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Abstract

Eutrophication, driven by rising chlorophyll-a concentrations and declining dissolved
oxygen (DO), is an escalating threat to lake ecosystems worldwide, and multivariate
statistical analysis combined with explainable machine learning offers a powerful
framework for characterizing its dynamics and drivers to support evidence-based
watershed management. The Ethiopian Rift Valley has experienced substantial
anthropogenic pressure and climate variability, increasingly affecting Lake Ziway (450
km?, mean depth 5 m) and Lake Langano (230-250 km? depth 46-55 m). This study
assessed spatio-temporal dynamics of chlorophyll-a and dissolved oxygen (DO) at both
lakes using Principal Component Analysis (PCA), Cluster Analysis, Mann-Kendall trend
analysis, Random Forest (RF) machine learning, and SHAP-based Explainable Artificial
Intelligence (XAI), with turbidity and total suspended solids (TSS) included as supporting
covariates. Mean chlorophyll-a concentrations were 15.09-29.09 pg/L (Langano) and
19.63-37.83 pg/L (Ziway), indicating high phytoplankton productivity in both lakes, with
pronounced increases during the wet season. Dissolved oxygen showed statistically
significant declining trends (Tau = -0.526, Langano; -0.595, Ziway), while chlorophyll-a
increased significantly (Sen’s slope: +0.963 and +1.249 pg/L, respectively). DO explained
30-68% of Random Forest model variability and was consistently among the top two
predictors of chlorophyll-a at both lakes. RF models achieved high predictive accuracy (R*
= 0.968-0.986; RMSE = 1.230-1.435). Both lakes were classified as mesotrophic during the
dry season, shifting to eutrophic during the wet season, with Lake Ziway showing greater
ecological pressure and variability than Lake Langano. Targeted watershed management
interventions to curb nutrient loading and protect oxygen balance are recommended.

Keywords: Spatio-temporal variability; Chlorophyll-a; Dissolved oxygen; Eutrophication;
Explainable machine learning; Lake water quality.
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Figure 1. Graphical Abstract for Integrating Multivariate Statistics and Explainable
Machine Learning to Assess the Spatio-Temporal Eutrophication Dynamics in Ethiopian
Rift Valley Lakes

1. Introduction

Freshwater lake ecosystems provide important services such as drinking water, irrigation,
fish populations, recreation supporting biodiversity, and help maintain a healthy
environment [1], [2]. Yet, they confront multiple threats including nutrient enrichment,
sedimentation, pollution, and climate variability [3], [4]. The Ethiopian Rift Valley, one of
the fastest growing regions in the world with annual population growth exceeding 2.5%
[5], is under substantial pressure from land use change within the surrounding rural lake
catchments.

Chlorophyll-a, a marker of algal biomass, and dissolved oxygen (DO) are two of the most
fundamental indicators of a lake’s trophic condition and ecosystem health, together
capturing the balance between primary production and the oxygen available to support
aquatic life [6], [7]. Because chlorophyll-a can be measured remotely using satellite and in
situ optical technologies in real time, it is particularly valuable for water quality assessment
in resource-poor regions, while DO provides a direct, ecologically critical measure of the
consequences of that productivity.

Eutrophication, caused primarily by nitrogen and phosphorus additions to freshwater
ecosystems through agriculture, urbanization and industrial discharges, is the greatest
threat to freshwater ecosystems worldwide [4], [8], [9]. In particular, the floriculture
industry surrounding Lake Ziway adds large quantities of fertilizer to the lake through



irrigation return flows, demonstrating how intensified land use increases local
eutrophication. Wet-season runoff results in elevated chlorophyll-a while decreasing DO;
this pattern has been documented in lakes throughout eastern Africa, including Lake
Victoria [10] and Lake Tana [11].

In the Ethiopian Rift Valley, Lakes Ziway and Langano are vital both regionally and for local
communities, particularly for agricultural, fishing and tourism activities [12]. Lake Ziway is
shallow and hydrologically open, and is experiencing tremendous government-driven
agricultural and floriculture expansion [7], [13]. Historically, Lake Langano has been a
stable lake with only limited stressors; however, preliminary results from this research
indicate that both lake productivity and stressors (managed tourism and land-use change)
have increased [14]. There is a lack of comparative studies that encompass both Lakes
Ziway and Langano [15].

