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INTRODUCTION

Fine particulate matter (PM2.5) is of great im-
portance for air quality due to its ability to remain 
suspended in the atmosphere and easily reach the 
lower respiratory system after inhalation. Either 
long- or short-term exposure to PM2.5 has been 
linked with respiratory, heart, and blood ves-
sel diseases as well as higher premature mortal-
ity. The health relevance of PM2.5 has made its 
monitoring a major scientific and environmental 

priority, especially in the regions where air-qual-
ity observations are limited (Cohen et al., 2017; 
World Health Organization, 2021). 

Mineral dust emissions represent one of the 
most important natural sources of atmospheric 
aerosols in arid and semi-arid districts (Ibrahim et 
al., 2026). The Middle East lies within the global 
dust belt, where dust emissions are regularly en-
hanced by dry surfaces, limited vegetation, strong 
winds, and seasonal atmospheric circulation 
(Prospero et al., 2002; Kifah et al., 2020). Previous 
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studies have demonstrated that Iraq and its neigh-
boring countries are significant sources of dust 
activity in southwestern Asia, and the dust events 
can strongly affect urban particulate pollution. In 
Iraq, these conditions are intensified by extensive 
arid surfaces, seasonal dryness, limited vegeta-
tion cover, and frequent dust-storm activity, mak-
ing dust a persistent contributor to atmospheric 
aerosol variability (Albarakat and Lakshmi, 2019; 
Moridnejad et al., 2015; Prospero et al., 2002).

Baghdad represents an important urban en-
vironment for examining the interaction between 
regional dust activity and near-surface particulate 
pollution. It is affected by both transported mineral 
dust and local urban emissions, while the availabil-
ity of continuous ground-based PM2.5 observa-
tions remains limited. This makes satellite-derived 
aerosol products and reanalysis-based meteorolog-
ical variables particularly valuable for assessing 
PM variability over the city (Abdulrahman, 2025; 
Hamad et al., 2015; Khadom et al., 2024). At the 
regional scale, previous studies have also shown 
that Iraq and Kuwait experience elevated PM2.5 
levels associated with the combined influence of 
desert dust and urban pollution (Li et al., 2021). 
Similar interactions between mineral dust and 
anthropogenic particulate sources have also been 
reported in other dust-affected arid urban environ-
ments (Fomba et al., 2024; Myasar et al., 2026).

Satellite-derived aerosol optical depth (AOD) 
has been commonly used to support PM2.5 esti-
mation, since it provides spatially continuous in-
formation on aerosol loading (Handschuh et al., 
2024; Ma et al., 2022). Empirical, statistical, and 
machine-learning approaches have also linked 
AOD with ground-level PM2.5 in different en-
vironments (Kong et al., 2016; T. Li et al., 2020; 
Bagheri, 2022). The MODIS aerosol products are 
widely used in aerosol studies (Levy et al., 2013; 
Lyapustin et al., 2018), while reanalysis datasets, 
such as ERA5 and MERRA-2, offer consistent 
meteorological and aerosol variables over long 
periods (Gelaro et al., 2017; Hersbach et al., 2020; 
Randles et al., 2017). However, AOD represents 
column-integrated aerosol extinction, whereas 
surface PM2.5 represents near-surface particle 
concentration. Thus, their relationship is affected 
by boundary-layer mixing, humidity, precipita-
tion, aerosol vertical distribution, and other vari-
ables (Handschuh et al., 2024; Ma et al., 2022). 

In this study, DCMD-PM2.5 refers to the 
PM2.5-related fraction of dust column mass den-
sity, representing a column-integrated dust-mass 

indicator, whereas surface PM2.5 represents near-
ground particulate concentration. Several studies 
have shown that the combination of aerosol indi-
cators and meteorological variables are improves 
the PM2.5 estimation instead of using just AOD. 
The particle emission, transport, vertical dilution, 
hygroscopic growth, and wet removal are influ-
enced by several meteorological variables such as 
temperature, humidity, dew point, precipitation, 
wind, cloud conditions, and boundary-layer pro-
cesses (Ge et al., 2024; Qi et al., 2024; Talepour 
et al., 2024). This is very important in dust-prone 
urban areas, where surface PM2.5 reacts differ-
ently from column aerosol or dust loading. 

