
Vol.:(0123456789)

Natural Hazards
https://doi.org/10.1007/s11069-019-03665-6

1 3

REVIEW ARTICLE

Drought forecasting through statistical models using 
standardised precipitation index: a systematic review 
and meta‑regression analysis

Anshuka Anshuka1   · Floris F. van Ogtrop1 · R. Willem Vervoort1

Received: 9 October 2018 / Accepted: 9 July 2019 
© Springer Nature B.V. 2019

Abstract
Quality and reliable drought prediction is essential for mitigation strategies and planning 
in disaster-stricken regions globally. Prediction models such as empirical or data-driven 
models play a fundamental role in forecasting drought. However, selecting a suitable pre-
diction model remains a challenge because of the lack of succinct information available 
on model performance. Therefore, this review evaluated the best model for drought fore-
casting and determined which differences if any were present in model performance using 
standardised precipitation index (SPI). In addition, the most effective combination of the 
SPI with its respective timescale and lead time was investigated. The effectiveness of data-
driven models was analysed using meta-regression analysis by applying a linear mixed 
model to the coefficient of determination and the root mean square error of the validated 
model results. Wavelet-transformed neural networks had superior performance with the 
highest correlation and minimum error. Preprocessing data to eliminate non-stationarity 
performed substantially better than did the regular artificial neural network (ANN) model. 
Additionally, the best timescale to calculate the SPI was 24 and 12 months and a lead time 
of 1–3 months provided the most accurate forecasts. Studies from China and Sicily had the 
most variation based on geographical location as a random effect; while studies from India 
rendered consistent results overall. Variation in the result can be attributed to geographical 
differences, seasonal influence, incorporation of climate indices and author bias. Conclu-
sively, this review recommends use of the wavelet-based ANN (WANN) model to forecast 
drought indices.
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1  Introduction

Drought is a complex and cyclical event characterised by a precipitation deficit, which has 
a ripple effect on agricultural and hydrological systems as well as on societies (Dai 2011; 
Delbiso et al. 2017). Albeit having subtle visual effects, the impacts of drought are severe 
without precautionary measures and tend to linger for a prolonged period even after ter-
mination (Wilhite 2002). An upsurge in drought occurrence and severity is highly prob-
able in the future, leaving management bodies to turn to thorough risk-mitigation measures 
(Dai 2011; Mishra and Singh 2011). The slow progression and inception of drought can 
be advantageous to modellers to foresee these events in advance (Cancelliere et al. 2007; 
Rossi 2003). Reduction of risks has been an integral part of planning and policy develop-
ments. This, in recent times, has been made possible with the development of numerous 
modelling approaches giving insight into precipitation deficits and ultimately improving 
the ability to monitor droughts.

While there are many different published drought indices [e.g. standardised precipita-
tion evapotranspiration index (SPEI), Palmer drought severity index (PDSI), standardised 
precipitation index (SPI), effective drought index (EDI) and reconnaissance drought index 
(RDI)], this study focuses on the SPI (McKee et al. 1993), which is the most commonly 
used drought index and has received recommendations from the World Meteorological 
Organisation (Hayes et al. 2011). It is computed on the basis of precipitation distribution, 
where monthly rainfall totals are standardised using a gamma or Pearson type III distribu-
tion (McKee et  al. 1993). Investigation of the SPI has revealed many advantages—it is 
computed with minimum complexity; it provides a spatially consistent interpretation across 
various climates; and it is probabilistic in nature, therefore depicting ideal characteristics in 
forecasting and risk analyses (Guttman 1998; Zargar et al. 2011). Since the calculation is 
based exclusively on precipitation, it is highly beneficial in data-sparse regions where other 
parameters such as streamflow, evapotranspiration and soil moisture information may not 
be readily accessible (Hayes et al. 2005). The SPI can be calculated at different timescales 
to give insight into different types of drought; for instance, the short to medium timescale 
is suitable for meteorological and agricultural drought, while the longer timescales are suit-
able for hydrological and socio-economic drought (Gumus and Algin 2017). The SPI has 
multifaceted uses, and recently, it has been used to assess groundwater drought (Kumar 
et  al. 2016), and to carry out spatio-temporal analysis of floods and droughts (Liu et  al. 
2018).

Records of drought extend beyond 1000 years in many parts globally (Dai 2011). Peri-
odicity is an inherent condition among drought events (Deo et  al. 2017a), characterised 
by a sudden peak in drought after a given number of years (Kane 1997), which can be 
captured in long records of historical data. For instance, in Virginia, long-term records of 
PDSI (96 years of data) were analysed by applying Markov chain model which gave infor-
mation on long-term drought probabilities, duration of drought, expected periods of recov-
ery and recurrence times (Lohani et  al. 1998). Additionally, a European study by Ionita 
et  al. (2012) illustrated quasi-periodic trends of self-calibrated PDSI and decadal Pacific 
Decadal Oscillation and Atlantic Multi-dimensional Oscillation using long-time series of 
data from 1900s. Legacy satellite data which consist of old records can be useful in assess-
ing historical drought trends and characteristics and also to monitor the return episodes in 
a periodic manner (Sheffield and Wood 2007). A study in India reconstructed four time 
series of monthly meteorological, hydrological, soil moisture and vegetation droughts from 
1981 to 2013 which gave insight  on the most severe and widespread droughts and their 
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spatial–temporal distributions (Zhang et al. 2017a). Information of drought severity, dura-
tion and extent from historical records can be used and extrapolated for future droughts 
(Hao et  al. 2014). Considering the cyclical nature of droughts, assessing historical data 
makes an important contribution towards drought studies, particularly, the evolution of 
droughts under accelerated warming environment (Dai 2011).

