference and uncertainty

quantification in the geosciences.

Building on these insights, we outline practical recommendations for transparent and robust significance assessment in geo-

scientific applications. These include clearly documenting multiple-testing corrections when adjusted pointwise significance is15

shown, cautious interpretation of adjusted thresholds, and considering spatially aware alternatives such as regional or cluster-

based inference when appropriate. Overall, our results highlight both the need to account for multiple-testing and potential

issues with a naïve application and interpretation of the FDR correction. We hope that our work may contribute to more robust

statistical testing in the geosciences.
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1 Introduction20

Highlighting regions with statistically significant signals on maps is very common in the analysis of geospatial data, including

model-evaluation, observational diagnostics and event composites (e.g., Deser et al., 2012; Eade et al., 2014; Butler et al.,

2017). This approach supports hypothesis-testing and interpretation of results, and can also translate into real-world decision-

making, e.g., in the case of forecast evaluation (e.g., Jeuring et al., 2024; Pappenberger et al., 2019; Taggart and Wilke, 2025).

However, the common practice of applying a pointwise significance test at each data point (i.e. repeated local tests) introduces25

a fundamental statistical issue: when hypothesis tests are conducted multiple times, the probability of finding apparently signif-

icant results purely by chance increases sharply. For example, if 100 independent grid points are tested at the 5 % significance

level, one would expect on average five points to appear “significant” even in the absence of any true signal (i.e. false rejections

of the null hypothesis). However, for any single sample, this number may be higher. Moreover, the chance of at least one spu-

rious rejection is extremely high: 99.41% when performing 100 local tests. This point was eloquently made by Wilks (2016).30

However, the geosciences community has been aware of this issue for well over a century (Walker, 1914) and the issue has

since been revisited regularly (e.g., Livezey and Chen, 1983; Katz and Brown, 1991; Katz, 2002; Wilks, 2006, 2016).

To avoid inflating the number of false rejections, adjustment for multiple testing is required. A variety of approaches have

been proposed to address this issue, including family-wise error rate control (e.g., Walker, 1914), field significance methods

(e.g., Livezey and Chen, 1983), and, more recently, false discovery rate (FDR) control (Benjamini and Hochberg, 1995). FDR35

aims to limit the expected proportion of falsely rejected hypotheses among all tests, and is widely applied in many fields such

as genomics or neuroimaging (e.g., Noble, 2009; Alberton et al., 2020). The original paper by Benjamini and Hochberg (1995)

has accumulated more than 125,000 citations according to Google Scholar. Following the review and recommendations of

Wilks (2016), FDR has also become the de facto golden standard for multiple-testing correction in geoscientific applications.

Nonetheless, it is still implemented sporadically in the field. When randomly sampling fifty articles from meteorology and cli-40

mate science cited by the IPCC Sixth Assessment Report, Chapter 11 (Seneviratne et al., 2021), discussing how anthropogenic

climate change affects weather and climate extreme events, we found that 18 studies assessed statistical significance on a map,

of which 17 without multiple testing correction. Only one article implemented a correction, using FDR. These numbers are

consistent with previous empirical observations of the same issue (e.g., Wilks, 2016).

However, even the application and interpretation of FDR can be problematic. FDR is often misunderstood as adjusting the45

significance threshold for each individual grid point, making it "harder" for a point to be considered significant. The last author

of this study has himself implicitly adopted this fallacious interpretation in some of his past work. While FDR does control the

global error rate, it does not provide any guarantee for individual grid points. In some applications, the resulting FDR threshold

may even be higher than the uncorrected threshold. That is, some gridpoints become significant only after the FDR correction.

This effect is highly sensitive to the choice of domain. Interpreting FDR-corrected significance on maps as if each highlighted50

grid point were locally significant can therefore be misleading.

In this work, we aim to raise awareness of these issues and argue that: (i) Any depiction of pointwise statistical significance

on maps must be accompanied by an explicit and appropriate multiple-testing correction; and (ii) the FDR procedure can yield
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misleading thresholds if misunderstood or deliberately exploited. We illustrate these points with an example based on mete-

orological reanalysis data. Finally, we conclude with some practical recommendations for transparent and robust significance55

testing in the geosciences and its interpretation.

