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Abstract

Catchments characteristics, such as geomorphology, geology, soil, land use, and climatic variables, play an important
role in total stream flow responses, a critical resource for people and the environment. Most of the previous litera-
tures were applied a conventional statistical regression model to assess the relationship between landscape-climate
descriptors, and streamflow and PET. However, a conventional statistical regression model didn't consider depend-
ence of explanatory variables that were collected or extracted across both space and time. This paper investigated the
impacts of landscape attributes and climate variables on catchment scale temporal variation of total streamflow and
spatio-temporal variation of potential evapotranspiration (PET) in the Mille catchment using multiple linear regression
techniques, and the importance of this study was to test spatial autocorrelation in the spatial regression model which
is required to properly assess and quantify the relationship between hydrological regime response components and
Landscape-climate descriptors in a catchment with topographically complex, and high spatio-temporal climatic vari-
ation like in our case study area, the Mille catchment. Statistical regression analysis revealed significant relationships
between streamflow and climate variables, especially with rainfall. Mean maximum temperature is the most dominant
factor controlling temporal variation of potential evapotranspiration at a monthly scale, whereas NDVI is the most
significant factor that controls the spatial variability of PET. The multiple regression model shows that 91.1% of tem-
poral variation in streamflow was accounted for rainfall, whereas, 96.6% and 78.4% of temporal and spatial variation in
potential evapotranspiration was accounted for in maximum temperature and NDVI, respectively. Methods also can
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be applied to catchments with similar landscape attributes and climate variables.

Introduction

Catchment landscape components, such as geomorphol-
ogy, geology, soil, and climatic characteristics, play a sig-
nificant role in total stream flow, base flow and surface
runoff spatiotemporal variation (Zhu and Day 2009).
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Land use and land cover, which is an integral component
of the landscape, critically alter the hydrological regime
response descriptors like surface runoff and evaporation
(Mao and Cherkauer 2009). The land use and land cover
change affect the rainfall and temperature pattern, the
fundamental driving forces of the hydrological cycle (Kit-
tel 2000). Subsequently, it alters the catchments’ water
balance that exists between evaporation, groundwater
recharge, and stream flow (DeFries and Eshleman 2004).
Streamflow with various magnitudes is extremely dis-
turbed by topographic attributes like elevation, drainage
network, and climate variables (Mohamoud 2004; Wei
and Zhang 2010), and watershed soil moisture variabil-
ity (Qiu et al. 2001). Hydrological response descriptors
like baseflow are also significantly affected by climate
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descriptors like rainfall, and landscape components like
geology, relief, land use, and soil attributes (Price 2011).
According to Woods et al. (1997), spatial variability of soil
moisture content strongly affects catchments’ hydrology,
which may be predominantly controlled by catchment
topography. Evaluating the impacts of landscape-climate
descriptors on catchments’ hydrological regime response
is important for the management and development of
catchments.

One of the major challenges with climate variables
and their changes is their impact on water resources and
extreme hydrological events (Andersson et al. 2011).
Semiarid regions of developing countries, including Ethi-
opia, which faces major water resource stress, are likely
to be the most severely impacted (Misra 2014; Nations
2007). Developing countries like Ethiopia, where water
is a stressed resource, and their river basins of arid and
semi-arid provinces, are facing extreme land use land
cover changes as a result of rapidly increasing population
number and socio-economic developments (Chatterjee
2018; Kassas 1976), and consequently, they drastically
affect stream flow variability (Pervez and Henebry 2015).
Additionally, in recent years many of the river basins in
developing countries are facing extremely adverse stream
flow conditions, such as floods and droughts (Garg et al.
2017).

