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Abstract

Earth-observation nighttime lights are widely used to map subnational economic activity, yet whether
strong cross-sectional fit translates into reliable measurement of annual local growth remains uncertain.
Here we develop a forward, loss-based validation framework across 296 Chinese prefectures (2014—2024)
using two VIIRS-derived series—EOG Annual VNL (with its continuation) and NASA Black Marble
VNP46A4—to separate within-year spatial representation, stand-alone forward temporal transfer, and
conditional incremental value beyond four prior-year GDP-history benchmarks. While log light levels
strongly track nominal GDP (R? = 0.730 — 0.831), annual light changes align weakly with certified real GDP
growth (R? = 0.0005 — 0.247). In pre-2020 forward evaluations, stand-alone light calibrations generally
underperform GDP-history benchmarks. During 2016—2019, all eight pooled conditional incremental-skill
estimates are negative (-0.0362 to -0.0016), with province-block mean-loss confidence intervals spanning
zero, indicating no detectable positive gain from adding light to historical GDP. Conversely, conditional
point estimates are positive across all benchmarks during the 2020-2021 stress period. In the 20222024
extension on common 296-prefecture support, pooled conditional skill is positive for the EOG-derived
series (0.0319-0.1097) but negative for Black Marble (-0.2240 to -0.1127), a divergence concentrated in
2022 and robust across verified GDP-source definitions. These findings demonstrate that socioeconomic
proxy validation must be tailored to the target estimand, conditioning information set, and temporal domain.

Keywords: Earth observation; nighttime lights; VIIRS; socioeconomic measurement; temporal transfer;
validation

Introduction

Earth-observation data are increasingly used to derive socioeconomic information where conventional
statistics are sparse, delayed, or spatially coarse. Nighttime lights are a prominent example because
artificial illumination records persistent features of settlement, transport, commerce, production, and public
infrastructure, and the resulting imagery has become a standard input to economic measurement [1-5].
Recent work uses nighttime lights to construct subnational economic surfaces and higher-frequency output
estimates [6, 7]. These applications make validation consequential beyond map production itself. A spatial
layer can reproduce the geography of economic activity while still providing little information about annual
local change, because persistent infrastructure and settlement patterns can support a stable cross-
sectional ranking even when short-run changes in radiance and output diverge.

Existing evidence gives strong reasons not to treat nighttime-light validity as a single property.
Performance varies across products and locations [8], small-area relationships are heterogeneous and
aggregation-sensitive [9], and processing choices can change substantive conclusions [10]. County-level
studies in the United States and China find much stronger performance for cross-sectional differences than
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for within-place changes [11, 12]. At national scale, nighttime-light indicators can improve GDP-growth
forecasts, but the gains are heterogeneous across countries and specifications [13]. Signal harmonization
can strengthen over-time relationships [14, 15], while recent subnational evidence continues to emphasize
the contrast between levels and growth [16]. The relevant question is therefore not whether nighttime lights
are generally valid or invalid, but whether a mapping validated for one measurement task remains
informative when the target, time horizon, or information set changes.

This problem is geographical as well as temporal. Counties, prefectures, provinces, and broader regions
are different spatial supports, and aggregation can alter observed relationships even when the underlying
process is unchanged [17, 18]. Transfer beyond the empirical domain represented in a calibration sample
is related to domain shift and area-of-applicability concerns in spatial prediction [19-21]. Recent work also
shows that aggregation can change predictive elasticities [22] and that measurement error in nighttime
lights can affect downstream inference [23]. We therefore distinguish spatial representation, temporal
transfer, spatial dependence, and cross-series measurement in the validation design.

We examine these distinctions across 296 Chinese prefectures using EOG-derived annual VIIRS lights
and NASA Black Marble VNP46A4 Collection 2 through 2024. The products share the VIIRS/Suomi-NPP
sensor family and differ in processing. Calibration uses only preceding GDP outcomes and is applied to
observed target-year light. Light-only estimates are compared with national, provincial, prefecture and
most-recent GDP histories; conditional tests add light to intercept-recalibrated history. Timing is indexed to
GDP outcome years, not real-time publication vintages. The primary 2015/2016—2019 domain, 2020—2021
stress period and 2022—-2024 extension remain separate. The extension evaluates a fixed 296-prefecture
universe, with differences in GDP-source composition and nighttime-light series assessed separately.

The contribution is a forward, loss-based validation framework rather than a new predictive estimator. It
separates cross-sectional representation from forward annual-growth validity, stand-alone light
performance from incremental value beyond explicit GDP-history benchmarks, and temporal portability
from geographic support, GDP outcome-source validity, and cross-series variation. A proxy may fit levels
well, transfer poorly across target years, or show different performance across the two VIIRS-derived
series even on the same economic targets. Figure 1 summarizes this validation structure.
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spatial representation and annual-change alignment. Forward tests compare light-only mappings with prior-year GDP
histories and then compare GDP history augmented with light against GDP history alone. Geographic, processing, sample,
and temporal-domain diagnostics define the scope of these comparisons. Target-year light is observed and target-year GDP
is excluded from calibration and benchmark construction. The GDP timing restriction is distinct from the full-period fixed
raster support.

