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ABSTRACT

Runoff efficiency (RE) represents the potential of a basin to generate runoff in response to precipitation and it
varies based on climatology and physiography. It is a key metric that enables hydrologists to compare the hy-
drologic responses of basins across diverse climates and landscapes. In the large river basins of South Asia, RE
plays a key role in floods and drought dynamics but has not been studied systematically. This study employs an
integrated hydrologic-hydrodynamic modeling system, the Indian Land Data Assimilation System (ILDAS), to
investigate the spatiotemporal variability of RE and their climatological and physiographic controls. The spatial
variability of RE is mainly driven by mean precipitation and soil type. High RE is observed in the Central Indian
basins, including Narmada, Brahmani, Godavari, and Mahanadi, due to high monsoon rainfall distribution and
low permeability soils. However, large basins such as Brahmaputra, Ganga, and Subarnarekha exhibit low RE
despite high monsoon rainfall, largely due to moderately permeable soil and significant baseflow contributions.
Temporal variability in monthly RE influenced by event precipitation magnitude, antecedent soil moisture, and
seasonal cycles, with the El Nino-Southern Oscillation (ENSO) exerting a notable influence at the interannual
scale. La Nina events, particularly when coinciding with the monsoon season, enhance RE over the central
eastern, central, and peninsular India, driven by ENSO’s amplified impact on runoff relative to precipitation.
Conversely, during the winter season in northern India, ENSO effects on precipitation don’t translate into RE.
Long-term trend analysis shows a rising trend in RE across several basins, during monsoon and pre-monsoon
seasons, indicating an accelerated response of water cycle response linked to climate change. Notably, a posi-
tive trend in RE is observed in West Flowing Kachh-Sabarmati basins in the monsoon, pre-monsoon, and winter.
Our findings enhance our understanding of the trends and drivers of RE and underscore the need for adaptive
water management strategies in response to evolving patterns.

1. Introduction

hydrologically one of the most diverse catchment systems. Also, South
Asia being home to one-sixth of the population around the globe is

The hydrological functioning of catchment systems in any given re-
gion has coevolved with the long-term climatology and physiography
prevail in the region through reciprocal relationships functioning across
multiple spatial and temporal scales. These long-term interactions and
feedback induce variability in the hydrological process including runoff
generation, and finally control the water availability for the human
population. South Asia has a highly varying climatology due to unique
geographical features like the Himalayan mountain ranges in the north
and the Western (Eastern) Ghats in peninsular India, which provide a
unique orographic effect that steers the atmospheric circulation and
leads to diverse climatology (Gunnell, 1997). Hence, South Asia has

highly vulnerable to climate change, and the Intergovernmental Panel
On Climate Change (IPCC) ARG has reported that by mid 21st century,
the transboundary basins such as Ganga and Indus could face a severe
water crisis (Lee et al., 2023; Sivakumar & Stefanski, 2010). Similarly,
owing to the climate regime shift in the late 1970 s, an intense change in
the behavior of many hydroclimatic variables and associated extreme
events is evidenced globally (Graham, 1994; Swanson & Tsonis, 2009).
IPCC has reported that each of the last four decades has been succes-
sively warmer than any decade that preceded it since 1980 (Calvin et al.,
2023). These variabilities in climate variables have brought an amplified
effect on hydrological signatures and changes the water cycle dynamics
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and catchment responses (Hernandez et al., 2022). Runoff efficiency
(RE; also referred to as runoff coefficient or runoff ratio) is the runoff
generated per unit precipitation after satisfying intermediate demands
such as evapotranspiration, deep percolation, and soil moisture storage.
RE indicates the overall hydrological response of a catchment and its
variability indirectly shows how the catchment is vulnerable to varying
climate change impacts. Hence understanding the variability of RE in
time and space across river basins in the region is important for adap-
tation planning, water supply design, flood management, etc. However,
a comprehensive study on RE has been missing over the diverse river
basins of South Asia.

