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via the SciPy statistical library. Raw correlations were statistically significant
at all three stations, with LMKS exhibiting a positive association (r = +0.345,
p <0.001) and MXCO and OULU exhibiting negative associations (r = —0.389
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detrending essentially unchanged (r = —0.391, p < 0.001) with converging

Pearson and Spearman coefficients, providing the strongest evidence of a gen-

uine coupling between cosmic ray variability and methane concentration.
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GCR flux explains up to approximately 20% of methane variance (at OULU).
However, after removing long-term trends to isolate sub-decadal covariability,
the maximum robust explained variance is approximately 15% (at MXCO),
confirming that anthropogenic emissions remain the dominant control on at-
mospheric methane while solar modulation constitutes a secondary but statis-
tically detectable influence. These findings highlight the altitude-dependent na-
ture of GCR-atmosphere interactions and underscore the necessity of detrended
analysis in solar-climate correlation studies.
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1. Introduction

The interaction between solar activity, galactic cosmic rays (GCRs), and terrestrial
atmospheric chemistry represents one of the most compelling and debated fron-
tiers in climate science. Understanding these connections carries profound impli-
cations for distinguishing natural climate variability from anthropogenic forcing,
particularly in the context of greenhouse gas dynamics. Among numerous atmos-
pheric constituents, methane (CH,) occupies a unique position: it is both the sec-
ond most important anthropogenic greenhouse gas after carbon dioxide, with a
global warming potential approximately 80 times that of CO, over a 20-year pe-
riod [1], and it is potentially susceptible to modulation by natural ionizing radia-
tion from space. This dual significance motivates the present investigation into
whether solar-modulated galactic cosmic ray flux leaves a detectable statistical im-

print on global atmospheric methane concentrations.

1.1. Galactic Cosmic Rays and Solar Modulation

Galactic cosmic rays are high-energy charged particles which comprises of pro-
tons (~89%), alpha particles (~10%), and heavier nuclei (~1%) which originate
from supernova remnants, active galactic nuclei, and other astrophysical sources
beyond the heliosphere [2]. These particles, with energies ranging from approxi-
mately 10° to 10%° electron volts (eV), travel through interstellar space and en-
counter the heliosphere, the vast magnetic bubble carved by the solar wind into
the interstellar medium. As they propagate inward toward Earth, they interact
with the heliospheric magnetic field, which is itself modulated by the 11-year solar
activity cycle [3] [4].

The mechanism of solar modulation operates through magnetic deflection and
diffusion [5]. During periods of high solar activity (solar maximum), the Sun’s
magnetic field is strong and complex, with numerous sunspots, frequent coronal

mass ejections, and an enhanced interplanetary magnetic field. This turbulent
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magnetic environment more effectively scatters and deflects incoming cosmic ray
particles, reducing their flux at Earth. Conversely, during solar minimum, the he-
liospheric magnetic field weakens and becomes more ordered, permitting greater
GCR penetration to the inner solar system [3].

Importantly, the modulation is energy-dependent. Lower-energy cosmic rays
(below ~1 GeV) are more strongly modulated by solar activity than their higher-
energy counterparts, meaning that the GCR flux reaching different atmospheric
depths varies not only temporally but also with geomagnetic latitude and altitude
[6]. This energy dependence underpins the rationale for multi-altitude neutron
monitor networks: stations at different elevations sampling different portions of
the primary cosmic ray spectrum, providing complementary windows into atmos-

pheric ionization processes.

1.2. Atmospheric Methane: Sources, Sinks, and Trends

Methane is the simplest hydrocarbon and the most abundant organic trace gas in
Earth’s atmosphere [7]. Its atmospheric concentration has risen dramatically since
the “Industrial Revolution”, from pre-industrial levels of approximately 722 parts
per billion (ppb) to over 1900 ppb by the mid-2020s, a more than 2.5-fold increase
unprecedented in at least 800,000 years of ice core records [8]. This rise is respon-
sible for approximately 20% - 25% of the radiative forcing attributable to all well-
mixed green-house gases period [1].

