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One-Sentence Summary 1

Fire VASE makes the ordered allocation of observed wildfire growth a robust, comparable develop- 2

mental response. 3

Abstract 4

Final area and duration describe where a wildfire ended, but not how it developed. Fire 5

VASE instead represents how observed growth is distributed through relative developmental 6

time. From an archive of 278,569 FIRED events, 10,246 had at least three observations with 7

no intervening calendar-day gaps and defined the primary developmental morphospace. We 8

fitted this space from 20 normalized growth-allocation bins; final area, duration, observation 9

count, absolute growth, and weather were excluded. Broad developmental axes persisted under 10

stricter observation requirements and under Hellinger geometry, although local neighborhoods 11

and extreme exemplars were less stable. Permuting the same increments within fires changed 12

front-loading and pulse summaries, revealing temporal asymmetry relative to that specified 13

null. Among 9,212 weather-complete primary fires, the tested daily-weather summaries and 14

ridge models had weak, response-dependent associations with morphology. For 87,944 exact 15

calendar-day transitions, an autoregressive fire-state baseline provided held-out R2 ≈ 0.448; 16

weather added about 0.005, and interactions between weather and state added 0.015–0.018. Fire 17
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VASE therefore provides a developmental representation whose broad geometry is robust under18

the tested observation-depth, temporal-order, and compositional-geometry comparisons and can19

be used to investigate why adequately observed fires follow different growth pathways.20

1 Introduction21

A wildfire’s final perimeter is the endpoint of a process. It records how much land burned, but not22

whether that area accumulated in one rapid run, through weeks of steady expansion, after a long23

delay, or in repeated episodes of growth and quiescence. Two fires can end at similar sizes after24

similar durations and still have little else in common. For communities, responders, and ecosystems,25

those different routes to the endpoint are often the consequential part of the event.26

Recent work underscores the importance of growth itself. Across the United States, fast fires—27

defined as those growing more than 16.2 km2 in one day—made up 2.7% of analyzed events but28

accounted for 88% of residential structures destroyed from 2001 to 2020 [1]. Yet the quantities29

commonly used to compare fires—final area, duration, severity, and mean or peak growth—still30

reduce the intervening sequence to one or a few numbers. They tell us that growth occurred, but31

not how it was organized through time.32

Weather is an obvious candidate for organizing that sequence. Large-fire activity in western U.S.33

forests increased with warmer springs and summers and earlier spring snowmelt [2], and attribution34

studies have linked anthropogenic warming to increased fuel aridity and forest-fire area in the35

western United States and California [3, 4]. These studies establish climatic influence at regional36

and seasonal scales. They do not, by themselves, tell us why one individual fire grows early and37

stops, another persists, and another waits before making its largest run. Addressing that question38

requires a response variable that retains the history.39

Fire science has long recognized that much of an event’s expansion can be concentrated in particular40

spread episodes, and weather-based definitions of spread-event days have been used to improve41

fire-growth modeling [5]. Comparisons of unusually large and smaller fires further show that growth42

responses can differ even when differences in daily weather are modest [6]. More recent analyses using43
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FIRED observations have related daily growth of individual western U.S. forest fires to aridity and 44

prior fire size [7]. These studies motivate retaining the sequence of growth. Fire VASE contributes a 45

complementary normalized geometry designed specifically for population-scale comparison of entire 46

available observed histories. 47

Here we treat fire development as morphology. Fire VASE places relative developmental time on 48

a common vertical axis and normalized cumulative burned area on a radial axis. Each observed 49

developmental slice adds a ring; the mapped area increment determines how far the form widens. 50