RE is a key concept in engineering hydrology and an important
diagnostic variable for basin performance, particularly useful for a
comparison study of a diverse catchment using a single indicator (Merz
& Bloschl, 2009). Higher rainfall generally results in higher runoff and
hence the idea of dividing the runoff by precipitation is to nullify the
impact of rainfall effect on runoff generation. Thereby, it aids in
studying the basin’s potential to generate runoff. RE varies across
different catchments and long-term controls such as climate or basin
landscape characteristics that do not vary at a short time scale contribute
to the spatial variability of the mean runoff coefficients (Norbiato et al.,
2009). Merz & Bloschl (2009) examined the runoff coefficient’s controls
over Australian catchments and identified that the mean precipitation
and antecedent soil moisture (AMC) play a major role. Similarly, Nor-
biato et al., (2009) also showed that the mean runoff coefficient of a
basin increases with annual mean rainfall, and the geological effect is
significant for those catchments with annual mean rainfall less than
1200 mm. McCabe & Wolock (2016) investigated the variation of RE
over the conterminous United States and observed a high RE associated
with high precipitation region. Woodhouse & Pederson (2018) reported
that temperature has a significant role in the RE over the upper Colorado
river streamflow. Most of the studies have identified climatology as the
dominant control of spatial variability runoff coefficient while a few
studies have also shown the role of basin characteristics especially in
hilly and smaller catchments (Abdulkareem et al., 2018; Akhil et al.,
2022; Mangan et al., 2019). Although climate and basin characteristics
are two different factors, at a larger time scale, they have a certain level
of dependency, and they are co-evolved by mutual interaction. A basin’s
current climate and landscape are the product of long-term reciprocal
interactions, mediated by material and energy flows in response to slow
geological processes and quicker climate dynamics (Sivapalan, 2005).

RE of a basin also varies with time, especially showing seasonal cy-
cles which are mainly controlled by the AMC that fluctuate with sea-
sonal precipitation (Merz & Bloschl, 2009). Similarly, RE can also
influenced by longer time-scale (inter-annual and multi-decadal) fluc-
tuations due to natural climate cycles such as El Nino-Southern Oscil-
lation (ENSO), Pacific Decadal Oscillation (PDO), Equatorial Indian
Ocean Oscillation (EQUINOO), etc. El Nino-Southern Oscillation (ENSO)
is a Sea Surface Temperature (SST) anomaly pattern in tropical Pacific
Ocean but have significant effect on the climate around the world
through ocean-atmospheric interaction (Chang et al., 2001; McPhaden
et al., 2006; Sarachik and Cane, 2010; Singh et al., 2015; Rodriguez-
Fonseca et al., 2016; Chen et al., 2018; Tamaddun et al., 2019; Park
et al., 2020). ENSO has shown a significant impact on the South Asian
climate and it is well established that a higher monsoon precipitation is
received during the La Nina phase over different parts of India (Hrudya
et al., 2021; L. Krishnamurthy & Krishnamurthy, 2016; V. Krishna-
murthy & Goswami, 2000). In addition to its impact on temperature and
precipitation, climate oscillations also affect the hydrological signatures,
especially runoff. Hussain et al. (2022) show that runoff variability in
the source region of the Indus River basin is significantly influenced by
climate indices like the North Atlantic Oscillation (NAO) and Arctic
oscillation (AO). Also, Hernandez et al. (2022) showed that in the hy-
drological regimes of Chile, ENSO has an amplified effect on the
streamflow compared to the precipitation. Hence, ENSO influence on
the precipitation might not directly translate to surface hydrological
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responses, rather it can be either amplified or diminished, due to its
effects on other climate drivers. Soden (2000) has studied the influence
of ENSO on the hydrological cycle and observed that a variation in the
precipitation intensity, temperature, and water vapor mass in the trop-
ical atmosphere results in a more intense hydrologic cycle. Hence the
influence of these climate signals is complex, and its effect on precipi-
tation and temperature might not directly be translated to the RE.

In addition to the cyclic variations, climate change due to global
warming and other anthropogenic interventions can lead to long-term
trends in the mean RE of a basin. One of the consequences of global
warming is the water cycle intensification which increases the evapo-
transpiration and changes the precipitation pattern of a basin (Allan
et al., 2020; Durack et al., 2012; Huntington, 2006). In some regions,
atmospheric warming increases the precipitation along with evapo-
transpiration and makes no changes to runoff generation. On the con-
trary, the precipitation decreases in some areas further aggravate the
consequences of increased evapotranspiration, and the net effect re-
duces the runoff (Zhang et al., 2001). In a study, Nowak et al. (2012)
observed that a one degree warming is expected to decrease RE by 2 % in
the Upper Colorado River basin. In another study of the variability of RE
in the Upper Mississippi River Basin (UMRB), Frans et al., (2013) found
that growing regional precipitation is the cause of the positive trend in
runoff. In addition to climate change due to global warming, land use
land cover (LULC) changes by human activities also cause long-term
trends in runoff generation (Astuti et al., 2019; Frans et al., 2013).
However, the effect of LULC on RE is more localized and is related to the
spatial scale (Norbiato et al., 2009). Generally for larger-scale studies,
LULC has a lesser role on RE while their effect is significant in smaller-
scale and hillslopes as illustrated in several plot studies (Astuti et al.,
2019; Kirnbauer et al., 2005). Thus, climate change plays a significant
role in the temporal variability of RE, and RE is the final response of a
basin whose variability can further show the basin’s sensitivity to
climate change.