The atmospheric methane budget is governed by a dynamic balance between
surface emissions and atmospheric sinks. Sources are predominantly anthropo-
genic (~60% of total emissions), which include: fossil fuel extraction and combus-
tion (~30%), enteric fermentation in ruminant livestock (~20%), and landfills and
waste management (~10%) [9]. Natural sources which are principally wetlands
(~30%), termites, wildfires, and geological seeps—constitute the remainder. The
primary atmospheric sink (~85% - 90%) is oxidation by the hydroxyl radical (OH)
in the troposphere, with smaller contributions from stratospheric loss (~5%), soil
uptake (~5%), and reactions with chlorine atoms in the marine boundary layer
[10].

The hydroxyl radical (OH), often termed the “detergent of the atmosphere” is
the dominant oxidant controlling the lifetime of methane and many other trace
gases. OH is produced primarily through photolysis of ozone (Os) in the presence
of water vapor and recycled through reactions with nitrogen oxides (NO,) and
other species [11] [12]. Global mean OH concentrations exhibit considerable spa-
tial and temporal variability, with an estimated atmospheric methane lifetime
against OH oxidation of approximately 9.1 + 0.9 years [13]. Critically, any mech-
anism that modulates OH concentrations whether through changes in UV radia-
tion, water vapor, ozone or ionization can indirectly influence methane concen-

trations by altering its primary loss rate.

1.3. Theoretical Mechanisms Linking Cosmic Rays to Methane

The hypothesis that galactic cosmic rays may influence atmospheric methane rests
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on several interconnected physical and chemical pathways, with ionization-driven

hydroxyl radical production occupying the central mechanistic role.

1.3.1. Ionization and OH Production

When primary cosmic rays enter Earth’s atmosphere, they collide with atmos-
pheric nuclei, initiating extensive particle cascades (air showers) comprising sec-
ondary particles which are muons, electrons, neutrons, and protons [14]. These
secondary particlees lose energy through ionization, creating ion pairs along their
trajectories. The ionization rate varies with altitude, latitude, and solar cycle phase,
peaking in the upper troposphere/lower stratosphere (the Pfotzer maximum) at
approximately 12 - 15 km altitude [15].

The generated ions participate in a complex web of ion-molecule reactions. In
the troposphere and stratosphere, positive ions rapidly transfer charge to water
molecules, producing hydrated hydronium ions, while electrons attach to electro-
negative species, particularly oxygen, forming superoxide ions. Crucially, ion
chemistry can enhance OH production through several channels, including direct
ion-neutral reactions, ion-induced ozone depletion affecting OH and charge-en-
hanced nucleation [16] [17]. Studies by [16] using the SOCOL chemistry-climate
model demonstrated that a 20% increase in GCR flux enhances OH concentra-
tions by 2% - 5% in the upper troposphere and lower stratosphere, with corre-

sponding decreases in methane concentration of approximately 1% - 2%.

1.3.2. Altitude Dependence of lonization Effects

The altitude dependence of cosmic ray ionization has critical implications for me-
thane chemistry. The energy spectrum of cosmic rays varies with atmospheric
depth: higher-energy particles penetrate to the surface, while lower-energy parti-
cles are absorbed at higher altitudes. Consequently, the ionization profile peaks in
the upper troposphere (~10 - 15 km) and decreases toward the surface [15]. This
altitude profile is significant because OH distribution is altitude-dependent; with
methane lifetime varying with altitude, while cosmic ray ionization maximizes
where methane oxidation is most consequential which is near the tropopause, a

region critical for stratosphere-troposphere exchange [6].

