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Abstract

This study examines the relationship between atmospheric carbon dioxide (CO:) concentrations and
precipitation amounts over Tiirkiye using satellite-based data. CO: concentration data from the Orbiting
Carbon Observatory-2 (OCO-2) satellite developed by NASA (National Aeronautics and Space
Administration) were combined with precipitation data derived from Integrated Multi-satellite
Retrievals for GPM (IMERG). After performing spatiotemporal matching, the two datasets were
directly compared and subjected to statistical analyses.

The results revealed a weak positive correlation between CO- concentrations and precipitation amounts
(r=0.17). Moreover, by examining temporal lags, the maximum correlation was observed ata 12-month
delay. Regression analyses showed that CO: concentrations have limited explanatory power for
precipitation variability (R?~0.03).

These findings indicate that CO: concentrations do not directly drive changes in precipitation but should
be considered alongside other atmospheric dynamics. The study aims to contribute to a better
understanding of atmospheric processes over Tiirkiye in the context of climate change.
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1. Introduction

The increase in greenhouse gases in the atmosphere is one of the most fundamental indicators of climate
change, leading to global temperature rise, sea level rise, and fluctuations in meteorological events. Carbon
dioxide, being one of the most abundant greenhouse gases in the atmosphere, plays a critical role in the
disruption of the energy balance and the acceleration of climate change. Therefore, monitoring atmospheric
CO: levels and understanding their relationship with meteorological events—particularly precipitation—is of
great importance for developing sustainable environmental and climate policies.

Precipitation is a critical variable within the climate system due to its direct link to the water cycle [1].
Many sectors such as agriculture, energy production, and water resource management depend on precipitation
patterns. However, climate change has caused significant fluctuations in precipitation regimes, increasing the
risk of extreme drought in some areas and floods in others [2]. Tiirkiye, located in the Mediterranean climate
zone, is one of the vulnerable regions particularly susceptible to these changes. Therefore, investigating the
relationship between regional CO: concentrations and changes in precipitation can provide valuable insights
for measures against climate change.

In recent years, satellite-based observation systems have become important tools for collecting and
analyzing atmospheric and meteorological data. The OCO-2 satellite developed by NASA provides high-
resolution measurements of atmospheric CO- concentrations [3]. Similarly, the IMERG mission allows for
accurate determination of global precipitation amounts. These datasets can be effectively used to investigate
the relationship between CO: and precipitation through temporal and spatial analyses.

In the literature, there are limited studies that directly examine the relationship between CO: levels and
precipitation amounts. Most studies have focused on CO-’s radiative effects in the atmosphere, temperature
increases, and evaporation processes; however, the indirect role of CO: on precipitation has not been
sufficiently explored. Nonetheless, it is known that factors such as aerosol density, surface temperatures, and
evaporation affect precipitation formation, and these processes may be linked to CO: levels. Understanding the
potential effects of CO: levels on precipitation requires a detailed examination of these processes.

This study aims to understand the potential relationship between CO: concentrations and precipitation
amounts over Tiirkiye. CO: data obtained from NASA’s OCO-2 satellite and precipitation data from the
IMERG satellite mission were combined, and both temporal and spatial analyses were conducted.

In the temporal analysis, the focus was on the changes in CO: concentrations and precipitation amounts
over a specific time period. Particularly, OCO-2 data from January 2018 to February 2022 and IMERG data
from January 2018 to December 2022 were used to examine the trends, seasonal variations, and possible long-
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term connections between the two variables over time. A lagged correlation analysis was conducted to explore
the temporal relationship of CO: levels' effects on precipitation.

In the spatial analysis, regional differences in CO: concentrations and precipitation were compared across
Tiirkiye. Tiirkiye was divided into seven geographical regions. For each region, monthly average CO- and
precipitation values were calculated and visualized as time series to reveal regional variability. The strength of
the relationship between CO: and precipitation was quantified using Pearson correlation coefficients.
Furthermore, simple linear regression models were developed to evaluate whether regional CO: concentrations
could statistically explain changes in precipitation. Finally, lagged correlation graphs were used to assess
whether fluctuations in CO: levels influenced precipitation with a temporal delay. By applying these methods,
the study aimed to numerically and visually explore the spatial and temporal links between CO. and
precipitation over Tiirkiye. The findings are expected to provide insights into the influence of atmospheric CO:
on precipitation dynamics and contribute to predicting potential climate change impacts in the region.

