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ABSTRACT: Although current research on air quality reveals that certain VOCs (like formaldehyde), which have large mass 
increases (>33%) during wildfire events, may be relevant for air quality prediction, they are not consistently and accurately reported 
or included in AQI. These issues have also severely limited the prediction of VOCs into the future. This paper attempts to test the 
accuracy of various machine learning models for predicting formaldehyde given historical AQI, month, and wildfire count data 
for counties in California from 2015 to 2025. Based on experimental results, the correlation coefficient was greater than 0.3 in a 
majority of cases and ranged to around 0.8, suggesting at least a moderate, positive correlation between AQI and formaldehyde. 
In addition, the Gradient Boosting Regressor (GBR) model performed the best (without overfitting) for predicting formaldehyde 
based on AQI, month, and wildfire count. The GBR model achieved an RMSE of 1.36 after hyperparameter tuning. This research 
suggests that there is a correlation between AQI and formaldehyde that should be explored further through higher-quality 
formaldehyde sensors and more consistent reporting of formaldehyde. Incorporating meteorological data and deep learning 
models may improve the accuracy of formaldehyde prediction as well.  
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�   Introduction
The Air Quality Index (AQI) is the most widely adopted 

system for reporting air quality across the United States. The 
Environmental Protection Agency currently calculates AQI by 
selecting the highest pollutant index among 5 regulated criteria 
pollutants: particulate matter (less than 2.5 and 10 microns), 
ozone, carbon monoxide, sulfur dioxide, and nitrogen dioxide. 
The pollutant index is defined as follows:

In the equation above, Conci refers to the measured con-
centration of the pollutant, ConcHi and ConcLow refer to the 
pollutant-specific breakpoints immediately greater than and 
less than the measured concentration, respectively, and AQIHi 
and AQILow refer to the corresponding AQI value for the Hi 
and Low breakpoints, respectively. The pollutant-specific 
breakpoints come from the EPA National Ambient Air Qual-
ity Standards (NAAQS).1

Despite its widespread usage, the current AQI system has 
several limitations. For example, the criteria pollutants used for 
AQI do not include larger particles that are produced during 
wildfires, including ash. In addition, these pollutants do not 
include volatile organic compounds (VOCs), which are harm-
ful toxins often produced by wildfires. These omissions may 
be especially important in states with historically high wild-
fire counts, such as California. One study by Jaffe et al. notes 
that in addition to particulate matter, wildfire smoke can con-
tain VOCs, including benzene, toluene, xylene, acrolein, and 
formaldehyde,2 which are associated with certain health risks 
like cancer and neurological defects. Compared to the 5 cri-
teria pollutants measured in AQI, VOCs are often unreliably 

reported due to limited monitoring frequency and poor-quality 
sensors, making it difficult to obtain an accurate model for air 
quality that integrates them.

Another study by Rice et al. shows that formaldehyde in-
creased by around 34% on average during wildfires, the second 
largest mean mass increase during wildfire events among all 
VOCs (second to acrolein at 43%).3 These results show that 
certain VOCs may be meaningful predictors of general air 
quality. Since formaldehyde was also more consistently tracked 
by the EPA than acrolein (although still to an irregular extent), 
this paper will focus on formaldehyde as a case study.

Existing ML-based air quality forecasting studies are typi-
cally limited to AQI or the 5 criteria pollutants that are found 
in AQI. For example, a study conducted by Fan et al. forecasted 
ozone and PM2.5 in the Pacific Northwest,4 while a study by 
Raffuse et al. forecasted PM2.5 in wildfire conditions.5 However, 
neither of these studies considers volatile organic compounds. 
This highlights a clear gap in research focusing on the fore-
casting of VOCs like formaldehyde, which can have equally 
consequential health effects.