1.3.3. Alternative and Complementary Mechanisms

While the OH-mediated pathway represents the most direct chemical link be-
tween GCRs and methane, several complementary mechanisms warrant consid-
eration. Cloud-mediated radiative effects as posited by [18] and [19] suggest that
cosmic ray ionization enhances aerosol nucleation and cloud condensation nuclei
formation, increasing low cloud cover and thereby modifying actinic flux and
photo-chemistry. On the other hand stratospheric ozone coupling provides an in-
direct pathway: GCR-induced ionization enhances polar stratospheric NO, and
HO;, contributing to ozone depletion and increasing UV-B penetration to the
troposphere, thereby enhancing OH photoproduction [20]. In addition, electrical

effects on cloud microphysics and biogeochemical feedbacks through wetland
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emissions have been noted to represent further potential coupling pathways [6]
[21].

1.4. Previous Empirical Studies

The empirical evidence linking cosmic rays to atmospheric composition has ac-
cumulated gradually, with mixed results reflecting the challenges of detecting
small signals amidst large variability. Earlier work by [22] reported correlations
between GCR intensity and various meteorological parameters, though these
studies were often criticized for inadequate statistical rigor. However, [16] com-
bined satellite observations with model simulations to estimate that solar cycle
variations in GCR flux modulate global methane by approximately 1.5 - 3 ppb.
[23] conducted comprehensive testing of cosmic ray-climate correlations, empha-
sizing the importance of detrending and significance testing. [6] provided an au-
thoritative review concluding that while microphysical mechanisms are well-es-
tablished experimentally, the magnitude of atmospheric impacts remains uncer-
tain and likely modest.

1.5. Research Objectives and Hypothesis

1) To quantify the statistical relationship between galactic cosmic ray intensity
(measured at three differential altitude-diverse neutron monitor stations) and
global atmospheric methane concentration between 2006 and 2025.

2) To compare correlation strengths across stations.

3) To evaluate the robustness of correlations through detrended analysis.

Hypothesis: Based on the theoretical mechanism linking GCR-induced ioniza-
tion to enhanced OH production and accelerated methane oxidation, we hypoth-
esize an inverse correlation between GCR intensity and methane concentration.
This anti-correlation is expected to be most pronounced at stations sampling up-
per tropospheric ionization (high altitude) and to persist after detrending, indi-

cating genuine physical coupling rather than statistical artefact.

2. Data and Methodology

2.1. Data Sources

Global Atmospheric Methane Data. Monthly global average methane mixing
ratios (in parts per billion, ppb) were obtained from the NOAA Global Monitor-
ing Laboratory (https://gml.noaa.gov). The dataset spans from 2006 to 2025, com-
prising 238 monthly observations. These measurements represent zonally aver-
aged surface-level methane concentrations derived from the NOAA cooperative
global air sampling network.

Cosmic Ray Intensity Data. Pressure-corrected hourly cosmic ray count rates
(1HCOR_E) were obtained from the Neutron Monitor Database (NMDB;
https://www.nmdb.eu) for three stations representing different altitudes and geo-

magnetic cutoff rigidities. Lomnicky Stit, Slovakia (LMKS) serves as the high-al-

titude station, situated at approximately 2634 m above sea level with a geomag-
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netic cutoff rigidity of approximately 3.84 GV. Mexico City, Mexico (MXCO)
serves as the mid-altitude station at approximately 2274 m elevation with a cutoff
rigidity of about 8.28 GV. Oulu, Finland (OULU) serves as the low-altitude station
at approximately 15 m above sea level with a cutoff rigidity of about 0.81 GV [24].
However, it is important to note that these datasets were resampled to monthly
averages to match the temporal resolution of the methane dataset.

Data Pairing Procedure. The differing total record lengths (CH4: n = 238;
LMKS: n = 211; MXCO: n = 265; OULU: n = 267) reflect station-specific data
availability. For each station, the monthly neutron monitor series was inner-
joined with the NOAA monthly CHj, series on the common year-month index;
only months present in both datasets entered the correlation computation as
shown in Figure 1. Missing months within the overlap window were handled by

listwise deletion with no interpolation or gap-filling.
Temporal Coverage and Data Overlap Across Stations and CHa

OULU -

MXCO -

ks w w | | |
1 J ‘ ECH, (n = 238)
LMKS (n = 211)

238)
CHa (NOAA) - 239)
I I

I I
50 100 150 200
Months from Jan 2006

o -

Figure 1. Temporal coverage of each dataset, showing overlap periods used for correlation
analysis.