Results

Study universe and GDP outcome provenance

The study covers a fixed set of 296 prefectures across all 31 mainland provincial-level units. Historical
GDP coverage is reported by year in Table 1. In the 2022-2024 extension, the priority-source GDP panel
combines 482 independently retrieved official-source outcomes with 406 entries from a compiled
workbook, yielding 888 prefecture-year observations. A verified-enhanced sensitivity panel replaces 108
compiled entries with inspected official values, leaving 298 compiled entries. Both panels evaluate the
same 296 prefectures in each extension year (Fig. 2; Supplementary Table S50).
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Figure 2. Fixed analysis universe and GDP evaluation coverage. (a) Current-boundary 296-prefecture universe, which is also
the common 2022-2024 extension support. Blue identifies retained baseline units; Sansha is outside the defined GDP-
growth sample. Provincial boundaries are unchanged. Areas outside the fixed 296-prefecture analysis universe are unfilled.
(b) Initial official-source subset (452 observations) versus the expanded priority-source coverage: 2022—-2024 coverage
increases from 148, 148 and 156 to 296 in each year, and common support rises from 148 to 296. Historical counts are
unchanged. Coverage refers to the defined 296-prefecture study sample, not all prefecture-equivalent jurisdictions in China.
The initial official-source subset comprised 452 prefecture-year observations (148, 148 and 156 in 2022—
2024; 148 prefectures common to all three years). Adding 30 official Shaanxi observations increased this
subset to 482 observations (158, 158 and 166; 158 common prefectures). The initial 148-prefecture subset
differed from the remaining baseline units in several pre-extension economic and nighttime-light
characteristics. The complete extension uses all 296 prefectures in the fixed analysis universe, providing
common geographic evaluation support across both light series. The sample-selection diagnostics and
their definitions, including standardized mean differences, are reported in Supplementary Tables S37 and
S41-S42 and Supplementary Fig. S7.

Spatial representation

In the historical five-wave level diagnostics for 2014, 2015, 2016, 2018, and 2019, the bivariate R? between
log EOG total light and log nominal GDP ranges from 0.730 to 0.779. Annual light change and certified real
GDP growth have R? values from 0.0005 to 0.247. On the 283-prefecture common positive sample, raw
level R?is 0.731-0.770 and remains 0.731-0.773 after residualizing both variables on prefecture land
area. Black Marble shows the same broad contrast, with level R? of 0.775-0.831 and change R? of
approximately 0.001-0.089 across the corresponding sensitivity grid. These historical representation
diagnostics are retained as their original estimands; the extension below concerns forward annual-growth
validation. Nominal levels and real growth are different economic concepts, so their contrast motivates
rather than itself proves a temporal limitation.



Primary forward validation: stand-alone transfer

Primary stand-alone forward validation transfers each historical light—growth calibration to the next
observed target-year signal. Most primary BO skill estimates are negative despite strong spatial alignment
(Fig. 3; Table 1). The displayed extension uses the retained priority-source GDP panel; alternative source
definitions are reported in Supplementary Table S52A. Target-year light is observed, while target-year
GDP is excluded from calibration.
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Figure 3. Stand-alone forward skill against GDP-history benchmarks BO—B3. B0 is the national training-period mean; B1, the
province training-period mean; B2, the prefecture training-period mean; and B3, the most recent observed prefecture growth.
Each annual cell compares transferred light-only predictions with its corresponding history-only benchmark; positive skill
favors light. Extension estimates for 2022—-2024 use the priority-source GDP panel; earlier estimates for 2015-2021 are
unchanged. Blue and orange denote EOG and Black Marble. Shaded backgrounds distinguish primary (2015-2019), stress
(2020—2021), and extension (2022—2024) domains. The figure shows point estimates; available historical stand-alone loss
intervals and extension source sensitivities are reported in the Supplementary Information.

Across the 30 historical stand-alone product—year comparisons with B1-B3, six point estimates favor light

and no reported province-block interval lies wholly in that direction. These overlapping comparisons
summarize stand-alone transfer rather than 30 independent tests or conditional incremental value.

Primary forward validation: conditional incremental value

In the primary 2016—2019 conditional exercise, all eight pooled incremental-skill point estimates are below
zero (—-0.0362 to —0.0016), but every corresponding province-block mean-loss interval includes zero. The
tested specifications thus show no detectable positive incremental value from adding light to historical GDP
information. Table 2 reports the primary results alongside the separately evaluated later domains. The
corresponding primary mean-loss intervals are reported in Supplementary Table S14.
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2020-2021 temporal stress

The 2020-2021 stress test is evaluated separately from the later extension on 296 and 295 prefectures,
respectively, within the defined study sample. Pooled conditional skills BO—B3 are 0.0636, 0.0418, 0.0336,
0.0352 for EOG and 0.1105, 0.0573, 0.0371, 0.0484 for Black Marble. All sixteen product—benchmark—
year cells are positive. These point estimates describe the two observed target years and do not identify a
causal pandemic mechanism or uncertainty across temporal regimes.

