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Fine particulate matter (PM2.5) is linked to respiratory and cardiovascular disease. Regional wildfire activity is a recognized
contributor to short-term PM2.5 variation in California. This study compares twelve forecasting approaches for next-day PM2.5
at a single U.S. EPA Air Quality System (AQS) site in Santa Cruz, California, over the 2025 calendar year. The approaches span
regularized linear regression, tree ensembles, neural networks, classical time-series models, a heuristic rule-based baseline, and
a large language model (LLM) used in a few-shot setting. All non-target predictors were explicitly lagged to a defined forecast
origin, so only information available before a given day was used to predict that day’s PM2.5. This yielded a dataset of 353
usable days. Predictors were drawn from High-Resolution Rapid Refresh (HRRR) weather data, NASA FIRMS/VIIRS wildfire
hotspot detections, and MODIS NDVI vegetation data. A Lasso-regularized linear model achieved the best out-of-sample
performance (R² = 0.48). It outperformed tuned Random Forest, Gradient Boosting, a convolutional neural network, ARIMA,
SARIMAX, and the LLM few-shot approach. A paired bootstrap comparison found the top model statistically distinguishable
from Linear Regression, Elastic Net, and the persistence baseline, in each case favoring the top model. A temporally valid
ablation analysis found that fire-related predictors did not significantly improve forecasts beyond prior-day PM2.5 and weather,
and in one configuration significantly worsened them. These results support a Lasso-regularized linear model as a strong,
interpretable baseline for site-level air-quality forecasting. They also caution against treating model rankings as evidence about
the underlying atmospheric relationship.
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Introduction

Fine particulate matter (PM2.5) is made up of airborne par-
ticles smaller than 2.5 micrometers in diameter. It is associ-
ated with asthma, chronic obstructive pulmonary disease, and
respiratory mortality1, as well as cardiovascular disease and
cardiovascular-related mortality2. Children, older adults, and
people with existing respiratory conditions face greater risk1.
Wildfire smoke is a major and growing source of PM2.5 in
California. Anthropogenic warming has shifted the onset of
the state’s fire season earlier across most of its ecoregions over
the past three decades3. PM2.5 can change quickly as fires ig-
nite, grow, or die down and as weather conditions shift. A
same-site, next-day forecast could give residents, schools, and
public health officials useful advance notice of deteriorating
air quality.

Air-quality forecasting has traditionally relied on one of
two approaches. Physically based chemical transport models
(CTMs) simulate pollutant transport using atmospheric equa-

1 Branham High School, San Jose, CA, United States

tions, at high computational cost. Classical statistical time-
series methods such as ARIMA depend only on a pollutant’s
own history and are comparatively cheap to run. Neither ap-
proach is fully satisfying on its own. CTMs can substantially
overestimate PM2.5 during the most extreme smoke episodes,
by as much as three-to-fivefold in one recent evaluation across
the western United States4. Univariate time-series models,
which only look at a pollutant’s own past values, can miss
a sudden increase driven by a new fire or a shift in wind. They
have no mechanism for incorporating that information5.

Machine learning offers a middle path by combining mul-
tiple environmental predictors. A substantial body of work
has applied it to PM2.5 specifically. Regularized linear mod-
els such as Lasso, Ridge, and Elastic Net are a natural start-
ing point when predictors are numerous and correlated. The
penalty term stabilizes coefficient estimates, and Lasso specif-
ically performs implicit feature selection6. Tree-based ensem-
bles, particularly Random Forest and Gradient Boosting, have
repeatedly performed well on tabular environmental data. In
an early and geographically adjacent study of the 2008 North-
ern California wildfires, a boosted-tree model outperformed
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ten competing approaches for spatiotemporal PM2.5 predic-
tion7. An ensemble of neural network, random forest, and
gradient boosting models has since been used to build 1-km,
contiguous-U.S. PM2.5 surfaces with reported cross-validated
R2 near 0.86 for daily estimates8. A nine-model comparison
across U.S. stations similarly found Random Forest and sup-
port vector regression among the strongest performers, with
accuracy varying by region9. Gradient-boosting variants de-
veloped after this original work, including XGBoost, Light-
GBM, and CatBoost, have extended this line of research.
A four-way boosting comparison for Jakarta PM2.5 evalu-
ated AdaBoost, XGBoost, CatBoost, and LightGBM directly
against one another10. A Random Forest normalization ap-
proach has also been used to isolate meteorologically driven
trends in Swiss PM10, while remaining interpretable through
partial-dependence analysis11.

Neural network approaches add further flexibility. Hybrid
architectures combining convolutional and recurrent layers,
such as a 1D-CNN plus bidirectional LSTM framework, have
also been used for multivariate air-quality forecasting12. For
longer sequences, LSTM and GRU recurrent networks are
commonly compared directly against each other. LSTM held
a modest edge in at least one PM2.5 forecasting study that
combined it with empirical mode decomposition13. More re-
cently, transformer architectures originally developed for gen-
eral long-sequence forecasting, such as the sparse-attention
Informer model14, have been adapted specifically for air qual-
ity. A nationwide Chinese PM2.5 transformer reduced er-
ror by five to eight percent relative to prior state-of-the-art
sequence models15, and a lightweight sparse-attention trans-
former has been evaluated on PM2.5 in Beijing and Taizhou16.
These sequence-focused architectures generally require more
training data and computation than the classical and tree-based
methods above. Their advantage tends to be clearest at longer
forecast horizons and larger sample sizes than the single-site,
one-year dataset used here.

A separate and much newer line of work asks whether
general-purpose large language models (LLMs) can produce
reasonable time-series predictions from a small number of in-
context examples, despite never being trained specifically for
numerical forecasting. One study encoded a numeric series
as a string of digits and found that LLMs including GPT-3
could extrapolate time series zero-shot with accuracy com-
petitive against purpose-built models, though the result was
inconsistent across model families and prompting choices17.
A closely related study found that LLM zero-shot forecasts
are sensitive to small amounts of input noise, in ways that
can cause them to underperform simple domain-specific base-
lines18. This body of work motivates treating an LLM few-
shot approach here as an exploratory comparison point, not
as a method expected to perform competitively. A general-
purpose, non-instruction-tuned language model has no built-

in numerical prior for atmospheric physics, and the literature
above gives concrete reason to expect it may struggle.