Understanding the factors that drive the temporal
fluctuation of catchments’ streamflow and potential
evapotranspiration is essential for predicting how those
descriptors will respond to landscape-climate predic-
tors (Chiverton et al. 2015; Ersi et al. 2022; Hatfield and
Prueger 2014; Xiao et al. 2019), and helps water resource
planning and management related issues like the deliv-
ery of drinking and agricultural irrigation water, and
industrial water use (Verstraeten et al. 2008). Most of the
aforementioned literature used a conventional statisti-
cal regression model at the regional scale to assess and
quantify the landscape-climate explanatory variables as a
factor that affects hydrological regime response descrip-
tors like stream flow and potential evapotranspiration.
However, the conventional statistical regression model
was not considered for the spatially referenced data that
was collected or extracted across both space and time,
because there is an assumption that the explanatory vari-
ables are independent, but in reality that is not (Lei Ji and
A. ]J.Peters 2004). Instead, a spatial regression method
that can correct for spatial autocorrelation in the regres-
sion model (Lei Ji and Peters 2004; Tiefelsdorf 2000) is
required to properly assess and quantify the relationship
between hydrological regime response components and
Landscape-climate descriptors in a catchment with topo-
graphically complex, and high spatiotemporal climatic
variation like in our case study area, Mille catchment.
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This research aims to analyze mean monthly stream
flow and potential evapotranspiration (PET) with lim-
ited landscape-climate descriptors such as mean monthly
rainfall, potential dryness index (PDI), mean monthly
temperature, maximum temperature, land use land
cover-normalized difference vegetation index (LULC-
NDVI), soil water content (SWC), baseflow index (BFI),
easting and elevation (for spatial PET) using temporal
and spatial regression method that adjusted for spatial
autocorrelation.

This research attempts to answer the following ques-
tions regarding stream flow-potential evapotranspiration
and limited landscape-climate predictors at the catch-
ment scale: (1) which landscape-climate descriptors are
likely to affect the stream flow temporal variation? (2)
Which landscape-climate descriptors are the factors
that drive spatiotemporal variation of potential evapo-
transpiration within the Mille catchment? and (3) which
landscape or climate predictor variable has the dominant
impact on streamflow and potential evapotranspiration?
The results can help improve our understanding of how
limited landscape attributes and climate variables affect
the stream flow and potential evapotranspiration vari-
ability, thus assisting water resource management and
planning throughout the catchment.

Materials and methods

Study area

Mille River catchment is located in the Awash river basin
of Northeast Ethiopia lies between 11°26 and 11°46N
latitude and 39°38  to 40°46 E longitude, and covers an
area of 442 km? (Figure 1). Complex mountainous terrain
and various climatic conditions, including humid to arid
weather, characterize the catchment. The intra-annual
spatial rainfall distribution in the study area is bimodal,
which is mainly affected by the Intertropical Conver-
gence Zone (ITCZ) (Fekadu 2015). Bati et al. (2022)
showed that the combination of altitude and easting as an
explanatory variable highly affects the spatial pattern of
the Mille catchment’s rainfall and temperature.

From Fig. 2, we can observe that the catchment’s water
loss as potential evapotranspiration is on average ten
folds than the mean areal rainfall. Except for July and
August, the rest months from September to June the
catchment were under water deficiency. The lowest PET
is in December which is 116.58 mm, while the highest
PET was in June, 173.60 mm.

Datasets and methods

Datasets

Daily meteorological datasets were obtained (Fig. 1)
from the National Meteorological Agency (NMA), Ethi-
opia, from 1 January 1983 to 31 December 2002. These
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meteorological datasets include rainfall (R), maximum
and minimum air temperature (T, and T,,,), rela-
tive humidity (RH), solar radiation (SR), and wind speed
(W,). According to Hargreaves and Samani (1985), a rec-
ommendation based on two main reasons such as the
problem related to the quality of climatological data, and
the possible errors in connection with the more sophis-
ticated methods, Potential evapotranspiration at each
meteorological station was estimated using the Har-
greaves method stated as:

ETo = 0.00023 % RA % TD®% (TOC + 17.8) (1)

where ET is potential evapotranspiration (reference
crop evapotranspiration), RA is extraterrestrial radiation,
TD is mean maximum minus mean minimum tempera-
ture, and T°C is mean temperature

