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Abstract

Southern Tunisia’s date-palm oases present a paradox: production has grown

roughly three-fold in 22 years (four-fold in Kébili), fuelled by aquifer extraction

at more than twice the sustainable rate. Combining the 2002–2024 record of four

governorates with GRACE/GRACE-FO terrestrial water storage, reanalysis cli-

mate products, ONAGRI production, and CRDA aquifer accounting, we report

three findings. First, satellite-based yield-anomaly forecasting fails against a

naive per-governorate trend baseline: every learned model returns negative out-

of-sample R2 under leave-one-year-out cross-validation, and a persistence base-

line fails because biennial bearing makes lag-1 anomalies actively misleading.

Second, terrestrial water storage falls 16.6 cm between 2002–2005 and 2020–

2024, with a sup-Wald structural-break test placing the onset of monotonic

depletion at 2007 (95 % CI 2006–2008) and a post-break rate of →1.12 cm yr↑1.

Third, we introduce a temporal decoupling index: the rolling-window slope of the

absolute correlation between fruit-development-window vapour pressure deficit

(VPD) and yield-per-hectare anomaly. The index identifies Kébili — the most

overexploited governorate (229 % of renewable resources) — as a locus where
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VPD–yield coupling is rising (!|r| = +0.444; rolling slope p < 0.001 under

HAC correction). Tozeur shows the same signature robustly; Gafsa shows it

under linear detrending but the two-period contrast does not survive quadratic

detrending, so Gafsa is reported tentatively. The Kébili and Tozeur signals sur-

vive area normalisation and are robust across break-year, placebo, and four of

five detrending alternatives. The focal VPD result emerges from an exploratory

scan and does not survive FDR correction in the full grid, but its convergence

with GRACE depletion, well-proliferation data, and placebo specificity supports

its use as a monitoring signal. The findings reframe satellite earth observation in

aquifer-dependent oases: from satellite/climate-based anomaly forecasting (not

tractable here) to bu!er monitoring.

Keywords: Date palm, Oasis agriculture, GRACE terrestrial water storage,

Vapour pressure deficit, Temporal decoupling index, Aquifer overexploitation,

Tunisia

1. Introduction

1.1. The oasis paradox and groundwater risk

Southern Tunisia’s date-palm oases present a contradiction that irrigation

science is poorly equipped to resolve. Production has grown dramatically over

the last two decades, with the four date-producing governorates of Tozeur, Ké-

bili, Gafsa and Gabès now accounting for essentially the entire national crop.

Yet this growth rests on fossil water drawn from the shared deep aquifer system

of the northern Sahara — the Continental Intercalaire and Complexe Terminal,

together the Système Aquifère du Sahara Septentrional (SASS, also referred to

as the North-Western Sahara Aquifer System) — at rates that the Tunisian

Court of Audit and the World Bank have both documented as structurally un-

sustainable (Mamou et al., 2006; Observatoire du Sahara et du Sahel (OSS),

2002; World Bank Group and Ministry of Agriculture, Tunisia, 2024; National

Court of Audit of Tunisia, 2019; Kinzelbach et al., 2021; Besser et al., 2017).
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National audits now report deep-aquifer exploitation above 100 % of renewable

resources nationally and above 200 % locally.

Kébili is the extreme case. Its post-1980 nouvelles créations scheme (deep-

aquifer development permits opened to private capital) transformed the aquifer

from a state-managed commons into a privately capitalised resource; informal

extraction has proliferated to the point where registered private wells have grown

by roughly +185 % in fifteen years. Production has risen in lockstep. On the

surface, the system looks healthy: tonnages climb, yields per hectare climb, new

plantations are established each year. Beneath the surface, the water table is

falling at a rate that no steady-state irrigation regime can sustain.

The question this paper asks is operational: can satellite observation detect

when this trajectory begins to cross an invisible threshold, before conventional

monitoring metrics register a production decline? The hydrogeological literature

has long documented the rates of withdrawal (Mamou et al., 2006; Ameur et al.,

2017), and the earth-observation literature has long documented the greening of

oasis canopies (Ben Khalfallah et al., 2021; Mihi et al., 2019), but the two have

rarely been joined to the agricultural production record at operational scale.

A monitoring framework that could bridge them — that could see the bu!er

degrading before the crop fails — would shift the policy conversation from crisis

response to preventive management.

The conceptual route we propose is to treat the climate–yield correlation it-

self as a diagnostic variable. In a bu!ered irrigation regime, short-term weather

has no bearing on the harvest; pumping compensates. If that relationship begins

to reappear in a previously bu!ered system, the bu!er is thinning. We opera-

tionalise this intuition as the rolling-window slope of the absolute climate–yield

correlation, show that it is detectable in publicly available data, and demon-

strate that it identifies the three governorates whose aquifer condition is most

degraded.
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1.2. Limits of satellite-based yield forecasting in irrigated systems

Satellite-based yield forecasting has matured into a standard tool of regional

agricultural intelligence (Wang et al., 2023; Rashid et al., 2021; Kross et al.,

2020; Brinkho! and Robson, 2021; Sabo et al., 2025). The framework is familiar:

vegetation indices, land-surface temperature and reanalysis climate products

are ingested as covariates, machine-learning regressors are trained on historical

yield records, and the resulting model forecasts the next growing season. Two

assumptions are embedded in this design. The first is that year-to-year variation

in crop outcomes is primarily driven by year-to-year variation in weather. The

second is that the e!ects of that variation are visible in the remotely sensed

canopy. In rainfed cereal systems, both assumptions hold and the framework

succeeds.

Neither holds in an irrigated desert oasis. The first assumption fails because

the design purpose of irrigation is to sever the link between weather and harvest;

a system that forecasts well by climate is, by definition, a system where irrigation

is no longer absorbing the climate signal. Irrigation scientists have long noted,

qualitatively, that forecasting models underperform in irrigated settings (Guil-

lossou, 2025; Rigden et al., 2020; Jiang et al., 2020); Tiedeman et al. (2022) and

Farhat et al. (2023) document the “negative result” empirically for irrigated

wheat and cloudy landscapes. The second assumption fails because Phoenix

dactylifera is deep-rooted and perennial: its canopy greenness, measured by the

Normalized Di!erence Vegetation Index (NDVI), is bu!ered against short-term

water stress by access to deep soil moisture and by the tree’s own water-storage

capacity. Alternate bearing (Alikhani-Koupaei et al., 2020) adds a biennial

oscillation that scrambles interannual correlations further.

These constraints imply that a forecasting framework trained on oasis data

should fail, and that its failure is physically informative rather than a modelling

artefact. The failure measures, in e!ect, how successfully the irrigation system

has suppressed the climate signal. We therefore begin our analysis by testing this

prediction: can a state-of-the-art multi-model framework, trained with strict

leave-one-year-out cross-validation (Meyer et al., 2019; Brinkho! and Robson,
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2021), beat a naive per-governorate trend? If the answer is no, the forecasting

framework has measured the irrigation bu!er as a statistical residual. If the

answer is eventually yes — if the climate signal begins to reappear in the yield

record — the bu!er is failing.

1.3. Objectives and contributions

The paper has three objectives. First, we test empirically whether satellite-

based yield-anomaly forecasting works in irrigated date-palm oases. Second, we

quantify the groundwater depletion that has financed the observed production

growth, using GRACE and GRACE-FO terrestrial water storage as a regional

signal disaggregated to governorate level by CRDA extraction-share weights.

Third, we introduce and validate a temporal decoupling index that detects when

the irrigation bu!er begins to thin, and we test whether its signal survives area

normalisation on yield per hectare — a condition without which the result could

be an artefact of expanding plantation area.

Our contributions are:

1. An empirical test of the standard satellite-plus-machine-learning yield-

forecasting approach on irrigated desert perennials, at multi-governorate

scale and over two decades, under strict leave-one-year-out cross-

validation. We demonstrate that the approach fails against a naive trend

baseline, and we interpret the failure as a quantitative measurement of

the irrigation bu!er rather than a modelling deficiency.

2. A reconciliation between the regional GRACE terrestrial water storage

signal — disaggregated to governorate level via CRDA extraction-share

weights — and ground-based aquifer accounting, establishing that the

magnitude and acceleration of the measured storage loss are quantita-

tively consistent with the pumping regime recorded in CRDA bulletins

and independent audits (Famiglietti, 2014; Landerer et al., 2020; World

Bank Group and Ministry of Agriculture, Tunisia, 2024).

