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Abstract

Background: Urbanization is spatially heterogeneous in many sub-Saharan African settings. This
complicates community health planning when rural and peri-urban labels are applied informally or
updated inconsistently. We assessed whether multiple publicly available geospatial proxies could
characterize settlement dynamics and support Community Health Unit (CHU) level classification

within the Kaloleni Rabai Health and Demographic Surveillance System (KRHDSS) in coastal Kenya.

Methods: We conducted a longitudinal ecological analysis across 10 CHUs in Kilifi County with
annual observations from 2017 to 2024. Five geospatial proxy indicators of settlement intensity were
summarized within CHU boundaries: Visible Infrared Imaging Radiometer Suite (VIIRS) nighttime
lights radiance, Sentinel-2 built-up area percentage, WorldPop built-up area percentage, WorldPop
population density, and Degree of Urbanization urban percentage. The built-up proxies quantify the
extent of built surfaces and do not distinguish construction materials or housing quality. We quantified
year-to-year and cumulative percent change, assessed concordance using Pearson correlation
coefficients, and derived a consensus classification using k-means clustering applied separately to

standardized CHU-level median proxy values, followed by cross-proxy vote scoring.

Results: The analytic dataset comprised 80 CHU-year observations per proxy with no missing raw
proxy values. Degree of Urbanization showed a pronounced floor effect with 37 zero observations.
Median cumulative percent change from 2017 to 2024 was 62.25% for nighttime lights, 110.74% for
Sentinel-2 built-up area, 34.14% for WorldPop built-up area, and 14.67% for population density.
Sentinel-2 built-up area showed substantial interannual variability, with 41.0% of valid year-to-year
transitions negative. Pearson correlation coefficients between pairs of proxy indicators, using pooled
raw values across all 80 CHU-year observations, ranged from 0.710 to 0.955. Cross-proxy vote scoring

classified 3 of the 10 CHUs as consensus peri-urban.

Conclusions: A multi-proxy geospatial approach provides a reproducible complementary framework

for delineating CHU settlement contexts in transitional settings. It may support periodic reassessment
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alongside established administrative classifications where settlement patterns are changing. Divergent
proxy patterns, including volatility and floor effects, highlight the value of combining complementary

products when distinguishing peri-urban from rural contexts for routine health system planning.

Keywords: urbanization; peri-urban; geospatial analysis; nighttime lights; Sentinel-2; WorldPop;

Degree of Urbanization; Community Health Units; Kilifi; Kenya
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Background

Urbanization is reshaping population distribution and health system demand worldwide. In 2018, 55%
of the global population lived in urban areas, and this proportion is projected to rise substantially by
2050 [1]. In sub-Saharan Africa, urbanization is often rapid but spatially uneven, occurring not only
through expansion of major cities but also along transport corridors and within small and medium sized
towns [2-5]. These patterns create complex peri-urban mosaics that are poorly captured by static
administrative classifications. They also influence health systems by changing population density,
mobility, service needs, and the coverage requirements and costs of community-based service delivery

platforms [6,7].

In Kenya, the Community Health Unit (CHU) is the foundational operational unit for delivering
promotive and preventive services under the national community health strategy [8]. Within the
Kaloleni Rabai Health and Demographic Surveillance System (KRHDSS) in coastal Kenya, 10 CHUs
provide a defined geographic frame for operationalizing spatial stratifications aligned to routine health
system units [9]. However, although Kenya has formal administrative and census-based frameworks
for classifying urban areas, these may not fully capture CHU-level settlement context in rapidly
changing areas. This creates a rationale for complementary spatial approaches to characterize rural,
peri-urban, and transitional settings for service planning [10,11]. Recent advances in Earth observation
and gridded demographic modelling enable scalable quantification of settlement intensity [12,13].
WorldPop provides annual high-resolution maps of population distribution and supporting covariates
that can help characterize small areas where census information may be limited or outdated [14-16].
Complementary built environment metrics include harmonized settlement products integrating Earth
observation and population data [12], Sentinel-2 derived land cover products for fine-scale built-up
monitoring [17], Visible Infrared Imaging Radiometer Suite (VIIRS) nighttime lights for human
activity and electrification intensity [18], and Degree of Urbanization outputs derived from gridded

population data [19]. Despite this proliferation of data streams, important gaps persist in public health



81

82

&3

84

&5

86

87

88

&9

90

91

92
93

94

95

96

97

98

99

100

101

102

103

applications. Urbanization is operationalized differently across products, and individual proxies often
diverge in transitional settings where physical expansion, population concentration, and infrastructure

development evolve asynchronously [2-5,11,19].

This longitudinal ecological study addressed these gaps by integrating five complementary geospatial
proxies, namely nighttime lights intensity, Sentinel-2 built-up area, WorldPop built-up area, WorldPop
population density, and Degree of Urbanization, to characterize settlement dynamics across 10 CHUs
within the KRHDSS from 2017 to 2024 [14,16-19]. Specifically, we aimed to quantify multi-
dimensional settlement trajectories, compare agreement across proxies, and derive a consensus CHU
classification that could support routine updating of spatial stratification for community health

planning.