The intricate climatic conditions and diverse landscapes of South
Asian basins result in complex relations between rainfall and runoff. RE
is a key metric that enables hydrologists to compare basins with diverse
climates and landscapes, providing insights into their hydrological
behavior and water resource management. In addition, analyzing the RE
of different catchments over a longer period is crucial for understanding
changes in the water cycle dynamics, particularly in response to climate
change and global warming. While the interannual variability in pre-
cipitation and temperature across South Asia due to ENSO is well-
documented, its impact on RE remains unexplored. A comprehensive
analysis of the spatio-temporal variability of RE and their controls over
South Asian basins is lacking except in a few regional studies that
consider RE of specific events (Sharma et al., 2019; Z. Zhang et al.,
2014). The requirement of continuous hydroclimate data such as base-
flow, soil moisture, and evapotranspiration, in addition to surface runoff
data over the South Asian basins, is one of the main constraints for
conducting such a study. The Indian Land Data Assimilation System
(ILDAS) is a multi-model hydrologic-hydrodynamic modeling system set
up over South Asia that can estimate land surface states and fluxes,
including runoff (Magotra et al., 2024a).

This study performs a comprehensive analysis of the spatiotemporal
variability and trend in RE for the South Asian basins and investigates
the following science questions:

1) What are the factors that affect the spatial and temporal variability of
RE?

2) How does the teleconnection of ENSO on precipitation over South
Asia translate to surface runoff and RE?

3) Are there any trends in RE over South Asia and what are its causes?
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2. Materials and Methods
2.1. Study area

The study focuses on the major river basins within India and three
transboundary basins that share boundaries with the neighboring
countries such as Pakistan, Bangladesh, Bhutan, China, Nepal, Afghanistan,
and Myanmar, spanning 64.5° E — 98° E and 5.5° N — 37.5° N (Fig. 1). It
encompasses 15 major river basins within the Indian subcontinent and
three transboundary basins: the Indus, Ganga, and Brahmaputra. West
Flowing Kachh-Sabarmati is denoted as WFKS, and East Flowing rivers
Mahanadi-Pennar and East Flowing Pennar-Kanyakumari are together
represented in the map as EEMP, and EFPK respectively.

2.2. Hydrological model

This study utilizes the Indian Land Data Assimilation System
(ILDAS), which is a coupled hydrologic-hydrodynamic modeling system
setup over South Asia and provides reliable estimates of land surface
conditions and fluxes, including water balance components (Magotra
et al., 2024). NASA Land Information System Framework (LISF) serves
as the foundation for the ILDAS. LISF is an open-source tool that facili-
tates a multi-model, multi-forcing approach to land surface modeling
(Kumar et al., 2006). For this study, we use the NoahMP 4.0.1 model
(Niu et al., 2011), which is the advanced version of the older Noah
model (Ek et al., 2003) with multi-parameterization functionality that
takes into account more recent developments in land surface physics

32°N
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such as a tiling scheme in the grid, which can differentiate between
vegetation and bare soil, several layers of snowpack as opposed to a
single bulk layer of snowpack. The LSM generates terrestrial water
balance components such as evapotranspiration, surface runoff, soil
moisture, baseflow, etc. The model simulations were configured to run
at a higher spatial scale of 0.10° resolution from 1981 to 2021 and the
output data was generated at a daily temporal scale. The detailed
specification of the different components of ILDAS is given in Table 1. In

Table 1

ILDAS components and their specifications.
ILDAS component  Specification
Land Surface Noah-MP 4.0.1

Model
Spatial Extent 64°E-98°E, 5.5°N-37.5°N
Spatial Resolution ~ 0.1°

Temporal 1 Day
Resolution
Time Period 1981-2021
Forcing IMD (for precipitation) and MERRA2 (for rest of the forcing
variables)

Forcing Variables Precipitation, surface pressure, near-surface air temperature,
eastward and northward wind velocity, incident longwave,
near-surface specific humidity, and shortwave radiation
(NCAR) STATSGO + FAO blended soil texture map

MODIS-IGBP (NCEP-modified), Monfreda et al. (2008)

Soils Definition
Vegetation
Definition

Output format NetCDF

4
3
Q
1z
2: Ganga
3: WFKS
4: Sabarmati
5: Mahi
6: Tapi
OZ 7: Narmada
o .
= |5 S
. Il Afghanistan
10: Brahmani Bangladesh
11: Mahanadi Bhutan 4
12: Godavari e Il China *
13: Krishna = Myanmar 0
14: Pennar Nepal .
7z | 15: Cauvery , L NI o
% | 16: EFPK lodia ¢
17: EFMP ‘
. i -
18: West Flowing e
72°E 80°E 88°E 96°E

Fig. 1. Map of the study area showing various river basins and their country boundaries.
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this study, we have utilized the surface runoff, soil moisture, and base-
flow outputs from the ILDAS model to study the spatial-temporal vari-
ation of runoff efficiency and its controls. The overall methodology
flowchart of the study is shown in Fig. 2.