2.2. Statistical Methods

Pearson Product-Moment Correlation Coefficient (r). The Pearson correla-
tion coefficient measures the linear dependence between two continuous varia-
bles. It is defined as the covariance of the two variables divided by the product of
their standard deviations. The coefficient ranges from —1 (perfect negative linear
relationship) to +1 (perfect positive linear relationship), with 0 indicating no lin-

ear association [25].
2.(G-0)(M, - i)
\/\/Z:;l(Mi _M)Z \/Z;(Mi _M)z

Adapted to Cosmic Rays and Methane
Let:

1

T5er.cn,

G, = galactic cosmic-ray intensity (neutron monitor count rate)

i

M, = global mean atmospheric methane concentration (ppb)

G = mean cosmic-ray intensity

M = mean methane concentration
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i = time index (month or year)

When different altitudes are factored in, we have
>..(G—G)(M, - M)

= (2)
\/\/Z;(Mt%h _M)z \/ijl(Mi _M)z

where;

G,, = Galactic cosmic-ray intensity at an altitude (/)

£ =high, mid and low altitudes

Spearman Rank Correlation Coefficient (p). The Spearman rank correlation
is a non-parametric measure of monotonic association. Unlike Pearson’s r, it does
not assume linearity or normally distributed data; instead, it assesses whether the
rank ordering of one variable is consistently related to the rank ordering of an-
other. This is particularly valuable in cosmic ray-climate studies where relation-
ships may be nonlinear or affected by extreme values. Thus the spearman’s p was
computed using the scipy.stats.spearmanr function in Python [26].

Detrended Analysis. Because both methane and cosmic ray time series contain
long-term trends (methane has a strong upward trend due to anthropogenic emis-
sions, while cosmic rays exhibit solar-cycle modulation), the raw correlations
may be constrained by these secular trends. To address this, a detrended analysis
was performed by removing linear trends from both variables using scipy.sig-
nal detrend prior to computing correlations. This isolates shorter-term covaria-
bility from long-term drift, providing a clearer picture of any genuine physical
coupling [23].

Deseasonalized Analysis. In addition to linear detrending, seasonal cycles were
explicitly removed from both CH, and neutron monitor series by computing
monthly climatologies (the mean value for each calendar month across all years)
and subtracting them to produce deseasonalized anomalies, which were then lin-

early detrended. As a further check, first-differenced series
V=V~ Vi

were also analyzed, as differencing simultaneously removes both trend and sea-
sonality while reducing autocorrelation.

Cross-Correlation Lag Analysis. Cross-correlations between each neutron
monitor series and the CH, series were computed at integer lags from —36 to +36
months using the Pearson correlation coefficient. For a lag k, the correlation r(k)
was computed between the neutron monitor series shifted by k months and the
CH, series, with both series truncated to the common overlap after shifting. Neg-
ative lags denote GCR leading CH,. P-values at each lag were computed using the
standard t-test transformation with n — 2 degrees of freedom and since 73 lags
were tested, a Bonferroni correction was applied, yielding an adjusted significance
threshold of a_adj = 0.05/73 = 0.00068.

2.3. Statistical Corrections for Autocorrelation

Monthly environmental time series typically exhibit substantial serial autocorre-
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lation, which inflates nominal p-values by reducing the effective degrees of free-
dom [27]. Two complementary corrections were applied:

Effective Sample Size (Bartlett’s Formula). Following [27], the effective de-
grees of freedom were computed using the autocorrelation functions of both
paired series. Applied to the detrended MXCO-CHy, pair, this yields n* ~ 103
(from nominal n = 238), a reduction of approximately 57%.

