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ARTICLE INFO ABSTRACT

Keywords: Shallow groundwater in semi-arid regions provides a critical year-round water source, naturally filtered and
Microbial community assembly protected from evaporation. However, many communities continue to suffer from preventable diseases caused by
Hand pumps waterborne pathogens. This study applies ecological theory to investigate the microbial ecology of shallow
}S):t)}?gg}elzles aquifers in southeast Kenya. We used quantitative PCR and 16S rRNA gene sequencing to characterise pathogenic

indicator species and bacterial communities in three isolated sand dam aquifers across seasons and between
various abstraction methods used by local communities, including sealed hand pumps (classified by the WHO as
an improved source), open wells, scoop holes, and downstream surface water.

Both faecal and opportunistic environmental pathogens were detected in all samples. However, our models
indicate that contamination largely originates from unsealed abstraction points such as open wells and cracked
hand pumps which expose water to the environment. In contrast, natural sand filtration effectively limited the
dispersal of species between sample points.

Abstraction method was the dominant factor shaping microbial community structure, exceeding seasonal or
locational effects. Unimproved sources exhibited unstable, stressed ecosystems with reduced diversity and
resilience, consistent with strong environmental selection pressures. Across all abstraction points, community
composition reflected adaptation to local environmental niches that remained consistent between sites and
seasons. Groundwater contained significantly fewer total microbes (16S rRNA copies) than surrounding surface
water, and hand pump samples had the lowest abundance of pathogen indicators, suggesting growth-limiting
conditions and effective in-dam filtration.

Our findings reinforce the value of sealed, sanitary hand pumps for water abstraction from shallow sand
aquifers. Ensuring robust construction and regular maintenance of such hand pumps is important for low-income
regions relying on shallow groundwater for water with minimal secondary treatment. Potential contamination
routes identified at all sites indicate the need for targeted infrastructure improvements and continual
maintenance.

16S rRNA Gene Sequencing
Shallow Groundwater System

1. Introduction

Limited access to clean water, sanitation, and hygiene (WASH) re-
mains a major global health challenge that is responsible for around 1.4
million deaths and 74 million disability-adjusted life years (DALYs)
annually. Half a billion people worldwide use unimproved water sour-
ces, around 180 million of whom are located in rural sub-saharan Africa
— often in semi-arid, water-stressed climates (WHO and UNICEF, 2019).
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Second-order effects on communities can include chronic poverty, lower
educational achievement, social conflict, and increased vulnerability to
climate change (Wolf et al., 2023). Groundwater can provide a reliable
supply since it is largely protected from evaporation and pathogen
contamination. However, the use of unimproved abstraction points such
as open wells, scoop holes, and poorly maintained hand pumps can
expose groundwater to the environment and open pathways for patho-
gens to enter water bodies (Parker et al., 2010; Quinn et al., 2018;
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Sutton, 2002).

The application of microbial ecological frameworks can yield valu-
able insights into groundwater systems, indicating for example the
prevalence of pathogenic species, antimicrobial resistance genes, or
pathogenicity factors (Acharya et al., 2020; Semenza, 2020; Sterk et al.,
2013; Wahome et al., 2014). Ecological models can be used to describe
the structure of microbial communities, including the diversity (which
reflects the complexity of metabolic processes and environmental
niches) and evenness (which reflects the balance of competition,
dominance, or disturbance within the community), and the evolution of
communities with respect to their environment. These models can be
applied to environmental systems to elucidate microbial source tracking
(Gayner, 2018; McGhee et al., 2020), nutrient cycling (Zhang et al.,
2024), and community assembly processes (Chase and Myers, 2011;
Sloan et al., 2006; Stegen et al., 2012; Zhou and Ning, 2017).

This study addresses a critical gap in our understanding of ground-
water microbiology by investigating how community practices shape
microbial ecology in shallow aquifers. We investigated several ground-
water systems in rural southeast Kenya, which is a semi-arid region
known for an abundance of engineered water harvesting structures
known as sand dams. These promote groundwater recharge by capturing
sand behind a dam wall constructed across a seasonal river, thus
creating an artificial shallow aquifer in the riverbed (Lasage et al., 2008;
Quinn et al., 2019). Successful sand dams capture sufficient water dur-
ing the wet seasons to provide local communities with a cost-effective,
year-round water supply, and provide ideal examples of shallow
groundwater systems due to well-characterised recharge patterns and
relative isolation from larger systems (Ritchie et al., 2021). However,
previous work has identified a number of contamination risks around
the sites, including nearby livestock and agriculture, stagnant water, and
damaged drainage channels (Quinn et al., 2018). We apply ecological
theory in this context in order to explore how the structure and usage
patterns of groundwater systems impact microbial community compo-
sition, contamination pathways, and potential health risks, thereby
enabling proactive, evidence-based risk assessment and water safety
planning for rural groundwater systems.

We tested three linked hypotheses: that sealed and protected
abstraction points (hand pumps) present with a lower abundance of
faecal and opportunistic pathogen gene markers and lower total bacte-
rial loads than unprotected abstraction points (open wells and scoop
holes) and downstream surface water; that abstraction method explains
more variation in microbial community composition and diversity than
season or site; and that exposed abstraction points show stronger
deterministic assembly and phylogenetic clustering than protected
points, consistent with stronger environmental selection and
disturbance.

Findings from this work will guide the development of targeted en-
gineering interventions, including improved abstraction infrastructure
and management practices, ultimately supporting safer and more sus-
tainable groundwater supplies for vulnerable rural communities.