Methods

Study design and setting

We conducted a longitudinal ecological analysis to characterize settlement dynamics across CHUs in
Kilifi County, Kenya. The analytic unit was the CHU, with annual observations spanning 2017 to 2024.
The analysis was conducted within the KRHDSS platform in Kilifi County, coastal Kenya, which has

been described in detail elsewhere [9].

The KRHDSS covers Kaloleni and Rabai sub-counties and is centred on Mariakani township. The
surveillance area is predominantly rural but includes a peri-urban corridor associated with Mariakani
and surrounding transport-linked growth. The area is characterized by high poverty, subsistence

farming, informal trade, and recurrent seasonal flooding [9].

The KRHDSS comprises 10 administratively defined CHUs under Kenya's community health strategy,
each typically covering approximately 500 to 1,000 households, and together these units define the

operational geography for the present analysis [8]. The 10 CHUs included in this analysis were Buni,
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Kibwabwani, Kombeni, Kwale, Mnazimwenga, Mutsengo, Mwele Kisurutini, Tsangatsini, Viragoni,

and Vishakani (Figure 1).

Data sources and proxy indicators

We analyzed five complementary geospatial proxy indicators derived from publicly available datasets.
All proxy measures were analyzed as continuous variables and summarized within CHU boundaries
using zonal statistics aligned to the semantics of each source variable, rather than by imposing

predefined categorical cut-offs [14,16-19].

VIIRS nighttime lights were summarized as mean annual radiance within each CHU. Sentinel-2 built-
up extent was summarized as the percentage of CHU area classified as built up. WorldPop built-up
extent was similarly expressed as the percentage of CHU area classified as built up. WorldPop
population density was summarized as mean population density within each CHU. Degree of
Urbanization was summarized as the percentage of CHU area classified as urban [14,16-19]. In this
manuscript, 'urban percentage' refers only to the source dataset output, whereas 'rural' and 'peri-urban'

refer to the final consensus CHU classification derived from cross-proxy clustering and vote scoring.

Spatial processing and harmonization

CHU boundary polygons were processed in Quantum Geographic Information System (QGIS) version
3.28.3 to extract annual zonal summaries from each raster source [20]. Datasets were harmonized by
standardizing CHU names, reshaping source files to one record per CHU per year and merging them
into a single panel using CHU name and calendar year as composite keys. Quality checks confirmed
one-to-one CHU matching across all five proxy sources, complete annual coverage for all CHUs, and

explicit distinction between zero values and missing data.

Statistical analysis

Analyses were conducted in Python 3.10. K-means clustering was implemented using scikit-learn [21].
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For each proxy, we summarized baseline values in 2017 and endline values in 2024 using medians and
interquartile ranges (IQR) across CHUs. We also examined pooled distributions across all 80 CHU-

year observations.

For each CHU and proxy, we calculated relative year-to-year percent change, cumulative percent

change from 2017 to 2024, and absolute change from 2017 to 2024 using the following formulas:

Relative year-to-year percent change in year t:

(it — vt —-1)

At
vt—1

X 100

Cumulative percent change from 2017 to 2024:

oy, ©2024 = v2017)
cum = v2017

Absolute change from 2017 to 2024:
Aabs = v2024 — v2017

Relative year-to-year change was calculated only when the preceding year value was non-zero.
Cumulative percent change was calculated only when the 2017 baseline was non-zero. For cumulative
change, we reported the median and IQR across CHUs with non-zero 2017 baselines and estimated
95% confidence intervals using nonparametric bootstrap resampling with 10,000 replications [23,24].
For year-to-year change, we reported pooled medians and IQRs across all valid transitions and derived
95% confidence intervals using block bootstrap resampling at CHU level with 10,000 replications

[23,24].

To assess concordance between proxies, we calculated Pearson correlation coefficients with 95%
confidence intervals based on Fisher's z transformation. Correlations were examined for three data
structures: pooled raw proxy values across all CHU-year observations, year-to-year percent changes
across valid transitions, and cumulative percent changes from 2017 to 2024 across CHUs with non-

zero baselines.
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To derive an exploratory operational CHU classification, we first calculated the median value of each
proxy for each CHU across 2017 to 2024 to capture typical settlement intensity over the full observation
period. Each proxy was then standardized to z scores to place all measures on a common scale. For
each proxy separately, we applied k-means clustering with k = 2 to partition CHUs into lower-intensity
and higher-intensity groups, using random_state =42 and n_init = 10 [21]. The cluster with the higher
mean standardized value was labelled the higher-intensity cluster. For each CHU, we then summed the
number of proxies assigning that unit to the higher-intensity cluster, yielding a vote score from 0 to 5.
CHUs with scores of 3 to 5 were classified as consensus peri-urban, whereas those with scores of 0 to
2 were classified as consensus rural. This prespecified majority-vote rule was used as a pragmatic
operational framework rather than a validated gold standard. The proportion classified as peri-urban

was reported with an exact binomial 95% confidence interval [22].