We used the gridded precipitation during 1981-2021 at 0.25° spatial
resolution from the Indian Meteorological Department (IMD) as the
meteorological forcings of ILDAS. The dataset is created using 6955
gauge stations which include IMD observatory stations, hydrometeoro-
logical observatories, and agrometeorological observatories (Pai et al.,
2015). The data outside the geographical boundaries of India are sup-
plemented with the MERRA-2 (Modern-Era Retrospective Analysis for
Research and Applications, Version 2) as South Asia extends beyond the
IMD precipitation domain. Studies such as Magotra et al. (2024b) have
found that overall IMD precipitation outperforms other precipitation
(MERRA-2, ERA-5, CHIRPS) for simulating runoff within India by
ILDAS. The Modern-Era Retrospective Analysis for Research and Ap-
plications, Version 2 (MERRA-2; Gelaro et al., 2017) is an updated
version of its predecessor, MERRA, by utilizing the current progress at
NASA’s Global Modeling and Assimilation Office (GMAO). The new
assimilation schemes for NASA ozone observations, microwave obser-
vations, hyperspectral radiance, and many more datatypes are included
in the MERRA-2.

2.3. Precipitation, Runoff, soil moisture and baseflow
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October-November), and winter (DJF, December-February).

2.4. Soil group and land use land cover (LULC) data preparation

In this study, we have used soil properties such as clay, sand, and silt
content to study the influence of soil on the spatial variability of RE. The
soil texture classes are derived using the soil properties as suggested by
the Natural Resources Conservation Service Soils (NRCS) of the United
States Department of Agriculture (USDA). The NRCS-USDA has devel-
oped a Soil Texture Calculator Triangle, which categorizes soil into
different texture classes based on the proportion of sand, silt, and clay
content (Table 2). For the hydrological applications, the soil texture
classes are further reclassified into four hydrological soil groups (HSG)
based on their runoff potential (Ross et al., 2018). Groups A, B, C, and D
exhibit low, moderately low, moderately high, and high runoff poten-
tial, respectively (Table 2). The datasets are downloaded from SoilGrids
which is a platform where the soil profile datasets are processed using
machine learning techniques to produce digital soil maps across the
globe.

The LULC is another factor that influences RE. The LULC map of
2020 from the Environmental Systems Research Institute (ESRI) is uti-
lized in this study. The ESRI nine classification map is reclassified into 6

Table 2
Ranges of contents of sand, silt, and clay for texture classification (NRCS-USDA).

The study uses the IMD precipitation data along with the surface Texture Class Sand (%) it (%) Clay (%) HSG
runoff, soil moisture, and baseflow output from ILDAS. The data are Sand 85-100 0-15 0-10 A
available from 1981 to 2021 at a spatial resolution of 0.1 x 0.1 at a daily Sandy loam 43-85 0-50 0-20 B
timestep and are aggregated to a monthly scale. Runoff efficiency is tzzxy sand Zg_&gs(z) 2:’20 2_;‘; 2
calculated for the whole domain using the following equation: Silt loam 0-50 50-88 0-27 c

Sandy Clay Loam 45-80 0-28 20-35 C

RunoffEfﬁciency = Monthl‘ysurfa.ce.mr%oﬁ (@D)] Clay Loam 20-45 15-53 27-40 C
Monthlyprecipitation Sandy Clay 45-60 0-20 35-55 D

. . o1 Silty Clay loam 0-20 40-73 27-40 C

ThQ.e soil mplsture and 'baseﬂow data were 'utlllzed to study the con- Clay 045 0-40 40-100 b
trols influencing the spatio-temporal variability of RE. The study uses silty Clay 0-20 40-60 40-60 D
the standard definition of seasons for South Asia: pre-monsoon (MAM, Silt 0-20 80-100 0-12 C
March-May), monsoon (JJAS, June-September), post-monsoon (OND,

B ILDAS [ Runoff Efficiency controls ]
m Hydrological Model : Noah MP ‘ Climatic ‘ ‘ Caalegy ‘ ‘ ENSO ‘
S
©
5 )

__
Basefl IMD Nino 3.4
Runoff * Dasellow precipitation Index

+ Soil Moisture
-~

Classification of soil
moisture into AMC1,
AMC2 and AMC3

— Calculation of
Runoff Efficiency

Data
processing

Classification of ENSO
timeseries into El
Nino, La nina and

* Creation of soil texture
class
« Reclassifying texture

Reclassification of ESRI
LULC into 6 classes

class to HSG neutral phases

Spatial variation of Runoff
Efficiency

Temporal variation

Analysis

‘ Seasonal variation ‘

| Interannaul fluctuation | ‘ Long-term trend |

Mann-Kendal test

Composite analysis

Fig. 2. The overall methodology flowchart of the study.
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classes comprising Built-up area, agricultural land, Evergreen-Broadleaf
forest, Shrubland/Wasteland, Water Bodies, and Ice-Glaciers (Fig. 3c).
Further, we have computed the curve number developed by Soil Con-
servation Service (SCS) which combines the effect of LULC maps and
hydrological soil groups to give a single numerical value which is pro-
portional to runoff potential of a region (Kumar et al., 2010) (Table S1).

