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HIGHLIGHTS

« Farm survey identifies sociohydrological (SH) model deficiencies in yield predictions.
« Mixed method of surveys and machine learning used to model SH structural errors.

« Hybrid SH model predicts better than SH only and machine learning only models.

« Structural errors arise due to absence of irrigation practices and farmer adaptations.

ARTICLE INFO ABSTRACT
This manuscript was handled by Okke Sociohydrology aims to deliver user-inspired solutions to water challenges, often through model-based un-
Batelaan, Executive Editor derstanding and simulation of local realities. However, sociohydrological modeling methodologies used to

understand such complex human-water systems remain difficult to apply to many real-world case studies.
Sociohydrological model predictions at daily to annual time scales of decision- making remain a challenge due

Keywords:

Smallholders to often difficult-to-acquire social sciences data, and missing or unknown feedbacks that lead to model structural
Sociohydrology errors, among other issues. This paper assesses and reduces model structural deficiencies of a smallholder so-
Mixed methods ciohydrological (SH) model when applied to a case study of small-scale agricultural production in India, where
Machine learning variables from a farmer survey help alleviate structural deficiencies. A structural error model is proposed based
Yield predictions on a regression model of nonlinear projection of the these variables to a Kernel space, called Kernel Principal
Plot scale Component Analysis (KPCA) based model. Based on this, a hybrid model that is a sum of the SH model and the
structural error model is proposed. It offers significantly better yield predictions on ‘unseen’ (to the model) sur-
vey data than the SH only model. The hybrid model also performs better on yield prediction than a KPCA model
alone, which predicts yields without any SH dynamics. This is because the hybrid model combines the structural
error model that learns from the spatial pattern of observed yields with the temporal dynamics explained by the
SH model alone. The results indicate that the structure of the SH model can be improved by further incorporation
of irrigation and adaptive behaviour of farmers.
1. Introduction diagrams, surveys and system dynamic modelling (Kreibich et al., 2025;

Pande and Sivapalan, 2017). The phenomena studied include the levee
effect, the irrigation efficiency paradox, technology-mediated agricul-
tural intensification and environmental Kuznets curves (Di Baldassarre
et al., 2025). These studies have advanced conceptual models of water
human interactions and novel mixed methods approaches to interpreting
such phenomena. However, the impact of such studies in terms of
providing operational guidance to design and implement interventions

Sociohydrology offers a human-centric perspective to examine the
bidirectional feedbacks and nonlinear interactions between human and
water systems (Di Baldassarre et al., 2025; Gu et al., 2025; Rachunok
and Fletcher, 2023). Central to sociohydrological studies has been
the interpretation of diverse phenomena that emerge from coupled
water-human system dynamics such as the levee effect and demand
supply dynamics through a variety of methods that include causal loop
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that deliver the intended results has remained limited to few studies;
see, for instance, Alam (2024); Amirkhani et al. (2022); Ghoreishi et al.
(2021); Quesnel and Ajami (2017).

As an example, Alam (2024) recently proposed an agent based
model interpretation of the phenomenon of supply-demand dynamics
in the context of agricultural water interventions such as check dams
in Gujarat, India, the proliferation of which was observed in secondary
data such as groundwater data and agricultural census data. These mixed
data sources suggested that check dams were constructed with the inten-
tion of recharging groundwater. However, they led to increased demand
for water for irrigation due to the perception of farmers that the water
supply had increased. This elucidated the need to incorporate feedbacks
linked to human perceptions in models if these are to be used to design
groundwater conservation policies implemented at the farm to catch-
ment scale (Adla et al., 2025). Alam (2024) calibrated such feedbacks
using data from surveys of farmer behaviour towards agricultural water
interventions (Alam et al., 2022).

While sociohydrological models, due to the conceptual advance-
ments they bring, are used to anticipate emergent dynamics and infer
possibility space for solutions to avoid undesirable water futures, their
predictions remain limited in their ability to predict at daily to annual
scales and provide space for actionable interventions (Sivapalan and
Bloschl, 2015; Srinivasan et al., 2025). For example, Roobavannan et al.
(2017) and Li et al. (2025) developed sociohydrological models in agri-
cultural and urban water contexts respectively, and although they were
informed by available secondary social data, they were limited to the
anticipation of trajectories at multidecadal to centennial scales. As a re-
sult, the solutions discussed were at annual or larger time scales, such
as policies linked to reservoir operations in the Murrumbidgee River
Basin and groundwater governance in Beijing, and needed more specific
information to detail actions needed at scale. This has been widely ac-
knowledged, that most sociohydrological models can only be used to
‘anticipate’ future dynamics in long term and not ‘predict’ at shorter
time scales (Srinivasan et al., 2025). But predictability of sociohydro-
logical models at decision making scales is critical to designing and
implementing interventions at scale (Pande and Sivapalan, 2017).

One reason behind the challenge of predicting at actionable time
scales is obtaining appropriate social data sets (Pande and Sivapalan,
2017; Srinivasan et al., 2025). This is primarily because these acivities
are resource intensive (e.g., fieldwork to conduct social surveys) and
can only be sampled at time resolutions coarser than the time scale of
hydrological dynamics. Furthermore, which variables to collect infor-
mation on depends on the aspects of water-human dynamics that may
not be well understood. Not all feedbacks of water human dynamics may
be known a priori (Kreibich et al., 2025), and this leads to model struc-
tural deficiency (Pande and Sivapalan, 2017). Approaches to identify
missing feedbacks can include open-ended questions with practitioners
(Haeffner, 2022) and machine learning or information theoretic mod-
els to find patterns in surveyed data that complement variables and
data used in structurally deficient sociohydrological model simulations
(Pande and Sivapalan, 2017).