2. Related Work

The impacts of atmospheric CO: concentrations on global climate change have been revealed through
extensive research in recent years [4, 5, 2]. In particular, the IPCC reports have thoroughly examined the effects
of CO: emissions on global temperature rise, sea level increase, and extreme weather events [2]. These reports
emphasize that the increase in CO- directly affects the hydrological cycle, causing changes in precipitation
patterns.

The effects of CO- on climate have been analyzed using various modeling approaches. Elliott at al.
conducted global analyses with linear models to investigate the influence of changes in atmospheric CO: levels
on tropical sea surface temperatures and precipitation patterns [6]. Yang and Wang evaluated the role of CO:
increases on climatic variables in China using atmospheric modeling techniques [7]. Similarly, Zhou at al.
studied ecosystem responses through nonlinear models and demonstrated the potential effects of CO: increases
on humidity, temperature, and precipitation changes [8]. The effects of CO: on precipitation occur through
both direct and indirect processes. Betts at al. emphasized that increased CO- can cause significant changes in
continental runoff by altering evapotranspiration processes on land [9]. In addition, the impacts of CO: levels
on soil moisture, water vapor transport, and atmospheric circulation have also been addressed in the literature.

In recent years, satellite-based data have provided great advantages in understanding the spatial and
temporal variability of atmospheric CO: concentrations. Eldering at al. analyzed the regional distribution of
global carbon emissions using data from the OCO-2 satellite [10]. Satellite-derived CO- data allow for more
precise monitoring of atmospheric variability. Similarly, Mousavi et al. analyzed the changes in CO: levels in
Iran between 2003 and 2020 using satellite data from SCIAMACHY (Scanning Imaging Absorption
Spectrometer for Atmospheric CHartographY) and GOSAT (Greenhouse Gases Observing Satellite), and
revealed the effects of CO2 on atmospheric variables [11]. Conducting such analyses in countries like Tiirkiye,
which have diverse climatic conditions, can contribute to a more detailed understanding of CO. and
precipitation dynamics.

Precipitation data provided by the Integrated Multi-satellite Retrievals for GPM (IMERG) and the Global
Precipitation Measurement (GPM) missions are highly important for evaluating global precipitation patterns.
Huffman at al. analyzed global precipitation distribution using IMERG data and emphasized that such satellite-
based measurements can improve the accuracy of meteorological analyses [12]. NASA conducted
comprehensive analyses using OCO-2 and OCO-3 data to better understand the global carbon cycle [13].

In a study conducted in the Cape Rama region on the western coast of India, Tiwari at al. examined changes
in atmospheric CO: concentrations between 1993 and 2002 and showed that CO: levels decreased during the
summer monsoon due to increased precipitation [14]. This study revealed a complex relationship between
atmospheric CO2 concentrations, the hydrological cycle, and vegetation changes. Similarly, Leuzinger at al
analyzed the effects of CO2 emissions on precipitation patterns, and Sponseller at al. evaluated the influence
of precipitation fluctuations on soil CO: flux [15, 16].

In the context of Tiirkiye, most studies have focused on the relationship between changes in precipitation
regimes and climatic processes. Tiirkes and Erlat evaluated regional climate impacts by linking precipitation
changes in Tirkiye to the North Atlantic Oscillation (NAO) [17]. Ersoy at al. analyzed extreme precipitation
events in the Eastern Anatolia Region and aimed to improve the predictability of these events using machine
learning methods. However, comprehensive studies directly addressing the relationship between atmospheric
CO: concentrations and precipitation patterns in Tiirkiye remain quite limited [18]. Crane at al. evaluated
changes in precipitation under a doubled CO: scenario in the Susquehanna River Basin; applying similar
approaches to Tiirkiye could contribute to understanding the connection between regional carbon emissions
and the hydrological cycle [19].