2.5. Teleconnection and trend analysis

In this study, we investigated the teleconnection between RE and
ENSO. The Nino 3.4 is used as the monthly ENSO index, and it represents
the average SST anomaly between 5°S-5°N and 170°W-120°W. El Nino/
La Nina occurs when the Nino 3.4 index is greater/ lesser than + 0.4/-
0.4 for six consecutive months (Trenberth, 1997; Trenberth & Stepaniak,
2001). Thus, the months in the period from 1981 to 2021 are classified
into El Nino, Neutral, and La Nina phases according to the Nino 3.4
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index.

For the teleconnection analysis, we used the technique of composite
and grouping (Hernandez et al., 2022). Firstly, we calculated the stan-
dardized monthly anomaly of precipitation, surface runoff, and RE time
series for consistent comparison between variables (Z;). Then, the ENSO-
composites of this standardized variable are computed as the average of
these variables associated with specific ENSO phases, El Nino and La
Nina. Then an additional composite is calculated as the difference be-
tween the La Nina and El Nino composites which gives the amplitude of
the ENSO-related shift.

Compositer, nira 0f2 := Mean (2;),. 1, nifa 2
Composite nizo 0fz := mean (%), g ifo 3)

Compositer, Nifa - Bl Nifo 0f2 := Mean (), 1, niia — MEAN (2Z¢) e 51 Nifo (€))

z € Rainfall/ Runoff/ RE and z, represents the value of variable z at

a) y N

b) R N

Agricultural
Bl Evergreen Broadleaf Forest
Shrubland/Waste!
R Water Bodeis
Ice-Glaclers

-
o

& 8
Curve Number

[

Fig. 3. Map showing (a) soil texture classification, (b) hydrological soil groups, (c) land use land cover types, and (d) curve number in South Asian river basins.
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time t.

This study investigated the trend in the timeseries of precipitation,
runoff, and RE using the Mann-Kandall (MK) test (Mann, 1945). Mann-
Kandall is a non-parametric test, mainly used to statistically detect
trends in meteorological and hydrological timeseries (Burn et al., 2004;
Chandole et al., 2019; Jain et al., 2013; Joshi et al., 2016; Kaur et al.,
2017; Meshram et al., 2017). Since its statistics are based on positive and
negative signs, one of the advantages is its ability to handle outliers in
the form of extreme values in hydrological time series (Helsel & Hirsch,
1992). The MK test evaluates the significance of trend using the test
statistics at a 5 % significance level with the null hypothesis HO stating
that there is no significant trend in the time series. The Mann-Kendall
test begins with the calculation of S statistics:

n-1 n
S= Zi:l Zj:iHSgH (ki - kj) )
Where k; and k; are the data values in i and j™ time of observation.
-1 if (kl 7k]*) <1

sgn(k) =

The Z statistic is computed:

S=1 sso
Var(S)
Z= 0  ifS=0 @)
S+ s<o
Var(S)
. :n(n—l)(2n+5)—1zéi:1ti(ti—1)(2ti+5) ®

where, n is the number of data points, and ti is the number of ties for
the ith value.

One of the issues with MK test is that it shows a significant trend in
the absence of trend when the time series exhibit significant autocor-
relation and leads to misleading interpretations (Burn et al., 2004).
Hence, we have considered the standardized monthly anomaly of the

a) Pre-monsoon (MAM) b) Monsoon (JJAS)

¢) Post-monsoon (ON)
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time series which eliminates the autocorrelation due to seasonality in
the time series.

3. Results and discussions

Runoff Efficiency (RE) represents a basin’s ability to generate runoff
from precipitation, which varies spatially and temporally. Fig. 4 shows
the spatial variation of climatological mean and variance of RE from
1981 to 2021 for different seasons. The mean monthly RE over South
Asian river basins goes up to 0.35 in the wettest months. The mean RE is
higher in the Central Indian basins and it is maximum in the monsoon
season. Fig. 5a shows the boxplot of regional mean RE in different sea-
sons over the 18 basins in South Asia. The monsoon core basins such as
Narmada, Brahmani, Godavari, West flowing, and Tapi exhibit high
mean RE. Narmada basin shows the highest RE among all with a mean
RE value of 0.25 in the monsoon season. Similarly, Brahmani basins
have relatively higher RE throughout the year. In EFMP and EFPK ba-
sins, a higher RE is observed in post-monsoon and winter respectively.
Brahmaputra, Ganga, Subarnarekha, Krishna, and Cauvery exhibit
relatively low basin performance.

