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Multi-Horizon SPI Drought Forecast Skill under

Alternative Accumulation Protocols: A

Rolling-Origin Benchmark for Bangladesh

Abstract

The Standardized Precipitation Index (SPI) is based on accumulated precipitation, but

there is a difference between the scale of accumulation and the forecast lead time. When

a forecast is issued at month t and verified at t + h − 1, each post-issue month during the

target accumulation period must either be forecast or be provided via a specified alterna-

tive. Although the method for constructing the SPI from observed and forecast precipi-

tation is well established in operational practice, its impact on comparisons of lead times

across different models has rarely been quantified. We assess three accumulation methods; a

full-trajectory forecast, a climatology-gap operational baseline, and a perfect-intermediate-

information (PII) diagnostic. This study uses a dataset comprising 10 stations with complete

records from Bangladesh, six expanding rolling-origin folds, ten forecasting techniques, SPI

values of 3, 6 and 12 months, and lead times of 1, 3, 6, 9 and 12 months. Sensitivity analyses

were carried out on a 34-station dataset with variable records and an empirical SPI. For the

Gamma SPI-12, the difference between the PII and full-trajectory approaches increased with

lead time and reaches +0.760 F1, +0.732 PR-AUC, and +1.873 R2. No method performed

best in all criteria and simple baselines of climatology and residual-trees were highly com-

petitive. This shows that the accumulation protocol can qualitatively affect the conclusions

about lead-time skill and model performance.

Keywords: Standardized Precipitation Index, Meteorological drought, Forecast lead time,

Accumulation protocol, Rolling-origin evaluation, Bangladesh, Accumulated precipitation.

1 Introduction

Drought is one of the most expensive and hardest to predict of all natural hazards, with a

chain of effects on agriculture, water security, food systems, and people’s livelihoods (Wilhite

et al., 2007; Mishra & Singh, 2010). In South Asia, Bangladesh is especially vulnerable due
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to its agriculture which depends on the monsoon and the country’s high population density.

According to Monir et al. (2026) there are increasing trends in short-, medium-, and long-

duration dry periods at 82.35%, 73.53%, and 50% of the stations examined, respectively. While

Shahid (2010) found considerable spatial and seasonal variation in rainfall and SPI during wet

and dry periods.

The Standardized Precipitation Index (SPI) (McKee et al., 1993) is the primary tool used

worldwide for monitoring meteorological drought. It presents accumulated precipitation anoma-

lies in terms of a standard-normal distribution. This standardization enables comparisons to be

made across different accumulation periods and locations. The World Meteorological Organiza-

tion (2012) and Hayes et al. (2011) have accepted the SPI as the global standard for monitoring

meteorological drought because of its simplicity, its ability to be compared across regions, and

its flexibility with respect to the accumulation period. According to McKee et al. (1993) and

the World Meteorological Organization (2012), SPI values below −1.0 show moderate drought,

those below −1.5 indicate severe drought, and values below −2.0 mean extreme drought.

In recent years there has been an increase in the use of machine learning and deep learning

techniques for forecasting droughts. Aghelpour and others (2021) compared hybrid optimization

methods with standalone drought-prediction methods and found the hybrid approach to be the

best performing. Gyaneshwar et al. (2023) looked at deep learning drought models but did not

concentrate specifically on the construction of accumulated drought indices over time. Osman

et al. (2025) examined machine learning models used for drought monitoring and observed that

SPI and SPEI are the most widely used indices and precipitation is the main input variable.

Márquez-Grajales and others (2024) discovered that LSTM is the deep learning algorithm most

frequently used for this purpose.

Many previous studies have involved a variety of different methods of constructing fore-

casts. In the case of operational studies, the forecast precipitation is usually combined with the

observed antecedent data to produce the future SPI values (Cancelliere et al., 2007; Quan et

al., 2012; Yoon et al., 2012; Yuan et al., 2013; Dutra et al., 2013, 2014; Mo and Lyon, 2015;

Sutanto et al., 2020; Shin et al., 2020; Torres-Vázquez et al., 2024; Brands et al., 2025). On the

other hand, some dynamical studies compute the SPI from the forecast precipitation for the

target season rather than attaching the forecast to the observed antecedent trajectory (Mwangi

et al., 2014; Ma et al., 2015; Lavaysse et al., 2020). Statistical and machine-learning studies can

alternatively predict the precomputed SPI/SPEI value, the drought class, or the probability of
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a class transition directly (Lyon et al., 2012; Belayneh et al., 2014; Bonaccorso et al., 2015;

Behrangi et al., 2015; Liu et al., 2018; Ali et al., 2019; Park et al., 2020; Felsche and Ludwig,

2021; Karbasi et al., 2023; Yu et al., 2024; Lee et al., 2025). Since these represent different

types of forecasting tasks, the skill reported should not be considered directly comparable unless

the forecast construction, the definition of lead time, and the index-fitting procedure are taken

into account. The current study does not introduce the observed–forecast partition; instead, it

quantifies how alternative accumulation protocols affect reported skill across ten models under

identical folds, targets, and metrics.

The SPI is a measure based on accumulated precipitation; in order to calculate a 12-month

SPI, one needs precipitation data for 12 months. If a forecast is produced at time t for a

period ending at time t + h − 1, then the forecaster has only observed precipitation up to t − 1;

therefore all the months from t through t+h−1 must either be predicted or be replaced by some

operational estimate. The level of detail given in published reports regarding the accumulation

scale, the forecast lead time and the method used for the intermediate months differs from report

to report. This variation in the way the reports present this information makes it difficult to

carry out consistent comparisons of operational skill.

Within the wider body of literature on machine learning, considerable attention has been

given to temporal information boundaries. Mammas and Lekkas (2021) showed that there is

a bias in the characterization of droughts and contamination of the evaluation when SPI for-

mulations are fitted using the entire record prior to out-of-sample validation, which constitutes

a type of parameter-estimation bias. Kapoor and Narayanan (2023) also stressed the need

for systematic consideration of leakage and the reproducibility crisis in machine-learning based

prediction with regard to information boundaries. However, these studies mainly concerned

themselves with parameter estimation in the computation of the SPI rather than with the

evaluation-protocol sensitivity that is addressed in this paper.