The mean monthly areal rainfall (mm), temperature(°c),
and potential evapotranspiration (mm) were estimated
using kriging with external drift (KED) (Goovaerts 2000;
Bati et al. 2022; Webster 2015), a geostatistical interpo-
lation technique with elevation as an auxiliary variable,
respectively. The potential dryness index (PDI) was cal-
culated as the ratio between mean monthly areal poten-
tial evapotranspiration and mean monthly areal rainfall.
Average daily stream flow at the catchment outlet (Lat:
11°25’ N and Long: 40°46’ E) from 1983 to 2002 was
provided by the Department of Hydrology, Ministry of
Water and Energy, Ethiopia. Average soil water content
(SWC) (mm) extracted from SWAT+ model calibrated
dataset (not shown here).

Monthly point and spatial areal NDVI was extracted
from MOD13A1-006 MODIS/Terra Vegetation Indices
having 500m spatial and 16 days temporal resolution
from NASA (https://doi.org/10.5067/MODIS/MOD13
A1.006), accessed 12 November 2022 using Application
for Extracting and Exploring Analysis Ready Samples
(AppEEARS) software (https://appeears.earthdatacloud.

Table 1 Statistical results for all collected data in the study
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nasa.gov). The data was extracted from 2000 to 2002, and
then the monthly mean NDVI was averaged.

Baseflow (mm) was estimated from total stream
flow records using the Base flow Digital Filter Program
(https://swat.tamu.edu/software/), an automated base
flow separation technique(Arnold et al. 1995; Arnold,
1999), and then baseflow index (BFI) was calculated from
the historical records as the ratio of base flow to total
streamflow used as a surrogate for geological attributes.

Monthly landscape-climate descriptors datasets such
as mean monthly areal soil water content (SWC), NDVI,
mean monthly areal rainfall, mean monthly areal tem-
perature, potential dryness index (PDI), and hydrological
regime response like mean monthly total streamflow and
potential evapotranspiration were prepared for regres-
sion analysis (Table 1). In addition, Elevation and East-
ing were extracted from 30m SRTM DEM provided by
NASA/USGS (https://earthexplorer.usgs.gov), accessed 8
June 2021.

Statistical analysis and modeling technique

Statistical analysis and modeling were conducted using
R programming software (https://www.R-project.org/).
Regression analysis was computed to examine relation-
ships between hydrological regime responses like stream
flow and potential evapotranspiration (PET), and land-
scape-climate descriptors like elevation, easting, PDI,
mean monthly rainfall, mean monthly temperature,
LULC_NDVI, BFI and S_SWC (Average). The regression
analysis procedure involved the following two steps:

(a) A multiple linear regression analysis was performed
using the response variable such as mean monthly
streamflow and potential evapotranspiration, and a
set of explanatory variables.

The multiple linear regression model mathemati-
cal equations are expressed as:

Statistics Streamflow PET Rainfall PDI NDVI BFI Swc Tmean
Mean 291 144.73 64.98 5.54 037 0.64 56.05 24.69
Standard Error 1.09 578 20.92 1.10 0.02 0.09 357 0.76
Median 131 148.45 38.22 481 0.36 0.76 54.29 25.07
Standard Deviation 3.77 20.01 7247 381 0.08 0.30 1236 2.62
Skewness 2.19 -0.11 1.65 0.23 0.90 -0.94 0.84 -0.13
Minimum 0.28 116.58 12.97 0.79 0.28 0.10 3847 20.54
Maximum 13.13 173.60 221.52 11.51 0.52 0.95 80.12 28.34

NB: PET = Potential Evapotranspiration (mm), NDVI=Normalized Difference Vegetation Index, BFl = Baseflow Index, SWC = Soil Water Content (mm), streamflow