2022-2024 extension

On common 2022-2024 support, priority-source pooled conditional skills BO—B3 are 0.1097, 0.0766,
0.0671 and 0.0319 for EOG and -0.2240, —-0.1379, -0.1127 and -0.1759 for Black Marble. Fifteen of 18
stand-alone B1-B3 cells have positive point-estimate skill, but this does not establish conditional gains.
EOG B3 has an equal-year mean of —0.0225 despite positive pooled skill; its 2023 and 2024 annual skills
are negative. Black Marble is negative in 2022 and 2024 and positive in 2023 for every conditional
benchmark. The pooled cross-series divergence is concentrated in 2022: omitting that year from evaluation
shifts Black Marble’s pooled B0—B3 skills to —0.0441, —0.0072, —0.0007 and +0.0475, respectively; in
2023, paired loss contrasts favor Black Marble for B1-B3 (Supplementary Tables S32B, S54 and S55).
These estimates describe observed differences between the two VIIRS-derived series, not the effect of any
identified processing step; annual point signs should not be read as uncertainty intervals.

GDP outcome-source validation

The compiled GDP workbook does not retain complete row-level official-source links. Among 482
overlapping city-years with independently retrieved official growth data, exact agreement is 68.880%,
agreement within £0.10 percentage points (pp) is 93.154%, and RMSE is 0.552 pp. The mean signed
difference is 0.016 pp, although larger discrepancies occur in parts of Shaanxi and Heilongjiang.
Supplementary Appendix | reports the complete concordance and source-assessment diagnostics.

A verification sample selected before source retrieval covers 105 of the 406 workbook-only observations
from 36 cities in 12 provinces across four regions and all three extension years. Official-source values
were retrieved for 98 sampled observations, including 80 from primary official publication surfaces and 18
from traceable reproductions; seven could not be verified. Among verified rows, exact agreement is
85.714%, agreement within £0.10 pp is 97.959%, and RMSE is 0.046 pp. The sample is clustered and not
nationally probability-weighted, so these concordance rates are not assumed to apply to all remaining
compiled entries (Supplementary Appendix |).

Processing-product disagreement under common support

We evaluate four GDP-source definitions: the priority-source panel; an all-workbook panel for all 888
extension rows; an official-only subset of 482 outcomes assessed using priority-source fits; and a verified-
enhanced panel substituting 108 additional official values while retaining 298 compiled entries. On the
three full-support panels, pooled conditional skill is positive for the EOG-derived series and negative for
Black Marble across BO—B3. The official-only subset also changes the set of evaluated prefectures and is
therefore not a like-for-like provenance comparison. Full source-defined results are reported in Table 3 and
Supplementary Appendix J.

Within the observed 2022-2024 extension, single-province deletions do not change the pooled product-
specific signs. EOG B0-B2 remain positive after deleting any one target year; Black Marble BO—B1 remain
negative, while the all-workbook B2 comparison reaches 0.0012 in one deletion. Both B3 deletion ranges
cross zero. Province-block intervals favor EOG M1 over M0 for BO—B2, but the EOG-B3 interval includes
zero; Black Marble mean-loss intervals favor MO for every benchmark. With identical GDP targets and
common MO predictions, the paired EOG-minus-Black-Marble loss contrast equals the difference in
incremental losses. In the verified-enhanced BO comparison, the mean paired contrast is —1.893 x 1074
(95% interval [-3.645, —0.877] x 107#); paired intervals remain negative across BO—-B3 under the priority-



source, all-workbook and verified-enhanced definitions. These are cross-processing paired loss contrasts,
not independent-sensor validation or general product rankings.

The cross-series comparison uses common prefectures, GDP targets, and history-only predictions, while
each light series retains its documented annual inputs and processing support. Constant numerical
rescaling cancels in log differences, but this property alone does not establish that annual radiance
changes are equivalent across the two product lineages. Supplementary Tables S39-S40 document why
other archived light measures are not used as independent corroboration.

Supporting spatial and robustness diagnostics

The historical 272-prefecture primary sensitivity retains negative stand-alone mean BO skill and eight
negative pooled conditional skills. Removing the 2017 evaluation fold changes EOG-BO0 pooled skill to
0.0053 but leaves its equal-fold mean negative. These historical checks address the pre-COVID domain
(Supplementary Tables S28A—-S28D). The expanded extension comparison instead distinguishes test-
sample composition from updates to recursive history and residual calibration; it does not refit the historical
primary evidence on a new selected subset.

For the 2022—2024 B0 conditional comparison, initial partial-support fits evaluated on the original annual
support yield pooled skill 0.1269 for EOG and -0.1955 for Black Marble. Evaluating those same fits on
expanded support gives 0.1168 and —0.2448; updating histories and calibration on expanded support gives
0.1097 and -0.2240. Thus expanding the evaluation support changes magnitudes without generating the
opposite-product BO signs. A full two-fit-by-four-support comparison covers original annual support, the
earlier common 148 cities, expanded common support and expanded annual support (Supplementary
Tables S35A-S35B and S38). The last two coincide at complete coverage. These are descriptive
comparisons, not causal composition effects.