A methodological concern runs through much of this lit-
erature and shaped a substantial part of this study’s design:
temporal or information leakage, in which a model is inad-
vertently given access to information that would not actually
be available at the moment a real forecast would be made. A
recent review found that leakage of this kind has been docu-
mented across seventeen distinct research fields and identified
in 294 individual papers, and proposed a taxonomy of eight
leakage types to help researchers recognize it19. For fore-
casting specifically, whole-day summaries, imputation, or nor-
malization computed without respecting the true forecast ori-
gin can silently inflate reported accuracy. The recommended
remedy is to fix an explicit forecast origin and ensure every
preprocessing step, including scaling and feature construc-
tion, uses only information available before that origin5. This
study’s methodology, described below, follows that discipline.
A single forecast origin is defined, and every predictor is ex-
plicitly checked against it before being used in any model.

Study Area

San Jose, California was the original target city for this study.
The EPA Air Quality System (AQS) monitors nearest to San
Jose, however, did not have a complete daily PM2.5 record
for the 2025 study period. Imputing a large fraction of the
target variable itself was judged likely to distort rather than
improve the analysis. The nearest AQS site with a complete
daily record was in Santa Cruz, about 40 kilometers (25 miles)
southwest of San Jose, so Santa Cruz was used as the study
site instead. Santa Cruz sits on the California coast and has
a maritime-influenced climate, with generally more consistent
onshore flow than San Jose’s inland-valley setting. Findings
from this single coastal site should not be assumed to gen-
eralize to San Jose or to inland Santa Clara Valley communi-
ties. PM2.5 measurements came from the Santa Cruz monitor.
Weather, fire, and vegetation predictors covered a wider sur-
rounding region, since smoke reaching Santa Cruz can orig-
inate from fires outside Santa Cruz County. This study re-
ports PM2.5 forecasts for a single monitoring site. It does
not attempt to characterize air quality across the city of Santa
Cruz as a whole, since a single point measurement cannot
be assumed to represent conditions throughout a city with-
out additional spatial monitors or aggregation. Likewise, this
study does not attempt to attribute measured PM2.5 to wildfire
smoke specifically. Regional fire activity, captured through
NASA FIRMS/VIIRS satellite hotspot detections, is used here
as one candidate predictor among several, not as evidence that
smoke from those fires reached the Santa Cruz monitor. Satel-
lite fire detections indicate that fire activity occurred some-
where in a defined surrounding radius. They do not indicate
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that smoke from that activity was transported to and mixed at
the surface at the monitoring site20,21. For this reason, this
study’s title and framing refer to daily, site-level PM2.5 fore-
casting rather than city-level or wildfire-season PM2.5. No
smoke-day classification or smoke-attributed subset of days is
analyzed separately.

Prior work applying machine learning to PM2.5 has typ-
ically compared a narrower set of related model families to
one another. To our knowledge, few published studies directly
compare this specific breadth of methods, spanning classi-
cal and regularized regression, tree ensembles, neural net-
works, ARIMA/SARIMAX, and an LLM few-shot approach,
for next-day PM2.5 forecasting at a single monitoring site.
This study does not claim to be the first multi-model PM2.5
comparison; broad comparisons already exist9,22. Its contri-
bution is the specific combination of model families evaluated
together, under a single, explicitly leakage-audited forecast-
ing definition, not the existence of a multi-model comparison
itself.

This study compares twelve approaches for next-day PM2.5
forecasting at the Santa Cruz AQS site over the 2025 calen-
dar year. It uses EPA PM2.5 records, HRRR weather data,
NASA FIRMS/VIIRS fire detections, and MODIS NDVI veg-
etation data. All non-target predictors are explicitly shifted
to a defined forecast origin before modeling, so only infor-
mation available before a given day is used to predict that
day’s PM2.5. The comparison evaluates whether additional
model complexity improves next-day forecast accuracy rela-
tive to simple, regularized regression, once the dataset avoids
information leakage.

Methods

Study Design

This is an observational, retrospective forecasting study.
Twelve modeling approaches were evaluated on a single
train/test split of daily data from one AQS monitoring site over
one calendar year (2025). The split was a fixed, chronological
80/20 split, so all test dates follow all training dates. This de-
sign evaluates each method’s ability to forecast PM2.5 one day
ahead using historical data. It is not an operational or real-time
evaluation, since all data used were retrieved and processed af-
ter the fact.

Forecast Definition and Data Sources

The forecast origin is defined as 00:00 local time on day t. To
predict PM2.5 on day t, a model may use only information
available through the end of day t-1. Daily average PM2.5
concentrations from the EPA Air Quality System served as

the target variable for AQS site 60870007 in Santa Cruz, Cal-
ifornia, covering January 1 through December 31, 2025 (360
raw daily observations before feature-construction losses de-
scribed below).

Weather predictors were drawn from the High-Resolution
Rapid Refresh (HRRR) model, accessed through the Herbie
Python package. HRRR data used here are 0-hour analysis
fields (the fxx=0 product, a blend of the prior model back-
ground and assimilated observations at the initialization time),
not future forecast fields. This distinction matters: analysis
fields describe conditions at a specific past time, not a gen-
uine forecast, and the predictor-timing table below (Table 1)
reflects this. Pulling HRRR data for every day of the year was
computationally impractical in this environment. HRRR was
instead sampled directly for 72 of 360 days (every fifth day),
and the remaining days were filled forward from the most re-
cent successfully retrieved day (described further below). Re-
trieved and derived weather variables were 2-meter tempera-
ture, 2-meter dewpoint temperature, 10-meter wind speed and
direction (derived from the u- and v-wind components), rela-
tive humidity (derived from temperature and dewpoint), plan-
etary boundary layer height, surface pressure, and 0–1 hour
accumulated precipitation. Precipitation was drawn from the
following hour’s forecast field, since an analysis field has zero
accumulated precipitation by definition.