(mm), Rainfall (mm), Tmean = Long year-based mean annual temperature (°c)
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Table 2 Correlation coefficients of streamflow versus landscape-climate explanatory variables
Streamflow Rainfall PDI SWC NDVI BFI T_mean
Streamflow 1.000 0.932 — 0.687 0.751 0611 — 0815 0.361
Rainfall 1.000 —0.779 0.630 0436 —0.903 0.552
PDI 1.000 — 0623 — 0485 0913 — 0497
SWC 1.000 0.839 — 0.566 0315
NDVI 1.000 — 0366 —0.022
BFI 1.000 —0.534
T_mean 1.000
y=PBo+ Pix1 + Paxa + ... + Bixi (2) VIE; — _
" (1-RY) @
1

where y is the response variable. g is the intercept,
x1 is the 1st explanatory variable, 8 is the slope coef-
ficient, f; is the slope coefficient for the i explana-
tory variable, ¢ is the remaining unexpected noise in
the data (error)

The values for B, B;, P,-.., P; were estimated using
the ordinary least square method, which minimizes
the sum of squared residuals (RSS):

rss= Y (vi- 1)’ (3)

where: yi: The actual response value for the ith
observation. yi: The predicted response

Multiple regression models were developed and
fitted with ordinary least squares (OLS) Procedures,
a technique used to estimate the regression model
parameters (Kroll and Song 2013).

(b)Checking multicollinearity

One important assumption of multiple linear
regressions is that no explanatory variable in the
regression model is highly correlated with another
explanatory variable in the same model but in reality
that is not. Multicollinearity is the condition where
at least one explanatory variable is closely related
to one or more other explanatory variables (Helsel
et al. 2020), which influences the coefficient esti-
mates and the p-values. Such adverse consequences
are magnified when sample sizes are smaller (like in
our case), correlations between variables are higher,
and model error variances are higher (Kroll and
Song 2013). Before the selection of the most useful
predictor variables, we detected multicollinearity in
the model using the variance inflation factor (VIF)
(Kroll et al. 2004). Predictors that have VIF values
that are greater than 10 are the cause of multicollin-
earity, and removed one or more of the highly cor-
related variables (Kroll and Song 2013).

where Rl-2 is the R? from a regression of the it explan-
atory variable on the other explanatory variables,
and the equation is used for adjustment of x; in mul-
tiple regression equation (Eq. 1).

R tool was used to do multiple linear regression
analyses because it is free, powerful, and widely
available (https://www.R-project.org/).

Results

Streamflow regression analysis

Table 2 shows Pearson correlation coefficients between
mean monthly stream flow and limited landscape-climate
explanatory variables. Stream flow is correlated positively
to rainfall, SWC, NDVI, and temperature, and negatively
correlated to PDI, and BFIL.

The estimation of the full multiple linear regression
model (Eq. 2) is shown in Table 3. The analysis of variance
(ANOVA) indicates that overall the model was performed
significantly (p-value <0.002305, Adjusted R?>=0.9131).
Also, the predictor variable, rainfall is statistically signifi-
cant (p-value =0.025) at the 0.05 significance level, while
the PDLT e0n, SWC, NDVI, and BFI are not. However,
we can see that the variance inflation factor (VIF) value
for BFI is greater than 10 (Fig. 3). This indicates that it is
highly correlated with other explanatory variables in this

Table 3 Coefficient estimates of the full regression model for
stream flow

Coefficients Std. error tvalue Pr(>|t|)
Estimate
(Intercept) —0.5862 5.73941 —0.102 0.923
R 0.04229 0.01336 3.164 0.025*
PDI 0.36878 0.2731 1.35 0.235
Trmean — 0.20945 0.19027 —1.101 0.321
SWC 0.0708 0.06559 1.079 033
NDVI 6.10533 10.76269 0.567 0.595
BFI — 4.30561 5.06655 —0.85 0434
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Fig. 3 VIF values of explanatory variables for the full regression model
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regression, which means that multicollinearity is likely to
be a problem in this regression model.

In such cases, the coefficient estimates and p-values
in the regression output are likely unpredictable. Thus,
based on Kroll and Song (2013), we remove one variable
at a time, which is the cause for multicollinearity, and
repeat the process until all problem-causing explanatory
variables are removed.