Current research on air quality reveals that while certain 
VOCs are relevant for air quality prediction and have danger-
ous health effects, they aren’t accurately reported or included 
in AQI. This paper attempts to examine the relationship be-
tween AQI and formaldehyde and assess whether AQI actually 
predicts formaldehyde concentration in order to measure the 
efficacy of extrapolating AQI to the concentrations of harmful 
VOCs. In addition, while substantial research exists attempting 
to predict AQI into the future, the prediction of formaldehyde 
has been severely limited due to the inadequate monitoring of 
formaldehyde and the lower quality of formaldehyde sensors. 
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This paper attempts to close this gap by testing the accuracy of 
various machine learning models for predicting formaldehyde 
given historical AQI, month, and wildfire count information 
for counties in California from 2015 to 2025. Data from Cali-
fornia was specifically chosen to more accurately determine the 
relevance of wildfires in formaldehyde prediction, as California 
is known to be a wildfire hotspot. This paper first attempts 
to establish a correlation between AQI and formaldehyde and 
then trains various simple machine learning models on AQI, 
month, and fire count (the number of wildfires in the coun-
ty of the measurement on that particular date) and attempts 
to accurately predict formaldehyde. It was hypothesized that 
there is a positive correlation between AQI and formaldehyde, 
with AQI, month, and fire count all being important factors 
for predicting formaldehyde.

�   Methods
Data:
The AQI and VOC datasets6 are publicly available and are 

found on the EPA website, specifically under Pre-generated 
Data Files on the EPA Air Quality System (AQS) page. The 
specific files used are Hourly VOC data and Daily AQI data 
from 2015 through 2025. The temporal range 2015 through 
2025 was chosen to obtain the most recent and accurate VOC 
data. Entries for VOC data are typically averages taken over 1, 
3, 8, or 24 hours of a single day, while all entries for AQI data 
are averages taken over the entire day. The wildfire data7 is also 
publicly available and found on the CALFire website under 
Incidents/Incident Data.

Materials:
Google Colaboratory, a hosted Jupyter Notebook service, 

was used as the development environment and is where all of 
the code for this paper was written. All of the code for this 
paper was written in Python. The data downloaded from the 
sources listed in the Data subsection above was stored in a 
folder on Google Drive, and Google Colaboratory allowed 
this drive to be mounted directly to the notebook itself. The 
following Python libraries were used during code develop-
ment: pandas, sklearn, pathlib, typing, matplotlib, glob, and os. 
The pandas, pathlib, typing, glob, and os libraries were used 
to compile the data and build the pandas DataFrames, while 
sklearn was used to build the models themselves.

Data Preprocessing:
1. AQI Data Preprocessing: First, the CSV file containing 

the AQI dataset was converted to a pandas DataFrame. Then 
it was filtered by state name such that only California AQI 
data from 2015 to 2025 remained.

2. VOC Data Preprocessing: First, the CSV file contain-
ing the VOC dataset was converted to a pandas DataFrame. 
Then the DataFrame was filtered by state name and param-
eter name such that only formaldehyde data from California 
from 2015 to 2025 remained. In cases where the formaldehyde 
data contained multiple entries for the same date and location, 
the entries were deduplicated by keeping rows in the follow-
ing order of precedence: highest sample duration (time over 

which the sample was taken), then highest arithmetic mean 
(concentration of formaldehyde for that entry). Higher sam-
ple durations were prioritized because they provide estimates 
that are more accurate for an entire day. The highest arithme-
tic mean was prioritized because the maximum concentration 
was also the most dangerous concentration for that location 
on that date.

3. Merging the Datasets: First, the AQI and VOC datasets 
were merged using the columns for county name and date to 
keep only entries where both AQI and VOC data were cap-
tured. Then the CALFire data was used to add a column called 
“fire counts,” which counted the number of wildfires burning 
in that entry’s location for that particular day.

4. AQI and VOC data were compared to establish any cor-
relation between them. This step is described in more detail in 
the Data Analysis subsection.

5. Removing Outliers and Compiling the Final Dataset: 
First, data where the VOC observation percent—the per-
centage of samples taken out of the total scheduled to be 
taken—was less than 50% were removed to remove data that 
was primarily incomplete. This step also removed all but four 
of the outlier entries for the formaldehyde data because most 
of the original outliers had observation percentages that were 
less than 50%. Since the number of remaining outliers was ex-
tremely small compared to the number of observations, they 
had a negligible impact on model performance. Finally, the 
dataset was filtered to 6 columns, which comprised the final 
dataset that was used to train the machine learning models: 
state name, county name, date, AQI, formaldehyde, and fire 
count. Training the machine learning models is described in 
more detail in the Models subsection.

Data Analysis:
1. Normalizing the dataset: First, all of the columns in a 

copy of the final dataset were z-score normalized using Stan-
dardScaler from the sklearn library.

