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Abstract 

Background: Urban land markets significantly influence city development. However, analyzing them 

in data-scarce environments presents challenges. This study utilizes spatial big data mining 

techniques to analyze building density dynamics as a proxy for understanding urban land market 

behavior in Kigali, Rwanda. Methods: High-resolution building footprint data from 2023 were 

integrated with cadastral and administrative datasets to compute the housing density across 501,170 

land parcels. Spatial autocorrelation analysis and k-means clustering were applied to segment the 

cities into distinct housing density zones. The clustering results were validated using Silhouette, 

Davies-Bouldin, and Calinski-Harabasz scores. Results: Spatial autocorrelation analysis revealed a 

significant clustering of housing density (Moran’s I = 0.9780, p < 0.001). K-means clustering was used 

to identify the five distinct housing density zones. High-density clusters (average density 0.34) were 

concentrated in the central districts, encompassing 9.93% of the land area and 23.9% of the parcels. 

Extensive low-density zones (average density 0.03-0.09) dominated 90.07% of the land area. 

Conclusions: The spatial distribution of housing density clusters aligns with bid-rent theory and 

monocentric city models. This study demonstrates that building density, when analyzed through 

spatial big data mining, can provide critical insights into urban land market dynamics in data-scarce 

environments. This methodology offers a replicable framework for inferring land value gradients 

and market pressures in rapidly urbanizing cities lacking traditional valuation data. 

Keywords: Spatial Big Data Mining; Urban land market; Building density dynamics; Data-Scarce 

Cities 

 

1. Introduction 

Urban land markets are crucial in determining the development and growth trajectories of cities 

[1]. These markets involve the exchange of land for various urban uses, shaped by factors such as 

location, accessibility, and zoning regulations. A comprehensive understanding of the urban land 

markets is essential for effective planning and policymaking [2]. Investigating these topics in data-

scarce cities, such as Kigali Rwanda, presents both unique challenges and significant opportunities. 

Kigali, a rapidly developing city, urgently requires data-driven planning to manage swift 

urbanization; however, it often lacks traditional data sources available in more developed contexts 

[3–6]. This situation calls for innovative approaches to understand urban dynamics and ensure 

sustainable growth [7]. Spatial big data and machine-learning techniques offer promising solutions 

to overcome these data limitations and generate valuable insights for urban planning and 

policymaking [3,8]. This study introduces a novel spatial big-data mining approach specifically 

designed to model urban land markets in data-scarce cities, such as Kigali. This approach uniquely 

integrates diverse, non-traditional spatial big data sources to uncover patterns previously hidden by 
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data gaps [9,10]. The primary aim was to examine the dynamics of building density and its intrinsic 

connection to land market dynamics, directly addressing the challenges posed by limited data 

availability in developing urban contexts. We seek to determine how spatial big data mining 

techniques can effectively mitigate data scarcity in modeling urban land markets, and how these 

derived patterns relate to land prices and broader urban development trajectories. Ultimately, this 

study aimed to provide a transferable methodology that can empower data-informed urban planning 

in rapidly urbanizing environments. This paper is organized into sections covering literature review, 

methodology, findings, and discussion. 

2. Literature Review 

Analyzing urban land market dynamics in rapidly developing, data-scarce environments such 

as Kigali necessitates the integration of insights from land economics, urban spatial analysis, and big 

data applications. Fundamentally, land value is determined by the interaction of demand and supply 

[11,12]. Land demand is influenced by factors such as population growth, economic development, 

accessibility to services and infrastructure, and regulatory frameworks. These factors enhance the 

desire and capacity to acquire land for residential, commercial, and industrial purposes [13–15]. 

Conversely, the supply of land is inherently fixed, geographically immobile, and further constrained 

by land use regulations, environmental policies, and physical limitations [16]. 

This inelasticity of supply makes land prices highly sensitive to demand shifts. Spatially, these 

forces result in heterogeneous land values across urban areas, with the bid-rent theory elucidating 

how different land users’ willingness to pay for land at various locations creates a gradient, with 

higher values typically concentrated in accessible and economically vibrant areas [17,18]. However, 

these theoretical frameworks encounter significant challenges when they are applied to developing 

countries. Urban environments in many developing nations, including Kigali, are often characterized 

by market imperfections, such as information asymmetries, speculative behavior, prevalent informal 

land markets, and weak institutional frameworks [19–22]. 