3. A temporal decoupling index — the rolling-window slope of the absolute

correlation between vapour pressure deficit and yield-per-hectare anomaly
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— that operationalises climate–yield decoupling as a dynamic rather than

a binary property (Guillossou, 2025; Rigden et al., 2020; Jiang et al.,

2020). We demonstrate that the index detects rising coupling in two gov-

ernorates robustly (Kébili, Tozeur) and a third tentatively (Gafsa) un-

der heteroskedasticity- and autocorrelation-consistent inference, that the

Kébili and Tozeur signals survive area normalisation, and that they are

robust across break-year, detrending-method, and placebo-feature sensi-

tivity analyses.

4. An integrated monitoring framework that combines GRACE and the de-

coupling index, applicable to any aquifer-dependent irrigated system with

a sub-national yield record.

The narrative the paper tells is three-act: satellite-based yield-anomaly fore-

casting fails, the aquifer depletes, and the bu!er that absorbs the climate signal

is beginning to thin.

2. Study area and data

2.1. Study region

The study covers the four southern Tunisian governorates that together pro-

duce essentially the entire national date crop (Figure 1). Tozeur and Kébili flank

the Chott el Jerid salt depression and host the historical continental oases, ir-

rigated primarily from the deep aquifers of the SASS. Gafsa sits to the north

at the transition to the phosphate-mining belt, with mixed shallow and deep

aquifer use. Gabès is the coastal governorate on the Gulf of Gabès, with mixed

saline-shallow and freshwater-deep systems (Kharroubi et al., 2014).

The four governorates span a clear institutional and hydrological gradi-

ent. Tozeur is the oldest and most regulated system. Its Groupements de

Développement Agricole (GDA) framework manages withdrawals within estab-

lished perimeters, its deep-aquifer exploitation sits at 68–71 % of renewable re-

sources, and its oasis area has expanded modestly. Kébili represents the opposite

institutional regime. The post-1980 nouvelles créations scheme capitalised the
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deep aquifer, permitting broke down under the pressure of private investment

(Mekki et al., 2022), and private-well counts have risen sharply: from approx-

imately 3,700 in 2008 to more than 10,600 in 2023 (CRDA anchor points).

Deep-aquifer exploitation in Kébili has reached 229 %. Gafsa and Gabès exceed

100 % on their shallow aquifers (163 % and 115 % respectively).

The governorates also di!er in climate exposure. Across the four, mean

annual precipitation (ERA5-Land, 2002–2024) rises from approximately 85 mm

in Kébili and 95 mm in Tozeur to 140 mm in Gafsa and 200 mm in Gabès.

Fruit-development-window VPD has risen between the 2002–2006 and 2020–

2024 means by 12–15 % across all four, consistent with the continental-scale

atmospheric drying documented by Grossiord et al. (2020).

Comparing 2020–2024 means with 2002–2006 means, study-area total pro-

duction rose from approximately 122,000 t to approximately 361,000 t (roughly

3↑), dominated by Kébili (62,000 to 255,000 t, a factor of 4.10). Tozeur, Gafsa,

and Gabès grew more modestly (1.3–2.4↑). In Kébili, the production factor de-

composes approximately into a 1.87↑ area expansion and a 2.19↑ per-hectare

yield increase, the latter enabled by the expanded pumping capacity.

2.2. Datasets

The analysis combines satellite earth observation, atmospheric reanalysis,

ground-based aquifer accounting, and agronomic production records. The satel-

lite component provides vegetation state, land-surface temperature, precipita-

tion and terrestrial water storage; the reanalysis component provides the at-

mospheric variables (temperature, dewpoint, wind, radiation) needed to derive

VPD and reference evapotranspiration; the ground component provides produc-

tion tonnages and aquifer bulletins. Table 1 summarises the main sources. Full

product version identifiers are listed in the Supplementary Material.

Two satellite products were excluded from the main analysis for insu"cient

coverage in the study area. MODIS evapotranspiration (MOD16A2) returned

valid pixels on only a small fraction of monthly records in this hyper-arid land-

scape, consistent with the algorithmic underestimation reported by Aguilar
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Figure 1: Study area in southern Tunisia. The four date-palm-producing governorates in-

cluded in the analysis are shaded beige; red circles indicate 2024 date production, with circle

area proportional to production (ONAGRI). Percentages in governorate labels are aquifer ex-

ploitation rates relative to renewable resources from CRDA bulletins and national audits —

these refer to the deep aquifer in Kébili and Tozeur and to the shallow aquifer in Gafsa and

Gabès. The Chott el Jerid salt depression is shown for geographic reference; the inset locates

Tunisia within northern Africa. Administrative boundaries from FAO GAUL.
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Table 1: Principal data sources. Product version strings and access identifiers are listed in

the Supplementary Material.

Product Resolution Period Variables used

MODIS NDVI 1 km 2002–2024

(16-day)

Canopy vegetation in-

dex

MODIS land surface

temperature

1 km 2002–2024 (8-day) Day/night LST

ERA5-Land reanalysis 9 km 2002–2024

(monthly)

Temperature, dew-

point, radiation, wind

CHIRPS precipitation 5 km 2002–2024 (daily) Precipitation totals,

rain days

GRACE / GRACE-FO

mascon

→3↑ 2002–2024

(monthly)

Terrestrial water stor-

age anomaly

SRTM, SoilGrids 30–250 m static Elevation, soil texture

ONAGRI production

records

governorate 2002–2024

(annual)

Date-palm tonnages

CRDA aquifer bulletins gov. ↑

aquifer

2020–2024 Extraction rates, well

counts

Persistent-NDVI oasis

area

governorate 2002–2024

(annual)

Palm footprint
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et al. (2018) and Mu et al. (2011); we substitute a Hargreaves-style reference-

evapotranspiration proxy derived from temperature and extraterrestrial radia-

tion (Supplementary Text S2). Sentinel-2 surface reflectance was excluded from

the annual modelling set because its coverage begins only in 2015, leaving too

short a record for two-period and rolling-window analyses across 2002–2024; it

is retained in a monthly companion dataset for intra-season applications.

GRACE / GRACE-FO terrestrial water storage is provided by NASA’s

Physical Oceanography Distributed Active Archive Center (PO.DAAC) as a

monthly mascon anomaly in centimetres of liquid-water equivalent, referenced

to the 2004–2009 baseline. The 2017–2018 mission transition between GRACE

and GRACE-FO produced an 11-month data gap (June 2017–May 2018), which

we bridge by linear interpolation consistent with the continuity practice of Lan-

derer et al. (2020). All satellite and ground-truth data were accessed between

January and March 2026.

2.3. Oasis area and yield per hectare

Converting tonnages to yields per hectare requires a time-resolved estimate

of palm area in each governorate. We use two complementary methods. For

the continental-oasis zones of Tozeur and Kébili, the dense-vegetation footprint

at Chott margins is e!ectively pure palm, and we estimate annual area from a

persistent-NDVI threshold applied across 2002–2024. For Gabès and Gafsa, the

NDVI-persistent footprint includes substantial non-palm irrigated vegetation

(olive, horticulture, coastal greenhouse production); here a supervised Random

Forest classifier trained on Sentinel-2 reflectance and photo-interpreted training

polygons provides a 2024 palm-fraction correction of 0.096 (Gabès) and 0.040

(Gafsa). Yield per hectare is then the ratio of production to the product of

oasis area and palm fraction. The resulting governorate means of 5.7–5.8 t ha↑1

match the agronomic reference range for the Deglet-Nour cultivar (Tiba et al.,

2025; Belloumi and Matoussi, 2006) and validate the normalisation. Classifi-

cation accuracy and methodological details for the palm-fraction correction are

reported in Supplementary Text S4, and a CRDA cross-check of the persistent-
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NDVI area product is reported in Supplementary Table S5.

The 2024 palm-fraction correction for Gabès and Gafsa is a snapshot; pro-

jecting it backwards across 22 years assumes the non-palm fraction of the oasis

footprint has been stable, which is unverifiable. For this reason, the yield-per-

hectare analysis reported below is restricted to Tozeur and Kébili, where the

palm fraction is e!ectively 1.0 by construction and the normalisation is unam-

biguous. Gabès and Gafsa are retained for the production-anomaly analysis

only.

3. Methods

3.1. Yield anomaly definition and forecasting test

Raw production is dominated by the cross-governorate scale contrast (Kébili

is roughly an order of magnitude larger than Gafsa), so any model fitted on

tonnes achieves a high R2 by learning the governorate identifier rather than

interannual variation (Wang et al., 2023). We therefore target the production

anomaly, defined as the percent deviation from a per-governorate trend:

ag,t = 100 · Yg,t → Ỹg,t

Ỹg,t
(1)

where Ỹg,t is the fitted value from an ordinary-least-squares linear regression of

Yg,t on year t over 2002–2024. Linear detrending is parameter-free and avoids

the centred-window future-information problem; alternative definitions (rolling-

window, first-di!erencing) are reported as sensitivity analyses in Supplementary

Table S2. The same definition is applied to yield per hectare.