The result is both a visual object and a quantitative trajectory that preserves the timing, persistence, 51

concentration, and recurrence of observed growth. The approach follows the general logic of 52

morphometrics for quantifying form, functional data analysis for comparing trajectories, and 53

principal component analysis for identifying dominant axes of variation [8, 9, 10]. The contribution 54

is not the drawing alone. It is the creation of a common response geometry in which whole 55

developmental histories can be compared. 56

Satellite-based approaches already reconstruct daily fire progression [11], track individual fires 57

globally to derive size, duration, daily expansion, speed, and spread direction [12], and use subdaily 58

observations to update perimeters and active fronts [13]. Such data reveal strong regional differences 59

in fire duration and spread [14]. Fire VASE complements these spatial and event-metric approaches 60

by turning the entire available observed sequence into a normalized geometry. The full archive 61

contains 278,569 MODIS-derived FIRED events and 626,102 dated growth observations from 2000 62

to 2021 [15, 16, 17]. Because developmental morphology requires an internally ordered record, the 63

primary coordinate system is fitted only to 10,246 events with at least three observations and no 64

calendar-day gaps between the first and last retained observation. Daily gridMET weather is then 65

projected onto that fire-derived representation for the 9,212 primary fires with complete weather [18]. 66

We use the resulting space to ask a sequence of questions. Do observed histories vary along recurring 67

developmental gradients? Does weather shift where fires occur in that space? Does current fire 68

state alter the association between weather and subsequent observed growth? And what can be 69

learned from cases in which weather and morphology disagree? Weather is the first demonstration 70

of a broader explanatory architecture. Fire VASE makes developmental history the common 71
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response against which active-edge exposure, fuels, terrain, ignition context, suppression, and spatial72

progression can subsequently be tested.73

2 Results74

2.1 Dated growth observations become morphology75

Figure 1 shows the transformation from dated burned-area increments to morphology. Relative76

developmental time runs upward, each ring marks an observed date, and normalized width tracks77

the square root of the fraction of reconstructed area accumulated. Abrupt widening records a large78

mapped addition of area; nearly parallel sides record successive dates with little additional mapped79

growth. Gray bands mark dates without an observation and are not treated as zero growth. Read80

from bottom to top, a VASE is a compressed history of how the fire accumulated area.81

The VASE is not a geographic silhouette: width describes accumulated area, not perimeter shape or82

direction of travel. It is a standardized history. That distinction allows fires of different sizes and83

durations to be compared without erasing when their growth occurred.84

Figure 1 illustrates the general encoding, including how gaps are displayed. Eligibility for the85

primary morphospace is stricter: only histories without intervening calendar-day gaps enter that86

coordinate system.87
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Validated v2 Figure 1
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Figure 1: From dated growth observations to developmental morphology. Four FIRED
events illustrate the encoding. Upper panels show each observed daily share of reconstructed area
as bars and cumulative share as lines. Gray bands denote unobserved dates, not zero-growth days.
Lower panels encode the same records as VASEs: elapsed development runs upward, and ring radius
is proportional to

√
A(t)/A(T ). The representation records normalized area allocation through

time, not geographic perimeter shape or direction of spread.

2.2 Broad developmental gradients are robust to observation depth and geome- 88

try 89

The displayed VASE and the fitted morphospace are related but distinct. The VASE plots cumulative 90

normalized area as radius; the PCA uses 20 normalized growth-allocation bins derived from that 91

history. The primary fit includes 10,246 fires with at least three gap-free observations. Each bin 92

records the share of observed growth assigned to one twentieth of relative developmental time, and 93

the bins sum to one. Final area, duration, observation count, observed daily peak, mean growth, 94

slenderness, and weather do not enter the fit. PC1 explains 34.1% of standardized variance, PC2 95

explains 28.2%, and the first five axes explain 89.4% (Fig. 2). Their leading loadings describe broad 96

shifts in when growth occurs. Because the bins are proportions constrained to sum to one, these 97

axes are a standardized Euclidean coordinate representation of compositional histories, not the only 98

possible geometry for them. 99

A Hellinger sensitivity square-root transformed the allocation proportions and mean-centered 100

them without variance scaling. It preserved the broad configuration: aligned PC1 and PC2 score 101

correlations were 0.942 and 0.938, five-dimensional Procrustes similarity was 0.985, and pairwise- 102

distance ranks correlated 0.976 with the primary space (fig. S4 and table S9). Local correspondence 103

was weaker. Fifteen-neighbor overlap was 0.701 and overlap among extreme exemplars was 0.430. 104
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The dominant early-versus-late allocation gradient remained recognizable, whereas the secondary105

concentrated-versus-distributed contrast rotated and weakened. The representation is therefore106

robust at the level of broad geometry, not pointwise invariant across analytical metrics.107