Numerous studies utilized satellite, reanaly-
sis, and statistical approaches to estimate or inter-
pret PM2.5 variability at different spatial scales. 
Li et al. (2021) estimated ambient PM2.5 over 
Iraq and Kuwait using machine learning and re-
mote sensing data, while Abdulrahman (2025) 
focused on daily ground-level PM2.5 estimation 
over Baghdad using MODIS AOD. Khadom et 
al. (2024) applied machine-learning and deep-
learning approaches to predict PM2.5 and AQI 
levels in Baghdad. Other studies have demon-
strated the importance of aerosol optical proper-
ties and reanalysis products for PM2.5 estimation 
(Handschuh et al., 2024; Ma et al., 2022). High-
resolution and machine-learning approaches fur-
ther support the use of integrated predictors for 
PM2.5 mapping (T. Li et al., 2020; Meng et al., 
2024). However, these studies mainly addressed 
surface PM2.5 estimation or regional aerosol 
characterization, while the physical distinction 
between column-related dust mass indicators and 
near-surface PM2.5 has received less attention 
within a unified interpretable modeling.

Despite the growing use of satellite and re-
analysis data for PM2.5 assessment, most previ-
ous studies in Iraq have focused mainly on esti-
mating surface PM2.5 or describing air-quality 
status. Less attention has been given to compar-
ing column-related dust mass indicators with 
surface PM2.5 within the same statistical frame-
work. This distinction is important because DC-
MD-PM2.5 and surface PM2.5 are related aerosol 
variables, but they do not necessarily represent 
the same atmospheric process. DCMD-PM2.5 is 
more closely linked to column dust loading, while 
surface PM2.5 is strongly affected by near- sur-
face mixing, moisture, removal processes, and lo-
cal emissions (Ge et al., 2024; T. Li et al., 2020; 
Qi et al., 2024; Talepour et al., 2024).
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In addition, atmospheric predictors are of-
ten highly correlated, making direct regression 
models less stable and harder to interpret (Abdi 
and Williams, 2010; Jolliffe and Cadima, 2016). 
Therefore, this study bridged this gap by com-
bining PCA-regression with representative driv-
er-variable reconstruction to compare DCMD-
PM2.5 and surface PM2.5 under the same reduced 
and physically meaningful structure. Based on this 
framework, two physically interpretable PCA-
regression models were developed for Baghdad 
City: one for DCMD-PM2.5 and another for 
surface PM2.5. The study used satellite-derived 
aerosol indicators and reanalysis-based meteoro-
logical variables to identify the dominant physical 
drivers, construct predictive equations, and com-
pare the responses of column-related dust loading 
and near-surface particulate concentration. 

The novelty of this study lies in developing 
a physically interpretable PCA-regression frame-
work that not only estimates DCMD-PM2.5 and 
surface PM2.5, but also compares their dominant 
atmospheric controls within the same reduced 
driver-variable structure. This allows the two 
aerosol indicators to be evaluated as related but 
physically distinct responses to meteorological, 
cloud, moisture, and aerosol-loading conditions.

Accordingly, the specific objectives were to: 
(i) identify the dominant atmospheric components 
controlling dust and PM2.5 variability using PCA; 
(ii) develop regression models linking the ex-
tracted components to DCMD-PM2.5 and surface 
PM2.5; (iii) reconstruct the PCA-based models 

using representative driver variables; and (iv) 
evaluate the predictive performance of both mod-
els using an independent validation year (2025).

STUDY AREA

Baghdad City was selected as the case study 
for this research. It is located in central Iraq at ap-
proximately 33.3152 °N and 44.3661 °E, on the 
banks of the Tigris River, as shown in Figure 1. 
The city lies on a broad alluvial plain with low 
elevation, and the Tigris River divides it into the 
eastern part and the western part. Baghdad is the 
largest urban center in Iraq, which makes it an 
important location for studying particulate pollu-
tion under both urban and regional atmospheric 
influences (Abdulrahman, 2025; Khadom et al., 
2024). Baghdad lies within Iraq’s hot arid-to-
semi-arid climatic setting, characterized by very 
hot dry summers and limited seasonal rainfall. 
These conditions enhance the susceptibility of the 
city and its surroundings to dust activity (Faten et 
al., 2024; World Bank Group, 2026). 

Baghdad is affected by natural and anthropo-
genic sources of PM2.5. Dust storms, especially 
those associated with the western desert of Iraq 
and the Arabian Peninsula, represent an important 
natural source of particulate pollution. Further, 
urban sources such as traffic emissions, diesel 
electrical generators, fuel combustion, and others 
also impact the level of PM2.5 in the city (Hamad 

Figure 1. Location of Baghdad City within Iraq and the selected study domain, prepared 
by the authors using GIS
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et al., 2015; J. Li et al., 2021). All these sources 
make Baghdad an appropriate place to study the 
difference between the column-related dust load-
ing and the near-surface dust concentration. 