In recent years, machine learning methods have been increasingly used for analyzing and forecasting
climate data. Reichstein at al. examined how machine learning and deep learning techniques can be used in
climate prediction models, showing that these approaches offer significant advantages, especially in temporal
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forecasting processes [20]. Machine learning algorithms can analyze variations in atmospheric CO-
concentrations and allow for long-term predictions and modeling of regional climate change impacts.

The effects of rising CO: on vegetation play a critical role in understanding the carbon cycle. Keenan at al.
revealed that the increase in CO: enhances plant carbon uptake, which in turn affects atmospheric CO:
concentrations [21]. Carbon storage processes in ecosystems have the potential to balance the presence of CO:
in the atmosphere. Furthermore, Fischer and Knutti stated that increasing CO: levels raise the frequency of
extreme precipitation and high-temperature events, thereby highlighting the influence of CO: on the
hydrological cycle and extreme weather patterns [22].

Table 1. Summary of methods and study areas in research on atmospheric CO: and precipitation

dynamics
References Algorithms / Methods Used Study Area / Region
Elliott (1991) Linear models, statistical analysis Global
Yang and Wang (2000) Statistical analysis, atmospheric modeling China
Zhou et al. (2008) Nonlinear models, ecosystem response analysis Global
Betts et al. (2007) Hydrological modeling, vegetation impact analysis Global
Eldering et al. (2017) Satellite-based data analysis (OCO-2) Global
Leuzinger et al. (2009)  CO-—precipitation impact modeling, vegetation analysis Global
Mousavi et al. (2022) Satellite-based data analysis (SCIAMACHY, GOSAT) Iran
Tiwari et al. (2013) Atmospheric CO-—precipitation relationship analysis India (Cape Rama Region)
Sponseller et al. (2006) Effect of precipitation variability on soil CO- flux Global
Ersoy et al. (2023) Machine learning methods, weather prediction models  Tiirkiye (Eastern Anatolia Region)
Tiirkes and Erlat (2003) Analysis of precipitation variability and NAO Tiirkiye
Crane et al. (1998) CO:2 doubling scenario modeling Susquehanna Basin (USA)
Huffman et al. (2021) Precipitation analysis using IMERG and GPM data Global
NASA (2015) Analysis using OCO-2 and OCO-3 satellite data Global
Reichstein et al. (2019) Machine learning, climate prediction models, deep learning Global
Keenan et al. (2016) Carbon cycle modeling, ecosystem analysis Global
Fischer and Knutti (2015) Analysis of extreme weather events Global

The present study aims to temporally and spatially analyze atmospheric CO: concentrations and
precipitation dynamics across Tiirkiye. These analyses are intended to provide a more detailed understanding
of the CO-—precipitation relationship and to assess regional differences, ultimately contributing to a deeper
insight into Tiirkiye’s climate processes.

3. Materials and Methods

This section first describes the data sources used in the study and the procedures applied to process the
information derived from them. Subsequently, the data matching procedures and the analytical methods
employed are explained in detail. The study is designed to evaluate potential relationships between CO:
concentrations and precipitation amounts by considering not only temporal changes but also spatial differences.
This methodological approach contributes to both understanding atmospheric processes and clarifying climate
dynamics.

3.1. Data and data sources
The datasets used in this study include global and high-resolution measurements of both carbon dioxide
(CO3) concentrations and precipitation amounts. The data were obtained from two main sources:

3.1.1. OCO-2 data

The OCO-2 satellite was launched by NASA in 2014 to measure atmospheric carbon dioxide
concentrations. This satellite enables high-resolution spatial and temporal investigation of global greenhouse
gas emissions. In this study, monthly CO2 concentration data covering the years 2018-2022 across Tiirkiye
were obtained from NASA’s Jet Propulsion Laboratory [23].