2. Establishing a Relationship Between AQI and Form-
aldehyde: To identify a relationship between AQI and 
formaldehyde, a dual-axis line plot was created for every entry 
in the dataset with AQI and normalized formaldehyde plotted 
on the y-axis (with an equal scale for both) and the date plotted 
on the x-axis. The correlation coefficient between normalized 
AQI and normalized formaldehyde was then calculated to 
quantify the correlation between AQI and formaldehyde.

Models:
1. Splitting Feature and Target Datasets: The feature Data-

Frame, containing the AQI, month (came from date), and fire 
count columns, was separated from the target DataFrame con-
taining the formaldehyde column.

2. Normalizing the Feature Dataset: All of the features in 
the feature DataFrame were z-score normalized using a Stan-
dardScaler.

3. Splitting the Data into Testing and Training Datasets: 
Both the feature and target DataFrames were separated into 
training and testing data, using the train_test_split function 
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from sklearn, such that 75% of the data was used for training 
and 25% was used for testing.

4. Building and Testing the Baseline Models: First, a Linear 
Regressor was built using the open-source model found in the 
sklearn library. The linear regression model attempts to find 
the line of best fit for data that is linearly correlated. The Lin-
ear Regressor was trained on the training set and tested using 
the testing dataset. The following regression line was found 
after testing:

A dummy regressor from the sklearn library was also built in 
order to provide a baseline to measure how much each model 
improved over a useless model. The dummy regressor always 
predicts the average of the target variable.

5. Building and Testing the Models: First, the following 
models were built from open-source models found in the sk-
learn library: Random Forest Regressor, Gradient Boosting 
Regressor, XGBoost, LightGBM, and SVR. The Random 
Forest Regressor trains many individual decision trees and 
then averages the results. The Gradient Boosting Regressor se-
quences many decision trees, with each one learning from the 
errors of the previous model. The XGBoost and LightGBM 
models are variants of the Gradient Boosting Regressor. The 
SVR model maps data into high-dimensional space and at-
tempts to find the best-fitting hyperplane to minimize loss. 
Next, each of the models was trained on the training set and 
tested using the testing dataset.

6. Tuning the Models: After training and testing, the hy-
perparameters of each model (where applicable) were tuned 
using GridSearchCV from the sklearn library. GridSearchCV 
searches through all combinations of a specified hyperparam-
eter dictionary to find the combination with the best average 
R-squared score (percentage of variance in the target variable 
captured by the input features). Finally, the root mean squared 
error (RMSE) metric was used to assess the performance of 
each model, and the best-performing model was identified by 
selecting the one that improved the most over the baseline af-
ter hyperparameter tuning. Percentage improvement over the 
baseline was used as the ranking metric to highlight the rel-
ative usefulness of each machine learning model over a naive 
approach, even though raw RMSE after tuning would yield 
the same ranking.

�   Results and Discussion 
Results:
First, dual-axis line plots were created showing normal-

ized AQI and formaldehyde vs date for each of the counties 
in the time period from 2015 to 2025 in order to establish 
a relationship between AQI and formaldehyde. Each line 
plot also plotted semi-translucent orange bands in the back-
ground, which corresponded to the periods when each fire for 
that county was active. After each of the plots was plotted, the 
correlation coefficient between AQI and formaldehyde was 
calculated for each. Three examples of these plots are shown 
below.

After a relationship between AQI and formaldehyde was 
established, the Linear Regression, Random Forest Regres-
sor, Gradient Boosting Regressor, XGBoost, LightGBM, and 
SVR models were built and tested. Each of the models was 
trained on the training set and tested on the testing dataset. 
After this, each of the models, with the exception of the Linear 
Regression, was hyperparameter-tuned using GridSearch-
CV. After this, a dummy regressor was built in to provide a 
baseline, and the improvement of the hyperparameter-tuned 
models over the dummy regressor was measured as a percent-
age. The results are summarized below.
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Figure 1: Dual-axis line plot of normalized AQI and formaldehyde vs date for 
Los Angeles County in 2018, before removing outliers, with semi-translucent 
orange bands plotted in the background to represent the periods during 
which each fire for 2018 in Los Angeles County was active. The correlation 
coefficient between normalized AQI and normalized Formaldehyde is 
approximately 0.8012.