Conditions which may be less severe than droughts but are characterised by prolonged 
period of dry days are known as dry spells (Mathugama and Peiris 2011). Importantly, pro-
longed dry spells have a significant impact on the agricultural production (Wetterhall et al. 
2015). If a heavy rain eventuates once a year with the rest of the year receiving minimal to 
zero rainfall, is particularly harmful for crops, as opposed to receiving light rain regularly 
throughout the year (Usman and Reason 2004). The timing of dry spells, that is, the start 
and end date for a dry spell (the breaking point), can be more crucial in terms of crop 
growth and productivity rather than considering the accumulated annual seasonal rainfall. 
Frequency of dry spells and length of dry spells may form the basis for developing a fore-
casting tool useful for informing agricultural planning (Mathugama and Peiris 2011).

With the recognition of climate signals influencing precipitation patterns, climate indi-
ces form an integral part in assessing hydro-meteorological hazards. The Madden–Julian 
Oscillation, the El Niño Southern Oscillation (ENSO), the Pacific Decadal Oscillation, 
the North Atlantic Oscillation as well as the Intertropical Convergence Zone (ITCZ) posi-
tion are common drivers which affect weather patterns (Hurrell 1995; McGree et al. 2016; 
Salinger et al. 2014; Van Der Wiel et al. 2015). These climate phenomena induce climatic 
variations, seasonality and anomalies in precipitation regimes (Brown et  al. 2013; Xie 
2009), therefore highlighting the importance of incorporating these in modelling studies.

In conjunction with drought and climate indices, drought modelling has opened avenues 
to investigate numerous drought parameters (Mishra and Singh 2011; Wilhite 2000). Mod-
elling outputs may include initiation and termination of drought, nature of severity, prob-
ability of occurrence and lead time (Chen and Li 1998), which also creates understand-
ings into characteristics such as severity and spatio-temporal extent (Khalili et al. 2011). 
Initiation and termination of a drought event are difficult to predict as droughts have a slow 
development and, until human activity becomes affected by visible impacts, their exist-
ence may remain unrecognised (Maybank et al. 1995). Numerous studies have examined 
drought class transitions from non-drought to mild, moderate and lastly extreme phases 
to establish early warning systems (Bonaccorso et al. 2015; Moreira et al. 2012). As such, 
various parameters of drought can be utilised to establish early warning systems; how-
ever, in this study, we focused on identifying empirical studies that forecast the SPI by 
using either the lagged relationship with climate indices and SPI or the autocorrelation of 
SPI. These studies forecast SPI at various lead times, where lead time refers to the early 
announcement of a likely drought event prior to the actual onset of the hazard. Forecasts 
are an essential component that can be incorporated into disaster management units as a 
preemptive approach to reduce risks (Paulo and Pereira 2007; Wilhite 2000).

In retrospect, some of the challenges associated with drought modelling have been 
highlighted previously. For instance, precipitation, which forms the primary data type in 
drought-related work, is non-stationary and seasonal by nature, which offers challenges to 
modellers in adopting a suitable model type (Zhang et  al. 2017b). Difficulties also exist 
in determining relationships between climate drivers such as sea surface temperature 
anomalies and ENSO. Some papers are in favour of climate indices to improve forecast-
ing (Ganguli and Reddy 2014), while others report no significant improvement in model 
performance with the incorporation of climate drivers (Morid et  al. 2007). Inconsistent 
region characteristics in different geographical locations inhibit proper response rates of 
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the models; therefore, thorough testing and validation of the approaches are required before 
it can be adopted to develop an early warning system (Deo et  al. 2017a). Lastly, com-
plexity exists in choosing a suitable index, bearing in mind factors such as the timescale 
and the type of drought to address (Mishra and Desai 2005; Wilhite 2000), which often 
leaves modellers perplexed. Over the years, researchers have yielded inconsistent results in 
drought forecasting, and inconsistencies exist in performance among different model types. 
This makes implementation of an early warning system a challenging task for govern-
ments, causing indecisiveness in which modelling system to adopt and lack of trust among 
potential forecast users. Minimal research has been performed to compare the effective-
ness of different models collectively (Choubin et al. 2016). Therefore, the novelty of this 
systematic review involves application of an approach which to the best of our knowledge 
has not been previously applied in the field of hydrology. In this study, a meta-analysis was 
undertaken to determine the suitability of the data-driven models for forecasting the SPI. 
The study aimed (1) to determine differences if any in model performance and (2) to deter-
mine the most appropriate timescale to calculate SPI with respective lead time combination 
to ensure optimum model performance.

2 � Review of model types

2.1 � Model selection

Much literature has shown that drought monitoring can be successfully achieved through 
the application of suitable index, climate signals and modelling tools (Mishra and Singh 
2011). Forecasting models such as process-based and data-driven models are commonly 
utilised in hydrological applications. A physically based process model is underpinned 
by interpreting the physical processes of a system such as a river basin, while data-driven 
model identifies the best relationship based on the input data series (Solomatine and Ost-
feld 2008). Information on parameters such as geology, soil, water abstractions and agricul-
tural practices is not only difficult to access but also presents challenges to deduce sound 
scientific hydrological understanding for the different physical processes (Abrahart et  al. 
2008). This has led to the widespread use and development of data-driven models over 
process-based models in the field of hydrology which does not have such limitations. Data-
driven models have showed great potential with improved skill to carry out drought fore-
casting, therefore, have been selected as the forecasting methodology for this study. Based 
on the review conducted by Mishra and Singh (2011), the following models were identified 
as the most commonly used data-driven models in the area of drought modelling: machine 
learning, time series models, probability models, regression models, and hybridised mod-
els such as wavelet-transformed neural networks; hence, these models names were used as 
search terms for this study.