2. Materials and methods
2.1. Sample sites

The study was conducted in Makueni County, Kenya, a semi-arid
region characterised by two distinct wet seasons (March-May and
November-December), each averaging approximately 150 mm of rain-
fall per month, separated by prolonged dry intervals (CHIRPS, 2021).
The area experiences annual average temperatures ranging between 20
and 30 °C and faces persistent challenges associated with water scarcity.
Sand dams have been constructed across ephemeral riverbeds to
improve community access to water, storing seasonal runoff in accu-
mulated sand sediments. Water is typically abstracted from hand dug
wells fitted with sealed hand pumps or via open, shallow "scoop holes"
dug directly by communities. In some locations, water also leaks under
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dam walls, creating downstream pools that serve as supplementary
water sources. Water from sand dams is an improved water source when
abstracted via a sealed hand pump with well-maintained concrete apron
and effective drainage system (WHO, 2017). Conversely, contamination
has been observed in up to 89 % of samples from unimproved abstrac-
tion points such as open wells, scoop holes, and poorly maintained hand
pumps (Quinn et al., 2018).

The three sand dams examined in this study were selected because
they were representative structures built by the African Sand Dam
Foundation, contained both sand and water at the end of the wet season,
and were accessible for daily monitoring from our base in Mtito Andei,
approximately 30 km away. The dams, range from 250 to 480 m in
length and 3 to 5 m in height, were situated in areas primarily used for
small-scale agriculture and grazing. They were located at the following
coordinates, as shown in Fig. 1:

Dam 106: Latitude 2.5504° S, Longitude 38.0424° E

Dam 167: Latitude 2.6033° S, Longitude 38.1021° E

Dam 211: Latitude 2.5690° S, Longitude 38.0954° E

2.2. Sample collection

Samples were collected from the three sites in Makueni County,
Kenya, during the early dry season (May) and the middle of the dry
season (July) of 2017 to see how the microbial ecology evolved through
the season (Table 1). Sample points at each location were included to
cover the main abstraction methods that local communities use: sealed
hand pumps (improved sources), open wells, community scoop holes
(maintained seasonally by the community), downstream surface water
pools, and excavated scoop holes - temporary sampling points dug by
researchers using sterile equipment. At each point, water samples (500
ml to 2 L depending on availability) were collected and immediately
filtered through sterile 0.2 um pore-size cellulose nitrate membrane
filters (Thermo Scientific, USA). Filters were stored in DNA/RNA Shield
(Zymo Research, USA) and shipped to the UK where they were stored at
—80 °C prior to DNA extraction. To prevent contamination, all non-
sterilised sampling equipment was sterilised with 70 % ethanol before
use, and field personnel wore disposable nitrile gloves throughout
sample handling and processing. Physicochemical parameters including
temperature, pH, electrical conductivity, and turbidity were measured
in situ using a calibrated multiparameter probe (YSI Inc., USA). Sand
grain size was measured using a stacked sieve.

2.3. DNA extraction and sequencing

Total genomic DNA was extracted from frozen membrane filters
using the PowerWater® DNA Isolation Kit (Qiagen, Germany), following
the manufacturer's standard protocol. DNA concentration and purity
were assessed using both a Qubit 4 fluorometer (Thermo Fisher Scien-
tific, USA) and a NanoDrop One spectrophotometer (Thermo Fisher
Scientific, USA).

16S rRNA amplicon libraries were prepared for microbial commu-
nity characterization using the Illumina Nextera XT DNA Library Prep-
aration Kit (Illumina, USA), following the manufacturer's protocol. The
V4 hypervariable region of the 16S rRNA gene was amplified using
primers 515F (5-GTGCCAGCMGCCGCGGTAA-3) and 806R (5-GGAC-
TACHVGGGTWTCTAAT-3"), incorporating Illumina-specific overhang
adapters. PCR amplification was carried out under the following opti-
mised conditions: initial denaturation at 95 °C for 3 minutes; followed
by 25 cycles at 95 °C for 30 seconds, 55 °C for 30 seconds, and 72 °C for
30 seconds; and a final extension at 72 °C for 5 minutes. Library quality
and fragment size were evaluated prior to sequencing using an Agilent
2100 Bioanalyzer (Agilent Technologies, USA). Sequencing was per-
formed on the [lumina MiSeq platform (Illumina, USA), generating
paired-end reads of 2 x 300 bp length.
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followed by 40 cycles of 94 °C for 10 s and 60 °C annealing for 60 s.

Fig. 1. Sample Point and Site Locations.
Samples were collected from three sites in Makueni County, Kenya, across two site visits in May and July of 2017.
A: regional map of site locations; B: sand dam 1 (ID 106); C: sand dam 2 (ID 167); D: sand dam 3 (ID 211); CSH: community scoop hole; ESH: excavated scoop hole.