Current analytical methods for assessing these lakes have significant limitations. Principal
Components Analysis (PCA) identifies the most significant environmental gradients, but
does not quantify the predictive strength of individual parameters nor provide a measure
of uncertainty associated with those predictions [16]. Machine learning models offer
considerable improvement in predictive accuracy [17], but many of these models are
“black-box” models that do not describe the reasons for a given prediction [18], [19]. The
Random Forest type of predictive model offers a measure of native (global) feature
importance; however, it does not explain individual predictions a gap that can be
addressed using SHAP-based Explainable Artificial Intelligence (XAI) techniques.

In this study, PCA, cluster analysis, Mann-Kendall trend analysis, Random Forest and SHAP
are integrated to assess the spatio-temporal dynamics of chlorophyll-a and dissolved
oxygen, and to identify the variables including turbidity and TSS as supporting covariates
that most influence chlorophyll-a prediction, in Lakes Ziway and Langano.

2. Materials and Methods
2.1. Description of Study Area

The Ziway-Shala sub-basin, situated within the Ethiopian Central Rift Valley (ECRV) and
covering roughly 15,000 km?, forms a closed hydrological chain of four lakes Ziway,
Langano, Abijata, and Shala arranged along a north-to-south hydraulic gradient [20]. This
study focuses on the two uppermost lakes in that chain, Ziway and Langano, whose
contrasting morphometry and hydrologic regime provide a natural basis for comparing
how productivity and oxygen balance respond to differing levels of catchment pressure.

Lake Ziway, the larger and shallower of the two systems (approximately 08°06'44"N to
07°51'19"N and 38°43'30"E to 38°56'44"E; Fig. 2B), receives most of its inflow from the
perennial Meki and Katar Rivers before draining south through the Bulbula River toward
Lake Abijata [21]. Its shallow depth and comparatively short water-residence time leave
the lake hydrodynamically responsive to inflow pulses a property directly relevant to the
productivity and oxygen shifts examined here while also underpinning irrigation, fisheries,
domestic water supply, and wetland habitat for the surrounding population.



Lake Langano (approximately 07°42'39"N to 07°30'48"N and 38°40'56"E to 38°49'56"E;
Fig. 2B) is fed mainly by seasonal streams and direct rainfall and discharges through the
Horakela River into Lake Abijata [22], [23]. Its considerably greater depth and more stable
water levels, sustained by groundwater recharge and limited abstraction, favor a more
buffered oxygen regime than that of Ziway. The lake is free of schistosomiasis (bilharzia)
and supports a well-established tourism sector [24].

Both catchments are dominated by a mosaic of agriculture, grazing land, settlement, and
remnant natural vegetation, with expanding irrigation, urbanization, and tourism
progressively altering catchment hydrology. Because these pressures ultimately register as
measurable shifts in productivity and oxygen availability the two indicators examined in
this study physical and hydrological details of both lakes are summarized in
Supplementary Table 1.
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Figure 2. A) Major Ethiopian Basins and B) Ziway and Langano Lakes
2.2. Calibration of In-Situ Water Quality Sensors

Before field deployment and throughout the monitoring campaign, in situ sensors
measuring chlorophyll-a and dissolved oxygen (DO) were calibrated with -certified
standards and analytical grade reagents according to internationally accepted guidelines
[25], [26]. The chlorophyll-a sensor (fluorescence detection) was calibrated using a two-
point method, with deionized water as the zero reference and rhodamine dye solution as
the standard; this sensor was frequently validated against measurements of chlorophyll-a
in acetone-extracted samples (see Supplementary Table 2).



DO was calibrated using a two-point technique: one point at zero oxygen using a sodium
sulfite solution, and a second point at 100% saturation using air-equilibrated water. All
sensors were rinsed before calibration and were routinely checked for accuracy through
regular calibration checks to mitigate drift and ensure reliable measurements (see
Supplementary Table 2) [25]. Turbidity and TSS sensors were calibrated concurrently as
part of the same field campaign.