2.1.1 � Machine learning models

Techniques in artificial intelligence are becoming increasingly popular in the field of 
hydrology. One such approach is the artificial neural network (ANN) which originated 
through the idea of neurons based on the functional system in the human body (Hill et al. 
1994). An ANN lacks a sound understanding of the physical relationship between the input 
and output variables, and yet produces reliable forecasts, which serves as a significant 
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advantage where limited understanding exists between two variables (Hydrology 2000). 
An ANN is particularly useful because it can model nonlinear relationships in data, which 
is often the case in hydrological studies (Memarian et al. 2016). Notably, ANNs have been 
used to develop the satellite derived precipitation product, Precipitation Estimation from 
Remotely Sensed Information using Artificial Neural Networks–Climate Data Record 
(Ashouri et al. 2015). Morid et al. (2007) used ANN to forecast SPI and EDI in Tehran, 
concluding that the EDI network model showed an impressive capacity to accurately pre-
dict the different drought classes and could potentially form a basis of operational fore-
casts. It has been also shown that short-term drought forecasts are better with a Recursive 
multi-step neural network approach and long-term forecasts have high accuracy with direct 
multi-step neural network approach (Mishra and Desai 2006). Similarly, Deo and Şahin 
(2015) demonstrated the strength of ANN to predict the drought severity, intensity and 
duration using SPEI in Australia.

A hybrid model, known as adaptive network-based fuzzy inference systems (ANFIS), 
emerged as a result of combining the learning techniques of ANN and neuro-fuzzy 
approach for adaptive network (Brown and Harris 1994; Nayak et al. 2004). For instance, 
it has been shown that fuzzy logic approach on its own has lower predictability; however 
a combined approach, that is, ANFIS, rendered better results to predict SPI (Keskin et al. 
2009). Numerous studies have focused on the application of ANFIS in the area of drought 
modelling using SPI (El Ibrahimi and Baali 2018; Nguyen et  al. 2017; Shirmohammadi 
et al. 2013). Bacanli et al. (2009) demonstrated better performance of the ANFIS model in 
comparison with feed-forward neural networks and multiple linear regression (MLR). The 
ANFIS model also had about 90% accuracy in predicting different drought classes of the 
effective drought index in Tehran (Farokhnia et al. 2011). High skill was also noted in the 
long-term forecast (6–12-month lead time) of the Palmer modified drought index by wave-
let-transformed fuzzy logic over wavelet-transformed neural network (Özger et al. 2012).

Another popular machine learning model is the support vector machine (SVM) which 
was initially explored by Cortes and Vapnik (1995). SVMs are easy to train, have high 
efficiency and are able to handle noisy data well (Mokhtarzad et al. 2017; Raghavendra and 
Deka 2014). The least squares support vector machine (LSSVM) was used to forecast SPI, 
producing promising results (error value of approximately 0.1 and correlation of  0.9) (Deo 
et al. 2017a). Despite the promising results, LSSVM was not able to outperform multivari-
ate adaptive regressions spline and M5 model tree. However, another comparative study 
between these machine learning models, that is, ANN, ANFIS and SVM, concluded SVM 
is superior to neural networks and ANFIS in predicting SPI (Mokhtarzad et al. 2017).

2.1.2 � Time series models

A prevalent method of forecasting time series is by using stochastic approaches (Box 
et al. 2015). Autoregressive (AR), moving average (MA), autoregressive integrated mov-
ing average (ARIMA) and seasonal autoregressive integrated moving average (SARIMA) 
models are all examples of time series models (Hyndman and Athanasopoulos 2018). 
The most commonly used among these models are ARIMA and SARIMA. Among many 
advantages, the models’ proven superiority is attributable to characteristics such as mov-
ing average, exponential smoothing and most importantly, forecasting capability relative 
to time (Han et al. 2010). ARIMA/SARIMA models have been used for forecasting SPI, 
setting threshold levels for drought events and forecasting hydrological drought (Modarres 
2007). Conversely, in a study in China, it was concluded that the ARIMA model had the 
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lowest forecasting ability of SPI compared with ANN and wavelet-transformed ANN 
(WANN) (Zhang et al. 2017b). A noted disadvantage of the ARIMA method is its inability 
to handle nonlinearity and non-stationarity in the data. To overcome this problem, Mishra 
et  al. (2007) demonstrated the use of a hybrid model comprising properties of ARIMA 
and ANN, which ultimately rendered results better than ANN and ARIMA models used 
independently.

2.1.3 � Probability model

Markov chains are another type of model that uses stochastic processes (Modarres 2007). 
Markov models have been widely used in applications such as forecasting metrological 
droughts (Khadr 2016), probabilistic classification of drought states (Mallya et al. 2012), 
and identifying drought class transition probabilities (Paulo and Pereira 2007). A study 
using stochastic Markov model and SPI showed that a region has a higher probability 
of being in a state of drought (a month in the future) if the present conditions represent 
moderate or severe drought (Paulo et al. 2005). Similarly, Mishra et al. (2009) illustrated 
that for SPI the antecedent drought status will most likely persist in the following months, 
namely a ‘near normal’ or a ‘moderately dry’ period would follow a ‘moderately dry’ 
period. Markov models have also been used to illustrate the ‘persisting’ nature of drought 
in the UK with below average river discharge identified for as long as 6 years (Wilby et al. 
2015).