2.4. Microbial water quality

Quantitative PCR (qPCR) assays were carried out using the Quanti-
Tect Probe Kit (Qiagen) in a 25 pl final volume to elucidate the copy
number for total bacteria (16S rRNA gene [1369F/1492R/1389P]),
coliform bacteria (lacZ gene [lacZF/lacZR/lacZP]), Escherichia coli (rodA
gene [rodAF/rodAR/rodAP]), Legionella (ssrA gene [lsppF/IsppR/

IsppP]), Mycobacterium (atpE gene [FatpE/RatpE/PatpE]), and Pseu-
domonas aeruginosa (gyrB gene [PgyrBF/PgyrBR/PgyrBP]) (Anuj et al.,
2009; Benitez and Winchell, 2013; Chern et al., 2011; Radomski et al.,
2013; Thom et al., 2025). TagMan probes with a 5' FAM fluorophore
were used for the 16S, rodA, ssrA, atpE, and gyrB assays, while SYBR

Green was used for the coliform lacZ assay. Probe and primer sequences

with reaction volumes are included in Supplementary Table 1. Thermal

cycling conditions included an initial denaturation at 95 °C for 15 min,

Assay efficiencies were calculated from standard curves generated for
each target gene using serial dilutions of G-blocks (Integrated DNA
Technologies, UK) containing gene inserts flanked by an additional
M13-T7 primer sequences ranging from 10" to 10°® copies per reaction.
The lowest calibrated standard (10* copies per reaction) therefore pro-
vided a practical limit of quantification for each assay; targets were
considered not quantified when amplification was absent or below this
range. Gene copy numbers in each sample were quantified by comparing
mean threshold cycle (Ct) values to the respective standard curves.
Quantitative PCR results were standardised according to sample vol-
ume, while sequencing data were normalised by equimolar amounts of
input DNA. Final bacterial counts were adjusted for total DNA concen-
tration and water volume collected to yield bacterial counts per 100 ml.
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Table 1
Sample point details.
Dam Number SD1 SD2 (167) SD3 (211)
(106)
Name Ngulai Athiani Kipico Self
Farmers Help Group
Year of construction 2013 2014 2015
Location (lat/long) —2.5504 —2.6033 —2.5690
38.0424 38.1021 38.0954
Length monitored (m) (from final 250 480 380
piezometer to dam wall)
Sample collection points
Excavated scoop hole May, May, July May
July
Community scoop hole May, July May, July
Hand pump May, May, July May, July
July
Open well May,
July
Downstream July May, July

Samples were collected from three sites in Makueni County, Kenya in May and
July of 2017.
SD1: sand dam 1 (ID 106); SD2: sand dam 2 (ID 167); SD3: sand dam 3 (ID 211).

2.5. Bioinformatics

Raw paired-end 16S rRNA gene sequencing reads were first sub-
jected to error correction using BayesHammer within SPAdes v2.5.0
(Nikolenko et al., 2013), producing corrected forward and reverse reads.
Corrected reads were then merged with PANDAseq v2.4, which aligns
overlapping paired-end reads to generate high-quality consensus se-
quences (Masella et al., 2012). The merged sequences were subsequently
processed with DADA2 v1.26.0, which performs quality filtering,
denoising, and removal of chimeric sequences (Callahan et al., 2016).
This workflow resulted in the generation of amplicon sequence variants
(ASVs), enabling single-nucleotide resolution in downstream analyses of
microbial community composition.

Taxonomic assignment of ASVs was performed using the SILVA
reference database v138 (Quast et al., 2013) with a minimum bootstrap
confidence threshold of 80 %. A multiple sequence alignment was
constructed using Kalign v2.04 (Lassmann and Sonnhammer, 2005), and
a phylogenetic tree was generated using FastTree v2.1.7 (Price et al.,
2010). In total, 26,916 ASVs were identified across 67 samples, with
sequencing depth ranging from 7265 to 185,204 reads per sample
(median: 46,120; mean: 50,527). Processed sequencing outputs (ASV
abundance table and taxonomic assignments) are available in a public
repository on figshare (DOI: 10.6084/m9.figshare.30218107). Raw
paired-end 16S rRNA gene amplicon sequencing reads are available in
the NCBI SRA under accession number PRJINA1333909.

2.6. Alpha and beta diversity

All statistical analyses were performed using R software (v4.3.2; R
Core Team, 2023). Alpha diversity was assessed for each sample by
calculating rarefied species richness and evenness (Shannon entropy)
using the vegan R package (Oksanen et al., 2007). Richness values
represent counts of observed ASVs at the rarefaction depth and are re-
ported as whole numbers for clarity. Beta diversity, reflecting differ-
ences in microbial communities between samples, was calculated using
three complementary metrics: (1) Bray-Curtis, which assesses dissimi-
larity based solely on taxa abundance counts; (2) Unweighted UniFrac,
which measures phylogenetic differences based on presence or absence
of taxa; and (3) Weighted UniFrac, which integrates both phylogenetic
distances and relative abundances, thus emphasizing dominant taxa.
Beta diversity analyses were performed using the phyloseq package
(McMurdie and Holmes, 2013). Sources of community variation were
statistically evaluated using permutational multivariate analysis of
variance (PERMANOVA) with the vegan adonis() function (Oksanen
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et al., 2007). This method applies linear models to distance matrices
(Bray-Curtis, Unweighted UniFrac, and Weighted UniFrac) and utilises
permutation tests with pseudo-F ratios to determine significant sources
of variation.

To quantify the role of environmental filtering in shaping microbial
communities (phylogenetic overdispersion versus clustering), phyloge-
netic relationships within each sample were characterised by calculating
the nearest taxon index (NTI) and the net relatedness index (NRI). This
approach helps discern whether community structure is predominantly
stochastic (overdispersion, indicating random assembly) or determin-
istic (clustering, driven by environmental selection pressures). The NTI
was calculated using mntd() and ses.mntd() functions, and NRI was
calculated using mpd() and ses.mpd() functions from the picante pack-
age (Kembel et al., 2010). NTI and NRI represent the negative outputs
from ses.mntd() and ses.mpd(), respectively, quantifying how many
standard deviations the observed values differ from the mean of a null
distribution generated through 999 randomizations (null.model =
'richness'). For these calculations, only the top 1000 most abundant
ASVs were included, based on established recommendations (Stegen
et al., 2012).