2 The false discovery rate

Under the assumption of independent tests, the number of falsely rejected null hypotheses is a random variable following a

binomial distribution with probability α, the chosen significance level (Wilks, 2016). Consequently, the probability of obtain-

ing at least one false positive approaches unity as the number of tests increases. For the commonly used 5% significance level,60

the probability of no false rejections is (1− 0.05)n, where n is the number of tests. In high-resolution gridded maps contain-

ing thousands of grid points, at least one false rejection is therefore almost certain. Moreover, the expected number of false

rejections scales linearly with n (the expected value of the binomial distribution is n ·α), implying that hundreds of spuriously

significant grid points may appear in a single high-resolution map (e.g., on average about 500 for n= 10,000 grid-points).

A commonly-used approach in the geosciences to address this issue is the FDR correction (Benjamini and Hochberg, 1995).65

FDR is defined as the expected proportion of incorrectly rejected null hypotheses among all rejected hypotheses. For example,

an FDR level of αFDR = 0.1 implies that, on average, 10% of rejected null hypotheses are false positives. In practice, the

p-values from the local tests are first sorted in ascending order and a FDR threshold is defined as

p∗FDR = max
i=1,...,Ntests

[
pi : pi ≤

(
i

Ntests

)
αFDR

]
, (1)

so that all p-values smaller than or equal to the largest p-value satisfying this condition are considered statistically significant.70

If no local p-value satisfies this condition, the field as a whole does not reach statistical significance, implying that all apparent

local discoveries may be spurious–an interpretation analogous to that of field significance tests.

The appeal of FDR for geoscientific applications lies primarily in its ease of implementation and apparent ease of inter-

pretation, as well as its robustness to violations of test independence (Wilks, 2016). Indeed, numerical experiments by Wilks

(2016) show that FDR performs well even in the presence of strong spatial autocorrelation – as is commonly the case in many75

geophysical fields – whereas earlier approaches such as field significance testing are highly sensitive to spatial dependence

(Livezey and Chen, 1983).

However, while FDR provides a valid control of a global error rate, it does not necessarily render individual tests more

conservative in a local sense. Based on simulations with spatially autocorrelated data, Wilks (2016) recommends selecting

an αFDR approximately twice as large as the target field significance level in order to avoid overly restrictive thresholds.80

This recommendation is well-motivated for large-scale maps in which statistically significant signals are sparse and spatially

restricted, yet it exposes an important limitation of the FDR procedure. Because the FDR threshold p∗FDR depends on the rank

ordering of local p-values, it can become counterintuitively permissive when applied to a spatial subset exhibiting a prevalent

signal. In practice, selecting αFDR approximately twice as large as the target field significance level can lead to corrected

thresholds that exceed the nominal local significance level. This may produce the counterintuitive outcome that more grid85
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points appear statistically significant following FDR correction than when using uncorrected local tests. This is particularly an

issue if the region of interest is selected ad hoc following exploratory analysis.

FDR operates by controlling a set-level property of the rejected hypotheses, rather than adjusting the error probability at

each grid point. When FDR results are visualized in the same manner as pointwise significance maps, this distinction is easily

obscured, encouraging local interpretations that the method does not support. In contrast to pointwise testing, which bounds90

the false-positive probability at each location, FDR constrains only the expected fraction of false positives among all declared

discoveries. As a result, FDR-based significance should not be interpreted as a local measure of statistical significance. This

point is illustrated with a real-world case study in the next section.

3 Example of assessing statistical significance with meteorological data

We now illustrate how the FDR procedure by Benjamini and Hochberg (1995) can yield corrected thresholds that exceed the95

nominal local significance level and how markedly different apparent patterns of statistical significance can result from the

same underlying data, solely as a consequence of changing the analysis domain. Employing an example from meteorology, we

show composites of 2-m air temperature (t2m) anomalies, averaged over the 60 days following Sudden Stratospheric Warming

events (SSWs; e.g., Baldwin et al., 2021; Lee et al., 2025). It is well-documented that SSWs often result in near-surface

responses, for instance showing below-average temperatures over northern Eurasia (e.g., Kolstad et al., 2010; Butler et al.,100

2017). However, considerable uncertainty remains in the exact location and magnitude of these anomalies due to variability in

stratosphere-troposphere coupling (e.g., Oehrlein et al., 2021; Kolstad et al., 2022). In the following, we illustrate how domain

choice affects the visual interpretation of statistical significance in this example.