2.1.4 � Multiple linear regression models

MLR analysis was initially developed to observe the relationship between more than one 
predictor variable and a dependent or criterion variable (Pedhazur 1982). In MLR, the vari-
able is forecasted using other variables, while in AR, the variable is forecasted using the 
lags of the variable itself (Hyndman and Athanasopoulos 2018). The popularity of MLR, 
as described in Chen and Li (1998), is based on straightforward implementation, robust 
statistical theory, availability of problem-solving tools to enhance the analysis and avail-
ability of standard deviations for the estimated parameters. Linear regression models in 
conjunction with weather variables, such as air pressure, air surface temperatures and 
SSTs, wind velocities and precipitation data, have been useful for hydrological extreme 
prediction. Examples of applications of MLR include using regression models to assess 
the relationship between the normalised difference vegetation index and SPI (Ji and Peters 
2003). The former index was considered a useful tool to assess the response of vegeta-
tion to moisture in drought conditions. MLR has also been successfully applied to predict 
drought (Bacanli et al. 2009), barley yield in drought conditions (Odabas et al. 2014) and 
daily flood flow (Rezaeianzadeh et  al. 2014). SPI and MLR had been used in Greece to 
carry out spatio-temporal analysis on drought and characterise the respective return periods 
(Loukas and Vasiliades 2004).

2.2 � Model summary

Models have different operational principles, which differentiate them from one another. 
To better understand model performance, it is vital to understand the model operation and 
the advantages and disadvantages associated with the different types of model included in 
this review (Table 1).
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3 � Materials and methods

The narrative or traditional form of literature review may be inadequate to establish 
explicit connections and a bigger picture of a collection of studies in a particular disci-
pline (Tranfield et al. 2003). To synthesise information better, meta-analysis can be applied 
to studies where many variations in the results exist. It involves application of quantita-
tive analysis such as regression analysis to procure objective results (Stanley and Jarrell 
1989). Although much more common in the medical field and social science research, such 
as psychology, it is slowly being developed in other disciplines of applied sciences. For 
instance, Kroeker et al. (2010) used meta-analysis to explore the effect of ocean acidifica-
tion on marine animals, and Rustad et al. (2001) investigated the response of carbon diox-
ide production from decomposition in soil, net nitrogen oxidation and aboveground plant 
biomass in an ecosystem warming scenario. The different data-driven model types as dis-
cussed have been shown to perform well; however, no synthesised information exists based 
on which the best-performing model can be determined, which was addressed in this study.

This systematic review was guided by the research principles, identified by Khan et al. 
(2003), that a systematic review should synthesise results according to an explicitly devised 
research question and methodology.

Step 1: framing the question

The first step entailed framing a relevant research question. The participant/population/
problem–intervention–comparison–outcomes (PICO) framework by Schardt et  al. (2007) 
was used to formulate the question for this analysis, as shown in Table 2.

On the basis of the above framework, the question was framed as follows: which data-
driven models are most efficient in forecasting the SPI at varying lead times, and what, if 
any, significant differences are identified in the performance of the different models? For 
the purpose of this paper, a distinction was made between the words prediction and fore-
cast. In statistics, a prediction occurs within the sample such that the Y value is predicted 
in an observation or within part of the sample, while a forecast is a subset of a prediction 
that provides projections out of the sample for future values by applying historical data and 
that can change according to external scenarios.

We also make a distinction between now-casting, forecasting and hindcasting. Forecast-
ing refers to reproducing an aspect of a system ahead of time (Beven and Young 2013). 
Now-casting refers to a description of current parameters or near real-time parameters 
within 0–2 h, which is more applicable for weather. Conversely, hindcasting applies fore-
casting to historical data to simulate an event in the past (Soares and Cardoso 2018; Wan-
dres et al. 2018). A forecast usually incorporates meteorological data and is initialised by 
the results of a now-cast. According to the World Meteorological Organisation, forecasts 

Table 2   Components of the 
PICO framework used to 
determine the main elements of 
the study meta-analysis

Framework item Explanation

Problem Drought forecasting
Intervention Through application of the SPI
Comparison Compared for different data-driven models
Outcomes Determine the effectiveness of models at 

certain lead times and timescales
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can range from hours to 24  months. In this review, we mainly focus on forecasting of 
future occurrence of drought by using the SPI at a certain lead time. A short-term forecast 
is categorised by a lead time of 1–3  months, a medium-term forecast by a lead time of 
4–6 months and a long-term forecast by a lead time of 9 months or more.

Step 2: search strategy

We conducted an exhaustive search of the electronic literature on the Web of Science Core 
Collection database by applying the search elements identified through the PICO frame-
work. The Boolean technique was used to carry out the search, employing operators such 
as ‘AND’ and ‘OR’. The specific search terms were ‘drought forecasting’ and ‘standardised 
precipitation index’ or ‘SPI’ and the specific model type (i.e. ANN, ARIMA, MM, MLR, 
ANFIS, SVM) as identified above. Searching for one concept at a time is claimed to give 
the best results (Tuttle et al. 2009); therefore, the search was conducted for each type of 
data-driven model individually, one at a time. The initial search of the Web of Science 
database yielded n = 74 results (Table 3). Titles, abstracts and author information of these 
articles were extracted and kept for further review.