Wildfire detections were drawn from NASA’s Fire Infor-
mation for Resource Management System (FIRMS), combin-
ing the Suomi NPP VIIRS and NOAA-20 VIIRS active-fire
products. Detections with low confidence, per the VIIRS con-
fidence field, were excluded: 47 of 1,040 detections within
100 km of the site over the study period. For each remain-
ing detection, distance to the Santa Cruz site was calculated
using the haversine formula. Detections within 100 km were
aggregated by date into five daily features: detection count,
mean fire radiative power (FRP), maximum FRP, total FRP,
and an inverse-distance-weighted FRP sum. Each detection’s
FRP was weighted by 1/(1+distance in km), so closer fires
contribute more to the daily value. A sixth feature, a 3-day
trailing sum of daily detection count, was added to capture
sustained rather than single-day fire activity. Days with no
qualifying detections received a value of zero for all fire fea-
tures. Zero is a legitimate value here, not a missing one.

Vegetation was represented by the Normalized Difference
Vegetation Index (NDVI)23 from the MODIS MOD13Q1
product, accessed through the Google Earth Engine Python
API as a series of 16-day composites. Raw NDVI values were
converted to the standard -1 to 1 scale by dividing by the prod-
uct’s documented scale factor of 10,000, per the LP DAAC
MOD13 User Guide. MOD13Q1 composites are not daily, so
values were interpolated to a daily series. This interpolation
still draws on composites from both before and after a given
day, rather than on preceding composites only, which remains
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a limitation described further below.

Predictor Timing, Availability, and Forecast-Origin Align-
ment

Table 1 documents, for each predictor category, its native tem-
poral resolution, how it was aligned to the forecast origin, and
whether that alignment is causal (using only information from
before the forecast origin). All non-PM2.5 environmental pre-
dictors, weather, fire, and NDVI, were shifted forward by one
day relative to the target. The feature row used to predict
PM2.5 on day t therefore reflects conditions as of day t-1, not
day t. This alignment ensures the model is genuinely forecast-
ing next-day PM2.5, rather than estimating same-day PM2.5
from same-day conditions.

Table 1 Predictor timing and forecast-origin alignment for every fea-
ture used in the final models.

Predictor Source Native
resolution

Forecast-origin
treatment

Causal?

PM2.5 (lag 1, 3,
7)

EPA AQS Daily Shifted 1/3/7 days
before target

Yes

PM2.5 (rolling
3-day, 7-day
mean)

EPA AQS Daily Computed on the
series shifted 1 day
first, so the window
never includes the
target day

Yes

Temperature,
dewpoint, wind,
RH, boundary
layer height,
pressure,
precipitation

HRRR (fxx=0
analysis;
precipitation
from fxx=1)

Sampled
every 5th
day;
forward-
filled for
remaining
days

Shifted 1 day;
gap-filled using only
earlier successful
pulls (forward-fill
only, no backward
fill)

Yes

Fire count,
mean/max/total
FRP, distance-
weighted FRP,
3-day cumulative
count

NASA
FIRMS/VIIRS

Daily
(aggregated
from
irregular
satellite
overpasses)

Shifted 1 day Yes

NDVI MODIS
MOD13Q1

16-day
composite,
interpolated
to daily

Shifted 1 day;
interpolation still
draws on composites
from both sides of a
gap

Partially
(interpo-
lation
direc-
tion is a
known
limita-
tion, see
Limita-
tions)

Calendar features
(month, day of
year, day of
week)

Derived from
date

Daily Not shifted
(deterministic from
the target date itself)

Yes

Missing Data and Preprocessing

Missing values were audited before any imputation or re-
moval, rather than filled without disclosure. Table 2 reports

missing counts for every predictor after merging all sources
but before any row was dropped. The great majority of miss-
ingness came from the PM2.5 lag and rolling features, which
are undefined for the first several days of the study period
by construction (up to 7 days for the 7-day lag and rolling
features). A smaller number of single-row gaps in same-day
predictors occurred at series boundaries created by the one-
day forecast-origin shift. Rows with any remaining missing
value were dropped rather than filled. Filling a lag feature’s
leading gap would require either an assumed value or, if done
carelessly (for example, by backward-filling), a future value,
which is itself a form of leakage. This reduced the modeling
dataset from 360 to 353 days. Feature scaling (min-max nor-
malization) was fit on the training partition only, then applied
to the test partition using the training partition’s fitted param-
eters, so no information from the test set entered the scaling
step.

Table 2 Missing-data audit, computed before any row was dropped.
Seven rows total were removed from the final modeling dataset (360
→ 353 days), all attributable to the leading gap created by the 7-day
PM2.5 lag/rolling features.

Variable Missing count (of 360) Missing %

pm25 lag 7 / pm25 rolling 7 7 each 1.94%

pm25 lag 3 / pm25 rolling 3 3 each 0.83%

All same-day-shifted predictors (NDVI,
fire features, weather features,
pm25 lag 1)

1 each 0.28%

Calendar features, target PM2.5 0 0.00%

Feature Set

Three columns with no variation across observations (site
identifier, latitude, and longitude) were excluded from mod-
eling, since a single-site study makes them constant and there-
fore uninformative. Redundant duplicate encodings of the
same physical quantity were also dropped, in favor of the more
interpretable, non-duplicated version: temperature and dew-
point in Kelvin were dropped in favor of their Celsius equiv-
alents, and raw u- and v-wind components were dropped in
favor of derived wind speed and direction. Including a quan-
tity twice under two encodings adds no information, while in-
creasing the risk of unstable coefficient estimates in the linear
models. Wind direction itself was encoded as sine and co-
sine components rather than raw degrees, since a linear model
cannot otherwise represent the fact that 359° and 1° describe
nearly the same direction. The final feature set contained 24
predictors: 5 PM2.5-history features, 6 fire features, 9 weather
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features (including relative humidity and sine/cosine wind di-
rection), NDVI, and 3 calendar features.

Predictive Models

Twelve predictive approaches were evaluated, all using
the leakage-audited, forecast-origin-aligned dataset described
above.

A persistence baseline predicted that day t’s PM2.5 would
equal day t-1’s observed value. This provides a simple bench-
mark against which fitted models can be judged: a model that
cannot beat persistence is not adding forecasting value beyond
what yesterday’s reading already provides.