From Fig. 3, BFI has a VIF value greater than 10 that
causes multicollinearity to have been removed from the
regression. So, finally, we were left with a list of variables
that have no or very weak correlation between them
(Table 4).

From the regression model output, the adjusted
R-Squared value for the model is 0.9171, the overall
E-statistic is 25.35 and the corresponding p-value is
0.0005753<0.001 significance level, which shows that the
overall regression model is significant with the VIF value
for all predictor variables were less than 10. Nevertheless,
predictor variables such as PDI, T, .,,, SWC, and NDVI
are still showing less significance on the response varia-
ble, stream flow, whereas rainfall is highly significant at
= 0.001 level of significance. The regression model equa-
tion using the final regression model output is written as:

Table 4 Coefficient estimates of the subset regression model for
streamflow

Coefficients  Std.error tvalue Pr(>[t|) VIF
Estimate
(Intercept) —0.523 5.605 —0.093 0929
R 0.0513 0.008 6.441 0.000663*** 3,10
PDI 0.175 0.146 1.194 0.278 2.89
Trmean —0.248 0.181 — 1373 0219 2.09
SWC 0.076 0.064 1.183 0.282 5.80
NDVI 2.81 9.805 0.287 0.784 5.05
NB:—Signif. Codes: 0***0.001 **'0.01 *'0.0570.1" 1
Adjusted R-squared: 0.9171; F-statistic: 25.35, p-value: 0.0005753
Q = — 0.52 + 0.05R + —0.25T mean )

+ 0.18PDI + 0.08SWC + 2.81NDVI

where Q is streamflow (mm)

In multiple regression Model 5, a per unit increase of
mean rainfall depth, potential dryness index, soil water
content and normalized difference vegetation index
produce an increase in percentage stream flow values
of 0.05, 0.18, 0.08, and 2.81, respectively, whilst per unit
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Table 5 Correlation coefficients of the PET and predictor variables
PET Rainfall PDI NDVI BFI SWC Temp
PET 1.000 0477 — 0465 —0.018 — 0470 0.330 0.983
Rainfall 1.000 —0.779 0436 —0.903 0.630 0.552
PDI 1.000 — 0485 0913 —0.623 -
0497
NDVI 1.000 — 0.366 0.839 -
0.022
BFI 1.000 — 0.566 —
0.534
SWC 1.000 0315
Temp 1.000

Table 6 Statistic results of the full regression model for mean
monthly PET

Table 7 Statistical estimates of the subset regression model for
the temporal regression model

Coefficients Std.error tvalue Pr(>|t]) VIF Coefficients  Std.error tvalue  Pr(>|t|) VIF
Estimate Estimate
(Intercept) — 49.53463 21.05247 -2353 0.065323 (Intercept) — 49.626 19.425 — 2.56 0.0432
R —0.03779 0.04902 — 0475585 834 Temp 7.736 0.626 12.37 1.71E-05  2.09
0.771 R — 0051 0028 —183 01163 3.0
PDI — 047231 100174 -0471 0657145 960 gy 0260 022122 148 02837 580
swc 026713 02406 111 0317403 584  pp 019 050744  —0386 07129 289
NDVI — 23.04782 3947817 — 0.584691 5.81 NDVI 1835 33.98202 _ 054 06087 505
0.584
Temp 768126 0.69791 11.006 0.000108 221
BFI 6.13762 18.58439 0.33 0.754595 18.28

decreases of stream flow value attributed to mean tem-
perature is 0.25%.

Potential evapotranspiration

Regression model for temporal variation

The relationship between mean monthly potential
evapotranspiration and predictor variables in the Mille
catchment has been analyzed by developing the corre-
lation coefficients. Table 5 showed that the correlation
coefficient of mean monthly PET is positively cor-
related to rainfall, SWC, and mean T, negatively
correlated to PDI and BFI, and almost no relationship
between NDVI.

Table 6 indicated that the VIF value for PET of the tem-
poral regression model was like that of the stream flow
regression model (see Fig. 3). Overall, the full temporal
regression model for PET estimated with the OLS pro-
cedure was significant at F-statistics = 43.27, Adjusted
R-squared = 0.9584 and p-value = 0.0003762 < 0.001 sig-
nificance level, respectively.