The study tackles this gap by systematically assessing multi-horizon SPI forecasts under

three different protocols, each of which deals with the unknown part of the SPI accumulation

window in a distinct way. The full-trajectory protocol makes use of the observed rainfall up to

the date of issuance and then predicts the rest with the model. The climatology-gap operational

baseline fills in the missing months with climatological averages and thus provides a baseline

that is valid for operational use. The perfect-intermediate-information (PII) diagnostic applies

the actual rainfall to the intermediate future months but still keeps the model forecast for the
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target month. The PII diagnostic is a deliberately non-operational counterfactual designed to

show how much the reported skill can change when realized intermediate information is taken

into account. In the current experiment it acts as an optimistic diagnostic for the various leads

and metrics, but it is not a guaranteed upper limit for every metric, station, or fold.

This paper makes four contributions. The first is to offer a rolling-origin benchmark for

SPI-w forecasts produced at lead h, the evaluation being carried out using the same set of folds,

targets and metrics. The second is to measure protocol sensitivity by means of a controlled

comparison between the full-trajectory, climatology-gap and PII constructions, all using the

same predictions, targets, folds and metrics. Thirdly, it presents a baseline-aware assessment

of the models through a pairwise comparison of neural, tree-based, naïve, fixed-climatology

and adaptive-climatology forecasts across continuous, ranking, threshold and event-level met-

rics. Fourthly, it supplies a structured audit and checklist concerning the way in which relevant

studies report on forecast origin, target date, accumulation construction, treatment of the in-

termediate month and the SPI fitting period.

2 Related Work

2.1 The monitoring of SPI and the preparation of the forecast

The Standardized Precipitation Index (SPI) was developed by McKee et al. (1993) as a means

of providing a standardized method for measuring precipitation anomalies over a variety of time

scales and at different locations. It is obtained by fitting a probability distribution to the histor-

ical precipitation data and then transforming the cumulative precipitation amount for a given

accumulation period into a standard normal distribution. The World Meteorological Organiza-

tion (2012) adopted the SPI as the primary index for monitoring meteorological drought on a

global basis and recommended that it should be used in conjunction with other indices if a full

assessment of drought is to be made. Guttman (1999) gave a detailed algorithm for calculating

the SPI based on the different methods of distribution fitting and parameter estimation.

The SPI has a number of advantages; one of them is that it requires only precipitation

data, which are generally available and reliable. Another advantage is that it can be used to

calculate drought for any length of accumulation period, from short-term (agricultural) droughts

lasting one to three months, through medium-term droughts lasting six to nine months, to long-

term (hydrological) droughts lasting twelve to twenty-four months (McKee et al., 1993; World
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Meteorological Organization, 2012). A third advantage is that the SPI is standardized, so that

it can be compared between regions having different climatic conditions. Lastly, the SPI’s

standardized probabilistic scale enables the identification and comparison of the time at which

drought begins, its duration and how severe it is.

By means of the SPI drought classification technique (McKee et al., 1993), the various

drought categories are defined on the basis of the SPI values: moderate drought corresponds to

the range from −1.0 to −1.49, severe drought to −1.5 to −1.99, and extreme drought to −2.0 or

below. A drought event is said to begin when the SPI falls below −1.0 and ends when the SPI

becomes positive once again. This method has been extensively applied in drought monitoring

and early warning systems.

Although it is widely used, conventional SPI has some limitations. It frequently attempts

to fit a gamma distribution to the accumulated precipitation for each month, a method which

may not be valid for all regions and time scales (Stagge et al., 2015). Furthermore, the SPI does

not consider temperature or evapotranspiration factors, both of which can be important when

evaluating agricultural drought (Vicente-Serrano et al., 2010). To remedy this drawback, the

Standardized Precipitation Evapotranspiration Index (SPEI) was developed by incorporating

potential evapotranspiration (Vicente-Serrano et al., 2010). Yet, the SPI remains the most com-

monly used index for monitoring meteorological drought due to its simplicity and effectiveness

(Osman et al., 2025; Gyaneshwar et al., 2023).

2.2 The use of machine learning in predicting SPI events and droughts

In recent years there has been an increasing use of machine learning techniques in the field of

drought forecasting. According to a thorough review of machine learning models for drought

monitoring and forecasting carried out by Osman et al. (2025), the most frequently used

algorithms are artificial neural networks (ANN), support vector machines (SVM), random forest

(RF), and long short-term memory (LSTM) networks. The review also mentioned that SPI and

SPEI are the most commonly predicted metrics.

Márquez-Grajales and colleagues in 2024 looked at drought prediction through the use of

deep learning models and discovered that the LSTM model was the one most frequently used.

They noted that hybrid models, which involve combining wavelet transforms with LSTM (W-

LSTM) and other deep learning techniques, have shown promising results in the field of drought

forecasting. Gyaneshwar and co-authors also carried out a study on deep learning models applied

5



to drought prediction. Furthermore, Hao and others conducted a review of seasonal drought

prediction and looked at the advances, the challenges, and the future prospects.

In Bangladesh several studies have applied machine learning to drought forecasting. Awal

and Al Mamun (2022) developed a wavelet artificial neural network to predict long-term meteo-

rological droughts in the north-western part of Bangladesh. Hossain and others (2025) used an

ensemble learning method for the analysis and forecasting of droughts in central Bangladesh. Al

Mamun and colleagues (2024) identified the weather parameters that are important for seasonal

drought prediction in Bangladesh by means of machine learning. Sarkar and co-authors (2025)

applied SPI-gamma random forest modelling for the description and prediction of meteorolog-

ical drought in the Bengal Delta area. Sadiq and others (2023) carried out an assessment of

meteorological drought in northern Bangladesh using a machine learning-based approach that

considered remote sensing metrics.

Recent studies have placed a greater emphasis on multi-output forecasting and on forecasts

that are operationally explicit. He et al. (2024) created a direct multi-step method for forecast-

ing monthly rainfall and supplied a methodological procedure for forecasting complete future

rainfall trajectories. Brust et al. (2021) developed DroughtCast to enable multi-lead predic-

tions of the categories employed in the United States Drought Monitor; their work highlighted

the need to evaluate drought forecasts at specifically defined issue dates and lead times. More

recently, Magallanes-Quintanar et al. (2026) have compared different transformer architectures

when carrying out long-horizon SPI-12 forecasting, indicating that interest in transformer-based

drought prediction is increasing.

2.3 The boundaries of temporal information and retrospective preprocessing

It is necessary to assess forecasts if we are to judge their operational value. Tashman (2000)

carried out a comprehensive review of measures of forecasting accuracy and of the different

evaluation techniques, one of which is rolling-origin evaluation. Rolling-origin evaluation in-

volves sequentially updating the forecast origin and then preparing forecasts based on each

origin, thus providing a more reliable assessment of forecast performance than simple holdout

validation (Tashman, 2000). Cerqueira et al. (2020) likewise carried out a review of the various

methods for evaluating the performance of time series forecasting models.