Three regression models were evaluated: Linear Regres-
sion, Polynomial Regression with Ridge or Lasso regulariza-
tion, and Elastic Net (combined L1/L2 penalty6). For the
polynomial model, both the polynomial degree (1–4) and the
regularization strength were selected jointly, through a grid
search scored with 5-fold time-series cross-validation on the
training partition only. The test partition was not used at any
point during model selection. Under this training-only pro-
cedure, both Ridge and Lasso penalties consistently selected
degree 1. The model that performed best in this study is, in
practice, a regularized linear model, not a genuinely curved
polynomial fit.

Random Forest and Gradient Boosting served as tree-
ensemble models. Both were tuned via grid search over key
hyperparameters (number of trees, tree depth, and, for Gra-
dient Boosting, learning rate), scored using 5-fold time-series
cross-validation on the training partition only, exactly as for
the polynomial model.

Three neural-network configurations were evaluated: a
Multilayer Perceptron (MLP), a one-dimensional Convolu-
tional Neural Network (CNN), and a hybrid model combin-
ing the MLP’s learned hidden-layer representation with a sub-
sequent Linear Regression fit. The MLP was tuned via grid
search over hidden-layer sizes, L2 regularization strength,
and learning rate, again scored with training-only time-series
cross-validation. The CNN’s architecture began with a 1D
convolutional layer (16, 32, or 64 filters, kernel size 3, ReLU
activation) applied to the 24 scaled predictors, treated as a
length-24, single-channel sequence. This was followed by
max pooling, a second convolutional layer (32, 64, or 128 fil-
ters, kernel size 3, ReLU), a dropout layer (rate searched over
0.1–0.3), a flattening layer, a dense layer (32, 64, or 128 units,
ReLU), a second dropout layer, and a final single-unit out-
put layer. Hyperparameters were selected by random search
over 15 trials, covering the ranges above plus learning rate
(0.01, 0.001, or 0.0005). The search used the Adam optimizer,
mean squared error loss, a 20% validation split of the training
data, early stopping with a patience of 15 epochs, a maximum
of 100 epochs, and a batch size of 16. Random seeds were

fixed, but neural-network results can vary across TensorFlow
versions and hardware, so the CNN result may not reproduce
exactly in a different software environment. The CNN is in-
cluded here as an exploratory nonlinear comparator, not as a
method expected to be theoretically well suited to this task.
Convolutional layers are designed to exploit spatial or sequen-
tial locality. Adjacent positions in this study’s feature vector,
for example NDVI next to fire count, do not represent any gen-
uine spatial or temporal adjacency. A convolution over this
axis has no principled reason to find meaningful local struc-
ture. ARIMA and SARIMAX served as classical time-series
models. ARIMA(1,1,1) was fit to the PM2.5 series alone, with
no exogenous predictors. SARIMAX(1,1,1)(1,1,1,7) addition-
ally included the full scaled predictor set as exogenous regres-
sors and a 7-day seasonal component.

A Zero-Shot Rule-Based model served as a second, un-
trained baseline. Rather than fitting any coefficient to data,
it combined predictors using fixed, hand-set weights chosen
in advance to reflect plausible directional relationships: pre-
dicted PM2.5 equaled the previous day’s PM2.5, plus 0.15
times fire count, plus 0.05 times mean FRP, plus 0.02 times
maximum FRP, plus 0.10 times wind speed, plus 0.03 times
temperature, minus 2.0 times NDVI, with the result clipped
at zero. These weights are heuristic guesses, not values esti-
mated from the training data, and this model should be read as
a test of whether simple domain intuition alone can produce a
usable forecast, not as a trained statistical model.

An LLM few-shot approach used distilgpt2, an 82-
million-parameter, general-purpose, non-instruction-tuned
text-generation model, accessed through the HuggingFace
transformers pipeline. Five examples were drawn at random
(fixed seed) from the training partition and formatted as plain-
text lines, listing each example’s predictor values followed by
its observed PM2.5 value. These same five examples were
used for every test-period prediction. The prompt for a given
test day listed that day’s predictor values in the same format,
followed by an incomplete “Output:” line for the model to
complete. Generation was limited to 20 new tokens, using the
pipeline’s default decoding settings, which were not set ex-
plicitly. No random seed was fixed for the generation step,
so the LLM result may not reproduce exactly. The first nu-
meric value appearing in the generated text was extracted as
the prediction. If no numeric value could be parsed, the pre-
diction fell back to the previous day’s PM2.5. This approach
is included as an exploratory test of whether a general-purpose
language model can perform structured numerical prediction
from a small number of in-context examples, without any con-
ventional supervised training. The literature discussed in the
Introduction gives concrete reason to expect this to underper-
form purpose-built regression or forecasting models17,18. The
prompt asked the model to return a single number and listed
nine predictors per example (PM2.5 lagged 1, 3, and 7 days,
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NDVI, fire count, mean FRP, maximum FRP, 2-meter temper-
ature, and 10-meter wind speed). The full prompt template is
provided in the accompanying analysis notebook.

Hyperparameter Tuning

Table 3 reports the search space, selection method, and se-
lected value for every tuned model. All tuned models used
5-fold time-series cross-validation on the training partition
only, so each validation fold always followed its correspond-
ing training fold in time. The test partition was never used for
selection. Computational cost is reported qualitatively rather
than as wall-clock time, since this analysis was run across
more than one computing environment. The polynomial, Ran-
dom Forest, and Gradient Boosting searches each required on
the order of dozens to a few hundred candidate model fits. The
CNN search required 15 full training runs of up to 100 epochs
each, with early stopping.

Evaluation Metrics and Statistical Comparison

Training used the first 80% of chronologically ordered dates
(282 days), and testing used the remaining 20% (71 days), so
all test dates follow all training dates. Performance was mea-
sured with Mean Absolute Error (MAE), Mean Squared Er-
ror (MSE), Root Mean Squared Error (RMSE), and R2 on the
held-out test partition. A paired bootstrap procedure compared
the top-performing model against Linear Regression, Elastic
Net, and the persistence baseline. The 71 test-period predic-
tions were jointly resampled with replacement 10,000 times
(fixed seed). For each resample, the RMSE difference between
the two models being compared was recorded; resampling the
same indices for every model preserves the pairing between
predictions for the same underlying test day. The resulting dis-
tribution of differences was used to report a 95% confidence
interval and the percentage of resamples favoring each model.