These broad gradients persist as observation support becomes stricter. Refitting the representation108

to the 1,171 gap-free fires with at least seven observations produced correlations of 0.985 and 0.997109

for the first two axes when the same reference fires were projected into both spaces. The rank110

correlation between five-dimensional pairwise distances was 0.969. Fine-scale structure was less111

stable: 15-neighbor overlap was 0.718, overlap among extreme exemplars was 0.606, and variance112

explained by the first five axes fell to 74.2%. Thus the major developmental directions are stable,113

whereas exact neighbors, extreme examples, and higher-dimensional detail depend more strongly on114

the observed record.115

Temporal ordering showed systematic asymmetry relative to a within-fire permutation reference. In116

a 4,000-fire comparison, shuffling each fire’s observed increments preserved its observation count,117

total area, and complete set of growth values while changing only their order. Observed histories118

allocated 0.541 of growth to the first half of development, compared with 0.500 after shuffling.119

They also had fewer detected pulses (1.249 versus 1.413) and reactivations (0.038 versus 0.120).120

These comparisons show that the specified order-sensitive summaries differ from this null; they do121

not establish a universal developmental program. Simulated positive growth allocations also show122

substantial low-dimensional compression.123

Endpoint variables remain related to shape even though they do not define it. PC1 correlates124

with final area (ρ = −0.308), observed daily peak (ρ = −0.332), and duration or observation125

count (ρ = −0.185); PC2 correlates with final area (ρ = 0.259) and duration or count (ρ = 0.256).126

Developmental morphology is therefore constructed independently of endpoint attributes, not127

statistically independent of event scale or length. The coordinates are continuous, and interpretive128

landmarks aid description, but the existence or absence of latent natural fire classes was not tested.129
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Validated v2 Figure 2
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Figure 2: The developmental morphospace is fitted from normalized growth allocation.
(A) Occupancy of the shape-only PC1–PC2 space for 10,246 fires with at least three observations
and no intervening date gaps. (B) Loadings across the 20 relative-time allocation bins show how the
first two axes redistribute normalized growth through development. (C) Observation support in the
full archive distinguishes one-observation, two-observation, gappy, and primary gap-free histories.
(D) Observed VASEs illustrate positions in the fitted space. PC1 explains 34.1%, PC2 28.2%, and
the first five axes 89.4%; observation-threshold and temporal-order tests are reported in Fig. S2,
and the Hellinger sensitivity in Fig. S4.

2.3 Weather maps weakly and heterogeneously onto morphology 130

The weather-complete primary population contains 9,212 fires. Event-mean VPD forms a diffuse 131

gradient across the shape-only space rather than defining its axes (Fig. 3A). After adjustment for 132

duration, observation count, area, region, month, and year, the highlighted associations remain 133

small: mean VPD correlates negatively with late allocation (ρ = −0.069) and positively with front 134

loading (ρ = 0.050), whereas precipitation correlates positively with late allocation (ρ = 0.041). The 135

precipitation–pulse correlation falls from 0.070 to 0.025 after adjustment, and the interval obtained 136

by resampling regions crosses zero. 137

Predictive performance likewise depends on the response (Fig. 3B). Among the tested ridge models, 138

the displayed core weather means plus maximum VPD provide a compact common specification that 139

can be compared across every response on the same cohort; they are not presented as a universally 140

optimal predictor set. Region-held-out R2 is 0.022 for front loading, 0.038 for late growth, 0.001 for 141

peak timing, 0.019 for pulse count, 0.022 for reactivation, 0.074 for normalized entropy, and 0.080 for 142

terminal taper. Normalized first and second differences are more predictable (R2 = 0.176 and 0.161), 143

but PCA coordinates recalculated within each validation fold are not. These weather summaries 144

and linear models therefore weakly organize selected features of developmental morphology; they do 145
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not strongly recover whole histories in this representation.146