Similarly, the variance of RE has been investigated using the coef-
ficient of variation (CV). CV is calculated by the standard deviation of RE
divided by the mean rainfall. It shows the least in the region of high
mean RE, whereas the largest in the region of low mean RE (Fig. 4 e-f).
Similar results have been reported by Merz et al. (2006) and they
concluded that the RE variability between events is low in catchments
with larger mean RE. However, when we use standard deviation (Sdev)
instead of CV, the observation is reversed showing a higher Sdev
wherever mean RE is higher (see supplementary Fig. S1). Two issues
with comparing the variance of climate variables across different re-
gions are the skewness exhibited by data and the varying range of data at
different regions. This results in regions with higher means artificially
showing higher Sdev. Although using the CV (Dividing Sdev by the
mean) can solve the former, but the issue is further exacerbated by
overweighting regions with higher mean due to skewness. Ultimately,
the region with a high mean shows a lower CV value and it can be clearly
seen in Fig. 4. Thus, using Sdev/ CV to compare the variance of

d) Winter (DJF)

vk

Runoff efficiency (Mean)

e) Pre-monsoon (MAM)
: & e _ ey

Coefficient of variation (CV)

Fig. 4. Seasonal mean and variance of RE for pre-monsoon, monsoon, post-monsoon, and winter seasons.
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Fig. 5. Seasonal mean of RE, precipitation, and baseflow over South Asian river basins.

hydrometeorological variables across regions results in misleading
assessment.

A close comparison between the mean RE bar plot (Fig. 5a) and the
mean precipitation bar plot (Fig. 5b) reveals that mean RE is higher
wherever mean precipitation is high (see Fig. S2 for all grids). A high
correlation of 0.6 is obtained between mean RE and mean precipitation
over the study area (see supplementary Fig. S3). Similar results are re-
ported by McCabe & Wolock (2016), who found that the RE over the
conterminous US is high in the wettest part of the country. The soil in the
area with higher mean precipitation is consistently moist and has more
runoff potential (Merz & Bloschl, 2009; Norbiato et al., 2009). Thus, the
mean RE is strongly influenced by mean precipitation in a region, but
the underlying factor is the soil moisture content. In addition, from
Fig. 3a, it can be observed that the soil in these Central Indian basins is
characterized by high clay content and belongs to the hydrological soil
group D (Fig. 3b). This soil group has inherently high runoff potential
owing to low permeability of clayey soils, resulting in slower infiltration
rates. Hence, along with high mean precipitation, the less permeable soil
type contributes to high RE at these Central Indian basins. The fact that
both mean precipitation and soil type in these Central Indian basins act
in the same direction is not merely coincidental. At a longer timescale,
mean annual precipitation influences the soil physiography by control-
ling the soil formation and erosion process. The soils in the Central In-
dian basins are primarily Luvisols and Vertisols, which are mainly
developed as a result of high seasonal rainfall, leading to the formation
of clay-rich soils with low permeability (Ahmad, 1996, 1996). Hence,
climate and geology have a certain level of dependency, as highlighted
by Norbiato et al. (2009), that the regions with high precipitation are
often characterized by low-permeability soils.

However, certain basins exhibit deviations from this general obser-
vation of higher RE in basins where there is high mean rainfall. For
instance, Brahmaputra, Subernareksha, and Ganga have low RE despite
receiving higher monsoon precipitation (Fig. 5b). Similarly, RE is rela-
tively lower in the West Flowing basins, which receive almost double the

monsoon precipitation as Narmada (Fig. 5a). This is due to the dominant
effect of basin landscape characteristics over the climatology. From the
soil map (Fig. 3b), it can be observed that these basins belong to either
soil group C or B, which have moderate runoff potential. In addition, the
West flowing river basins have forest land cover, which again reduces
runoff potential. However, overall the LULC has less effect on the spatial
variability of RE over the study area (see supplementary Fig. S3). In West
flowing river basin, climatology and soil type, act in opposite directions
and result in a moderate RE, unlike the case of Central Indian basins.
Also, we investigated the baseflow component (Fig. 5c), which arises
from soil infiltration, and serves as an indirect representation of the
subsurface soil attributes of the basin. The result shows that the West
flowing, Ganga, Brahmaputra, and Subernarekha basins have more
baseflow contribution pertaining to the moderately/ high permeable soil
type (Fig. 5¢). Ultimately, RE is influenced by the complex interplay of
climatology and soil type, with the dominance of either factor varying
by region. The overall hydrological performance of a basin is a trade-off
between its climatological and landscape characteristics. For those ba-
sins belonging to arid/semi-arid climates where precipitation is a
limiting factor, RE predominantly depends on basin physiography.
While in humid regions where rainfall is abundant, the RE variability is
more influenced by climatology.

