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Abstract

Atmospheric carbon dioxide models serve distinct forecasting and process-inference goals, yet
they are often compared on non-equivalent tasks. We evaluate a constrained corrected-exponential
model, a nonlinear mixed-effects station hierarchy, and transport-aware CarbonTracker corrections
using public observations. A pure exponential produced the lowest 2016-2026 Mauna Loa holdout
error (RMSE 0.762 ppm), whereas the corrected exponential provided an interpretable acceleration
estimate. Across 25,315 observations from 76 NOAA stations, partial pooling reduced 2016-2024
holdout RMSE from 3.985 to 1.850 ppm. On 12,257 matched station-months from 65 stations,
component, meteorological and station corrections reduced 2016-2020 RMSE from 1.888 ppm
for the CT2022 posterior simulation to 1.698 ppm. Because CT2022 assimilates observations,
this is a time-split residual-correction evaluation rather than independent forecast validation.
These results show that compact trend forecasting, station representation and transport-aware

explanation require separate benchmarks and interpretations.

Introduction

Atmospheric carbon dioxide concentration connects anthropogenic emissions with atmospheric
transport, land and ocean uptake, wildfire activity and climate variability. The Mauna Loa
record has provided a continuous observational anchor since 1958, and its long-term increase is
among the clearest measurements of change in the Earth system.!? A single smooth curve can
summarize this aggregate trajectory, but it cannot by itself explain why stations differ or how
process information modifies station-scale concentrations. Carbon-budget studies instead represent
atmospheric growth through emissions and exchanges with land and ocean reservoirs,* while
short-run growth anomalies are associated with modes of climate variability, including the El
Nino-Southern Oscillation (ENSO).5

This distinction creates an evaluation problem. A compact trend model can be judged by
forward error at one site, whereas a station-network model must represent persistent site offsets,
heterogeneous trends and seasonal structure. A transport-aware model addresses a third target:
whether physically informed simulated concentrations and process components can reduce residual
station-scale error. Ranking these models by a single root-mean-square error (RMSE) would be

misleading when the observations, time windows and scientific questions differ. The present study
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therefore treats compact forecasting, interpretable growth estimation, station representation and
process-side residual correction as related but non-equivalent tasks.

We first compare low-dimensional Mauna Loa trend models under a time-ordered 2016—2026
holdout. The proposed corrected-exponential form separates initial level, initial growth, nonlinear
acceleration and two seasonal harmonics, while a pure exponential serves as a deliberately strong fore-
casting benchmark. We then extend the analysis to monthly NOAA Global Monitoring Laboratory
(GML) surface-flask observations using a nonlinear mixed-effects hierarchy. The hierarchy profiles a
shared curvature parameter while partially pooling station-specific level, trend and annual-seasonality
deviations. Finally, we match NOAA observations to the CarbonTracker CT2022 posterior station
operator and evaluate station-bias, component, meteorological and residual-state corrections on
later observations. This final analysis is explicitly framed as residual correction because CT2022 is
an assimilation-constrained posterior product rather than an independent forecast.

The main contribution is comparative. The pure exponential is retained when it performs best for
compact Mauna Loa forecasting; the corrected exponential is evaluated for interpretable acceleration;
the nonlinear hierarchy is tested for station-network representation; and the CarbonTracker correction
models are compared only on their common matched panel. This design prevents model complexity

from being treated as evidence by itself and makes the evidentiary boundary of each result explicit.

Results

Compact Mauna Loa benchmarks favor a pure exponential forecast

The full monthly Mauna Loa series contained 819 valid observations from March 1958 through May
2026. The corrected-exponential model fitted the full record with RMSE 0.7612 ppm (Fig. 1). Its

I near the beginning of the record to

inferred smooth growth rate increased from 0.878 ppm yr~
2.744 ppm yr~! at the end, with an end-of-sample acceleration of 0.0395 ppm yr—2. Twelve-month
residual block bootstrap intervals were [2.6622, 2.8318] ppm yr~! for the end growth rate and
[0.0327, 0.0477] ppm yr~—?2 for acceleration (Supplementary Table S2).