Geography of transfer error and ranking performance

In the 2015-2019 comparison, the two products identify a very similar geography of realized prediction
difficulty. Their benchmark-relative BO loss maps correlate at Pearson r = 0.835 and Spearman p = 0.759
(Fig. 4; Supplementary Table S9). On exactly common prefecture-year rows, raw standardized squared-
error maps correlate at Pearson r = 0.9921 (province-block 95% CI 0.9731-0.9970) and Spearman p =
0.9349. After residualizing both benchmark-relative maps on the shared BO error surface, the partial
Pearson correlation remains 0.8516. Raw product errors are also spatially clustered for both products:
Moran’s | is 0.6285 (Queen) and 0.6447 (4-nearest-neighbor) for EOG and 0.6146 and 0.6386 for Black
Marble, with permutation p = 0.0001 throughout (Supplementary Table S15). In contrast, BO-relative
excess-loss clustering is robust for EOG across Queen and 4NN weights (Moran’s | = 0.3077-0.3294; p =
0.0001), but weak and weight-sensitive for Black Marble (Moran’s | = 0.0507-0.0641; p = 0.0423-0.0827;
Supplementary Table S9). Because both products share the VIIRS/Suomi-NPP sensor family and the
same realized GDP target, this agreement indicates similar realized error geography across processing
pipelines, not independent-sensor validation.
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Figure 4. Geography of continuous pre-COVID temporal-transfer loss relative to the national training-period mean. Each
panel maps a prefecture’s mean standardized excess squared loss averaged across its available transfer folds in 2015—
2019; negative values favor the stand-alone light mapping and positive values favor BO. Both panels use the same
continuous scale centered at zero and the accepted current-boundary set. Areas outside the fixed 296-prefecture universe
are unfilled; near-white shades within included prefectures indicate values close to zero on the diverging scale. The mapped
quantity is comparative benchmark-relative performance, not sensor error alone.

Growth-extreme recovery in the pre-COVID ranking exercise is less stable. At the 20% threshold used in
the historical analysis, light-based high- and low-growth Jaccard values range from 0.103 to 0.234 for EOG
and from 0.054 to 0.261 for Black Marble. Eleven of 20 product-year-tail cells lie above the 95th percentile
of the random-ranking reference. By comparison, B2 and B3 Jaccard ranges are 0.295-0.611 and 0.341—
0.589, and all 20 historical-ranking cells lie above the same reference. Spatial-HAC inference further limits
the robustness claim. EOG stand-alone excess loss relative to BO and B3 remains positive at 200, 500,
and 800 km, whereas Black Marble is more cutoff-sensitive. Every conditional M1-MO0 spatial-HAC interval
includes zero for both products and the two primary benchmarks (Supplementary Tables S16-S17).

Figure 5 summarizes the annual conditional sequence on the retained priority-source panel, separating the
three observed temporal domains. Outcome-source sensitivities and extension uncertainty are reported
separately in Table 3 and Supplementary Appendix J.



Primary Stress Extension
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Figure 5. Annual conditional incremental skill on the retained priority-source panel. Each cell is 1 - SSE(M1)/SSE(MO),
comparing light-augmented history with intercept-recalibrated history alone. Blue favors M1 and red favors MO. Lines
separate primary 2016-2019, stress 2020-2021 and extension 2022—-2024. Only preceding GDP outcomes enter calibration
and benchmark histories. Extension targets share 296-prefecture support. These are point estimates; outcome-source
comparisons and loss intervals are reported in Table 3 and Supplementary Appendix J.

Pre-COVID model-form and benchmark checks do not reverse the pre-COVID result. Five-fold average
stand-alone B0 and B3 skill remains negative for linear, quadratic, and fixed four-degree-of-freedom
natural-spline forms for both products, and the mean-fold conditional incremental-skill range remains below
zero across these fixed forms. A pooled AR(1) historical benchmark is feasible from 2016 onward; adding
light improves three of eight product-year cells and worsens five of eight. Exploratory moderator
diagnostics based on strictly prior-year light and GDP-history characteristics remain imprecise and do not
identify an actionable applicability threshold (Supplementary Tables S18-S25).

Discussion

Strong spatial alignment does not establish forward annual-growth measurement value. In 2016-2019, the
conditional tests provide no detectable positive increment from the specified light-augmented models
beyond the historical GDP benchmarks. Positive conditional point estimates occur in the separate 2020-
2021 stress tests. In 2022—2024, pooled conditional performance differs between the EOG-derived and
Black Marble series on common prefecture and GDP outcomes, although the annual comparisons are
heterogeneous and the EOG B3 interval includes zero. The findings are therefore conditional on the
evaluated period, benchmark, and light series rather than evidence of a persistent processing mechanism.