Zero denominators in percentage change calculations were treated as undefined and were not imputed.
This affected 9 Sentinel-2 year-to-year transitions, 33 urban-percentage year-to-year transitions, 1
Sentinel-2 cumulative comparison, and 5 urban-percentage cumulative comparisons. Structural zeros
in the Degree of Urbanization metric were retained because they reflect the classification properties of

that product rather than missing measurement.

Ethical considerations

This study used publicly available, anonymized, aggregated geospatial datasets summarized at the CHU
level. No individual-level human participant data was accessed or analyzed. The study was deemed
exempt from ethical review by the Aga Khan University Institutional Ethics Review Committee
(Reference: 2013/IREC-65, versions v4—v13), as it involved secondary analysis of non-identifiable

data.
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Results

The analytic dataset included 10 CHUs observed annually from 2017 to 2024, contributing 80 CHU-

year observations per proxy. After harmonization and merging across sources, there were no missing

proxy values in the final CHU-year panel. The study area and CHU boundaries are shown in Figure 1,

and annual spatial panels for each proxy are provided in Supplementary Figures S1 to S5.
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Figure 1. Study area and CHU boundaries in the Kaloleni-Rabai Demographic and Health
Surveillance System, Kilifi County, Kenya.

Notes: Polygons represent the 10 CHUs used in all analyses. The map provides geographic context for temporal trends,
correlations, and clustering results.
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Baseline and endline distributions increased across all five proxies between 2017 and 2024, as
summarized in Table 1, while yearly trajectories are shown in Figure 2. Nighttime lights intensity
increased from a median of 0.346 (IQR 0.257, 0.523) in 2017 to 0.575 (IQR 0.421, 0.806) in 2024.
WorldPop population density increased from 284.6 persons per km? (IQR 110.7, 700.6) to 332.1
persons per km? (IQR 125.0, 807.7). WorldPop built-up area increased from 1.322% (IQR 0.585%,
2.894%) to 2.002% (IQR 0.816%, 3.604%). Sentinel-2 built-up area increased from 3.162% (IQR
0.030%, 18.377%) to 6.419% (IQR 0.349%, 26.851%). Degree of Urbanization urban percentage

increased from 26.34% (IQR 0.00%, 65.34%) to 30.40% (IQR 0.00%, 72.57%).

Table 1. Baseline and endline distributions of five urbanization proxies across 10 CHUs in 2017 and
2024.

Proxy 2017 median (IQR) 2024 median (IQR)
Nighttime lights intensity (radiance) 0.346 (0.257, 0.523) 0.575 (0.421, 0.806)
Sentinel-2 built up (%) 3.162 (0.030, 18.377) 6.419 (0.349, 26.851)
WorldPop built-up area (%) 1.322(0.585, 2.894) 2.002 (0.816, 3.604)
WorldPop population density (persons per km?) 284.6 (110.7, 700.6) 332.1 (125.0, 807.7)
Degree of Urbanization, urban percentage (%) 26.34 (0.00, 65.34) 30.40 (0.00, 72.57)

Notes: Proxy values are medians and IQRs across 10 CHUs. Nighttime lights intensity values are mean annual radiance. Built-
up area values are percentages of CHU area. Population density is persons per km?. Urban percentage is from the Degree of
Urbanization source dataset.

Degree of Urbanization exhibited a pronounced floor effect, with 37 of 80 observations equal to zero.
These zeros were concentrated in four CHUs that remained at 0% urban area across all eight years and
one CHU that remained at 0% from 2017 to 2021 (Supplementary Figure S5). Availability of percent
change outcomes reflected these floor effects. All 70 possible year-to-year transitions were defined for
nighttime lights, WorldPop built-up area, and WorldPop population density, compared with 61 of 70
for Sentinel-2 built-up area and 37 of 70 for urban percentage (Table 2). For cumulative percent change
from 2017 to 2024, values were available for all 10 CHUs for nighttime lights, WorldPop built-up area,
and population density, compared with 9 CHUs for Sentinel-2 built-up area, and 5 CHUs for urban

percentage (Table 2; Supplementary Table Sle).
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Table 2. Availability of percent change outcomes for year-to-year and cumulative change

calculations by proxy.