3.1 Temperature data and p-value computation

The temperature field is obtained from ERA5 reanalysis (Hersbach et al., 2020), a widely used data set in meteorology. We105

use t2m data over the Northern Hemisphere North of 20◦N with a horizontal resolution of 0.5◦. Temperature anomalies are

computed by subtracting a smoothed seasonal cycle (15-day centered running mean). SSW dates are obtained from the Sudden

Stratospheric Warming Compendium (Butler et al., 2017; Butler, 2025), based on the conventional definition of reversal of 10

hPa zonal winds at 60◦N (Charlton and Polvani, 2007).

To test the statistical significance of the t2m anomalies, we assess at each grid point whether the 60-day mean t2m anomaly110

following the SSW dates is colder than climatology. The climatological distribution of t2m is estimated through a resampling

approach with replacement: the mean of randomly selected 60-day periods from extended winter (November–March) is com-

puted 10,000 times. Following this, at each grid point the p-value of the composite anomaly is computed using a one-sided

Welch’s t-test, assessing whether the t2m anomaly during SSWs is significantly colder than climatology.
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3.2 Statistical significance assessment115

Assessing statistical significance with independent tests for a 5% threshold at each grid point highlights broad regions of

significant cold temperature anomalies (Fig. 1a). Even relatively weak anomalies, for example over the North Atlantic or over

North America, are marked as statistically significant. Regardless of the lower temperature variability over oceans than over

land, one may suspect that the significance of some signals is spurious.

Applying the FDR correction as recommended by Wilks (2016) with α= 0.1 to all grid points between 20◦N and 90◦N,120

reduces the number of points marked as statistically significant (Fig. 1b). In agreement with earlier studies, northern Eurasia

stands out as the region with the clearest signal of significant below-average temperatures following SSWs (e.g., Kolstad et al.,

2010; Butler et al., 2017). In this case, the FDR correction suppresses points with relatively weak signals, as these points could

be linked to false rejections, while retaining signals with the highest amplitudes.

We now restrict our attention to t2m anomalies over Northern Europe (55◦N - 70◦N, 4◦E - 32◦E), which has been highlighted125

as a region experiencing colder than usual temperatures following SSWs in a number of studies (e.g., King et al., 2019; Kolstad

et al., 2010; Monnin et al., 2022). If the FDR correction is applied only to grid points within northern Europe, the cold anomalies

over nearly the entire region appears statistically significant (Fig. 1d). This is in sharp contrast to the case where FDR is applied

on the full hemispheric analysis domain (cf. Fig. 1c to d). The number of stippled gridpoints is even larger than the uncorrected

significance testing case (cf. Fig. 1d to Fig. A1). The discrepancy occurs even though the underlying temperature anomaly field130

is identical in all cases. It arises from the dependence of the FDR threshold p∗FDR on the rank ordering of p-values. Restricting

the analysis to a region dominated by low p-values increases the adjusted threshold, allowing a larger fraction of points to

satisfy the corrected value.

To better understand this behavior, we examine the ranked p-values and corresponding thresholds of negative t2m anomalies

(Fig. 2). When the correction is applied to all grid points between 20◦N and 90◦N, the intersection defining p∗ (Eq. 1) is found135

at p∗ ≈ 0.9%, well below 5% (Fig. 2a). In contrast, when the correction is applied only to Northern Europe, p∗ is an order of

magnitude higher (Fig. 2b). This difference arises because the p-values over Northern Europe are generally small, increasing

the fraction of points below the i
N α line when fewer grid points are considered. While the absolute distribution of p-values

over northern Europe remains unchanged, their relative ranks within the smaller test family differ, resulting in a substantially

more permissive threshold.140

4 The domain dependence of FDR correction

The example above illustrates that the false discovery rate (FDR) correction as commonly implemented in geoscience appli-

cations can yield less restrictive thresholds than the uncorrected statistical test when applied to spatial domains dominated by

coherent signals. This behavior follows directly from the way the Benjamini–Hochberg procedure is defined (Benjamini and