Urban morphology serves as an essential framework for analyzing the physical structure and 

spatial organization of cities [23–25]. Within this domain, building density is a critical metric that 

quantifies land use intensity and acts as a significant indicator of land demand and development 

pressure [26–29]. Regions characterized by high land demand, often driven by economic 

opportunities and accessibility, typically exhibit elevated building densities as developers seek to 

optimize the use of limited urban land [30]. 

Contemporary urban landscapes are increasingly defined by the proliferation of spatial big data, 

which encompasse diverse, large-volume datasets that have revolutionized urban studies [31–33]. 

These sources include high-resolution satellite imagery, mobile phone data on human mobility, 

geotagged social media content, Volunteered Geographic Information (VGI), smart city sensor 

networks, and transportation data [34–36]. The vast scale and complexity of this data necessitate 

spatial data mining, an interdisciplinary field that integrates statistics, machine learning, data mining, 

and GIS [37–43]. 

Despite recent advancements, significant research gaps persist in the application of advanced 

analytical techniques to land market dynamics, particularly in data-deficient environments. This 

study aims to address these gaps by employing advanced spatial big data mining techniques to 

conduct a comprehensive spatial analysis of the building density dynamics within Kigali. 

2. Materials and Methods 

This study employed a methodological framework that combined spatial data preprocessing, 

density computation, spatial statistics, and machine learning to uncover deep insights into housing 

development across Kigali. The approach involves five main stages: data acquisition and 

preprocessing, housing density computation, descriptive statistical analysis, spatial autocorrelation 

assessment, and application of machine-learning-based spatial clustering models. 
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The analysis relied on a suite of high-resolution spatial datasets that were collected and validated 

on December 31, 2023. The core spatial datasets included building footprint data, parcel boundaries, 

and administrative layers. A total of 679,411 building footprints were extracted from recent satellite 

imagery. These footprints were derived from cloud-filtered Sentinel-2 satellite imagery, which offers 

10-meter spatial resolution for its key bands. The extraction of these footprints was performed using 

advanced artificial intelligence techniques, specifically a Convolutional Neural Network (CNN) 

based on a U-Net architecture, trained on high-resolution ground truth building data obtained from 

previous studies and validated open-source datasets. To ensure spatial consistency and accurate 

geometric calculations, all spatial datasets were projected onto the Universal Transverse Mercator 

system, specifically the UTM Zone 36N (EPSG: 32636). Following projection, the datasets were 

cleaned to remove topological errors such as silver polygons, null geometries, and duplicates. 

The housing density indicator was defined as the ratio of the total built-up area to the total area 

of the 100 m buffer around every analyzed parcel (that parcel area included). This specific buffer size 

was chosen to effectively capture the immediate neighborhood context influencing development 

intensity, reflecting local land-use competition and access to infrastructure beyond the individual 

parcel boundary, while remaining computationally efficient. The computed density values were 

standardized on a scale from 0 to 1. To understand the spatial structure of housing density and 

determine whether development patterns were random or clustered, spatial autocorrelation 

techniques were applied. Global Moran’s I was used to measure the degree of spatial dependence 

among the housing density values. 

This study employed unsupervised machine learning techniques to model spatial variation and 

classify housing density into meaningful spatial typologies. Five clustering algorithms were 

implemented: k-means, spectral clustering, Gaussian Mixture Models (GMM), Agglomerative 

Clustering, and HDBISCAN. Each algorithm is executed with varying cluster counts (k-values 

ranging from 2 to 10). Three widely recognized internal clustering validation metrics were employed 

to evaluate the quality of the clustering results: the silhouette score, Davies-Bouldin index (DBI), and 

Calinski-Harabasz index (CHI). 

