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ABSTRAK 
Analisis data spasial memiliki peranan penting dalam bidang kesehatan terutama ketika data tidak tersebar merata di seluruh wilayah penelitian. Penelitian ini bertujuan untuk mengestimasi prevalensi kekurangan zat besi di Indonesia menggunakan metode cokriging, dengan ferritin sebagai variabel utama dan C-reactive Protein (CRP) sebagai variabel sekunder, berdasarkan data Riskesdas 2018 yang mencakup 15.045 individu dari 143 kabupaten/kota di empat pulau: Sumatera, Jawa, Kalimantan, dan Sulawesi. Untuk mencapai tujuan tersebut, digunakan pendekatan kuantitatif dengan desain deskriptif dan analitis. Cokriging diterapkan untuk memprediksi prevalensi di daerah yang belum teramati, mengatasi tantangan ketidaklengkapan data spasial yang sering muncul akibat keterbatasan biaya, sumber daya, atau akses ke lokasi tertentu. Evaluasi model dilakukan dengan Leave-One-Out Cross-Validation (LOOCV), dan akurasi model diukur menggunakan Mean Error (ME), Root Mean Squared Error (RMSE), dan Mean Squared Prediction Error (MSPE). Hasil penelitian menunjukkan prevalensi kekurangan zat besi bervariasi signifikan antar wilayah. Kabupaten Batang dan Minahasa Selatan teridentifikasi dalam kategori "tidak ada masalah kesehatan" dengan prevalensi kurang dari 4,9%. Selain itu 239 kabupaten/kota di Indonesia berada pada kategori prevalensi ringan (5-19,9%), seperti Kabupaten Brebes (19,92%), Kota Waringin Barat (19,90%), dan Kabupaten Musi Rawas Utara (19,89%), sementara 155 kabupaten/kota tercatat dengan prevalensi sedang (20-39,9%) seperti Kabupaten Sidenreng Rappang (35,37%), Tapanuli Tengah (33,33%), dan Kota Batam (32,35%). Tidak ada daerah yang terdeteksi pada prevalensi tinggi (≥40%). Penggunaan model cokriging berhasil memberikan estimasi yang dapat menjadi dasar penting dalam merancang kebijakan kesehatan terkait penanggulangan kekurangan zat besi di Indonesia.
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     ABSTRACT 
Spatial data analysis plays a crucial role in health, especially when the data is not evenly distributed across the study area. This study aimed to estimate the prevalence of iron deficiency in Indonesia using the cokriging method, with ferritin as the primary variable and C-reactive Protein (CRP) as the secondary variable, based on the 2018 Riskesdas data, which includes 15,045 individuals from 143 districts/cities across four islands: Sumatra, Java, Kalimantan, and Sulawesi. A quantitative approach with descriptive and analytical design was used to achieve these objectives. Cokriging is applied to predict prevalence in unobserved areas, addressing the challenge of incomplete spatial data, which often arises due to limitations in cost, resources, or access to specific locations. Model evaluation is conducted using Leave-One-Out Cross-Validation (LOOCV), and model accuracy is measured using Mean Error (ME), Root Mean Squared Error (RMSE), and Mean Squared Prediction Error (MSPE). The results showed that the prevalence of iron deficiency varies significantly across regions. Batang Regency and South Minahasa were identified in the "no health problem" category with prevalence rates below 4.9%. Additionally, 239 districts/cities in Indonesia fall into the mild prevalence category (5-19.9%), such as Brebes Regency (19.92%), West Kotawaringin City (19.90%), and North Musi Rawas Regency (19.89%), while 155 districts/cities are recorded with moderate prevalence (20-39.9%), including regions such as Sidenreng Rappang Regency (35.37%), Central Tapanuli (33.33%), and Batam City (32.35%). No areas were detected in the high prevalence category (≥40%). The Kriging model provides estimates that can be an essential basis for designing health policies related to iron deficiency prevention in Indonesia.
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INTRODUCTION
Iron deficiency is one of the significant public health problems in many countries, including Indonesia. According to the World Health Organization (WHO), classifying conditions such as iron deficiency into the International Classification of Diseases, which requires comprehensive planning, monitoring and evaluation of interventions to increase iron intake or use and reduce cases of iron loss [1]. Iron deficiency is a significant factor causing anemia, especially among adolescent girls. Anemia caused by iron deficiency has a significant impact on health, can interfere with the body's ability to transport oxygen, and impacts the overall quality of life [2].
Some areas have higher prevalence rates due to environmental factors, limited access to health services, and poor nutritional status within the population [3][4]. Health data in Indonesia is often uneven, including prevalence data on iron deficiency. Different geographical and demographic factors influence this in each region. The distribution of iron deficiency prevalence in Indonesia is often uneven, influenced by different geographic and demographic factors in each region. In addition, available data are usually limited to the specific areas, which makes it difficult to formulate policies based on the overall data. The use of spatial analysis methods is needed to estimate prevalence in undetected areas.
One of the spatial methods that can be used is the kriging method. The Kriging interpolation method is commonly used to predict unsampled areas by optimizing weights and having small mean square errors and residuals; this model can be used to identify the distribution of high-risk areas [5][6][7][8]. The kriging method is an optimal interpolation method based on the rate of change between points in space, which can be represented through a variogram [9]. Cokriging is a kriging method combining several variables to estimate values in unsampled areas [10]. 
In this study, the variables used were ferritin as the main variable and C-reactive Protein (CRP) as the secondary variable. Ferritin is the body's main iron storage protein and is a reliable marker for diagnosing iron deficiency  [1]. More than just a store of iron, ferritin is also known to protect cells from the harmful effects of free iron, in addition to being involved in a variety of functions, including immune regulation [11]. Iron deficiency is indicated when ferritin levels are below 12 μg/L for less than 5 years of age and below 15 μg/L for more than 5 years [12]. Meanwhile, CRP is an acute-phase protein marker of inflammation or infection. CRP is an acute-phase protein that is an early marker of inflammation or infection. CRP levels of more than 10 μg/L are commonly indicated as inflammation or serious conditions [13][14]. Increased CRP levels cause increased ferritin levels. Therefore, to prevent health problems, it is necessary to estimate the prevalence of iron deficiency based on ferritin and CRP levels.
Several previous studies have used the kriging method to predict health problems. Previous studies have proven the effectiveness and success of the kriging method in predicting the proportion of anemia and covid cases in areas that have not been measured, this method can increase understanding of health problems in areas not covered by direct observation data [15][16]. The application of cokriging in predicting in the field of public health shows significant potential in overcoming data scarcity in Indonesia.
This study aims to estimate the prevalence of iron deficiency in Indonesia using the Cokriging method based on ferritin levels as the primary variable and CRP levels as a secondary variable. The 2018 Riskesdas data with a sample of 15,045 from 143 districts/cities in four large islands in Indonesia, namely Sumatra, Java, Kalimantan, and Sulawesi. To test its accuracy, cross validation was carried out using Leave-One-Out-Cross-Validation (LOOCV) and model evaluation such as Mean Error (ME), Root Mean Square Error (RMSE), and Mean Square Prediction Error (MSPE). This technique is expected to overcome the problem of incomplete data and provide more accurate estimates in areas that have not been observed. This study's results are expected to contribute significantly to overcoming iron deficiency in Indonesia.