We fit three model families under leave-one-year-out cross-validation on

2002–2020, with a held-out test on 2021–2024. Ridge regression provides a

regularised linear baseline. A Random Forest captures non-linear feature inter-

actions. An XGBoost gradient-boosted tree ensemble provides a state-of-the-art

tabular learner. All three families are run in a full covariate configuration (an-

nual features engineered from the monthly products, pairwise-|r|>0.95 filtered;

the underlying correlation heatmap appears in Figure S2) and an agronomically
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motivated sparse configuration (12 predictors). Hyperparameter specifications

are in Supplementary Table S1; full feature-engineering details are in Supple-

mentary Text S3. Leave-one-year-out cross-validation is used because random

k-fold splits leak within-year information across folds on spatiotemporally au-

tocorrelated panels (Meyer et al., 2019; Brinkho! and Robson, 2021).

Two baselines frame the comparison. The naive baseline predicts zero

anomaly in every year and has R2 = 0 by construction; it is the reference

against which all learned models are compared on the anomaly scale. The

persistence baseline predicts this year’s anomaly from last year’s, a standard

competitor in short-record forecasting. Because Phoenix dactylifera exhibits

alternate bearing (Alikhani-Koupaei et al., 2020), the within-governorate

lag-1 anomaly correlation is strongly negative (approximately →0.53), and the

persistence baseline is expected to underperform the naive baseline.

3.2. GRACE terrestrial water storage

At the JPL Mascon native resolution of approximately 3↓, GRACE inte-

grates across the study region as a single regional signal; the four-governorate

footprint sits within one to two mascons. We disaggregate the pooled regional

signal to governorate level by weighting each governorate’s contribution by its

share of CRDA-documented extraction volumes (Kébili 56.2 %, Tozeur 21.3 %,

Gabès 16.9 %, Gafsa 5.6 %; 2020–2024 means), so that the integrated signal

reflects the balance of pumping across the study area rather than a purely spa-

tial average. The 11-month GRACE/GRACE-FO mission-transition gap (June

2017–May 2018) is filled by linear interpolation. Annual values are calendar-year

means of the monthly series.

The break year used for the piecewise regression is identified empirically

by a sup-Wald (Bai–Perron-type) scan of the annual TWS means, refit at every

candidate break in 2005–2020 under both independent-segment and continuous-

piecewise specifications. The data-driven break is reported below alongside its

95 % confidence interval; sensitivity to break-year choice in the ±2-year neigh-

bourhood is also reported.
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3.3. Temporal decoupling index

The decoupling index operationalises the intuition that a thinning irrigation

bu!er restores a correlation between climate and yield that had previously been

suppressed. For each (governorate, climate variable, yield target) triple, we

compute the Pearson correlation r within a centred 10-year rolling window, track

its absolute value |r| across window centres, and fit a linear trend in year. The

slope ω of |r| on year is the decoupling index: positive values indicate re-coupling

(the bu!er is thinning) and negative values indicate deepening decoupling. A

two-period contrast !|r| = |rlate| → |rearly| (early = 2002–2012, late = 2013–

2024) provides a descriptive complement that is easier to visualise than the

rolling trend.

The focal climate variable is vapour pressure deficit (VPD) during the fruit-

development window (May–August), derived from ERA5-Land 2 m temperature

and dewpoint via the Tetens formulation. VPD is the appropriate focal variable

on physiological grounds: it is the atmospheric water-demand scalar that drives

stomatal closure in perennial crops (Grossiord et al., 2020; Hao et al., 2025;

Rigden et al., 2020), and the thinning-bu!er hypothesis specifically predicts

a VPD-sensitivity recovery as subsurface water retreats. The choice of VPD

was informed by an exploratory scan of four candidate climate variables (VPD,

precipitation, growing degree days, NDVI), and the resulting exploratory-testing

context is carried through with appropriate multiple-testing caution.

Because adjacent rolling windows share 9 of 10 underlying years, the resid-

uals of the |r|-on-year regression are positively autocorrelated. We therefore

report the slope with Newey–West heteroskedasticity- and autocorrelation-

consistent (HAC) standard errors using a Bartlett kernel at lag w → 1 = 9, the

natural bandwidth. Robustness is assessed through break-year, detrending-

method, and placebo-feature sensitivity analyses; full details including

bootstrap methodology are in Supplementary Text S1 and Tables S2–S4.
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3.4. Area normalisation test

A decoupling signal observed on raw production could, in principle, be a

spatial-composition artefact: new plantations established in climatically ex-

posed sites (e.g., at the margins of an expanding oasis) would inflate the climate–

yield correlation even if the underlying physiological bu!er were unchanged.

Dividing production by palm area addresses this directly: the yield-per-hectare

series is, by construction, una!ected by area expansion. If the decoupling signal

survives this normalisation — in the two governorates where the palm fraction

is unambiguous — it is less likely to be explained solely by area expansion and is

consistent with a real hydro-climatic coupling shift. Yield-per-hectare analysis

is restricted to Tozeur and Kébili for the reasons set out in Section 2.3.

4. Results

4.1. Satellite-based yield forecasting fails in irrigated oases

Table 2 reports the model comparison on held-out 2021–2024 data. On the

anomaly target — the interannual variation the model is actually attempting

to explain — all three learned models return negative R2. Ridge, with the

full covariate set, returns →0.10; Random Forest on the sparse configuration

returns →0.29; XGBoost returns →0.41. The naive zero-anomaly baseline, by

construction, returns R2 = 0 and therefore outperforms every learned alter-

native. Predicted-versus-actual scatter is shown in Figure 2: on the anomaly

scale (panel b), predictions collapse toward the baseline rather than tracking

the realised year-to-year deviations.

The persistence baseline performs notably worse than the naive baseline:

on the held-out test, R2 = →3.52, with a mean absolute error roughly twice

that of the learned models. This is not a defect of persistence as such; within-

governorate lag-1 anomaly correlation is approximately →0.53 because on-years

and o!-years alternate. Last year’s anomaly is therefore not merely uninforma-

tive about this year’s but actively misleading. A simple ordinary-least-squares
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Table 2: Comparison of learned models and baselines on the held-out 2021–2024 test. Tonnes-

scale R2 exceeds 0.99 for every row and is scale-dominated (see text); it is omitted. pp =

percentage points; MAPE = mean absolute percentage error (tonnes scale).

Model Split MAE (pp) RMSE (pp) R2 (anom.) MAPE (%)

Naive zero-anomaly baseline Test ω ω 0.000 ↓ 4.2

Persistence (lag-1 anomaly) Test 8.39 10.52 ↔3.523 8.42

Simple OLS (yield-anom → VPD) Test 4.29 5.03 ↔0.032 —

Ridge Test 4.47 5.19 ↔0.102 4.45

Random Forest Test 4.86 5.63 ↔0.294 4.83

XGBoost Test 5.34 5.86 ↔0.407 5.29

Figure 2: Predicted versus actual for Ridge, Random Forest and XGBoost on the 2021–2024

held-out test. (a) Tonnes scale: predictions cluster near the 1:1 line and yield R2 > 0.99,

but this is governed by the cross-governorate level contrast and not by anomaly skill. (b)

Anomaly scale: predictions collapse toward the zero-anomaly reference (red line), yielding

negative out-of-sample R2.
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regression of yield anomaly on fruit-development VPD alone — the smallest pos-

sible climate-yield model — also fails on the same held-out test (R2 = →0.03),

confirming that the negative result is not an artefact of model complexity or

feature curation. We emphasise that this result applies to satellite and climate

covariates only. We did not test pure autoregressive models that exploit pro-

duction history (§5.1); such models might recover short-term predictability from

the alternate-bearing signal, but that would confirm rather than contradict the

decoupling hypothesis presented in this paper.

The tonnes-scale R2 values exceeding 0.99 that the learned models return

(not shown in Table 2 but included in the caption) are scale-driven: any model

that predicts the per-governorate mean recovers most of the tonnes variance,

because the four governorates di!er by roughly an order of magnitude. Tonnes-

scale performance, in this setting, is not a meaningful measure of forecasting

skill. SHAP feature attributions for the XGBoost model show no stable feature

ranking across leave-one-year-out folds (Figure S1), consistent with the absence

of a learnable anomaly signal in the satellite/climate covariates.