These results help reconcile a literature containing both strong and weak temporal applications of nighttime
lights. Regional and small-area light—-GDP relationships vary across settings [24, 25], Chinese provincial
associations vary over time [26], and recent cross-country subnational evidence reports much stronger
relationships in levels than in growth [16]. National forecasting exercises can nevertheless obtain gains
from nighttime lights [13], especially when signal construction or predictive systems are more flexible [6, 7,
14]. Our design evaluates a narrower claim: whether a historical scalar light-to-GDP mapping carried
forward to an observed light signal reduces loss relative to explicit prior-year GDP benchmarks, and
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whether light adds information after conditioning on those benchmarks. Performance for this task need not
determine performance for tuned multivariate or machine-learning systems.

The geographic diagnostics add a separate dimension. EOG and Black Marble identify very similar raw
error geographies even though benchmark-relative spatial inference is more product-sensitive. Because
both products share the VIIRS/Suomi-NPP sensor family, this is cross-processing agreement rather than
independent-sensor replication. The clustering of raw errors and the sensitivity of some benchmark-relative
comparisons to spatial-HAC cutoffs indicate that transfer difficulty is geographically structured and cannot
be reduced to a conventional standard-error choice.

The comparisons distinguish temporal transfer from geographic coverage, GDP-source concordance, and
differences between nighttime-light series. Evaluating both products on the same 296-prefecture extension
sample reduces geographic-composition differences in their performance comparison. Source-defined
outcome substitutions produce similar pooled estimates on the complete panels, although they do not
establish the accuracy of every compiled GDP observation. These dimensions should be considered
separately when interpreting the observed cross-series results.

Three limitations define the scope of the extension. First, the EOG-derived series uses a separately
maintained continuation after 2021, and Black Marble changes its common-pixel support in the extension.
The observed cross-series differences therefore cannot be uniquely attributed to a processing step.
Second, part of the 2022-2024 GDP panel uses compiled observations with incomplete row-level
provenance; verification and source-substitution exercises assess sensitivity but do not establish
equivalence for every city-year. Third, province-block intervals are conditional on the three observed
extension years and do not quantify uncertainty over future temporal regimes or GDP-source error. The
results concern the specified scalar models, observed target-year light, and current-boundary prefectures;
they do not evaluate every possible predictive model.

The broader implication is methodological. Strong spatial fit need not imply that a historically calibrated
light signal improves annual local-growth measurement beyond admissible GDP history. Under the tested
scalar specifications, the pre-COVID conditional comparisons show no detectable positive incremental
gain, while the later comparisons vary across observed periods, benchmarks, and VIIRS-derived series.
These results motivate validation that matches the intended outcome, available information, temporal
domain, and spatial support; they do not establish a general product ranking or identify the cause of cross-
series differences.

Methods

Data sources and study sample

The fixed analysis universe comprises 296 prefectures across all 31 mainland provincial-level units;
Sansha remains outside the accepted GDP-growth sample. Annual light levels cover 2013-2024 and
GDP-growth observations cover 2014—-2024, with all GDP and light values through 2021 unchanged. The
2022-2024 priority-source panel includes 452 previously selected official observations, 30 additional
official Shaanxi observations and 406 compiled observations. In the verified-enhanced panel, 108 compiled
observations are replaced by inspected official values: 98 from the predeclared verification sample and ten
additional Jilin observations. The all-workbook sensitivity uses workbook outcomes throughout the
extension; the official-only sensitivity evaluates official outcomes using priority-source fits. All complete
extension panels cover 296 prefectures annually, with historical GDP gaps, city codes and boundaries
unchanged (Supplementary Tables S5, S29 and S50).

The initial official-source subset of 148 common prefectures was compared with the remaining study units
using standardized mean differences for pre-extension economic and nighttime-light characteristics.
Because the full extension includes all 296 prefectures in the fixed analysis universe, included-versus-
excluded balance statistics are not defined for that panel. The original diagnostics, variable definitions and
coverage checks appear in Supplementary Table S37 and Supplementary Fig. S7. No matching,
weighting, selection regression or covariate imputation was introduced.
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Nighttime-light products and preprocessing

EOG Annual VNL V2.1 observations cover 2013-2021 [27, 28]. For 2022—-2024, we use a separately
maintained VNL-derived Cloud-Optimized GeoTIFF continuation (OpenGeoHub Zenodo record 17294744,
version v0.4) [29], excluding its extrapolated 2000-2011 values. The continuation is not assumed to be
equivalent to the official EOG V2.1 processing chain. We aggregate non-negative radiance within the same
current prefecture boundaries (all_touched=True), using the common valid-pixel intersection for 2013—
2024. Historical area-weighting and area-residualization diagnostics retain their original grid and support.

NASA Black Marble VNP46A4 Collection 2 [30, 31] is extended through 2024 using processed annual
prefecture aggregates. The extension retains finite, non-negative radiance from
AllAngle_Composite_Snow_Free, quality code 0, more than three contributing observations, land/water-
mask codes 0/1/2/5, and the primary 0.50 nW cm™2 sr™* residual-background threshold. Prefecture
boundaries and all_touched=True rasterization are unchanged. The continuation uses common
admissible-pixel support for 2013—2024, rather than the 2013—2021 support of the historical aggregate.
Full-period support holds pixel coverage fixed within the continuation but may use imagery observed after
an earlier target year; this choice is distinct from GDP calibration timing. File identities, hashes, screening
rules and support definitions are documented in Supplementary Tables S2 and S30.