Proxy Total possible Defined Undefined Reason undefined
transitions transitions transitions
Nighttime lights intensity 70 70 0
Sentinel-2 built up 70 61 9 Baseline year value equals 0 for
9 transitions

WorldPop built-up area 70 70 0

WorldPop population density 70 70 0

Urban percentage 70 37 33 Baseline year value equals 0 for

33 transitions

Notes: Year-to-year transitions represent changes from 2017-2018 through 2023-2024, yielding 70 possible transitions across
10 CHUs. Percent change outcomes are undefined when the baseline denominator equals zero. Undefined counts arise
primarily from floor effects in the Degree of Urbanization metric.

CHU-specific trajectories for all proxies are presented in Figure 2. Across the study period, three broad

patterns were apparent: consistently higher intensity profiles in Buni, Mwele Kisurutini, and Vishakani;

intermediate profiles in Kombeni and Kwale; and persistently lower intensity profiles in

Mnazimwenga, Mutsengo, Viragoni, Kibwabwani, and Tsangatsini (Figure 2). The annual map panels

in Supplementary Figures S1 to S5 provide spatial context for these trajectories.
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Figure 2. CHU-specific trajectories of five urbanization proxies from 2017 to 2024.

Notes: Lines show annual values for each CHU for nighttime lights intensity, Sentinel-2 built-up percentage, WorldPop
built-up percentage, WorldPop population density, and Degree of Urbanization (urban percentage). The figure supports

visual comparison of relative intensity and growth patterns across CHUs.

For the primary trend outcome, cumulative percent change from 2017 to 2024, nighttime lights showed

a median increase of 62.25% (IQR 51.77%, 69.23%; Supplementary Table S3a). Sentinel-2 built-up

area showed the largest median increase, 110.74% (IQR 39.37%, 218.86%; Supplementary Table S3b),

although the wide interval reflected small denominators in some CHUs. WorldPop built-up area

increased by 34.14% (IQR 28.17%, 43.11%; Supplementary Table S3c), and WorldPop population

density increased by 14.67% (IQR 13.59%, 15.42%; Supplementary Table S3d). Among CHUs with
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nonzero 2017 baselines, Degree of Urbanization urban percentage increased by 13.15% (IQR 0.48%,
14.57%; Supplementary Table S3e). CHU-specific baseline values, endline values, absolute changes,

and cumulative percent changes are presented in Supplementary Tables Sla to Sle.

For year-to-year percent change across available transitions, nighttime lights showed a pooled median
increase of 5.90% (IQR —0.20%, 14.85%; Table 3). Sentinel-2 built-up area had a pooled median of
7.21% (IQR —20.33%, 61.18%; Table 3), but 25 of 61 valid transitions (41.0%) were negative despite
overall net growth across the full study period (Table 3; Figure 2). WorldPop built-up area showed
consistent annual growth with a pooled median of 4.37% (IQR 3.15%, 5.37%; Table 3), and WorldPop
population density increased steadily with a pooled median of 2.00% (IQR 1.81%, 2.07%; Table 3).
Urban percentage showed minimal year-to-year change, with a pooled median of 0.00% (IQR 0.00%,

0.41%; Table 3).

Table 3. Summary of year-to-year percent change distributions for five urbanization proxies across
available transitions.

Proxy Pooled median IQR 25th to 75th Bootstrap 95% CI N Total
(%) (%) for median (%) transitions possible

Nighttime lights intensity 5.90 —0.20, 14.85 2.38,11.94 70 70
Sentinel-2 built up 7.21 —20.33,61.18 —3.08, 28.00 61 70
WorldPop built-up area 4.37 3.15,5.37 3.99, 4.89 70 70
WorldPop population 2.00 1.81,2.07 1.90, 2.03 70 70
density

Urban percentage 0.00 0.00, 0.41 0.00, 0.00 37 70

Notes: Year-to-year percent change is calculated as (value at year t minus value at year t—1) divided by value at year t—1,
multiplied by 100. Transitions are excluded when the prior year value equals zero. Pooled summaries aggregate all defined
transitions across CHUs. Negative transitions represent year-to-year decreases.

Correlations between pooled raw proxy values across the 80 CHU-year observations were uniformly
strong (Figure 3; Supplementary Table S4A). Pearson correlation coefficients ranged from 0.710 to
0.955, with all p values below 0.0001. WorldPop built-up area and urban percentage showed the
strongest association (r = 0.955, 95% CI 0.931 to 0.971), while nighttime lights and urban percentage
showed the weakest (r=0.710, 95% CI 0.581 to 0.804). Among year-to-year percent changes, only

WorldPop built-up area and population density showed a statistically significant correlation (r = 0.484,
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95% CI 0.281 to 0.646; p < 0.0001; Supplementary Table S4B). Correlations of cumulative percent
changes were not statistically significant and were imprecisely estimated for proxies with small
effective sample sizes, particularly urban percentage and Sentinel-2 built-up area (Supplementary Table
S4C). Full correlation matrices with confidence intervals and p values are reported in Supplementary

Tables S4A to S4C.
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Figure 3. Pearson correlation heatmap for pooled raw proxy values across the CHU-year panel.
Notes: Correlations are calculated across 80 observations (10 CHUs across 8 years). Cell labels show Pearson correlation
coefficients. Full corresponding 95% confidence intervals and p values are reported in Supplementary Tables S4A to S4C.