METHODS
Research Design
This study used a quantitative approach with descriptive and analytical designs to estimate the prevalence of iron deficiency in Indonesia using the Kriging method. It was conducted from January to April 2025 using secondary data from the 2018 Basic Health Research (Riskesdas). 
The main variables analyzed were ferritin levels (the main indicator of iron deficiency) and C-reactive Protein (CRP) levels, which were secondary variables to support spatial modeling. The dataset consisted of 15,045 individuals from 143 districts/cities in four large islands in Indonesia: Sumatra, Java, Kalimantan, and Sulawesi. 
Data analysis was performed using Python and Google Colab. Several Python libraries were used, including pandas, numpy, matplotlib, scikit-learn, pandas, and pyrite, to implement cokriging and validate the model. Model performance was evaluated using Leave-One-Out Cross-Validation (LOOCV), with accuracy metrics including Mean Error (ME), Root Mean Squared Error (RMSE), and Mean Squared Prediction Error (MSPE).
Cokriging Method
Cokriging is a geostatistical method used to estimate values at unobserved locations by considering the spatial correlation between the primary (ferritin) and the secondary (CRP) variable. The cokriging process is carried out in several steps, from collecting and processing empirical data. The data used in this study are obtained from the Basic Health Research (Riskesdas) 2018, which includes information on iron deficiency (ferritin levels < 15 μg/L) and inflammation (CRP levels > 10 μg/L) from 15,045 individuals taken from 143 districts/cities across 24 provinces in Indonesia, distributed across the islands of Sumatra, Java, Kalimantan, and Sulawesi.
In the data processing stage, the proportion of individuals with iron deficiency is calculated based on ferritin levels for each district/city using the sort function to arrange the data and count function to calculate the number of cases. The proportion of individuals with iron deficiency and inflammation is calculated using the following formula:
	(1)