OCO-2 data have a spatial resolution of 0.5° x 0.625° and focus on the area within Tiirkiye’s borders,
between 36°-42° north latitude and 26°—45° east longitude. The data were downloaded in Network Common
Data Form (NetCDF) format and processed for analysis using the xarray library in Python. The spatial and
temporal details of the data are crucial for understanding variations in atmospheric CO- concentrations. All
data processing and analysis procedures were conducted on a laptop equipped with a 12th-generation Intel®
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Core™ {7-12700H processor (2.30 GHz, 14 cores), 16 GB DDR4 RAM, and 512 GB SSD storage. The
operating system used was Windows 11 Pro, and the analyses were performed using Python 3.10 along with
data processing and visualization libraries such as pandas, xarray, matplotlib, and numpy. This setup enabled
the efficient handling and analysis of large-volume satellite datasets.

Temporally, the data were organized on a monthly basis to represent average atmospheric CO:
concentrations for each month. The concentration unit is expressed in parts per million (ppm). This structure
allows for the analysis of both temporal trends and spatial distribution.OCO-2 data were used to analyze
changes in atmospheric carbon levels over time and to identify potential relationships with precipitation
amounts.

Average CO, Concentration in Tiirkiye (2018-2022)
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Figure 1. Average CO: concentration in Tiirkiye (2018-2022)

Figure 1 shows the temporal distribution of monthly average atmospheric CO: concentrations across
Tiirkiye between 2018 and 2022, based on data obtained from the OCO-2 satellite. The graph reveals a clear
upward trend in CO: levels over time. This increasing trend reflects the impact of global greenhouse gas
emissions and provides valuable insights into the understanding of atmospheric dynamics.

3.1.2. IMERG Precipitation Data

IMERG provides high-resolution precipitation data as part of NASA’s Global Precipitation Measurement
(GPM) mission. In this study, IMERG precipitation data covering the period from 2018 to 2022 were obtained
from NASA’s Precipitation Processing System [24]. The data were processed within selected geographic
boundaries across Tiirkiye and prepared for temporal analysis.

IMERG data are generated by integrating satellite-based precipitation measurements with observations
from ground-based meteorological stations. This combination allows for more accurate investigation of
atmospheric and surface dynamics. While the original data are recorded hourly, they were restructured into
monthly average values to facilitate analysis and enable comparative studies. This reorganization made it
possible to evaluate precipitation trends at a monthly temporal resolution.

In the IMERG dataset, precipitation amounts are expressed in millimeters (mm), enabling quantitative
comparison of rainfall patterns. The data are provided in a consistent and comparable format, allowing for the
analysis of precipitation variability across different geographic regions of Tiirkiye.
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Figure 2. IMERG precipitation amount graph (2018-2022)

Figure 2 illustrates the temporal variation in precipitation amounts between 2018 and 2022, based on
IMERG data. Monthly fluctuations in precipitation are clearly visible in the graph. These variations contribute
to the understanding of seasonal changes and anomalies. For instance, sudden increases in rainfall observed
during specific periods may be associated with changes in atmospheric conditions.

The atmospheric CO: and precipitation datasets used in this study underwent similar preprocessing steps
prior to analysis. Both datasets were converted into CSV format and analyzed using the Python programming
language. Specifically, data cleaning and restructuring were performed using data analysis libraries such as
pandas and xarray, allowing for the calculation of monthly average values. CO2 data were derived from the
original NetCDF files obtained from the OCO-2 satellite and converted into mean values (in ppm) for the grid
cells corresponding to Tirkiye. Likewise, IMERG satellite data were derived from hourly precipitation records
and aggregated into monthly averages in millimeters. During this process, missing data points in both datasets
were identified and filled using interpolation methods. Following this, temporal and spatial alignment was
performed to create a unified dataset suitable for analysis. This combined dataset enabled a holistic evaluation
of the relationship between CO- concentrations and precipitation amounts.

3.2. Data processing

In this study, the data processing procedure was carried out in several stages to ensure the accuracy and
reliability of the analyses. The process included key steps such as identifying and handling missing data,
temporal alignment, and geographic subsetting. Each step was designed to preserve data integrity and enhance
the validity of the analysis results.