Ablation Analysis

To test whether fire-related predictors improve forecasts be-
yond prior-day PM2.5 and weather, a temporally valid abla-
tion was run using the same Lasso-regularized model type and
regularization strength (alpha = 0.01) selected for the main
comparison. An unregularized model was not used for this
test, since unregularized linear regression separately showed
a tendency to overfit once the number of predictors grows
large relative to sample size on a training set of 282 rows; us-
ing it here would confound genuine predictor importance with
that instability. Six feature-subset configurations were evalu-
ated on the identical training/test split described above: PM2.5
history only; weather only; PM2.5 history plus weather; fire
only; weather plus fire; and the full predictor set including

NDVI. Paired bootstrap comparisons, using the same 10,000-
resample procedure described above, tested whether adding
fire predictors to a weather-only model, or adding fire and
NDVI to a PM2.5-plus-weather model, produced a statisti-
cally distinguishable change in RMSE.

Coefficient stability was assessed by refitting the same
Lasso-regularized model (alpha = 0.01) within each of the
five time-series cross-validation folds used for hyperparameter
selection. The coefficient on each min-max-scaled predictor
(in µg/m³ per full-range change in the scaled predictor) was
recorded in each fold. For each predictor, this study reports
the mean, standard deviation, range, and sign-consistency, de-
fined as the percentage of folds in which a nonzero coefficient
had the same sign. A predictor with a large mean coefficient
but low sign-consistency across folds should be read as unsta-
ble, not as a reliably important predictor.

To test whether hyperparameter tuning improved the en-
semble and neural-network models, untuned versions of Ran-
dom Forest, Gradient Boosting, MLP, and the CNN were fit
on the identical training/test split. Random Forest, Gradient
Boosting, and MLP used scikit-learn’s standard default set-
tings. The CNN used a fixed, non-searched architecture: two
convolutional layers with 32 and 64 filters, a single dense layer
of 64 units, dropout of 0.2, and the Adam optimizer at a learn-
ing rate of 0.001. This lets tuned and untuned performance be
compared directly, rather than asserted without evidence.

Results

Model Comparison

Table 4 reports test-set performance for all twelve approaches
and the persistence baseline, ordered by R2 from highest
to lowest, using the leakage-audited, forecast-origin-aligned
dataset described above. The best-performing model was a
Lasso-regularized regression with polynomial degree 1, mean-
ing no polynomial expansion beyond the original features,
achieving R2 = 0.478. The persistence baseline followed (R2

= 0.358). Random Forest and Gradient Boosting, once tuned,
reached R2 of 0.234 and 0.226 respectively, ahead of the un-
trained Zero-Shot Rule-Based baseline (R2 = 0.207). Elastic
Net, Linear Regression, ARIMA, the tuned MLP, the tuned
CNN, SARIMAX, the LLM few-shot approach, and the MLP-
plus-Linear-Regression hybrid all produced negative R2, on
this dataset. A negative R2 means a model’s predictions were,
on average, less accurate than simply predicting the test-set
mean of PM2.5 each day. Elastic Net and Linear Regres-
sion are more sensitive to this predictor-to-sample ratio than
the Lasso-regularized top model. Elastic Net’s L1 compo-
nent here uses a comparatively light penalty (alpha = 0.001),
and unregularized Linear Regression applies no penalty at
all. With 24 predictors fit on 282 training days, and several
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Table 3 Hyperparameter search spaces and selected values for every tuned model.
Model Hyperparameter(s) Search space Method Selected value
Polynomial + Lasso Degree; alpha Degree 1–4; alpha ∈ {0.0001, 0.001,

0.01, 0.1, 1.0}
Grid search, 5-fold TS-CV Degree 1; alpha = 0.01

Polynomial + Ridge Degree; alpha Degree 1–4; alpha ∈ {0.01, 0.1, 1.0, 10,
100}

Grid search, 5-fold TS-CV Degree 1; alpha = 1.0

Random Forest n estimators; max depth;
min samples leaf

{100, 200, 300, 500}; {4, 6, 8, 12,
None}; {1, 2, 5}

Grid search, 5-fold TS-CV 300; 4; 5

Gradient Boosting n estimators;
learning rate;
max depth

{200, 300, 400}; {0.01, 0.05, 0.1}; {2,
3, 4}

Grid search, 5-fold TS-CV 300; 0.01; 2

MLP Hidden layers; alpha;
learning rate init

{(64,32), (128,64,32), (128,64,32,16)};
{0.0001, 0.001, 0.01}; {0.001, 0.01}

Grid search, 5-fold TS-CV (128,64,32); 0.0001; 0.01

CNN Filters (×2); dropout (×2);
dense units; learning rate

{16, 32, 64}/{32, 64, 128}; {0.1, 0.2,
0.3} each; {32, 64, 128}; {0.01, 0.001,
0.0005}

Random search, 15 trials, 20%
validation split

64; 32; 0.3; 0.2; 32; 0.01

Table 4 Test-set performance of all thirteen approaches (twelve ap-
proaches plus the persistence baseline), ordered by R2.

Model MAE MSE RMSE R2

Polynomial Regression + Lasso
(degree 1)

1.020 1.818 1.348 0.478

Baseline (persistence) 1.235 2.235 1.495 0.358

Random Forest (tuned) 1.308 2.667 1.633 0.234

Gradient Boosting (tuned) 1.319 2.695 1.642 0.226

Zero-Shot Rule-Based 1.369 2.761 1.662 0.207

ARIMA 1.561 3.496 1.870 −0.004

Elastic Net 1.372 3.556 1.886 −0.021

MLP (tuned) 1.681 4.581 2.140 −0.316

Linear Regression 1.612 6.251 2.500 −0.795

CNN (tuned) 1.992 6.253 2.501 −0.796

SARIMAX 2.019 6.486 2.547 −0.863

LLM Few-Shot Prompting
(distilgpt2)

2.787 11.841 3.441 −2.400

MLP + Linear Regression 2.891 21.176 4.602 −5.081

of those predictors correlated with one another (for example,
temperature and dewpoint, or the different fire-intensity mea-
sures), lightly regularized and unregularized linear models can
become unstable. They produce coefficient estimates that fit
the training data well but generalize poorly. This is consis-
tent with Lasso’s stronger relative performance in Table 4. Its
larger effective penalty and built-in feature selection, shown in
Table 6 where several predictors are reduced to exactly zero,
make it better suited to this predictor-to-sample ratio than its
less-regularized counterparts.

