Divergent Drought Propagation Pathways in Adjacent Mediterranean Lakes Under Identical Climatic Forcing: Satellite-Based Attribution of Land Cover–Hydrology Interactions
Ali Muslim AMIRI1,2*, Feza ÖRÜÇ1*
1 Environmental Engineering Department, Engineering Faculty, Bursa Uludag University, 16059 Nilufer/Bursa, Türkiye
2 Water and Environmental Engineering Department, Mining and Environment Faculty, Balkh University, 1701 Mazar-i-Sharif/Balkh, Afghanistan
* Corresponding author: karaer@uludag.edu.tr [0000-0002-2986-0114]
* Corresponding author: alimuslimamiri@yahoo.com [0009-0007-6280-8899]

S1. Supplementary Methods
S1.1. Distribution Fitting and Goodness-of-Fit Assessment
The Kolmogorov–Smirnov (KS) test (Fasano and Franceschini, 1987; Liu et al., 2025) results for all five accumulation windows (1, 3, 6, 12, and 24 months) at both stations are summarised in Table S 1. Across all 20 index-timescale combinations, the null hypothesis of adequate distributional fit was retained at the 5% significance level, with all tests satisfying the world meteorological organization (WMO) criterion for acceptable fit. KS statistics ranged from 0.020 (İznik SPI-3) to 0.055 (Uluabat SPI-24), and p-values exceeded 0.09 in every case. These results confirm that the gamma distribution (SPI) and log-logistic distribution (SPEI) adequately represent the precipitation and climatic water balance data over the 1981–2024 study period at both lakes, providing a valid basis for subsequent drought characterisation.
[bookmark: _Ref232277982][bookmark: _Toc232099196]Table S 1. Kolmogorov–Smirnov goodness-of-fit test results for SPI and SPEI at five accumulation windows for İznik and Uluabat lakes (1981–2024; n = 528 months).
	Lake
	Timescale
	SPI KS
	SPI p-value
	SPI WMO
	SPEI KS
	SPEI p-value
	SPEI WMO

	İznik
	1
	0.0529
	0.100
	✓
	0.0302
	0.708
	✓

	İznik
	3
	0.0201
	0.981
	✓
	0.0283
	0.782
	✓

	İznik
	6
	0.0247
	0.898
	✓
	0.0215
	0.965
	✓

	İznik
	12
	0.0452
	0.235
	✓
	0.0237
	0.926
	✓

	İznik
	24
	0.0439
	0.276
	✓
	0.0306
	0.722
	✓

	Uluabat
	1
	0.0472
	0.184
	✓
	0.0331
	0.597
	✓

	Uluabat
	3
	0.0308
	0.688
	✓
	0.0294
	0.741
	✓

	Uluabat
	6
	0.0253
	0.883
	✓
	0.0397
	0.372
	✓

	Uluabat
	12
	0.0394
	0.388
	✓
	0.0236
	0.929
	✓

	Uluabat
	24
	0.0551
	0.090
	✓
	0.0471
	0.207
	✓



S1.2. Lake Level Composite Series Construction
The lake-level composite series was assembled by integrating multiple observational sources according to a strict hierarchical protocol. Sources comprise (1) in-situ gauge records maintained by general directorate of state hydraulic works (DSİ), (2) satellite radar altimetric series, and (3) DAHITI altimetric time series. Full procedural details of bias correction and data integration are provided below and validation statistics for the composite series are reported in Section S2.1.
S1.3. Bias correction of altimetric series
Each altimetric series (satellite and DAHITI) was calibrated against the DSİ gauge record using simple linear regression over their concurrent overlap period (minimum overlap: n ≥ 12 months). Calibration followed the linear correction form:


where L̂j is the bias-corrected altimetric level, Lj is the original altimetric observation, and αj and βj are ordinary least-squares coefficients estimated on the overlap sample. Segment discontinuities exceeding one standard deviation of calibration residuals were adjusted using an additional cumulative offset correction. Validation relied on Pearson's r, RMSE, and NSE.
S1.4. Data integration and source weighting
The composite monthly series was assembled according to a strict priority hierarchy: (1) DSİ gauge observation; (2) bias-corrected satellite altimetry; (3) bias-corrected DAHITI altimetry. Where the gauge was absent and both altimetric sources were simultaneously available, a precision-weighted blend was applied:




with normalized weights , where  is the standard deviation of calibration-period residuals (gauge − corrected altimetry). This scheme assigns greater influence to the source with more overlap observations and smaller systematic calibration spread. No temporal interpolation was applied; data gaps in all three sources were propagated as missing values.
S1.5. Stationarity testing
Standardized lake level index (SLLI), SPI, and SPEI series were tested using the Augmented Dickey–Fuller test (ADF; null: unit root; lag order by AIC) and the Kwiatkowski–Phillips–Schmidt–Shin test (KPSS; null: trend-stationarity; bandwidth by the Newey–West formula). A series was classified as stationary only when the ADF null was rejected (p < 0.05) and the KPSS null was not rejected (p > 0.05) (Kagalwala, 2022; Maitra and Politis, 2024).
S1.6. Effective sample size (ESS)
Following Bretherton et al. (1999), the effective sample size was estimated as:



Where  are sample autocorrelations of series x and y at lag k. ESS-adjusted t-statistics and Fisher-z confidence intervals replaced nominal p-values throughout.
S1.7. Monte Carlo AR(1) surrogate significance test
AR(1) (Rasouli Majd et al., 2025) parameters (φ, μ, σε) were estimated from each observed series by method of moments, with φ clamped to (−0.98, 0.98) for numerical stability. Each surrogate replicate was generated from:


with a 200-step burn-in. The two-sided surrogate p-value was:


Benjamini–Hochberg FDR correction (Fang et al., 2025; Shyrokaya et al., 2025) was applied across lags 0–24 months separately for each driver–lake pair.
S1.8. Moving-block bootstrap
Uncertainty in lagged correlation coefficients was quantified using the moving-block bootstrap (Künsch, 1989) with block length b = 12 months and B = 1,000 resamples. The 2.5th and 97.5th percentiles of the bootstrap distribution defined the 95% confidence interval.
S1.9. Pre-whitened correlation
As a robustness check independent of the parametric surrogate test, both series were pre-whitened before correlation analysis. Linear trends were removed using ordinary least squares detrending, and residuals were extracted from autoregressive AR(p) models with p selected by akaike information criterion (AIC) (maximum p = 6) (Liu et al., 2025). Pearson correlation between the aligned pre-whitened residual series (rpw) is reported alongside the main ESS-adjusted estimate.
S1.10. Attribution model
LULC variables with > 40% missing values or zero variance were excluded. Remaining variables were standardized (zero mean, unit variance) and submitted to principal component analysis (PCA); the minimum number of components explaining ≥ 85% cumulative variance was retained. PCA score stability was assessed by row-resampling bootstrap (n = 200). Multicollinearity was monitored via variance inflation factors (VIF); VIF > 10 was flagged as problematic.
The primary attribution model was:




Where  is the dominant meteorological index at optimal lag k and  are LULC principal component scores mapped to the monthly time axis from annual observations. Parameters were estimated by Ordinary least-squares (OLS) with Newey–West HAC standard errors (max lags = 12). Model stability was assessed using 5-fold time-series cross-validation (Time Series Split), reporting MSE per fold. Coefficients from ridge, lasso, and elastic-net regularized regressions (cross-validated λ; elastic-net l₁ ratios ∈ {0.1, 0.5, 0.9}) were compared to OLS estimates as consistency checks. Mann–Kendall trend analysis was applied to OLS model residuals to detect systematic unexplained temporal trends.
S1.11. VAR model and Granger causality
Bidirectional Granger causality between the dominant meteorological driver (Huang et al., 2025) and SLLI was assessed using a Vector Autoregression (VAR) model (Alias et al., 2026) fitted on first-differenced series (applied to induce stationarity). Lag order was selected automatically up to a maximum of 12 months. F-test Granger causality statistics were computed in both directions (H₀: lagged values of series A do not improve prediction of series B). Impulse-response functions (IRF) over a 12-month horizon characterize the dynamic response of SLLI to a unit innovation in the meteorological series.