Forward validation changed the model ranking. Models were fitted only to observations before
2016 and evaluated from 2016 through May 2026. The pure exponential produced the lowest test
RMSE, 0.762 ppm, compared with 1.877 ppm for the corrected exponential, 2.198 ppm for the
quadratic trend, 2.902 ppm for the cubic trend and 13.324 ppm for the linear trend (Table 1).
The corrected exponential fitted the pre-2016 period more closely than the pure exponential but
extrapolated less accurately. It is therefore retained as an interpretable acceleration estimator rather

than presented as the best compact forecast equation.

Climate covariates explain part of short-run growth variability

The corrected-exponential residuals retained structured variation, motivating distributed-lag diag-

nostics using standardized global temperature anomalies and the Multivariate ENSO Index version
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Table 1: Time-ordered Mauna Loa benchmark comparison. Training models used observations before
2016; test metrics use observations from 2016 through May 2026. Lower RMSE is better. BIC is reported as
an in-sample diagnostic and is not decisive because monthly residuals are serially correlated.

Model Train RMSE  Test RMSE Full RMSE  Train BIC
Pure exponential 0.800 0.762 0.771 -264.1
Corrected exponential 0.747 1.877 0.761 -352.4
Quadratic trend 0.739 2.198 0.815 -374.4
Cubic trend 0.731 2.902 0.768 -381.8
Linear trend 3.123 13.324 4.753 1620.1
a Mauna Loa CO2 and fitted corrected-exponential model b Smoothed corrected-exponential growth rate
+  Observed monthly 2.754
420 Corrected exponential fit "_ A : 2504
400 - 2.25
E 380 5 2.00 4
% E 1.754
S 360 A &
1.50 4
340 - 1.254
3201 T 1.00

1960 1970 1980 1990 2000 2010 2020 1960 1970 1980 1990 2000 2010 2020
Date Date

Figure 1: Mauna Loa fit and inferred growth. a, Observed monthly concentration and the full-sample

corrected-exponential fit. b, Smooth growth rate implied by the fitted trend. Concentrations are parts per

million (ppm); growth is ppm yr—*.

2 (MELv2). The residual regression had limited explanatory power (R? = 0.087), and neither cumu-
lative covariate effect was distinguishable from zero at the 5% level. The 12-month growth-anomaly
regression was more informative (R? = 0.223): the cumulative MELv2 effect over lags 0-6 was 0.167
ppm yr—! per one-standard-deviation increase (heteroskedasticity- and autocorrelation-consistent
p = 0.013). The cumulative temperature effect was 0.117 ppm yr—! (p = 0.100). These associations
are diagnostics of short-run variability, not causal partitioning of carbon-cycle fluxes (Supplementary
Table S3 and Supplementary Figs. S1-S3).

An independent accounting check reconstructed atmospheric growth from the Global Carbon
Budget 2025 components. When fossil emissions, land-use change, ocean uptake, land uptake,
cement carbonation and budget imbalance were entered with their accounting signs, the identity
closed to numerical precision, with maximum absolute residual 3.35 x 10~ GtC yr~—!. This result
verifies data parsing and sign conventions rather than predictive skill. A separate climate-only
annual regression for 1979-2024 explained R? = 0.595 of annual atmospheric growth; however, it
omits emissions and sinks and is consequently interpreted only as a descriptive climate diagnostic

(Supplementary Tables S4-S5 and Supplementary Figs. S4-S5).
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Partial pooling improves station-network prediction