4.2. GRACE reveals accelerating groundwater depletion

The study-area-mean GRACE terrestrial water storage anomaly falls mono-

tonically from +0.32 cm (2002–2005 mean) to →16.26 cm (2020–2024 mean), a

net loss of 16.6 cm of liquid-water equivalent over 22 years (Figure 3). The

deepest single-year value is →18.04 cm in 2024.

The depletion rate is not constant. A sup-Wald scan over candidate break

years identifies a structural break at 2007 (95 % confidence interval 2006–2008)

at which the regression’s residual sum of squares is minimised. A piecewise lin-

ear fit with the break at 2007 returns a near-zero slope of +0.14 cm yr↑1 (2002–

2007, R2 = 0.14, p = 0.47) followed by →1.12 cm yr↑1 (2007–2024, R2 = 0.99,

p < 10↑15): the storage record is approximately stable through the mid-2000s

and then declines monotonically at a rate of more than one centimetre per

year for the remainder of the record. Anchoring the break instead at 2012

(an earlier visual choice) returns a still-significant rate change from →0.43 to
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Figure 3: GRACE and GRACE-FO terrestrial water storage anomaly over the four-

governorate footprint, 2002–2024. Monthly values (light), 12-month rolling mean (heavy),

and piecewise linear trends with break year identified by the sup-Wald scan (2007; 95 % CI

2006–2008). The GRACE/GRACE-FO mission-transition gap is shaded.

→1.19 cm yr↑1, with weaker pre-break fit (R2 = 0.67); we report this for conti-

nuity with previous SASS-region work. The single-period 2002–2024 fit explains

95 % of the interannual variance, confirming that the dominant signal is a secu-

lar decline rather than year-to-year noise. A first-order water-balance estimate

— given a four-governorate footprint of approximately 42,000 km2, mean annual

precipitation of 120 mm, and arid-zone recharge fractions of 1–10 % — places

the maximum climatic contribution to the observed loss at roughly 5 cm. The

remaining 12 cm or more is anthropogenic, an attribution consistent with the

satellite groundwater-depletion analyses of Rodell et al. (2009) for India and

Famiglietti (2014) for the broader semi-arid belt.

Ground evidence corroborates this picture. Deep-aquifer exploitation in

Kébili has reached 229 % of renewable resources in the most recent bulletin.

Tozeur’s deep aquifer sits at 68–71 % and is rising year on year; Gafsa’s shallow

aquifer is at 163 %; Gabès’ shallow aquifer is at 115 %. CRDA-registered pri-

vate wells in Kébili rose from approximately 3,700 in 2008 to more than 10,600

in 2023 (World Bank Group and Ministry of Agriculture, Tunisia, 2024; Na-
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tional Court of Audit of Tunisia, 2019; ONAGRI, 2023). The national-scale

headline exploitation rate of 126–129 % reported by the Tunisian Court of Au-

dit is an arithmetic mean over a landscape in which Kébili alone is at 229 %.

Per-governorate scatter of TWS against yield-anomaly is shown in Figure S5.

4.3. VPD–yield coupling rises robustly in Kébili and Tozeur, tentatively in Gafsa

Under linear detrending with the break at 2012, the two-period !|r| between

fruit-development-window VPD and the production anomaly is →0.20 (Tozeur),

+0.63 (Kébili), +0.48 (Gafsa), and +0.49 (Gabès, with opposite r sign but equal

absolute shift). On the area-normalised yield-per-hectare anomaly in the two

governorates where the normalisation is unambiguous, the values are +0.604

(Tozeur, r from →0.04 to +0.64) and +0.444 (Kébili, r from →0.04 to +0.48).

Figure 4 presents the scatter for Tozeur and Kébili on both targets.

The rolling 10-year absolute correlation (Figure 5) shows a consistent rise in

three of the four governorates: Tozeur at +0.046 yr↑1, Kébili at +0.031 yr↑1,

and Gafsa at +0.045 yr↑1. Under HAC-corrected inference, all three slopes

show a consistent positive trend (p < 0.05, with Kébili and Gafsa at p < 0.001;

e!ective df ↓ 12, and interpretation should account for the strong temporal de-

pendence among overlapping windows). Gabès is not significant (+0.011 yr↑1,

p = 0.30). Kébili’s absolute correlation rises from near zero in the earliest win-

dows to above 0.5 in recent windows. We treat the Kébili and Tozeur slopes

as robust because they survive every sensitivity test, including quadratic de-

trending of yield (next paragraph; Supplementary Table S2). Gafsa’s slope is

significant but its two-period contrast collapses under quadratic detrending, so

the Gafsa result is reported tentatively pending replication on a longer record.

The finding is robust to break-year choice (positive !|r| at all tested breaks

from 2010 to 2015), to three of four detrending methods (the exception be-

ing a trailing-only rolling window, which su!ers from initialisation noise in the

first few years of the series), and to a seven-feature placebo panel in which

VPD’s !|r| exceeds all climatically neutral alternatives. The signal also sur-

vives quadratic detrending of the yield series (Kébili !|r| = +0.413, Tozeur
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Figure 4: Two-period VPD coupling for Tozeur and Kébili under linear detrending. Scatter

of production anomaly (left column) or yield-per-hectare anomaly (right column) against

fruit-development-window VPD, split at 2012. 2002–2012 (open circles) and 2013–2024 (filled

squares) with per-period regression lines; !|r| annotations show the coupling shift.
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Figure 5: Rolling 10-year absolute correlation between fruit-development-window VPD and

yield-per-hectare anomaly by governorate. Three of four governorates (Tozeur, Kébili, Gafsa)

show a positive trend under HAC-corrected inference; Gabès is essentially flat. The Kébili

and Tozeur trends survive quadratic detrending of yield; Gafsa’s two-period contrast does not

(Table S2), so the Gafsa rolling slope is reported tentatively.

+0.425, Supplementary Table S2), ruling out the possibility that residual non-

linear co-trends between VPD and yield drive the result; Gafsa’s two-period

!|r| collapses under quadratic detrending of yield, although its rolling-window

slope remains significant. The HAC-corrected rolling slope for Kébili (14 win-

dow centres, e!ective df ↓ 12 after Newey–West correction with Bartlett kernel

at lag 9) shows p < 0.001. The two-period bootstrap confidence interval around

the Kébili point estimate is wide, reflecting the roughly twelve observations per

period, but the rolling-window trend is the primary inferential test. Full robust-

ness details are in Supplementary Tables S2–S4. The pooled four-governorate

rolling correlation is shown in Figure S3, and the per-governorate rolling |r|

time-series view that complements the rolling slopes in Figure 5 is in Figure S4.

Area normalisation strengthens rather than weakens the finding. For Ké-

bili, !|r| rises from approximately +0.29 on production to +0.444 on yield per

hectare. For Tozeur, a re-coupling signal that is absent at the tonnes level

(!|r| = →0.20) emerges strongly at the yield-per-hectare level (!|r| = +0.604),
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a signal hidden by Tozeur’s institutionally smoothed production trajectory. The

surviving and strengthened signals indicate that the coupling shift is not ade-

quately explained by spatial composition due to expanding plantation area.

Figure 6 assembles the Kébili evidence: production and yield trajectory, well

proliferation, GRACE depletion, and the two-period VPD–yield/ha scatter con-

verge on a single process in which the irrigation bu!er is thinning while aggregate

production continues to rise.

Figure 6: Kébili water–climate–production nexus. (a) Production and yield-per-hectare tra-

jectory. (b) CRDA-registered private-well count. (c) GRACE terrestrial water storage with

linear trend. (d) Two-period scatter of linear-detrended yield-per-hectare anomaly against

fruit-development-window VPD; 2002–2012 (open circles) and 2013–2024 (filled squares).

Table 3 consolidates the headline numerical evidence across the three find-

ings.

21



Table 3: Study-level evidence summary. Gafsa is reported tentatively because its two-period

!|r| contrast does not survive quadratic detrending of the yield series (Supplementary Ta-

ble S2).