Where  represents the proportion of iron deficiency or inflammation in district/city , and  is the sample size.
Data analysis using the cokriging method begins with the assumption of stationarity, which means the data does not change at various locations. Then, the correlation between ferritin and CRP will be calculated. Calculate the empirical variogram to describe the spatial relationship between observation points. According to [17], the kriging method is for known sample data pairs and estimated sample data pairs. In the cokriging method, the cross-variogram is also used to model the relationship between ferritin and CRP. After that, cross-validation was carried out with LOOCV with various theoretical variogram models (Spherical, Gaussian, Linear, and Exponential). The best semivariogram model was selected based on ME, RMSE, and MSPE.
Next, the prevalence of iron deficiency was estimated using the kriging method for each island. After obtaining the estimated prevalence of iron deficiency, the results were mapped spatially. This distribution map provides a clearer picture of the distribution of iron deficiency on each island, which can help understand the variation in prevalence between regions and identify areas that need further treatment. Finally, the results of the estimated prevalence of iron deficiency are classified based on WHO categories [1].

Table 1. Population Prevalence Ranges To Define The Magnitude Of Iron Deficiency As A Public Health Problem Using Ferritin Concentrations.
	Magnitude of the Public Health Problem
	Prevalence Range (%)

	High
	≥40.0

	Moderate
	20.0–39.9

	Mild
	5.0–19.9

	No Public Health Problem
	≤4.9



RESULTS
Data analysis was conducted using Python, the first step was to combine the 2018 Riskesdas data with spatial data to analyze the prevalence of iron deficiency across various regions in Indonesia. Descriptive statistics for the proportion of iron deficiency showed that the average prevalence of iron deficiency in Indonesia is 18%, with a minimum value of 1.33% and a maximum value of 35.37%. Most regions have a prevalence of iron deficiency ranging from 13% to 22%, with a standard deviation of 0.063, indicating considerable variation across regions. Based on this analysis, Sumatra showed an average prevalence of iron deficiency of 19%, while Java had a slightly lower average of 17%. In Kalimantan, the average prevalence of iron deficiency was 17.9%, with greater variation between the districts in the region. Sulawesi had the highest prevalence of iron deficiency at 22%, indicating an area with a very high prevalence. A density plot is shown in figure 1, providing a clearer picture of the distribution of iron deficiency and inflammation prevalence across Indonesia, illustrating the spread of both variables.

[image: Sebuah gambar berisi teks, cuplikan layar, Plot, diagram

Konten yang dihasilkan AI mungkin salah.]
     Figure 1. Density Plot of Iron Deficiency and Inflammation Proportion

     The correlation between the proportion of iron deficiency and the proportion of inflammation shows a strong positive relationship across Indonesia, with a value of 0.7216. Sulawesi has the highest correlation (0.8970), while Java has the lowest correlation (0.6041). Kalimantan (0.8324) and Sumatra (0.6495) show moderate to strong correlations. The stationarity test results for the proportion of iron deficiency indicate that all regions tested have stationary status, as the p-value for all areas is greater than 0.05, indicating no significant trend changes in the data. For all of Indonesia, the p-value for the proportion of iron deficiency is 0.965507, which indicates stationarity. Similarly, Sumatra (p-value 0.921162), Java (p-value 0.949705), Kalimantan (p-value 0.892738), and Sulawesi (p-value 1.000000) all show stationarity in the proportion of iron deficiency.
After ensuring the stability of the iron deficiency proportion data through stationarity testing, empirical variogram calculations were performed to model the spatial relationship between ferritin and CRP using four theoretical models: Spherical, Exponential, Gaussian, and Linear. The results showed that the Spherical model provided the best results in Sumatra, the Exponential model in Java, and the Linear model in Kalimantan and Sulawesi, based on evaluations of ME, RMSE, and MSPE through Cross Validation and LOOCV. In Sumatra, the Spherical model showed ME 0.0754432, RMSE 0.094565, and MSPE 13.1411%, while in Java, the Exponential model showed ME 0.0748161, RMSE 0.0908199, and MSPE 69.5767%. In Kalimantan and Sulawesi, the Linear model performed the best, with ME values of 0.0601907 and 0.0594413 and MSPE values of 14.1912% and 11.4016%, respectively.