In the first step, missing values within the datasets were examined. Since missing data can disrupt the
continuity of the series, such values were either filled using interpolation methods or excluded from the analysis
when deemed inappropriate. In particular, linear interpolation was employed to fill missing values in the time
series. This method enabled the completion of data points in a manner consistent with natural trends, thereby
improving usability for analysis.
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Figure 3. Frequency distribution of original and interpolated precipitation data
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This graph compares the frequency distribution of the original IMERG precipitation data with the
interpolated dataset obtained after missing observations were filled. The enhanced dataset exhibits a
distribution similar to the original, and it was evaluated for modeling suitability during the data processing
stage.

During the temporal alignment process, harmonization between CO- and precipitation data was achieved
due to their collection at different time intervals. IMERG precipitation data were downscaled from hourly
measurements to monthly averages and adjusted to match the temporal resolution of the OCO-2 data. Data

manipulation was performed using the Python programming language along with the pandas and numpy
libraries. Temporal alignment allowed the CO: and precipitation datasets to be directly compared within the
same time periods.

To assess potential relationships between CO: concentrations and precipitation amounts across different
regions of Tiirkiye, a regional analysis was conducted. In this process, Tirkiye was divided into seven
geographical regions, and regional averages of precipitation and CO2 were calculated separately for each.

In the spatial analysis, CO: and precipitation data were converted into raster grid format to enable
regional-scale comparisons. To focus solely on the areas within Tiirkiye, the geographic boundaries were
defined as follows:

* Latitude: 36°-42° N

* Longitude: 26°-45° E

Regional CO: and precipitation analyses were performed using grid cells defined across Tiirkiye to observe
spatial variations in CO: concentrations and precipitation.

Finally, the overall distribution of precipitation amounts was analyzed. The results indicated that the
majority of precipitation events across Tiirkiye were concentrated in the 0.00-0.10 mm range.
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Figure 4. Frequency distribution of precipitation amounts

Figure 4 presents the frequency distribution of precipitation amounts, offering important insights into
Tiirkiye’s rainfall regime.

Through these data processing steps, the accuracy and reliability of the analyses have been improved. The
datasets were processed and prepared for analysis in a way that facilitates a better understanding of the
relationship between CO: concentrations and precipitation amounts.

3.3. Algorithms and analytical methods used

This section provides a detailed explanation of the mathematical models, algorithms, and analytical
methods employed in the study. The aim is to comprehensively present the rationale and implementation
processes of the techniques selected to investigate the potential relationship between atmospheric CO:
concentration and precipitation amount.

3.3.1. Time series analysis

Time series analysis is a method used to identify trends, seasonal patterns, and anomalies in data that change
over time. In this study, time series methods were applied to analyze both CO: concentration and precipitation
data.
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The time series analysis focused on the following model components:

One of the primary components of the time series analysis is trend analysis, which is used to understand
the overall direction of the data and to evaluate long-term changes. For instance, increasing trends in annual
average CO: levels and decreasing trends in precipitation amounts were examined.

The trend component can be mathematically expressed as follows (1):
Ty = Bo + Bt €Y

Where Tt denotes the trend component, t is the time variable, 50 and g1 represent the model coefficients.
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Figure 5. Amounts Annual average CO: concentration trend (2018—2022)

This graph illustrates the trend in atmospheric carbon dioxide (CO:) levels observed across Tiirkiye over
the years. The figure reveals a clear upward trend in CO: concentrations.
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Figure 6. Annual average precipitation trend (2018-2022)

The graph clearly illustrates the overall decreasing trend in precipitation amounts. The data, derived from
annual measurements across Tiirkiye, indicate potential long-term climatic changes and shifts in precipitation
regimes.

One of the key components of the time series analysis is seasonality analysis, which aims to identify
periodic patterns in CO- concentrations and precipitation amounts. In this study, Fourier transformation and
moving average methods were used to detect seasonal effects. Fourier transformation enables the
decomposition of the data into fundamental frequency components, allowing for the identification of recurring
patterns. The moving average method smooths short-term fluctuations, making seasonal variations more visible
within the time series.