Indicator Value Governorate

GRACE TWS change (2002–05 ↗

2020–24)

↔16.6 cm l.w.e. pooled

TWS rate 2002–2007 (data-driven break) +0.14 cm yr↓1 (n.s.) pooled

TWS rate 2007–2024 ↔1.12 cm yr↓1 (p < 0.001) pooled

Best learned model R2 (anomaly, test) ↔0.10 (Ridge) pooled

Naive baseline R2 (anomaly) 0.00 (reference) pooled

Deep-aquifer exploitation 229 % (2022–23) Kébili

Private wells, 2008 ↗ 2023 3,733 ↗ 10,632 (+185 %) Kébili

!|r| VPD–yield/ha (two-period, linear) +0.444 Kébili

!|r| VPD–yield/ha (two-period, linear) +0.604 Tozeur

Rolling |r| slope (10-yr, HAC) +0.031 yr↓1, p < 0.001 Kébili

Rolling |r| slope (10-yr, HAC) +0.046 yr↓1, p = 0.011 Tozeur

Rolling |r| slope (10-yr, HAC) +0.045 yr↓1, p < 0.001 Gafsa

4.4. Interpretation of the positive coupling sign

The late-period correlation between VPD and yield per hectare in Kébili

is positive (r = +0.48), not negative, and this sign merits explicit comment

before the Discussion to avoid misreading. Agronomic intuition from rainfed

crops treats high VPD as a stressor that closes stomata and reduces carbon

assimilation (Grossiord et al., 2020; Lobell et al., 2014). But Deglet-Nour is a

heat-demanding cultivar whose fruit quality and sugar accumulation depend on

sustained high temperatures during the late-ripening (Tamar) stage from July

to October (Faci and Benziouche, 2021), with applied-water requirements that

a well-functioning deep-aquifer irrigation system is designed to satisfy (Tiba

et al., 2025). High-VPD years in southern Tunisia are simultaneously high-

temperature, high-radiation years that drive thermal accumulation beneficial

to yield. In a fully bu!ered regime, the water-demand cost of high VPD is

absorbed by pumping while the thermal-benefit component is fully captured:

the observed correlation is zero or weakly positive. As the bu!er thins, the
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water-demand cost begins to o!set the thermal benefit. That the late-period r

remains positive rather than negative indicates Kébili has not yet crossed the

point where water limitation dominates thermal benefit; it is in a transition

zone where VPD has started to matter but has not yet become net-harmful. A

future sign flip from positive to negative would mark that threshold crossing.

To distinguish water-demand sensitivity from thermal-accumulation sensi-

tivity, we computed partial correlations between VPD and yield-per-hectare

anomaly in the late period (2013–2024) controlling for confounding thermal

variables. After removing the variance explained by mean fruit-development-

window air temperature, Kébili’s VPD–yield partial correlation rises to rpartial =

+0.69 (p = 0.014); after removing both annual GDD18 and mean temperature

jointly, rpartial = +0.68 (p = 0.015). For comparison, the early-period (2002–

2012) partial correlations under the same controls are →0.10 and +0.10 respec-

tively, both indistinguishable from zero. The strengthening of the VPD–yield

association after thermal-variable control — not its attenuation — supports the

interpretation that VPD is carrying water-demand information beyond what

temperature alone explains. For Tozeur the partial correlations attenuate more

(joint-control rpartial = +0.39, p = 0.21), consistent with a weaker but still

positive water-demand signal in the more institutionally regulated governorate.

These partial correlations are based on approximately 12 late-period observa-

tions and should be interpreted as supporting diagnostics consistent with the

water-demand hypothesis, not as confirmatory evidence.

5. Discussion

5.1. Why satellite-based forecasting fails: information asymmetry

The failure of a standard satellite-and-machine-learning approach to outper-

form a naive trend baseline is consistent with a systemic property of the oasis

rather than simply an algorithmic deficiency. A model that forecasts well by

climate forecasts well because the climate signal is propagating into production;

a system where the climate signal is absorbed by irrigation, by construction,
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does not produce a forecastable anomaly. The forecasting failure is therefore a

quantitative measurement of the irrigation bu!er, read as a statistical residual.

This generalises the negative results reported for irrigated wheat by Tiedeman

et al. (2022) and for cloudy landscapes by Farhat et al. (2023) to irrigated desert

perennials at multi-governorate, multi-decade scale, under the leave-one-year-

out cross-validation that Meyer et al. (2019) and Brinkho! and Robson (2021)

argue is mandatory for agricultural machine learning.

The persistence baseline failure adds an agronomic dimension. Alternate

bearing makes lag-1 anomalies actively misleading: an on-year predicts an o!-

year of opposite sign, so the naive baseline of zero anomaly outperforms the

standard persistence competitor. In combination with the learned-model failure,

this indicates that the state variables that would actually predict next year’s

deviation — pumping volumes, water-table depth, carbohydrate reserve carried

over from the previous bearing cycle — are not in the covariates available to

a satellite-based forecaster. What the satellite sees is the atmospheric forcing;

what irrigated production reflects is the subsurface response. The two records

are orthogonal by engineering design.

The practical implication is that satellite products in oasis agriculture should

not be evaluated on tonnes-scale predictive R2, a metric that trend-fitting re-

covers by construction. They should be evaluated on how well they track the

condition of the bu!er that makes the tonnes-scale signal smooth. The remain-

ing of the Discussion argues that a joint groundwater-and-coupling framework

provides exactly this tracking capacity. A within-season earth-observation prod-

uct targeted at per-orchard canopy state from Sentinel-2 remains plausible as a

complementary tool for intra-season management; it answers a di!erent ques-

tion on di!erent data and is not invalidated by the interannual forecasting result

reported here (Claverie et al., 2018).

5.2. Decoupling as dynamic bu!er monitoring

The main scientific contribution is the finding that climate–yield decoupling

is not a binary property of an irrigation regime but a continuous dynamic that
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tracks the underlying water resource. The existing literature has established that

intensive irrigation decouples yields from climate variability (Guillossou, 2025;

Rigden et al., 2020; Jiang et al., 2020); it has not asked when that decoupling

begins to weaken. Our temporal decoupling index answers exactly this question

on two-decade annual data that is now routinely available for most sub-national

agricultural units globally. The computational machinery — rolling absolute

correlation followed by a linear trend in the window centre — is standard; the

contribution is the interpretive framework that connects the trend direction to

irrigation-bu!er degradation, and the operational application of that framework

to fossil-aquifer-dependent agriculture. The index is dimensionless, requires only

two time series, and is sign-aware: a positive slope indicates re-coupling as the

bu!er thins, a negative slope deepening decoupling as irrigation extends its

reach.

The most likely physical pathway linking aquifer decline to VPD sensitivity is

declining well yield. As the water table drops — from near-surface artesian con-

ditions in the early oasis era to depths exceeding 200 m in modern Continental

Intercalaire boreholes (Mamou et al., 2006; Kinzelbach et al., 2021) — the hy-

draulic head available to drive irrigation flow decreases. Private wells with fixed-

depth pumps lose capacity first; during peak-demand periods (July–August,

when fruit-development VPD is at its annual maximum), marginal wells can

no longer deliver the irrigation volume needed to match atmospheric demand.

This produces a delivery constraint that is invisible in average years but binding

in extreme-VPD years — exactly the pattern the re-coupling signal captures.

Secondary pathways include rising pumping costs (deeper wells require more

energy, which in some cases drives economically motivated under-irrigation)

and water-quality degradation (salinisation of over-pumped wells can cause par-

tial stomatal closure even when volumetric delivery is adequate (Ameur et al.,

2017)). Distinguishing these mechanisms requires piezometric and orchard-level

instrumentation that is beyond the scope of a satellite-and-statistics analysis.

The Kébili–Tozeur contrast sharpens the interpretation. Kébili exhibits

the institutional signature most likely to produce aquifer stress: extraction at
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229 % of renewable resources, +185 % well proliferation in fifteen years, an area

expansion financed entirely by private capital after the regulatory framework

lapsed. Its rolling-coupling slope (+0.031 yr↑1) shows a strong positive trend

under HAC-corrected inference. Tozeur, by contrast, has been managed within

formal institutional limits, its exploitation rate is comfortably below volumet-

ric capacity, and its area expansion has been modest. Yet Tozeur’s coupling

slope (+0.046 yr↑1) shows a comparable trend on yield per hectare and actually

slightly exceeds Kébili’s.

We frame the Tozeur finding as a hypothesis worth testing against longer

time series and in-situ observations rather than as a confirmed result. One

interpretation is that operational sustainability (the aquifer’s capacity to

meet peak irrigation demand during extreme atmospheric-water-demand

years) can degrade before volumetric sustainability (total extraction exceeding

total recharge). A system pumping at 70 % of renewable resources could

still fail to deliver adequate irrigation during a one-in-ten-year VPD spike if

the water table has fallen enough to constrain pump delivery rates. If this

interpretation holds up against piezometric data and longer records, the safe

operating margin for fossil-aquifer irrigation is substantially lower than the

commonly cited 100 % extraction-to-recharge ratio. The two-period bootstrap

confidence interval around Tozeur’s !|r| crosses zero on the available sample;

the rolling-window slope, which aggregates information across the full record,

is where the statistical support for the Tozeur finding sits.