Block Bootstrap. As a non-parametric alternative, a moving-block bootstrap
(block size = 12 months to preserve annual autocorrelation structure, 5000
resamples) was performed to estimate p-values without distributional assump-
tions.

All statistical computations were performed using Python 3 with the SciPy li-
brary (version 1.17.1) [26], while pandas and matplotlib/seaborn were used for
data wrangling and visualization respectively. A significance threshold of a = 0.05
was adopted throughout, with results also evaluated at the a = 0.01 and a = 0.001
levels.

3. Results
3.1. Descriptive Statistics
Table 1 presents the descriptive statistics for all four variables under study (2006-

2025).

Table 1. Descriptive statistics of study variables.

Variable n Mean Std Dev Min Max

CHa (ppb) 238 1844.49 50.69 1764.18 1946.47
LMKS (High) 211 478.82 15.82 445.63 506.05
MXCO (Mid) 265 225.20 5.77 202.98 240.15
OULU (Low) 267 106.91 5.40 91.81 114.14

3.2. Correlation Analysis

The Pearson correlation analysis found statistically significant relationships be-
tween cosmic ray flux and global atmospheric methane at all three stations,
though the direction of those relationships differed as shown in Figure 2. LMKS
at high altitude showed a moderate positive correlation (r = +0.345), indicating
that higher cosmic ray counts were associated with higher methane concentration,
while MXCO at mid altitude (r= —0.389) and OULU at low altitude (r= —0.442)
both showed negative correlations which is also an indication that higher cosmic
ray counts were associated with lower methane concentration as shown in Table
2. The R? values which ranges from about 12% at LMKS to nearly 20% at OULU—
confirmed that cosmic ray variability explains a modest but meaningful portion
of methane variance. Although the spearman rank correlations broadly agreed on
direction at all the three stations, it however revealed an important warning signal
at MXCO and OULU, where the Spearman values were substantially weaker than
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their Pearson counterparts. Thus, this suggests that the linear relationships at
those stations were being inflated by outliers, non-linearity, or the shared long-

term trends embedded in the raw data.

Scatter Plots: Cosmic Ray Intensity vs Global Methane Average

LMKS (High Alt.) MXCO (Mid Alt.) OULU (Low Alt.)
r = 0.3449, p = 2.76e-07 r=-0.3891, p = 5.04e-10 r=-0.4419, p = 8.44e-13
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Figure 2. Scatter plots with linear regression lines showing CR intensity vs. methane at each altitude station.

Table 2. Complete correlation analysis results.

Test LMKS (High) h(/[;/[(fi? C()IE) I‘;,I; Significance

Pearson r (raw) +0.345 -0.392 —0.444 all p < 0.001
Variance R? (raw) 11.9% 15.3% 19.7% -

Spearman p (raw) +0.356 —-0.198 -0.280 all p <0.01
Pearson r(detrended) +0.051 (ns) -0.385 -0.172 -
Spearman p (detrended) +0.075 (ns) -0.384 -0.144 -
Lag time (months) +19 -21 -17 -
NO YES YES

Correlation genuine? -
& (trend artefact) (strongest) (moderate)

Annual spearman p +0.261 (ns) -0.230 (ns) —0.314 (ns) -

Note. p < 0.001; p < 0.01; p < 0.05; ns = not significant.

The detrended analysis as shown in Figure 3, which strips out the long-term
drifts from both variables before computing correlations, proved to be the most
revealing component of the analysis. At LMKS, the correlation collapsed from
+0.345 to a statistically insignificant +0.051, exposing the high-altitude positive
association as a trend artefact with no real physical foundation. Again, at OULU
the correlation weakened considerably, though a modest significant correlation
survived, which is an indication that its raw result was partly genuine and partly
inflated by trend noise. Most interestingly, MXCO stood apart because its corre-
lation remained essentially unchanged after detrending at —0.391 and its Pearson
and Spearman values converged to near-identical figures which is a double sign
of credibility pointing toward a genuine, robust as well as sub-decadal anti-corre-

lation between cosmic ray intensity and atmospheric methane concentration.
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Detrended Scatter Plots: CR Intensity vs Methane (Linear Trends Removed)

LMKS (High Alt.) MXCO (Mid Alt.) OULU (Low Alt.)
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Figure 3. Detrended scatter plots showing CR-methane relationships after removal of linear trends.