The purpose of this paper is to propose a replicable methodology to
assess deficiencies in such models, with a key focus on improving small-
holder sociohydrological predictions at daily to annual scales. These
scales are relevant for farmer decision making and for designing in-
terventions such as good agricultural practices that can help alleviate
farmer distress. As a case study, this paper investigates the structural
deficiencies of a smallholder sociohydrological model of Pande and
Savenije (2016) based on yields and other sociohydrological variables of
cotton farmers observed in a social survey. Here, reliable prediction of
yields every year at the smallholder plot scale is key to informing small-
holder farmers of practices at daily to monthly scales to realize better
yields and avoid financial distress (Mishra, 2006).

Predicting yields at the smallholding plot scale (e.g., at a 2 ha
resolution) is challenging (Jabed and Azmi Murad, 2024). There are
studies that use high to very high spatial resolution time series data of
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biophysical variables such as greenness, temperature and canopy cover,
for instance, by using SkySat, PlanetScope and Sentinel-2 at 2 m to 20 m
resolution data at various points in time during a growing season (Ponce-
Pacheco et al. (2025) and references therein) to predict yields with good
accuracy. However, there are no studies that provide forward-looking
yield predictions to farmers and practitioners, such as agricultural ex-
tensionists, with an understanding of farm scale water-human dynamics,
such as through the lens of smallholder sociohydrological model of
Pande and Savenije (2016). This is needed to design and advise farmers
on system-cognizant good agricultural practices so that they can act in
a timely manner to improve their anticipated yields (Ayre et al., 2025).

Motivated by this, the study uses a simple machine learning model,
based on a linear regression with principal components of explanatory
variables in a nonlinear Kernel space (KPCA), to develop a predictive
structural error model (see e.g., Honti et al. (2013); Pianosi and Raso
(2012); Xu and Valocchi (2015) for similar error models). The differ-
ence between observed yields and those predicted by the model of
Pande and Savenije (2016) is identified as possible structural deficiency
in the model. While the sociohydrological model considers the tempo-
ral dynamics, the machine learning model learns the spatial patterns
of observed yields unexplained by the sociohydrological dynamics as
a function of various farm scale characteristics obtained from a social
survey. Using the structural error model as the basis, this paper then
presents the value that the structural error model adds in sociohydro-
logical prediction in comparison to other model variants and discusses
ways forward.

2. Materials and methods
2.1. Study area

India is one of the top producers of cotton in the world (Raghavendra
and Reddy, 2020; Shwetha et al., 2022). Small and marginal farms (with
0-2 ha of land) account for more than 85 % of farm holdings and con-
tribute to more than 50 % of India’s agricultural output (Fan et al.,
2013; Joshi and Tyagi, 2019). Nonetheless, the security of smallholder
livelihoods continues to be challenged by climate change impacts, poor
soil quality, price volatility, and a lack of access to assets, capital, tech-
nology, markets, and alternative employment opportunities (Fan et al.,
2013; Joshi and Tyagi, 2019). Smallholder farmers are often forced to
borrow money, not just for agriculture, but also for their daily needs
(Sravanth and Sundaram, 2019). Central and state governments have
passed several debt relief bills and implemented debt waiver schemes
in the past to reduce the burden of debt (Kerala Legislative Assembly,
2012; Pathak and Chattopadhyay, 2021; RBI, 2009). However, multi-
ple studies have shown that debt relief is not effective at combating the
crisis in the long term and comes with detrimental effects on the bor-
rowers’ behaviour, such as no increase in investment or productivity,
increasing default rates, and longer repayment periods (De and Tantri,
2014; Giné and Kanz, 2014; Kanz, 2012; Pathak and Chattopadhyay,
2021). Moreover, debt relief initiatives are mostly reactionary and may
not solve the underlying causes of the crisis (Sravanth and Sundaram,
2019). This is exemplified by Maharashtra, which, despite being among
the largest cotton producing Indian states, has considerably low cotton
productivity and resource poor farms (Khan and Ansari, 2023; Pande
and Savenije, 2016; Raghavendra and Reddy, 2020).

The study area focuses on such cotton producing districts in the
north-eastern region (Vidarbha) of Maharashtra, namely Amravati,
Wardha, and Yavatmal. The region is covered with black soil of vol-
canic origin (van Wirdum et al., 2019), which consists of 54 % clay,
32.5 % silt, and 13.5 % sand (Katti, 1979). This type of soil is suitable
for growing cotton due to its high moisture retention capacity and the
relatively high temperatures in the region (Janssen, 2020). Other crops
grown here include cereals, pulses, oilseeds, and sugarcane (Kamble
and Tikadar, 2024; Mishra, 2006; Pande and Savenije, 2016). The agro-
nomic potential of this region is influenced by the rainy season during
the summer months, with an average of 50-60 rainy days per year



D. Djohan, J. Malard-Adam, S. Adla et al.

Study area and location of farmers interviewed in the baseline study
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Fig. 1. Map of the study area showing the location of the 308 farmers inter-
viewed (Hatch et al., 2022). Interviews were conducted in three districts of
Maharashtra (India): Yavatmal, Amravati, and Wardha. These districts are lo-
cated in the Vidarbha region in north eastern Maharashtra. Made in QGIS (QGIS
Development Team, 2021).

and an annual rainfall of 150-200 mm (Ratna, 2012). Cotton cultiva-
tion requires between 700 and 1200 mm of water distributed over its
5-6 month growing period (Hussain et al., 2025; van Wirdum et al.,
2019). Consequently, the absence of supplementary irrigation, coupled
with other factors, can result in severe agricultural challenges, especially
for smallholder farmers in the region (Pande and Savenije, 2016).

A baseline household survey of 308 farmers was conducted in 2019
(locations depicted in Fig. 1) (Hatch et al., 2022). The aim of the sur-
vey was to assess farmers’ hydrological resources and socio-economic
characteristics using information about farming practices and financial
characteristics. The 308 farmers in the sample consist mostly of small
to medium-sized farmers (0.5 to 10 ha); however, there are also several
large farmers (>10 ha). Areas under cotton cultivation ranged between
0.5 ha and 35 ha, with an average of 4.7 ha (standard deviation SD =
4.1 ha). The average seed cotton yield was 1,500 kg/ha. 238 farmers
were in debt (77 % of total farmers), out of which 107 farmers (45 % of
the indebted farmers) had loans with interest rates higher than 10 %.