2.7. Core microbiome

The core microbiome was defined as the taxa that exert the greatest
ecological influence on microbial community structure and function,
and which are therefore important in shaping the overall microbial
dynamics (Shade and Stopnisek, 2019). To identify core microbiome
taxa at each abstraction point, taxa were rank-ordered based on occu-
pancy (the frequency of occurrence across samples). We then quantified
their relative contribution to beta diversity (Bray-Curtis dissimilarity),
selecting only those taxa whose inclusion provided at least a 2 % in-
crease in explanatory power. In this manner, the core microbiome for
each abstraction point comprised taxa characterised by both high oc-
cupancy and substantial influence on community composition,
providing insight into stable and functionally important microbial
groups. Core microbiome analyses were performed using the micro-
biome R package (Lahti and Shetty, 2017).

2.8. Community assembly processes

To elucidate microbial community assembly mechanisms, we
applied two complementary null-modelling approaches that quantify
the relative contributions of stochastic and deterministic processes.
Firstly, we utilised the normalised stochasticity ratio (NST) method
(Ning et al., 2019), which generates a stochasticity ratio (SR) for each
community. The SR indicates the relative proportion of stochastic
(ecological drift and random dispersal) versus deterministic processes
(environmental selection) shaping each community. NST calculations
involved 1000 randomizations utilizing both Ruzicka and Jaccard dis-
tance metrics. Taxon occurrence frequencies were constrained propor-
tionally, with richness constrained using both proportional and fixed
approaches.

Secondly, we employed the Quantitative Process Estimates (QPE)
approach (Stegen et al., 2013), which classifies microbial assembly
mechanisms into five distinct ecological processes: (i) variable selection,
where changing selective environmental conditions result in high
community turnover; (ii) homogenous selection, where stable environ-
mental pressures consistently shape community composition; (iii)
dispersal limitation, where limited microbial migration promotes high
compositional turnover driven by ecological drift; (iv) homogenizing
dispersal, characterised by high dispersal rates resulting in uniform
community composition; and (v) “undominated”, where variation
cannot be clearly attributed to either selection or dispersal (Stegen et al.,
2015). The QPE method was selected due to its capability to quantify the
simultaneous contributions of selection and dispersal processes while
explicitly incorporating phylogenetic relationships, allowing robust



R. Duncan et al.

identification and comparison of assembly mechanisms under different
environmental scenarios.

2.9. Correlation and regression analyses

A best subsets regression approach was used to identify predictors
most strongly associated with microbiome diversity metrics from the set
of pH, temperature, conductivity, phosphate, grain size, catchment
gradient, season, and abstraction method. The function regsubsets()
from the leaps R package (Plot Lumley and Miller, 2009) was utilised to
systematically construct and evaluate optimal regression models for
each diversity metric, selecting subsets of explanatory variables that best
predicted observed diversity patterns. Model performance was evalu-
ated by computing the 5-fold cross-validation error using the train()
function from the caret R package (Kuhn, 2008). The results of the
top-performing models were summarised and visualised using the
tab_model() function from the sjPlot package (Liidecke, 2018).

We also applied a compositional balance approach to identify a
minimal set of microbial genera which correlated with the pathogen
abundances as determined by qPCR. We performed CODA LASSO
regression using the top 100 most abundant genera. The resulting
regression model took the form:

Yi = Bo + Bylog(xy) + ... + Blog(x;;) + e

where y; represents the pathogen abundance from qPCR (continuous
variable), and x;; is the abundance of the jth genus in the ith sample. The
CODA LASSO regression was implemented using the coda_glmnet()
function from the coda4microbiome package (Calle et al., 2023). This
approach imposed two constraints on the model: (a) the sum of all
p-coefficients was constrained to zero, separating taxa into positively
and negatively correlated groups relative to the pathogen outcomes; and
(b) a LASSO shrinkage was applied, forcing insignificant p-coefficients to
zero, thereby producing a parsimonious subset of taxa significantly
correlated with pathogen abundance.

3. Results

Results are presented in relation to the study hypotheses: we first
compare pathogen indicator gene markers and bulk microbial loads
across abstraction points, then assess how abstraction method, season,
and site shape community composition and diversity, and finally use
null-model analyses to infer the relative roles of selection and dispersal
in community assembly.

3.1. Indicators of contamination across abstraction points

Physicochemical parameters including temperature, pH, electrical
conductivity, and turbidity were measured in situ using a calibrated
multiparameter probe (YSI Inc., USA). Sample pH ranged from 7.0 to
8.2; downstream samples were slightly more alkaline (median: 8.0) than
other abstraction points (median: ~7.5). Downstream samples also had
the highest electrical conductivity (median: 3595 pS/cm). Sample tem-
perature ranged from 23.6 °C to 30.6 °C. Turbidity was much lower in
hand pump samples (0 — 5 NTU) compared to the other abstraction
points (20 — >1000 NTU).