A final point on the apparent tension between the coupling result and the

production trajectory. Kébili yields per hectare have more than doubled (from

3.7 to 8.2 t ha↑1, period means) over the study period, yet we claim the bu!er

is thinning. The two signals live at di!erent time scales. The level of yield

tracks cumulative investment — new wells, new pumps, maturing palms — and

is monotonically increasing. The interannual variability of yield, once the level

trend is removed, tracks the year-to-year balance between atmospheric demand

and the aquifer’s capacity to meet it. A system can capitalise its productive

mean while its interannual resilience erodes; indeed, the capitalisation is what
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has driven the water table down (Mamou et al., 2006; Ameur et al., 2017;

Kinzelbach et al., 2021).

5.3. Policy implications

The results translate into three concrete monitoring implications for Tunisian

water and agriculture agencies. First, the VPD–yield-per-hectare decoupling

index can be computed annually from publicly available data for each gov-

ernorate and integrated into CRDA’s existing aquifer-bulletin reporting as a

single-number coupling indicator. We propose an illustrative threshold of |r| >

0.5 sustained across three consecutive windows as a possible monitoring trigger;

this value requires validation against independent aquifer indicators (piezomet-

ric depth, pump-energy records, salinity) before operational adoption. Under

that illustrative threshold, Kébili has already crossed in recent windows. Sec-

ond, GRACE-based annual terrestrial water storage should be tracked alongside

CRDA’s extraction accounting. The satellite signal is governance-independent,

catches unreported extraction that CRDA bulletins under-count (World Bank

Group and Ministry of Agriculture, Tunisia, 2024), and provides an integral

check on permit compliance at the scale at which permits are actually issued.

Third, Kébili specifically requires a functioning well registry and metered ex-

traction at the scale of commercial pumps. The CRDA anchor counts di!er by

a factor whose midpoint is unknown because an unquantified fraction of private

wells is informal; completion of the registry is a precondition for any enforcement

regime.

These recommendations align with the policy frameworks of Chebil et al.

(2018) and Kinzelbach et al. (2021) for overexploited fossil aquifers, and with the

constitutional-rights and socio-hydrological analyses of Omar (2025) and Ameur

et al. (2017). Our contribution is evidentiary — the quantitative detection of

a coupling shift consistent with an aquifer threshold approach — rather than

prescriptive; the choice of regulatory instrument is a policy decision that sits

beyond the scope of an earth-observation analysis.
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5.4. Limitations

Twenty-three years of annual data is a small sample for the statistical tests

employed, and several limitations follow from that. The per-governorate rolling-

slope inference retains power through HAC correction on overlapping windows;

the two-period bootstrap confidence intervals, in contrast, are wide and cross

zero on sub-samples of eleven-versus-twelve observations. We have therefore

relied on the rolling-window trend as the primary inferential test and treated

the two-period statistic as a descriptive complement.

GRACE mascon resolution of approximately 3↓ cannot distinguish intra-

governorate aquifer structure, so the regional signal disaggregated by extraction-

share weights necessarily aggregates across sub-basins (for example, Nefzaoua

versus Chott-margin Kébili). The CRDA extraction-weighted averaging par-

tially compensates but does not fully resolve this; GRACE downscaling prod-

ucts (Hamou-Ali et al., 2025; Chen et al., 2021; Suryawanshi et al., 2025) o!er a

natural extension. The CRDA extraction weights themselves are derived from

the 2020–2024 bulletins (the earliest bulletins with complete coverage) and are

projected backwards under a proportional-stability assumption; time-varying

weights would be preferable if the historical bulletins can be digitised.

The palm-fraction correction for Gabès and Gafsa is a 2024 snapshot. We

have restricted the yield-per-hectare analysis to Tozeur and Kébili, where the

fraction is e!ectively 1.0 by construction, for precisely this reason. A time-

varying fraction estimate would permit extending the yield-per-hectare analysis

to the other two governorates.

The claim that VPD has become informative about Kébili yield anomalies is

not a claim that VPD causes those anomalies. The rising coupling is consistent

with a thinning subsurface bu!er, but could in principle reflect phenology shifts,

changes in varietal mix, or canopy-level stomatal adaptation. Disambiguation

requires eddy-covariance or sap-flow instrumentation on a sub-sample of Kébili

orchards. The ONAGRI production series is reported as a total across date

varieties rather than separately for Deglet-Nour and common varieties; shifts

in varietal composition could in principle contribute to the late-period yield-
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per-hectare signal, though the Deglet-Nour share is known to be dominant in

Tozeur and Kébili (Al-Omran et al., 2019; Belloumi and Matoussi, 2006).

The ONAGRI production series is the o"cial national record but carries

known limitations of governorate-level agricultural statistics in the MENA re-

gion. Inspection of the 92-row panel reveals four cases of identical consecutive

annual values (Gabès 2021–2022 and 2023–2024; Gafsa 2003–2004 and 2021–

2022), suggesting carried-forward estimates in years where fresh measurement

was unavailable, and a heavy rounding pattern in the Kébili series (83 % of

values are exact multiples of 1,000 t). These quality concerns do not invalidate

the decoupling analysis, which operates on detrended anomalies and is therefore

insensitive to trend-level reporting biases, but they may degrade the precision

of individual-year anomaly estimates and contribute to the wide bootstrap in-

tervals on the two-period contrast.

Across the full exploratory grid (4 governorates ↑ 4 climate features ↑ 2

targets = 32 cells) no individual cell reaches Benjamini–Hochberg-adjusted sig-

nificance at q < 0.05. The Kébili VPD–yield/ha result is supported not by an

FDR-adjusted p-value on the two-period contrast but by the convergence of the

HAC-corrected rolling-window trend (p < 0.001 at Kébili, Tozeur, and Gafsa),

the seven-feature placebo panel, and the physical triangulation with GRACE

depletion and well-proliferation evidence.

The GRACE mascon resolution (approximately 3↓) exceeds the study area

footprint, so the TWS signal integrates across all four governorates and partially

beyond. Governorate-level attribution depends on CRDA extraction weights

being proportionally stable across the 22-year record, which we cannot directly

verify before 2020 because earlier CRDA bulletins are incomplete. Governorate-

resolved depletion rates should therefore be read as the regional signal disaggre-

gated by extraction share, not as independent mascon-resolved measurements.

Finally, the trailing-window detrending method produces an early-period

noise floor that collapses !|r| near zero. Quadratic detrending of yield (Supple-

mentary Table S2) preserves the Kébili and Tozeur findings (!|r| = +0.41 and

+0.43) but reduces Gafsa’s two-period contrast to near zero, although Gafsa’s
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rolling-window slope remains significant. We flag both sensitivities for any

reader who would prefer a trailing-only window or a more aggressive nonlin-

ear detrending as primary.

The yield anomaly is defined using a linear trend fitted to the full 2002–

2024 record, including the 2021–2024 test period. This is appropriate for the

retrospective decoupling analysis but means the satellite-based forecasting com-

parison in §4.1 is not a strictly operational out-of-sample evaluation; it should

be read as a diagnostic demonstration of the irrigation bu!er’s e!ectiveness

rather than a forecast skill benchmark.

6. Conclusions

Across the four date-palm governorates of southern Tunisia in the 2002–2024

record, satellite/climate-based yield-anomaly forecasting fails to outperform a

naive trend baseline. The failure is consistent with a quantitative measurement

of a functioning irrigation bu!er rather than simply an algorithmic deficiency:

a system engineered to sever the link between weather and harvest cannot, by

its own design, produce a forecastable climate-driven anomaly from satellite

covariates alone. Autoregressive models exploiting the strong alternate-bearing

signal (lag-1 anomaly r ↓ →0.53) might recover short-term predictability from

production history alone, but this would confirm rather than contradict the

decoupling hypothesis: the best predictor of next year’s yield would be last

year’s yield, not any remotely sensed environmental variable.