Hochberg, 1995), which identifies the critical p-value threshold p∗ as the largest p-value satisfying Eq. 1.145

When only a small fraction of p-values in the full set are low, the line i
N α intersects the sorted p-values at a low relative rank

i
N , resulting in a relatively strict (low) threshold. Conversely, when the analysis is restricted to a domain dominated by low p-
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Figure 1. Composites of 2-m air temperature anomalies averaged over 60 days following SSWs. Statistical significance of cold anomalies is

indicated by horizontal hatching for all grid points north of 20◦N with respect to: (a) A local 5% significance level using a one-sided Welch’s

t-test and (b) adjusted with the FDR correction. Panel (c) shows the same hatching as in the red box in panel (b), while panel (d) shows

horizontal hatching for the FDR corrected significance with respect to only northern European grid points. The subtitles in panels (b) to (d)

further indicate the FDR adjusted p-value as p*. A zoomed-in map of northern Europe for the local 5% significance level is found in Fig. A1.
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Figure 2. Ranked p-values (colored line) and the FDR threshold (black line) for: (a) All grid points north of 20◦N (Fig. 1 b) and (b) Northern

Europe (Fig. 1 d). In both panels, the red dotted line indicates the significance threshold obtained from the respective FDR correction, the

black dashed line indicates the 5% significance level. Histograms to the right of each panel show the distribution of p-values. Note that both

panels only show p-values below 0.14 for improved readability. Fig. A2 shows all p-values, including those above 0.14.

values, the ratio i
N changes such that the intersection occurs at a higher p-value, effectively relaxing the threshold for declaring

significance. In other words, the same underlying field can yield an apparently higher fraction of “significant” gridpoints if

reducing the spatial domain than both the FDR correction applied to a larger domain and the uncorrected case.150

Crucially, this behavior reflects a fundamental tension between a set-level error criterion and the local interpretation en-

couraged by significance maps. Coherent anomalies, such as large-scale temperature responses, generate clusters of similar

p-values that alter the rank structure on which the Benjamini–Hochberg procedure operates. While FDR remains valid under

many forms of spatial dependence, its sensitivity to rank ordering implies that spatial context and domain choice can strongly

influence the resulting significance threshold, and hence the apparent robustness and spatial extent of detected signals. Yet, this155

behavior only applies to domains dominated by points with relatively large amplitudes, i.e., the FDR correction reduces the

significance threshold p∗ as expected for domains containing only few grid points with strong anomalies.

5 Some practical recommendations

The previous sections demonstrate that statistical significance assessment with geospatial data can be misleading, and control-

ling for the global error rate comes with its own complexities and pitfalls. In particular, FDR correction can invite inappropriate160

local interpretations when results are visualized on maps, leading to strongly domain-dependent conclusions. Table 1 summa-
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rizes a set of practical recommendations aimed at improving robustness, interpretability, and transparency in geoscientific

significance assessment. We briefly elaborate on these points below.

A first requirement is transparent reporting of all statistical assumptions. Studies should clearly specify the null hypothesis,

test sidedness, test statistic, and significance level. Furthermore, if point-wise testing is appropriate, the point-wise significance165

level, and the number of tests performed should be reported. Likewise, one should explicitly state whether multiple-testing

correction has been applied and, if so, the resulting adjusted threshold. Visualizing the behavior of the FDR procedure, for ex-

ample through ranked p-value plots as shown in Fig. 2, can substantially improve interpretability and facilitate open discussion

of statistical decisions.

Equally important is defining the testing domain a priori. Selecting or modifying spatial domains after inspecting results170

changes the family of hypotheses being tested and can substantially alter the adjusted significance threshold. As demonstrated

in Sect. 3.2, such post-hoc choices may result in misleading interpretations. When widespread anomalies produce unusually

permissive FDR thresholds, authors may consider capping the adjusted threshold at a predefined level (e.g. 5%), provided this

choice is stated explicitly.