The importance of information boundaries when assessing statistical and machine learning

forecasts should not be overlooked. In the case of time-series forecasting, look-ahead contami-
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nation may result from using future data for scaling or normalisation, from employing statistics

calculated on the evaluation dataset for feature engineering, or from including predictors that

would not be accessible at the time a forecast is issued (Kaufman et al., 2012). Mammas and

Lekkas (2021) showed that estimating the SPI distribution parameters from the full record prior

to out-of-sample validation can lead to a bias in the characterisation of droughts and cause con-

tamination of the evaluation. Kapoor and Narayanan (2023) stressed that reproducibility in

machine-learning-based science relies on giving systematic attention to information boundaries.

When it comes to drought forecasting based on the SPI, there are two different retrospective

options. One of them is to estimate the parameters of the SPI distribution using all the available

data—not just that from the training subset—rather than merely the training data. This

represents a form of retrospective fitting and the extent of its impact will vary according to

the length of the sample, the extent of station coverage, and the distributional assumptions; it

cannot be assumed to cause a large bias in all cases. The other aspect is that the way in which

the target accumulation window is constructed at the time the forecast is issued can differ from

study to study, and this difference has not yet been systematically measured against a common

benchmark. It is this second issue that is the focus of the present study.

2.4 Evaluation Gaps

The way that the published SPI forecasting reports explain the difference between accumula-

tion scale and forecast lead differs from report to report, as well as the way they handle the

unknown intermediate months. Because of this, it is not always simple to compare the amount

of operational information contained in the SPI forecasts reported in different studies.

The study addresses these gaps by establishing a common standard for evaluating multi-

horizon SPI forecasts that considers the information available at the time the forecasts are issued.

By comparing three different evaluation methods, it assesses the degree of skill differences caused

by the protocols and the way in which these differences depend on the fraction of the SPI window.

It also looks at how various models perform when evaluated using the same protocol in order to

determine whether greater architectural complexity provides any advantage over simpler causal

and statistical baseline models.
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3 Study Area and Data

3.1 Study Area

Bangladesh is located in the Bengal Delta and has a tropical monsoon climate characterised by

a wet season (from June to September) and a dry season (from November to February). About

two-thirds of its land area is situated at a height of less than 10 metres above sea level. There

is a large variation in rainfall both in space and in time, the annual amount ranging from less

than 1,500 mm in the west to more than 3,000 mm in the northeast (Shahid, 2010).

Drought is a common hazard in Bangladesh and has a major effect on agriculture, water

resources and food security; it mostly takes place during the pre-monsoon period (March–May)

and the post-monsoon period (October–November) since the rainfall is low and the temperature

is high (Habiba & Shaw, 2013). In the wider Indo-Bangladesh Bengal Delta, Sarkar et al.

(2025) found a great deal of variation in the severity of drought, there being prolonged periods

of extreme dryness in western West Bengal and significant historical SPI anomalies at stations

in Bangladesh.

The meteorological stations extend across the main climatic areas of Bangladesh, including

the dry area in the north-west, the transitional area in the centre, the wet area in the north-

east, the coastal area in the south-west, and the hilly region in the south-east. There were 34

meteorological stations altogether for which data were adequate for analysis.

3.2 Data

We used a publicly distributed compilation of monthly Bangladesh meteorological-station records

attributed to the Bangladesh Meteorological Department. The dataset covers 1948–2013 (66

years) of monthly observations and includes the following variables: maximum temperature

(Tmax, ◦C), minimum temperature (Tmin, ◦C), relative humidity (RH, %), wind speed (m/s),

cloud coverage (oktas), bright sunshine (hours), and rainfall (mm).

At the beginning there were 35 stations. The Chittagong City Ambagan station was removed

since it had less than 200 valid months, which left 34 stations for analysis. Each station has its

coordinates (latitude, longitude) and elevation.

We conducted a coverage and consistency audit, including station record length, missingness,

temporal completeness, and repeated-value patterns. Only 10 stations had complete records for

the whole of the 1948–2013 period (792 months) and the other 24 stations had between 276
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and 780 valid months. The coverage statistics for the stations are given in Table 1. Because

source-level quality-control metadata were unavailable, this audit should not be interpreted as

a full climatological homogenization assessment.

Table 1: Station coverage statistics

Category Number of stations Median months Min months Max months

Complete (1948–2013) 10 792 792 792
Eligible but non-complete 24 576 276 780
Total eligible 34 660 276 792

The public compilation does not provide complete historical metadata on station homoge-

nization, quality-control interventions, source-level imputation, or station relocation. Repeated

early values at some stations suggest that upstream preprocessing may have occurred. Conse-

quently, the present analysis cannot independently reconstruct all source-level quality-control

decisions.

Figure 1: Study area map and station coverage.
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3.3 Preprocessing

Each sample used in the supervised learning process included the previous 24 months’ data

for seven meteorological variables along with sine and cosine transformations of the calendar

month. The aim is to predict the entire future rainfall pattern over the following 12 months.

The fixed-network primary panel consisted of the 10 complete-record stations and the 34-

station variable-record panel was employed as a means of carrying out a sensitivity analysis. In

each sensitivity fold a station was accepted only if its 24-month input window and 12-month

target trajectory were fully available within the fold. Backward filling of any values did not

take place before the station started to operate.

Within each outer fold, the seven input variables, including the untransformed rainfall his-

tory, were standardized using means and standard deviations estimated by pooling station-

month observations from the training partition only. The 12-month rainfall target was trans-

formed using log(1 + P ) and then standardized using the training-partition mean and standard

deviation of log-rainfall. The fitted input and target transformations were applied unchanged

to validation and test samples. Forecasts were transformed back to rainfall units before accu-

mulation and SPI calculation. Since the direct trajectory output was available, it was possible

to assess the SPI-3, SPI-6 and SPI-12 values at lead times of 1, 3, 6, 9 and 12 months without

a need to insert observations from a future unknown period.