2.3. Water Sample Collection, Labeling, Storage, and Transportation

A stratified composite sampling design was used to capture both vertical and horizontal
water quality variability at each lake. Over the study period, 240 composite samples were
collected in total (120 per lake, split evenly between the dry and wet seasons), drawn from
ten locations per lake (Z1-Z10 on Ziway; L1-L10 on Langano). Sites were chosen to reflect
the spatial heterogeneity of each system accounting for lake size, accessibility, hydrological
variability, inflow influence, and anthropogenic pressure consistent with prior limnological
work in the Ethiopian Rift Valley [25], [27], [28] (Fig. 3A and 3B).

At each site, a single 600 mL composite sample was built from three 200 mL sub-samples
drawn from the upper, middle, and lower water column using a Van Dorn sampler [25],
[26], collected into pre-cleaned polyethylene containers that had been rinsed three times
on-site beforehand to prevent contamination. Because both chlorophyll-a and dissolved
oxygen are subject to pronounced diurnal cycling, sampling was repeated twice per site per
day at every location [18], [25]. Containers were labelled by site code, date, time, and
season, and water depth was logged with a GPS-equipped echo sounder to support
traceability.

Samples were held on ice (4 2C) immediately after collection to limit biological and
photochemical change in chlorophyll-a and dissolved oxygen prior to analysis, and were
processed the same day on arrival at the laboratory to preserve measurement accuracy and
repeatability [25], [26].
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Figure 3. A) Sample sites on Lake Ziway and B) Sample sites on Lake Langano
2.4. Data Collected

The primary sources of data were direct field sampling and laboratory analysis. This paper
focuses on chlorophyll-a and dissolved oxygen (DO); turbidity and TSS were collected
concurrently and are used here only as supporting covariates in the machine learning
framework.

Chlorophyll-a was expressed in pg/L using the [29] corrected spectrophotometric method,
accounting for turbidity interference and accessory pigments in phytoplankton biomass
estimation (see Supplementary Equation S1). DO was measured in situ via optical probes
and confirmed with the Winkler titration method per the [25] standard method
(Supplementary Equation S5). Temperature was documented based on its effect on DO
saturation and aquatic system processes [30] (see Supplementary Equation S6).

The dataset was subject to statistical analysis and machine learning algorithms in order to
evaluate relationships between water quality parameters and produce predictive models.

2.5. Model Description

This research used multiple statistical methods and machine learning approaches to
analyze how chlorophyll-a and dissolved oxygen in Lakes Ziway and Langano vary over



time and across locations. This work encompassed PCA, Hierarchical Cluster Analysis
(HCA), Mann-Kendall trend analysis, the Sen’s slope estimator, and Random Forest (RF),
combined with an Explainable Artificial Intelligence (XAI) framework. Turbidity and TSS
were retained in the underlying multivariate matrix as supporting covariates because they
load onto the same productivity/sediment gradient as chlorophyll-a and DO.

To identify the main environmental gradient(s) driving water quality variation between
Lakes Ziway and Langano and to simplify the data for analysis, PCA was used to reduce
dimensionality by decomposing the data covariance matrix into eigenvalues
(Supplementary Equation S7). PCA was completed using the standardized correlation
matrix (i.e., z-score normalized variables) to remove the effect of different measurement
units and scales between parameters (chlorophyll-a in pg/L, DO in mg/L, turbidity in NTU,
TSS in mg/L).

HCA grouped sampling sites and seasons based on water quality similarity using the
Euclidean distance method, with Ward’s linkage used to create clusters that minimized
within-cluster variance and produced ecological classifications of sampling site-cluster
pairs [31], [32].

Temporal trends in chlorophyll-a and DO were evaluated using the Mann-Kendall non-
parametric test and the Sen’s slope estimator (Supplementary Equation S8 - S10). The
Mann-Kendall statistic identifies an overall trend (increase or decrease) across a time
series without assuming normality in the data [33], [34].

2.6. Training of ML and Verification Approach

Before performing any analysis, the datasets were checked for missing or unusual values.
Standardization and normalization were then applied to each dataset to ensure reliable
model predictions [35].

In the machine learning component of the study, the cleaned dataset was split into training
(70%) and test (30%) subsets [36] to develop a Random Forest (RF) algorithm. The RF
model was trained to predict chlorophyll-a using dissolved oxygen, turbidity, and TSS as
predictor variables, and its predictive accuracy and generalization were assessed [37]. To
understand how each predictor contributed to chlorophyll-a variability, Explainable
Artificial Intelligence (XAI) techniques based on SHAP values were applied, with particular
attention to the role of dissolved oxygen.

