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Abstract

Insufficient data access presents major challenges to scientific assessment of water resources,
development of management plans, and attainment of water security. Hydrologic models are
widely applied in the advisement of pollution, drought, and flood mitigation strategies; their
accuracy relies on data used in setup and calibration. A case study of Sasumua River Watershed
in Kenya illustrates compromises in certainty that must be made when conducting research and
developing hydrologic models under unideal data conditions. Current results predict a substantial
increase in streamflow within 50 years and recommend a multi-faceted approach to agricultural
pollutant reduction. Direct experience from the case study reiterates the importance of organized
data collection and dissemination for metrics of concern to improve future efforts in data-scarce

regions.
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1 Introduction

High quality data and hydrologic model outputs present tremendous opportunities to inform
decisions pertaining to water supply, quality, and climate extremes. This advantage has been
realized in several studies addressing topics including efficient implementation of management

practices (Mwangi et al., 2015; Gitau et al., 2006), flood risk management (Khaing et al., 2019;



Hall et al., 2003), and optimization of water resource allocation (Mirdashtvan et al., 2021) to
name a few. The functionality of hydrologic models is inherently dependent upon climate and
water data, which makes analyses for data-scarce regions extremely challenging.

Some techniques that have been used to overcome data limitations include using
downscaled global climate datasets and using calibration parameters from a previously calibrated
model in proximate or physically similar locations (Alipour & Kibler, 2019; Dinku et al., 2011;
Gitau & Chaubey, 2010). Despite these capacity development efforts, data scarcity and
unavailability remain an acknowledged stumbling block to studies aiming to address key issues
surrounding climate and hydrology. Kwakye & Bardossy (2020) exemplify how it impacts the
complexity of models that can be applied in a region, with the level of detail required and
provided by conceptual or process-based modeling sometimes being sacrificed in favor of the
simplicity of empirical modelling. As stated by Khaing et al. (2019), hydrometeorological data
scarcity results in the unavailability of reliable flood maps and information for urban planning,
consequently causing preventable damage to vulnerable populations. For studies which rely on
remotely sensed measurements (e.g., Penatti et al., 2015, Alemayehu et al., 2016), lack of ground
measurements, temporal or spatial, still limits attempts to calibrate and validate models (Grey et
al., 2013); as mentioned by Dinku et al. (2011), even in a case where there may be a sufficient
quantity of measurement stations, the stations are not always well distributed, often to the
detriment of rural communities. Without access to data resources that are essential to the creation
of high-quality models, these tools cannot be utilized to their full potential. Increasingly
pronounced climate variability has made it crucial to devise data-driven plans for the
management of water resources and the protection of those who rely on them. Given that the
need for coordinated data collection efforts is increasing in response to integration of water
resources management across disciplines (WMO, 2020), data collection and dissemination policy
reform is now imperative. Some of the missing elements outlined by Grey et al. (2013) to
effectively assess hydrologic threats are a consensus on data architecture, including language,
metrics, and standards; they elaborate that achieving global agreement on these will aid
interdisciplinary researchers in communication in the face of complex challenges. Overpeck et
al. and Grey et al. both emphasize the role of technological progress as a solution to data

scarcity, both in the form of crowd-based measurements and remote sensing. As these



advancements begin to gain traction and usage, there is a unique opportunity to lay a foundation
of standards and practices for their development.

When conducting studies in a data-rich environment, it is possible to report with more
certainty the results of an analysis including approximations of pollutant concentrations or
stream flow rates rather than relying on relative change metrics. Examples of studies made
possible by data-rich resources include prediction of phosphorous loading from agricultural
anthropogenic sources, estimating water quality and discharge response to land use change,
performance assessment of best management practices, and quantification of discharge response
to groundwater abstractions (Sinclair et al., 2014; Noteboom et al., 2021; Sholichin & Qadri,
2020; Affessa et al., 2022; Liu et al., 2020; Chaubey et al., 2010). While generalized information
can be garnered from studies under sparse data conditions, the resolution and quality of input
data have an important impact on model results (Smit & van Tol, 2022; Rocha et al., 2020;
Penatti et al., 2015).

This study demonstrates use of data for water resources management decision-making in
the Sasumua River Watershed in Kenya. Specifically, it provides a practical case study which 1)
shows how data can be translated into management decisions and 2) forms a basis for
recommendations on how to improve data availability and access for decision-making and
management in the future. The case study serves as an illustration of the challenges and
limitations in applying data-driven techniques given the current state of regional data resources.
In this light, recommendations were made for the path forward for data policy so that sufficient
data resources can be established, adding precision and value to studies upon which sound
management decisions can be founded. The case study was conducted using readily available
resources in a consciously transparent manner, enabling the definition of challenges specific to
the study area and the development of strategies to improve the quality of this type of study in

the future as a result of targeted data acquisition and increased accessibility.



2 Case Study Description

2.1 Study Site Overview

The area selected for a demonstrative case study was the Sasumua River Watershed, located in
Nyandarua County and within Kenya’s Tana River Basin (Fig. 1). This headwaters watershed is
of particular significance as it is responsible for 15 to 20% of the water supply for Nairobi
(Mwangi et al., 2015). The Sasumua Dam, Kiburu Dam and Chania Dam as well as two
diversions referred to as the Chania Tunnel and Kiburu Diversion were established to stabilize
levels in the Sasumua Reservoir and help in meeting this demand (Dixon & Berry, 1970). The
catchment area covers approximately 136 km? and elevation within ranges from 2250 to 3880
m; it is primarily comprised of farmland as well as forested areas overlapping the southwestern
portion of the Aberdare Mountain Range (Fig. 1b; Nduhiu et al., 2016), which forms part of the
eastern rim of the Great Rift Valley. On an annual basis, the watershed receives rainfall during
the long and short rainy seasons—consistent with the region—with an average total rainfall of
1,000 to 1,600 mm (Gathenya et al., 2009, as cited in Mwangi et al., 2015). The period of March
through June coincides with the long rains season, and October through December comprises the
short rains season (Nakaegawa et al., 2012). Due to the proximity of farmland to the river and
reservoir as well as the steep slopes surrounding them, sediment and nutrient loadings to the
reservoir are current water quality concerns. Soil erosion is a particular issue for uncultivated
grasslands in the region (Kyei, 2020). The soil profiles represented in the watershed are
Andosols joined by a Planosol (KE134-1-58) and a Phacozem (KE134-3-48) distributed as

shown in Figure 1c.
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Figure 1 Map of Sasumua River Watershed and a) Sasumua Reservoir and nearby
meteorological stations, b) landuse adapted from Copernicus 2015 product, and c) soil types
adapted from SOTER UT and KENSOTER v2 products. Data from b and ¢ were used in
hydrologic modelling activities.

2.2 Methodology

A modelling approach was taken for this study using the Soil and Water Assessment Tool
(SWAT, Arnold et al., 1998)—a distributed parameter model originally developed to assist
evaluation of management practices and other changes through the continuous simulation of
hydrologic processes for large river basins. The model has since been applied extensively around
the world (Bailey et al., 2020) including the Sasumua River Watershed (Mwangi et al., 2015;
Nduhiu et al., 2016). A more recent, modified version of SWAT with restructured code and
inputs, SWAT+, was developed to more flexibly accommodate the spatial representation of basin

processes (Bieger et al., 2017). This new version was used in the case study.