This inference is geographically bounded. Although weather is complete for 237,235 archive events,147

the complete population is CONUS-only in these inputs; all Alaska and Hawaii events are excluded.148

Weather-complete histories are also longer and more frequently observed on average. These selection149

patterns, and the retrospective weather construction, limit generality beyond the 9,212-fire primary150

cohort.151

Validated v2 Figure 3
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Open the validated repository figure.

Figure 3: External weather maps weakly and heterogeneously onto developmental
morphology. (A) Median event-mean VPD projected onto the shape-only morphospace for
9,212 weather-complete primary fires. Weather is external to the fitted axes. (B) Held-out R2

for selected developmental responses using core event means plus maximum VPD under region,
year, and strict crossed space–time holdouts. Predictive skill is small for timing and for shape
coordinates recalculated within each validation fold. It is larger, though still limited, for entropy
and normalized sequence differences. Adjusted associations and selection diagnostics are reported in
the Supplementary Materials.

2.4 Recent fire state provides most subsequent-day predictive information152

We next predicted growth on the exact subsequent calendar day using a common cohort of 87,944153

transitions from 31,700 fires. As expected for a sequential growth process, the autoregressive state154

baseline—current growth, previous-day growth, cumulative observed area, and elapsed time—carried155

most transferable information. Its held-out R2 was 0.448 under region and strict space–time holdouts156

and 0.458 under year holdout (Fig. 4A). The scientific question is therefore not whether recent157

growth predicts subsequent growth, but whether weather adds information after that baseline is158

known.159
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Adding day-specific weather increased R2 by about 0.005. Adding all interactions between weather 160

and fire state increased it by 0.015–0.018 above the autoregressive baseline (Fig. 4B). Interactions 161

between VPD and current or previous growth contributed an additional 0.006–0.012 beyond the other 162

interaction terms; the region-held-out increment was 0.0118. These average gains are reproducible, 163

but their coefficients vary among regions, fire-size groups, and partial edge years. The result is a 164

small amount of predictive information conditional on reconstructed fire state, not a universal VPD 165

response curve or a causal weather effect. 166

Day-t weather was sampled at the centroid of that day’s newly burned area, removing the use 167

of final-event geometry in this comparison. The variables nevertheless remain retrospectively 168

reconstructed end-of-day covariates. Satellite latency, date uncertainty, and time-zone alignment 169

prevent interpreting the analysis as a prospective operational forecast. 170

Validated v2 Figure 4
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Figure 4: Developmental state and exact subsequent-calendar-day growth. (A) Total
held-out R2 for training-mean, current-growth persistence, autoregressive-state, day-t weather,
additive state-plus-weather, and weather–state interaction models. (B) Paired held-out improvement
above the shared autoregressive baseline; intervals resample fixed out-of-fold errors. (C) Day-t newly
burned-area centroids and retrospective final-event centroids give similar small weather increments
in the displayed sensitivity. (D) Seasonal estimates remain positive but heterogeneous. The shared
cohort contains 87,944 transitions; these are retrospective associations, not a live forecast.