S2. Supplementary Results
S2.1. Bias Correction of Altimetric Series
Prior to data integration, each altimetric series (satellite radar altimetry and DAHITI) was bias-corrected against the concurrent in-situ gauge record from DSI using the overlapping measurement periods identified for each lake Table S 2. For Lake İznik, the satellite altimetric record was compared against 268 months of gauge observations (January 2000–September 2024), and the DAHITI series against 92 months of overlapping gauge data (the post-May 2016 period, with some gaps). For Lake Uluabat, the satellite altimetric record was assessed against 245 months of gauge data (October 2003–September 2024) and the DAHITI series against 99 months (May 2016–September 2024, with gaps). The bias-corrected altimetric anomalies were retained for all subsequent integration and SLLI computation steps; absolute reference levels from the satellite-derived series are not directly used in the SLLI construction, which operates on normalized quantile ranks. At each inter-source transition point, a linear regression error correction of the form was applied (Crétaux and Birkett, 2006), and the corrected series were validated using Pearson's r, Root Mean Square Error (RMSE), and Nash–Sutcliffe Efficiency (NSE). Segment discontinuities exceeding the threshold were resolved through an additional cumulative offset correction.
S2.2 Source Weighting and Series Assembly
Source weights were assigned to each contributing altimetric series on the basis of the root-mean-squared error (RMSE) of the bias-corrected altimetric series relative to the in-situ gauge record during the overlapping period, using the inverse-variance weighting scheme described in S1.4. The derived weights are reported in Table S 2 and summarized here.
S2.2.1. Lake İznik: The satellite altimetric series received a weight of wsat = 0.717 and the DAHITI series a weight of wDAHITI = 0.283. The higher weighting of the satellite record reflects its closer agreement with the İznik gauge series over the overlapping period. For the 116 months prior to the gauge record (January 1993–December 1999) and for the post-gauge period (October 2024–December 2024), the composite level was derived entirely from the satellite altimetric series, i.e., wsat = 1.0 for those intervals.
S2.2.2. Lake Uluabat: Source weights at Uluabat were nearly equal and reversed relative to İznik, with wsat = 0.452 and wDAHITI = 0.548. The slightly higher DAHITI weight indicates that, at this site, the DAHITI product tracked the gauge record marginally more closely than the radar altimetric series during the overlapping window, likely reflecting Uluabat's wider water surface and more stable radar backscatter geometry compared to the narrower İznik basin. For months prior to the gauge record (January 1993–September 2003) and after its termination, the composite relies on the weighted combination of the two satellite sources in the ratio reported above. For months where only one satellite source is available (i.e., before DAHITI coverage commences, May 2016), the composite reverts to the single available source.
[bookmark: _Ref232280544]Table S 2. Composite series data sources, temporal coverage, and derived source weights for the two study lakes.
	Lake
	Source
	Period
	N (months)
	Overlap with gauge (N)
	Assigned weight

	İznik
	Satellite altimetry
	Jan 1993–Dec 2024
	384
	268
	0.717

	İznik
	DAHITI
	May 2016–Dec 2024
	104
	92
	0.283

	İznik
	DSI
	Jan 2000–Sep 2024
	268
	—
	Reference

	Uluabat
	Satellite altimetry
	Jan 1993–Dec 2024
	384
	245
	0.452

	Uluabat
	DAHITI
	May 2016–Dec 2024
	102
	99
	0.548

	Uluabat
	DSI
	Oct 2003–Sep 2024
	245
	—
	Reference



The difference in source weighting between the two lakes reflects genuine, measurable differences in altimetric performance and should not be interpreted as a quality judgment on either product in isolation; both series were found to be adequate for SLLI construction once bias-corrected, as confirmed by the near-perfect leave-one-out (LOO) stability statistics reported in Section 3.3.2 (r ≥ 0.998 for both lakes). The composite Best_Level_m series for each lake was verified to contain no months with missing values across the full 384-month record (January 1993–December 2024), confirming that the integration procedure successfully produced a complete continuous input to the SLLI computation. The final SLLI series thus draws on in-situ observations where available and on calibrated remote sensing data elsewhere, with the transition between regimes handled transparently through the source weights described here.
S2.3. SLLI distributional robustness
Across empirical, gamma, log-normal, and Weibull assumptions, SLLI values were highly consistent throughout the 384-month record. Pairwise correlations among the three parametric variants exceeded 0.973 in all cases, and the gamma and log-normal fits were nearly identical. Agreement between the empirical quantile transformation and the parametric fits remained strong, although slightly weaker than among parametric variants.
[bookmark: _Ref232334161]Table S 3. Pairwise agreement statistics between SLLI variants computed from different distribution assumptions, over the full 384-month record.
	Lake
	Method A
	Method B
	Pearson r
	Spearman ρ
	MAE
	RMSE
	κ
	F1
	Accuracy