The unavailability of data and consciousness of data scarcity in the East African region
shaped the approach to developing the watershed model. SWAT+ requires information from
climate, elevation, land use, and soils datasets for basic functionality. Baseline data used in this
study is discussed in ensuing subsections. Model parameters can subsequently be calibrated to
accommodate local conditions using hard data from streamflow gauges and other point
observations and soft data such as a known water balance composition or literature-based
component estimates. It is recommended to use both types of data when calibrating a SWAT+
model (Seibert & McDonnel, 2002). Due to unavailability of standard streamflow and water
quality data for use with model calibration and validation, a soft data calibration approach was
used in this study. The baseline watershed model was then used to evaluate the effects of

different management practices and climate change trajectories on the watershed.

2.3 Data Development

A collection of datasets for elevation, land use, soil, and climate data were accumulated and
pieced together from relevant agencies and portals for use as model inputs, as described in
ensuing subsections. Special attention was placed on replicability, guided by relevant
documentation (Saraswat et al., 2015) such that elements of the study can be revisited and
improved as the regional data situation evolves. In line with FAIR Guiding Principles (Wilkinson
et al., 2016), the use of openly accessible data resources was prioritized in building the model
with the option of sourcing and/or purchasing data being used when open access options had
been exhausted or had not yielded suitable results. Data inputs used in this study were obtained

and developed as detailed in Appendix I (summarized in Table 1):

Table 1 Summary of data inputs used in development of the Sasumua River Watershed SWAT

model.
Data Type Sourcet Description Current Availability
Topography NASA JPL, 2013 (SRTM) Digital elevation model raster Freely Available for Download
Soils Dijkshoorn et al., 2011 Vectorized map and corresponding database Freely Available for Download

(SOTER _UT); Batjes & Gicheru, of soil profile information
2004 (KENSOTER); Hengl et al.,
2017 (ISRIC SoilGrids250m)
Land Use Buchhorn et al., 2020 Remotely sensed land use/ land cover raster Freely Available for Download

(Copernicus)



https://lpdaac.usgs.gov/products/srtmgl1v003/
https://lcviewer.vito.be/download
https://lcviewer.vito.be/download
https://data.isric.org/geonetwork/srv/eng/catalog.search#/home
https://data.isric.org/geonetwork/srv/eng/catalog.search#/home
https://data.isric.org/geonetwork/srv/eng/catalog.search#/metadata/98062ae9-911d-4e04-80a9-e4b480f87799
https://data.isric.org/geonetwork/srv/eng/catalog.search#/metadata/98062ae9-911d-4e04-80a9-e4b480f87799
https://data.isric.org/geonetwork/srv/eng/catalog.search#/metadata/ce32091e-006d-4438-8e03-cf7b4c500df7

Climate Saha et al., 2010 (CFSR); Saha et Daily precipitation totals and temperature Freely Available for Download

al., 2011 (CFSRv2) extremes
Climate O’Neill et al., 2016 (CMIP6) Daily precipitation totals and temperature Freely Available for Download
Projections extremes for future climate scenarios
Agronomic County Government of Information on crops, growing seasons, and Freely Available for Download
Practices Nyandarua, 2018; Jaetzold et al., operations.

2006
Agronomic Oseko & Dienya 2015; Jaetzold Information on chemical fertilizer and Freely Available for Download
Inputs et al., 2006 manure inputs
Streamflow WRA Daily streamflow records Rating Curve Unavailable Upon

Request

Water Quality WRA Unavailable Upon Request

TNASA JPL: National Aeronautics and Space Administration Jet Propulsion Laboratory; SRTM Shuttle Radar Topography Mission;
SOTER_UT: Upper Tana Soil and Terrain; KENSOTER: Kenya Soil and Terrain; CFSR: Climate Forecast System Reanalysis; CMIP6: Coupled
Model Intercomparison Project Phase 6; WRA: Kenya Water Resources Authority.

2.4 Model Development, Calibration, and Validation

A model of the Sasumua River Watershed was established in SWAT+. Appendix | contains
technical details and extended information on development of the model which featured 8
subbasins and 1,167 HRUs. Daily data on flowrates for the Kiburu or Chania diversions were not
available, therefore, these features were modelled as a simplified 90% diversion of flow from the
channel at the diversion entrance to the exit point.

The calibration period consisted of 2011-2015, with a 5-year warm up, and the validation
period spanned 2016-2020. A local sensitivity analysis indicated that surface runoff (SR) and
evapotranspiration (ET) were less sensitive to the parameters petco, flo min, and abf Ite (Table
S6). Saltelli first-order and Jansen total-order sensitivity analysis indicated important effects for
cn3_swf, epco, latq co, esco and cn2, although sensitivities did not converge for all parameters
(Fig. S6, Table S7).

The target composition values for SR and ET were 14% and 75% of annual rainfall for
the calibration period, respectively, based on the corresponding ranges of 12-16% and 65-90%
calculated and modelled in studies by Archer (1996), Hunink, et al. (2011), and Mwangi, et al.
(2015). The highest mean percentage of ET achieved over the calibration period in the entire
testing space was 44.1%, and mean annual percentage ET could not be raised substantially

without raising mean annual percentage SR beyond the desired range.


https://star-www.giz.de/fetch/88Xl00jdWg0001Q1JV/07-1284.pdf
https://star-www.giz.de/fetch/88Xl00jdWg0001Q1JV/07-1284.pdf
https://africafertilizer.org/wp-content/uploads/2017/05/FUBC-Kenya-final-report-2015.pdf
https://star-www.giz.de/fetch/88Xl00jdWg0001Q1JV/07-1284.pdf
https://star-www.giz.de/fetch/88Xl00jdWg0001Q1JV/07-1284.pdf
https://repository.kippra.or.ke/handle/123456789/663
https://repository.kippra.or.ke/handle/123456789/663
https://esgf-node.llnl.gov/projects/cmip6/
https://rda.ucar.edu/datasets/ds094.0/
https://rda.ucar.edu/datasets/ds094.0/
https://rda.ucar.edu/datasets/ds093.0/

2.5 Scenario Definition

A field visit to WRA in Nairobi and the watershed site was conducted to ground truth data on
land cover and agricultural practices and verify the location of known points within the case
study area.

Another primary function of the trip was to assess the types of outputs and scenarios that would
be of greatest value or interest to stakeholders. One expression from the WRA—the agency
charged with regulating use and management of Kenya’s water resources—was a desire for more
information on groundwater responses in the region of the case study. Meetings with
representatives of the Upper Tana-Nairobi Water Fund (UTNWF)—initially founded by The
Nature Conservancy to protect upstream water resources, now run locally with similar goals—
revealed interest in modelling the effects of different practices with planned or ongoing
implementation in the watershed; these included runoff collection in constructed, lined ponds,
level field diversions for water storage, Napier edge-of-field grass strips, and riparian buffer
zones. The following management scenarios, outlined in Table 2, were designed to fit the needs
of the watershed with consideration to the input received from WRA, UTNWF, and other
stakeholders.