The overall process of calibrating, validating, and modeling is depicted in the Conceptual
Framework (Supplementary Fig. 1) and Methodological Workflow (Supplementary Fig. 2).

3. Results
3.1. Lake Ziway
3.1.1. Spatio-Temporal Variation of Chlorophyll-a and Dissolved Oxygen

Lake Ziway demonstrates a high degree of spatio-temporal variation in chlorophyll-a and
dissolved oxygen (see Supplementary Fig. 3). This variability is driven by seasonal forcing
and related differences in sampling locations (see Supplementary Table 5). Mean



chlorophyll-a (Chl-a) levels rose from 19.63 pg/L in the dry season to 37.83 pg/L in the wet
season, demonstrating an increase in phytoplankton productivity during the wet season
(Fig. 4A and Supplementary Table 3 and 5). Dissolved oxygen (DO) levels were lowest in
the wet season (mean of 4.22 mg/L) and showed the highest variability during the wet
season compared to the dry season (mean 6.72 mg/L) (Fig. 4D and Supplementary Table 3
and 5).

There was considerable spatial variation in both parameters among sampling sites. Sites
near agricultural runoff and sediment inflow zones consistently had higher chlorophyll-a
and lower DO, whereas offshore and central lake sites had lower chlorophyll-a and better-
maintained oxygen levels. These differences indicate that localized runoff, sediment
transport, and land use strongly influence productivity and oxygen dynamics in Lake Ziway
(see Supplementary Table 3 and 5).
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Figure 4. Temporal variations of: A) Chlorophyll-a, B) Turbidity, C) Total suspended Solids,
and D) Dissolved Oxygen for Lake Ziway

3.1.2. Multivariate Structure: Principal Component Analysis (PCA)

Chlorophyll-a (Chl-a) attributed one of the strongest positive loadings on principal
component one (PC1), at 0.52, alongside turbidity (0.50) and TSS (0.47) as supporting
covariates. Dissolved oxygen (DO) showed the strongest negative loading on PC1, at -0.51
(see Supplementary Table 7).

PC1 can therefore be interpreted as a productivity-oxygen axis: sites with high
phytoplankton biomass had correspondingly low dissolved oxygen concentrations. PC1



accounted for 80.93% of total variability (eigenvalue = 3.41), indicating strong seasonal co-
variation between chlorophyll-a and DO (see Fig. 4A and Supplementary Table 8). PC2
accounted for an additional 9.47% of total variability (see Supplementary Table 8 and Fig.
4D). Together, PC1 and PC2 represented 90.40% of total variation, confirming that
seasonally driven hydrological conditions govern the joint variability of chlorophyll-a and
DO in Lake Ziway (see Fig. 5 and Supplementary Table 8).
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Figure 5. Multivariate Principal Component Analysis of selected water quality parameters for
Lake Ziway

3.1.3. Cluster Analysis

Hierarchical cluster analysis using Ward’s method with Euclidean distance produced two
main clusters. The first cluster consisted of wet season samples from sites strongly
influenced by human activity and hydrology (Z8 and Z10 near the Meki and Katari River
outlets; Z1 through Z6 beach sites under urban, agricultural, and floricultural influence)
(Fig. 6 /Yellow/). This cluster was characterized by elevated chlorophyll-a and depressed
dissolved oxygen. The second cluster contained dry season samples, primarily from mid-
lake locations (Z7 and Z9) and forested shoreline sites, which exhibited lower chlorophyll-a
and higher, more stable dissolved oxygen than the first cluster (Fig. 6 /Green/).

Sub-clustering within each group confirmed significant spatial variability among the ten
sampling locations (Z1 through Z10), consistent with the different pressures affecting each
site: Z1 and Z2 experience floriculture and urban effluent pressure in the southern basin,
while Z3 through Z6 reflect river inflow pressure in the northern basin (Fig. 6).
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Figure 6. Cluster Analysis of selected water quality parameters for Lake Ziway
3.1.4. Trend Analysis

Mann-Kendall trend analysis for Lake Ziway indicates statistically significant increases in
chlorophyll-a and a statistically significant decrease in dissolved oxygen. Chlorophyll-a
increased significantly (Z = 3.017, p = 0.003, Sen’s slope = +1.249 pg/L). Dissolved oxygen
showed a very strong downward trend (Z = -3.640, p < 0.001, slope = -0.211 mg/L),
indicating progressive oxygen depletion. Relatively large Tau (t) values (maximum 0.495
for chlorophyll-a) provide evidence of a consistent, monotonically increasing
eutrophication signal alongside declining oxygen availability (Table 1).