The data were split using six expanding-window folds:

• Fold 1: Train (1948–1992), Val (1993–1995), Test (1996–1998)

• Fold 2: Train (1948–1995), Val (1996–1998), Test (1999–2001)

• Fold 3: Train (1948–1998), Val (1999–2001), Test (2002–2004)

• Fold 4: Train (1948–2001), Val (2002–2004), Test (2005–2007)

• Fold 5: Train (1948–2004), Val (2005–2007), Test (2008–2010)

• Fold 6: Train (1948–2007), Val (2008–2010), Test (2011–2013)

A sample was only used if its full 12-month forecast path was contained within the relevant

three-year test period. As a result, each station with a complete record provided 25 issue dates

per fold. The input history was allowed to extend into the previous training or validation period

since the observations from those periods would be available on the issue date.
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The long-term monthly averages were calculated for each station and month using only the

training period, and this climatology was then used as a benchmark as well as forming part of

the climatology gap protocol.

4 Methodology

4.1 Problem Formulation

Let S = {s1, s2, . . . , sN } be the set of stations, where N = 10 for the fixed complete-record pri-

mary panel and N ≤ 34 for the availability-filtered sensitivity panel. For station s and month

t, we obtained a vector x
(s)
t ∈ R

7 of seven meteorological variables. Each sample was associated

with a station identifier. Neural models represented this identifier through an eight-dimensional

learned station embedding, while Residual Extra Trees used one-hot station indicators. Geo-

graphic coordinates and elevation were retained for station description but were not used in the

final forecasting models for prediction.

Neural models were global station-conditioned forecasters: model weights were shared across

stations, while learned station embeddings captured station identity. No inter-station graph or

spatial message-passing operation was used.

The input consists of the 24 months immediately preceding the issue month t:

x
(s)
t−24:t−1 =

{
x

(s)
t−24, x

(s)
t−23, . . . , x

(s)
t−1

}
(1)

The output is the complete 12-month future rainfall trajectory:

P̂
(s)
t:t+11 = Fθ

(
x

(s)
t−24:t−1, es, ct

)
(2)

where es is the station embedding, ct contains calendar sine/cosine features, and t is the first

unknown month. This direct 12-month trajectory makes evaluation at leads h ∈ {1, 3, 6, 9, 12}

possible without re-estimating for each lead.

4.2 SPI Computation

This paper computes SPI following the procedure from McKee et al. (1993) and Guttman

(1999). For each station, calendar month, and accumulation window w ∈ {3, 6, 12}, the proce-

dure is:
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1. Accumulate rainfall over the current month and the previous w − 1 months.

2. For each station and calendar month, fit a mixed discrete-continuous distribution to the

accumulated training-period values. The discrete component is estimated as

qs,m,w = Pr (As,m,w ≤ 0.1 mm) (3)

and a Gamma distribution is fitted to values exceeding 0.1 mm.

3. Transform the accumulated value to a standard normal quantile using the piecewise func-

tion

Hs,m,w(A) =

⎧
⎪⎪⎪⎨
⎪⎪⎪⎩

qs,m,w

2
, A ≤ 0.1 mm,

qs,m,w + (1 − qs,m,w)G(A; αs,m,w, βs,m,w), A > 0.1 mm,

(4)

where G is the fitted Gamma CDF with shape α and scale β. Then

SPIs,m,w = Φ−1
[
clip

(
Hs,m,w(A), 10−6, 1 − 10−6

)]
. (5)

The available sample size varied by fold and station. A station–calendar-month SPI fit was

retained only when at least 20 valid accumulated precipitation observations were available in

the corresponding training partition. Station–calendar-month combinations that did not meet

this threshold were excluded from the SPI evaluation for that fold and station rather than

substituted by an alternative distribution. This rule was applied identically to the primary and

sensitivity panels.

For the empirical sensitivity analysis, let R≤(A) = #{Ai ≤ A} denote the right-sided

insertion rank of the out-of-sample accumulated value A relative to the sorted training sample

{Ai}
n
i=1. The empirical plotting position used in the implementation was

F̂ (A) =
R≤(A) − 0.44

n + 0.12
, (6)

followed by

SPIemp = Φ−1
[
clip

(
F̂ (A), 10−6, 1 − 10−6

)]
. (7)

Ties were therefore handled using the right-sided insertion rank. All reference samples were

estimated from the corresponding outer-fold training partition only.
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4.3 Evaluation Protocols
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Figure 2: Information boundary for the forecast-issue time and the three evaluation protocols.

Let t be the forecast issue month, τ = t+h−1 the target month, w the SPI accumulation scale,

and a = τ − w + 1 the beginning of the target SPI window. The target accumulation window is

Ww,τ = {a, . . . , τ}. (8)

The portion genuinely observed at forecast issuance is

Ow,h,t = {i : a ≤ i ≤ min(t − 1, τ)}, (9)

and the unknown portion is

Uw,h,t = {i : max(t, a) ≤ i ≤ τ}. (10)

Sums over empty index sets are treated as zero throughout.

Full-trajectory forecast. The accumulated rainfall is the sum of observed rainfall for all

months up to the issue date plus the forecast for all months in the unknown portion:

Âtraj
w,τ |t =

min(t−1,τ)∑

i=a

Pi +
τ∑

i=max(t,a)

P̂i|t. (11)
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Climatology-gap operational baseline. Unknown months before the target month are

replaced by climatological averages, and only the terminal month is forecast:

Âgap
w,τ |t =

min(t−1,τ)∑

i=a

Pi +
τ−1∑

i=max(t,a)

Cs,m(i) + P̂τ |t. (12)

Perfect-intermediate-information (PII) diagnostic. The diagnostic uses actual rainfall

for intermediate future months but retains the model forecast for the terminal target month:

ÂPII
w,τ |t =

min(t−1,τ)∑

i=a

Pi +
τ−1∑

i=max(t,a)

Pi + P̂τ |t. (13)

The terminal month is always forecast in all protocols. The PII diagnostic is a deliberately

non-operational counterfactual that provides a diagnostic of how strongly realized intermediate

information can alter reported skill. It is not proposed as a deployable forecasting method.

4.4 Forecasted Fraction

For a given accumulation window w and forecast lead h, we define the forecasted fraction as

fw,h =
min(h, w)

w
= min

(
1,

h

w

)
. (14)

The number of intermediate months that would be inserted under the PII diagnostic is

ℓw,h = min(h − 1, w − 1). (15)

At short leads relative to the accumulation window (e.g., h = 1, w = 12), f is small and most

of the window is already observed. At long leads (e.g., h = 12, w = 12), f = 1 and the entire

window must be forecast.

We use fw,h as a descriptive measure of how much of the target accumulation window

depends on post-issue information. We examine empirically whether the PII–full-trajectory

contrast varies with fw,h; monotonicity is not assumed because forecast-error magnitude and

covariance can vary by lead, season, and model.
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4.5 Evaluation Metrics

The principal summary ranking criterion was mean PR-AUC under the complete panel Gamma-

SPI full-trajectory protocol, equally averaged across SPI-3, SPI-6 and SPI-12 and leads of 1, 3,

6, 9 and 12 months.