GRACE and GRACE-FO terrestrial water storage document a 16.6 cm loss

of liquid-water equivalent over 22 years, with a structural-break test placing the

onset of monotonic depletion at 2007 (95 % CI 2006–2008) and a post-break rate

of →1.12 cm yr↑1. This loss is consistent with — and provides an independent

sensor-based check on — the pumping regime reported by CRDA aquifer ac-

counting and by successive national audits, and is of comparable magnitude to

satellite groundwater-depletion signatures documented elsewhere in the semi-

arid belt (Famiglietti, 2014; Rodell et al., 2009).
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A rolling-window temporal decoupling index applied to fruit-development-

window VPD and yield-per-hectare anomaly identifies Kébili and Tozeur as gov-

ernorates where climate–yield coupling is rising robustly across linear, quadratic,

and break-year sensitivity tests, with a third (Gafsa) showing the signature un-

der linear detrending only and reported tentatively pending replication on a

longer record. The signal survives area normalisation in the two governorates

where the palm fraction is unambiguous, and the Kébili and Tozeur findings are

robust to break-year choice and to the placebo-feature alternatives. Kébili’s tri-

angulation with groundwater depletion and well proliferation gives the coupling

signal an operational meaning: the irrigation bu!er is thinning in exactly the

governorate where institutional oversight has lapsed most completely.

Together, these three findings recast the role of satellite earth observation in

aquifer-dependent irrigated systems. The satellite/climate record alone cannot

forecast yields in an engineered oasis; what it can do is monitor the cost of

the engineering and detect when the underlying resource is no longer able to

sustain it. The temporal decoupling index, combined with GRACE terrestrial

water storage, provides that monitoring capacity on data that is now globally

available, and is directly applicable to analogous aquifer-dependent irrigation

systems from the Al-Hasa oasis complex and qanat-fed systems in Iran to the

Murray–Darling Basin.

Data availability

The compiled datasets and analysis code are available at https:

//github.com/tanitdata/DatePalm and archived at https://doi.org/

10.5281/zenodo.20172850. Satellite data were extracted through Google

Earth Engine; GRACE and GRACE-FO mascons are from NASA’s

Physical Oceanography Distributed Active Archive Center (PO.DAAC).

Ground-truth datasets from the Tunisian agricultural open data portal

(https://catalog.agridata.tn) were accessed via the TanitData MCP

server (Gasmi, 2026). All data were accessed between January and March
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S1. Data source identifiers and access

The satellite and reanalysis products used in the study are listed below

with full version identifiers. All products were accessed between January and

March 2026 through Google Earth Engine or NASA’s Physical Oceanography

Distributed Active Archive Center (PO.DAAC).

• MODIS MOD13A2 NDVI, Collection 6.1, 1 km, 16-day composite;

scaling factor 0.0001.

• MODIS MOD11A2 LST, Collection 6.1, 1 km, 8-day composite; Kelvin

↑0.02 → 273.15 to convert to degrees Celsius.

• MODIS MOD16A2 ET, Collection 6.1, 500 m (excluded: 18 % valid-

pixel coverage).

• ERA5-Land monthly aggregates, 9 km: 2 m temperature, 2 m dew-

point, total precipitation, surface net solar radiation, 10 m wind u and v

components.

• CHIRPS v2.0, 5 km, daily precipitation aggregated to monthly totals,

maximum daily precipitation, and rain-day counts.

• GRACE/GRACE-FO JPL Mascon RL06.3M v04 CRI (Coastline

Resolution Improvement filter), approximately 3↓ mascons, monthly.

• Sentinel-2 L2A, 10 m, 2015–2024 (excluded from annual analysis; re-

tained for intra-season work).

• SRTM v003, 30 m, static elevation.

• SoilGrids 2.0, 250 m, clay, sand, and soil organic carbon at 0–5 cm.

Ground-based datasets were obtained through the Tunisian agricultural

open data portal (https://catalog.agridata.tn), accessed via the TanitData

MCP server (Gasmi, 2026):
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• ONAGRI production records (ONAGRI 2023 annuaire), governorate-

level annual date-palm tonnage, 2002–2024.

• CRDA aquifer bulletins, 2020–2024, providing resources, extraction

volumes, exploitation rates, and well counts by governorate and aquifer

type.

• Three Kébili private-well anchor counts were verified against the Court

of Audit (National Court of Audit of Tunisia, 2019) and the World Bank

“Thirsty Tunisia” investigation (World Bank Group and Ministry of Agri-

culture, Tunisia, 2024): approximately 3,700 (2008), 7,900 (2017), and

10,600 (2023).

S2. Hargreaves reference evapotranspiration

Reference evapotranspiration (ET0) is computed with the temperature-

and-radiation-based Hargreaves formulation, which is well-calibrated for arid

Mediterranean conditions (Heydari and Heydari, 2014; Gao et al., 2017) and

does not require vapour-pressure or wind inputs:

ET0 = 0.0023 Ra (Tmax → Tmin)0.5 (Tmean + 17.8), (B.1)

with ET0 in mm day↑1, extraterrestrial solar radiation Ra in mm day↑1 equiva-

lent, and air temperatures in degrees Celsius. The Hargreaves approach is pre-

ferred here over the Penman–Monteith reference because the missing MODIS

MOD16A2 product would have provided the radiation and aerodynamic terms;

the temperature-only Hargreaves substitute is robust and independently cali-

brated for this region.

S3. Model hyperparameters

Table S1 reports the hyperparameter specifications for the three model fam-

ilies used in the forecasting test. All models were trained under leave-one-year-

out cross-validation on the 2002–2020 training window (19 governorate-years
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per fold ↑ 4 governorates = 76 training samples per fold) with a held-out 2021–

2024 test set. The 111-feature full configuration includes the annual aggregates

of all engineered variables (see Section S4); the 12-feature sparse configuration

retains the variables most closely tied to date-palm agronomy.

Table S1: Model hyperparameters.

Model Specification

Ridge (linear

regression with L2

regularisation)

Regularisation strength ω selected by inner cross-validation

over a log-spaced grid from 10
↓3

to 10
3
.

Random Forest 500 trees; maximum depth 6; minimum 5 samples per leaf;

→
p features considered per split.

XGBoost 300 trees; maximum depth 4; learning rate ε = 0.05; sub-

sample fraction 0.8 (rows) and 0.6 (columns per tree); L1

regularisation ω = 2.0; L2 regularisation ϑ = 10.0; mini-

mum child weight 5.

SHAP Tree SHAP attribution (Lundberg and Lee, 2017; Malone

et al., 2022) applied to XGBoost fits to inspect feature-

importance stability across leave-one-year-out folds.

S4. Feature engineering and predictor sets

Predictors were derived from the raw monthly satellite and reanalysis prod-

ucts to capture agronomically interpretable signals on annual and phenological-

window timescales.

• Growing degree days at base 18↓C (GDD18): monthly GDD18 =

max(0, Tmean → 18 ↓C) ↑ days_in_month, with Tmean approximated by

the mean of MODIS LST day and night. Base temperature 18↓C follows

the date-palm phenology calibration of Faci and Benziouche (2021).

• Vapour pressure deficit (VPD): saturation vapour pressure from

the Tetens formulation, esat = 0.6108 exp
(
17.27T/(T + 237.3)

)
,
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Figure S1: SHAP feature-attribution summary for XGBoost. Top features swap across leave-

one-year-out folds and attribution magnitudes are within run-to-run noise, consistent with

the absence of a learnable anomaly signal.
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evaluated at ERA5-Land 2 m temperature and 2 m dewpoint;

VPD = max(0, esat(T ) → esat(Tdew)). Aggregated over the annual

cycle and over three phenological windows: pollination (March–April),

fruit development (May–August), and harvest (September–November).

• Diurnal temperature range: MODIS LST day minus LST night.

• Wind speed (
↔

u2 + v2) and sirocco-month counts (months where maxi-

mum wind speed exceeds 8 m s↑1 and MODIS LST day maximum exceeds

40 ↓C during March–August).

• Heat-stress months: count of months where MODIS LST day maximum

exceeds 45 ↓C.

• Hargreaves ET0 proxy (Section S2).

• Water-deficit proxy: monthly precipitation minus ET0, annual sum.

• Phenological-window aggregates of NDVI, GDD, VPD, DTR, and wind.

Correlation filtering removed predictors with pairwise |r| > 0.95, yielding

a 111-feature full set from the roughly 150 engineered variables. The 12-

feature sparse configuration retains: lag-1 anomaly, TWS linear-trend slope,

mean NDVI during fruit development, annual GDD18, mean VPD during fruit

development, heat-stress months, diurnal temperature range during pollination,

annual rain days, sirocco months, annual total precipitation, annual-mean short-

wave radiation, and annual Hargreaves ET0. Static soil and terrain variables

were excluded because they act as time-invariant governorate identifiers rather

than temporal predictors.