The NOAA GML surface-flask panel contained 26,534 valid station-month observations from 94
station codes before coverage filtering. Requiring at least 120 valid observations yielded 25,315
observations from 76 stations. The profiled nonlinear mixed-effects model estimated a shared
curvature parameter 7 = 0.021584 with a likelihood-ratio 95% interval [0.019668, 0.023517]. The
likelihood profile had a clear interior optimum (Fig. 2a), although the curvature basis remained
strongly correlated with time and its derivative. Interpretation therefore focuses on the profiled
trend shape rather than assigning independent physical meaning to individual nonlinear coefficients.
Station heterogeneity was substantial. Estimated standard deviations were 2.481 ppm for
station intercept deviations, 0.101 ppm yr—! for station slope deviations, 2.245 ppm for annual sine
deviations and 2.476 ppm for annual cosine deviations. On the full panel, partial pooling reduced
RMSE from 3.627 ppm for a fixed-only pooled curve to 1.563 ppm. In time-ordered evaluation,
the model was estimated before 2016 and applied to 5,012 observations from 20162024 at stations
already represented during training. RMSE decreased from 3.985 to 1.850 ppm (Table 2). These are
forward predictions for previously observed stations, not predictions for entirely unseen locations.
Additional fixed-effect, variance-component, identifiability, coverage and training-profile diagnos-
tics are reported in Supplementary Tables S6-S8 and Supplementary Figs. S6-S8.
Table 2: Nonlinear hierarchical station-panel performance. Conditional hierarchical predictions

include empirical-Bayes station effects. The holdout contains later observations at stations represented before
2016.

Sample Observations Fixed-only RMSE Hierarchical RMSE
Full panel, 1968-2024 25,315 3.627 1.563
Training panel, pre-2016 20,171 3.527 1.541
Holdout panel, 2016-2024 5,012 3.985 1.850

Transport-aware corrections improve a common matched panel

The process-side analysis used CarbonTracker CT2022 gridded fluxes, station metadata, ERAS
validation fields and the CT2022 ObsPack posterior station simulation (Fig. 3). Annual CT2022
aggregation over 2000-2020 gave mean fossil-fuel flux of 8.714 Pg C yr—!, wildfire flux of 2.298 Pg
C yr~!, ocean uptake of 2.916 Pg C yr~—! and land-biosphere uptake of 3.544 Pg C yr—! (Fig. 4;
Supplementary Table S9). The 2016 land-sink anomaly was the weakest uptake anomaly in this
interval, while the largest positive wildfire anomaly occurred in 2003. These quantities define context
for the correction models; they are not estimated causal effects.

The matched panel contained 12,257 station-month observations from 65 surface-flask stations
spanning 2000-2020. Models were estimated on 9,343 observations before 2016 and evaluated on
2,914 observations from 20162020 at stations represented in training. Raw CT2022 posterior station
concentrations achieved evaluation RMSE 1.888 ppm and R? = 0.893. Adding persistent station bias
reduced RMSE to 1.754 ppm. The component-meteorology model, which used transport-resolved
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Figure 2: Profiled nonlinear hierarchy and station effects. a, Profile-likelihood support for the shared
curvature parameter; the dashed horizontal line is the 95% likelihood-ratio cutoff. b, Estimated station
intercept and slope deviations after partial pooling. ¢, Observed and conditional fitted values for selected
long-record stations. Station labels identify NOAA GML station codes.
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fossil, biosphere, ocean, wildfire and forecast components together with station-sampled meteorology
and station effects, obtained the lowest evaluation RMSE, 1.698 ppm, and R? = 0.914 (Table 3;
Fig. 5). This was a 10.0% reduction in RMSE relative to raw CT2022, 3.2% relative to station-bias
correction and 3.3% relative to the residual-state transition.

Station metadata and ERA5 decoding checks are shown in Supplementary Figs. S9-S10. A
nearest-cell CarbonTracker join reduced descriptive station-panel RMSE from 3.050 to 2.785 ppm,
but this diagnostic omits upwind transport and was not used as the final observation operator
(Supplementary Table S10 and Supplementary Figs. S11-S12).