In Sumatra, there is significant variation in the proportion of iron deficiency across districts/cities. The three districts/cities with the highest proportion of iron deficiency are Tapanuli Tengah (33.33%), Batam City (32.35%), and Rokan Hulu (31.03%). Conversely, the lowest proportions are found in Aceh Besar (5.89%), Aceh Utara (5.89%), and Aceh Selatan (7.13%).
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     Figure 3. Cokriging Estimation of Sumatra

The map in figure 3 showed the distribution of the proportion of iron deficiency in unsampled areas, with the observed data points marked by blue circles and the predicted points using red squares.
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     Figure 4. Boxplot of Predicted Iron Deficiency Proportion per Province in Sumatra

     The boxplot in figure 4 showed that the provinces of Lampung and Bengkulu have a wider range of values, while Aceh and Jambi have a narrower range. This indicates significant variability in the prevalence of iron deficiency across provinces in Sumatra.

In Java, there is significant variation in the proportion of iron deficiency across provinces. The three provinces with the highest proportion of iron deficiency are Central Java with Sukoharjo district (32.73%), DI Yogyakarta with Gunung Kidul district (32.14%), and West Java with Kuningan district (27.78%). Conversely, the three provinces with the lowest proportion of iron deficiency are Central Java with Batang district (1.33%), East Java with Lumajang district (8.21%), and Central Java with Wonosobo district (10.13%). The map in figure 5 showing the distribution of the proportion of iron deficiency in Java, using the Cokriging method with an Exponential variogram, provides a more detailed prediction, showing a higher prevalence in some areas of West Java and Central Java. The boxplot for the Java provinces shows that Banten has a broader range of values, while Central Java and DI Yogyakarta have narrower and more concentrated distributions.
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Figure 5. Predicted Iron Deficiency Prevalence in Java
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Figure 6. Boxplot of Iron      Deficiency Prevalence in Java
	
Figure 7 shows the predicted map of the proportion of iron deficiency using Cokriging, highlighting areas with higher estimated prevalence across Kalimantan. In this region, there is considerable variation in the proportion of iron deficiency across districts/cities. The three districts/cities with the highest proportions are Banjar (28.00%), Tarakan City (27.14%), and Singkawang City (26.73%). Conversely, the lowest proportions are found in Sambas (8.82%), Kapuas Hulu (9.52%), and Banjarmasin City (13.73%). Figure 8 presents the boxplot for Kalimantan province, which shows a more concentrated spread of values with a narrower range, indicating a more stable prevalence. However, there are still areas with higher values that require further attention.
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     Figure 7. Predicted Proportion of Iron Deficiency in Kalimantan
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Figure 8. Boxplot of Predicted Iron Deficiency in Kalimantan

Figure 9 presents a distribution map of the predicted proportion of iron deficiency in Sulawesi, created using the Cokriging method. The map shows a higher predicted prevalence in South Sulawesi and Gorontalo and a lower prevalence in North Sulawesi and parts of South Sulawesi. Figure 10 presents a descriptive summary of the prevalence of iron deficiency across districts in Sulawesi. Within this region, there is significant variation in the proportion of iron deficiency across provinces. The three provinces with the highest proportions are South Sulawesi with Sidenreng Rappang Regency (35.37%), Gorontalo with Gorontalo Regency (31.67%), and Central Sulawesi with Palu City (31.11%). In contrast, the lowest proportions are in North Sulawesi with Talaud Islands Regency (5.88%), North Sulawesi with South Minahasa Regency (2.50%), and South Sulawesi with Takalar Regency (14.68%).
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Figure 9. Predicted Proportion of Iron Deficiency in Sulawesi
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Figure 10. Boxplot of Iron Deficiency Proportion in Sulawesi
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Figure 11. Number of Districts/Cities Based on Iron Deficiency Prevalence Categories 

Figure 11 shows the distribution of the number of districts/cities in Indonesia based on the severity categories of iron deficiency. The analysis results indicate that most towns/districts fall into the mild (5–19.9%) and moderate (20–39.9%) prevalence categories. Two hundred thirty-nine districts/cities fall into the mild prevalence category, while 155 districts/cities fall into the moderate prevalence category. Only two districts/cities are classified as "no health problem," with a prevalence of less than 4.9%. No districts/cities were detected in the high prevalence category (≥40%).