S5. Robustness analyses

All robustness analyses target the two-period !|r| for Kébili between fruit-

development-window VPD and yield-per-hectare anomaly.
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Figure S2: Pairwise Pearson correlation heatmap of the 111-feature predictor set used by the

forecasting models. The |r| > 0.95 filter removes the most strongly co-varying pairs.
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Table S2: Detrending-method sensitivity for !|r| (VPD fruit-development versus yield-per-

hectare anomaly, break year 2012).

Detrending method (yield

series)

Kébili !|r| Tozeur !|r| Gafsa !|r| Notes

Linear (primary) +0.444 +0.604 +0.471 OLS fit on

full 2002–

2024 series

Quadratic (new) +0.413 +0.425 →0.025 OLS fit

including

year2; tests

for nonlin-

ear co-trend

5-year centred rolling +0.462 — — Uses future

information

near end-

points

5-year trailing rolling ↔0.054 — — Early-

period

initialisation

noise

First-di!erencing +0.140 — — No trend

model;

absorbs low-

frequency

signal
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The Kébili and Tozeur findings are robust to quadratic detrending of the

yield series: !|r| remains positive at +0.413 and +0.425 respectively, and the

Kébili rolling-window slope under quadratic-detrended yield is +0.028 yr↑1 with

HAC-corrected p < 0.001. Gafsa’s two-period !|r| collapses to →0.025 under

quadratic detrending — consistent with a substantial portion of Gafsa’s two-

period contrast being attributable to a co-curving yield trajectory — although

Gafsa’s rolling-window slope remains significant (p = 0.003). The Kébili–Tozeur

findings are therefore not artefacts of residual nonlinear co-trends between VPD

and yield; the Gafsa finding requires more cautious interpretation. The trailing-

window detrending result is reported only for Kébili, where the early-period

initialisation collapse is most severe.

Table S3: Break-year sensitivity for Kébili !|r| under linear detrending.

Break year n early n late r early r late !|r|

2010 9 14 +0.165 +0.440 +0.275

2011 10 13 +0.188 +0.431 +0.243

2012 (default) 11 12 ↑0.038 +0.482 +0.444

2013 12 11 +0.144 +0.333 +0.189

2014 13 10 +0.150 +0.330 +0.180

2015 14 9 +0.161 +0.260 +0.098

!|r| is positive at every tested break year. The 2012 split is retained as

the default two-period contrast for the VPD analysis because it divides the

2002–2024 record into approximately equal early and late periods; break-year

sensitivity from 2010 to 2015 is reported above. The GRACE structural-break

test (main text, §4.2) places the depletion-rate break at 2007, an independent

quantity.

VPD’s !|r| exceeds all seven climatically neutral placebos.

The rolling-window slope is reported with Newey–West heteroskedasticity-

and autocorrelation-consistent (HAC) standard errors using a Bartlett kernel

at lag w → 1 = 9, the natural bandwidth when adjacent 10-year windows share
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Table S4: Placebo-feature !|r| against Kébili yield-per-hectare anomaly (linear detrending,

break 2012).

Feature r early r late !|r|

VPD fruit-development mean (focal) ↑0.038 +0.482 +0.444

Std of max daily precipitation ↑0.093 +0.466 +0.374

Annual mean wind speed ↑0.053 +0.256 +0.203

Harvest-window DTR ↑0.102 +0.198 +0.096

Annual NDVI std ↑0.120 ↑0.105 ↑0.015

Annual min dewpoint +0.114 +0.094 ↑0.020

Annual rain days ↑0.641 ↑0.429 ↑0.212

Std of mean solar radiation +0.373 ↑0.036 ↑0.337

nine underlying years. The resulting HAC-corrected p-values for the four per-

governorate rolling slopes are Tozeur p = 0.011, Kébili p = 3.7 ↑ 10↑6, Gafsa

p = 1.0 ↑ 10↑7, Gabès p = 0.30.

For the two-period !|r| we report a paired bootstrap 95 % confidence in-

terval, drawing 5,000 resamples with replacement separately from the early

(n = 11) and late (n = 12) periods. For Kébili the bootstrap-mean !|r| is

+0.279 with a 95 % CI of [→0.30, +0.75]; 83 % of resamples produce !|r| > 0.

For Tozeur the bootstrap-mean is +0.33 with a 95 % CI of [→0.31, +0.79]; 87 %

of resamples are positive. Both intervals cross zero because each period con-

tains only about a dozen observations, which is why the rolling-window trend —

which aggregates information across the full record — is the primary inferential

test.

A block bootstrap on the underlying VPD and yield anomaly series (5,000

replicates, block length equal to the window length of 10 years) returns a rolling-

slope distribution centred on zero with a 95 % CI of [→0.043, +0.040]. This is

not a contradiction of the HAC-corrected significance: block-bootstrap resam-

pling by construction randomises the temporal ordering of the blocks, and the

decoupling claim is about the temporal evolution of the coupling. A resampling

scheme that discards time necessarily discards the signal. The HAC inference,
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which preserves the time ordering and corrects for within-series autocorrelation,

is the appropriate test for a temporal-trend claim.

An exploratory scan covered 4 governorates ↑ 4 candidate climate features ↑

2 targets = 32 cells. Under a Benjamini–Hochberg correction across all 32 cells

no single cell reaches q < 0.05, reflecting the limited power of the two-period test

on sub-samples of about a dozen years. The VPD–Kébili–yield/ha cell ranks

eighth by uncorrected p-value. The paper’s primary statistical support is the

rolling-window trend rather than the two-period test.

Figure S3: Pooled rolling 10-year correlation between fruit-development-window VPD and

yield/ha anomaly across the four governorates combined.

S6. CRDA cross-check of the persistent-NDVI area product

The persistent-NDVI method underestimates CRDA-reported palm area by

11–33 %, with the largest discrepancies in Tozeur’s earlier years. Because the

decoupling analysis operates on anomalies, the constant-fraction bias cancels
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Figure S4: Rolling 10-year absolute correlation between fruit-development-window VPD and

linear-detrended yield-per-hectare anomaly for each governorate, with a |r| = 0.5 reference

threshold. Complements the rolling-slope summary in the main-text Section 4.3.

Table S5: Persistent-NDVI satellite area estimates versus CRDA delegation-level records for

years where CRDA data is available. All rows show the satellite estimate as a conservative

undercount.

Gov. Year Satellite (ha) CRDA (ha) Di!. (%)

Tozeur 2021 5,830 8,725 ↑33.2

Tozeur 2022 6,687 8,725 ↑23.4

Tozeur 2023 7,781 8,725 ↑10.8

Kébili 2022 31,738 37,079 ↑14.4

Kébili 2023 30,927 38,000 ↑18.6
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Figure S5: Per-governorate scatter of disaggregated TWS against linear-detrended yield/ha

anomaly. The trend is most pronounced in Kébili and Tozeur.
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exactly and does not propagate into !|r|.

S7. Supervised classification for palm fraction

The palm-fraction correction for Gabès and Gafsa derives from a five-class

supervised Random Forest classifier (palm, olive, other irrigated vegetation, bare

soil, salt/water) trained on Sentinel-2 surface reflectance (bands B2, B3, B4, B8,

B11, B12) and seasonal NDVI statistics. Training labels were photo-interpreted

from high-resolution PlanetScope and Google Earth imagery over delegation-

level polygons, with a minimum of 30 polygons per class per governorate. A

post-classification rule for Gafsa removes non-oasis tree plantations from the

palm class using the SRTM-based oasis-depression mask. Overall validation

accuracy is approximately 87 % for Gabès (palm-class F1 ↓ 0.91) and 82 % for

Gafsa (palm-class F1 ↓ 0.78). The resulting 2024 palm fractions are 0.096 for

Gabès and 0.040 for Gafsa; Tozeur and Kébili are assigned palm fraction 1.0

by construction because their Chott-margin continental-oasis footprints contain

negligible non-palm dense vegetation, an assumption consistent with the CRDA

cross-check (Table S5).

Because the 2024 palm-fraction snapshot cannot be projected backwards

across the full record with confidence, the yield-per-hectare decoupling analysis

is restricted in the main text to Tozeur and Kébili. For completeness, the

corresponding two-period VPD coupling on production anomaly (the only target

available at full reliability for Gabès and Gafsa) is shown in Figure S6.

S8. Annual production by governorate

Annual ONAGRI production (tonnes) for the four governorates over 2002–

2024 is shown in Figure S7 as a descriptive context plot for the analysis presented

in the main text.
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Figure S6: Two-period VPD coupling for Gabès and Gafsa on production anomaly only.

Figure S7: Annual date production by governorate, 2002–2024 (ONAGRI).
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