	İznik
	Empirical
	Gamma
	0.919
	0.987
	0.301
	0.393
	0.891
	0.906
	0.974

	İznik
	Empirical
	Log-normal
	0.926
	0.987
	0.288
	0.383
	0.861
	0.881
	0.966

	İznik
	Empirical
	Weibull
	0.970
	0.987
	0.215
	0.278
	0.815
	0.842
	0.953

	İznik
	Gamma
	Log-normal
	0.9996
	0.9998
	0.029
	0.035
	0.970
	0.975
	0.992

	İznik
	Gamma
	Weibull
	0.973
	0.999
	0.195
	0.240
	0.923
	0.935
	0.979

	İznik
	Log-normal
	Weibull
	0.979
	0.999
	0.170
	0.213
	0.953
	0.961
	0.987

	Uluabat
	Empirical
	Gamma
	0.978
	0.987
	0.170
	0.227
	0.852
	0.873
	0.964

	Uluabat
	Empirical
	Log-normal
	0.980
	0.988
	0.165
	0.220
	0.852
	0.873
	0.964

	Uluabat
	Empirical
	Weibull
	0.979
	0.987
	0.172
	0.227
	0.837
	0.860
	0.961

	Uluabat
	Gamma
	Log-normal
	0.9997
	0.9998
	0.017
	0.025
	1.000
	1.000
	1.000

	Uluabat
	Gamma
	Weibull
	0.997
	0.998
	0.057
	0.081
	0.951
	0.959
	0.987

	Uluabat
	Log-normal
	Weibull
	0.997
	0.998
	0.057
	0.080
	0.951
	0.959
	0.987



Table S 4. Method agreement statistics: each parametric SLLI variant vs. the empirical reference, with event detection recall and precision.
	Lake
	Method
	Pearson r
	Spearman ρ
	MAE
	RMSE
	κ
	Accuracy
	Precision
	Recall
	F1
	Events (ref.)
	Events (test)

	İznik
	Gamma
	0.919
	0.987
	0.301
	0.393
	0.891
	0.974
	0.828
	1.000
	0.906
	4
	7

	İznik
	Log-normal
	0.926
	0.987
	0.288
	0.383
	0.861
	0.966
	0.787
	1.000
	0.881
	4
	8

	İznik
	Weibull
	0.970
	0.987
	0.215
	0.278
	0.815
	0.953
	0.727
	1.000
	0.842
	4
	7

	Uluabat
	Gamma
	0.978
	0.987
	0.170
	0.227
	0.852
	0.964
	0.774
	1.000
	0.873
	13
	14

	Uluabat
	Log-normal
	0.980
	0.988
	0.165
	0.220
	0.852
	0.964
	0.774
	1.000
	0.873
	13
	14

	Uluabat
	Weibull
	0.979
	0.987
	0.172
	0.227
	0.837
	0.961
	0.780
	0.958
	0.860
	13
	15