To broaden the search results, similar search terms were used in Google Scholar (GS) 
for each type of model with two additional search terms, which were ‘lead time’ and ‘time-
scale’. Hence, the search phrase was as follows: ‘drought forecasting’ and ‘standardised 
precipitation index’ and ‘[model type]’ and ‘lead time’ and ‘timescale’. This provided more 
results and yielded a sample of n = 176. Only the results of the first three pages of GS 
were considered to avoid grey literature, which would have compromised the quality of the 
study. This reduced our search from GS to n = 22.

Step 3: specific inclusion and exclusion criteria

The abstracts were reviewed initially on the basis of three general criteria: (1) significant 
reviews of the literature that investigated drought forecasting by using the model of interest, 
(2) use of the SPI for forecasting and (3) evaluation of lead time as the drought parameter. 
In case a criterion was not met directly, but the study was in similar context, the abstract 
was set aside for further evaluation.

The PRISMA method (Liberati et  al. 2009; Moher et  al. 2009), as shown in Fig.  1, 
was employed to further select the studies for use in the meta-analysis. From the selected 
abstracts, full-text articles were retrieved for further review. Because the primary objective 
was to measure the performance of different models that forecast the SPI at different lead 

Table 3   Search result for the 
Web of Science database based 
on specific model type

Model type Number 
of results

ARIMA 11
ANN 10
SARIMA 4
SVM 7
ANFIS 7
MM 16
MLR 19
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times, inclusion of studies was based on the following specific criterion: the study included 
performance measures such as NSE, RMSE, R2, R, MSE, z test and corr. While going over 
the different studies, it was identified that R2 and RMSE were the two most commonly used 
performance measures. Therefore, we only included those studies with the performance 
measures R2 and RMSE or R and MSE, which could be converted to R2 and RMSE. The 
coefficient of determination (R2) represents the extent of association between two variables 
that could be, the observed and the predicted values. The root mean square error (RMSE) 
assesses the variance of errors and highlights the inconsistencies between the observed and 
the forecasted values (Adamowski et  al. 2012). The performance measure values range 
from 0 to 1, where the higher R2 value indicates a strong relationship between the data and 
0 represents no statistical correlation. On the other hand, a lower RMSE value represents a 
better association.

The following exclusion criteria were applied in this study. (1) Studies that used per-
formance measures other than R2 and RMSE were excluded. (2) Authors were contacted 
via email if data were missing or if the entire analysis of the results was not published in 
the articles; if the authors did not provide the requested data, those studies were omitted. 
(3) Because the models of interest were data-driven models, other forms of model were 

Fig. 1   PRISMA flowchart to aid in the selection of studies for the quantitative analysis
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omitted. (4) The SPI was found to be the most commonly used index, and other indices 
were not considered in this study. (5) Various parameters are utilised in the area of drought 
modelling; however, we concentrated on the lead time, eliminating studies that focused 
on class transitions, severity and duration. (6) A minimum of two studies is required in a 
meta-analysis to reach a conclusion (Valentine et al. 2010). Therefore, we applied this prin-
ciple and ensured that under each model type there was a minimum of two study replicates 
to carry out the analysis. Owing to this criterion, studies using the adaptive network-based 
fuzzy inference system (ANFIS) and multiple linear regression (MLR) were omitted.

Step 4: data abstraction and appraisal of study quality

Selected studies were screened under more refined criteria to ensure quality assessment 
through the use of study design-based quality checklists. Only those studies that used a 
good quality and homogenous data of more than 30 years were used. Additionally, to ensure 
that the quality was maintained, the analysis was carried out on the model results which 
were validated. Evaluating forecast skill on the same dataset as that was used in training 
the model introduces bias and artificial skill in the results; therefore, it is essential to test 
the model on an independent set. Various methods of validation techniques were used in 
the selected studies. Although there is no fixed way of partitioning the data, the approach 
of two-way splitting of the data into training and validation is the easiest and most com-
monly used method (Mishra and Desai 2006; Mokhtarzad et al. 2017). For instance, 60% 
of the data is used to train the model, while 40% of the data is used to validate the model. 
Some studies have also incorporated a two stage of validating and testing the models with 
an additional independent set (Dehghani et al. 2014; Farokhnia et al. 2011), that is 90% of 
the data is used for training, 5% in validation and an additional 5% for testing. The error in 
the validation and test set often arises from the model overfitting the data or a poor fitting 
model. To overcome this issue, another popular method utilises cross-validation techniques 
(Deo et al. 2017b; Wong 2015), and this method was also noted in some studies.

Additionally, the data were solely from studies that were found in peer-reviewed jour-
nals; conference paper studies were omitted from this analysis. From the selected studies, 
a data matrix was created, comprising the first author, geographical location of the study, 
model of interest, SPI timescale and specified lead time (forecast range), and its respective 
performance measure indicator values of RMSE and R2 were abstracted, which formed the 
primary component in the analysis. Each study was given a reference number ID. Where a 
study focused on more than one station in a region, average values of R2 and RMSE were 
used.