The Silhouette Score measures the degree of similarity between a data point and its own cluster 

compared to other clusters. It is calculated by computing the average distance between a point and 

all other points in the same cluster (cohesion) and comparing it with the average distance to points 

in the nearest neighboring cluster (separation). Mathematically, the silhouette score for a given point 

�(�)is expressed as: 

�(�) =
�(�)��(�)

��� {�(�),�(�)}
, (1)

where �(�) is the average intra-cluster distance and �(�) is the minimum average distance to other 

clusters. The scores range from –1 to +1, where values closer to 1 indicate that the point is well 

matched to its own cluster and poorly matched to neighboring clusters [44,45]. The DBI assesses 

clustering quality by measuring the ratio of intra-cluster distance to inter-cluster distance. It is 

calculated as the average similarity between each cluster and its most similar cluster, with lower 

values indicating better clustering. The ��� is given by the formula 
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where �� and �� represent the average distances of each cluster’s members to their centroids, and 

���  is the distance between the centroids of clusters � and �. A lower ��� indicates that the clusters 

are compact and well separated [46,47]. The CHI, also known as the Variance Ratio Criterion, 

evaluates clustering by measuring the ratio of between-cluster dispersion to within-cluster 

dispersion, adjusted for the number of clusters and total observations. It is defined as 
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where ��(��) is the trace of the between-group dispersion matrix; ��(��) is the trace of the within-

cluster dispersion matrix; n is the number of observations; and k is the number of clusters. Higher 

CHI values indicate better clustering, as they reflect tight, well-separated clusters [48]. Together, these 

three validation metrics provide a robust framework for evaluating clustering outcomes. The next 

results are presented in the next section. 

4. Results 

This study analyzed the building density of Kigali City as of December 31, 2023, using high-

resolution spatial data. From a total analyzed area of 688.09 km2, representing 94.33% of Kigali City’s 

total land area (729.51 km2), 679,411 individual building footprints across 501,170 land parcels were 

extracted. Housing density, defined as the ratio of built-up area to the total area within a 100-meter 

buffer around each parcel, was standardized to a scale of 0 to 1. This standardization allowed for a 

comprehensive assessment of development intensity, ranging from undeveloped parcels (0.0) to fully 

occupied parcels (0.99). 

4.1. Descriptive Statistics of Housing Density 

The distribution of housing density values exhibited a pronounced positive skew (Figure 1), 

indicating that the majority of land parcels in Kigali fall within the low to moderate density ranges. 

The most prevalent density class, encompassing 325,313 parcels, was between 0.1 and 0.2, signifying 

the predominant land use intensity. This was followed by the 0.2–0.3 class (106,114 parcels), 0.0–0.1 

class (43,005 parcels), and 0.3–0.4 class (25,595 parcels). A sharp decline in frequency was observed 

for higher density classes; only 873 parcels were in the 0.4–0.5 range, and 270 parcels in the 0.5–0.6 

range, with negligible representation beyond this threshold. 

 

Figure 1. Frequency of housing density Groups. 

These findings suggest that despite ongoing urban growth, most land parcels in Kigali City are 

not characterized by high-density development. The limited number of parcels exceeding a housing 

density of 0.5 indicates that vertical expansion and plot saturation are not yet widespread, even in 

core urban areas. This underscores the significant spatial fragmentation in Kigali’s urban 

development and highlights the importance of strategic densification policies within key urban 

centers. The descriptive analysis provides a foundational understanding of Kigali’s urban structure 

and settlement intensity, informing subsequent spatial modeling. 

4.2. Spatial Autocorrelation of Housing Density 
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The spatial structure of housing density was examined rigorously using global and local spatial 

autocorrelation techniques. The Global Moran’s I index for 2023 was 0.9780 (P = 0.0010), indicating a 

statistically significant and strong positive spatial autocorrelation. This confirms that housing density 

in Kigali City is not randomly distributed but rather exhibits a clustered pattern, with high-density 

areas adjacent to other high-density areas, and similarly for low-density areas. This spatial coherence 

is attributable to factors such as urban form, land-use regulation, historical growth, terrain, and 

infrastructure access. 

To delve into localized patterns, Local Indicators of Spatial Association (LISA) were applied, 

categorizing spatial units into four distinct clusters: High-High (HH), Low-Low (LL), Low-High 

(LH), and High-Low (HL) (Figure 2). 

 

Figure 2. LISA cluster map of housing density on December 2023. 