From the regression model output last column, the VIF
value for the BFI predictor variable is greater than 10,

and this shows that the predictor variable is likely suffer-
ing from a multicollinearity problem, which affects the
regression coefficient and the p-value of the predictor.

By removing the predictor in the model that has a high
VIF value from the dataset (Kroll and Song 2013) and by
doing so, it can solve multicollinearity (Table 7).

PET = —49.63 + 7.74Temp +

— 0.051R + 0.26SWC
— 18.35NDVI — 0.196PDI

(6)

Overall performance of the subset regression model
was highly significant (F-statistic = 60.95, p= 4.62E-05<
0.001, Adj_R* = 0.9646), specifically the mean monthly
temperature is statistically highly significant at the 0.001
significance level, and the rainfall is statistically less sig-
nificant at 0.1 significance level while SWC, NDVI, and
PDI are not statistically significant predictors. The final
regression model is written as:

Spatial multiple regression model

To improve a better understanding of the correlation
between the response variable (in our case PET) and spa-
tial explanatory variables, we created a correlation matrix
to view the linear correlation coefficients between each
pair of variables (Table 8). From the correlation matrix,
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Table 8 Correlation matrix of PET versus landscape-climate predictor variables
PET Rainfall elev_90m Mille Easting Tmax NDVI
PET 1.000 —0.807 — 03881 0.815 0.854 —
0.885
Rainfall 1.000 0.910 -0.974 —0.843 0913
elev_90m 1.000 — 0875 —0.981 0.951
Mille Easting 1.000 0.817 -
0917
Trmax 1.000 -
0.937
NDVI 1.000

Table 9 Statistical results for full regression of the relationship
between spatial PET and landscape-climate predictors for the
mean annual. The climatic variables included in the analysis
were mean elevation, mean annual rainfall, easting, NDVI, and
maximum temperature

Coefficients Std.error tvalue Pr(>|t|) VIF
Estimate
(Intercept) 2.04E+03 9.46E+03 0215 085
R 1.24E+00 2.17E+00 0571 0625 38.58
Elev — 9.23E-01 133E+00 —0.694 0.559 81.09
Easting 4.34E-03 1.12E-02 0386 0.737 27.99
NDVI — 1.18E+03 284E+03 —0416 0718 19.11
Trmax — 5.84E+01 1T19E+02 — 0492 0671 5236

we can conclude that PET is strongly positively correlated
with easting and temperature, and negatively correlated
with rainfall, elevation, and land cover (NDVI). Each pre-
dictor variable exhibits a high correlation with the other,
which shows there is a multicollinearity problem.

Table 9 shows that all predictors have a VIF value
greater than 10, and all predictors are statistically less sig-
nificant at the 0.05 significance level. So, we removed a
predictor that has a high VIF value sequentially until the
predictor/s left with a VIF value of less than 10 (Kroll and
Song 2013).

For instance, if we look at the coefficient estimated
for the temperature, the model is telling us that for each
additional one unit increase in maximum temperature,
the average increase in PET is -5.84E+01 mm, assum-
ing rainfall, mean Elevation, easting, and NDVI are held
constant. This doesn’t seem to make sense, considering
we would expect the mean temperature with high mag-
nitude and thus have a higher PET. The reason behind
this effect was a multicollinearity that affects the esti-
mates of coefficients (Helsel et al. 2020). Following the
same procedure applied for stream flow and temporal
PET, we removed predictors in the model having a high
VIF value step by step from the datasets (Kroll and Song

Table 10 Statistical estimates of the subset regression model for
the linear regression model

Coefficients. Std. error tvalue Pr(>|t])
Estimate
(Intercept) 2508.2 1634 15.35 4.84E-06
NDVI —1986.3 4256 — 4667 0.00344

2013), and lastly, we solved an issue of multicollinearity
(Table 10). Accordingly, land use land cover NDVI is sta-
tistically highly significant (F-statistic = 21.78, Adj.R*> =
0.75, p-value = 0.003443 < 0.01 significance level). The
final spatial regression model is written as:

PET puti = 2508.2 — 1986.3NDVI 7)
where  PET ., is  the  spatial  potential
evapotranspiration
Discussion

Landscape-climate predictors’ effect

Explaining the spatiotemporal variability of catchment
hydrological regime response in connection with catch-
ment landscape attributes and climate variables is a
major concern of catchment hydrology. In this study, fur-
ther analysis and discussion on the results of these multi-
ple linear regression models are summarized below.