2.5 Matched contrasts provide diagnostic case studies 171

Caliper matching creates controlled candidates for follow-up by pairing only sufficiently similar fires. 172

Within exact region, season, duration, and observation-count groups, and after applying limits on 173

area ratio and standardized distance, 80.5% of eligible fires received a unique weather-space partner 174
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and 68.3% a unique morphology-space partner (Fig. 5A). Among each fire’s ten nearest eligible175

neighbors, 91.2% had at least one acceptable weather match and 81.3% had at least one acceptable176

morphology match. These percentages varied with the chosen distance limit.177

Mismatch was not greater than the conditional permutation reference. The fraction of weather-178

matched pairs with other-space distance greater than one was 49.7%, compared with a null mean of179

50.4%; corresponding morphology-matched fractions were 39.5% and 40.2% (Fig. 5B). Thus the180

analysis does not establish unexpectedly frequent or ecologically prevalent mismatch.181

The displayed pairs remain useful as controlled examples. One pair is close in normalized morphology182

but more separated in weather; the other is close in weather but follows contrasting cumulative183

growth paths (Fig. 5C,D). They are independent pairs selected near the median mismatch, not184

extreme anomalies or a two-by-two match. Fuel continuity, terrain, ignition context, suppression,185

active-edge exposure, and observation error remain hypotheses to test, not mechanisms inferred186

from these pairs [19, 20, 21, 22].187

Validated v2 Figure 5
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Figure 5: Representative matched-pair diagnostics. (A) Fraction of 9,212 eligible fires assigned
a unique acceptable partner within the same region, season, duration, and observation-count
group, with an area ratio of at most 2 and a root-mean-square standardized distance of at most
0.5. (B) Observed fractions with distance greater than one in the other representation, compared
with conditional within-group permutations; observed mismatch is compatible with the reference
distribution. (C) A morphology-matched pair with differing weather. (D) An independently selected
weather-matched pair with differing developmental histories. The pairs are diagnostic candidates,
not extreme anomalies, a two-by-two match, or evidence identifying an omitted mechanism.
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3 Discussion 188

Fire VASE changes the response being explained. The primary coordinates are fitted only from 189

normalized allocation through relative developmental time, and the broad geometry survives removal 190

of conventional endpoint variables and progressively stricter observation requirements. Within-fire 191

permutation further shows systematic temporal asymmetry in front loading, pulsing, and reactivation 192

under the specified null. Together, these results support developmental morphology as the paper’s 193

principal contribution. 194

The validation also sets its limits. Only 10,246 events—3.68% of the archive—have the gap-free 195

observation support required for primary shape fitting, and no weighting extrapolates this selected 196

cohort to the full archive. Retention varies strongly with event scale and record length: it is below 197

1% among fires no larger than 1 km2, rises above 18% among fires of 10–100 km2, and is highest 198

for three-day histories before declining for longer records (Supplementary Table S8). The first two 199

gradients and global distance structure remain recognizable across stricter observation thresholds 200

and Hellinger geometry, but local neighborhoods, exemplar identity, secondary-axis interpretation, 201

higher axes, and total five-axis coverage are less invariant. Low dimensionality is not uniquely 202

diagnostic of biological restriction, and a continuous coordinate system neither proves nor disproves 203

latent fire classes. 204

Excluding endpoints from coordinate construction clarifies rather than eliminates their relationship 205

with development. Larger, longer, and faster-growing events remain moderately associated with 206

shape coordinates. That association is plausible: event scale and developmental allocation arise 207

from the same fire, even when they are represented separately. The analytical gain is that final 208

area and duration can now be treated as external attributes to be explained alongside, rather than 209

ingredients that define, developmental form. 210

Weather provides a first external test, not the main discovery. Its associations are small after 211

coarse controls and depend strongly on the response being predicted. Weather recovers more of 212

normalized roughness, taper, and entropy than precise peak timing or shape coordinates recalculated 213

within each validation fold. The weakened precipitation–pulse result illustrates why adjustment and 214

response-specific reporting matter. The data support modest external organization, not deterministic 215
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weather control of whole developmental histories.216