HH clusters, depicted in red, represent areas of high housing density surrounded by high-

density zones. These clusters were concentrated in the central urban districts of Nyarugenge, Gasabo, 

and Kicukiro, which have established residential, commercial, social, and administrative hubs. 

Covering approximately 111.61 km2 (16.22% of the study area). These areas reflect Kigali’s urban core 

and primary growth centers, which are characterized by compact and intense development. LL 

clusters, shown in green, constitute dominant landscape features, particularly in peripheral and 

undeveloped areas. Occupying 554.09 km2 (80.53% of Kigali’s total surface), denoting widespread 

zones of low housing density, often corresponding to rural-urban fringes, agricultural lands, 

environmentally constrained areas, or land awaiting development. The prevalence of LL clusters 

illustrates a clear radial density gradient from the city center outwards, which is consistent with a 

monocentric urban model. LH clusters, colored yellow, span 15.94 km2 (2.32%) and represent areas 

of low housing density adjacent to high-density zones. These are likely transitional urban areas 

undergoing early stages of densification or land-use conversion. Conversely, HL clusters, shown in 

blue, cover a smaller area of 6.46 km2 (0.94%) and indicate high-density pockets surrounded by low-
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density neighborhoods, potentially representing informal settlements, isolated high-rise 

developments, or localized planning anomalies. 

The LISA cluster map unequivocally reveals a monocentric urban development pattern, with 

housing density intensifying towards the central business district and progressively declining 

towards the periphery. This spatial structure highlights the centralization of infrastructure, services, 

and economic activities, while also emphasizing the challenge of managing peripheral low-density 

expansion. These findings are crucial for urban planners and policymakers, and suggest the need for 

targeted densification strategies, improved infrastructure planning in low-density zones, and policy 

interventions that promote balanced spatial development across the city. 

4.3. Spatial Modeling of Housing Density 

To model the spatial heterogeneity of housing density, an unsupervised machine-learning 

approach was employed, testing five clustering algorithms: k-means, spectral clustering, GMM, 

agglomerative clustering, and HDBISCAN. These models were evaluated across a range of cluster 

numbers (k = 10) using three internal clustering validation metrics: Silhouette Score, DBI, and CHI. 

The Silhouette Score (Figure 3), which measures cluster cohesion and separation (higher values 

indicate better-defined clusters), showed Spectral Clustering excelling at k = 2 with a score of 

approximately 0.62, suggesting two well-defined housing density regions. However, its performance 

deteriorates beyond k = 2. K-means and spectral clustering displayed a more stable performance 

across a wider range of k values, both peaking around k = 5 with a silhouette score of approximately 

0.37, indicating their capacity to capture finer spatial differentiations. The GMM peaked at k = 5 

(approximately 0.31) but generally yielded lower-quality clusters. HDBISCAN, which does not rely 

on a fixed k, maintains a constant silhouette score of approximately 0.09, serving as a baseline 

indicating moderate clustering quality. 

 

Figure 3. Silhouette Score Comparison. 

The DBI (Figure 4), where lower values signify better clustering quality, reinforces these 

observations. Spectral Clustering performed exceptionally well at k = 2 with a minimum DBI of 

approximately 0.35. K-means and Spectral Clustering recorded their lowest DBIs around k = 5 

(approximately 0.85 for K-means and 0.78 for Spectral), suggesting superior intra-cluster 

compactness and inter-cluster separation. GMM started with a high DBI (above 1.4) at k = 2 and 

improved slightly towards k = 5, but still lagged behind K-means and Spectral methods. HDBISCAN 

maintained a stable DBI of approximately 0.96, confirming its low effectiveness. 
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Figure 4. DBI comparison. 

CHI (Figure 5), which rewards dense and well-separated clusters with higher values, revealed 

that K-means consistently outperformed the other algorithms across most k values. The highest score 

was observed at k = 5, reaching approximately 6700, followed by Spectral Clustering, which peaked 

at approximately 5400 at k = 6. These values highlight the ability of k-means and spectral clustering 

to form coherent and distinct clusters. GMM’s maximum CHI was approximately 5200, whereas 

agglomerative clustering peaked at approximately 2900 at k = 8. HDBISCAN displayed a flat CHI of 

approximately 900, which was significantly lower than those of the other models. 

 

Figure 5. CHI Comparison. 