Streamflow temporal variation

In this paper, a multiple regression equation, for long
year-based mean monthly stream flow for the Mille River
Catchment was constructed using multiple linear regres-
sion techniques. This regression model expressed the
quantitative relationship between mean monthly stream
flow, and landscape-climate predictors that were used to
quantify the impacts of limited landscape-climate pre-
dictors on stream flow temporal variation at catchment
scale (see Table 4). The multiple linear regression analysis
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of mean monthly stream flow with limited landscape
attributes and climate variables for mean monthly stream
flow prediction (Fig. 4) was analyzed, and our regression
analyses demonstrated that the regression model was
overall statistically significant (Fstatistics = 25.35, Adj.R?
= 0.9171, P-value=0.0005753<0.001 significance level).
However, among all the explanatory variables, only rain-
fall is strongly significant for explaining temporal varia-
tion in stream flow.

The regression model showed that mean monthly rain-
fall is the most important contributor to stream flow
temporal variation, while mean temperature, PDI, SWC,
NDVI, and BFI are relatively less important contribu-
tors. As shown in Figure 5, the mean monthly streamflow
increased with increasing observed mean monthly rain-
fall, with a coefficient of determination of 0.911. The anal-
ysis showed that the temporal variation of the response

variable, mean stream flow was significantly influenced
by rainfall temporal variation. This could be because of
the orographic effect of the catchment on mountainous
terrain on spatial and temporal variation of rainfall (Goo-
vaerts 2000; Bati et al. 2022).

PET temporal variation

Temporal variation of potential evapotranspiration in the
topographic complex catchment depends on a few domi-
nant landscape-climate descriptors (Hatfield and Prueger
2014; Zhang et al. 2010). In this paper, we combined a
correlation and regression analysis to identify the domi-
nant influence factors on potential evapotranspiration
temporal variation. Specifically, we developed a regres-
sion model to analyze the influence of mean monthly
areal rainfall, temperature, PDI, SWC, NDVI, and BFI on
mean monthly PET. The regression model depicts that
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the mean monthly temperature is the most significant
contributor to potential evapotranspiration deviation (p<
0.001) (see Table 7).

From Fig. 6, 96.6% of temporal variation in PET
accounted for the mean monthly maximum temperature.
However, no other predictors like rainfall, SWC, PDI,
and NDVI were statistically significant for the regression
model. The reason lack of significance may be because of
the dominance of aridity to semi-aridity regime across
the study area, Mille catchment. Figure 7a, b represent
the observed and estimated mean monthly PET chart and
scatterplot that shows the estimated and observed PET
relationship, respectively. Thus, variation among months
for potential evapotranspiration in the Mille catchment
depends on the mean monthly air temperature across the
regime, and this study agrees with conclusions drawn by
other studies (Ye et al. 2014; H. Zhang and Wang 2021).

PET spatial variation
Spatial variation of potential evapotranspiration within
the Mille catchment is strongly significant based on the
results shown in Fig. 8a, b. We observed that spatial vari-
ation of potential evapotranspiration across the regime
significantly increases from the uppermost head to the
lower part of the landscape in the Mille catchment. We
found that the spatial pattern of mean annual PET var-
ied from 900 mm in the western study area to 2200 mm
in the eastern part of the catchment. To investigate the
potential drivers of the spatial PET variation, two mete-
orological variables (rainfall and maximum temperature),
two topographic attributes (elevation and easting), and
one land use land cover (NDVI) attribute were analyzed
using OLS regression analysis.