Table 1. Mann-Kendall Trend Test Results for Water Quality Parameters in Lake Ziway

Lake Parameters Trend h p Z Tau S Var( Sen’s Intercept
S) Slope

Chll-a(ug/L) Increasing True 0.003 3.017 0495 94 950 1.249 14.68
Tur (NTU)  Increasing True 0.025 2.239 0.368 70 950 1.666 61.47
TSS (mg/L) Increasing True 0.012 2498 0411 78 950  4.096 174.79
DO (mg/L)  Decreasing True 0.000 -3.640 -0.595 -113 947 -0.211 7.25

3.1.5. Trophic Status

Lake Ziway shows a pronounced seasonal shift in trophic state. Average dry-season
(mesotrophic) chlorophyll-a concentrations of 19.63 pg/L increase significantly during the
wet season to 37.83 pg/L, demonstrating a clear seasonal trend toward greater
productivity. This pattern holds across space: all 20 of 20 sites in the lake are classified as
mesotrophic during the dry season, while wet-season sites are predominantly classified as
eutrophic, indicating elevated nutrient loading and algal growth during the wet season
(Table 2 and Supplementary Fig. 4).

Table 2. Seasonal Trophic Status in Lake Ziway and Lake Langano



Lakes Season Mean Chll-a (ng/L) Trophic Status

Ziway Dry 19.630 Mesotrophic (Moderate)
Wet 37.830 Eutrophic (High productivity)

Langano Dry 15.090 Mesotrophic (Moderate)
Wet 29.090 Eutrophic (High productivity)

3.1.6. Model Performance and Prediction Uncertainty

The Random Forest model predicting chlorophyll-a in Lake Ziway performed well (R? =
0.986; RMSE = 1.230; MAE = 0.886; Bias = -0.013) (Fig. 7A), with some prediction
uncertainty (approximately 1.2-5.1 pg/L), particularly at higher chlorophyll-a levels (Fig.
7B). Slight overestimation of residuals at higher levels suggests that the relationship
between chlorophyll-a and dissolved oxygen becomes ecologically more complex at
elevated productivity (see Supplementary Table 10).

Feature importance identified dissolved oxygen (SHAP importance = 0.681) as the
strongest predictor of chlorophyll-a, followed by turbidity (0.256) and TSS (0.063) as
supporting covariates. This indicates that oxygen depletion dynamics are the primary
driver of the productivity signal captured by the model, with sediment-related variables
playing a secondary role. Residual error patterns further suggest that the water quality
system is undergoing dynamic processes such as heterogeneous mixing (Fig. 6A and B).

Validation Plot (R*=0.98, RMSE=1.40)
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Figure 7. A) Validation of model performance and B) Prediction uncertainty of model for Lake
Ziway

3.2. Lake Langano
3.2.1. Spatio-Temporal Variation of Chlorophyll-a and Dissolved Oxygen

Lake Langano shows a moderately varying spatial and temporal pattern in chlorophyll-a
and dissolved oxygen, primarily due to seasonal influences, with less spatial variation
between sampling sites than Lake Ziway (see Supplementary Fig. 7). Mean chlorophyll-a



concentration shows a clear seasonal relationship, 15.09 pug/L in the dry season and 29.09
pg/L in the wet season, with the productivity peak occurring near the Harokela River
inflow and at agriculturally influenced sites L1 through L3 (see Fig. 8A and Supplementary
Table 6). Dissolved oxygen concentrations were lower in the wet season, ranging 2.1-7.4
mg/L, compared to 6.1-9.9 mg/L in the dry season (see Fig. 8D and Supplementary Table
6). The lowest DO concentrations occurred at near-shore, settlement-influenced sites (L4-
L6), while mid-lake open-water sites (L7-L9) had the highest concentrations (see Fig. 3B).