To further investigate the effect of monthly precipitation magnitude,
AMC condition, and seasonal cycle on RE, a monthly rainfall-RE scatter
plot has been studied (Fig. 6). The observations in different seasons are
represented with colors, and AMC conditions are represented with
shapes. We have classified the soil moisture condition into three
different classes, AMC1 (0-30 percentile), AMC2 (30-60 percentile),
and AMC3 (above 60 percentile). It is observed that the rainfall-RE plot
follows a non-linear relation as the curve steeps upwards for lower
precipitation and then becomes less steep. Thus, precipitation magni-
tude has a clear role in monthly RE. A steeper curve is observed in the
Central Indian basins, showing a strong response to precipitation
magnitude, and it is due to the presence of clayey soil. The influence of
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Fig. 6. Scatter plot between precipitation and RE for different basins over the study area. The colours represent different seasons and the shapes represent

AMC conditions.

AMC is clear as we can observe that, for the events of the same precip-
itation magnitude, the RE associated with AMC3 (triangle) shows high
values (Fig. 6). For instance, in the river basins such as Brahmani,
Godavari, and Subarnarekha River basin, even for a lesser precipitation
magnitude (50-150 mm/month), RE is higher whenever the soil mois-
ture condition is in AMC3 (green triangle) (Fig. 6). This shows the
relatively dominant impact of soil moisture conditions over precipita-
tion magnitude and it is in agreement with Merz & Bloschl (2009).
Hence, RE is controlled by the relative effect of monthly precipitation
magnitude and AMC conditions, which can vary based on basin geology.
Apart from these two factors, the seasonal distribution of rainfall also
plays a major role in the temporal variability of RE (see Fig. 5a and
Fig. 6). It is observed that basins that receive higher monsoon rainfall
show a higher RE in the post-monsoon season (Fig. 5). Similarly, in
basins such as Pennar, Cauvery, and EEPK where the post-monsoon
rainfall is dominant, winter RE is relatively higher (Fig. 5). Basically,
season and AMC condition are highly dependent as we can observe that
most of the AMC3 (triangle) condition are associated with post-monsoon
(green) in all the basins irrespective of rainfall magnitude (Fig. 6). These
can be due to soil already being recharged during the summer monsoon
and hence a higher portion of the rainfall is being converted to runoff in
post-monsoon. For instance, in the Brahmani basin, despite receiving
lesser precipitation magnitude in post-monsoon, a relatively higher RE is
observed as the soil is in the AMC3 condition (Fig. 6). Thus, temporal
variability of monthly RE is mainly controlled by the relative effect of
precipitation magnitude, AMC condition, and season, with these factors

exhibiting a certain degree of interdependence.

3.1. ENSO influences on the climate variables and runoff efficiency

Fig. 7 shows the composite anomalies (El Nino minus La Nina av-
erages) of precipitation, runoff, and RE during different seasons. The
result shows that there is a statistically significant influence of ENSO on
the study domain. It has been noticed that there is significant seasonal
variation in the teleconnection of ENSO. During the monsoon season, a
positive composite anomaly is observed in Central East, Central, and
Peninsular India, which shows excess rainfall during La Nina. It is
consistent with the general understanding that La Nina brings above-
normal precipitation in India during the monsoon (Gadgil et al., 2007;
Hrudya et al., 2021; L. Krishnamurthy & Krishnamurthy, 2016). The bar
plot showing the regional composite average of El Nina and La Nina
phases during the monsoon season is also shown in Fig. 8. It can be
observed that the precipitation is significantly higher in the La Nina
phase for the basins such as Godavari, Brahmani, Mahanadi, Sub-
arnarekha, Pennar, and Ganga. RE was also observed to increase during
La Nina. Also, the influence of ENSO on RE follows the same spatial
pattern as runoff and it is slightly amplified in central India and sup-
pressed over northern India (Fig. 7). An amplified response of runoff on
ENSO compared to the precipitation could be the reason for the modu-
lation of RE. The numbers in the barplot (Fig. 8) show the amplification
ratio, indicating the strength of ENSO impact, and it is the ratio between
the El Nino and La Nina composites. Over Central Eastern India, the
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amplification ratio of runoff is found to be greater than that of precip-
itation, indicating that the impact of ENSO on rainfall is amplified over
runoff. For instance, in the Godavari river basins, the ratio is 1.31 for
precipitation, and it is increased to 1.83 for runoff, and the net increase
in RE is 1.41. During the winter, the effect of ENSO on the precipitation
is reversed and it is shifted towards North India and some parts of
Southern India. In Northern India, a negative composite anomaly pre-
vails, indicating that rainfall during El Nino phases is higher. Rainfall is
brought by the Western disturbance during this period and hence lower/
higher rainfall during La Nina/ El Nino phases is the result of ENSO
interaction with Western disturbances (Dimri, 2013; Krishnan et al.,
2009).