Quantitative PCR results (presented as gene copies per 100 ml)
revealed significant variation in total bacteria (16S rRNA) across
abstraction methods (ANOVA, F(4, 61) = 8.37, p < 0.001). Downstream
pool samples exhibited the greatest number of bacteria (median = 1.3 x
108 copies/100 ml), while protected hand pump samples exhibited the
lowest (median = 9.7 x 107 copies/100 ml). E. coli abundance varied
among abstraction points (hand pump median = 12 copies/100 ml vs.
open well median = 78 copies/100 ml), although these differences were
not significant (ANOVA, F(4, 4) = 1.39, p = 0.38) and do not link
directly to water quality compliance of O culturable E. coli per 100 ml. In
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contrast, coliform bacteria exhibited significant differences (ANOVA, F
(4, 24) = 8.11, p < 0.001), with downstream samples showing the
highest abundance (median = 400 copies/100 ml) and hand pump
samples the lowest (median = 56 copies/100 ml). Similarly, Legionella
concentrations differed significantly (ANOVA, F(4, 37) = 19.45, p <
0.001), with downstream samples again showing the highest abundance
(median = 234 copies/100 ml) compared to significantly lower counts
in hand pump samples (median = 63 copies/100 ml). Mycobacterium
was detected only in excavated scoop holes and hand pump samples,
where values were significantly different (ANOVA, F(1, 9) = 10.73,p <
0.001); excavated scoop holes exhibited higher abundance (median =
209 copies/100 ml) compared to hand pumps (median = 38 copies/100
ml). Pseudomonas aeruginosa (gyrB) was not detected above the assay
quantification limit in any samples. These findings are presented in full,
along with pairwise ANOVA test results between each abstraction
method, in Fig. 2.

3.2. Contamination indicators correlate with environmental taxa

To explore associations between microbial community composition
and the qPCR indicator panel, we fitted compositional balance (CODA
LASSO) regressions using the top 100 genera. The resulting balances
highlight genera whose relative abundances covary with higher or lower
indicator gene copies, and we treat these taxa as putative indicators of
association. Genera positively associated with faecal-indicator gene
copies included taxa commonly reported from wastewater, sediments or
anoxic niches (e.g., Chryseomicrobium, Methanobacterium and Meth-
anoperedens), which could reflect a combination of shared contamina-
tion pathways, environmental conditions conducive to persistence, or
symbiotic co-occurrence behaviours. Several genera associated with
Legionella/Mycobacterium markers (e.g., Dongia) have been reported
from biofilm communities, suggesting that biofilm-associated assem-
blages may co-occur with opportunistic pathogens. Conversely, genera
negatively associated with indicator abundance included taxa typically
reported from more oxygenated and dynamic freshwater environments
(e.g., Methylosinus, Denitratisoma and Duganella). Because 16S rRNA
amplicon data do not directly measure metabolic function, viability, or
activity, these associations should be interpreted cautiously and vali-
dated with targeted measurements such as hydrochemistry, functional
genomics, or cultivation.

3.3. Microbial diversity distinguishes abstraction method

Significant differences in microbial community richness (ANOVA, F
(4, 58) = 24.60, p < 0.001) and Shannon evenness (ANOVA, F(4, 58) =
34.83, p < 0.001) were observed among the different abstraction
methods. Specifically, researcher-excavated scoop holes exhibited the
highest richness (median =1094) and evenness (median = 6.33) values
while downstream pools exhibited the lowest richness (median =204)
and evenness (median = 4.02) values (Fig. 3). Alpha diversity measures
(richness, evenness, NRI, and NTI) were all statistically similar between
community scoop holes and hand pumps, although distinct differences
were observed between the two groups in terms of both taxa abundance
(Bray-Curtis dissimilarity) and phylogenetic composition (Unweighted
UniFrac distance) (Fig. 3). We performed a sensitivity analysis by
calculating Bray-Curtis dissimilarity after filtering out the lowest 0.01
%, 0.1 %, and 1 % of ASVs by abundance. This left us with a subset of
17,375, 2924, and 255 ASVs, respectively. We found that ordination
structure was almost entirely influenced by high-abundance features,
and that the long tail of low-abundance features does not materially
change sample relationships (Supplementary Figure 6).

PERMANOVA analyses confirmed that the abstraction method
consistently explained the greatest proportion of variability in microbial
community composition across all beta diversity metrics tested: Bray-
Curtis (R? = 0.297, p < 0.001), Unweighted UniFrac (R*> = 0.223, p <
0.001), and Weighted UniFrac (R? = 0.367, p < 0.001). By comparison,
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Fig. 2. Microbial water quality was assessed via quantitative PCR. Standard curves were generated for each target gene using serial dilutions of G-block standards
containing the corresponding gene inserts ranging from 1 x 108 to 1 x 101 copies per reaction. Quantification of target genes in each sample was calculated by
comparing the threshold cycle (Ct) values to the standard curve. Standard curve descriptors were as follows: 16S rRNA (efficiency: 100.08, R2: 1.0), coliforms
(efficiency: 100.08, R2: 1.0), E. coli (efficiency: 98.84, R2: 1.0), Legionella (efficiency: 110.17, R2: 0.99), and Mycobacterium (efficiency: 106.28, R2: 1.0). Results
were adjusted to account for total DNA concentration and volume of water collected for each sample in order to obtain bacterial counts per 100 ml.

SD1: sand dam 1 (ID 106); SD2: sand dam 2 (ID 167); SD3: sand dam 3 (ID 211).

differences associated with sampling sites or seasonal factors were
substantially less influential. This result highlights that the abstraction
method is the predominant factor shaping microbial communities
within these shallow aquifer systems (Figs. 4-8).