Although overall differences across Lake Langano are less pronounced than in Lake Ziway,
spatial differences remain significant (see Supplementary Fig. 12). Near-shore sampling
locations (L1-L6, L10) affected by agricultural runoff and riverine inflows showed elevated
chlorophyll-a and depressed DO relative to mid-lake sites (L7-L9). Overall, localized land
use, sediment transport, and inflows continue to shape productivity and oxygen dynamics
in Lake Langano even though the ecosystem remains relatively stable (see Supplementary
Table 4 & 6 and Fig. 3B).
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Figure 8. Temporal variations of: A) Chlorophyll-a, B) Turbidity, C) Total suspended
Solids, and D) Dissolved Oxygen for Lake Langano

3.2.2. Multivariate Structure of Principal Component Analysis (PCA)

As with Lake Ziway, all variables for Langano were z-score standardized. PC1 explained
88.74% of total variance (eigenvalue = 3.74). Chlorophyll-a (Chl-a) showed a strong
negative loading on this axis (-0.48), alongside turbidity (-0.50) and TSS (-0.51) as
covariates, while dissolved oxygen exhibited the strongest positive loading (+0.52) (see
Supplementary Tables 8).



These results indicate that PC1 defines a productivity-oxygen axis analogous to that in Lake
Ziway. PC2 explained an additional 7.28% of variance (eigenvalue = 0.31) (see
Supplementary Fig. 9D). Together, PC1 and PC2 accounted for over 96% of total variance,
with clear seasonal separation along PC1: dry-season samples generally scored above zero
(associated with lower chlorophyll-a and higher DO), while wet-season samples clustered
at or below zero (higher productivity, lower DO) (Fig. 9A-D and Supplementary Table 8).
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Figure 9. Multivariate Principal Component Analysis of selected water quality parameters for
Lake Langano

3.2.3. Cluster Analysis

Hierarchical clustering using Ward'’s linkage with Euclidean distance identified two distinct
clusters reflecting seasonal and spatial differences. Cluster 1 (yellow) comprised wet
season samples from inflow-influenced and land-use-affected sites (L1, L10, and shoreline
sites L2-L6), characterized by high chlorophyll-a and low dissolved oxygen. Cluster 2
(green) comprised primarily dry season samples from mid-lake (L7-L9) and undisturbed
shoreline sites, along with some wet-season mid-lake samples, all exhibiting relatively
better productivity-oxygen balance than Cluster 1.

Sub-clusters within each group demonstrated the influence of local pressures on
productivity and oxygen dynamics: L1 and L10 are influenced by river inflow, L2-L3 by
adjacent agricultural land use, and L4-L6 by near-shore settlement (Fig. 10).
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Figure 10. Cluster Analysis of selected water quality parameters for Lake Langano
3.2.4. Trend Analysis

Lake Langano exhibited statistically significant trends paralleling those at Lake Ziway: a
significant increase in chlorophyll-a and a significant decline in dissolved oxygen through
the Mann-Kendall test. Chlorophyll-a increased significantly (Z = 3.017, p = 0.003, Tau =
0.495, Sen’s slope = +0.963 pg/L/year). Dissolved oxygen declined significantly (Z = -3.215,
p = 0.001, Tau = -0.526, Sen’s slope = -0.235 mg/L/year), indicating an ongoing decline in
oxygen availability (Table 3). While both lakes show comparable directional trends, the
magnitude of change differs, with Lake Langano’s rate of degradation significantly slower
than that of Lake Ziway (Table 1).

Table 3. Mann—Kendall Trend Test Results for Water Quality Parameters in Lake Langano

Lake Parameters Trend h p V4 Tau S  Var( Sen’s Interce
S) Slope pt

Chll-a (ug/L) Increasing  True 0.003 3.017 0.495 94 950 0963 11.248
Tur (NTU) Increasing  True 0.002 3.147 0.516 98 950  0.655 7.178
TSS (mg/L)  Increasing  True 0.001 3.407 0.558 106 950 1.000  17.600
DO (mg/L) Decreasing  True 0.000 -3.666 -0.600 -114 950  -0.235 8.078

Lake
Langano

3.2.5. Trophic Status

Using the [38] and [39] OECD definitions of mesotrophy and eutrophy (mean chlorophyll-a
of 8-25 pg/L indicating mesotrophic conditions, 225 pg/L indicating eutrophic conditions),
the seasonal variation in trophic status in Lake Langano adheres closely to these
thresholds. Mean chlorophyll-a in Lake Langano was 15.09 pg/L during the dry season,
with all 10 sampling locations within the mesotrophic range, while in the wet season
chlorophyll-a increased to 29.09 pg/L, with 7 of 10 sampling locations classified as
eutrophic (Fig. 11 and Table 2). This seasonal shift reflects increased nutrient loading and



algal growth from agricultural, urban, and floriculture-related runoff during the wet
season.