As a result, the effect of the mean annual NDVI on
the spatial distribution of PET is highly significant (see
Table 10).
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catchment to the lower part of the region

The location of the catchment lay in the core of the influencing the spatial distribution of PET in the Mille

Great Rift Valley, which may be the main contributor to  catchment.
high diversity in the Agro ecological zone in the region, We developed a variogram model to show the occur-
which resulted in high PET (Resources, 2009). Thus, rence of spatial autocorrelation of the regression resid-
we conclude that mean annual NDVI is the main factor  uals with a sample variogram (Fig. 9). The mean annual
PET residuals experimental variogram was fitted with
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theoretical variograms using a spherical variogram
model with a range of 13.99 km, a sill of 17601 mm?,
and a nugget effect of 14447 mm?,

From Fig. 9, the residuals in regression analysis
between any pair of weather stations within a distance
range are spatially correlated to each other which vio-
late the assumptions of linear regression, which states
that there is no spatial relationship between consecutive
residuals in time series data.

Conclusions

This research applied multiple linear regression tech-
niques to explore the relationship between the catch-
ment’s landscape-climate predictors and hydrological
regime response spatiotemporal variation, specifically
stream flow and potential evapotranspiration at monthly
and annual time scales. The results show that the domi-
nant climate predictor on mean monthly stream flow
temporal variation was the mean monthly areal rain-
fall that accounts for 95.5% of the stream flow variation.
Other studies using multiple regression models have also
demonstrated that the precipitation is the main climatic
factor for streamflow temporal variation (e.g. Ali et al.
2021), which supports our findings. The complex moun-
tainous area of the upper catchment resulted in high

spatial areal rainfall (Bati et al. 2022), and this may possi-
bly be a source for a significant relationship with lowland
gauged stream flow (Viviroli et al. 2007), in our case the
Mille River.

A comprehensive assessment of the effects of landscape
attributes and climate variables on the spatio-temporal
variation of potential evapotranspiration was also pre-
sented via regression analysis that provides the basis
for the identification of dominant factors which affect
the spatio-temporal variation of the response variable.
In temporal regression analysis, we found that among
limited landscape-climate descriptors, only long year-
based mean monthly temperature has a significant influ-
ence on potential evapotranspiration temporal variation
showing that the climate component is a key for hydro-
logical cycle temporal alteration, and these findings are
like that reported by other authors (e.g. Neubert and
Rannow 2014). An increase in mean monthly tempera-
ture increases the potential evapotranspiration which
means that it enhances the moisture-holding capacity
of the atmosphere thus temperature is the key change
in the hydrological system, specifically alteration in the
temporal variation of potential evapotranspiration at a
monthly scale whereas, spatial variability in catchment’s
land cover depicted that the spatial correlation between
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potential evapotranspiration and land use land cover
(NDVI) component is highly significant.

In multiple linear regressions, there is the possibility
that some of the independent variables are correlated
with one another, so it is important to check these before
developing the regression model. In this paper, multicol-
linearity in the model was detected by using the variance
inflation factor (VIF) so that one or more of the highly
correlated predictors that have VIF values which are
greater than 10 were removed.

Overall, understanding factors causing spatio-tem-
poral variation in hydrological regime response like
total streamflow and potential evapotranspiration will
lead to improving capabilities for water management
in various water use systems, and the results provide
water resource planners at various sectors a sign of
which catchment landscape-climate descriptors may
aid in describing the hydrological regime response
spatiotemporal variation. This information should aid
in the modeling and management of total stream flow
and potential evapotranspiration. Establishment of
more flow gauging stations at different reaches of the
river and with more distributed meteorological sta-
tions, a much better understanding of the spatial and
temporal variability of the hydrology of the catchment
could be achieved. However, with the existing limited
data, the research demonstrated the dominant role of
rainfall, temperature, and NDVI on hydrological sys-
tem response specifically on the total stream flow and
potential evapotranspiration of the catchment.
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