The result of the regional composite analysis during the winter sea-
son is given in the supplementary fig. S4. Although ENSO has a signif-
icant effect on North Indian rainfall in winter, it has not been translated
to runoff and RE during the winter (See supplementary fig. S4). Unlike
North India, a positive composite rainfall anomaly is observed in
Southern Indian basins (Cauvery and EFPK) during winter season which
translates to runoff and RE. The Northeast monsoon brings rainfall to

these basins during the post-monsoon period (Rajeevan et al., 2012).
Overall, it could be said that La Nina always enhances the monsoon
rainfall (Southwest monsoon and Northeast monsoon) and depreciates
the Western depression rainfall that results in positive/ negative com-
posite anomaly in the monsoon/ Western disturbance affected basins.

3.2. Trend analysis of runoff efficiency

The variables precipitation, runoff, and RE are subjected to stan-
dardization, and long-term trend analysis for the period 1980-2021 is
carried out using Mann-Kendall test (Fig. 9). Trend analysis of each
season was investigated separately as previous studies has clearly re-
ported the varying trends across seasons within the same region
(Guhathakurta & Rajeevan, 2008). In the Monsoon season, a positive
trend in RE, runoff, and rainfall is recorded in the WFKS. The increase in
monsoon precipitation in the Kutch, Saurashtra, and Marwar basins are
reported in the previous studies (Agnihotri et al., 2017, 2018; Krishnan
et al., 2020; Yadav et al., 2021). The trend in RE shows that the runoff
production/basin activity is increasing with time, and more runoff is
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generated per unit rainfall. Similarly, a positive RE trend is detected in
Brahmaputra while precipitation and runoff don’t show statistically
significant trend. In the pre-monsoon season, a significant RE trend has
been observed in WFKS, Krishna, and EFPK despite there is no trend in
rainfall and runoff (See supplementary Fig. S5). This increasing trend in
RE over different basins shows the accelerated response of the water
cycle owing to climate change (Wang et al., 2023).

4. Conclusions and future work

Runoff efficiency (RE) is an ideal diagnostic tool to study the hy-
drological performance of a basin. First, we explored the spatio-
temporal variability of RE over different basins of South Asia and
studied the role of climatology and basin physiography. Then, we
studied the role of ENSO on the temporal RE variability. Finally, the
long-term variability of RE has been examined using trend analysis. The
major findings from this study have been highlighted below.

e The spatial variability of RE is primarily controlled by the relative
effect of climate and soil type. The Central Indian basins such as
Narmada, Godavari, Tapi, Mahanadi, and Brahmani are observed to
be hydrological active basins pertaining to the high mean annual
precipitation and low permeable soil. Ganga, Brahmaputra, and
Subarnarekha exhibit low RE despite high mean rainfall due to
moderate permeable soil type and higher baseflow contribution.
West flowing basins have relatively less RE despite receiving very
high mean monsoon rainfall due to the forest land cover and
moderately permeable soil type.

Temporal variability of Monthly RE is mainly controlled by the
relative effect of monthly precipitation magnitude, antecedent soil
moisture condition (AMC), and seasonality. The three factors exhibit
certain levels of interdependency and also the effect of AMC is
relatively higher than precipitation magnitude.

El Nino-Southern Oscillation (ENSO) is an external factor that
modulates the temporal variability of RE. During the Monsoon,
ENSO significantly affects the rainfall of Central eastern, Central, and
Peninsular basins with La Nina phase enhancing the rainfall. The
ENSO impact on rainfall is amplified on the runoff resulting in sig-
nificant modulation on RE. The ENSO impact is reversed in the
winter season where the La Nina depreciates the rainfall in Northern
India, however, the influence is not reflected in the RE. Winter ENSO
affects the Southern basins such as Cauvery and East Flowing Pennar-
Kanyakumari (EFPK) causing a higher rainfall in La Nina phases and
RE also shows a significant impact.

Long-term trends are found in RE over different regions which vary
with season. West Flowing Kachh-Sabarmati basins show a signifi-
cant positive trend in monsoon, pre-monsoon, and winter. In many
basins, the rainfall and runoff don’t show a trend while the RE has
shown a positive trend. This increasing trend in RE over different
basins without any trend in rainfall shows the accelerated response
of the water cycle owing to climate change.

Overall, this comprehensive study of the behavior of RE over the
South Asian River basins, concludes that RE is influenced by both
climatology and basin physiography. Monitoring changing RE has im-
plications for water availability, flash floods, erosion, etc. Further,
improving understanding of RE can enhance runoff prediction skills. The
future scope of the study would be investigating the behavior of RE
variability during hydrological extremes such as floods and droughts.
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