Integrating all three metrics, k-means and spectral clustering emerged as the most robust and 

reliable methods for modeling housing density in Kigali, demonstrating optimal performance at k = 

5 or k = 6. This suggests that Kigali’s spatial housing density structure can be effectively segmented 

into five or six distinct zones, representing gradations from high-density urban centers to transitional 

and peripheral low-density areas. K-means slightly outperformed Spectral Clustering in terms of 

overall cluster compactness and definition, which was particularly evident in its superior Calinski-

Harabasz scores. Agglomerative Clustering was effective for binary classification but lost 

effectiveness with increased spatial complexity. GMM consistently underperformed, likely owing to 

the mismatch between its Gaussian assumptions and the complex spatial geometry of the urban 

structures. HDBISCAN’s performance was relatively weak across all metrics in this study. 

Based on this comprehensive comparison, K-means with k = 5 was selected as the most suitable 

model for spatial modeling of housing density in Kigali City. This model achieved a Silhouette Score 
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of 0.37, a CHI of 6700, and a DBI of 0.85, confirming a well-balanced performance in terms of 

compactness, separation, and structural definition. This configuration enables the effective 

segmentation of the city into five spatial typologies of housing density, facilitating targeted urban 

management, zoning, and infrastructure investment. These results underscore the utility of spatial 

big data mining techniques in uncovering hidden patterns in urban morphology and informing 

spatial policy decisions in rapidly urbanizing cities, such as Kigali. 

4.4. Spatial Housing Density Pattern in Kigali 

The application of the selected k-means clustering model with k = 5 to the 2023 housing density 

dataset revealed five distinct spatial zones, each characterized by varying levels of housing density 

and urban development intensity. These zones are visually represented in Figure 6 and quantitatively 

detailed in Table 1, providing insights into their area coverage, average housing density, and parcel 

counts. 

 

Figure 6. K-means clusters of Kigali city housing density 2023. 

Cluster 0 (green) emerged as the largest cluster; encompassing approximately 186.73 km2 

(27.14% of the total parcels area). Predominantly located in the northern and northeastern regions of 

the city, this zone exhibited the lowest average housing density (0.03) and contained 95,480 parcels. 

It represents the least urbanized area, likely comprising protected natural spaces, agricultural land, 

and sparsely populated rural settlements, indicating a largely undeveloped landscape. Cluster 3 

(black), the second largest in terms of spatial extent, covers 154.29 km2 (22.42% of the total parcel 

area). Concentrated in the southeastern and eastern parts of Kigali, this cluster showed a moderate 

housing density (0.09) with 96,232 parcels. Its spatial distribution suggests that these areas are 

undergoing gradual urbanization, acting as transitional zones between fully urbanized and rural 
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regions, indicating ongoing eastward and southeastward city expansion influenced by land 

availability and infrastructure. 

Table 1. K-means Cluster Statistics for Kigali City Housing Density. 

Cluster Area_km2 Area_% Avg_H_Density Parcel_Count

0 186.73 27.14 0.03 95480

1 142.77 20.75 0.08 95333

2 68.31 9.93 0.34 119770

3 154.29 22.42 0.09 96232

4 136.00 19.76 0.07 94355

Overall 688.09 100.00   0.13 501170

Cluster 1 (yellow) occupies 142.77 km2 (20.75% of the total parcel area) and was primarily found 

in the southwestern and west-central parts of the city. With an average housing density of 0.08 and 

95,333 parcels, this cluster reflects moderately dense residential zones, likely consisting of planned 

housing development and established neighborhoods. The organized land_use patterns and 

consistent density suggest areas with stable urban growth and relatively balanced infrastructure 

development. Cluster 4 (blue) represents 19.76% of the total parcel area, covering 136 km2. 

Predominantly located in the central and northwestern sectors of Kigali, this cluster has a housing 

density of 0.07 and includes 94,355 parcels. Despite a slightly lower density than Cluster 1, this 

indicates more compact development, potentially involving mixed-use areas. Its central location and 

spatial characteristics suggest infill development and densification within previously built-up urban 

zones, signaling a pattern of consolidation rather than expansion. Cluster 2 (red), the smallest area 

(68.31 km2 or 9.93% of the total parcel area), had the highest average housing density (0.34) and 

contained the largest number of parcels (119,770). These high-density zones are scattered across 

central Kigali and other intensively developed urban pockets, including commercial centers and 

informal settlements. The fragmented but concentrated development patterns in these red zones 

reflect the urban pressure, land scarcity, and vertical expansion within the city core. 