The first management scenario modelled the establishment of 100-m riparian buffers
along streams, the second addressed the application of vegetative contour strips in agricultural
areas, and the third scenario was representative of terracing in agricultural areas. Scenario 4 was
the implementation of level field diversions and Scenario 5 modelled the adoption of agricultural
water harvesting pond systems. Scenarios 1-5 applied a single practice while Scenario 6
represented the combination of several of these practices together, namely riparian buffers, filter
strips, terracing, and water harvesting ponds. Adjustments to the universal soil loss equation
(USLE) P factor were applied to the calibrated model and Scenarios 3, 4, and 6 using the land
use management feature in SWAT+ Editor. Field border filter strips were applied for Scenarios 2
and 6 also using the land use management feature in SWAT+ Editor. For design purposes in
Scenarios 5 and 6, generic agricultural water harvesting pond systems consisted of 3x2x2 m pits
lined with plastic. Similar to methods used in Ghimire and Johnston (2013), floor division of the

area of each agricultural HRU by an average agricultural land holding size of 1.73 acres (County



Government of Nyandarua, 2018) was used to approximate the number of runoff harvesting
ponds. For each subbasin, ponds were aggregated into a single pond of equivalent volume and
surface area located at the points indicated in Figure 2. Due to a lack of information on quantity
and timing of irrigation operations, and given that most agriculture in the watershed is rainfed,
scenarios related to irrigation were not modelled in this study.

Precipitation and temperature data for four future climate scenarios—SSP1/RCP2.6
(sustainable), SSP2/RCP4.5 (mixed), SSP3/RCP7.0 (environmentally unconcerned), and
SSP5/RCP8.5 (fossil-fuel-driven)—was retrieved from the Coupled Model Intercomparison
Project Phase 6 (CMIP6, O’Neill et al., 2016) for use as climate inputs in the calibrated SWAT+
project to predict the effects of climate change on discharge into the Sasumua Reservoir
considering the periods: 2011-2020 (baseline) and successive twenty-year periods in the near,
middle, and distant future (2031-2050, 2051-2070, and 2071-2090, respectively). Datasets from

seven separate models were considered for a total of 28 SWAT model outputs.

Table 2 Baseline model management practice and changes made to the baseline model by

scenario.
Management Scenario Modifications
Baseline Cross slope tillage implemented on agricultural land using SWAT+ Editor (P Factor = 0.75).
1 Riparian Buffers (100m) The Copernicus land cover raster was modified to include a 100 m buffer of rangeland around the

stream network, and the baseline model was redeveloped and run using this updated land cover

layer.
2 Filter Strips Field Border filter strips were implemented on agricultural land using SWAT+ Editor.
3 Terracing Contoured terraces on 3-8% slopes with sod outlets implemented on agricultural land using

SWAT+ Editor (P Factor = 0.5).

4 Field Diversions Field diversion terraces at 40 m intervals on 3-8% slopes implemented on agricultural land using
SWAT+ Editor by creating a new conservation practice based on Yang, et al. (2009) (P=0.17).

5 Agricultural Water Harvesting Ponds Ponds with a volume and surface area equivalent to the sum of runoff harvesting system volumes
estimated for agricultural HRUs were placed within each subbasin, and the baseline model was

redeveloped and run using this updated inlet/outlet layer.
6 Combined Application of Riparian Modifications for Scenarios 1, 2, 3, and 5 above applied to a single model.
Buffers (100 m), Filter Strips, Terracing,
& Agricultural Water Harvesting Ponds
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Figure 2 Map of Sasumua River Watershed and relevant points used in hydrologic modelling
activities.
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3 Results and Discussion

The Sasumua River Watershed case study encompassed the calibration and validation of a
SWAT+ model and the practical evaluation of the outputs resulting from different scenarios
tested. Experiences during the process were used to support commentary on what actions should
be taken on a greater scale to improve the availability of data resources for future modelling

efforts.

3.1 Case Study Results

Using the calibrated model, the mean annual percentage compositions for SR and ET were 15%
and 43% of precipitation for the calibration period and 20% and 37% for the validation period,
respectively. Results achieved for SR for these periods were within a satisfactory range
compared to literature. However, calibration of the model within reasonable parameter ranges
consistently underestimated the ET component of the water balance when compared as a
percentage to values from literature. As the model results form the basis of recommendations for
action, it is important to note this discrepancy. While variations in ET calculations between
SWAT+ versions have been noted by user groups, more work is needed to pinpoint the cause.
Annual values for sediment yield (0.04 tons/ha for the calibration period and 0.07 tons/ha for the
validation period) were well within the range of literature suggested values (0-10 tons/ha). Since
the average annual sediment yield values were consistent with the literature, no calibration of

transport-related parameters was deemed necessary.

3.1.1 Management Scenario Results

Listed in Table 3 are the mean annual sediment, organic nitrogen, and organic phosphorous
yields and NOs in runoff for the entire watershed for the 2011-2020 period. The effects of each
management scenario varied across these dimensions, with filter strips (Scenario 2) having the
best efficacy for a single measure at reducing losses and Scenario 6, with multiple practices
combined, resulting in the greatest reduction of losses. Scenarios 1 and 5, representing rangeland
buffers and agricultural water harvesting ponds led to loss increases, most notably for NO; in
runoff. However, these effects were mitigated when combined with filter strips and terracing for
Scenario 6. A comparison by subbasin highlighted which areas were more susceptible to

sediment loss in the baseline model (Fig. 9a). The sediment losses for each of the scenarios were
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also compared at the subbasin level to the baseline loss (Fig. 9b-g). In almost all cases sediment
yield was considerably reduced with exceptions being for the near-zero percent change of
implementing Scenario 5 and the increase in sediment loss for the south-easternmost subbasin in
Scenario 1. This particular subbasin was primarily forested in the baseline scenario, thus the
application of a uniform rangeland buffer to some areas which were previously forested implied
a land use change resulting in the visualized 13% increase in loss. The importance of maintaining
existing forest buffers should be acknowledged as Figure 1b indicates that agricultural land use is
encroaching on this subbasin and the subbasin to its north. Subbasin responses for organic N and
P followed a similar pattern to sediment (Figs. S9 & S10).
Table 3 Comparison of sediment yield, total nitrogen loss, total phosphorous loss, nitrate in

runoff, surface runoff, and evapotranspiration for the watershed and inflow to the Sasumua
Reservoir relative to baseline results.

Percent Change (%)

Baseline Scenario 1 Scenario 2 Scenario 3 Scenario 4 Scenario 5 Scenario 6
Sediment 0.055 ton/ha -22.9 -30.0 -10.2 -23.3 0.2 -46.9
Organic N 0.033 kg/ha -14.8 -11.7 -4.6 -11.4 0.9 -26.8
Organic P 0.002 kg/ha -5.3 -5.3 -5.3 -5.3 0 -26.3
Runoff NO; 0.116 kg/ha 14.3 -70.1 0 0 40.4 -73.5
Surface Runoff 291 mm 8.4 0 0 0 0.1 8.4
Evapotranspiratio 616 mm -4.6 0 0 0 -0.1 -4.6
n
Reservoir Inflow 93.8x10°m*/s 4.6 0 0 0 0.7 5.3
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Figure 3 Map of sediment loss by subbasin for: a) baseline; and scenarios b) 1-Riparian Buffers,
c) 2-Filter Strips, d) 3-Terracing, ¢) 4-Field Diversions, f) 5-Agricultural Water Harvesting
Ponds, and g) 6-Combined Application of 1, 2, 3, and 5. All scenario percent changes are relative
to baseline. Reductions in losses are signified by a negative percent change.