The residual-state transition remained competitive at 1.756 ppm, but its evaluation-period
residual-state R? was negative (—0.130). Aggregate flux anomalies, station-sampled meteorology
and nonlinear interaction terms therefore did not fully predict month-to-month residual-state
variation outside the estimation interval. Moreover, component coefficients are conditional transport-
space corrections and cannot be interpreted as causal source sensitivities (Supplementary Table S11
and Supplementary Fig. S13). Most importantly, CT2022 is a posterior assimilation product. The
time split evaluates whether later matched residuals can be reduced after conditioning on that

product; it does not constitute independent forecast validation of CarbonTracker.

Table 3: Common-panel transport-aware evaluation. All models use the same 65-station matched
panel. Training uses observations before 2016; evaluation uses 2016-2020 observations. CT2022 values are
posterior simulations, so metrics characterize residual correction rather than independent CarbonTracker
forecasting.

Model Train RMSE Eval. RMSE Train R? Eval. R?
Raw CT2022 simulation 2.191 1.888 0.957 0.893
CT2022 plus station bias 1.807 1.754 0.970 0.908
Components plus meteorology and station effects 1.658 1.698 0.975 0.914
Residual-state transition plus station operator 1.784 1.756 0.971 0.908

Continuations clarify rather than replace scenario projections

The trend, hierarchy and process models were extended as empirical continuations to 2100 (Table 4;
Fig. 6). Because the monthly series used for the full fit includes observations through May 2026,
the 2026 entries are continuation nowcasts rather than ex ante forecasts. The pure and corrected
exponential values, 429.86 and 429.52 ppm, fall within the Met Office 2026 annual Mauna Loa
forecast of 429.4 + 0.6 ppm.° The hierarchy and transport values serve different station-conditioned
targets and are not calibrated seasonal Mauna Loa forecasts.

By 2100, unconstrained statistical continuations ranged from 779.83 to 908.04 ppm. These
values lie within the 393-1135 ppm span of the published Shared Socioeconomic Pathway (SSP)
concentration trajectories,” but this numerical overlap does not make the models policy-conditioned
projections. SSPs encode emissions, mitigation and carbon-cycle assumptions. The continua-
tions instead show what fitted empirical forms imply if extended without scenario-specific forcing.

Their long-horizon divergence is therefore evidence of extrapolation uncertainty and model-form
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dependence, not a probabilistic forecast envelope. External-reference and complete model-to-task
comparisons are provided in Supplementary Tables S12—-S13.
Table 4: Annual-mean carbon dioxide continuations. Values are ppm. The 2026 entries are continuation

nowcasts because the full monthly record includes observations through May 2026; later values are empirical
continuations rather than policy-conditioned projections.

Model 2026 2030 2040 2050 2100
Pure exponential Mauna Loa 429.86 441.50 474.15 512.56 833.53
Corrected exponential 429.52 440.84 472.10 508.01 779.83
Hierarchy, MLO conditional ~ 430.77 442.73 476.81 518.03 908.04
Transport station mean 430.25 44236 476.99 518.90 903.65
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Figure 6: Historical concentration and empirical continuations. Observed Mauna Loa annual means
and four model continuations to 2100. The shaded region marks the 393-1135 ppm SSP concentration range
for 2100; it is a scenario span, not a confidence interval for the fitted models.

Discussion

The results support a model-by-task interpretation rather than a universal ranking. The pure
exponential was the strongest compact Mauna Loa forecaster on the 2016-2026 holdout. This finding
prevents the corrected-exponential model from being oversold on predictive performance. Its value
lies elsewhere: it provides a differentiable decomposition of initial growth, later acceleration and

seasonality, while block-bootstrap intervals quantify uncertainty in derived acceleration quantities.
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The distinction between forecast performance and interpretability is consequential because the
model with the best in-sample fit did not provide the best forward extrapolation.

The station hierarchy provides the strongest observation-side result. Monthly concentrations
differ systematically across location, record length and seasonal regime; a fixed-only pooled curve
consequently leaves large station-structured errors. Partial pooling reduced holdout RMSE by 53.6%
for later observations at stations present during training. The model does not establish performance
at new stations, and the curvature estimate changed when the estimation period was shortened.
Nevertheless, the forward result shows that explicitly representing station heterogeneity is essential
when moving beyond a single aggregate record.

