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Extended Abstract
Introduction

observational climate records frequently suffer from missing values due to instrument malfunction, station
relocation, data transmission errors, or long-term interruptions in measurements. If not appropriately addressed,
missing data can introduce bias, reduce statistical power, and compromise the reliability of subsequent modeling
and decision-making processes. This challenge is particularly critical in regions with complex climatic variability
and environmental sensitivity, such as the Lake Urmia Basin in northwestern Iran. Traditional approaches for
handling missing climatic data, including listwise deletion or simple statistical substitution (e.g., mean or median
imputation), are computationally convenient but often distort the statistical structure of the data and fail to capture
inter-variable dependencies. In response to these limitations, advanced multivariate and machine-learning-based
imputation methods have gained increasing attention. Among them, Multiple Imputation by Chained Equations
(MICE) has emerged as a robust framework that accounts for uncertainty and exploits relationships among multiple
variables .Recent studies suggest that integrating MICE with machine learning algorithms can further enhance
imputation accuracy, particularly for non-linear and highly interdependent climatic variables. Nevertheless,
comprehensive evaluations comparing different MICE-based hybrid models across multiple climatic variables and
stations remain limited. Therefore, this study aims to systematically assess and compare the performance of
standard MICE and four hybrid approaches MICE-Linear Regression (MICE-LR), MICE- Decision Tree (MICE—
DT), MICE-K-Nearest Neighbor (MICE-KNN), and MICE- Support Vector Machine (MICE-SVM), across a
wide range of climatic variables and meteorological stations within the Lake Urmia Basin.

Materials and Methods

This study was conducted using daily climatic data from six synoptic meteorological stations located in the Lake
Urmia Basin. The dataset includes a diverse set of climatic variables representing thermal conditions, atmospheric
moisture, cloudiness, wind characteristics, radiation and energy balance, and sea-level pressure. To ensure
consistency and robustness, all variables were preprocessed through quality control procedures, including outlier
detection and temporal consistency checks. Missing data were reconstructed using five imputation approaches:
standard MICE and four hybrid MICE-based models (MICE-LR, MICE-DT, MICE-KNN, and MICE-SVM). The
imputation procedure was implemented iteratively within the chained equations framework to ensure convergence
and stability of the reconstructed values. Model performance was evaluated using multiple complementary
statistical metrics, including the coefficient of determination (R?), normalized root means square error (NRMSE),
Kling—Gupta Efficiency (KGE), and percent bias (PBIAS).

Results and Discussion

The comparative analysis revealed substantial differences in imputation performance among the evaluated models,
depending on the type of climatic variable and station characteristics. Overall, hybrid MICE-based models
demonstrated superior performance compared to the standard MICE approach, particularly for temperature-related
variables and atmospheric moisture parameters. Among the hybrid models, MICE-DT achieved comparatively
higher KGE values for several variables, highlighting its ability to model non-linear interactions. Nevertheless,
both MICE-DT and MICE-LR provided a more balanced trade-off between reconstruction accuracy and
computational efficiency. In contrast, MICE-KNN and MICE-SVM exhibited variable performance, with notable
sensitivity to station-specific conditions and variable type. While these models performed reasonably well for
certain variables, their performance deteriorated for others, especially in cases involving higher variability or
weaker spatial coherence. Standard MICE and MICE-LR showed comparable results, suggesting that linear
assumptions may be insufficient for fully representing the dynamics of complex climatic systems .The station-
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based analysis highlighted spatial heterogeneity in model performance, emphasizing the influence of local climatic
and topographic conditions. Furthermore, the computational analysis indicated that while hybrid models generally
required longer execution times than standard MICE, MICE-DT provided a favorable balance between accuracy
and computational efficiency.

Conclusion

This study provides a comprehensive evaluation of standard and hybrid MICE-based imputation methods for
reconstructing missing climatic data in a multi-variable and multi-station framework. The results demonstrate that
incorporating machine learning algorithms within the MICE framework substantially improves reconstruction
accuracy, particularly for variables characterized by non-linear behavior. Among the evaluated models, MICE-DT
emerged as the most robust and efficient approach, offering consistently high performance across different climatic
variables and stations. Despite these strengths, certain limitations were identified. The performance of some hybrid
models, particularly MICE-KNN and MICE-SVM, showed sensitivity to station-specific conditions and increased
computational demand, which may limit their applicability in large-scale studies. These findings suggest that no
single imputation method is universally optimal, and model selection should be tailored to the characteristics of
the dataset and research objectives. From a practical perspective, the proposed framework provides valuable
guidance for researchers and practitioners seeking reliable methods for handling missing climatic data. The results
have direct implications for hydrological modeling, climate trend analysis, and environmental impact assessments
in data-scarce regions.
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Table 1— Geographical characteristics of the selected stations

Num. Station Name Latitude (°E) Longitude (°N) Elevation (m)
1 Urmia 45.056 37.658 13159
2 Bonab 46.052 37.370 1290
3 Tabriz 46.224 38.122 1361
4 Sarab 47.508 37.935 1682
5 Saqqez 46.311 36.221 1522.8
6 Maragheh 46.146 37.348 1477.7
Maragheh
Saggez o
5 Sarab
é Tabriz 4
Bonab o
Urmia
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Figure 2— Comparison of the statistical record lengths of synoptic stations in the Urmia Lake Basian
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Table 2- Daily climatic variables used in this study