Broadly speaking, the spatial configuration of these clusters illuminates the direction and 

structure of urban growth in Kigali. The dominance of low-density zones in the north and northeast 

suggests limited development in these directions, possibly due to environmental constraints. 

Conversely, the significant presence of moderate-density clusters in the southeast and east points to 

active eastward and southeastward urban expansion. Central and western clusters indicate more 

stable development, whereas compact, high-density red clusters signify inner-city intensification and 

redevelopment. The progression from green (lowest density) to red (highest density) clearly mapped 

the city’s urban rural gradient. These insights are invaluable for urban planning, land use 

management, and infrastructure provision, offering a spatially grounded foundation for directing 

sustainable urban growth and policy interventions in Kigali. 

5. Discussion 

The findings from Kigali City provide strong empirical validation for both classical and 

contemporary theories of urban land markets, particularly the bid-rent theory [11,13] and 

monocentric city model [49]. These foundational theories posit that accessibility to economic hubs, 

essential infrastructure, and amenities significantly influences spatial variation in land values and 

development intensity. The observed spatial distribution of housing density, with high-density 

clusters concentrated in the central districts of Nyarugenge, Gasabo, and Kicukiro, clearly confirms 

the dominance of accessibility-driven urban morphology. These areas exhibit features consistent with 

intense land-use competition, reflecting a higher willingness to pay for central and accessible 

locations, aligning perfectly with theoretical expectations. HH clusters of housing density, covering 
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16.22% of the city area, underscore zones where land demand has outstripped supply, compelling 

developers to intensify land use through denser developments. LL clusters dominated 80.53% of the 

land surface, suggesting that the vast majority of Kigali’s territory remained underutilized or was in 

the early stages of urban transformation. These spatial patterns resonate with Solow’s (1972) assertion 

that an inelastic land supply in growing cities necessitates upward expansion and densification in 

response to market pressure. 

5.1. Housing Density as a Market Equilibrium Mechanism 

Given Kigali’s relatively fixed land supply and fluctuating demand, housing density has 

emerged as a crucial mechanism for achieving urban land market equilibrium [50]. As classical 

models suggest, when demand for centrally located land increases and supply is constrained by 

geography or policy, prices escalate, rendering horizontal expansion unsustainable [50–52]. In 

response, developers and households either intensify vertical land use or relocate to peripheral zones 

where land is more affordable. This dynamic is evident in cluster 2, which represents the densest 

areas of Kigali. Despite covering only 9.93% of the land, it accounts for the highest average housing 

density (0.34) and largest parcel count (119,770). These densely built zones encompass both formal 

and informal settlements, reflecting the varied market responses to intense land pressure. In stark 

contrast, the prevalence of low-density clusters (Clusters 0, 1, and 4) despite ongoing urbanization 

pressure points to an uneven development intensity across Kigali. This spatial fragmentation can be 

attributed to a combination of regulatory constraints, limited infrastructure provision, or 

environmental protection which collectively impedes full market responsiveness. These observations 

further validate the applicability of bid-rent and urban economic models for interpreting settlement 

intensity and land value spatial gradients in Kigali’s unique context. 

5.2. Spatial Autocorrelation and Urban Form Insights 

The strong Global Moran’s I index (0.9780, p = 0.001) unequivocally reveals that housing density 

is spatially clustered and not randomly distributed. This significant spatial autocorrelation reflects 

coherent urban-form patterns shaped by historical growth, varied terrain, strategic infrastructure 

investments, and the prevailing regulatory regimes. LISA analysis clearly highlights urban-suburban 

transitions, with HH clusters concentrated in economically strategic zones and LL clusters 

concentrated in the peripheral areas. Interestingly, the presence of HL and LH outlier clusters, 

although marginal in area, signifies localized tension in the urban form. These outliers may indicate 

rapidly emerging informal settlements, intense infill development, or speculative land use changes. 