3.3. Ecological core microbiome varies between abstraction points

The ecological core microbiome differed greatly between abstraction
points, reflecting the differing environmental niches occupied by each
one. Downstream samples had a relatively simple core, constituted of
just 4 taxa all with a prevalence of 100 %. These included Spor-
ichthyaceae, Cyanobium, Hydrogenophaga, and Flavobacterium, suggesting
eutrophic conditions and, of particular concern, algal blooms. Commu-
nity scoop hole samples were characterised by a high abundance of
aerobic heterotrophs including Vogesella, Acidovorax, Cellvibrio, and
Methylophilus, again with a prevalence of 100 %. Hand pump samples
were more varied with just one taxon, the family of aerobic heterotrophs

Vicinamibacteraceae, exhibiting 100 % prevalence. Open well samples
were characterised by aerobic taxa such as Novosphingobium, carbohy-
drate degraders such as Chitinophagaceae, and marine groups including
Ilumatobacteraceae,which may reflect elevated ionic strength (as indi-
cated by higher electrical conductivity) in some samples. By contrast,
the excavated scoop holes contained a number of anaerobic taxa such as
Omnitrophus. Excavated scoop hole and open well samples had the most
complex core microbiomes, which included 25 and 23 taxa respectively.
Hand pump samples had 16 taxa, community scoop holes had 11, and
downstream samples had 4.

3.4. Impact of selection pressure on community structure

We used a combination of null modelling procedures — including
NRI, NTI, NST, and QPE - to analyse phylogenetic relationships between
and within samples, in order to provide insight into the relative con-
tributions of deterministic (environmental selection) and stochastic
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SD1: sand dam 1 (ID 106); SD2: sand dam 2 (ID 167); SD3: sand dam 3 (ID 211).

(ecological drift and dispersal) processes in microbial community as-
sembly. Across most abstraction points, deterministic processes pre-
dominantly shaped microbial community composition, as evidenced by
consistently low NST values (ranging from 0.21 to 0.32), indicating
limited influence from random dispersal or drift. A notable exception
was researcher-excavated scoop holes, which exhibited a balanced in-
fluence from both stochastic and deterministic processes (NST = 0.5),
suggesting a more complex community structure influenced equally by
environmental selection and ecological drift or random dispersal.

To characterise the nature of deterministic selection pressures, we
compared phylogenetic patterns across samples collected from multiple

abstraction points and across seasons. Abstraction points directly
exposed to environmental influences (i.e., community scoop holes, open
wells, and downstream pools) exhibited homogenous selection patterns
across both spatial and temporal scales, indicating persistent, uniform
environmental conditions. By contrast, researcher-excavated scoop
holes and sealed hand pump samples exhibited roughly equal pro-
portions of homogenous and variable selection pressures.

Strong environmental filtering (NTI > 2) was observed across all
abstraction points, with open wells and downstream pools—sites
continuously exposed to environmental contamination—displaying the
highest phylogenetic clustering. This finding highlights a robust
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correlation between environmental exposure and microbial selection
pressures. Notably, the comparison between sealed hand pumps and
open wells revealed significant differences in phylogenetic clustering
metrics (NRIL, p < 0.001; NTL p < 0.01) and proportion of homogenous
selection (24.17 % for hand pumps vs. 40 % for open wells). This
observation strongly suggests that protective sanitary infrastructure
(sealed hand pumps) substantially reduces environmental selection
pressure.

3.5. Impact of environmental variables on community structure

Multiple regression analyses were conducted to identify environ-
mental factors influencing microbial alpha diversity metrics (richness,
Shannon entropy) and environmental filtering (NRI and NTI). Models
were ranked according to cross-validation error, and key trends from the
top models are summarised in Fig. 8, with full details in Supplementary
Tables 2-5. In the highest-ranking models, richness was positively
correlated with sediment grain size (p = 6.05, SE = 2.79, p < 0.05) and
researcher-excavated scoop holes (p = 492.23, SE = 188.64, p < 0.001),
but negatively correlated with downstream samples (p = —492.23, SE =
188.64, p < 0.05). Shannon entropy showed a strong positive correlation
with researcher-excavated scoop hole samples (§ = 1.80, SE = 0.30, p <
0.001) and with water sampled in May, at the start of the dry season.
Environmental filtering metrics (NRI and NTI) were positively corre-
lated with community scoop holes (NRI: p = 3.40, SE = 0.50, p < 0.001;
NTL: p = 1.19, SE = 0.54, p < 0.05), indicating intensified selection
pressures consistent with homogenous selection observed in QPE ana-
lyses. Conversely, downstream samples exhibited negative correlations
with both richness and evenness, characteristic of eutrophic or
frequently disturbed conditions which favour opportunistic, r-selected

species.

Because our null models indicated a dominance of deterministic
rather than stochastic processes, we expected clear associations between
microbial community structure and measured physicochemical param-
eters. However, few significant relationships were detected, suggesting
that other unmeasured variables contributed significantly to determin-
istic community assembly.

4. Discussion

Groundwater is an important water source in low-income, semi-arid
regions due to improved water quality and greater protection from
evaporation compared with surface water. Sand dams aim to increase
groundwater availability by collecting surface runoff and promoting
aquifer recharge, and can be a cost-effective mechanism of sustainably
supporting local communities and stimulating local ecosystems (Neufeld
etal., 2020; Ritchie et al., 2021). However, their efficacy depends on the
quantity and quality of water they can sustainably provide over a
decades-long lifespan. This requires an ongoing ability to protect com-
munities from pathogens and chemical contaminants.