Independent k-means clustering with two clusters per proxy generated cross-proxy vote scores ranging
from 0 to 5 (Figure 4; Supplementary Table S5). Three CHUs achieved consensus peri-urban
classification under the prespecified threshold of 3 or higher: Buni and Mwele Kisurutini, each with a

score of 5, and Vishakani, with a score of 4. Kombeni and Kwale each received intermediate scores of
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2, while Mnazimwenga, Mutsengo, Viragoni, Kibwabwani, and Tsangatsini each had a score of 0
across all proxies. Overall, 3 of 10 CHUs (30.0%) were classified as peri-urban, with an exact binomial
95% confidence interval of 6.7% to 65.2%. Proxy-specific cluster assignments and vote score
components are reported in Supplementary Table S2, and proxy-specific cluster visualisations are

provided in Supplementary Figures S6A to SOE.
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Figure 4. Cross-proxy vote scores and consensus peri-urban classification derived from k-means

clustering. Notes: Vote score equals the number of proxies (from 0 to 5) for which a CHU is assigned to the higher
intensity cluster. Consensus peri-urban is defined as vote score 3 to 5. The pie chart summarizes the proportion of CHUs
classified as peri-urban under the prespecified rule.

Discussion

This study shows that a reproducible multi-proxy approach can be used to characterize settlement
dynamics at CHU level within the KRHDSS. Three principal findings emerged. First, all five
complementary proxies increased at system level from 2017 to 2024, but with divergent magnitudes,
spatial patterns, and temporal stability. Second, the proxies were not interchangeable for temporal
interpretation. Sentinel-2 built-up area showed substantial interannual volatility, whereas Degree of
Urbanization showed a strong floor effect that reduced the number of defined trend observations. Third,
cross-proxy consensus classification identified three CHUs, namely Buni, Mwele Kisurutini, and
Vishakani, as consistently higher intensity across multiple dimensions. These findings reinforce the

view that settlement transition is not a unitary process but a composite one in which physical expansion,
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population concentration, and socioeconomic activity can evolve asynchronously in peri-urban settings

[2-5,11,19].

The strong correlations between pooled raw proxy values suggest that the five indicators captured a
common underlying gradient of settlement intensity. At the same time, the weak agreement between
year-to-year and cumulative change metrics indicates that short-term temporal signals vary
meaningfully by product design and data source. This distinction is important for health planning. A
CHU may be consistently more urbanized overall even when individual proxies disagree about the pace
or timing of recent change. Similar concerns have been raised in work examining the effects of gridded
population model choice, the cell-level accuracy of population surfaces, and the implications of such

differences for access and service analyses in sub-Saharan Africa [14,25-28].

The constrained growth range observed for WorldPop population density is plausible given the
properties of gridded demographic modelling. Modelled population surfaces redistribute counts using
covariates and smoothing procedures that can attenuate local extremes near settlement edges, especially
in fragmented peri-urban landscapes [14,25-28]. By contrast, the volatility observed in Sentinel-2 built-
up area likely reflects the limitations of optical classification in tropical settings, including cloud
contamination, seasonal vegetation dynamics, and sensitivity to fragmented development patterns
[29,30]. Nighttime lights occupied an intermediate position. It showed robust growth with relatively
tight dispersion while identifying a smaller core of high-intensity CHUs than the built environment
proxies. This is consistent with radiance functioning more as a proxy for electrification and economic
activity than for physical structures alone [18,31-34]. Degree of Urbanization behaved differently
again. Its structural zeros were informative for classification, but they constrained trend analysis and

reduced sensitivity to early-stage transitions that remained below threshold cut-offs [19,35,36].

The consensus peri-urban classification is operationally useful as an exploratory framework. The three
CHUs identified as peri-urban by cross-proxy vote scoring corresponded to the three units already

recognized as peri-urban in operational work within the KRHDSS platform [37]. This concordance
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provides face validity, but it should not be interpreted as formal external validation [9]. For community
health planning, periodic updating of CHU settlement context could help refine workload estimation,
outreach strategies, supervision intensity, and interpretation of routine service coverage indicators [6-
9]. The approach may also help local programmes move beyond static rural-urban labels toward

classifications that are more consistent with observed spatial change.

Several limitations warrant acknowledgement. First, the analytic sample comprised only 10 CHUs
within one surveillance platform, limiting statistical precision and generalizability. Second, we
analyzed aggregated CHU-level summaries rather than within-unit spatial heterogeneity. Third, some
observed volatility almost certainly reflects source data properties rather than true settlement reversal.
Fourth, the consensus classification depends on analyst-defined choices, including the use of k = 2, the
median summary across 2017 to 2024, and the majority-vote threshold of 3 to 5, and alternative
specifications could yield different CHU assignments. Fifth, built-up extent proxies capture the spatial
extent of built surfaces rather than construction materials, housing quality, or service readiness. Sixth,
although the consensus classification is internally coherent and operationally plausible, it was not
validated against an independent external standard such as systematically assessed building footprints

or field verification [38-45].