Mathematically, seasonality can be expressed as follows (2):
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S, = Ay + cos 2nfit + ¢y) (2

where S; represents the seasonal period length, A« is the amplitude coefficient, fi denotes the harmonic
frequency, t is time, ¢k is the phase angle.

This analysis plays a critical role in identifying and comparing periodic patterns in CO: concentration and
precipitation data.
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418

416
414
412

410

CO, Concentration (ppm)

408

2018 2019 2020 2021 2022 2023
Year

Figure 7. Monthly average CO: concentration changes (2018-2022)

Figure 7 illustrates the variation in monthly average atmospheric carbon dioxide concentrations observed
across Tiirkiye between 2018 and 2022. The graph shows a consistent upward trend in CO: levels throughout
the year. This trend reflects both the increase in global carbon emissions and the influence of region-specific
anthropogenic activities. In addition, seasonal fluctuations are observed, which are attributed to vegetation
dynamics and the effects of photosynthesis during different times of the year.

Monthly Average Precipitation

0.175 1

0.150 4

0.125 4

0.100 +

0.075 4

Precipitation Amount (mm)

0.050 4

0.025 4

T T T T

v
2

<%

o o "e
Time (Month)

Figure 8. Monthly average precipitation variation (2018-2022)

Figure 8 is used to visualize seasonal patterns, allowing for the examination of trends and recurring
structures within the dataset.

3.3.2. Correlation analysis

Correlation analysis was conducted to evaluate the relationship between atmospheric CO: concentration
and precipitation amount. The Pearson correlation coefficient (r) is a metric that measures the linear
relationship between two variables, and it is calculated using the following formula (3):
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r= Z?:l(xi -X)(¥i =¥) (3)
SR, -9

where x; represents the CO- concentration, Y; is the precipitation amount, x is the mean of CO: values, and y is
the mean of precipitation values. The correlation coefficient r takes values between —1 and +1. A value of r>0
indicates a positive linear relationship, while r<0 suggests a negative linear relationship. If r=0, it implies that
there is no linear relationship between the two variables.
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Figure 9. Relationship between CO: concentration and precipitation

Figure 9 presents a visual representation of the relationship between CO: concentration and precipitation
amount. In the graph, the horizontal axis represents CO2 concentration (ppm), while the vertical axis shows
precipitation amounts (mm). Each point on the graph corresponds to the CO: and precipitation values for a
specific time period.

As can be observed, no clear linear relationship exists between the two variables. The scatterplot indicates
that increases in CO:z concentration do not have a pronounced effect on precipitation levels. This suggests that
the relationship may be more complex or potentially explained by a non-linear model. Additionally, the low
correlation coefficient (r) obtained during the analysis confirms the weakness of this relationship.

3.3.3. Regression analysis

In this study, linear regression analysis was employed to model the relationship between CO- concentration
and precipitation amount. The model is defined as follows (4):

Y=0,+Fix+e¢ 4
where Y denotes the dependent variable representing precipitation amount, x is the independent variable
representing CO: concentration, S0 is the intercept term, £1 is the coefficient of the independent variable, and
& represents the error term.

The regression coefficients were estimated by minimizing the residual sum of squares using the ordinary
least squares (OLS) method, expressed as follows (5):

min Z?=1( Y — (Bo + .lei))z ()

The regression results suggest that CO: concentration, as the independent variable, has limited ability to
explain variations in precipitation amount.
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Regression Relationship Between CO, Concentration and Precipitation Amount
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Figure 10. Linear regression relationship between CO: concentration and precipitation

This graph illustrates the linear regression model representing the relationship between monthly average
CO: concentrations and precipitation amounts across Tiirkiye from 2018 to 2022. The blue dots represent the
individual monthly observations, while the red line indicates the linear relationship predicted by the model.
The resulting regression line shows that changes in CO: levels have limited explanatory power over
precipitation amounts (R* = 0.03). This finding suggests that the relationship between CO: and precipitation
may be nonlinear or influenced by indirect atmospheric processes.