In addition, Baghdad was chosen due to the 
limited availability of PM2.5 ground-based moni-
toring in Iraq. Previous studies reported that the 
regional monitoring network is sparse, which 
limits the ability to assess long-term PM2.5 ex-
posure using only ground observations (Abdul-
rahman, 2025; Khadom et al., 2024). Therefore, 
satellite-derived aerosol products and reanalysis-
based meteorological as well as dust variables 
provide valuable support for air-quality modeling 
in Baghdad and similar data-limited urban envi-
ronments. Accordingly, Baghdad provides a suit-
able case for evaluating physically interpretable 
PCA-regression models to distinguish between 
column-related dust loading and near-surface 
PM2.5 concentration in a data-limited urban en-
vironment (J. Li et al., 2021; Ma et al., 2022).

DATA AND PRE-PROCESSING

A multi-source daily dataset was prepared 
in Baghdad during the period 2014–2025. Two 
target variables were considered: PM2.5-related 
dust column mass density (DCMD-PM2.5) and 
surface PM2.5 concentration. Predictor variables 
were obtained from three main data sources. 
ERA5 reanalysis was used to provide the main 
meteorological predictors, including temperature, 
dew point, wind components, cloud cover, pre-
cipitation, radiation, and boundary-layer-related 
variables. MERRA-2 reanalysis was utilized to 
collect dust and aerosol-related variables, includ-
ing aerosol extinction, black carbon surface mass 
concentration, and scattering indicators (Gelaro 
et al., 2017; Randles et al., 2017). Aerosol optical 
indicators, such as Ångström exponent and AOD 
at 550 nm, were retrieved using MODIS/Giovanni 
products (Levy et al., 2013; Lyapustin et al., 2018). 
The combination of these datasets constituted the 
primary atmospheric processes affecting dust and 
particulate matter variability over Baghdad. 

Satellite-based AOD retrievals can be con-
taminated by clouds, affected by bright-surface 
issues, and problematic when they fail to re-
trieve, all of which can impact the estimation of 
PM2.5 if not handled carefully (Fu et al., 2020). 
Two target variables for model development 
and validation were used: DCMD-PM2.5 and 

surface PM2.5, which were used as reference 
values from the MERRA-2 aerosol reanalysis. 
The MERRA-2 targets were interpreted as ref-
erences and not direct observations as previous 
validation studies have demonstrated region- and 
season-dependent biases of reanalysis-derived 
particulate concentrations against ground-based 
observations (Ali et al., 2022).

Model calibration was performed for the pe-
riod 2014-2024, whereas 2025 was kept as an 
independent validation year. All datasets were 
resampled to common 24-hour daily scale and 
converted to Iraq local time (IST) using UTC+3. 
The continuous variables of atmosphere and 
aerosol were calculated as daily means, and the 
precipitation was calculated as a daily accumu-
lated variable. If both Terra and Aqua MODIS 
data were available for the same day, then MO-
DIS Terra and Aqua were combined to get one 
daily AOD observation.

A consistent gap-filling procedure was used 
for missing values. Temporal interpolation was 
applied to short gaps (up to three consecutive 
days), and statistically consistent relationships 
to available correlated predictors were applied 
to longer gaps.

Before PCA, all the predictor variables were 
normed with z-score normalization. Only the cali-
bration period data (2014-2024) were used for the 
calculation of the mean and standard deviation, 
and then applied to the independent validation 
year (2025), to minimize information leakage 
and comparability between variables with differ-
ent scales (Abdi and Williams, 2010; Jolliffe and 
Cadima, 2016).

METHODOLOGY

The methodology aimed to build physically 
interpretable PCA-regression models to estimate 
DCMD-PM2.5 and surface PM2.5 over Baghdad. 
The model was divided into three steps: firstly, a 
multi collinear reduction of the predictors of the 
atmospheric model (principal component analy-
sis, PCA) was used to remove the multicollinear-
ity among the atmospheric predictors (Abdi and 
Williams, 2010; Jolliffe and Cadima, 2016; Abed 
et al., 2026); secondly, linear regression was ap-
plied to relate the PCA extracted PCs to each tar-
get variable; thirdly the PCA-regression models 
were reconstructed using specific driver vari-
ables to build simpler and physically meaningful 
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equations. Data from 2014 to 2024 were used to 
calibrate the models, and data from 2025 were 
used to validate the models independently. The 
whole process is summarized in Figure 2.