Statistical Comparison

A paired bootstrap comparison (10,000 resamples) found the
top model statistically distinguishable from Linear Regres-
sion: 95% CI for the RMSE difference is 0.363 to 1.907,
with the top model favored in 99.9% of resamples. It was
also statistically distinguishable from Elastic Net: 95% CI
0.119 to 0.994, favored in 99.8% of resamples. Neither in-

terval includes zero, so both comparisons support a confident
claim of superiority. The top model was also statistically dis-
tinguishable from the persistence baseline: 95% CI 0.001 to
0.303, favored in 97.6% of resamples. This indicates the fit-
ted model reliably improves on simply repeating yesterday’s
PM2.5 value, and clearly outperforms both Linear Regression
and Elastic Net once all 24 predictors, including boundary
layer height, surface pressure, and precipitation, are included.
Linear Regression and Elastic Net are far more sensitive than
Lasso to this larger predictor set, for the reasons discussed
above.

Ablation Results

Table 5 reports the ablation results. PM2.5 history alone
achieved R2 = 0.422, only modestly below the full model’s
R2 = 0.478. Adding weather to PM2.5 history raised R2 to
0.470. The paired bootstrap did not find this change statisti-
cally significant (95% CI for the RMSE improvement: −0.024
to 0.143). Weather alone, without PM2.5 history, performed
poorly (R2 = −0.870), and fire alone performed worse still
(R2 = −1.576). Critically, adding fire predictors to a weather-
only model made predictions significantly worse, not better.
The paired bootstrap 95% confidence interval for this com-
parison was entirely negative (−0.173 to −0.090), meaning
this result did not arise by chance. Adding fire and NDVI to
the PM2.5-plus-weather configuration did not produce a sta-
tistically significant change (95% CI: −0.016 to 0.036). The
full model was not significantly different from PM2.5 history
alone either (95% CI: −0.005 to 0.142). This ablation directly
tests whether fire, wind, humidity, temperature, precipitation,
boundary-layer, and NDVI predictors together contribute to
the top models’ performance. Under a temporally valid de-
sign, the fire predictors specifically do not show a statistically
detectable positive contribution, and in the weather-only com-
parison their contribution is significantly negative. This find-
ing is consistent with, and does not depend on, this study’s
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Table 5 Ablation results (Lasso, alpha = 0.01, same train/test split
throughout). Key pattern: PM2.5 history alone already captures most
of the achievable performance; fire and NDVI add no statistically de-
tectable value beyond weather and PM2.5 history, and fire signifi-
cantly worsens a weather-only model. All six configurations also in-
clude the three calendar features (month, day of year, day of week),
so each feature count is three higher than the named predictor group.

Configuration Features MAE RMSE R2

PM2.5 history only 8 1.073 1.418 0.422

Weather only 12 2.091 2.552 −0.870

PM2.5 history + weather 17 1.039 1.359 0.470

Fire only 9 2.388 2.995 −1.576

Weather + fire 18 2.217 2.686 −1.071

Full model (PM2.5 + weather +
fire + NDVI)

24 1.020 1.348 0.478

separate decision not to attempt wildfire-smoke attribution. It
independently suggests that the FIRMS-derived fire features
used here do not carry strong next-day predictive signal for
PM2.5 at this site, beyond what prior-day PM2.5 and weather
already provide.

Coefficient Stability

Table 6 reports coefficient stability for the Lasso model (al-
pha = 0.01), refit within each of the five time-series cross-
validation folds. Relative humidity, the sine component of
wind direction, and day-of-week showed the highest sign-
consistency, at 100%, nonzero in all five folds. This indi-
cates a stable, reliably-signed relationship with PM2.5 across
the training period. The cosine component of wind direction
was also nonzero in all five folds but changed sign in one
fold (80%). The lag-1 PM2.5 term had the largest mean co-
efficient magnitude, but comparatively high variability (stan-
dard deviation 2.53 against a mean of 4.12) and only 80%
sign consistency. This reflects in part the very small train-
ing set available in the earliest fold (47 days). Several predic-
tors, including maximum FRP, distance-weighted FRP, dew-
point temperature, precipitation, and the 3-day PM2.5 rolling
mean, received a coefficient of exactly zero in every fold,
meaning Lasso’s feature-selection mechanism consistently ex-
cluded them. This is independent evidence, from a differ-
ent analysis than the ablation study above, that these partic-
ular fire- and weather-derived features carried little incremen-
tal linear signal in this dataset. These results do not sup-
port the conclusion that the predictor–PM2.5 relationship is
“largely linear.” A ranking in which a Lasso-regularized linear
model outperforms the tested nonlinear models is consistent
with several explanations besides a genuinely linear physical
relationship. These include the study’s limited sample size,

Table 6 Coefficient stability across the five time-series cross-
validation folds (Lasso, alpha = 0.01). Remaining predictors with
intermediate stability are omitted from this table for space but are
available in the accompanying analysis notebook.

Predictor Mean
coef.