Number of Samples

Moderate (Mesotrophic) Eutrophic
Water Quality Class

Figure 11. Tropic Status Classification of Lake Langano
3.2.6. Model Performance and Prediction Uncertainty

The Random Forest model predicting chlorophyll-a in Lake Langano also performed well
(R?=0.968; RMSE = 1.435; MAE = 1.209; Bias = -0.092). Prediction uncertainty for Langano
was substantially lower than for Ziway (1.0-3.5 pg/L, predominantly < 3 pg/L), with more
uniformly distributed residuals indicating balanced and consistent predictions (see
Supplementary Table 10).

Feature importance for Langano was led by turbidity (SHAP importance = 0.552), followed
by dissolved oxygen (0.298) and TSS (0.150), indicating that sediment-related covariates
play a somewhat larger relative role here than in Ziway, though the variation among
predictors was smaller overall (see Supplementary Table 9). The model indicates a more
stable, homogeneous environment than Lake Ziway, supporting greater reliability of the
model’s projections for Langano (Fig. 12A and B).
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Figure 12. A) Validation of model performance and B) Prediction uncertainty of model for Lake
Langano

4. Discussion
4.1. Seasonal Forcing as the Dominant Driver of Chlorophyll-a and Dissolved Oxygen

Hydrological processes occurring throughout the seasons were the leading cause of
fluctuation in chlorophyll-a and dissolved oxygen at both Lakes Ziway and Langano, with
both lakes experiencing increased chlorophyll-a as rainfall increased runoff and nutrient
loading during wet periods. This finding agrees with other studies in the Ethiopian Rift
Valley: [40] and [27] both found that seasonality in rainfall is the largest predictor of lake
productivity and water quality fluctuation.

The increase in chlorophyll-a concentration was almost identical between Lake Ziway
(+18.2 pg/L) and Lake Langano (+14.0 pg/L), similar to findings for Lake Hawassa [14],
supporting the conclusion that lakes across the Ethiopian Rift Valley exhibit a shared
pattern of nutrient-induced phytoplankton stimulation from wet-season runoff, consistent
with findings in other lake ecosystems experiencing seasonal nutrient loading variation
[41].

Concomitantly, decreased dissolved oxygen concentrations were recorded during the wet
season in both lakes, consistent with the well-documented inverse relationship between
eutrophication and dissolved oxygen in highly productive lakes, [18], [30], [42] driven by
decomposing organic matter and algal respiration under increased nutrient loading.

4.2. Trophic Status and Eutrophication Dynamics

Lake Ziway transitions from mesotrophic to eutrophic conditions between dry and wet
periods, driven by increased nutrient loading from agricultural runoff, urbanization, and
water abstraction (Ayenew and Legesse, 2007; Fetahi, 2019; Musie et al., 2020). The high
wet-season chlorophyll-a values observed in Ziway (up to 37.83 pg/L) are consistent with



excess phytoplankton growth associated with algal blooms [4], [45]. Given the lake’s
shallow average depth (about 5 m), Lake Ziway is highly susceptible to water column
mixing, raising the risk of anoxia under continued nutrient loading a situation that
warrants urgent management attention.

Lake Langano, by contrast, shows a mixed mesotrophic-eutrophic status reflecting
comparatively lower pressure from human activities and better internal nutrient and
oxygen regulation [46], [47], [48]. The lake’s greater depth (~55 m) provides additional
stability relative to rapid shifts in trophic status.

Both lakes demonstrate the broader global trend of accelerating eutrophication driven by
land use change, underscoring the urgent need for integrated watershed management
across the Rift Valley lake systems, with a particular focus on protecting dissolved oxygen
balance.