For continuous SPI prediction, we report R2 (coefficient of determination), MAE (mean

absolute error) and RMSE (root mean squared error). R2 is the coefficient of determination

1 − SSE/SST, not the squared Pearson correlation. Negative values are retained and indicate

performance worse than predicting the evaluation-set mean.

For binary drought detection at SPI < −1, we report precision, recall, F1, PR-AUC (Saito &

Rehmsmeier, 2015) and ROC-AUC. PR-AUC and ROC-AUC were computed from a monotonic

drought-risk score derived from predicted SPI:

r(ŜPI) =
1

1 + exp
{

4
(
ŜPI + 1

)} . (16)

Lower predicted SPI produces a higher risk score, as required for a drought-risk ranking.

For each combination of SPI scale and lead time, the metrics were calculated by combining

the predictions from eligible station-month entries across different stations and issue dates. The

model-level summaries were then obtained by taking the equal average of the 15 combinations of

SPI scale and lead time. These summaries are macro-averages over the tasks and not averages

of the pooled metrics across all tasks.

4.6 Event-Level Evaluation

An episode of drought threshold was defined as one or more consecutive evaluated target months

during which the SPI was less than −1. The episode ended when the SPI had returned to being

greater than or equal to −1. A predicted episode was regarded as detected if it shared at least

one month with a true episode. The onset error was calculated by subtracting the observed

onset month from the predicted onset month. Positive values meant that the detection had

occurred later than it should have. False warning episodes were those predicted episodes that

did not overlap with any true episode. Event-level results are reported for AC-LSTM as a case

study rather than for all ten models; they should not be generalized to the full benchmark.

False-warning counts are normalized per 10 station-years.
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4.7 Compared Models

The primary 10-station panel comparison includes the following models.

Fixed Climatology predicts the training-period station- and calendar-month mean for each

future month and serves as a simple causal seasonal baseline.

Adaptive Climatology takes the average of the most recent k observations from the same

month, with k ∈ {10, 20, 30, 40, 50} chosen independently in each fold based on the validation

trajectory error; the validation trajectory criterion is a combination of the normalized monthly

rainfall MAE and the normalized accumulated errors at 3, 6 and 12 months.

Seasonal Naive uses the value observed in the same month of the previous year.

Residual Extra Trees is an ensemble of decision trees designed to predict the residuals with

respect to the climatological baseline. The model used the flattened 24-month standardized

meteorological history, the calendar encodings and the one-hot encoded station identity to

predict the log-rainfall residuals relative to a fixed climatology. The minimum leaf size was

chosen from {5, 10, 20}; residual shrinkage was selected from {0, 0.1, 0.25, 0.5}. The choice was

based on the validation trajectory error; the final model was then refitted on the combined

training and validation data. During validation, 250 trees were used; in the final refit 350 trees

were used with max_features = 0.7, random_state = 123 and n_jobs = −1.

DLinear is a linear model with seasonal and trend decomposition (Zeng et al., 2023); it

decomposes the input into trend and seasonal components by average pooling and then applies

linear layers to each.

TCN is a temporal convolutional network using dilated convolutions to capture long-range

dependencies (Bai et al., 2018); it has four layers with dilations 1, 2, 4 and 8.

iTransformer-Lite is a lightweight architecture inspired by iTransformer, which applies at-

tention to the feature dimensions rather than to the time steps (Liu et al., 2024).

TFT-Lite is a lightweight model inspired by TFT that combines LSTM, self-attention, and

gating mechanisms (Lim et al., 2021).
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SMA-TFT-Trajectory is a version of TFT-Lite with a learnable set of 12 seasonal prototypes—

one for each calendar month—retrieved using a gated mechanism.

AC-LSTM is a two-layer LSTM with an accumulation loss added to encourage the model to

match both monthly and SPI-accumulated rainfall. The loss for monthly rainfall is

Lmonthly = SmoothL1(ŷ, y), (17)

and the accumulation loss for window w is

Lacc,w = SmoothL1

(∑w
j=1 P̂t+j−1

σ̃A,w

,

∑w
j=1 Pt+j−1

σ̃A,w

)
, (18)

where σ̃A,w = max(σA,w, 1) and σA,w is the batch standard deviation of true w-month accumu-

lations. The total loss is

LAC = Lmonthly +
0.10

3

∑

w∈{3,6,12}

Lacc,w. (19)

For neural architectures, the latent dimension was 64. TCN and selected feed-forward

components used dropout 0.1, whereas the two-layer LSTM backbone used dropout 0.15. All

neural models were optimized with AdamW. Common training parameters included learning

rate 1 × 10−3, weight decay 1 × 10−4, maximum of 40 epochs, early stopping with patience 7,

and batch size 128. Five seeds (11, 22, 33, 44, 55) were used for neural models. Neural models

retained the best training-only checkpoint selected by validation loss; they were not refitted on

training plus validation.

Table 2: Model architecture summary

Model Temporal mechanism Parameters Output Loss

DLinear Moving-average decomposition 5,396 12-month rainfall Smooth L1
TCN Dilations 1/2/4/8 44,380 12-month rainfall Smooth L1
iTransformer-Lite Feature-token attention 125,948 12-month rainfall Smooth L1
TFT-Lite LSTM and multi-head attention 60,380 12-month rainfall Smooth L1
SMA-TFT-Trajectory TFT-Lite + 12 prototypes 77,696 12-month rainfall Smooth L1
AC-LSTM Two-layer LSTM 58,012 12-month rainfall Monthly and accumulation

4.8 Paired Uncertainty Analysis

To summarize the uncertainty between folds and assess the stability of paired comparisons,

we used fold-level bootstrap resampling with 10,000 iterations. For paired comparisons (for
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example, the PII diagnostic versus the full-trajectory protocol), we resampled the folds with

replacement and calculated the mean difference for each bootstrap sample. The 95% fold-

resampling interval (FRI) is the range between the 2.5th and 97.5th percentiles of the bootstrap

distribution. A paired difference was considered stable over the evaluated folds if the 95% FRI

did not include zero.

For neural models, the metrics were first averaged across seeds for each model, fold, SPI, and

horizon. These fold-level values were used in the model summaries and the paired uncertainty

analysis, so neural models were not given greater weight merely because they had more than

one seed. Protocol differences were averaged across seeds for each model and fold, and then

across models for each fold.