The process-side result is narrower but physically better aligned with station measurements.
CarbonTracker maps gridded flux information through atmospheric transport to the sampling
location and time. On the common CT2022 matched panel, component, meteorological and station
corrections reduced later-period residual error beyond both the raw posterior simulation and a
station-bias-only correction. The relatively small improvement over station bias, 3.2%, also matters:
persistent location-specific offsets account for much of the correctable error, and additional process
covariates provide incremental rather than transformative gains. The negative out-of-period R?
for the monthly residual-state transition further indicates that aggregate forcing variables do not
capture all local representativeness and stochastic variability.

Several limitations define the evidence boundary. First, none of the statistical coefficients
identifies causal carbon-cycle sensitivity. The Mauna Loa curve estimates measured acceleration,
the hierarchy represents station heterogeneity, and the CT2022 coefficients condition on posterior
transport simulations and station controls. Second, RMSE values from the Mauna Loa, station-
network and CT2022 panels are not directly comparable because their observations and periods
differ. Third, nonlinear trend parameters are coupled: profile likelihood and block bootstrap reduce,
but do not eliminate, model-form and identifiability uncertainty. Fourth, CT2022 assimilates
observations, so later matched residuals are not independent CarbonTracker forecasts. Finally, the
2100 continuations omit scenario-dependent emissions and future transport or meteorological forcing
and should not be used in place of Earth-system or integrated-assessment projections.

Within these boundaries, the study offers a reproducible evaluation framework. Compact trend
forecasting should be tested against simple extrapolative baselines; station representation should
be evaluated under time-ordered partial pooling; and process-side corrections should be compared
on a common transport-matched panel. The most credible next step is an independent forecast
experiment using a CarbonTracker release or frozen state estimate unavailable to model fitting,
paired with evaluation at both previously observed and entirely held-out stations. Such a design
would determine whether the incremental process-side gains persist outside a posterior-assimilation

setting.

10
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Methods

Data sources and preprocessing

All analyses used public environmental data (Table 5). The Mauna Loa monthly series and NOAA
annual growth series were downloaded from NOAA GML.® Surface-flask monthly station files were
obtained from the NOAA Global Greenhouse Gas Reference Network.? MELv2 came from NOAA
Physical Sciences Laboratory,!? and global monthly temperature anomalies came from NASA
GISTEMP v4.'' Annual carbon-budget components came from the Global Carbon Budget 2025
data release.'? CarbonTracker CT2022 supplied monthly gridded flux fields and posterior station

13i14 while ERA5 supplied reanalysis fields used to validate the intended meteorological

simulations,
forcing block. %16 Public aggregate environmental records were analyzed; no human participants,
animals or identifiable personal data were involved, and ethics approval was therefore not required.

The Mauna Loa analysis excluded nonpositive concentration values. Monthly date was repre-
sented by elapsed years t since March 1958 and within-year phase p € [0,1]. The station panel
harmonized NOAA station files by station code and month, then retained stations with at least 120
valid monthly observations for mixed-effects estimation. CT2022 posterior events were aggregated
to station-month and matched to NOAA surface-flask observations by station code and month.
Only stations represented before 2016 were included in later-period conditional evaluation.

Table 5: Public datasets and analytical roles. URLs and persistent identifiers are repeated in the Data
availability statement. GML denotes Global Monitoring Laboratory; PSL, Physical Sciences Laboratory.