Principal component analysis

The predictor variables were standardized by 
using z-score normalization before applying PCA 
to place variables with different units and magni-
tudes on a comparable scale. PCA was then used 
as a dimension-reduction technique to transform 
the correlated atmospheric variables into a small-
er set of uncorrelated components. Each princi-
pal component represents a linear combination of 
the original variables, with the first component 
explaining the largest possible variance and sub-
sequent components explaining the remaining 
variance while remaining uncorrelated with the 
previous ones. This approach helps reduce mul-
ticollinearity and improves the stability and inter-
pretability of the subsequent regression models 
(Abdi and Williams, 2010; Jolliffe and Cadima, 
2016). Similar statistical-learning frameworks 
have also been used in atmospheric modeling ap-
plications (James et al., 2021; Faten et al., 2026).

To assess the appropriateness of the data set 
for PCA, the Kaiser-Meyer-Olkin (KMO) mea-
sure and Bartlett’s test of sphericity were used. 
The retained components were interpreted based 
on their atmospheric meaning, rotated loadings, 
explained variance, and eigenvalues. Based on 
the dominant rotated loadings, five components 

were then used as independent predictors in the 
PC-based regression models for DCMD-PM2.5 
and surface PM2.5.

Regression model development 

After PCA extraction, multiple linear regres-
sion was applied separately for the two target 
variables: DCMD-PM2.5 and surface PM2.5. 
In both models, the principal component scores 
(PCs) were used as independent predictors.

	

 

𝑌𝑌 = 𝛽𝛽0 + ∑  
5

𝑖𝑖=1
𝛽𝛽𝑖𝑖𝑃𝑃𝐶𝐶𝑖𝑖 (1) 
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𝑖𝑖=1
𝑤𝑤𝑖𝑖𝑍𝑍𝑖𝑖 (2) 

 
 DCMD-PM2.5 ≈ 0.0001030864 +

+ 3.21 × 10−5𝑍𝑍Temp + 1.60 ×
× 10−5𝑍𝑍Hcloud + 4.81 ×

× 10−5𝑍𝑍𝐴𝐴𝐴𝐴𝐴𝐴 + 9.70 × 10−6𝑍𝑍Precip +
+ 2.55 × 10−5𝑍𝑍Dewpoint  

(3)

 

 
𝑃𝑃𝑃𝑃2.5 ≈ 64.481 − 14.155𝑍𝑍Temp +

+ 3.939𝑍𝑍Hcloud − 0.476𝑍𝑍AOD − 2.373𝑍𝑍Precip −
− 7.771𝑍𝑍Dewpoint  

(4)

 

 

	 (1)

where:	Y is the target variable, β0 is the intercept, 
βi is the regression coefficient of the i-th 
principal component, and PCi is the corre-
sponding PCs. 

This formulation follows the standard princi-
pal component approach (Jasim et al., 2012; Lim 
et al., 2022).

Driver – variable reconstruction

Although PCs – based regression improves 
model stability, the resulting equations may be 
difficult to interpret because each component 
combines many original variables. Therefore, a 
representative driver-variable approach was used 
to reconstruct the models in a simpler form. One 
physically meaningful variable was selected to 

Figure 2. Methodological workflow of the data preparation, principal component analysis, regression modeling, 
driver-variable reconstruction, and validation stages
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represent each principal component based on 
loading magnitude, physical relevance, non-re-
dundancy, and contribution stability. 

The reduced driver-based model was ex-
pressed using standardized variables as

	

 

𝑌𝑌 = 𝛽𝛽0 + ∑  
5
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5
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𝑤𝑤𝑖𝑖𝑍𝑍𝑖𝑖 (2) 

 
 DCMD-PM2.5 ≈ 0.0001030864 +

+ 3.21 × 10−5𝑍𝑍Temp + 1.60 ×
× 10−5𝑍𝑍Hcloud + 4.81 ×

× 10−5𝑍𝑍𝐴𝐴𝐴𝐴𝐴𝐴 + 9.70 × 10−6𝑍𝑍Precip +
+ 2.55 × 10−5𝑍𝑍Dewpoint  

(3)

 

 
𝑃𝑃𝑃𝑃2.5 ≈ 64.481 − 14.155𝑍𝑍Temp +

+ 3.939𝑍𝑍Hcloud − 0.476𝑍𝑍AOD − 2.373𝑍𝑍Precip −
− 7.771𝑍𝑍Dewpoint  

(4)

 

 

	 (2)

where:	Y is the predicted target variable, C is the 
intercept term, wi is the final weight of 
each selected driver variable, and Zi is the 
standardized value of the corresponding 
predictor.