To align numerical scales across historical and continuation aggregates, the default bridge combines an
initial source-based factor with the median positive matched old-to-new ratio over 2,664 city-years in 2013—
2021. For EOG, the metadata-based factor of 0.1 and an overlap median ratio of 10 yield a net factor of
1.0; Black Marble has an initial factor of 1 and a net factor of 1.00075615393726. These factors are used
to align aggregate numerical scales; they do not establish physical radiance equivalence between source
segments. Annual extension log changes use adjacent years from the same continuation: the 2022
change, for example, uses continuation values for both 2021 and 2022, with no cross-segment fallback.
Constant multiplicative scaling cancels in log differences. An alternative log-linear bridge is examined only
as a sensitivity analysis.

Annual light growth is
AlnLy = In(Ly) — In(Li-1) (D

where Lj; is total light in prefecture i and year t. The analysis uses only positive totals. The first observable
level year supplies the lag and does not enter as a growth observation.

GDP sources and provenance

The historical GDP panel combines nominal prefecture GDP levels for within-year level comparisons with
source-certified real GDP growth transformed as In(1 + growth/100); the mixed-source extension is
addressed below. GDP values are certified by city and year under a fixed source hierarchy and reference-
vintage rule. In the five original level-comparison years, all 1,452 observations have a selected official
value: 1,442 agree exactly with the recorded values and eight agree within the published precision. Two
2015 Heilongjiang observations remain outside that precision and are retained without ex post
reconciliation. Supplementary Appendix A reports these exceptions and the corresponding substitution
sensitivity.

Historical prefecture GDP sources include the China City Statistical Yearbook (B3 £i 1T £; relevant

editions through 2025), compiled by the Urban Socio-Economic Survey Department of the National Bureau
of Statistics, and municipal and provincial statistical-bureau publications. For ten Shaanxi cities, we use the
comparable-price table in the 2025 Baoji statistical yearbook. Part of the 2022—2024 extension relies on a
compiled 296-prefecture workbook supplied by Markdata as an intermediate extraction and harmonization
file, not as an original official source; its SHA-256 is retained. We interpret its growth index as g = index -
100 and transform growth as In(index/100). The available metadata do not identify an official source for
every row or establish that all indices share a consistent prior-year-equals-100 real-growth definition.
Transformations are not adjusted to improve agreement. Independently retrieved official values take
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precedence over differing workbook values in the priority-source and verified-enhanced panels. Missing
GDP observations are not interpolated, and no GDP outcomes are derived from light. Supplementary
Appendices | and J document source-definition limitations, official-source comparisons and the
independently selected verification sample.

Spatial representation and annual-change alignment

Within each certified level year, we compute the squared correlation between log total light and log nominal
GDP. We then compute the analogous squared correlation between annual log light change and certified
real GDP growth. These comparisons are diagnostic rather than structural fits: the level margin is
influenced by city size and built-up extent, and nominal levels and real growth are different economic
measurement concepts. Area residualization provides the principal support adjustment for the level margin.
The purpose is to test whether strong spatial ranking persists when attention shifts to annual change, not
to attribute the full difference in R? to differencing alone.

Stand-alone forward temporal transfer

For each product and each target year from 2015 through 2024, pooled OLS is fitted on all admissible
observed rows from earlier GDP years. The estimated coefficients are held fixed when applied to observed
target-year light. No target-year GDP enters calibration. BO is the national training mean, B1 the province
training mean, B2 the prefecture training mean, and B3 the most recent observed prefecture growth. The
benchmark fallback hierarchy follows the documented rules. GDP outcome timing, rather than publication
vintage, determines admissible history. Both products use the same available GDP target rows within year.

We report RMSE, MAE, mean error, SSE, test-mean out-of-sample R?, skill 1 -
SSE(light)/SSE(benchmark) and mean ALoss. Positive skill and negative ALoss favor light. Pooled loss
ratios, equal-year means and annual signs are separate. Primary stand-alone targets are 2015-2019,
stress targets 2020-2021 and extension targets 2022—-2024. The priority-source panel remains the fixed
reference; the all-workbook and verified-enhanced panels are refitted on the same geographic support,
while the official-only sensitivity evaluates retained official targets using priority-source fits rather than a
separately refitted incomplete-history model. No new stand-alone inferential claim is made from point
signs.