Dataset Period or frequency Analytical role

NOAA GML Mauna Loa Monthly, March 1958-May 2026 Single-site trends, benchmarks and

COy growth anomalies

NOAA GML surface-flask  Monthly, 1968-2024 Nonlinear hierarchical station panel

network

NOAA PSL MEILv2 and Monthly Distributed-lag climate diagnostics

NASA GISTEMP v4

Global Carbon Budget 2025  Annual, 1959-2024 Budget identity and annual climate
diagnostics

CarbonTracker  CT2022 Monthly, 2000-2020 Fossil, ocean, land-biosphere and

fluxes wildfire process fields

ERAS5 monthly single levels Monthly Meteorological forcing validation

CT2022 ObsPack station Event and station-month, 2000-2020 Transport-aware posterior station

simulations operator and components

Corrected-exponential trend and benchmark models

The corrected-exponential concentration model was

~

C(t,p) = by + 61t + O2{exp(Ost) — 1 — 5t} + S(p), (1)

11
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where
S(p) = O4sin(27p) + 05 cos(2mp) + Og sin(4mp) + 07 cos(4mp). (2)

Subtracting the constant and linear terms from the exponential basis preserves 0y as the initial
level and 6 as the initial growth component. Parameters minimized mean squared error subject to
box constraints and seasonal amplitude limits /67 + 62 < 8 ppm and /62 4+ 62 < 3 ppm. Both

amplitude constraints were inactive at the optimum. The smooth growth rate and acceleration were

dC

% =0+ 9293{6Xp(93t> — 1}, (3)
d2C
W = 920% eXp(03t). (4)

Linear, quadratic, cubic and pure-exponential trends used the same annual and semiannual
seasonal harmonics. The time-ordered split was fixed before model comparison: observations before
2016 formed the training set and observations from 2016 onward formed the test set. Model ranking
used test RMSE. Training Bayesian information criterion was retained only as a rough in-sample

diagnostic because residual dependence violates an independent-error interpretation.

Uncertainty and residual climate diagnostics

Uncertainty for derived corrected-exponential quantities used 250 successful residual block-bootstrap
refits with 12-month blocks. The block length preserved short-range monthly dependence and the
seasonal cycle more appropriately than independent residual resampling. Local Gauss—Newton
standard errors were treated as diagnostic because the fitted residuals were serially correlated.

Monthly residuals 7, = C,,, — ém and 12-month growth anomalies

dC

am = (Cm - C’m—12) - E (5)

were regressed on standardized temperature and MEIL.v2 at lags 0-6. Heteroskedasticity- and
autocorrelation-consistent covariance used a Newey—West estimator with 12 monthly lags. Cumula-
tive covariate effects were sums of the seven lag coefficients and were tested two-sided against zero.
The annual climate-only diagnostic used two annual lags in the covariance estimator. The Global
Carbon Budget identity was checked arithmetically and was not treated as an inferential regression

because its residual was numerical roundoff.

Nonlinear hierarchical station model

For station s and month m, the partially pooled model was

Cs,m = xm(V)TIB + Zr—rrLbs + €s,m, €sm ™ N(O, 0-2)5 (6)
bs ~ .N(O7 D) (7)

12
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The fixed design x,,(y) contained an intercept, time, the corrected-exponential basis q(t,,;7y) and
annual and semiannual sine and cosine terms. The random design z,, contained an intercept,
centered time in decades and annual sine and cosine terms. The shared nonlinear curvature was

estimated by profile maximum likelihood,

= arg};nax ﬂ{rll)i}f? ((B,D,c%~|0). (8)
At each trial ~, the resulting linear mixed-effects model re-estimated fixed effects, the station
covariance matrix, residual variance and empirical-Bayes station effects. A likelihood-ratio interval
was obtained from the one-parameter profile. Conditional predictions include learned station
effects; evaluation was therefore restricted to stations represented during training. Identifiability
diagnostics included the fixed-design condition number, variance inflation for ¢(¢;7), correlations

among nonlinear basis terms and a training-period profile.