The final weights (wi) were estimated sepa-
rately for each target variable using ordinary 
least-squares regression during the calibration 
period (2014–2024). In this step, each target 
variable was regressed against the five standard-
ized representative drivers: temperature, high 
cloud cover, AOD 550 nm, total precipitation, 
and dew point. Therefore, the reported weights 
represent the fitted regression coefficients of the 
reduced driver-based model, rather than the PCA 
loadings themselves. This formulation gives a 
simplified approximation of the PC-based re-
gression model while preserving physical inter-
pretability (James et al., 2021).

Model validation

The final reduced models were validated on 
the independent validation year 2025. The follow-
ing performance indicators were applied: the cor-
relation coefficient (R), the root mean square er-
ror (RMSE), the mean absolute error (MAE), and 
the mean bias error (MBE). The degree of agree-
ment between reference and predicted temporal 

variability was checked by R, and MBE was used 
to determine the overall error bias, whether it is 
over or under. For the assessment of environmen-
tal models, the error metrics used were the RMSE 
and MAE (Willmott and Matsuura, 2005; Abed et 
al., 2025). 

RESULTS AND DISCUSSION

In this section, two reduced PCA-regression 
models were examined. The first model is used 
to estimate the PM2.5-related fraction of the dust 
column mass density (DCMD-PM2.5), and the 
second model is used to estimate the near-surface 
PM2.5 mass concentration. The models were 
both derived from the same set of atmospheric 
predictors, although they are tested separately 
since the processes that control column dust 
loading differ somewhat from those that control 
near-ground particle concentration. As a result, 
the statistical structure from the PCA is related to 
the physical behaviors of dust, aerosol loading, 
moisture, clouds, and particulate matter levels at 
the surface of Baghdad. 

The PCA analysis revealed five PCs, which 
accounted for 75.63% of the total variance in the 
standardized atmospheric data set. This suggests 
that a small number of independent meteorologi-
cal, radiative, cloud, and aerosol predictors ac-
counted for most of the variance in the meteo-
rological data. The Kaiser-Meyer-Olkin value 
was 0.784, and Bartlett’s test was significant (p < 
0.001), confirming that the dataset had a suitable 
correlation structure for PCA.

PC1 explained the largest part of the vari-
ance (38.72%) and was mainly associated with 
thermal, radiative, and atmospheric mixing 

Table 1. Retained principal components, initial and rotated explained variance, dominant rotated loadings, and 
physical interpretation

Principal 
component

Initial 
eigenvalue

Initial variance 
(%)

Rotated 
variance (%) Dominant variables Physical interpretation

PC1 8.132 38.72 27.307
Downward UV radiation; 
boundary-layer height; 
temperature

Thermal-radiative conditions 
and atmospheric mixing

PC2 3.981 18.96 16.752 High, total and medium cloud 
cover

Cloud dynamics and 
circulation

PC3 1.637 7.79 14.730 AOD 550 nm; total aerosol 
extinction; dust scattering

Aerosol optical loading and 
dust-related activity

PC4 1.097 5.23 9.421 Low cloud cover; total 
precipitation

Precipitation-related and wet-
removal conditions

PC5 1.035 4.93 7.421 Evaporation; dew point Moisture and near-surface 
saturation conditions
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conditions. It showed strong positive loadings for 
temperature, boundary layer height, downward 
UV radiation, and forecast albedo, while relative 
humidity, surface pressure, and black carbon sur-
face mass concentration showed negative load-
ings. This pattern suggests that PC1 represents 
the general energy balance and atmospheric mix-
ing state over Baghdad.

PC2 (18.96%) was primarily associated with 
processes and the circulation of clouds. There 
was good positive loading for high and total cloud 
cover and negative loading for the U-wind compo-
nent. PC3 (7.79%) was dominated by aerosol opti-
cal variables, particularly AOD 550, total aerosol 
extinction, and dust scattering, and it showed the 
aerosol loading and optical activity of the dust. 
Low cloud cover and total precipitation were the 
primary factors influencing PC4 (5.23%), imply-
ing a precipitation and wet removal component. 
Finally, PC5 (4.93%) was associated with dew 
point and evaporation, which are both related to 
moisture and near-surface saturation.