Fold-resampling intervals summarize between-fold stability but should be interpreted cau-

tiously because only six test folds are available and their expanding training periods overlap.

4.9 Structured Reporting Audit

We carried out a structured methodological audit of how the accumulation protocol and the

SPI fitting period are presented in the SPI/SPEI forecasting literature. This audit is a focused

methodological evaluation, not a systematic review, and does not follow a PRISMA protocol.

Papers were chosen on grounds of topical relevance to SPI or SPEI forecasting, and the full text

was read where the PDF was available.

For each paper we coded: (i) whether the forecast issue date was given; (ii) whether a

target date or target period was given; (iii) whether the method used to construct the accu-

mulation window was described; (iv) how intermediate unknown months were handled; (v) the

causality status of the SPI/SPEI fitting procedure; and (vi) whether the study recognized any

information-boundary concern. Papers were divided into five categories: observed-plus-forecast

trajectory, forecast-only target-period precipitation, direct future index, drought-class or tran-

sition, and non-SPI contextual studies. SPI fitting causality was coded as one of: training-only

historical; rolling/expanding causal; leave-one-year-out; hindcast/model climatology; full-record

retrospective; unstated; N/A. Coding was carried out by a single reviewer in two passes. Counts

are reported with denominators rather than percentages. Seven papers appeared in the audit

corpus but their PDFs could not be obtained; these are stated separately and excluded from

the prevalence counts.
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5 Results

5.1 Protocol-Induced Skill Differences

Table 3 shows the protocol-induced differences for SPI-12 at various forecast leads.

Table 3: SPI-12 protocol-induced differences by forecast lead

Lead h fw,h ℓ F1 diff. 95% FRI R2 diff. 95% FRI PR-AUC diff.

1 0.083 0 0.000 [0.000, 0.000] 0.000 [0.000, 0.000] 0.000
3 0.250 2 +0.273 [0.194, 0.360] +0.269 [0.233, 0.306] +0.258
6 0.500 5 +0.416 [0.370, 0.473] +0.707 [0.619, 0.819] +0.413
9 0.750 8 +0.581 [0.527, 0.643] +1.254 [1.080, 1.449] +0.576
12 1.000 11 +0.760 [0.681, 0.824] +1.873 [1.631, 2.147] +0.732

At h = 1 there is no difference since the month being forecast is also the target month. At

h = 12, when the whole window has to be forecast, the F1 difference reaches 0.760, the R2

difference 1.873, and the PR-AUC difference 0.732. For all h ≥ 3, the fold-resampling intervals

excluded zero, indicating a stable contrast direction across the evaluated folds.

Figure 3: Protocol-induced differences for SPI-12 across forecast leads.

19



Figure 4: Full-trajectory versus PII-diagnostic SPI-12 F1 across forecast leads. Shaded bands are 95%
fold-resampling intervals.

At a one-month lead, both protocols produce identical mean F1 of 0.813 because no inter-

mediate future month is available for insertion under the PII diagnostic. The F1 subsequently

decreases to 0.567, 0.407, 0.213 and 0.050 at leads of 3, 6, 9 and 12 months, whereas the PII

diagnostic maintains values of 0.841, 0.823, 0.794 and 0.811.

5.2 Comparison of the Evaluation Protocols

Table 4: SPI-12 performance by protocol (cross-model mean)

Lead h Protocol F1 PR-AUC R2 MAE

1 All protocols 0.813 0.891 0.890 0.153

3 Full-trajectory 0.567 0.647 0.620 0.311
3 Climatology-gap 0.621 0.721 0.712 0.277
3 PII diagnostic 0.841 0.905 0.889 0.157

6 Full-trajectory 0.407 0.456 0.169 0.507
6 Climatology-gap 0.453 0.548 0.455 0.423
6 PII diagnostic 0.823 0.869 0.876 0.168

9 Full-trajectory 0.213 0.280 −0.389 0.690
9 Climatology-gap 0.164 0.351 0.142 0.553
9 PII diagnostic 0.794 0.856 0.865 0.169

12 Full-trajectory 0.050 0.132 −0.994 0.851
12 Climatology-gap 0.000 0.161 −0.183 0.667
12 PII diagnostic 0.811 0.864 0.879 0.160
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Climatology-gap generally improved continuous SPI R2 and MAE and increased drought-

risk PR-AUC relative to full-trajectory forecasting, but it did not consistently improve fixed-

threshold F1. At h = 9 and h = 12, its F1 was lower than the full-trajectory protocol. Both

valid protocols remained far below the PII diagnostic at long leads.

5.3 Skill Degradation under the Full-Trajectory Protocol

Figure 5: Skill degradation across SPI scales and leads.

Table 5: Full-trajectory F1 by SPI scale and lead (cross-model mean)

Lead h SPI-3 F1 SPI-6 F1 SPI-12 F1

1 0.523 0.689 0.813
3 0.053 0.465 0.567
6 0.062 0.095 0.407
9 0.060 0.095 0.213
12 0.051 0.086 0.050

Drought detection skill decreases with lead time, with a pattern that varies by SPI scale. With

SPI-3, skill is moderate at short lead times (F1 ≈ 0.52) but drops considerably by h = 3 (F1

≈ 0.05). For SPI-6, skill is moderate at short lead times (F1 ≈ 0.69) but falls to about 0.10

by h = 6. For SPI-12, skill is high at short lead times (F1 ≈ 0.81), decreases to about 0.41 by

h = 6, and becomes very weak by h = 12 (F1 ≈ 0.05).
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5.4 Ranking of Models

Table 6: Model ranking (PR-AUC, full-trajectory, complete panel)

Rank Model Mean PR-AUC

1 AC-LSTM 0.4036
2 Adaptive Climatology 0.3983
3 Fixed Climatology 0.3935
4 Residual Extra Trees 0.3901
5 TCN 0.3687
6 SMA-TFT-Trajectory 0.3563
7 iTransformer-Lite 0.3542
8 TFT-Lite 0.3542
9 DLinear 0.3449
10 Seasonal Naive 0.3031

Figure 6: Model ranking with fold-resampling intervals.

The paired comparisons were as follows:

∆PR-AUCAC−Adaptive = +0.0053, 95% FRI = [−0.0280, 0.0327],

∆F1AC−Adaptive = +0.0727, 95% FRI = [0.0499, 0.0944],

∆R2
AC−Adaptive = −0.2034, 95% FRI = [−0.3892, −0.0056].