Transport-aware matched-panel models

CarbonTracker flux fields were aggregated annually after area-weighted integration of monthly fossil,
ocean, land-biosphere and wildfire fields. A nearest-cell station join was used only as a descriptive
diagnostic because a local grid cell does not represent upwind transport. The inferential station
calculation instead used CT2022 ObsPack posterior values evaluated at the sampling location and
time. To match the NOAA monthly observation stream without duplicating laboratory products, we
paired each observed co2_SITE surface-flask_1_ccgg month.txt series with the corresponding
ObsPack co2_SITE surface-flask 1 representative.nc product and retained one representative
dataset per site; alternative laboratory streams and duplicate products were excluded. The matched
product included posterior concentration, transport-resolved fossil, biosphere, ocean, wildfire and
forecast components, ensemble range, model-data mismatch and station-sampled meteorological
variables.

Four models were compared on identical observations: raw CT2022 posterior concentration;
CT2022 plus a persistent station bias; a component-meteorology regression with station effects; and

a residual-state transition added to the station operator. The residual observation model was

Yst = mgﬁal + bs + 2zt + €s,ts (9)

where m?ftlal is the CT2022 posterior station simulation, by is station bias and z; is a shared monthly

residual state. The transition included lagged state, global fossil and wildfire fluxes, land-sink and
wildfire anomalies, station-averaged temperature, boundary-layer height, humidity, wind, ensemble
spread and prespecified fire-by-mixing and land-anomaly-by-temperature interactions. Continuous
covariates were standardized on the pre-2016 training period and the same transformations were
applied to evaluation data.

The primary process-side comparison used 9,343 observations before 2016 for estimation and
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2,914 observations from 2016—2020 for evaluation. RMSE and coefficient of determination were
computed on the same rows for every model. Because the baseline station simulation is posterior
and assimilation constrained, the evaluation target was improvement in later matched residuals, not
independent forecast skill of CT2022.

Continuation calculations

Annual-mean continuations evaluated the fitted pure exponential and corrected-exponential Mauna
Loa models, the conditional MLO station hierarchy and the station-mean transport model at future
years. No future emissions, meteorology or transport pathways were supplied. The outputs are
consequently deterministic model-form continuations. They were compared descriptively with the
Met Office 2026 Mauna Loa forecast and the published SSP concentration range; no uncertainty

interval or probability was assigned from that scenario comparison.

Statistics and reproducibility

Sample sizes are reported as discrete station-month observations and station counts for each analysis.

Measurements were repeated over time within stations; time-ordered rather than random valida-

tion was used to avoid leakage from later observations. RMSE was defined as /n=1Y_,(y; — 7:)%.
Reported hypothesis tests were two-sided. Monthly and annual regression covariance estimators
accounted for serial dependence using prespecified lag lengths. No adjustment for multiple compar-
isons was applied to the exploratory distributed-lag coefficient profiles; interpretation emphasizes
the prespecified cumulative covariate tests and treats the profiles as diagnostic. Profile-likelihood
and residual block-bootstrap procedures were used where nonlinear parameter coupling or serial
dependence made local asymptotic uncertainty inadequate. No observations were excluded after
outcome inspection; exclusions were based on nonpositive concentration values, station coverage

and availability of matched covariates.

Data availability

The public source data are available as follows: NOAA GML Mauna Loa monthly concentration
and annual growth data at https://gml.noaa.gov/ccgg/trends/data.html; NOAA GML
surface-flask carbon dioxide files at https://gml.noaa.gov/aftp/data/trace_gases/co2
/flask/surface/txt/; NOAA PSL MEILv2 at https://psl.noaa.gov/enso/mei/; NASA
GISTEMP v4 at https://data.giss.nasa.gov/gistemp/; Global Carbon Budget 2025 at
https://doi.org/10.18160/GCP-2025; CarbonTracker CT2022 fluxes at https://doi.org/10.2
5925/z1gj-3254; CT2022 simulated-observation products through the NOAA ObsPack portal at
https://gml.noaa.gov/ccgg/obspack/; and ERA5 monthly averaged single-level data at https:
//cds.climate.copernicus.eu/datasets/reanalysis-erab-single-levels-monthly-means.

These sources were accessed during June 2026; NOAA trend data were refreshed through May 2026.
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