Recall = 1.000 indicates all empirically identified events were captured by the parametric fit; precision < 1.0 indicates over-detection relative to the empirical reference.
S2.4. SLLI Time Series and Drought Event Characterization 
Across four fitted distribution assumptions; empirical, gamma, log-normal, and Weibull; the SLLI values were highly consistent throughout the 384-month record for both lakes. Pairwise Pearson correlations among the three parametric variants exceeded r = 0.973 in all cases, with the gamma and log-normal fits producing near-identical series for both İznik (r = 0.9996, ρ = 0.9998, MAE = 0.029, RMSE = 0.035) and Uluabat (r = 0.9997, ρ = 0.9998, MAE = 0.017, RMSE = 0.025). Agreement between the empirical quantile transformation and the parametric fits was somewhat lower but remained strong: for İznik, Pearson correlations ranged from r = 0.919 (empirical vs. gamma) to r = 0.970 (empirical vs. Weibull), with Cohen's κ between 0.815 and 0.891 and categorical accuracy from 95.3% to 97.4%. For Uluabat, the empirical–parametric agreement was somewhat tighter, with Pearson correlations in the range r = 0.977–0.980 and κ from 0.838 to 0.852 (accuracy: 96.1–96.4%; Table S2). In both lakes, the parametric fits detected systematically more drought and wet events than the empirical method, with recall = 1.0 across all fits (all empirically identified events were captured), but precision ranging from 0.727 to 0.828 (İznik) and 0.774 to 0.780 (Uluabat), indicating a tendency for over-detection relative to the empirical benchmark (Table S 3).
The LOO stability analysis confirmed that the SLLI is highly insensitive to the omission of any individual month. For Lake İznik, the LOO series showed near-perfect agreement with the full series (Pearson's r = 0.998, Spearman's ρ = 1.000, MAE = 0.068, RMSE = 0.110), while similarly strong performance was obtained for Lake Uluabat (r = 0.998, ρ = 1.000, MAE = 0.068, RMSE = 0.110). The perfect rank correlation in both lakes indicates complete preservation of the ordering of all 384 monthly SLLI values regardless of which observation was withheld, demonstrating that the index is not unduly influenced by any single month.
The empirical SLLI series for Lake İznik exhibited a near-symmetric distribution over the 384-month record (mean = 0.072), with 16.1% of months classified as wet or wetter (SLLI ≥ 1.0) and 12.5% classified as drought or drier (SLLI ≤ −1.0). Of the 384 months, 274 (71.4%) fell within the "near normal" class (−1.0 < SLLI < 1.0), 38 (9.9%) in the moderately wet class, 12 (3.1%) each in the very wet and extremely wet classes, 36 (9.4%) in the moderate drought class, and 12 (3.1%) each in the severe and extreme drought classes.
At the standard drought-identification threshold of SLLI ≤ −1.0, four distinct drought events were identified for Lake İznik over the full record. The first event was brief (October–December 2009; duration = 3 months; minimum SLLI = −1.097; severity = 2.27). The second event occurred between December 2019 and June 2020 (7 months; minimum SLLI = −1.097; severity = 7.55). The third and by far most severe event commenced in October 2020 and persisted through October 2023 (37 consecutive months), with a minimum SLLI of −1.691, a mean index of −1.444, and cumulative severity of 53.44; accounting for approximately 69% of the total drought severity accumulated across all four events. A fourth, shorter event emerged in June–October 2024 (5 months; severity = 5.04). The dominance of the 2020–2023 episode in the threshold-sensitivity analysis is striking: lowering the threshold from −1.0 to −1.2 collapses the event count from four to one (the 2020–2023 event alone), and at −1.5 only this single event remains, now spanning 13 months of its most intense phase (Table S4). No months exceeded the SLLI ≤ −2.0 threshold, indicating that even the most extreme drought phase did not reach the "exceptional drought" category under the empirical transformation.
For Lake Uluabat, the SLLI distribution was similarly symmetric (mean = 0.071), with 15.6% of months classified as wet or wetter and 12.5% as drought or drier, broadly consistent with the theoretical expectation under a symmetric transformation. However, the structure of identified drought events differed substantially from İznik. Thirteen distinct events were identified at the −1.0 threshold over the 384-month record, with a substantially higher event frequency but shorter individual durations (mean event duration = 4.7 months). The longest event extended from December 2006 through December 2007 (13 months; severity = 19.93), followed by a 9-month event from May 2008 to January 2009 (severity = 11.72). The most recent event identified in the observed record ran from January to April 2023 (4 months; severity = 4.39). Unlike İznik, where one event dominates the integrated severity budget, the Uluabat drought history is more temporally distributed and shows no single overwhelming episode. Threshold sensitivity at Uluabat was considerably more gradual than at İznik: 13 events at −1.0, 9 events at −1.2, and 4 events at −1.5, suggesting that the drought signal at this lake is distributed more evenly across intensity classes and is less susceptible to threshold choice (Table S 5).
[bookmark: _Ref232280938]Table S 5. Threshold sensitivity analysis: dependence of drought event statistics on the SLLI detection threshold.
	Lake
	Threshold
	Events (N)
	Total duration (months)
	Mean duration (months)
	Mean severity
	Min SLLI