DISCUSSION
     Iron deficiency is a primary cause of anemia in adolescents, exacerbated by insufficient intake of nutrients such as vitamin A, vitamin C, folate, riboflavin, and vitamin B12, as well as poor dietary habits like consuming iron with substances that inhibit its absorption. This analysis provides a deeper understanding of iron deficiency distribution in Indonesia based on the 2018 Riskesdas data. These findings are crucial for designing more targeted, region-specific health policies. Indonesia, categorized as a low- to middle-income country, had 10.6% of its population living in poverty in 2017, contributing to malnutrition, including iron deficiency. Children and adolescents from lower socioeconomic backgrounds are at higher risk due to limited access to iron-rich foods. This situation is further aggravated by chronic blood loss from parasitic infections or malaria, as well as menstrual factors and impaired iron absorption due to gastrointestinal issues [18].
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Figure 12. Map of Iron Deficiency Proportion Distribution in Indonesia
The map above shows several areas such as Sulawesi and Sumatra have a higher prevalence of iron deficiency with a darker red color. In contrast, Java and Kalimantan tend to be lower. Previous research shows that Sulawesi is the island with the highest coverage of iron supplementation programs in schools (83.7%) [19]. This is in contrast to the results of the existing mapping. The prevalence of iron deficiency in Sulawesi is not due to the iron supplementation program but rather due to factors of compliance with supplementation hampered by discomfort or lack of awareness of its importance. In addition, the tendency of adolescents to choose fast food also contributes to low iron intake and increases the risk of iron deficiency anemia [20].
The correlation between the proportion of iron deficiency and inflammation showed a strong relationship in each island. In the case of inflammation, ferritin showed an increase that did not reflect the actual iron reserves but from the inflammatory condition that caused iron to be less accessible to the body even though the ferritin levels were high. Therefore, CRP must be considered an iron indicator [13]. The results of the stationary test in this study showed stationary with a consistently high p-value, meaning there was no significant trend change in the prevalence of iron deficiency throughout the region.
The results of the estimation in Sumatra Island showed that there was an imbalance in the prevalence of iron deficiency in various regions. Areas with high prevalence, such as Central Tapanuli and Batam City, are likely to experience greater nutrition and health services challenges. Previous studies have shown a significant prevalence of iron deficiency in Central Tapanuli, especially among pregnant women and toddlers, which is caused by the majority of pregnant women who experience anemia not consuming iron supplements [21]. This can cause the risk of complications such as miscarriage and premature birth. Therefore, pregnant women should consume foods rich in iron and follow the recommendations of health workers to consume iron supplements [22].
The estimation results in Java Island also showed variations in the prevalence of iron deficiency caused by differences in access to health services and socio-economic conditions in each region. The areas with a higher prevalence than other areas in Java Island are Sukoharjo, Gunung Kidul, and Kuningan. Previous studies have revealed that iron deficiency in several areas of Java Island is caused by an unbalanced diet, skipping breakfast, and a history of infectious diseases that disrupt metabolism. In addition, nutritional status and family anemia history also affect iron deficiency [18]. In 2012, the prevalence of iron deficiency in DI Yogyakarta was recorded at 36% due to a lack of knowledge about iron sources, diet, and intake. This iron deficiency causes decreased productivity and immunity, physical and mental disorders, and increased morbidity and mortality [23].
The estimation results in Kalimantan also show variations between regions which may be influenced by access to health services and other socio-economic factors. Prevalence in most regions is relatively stable due to the nutritional education efforts in Kalimantan, especially in Pontianak, which have encouraged adolescent girls to adopt healthier lifestyles. Nutrition education was provided to inform the importance of iron tablet consumption, while the nutrition diary book aimed to encourage teenage girls to track and monitor their consumption more systematically, which has been shown to improve knowledge and adherence to iron tablet consumption [24].
The prevalence of iron deficiency in Sulawesi requires special attention in regional health policies. South Sulawesi and Gorontalo, which have higher prevalence, require further intervention to improve access to nutrition and healthcare services. In contrast, areas such as North Sulawesi, with lower prevalence, show better stability in the distribution of iron deficiency. The boxplot also shows that South Sulawesi and Central Sulawesi have a wider distribution, indicating higher variability, while North Sulawesi shows a narrower and more stable distribution.
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Figure 11 The Map of the proportion of iron deficiency based on Cokriging predictions. 