Conditional incremental validation

The conditional analysis begins in target year 2016 and recursively reconstructs each historical benchmark
for every training row using GDP information indexed to years preceding that row year; this design
enforces GDP-outcome-year separation rather than a real-time publication-vintage constraint. This creates
an outcome-leakage-restricted history-only prediction for each training observation. For benchmark j, the
training residual is

Tiis = Yis — By D 2)
Here, s denotes an admissible training-observation year (s < t); the benchmark for that row uses GDP
outcomes strictly preceding s. For light product p, the baseline residual model MO estimates only a training-
period intercept, while M1 adds the contemporaneous light-growth signal from the same admissible
training rows:

MO:T}',iS = a’j't + SiS; Ml:‘r}',iS = a’jp,t + ]/jp'tﬁll’l LES) + Sis (3)

For target year t, both residual models are added back to the target-year historical benchmark. Conditional
incremental skill compares M1 with MO:

IncSkill = 1 — SSE(M,) / SSE(M,) o

Historical conditional uncertainty uses 9,999 province-panel draws (seed 20260916), with its intervals kept
separate from extension results. For the 2022—-2024 extension, each of 9,999 bootstrap draws (seed

12



20261002) samples 31 provinces with replacement, retains their complete histories and observed
extension targets, and refits recursive fold-specific MO and M1. Province multiplicities are paired across
light products and the priority-source, all-workbook and verified-enhanced panels. Percentile 95% intervals
cover mean squared-log-growth M1-minus-MO loss and paired cross-processing loss, rather than skill
ratios. They quantify spatial-cluster uncertainty conditional on the three observed extension years, not
uncertainty across temporal regimes.

Spatial diagnostics, ranking, and dependence

For the primary error geography, BO-relative excess squared loss is standardized by target-year GDP-
growth variance and averaged within prefecture across the available pre-COVID folds in 2015-2019. Raw
product-specific squared-error maps are also constructed on exactly common prefecture-year rows.
Pearson and Spearman correlations quantify cross-product geographic agreement; a partial Pearson
correlation residualizes both BO-relative loss maps on the shared BO error surface. Spatial dependence is
evaluated with a fixed Queen contiguity graph and a four-nearest-neighbor great-circle sensitivity, each
using 9,999 permutation draws.

The retained pre-COVID applied ranking exercise defines actual and proxy-estimated high- and low-growth
prefectures separately within each target year at a 20% threshold specified in the historical analysis, with
10% and 25% sensitivities. Precision, recall, F1, Jaccard overlap, and Spearman rank correlation are
reported for EOG, Black Marble, B2, and B3. A 9,999-draw random-ranking reference preserves target-
year sample size and set cardinality. Cross-border spatial dependence in the primary loss differential is
assessed with Bartlett-kernel spatial-HAC/Conley inference [32] at 200, 500, and 800 km cutoffs specified
in the historical analysis. Pooled-panel inference allows arbitrary within-prefecture serial covariance and
same-year cross-prefecture covariance within the cutoff.

Sensitivity analyses and temporal domains

Historical model-form, AR(1), ranking, spatial-HAC and moderator diagnostics retain their original scope.
The sample-expansion analysis crosses the initial and updated fits/histories with four evaluation supports:
original annual support, the initial 148-city common support, expanded common support and expanded
annual support. Initial coefficients are applied to additional targets without using their GDP in fitting.
Comparing supports at fixed fits describes sample-composition differences, whereas updating histories
and calibration at fixed support describes changes associated with refitting; neither contrast identifies a
causal composition effect. Leave-one-year-out sensitivity recomputes pooled evaluation losses without
refitting later models and is applied to the primary and extension domains, which have at least three target
years, but not the two-year stress period. DMSP is not concatenated with VIIRS, and supplementary light
archives are screened for empirical eligibility.

GDP source sensitivity and independent verification

To assess GDP-source sensitivity, compiled growth outcomes are compared with independently retrieved
official growth on 482 overlapping city-years. A 105-row workbook-only verification sample was selected
before independent source retrieval using city clusters stratified by region, economy size, and workbook-
reported growth; 98 selected rows could be verified and seven remain unresolved. The verified-enhanced
panel substitutes all 108 additional inspected official observations, whereas verification agreement rates
use only the 98 verified sampled rows. The source-defined model refits, target substitutions, and paired-
loss comparisons follow the preceding validation procedures. Detailed provenance, sample-selection rules,
and audit results appear in Supplementary Appendices |-J.

Computational environment and reproducibility

The public deposit contains statistical code, aggregate outputs, Table 3, input fingerprints and environment
documentation. Supplementary Data 1 provides additional machine-readable aggregate results. Source-
assessment records, verification evidence and study-specific processing records are retained by the
authors; access to restricted third-party inputs follows the conditions in Data availability.
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Use of generative Al

During the preparation of this manuscript, the authors used ChatGPT 5.6 (OpenAl) to improve readability
and language. After using this tool, the authors carefully reviewed and edited the content as needed and
take full responsibility for the final text.

Code availability

Data and aggregate results are available in the GitHub release (URL:
https://github.com/tanbole0214/Temporal-Validation-of-VIIRS-Nighttime-Lights/), with additional aggregate
outputs in Supplementary Data. The public archive does not include prefecture-year GDP observations
due to licensing restrictions.