AC-LSTM achieved the highest mean PR-AUC, but its PR-AUC advantage over Adaptive

Climatology was inconclusive, and its mean continuous SPI R2 was lower with the paired fold-

resampling interval excluding zero. The top four consisted of three non-neural methods and one
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neural method.

Table 7: Model ranking (SPI R2, full-trajectory, complete panel)

Rank Model Mean SPI R2

1 Adaptive Climatology 0.2138
2 Residual Extra Trees 0.2119
3 Fixed Climatology 0.1992
4 AC-LSTM 0.0104
5 SMA-TFT-Trajectory −0.2214
6 TFT-Lite −0.2292
7 iTransformer-Lite −0.2673
8 TCN −0.3753
9 DLinear −0.4413
10 Seasonal Naive −0.5471

The discrepancy between the PR-AUC and R2 rankings highlights the importance of using

multiple evaluation metrics. Adaptive Climatology provided stronger continuous SPI fidelity

but lower fixed-threshold F1 than AC-LSTM, and Residual Extra Trees achieved the lowest

mean MAE (0.5565) among the top-performing methods.

5.5 Sensitivity Analysis: Variable-Record Panel

We repeated the analysis on the eligible 34-station panel (all stations with ≥ 200 months of

data). Table 8 presents the PR-AUC ranking.

Table 8: Model ranking (PR-AUC, full-trajectory, eligible panel)

Rank Model Mean PR-AUC

1 Residual Extra Trees 0.3814
2 Adaptive Climatology 0.3781
3 Fixed Climatology 0.3724
4 TFT-Lite 0.3468
5 SMA-TFT-Trajectory 0.3453
6 iTransformer-Lite 0.3445
7 TCN 0.3424

The ranking change indicates sensitivity to station composition and record length.
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5.6 Empirical versus Gamma SPI Distribution

Table 9: PR-AUC by SPI distribution (full-trajectory, complete panel)

Model Gamma SPI Empirical SPI

AC-LSTM 0.4036 0.3845
Adaptive Climatology 0.3983 0.3888
Fixed Climatology 0.3935 0.3774
Residual Extra Trees 0.3901 0.3792

Under empirical SPI, simple climatological and residual-tree baselines remained competitive,

although absolute PR-AUC values and the leading model changed. The full three-protocol

contrast was evaluated only under Gamma SPI.

5.7 Event-Level Analysis

For SPI-12 we carried out an event-level analysis under the Gamma-SPI full-trajectory protocol.

This analysis is reported for AC-LSTM as a case study rather than for all ten models. False-

warning counts are normalized per 10 station-years using the complete-panel test exposure of

125 station-years.

Table 10: SPI-12 event-level metrics by lead (AC-LSTM, full-trajectory, complete panel)

Lead h True events Detected events Detection rate False warnings Median onset error (months)

1 26 23.2 0.892 0.512 0.00
3 26 15.8 0.608 1.184 0.00
6 31 14.8 0.477 2.368 2.25
9 35 19.4 0.554 2.416 2.00
12 35 1.0 0.029 0.400 1.00

False warnings are expressed per 10 station-years, computed from the mean count across neural seeds divided
by 125 station-years of complete-panel exposure and multiplied by 10. Exposure = 10 stations × 25 issue

months × 6 folds.

The event detection rate decreased from 0.892 at h = 1 to 0.029 at h = 12, though it rose

from 0.477 at h = 6 to 0.554 at h = 9. The median onset error stayed low at leads 1 and

3 before increasing slightly thereafter. The false-warning rate peaked at leads 6 and 9 before

falling at lead 12.

5.8 Reporting Practices in Prior Studies

Of the 30 fully audited studies, 11 used an observed-plus-forecast trajectory, 4 calculated the

target index from forecast-only target-period precipitation, 10 forecast a future drought index
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directly, 1 forecast drought-class transitions, and 4 were non-SPI contextual studies. Seven

papers could not be retrieved in full and are excluded from the counts.

Table 11: Reporting practices in SPI/SPEI forecasting studies (N = 30 full-PDF audited)

Category N Intermediate treatment Causal-bounded fitting Hindcast climatology Full-record retrospective Unstated/N/A

Observed + forecast 11 11 explicit 4 2 3 2
Forecast-only precipitation 4 4 explicit 0 3 1 0
Direct future index 10 1 explicit; 9 not required 0 0 7 3
Class / transition 1 Not required 0 0 1 0
Non-SPI contextual 4 Mixed/N/A 0 0 1 3

“Causally bounded fitting” = training-only historical, rolling/expanding causal, or leave-one-year-out. The
seven papers whose PDFs could not be obtained are excluded from the totals.

All observed-plus-forecast studies explicitly reported forecast origin, target date, accumula-

tion construction, and intermediate-month treatment. Their SPI fitting procedures nevertheless

differed: 4 used training-only, rolling, or leave-one-year-out fitting; 2 used model or hindcast

climatologies; 3 used full-record retrospective fitting; and 2 did not state the fitting sample. Of

the 10 direct-index studies, 9 did not require intermediate-month treatment because the future

index was predicted directly; the one analytical persistence study (Lyon et al., 2012) explicitly

represented future precipitation when constructing the future SPI distribution. Seven direct-

index studies constructed the index retrospectively from the full record, while 3 did not state

the fitting period.

6 Discussion

6.1 Protocol Sensitivity and Accumulation Memory

In the setting under evaluation, the contrasts between protocols were greater than the differences

in the average model values, especially for long-lead SPI-12. When most of the SPI window

has already been observed, there is little or no difference between the full-trajectory protocol

and the PII diagnostic; when most of the window has to be predicted, the difference becomes

substantial. The magnitude of the protocol-induced differences shows that, when looking at the

skill of SPI-12 over long lead times, it is necessary to state clearly how the intermediate months

were produced.

The operational implications are equally important. The cross-model average SPI-12 F1 at

lead 12 was about 0.05 under the full-trajectory design, indicating that the evaluated models

displayed very weak fixed-threshold performance at a 12-month lead. Reporting the same skill

under the PII diagnostic without qualification could create an unjustified sense of confidence in
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the forecasts.

6.2 Model Performance under the Full-Trajectory Protocol

The model rankings indicate that increased architectural complexity does not necessarily lead to

better performance in forecasting SPI values. Under the full-trajectory protocol, both adaptive

climatology and residual tree models were consistently competitive or superior to the neural

architectures. Adaptive Climatology had the highest mean R2 and Residual Extra Trees the

lowest mean MAE.