Step 5: statistical analysis

In this study, the linear mixed model (LMM) analysis was applied from the following pack-
ages in R: the nonlinear mixed-effects (NLME) (Pinheiro 2009; Pinheiro et al. 2007); lme4 
(Bates et al. 2014); lmerTest (Kuznetsova et al. 2017) and the lsmeans (Lenth 2016). The 
model type, SPI timescale and lead time months (i.e. forecast range) were the independ-
ent variables in the formula. The model type was used as the fixed effect, and the model 
categories were as follows: WANN, SVM, MM, ANN and ARIMA/SARIMA. The second 
factor evaluated was the timescale at which the SPI was computed; it was categorised as 3, 
6, 9, 12 and 24, where SPI 3 referred to the SPI calculated for a 3-month timescale and SPI 
24 referred to the SPI calculated for a 24-month timescale. The third factor was the lead 
time, which was divided into three categories: short-term forecast, referring to a lead time 
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of 1–3 months; mid-term forecast, referring to a lead time of 4–6 months; and long-term 
forecast, referring to a lead time of 9 months or more. Last, the paper ID and authors nested 
in the geographical locations were assessed as a random effect to account for regional and 
researcher variation in the results of the selected studies. The LMM was applied to the 
weighted average of the R2 and the RMSE on validated and forecasted results.

4 � Results

The results from the linear mixed model demonstrate the wavelet-coupled ANN (WANN) 
model was the best-performing model with low error values and high correlation (Fig. 2). 
The average RMSE value of WANN is approximately 0.3; conversely, the RMSE value of 
other model types exceed 0.5. The compact letter display (a, b, c) in Fig. 2 shows whether 
the means for each of the RMSE and R2 are significantly different from each other at a 
95% significance level. For instance, in plot (a) LS Means RMSE, the SVM and MM had 
similar performance to each other indicated with alphabet (ab) for both, as did the time 
series ARIMA/SARIMA (labelled ARIMA on the graph) and ANN indicated with (b). 
However, while the SVM and MM show a similar performance to the WANN indicated 
with the letter (a), the performance of ARIMA and ANN is shown to be significantly dif-
ferent from WANN. In plot (b), LS Means R2, MM shows association with all other model 
types indicated with (abc). ARIMA (a) and WANN (c) are distinctly different from all the 
other model types or shows no association with other model groups, while the two machine 
learning models, SVM and ANN, show similar performance. Overall, the performance of 
the ANN was not significantly different from those of the other model types, i.e. machine 
learning models do not necessarily perform better than other simpler models, such as time 
series. The ANN and ARIMA forecasts showed the least variations within the group. The 
WANN model explained 55–65% of the variation in the SPI, while the SVM was closer to 
45–55%.

Fig. 2   Boxplot of estimated least square (LS) means of the linear mixed model (LMM) applied and the 
compact letter display for differences in means at the 95% significance level for a RMSE and b R2 values, 
including 95% confidence intervals for wavelet artificial neural network (WANN), artificial neural network 
(ANN), Markov model (MM), support vector machine (SVM) and autoregressive integrated moving aver-
age (ARIMA) or seasonal ARIMA (SARIMA)
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Generally, hydrological indices are calculated using monthly, annual or non-standard-
ised timescales. In Fig. 3, LMM model applied to the SPI (as an independent factor) cal-
culated at different timescales is shown. The best timescales to calculate the SPI were 12 
and 24 months, which yielded the highest correlation values of R2 and the smallest error 
(RMSE). The SPI at a timescale of 9 months yielded a reasonably high R2 value with a 
high respective error value which could be due to outlier values in the data. The models 
forecasting SPI 12 and SPI 24 accounted for 30–50% of the variation, while the SPI 6 and 
9 accounted for 60–80% of the variation. Additionally, the performance of SPI 12 and 24 
was significantly different from the performance of SPI 3, 6 and 9. A number of studies 
have indicated improved predictability of SPI 12 compared to SPI 3 (Belayneh and Ada-
mowski 2012; Djerbouai and Souag-Gamane 2016; Zhang et al. 2017b). In the case of SPI 
at the 3-month timescale, the variability in precipitation is high because monthly data for 
fewer months are used, that is, the calculated SPI value is for a accumulated precipitation 
for 3-month period, whereas in SPI 12, it is for 12-month period (Djerbouai and Souag-
Gamane 2016; Guenang and Kamga 2014), resulting in a smoother time series for SPI at 
the 12-month timescale (Loukas and Vasiliades 2004); hence, it is likely that the models 
will generate better forecasts.

Model assessment should be based on suitable lead time selection, such that a lead time 
provides sufficient time to implement proactive measures to reduce drought impacts (Nik-
bakht et al. 2012). Based on the performance measures (Fig. 4), the short-term forecasts 
or forecasts generated three months ahead of time, operated the best, with an accuracy of 
approximately 70%, and 50%, respectively, for a medium range forecast. The long-term 
forecast has accuracy of below 50%. Moreover, the accuracy of medium- and long-range 
forecasts is generally similar, while the accuracy of short-term forecast is significantly dif-
ferent as denoted by the compact letter display (a, b). A deterioration in the performance 
is noted as the forecast period increases, indicated by the overall low correlation and high 
error values.