Data availability

Aggregate results and replication materials are available in the GitHub repository cited above and
Supplementary Data 1. The underlying GDP data originate from theChina City Statistical Yearbookand
municipal and provincial statistical publications, with a third-party compiled extract used for part of the
2022-2024 panel. Restricted city-year inputs are not publicly redistributed and remain subject to the
relevant data providers' access conditions. Nighttime-light and boundary-data sources are described in
Methods.
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Tables

Table 1. Annual forward temporal-transfer validation against BO through 2024

Product Train — test N RMSE Skill vs B0 0O0S R? vs test mean
EOG 2014—2015 288 0.0322 -0.1362 -0.2104
EOG 2014-15—2016 288 0.0365 -0.0807 -0.1564
EOG 2014-16—2017 282 0.0283 -0.6606 -0.7216
EOG 2014-17—2018 294 0.0190 -0.0155 -0.1113
EOG 2014-18—2019 295 0.0205 -0.0547 -0.2965
EOG 2014-19—2020 296 0.0539 0.0058 -1.8093
EOG 2014-20—2021 295 0.0238 0.0816 -0.2071
EOG 2014-21—-2022 296 0.0375 0.0584 -1.9337
EOG 2014-22—2023 296 0.0214 0.0178 -0.2078
EOG 2014-23—-2024 296 0.0209 0.0621 -0.3239
Black Marble 2014—2015 288 0.0282 0.1287 0.0718
Black Marble 2014-15—-2016 288 0.0353 -0.0064 -0.0770
Black Marble 2014-16—2017 282 0.0248 -0.2699 -0.3166
Black Marble 2014-17—2018 294 0.0203 -0.1673 -0.2774
Black Marble 2014-18—2019 295 0.0213 -0.1311 -0.3904
Black Marble 2014-19—-2020 296 0.0536 0.0176 -1.7759
Black Marble 2014-20—2021 295 0.0225 0.1757 -0.0834
Black Marble 2014-21—-2022 296 0.0424 -0.2003 -2.7394
Black Marble 2014-22—2023 296 0.0221 -0.0461 -0.2863
Black Marble 2014-23—-2024 296 0.0207 0.0863 -0.2898

Note: B0 is the national training-period mean. Target-year GDP is excluded from calibration and target-year light is observed.
Skill = 1 - SSE(light)/SSE(BO0). Test-mean out-of-sample R? uses the realized target-year mean only for evaluation.
Extension rows use the priority-source panel; source-defined reruns are in Supplementary Table S52A. Historical intervals
remain in Supplementary Table S7.

Table 2. Conditional incremental skill by product benchmark and temporal domain

Product B Primary 2016— Primary 2016- Stress 2020- Stress 2020- Extension Extension
19 pooled 19 equal 21 pooled 21 equal 2022-24 2022-24 equal
pooled
EOG BO -0.0296 -0.0426 0.0636 0.0808 0.1097 0.0763
EOG B1 -0.0362 -0.0305 0.0418 0.0549 0.0766 0.0555
EOG B2 -0.0168 -0.0130 0.0336 0.0448 0.0671 0.0493
EOG B3 -0.0075 -0.0103 0.0352 0.0304 0.0319 -0.0225
Black Marble BO -0.0347 -0.0572 0.1105 0.1474 -0.2240 -0.1513
Black Marble B1 -0.0259 -0.0228 0.0573 0.0801 -0.1379 -0.0901
Black Marble B2 -0.0047 -0.0036 0.0371 0.0540 -0.1127 -0.0734
Black Marble B3 -0.0016 -0.0016 0.0484 0.0378 -0.1759 -0.1191

Note: M1 adds observed target-year light to recursively constructed, intercept-recalibrated MO. Primary = 2016—2019; stress
= 2020-2021; extension = 2022—2024. Pooled skill is 1 — pooled SSE(M1)/pooled SSE(MO0); equal is the unweighted annual
mean. The domains contain 1,159, 591 and 888 rows per product—benchmark cell. Extension entries use the priority-source
panel on common 296-prefecture support. Table 3 reports outcome-source robustness and extension mean-loss intervals;
historical intervals are retained separately.
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Table 3. Outcome-source robustness and conditional loss uncertainty, 2022-2024

Product B Priority-source Verified-panel Mean ALoss 95% interval
skill skill x1074 x10-4
EOG BO 0.1097 0.1097 -0.623 [-1.065, -0.275]
EOG B1 0.0766 0.0766 -0.498 [-0.878, -0.211]
EOG B2 0.0671 0.0671 -0.444 [-0.807, -0.180]
EOG B3 0.0319 0.0318 -0.443 [-1.004, 0.041]
Black Marble BO -0.2240 -0.2239 1.271 [0.447, 2.915]
Black Marble B1 -0.1379 -0.1378 0.896 [0.360, 1.940]
Black Marble B2 -0.1127 -0.1126 0.745 [0.291, 1.707]
Black Marble B3 -0.1759 -0.1760 2.450 [0.851, 5.921]

Note: The priority-source and verified-enhanced panels each contain 888 rows on the same 296-prefecture support. Skill = 1
- SSE(M1)/SSE(MO0). ALoss compares M1 with MO; negative values favor adding light. The single mean ALoss and 95%
interval columns report the verified-enhanced panel (P4); priority-source (P1) intervals are provided in Supplementary Table
S53A. Intervals use 9,999 province-panel refits conditional on the observed three target years and do not quantify
uncertainty over temporal regimes. All-workbook and official-only sensitivities are reported in Supplementary Appendix J.
The EOG B3 interval includes zero.
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