As Kigali continues to grow, strategic integration of these outlier areas into a more cohesive urban 

structure is paramount for sustainable development planning. 

5.3. Uncovering Latent Market Zones Through Spatial Big Data Mining 

Unlike traditional statistical or econometric models, our study leveraged spatial big data mining 

to detect latent structures and complex spatial patterns without relying on predefined hypotheses 

[53,54]. The application of k-means clustering, robustly validated using Silhouette Score, DBI, and 

CHI, successfully uncovered five distinct housing density zones. K-means at k=5 achieved the best 

balance across all validation metrics (silhouette = 0.37, CHI = 6700, DBI = 0.85), confirming its 

suitability for modeling Kigali’s complex urban morphology. 

These spatial clusters reveal a structural segmentation of the land market based on development 

intensity. For example, Cluster 0, covering the largest area (27.14%) and with the lowest average 

density (0.03), represents peri-urban or protected land with minimal market activity. Clusters 1 and 

3 represent moderately dense, evolving urban zones, reflecting areas of emerging demand driven by 

infrastructure expansion and land conversion policies. Cluster 2, with the highest parcel count and 

density, clearly indicates a saturated demand and highly competitive land markets. By employing 

spatial big data mining, our study effectively captured hidden spatial patterns that traditional models 
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may have overlooked. Unlike ordinary data mining or descriptive statistics, which often rely on 

tabular summaries and neglect geographic contexts, spatial big data mining integrates location, 

spatial relationships, and scale to produce nuanced multi-dimensional insights [55–57]. This makes 

it particularly valuable in data-scarce urban environments such as Kigali, where formal land market 

data are often limited or non-existent. 

5.4. Implications for Urban Planning and Spatial Justice 

These findings have profound implications for spatial planning in Kigali and similar data-scarce 

urban environments. First, the dominance of low-density zones calls for targeted densification 

policies, especially in transitional clusters (e.g., Cluster 3), to optimize existing infrastructure use and 

reduce spatial fragmentation. Second, the identification of high-density pressure zones (e.g., Cluster 

2) suggests a pressing need for vertical expansion, regulatory reform, and improved infrastructure 

provisioning to accommodate future growth without exacerbating congestion or informal sprawl. 

Moreover, the ability to spatially differentiate land market typologies based on building density 

enables more nuanced, equitable, and evidence-based land valuation practices. This directly supports 

the pursuit of spatial justice by ensuring that valuation and compensation accurately reflect actual 

land use dynamics and market pressure, particularly in the context of expropriation and 

redevelopment. 

5.5. Theoretical and Methodological Contributions 

This study makes a significant contribution to the existing literature. Theoretically, it empirically 

validates classical urban economic theories in a data-constrained African context, bridging the gap 

between urban land economics and spatial data science. It demonstrates that housing density, when 

rigorously derived from high-resolution spatial data, serves as a reliable proxy for latent land market 

dynamics. Methodologically, the integration of clustering algorithms with spatial autocorrelation 

analysis presents a replicable framework for decoding urban morphology in fast-growing data-

limited cities. This innovative approach effectively overcomes the lack of formal land market records 

by leveraging spatial proxies and machine learning, thereby contributing to a new paradigm in urban 

land market research. 

5.6. Limitations 

Although our spatial big-data mining approach provides robust insights, it is important to 

acknowledge certain limitations. First, using housing density as an effective proxy might not capture 

all the granular nuances of land market transactions, which are often influenced by specific legal or 

informal arrangements. Second, while the study identifies zones of high and low demand, a detailed 

understanding of the socio-economic drivers within each cluster, beyond accessibility, would require 

additional data sources not available in this study. Future research could integrate more diverse 

socio-economic indicators and explore their influence on the identified spatial patterns. 

5.7. Conclusion 

In conclusion, this study, Decoding Urban Land Markets in Data-Scarce Cities: A Spatial Big 

Data Mining Approach to Building Density Dynamics in Kigali, demonstrates that building density, 

when analyzed through sophisticated spatial big data mining techniques, provides critical insights 

into complex urban land market behaviors. These insights can profoundly inform both theoretical 

discourse and practical policymaking in cities grappling with rapid urbanization and limited 

traditional data infrastructure. 
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