4.3. Model Performance, Uncertainty, and Ecological Complexity

The Random Forest model’s predictive performance for chlorophyll-a was highly effective
(R? = 0.968-0.986; RMSE = 1.230-1.435), exceeding that achieved by alternative modeling
efforts for Ethiopian lakes, such as the R? of 0.91 reported by [49] for Lake Tana, indicating
that the integrated spatial and temporal sampling strategy used in this study improved
predictive accuracy.

Lake Ziway showed a wider range of prediction uncertainty (1.2-5.1 pg/L), particularly at
high chlorophyll-a values, consistent with nonlinear dynamics and threshold effects
common to heterogeneous eutrophic systems [3], [50]. Prediction uncertainty was
consistently lower (< 3 pg/L) for Lake Langano, reflecting its greater spatial homogeneity
and more stable internal processes [4].

Dissolved oxygen was the dominant predictor of chlorophyll-a in Lake Ziway (SHAP
importance = 0.681), while turbidity ranked first in Lake Langano (0.552), with DO second
(0.298). This lake-specific difference suggests that, while oxygen depletion dynamics
dominate in the shallower, more heavily loaded Lake Ziway, sediment-related processes
play a comparatively larger explanatory role for productivity in the deeper, more stable
Lake Langano [51], [52].

4.4, Limitations

There are four key limitations when interpreting these results. First, the lack of direct
nutrient measurements (total nitrogen and total phosphorus) limits the extent to which
causal relationships between nutrient inputs and eutrophication can be established. Future
research should measure both nutrients and optical parameters together to strengthen
causal interpretation. Second, several physicochemical parameters including pH, water
temperature, and electrical conductivity have previously been linked to productivity and
oxygen dynamics in lake systems but were not measured in this study [52]. Third, only one
seasonal cycle was sampled, so inter-annual variability related to climate variability,
drought cycles, and long-term land-use change could not be evaluated, despite their



importance for understanding climate change impacts in the Ethiopian Rift Valley [53],
[54].

In addition, SHAP-based explainability identifies important variables only at a correlational
level; relationships among variables cannot be interpreted mechanistically without
experimental support [50]. Finally, the Random Forest model developed here should not be
applied to other lake systems with different morphometric, hydrologic, or land-use
characteristics without retraining and validation on those systems.

5. Conclusion and Recommendations
5.1. Conclusion

Chlorophyll-a and dissolved oxygen dynamics in Lakes Ziway and Langano are strongly
explained by seasonal variability. During the wet season, chlorophyll-a increased while
dissolved oxygen decreased in both lakes, indicating intensified eutrophication pressure.

Lake Ziway exhibited greater variability and more severe degradation than Lake Langano,
with lower dissolved oxygen and higher chlorophyll-a. These patterns were confirmed
through PCA, which showed that phytoplankton productivity and oxygen depletion define
the dominant axis of variability in both lakes.

Random Forest modeling provided high predictive accuracy for chlorophyll-a in both lakes
(R* = 0.986 for Lake Ziway; R* = 0.968 for Lake Langano). SHAP analysis identified
dissolved oxygen as the leading or co-leading driver of chlorophyll-a variability across both
lakes, with turbidity as a secondary but ecologically meaningful covariate.

The combination of multivariate statistics, Random Forest modeling, and SHAP
interpretation provides a robust, transparent, and transferable framework for monitoring
productivity and oxygen balance in tropical freshwater ecosystems.

5.2. Recommendations

e Nutrient management should be implemented now, in the form of riparian buffer
zones, soil conservation practices, terracing, and climate-smart agriculture, to
reduce wet-season nutrient runoff and eutrophication pressure in Lake Ziway [55],
[56].

e Preventive watershed and land-use management strategies should be strengthened
to maintain Lake Langano’s relatively stable oxygen and productivity balance, given
the risk of degradation similar to Lake Ziway if preventive measures are not taken.
These strategies include controlling nutrient inflow, stabilizing shorelines, and
regulating agricultural expansion around inflow areas [52].

e Integrated real-time monitoring of chlorophyll-a and dissolved oxygen, combined
with machine learning-based early warning systems using remote sensing and in-
situ observations, will assist in early detection of algal blooms and oxygen depletion
events in both lakes.
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