Figure 2: Dual-axis line plot of normalized AQI and formaldehyde vs date for 
Santa Clara County in 2020, before removing outliers, with semi-translucent 
orange bands plotted in the background to represent the periods during which 
each fire for 2020 in Santa Clara County was active. The correlation coefficient 
between normalized AQI and normalized Formaldehyde is approximately 
0.8459.

Figure 3: Dual-axis line plot of normalized AQI and formaldehyde vs date 
for Riverside County in 2023, before removing outliers, with semi-translucent 
orange bands plotted in the background to represent the periods during which 
each fire for 2023 in Riverside County was active. The correlation coefficient 
between normalized AQI and normalized Formaldehyde is approximately 
0.3450.
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Finally, the Gradient Boosting Model predictions were plot-
ted on a scatterplot showing the true values for formaldehyde 
for each normalized AQI value in the testing dataset. The re-
sults are shown below.

Discussion:
A majority of the calculated correlation coefficients between 

AQI and formaldehyde were greater than 0.3, indicating that 
there was at least a moderate positive correlation between 
AQI and formaldehyde. In some cases, for counties where a 
greater amount of formaldehyde data existed, the correlation 
coefficient was greater, suggesting a stronger correlation. For 
example, for Los Angeles County in 2018 (Figure 1), a county 
that had a high level of formaldehyde that year had a correla-
tion coefficient of approximately 0.8012, which indicated a 
strong positive correlation. However, this was not always the 
case, as seen in Riverside County in 2023 (Figure 3), which 
had a correlation coefficient of approximately 0.3450 despite 
high levels of formaldehyde reporting. Outliers in the AQI 
dataset, especially the large spike in mid- to late April, may 
have contributed to this weaker relationship. This conclusion 
is supported by the fact that qualitatively there was a clear cor-
relation between AQI and formaldehyde. In addition, it can 

The percentage increase in RMSE from training to testing 
for each of the models was also calculated in order to establish 
which models overfit and underfit the data. These results are 
summarized below.

Tree-based ensemble models like Gradient Boosting 
Regressor are highly interpretable, allowing for feature im-
portance to be assessed. Below is the feature importance for 
each of the features used to train the tuned Gradient Boosting 
Regressor model.
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Table 1: RMSE on the testing dataset before and after hyperparameter 
tuning, the percentage of RMSE improvement over the Dummy Regressor, 
and the best hyperparameters found after tuning using GridSearchCV for 
each model. The Gradient Boosting Regression and XGBoost models had the 
highest percent RMSE improvement over the dummy regressor.

Table 2: RMSE on the training and testing dataset after hyperparameter 
tuning using GridSearchCV (when applicable) and percentage increase in 
RMSE for each model. The XGBoost model had a higher percentage increase 
in RMSE from training to testing than the Gradient Boosting Regression 
model.

Figure 4: Bar chart showing the importance of each feature for the Gradient 
Boosting Regressor model after hyperparameter tuning. AQI was the most 
important, the month was the second most important, and fire count was the 
least important.

Figure 5: Scatter plot showing formaldehyde vs normalized AQI for each 
entry in the testing dataset and the Gradient Boosting Regressor model’s 
formaldehyde predictions in green for each entry in the testing dataset. The 
Gradient Boosting Regressor model’s predictions were close to the actual 
formaldehyde values.

Table 3: Mean Absolute Error (MAE) and R² on the testing dataset after 
hyperparameter tuning using GridSearchCV for each model.
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hyde spiked without a corresponding increase in AQI or AQI 
spiked without a corresponding increase in formaldehyde.

When training each of the models, the amount of data was 
only around 5000 rows, and there may still have been noise in 
the data (particularly in the AQI data), both of which could 
lead to overfitting. If the amount of high-quality data were 
increased, it is likely that the issue of overfitting seen in most 
of the models would subside, but further analysis with more 
data needs to be conducted to test that conjecture.

Furthermore, the initial data split did not preserve temporal 
ordering, which may have caused data leakage during training 
because the model could learn from future data to predict past 
observations. Any future repetitions of this experiment should 
preserve temporal ordering to alleviate this risk. However, 
when tested, preserving temporal ordering yielded negligible 
differences in results.