2.2. Data description

Gridded daily temperature and precipitation data are taken from the
Indian Meteorological Department (IMD) (Pai et al., 2025; Srivastava
et al., 2009), the details of which are given in Table 1. The mean daily
temperature ranges from 15 °C to 37 °C. The reference evaporation
(ETc) is estimated using the Hargreaves Equation from the tempera-
ture data (Hargreaves and Samani, 1985). For the water equivalent of
extraterrestrial radiation (R, [mm/d]), the average monthly values at
20° N latitude are used (Samani, 2000). It should be noted that the data
resolutions are relatively low for representing plot-scale conditions.

The irrigation data are derived from a QGIS Soil and Water
Assessment Tool (QSWAT) model of the study area (Dile et al., 2019;
Janssen, 2020). QSWAT is a plug-in for the open source geographic in-
formation system QGIS. QSWAT was chosen as hydrological method to
calculate the reservoir inflows at particular intake points since it is easy
to use once set up, the data necessary to run the model are freely acces-
sible, and the plug-in works via QGIS which creates visible results and
is user friendly. Several data types are used to run the QSWAT plug-in:
digital elevation map (DEM), land use map, soil type map and weather
data for the specific location. The steps undertaken to simulate model
reservoir inflows at particular points as part of the QSWAT plugin of
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Table 1
Details of the gridded data used. Source: Indian Meteorological Department (Pai
et al., 2025; Srivastava et al., 2009).

Parameter Unit Spatial resolution ~ Temporal resolution
(extent)
Precipitation (P) mm/d  0.25 x 0.25° daily (1975 - 2019)
Maximum temperature (7,,,) °C 1x1° daily (1975 - 2019)
Minimum temperature (7;,)  °C 1x1° daily (1975 - 2019)
Mean temperature (7) °C 1x1° daily (1975 - 2019)

Table 2
Description of the variables from the farmer survey (Hatch et al., 2022) and
climate forcing used in the PCA, kernel PCA, and linear regression analysis.

Variables Unit Description

Family help person(s) Farm labour help from the
family/children

Cotton area ha Total cotton area of the farmer

Seeds cost INR/ha Local cost of cotton seeds

Pesticide cost INR/ha Local cost of pesticide

Fertilizer cost INR/kg Local cost of fertilizer

Fertilizer amount kg Total fertilizer usage of the farmer

Soil depth mm Soil depth in the field

Latitude °N Latitudinal coordinate of the
farmer

Longitude °E Longitudinal coordinate of the
farmer

Precipitation mm Total precipitation in the 2018

planting season

ET, mm Total reference evapotranspiration
in the 2018 planting season

Irrigation mm Total irrigation in the 2018
planting season

Model yield kg/ha The predicted cotton yield per

hectare using the SH model

QGIS include: 1) delineate a watershed using the DEM, and identify
streams from the generated stream network flowing into intake points
that lie within the watershed, 2) create the hydrological response units
(HRUs). For this, the land cover and soil type data files are imported and
HRUs classifications are created based on these datasets, and 3) finally,
imported the weather data into the model. Once all data files are im-
ported, clicking “ok” will implement the data in the model. Clicking on
the option “Setup and Run SWAT Model Simulation” under the “SWAT
Simulation” option will run the model; once the model is run, the SWAT
Output can be generated and inflows at intake points for a period of
study can be obtained. For more details on how QSWAT was set up and
run for this study, readers are referred to Janssen (2020), p 21-24.

Variables from the survey (Hatch et al., 2022) and climate data
(Table 1) are used to quantify the total error of the model. An overview
of these variables is shown in Table 2.

2.3. Smallholder sociohydrological (SH) model

The sociohydrological (SH) model used is based on the model by
Pande and Savenije (2016) as shown in Fig. 2. The model provides in-
sight into the system dynamics of smallholder farmers through six assets,
namely water storage capacity, capital, livestock, soil fertility, grazing
access, and labour. This study focuses on the climate variability, soil
moisture, and crop production parts of the model. In addition, the labour
availability factor is adjusted in the calibration phase due to its direct
influence on the crop production.

2.4. SH model calibration and diagnosis

Changes in the SH model structure are first implemented based on
known deficiencies identified by Pande and Savenije (2016) and then
calibrated. The model’s performance is evaluated by comparing the sim-
ulated yields with the observed yields from the survey (Hatch et al.,
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Fig. 2. The base SH model obtained from Pande and Savenije (2016). The model captures the dynamics of a smallholder farmer through their assets (state variables).
These include water storage, grazing area, livestock, capital, soil fertility, and labour. This research focuses on the following parts of the SH model: climate variability,

soil moisture, and crop production.
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Fig. 3. SH model calibration and diagnosis. The AquaCrop temperature and water stress mechanics are implemented in Pande and Savenije (2016) and KPCA based
structural error model added to diagnose and ameliorate SH model structural deficiency.

2022). The total error is quantified, and the variables from Table 2 that
might be associated with the remaining unknown deficiencies in the
total error are identified. Fig. 3 provides an overview of these steps.
The model of Pande and Savenije (2016) does not take into account
the stress caused by water deficit on crop yield. Temperature stress
has also not been considered. These are addressed by implementing the

daily stress mechanics of the Food and Agriculture Organization’s (FAO)
AquaCrop model (Allen et al., 1998; FAO, 2012) and are provided in
equations (9,16) and (26)-(28) respectively in Supplementary Material
Section 2.