3.3.4. Lagged correlation analysis

To understand how the relationship between CO: concentration and precipitation amount changes over
different time intervals, a lagged correlation analysis was conducted. This analysis is based on the assumption
that the impact of CO: levels on precipitation may emerge with a time delay. The lag analysis examines the
correlation between CO: and precipitation across various temporal lags.
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Figure 11. Lagged correlation analysis between CO: concentration and precipitation

Figure 11 illustrates how the correlation between CO- concentration and precipitation amount changes as
a function of time lag. The horizontal axis represents the lag (in months), while the vertical axis shows the
correlation coefficient (r). The results indicate that the correlation coefficient gradually increases with longer
lag periods, although it generally remains at low levels.
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This suggests that the effect of CO: concentration on precipitation is neither immediate nor direct, and that
more complex atmospheric processes may be involved. For instance, the impact of rising CO: levels on
atmospheric systems may accumulate over time, potentially leading to delayed changes in precipitation
dynamics. However, a more detailed explanation of this relationship would require the use of alternative or
more advanced modeling approaches.

4. Results

In this study, the potential relationship between atmospheric carbon dioxide (CO:) concentrations and
precipitation amounts across Tirkiye was comprehensively investigated using satellite-based data. High-
resolution CO: concentration data obtained from the OCO-2 satellite were combined with precipitation
measurements derived from IMERG data, covering the period from 2018 to 2022. The study aimed to
understand the relationship between these two key atmospheric variables from both temporal and spatial
perspectives, and to offer a deeper insight into atmospheric processes over Tiirkiye.

From a spatial perspective, Tiirkiye was divided into seven geographical regions, and separate averages for
CO: and precipitation were calculated for each. These values were analyzed comparatively. It was observed
that regions with intensive industrial or agricultural activity—such as Marmara, Aegean, and Central
Anatolia—exhibited higher CO: levels. However, no distinct inverse relationship with precipitation amounts
was identified. This suggests that the relationship between CO: and precipitation may not be linear, but rather
influenced by regional characteristics, land use patterns, and atmospheric circulation dynamics.

The correlation analysis revealed a weak positive relationship (r = 0.17) between CO: concentration and
precipitation amount. This indicates that there is no strong or direct link between the two variables, although a
limited interaction may exist. The findings suggest that increasing CO: levels could have an indirect influence
on precipitation dynamics.

Lagged correlation analysis indicated that the effects of CO2 concentration on precipitation may emerge
over time. The highest correlation coefficient was observed with a 12-month lag, suggesting that CO. may
influence atmospheric processes through gradual accumulation. However, the low correlation value (r = 0.17)
indicates that the relationship is not direct and is likely associated with more complex atmospheric mechanisms.

The linear regression analysis showed that the model’s explanatory power was notably low (R? = 0.03).
This result indicates that CO: concentration alone is insufficient to explain variations in precipitation amounts,
implying that the relationship may not follow a linear structure but may instead be governed by more intricate
mechanisms.

Spatial analyses across Tiirkiye demonstrated that both CO: concentrations and precipitation amounts vary
at the regional level. However, no statistically significant trend was identified between these variations. For
instance, regions with higher CO: concentrations did not show a clear increase or decrease in precipitation. In
some areas, weak positive or negative correlations were observed (with r values around +0.05), yet these were
statistically insignificant (p > 0.05). These findings suggest that the relationship between CO: and precipitation
does not follow a linear pattern at the regional scale and may be shaped by more complex atmospheric
dynamics. Therefore, it is recommended that regional analyses be supported by more advanced methods, such
as multivariate analyses or artificial intelligence-based models.
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Figure 12. Comparison of CO: and precipitation averages across Turkish regions (2018-2022)
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Figure 12 illustrates the trends in monthly CO: concentrations and precipitation amounts across various
regions in Tiirkiye. The results show spatial differences in CO. and precipitation levels among regions;
however, these differences do not reveal any distinct correlation or trend. For instance, while CO. levels
exhibited an upward trend in industrially and agriculturally active regions such as Marmara and the Aegean,
no significant change in precipitation was observed. In regions like Southeastern and Eastern Anatolia,
precipitation showed seasonal fluctuations, but changes in CO: concentrations did not appear to significantly
influence rainfall dynamics. These findings underscore the importance of conducting more detailed regional
analyses.