There are several factors that could account for the small advantage enjoyed by neural mod-

els. One is that the temporal structure of SPI can be adequately handled by straightforward

statistical methods. Adaptive climatology can detect the seasonal patterns particular to each

station by using data from the same month in recent years, without needing the complexity of

neural networks. Residual Extra Trees bases its predictions on residuals with respect to clima-

tology and provides a flexible nonparametric approach that can capture nonlinear relationships.

In the dataset and experimental setup used here, SMA-TFT did not show a practically

significant overall improvement over TFT-Lite: its advantage in F1 was minor (+0.0028) and

that in PR-AUC was not clear (+0.0021, with the fold-resampling interval containing zero).

6.3 The Forecasted Fraction as a Reporting Diagnostic

The value f = min(1, h/w) provides a simple way of determining how much of the target

accumulation period is actually forecast. We recommend that studies evaluating SPI over

multiple horizons state the fraction of the target accumulation period that is forecast rather

than the fraction that is observed. The lower the value of f , the greater the portion of the

target index that comes from the observations rather than from the forecast model.

6.4 Connection with Previous Work

The present study concentrates on the sensitivity of reported skill to the treatment of inter-

mediate future months within the target accumulation period. The study is complementary to

operational trajectory studies. Cancelliere et al. (2007) expressed future SPI analytically in

terms of observed and unknown precipitation; Quan et al. (2012), Yoon et al. (2012), Yuan et

al. (2013), Dutra et al. (2013, 2014), Mo and Lyon (2015), Sutanto et al. (2020) and Shin et

al. (2020) explicitly appended forecast precipitation to observed analyses; Torres-Vázquez et al.
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(2024) have provided an open-source implementation with explicit issue date and accumulation

partition; and Brands et al. (2025) compared reanalysis and model-based backfilling for SPEI-3.

The fact that adaptive climatology remained as competitive as neural models is consistent

with earlier work showing that simple baselines can match complex architectures (Zeng et al.,

2023). For the station-only predictors and models examined here, full-trajectory SPI-12 skill

became marginal only after six months and was weak at longer lead times. This decline is

in agreement with the statement that drought predictability depends strongly on lead time,

predictor information, initial conditions and slowly varying climate drivers (Hao et al., 2018).

Lee et al. (2026) have analysed the deterministic autocorrelation structure of overlapping SPI

windows and cautioned that apparent SPI skill may reflect accumulation memory rather than

forecast information. Since we were not able to check the full paper at the time of writing, we

regard it only as related work.

6.5 Limitations and Future Study

This study has a number of limitations. Since the analysis focuses only on Bangladesh, a

country with a tropical monsoon climate, the results cannot be extended to other types of

precipitation patterns. The compilation of data from public stations does not include complete

metadata regarding homogenization, quality control, and station relocation, which means that

the original decisions behind the data cannot be fully reconstructed. Although the set of models

is varied, it is by no means complete, and the calculation of the SPI is based on a mixed Gamma

distribution which might not be the best choice for all station–month combinations; the contrasts

between protocols were only assessed under this approach. A fixed window of 24 months was

used as the input, and the fold-resampling intervals, which are based on six overlapping test

folds, indicate the stability between folds but are not conventional confidence intervals. Lastly,

large-scale climate factors such as ENSO and IOD have not been incorporated.

The framework should be extended in future studies to other areas and climate types, include

large-scale climate indices, and the three-protocol comparison should be carried out under

different SPI distributions. A systematic review of the literature accompanied by independent

double-coding would reinforce the recommendations regarding reporting, and the forecasted

fraction diagnostic should be applied to other accumulated indices (for example, SPEI, SSI,

snowpack, streamflow) in order to examine its generality.
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6.6 Implications for Operational Drought Forecasting

Operational systems should make clear what information is available at the time a forecast is

issued and then evaluate the forecasts on that basis. The full-trajectory protocol provides an

assessment consistent with the issue time because it explicitly includes all unknown months.

The climatology-gap protocol provides a baseline suitable for operational use that can be put

into practice in real time.

The forecasted fraction should be given with the evaluation results as a reporting diagnostic.

Since the forecasted fraction is not a calibrated measure of forecast reliability and should not be

used as an operational probability, it is a descriptive reporting diagnostic showing the proportion

of the target accumulation window that depends on post-issue information.

Forecasts with short to medium lead times offered the most reasonable basis for early-

warning purposes, while those with longer lead times would require further predictive informa-

tion, calibration and prospective validation. The fact that adaptive climatology and residual

tree models give similar results in a competitive environment shows that operational systems

do not always have to use complex neural networks.

Studies reporting multi-horizon SPI skill should give the forecast issue date, the target date,

how the accumulation window is constructed, the way the unknown intermediate months are

treated, the period used to fit the SPI, and the forecasted fraction.

7 Conclusion

The study has systematically evaluated multi-horizon SPI drought forecasts using three different

evaluation protocols, each of which handles the months after the issue date within the target

accumulation period in a distinct way. The main conclusion is that the accumulation protocol

has a greater effect on the reported multi-horizon SPI skill than the model’s architecture. For

SPI-12 at a 12-month lead, the perfect-intermediate-information (PII) diagnostic raised the F1

score by 0.760 (95% FRI: 0.681–0.824), the PR-AUC by 0.732 (95% FRI: 0.653–0.820), and the

R2 by 1.873 (95% FRI: 1.631–2.147) when compared to the full-trajectory protocol. When the

forecasts were assessed using the full-trajectory method, the mean F1 score for SPI-12 dropped

from 0.813 at a one-month lead to 0.050 at a twelve-month lead. No individual model performed

best in all the evaluation criteria: AC-LSTM achieved a higher fixed-threshold F1 than Adaptive

Climatology by 0.0727 (95% FRI: 0.0499–0.0944), but it decreased the continuous SPI R2 by
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0.2034 (95% FRI: −0.3892 to −0.0056), while the simple climatological and residual-tree baseline

models stayed competitive under both the Gamma and empirical SPI methods.

The conclusion is that the multi-horizon SPI skill reported should be understood only when

there is a clear statement of the forecast-time information boundary. It is therefore suggested

that multi-horizon SPI studies include information on the date of the forecast issuance, the

target date, the way in which each unknown accumulation month is treated, the SPI fitting

period, and the fraction of the forecast window. Further research should extend the framework

to other regions and climate regimes, to other accumulated indices such as SPEI and SSI, and

to situations that make use of large-scale climate predictors or initialized seasonal forecasts, in

order to determine whether the collapse of long-lead skill described here indicates a fundamental

limit of SPI predictability or is instead a result of the use of a station-only predictor set.
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