The parameters of the updated SH model are then calibrated us-
ing Monte Carlo Sampling (MCS). This achieves two purposes. First,
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MCS serves as a sensitivity analysis to check which parameters the per-
formance of the model is sensitive to. When a parameter is deemed
not influential (i.e., similar performance scores across its value range),
it is removed from the calibration to avoid adding unnecessary com-
plexity to the model. This also limits the number of parameters that
are used for the calibration and reduces the number of iterations
needed to find the optimal parameter sets. Secondly, once the sensi-
tive parameters are found, multiple sets of optimal parameter values
(0) are obtained. This follows the concept of Generalized Likelihood
Uncertainty Estimation (GLUE), where different sets of parameters are
considered equally likely as a simulator of the system (Beven and
Binley, 1992). The behavioural parameter sets (approximately top 10 %
in performance) are used to estimate the uncertainty in the model
predictions.

The SH model is run from the year 2010 to 2018 using the optimal pa-
rameter values. The modelled yield (M (0, I)) in 2018 is then compared
with the observed yields (O), obtained from the 2019 farmer survey
(Hatch et al., 2022) to obtain the total error. To diagnose the model, an
additive structural error model based on Kennedy and O’Hagan (2001)
is used, in which the total error is considered to be made up of two
parts. The first is the residual error (e,) which is a function of pa-
rameter errors (¢,), input errors (¢;), and observation errors (g,). The
second is defined as structural error (¢,), which is a function of vari-
ables that are influential and correlated with the structural error ().
These variables ¢ are obtained from the survey of Hatch et al. (2022)
and climatic conditions and are shown in Table 2. The structural error
model is obtained by performing Principal Component Analysis (PCA)
in a higher-dimensional nonlinear space, called Kernel space, of the in-
fluential variables. Here complex nonlinear relationships become linear
(KPCA) and therefore linear regressions (between total error and influ-
ential variables) can be applied in this space. This is called a Kernel
Principal Component Analysis (KPCA) structural error model, similar to
Support Vector Machines that perform a linear regression in Kernel space
(Scholkopf et al., 1998). When observed yield, instead of total error, is
used as dependent variable in a KPCA based model, a KPCA only model is
obtained.

In order to assess SH model structure deficiency and model improve-
ment, three different model variants are thus compared: SH model only
(with no structural error modeling), KPCA only (KPCA model of ob-
served yields, not modeling structural error) and SH + KPCA structural
error model (hybrid, sum of SH only modelled yield + KPCA structural
error model). The KPCA structural error model linearly adds to the SH
only model prediction to provide the SH + KPCA structural error model
variant without any bidirectional coupling.

2.5. Evaluation of model variants

Four objective functions are used to evaluate the performance of
the different models. The first metric is the Nash-Sutcliffe (N.S) co-
efficient; see Eq. (1) (Nash and Sutcliffe, 1970), where Y; and Yi’ are
the observed and modelled yields, respectively, of the ith farmer. The
NS coefficient of the log values of Y and Y’ (N Siog) 18 also used; see
Eq. (2). Another metric used for performance evaluation is the Mean
Absolute Error (M AE) - see Eq. (3). Lastly, the coefficient of deter-
mination r? value is also used. Eq. (4) shows the calculation of r?,
where Y, is the corresponding y-value of a linear regression between
model predictions and observed yields. Y is the mean of observed yields.
Supplementary Material Section 3 provides more details on the error ty-
pology, its description, calibration and how uncertainty intervals are
derived.

" -Y)
NS=1_§Eﬁ;—{% @)
XL -1
" (log(Y") — log(Y;))?
NSy = 1 - iy Uog(Y)) = log(Y) @

S0, (log(Yy) — log(V)y’
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Table 3

Various kernel functions used in the study.
The Kernel parameters y and ¢ are estimated
on the training data.

K(x;,x)
RBF exp(=y Il % —x 1)
Sigmoid tanh (yX; - X+ ¢)
Poly deg d Il yx; - x+c ||
Cosine S
I 1111
n ’
Y =Y
MAE = @ 3)
n
N A )
re=1- —n_ — “
Y ¥ =Y)

2.5.1. KPCA based models

While the components obtained from linear PCA can be useful to
evaluate the first order effects of the variables in Table 2 on SH model
structural deficiency, this may be insufficient to capture the underlying
non-linearities in the data. Thus, the model variables are mapped to a
higher dimensional space using kernel functions where they are linearly
separable (Raschka and Mirjalili, 2019; Scholkopf et al., 1998). PCA is
performed in this new kernel space and a linear regression with selected
principal components in the kernel space is performed with total er-
ror as the dependent variable to obtain a KPCA based structural error
model. When the dependent variable is the observed yield, the ‘KPCA
only’ model is obtained.

A KPCA based model is obtained as follows. For a given set of inde-
pendent variables x and corresponding data {x;,i = 1, ..,n}, a nonlinear
mapping ¢(x) (a M x 1 vector) is applied to project the data into a
higher M < o dimensional space. KPCA is then used to find top &
principal components out of a maximum of M principal components.
The principal components are expressed in terms of a Kernel function,
K(x;,x) = ox;) - p(x) = (p(xi)T(p(X). Different kernels are used, as shown
in Table 3. A jth principal component (j < M) is given by,

n
1 .
Z a‘! K(x;,x)
i=1

ni;

Bi(x) =

Here A; are eigenvalues and al = {a{ : i = 1,.n} are the cor-
responding eigenvectors, obtained by solving the eigenvalue problem:
nia = Ka. Here, K is the symmetric Gram matrix of size n x n with
elements defined as K;; = (p(x,-)T(p(xj) = K(x;,x;). When the Kernel
function is chosen as a simple dot product, K(x;,X) = X; - X, then the
nonlinear mapping reduces to a linear mapping, where @(x) = x and ob-
tained principal components correspond to linear principal components
(i.e., PCA).