The subsequent-day models reinforce this hierarchy. Recent fire state supplies the strong baseline;217

daily weather adds a small amount of transferable information, and interactions add somewhat218

more. Interactions involving VPD contribute reproducibly on average, but their coefficients vary219

too much to support a single response curve. These models show that environmental information220

depends on reconstructed fire state. They do not establish causation or operational availability.221

Matched pairs make the framework useful for study design without implying that mismatch is more222

common than expected. The observed fractions agree with the conditional reference distribution, yet223

the balance requirements and distance limits still produce defensible candidate comparisons. The224

next step is to join developmental morphology with independently validated active-edge weather,225

fuel continuity, terrain, ignition context, suppression, and spatial progression. These layers can be226

tested against a response whose broad structure is already supported, rather than invoked after the227

fact to explain an unusual pair.228

Important limitations remain. The strict cohort favors fires with complete consecutive observation229

histories and cannot be assumed to represent events excluded by observation depth or gaps. Satellite230

burn dates and gridMET days may not align perfectly, weather completeness excludes Alaska and231

Hawaii, and end-of-day fire geometry and exposure are reconstructed retrospectively. Uncertainty232

estimates treat the fitted predictions as fixed, regional resampling relies on only four broad regions,233

and predictive performance is weak for some small-fire groups. Pulse thresholds and matching234

distance limits are analytical choices. Within these boundaries, Fire VASE provides a robust235

normalized representation of how adequately observed fires developed, making it possible to ask not236

only why fires end differently, but why they take different paths to their endpoints.237

4 Materials and Methods238

The analysis proceeded from representation to explanation. We reconstructed dated FIRED growth239

histories, fitted a shape-only developmental coordinate system to adequately observed events, tested240

that representation against observation-depth and temporal-order nulls, projected weather as an241
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external layer, and finally evaluated exact-day state models and matched diagnostic cases. Detailed 242

definitions, sensitivities, complete validation grids, and provenance are reported in the Supplementary 243

Materials. 244

4.1 Fire observations and primary population 245

Fire histories were derived from FIRED event and daily observation products based on MODIS 246

burned area [15, 16, 17]. The analysis-ready dataset contains 278,569 events and 626,102 observations 247

dated from 2 November 2000 through 1 May 2021. Every retained increment was joined by event 248

identifier and date to the source daily geometry and checked against its mapped area. Histories 249

with missing or nonnumeric values, negative increments, incomplete records, or zero reconstructed 250

area were excluded rather than repaired or interpreted as low growth. The retained data contain no 251

missing dates, duplicate dates, or zero-growth observations. 252

Of 347,533 adjacent observed pairs, 196,611 are exactly one calendar day apart, 81,940 are two days 253

apart, and 68,982 span longer gaps. The full archive contains 161,073 one-observation events and 254

47,950 two-observation events. Among the 69,546 events with at least three observations, 59,300 255

contain at least one gap. The remaining 10,246 have no gaps between their first and last dated 256

observation and define the primary developmental population. Gaps are unobserved dates, not 257

imputed zero-growth days. 258

4.2 Normalized VASE geometry 259

For nonnegative daily increments gj , reconstructed area was S =
∑

j gj and normalized growth 260

allocation was pj = gj/S. For a positive-area fire, normalized VASE width at developmental time t 261

was 262

w(t) =

√
A(t)

A(T )
, (1)

where A(t) is cumulative reconstructed area and A(T ) = S. Every VASE therefore terminates at 263

width 1. Width is proportional, up to a constant, to the radius of an equal-area disk; it is not a 264

geographic silhouette. 265
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4.3 Shape-only developmental morphospace266

In the primary consecutive cohort, each daily increment occupied one equal-width interval of relative267

developmental time. We interpolated cumulative allocation at 21 fixed boundaries and calculated268

the difference between adjacent boundaries, producing 20 nonnegative growth shares that sum to269

one. Interpolation standardizes the representation but does not create observations. The displayed270