Future work should prioritize four directions. First, methodological refinements should incorporate
stronger cloud masking and temporal smoothing for optical products in tropical settings [29,30,46,47].
Second, sensitivity analyses should test alternative clustering specifications and alternative vote
thresholds. Third, validation should focus on feasible CHU-scale strategies, including periodic field
verification and linkage to high-resolution building footprint data where available [38-42]. Fourth,
routine repetition of this analysis within the KRHDSS could support earlier identification of emerging

transitional CHUs and create a clearer evidence base for adaptive community health planning.

Conclusions
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A multi-proxy geospatial approach can provide a reproducible and potentially useful way to
characterize settlement context at CHU level in transitional settings. In this study, the approach revealed
broad agreement across five proxies, but also important differences in their temporal behaviour.
Combining these signals through cross-proxy vote scoring yielded an exploratory consensus
classification that aligned with local operational understanding. Periodic updating of CHU settlement
classification using open geospatial data could strengthen planning, targeting, and interpretation of
routine community health indicators in rapidly changing environments, but further validation is needed

before routine adoption at scale.
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Supplementary Figure S1. Annual spatial panels of nighttime lights intensity by CHU, 2017 to
2024. Notes: Annual values are derived from VIIRS nighttime lights and summarized to the CHU

scale.
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Supplementary Figure S2. Annual spatial panels of WorldPop population density by CHU, 2017 to

2024. Notes: Population density is expressed as persons per km? and summarized to the CHU scale.



524
525  Supplementary Figure S3. Annual spatial panels of WorldPop built-up area by CHU, 2017 to 2024.

526  Notes: Built-up area is expressed as a percentage and summarized to the CHU scale.

527
528  Supplementary Figure S4. Annual spatial panels of Sentinel-2 built-up percentage by CHU, 2017 to

529  2024. Notes: Apparent volatility should be interpreted in the context of small baseline values in some

530  CHUs, which can amplify percent change metrics.



531
532 Supplementary Figure S5. Annual spatial panels of Degree of Urbanization (urban percentage) by

533  CHU, 2017 to 2024. Notes: The figure visualizes the floor effect, including CHUs with 0% urban

534  percentage across all years.

A Sevive- 2 Bullep S B Woteiup Bolt Lo % L Modetar Danky
FOCTy RS M t) WOV EMBING (Kal) WARCONY KMANG (ha 2]

Moweaunan

Yeresns

.
Enye
7 Natrine
T
Mg
Wirwgord
MesitTavga
Tasganini
) W » 0 M 0 a % ) TR O A w0 w e e
PN e L0118 W vake G0 TN Ve e 1T T e
0 e Chgen B lnan s
Rty Dben -2 iy e

Y tamerens

Hargetsey

o 23 L Lo 11 1% 135
Mhoun vk (01723241 Woar vake C2O1T-20040

535 - A e e oo

536 Supplementary Figure S6 (A to E). Proxy-specific k-means classification using CHU mean values,
537 2017 to 2024. Panel A: Sentinel-2 built-up percentage; Panel B: WorldPop built-up percentage; Panel

538  C: WorldPop population density; Panel D: nighttime lights intensity; Panel E: Degree of Urbanization



539  (urban percentage). Bar colour indicates cluster membership (lower-intensity: rural; higher-intensity:
540  peri-urban). These panels provide the proxy-specific inputs used to construct the cross-proxy vote

541 score.

542  Supplementary Tables

543  Supplementary Table S1a. CHU-level baseline, endline, absolute change, and cumulative percent
544  change for nighttime lights intensity, 2017 to 2024.

CHU 2017 baseline 2024 endline Absolute change Cumulative % change
Buni 1.243 2.184 0.942 75.8%
Kibwabwani 0.286 0.437 0.152 53.2%
Kombeni 0.405 0.713 0.307 75.8%
Kwale 0.483 0.793 0.310 64.2%
Mnazimwenga 0.253 0.405 0.152 60.2%
Mutsengo 0.252 0.416 0.164 65.0%
Mwele Kisurutini 1.321 1.922 0.602 45.6%
Tsangatsini 0.256 0.437 0.181 70.6%
Viragoni 0.261 0.395 0.134 51.3%
Vishakani 0.536 0.810 0.274 51.2%
545 Notes: Cumulative percent change is undefined if the 2017 baseline equals zero.

546

547  Supplementary Table S1b. CHU-level baseline, endline, absolute change, and cumulative percent
548  change for Sentinel-2 built-up percentage, 2017 to 2024.