Finally, the KPCA based model is applied using the top k nonlinear
principal components {;(x),j = 1,...k < M} as predictors in a linear
regression model with y: y = Zle w;B;(x) + b. Here b is a bias term and
w={w;,j=1,.M} is the set of linear regression coefficients in the
non-linear space, estimated using least squares regression. Its estimate,
W, is given by: W = A~'B”y, where y is an n x 1 column vector of the
observations of the dependent variable, A = ndiag(4,, .., A) is n times
the diagonal matrix of the eigenvalues (4,, .., 4),). B = @V is the feature
matrix in nonlinear space, where ¢ is a n X M matrix containing trans-
formed data points. For example, its ith row is the 1 x M row vector
representing nonlinear transformation of x;, given by ¢(x;)”, and V is a
M x M matrix with its j* column given by v/ = ¥7_, o/ p(x,).

The choice of dependent variable y determines the type of KPCA
based model. When y is the observed yield, the model that is obtained is
the ’KPCA only’ model and, when y is the total error (i.e., differences be-
tween observed yields and SH model predictions), the KPCA structural
error model is obtained.
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The top k principal components in the nonlinear space are obtained
such that the proportion of variance explained by thektop k principal
components is at least (< 90 %) of the total variance: Zj;—':/ <90 %.

The KPCA command in the scikit-learn library of Ehle IPython pro-
graming language is used (Pedregosa et al., 2011) to implement the
KPCA algorithm. Outliers, defined as data points with a z-score (obtained
by subtracting the mean and dividing by the standard deviation) greater
than 3.5, are excluded from the analysis. Cross validation is performed
in order to select the best kernel function that describes the data and
to prevent overfitting from a collection of sigmoid, radial basis func-
tion (RBF), cosine, and polynomial (degree 2 to 5) kernels (Table 3).
The available data are split into 75 % training data and 25 % test data,
so that there is sufficient data to also calibrate the Kernel parameters
(See Table 3). Using the training data, the kernel functions are used to
obtain various models. Each model is tested using the test data to pre-
dict the observed output variable of interest. The prediction is compared
with the observation to find the best performing kernel and model. The
performance is scored based on MAE, NS, and 2.

2.5.2. Residual error

The residuals between the prediction of the KPCA based structural
error model and the observed total error are attributed to the residual
error. The distribution of the residual errors is deemed to be caused by
uncertainties in the input, parameter, and observational values.

3. Results

The overall performance of the crop growth components of the SH
only model is described in this section, followed by the results of the
structural error model in the kernel space and a comparison of the per-
formances of model variants: SH only model, KPCA only model and
hybrid model (SH only + KPCA structural error model).

3.1. SH only model

The seasonal evolution of soil moisture, water stress factor (Ks), and
canopy cover (CC), for a farmer in the study area in 2018 is shown in
Fig. 4. The evolution of soil moisture closely follows the rainfall events
and is inversely related to the transpiration. Similarly, the water stress
factor follows the changes in soil moisture. There is no water stress
at the start of the planting season; thus, the canopy cover growth is
non-stressed. As the soil moisture drops, the canopy development starts
to experience senescence. It can be observed that transpiration slowly
drops to 0 as the soil moisture reaches the wilting point.

3.1.1. Crop yield prediction

After calibration, the average crop yields and their uncertainty in-
tervals are calculated using behavioural parameter sets (6) based on
thresholds for the four objective functions used to evaluate model per-
formance. The threshold values used in this experiment are: NS >
-10, NS;,, 2 -2.0, MAE < 600 kg/ha/yr, and r2 > 0.003. We fol-
low Generalized Likelihood Uncertainty Estimation (GLUE) approach of
Beven and Binley (1992) where thresholds are a subjective choice to
identify what a modeler thinks are behavioural parameters in their han-
dling of associated residuals. Readers are referred to Beven et al. (2012)
for a further discussion on subjective choices of thresholds. Based on
these thresholds a total of 1,557 parameter sets out of 10,000 simula-
tions were used to obtain the uncertainty intervals (approximately top
10 %). 54.2 % of the 308 farmers fall within the uncertainty intervals.
Fig. 5 shows the plot of calculated yields against the observed yields for
all the farmers of the study area.

The three parameters selected for calibration are HI, 7., and
fshapeyiap (harvest index, time to reach initial canopy cover in days and
shape of the labour factor function; all are defined in Supplementary
Material Section 1 and explained in Supplementary Material Section 2).
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Fig. 4. Seasonal evolution of soil moisture, water stress factor (Ks), and canopy
cover (CC) due to rainfall, transpiration, and soil evaporation. Soil moisture
increases and decreases during the rainy season and at the peak of the planting
season, respectively. K| starts to decrease with depleting root zone soil moisture.
The observed CC grows rapidly during the time when water is abundant, and
senescence is triggered when water is depleted.
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Fig. 5. Yield comparison between the mean predicted yield by SH model only
and observed yields. The r? value is low at 0.0046 indicating that the model
results are not correlated to the observed data.

Table 4
Ranges of calibrated parameters and objective functions of SH model only. The
poor values for the objective functions indicate poor performance of the model.

HIT] iy, [days]  fopgperas [1 NS -1 NS, [[1 MAE [kg/hal 2 []

Max 0.4 7 —-6.5 -0 -0.7 553 0.008
Min 0.3 30 —10.0 -1.0 -1.9 447 0.003

HI is influential due to its direct influence on yield, i.e., the various pa-
rameters calculated during the crop production can be compensated by
adjusting the value of HI. Similarly, f,p/1as has a direct influence and
can compensate for the uncertainties in labour availability. Lastly, ¢,
is influential as it determines whether the canopy cover will reach its
maximum before the rainfall period ends. Table 4 shows the ranges of
objective function scores obtained from the optimal parameter sets.

All of the objective function scores are poor, as is also evident from
Fig. 5. The negative NS and N.S,, values suggest that the model per-
forms worse than using the average observed yield as a prediction. The
M AE represents around 30 % deviation on average of the predicted
yields from the observed yields. Lastly, according to the r? values, the
predicted yields do not seem to be correlated with the observed yields.
More details on the variation of objective functions with the parameter
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Table 5

Rotated component matrix; the bold numbers indicate significant loadings at-
tributing corresponding variables to the components. The correlation condition
for a variable to be significant is either > 0.5 or < —0.5.