The linear mixed model allows for the inclusion of random effects which can quantify 
variation between research groups or country to country variation (Bolker et al. 2009). 
Figure 5 shows that there is considerable variation between studies from different coun-
tries. The graph shows the variation between studies originating from a specific country 
as well as the variation within a study. For the analysis on RMSE, China had the most 

Fig. 3   Boxplot of estimated least square (LS) means of the linear mixed model (LMM) applied to the a 
RMSE and b R2 values with SPI timescale as a factor, including 95% confidence intervals



	 Natural Hazards

1 3

variation in the results, while India was found to have the least variation. For the analy-
sis on R2, Sicily showed the highest variation in the results with consistent results found 
in studies from India. Additionally, the RMSE values for studies from India ranged from 
0.5 to 1.0, while the RMSE values for studies from China ranged from 0 to 1.5. On the 
other hand, the R2 values for studies in India were between 0.5 and 0.6, while the R2 
values for studies in China were 0.6–0.8. While studies from Iran showed a higher R2 
values as well as a higher error value. These could also highlight the quality of drought 
studies available in each area as well as the quality of work produced by the different 
authors.

Fig. 4   Boxplot of estimated least square (LS) means with linear mixed model (LMM) applied to forecast 
accuracy according to prediction at various lead times measured in a RMSE and b R2 values, including 95% 
confidence intervals. S short-range forecasts, M mid-range forecasts, L long-range forecasts

Fig. 5   A plot of random effects of linear mixed model applied to a RMSE and b R2 including 95% con-
fidence intervals. The manuscript authors were nested within study site to account for variations between 
model design, software, model validation and other unknown variations between research groups
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5 � Discussion

While most of the models yielded reasonably good results, the WANN was found the 
best-performing model in the validation models in this study (Fig. 2). Mouatadid et al. 
(2015), highlighted the advantages of using the ANN for drought prediction by com-
paring MLR and ANN in Australia, and showed that the ANN outperforms the linear 
regression models. A major advantage of ANNs is that they are able to learn patterns 
quickly even from complicated or noisy data (Belayneh et al. 2016). In contrast, a model 
such as time series assumes a linear relationship and hence is not able to capture non-
linearity in the data, which is often the case for hydrological datasets (Djerbouai and 
Souag-Gamane 2016). However, according to our meta-analysis, the ANN alone is not 
superior to other types of machine learning models,  probabilistic models such as the 
SVM, Markov chain and time series models comprising of ARIMA/SARIMA. The per-
formance of the ANN is similar to other simpler models; however, the WANN proved 
superior in performance and the results of WANN were significantly better than other 
models. A number of studies have reported that the WANN is a better model as opposed 
to the regular ANN model (Adamowski and Sun 2010; Nourani et al. 2009; Wang and 
Ding 2003).

One crucial aspect of the WANN is that its performance is dependent on preprocessing 
of input data to account for potential non-stationarity in the data. Stationary data are those 
that have constant statistical properties such as mean and variance, are not time depend-
ent and do not have abrupt changes in the series (Nason 2006). Ideally, stationary data are 
essential to design a model for future forecasting to accurately represent the phenomenon 
(Adhikari and Agrawal 2013; Huang et al. 1998). However, in the real world, data never 
comprise of constant statistical properties, giving rise to non-stationarities in the data. 
Wavelet transforms have been considered a potential solution to the problem of non-sta-
tionary data in hydrological forecasting and has been identified as one of the best methods 
to transform the data (Adamowski and Sun 2010; Huang et al. 1998). It operates by pass-
ing the time series to a function, which results in the decomposition of the original time 
series at multiple levels and scales, representing the same series with new values which 
are stationary in time (Djerbouai and Souag-Gamane 2016). This decomposition helps to 
de-noise the data, which is better handled by the models (Graps 1995). Additionally, this 
helps to yield more meaningful information from the series, which may have previously 
been masked by abrupt changes or seasonality in the data (Chaovalit et al. 2011). Wavelet 
analysis reduces the complexity of the data, causing the series to become more parsimoni-
ous (Djerbouai and Souag-Gamane 2016), resulting in a better-fitting model. However, this 
needs to be applied with caution, taking into account the filter type, length of series, type 
of decomposition and level of decomposition to be used, all of which affect the final result. 
For instance, decomposition into too many levels can result in the loss of meaningful infor-
mation from the series (Guimarães Santos and Silva 2014). For model initialisation, the 
data should be partitioned into the respective training and validation stages before decom-
posing the series rather than splitting the data post decomposition as this can introduce bias 
in the forecasts due to the model being validated on data previously exposed during train-
ing stage (Deo et al. 2017b). An antecedent step in neural network models is to normalise 
the data before using it for training (Belayneh and Adamowski 2012). The validation of 
forecasts should be carried out using the observed SPI series (calculated or actual value) 
and not the normalised SPI data. Basing the validation on normalised series will poten-
tially introduce artificial skill in the forecast and needs to be avoided.
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Our results indicate that the SPI calculated for a 12-month or 24-month timescale 
produces the optimum drought forecasts for a region (Fig. 3). A possible explanation for 
this may be that the SPI for longer timescales is smoother and hence easier to forecast as 
opposed to the SPI for shorter timescales (Loukas and Vasiliades 2004). The application 
of the SPI at shorter timescales is not recommended and needs to be performed with cau-
tion to prevent overestimation or underestimation of hydro-meteorological events (Fluixá-
Sanmartín et al. 2018; Wu et al. 2007). Calculation of SPI with short timescales results in a 
non-normally distributed SPI series owing to the high incidence of zero precipitation days 
in the precipitation data; consequently, the index fails to characterise a drought event effec-
tively (Wu et al. 2007). Our results are consistent with previous work reporting that longer 
timescales are the best timescale to calculate the SPI and carry out drought modelling (Jain 
et  al. 2015). Additionally, drought events with longer duration are not easily identifiable 
with short timescales (Fluixá-Sanmartín et al. 2018). However, we cannot entirely dismiss 
the use of shorter SPI timescales in other aspects of drought management. For instance, 
it has been shown for a river basin in Spain that the longer timescales (i.e. SPI 12 and 
SPI 24) are not ideal for drought quantification within surface flows, that correlate well to 
short SPI timescales, whereas reservoir storages are more sensitive to longer timescales 
(7–10 months) (Vicente-Serrano and López-Moreno 2005). Furthermore, a study that used 
the SPI at short and long timescales to interpolate historic drought events revealed that 
the short timescales (3 and 6) captured more drought events than did the long timescales 
(12 and 24) (Buttafuoco and Caloiero 2014). Therefore, SPI timescale selection should be 
dependent on the type of study undertaken, the type of catchment or area, the regional fea-
tures and the type of drought examined (Vasiliades et al. 2011). This study emphasises the 
need to test the drought monitoring indices and the suitable timescale for sensitivity in a 
specific region before integrating it in management plans.