Water quality in these regions is a growing concern due to increasing
levels of contamination. Risk factors for microbial contamination
include proximity to unsanitary waste, agriculture, and livestock, as well
as poor well construction and maintenance; all of these risks were
highlighted at the study sites (Kanoti et al., 2019; Quinn et al., 2018).
Water quality varied significantly between different abstraction points
sampled in this study, where water from unimproved sources was found
to exhibit higher pH, conductivity, and turbidity than water abstracted
from hand pumps. We used qPCR to detect multiple targets, including
both faecal contamination indicators (coliforms and E. coli) and
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opportunistic environmental pathogens (Legionella and Mycobacterium),
which suggested that a multitude of contamination routes were present
at each abstraction point. While hand pumps improved microbial water
quality relative to unimproved sources, the presence of faecal indicator
bacteria DNA in all of these abstraction points is concerning. Kenyan
water quality standards are grounded in culture-based assays that do not
directly map onto qPCR measurements, therefore one should be careful
to interpret these results in terms of between-source trends rather than
as evidence of regulatory failure (WASREB, 2023). Notably, the
observed patterns align with prior evidence of pathogen risk at these
sites (Quinn et al., 2018).

Interpretation of 16S rRNA amplicon and qPCR data requires
caution. Amplicon sequencing provides relative-abundance profiles that
can be influenced by primer bias, variation in rRNA gene copy number,
PCR/sequencing artefacts, and reagent or low-biomass contamination;
alpha-diversity estimates can also be affected by the composition of
other samples in multiplexed runs (Bissett and Brown, 2018; Salter et al.,
2014). We made efforts to minimise the impact of such biases, and found
indication in our sensitivity analysis that our results are robust to po-
tential sequencing artefacts, but results should nevertheless be inter-
preted with caution. Our conclusions focus on consistent qualitiative
differences between sources and community-level patterns rather than
absolute diversity values or fine-scale functional claims from taxonomy
alone. Moreover, it is important to note that qPCR quantifies gene copies
and can detect DNA from viable and non-viable cells as well as extra-
cellular DNA; non-detection may also reflect concentrations below the
effective detection capacity for the filtered volumes, imperfect extrac-
tion efficiency, PCR inhibition, or marker/primer coverage limitations.

For example, the coliform LacZ assay we used achieves a limit of
quantification of ~100 copies with >3 replicates, and correlates rela-
tively weakly with culture-based methods (R? = 0.72) (Thom et al.,
2025). Future work might wish to replicate the molecular sensing
approach with propidium monoazide (PMA) and/or ddPCR to address
some of these limitations. We therefore interpret the qPCR panel as a
comparative indicator of contamination potential, and recommend that
water safety planning and quantitative microbial risk assessments
combine molecular assays with culture-based measurements.

Microbial community structure differed significantly among
abstraction methods, as confirmed by beta diversity metrics (Bray-Cur-
tis, Unweighted UniFrac, and Weighted UniFrac). PERMANOVA ana-
lyses indicated that abstraction method explained the highest
proportion of community variability (Bray-Curtis: R*> = 0.297; Un-
weighted UniFrac: R? = 0.223; Weighted UniFrac: R* = 0.367, all p <
0.001), surpassing the influence of location and seasonal variations.
Microbial community structure was predominantly driven by deter-
ministic forces over stochastic, in line with the observation that micro-
bial communities are highly governed by micro-scale habitat changes
such as chemical profiles and redox conditions in sand aquifer systems
(Yamamoto et al., 2019). The result implies strong niche differentiation
across abstraction methods; the one exception was excavated scoop
holes, where the less extreme micro-environment within the dams pro-
duced an equal balance between deterministic and stochastic assembly
processes (NST = 0.51).

The other abstraction points were characterised by distinct envi-
ronmental niches, which remained largely homogenous between sites
and throughout the season. The higher richness and evenness observed
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Various null modelling approaches were taken to elucidate community assembly processes. (A) normalised stochasticity ratio (NST) compares beta diversity to a
randomised null model to determine the contribution of stochastic processes (ecological drift) to quantify community turnover, and (B) quantitative process estimate
(QPE) determines the relative contribution of deterministic processes to community assembly by comparing pNTI (for homogenous and variable selection) and Raup-

Crick (for dispersal) indices to a randomised null model.

at the beginning of the dry season — indicative of more diverse and
resilient communities — may suggest that selection pressures increase
throughout the dry season, leaving behind only more stress-tolerant
species. We hypothesise that such selection pressures may include UV
or osmotic stress, ion toxicity, or nutrient imbalances, as have been
observed previously in samples from this region (Gevera et al., 2020).
More research is required, however, to substantiate these hypotheses.
The abundance of taxa involved in nitrogen cycling, including Nitro-
sopira, Nitrosotenius, Hydrogenophaga, and Methylomonas could be
consistent with nutrient inputs and other solutes introduced via surface
runoff and human/animal waste as reported previously in the region
(Gevera et al., 2020). While we were unable to measure dissolved oxy-
gen, redox potential and nutrient concentrations in situ, which limits our
ability to draw direct conclusions concerning viability or activity, this
would align with ongoing public health risk factors previously identified
at the study sites, and further investigation of these factors would be a
valuable avenue for future research (Parker et al., 2010; Quinn et al.,
2019). Where we discuss low-oxygen or nutrient-rich niches, this is
inferred indirectly and should be validated with paired hydrochemical
measurements in future work.