Next Steps:
One step that can be taken to potentially improve the mod-

els is to incorporate meteorological data as features. This could 
include wind speed, carbon monoxide, humidity, and tem-
perature, which Khan et al. found to be the most important 
features for predicting AQI.8 This suggests that these features 
could be important for predicting formaldehyde as well, due to 
the established relationship between AQI and formaldehyde. 
In addition, training deep learning models or neural networks 
should be tested as the next step to evaluate whether those 
models can achieve better performance than the simpler mod-
els that were used for this paper.

�   Conclusion 
This paper examined the relationship between AQI, month, 

wildfires, and formaldehyde by first establishing a relationship 
between AQI and formaldehyde and then training 6 regres-
sion models to see how accurately AQI, month, and fire count 
can predict formaldehyde using historical data from Califor-
nia. From the experiments conducted, it can be concluded 
that there is at least a moderate, positive correlation between 
AQI and formaldehyde. In addition, the Gradient Boosting 
Regressor was the best of the models tested for predicting 
formaldehyde based on AQI, month, and fire count. When 
tuned properly, however, all of the non-linear models pro-
duced similar results, suggesting that, with proper tuning, any 
of the non-linear models tested can be viable for predicting 
formaldehyde. Surprisingly, fire count was not as important a 
feature as the other two for predicting formaldehyde. With 
more high-quality data, a more precise relationship between 
AQI and formaldehyde can be calculated. Finally, incorpo-
rating meteorological data or deep learning models should be 
tested as a next step as a potential way to improve model per-
formance.
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also be determined qualitatively that AQI and formaldehyde 
generally had greater values when there were many fires than 
when there were no fires.

Based on the results in Table 1, it can be established that 
the Gradient Boosting Regression and XGBoost models per-
formed best on the testing dataset since those models had the 
greatest improvement in RMSE (31.31%) over the dummy 
regressor, which was the baseline model. Gradient Boosting 
Regression and XGBoost are models that perform well for 
complex, non-linear relationships between the features and the 
target, which is exactly what was found during the data analysis 
from Figures 1-3. However, after hyperparameter tuning, each 
of the models, except for linear regression, performed similar-
ly overall, suggesting that if careful hyperparameter tuning is 
performed, any non-linear model could be a viable one.

Based on the results in Table 2, it is likely that XGBoost 
overfitted the training dataset, since its percentage increase in 
RMSE was relatively high, which suggests overfitting. The 
Gradient Boosting Regressor model, however, did not seem 
to overfit the data because its percentage increase in RMSE 
was relatively low. This suggests that the Gradient Boosting 
Regressor model was able to generalize better, making it the 
best overall model to predict formaldehyde based on the AQI, 
month, and fire count. This conclusion is supported by Table 3, 
which shows that the Gradient Boosting Regressor model had 
the second-lowest MAE and the highest R² value.

From the feature importances in Figure 4, it can be seen 
that AQI was the most important feature at around 0.79 im-
portance, and fire count was the least important at around 
0.04. This shows that AQI was an important feature in pre-
dicting formaldehyde, which furthers the idea that AQI is a 
good predictor of formaldehyde overall. The fire count was the 
least important, which was surprising given that formaldehyde 
tends to increase during fires. The dominance of AQI suggests 
that it tracks short-term VOC fluctuations well, while fire ac-
tivity contributes only indirectly due to its primarily long-term 
effects.

Based on Figure 5, it can be seen that the Gradient Boost-
ing Regression model’s formaldehyde predictions are relatively 
close to the actual values in the testing data and that the pre-
dictions seem to capture the overall trend between AQI and 
formaldehyde well.

Limitations:
While it can preliminarily be established that there is at least 

a moderate positive correlation between AQI and formalde-
hyde, more consistent reporting and better formaldehyde data 
quality are necessary to determine a more precise correlation. 
Also, AQI is likely an incomplete predictor because the same 
AQI value can have different compositions of the 5 criteria 
pollutants, which this experiment did not account for.

Additionally, it is important to note that there are con-
founding factors like meteorological conditions and quality 
differences between AQI sensors and VOC monitors that 
should be examined further to establish a more definitive 
correlation or relationship. Such factors, or noise in the data, 
may explain the four outliers in Figure 5, where formalde-
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