An additional question is whether pointwise testing is appropriate at all. Geophysical signals may exhibit strong spatial co-175

herence, while sample sizes remain limited. Sometimes, the sample size may even be too low to perform statistical testing with

sufficient statistical power, which should be stated clearly in that case. Furthermore, grid-point testing may overemphasize spa-

tial detail relative to statistical certainty. In many applications the scientific question concerns the existence of a regional-scale

anomaly rather than the significance of individual grid points. When spatial coherence is expected, spatially aware approaches

can provide a more consistent alternative to pointwise hypothesis testing. Instead of evaluating each grid point independently,180

the analysis can be performed on spatially aggregated quantities that better reflect the underlying physical structure of the

system. Examples include regional averages, spatial clusters, or object-based approaches, in which coherent features such as

anomalies, circulation patterns, or contiguous regions exceeding a predefined threshold are identified and treated as the statis-

tical units of analysis. By reducing the dimensionality of the problem, these approaches decrease the number of independent

tests and align statistical inference more closely with physically meaningful structures.185

The regional mean temperature analysis presented above provides a simple illustration. Considering only land points, the

regional mean 60-day t2m anomaly over northern Europe lies well below its resampled climatological distribution and can

be assessed using a single hypothesis test (p= 3.98 · 10−9 for a mean anomaly of −0.94◦C). In this case, inference focuses

directly on the question whether a coherent regional response exists, rather than on hundreds of individual grid-point tests

whose outcomes are strongly correlated.190

Another practical aspect concerns the choice of the FDR level itself. In most applications, the FDR level α is selected a priori

(e.g. α= 0.1 following Wilks (2016)) and treated as independent of the data structure. However, our example suggests that the

effective behavior of the FDR procedure depends not only on α, but also on the proportion of nominally significant tests (e.g.,

at the 5% level) and the spatial coherence of the field. Thus, one may consider adapting the FDR level based on properties of the

tested field, such as the fraction of significant nominal tests or the ratio between domain size and spatial autocorrelation length195

scale. For example, one could reduce an initial αin = 0.1 to αeff = αin · exp(−Nsig,0.05/N) which accounts for the fraction
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Table 1. Practical recommendations for assessing statistical significance in geospatial data.

Recommendation Explanation Examples

Specify statistical assumptions

transparently

State null hypothesis, test sidedness, test statistic, and significance

level. If pointwise significance testing is appropriate, report the

number of tests performed. If multiple test correction is applied,

also report all relevant information for correct interpretation and re-

producibility (methodology, adjusted threshold p∗ and significance

level).

(Scientific best practice)

Visualize FDR behavior If FDR correction is applied, show sorted p-values together with

the α i
N

decision line to illustrate how the rejection threshold is ob-

tained.

Wilks (2016); Fig. 2

Avoid post-hoc domain

changes

Define spatial domain and masks before significance testing; chang-

ing domains alters the hypothesis family, inferred threshold and in-

flates the de facto number of tests being performed (Gelman and

Loken, 2019)

Sec. 3.2.

Interpret large adjusted thresh-

olds cautiously

When anomalies with relatively high amplitudes cover large frac-

tions of the domain, FDR-adjusted threshold can become unrealis-

tically permissive; optionally cap thresholds (e.g. at 5%) and report

this explicitly.

Schutte et al. (2025)

Check applicability of point-

wise tests

Avoid point-wise testing when the sample size is limited or spatial

coherence dominates the signal.

Cortés et al. (2020); Kolstad et al.

(2022)

Use spatially aware methods

when appropriate

When spatial coherence is expected, consider regional averages,

cluster-based tests, or object-based approaches reducing either the

FDR level α or N .

Lembo et al. (2026); Sun et al.

(2015); Faranda and Alberti

(2026); Wilks (2006)

of significant grid points at the point-wise 5% level Nsig,0.05 and all grid points of a given domain N (Fig. A3). We note that

the function to adjust α is just an example and may reduce the statistical interpretability of the FDR correction method.