	İznik
	−0.5
	13
	120
	9.2
	8.79
	−1.691

	İznik
	−0.8
	8
	79
	9.9
	11.40
	−1.691

	İznik
	−1.0
	4
	52
	13.0
	17.07
	−1.691

	İznik
	−1.2
	1
	37
	37.0
	53.44
	−1.691

	İznik
	−1.5
	1
	13
	13.0
	21.25
	−1.691

	İznik
	−2.0
	0
	—
	—
	—
	−1.691

	Uluabat
	−0.5
	27
	134
	5.0
	4.23
	−1.691

	Uluabat
	−0.8
	15
	86
	5.7
	6.09
	−1.691

	Uluabat
	−1.0
	13
	61
	4.7
	5.68
	−1.691

	Uluabat
	−1.2
	9
	45
	5.0
	6.55
	−1.691

	Uluabat
	−1.5
	4
	16
	4.0
	5.99
	−1.691

	Uluabat
	−2.0
	0
	—
	—
	—
	−1.691



Table S 6. SLLI–SNDWI lag-correlation analysis (SNDWI leading SLLI) for Lake İznik and Lake Uluabat.
	Lag (months)
	İznik r
	İznik p
	İznik N
	Uluabat r
	Uluabat p
	Uluabat N

	0
	0.451
	1.3 × 10⁻¹⁴
	263
	−0.130
	0.079
	184

	1
	0.469
	9.2 × 10⁻¹⁶
	262
	−0.173
	0.019
	183

	2
	0.447
	3.0 × 10⁻¹⁴
	261
	−0.208
	0.005
	182

	3
	0.478
	3.0 × 10⁻¹⁶
	260
	−0.139
	0.062
	181

	4
	0.459
	6.5 × 10⁻¹⁵
	259
	−0.148
	0.047
	180

	5
	0.458
	9.4 × 10⁻¹⁵
	258
	−0.127
	0.090
	179

	6
	0.433
	3.7 × 10⁻¹³
	257
	−0.204
	0.006
	178

	7
	0.438
	2.1 × 10⁻¹³
	256
	−0.205
	0.006
	177

	8
	0.444
	9.1 × 10⁻¹⁴
	255
	−0.161
	0.032
	176

	9
	0.449
	5.7 × 10⁻¹⁴
	254
	−0.142
	0.062
	175

	10
	0.402
	3.0 × 10⁻¹¹
	253
	−0.125
	0.101
	174

	11
	0.402
	3.4 × 10⁻¹¹
	252
	−0.204
	0.007
	173

	12
	0.385
	2.7 × 10⁻¹⁰
	251
	−0.265
	4.4 × 10⁻⁴
	172


Bold indicates the lag with the highest correlation magnitude for each lake. Note the opposite sign of all Uluabat lag-correlations relative to İznik.
[bookmark: _Toc232099200]Table S 7. Drought events identified from the empirical SLLI at the SLLI ≤ −1.0 threshold for Lake İznik and Lake Uluabat over the full 384-month composite record (January 1993–December 2024).
	Lake
	Start
	End
	Duration (months)
	Min. SLLI
	Mean SLLI
	Severity