These maps in figure 11 illustrate the differences in the prevalence of iron deficiency across Sumatra, Java, Kalimantan, and Sulawesi. Darker colors indicate higher proportions of iron deficiency, while lighter colors represent lower prevalence. This map helps identify areas with high prevalence that require more attention regarding nutrition and health interventions.
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Figure 12 Comparison of Observed and Predicted Proportions of Iron Deficiency 
Figure 12 compares the observed and predicted proportions of iron deficiency in various districts/cities across Indonesia. The red dots represent the measured data on iron deficiency, while the blue dots represent the values predicted by the Cokriging model. Based on descriptive statistics, the average observed proportion of iron deficiency is 0.1808, while the expected proportion by the Cokriging model has a slightly lower average of 0.1802. This graph illustrates the alignment between the actual data and the model's predictions, where most points are close to the prediction line, indicating that the model captures the prevalence patterns quite well.
These findings indicate that, although most districts/cities fall into the mild and moderate prevalence categories, there is an urgent need for health interventions in regions with moderate prevalence, such as Sidenreng Rappang, Tapanuli Tengah, and Batam City. This data supports the WHO (2020) statement that a prevalence ≥40% is categorized as high, and only a few areas reach this level of prevalence. While the Indonesian government has implemented iron supplementation programs for adolescent girls aged 12-18 years in schools, the program is not yet comprehensive across all schools. Limited knowledge can impact nutritional status and health in everyday life. Moderate and mild prevalence still indicate problems and require attention in health policies to prevent further health impacts. The cokriging method can estimate the prevalence of iron deficiency, thus allowing for more targeted and focused health programs for optimal results. Efforts to increase this knowledge can be done through early nutrition education [18].
This study has several strengths. By utilizing the 2018 Riskesdas data covering the entire territory of Indonesia, the analysis covers a broad and representative range of iron deficiency conditions nationally. Using the cokriging method that combines ferritin as the primary variable and CRP as a secondary variable also increases the accuracy of the estimate, because it considers the possibility of increased ferritin due to inflammation. The spatial analysis applied also allows mapping in areas that have not been directly observed, thus strengthening the basis for formulating data-based health policies. 
However, several limitations need to be considered. Because it uses secondary data, this study cannot explore other important information, such as daily iron consumption patterns, individual socio-economic conditions, and the level of compliance with iron supplementation tablets. In addition, the mapping was carried out at the district/city level, so it was unable to capture variations on a smaller scale, such as sub-districts. The cross-sectional nature of the data is also an obstacle in drawing causal conclusions. 
In practice, this study's results can be used as a reference in formulating more focused nutritional intervention strategies, especially in areas with a higher prevalence of iron deficiency. The resulting predictive map can help identify regional priorities for implementing iron supplementation programs, nutrition education, and anemia monitoring among adolescent girls. This model also has the potential to be used in further research as an early warning tool for micronutrient problems at the national level.

CONCLUSION
	This study shows a strong positive relationship between the proportion of iron deficiency and the proportion of inflammation in Indonesia, with a correlation value of 0.7216. The highest correlation was recorded in Sulawesi (0.8970), followed by Kalimantan (0.8324), Sumatra (0.6495), and the lowest in Java (0.6041). Based on the evaluation results, the Spherical model performed best in Sumatra (ME = 0.0754; RMSE = 0.0946; MSPE = 13.14%), while the Exponential model was more appropriate for Java (ME = 0.0748; RMSE = 0.0908; MSPE = 69.58%), and the Linear model was most optimal in Kalimantan (ME = 0.0602; RMSE = 0.0789; MSPE = 14.19%) and Sulawesi (ME = 0.0594; RMSE = 0.0765; MSPE = 11.40%). The cokriging method successfully mapped the prevalence of iron deficiency based on ferritin and CRP levels, with a prevalence distribution that varied between districts/cities. A total of 239 districts/cities were categorized as mild (5–19.9%), including Brebes Regency, West Waringin City, and North Musi Rawas; 155 districts/cities were categorized as moderate (20–39.9%), such as Sidenreng Rappang Regency, Central Tapanuli, and Batam City; while only Batang and South Minahasa Regencies were categorized as having no health problems (<4.9%), and none of the districts/cities were classified as high or      severe.
	These findings support the importance of more targeted nutritional interventions in areas with moderate prevalence. Nutrition education through schools and increasing compliance with iron supplementation tablets must be strengthened. Further research should consider other factors, such as diet and socioeconomics, to obtain a more comprehensive understanding.
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