3.1.2 Climate Change Impacts

A summary of the results from running the calibrated model with the 28 CMIP6 model outputs is
shown as a series of boxplots representing the mean annual flow into the Sasumua Reservoir
normalized on the basis of the median value for each of the four climate scenarios for the first
twenty-year period (Fig. 4). While there is little change in SSP1/RCP2.6, mean streamflow is
generally projected to increase over time with the most extreme difference between the first and
last period occurring under SSP5/RCPS.5, for which flows may nearly triple. The means for less
extreme climate scenarios, SSP2/RCP4.5 and SSP3/RCP7.0, more than double over the same
period. This is most likely driven by the increases in precipitation for the short rains season, a
projected trend also observed in literature (Cook et al., 2020). Of the seven models considered,
INM-CM4.8 was responsible for all outliers and the maximum value for each climate scenario
for each period (Fig. 4). In Appendix II, the results for SSP2/RCP4.5 were plotted in further
detail to provide a snapshot of projected changes in monthly and seasonal flows and map

subbasin-level differences in SR and ET within and across periods.
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Figure 4 Boxplots for mean annual discharge into the Sasumua Reservoir for the periods 2011-
2020 (baseline), 2031-2050, 2051-2070, and 2071-2090 under SSP1/RCP2.6, SSP2/RCP4.5,
SSP3/RCP7.0, and SSP5/RCP8.5 using outputs from seven CMIP6 models. Average annual
flows were normalized using the median value for the first period of each climate scenario.
Points represent statistical outliers and are not considered in the formation of the boxplots.

3.2 Study Insights

With assistance from the WRA, limited precipitation data from local stations and daily stream
gauge records were procured. Unfortunately, the precipitation records were on a monthly basis,
not daily, and as such could not be used in the model directly or as a guide for downscaling the
climate datasets used. Similarly, the stream gauge data obtained, while at a daily timescale, was
reported in height (m) and, in the absence of a stream rating curve, could not be turned into a
meaningful flow rate. Literature suggests that, at some point in history, records were collected
locally for meteorology, streamflow, and sedimentation (Mwangi et.al, 2015; Nduhiu et al.,
2016). It is unclear why those particular datasets could not be traced and were no longer
available by request. Overall, the data conditions under which the case study was performed
were not ideal. There was no observed daily meteorological data, only generalized sediment data,
and no nutrient, inorganic chemical, or biological component data found representative of the
study area. There was very limited recent information available on measurements or studies
pertaining to water quality for the watershed. Most data ranges were estimated using graphics
from literature dating back a decade or more, which was focused on the Tana River Basin at

large. Since the calibration and validation periods span 2011-2020, the timeliness was not
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extremely discordant. However, this is something that will need to be taken into consideration
for future studies.

Unfortunately, this type of experience is not uncommon in areas that can be termed as
data scarce. The process of procuring data for this project was a prime example of the
complexity of availability issues for data related to water resources management in the region. In
many cases, the necessary systems have not yet been established to make data accessible for
public research (Garibay et al., 2022). In other cases, data has been collected piecemeal through
different research projects and is not being aggregated and curated in a single research database,
making it inaccessible even through official channels. Finally, for some periods, locations, and
variables, the data simply has not been collected.

For headwater watersheds serving as a supply for heavy demand downstream, similar to
the Sasumua River Watershed, knowledge of projected changes in streamflow is crucial for the
design of dam and diversion infrastructure and for planning mitigation strategies for areas of
increased flood risk. Without daily data on flows through streams and diversions, the precision of
hydrologic estimates will be low, which leads to unanticipated risks that could have been averted
and superfluous investments in protective measures should risks be overestimated. To
accommodate interest in surface water and groundwater quality studies, it will be essential to
increase the capacity of current water quality monitoring networks. Periodic data on water table
levels and chemical concentrations could vastly improve approximations of groundwater quality
status for more effective planning and modelling efforts.

Volume 1 of the World Meteorological Organization (WMQO) Guide to Hydrological
Practice has suggested that the value of data stems directly from its use, implying that a financial
loss is incurred when data is collected and cannot be used to its full potential (WMO, 2020). The
guide also emphasizes the importance of coordinated data collection efforts and planning
towards integrated data networks. Explicit data policies will need to be established to improve
intra- and international communication and sharing between agencies collecting data that could
inform water resources management nationally and globally.

Discussion with practitioners in the watershed indicated a strong push towards
transitioning to automated data collection methods for gauge data, which will increase the

capacity for real-time data capture and reporting. With these new initiatives come new
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opportunities for data policies that support hydrological and climate research. This includes
making centralized databases with public catalogs of datasets in their inventory. Additionally,
improvements could be made in the documentation of instruments and procedures used to collect
data—information highly relevant to analysis and modelling when quantifying uncertainty of
inputs and results (Saraswat et al., 2015). These actions correspond well with the theme
“Strengthening of Hydrometeorological Information Management”, which is part of the strategy
for capacity development outlined in Kenya’s National Water Master Plan 2030 (Nippon Koei
Co., Ltd, 2013). Current systems for gaining access to meteorological and hydrological data in
Kenya rely on data request forms that have varying response rates and are challenging to use
without preexisting knowledge of what datasets are available. Ideally, datasets would be
organized in a portal where they would be downloadable by any interested individual. However,
if data access is restricted, researchers at national and international education institutions and
non-profit organizations should have a simple, efficient, and clearly defined pathway to gaining

acCcCess.

4 Conclusions

While model outputs are useful for decision-making when presented in relative terms, current
data collection and dissemination systems for this watershed and the greater region of East
Africa do not address the critical need for data. In the coming decades, the Sasumua River
watershed is projected to experience increased rainfall and streamflow under the climate
scenarios SSP2/RCP4.5, SSP3/RCP7.0, and SSP4/RCP8.5. Based on mean annual results, by the
year 2090 and under the same diversion scheme, this flow difference may be as much as three
times the current amount, with moderate climate scenarios producing an increase of over double
the baseline amount. Thus, making and managing water resources decisions will become even
more critical into the future. Current indications suggest that the most effective management
scenario for reduction in mean annual sediment, organic nitrogen, and organic phosphorous
yields and NO; in runoff is that which combines a variety of practices, with the most effective
single management practice being the application of filter strips. The unavailability of daily

measured data for the study watershed, however, presents a challenge, for example, by
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introducing uncertainties into the modeling and decision-making process. Likewise, the lack of
readily usable groundwater data makes any results pertaining to groundwater an estimate, at best.
Unfortunately, this situation is not unique to the study watershed, rather, is common within the
greater East Africa region. Meeting the need for available and accessible water and climate data
will reduce the uncertainty of results and increase the representativeness of specific results such
as flow rates and pollutant concentrations for use in water resources decision-making and

management and, ultimately, in improving water security in the region.