From the meta-analysis, the best results are achieved when forecasts are made 
1–3 months prior, representing short-range forecasts (Fig. 4). From a planning and disaster 
management perspective, risk-reduction strategies should allow for sufficient time for con-
tingency planning prior to the onset of a drought event (Karavitis et al. 2011). Governments 
end up spending large amounts of money in drought relief programmes after the disaster 
has materialised (Wilhite et al. 1986). A sufficient time frame to release the warning before 
the actual onset of drought will be beneficial for public awareness and also in reducing the 
associated costs in the aftermath of the disaster (Steinemann 2006). As water is critical in 
the early growth stages of many crops, a short-term forecast (1–3 month) in advance will 
also assist growers to make informed agronomic decisions. Forecasts produced 1–3 months 
have the highest accuracy and can be used with confidence in early warning systems and 
would be reliable for the forecast users. Therefore, this study recommends a lead time for 
forecasts ranging from 1 to 3 months, enabling the government to implement mitigation 
strategies ahead of time, which may result in a better action plan and financial security.

This review revealed a general paucity of studies representing different geographical 
locations of the world. A number of the studies were situated in the Middle East and Asia 
region, which may be linked to the type of indices commonly used in these areas. The vari-
ation in the results was the highest for studies undertaken in China and Sicily, and lowest 
for studies undertaken in India (Fig. 5). This indicates that the performance gap in studies 
in India was not significantly different, and therefore, the methodology can be replicated for 
other regions with similar climate. This review focused primarily on the SPI, and the SPI is 
a widely used index in these localities, which is not surprising given the simple calculation 
of the SPI, particularly in data-sparse areas. Other areas, for example, the continental USA, 
may be more reliant on indices such as the SPEI and the PDSI. Because studies on drought 
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forecasting to establish early warning system are still scarce, there remain opportunities for 
more research in the areas of meteorology and hydrology.

The variability in the results may be due to various factors, which will be discussed. 
Studies that use climate indices in conjunction with drought indices to forecast may report 
different results than others that utilise the drought index on its own. An example of this 
is shown in the works of Memarian et  al. (2016) who forecasted SPI by incorporating 
lagged global climatic signals and precipitation. Sensitivity analysis of models indicated 
that models with ENSO and precipitation indices produce better results. However, there is 
still uncertainty in this regard as other studies report no improvement in result with the use 
of climate signals. The ocean–atmospheric interactions driven by sea surface temperature 
have been useful in improving rainfall forecasts in general (Enfield and Alfaro 1999; Luo 
et al. 2005), but only to a certain limit (Westra and Sharma 2010). Ultimately, it depends 
on the extent of influence by the climate drivers on precipitation regimes in an area which 
needs to be determined for that specific location. In our meta-analysis, global climate sig-
nals were not used as a factor to determine the model performance because of the lower 
number of samples and inconsistencies in the data. Thus, this may be investigated fur-
ther for regions where climate indices can be incorporated to determine the accuracy and 
improvability of forecasts.

Lastly, although the minimum number of study requirements was met, a limitation for 
this review was the small sample size for each model type. The ANN and ARIMA had the 
largest sample sizes, further highlighting their usage for drought modelling and forecasting. 
This meta-analysis can be replicated as more study samples become available in future for 
other model types with different drought indices.

6 � Conclusion

Our meta-analysis demonstrated that the performances of the different machine learning, 
probabilistic and time series models are generally reasonable and similar to each other. 
However, preprocessing the data by wavelet analysis to remove non-stationarities ren-
ders the best results with minimum error and highest correlation overall in every aspect 
of the analysis. Additionally, the most reliable timescales to calculate the SPI are 12 and 
24 months as this results in a smoother series which is better handled by the different mod-
els. However, a suitable timescale is ultimately dependent on the area of study and the type 
of drought to be addressed. Therefore, it is ideal to test the timescale for sensitivity in a 
region before implementing it in operational early warning system. A short-term forecast 
has a high accuracy and therefore can be used as a suitable lead time to inform the govern-
ment and other agencies to reduce drought-related risks. The general trend observed from 
this review is a paucity of studies representative of different geographical locations. In 
hindsight, a large majority of the studies have used SPI for drought modelling; therefore, it 
was the index of interest for this study. However, the future recommendation is to carry out 
a similar analysis with indices other than the SPI (e.g. the PDSI, EDI or SPEI) to determine 
which index works best with a model type. Additionally, future studies on climate drivers 
as a factor may be performed to determine the connection with and influence on overall 
model performance and sensitivity when more studies become available.
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