Category Variable Name Symbol  Unit Category Variable Name Symbol  Unit
Maximum Relative o Maximum Air o
Humidity RHmax & Temperature Tmax c
Mmlgum_ (Iil_elatlve RHmin % l\{{mmum Air Tmin oC
umidity Temperature emperature
Hug;g:)?' & Mean Relative Humidity RHmean % Mean Air Temperature Tmean °C
Mean Vapor Pressure VPmean hPa Mean Dew Point TDmean °C
Temperature
Mean S;turatlon Vapor SVPmean  hPa Mean Cloud Cover CLDmean oktas
ressure Cloud Cover
Radiation & Sunshine Duration Sun h Maximum Cloud Cover =~ CLDmax  oktas
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Table 3— Statistical and hybrid models used for missing climate data imputation

Category Model Name Symbol Description
. . A multiple imputation method based on chained equations, enabling
N Multiple Imputation A . . . ;
Statistical . . MICE multivariate data reconstruction while preserving the correlation structure
by Chained Equations .
.among variables
MICE + Linear : ST : ; g
- MICE-LR Integration of MICE with linear regression to predict missing values of
Regression .each variable based on other observed variables
MICE + Decision Tree Applicati . : ;g : s
> MICE-DT pplication of decision tree regression as the prediction algorithm within
Regression .the MICE framework for missing data reconstruction
Hybrid
MICE + K—Neare;t MICE-KNN Reconstruction of missing values using the KNN algorithm within the
Neighbors Regression MICE framework, leveraging the nearest neighboring samples
MICE + Supppﬁ Use of Support Vector Machine (SVM) regression within the MICE
Vector Machine MICE-SVM . . . . .
Regression .framework to predict missing data and model nonlinear relationships
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Figure 3— Flowchart of the missing data imputation process using MICE
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Table 4- Summary of the best-performing climate data imputation models across selected stations in the Urmia Lake basin

Category Index Urmia Bonab Tabriz Sarab Saqqez Maragheh
o R 0.979 0.975 0.976 0.963 0.953 0.971
‘E (MICE-DT)  (MICE-SVM) (MICE) (MICE-DT)  (MICE-DT)  (MICE-DT)
5 o NRMSE 18.182 6.740 8.066 12.393 14.218 10.455
E‘ (MICE-DT) ( MICE-SVM) (MICE) (MICE) (MICE-DT) (MICE)
& KGE 0.985 0.979 0.975 0.960 0.941 0.975
(MICE-DT)  (MICE-SVM) (MICE-DT)  (MICE-DT)  (MICE-DT)  (MICE-DT)
. R 0.797 0.856 0.798 0.782 0.826 0.796
E (MICE-DT)  (MICE-SVM) (MICE) (MICE-DT)  (MICE-DT)  (MICE-LR)
Q NRMSE 34.73 36.107 30.140 33.389 43.622 37.650
T (MICE-DT)  (MICE-SVM) (MICE) (MICE) (MICE-DT)  (MICE-LR)
5 KGE 0.882 0914 0.872 0.867 0.894 0.875
(MICE-DT)  (MICE-SVM) (MICE) (MICE-DT)  (MICE-DT)  (MICE-LR)
R 0.370 0.597 0.550 0.540 0.342 0.564
(MICE) ( MICE-SVM) (MICE) (MICE) (MICE) (MICE)
E NRMSE 39.145 38.000 25.354 29.741 31.604 27.693
ES (MICE) (MICE-SVM) (MICE) (MICE) (MICE) (MICE)
KGE 0.542 0.756 0.695 0.678 0.474 0.699
(MICE) (MICE-SVM)  (MICE-LR)  (MICE-LR) (MICE-LR) (MICE-LR)
2 R 0.913 0.953 0.929 0.888 0.929 0.942
2 = (MICE) (MICE-SVM) (MICE) (MICE) (MICE) (MICE)
==Y NRMSE 8.960 6.605 7.982 8.689 9.910 9.055
€3 (MICE-DT) ( MICE-SVM) (MICE) (MICE) (MICE) (MICE-LR)
E KGE 0.946% 0.965 0.945 0.928 0.949 0.963
(MICE) (MICE-SVM) (MICE-LR) (MICE-LR) (MICE-LR) (MICE-LR)
< R 0.784 0.809 0.732 0.693 0.774 0.755
= > (MICE) (MICE-SVM) (MICE) (MICE) (MICE) (MICE)
£ %" NRMSE 22.050 18.168 21.516 21.298 18.192 20.825
;‘g 5 (MICE) (MICE-SVM) (MICE) (MICE) (MICE) (MICE)
é‘ KGE 0.872 0.869 0.808 0.796 0.825 0.833
(MICE) (MICE-SVM) (MICE) (MICE) (MICE-LR) (MICE-LR)
R 0.327 0.430 0.396 0.279 0.423 0.387
@ (MICE-DT)  (MICE-SVM) (MICE) (MICE) (MICE) (MICE)
; NRMSE 0.413 0.342 0.340 0.327 0312 0.643
@ (MICE-DT) ( MICE-SVM) (MICE) (MICE) (MICE) (MICE)
A KGE 0.502 0.570 0.537 0.421 0.544 0.556
(MICE-DT)  (MICE-SVM) (MICE-DT)  (MICE-DT)  (MICE-DT)  (MICE-LR)
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Figure 4. Performance comparison of reconstruction models based on the KGE index for six groups of climate variables including
temperature (a), cloudiness (b), wind (c), humidity and water vapor (d), radiation and energy (e), and sea-level pressure (f)
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Figure 5. Comparison of model performance in missing data imputation using KGE
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Table 6. Mean absolute PBIAS and computational time of missing data imputation models

Model [PBIAS| (%) Mean Mean
runtime (s)
MICE 0.005 9917
MICE-LR 0.005 8.167
MICE-DT 0.004 11.150
MICE-KNN 0.014 17.350
MICE-SVM 0.033 215217
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