Funding: This work was funded in part by the LASER-PULSE program through USAID’s
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APPENDIX I: CASE STUDY METHODS SUPPLEMENT

Data Development

Topography

The digital elevation model (DEM) was sourced from the Shuttle Radar Topography Mission (SRTM)
global 1 arc-second version 003 product provided through collaborative efforts organized by NASA
(NASA JPL, 2013). The raster images are available as zipped granule files in the NASA EarthData

portal (Earthdata Search). After creation of a free account, granules can be downloaded individually

and are named according to the coordinate at the bottom left corner of the 1° x 1° bounding box
represented in the tile (e.g., SOIE036.SRTMGL1.hgt.zip for this case study). The portal also offers
spatial filtering tools for the identification of relevant granules. The DEM resolution is approximately

30 m.
Land Cover

The discrete classification Copernicus Global Land Cover 100m products (Buchhorn et al., 2020) for
the years 2015 and 2019 were downloaded using the Global Land Cover Viewer (Land Cover Viewer),

where they are available in 20° x 20° tiles. To develop these land cover maps an algorithm summarizes
satellite imagery into 23 discrete classes on an annual basis. After downloading the discrete
classification land cover file for 2015 and 2019 for tile E20 N20, the 2015 map was used in QGIS to
prepare the model, the basin outline from the QSWAT+ setup was saved as a shapefile. This shapefile
was used to clip the 2015 and 2019 land use rasters (with preserve input layer resolution checked) in a
separate QGIS3 document. These clipped rasters were processed with the raster layer histogram tool to
determine the pixel count for each land cover class. The comparison of the counts as well as the
percentage of the total map they comprise for each of the years is shown in the table below (Table S1).
Examination of the changes in land cover over the 5-year period revealed that changes for all categories
were equivalent 0.1% of the total area or less. The original 2015 tile was clipped to the extent of the

DEM for use in the model. The land cover map resolution is approximately 100 m.


https://lcviewer.vito.be/download
https://search.earthdata.nasa.gov/search/granules?p=C1000000240-LPDAAC_ECS&pg%5B0%5D%5Bv%5D=f&pg%5B0%5D%5Bgsk%5D=-start_date&tl=1646436006.44!3!!
https://lpdaac.usgs.gov/products/srtmgl1v003/

Table S1. Pixel count and percent of total area for Copernicus Global Land Cover 100m from 2015 to
2019 and change in percent of total area from 2015 to 2019.

SWAT 2015 2019 A Percent
Landuse Pixel count Percent (%) Pixel count Percent (%)

RNGB 40 0.4 39 0.3 0.0
WETL 226 2.0 211 1.9 -0.1
AGRL 4586 40.6 4583 40.6 0.0
URML 85 0.8 85 0.8 0.0
WATR 23 0.2 32 0.3 0.1
WETN 51 0.5 56 0.5 0.0
FRSE 4117 36.4 4123 36.5 0.1
FRST 1025 9.1 1025 9.1 0.0
FRSE 265 23 268 24 0.0
FRST 880 7.8 876 7.8 0.0

Soils

The International Soil Reference and Information Centre (ISRIC) has developed a series of Soil and
Terrain (SOTER) databases at various levels. The primary map and database used for the model was

the Upper Tana SOTER (SOTER UT, Dijkshoorn et al., 2011) product, a derivative of an earlier

Kenya SOTER (KENSOTER) product, which incorporated more regional studies and surveys of the
Upper Tana region. Since the watershed delineation did not perfectly coincide with the delineation used
in developing SOTER _UT, a few missing segments were sourced from the most recent version of

KENSOTER (version 2.0, Batjes & Gicheru, 2004). Not all of the soil profiles relevant to the model

had every variable documented as required by SWAT+, requiring additional development (Tables S2 &
S3). Whenever possible, the available information was used with reference tables or pedotransfer
functions to estimate any missing variables. For variables such as organic carbon, to which these

techniques did not apply, the corresponding ISRIC SoilGrids250m GeoTIFFs (Hengl et al., 2017) for

each depth level within the range of the soil profile were clipped to match the spatial extent of the
profile, and the average pixel value within that polygon was applied to the soil profile for that depth.
Layers were added in cases where the depths did not correspond with existing layers in the profile.
SOTER _UT, has an approximate resolution of 125m, but data was also incorporated from maps with

an effective resolution as coarse as 500 m.
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Table S2. Soil profile development details.

Variable

Procedure for Missing Values

Organic Carbon

(00

Bulk Density (BD)

Electrical

Conductivity (EC)

Available Water
Capacity (AWC)

Albedo

In QGIS 3.18.1 Zonal Statistics were calculated for the soil organic carbon layers from ISRIC SoilGrids250m on the
basis of the soil group polygons from the merged SOTER shapefile. For soil groups with multiple polygons, area
weighted averages of the mean for each polygon were used in the soil profile. Where layer depths in the soil profile did
not align with the SoilGrids 250 layers, the existing soil profile layers were subdivided to accommodate the two
different values. Units for SoilGrids are (dg/kg). Units for SOTER are g/kg. The necessary conversions were made to
achieve the percent soil weight (g/kg) required by SWAT.

Populated using the equation from Hong et al. (2013):
BD=1.02-0.156 #log,,(OM ),

where OM is organic matter content in g/100g.

Populated with the default value of 0.
Arnold et al. (2013) suggests that EC is not in use.

Populated using the equation:

AWC=5M _33p0 = SM _ 1500400

where SM is soil moisture at the tensions designated in the subscript (adapted from O’Geen, 2013).
In cases where these values for the layer were unavailable, the following equations adapted from Saxton & Rawls
(2006) were used:

SM _15001p0=|—0.024 # Sand +0.487 * Clay +0.006 * OC #1.72+0.005 * Sand * OC *1.72+0.068 * Sand
#Clay +0.031)+(0.14 # —.024 * Sand +0.487 * Clay +0.006 * OC #1.72+0.005 * Sand 5
#0OC #1.72-0.013 *Clay #OC *1.72+0.068 * Sand * Clay +0.031)-0.02

where Sand, Clay, and OC are the percentages of sand, clay, and organic carbon in the soil, respectively. An
assumption was made that organic matter from these equations did not refer to only the organic carbon component of

organic matter so a 1.72 conversion factor was applied (Arnold et al., 2013).

Populated using the equation from Post et al. (2000):
Albedo=0.069 * ColorValue —0.114 *0.93,

where ColorValue is the number before the slash in Munsell notation.
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Kt

I<USLE

Rock

Hydrologic Soil
Group (HSG)

Table S2. continued

Populated using the equations:

K,,=10 *exp|12.012 - 0.0755 * Sand +( - 3.8950+0.03671  Sand - 0.1103 % Clay +8.7546 10"
#Clay?) #(0.332-7.251 %10 » Sand +0.1276 *log,, CIay))’l]

s

where Sand and Clay are the percentages of sand and clay in the soil (Saxton et al., 1986).

Populated using the equation:

. . 0.3
KUSLE_(042+0.3 *exp(—O.ZSG *Sand *(1—S’_h)) *(—Slh ) * —( 0.0256 »OC x1.72 )

100 Clay + Silt OC +exp(3.72)-2.95 *OC
Sand
0.7 #|1- ,
*( ( 100 ))

1 - Sand +exp(—5.51+22,9 *(1— S‘"’d))

*(17

100 100
based on the method from Williams (1995) as cited in Arnold et al. (2013) where Sand, Silt, Clay, and OCare the

percentages of sand, silt, clay, and organic carbon in the soil.