CHU 2017 baseline 2024 endline Absolute change Cumulative % change
Buni 20.998 28.417 7.419 35.3%
Kibwabwani 0.001 0.392 0.391 30175.0%
Kombeni 10.513 22.155 11.642 110.7%
Kwale 6.135 12.412 6.276 102.3%
Mnazimwenga 0.004 0.027 0.022 505.6%
Mutsengo 0.105 0.335 0.230 218.9%
Mwele Kisurutini 42.074 58.637 16.563 39.4%
Tsangatsini 0.189 0.426 0.237 125.1%
Viragoni 0.000 0.001 0.001
Vishakani 25.896 32.454 6.558 25.3%
549 Notes: Large cumulative percent changes can occur when the 2017 baseline is close to zero. Cumulative percent change is

550 undefined where the 2017 baseline equals zero.
551



552
553

554
555

556
557

558
559

560
561

Supplementary Table S1c. CHU-level baseline, endline, absolute change, and cumulative percent

change for WorldPop built-up area, 2017 to 2024.

CHU 2017 baseline 2024 endline Absolute change Cumulative % change
Buni 3.07 3.677 0.607 19.8%
Kibwabwani 0.867 1.239 0.372 42.9%
Kombeni 1.777 2.766 0.989 55.7%
Kwale 2.365 3.386 1.021 43.2%
Mnazimwenga 0.589 0.761 0.172 29.2%
Mutsengo 0.583 0.930 0.347 59.5%
Mwele Kisurutini 3.874 4.952 1.078 27.8%
Tsangatsini 0.397 0.486 0.089 22.4%
Viragoni 0.581 0.778 0.197 33.9%
Vishakani 3.291 4.422 1.131 34.4%

Notes: Built-up area expressed as percentage. All CHUs have non-zero 2017 baselines.

Supplementary Table S1d. CHU-level baseline, endline, absolute change, and cumulative percent
change for WorldPop population density, 2017 to 2024.

CHU 2017 baseline 2024 endline Absolute change Cumulative % change
Buni 985.1 1123.8 138.7 14.1%
Kibwabwani 147.8 168.9 21.1 14.3%
Kombeni 446.4 5159 69.5 15.6%
Kwale 421.4 495.3 73.9 17.5%
Mnazimwenga 118.9 134.1 15.2 12.8%
Mutsengo 102.0 117.7 15.8 15.5%
Mwele Kisurutini 1143.1 1315.2 172.1 15.1%
Tsangatsini 73.4 83.2 9.8 13.4%
Viragoni 107.9 122.0 14.1 13.1%
Vishakani 785.3 904.9 119.7 15.2%

Notes: Population density expressed as persons per km?.

Supplementary Table S1e. CHU-level baseline, endline, absolute change, and cumulative percent
change for Degree of Urbanization (urban percentage), 2017 to 2024.

CHU 2017 baseline 2024 endline Absolute change Cumulative % change
Buni 65.02% 65.34% 0.31 pp 0.5%
Kibwabwani 0.00% 0.00% 0.00 pp

Kombeni 65.44% 74.98% 9.54 pp 14.6%

Kwale 52.69% 59.62% 6.93 pp 13.2%




CHU 2017 baseline 2024 endline Absolute change Cumulative % change

Mnazimwenga 0.00% 0.00% 0.00 pp
Mutsengo 0.00% 0.00% 0.00 pp
Mwele Kisurutini 87.36% 87.36% 0.00 pp 0.0%
Tsangatsini 0.00% 1.18% 1.18 pp
Viragoni 0.00% 0.00% 0.00 pp
Vishakani 77.01% 89.06% 12.05 pp 15.7%

562 Notes: Absolute change in percentage points (pp). Cumulative percent change undefined for CHUs with 0% baseline.
563

564  Supplementary Table S2. Proxy-specific cluster assignments and vote score components used to
565  derive cross-proxy consensus classification.

CHU NTL Sentinel-2 WP built WP Urban  Score Classification
up density %

Buni 1 1 1 1 1 5 Peri-urban
Kibwabwani 0 0 0 0 0 0 Rural
Kombeni 0 0 1 0 1 2 Rural
Kwale 0 0 1 0 1 2 Rural
Mnazimwenga 0 0 0 0 0 0 Rural
Mutsengo 0 0 0 0 0 0 Rural
Mwele Kisurutini 1 1 1 1 1 5 Peri-urban
Tsangatsini 0 0 0 0 0 0 Rural
Viragoni 0 0 0 0 0 0 Rural
Vishakani 0 1 1 1 1 4 Peri-urban

566 Notes: Higher-intensity cluster = 1; lower-intensity = 0. NTL = nighttime lights; WP = WorldPop. Vote score is the sum across
567  proxies.