Motivated by the role of spatial dependence highlighted above, one may also consider intermediate approaches that retain

grid-point information while accounting for spatial dependence more explicitly. One possible extension is a modified field-200

significance criterion based on the Walker approach (Wilks, 2006), in which the total number of tests N is replaced by an

effective number of independent tests:

p∗ = 1− (1−α0)
1/Neff (2)

Here, Neff <N represents the reduced, effective number of degrees of freedom implied by spatial dependence among grid

points. In practice, Neff may be estimated from the spatial autocorrelation structure, for example using an integrated correlation205
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area (Neff =N/NICA; Faranda and Alberti 2026), or from other definitions of spatial objects or clusters. Framed in this way,

Eq. (2) can be interpreted as a pragmatic compromise between fully pointwise inference and purely regional testing.

However, estimating Neff reliably remains challenging. Spatial correlations are typically non-stationary and anisotropic,

and their structure varies across variables, regions, and temporal scales. As noted by Wilks (2016), these difficulties limit the

robustness of methods that rely on a single global estimate of independence. While such approaches could be useful if Neff can210

be estimated reliably, they should not currently be viewed as universal replacements for established multiple-testing procedures.

In this sense, both adapting the FDR level and estimating Neff can be viewed as attempts to reconcile multiple-testing control

with the effective dimensionality imposed by spatial dependence.

6 Conclusions

The peer-reviewed geosciences literature routinely presents statistical significance on spatial maps. Multiple testing correction215

is essential for any inference drawn from such analyses. Yet, such correction should be applied with care. In this work, we have

highlighted a specific caveat of the widely adopted false discovery rate (FDR) correction proposed by Wilks (2016): when a

large fraction of grid points exhibit strong anomalies, the resulting FDR threshold can become relatively permissive, potentially

leading to overconfident conclusions if significance is interpreted grid point-wise.

This behavior does not imply that FDR procedures are inherently flawed. Rather, it reflects a mismatch between the aim of220

the FDR correction method suggested by Wilks (2016) and the interpretation that is typically given of statistical significance

in a spatial map. Because the FDR threshold depends on the global rank distribution of p-values, it is sensitive to spatial

coherence, domain definition, and the proportion of affected grid points. As a result, statistical conclusions derived from maps

can change in ways that appear counterintuitive when the tested spatial domain is modified, even if the underlying physical

signal remains unchanged.225

We have proposed a set of practical recommendations to improve the robustness and transparency of statistical assessments in

geospatial analyses. These include clearly reporting the applied correction method along with all relevant information, cautious

interpretation of adjusted thresholds, and considering spatially aware alternatives when appropriate. Such considerations are

crucial to ensure reproducibility, comparability and interpretability across studies.

Ultimately, significance assessment in geospatial data involves a trade-off between interpretability and statistical rigor. Point-230

wise inference provides intuitive spatial detail but risks overstating confidence, whereas spatially aggregated approaches offer

stronger error control at the expense of spatial specificity. Developing methods that balance these competing goals while re-

maining computationally efficient and interpretable remains an important direction for future research.

Code and data availability. ERA5 data is freely available from https://doi.org/10.24381/cds.bd0915c6 (Hersbach et al., 2025). The code to

create the figures is available from the authors upon request.235
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Appendix A: Supplementary figures

Figure A1. Composites of 2-m air temperature anomalies averaged over 60 days following SSWs. Horizontal hatching indicates statistical

significance of cold anomalies with respect to a local 5% significance level.
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Figure A2. As Fig. 2, but showing all p-values, including those above 0.14.
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Figure A3. Example of using FDR correction with the FDR level α being adjusted with respect to the fraction of grid points exceeding the

local 5% significance level to all grid points as described in Sec. 5. The first row shows results for all grid points north of 20◦N, the second

row shows results for northern Europe, as defined in Sec. 3.2 and indicated by the red box in panel (a). The left column shows composites of

2-m air temperature anomalies averaged over 60 days following SSWs. Statistical significance of cold anomalies is indicated by horizontal

hatching. The right column shows the ranked p-values (colored line) and the FDR threshold (black line). In both panels, the red dotted line

indicates the significance threshold obtained from the respective FDR correction, the black dashed line indicates the 5% significance level.

Histograms to the right of each panel show the distribution of p-values. Note that both panels only show p-values below 0.14 for improved

readability.
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