Principal Component

1 2 3 4 5
Family help —0.092 -0.132 —0.073 —0.083 0.896
Cotton area 0.102 0.096 —0.852 —0.024 0.083
Seeds cost 0.088 —0.110 0.025 —0.069 —0.188
Pesticide cost 0.114 -0.105 0.008 0.823 -0.018
Fertilizer cost —0.069 0.068 0.010 0.843 0.091
Fertilizer amount 0.132 0.433 0.152 0.165 0.411
Soil depth 0.578 —0.492 0.434 0.015 —0.032
Latitude 0.913 -0.118 0.213 0.001 —0.169
Longitude 0.027 0.905 -0.117 —0.043 -0.077
Precipitation —0.245 0.819 —0.148 -0.071 0.113
Evaporation -0.910 -0.016 —0.198 0.032 0.153
Irrigation -0.797 0.040 0.275 —0.098 —0.056
SH only yield 0.434 —0.122 0.750 —0.006 0.039

values are given in Supplementary Material Section 4. These poor results
of the SH only model provide motivation for structural error modelling
in order to ameliorate model errors.

3.2. Structural error model in linear space

3.2.1. Linear principal component analysis

The 13 variables that are tested against the total error are listed in
Table 2. These variables are reduced to five principal components (PCs).
The five PCs explain for 70.7 % of the total variance of the 13 variables.
This value, being greater than 60 %, is deemed acceptable as the thresh-
old to select the number of principal components (Hair, 2009). Table 5
gives the list of 13 variables tested, the reduced principal components
(PC 1-5) and the correlation of latter against each of the 13 variables.
Factor loading values of either > 0.5 or < —0.5 are considered to be sig-
nificant and are used to associate corresponding variables to each PC
(Hair, 2009). The significant variables for each of the five PCs can be
seen in bold in Table 5. Therefore PC1 and PC2 can be perceived as the
soil depth, location, and hydrology specific components, PC3 is related
to cotton area and modelled yield, PC4 is associated with input costs,
and PC5 is linked with available family help.

3.2.2. Linear regression of the principal components with the total error

The linear regression results with the five principal components as
independent variables and the total error as the dependent variable are
shown in Fig. 6. Note that the components that are not correlated may
still influence the total error in a nonlinear space such as a kernel space
(see Section 3.3), which motivated the use of KPCA analysis. The first
principal component (PC1) which represents the variation of soil depth,
evaporation, irrigation, and latitude, is not correlated with the total er-
ror. PC2 shows a weak correlation and tends to overestimate at higher
precipitation and longitude values.

PC3 has the strongest correlation compared to the other PCs. From
this, it seems that the SH only modelled yield does not capture the ef-
fects of the crop grown area very well. This is because PC3 with strong
influence of cotton area is correlated with the total error of observed
yields not explained by the SH only model. PC4 also has no correlation.
The costs and prices do not impact the total error. The SH only model
assumes that even in negative capital conditions, farmers can proceed
to the following year by cutting expenditure on certain activities - see
Pande and Savenije (2016) for details on the socioeconomic aspect of the
model. Further, the change in capital does not affect the seed and fertil-
izer available to the farmer, which implies that the yield does not change
and total error stays the same. PC5 represents family help, and it has a
weak correlation. This is consistent with the findings of the sensitivity
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Fig. 6. Linear regressions between the linear principal components (from PCA)
with the total error. PC 1 is associated with evaporation, irrigation, soil depth,
and latitude. PC 2 is associated with precipitation and longitude. PC 3 is associ-
ated with the cotton area and SH model yield. PC 4 is associated with pesticide
and fertilizer costs. PC 5 is associated with family help.

analysis of the labour factor shape. Eq. (5) shows the linear model us-
ing the significant components PC2 and PC3. Combined, they account
for 16.2 % of the variance of the total error. This further motivates the
regressions of total error and the independent variables (see Table 5)
in nonlinear kernel space using KPCA, the assumption being that non-
linear transformation of independent variables may explain a greater
percentage of the variability of the dependent variable.

= —-232PC3 +84PC2 + 241 (5)

Es linear

3.3. Structural error model in kernel space

3.3.1. Kernel choice and comparison of the performances of SH only,
KPCA only and hybrid model variants

Table 6 provides an overview of the performance of various kernel
models on both training and test datasets. There are significant differ-
ences in performance between the kernel functions. However, the NS
score tends to decrease for all kernels between the training and test
data, which may indicate overfitting. This was particularly evident for
the cosine, RBF, and sigmoid kernels. The kernel with the best test data
performance, the second-degree polynomial, was selected for further
analyses. Fig. 7 illustrates the comparison of the prediction of the to-
tal error using the regression model, i.e., the structural error model, and
the observed total error. The structural error model is able to capture
approximately 34.6 % (2 = 0.346) of the variance of the total error. The
difference between the predicted and observed error is attributed to the
residual error (¢,) and its distribution can be seen in Fig. 8. Assuming
a Gaussian distribution, it has a standard deviation of ¢ = 429 kg/ha.
The residual errors may be caused by the effects of structural deficien-
cies not explained by the model and their distribution is used to quantify
the uncertainty interval of the yield prediction.



D. Djohan, J. Malard-Adam, S. Adla et al.

Table 6

Performance comparison of various kernel functions on training and test data.
The kernels evaluated are Polynomials (degree 2 to 5), Cosine, Radial Basis
Function (RBF), and Sigmoid. The kernels are evaluated using Mean Absolute
Error (M AE) and Nash-Sutcliffe value (N S).