	İznik
	Oct 2009
	Dec 2009
	3
	−1.097
	−0.757
	2.27

	İznik
	Dec 2019
	Jun 2020
	7
	−1.097
	−1.078
	7.55

	İznik
	Oct 2020
	Oct 2023
	37
	−1.691
	−1.444
	53.44

	İznik
	Jun 2024
	Oct 2024
	5
	−1.097
	−1.008
	5.04

	Uluabat
	Apr 2002
	Jun 2002
	3
	−1.434
	−1.128
	3.38

	Uluabat
	Apr 2003
	Jul 2003
	4
	−1.248
	−1.054
	4.22

	Uluabat
	Jul 2004
	Aug 2004
	2
	−1.097
	−0.975
	1.95

	Uluabat
	Oct 2004
	Feb 2005
	5
	−1.434
	−1.266
	6.33

	Uluabat
	Sep 2005
	Oct 2005
	2
	−1.097
	−1.032
	2.06

	Uluabat
	Nov 2005
	Feb 2006
	4
	−1.097
	−0.704
	3.29

	Uluabat
	Jun 2006
	Nov 2006
	6
	−1.691
	−1.250
	7.50

	Uluabat
	Dec 2006
	Dec 2007
	13
	−1.691
	−1.533
	19.93

	Uluabat
	Feb 2008
	Apr 2008
	3
	−1.434
	−0.895
	2.68

	Uluabat
	May 2008
	Jan 2009
	9
	−1.691
	−1.302
	11.72

	Uluabat
	Aug 2009
	Sep 2009
	2
	−1.097
	−1.032
	2.06

	Uluabat
	Feb 2014
	May 2014
	4
	−1.434
	−1.068
	4.27

	Uluabat
	Jan 2023
	Apr 2023
	4
	−1.248
	−1.099
	4.39


Severity is defined as the absolute sum of negative SLLI values over the event duration. Bold denotes the most severe event per lake.
S3. Extended Statistical Methods for Propagation Analysis
Methods are reported jointly for Lakes İznik and Uluabat; lake-specific parameters are distinguished throughout. All analyses employed the same data record (January 1993–December 2024; n = 384 months) and the same set of meteorological drought indices (SPI and SPEI at 1, 3, 6, 12, and 24-month accumulation periods) relative to the respective SLLI series.
S3.1. Stationarity Test Results
Stationarity of all time series was assessed jointly with the (ADF; H₀: unit root) and (KPSS; H₀: stationarity) tests, following Hobijn et al. (2004). ADF lag order was selected by AIC; KPSS bandwidth by Bartlett kernel with automatic selection. A series was classified as stationary only if ADF rejected the unit root (p < 0.05) and KPSS did not reject stationarity (p > 0.05).
The meteorological indices (SPI/SPEI, 1–12 months) were unambiguously stationary at both lakes. At Lake İznik, the SLLI exhibited a non-stationary pattern: ADF failed to reject the unit root (p = 0.061) and KPSS strongly rejected level stationarity (p < 0.01), consistent with the near-random-walk behaviour of a closed-basin lake driven by accumulated climatic forcings. At Lake Uluabat, the SLLI was borderline stationary (ADF p = 0.040; KPSS p > 0.071), with high-persistence dynamics attributable to a 10-lag ADF selection rather than genuine unit-root behaviour; no differencing was applied. SPI-24 and SPEI-24 were borderline at both lakes but satisfied the joint criterion.
Table S 8. Stationarity test results for all time series at Lakes İznik and Uluabat (January 1993–December 2024; n = 384). ADF lags selected by AIC; KPSS bandwidth by Bartlett kernel. Stationarity is supported when ADF p < 0.05 and KPSS p > 0.05. †Interpreted as stationary based on graphical inspection and ADF robustness checks.
	Series
	İznik ADF stat.
	İznik ADF p
	İznik KPSS stat.
	İznik KPSS p
	İznik Result
	Uluabat ADF p
	Uluabat KPSS p
	Uluabat Result