Overall, the PCs show that the variability in 
dust and PM2.5 over Baghdad is due to a com-
bination of five main atmospheric processes: 
thermal-radiative mixing, cloud dynamics, aero-
sol optical loading, precipitation, and moisture 
conditions. PC1 had the largest variance, but PC3 
is significant for the current study because it is 
directly related to the optical parameters of aero-
sols (AOD, extinction, and dust scattering). Table 
1 summarizes the retained principal components, 
explained variance (initial and rotated), dominant 
rotated loadings, and physical interpretations.

Selection of representative driver variables

To make the PCA-regression models more 
physically interpretable, one representative driver 
variable was selected for each retained principal 
component. The selection was not based only on 
the highest loading value, but also on physical 
relevance. This step allowed the PC-based mod-
els to be reconstructed into simpler equations us-
ing observable and physically meaningful predic-
tors. Temperature was selected to represent PC1 
because this component mainly reflected thermal-
radiative conditions. Although PC1 also showed 
strong loadings for boundary layer height, down-
ward UV radiation, forecast albedo, surface pres-
sure, and relative humidity, temperature provides 
a simple and physically meaningful indicator 
of surface heating, turbulence, and atmospheric 
mixing over Baghdad.

High cloud cover was chosen to represent 
PC2 because this component was dominated by 
cloud-related variables, specifically high and total 
cloud cover, making it a suitable proxy for cloud-
dynamic conditions that may influence radiation, 
atmospheric stability, and particle accumulation. 

AOD was chosen for PC3 since it had high 
loading within the aerosol optical component 
and directly represents column aerosol load-
ing, which is highly relevant for both dust-re-
lated column mass and PM2.5 estimation (Shin 
et al., 2022).

The variables representing PC4, which is re-
lated to wet removal processes, were selected as 
precipitation, and the variable representing PC5, 
related to near-surface moisture and atmospher-
ic saturation (which can affect particle growth, 
visibility, and PM2.5 variability), was selected 
as dew point. Then, the final reduced models in 

Table 2. Representative driver variables selected for the reduced PCA-regression models
Principal 

component
Selected 

representative driver
Loading of selected 

driver Selection rationale

PC1 Temperature 0.783
Represents the thermal-radiative and atmospheric mixing 
component and is directly linked to surface heating and 
boundary-layer development.

PC2 High cloud cover 0.850 Represents the strongest cloud-related variable and reflects 
cloud-dynamic variability.

PC3 AOD 550 nm 0.859 Represents the strongest aerosol optical variable and directly 
reflects column aerosol loading.

PC4 Total precipitation 0.708
Represents precipitation-related wet removal and atmospheric 
cleansing processes, despite the stronger loading of low cloud 
cover.

PC5 Dew point 0.626 Represents a physically meaningful moisture indicator related 
to near-surface saturation and humidity conditions.
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the standardized form were reconstructed using 
these selected variables. This way, the physical 
meaning of PCA was maintained, and a compli-
cated equation with too many correlated predic-
tors was avoided.

This summary of representative driver vari-
ables for each principal component retained is 
shown in Table 2. Selection was not only deter-
mined by the size of the rotated loading, but also 
by its physical interpretability and lack of redun-
dancy among the rotated predictors in the reduced 
regression model.

Final reduced PCA-regression models 

The reduced driver-based equations were 
derived by reconstructing the PC-based regres-
sion models using the selected standardized 
driver variables. For the DCMD-PM2.5 model, 
all selected drivers showed positive coefficients, 
suggesting positive statistical associations with 
column-related dust loading within the reduced 
standardized model. These coefficients should be 
interpreted as model-based relationships rather 
than direct causal effects, especially for variables 
such as precipitation that may also represent re-
moval-related conditions. 

The largest coefficient was associated with 
AOD, confirming that aerosol optical loading is 
the strongest driver of the DCMD-PM2.5 model. 
This is physically reasonable because DCMD-
PM2.5 is a column-related dust/aerosol variable 
and is therefore expected to respond strongly to 
aerosol optical properties (Shin et al., 2022).

For the surface PM2.5 model, the reduced 
equation showed both positive and negative coef-
ficients. The negative coefficients of temperature, 
precipitation, and dew point suggest that surface 
PM2.5 over Baghdad is strongly affected by near-
surface mixing, dilution, moisture-related pro-
cesses, and wet removal.