VASE uses the cumulative allocation to determine radius, whereas these 20 incremental allocation271

bins were the only inputs to the primary PCA [10]. Final area, duration, observation count, true272

observed daily peak, mean growth, slenderness, scalar developmental traits, and weather were273

excluded. Each bin was centered and scaled using its training-set mean and standard deviation;274

near-constant columns received a scale factor of one. Because the shares form a composition, the275

resulting PCA is a standardized Euclidean coordinate representation rather than a unique geometry276

for the histories. Five axes were retained.277

For the compositional sensitivity, allocations were transformed as hij =
√
pij . Each transformed278

row therefore had squared Euclidean norm one. Columns were mean centered but not variance279

scaled, preserving Hellinger distances up to a constant. PCA was then refitted to the same 10,246280

fires. Components were matched by maximum absolute score correlation and oriented to positive281

aligned correlation. Global and local correspondence used the same Procrustes, score-subspace,282

pairwise-distance, nearest-neighbor, and exemplar-tail diagnostics as the observation-depth analysis.283

Shape-oriented scalar traits were calculated after coordinate fitting. Front loading was allocation in284

the first half of relative development; late allocation was growth in the final quarter. Observed daily285

peak was the largest dated increment. Shannon entropy was −
∑

j pj log pj , with zero-probability286

terms omitted, and normalized entropy divided by log n for n > 1 [23]. Normalized first and second287

differences described changes between successive allocation bins and were not interpreted as physical288

velocity or acceleration.289

Interpretive landmarks were assigned by declared rules after excluding invalid, one-observation,290

two-observation, and gappy histories. Multiple detected pulses required at least two local maxima291

with prominence at least 20% of the observed peak. Reactivation required growth to return above292

25% of peak after two consecutive subthreshold observed days. Late peak, front-loaded taper, and293
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distributed growth used prespecified timing and allocation thresholds. These labels were not PCA 294

inputs or statistically inferred natural classes. 295

4.4 Representation stability and temporal-order nulls 296

The unchanged 20-bin PCA was refitted for fires with at least 2, 3, 5, and 7 consecutive observations 297

and for bootstrap, year, and region subsets. The same seeded set of 1,000 primary fires was projected 298

into every fitted space, providing common reference points. After accounting for arbitrary component 299

order and sign, we compared axis scores and loadings, five-dimensional subspaces, pairwise distances, 300

nearest-neighbor sets, and the most extreme 2% of exemplars. These measures distinguish stability 301

of the broad geometry from stability of local relationships. 302

Temporal-order comparisons used a recorded sample of 4,000 primary fires. Shuffling increments 303

within each fire preserved observation count, total reconstructed area, and the complete set of 304

observed increments. Symmetric Dirichlet allocations with concentration parameters of 1 and 10 305

provided alternative positive growth allocations with the same count and total. These simulations 306

are reference conditions, not synthetic evidence. Reported tail probabilities are descriptive and were 307

not adjusted for multiple comparisons. 308

4.5 Weather attribution and event-level models 309

After the fire-derived morphospace was constructed, daily gridMET weather was associated with 310

each observed date [18]. Event-level morphology models summarized weather across the dated 311

history. Exact-day state models instead projected that day’s newly burned polygon, calculated 312

its centroid, and sampled the nearest grid cell. These are retrospectively reconstructed end-of-day 313

exposures rather than conditions proven available to a contemporaneous operational system. 314

The attributed variables were maximum and minimum temperature, VPD, wind speed, precipitation, 315

relative and specific humidity, 100-hour and 1000-hour fuel moisture, energy release component, 316

burning index, reference and potential evapotranspiration, and solar radiation. A history was 317

complete only when every requested variable was available on every observed row. The archive 318
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contains 237,235 complete histories; the primary weather cohort contains 9,212.319

Weather summaries included event means, quantiles, and fractions exceeding fixed thresholds. VPD320

exceedance was greater than 2 kPa, and a wet day had precipitation greater than 0.1 mm day−1.321