568

569  Supplementary Table S3. Availability of cumulative percent change outcomes from 2017 to 2024
570 by proxy.

Proxy Total possible  Defined CHUs Undefined Reason undefined
CHUs CHUs

Nighttime lights intensity 10 10 0

Sentinel-2 built up 10 9 1 Baseline equals 0 for 1| CHU
WorldPop built-up area 10 10 0

WorldPop population density 10 10 0

Urban percentage 10 5 5 Baseline equals 0 for 5 CHUs

571 Notes: Cumulative percent change undefined when the 2017 baseline equals zero.

572



573  Supplementary Table S4A. Pearson correlations between proxies using pooled raw values (80
574  CHU-year observations).

Proxy pair r (95% CI) p-value N
Nighttime lights vs Sentinel-2 built up 0.815(0.725, 0.877) <0.0001 80
Nighttime lights vs WorldPop built-up 0.809 (0.717, 0.874) <0.0001 80
area

Nighttime lights vs WorldPop population 0.907 (0.858, 0.939) <0.0001 80
density

Nighttime lights vs urban percentage 0.710 (0.581, 0.804) <0.0001 80
Sentinel-2 built up vs WorldPop built-up 0.925 (0.885, 0.951) <0.0001 80
area

Sentinel-2 built up vs WorldPop 0.943 (0.912, 0.963) <0.0001 80
population density

Sentinel-2 built up vs urban percentage 0.894 (0.840, 0.931) <0.0001 80
WorldPop built-up area vs WorldPop 0.954 (0.929, 0.970) <0.0001 80
population density

WorldPop built-up area vs urban 0.955(0.931, 0.971) <0.0001 80
percentage

WorldPop population density vs urban 0.906 (0.856, 0.939) <0.0001 80
percentage

575 Notes: All p values below 0.0001.
576

577  Supplementary Table S4B. Pearson correlations between proxies using pooled year-to-year percent
578  changes across defined transitions.

Proxy pair r (95% CI) p-value N
Nighttime lights vs Sentinel-2 built up —0.095 (—0.339, 0.161) 0.4668 61
Nighttime lights vs WorldPop built-up —0.019 (-0.253, 0.217) 0.8764 70
area

Nighttime lights vs WorldPop population ~ —0.046 (—0.278, 0.191) 0.7057 70
density

Nighttime lights vs urban percentage 0.189 (—0.144, 0.483) 0.2638 37
Sentinel-2 built up vs WorldPop built-up 0.076 (—0.179, 0.322) 0.5586 61
area

Sentinel-2 built up vs WorldPop 0.104 (—0.151, 0.347) 0.4230 61
population density

Sentinel-2 built up vs urban percentage —0.039 (—0.359, 0.288) 0.8165 37
WorldPop built-up area vs WorldPop 0.484 (0.281, 0.646) <0.0001 70
population density

WorldPop built-up area vs urban 0.186 (—0.147, 0.481) 0.2709 37
percentage

WorldPop population density vs urban 0.243 (-0.088, 0.526) 0.1475 37
percentage

579 Notes: Only WorldPop built-up area and population density show a statistically significant correlation (p < 0.0001).
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Supplementary Table S4C. Pearson correlations between proxies using CHU-level cumulative

percent changes.

Proxy pair r (95% CI) p-value N
Nighttime lights vs Sentinel-2 built up —0.319 (—0.811, 0.438) 0.4028 9
Nighttime lights vs WorldPop built-up 0.116 (—0.554, 0.695) 0.7501 10
area

Nighttime lights vs WorldPop population 0.097 (—0.567, 0.685) 0.7896 10
density

Nighttime lights vs urban percentage 0.103 (-0.857, 0.903) 0.8689 5
Sentinel-2 built up vs WorldPop built-up 0.153 (-0.569, 0.742) 0.6952 9
area

Sentinel-2 built up vs WorldPop —0.151 (=0.741, 0.570) 0.6974 9
population density

Sentinel-2 built up vs urban percentage 0.492 (—0.689, 0.958) 0.3993 5
WorldPop built-up area vs WorldPop 0.552 (-0.119, 0.877) 0.0979 10
population density

WorldPop built-up area vs urban 0.782 (—0.323, 0.985) 0.1180 5
percentage

WorldPop population density vs urban 0.573 (-0.626, 0.967) 0.3128 5

percentage

Notes: Confidence intervals are wide owing to small effective sample sizes. No correlations are statistically significant at

p <0.05.

Supplementary Table S5. Cross-proxy vote scores and consensus classification from k-means

clustering applied independently to each proxy.

CHU Vote score (0 to 5) Consensus classification
Buni 5 Peri-urban
Mwele Kisurutini 5 Peri-urban
Vishakani 4 Peri-urban
Kombeni 2 Rural
Kwale 2 Rural
Kibwabwani 0 Rural
Mutsengo 0 Rural
Mnazimwenga 0 Rural
Tsangatsini 0 Rural
Viragoni 0 Rural

Notes: Consensus peri-urban is defined as vote score 3 to 5.
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