For profiles with letter classifications, the average of the percentage range was acquired from Table S3. For
remaining profiles, the zonal statistics procedure used to estimate OC was applied to the relevant SoilGrids250m
Coarse Fragments Volumetric layers. Since both SOTER classifications and SoilGrids resulted in a volumetric
fraction in cm’/dm’, it was necessary to convert this to a weight fraction (for use with SWAT) using the bulk soil

density for each profile and layer. For this conversion, a fragment density of 2.7g/cm’ was used.

HSG assignment was based on K, values under the guidelines in Mockus et al. (2009).
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Table S3. Volume Percentages of Rock and Coarse Fragments (adapted from Van Engelen &
Dijkshoorn, 2012).

Class Description Percentage Range Average

N None 0% 0%

\% Very Few 0-2% 1%

F Few 2-5% 3.5%

C Common 5-15% 10%

M Many 15-40% 27.5%

A Abundant 40-80% 60%

D Dominant >80% 90%
Climate

Past studies indicate that the study site has three active weather stations: 9036152 South Kinangop
Njabini Farmers Training Centre (-0.72, 36.65), 9036164 South Kinangop Forest (-0.72, 36.68), and
9036188 Sasumua Dam (-0.75, 36.67). However, it was not possible to procure observed
meteorological data on a daily time scale for this study; multiple requests for daily data from specific
stations within and near the watershed were not successful despite the efforts of those committed to
assisting with this research. To proceed with the case study, daily precipitation and temperature range
data for the period 1979-2021 was retrieved for the most proximate grid point (-0.50, 36.50) to Station
9036152 from the CFSR database (Saha et al., 2010; Saha et al., 2011) for use with model calibration

and validation. While not equivalent to measured data, the CFSR is commonly used in research as a
source of reliable daily meteorological data (Garibay et al., 2021). Monthly precipitation data for
Station 9036152 sourced from the Kenya Water Resources Authority (WRA) was used to confirm the
suitability of the CFSR data for the study based on mean and distribution comparison for monthly
totals for the years with data available (1979-1993 excluding two months without observations, Fig.
Sla). The monthly precipitation totals matched well for the first dry season, were a mixed under- and
over- prediction for the long rains, overpredicted the second dry season through October, and were
representative of the means for the remainder of the short rains season. Overall, representation of
seasonal trends was preserved, and the CFSR datasets were used with the expectation of slightly
inflated annual precipitation, most notably increased for the second dry season. A comparison of
minimum and maximum temperature summaries from the KENSOTERv2 database for Station

9036152 sourced from the Kenya Meteorological department for the year range 1959-1964 to CFSR
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temperature data for the modelling period, 2011-2020, revealed an overall increase in minimum
temperatures and an increase in maximum temperatures, particularly for February-April, September,
and October. This is consistent with expectations for changes in climate over the approximate five-

decade gap between the two periods (Fig. S1b).

800 (a) ¢

600
g
£ Data Source
= °
S
£ 400 3 CFSR
.§ ° EI Observed
£ . I

°
200 ©
o ® [ ] °
= .
) &
Tan Feh Mar Anr Mav Tin Tl Ano  Sen Oct  Nov Dec
25 (b)

020

e CFSR Max
2 15 Observed Max
s 10 CFSR Min
? Observed Min
= 5

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month

Figure S1 (a) Comparison of total monthly precipitation for the years 1979-1993 for observed data
from Njabini (Station 9036152) and CFSR data (Grid Point 0.5S 36.5E). Points represent statistical
outliers and are not considered in the formation of the boxplots. (b) Comparison of mean monthly
observed minimum and maximum temperatures for the period 1959-1964 from Njabini (Station
9036152) and mean monthly CFSR minimum and maximum temperatures for the period 2011-2020.

Future Time Series

Projected climate data for precipitation and temperature range was retrieved for a selection of seven
model outputs from the Coupled Model Intercomparison Project Phase 6 (CMIP6, O’Neill et al., 2016).
Scenarios for CMIP6 are representative of different Shared Socioeconomic Pathways (SSPs), which

embody variations in global adaptation responses to climate change, and Representative Concentration
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Pathways (RCPs), which reflect differences in greenhouse gas concentration trajectories. The seven
models used in this study are the continuous subset of models available at daily, 100-m resolution for
precipitation and surface temperature extremes for all four of the considered climate scenarios (Garibay

et al, 2022). The general societal behaviors characterized by the SSPs featured are 1, sustainability-

conscious development; 2, moderate/mixed development approach; 3, low prioritization of
environmental concerns; and 5 growth driven by fossil-fuels (Riahi et al., 2016). A summary of the
characteristics for each model across SSPs is provided in Table S4. An overview of differences in
CMIP6 model outputs for SSP2/RCP4.5 between the past decade and the remaining 80 years suggests
that maximum monthly precipitation may increase, with the greatest changes occurring in April and
throughout the short rains season (Fig. S2); minimum temperature ranges are likely to remain fairly
consistent over time (Fig. S3), while the upper limit of projected maximum temperature ranges is likely
to increase (Fig. S4).

The CMIP6 model outputs were used as climate inputs in the calibrated SWAT+ project to
predict the effects of climate change on discharge into the Sasumua Reservoir considering the periods:
2011-2020 (baseline) and successive twenty-year periods in the near, middle, and distant future (2031-
2050, 2051-2070, and 2071-2090, respectively). The calibrated SWAT+ model—anchored on the
baseline scenario—was run with data from each of the CMIP6 models for SSP1/RCP2.6,
SSP2/RCP4.5, SSP3/RCP7.0, and SSP5/RCP8.5, for a total of 28 SWAT model outputs.
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Table S4 Range of change in mean annual values for the period 2071-2100 against a baseline 1991-
2020 climate normal for seven CMIP6 model outputs under SSPs 1, 2, 3, and 5 for the most proximate
grid point to Njabini (Station 9036152) in the Sasumua River Watershed.

Model A Total Precipitation A Number of days A Minimum Surface Air A Maximum Surface Air
(%) receiving rainfall in  Temperature (°C) Temperature (°C)

excess of the baseline 95™

percentile (%)
CMCC-ESM2 (35.7%, 50.3%) (48.6%, 60.3%) (1.1°C, 2.1°C) (0.9°C, 3.1°C)
GFDL-ESM4 (-11.1%, 6.7%) (-20.9%, 10.3%) (0.9°C, 2.7°C) (0.9°C, 3.5°C)
INM-CM4.8 (2.2%, 15.8%) (-2.8%, 29.6%) (0.6°C, 2.8°C) (0.8°C, 3.1°C)
INM-CMS5.0 (2.4%, 15%) (5.5%, 45.4%) (0.7°C, 2.5°C) (0.9°C, 2.3°C)
MPI-ESM1.2-HR (-6%, 4.9%) (-8.2%, 13%) (0.7°C, 3.8°C) (0.8°C, 2.6°C)
NorESM2-MM (7.3%, 23.1%) (8.1%, 25.5%) (1°C, 3.4°C) (1.1°C, 3.2°C)
TaiESM1 (28.1%, 44.4%) (29.8%, 53.3%) (-1.4°C, 0.3°C) (5.4°C, 8.2°C)

Footnote: Shared Socioeconomic Pathways (SSPs) 1-Sustainability; 2-Middle of the Road; 3-Regional Rivalry; 5-Fossil-Fueled Development
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Figure S2 Comparison of span of monthly precipitation outputs for seven CMIP6 models under
SSP2/RCP4.5 during the periods 2011-2020 and 2021-2100.
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Figure S3 Comparison of span of monthly minimum temperature outputs for seven CMIP6 models
under SSP2/RCP4.5 during the periods 2011-2020 and 2021-2100.
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Figure S4 Comparison of span of monthly maximum temperature outputs for seven CMIP6 models
under SSP2/RCP4.5 during the periods 2011-2020 and 2021-2100.
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Additional Data

Information on water quality, agronomic practices, and nutrient inputs was obtained for use in verifying
the model and designing crop schedules. Sediment targets included an average annual soil yield of less
than 10 tons/ha for the area of the watershed or less than 0.2 Mtons/year at the Sasumua Reservoir
based on a study of the Tana River Basin (Hunink, et al., 2011).