All Data
MAE [%] NS [-]

Train Data Test Data

MAE [£] NS[-] MAE[%] NS[]

RBF 292 0.436 413 0.147 322 0.352
Sigmoid 349 0.292 396 0.0736 361 0.228
Poly deg2 329 0.36 371 0.309 340 0.345
Poly deg 3 318 0.402 404 0.172 339 0.335
Poly deg 4 362 0.239 400 0.133 372 0.208
Poly deg 5 386 0.139 407 0.0686 392 0.119
Cosine 344 0.311 406 0.121 359 0.256

Predicted vs. Observed YieldDiff, Kernel: poly
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Fig. 7. Prediction of total error (defined as YieldDiff) using the KPCA structural
error model. The structural error model is able to capture around 34.6 % of the
variance of the total error. Also shown is the best fit line (dashed line) that has
a slope, u, of close to 1, indicating low bias.
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Fig. 8. Distribution of ¢, and its assumed Gaussian distribution (with ¢ = 429
[kg/ha] and mean y = 27 [kg/ha]). This is assumed to be the uncertainty
interval of the predictive model.

3.3.2. Adjusted prediction of cotton yield

The calculated yield from the SH only model is adjusted with the
structural error model, which provides a better prediction than that from
the SH only model. Table 7 shows the comparison between the SH only
model, the combined hybrid model (SH + structural error model) and
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Table 7

Comparison of model scores between the SH only model, the hybrid (SH +
structural error model) model, and the KPCA only model, showing an important
improvement in all four scores.

MAE [kg/hal NS [-] NS 1 7L
SH only model 489 -0.624 —1.145 0.005
SH + structural error model 371 0.1917 0.2578 0.201
KPCA only 393 0.1263 0.1882 0.137

Predicted Yield vs. Observed Yield
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Fig. 9. Predicted vs. observed cotton yield by the SH + structural error model
(hybrid model). The yellow area surrounding the best-fit line is the uncertainty
interval obtained from the distribution of ¢,. (For interpretation of the references
to colour in this figure legend, the reader is referred to the web version of this
article.)

the KPCA only model. Note that KPCA only model is obtained when the
dependent variable in the KPCA model regressions is chosen to be the
observed yield instead of the total error. When the dependent variable
is the total error, the structural error model is obtained, which when
added to SH gives the SH + structural error model. The adjustment using
the structural error model improves the prediction in all four scores.
Also, the hybrid model (SH + structural error model) is better than the
individual SH and KPCA only models. This improvement can also be
seen in Fig. 9. The predicted yield is better compared to the predicted
yield shown in Fig. 5. The uncertainty interval based on the assumed
Gaussian distribution of ¢, can be seen as the yellow interval around the
fitted line of the predicted yield. The regression line falls close to the
y = x line.

The addition of the structural error model improves the yield pre-
diction NS score from —0.624 to 0.192 and r?> from 0.005 to 0.201.
This improvement indicates that the structural error model can partially
compensate for the structural errors in the SH model, highlighting the
presence of structural error in the SH model. The fact that the hybrid
model outperformed the KPCA only model (NS = 0.126) also suggests
that the SH model contributes important sociohydrological processes
that cannot be replicated by a purely statistical KPCA model.

4, Discussion

The results of the sociohydrological (SH) model showed that the total
error in modelling observed yields is large and indicates that structural
errors are prevalent. The SH model by itself does not perform very well.
However, when used in combination with the structural error model, the
crop yield prediction scores improved to NS = 0.192, N.S;,, = 0.258,
MAE = 371 kg/ha and r? value of 0.201, which represents better re-
sults than those obtained by either SH only or KPCA only models. This
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Fig. 10. Map of the mean total error and total income of the farmers in each
village. Made in QGIS (QGIS Development Team, 2021).

indicates that the poor performance of the SH model alone is likely
caused by the prevalence of structural errors in the model.

The hybrid model selection approach to model smallholder socio-
hydrological systems is novel. The novelty lies in its mixed methods
approach of using household surveys and a crop growth-water balance
model to develop the structural error model. Both the mixed method
approach to building a structural error model and demonstrating that
it improves sociohydrological model prediction at scales of smallholder
decision making, e.g., of 2 ha and daily time steps, is new. Increased
accuracy of sociohydrological models at scale also means that interven-
tions can now be designed to achieve intended outcomes with more
confidence. This is a step forward when compared to existing socio-
hydrological models of diverse water human systems, both in terms of
methods used and predictability, that mostly have remained conceptual
and offer policy insights at coarse scales (Kreibich et al., 2025).

Given the system cognizance and improved accuracy of the hybrid
model, it has been operationalized to interact with farmers and pro-
vide actionable advice on the choice of crops and irrigation (Adla et al.,
2025; Ponce-Pacheco et al., 2025). For this the hybrid model has been
web-enabled, in the form of an app called Makara (Ponce-Pacheco et al.,
2025), so that farmers can themselves run the model for their farm sys-
tem specifications and receive advice at plot and daily scales. Similar
advice is also available to practitioners such as agricultural extension-
ists so that both extensionists and farmers can act on it to improve
smallholder livelihoods. This is in contrast to coarse policy suggestions,
such as the provision of alternative income sources to farmers, that the
SH model could only offer due to limited predictive capacity of the SH
model in Pande and Savenije (2016). Nonetheless, the accuracy of pre-
dictions of the hybrid model remains modest. Ways forward to improve
the accuracy include (1) ingesting higher-resolution spaceborne datasets
of biomass production and soil moisture than those that are currently be-
ing used, (2) considering additional socioeconomic factors such as those
linked to prevalent cultural practices, and (3) using multiple machine
learning algorithms to investigate if the accuracy of the structural error
model predictions can be improved (Ponce-Pacheco et al., 2025).