5. Discussion and Future Work and Recommendations

The results of this study indicate that atmospheric CO: concentrations are not a direct or decisive factor in
precipitation dynamics; rather, their effects should be considered within a broader atmospheric context. This
finding aligns with previous studies in the literature. For example, Zhou et al. emphasized that increases in CO-
influence intermediate processes such as humidity, cloud formation, and radiative effects, but do not directly
determine precipitation amounts [8]. Similarly, research by Sponseller et al. has shown that soil CO: fluxes
and precipitation variability are part of a complex web of interactions [16].

In the context of Tiirkiye, this study makes a significant contribution to the limited literature exploring the
influence of CO: concentrations on precipitation dynamics. Particularly given Tiirkiye's location within the
Mediterranean climate zone—a region highly sensitive to climate change—such research is of growing
importance. These findings highlight that the effects of atmospheric CO: levels on precipitation should be
assessed in conjunction with other atmospheric processes such as temperature, humidity, and
evapotranspiration.

In conclusion, while this study marks an important step toward understanding atmospheric processes in
Tiirkiye, the relationship between CO: concentration and precipitation dynamics likely involves more complex
mechanisms and should be supported by further modeling studies. Future research should incorporate longer-
term datasets and explore these interactions using non-linear models to gain deeper insights.

This study serves as a valuable starting point for investigating the relationship between CO: concentration
and precipitation dynamics. However, the results suggest that this relationship is linked to more complex
atmospheric processes, necessitating more comprehensive analyses in future work. Subsequent studies should
utilize datasets covering longer time periods, as extended data can enhance understanding of long-term trends
and improve the robustness of current findings.

Furthermore, the application of non-linear models may offer more effective insights into the complex
interactions between CO: and precipitation. In particular, machine learning methods such as artificial neural
networks and support vector machines can provide a deeper understanding of these relationships. Given the
non-linear nature of CO:’s influence on precipitation, the inclusion of such algorithms in future analyses is
recommended.

Incorporating additional atmospheric variables will allow for a more holistic examination of this
relationship. Factors such as temperature, humidity, surface pressure, and wind speed play critical roles in
precipitation formation. Integrating these variables into models will enable a more detailed analysis of
atmospheric processes.

The findings of this study may serve as a scientific basis for Tiirkiye’s climate policy development and
contribute significantly to the advancement of sustainable environmental management strategies. Moreover, a
more comprehensive understanding of atmospheric processes will help inform effective strategies in the global
fight against climate change. In this regard, this study provides a framework for future, more extensive research
efforts.
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Symbol Description
Latin symbols

Ax
Po.p1
fi
Ok
St
t
Tt
Xi
x
yi
y

amplitude coefficient
regression coefficients

harmonic frequency

phase angle

seasonal component

time

trend component

CO: concentration (ppm)
mean of CO: values
precipitation amount(mm)
mean of precipitation values

Greek symbols

Ok

error term
phase angle

Abbreviations and units

CPU central processing unit

Csv comma-separated values — a plain text file format

GB gigabyte

GHz gigahertz

GOSAT greenhouse gases observing satellite

GPM global precipitation measurement (NASA-JAXA satellite mission)
IMERG integrated multi-satellite retrievals for GPM (NASA precipitation product)
mm millimeter

NASA National Aeronautics and Space Administration

NAO North Atlantic Oscillation

NetCDF network common data form — scientific multidimensional data format
0CO-2 orbiting carbon observatory-2 (NASA CO: satellite mission)

ppm parts per million

RAM random access memory

SCIAMACHY  scanning imaging absorption spectrometer for atmospheric CHartographY

SSD

solid state drive
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