A visit made to two progressive farms in the watershed provided experience used to further
configure the model. A characterization of the two farms follows:

The operation of Farm 1 was highly responsive to market conditions, and the farmer, relatively
new to the agrarian lifestyle, was open to experimentation and suggestions for management practices.
Crops on Farm 1 included maize, Irish potato, kale, tree tomato, cabbage, and strawberry; livestock
kept were rabbits and a dairy goat (Fig. S5a). Water features on Farm 1 included a sprinkler irrigation
system for the strawberry plot fed from a plastic-lined runoff collection pond surrounded by a
windbreak of maize and tall grass; this runoff collection pond with an approximated 50-m?* capacity
was established to provide a source of agricultural water during dry periods. The primary nutrient input
was manure.

Farm 2 was under the management of a member of the Sasumua Water Resources Users
Association (WRUA) and had a more structured approach to farming. Operation primarily followed the
recommendations of the local extension service. Crops on Farm 2 included Irish potatoes, cabbage,
kale, pear, and maize (Fig. S5b); livestock kept were chickens. Primary inputs for Farm 2 included
manure, DAP, and potash. Two collection ponds of ~3.4 m’ capacity, similar in construction to the
pond described for Farm 1, were located throughout the property to store agricultural water. Farm 2

also had an additional natural pond in which water collects during the rainy season.



Figure S5 Collections of photos featuring crops, livestock, conservation practices, and agricultural
water harvesting systems found on location within the Sasumua River Watershed at (a) Farm 1 and (b)
Farm 2.

Based on a countywide report, Irish potatoes, maize, garden peas, and cabbage are the primary
crops grown in the region (County Government of Nyandarua, 2018). Seventy-seven percent of
Nyandarua County households practice crop farming while 65% practice some form of animal
husbandry (County Government of Nyandarua, 2018). Manure produced on the farm is applied to
cropland and sometimes supplemented with purchased manure (Kimani et al., 2000, as cited in
Kathuku et al., 2011; Odero, 1997); but little data is available on rates and composition of the
application. Studies of other Kenyan regions indicate that the ranges of both are irregular, with most
manure coming from cattle (Kimani et al., 2000, as cited in Kathuku et al., 2011; Lekasi et al., 2001).
Inorganic fertilizer was used in 93% of farms in the greater Central Highlands region in 2004 with a
rising trend (Ariga et al., 2006) and in 95% of potato farms studied more recently in Nyandarua (Mugo
et al., 2020). Without field-specific data, a general uniform management schedule for agricultural land
use was developed under the conditions of 100% participation in average manure application of 1700
kg/ha (Survey Area 114, Jaetzold et al., 2006). The fertilizer application rates summarized for the year
2012 in Oseko & Dienya (2015) as a weighted average for a crop distribution of 45% Irish potato, 20%
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maize, 20% garden peas, and 15% cabbage were used (Table S5). There was similar fertilization rate
data for 2013, however notes in the resource indicated that the 2013 growing year was irregular (Oseko
& Dienya, 2015). The crop distribution approximation was based on the relative land cover area
considering only the four widest spread crops in the county (County Government of Nyandarua, 2018)
and rounded to the nearest 5%. Scheduling for the generic crop was roughly based on upper highlands
climate zone activity for Irish potatoes and maize (Jaetzold et al., 2006), with annual chemical inputs
evenly distributed between the two short growing seasons and the manure split into a band and side-

dressing application.

Table S5 Schedule for generic crop operations applied to agricultural land in the Sasumua River

Watershed, Kenya.
Date Activity Type Name Quantity (kg/ha)
March 10 & July 10 Planting - Agricultural (agrl) -
Fertilizer Application Band DAP (18:46:00) 52.1
Mavuno (15:10:22)* 1.9
NPK 23:23:00* 1.1
TSP (00:46:00)* 1.0
Manure Application Band Fresh Dairy (dairy_fr) 425.0
April 30 & August 30 Fertilizer Application Side-Dress CAN (15.5:00:00) 17.6
Urea 1.1
Mavuno (15:10:22)* 0.2
Manure Application Side-Dress Fresh Dairy (dairy_fr) 425.0
June 30 & October 30 Harvest Vegetables Agricultural (agrl) -

*Mavuno, NPK 23:23:00, and TSP were added to the SWAT+ database with fertilizer fractions for mineral N 0.15, 0.23, and 0.00, respectively, and
mineral P 0.044, 0.101, and 0.203, respectively.
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Model Development, Calibration, and Validation

A model for the Sasumua River Watershed was set up in QGIS 3.16.16 for SWAT+ Revision 60.5.2
using the developed data projected to ESRI:102022 - Africa Albers Equal Area Conic (Fig. 1). A
channel threshold and stream threshold of 1.1 and 11 km?, respectively, were selected to accommodate
the creation of the reservoir stream section with no contributory channels and allow the point sources
used to model diversions within the watershed to be positioned on streams while remaining consistent
with the default 1:10 area ratio. The coordinates of inlets and outlets used can be found in Figure 8 in
the main text and were based on field measurements, satellite imagery, and maps in literature (Dixon et
al., 1958). One small subbasin closest to the main outlet, with an area of 0.17 km? was merged with the
neighboring subbasin to its north. Slope percent bands were set at [0, 11, 22, 36, 57, 9999] based on
natural breaks in the DEM histogram. Due to the difficulty of distinguishing between agricultural areas
under specific crops or used as grazing land for livestock, the agricultural landuse was left as
“Agricultural land generic” (AGRL) and not split. The landuse, soil, and slope thresholds for creation
of Hydrologic Response Units (HRUs) were set to 0% to achieve a maximum level of detail. This
yielded a model with 8 subbasins and 1,167 HRUs. Daily data on flowrates for the Kiburu or Chania
diversions were not available, therefore, these features were modelled as a 90% diversion of flow from
the channel at the diversion entrance to the exit point. This was achieved by first defining the inlet and
outlet locations as point sources to break up the stream and increasing the number of outflows for the
source channel, routing flow directly to the channel at the corresponding exit point.