The positive high cloud cover coefficient 
could indicate that in cloudy or synoptic condi-
tions, surface heating is reduced and the effect 
of vertical mixing on the particles is reduced, so 
that these particles can stay closer to the ground. 
The weak negative coefficient of AOD shows that 
the relationship between column aerosol loading 
and surface PM2.5 is not direct, because surface 
PM2.5 also depends on boundary-layer structure, 
local emissions, and aerosol vertical distribution 
(Gao et al., 2024; Vovk et al., 2024).

All predictor variables in Equations 3 and 4 
are standardized values calculated using the cali-
bration-period mean and standard deviation. The 
final reduced equations are given as follows:
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Model performance and validation

During model development, the original PC-
based regression models showed stronger ex-
planatory performance for DCMD-PM2.5 than 
for surface PM2.5. The DCMD-PM2.5 PC-based 
model showed R = 0.898 and R² = 0.806, indi-
cating that approximately 80.6% of the variance 
was explained by the principal components. In 
comparison, the surface PM2.5 PC-based model 
showed R = 0.731 and R² = 0.534. These cali-
bration statistics describe the original PC-based 
model formulation and are presented separately 
from the independent validation of the final re-
duced equations.

The final reduced equations were indepen-
dently evaluated for 2025 against MERRA-2-
derived reference values. The DCMD-PM2.5 
reduced equation showed stronger validation per-
formance, with R = 0.799, indicating a strong pos-
itive relationship between reference and predicted 
values. The error values were relatively low, with 
RMSE = 4.82 × 10–5 kg m–2, MAE =3.86 × 10–5 

kg m–2, and MBE = –1 × 10–6 kg m–2. The slightly 
negative MBE indicates a small underestimation 
bias, but the magnitude is very small, suggesting 
that the model is nearly unbiased for daily-scale 
DCMD-PM2.5 prediction.

For surface PM2.5, the final reduced equa-
tion showed weaker but still informative valida-
tion performance, with R = 0.448. The error val-
ues were RMSE = 25.29 μg m–3, MAE = 20.27 μg 
m–3, and  MBE = +4.52 μg m–3. The positive MBE 
suggests a minor tendency for overestimation. 
Such weaker performance is expected as surface 
PM2.5 is affected by local emissions, traffic, gen-
erators, urban activities, short-term dust occur-
rences, and vertical mixing processes, which are 
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not completely captured by satellite and reanaly-
sis predictors (Vovk et al., 2024). The indepen-
dent validation metrics for the final reduced mod-
els are summarized in Table 3.

This is further shown in the validation scatter 
plots in Figure 3, which demonstrates the differ-
ence in the predictive ability of the two models. 
The surface PM2.5 model exhibits greater scatter 

Table 3. Independent validation performance of the final reduced DCMD-PM2.5 and surface PM2.5 equations 
against MERRA-2-derived reference values during 2025

Model Validation R Validation RMSE Validation MAE Validation MBE

DCMD-PM2.5 0.799 4.82 × 10⁻⁵ kg m⁻² 3.86 × 10⁻⁵ kg m⁻² −1 × 10⁻⁶ kg m⁻²

Surface PM2.5 0.448 25.29 µg m⁻³ 20.27 µg m⁻³ +4.52 µg m⁻³

Note: * RMSE, MAE, and MBE are interpreted within each target variable because DCMD-PM2.5 and surface 
PM2.5 have different physical units and numerical scales.

Figure 3. Reference versus predicted values during the independent validation year 2025 for (a) DCMD-PM2.5 
and (b) surface PM2.5
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between the reference and predicted values as 
compared to the DCMD-PM2.5 model, which 
indicates the larger impacts of local and near-sur-
face processes.

In addition to the scatter plot, the time-series 
comparison in Figure 4 shows how the reference 
and predicted values change throughout the 2025 
validation year. This view is useful because it 
shows not only the overall agreement between the 
models and reference data, but also how well the 
reduced equations followed the daily variability 
of DCMD-PM2.5 and surface PM2.5.