SD across
folds

Min Max Sign con-
sistency

Nonzero
folds

pm25 lag 1 4.117 2.528 0.000 7.158 80% 4/5

relative humidity −2.020 0.753 −3.112 −0.899 100% 5/5

day of year 1.441 2.861 0.000 7.163 40% 2/5

fire count 3day sum −0.974 0.736 −2.250 0.000 80% 4/5

month −0.969 1.640 −3.870 0.673 60% 4/5

temp 2m C 0.641 0.826 0.000 2.184 60% 3/5

fire count 0.454 0.376 0.000 0.851 60% 3/5

pm25 rolling 7 0.454 0.425 0.000 0.995 60% 3/5

hpbl m −0.401 0.315 −0.932 0.000 80% 4/5

wind dir cos −0.397 0.503 −1.287 0.108 80% 5/5

day of week 0.326 0.257 0.005 0.751 100% 5/5

wind dir sin 0.300 0.166 0.098 0.469 100% 5/5

max frp, dis-
tance weighted frp,
dewpoint 2m C,
apcp mm,
pm25 rolling 3

0.000 0.000 0.000 0.000 n/a 0/5

the effect of regularization itself, correlation among predic-
tors, and a comparatively narrow range of PM2.5 values in the
test period. The more defensible statement, supported directly
by the evidence in Tables 4 through 6, is narrower. Under
this dataset size, predictor set, temporal evaluation design, and
regularization framework, the Lasso-regularized linear model
generalized better than the tested nonlinear models, whereas
Linear Regression and Elastic Net, which were less strongly
regularized, did not. Relative humidity and the sine compo-
nent of wind direction showed the most stable linear relation-
ships with next-day PM2.5, while PM2.5 persistence carried
the largest coefficient but was less stable across folds. Several
fire-related predictors, by contrast, showed little stable linear
contribution.

Effect of Hyperparameter Tuning

Table 7 compares tuned and untuned versions of the four mod-
els for which tuning was performed. Tuning produced a clear
improvement for Random Forest (R2 0.124 → 0.234), and a
larger one for Gradient Boosting (R2 −0.194 → 0.226), mov-
ing the untuned model from worse-than-baseline to a mean-
ingfully positive R2. The MLP and CNN improved by smaller
margins and remained negative in both configurations. This
supports tuning as a meaningful contributor to model per-
formance, substantially so for Random Forest and Gradient
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Boosting, and to a smaller degree for the MLP and CNN. Ta-
ble 7 provides the untuned comparison needed to make that
claim with evidence, rather than by assertion.

Table 7 Tuned versus untuned performance, identical train/test split.
Untuned models use each library’s standard default configuration
(see Methods); the CNN’s untuned configuration is a fixed, non-
searched architecture rather than a scikit-learn default, since Keras
has no equivalent single default architecture.

Model Untuned
MAE

Tuned
MAE

Untuned
RMSE

Tuned
RMSE

Untuned
R2

Tuned R2

Random
Forest

1.432 1.308 1.747 1.633 0.124 0.234

Gradient
Boosting

1.681 1.319 2.039 1.642 −0.194 0.226

MLP 1.704 1.681 2.197 2.140 −0.386 −0.316

CNN 2.529 1.992 2.986 2.501 −1.561 −0.796

Error Analysis

Figure 1 shows the test-period predictions following the gen-
eral level and slower swings of the observed PM2.5 series, but
lagging behind day-to-day spikes. This is consistent with a
model whose strongest predictor is the previous day’s PM2.5
value. A persistence-dominated model is structurally prone
to under-react to a sudden single-day increase and over-react
to a sudden single-day decrease, since it partially carries the
prior day’s level forward. This pattern is common to forecast-
ing models that rely heavily on autoregressive structure, and
is not unique to the top-performing model here. The ablation
results above show that PM2.5 history alone accounts for most
of the achievable R2 in this dataset. That is the same under-
lying reason the model both performs well overall and lags at
sharp transitions.

Figure. 1 Observed versus predicted PM2.5 for the top-performing
model (Polynomial Regression + Lasso, degree 1) over the 71-day
test period.

Discussion

Consistent with prior benchmarks finding that tree-based mod-
els are often competitive with or better than deep learning
on tabular data24,25, the tuned tree ensembles here outper-
formed the tuned neural networks, and a Lasso-regularized
linear model outperformed every other model tested here.
Three things should be kept separate when interpreting this
ranking. First, what the results directly demonstrate: a Lasso-
regularized model with no polynomial expansion generalized
to the held-out test period better than the alternatives evalu-
ated here, under this dataset size, predictor set, and evaluation
design. Second, what is a plausible but unproven explanation:
regularization, rather than a genuinely linear atmospheric pro-
cess, may be doing much of the work. Regularized models are
specifically suited to a setting with a modest sample size (282
training days) and correlated predictors. Third, what cannot
be concluded from these results: that the physical relation-
ship between weather, fire activity, vegetation, and PM2.5 is
fundamentally linear. The coefficient-stability analysis (Ta-
ble 6) supports the second and third points directly. Even the
best-performing model’s own coefficients were not fully stable
across folds, and Lasso zeroed out several fire-related predic-
tors entirely rather than assigning them small but consistent
weights.

The ablation results in Table 5 are, in the author’s view,
the most important finding of this study. The weather, fire,
and NDVI predictor groups were tested for their contribution
to the top model’s performance, specifically whether the fire
predictors contributed anything beyond prior-day PM2.5 and
weather. Tested directly, using the same regularized model
type and a temporally valid evaluation, fire predictors did not
produce a statistically detectable improvement when added to
PM2.5 history and weather. They significantly worsened a
weather-only model. This does not mean wildfire smoke has
no effect on PM2.5 at this site. It means that the specific fire
features used here, satellite hotspot count and fire radiative
power within a 100 km radius, did not translate into additional
next-day predictive power beyond what prior-day PM2.5 and
standard weather variables already captured, for this site and
this one-year period. A defensible reading is that regional fire
activity and local meteorology are themselves correlated: fires
are more likely, and more likely to produce smoke impacts,
under particular wind and humidity conditions that are already
represented in the weather predictors. The fire features may
therefore add largely redundant rather than novel information
once weather is already included. Any redundant informa-
tion Lasso does retain is discarded because it does not reduce
cross-validated error.

The LLM few-shot approach performed the worst of any
model tested (R2 = −2.40). This is consistent with existing
findings that LLM zero-shot and few-shot time-series fore-
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casting is sensitive to noise and prompting choices, and does
not reliably outperform purpose-built models17,18. distilgpt2
is a small, general-purpose text model with no numerical-
forecasting training and no architectural prior for atmospheric
physics. This result should not be read as evidence against
larger, more capable, or specifically fine-tuned language mod-
els. It is only evidence that a small, general-purpose model
given five in-context examples is not currently competitive
with regularized regression for this task.