The calibration period consisted of 2011-2015 with a 5-year warm up, and the validation period
spanned 2016-2020. The calibration process order generally followed that of the original SWAT
calibration procedure (Arnold et al., 2012), with a goal of achieving annual average water balance
components within 15% of the target values and then proceeding with sediment calibration.
Documentation for the automatic SWAT+ soft calibration procedure and work from preexisting studies
of the watershed (Nduhiu et al., 2016; Mwangi et al., 2015) and the surrounding basin (Hunink et al.,
2013) was referenced as a starting point for calibration parameters. A local sensitivity analysis was
conducted for soft calibration of water balance proportions by observing the changes in SR and ET in

response a £5% change in the default values indicated in Table S6.
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Table S6 SWAT model parameters varied throughout initial sensitivity analysis and calibration runs.

Parameter Description Unit Default Possible Testing Range Change Calibrated
Value(s) Range Type' Value

esco Soil evaporation - 0.95 0-1 Sensitivity (0,1) absval 0.68
compensation factor Calibration (0.64—0.68)

epco Plant uptake - 1 0-1 Sensitivity (0,1) absval 1
compensation factor Calibration (0.98-1)

petco Hydraulic Fraction ~0.00230 0.00161- Sensitivity (-20,20) petchg -16.17
conductivity, K, of 0.00299

lowest layer

cn3_swf Soil water factor for - 0.95 0-1 Sensitivity (0,1) absval 1
cn3 0=fc; 1=saturation Calibration (0.98-1)
(porosity)

latq_co Plant - 0.01 0-1 Sensitivity (0,1) absval 0.48
evapotranspiration Calibration (0.40-0.48)

curve number

coefficient

flo_min Minimum aquifer m 3 0-10 Sensitivity (0,10) absval 8.10
storage to allow return
flow

cn2 Condition II curve - CN~69-90 35-95 Sensitivity (-25,5) abschg -12
number Calibration (-12—-8)

abf lte Alpha factor of 1/days 0.05 0-1 Sensitivity (0,1) absval 0.49
groundwater

'Change Type: absval - parameters were assigned the exact values indicated; abschg - parameter default value(s) were modified by the

numbers indicated; pctchg - parameter default value was modified by the percentages indicated.

The analysis indicated that SR and ET were less sensitive to the parameters petco, flo min, and
abf Ite. However, preliminary runs suggested that the sensitivity of variables was highly dependent
upon the parameter values chosen as a reference point. To explore the global parameter space further,
the sensobol package in R was used to define a semi-random sample of parameter values mapped to
uniform distributions over the ranges indicated in Table S6 and conduct a Saltelli first-order and Jansen
total-order sensitivity analysis (Puy et al., 2021). The sample size n=500 for eight parameters
corresponded to N=5,000 (4,953 unique) evaluations in SWAT+. Plots of the model output space for
SR and ET versus the model input space suggested that, along the ranges tested, SR was most sensitive

to cn3_swf and epco over the lower half of the range, and that ET was most sensitive to cn3_swf and
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latq_co (Fig. S6). This was supported by the sensitivity analysis results which also indicated important
interaction effects for these variables as well as esco and cn2 (Table S7), although sensitivities did not
converge for all parameters given the small sample size.

The target composition values for SR and ET were 14% and 75% of annual rainfall for the
calibration period, respectively, based on the corresponding ranges of 12-16% and 65-90% calculated
and modelled in studies by Archer (1996), Hunink, et al. (2011), and Mwangi, et al. (2015). To select a
combination of parameter values as a starting point for calibration, a filter was placed which excluded
combinations exceeding 14+2.1% mean annual percent composition for SR. The highest mean
percentage of ET achieved over the calibration period in the entire testing space was 44.1%, so the
combination within the filtered space yielding the highest ET was selected. The parameters with total-
or first-order sensitivity indices greater than 0.05 were adjusted slightly, but mean annual percentage
ET could not be raised substantially without raising mean annual percentage SR beyond the desired

range.
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Figure S6 Sensitivity analysis: plots of evapotranspiration and surface runoff output spaces for each
parameter. Blue diamonds represent bin means.
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Table S7 Sensitivity analysis: indices of Saltelli first-order (S;) and Jansen total-order (T;) sensitivity
for mean surface runoff and evapotranspiration results over the 2016-2020 calibration period.

Evapotranspiration Surface Runoff

Parameter Description Si T; Si T;

esco Soil evaporation compensation factor 0.036 0.058 0.002 0.001
epco Plant uptake compensation factor 0.510 0.596 0.009 0.008
petco Hydraulic conductivity, K, of lowest layer 0.000 0.000 0.000 0.000
cn3_swf Soil water factor for cn3 0=fc; 1=saturation 0.235 0.252 0.341 0.370
latq_co Plant evapotranspiration curve number coefficient 0.076 0.082 0.601 0.593
flo_min Minimum aquifer storage to allow return flow 0.000 0.000 0.000 0.000
cn2 Condition II curve number 0.017 0.046 0.048 0.070
abf Ite Alpha factor of groundwater 0.000 0.000 0.000 0.000

Footnote: S; represents the first-order effect, the fractional contribution of the parameter to model uncertainty; T; represents the total-order effect, the joint
measurement of the first-order effect and all other parameters in the analysis. Indices greater than 0.05 were considered an implication of parameter

significance.
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APPENDIX II: CASE STUDY RESULTS SUPPLEMENT

Monthly and seasonal flow results of SSP2/RCP4.5 were plotted to provide a more detailed snapshot of
projected changes (Fig. S7). The greatest monthly increases between the first and final periods are
present in November through January, a feasible response to the rise in short rains precipitation
maximums (Fig. S2); seasons show a steady increase over time with the exception of the second dry
season (June-August), which exhibits little change.

Subbasin-level differences in surface runoff (SR) and evapotranspiration (ET) were mapped for each
considered period (Fig. S8 & S9). Both SR and ET increase for all subbasins between the first and
fourth periods. Modelled results for SR are more stratified across the watershed throughout the periods
and amounts rise substantially over time. Results for the northernmost subbasin, already susceptible to
the greatest sediment losses, show an increase from 1.4 (baseline) to 2.2 (2071-2090) times the area-

weighted mean for baseline SR.
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Figure S7 Boxplots for (a) mean monthly discharge and (b) mean seasonal discharge into the Sasumua
Reservoir for the periods 2011-2020 (baseline), 2031-2050, 2051-2070, and 2071-2090 under
SSP2/RCP4.5 using outputs from seven CMIP6 models. Average monthly flows were normalized
using the median monthly value for the first period. Average seasonal flows were normalized using the
median value for the first dry season of the first period. Points represent statistical outliers and are not
considered in the formation of the boxplots.
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Figure S8 Mean annual surface runoff by subbasin for (a) 2011-2020 (baseline), (b) 2031-2050, (c)
2051-2070, and (d) 2071-2090 using outputs from seven CMIP6 models. Values normalized on basis
of area-weighted mean for 2011-2020 period.
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Figure S9 Mean annual evapotranspiration by subbasin for (a) 2011-2020 (baseline), (b) 2031-2050,
(c) 2051-2070, and (d) 2071-2090 using outputs from seven CMIP6 models. Values normalized on the
basis of the area-weighted mean for the 2011-2020 period.
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Figure S9 Map of organic nitrogen loss by subbasin for: a) baseline; and scenarios b) 1-Riparian
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Figure S10 Map of organic phosphorous loss by subbasin for: a) baseline; and scenarios b) 1-Riparian

on basis of area weighted mean for entire basin.
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