Maxima, quantiles, and exceedance fractions were kept distinct because record length affects them322

differently. To calculate adjusted rank associations, ranked weather and response values were each323

regressed on duration, observation count, area, region, month, and year; the residuals were then324

correlated.325

Event-level prediction used ridge regression with penalties 0.01, 1, and 100; penalty 1 was prespecified.326

Nested predictor sets separated core means, maximum VPD, comprehensive weather, and their327

combinations on the same 9,212 fires. The main figure displays core means plus maximum VPD as a328

compact common specification for comparing responses on an identical cohort, not as a universally329

optimal predictor set. Scaling used training data only. For shape PCs, PCA was refitted inside330

every training fold and held-out scores were centered consistently to prevent arbitrary fold offsets331

from inflating R2.332

Validation held out each coarse region, contiguous five-year blocks, or strict region-by-year-block333

intersections. In the crossed design, training excluded both the test region and test year block.334

Random-fire folds were retained only as an interpolation diagnostic. Held-out R2 used a training-335

derived reference mean and retained negative values. Fire-, year-, and region-cluster intervals used336

200 resamples of fixed out-of-fold errors and therefore do not include model-refitting or remote-sensing337

uncertainty.338

4.6 Exact subsequent-day growth models339

State models used only transitions separated by exactly one calendar day and required an observation340

on the previous day for every comparison. The common cohort contained 87,944 transitions from341

31,700 fires. The response was log[1 + gt+1(km
2)]. The autoregressive state baseline contained342

current growth, previous-day growth, cumulative reconstructed area, and elapsed time. Models then343

added current-day weather and interactions between weather and state. All models used the same344

observations, training-only scaling, the prespecified ridge penalty, and the same validation blocks as345
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the event-level models. 346

VPD-specific validation removed or added the interactions of VPD with current and previous growth 347

while retaining the other interaction terms. Paired bootstrap intervals tested changes in held-out 348

performance using fixed predictions. Coefficients expressed in the original units used standard errors 349

clustered by fire and remained conditional on the fitted design and penalty. Refits by region, year, 350

season, fire size, and training fold assessed heterogeneity. Tables of VPD by fire state reported both 351

transitions and distinct fires without extrapolating a response surface beyond the observed data. 352

4.7 Matched diagnostic pairs 353

Matching used either core event-mean weather variables or the 20 morphology bins, standardized 354

within the 9,212-fire cohort. Potential partners were the 10 nearest neighbors within the same 355

region, season, duration, and observation-count group. Pairs with an area ratio greater than 2 or a 356

root-mean-square standardized distance greater than 0.5 were rejected. The remaining pairs were 357

sorted by distance and identifiers and selected in order without reusing a fire; differences in the 358

other representation did not influence selection. Sensitivity analyses varied the number of candidate 359

neighbors, distance measure, and maximum acceptable distance. Conditional reference distributions 360

shuffled the other representation within the same adjustment groups and an additional area class, 361

⌊log2(area)⌋. 362

4.8 Reproducibility and scope 363

All analyses use the analysis-ready v0.1 FIRED/gridMET data lake, with no synthetic fallback. 364

The validated baseline SHA is 18c923cb0c82bf9f66567b62a3491ac30a28c369; the freeze manifest 365

records subsequent code and output hashes. Configuration config/analysis_v2.json uses seed 366

20260828. Checks of scientific invariants, reference-data conservation, manuscript claims, publication 367

hashes, deterministic regeneration, and figure copies passed across 66 outputs. Dedicated validation 368

tests pass. The broader test collection retains a disclosed pre-existing error in two modules that 369

import a missing helper. 370
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Daily gridMET and satellite burn dates have timing and spatial limitations. Nearest-cell exposures371

omit within-fire heterogeneity, directional wind, fuel continuity, terrain, suppression, and active-372

edge conditions. The primary and weather populations are selected by observation support and373

completeness. All model and matching results are observational and retrospective.374
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