Table 3 demonstrates that MXCO retains a significant anti-correlation across

all preprocessing methods, though the magnitude decreases with first differencing

as expected (differencing emphasizes month-to-month noise over longer-term

covariability). LMKS remains insignificant under all methods, confirming it as a

statistical artefact. OULU’s marginal significance under linear detrending disap-

pears with more aggressive preprocessing, suggesting its signal is weaker than the

linear detrend alone implies.

Table 3. Sensitivity of correlations to preprocessing method.

Method LMKS r MXCO r OULU r

Raw pearson +0.345%** —0.392%** —0.444*
Linear detrend only +0.051 (ns) —0.385%** -0.172*

Deseasonalized + detrend +0.04 (ns) —0.37%%¢ —-0.15 (ns)

First differenced +0.02 (ns) —0.18%* —0.08 (ns)

After adjusting for autocorrelation using the effective sample size (N* ~ 103),
the MXCO detrended correlation remains highly significant (p < 0.001). The
block bootstrap confirms this result (bootstrap p = 0.003). OULU’s adjusted p-

value rises to approximately 0.08, rendering it non-significant at the conventional
a = 0.05 threshold as shown in Table 4.

Table 4. Autocorrelation-corrected significance (detrended data).

Station Detrended r Nominal p Corrected p (N¥)
LMKS +0.051 0.46 0.71 (ns)
MXCO -0.385 <0.001 <0.001%%*
OULU -0.172 0.008 ~0.08 (ns)
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3.3. Visual Analysis

The study period of 2006 to 2025 as shown in Figure 4 spans parts of three con-
secutive solar cycles. The chart opens during the declining tail of Solar Cycle 23,
with the early years (2006-2008) characterised by falling solar activity and rising
GCR flux. Solar Cycle 24 ran from January 2008 through December 2019, reaching
its official maximum in April 2014 with a double-peaked structure, producing the
most prominent trough in neutron monitor counts across all three stations. After
Cycle 24, a deep and prolonged solar minimum between 2017 and 2019 allowed
GCR flux to climb back to high levels before Solar Cycle 25 began in December

2019, ramping up strongly to its own maximum around October 2024.

Overlaid Time Series: Methane vs Cosmic Ray Intensity at Each Altitude
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Figure 4. Overlaid dual-axis time series showing methane against cosmic ray intensity at each station.
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LMKS (High)

From the chart above, there is a clear upward trend in CH, levels over the two
decades. This suggests increasing methane emissions over time, potentially from
agriculture (livestock, rice paddies), waste, energy production (oil/gas industry),

or biomass burning.

3.4. Cross-Correlation Lag Analysis

At MXCO, the strongest Pearson correlation occurs at a lag of —21 months (r=
—0.500, p < 10™), meaning changes in mid-altitude cosmic ray intensity precede
corresponding changes in methane by approximately 21 months. At OULU, the
optimal lag is —17 months (r= —0.481, p < 107"*), indicating a somewhat shorter
delay. The difference in optimal lag between stations may reflect the fact that
lower-energy cosmic rays modulate different atmospheric layers with different re-

sponse time-scales as shown in Figure 5.

Cross-Correlation: Cosmic Rays » Methane at Three Altitudes
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Figure 5. Cross-correlation functions for all three stations. Negative lags indicate GCR leading methane. MXCO peaks at —21
months, OULU at —17 months, and LMKS at +19 months (explanatory).

The LMKS lag profile is qualitatively different. Its peak occurs at +19 months
(r=+0.572, p < 107"), with the positive lag meaning methane /eads LMKS cosmic
rays by 19 months rather than the reverse. This is physically implausible as a causal
mechanism and instead reflects the auto-correlation structure of both trending
time series, further confirming that the LMKS-methane relationship is a statistical

artefact.