Comparative interpretation of the two 
models 

The two reduced models did not respond to 
the selected drivers in the same way. In the DC-
MD-PM2.5 equation, the coefficients were main-
ly positive, with AOD and temperature being es-
pecially important. This behavior is reasonable 
for a column-related dust variable. When aerosol 
optical loading increases, or when surface heat-
ing supports dust uplift and vertical exchange, 
the dust column signal is expected to increase 
as well. Therefore, the DCMD-PM2.5 model 

Figure 4. Time-series comparison of daily reference and predicted values during the independent validation 
period in 2025 for (a) DCMD-PM2.5 and (b) surface PM2.5
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mainly reflects large-scale dust and aerosol load-
ing through the atmospheric column.

The surface PM2.5 model showed a differ-
ent response. Its negative temperature coefficient 
suggests that warmer conditions may be associ-
ated with stronger boundary-layer development 
and greater vertical dilution near the surface. The 
negative precipitation coefficient also agrees with 
the wet scavenging and removal of particles. The 
reduced equation had a negative coefficient for 
dew point, suggesting that moisture-related con-
ditions may be a factor in the removal, deposition, 
or modification of near-surface particle behavior. 
The positive sign of the high cloud cover coef-
ficient, on the contrary, could indicate that under 
high cloud cover conditions, the heating or stabil-
ity of the atmosphere decreases, and that particles 
are closer to the ground.

The differences suggest that the two (DC-
MD-PM2.5 and surface PM2.5) cannot be inter-
changed as indicators. DCMD-PM2.5 is more 
representative of column-integrated dust and 
aerosol mass, whereas surface PM2.5 depends 
strongly on local emissions, vertical mixing, at-
mospheric stability, and removal processes near 
the ground. This separation is of significance 
for the city of Baghdad, as the city is receiving 
both local and regional transported dust. The two 
models therefore provide complementary infor-
mation: the DCMD-PM2.5 model describes the 
broader column dust signal, while the surface 
PM2.5 model reflects the more complex near-
surface pollution environment.

The validation results should also be inter-
preted with caution because the reference values 
were derived from MERRA-2 rather than from 
continuous ground-based measurements. Thus, 
the reported performance describes how well the 
reduced equations reproduced reanalysis-based 
aerosol variability. Further evaluation against 
in-situ PM2.5 observations would be needed 
as longer, more continuous monitoring records 
become available (Ali et al., 2022). A few raw 
negative DCMD-PM2.5 predictions appeared 
when the reference values were very low. This 
occurred because the reduced linear equation 
was not constrained to produce only non-nega-
tive values. Since dust column mass density can-
not be physically negative, these values were set 
to zero before the final validation statistics and 
figures were reported.

CONCLUSIONS

This study developed two physically inter-
pretable PCA-regression models for estimating 
DCMD-PM2.5 and surface PM2.5 over Bagh-
dad using satellite-derived aerosol indicators 
and reanalysis-based meteorological variables. 
The PCA reduced the dimensionality of the at-
mospheric dataset and identified five dominant 
components representing thermal-radiative 
mixing, cloud dynamics, aerosol optical load-
ing, precipitation removal, and moisture con-
ditions. These components were linked to the 
target variables through regression and recon-
structed using representative driver variables: 
temperature, high cloud cover, AOD, precipita-
tion, and dew point.

The results revealed the DCMD-PM2.5 
model performed better than the surface PM2.5 
model. During model development, the PC-
based DCMD-PM2.5 model explained 80.6% 
of the variance, while the corresponding surface 
PM2.5 PC-based model explained 53.4%. The 
validation confirmed stronger predictive capabil-
ity for DCMD-PM2.5, with R = 0.799, low error 
values, and a very small negative bias. In con-
trast, the final reduced surface PM2.5 equation 
showed weaker but still informative validation 
performance, with R = 0.448, higher errors, and 
a slight overestimation bias.

The different behavior of the two models in-
dicates that DCMD-PM2.5 and surface PM2.5 
should not be interpreted as identical aerosol in-
dicators. The DCMD-PM2.5 is mainly controlled 
by column aerosol loading and dust-related atmo-
spheric mass, with AOD acting as the strongest 
driver. Surface PM2.5, however, is more strongly 
influenced by near-surface mixing, atmospheric 
stability, moisture, wet removal, and local emis-
sion conditions. This explains why the same at-
mospheric predictors may have different coeffi-
cient signs in the two models.

Finally, the use of the proposed PCA-regres-
sion and driver-variable framework is a simple and 
transparent, physically meaningful way to estimate 
the quantity of dust-related column loading and 
PM2.5 on the surface in Baghdad. This framework 
is particularly helpful for areas where ground obser-
vations are sparse, and satellite as well as reanalysis 
data can be used for air-quality assessment.
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