Our compositional-balance analyses identified sets of genera whose
relative abundances covaried with the qPCR indicator panel. Several
genera that were positively associated with higher indicator gene copies
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are commonly reported from wastewater, sediments or anoxic micro-
environments, suggesting that these taxa and markers may share
transport pathways and/or occur under similar environmental condi-
tions. Again, limitations inherent to 16S sequencing — in this case
including rRNA gene copy number and large uncertainties in resolving
functional capacity — mean that these compositional balance coefficients
should be interpreted as directions of association rather than an accurate
representation of underlying biology. These associations can be treated
as hypotheses requiring targeted validation in future work to reveal
definitive mechanistic insights. Across sites, hand pump samples had
lower overall bacterial loads and lower indicator gene copies than
exposed abstraction points, consistent with reduced exposure to envi-
ronmental contamination during abstraction. Downstream pools
showed elevated relative abundance of cyanobacteria, suggesting more
eutrophic conditions that may increase the risk of harmful algal blooms
and cyanotoxins (Cheng et al., 2023; Metcalf and Souza, 2019).
Stochastic influences on microbial assembly include dispersal pro-
cesses and ecological drift. To assess dispersal efficiency between
abstraction points, we calculated Raup-Crick (RC) beta diversity,
quantifying deviations in species turnover relative to a randomised null
model. Our results revealed a large proportion of community assembly is
attributable to dispersal limitation in most of the abstraction points,
which can be well explained by the layers of sand and concrete that
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A compositional balance approach was used to find a minimal subset of genera whose abundance was correlated with our pathogen qPCR panel, accounting for
potentially spurious correlations due to the compositional nature of the data. The model constraint is that all f-coefficients sum to zero, thereby producing two sets of
features: one positively and one negatively associated with the outcome. The optimization function incorporated a LASSO shrinkage that forced some of the

B-coefficients to go to zero, in order to produce a minimal subset.

separate abstraction points from one another. We observed that sedi-
ment grain size (D50) correlated positively with richness and negatively
with environmental filtering (NRI). This corroborates previous literature
demonstrating that grain size and ionic strength are key predictors of
colloid fate (Mitropoulou et al., 2013; Vasiliki I. V.I. Syngouna and
Chrysikopoulos, 2011).

Our findings indicate effective microbial dispersal limitation be-
tween sample points around sand dams, suggesting that pathogens are
primarily introduced during abstraction when adequate protections are
not in place. Sites continuously exposed to the environment exhibit
persistent contamination risks, while sealed hand pumps reduce the risk
of pathogen ingress. We found that microbial community assembly at
abstraction points is shaped predominantly by environmental selection
and dispersal limitation, and we found evidence that pathogen abun-
dance correlates with the abundance of environmental taxa and perhaps

11

other chemical contaminants, likely through shared transport pathways
(Borchardt et al., 2021). Chemical contamination is also a major concern
in this region. Groundwater from Kenya has been demonstrated to
exhibit high levels of total dissolved solids, fluoride, salinity, and nitrate,
exceeding WHO and Kenyan standards (Gevera et al., 2020). Thus,
investigating these links further may provide valuable evidence towards
improving water quality across a number of different dimensions.
While sand dams provide a useful example of shallow groundwater
systems, future modelling studies should aim to better account for fac-
tors including sediment heterogeneity, biological activity, and microbial
transport complexity, which are known to have a significant impact on
microbial communities. Future research on natural sand filtration effi-
ciency could refine pathogen transport models and quantitative micro-
bial risk assessments (QMRA) by including sand grain single-collector
efficiency, biofilm modelling, and advection-diffusion-reaction models
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Fig. 8. Multiple Linear Regression Models.

A best subsets multiple regression approach was used to find the minimal set of explanatory variables that modelled each alpha diversity metric. Models for each
response variable were rank ordered by cross-validation error and the top 5 models are summarised in the table. Positive coefficients represent features positively
correlated with the response variable, and negative coefficients represent negative correlations.

*:p < 0.05; **: p < 0.01; ***: p < 0.001; NRI: net relatedness index; NTI: nearest taxon index; TTC: thermotolerant coliforms; CSH: community scoop hole; HP: hand

pump; ESH: excavated scoop hole; DS: downstream; OW: open well.

(V.I. Syngouna and Chrysikopoulos, 2011; Trikannad et al., 2023;
Tufenkji and Elimelech, 2004), while emerging viability-focused mo-
lecular techniques may improve models of pathogen fate (Codony et al.,
2019; Zhang et al., 2021). Since drinking-water standards primarily
focus on culture-based enumeration of faecal indicator bacteria (e.g.,
CFU or MPN and the guideline of 0 culturable E. coli per 100 ml), future
work should aim to validate conclusions against these data to strengthen
water safety planning and QMRA.

From a public health perspective, prioritizing sealed sanitary infra-
structure and regular maintenance is essential. Water safety plans for the
region would be a positive step towards identifying and managing
contamination risks proactively at every stage from source protection to
abstraction, thereby strengthening community resilience and safe-
guarding public health.

5. Conclusion

Our study demonstrates that sealed hand pumps significantly reduce
microbial loads and pathogen contamination indicators in shallow
aquifers. Water filtered through sand was of comparable quality to other
groundwater sources. Indicators of faecal contamination were predom-
inantly introduced during abstraction, particularly from unimproved
abstraction points such as open wells and scoop holes, highlighting the
importance of routine hand pump maintenance and consistent water
quality monitoring. Modelling results suggest high sand-filtration effi-
ciency, although more research is needed to fully understand the com-
plexities of microbial transport through the sand, and a field-based
QMRA would be beneficial to guide water safety interventions.

Data availability

Raw reads are available in the NCBI Sequence Read Archive under
accession PRINA1333909. Other data used in this study is hosted on
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figshare at https://doi.org/10.6084/m9.figshare.30218107 and in-
cludes the feature table, metadata, and phylogenetic tree used in this
study.
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