This study makes no claim that measured PM2.5 at the
Santa Cruz site originated from wildfire smoke specifically.
The regional fire-activity predictors used here should be read
as a candidate environmental covariate, not as evidence of
smoke transport to the monitor. Satellite hotspot detections in-
dicate that fire activity occurred somewhere within a defined
radius. They do not by themselves establish that smoke from
that activity reached the surface at a specific downwind loca-
tion, a distinction documented in the smoke-transport litera-
ture20,21. Combined with the ablation finding that fire predic-
tors did not improve forecasts here, this study’s scope is best
described as daily, site-level PM2.5 forecasting, using regional
fire activity as one candidate predictor among several, rather
than as wildfire-smoke forecasting.

Limitations

This study has several limitations. The dataset covers a single
calendar year (2025) and a single AQS monitoring site. Find-
ings may not generalize to other years, other Santa Cruz-area
conditions, or other locations, including San Jose, the study’s
originally intended target. Santa Cruz’s coastal, maritime-
influenced meteorology differs from inland Central Valley or
South Bay conditions, in ways that could plausibly change
which predictors matter most. The final test partition con-
tained only 71 days. This limits the precision of every reported
metric and of the bootstrap confidence intervals built from it.
Several of this study’s ablation and model comparisons that
did not reach statistical significance might reach it with more
test data. This study cannot distinguish a genuinely null effect
from an underpowered one in every case.

This study does not attempt to attribute measured PM2.5 to
wildfire smoke. No smoke-day classification, plume-transport
model, or satellite smoke product was used. FIRMS hotspot
detections indicate regional fire activity, not confirmed smoke
impact at the monitoring site20,21. HRRR weather data were
sampled for only 72 of 360 days and forward-filled for the
remaining days, because retrieving the full daily record was
not computationally practical in the environments used for
this analysis. This reduces the temporal resolution of the
weather predictors relative to what the underlying HRRR
product could in principle provide. NDVI’s 16-day composite
structure was interpolated to daily resolution using a method

that still draws on composites from both before and after a
given day, rather than exclusively from prior composites. This
is not fully causal, and is a limitation of the current NDVI pro-
cessing: the raw sparse composite export needed to redo the
interpolation as a strictly forward-looking fill was not avail-
able for this analysis.

The neural-network models (MLP, CNN) and the SARI-
MAX model were trained on a comparatively small sample of
282 training days. This likely limits their ability to reach their
full potential, relative to what a larger multi-year dataset might
support. Their weaker performance here should not be gen-
eralized to claims about these model families’ suitability for
PM2.5 forecasting in general. The CNN architecture, in par-
ticular, treats an unordered feature vector as if it had sequen-
tial structure. This has no clear physical justification here, and
is discussed as a limitation of the comparison rather than of
CNNs generally. All model comparisons in this study reflect
a single train/test split, rather than a distribution over multi-
ple splits. Reported performance differences, beyond those
directly tested with the paired bootstrap, should be interpreted
with appropriate caution. Finally, this evaluation is retrospec-
tive: all data were retrieved, cleaned, and merged after the
fact. This study demonstrates historical forecasting skill under
a fixed forecast-origin definition, not validated operational,
real-time performance, which would additionally depend on
data-delivery latency for each source.

Recommendations for Future Work

Several directions follow directly from this study’s findings.
Extending the dataset across multiple years and additional
nearby AQS monitors would increase both training and test
sample sizes. This would likely improve the neural-network
and ensemble models’ ability to reach competitive perfor-
mance, and narrow the bootstrap confidence intervals enough
to distinguish the top regularized models from one another
with more confidence. Incorporating an explicit smoke-
attribution product, such as the NOAA Hazard Mapping Sys-
tem smoke product or a dispersion-model-based estimate,
would allow a genuine test of whether wildfire smoke specifi-
cally, as opposed to regional fire activity generally, contributes
to PM2.5 at this site. That is a question this study’s design
cannot answer. Retrieving a complete daily HRRR record,
rather than a sampled and forward-filled one, and obtaining
the raw sparse NDVI composite export needed to interpolate
NDVI in a strictly forward-looking, causal manner, would
close two of this study’s specific data-construction limita-
tions. Methodologically, probabilistic or interval forecasts,
rather than single-point predictions, would better communi-
cate forecast uncertainty to a public health audience. Explicit
AQI-threshold or exceedance-day classification could also be
more directly actionable than a continuous PM2.5 estimate.
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Explainable-AI methods such as SHAP values could extend
the coefficient-stability analysis performed here to the non-
linear models, which currently lack any comparable inter-
pretability check. This study found that a Lasso-regularized
linear model outperformed more complex alternatives under a
leakage-audited design, while less strongly regularized linear
models did not. Testing whether that finding holds at other
single-site locations, or generalizes into a transferable model-
ing recommendation, would require replicating this analysis at
additional sites, ideally including the same leakage-audit and
ablation procedures used here.

Closing Thought

This study compared twelve approaches for next-day PM2.5
forecasting at a single Santa Cruz, California AQS site. Ev-
ery predictor was explicitly checked against a defined fore-
cast origin, so only information available before a given day
was used to predict that day’s PM2.5. A Lasso-regularized
linear model was the best-performing approach (R2 = 0.478),
meaningfully ahead of tuned tree ensembles, neural networks,
classical time-series models, and an LLM few-shot approach.
It was also statistically distinguishable from Linear Regres-
sion and Elastic Net, favoring the top model in both compar-
isons. A temporally valid ablation found that fire-related pre-
dictors did not significantly improve forecasts beyond prior-
day PM2.5 and weather. Coefficient-stability analysis found
relative humidity and the sine component of wind direction
to be the most stable predictors across cross-validation folds,
with PM2.5 persistence carrying the largest but less stable co-
efficient. These findings support a Lasso-regularized linear
model as a strong, interpretable, and comparatively inexpen-
sive baseline for site-level daily PM2.5 forecasting, and illus-
trate concretely how sensitive reported model accuracy can
be to the details of forecast-origin alignment and feature con-
struction.
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