The linear PCA and the multiple linear regressions indicated that
precipitation, longitude, crop area, predicted yield, and family help are
correlated with the total error. Among these, crop area and predicted
yield have the strongest correlation. A selection of such variables, data
for which were collected during a survey (Hatch et al., 2022), was then
used in the KPCA structural error model. While the model aided in im-
proving model prediction, it remains an algorithm that does not help
in improving our understanding of farm system dynamics. Though this
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Fig. 12. Observed vs. SH model only predicted cotton yields of rainfed farms.

is acceptable when its purpose is prediction, more effort is needed to
unpack such algorithms if the understanding of missing or new feed-
backs is to be improved. This also relates to how new data and variables
can be discovered and incorporated into a sociohydrological model. For
example, Fig. 10, which shows the mean total error and total income of
the farmers across villages, are correlated (r> = 0.54). Note that total
income was not used in the structural error model. The self reporting
of total income is often biased and in general measured through indi-
rect indicators such as the type of house and the number of durables
such as a television, refrigerator, motorbike, or other possession. The
strong correlation between mean income and total error is more evi-
dent when plotted as scatter in Fig. 11 and suggests that richer farmers
have better ways to mitigate water scarcity, more capital to afford
fertilizer, and access to better tools to safeguard their yields and in-
come. As another example, Fig. 12 shows stronger correlation between
observed versus SH only model predicted yields when including only
rainfed farmers (+2 = 0.17) than when both irrigated and rainfed farm-
ers are considered (+> = 0.0046, see Fig. 5). This significant difference
in the performance indicates that irrigation mechanics should be inves-
tigated further. Exploratory interviews or workshops can be conducted
with stakeholders to explore differences in behavioural dynamics be-
tween irrigated and rainfed farmers or regarding farmers with high
levels of capital. These insights can then be used in a survey to obtain
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quantifiable variables and implement appropriate behavioural rules in
the model. Translating observed structural deficiencies in this manner
into feedbacks can also be supported by techniques such as symbolic re-
gression to synthesize feedbacks (Munoz et al., 2025). The relevance of
such feedbacks to the sociohydrological dynamics can then be tested as
hypotheses by inserting them into the model and testing whether they
improve model predictions at scale. This will be a transformative step
that introduces missing dynamics based on the learnings of the structural
error model.

5. Conclusion

Sociohydrological (SH) studies have advanced our understanding
and interpretation of diverse phenomena that emerge from coupled wa-
ter human system dynamics. Yet the impact of such studies in terms of
providing operational guidance has remained limited to a few studies.
This is because such models have traditionally been used to anticipate
future system dynamics and are not sufficiently skilled in predictions at
the plot and daily to annual time scales due to a lack of data and inad-
equate system understanding. Taking a smallholder sociohydrological
system in eastern Maharashtra India as a case study, this paper presents
a mixed methods machine learning approach that deploys both quantita-
tive and qualitative models and data to improve predictions and system
understanding of such models.

Ascribing structural deficiency, due to limited system understanding,
to the difference between observed yields and those predicted by a small-
holder SH model, the paper implemented Kernel Principal Component
Analysis (KPCA) based regression model and developed a predictive
structural error model. Based on a farmer survey on various aspects
of their activities, this model learned the spatial patterns of observed
yields unexplained by the sociohydrological temporal dynamics. A hy-
brid model as the sum of the structural error model and the SH model
was then implemented and was found to perform better than a purely
sociohydrological model (SH only model). It was also found to perform
better than a purely KPCA based model of yields (KPCA only model).
The latter, KPCA only modelling type, is also a standard practice in ma-
chine learning approaches to yield predictions at the farm scale. This
highlighted that the SH model contributes important sociohydrological
processes that cannot be replicated by a purely statistical KPCA model.
Leveraging on the results, especially correlation between incomes, yields
and model errors, the paper then suggested that approaches such as qual-
itative interviews with farmers and symbolic regression can be used to
infer missing feedbacks and enhance system understanding.

The method relied on farmer surveys to identify KPCA structural er-
ror model predictors and to provide much-needed observations of plot
scale yields to estimate the residuals. The surveys thus make the KPCA
structural error model more local, adding information that the SH only
model data lacks because it is driven by remotely sensed or other sec-
ondary data sources. Surveys are time consuming and financially costly.
Also, the variables that may explain the structural error are not all
known a priori, and a few iterations are needed to identify missing vari-
ables. As such, this method of survey-based structural error modelling
needs to be iterative, demanding longitudinal surveys and even more
resource commitment. Translating relationships identified in KPCA er-
ror models to causal loops, e.g., based on symbolic regression, in the SH
model also remains to be explored further. Doing this will enhance the
state of the art of SH modelling, where new relationships learned from
structural error modeling help unravel novel feedback mechanisms but
remain a barrier that is yet to be scaled. Contrasting such an approach
could be participatory Causal Loop Diagram (CLD) building, where fo-
cus group discussions (FGDs) with farmers are conducted to identify
feedback loops that they see as important in determining, e.g., how
their farming decisions are affected by water availability and vice versa.
While such a method will still need to be supplemented with physical
water balance models, it can offer an interesting approach that can ei-
ther be: 1) an alternative to KPCA structural error modelling to identify
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missing feedbacks, 2) complementary to the KPCA method in identify-
ing novel feedbacks, or 3) supplementary in validating novel feedbacks
identified by the KPCA method. However this may also need time-
consuming FGD sessions and qualitative analysis and can demonstrate
location-to-location variability in assessed feedbacks. Further, it may
also be difficult to quantitatively validate the identified feedback loops.
Nonetheless, using a mixed method approach to identify missing feed-
backs using surveys, KPCA structural error modelling and participatory
CLD building offers a way forward in improving SH models.

The methodological approach that was presented here is replicable in
the context of human agricultural systems and in other water human sys-
tems. The sociohydrological model and the survey can be implemented
for any cropping system and location. The sociohydrological model can
be implemented with ease, requiring inputs often available from sec-
ondary sources. However, household surveys are primary data sources
that need human and capital resources. Though the design of the sur-
vey presented here followed a standard protocol (Adla, 2023) that can
be replicated in different locations, resource constraints may limit the
scalability of such an approach. The primary data collection adds value
and improves sociohydrological prediction, but at a cost. However, this
cost is relatively small compared to the benefits of improved prediction.
This predictive value of surveys, which is often significant, justifies such
a mixed methods sociohydrological approach.
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