3.5. Limitations

Several limitations should be acknowledged.

1) Correlation does not imply causation, and the observed associations may be
mediated by confounding variables not included in this analysis, such as solar UV
flux, geomagnetic activity, or stratospheric ozone variability.

2) The study uses global average methane data, which aggregates regional sources
and sinks; a regionally disaggregated analysis might reveal clearer cosmic ray-me-

thane signatures.
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3) The lag-correlation analysis is exploratory and should be interpreted with

caution given the effects of autocorrelation on cross-correlation estimates.

4. Discussion

The result of our work reveals that the relationship between galactic cosmic rays
(GCRs) and atmospheric methane depends on altitude; however, it also revealed
that not all observed correlations reflect genuine physical connections. At high
altitude, the LMKS station appeared to show a positive correlation with methane,
but this turned out to be a statistical illusion which showed two unrelated long-
term trends (rising methane and cyclic cosmic ray variation) happened to move
together over the study period, creating a false impression of a relationship. At
mid and low altitudes, the MXCO and OULU stations showed negative correla-
tions that are more physically plausible, since higher cosmic ray flux could boost
the production of hydroxyl radicals (OH) in the troposphere, which would speed
up methane breakdown and lower its concentration [16].

The analysis highlights how critical it is to control for long-term trends when
studying cosmic ray-climate relationships. The LMKS correlation collapsed from
a moderate positive value to nearly zero once trends were removed, which is an
example of trend confounding. OULU’s correlation also weakened and lost sig-
nificance after seasonal removal and autocorrelation correction, suggesting its raw
result was substantially inflated. MXCO’s negative correlation survived all prepro-
cessing methods (linear detrending and first differencing) and remained signifi-
cant after both effective-N correction and block bootstrap testing, making it the
strongest and most trustworthy evidence for a genuine sub-decadal physical cou-
pling.

Incidentally, these findings feed into the broader scientific debate about whether
cosmic rays meaningfully influence Earth’s climate. The Svensmark hypothesis
proposes that cosmic ray-driven ionization affects cloud formation and planet’s
radiation balance [18]; while the CERN CLOUD experiment confirmed that such
ionization can enhance aerosol nucleation under laboratory conditions [17].
However, the overall effect sizes observed are modest. Even at MXCO, cosmic ray
variability explains only about 15% of methane variance. This is consistent with
the understanding that anthropogenic emissions may be the dominant driver. A
comprehensive work by [6] argued that while the mechanisms are plausible, the
magnitude of the effect remains uncertain and likely small relative to other forcing
agents.

Finally, the study draws an important methodological lesson from comparing
Pearson and Spearman correlation methods. When these two measures diverge
substantially in the raw data as shown by the result obtained from MXCO and
OULU, it signals that the relationship may be nonlinear, influenced by outliers, or
confounded by trends. After detrending, the two measures converged at MXCO,
suggesting the true underlying relationship is approximately linear. Thus, we

strongly suggest that researchers studying cosmic ray-climate connections should
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routinely report both parametric and non-parametric correlations and always per-

form detrended analysis as standard practice.

5. Conclusion

This study found statistically significant relationships between galactic cosmic ray
flux and global atmospheric methane across all three neutron monitor stations,
but detrending revealed that only MXCO retained a credible anti-correlation
(with Pearson and Spearman values converging), while LMKS’s positive correla-
tion collapsed to insignificance. In the raw (undetrended) analysis, GCR flux ex-
plains up to approximately 20% of methane variance (at OULU). However, after
removing long-term trends to isolate sub-decadal covariability, the maximum ro-
bust explained variance is approximately 15% (at MXCO), confirming that an-
thropogenic emissions remain the dominant control on atmospheric methane,
with the study underscoring the importance of comparing correlation methods
and performing detrended analysis as essential safeguards in solar-climate re-

search.
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