	SLLI
	−2.785
	0.061
	1.879
	<0.01
	Non-stationary
	0.040
	>0.071
	Stationary†

	SPI-1
	−19.634
	<0.001
	0.270
	>0.10
	Stationary
	<0.001
	>0.10
	Stationary

	SPEI-1
	−19.449
	<0.001
	0.091
	>0.10
	Stationary
	<0.001
	>0.10
	Stationary

	SPI-3
	−6.022
	<0.001
	0.201
	>0.10
	Stationary
	<0.001
	>0.10
	Stationary

	SPEI-3
	−5.752
	<0.001
	0.080
	>0.10
	Stationary
	<0.001
	>0.10
	Stationary

	SPI-6
	−5.004
	<0.001
	0.165
	>0.10
	Stationary
	<0.001
	>0.10
	Stationary

	SPEI-6
	−4.922
	<0.001
	0.066
	>0.10
	Stationary
	<0.001
	>0.10
	Stationary

	SPI-12
	−4.257
	<0.001
	0.210
	>0.10
	Stationary
	0.001
	>0.10
	Stationary

	SPEI-12
	−3.835
	0.003
	0.061
	>0.10
	Stationary
	0.008
	>0.10
	Stationary

	SPI-24
	−2.811
	0.057
	0.342
	>0.10
	Borderline
	0.028
	>0.10
	Stationary†

	SPEI-24
	−2.852
	0.051
	0.082
	>0.10
	Borderline
	0.039
	>0.10
	Stationary†


Notes: İznik ADF statistics and p-values from Dickey and Fuller (1979) Dickey and Fuller (1979) critical values (MacKinnon, 1994); Uluabat p-values also follow MacKinnon (1994). KPSS 5% critical value = 0.463; p > 0.10 indicates the statistic falls below the 10% critical value (0.347).
S3.2. Effective Sample Size
Serial autocorrelation in drought indices and lake-level series reduces the effective degrees of freedom for Pearson cross-correlation tests, causing the nominal sample size n to overestimate the true number of independent observations. For İznik, neff was estimated following Chelton (1983) and Pyper and Peterman (1998), using neff⁻¹ ≈ n⁻¹ + 2n⁻¹ Σₖ (1 − k/n) ρXX(k) ρYY(k), with truncation at the first zero-crossing of the autocorrelation function (ACF) product. For Uluabat, the Quenouille (1952) estimator was applied: neff = n (1 + 2 Σₖ ρX(k) ρY(k))⁻¹. Both estimators yield qualitatively consistent neff reductions and are used for significance testing in their respective lakes.
The neff reduction was dominated by the SLLI's high autocorrelation, and scaled with the accumulation period of the meteorological index. At the 24-month accumulation period, neff fell to approximately 24–28 at İznik (93% reduction) and 49–54 at Uluabat (85–87% reduction), substantially limiting statistical power. At the 1-month timescale; where SPI-1 carries virtually no autocorrelation, neff ≈ n at Uluabat (0% reduction) but remains substantially reduced at İznik due to the SLLI's own persistence. Table S 9 summarises neff at the peak-correlation lag for each index.
[bookmark: _Ref232334801]Table S 9. Effective sample size (neff) at the peak-correlation lag for each index at both lakes, and the corresponding minimum detectable |r| at α = 0.05.
	Index
	İznik neff
	İznik neff reduction (%)
	İznik min |r| (α=0.05)
	Uluabat neff
	Uluabat neff reduction (%)
	Uluabat min |r| (α=0.05)

	SPI-1
	325
	15%
	0.109
	383
	0%
	0.100

	SPEI-1
	326
	15%
	0.109
	359
	6%
	0.104

	SPI-3
	122
	68%
	0.178
	185
	52%
	0.145

	SPEI-3
	130
	66%
	0.172
	162
	58%
	0.155

	SPI-6
	75
	80%
	0.226
	132
	66%
	0.171

	SPEI-6
	68
	82%
	0.239
	114
	70%
	0.184

	SPI-12
	41
	89%
	0.309
	84
	78%
	0.214

	SPEI-12
	42
	89%
	0.303
	84
	78%
	0.214

	SPI-24
	24
	94%
	0.403
	49
	87%
	0.282

	SPEI-24
	28
	93%
	0.375
	54
	86%
	0.268


Notes: neff, effective sample size at peak-correlation lag. Reduction = 1 − neff/n, where n is the nominal sample size. Min |r| at α = 0.05 computed as the two-tailed critical correlation for a t-test with (neff − 2) degrees of freedom. All observed İznik correlations fall below the detectable threshold; Uluabat correlations at 1–6 month timescales exceed it.
S3.3. Moving-Block Bootstrap Validation
To validate the significance of cross-correlations under the autocorrelation structure of both series without parametric distributional assumptions, the moving-block bootstrap (MBB) procedure of Künsch (1989) and Liu and Singh (1992) was applied. The MBB resamples contiguous blocks of length l and concatenates them to length n; for each replicate, the Pearson correlation is recomputed, and the 95% confidence interval (CI) and two-sided p-value are derived from the empirical bootstrap distribution (B = 5000 replicates for İznik; 2000 for Uluabat).
For İznik, the block length was set to l* = ⌊2(ρ²n)^(1/3)⌋ ≈ 27 months (SLLI ρ = 0.927; n = 384), applied identically to both series in each bootstrap replicate to preserve the contemporaneous joint dependence structure. Results were qualitatively consistent with the neff-corrected analysis: no lag–index pair achieved statistical significance. For Uluabat, a block length of l = 12 months was used to preserve within-year seasonal covariance. Bootstrap 95% CIs confirmed significance for the two primary correlations: SPEI-3/lag-1 [0.200, 0.478], pboot < 0.001; SPEI-6/lag-0 [0.195, 0.481], pboot < 0.001. Bootstrap intervals were somewhat wider than the parametric Fisher-z intervals, as expected for conservative MBB inference under moderate autocorrelation.
S3.4. Pre-Whitened Cross-Correlation
To assess whether the SPEI–SLLI correlations at Uluabat reflect genuine physical coupling beyond shared autocorrelation structure, pre-whitened cross-correlations were computed by fitting AR(p) models (AIC-selected, AR(1)–AR(13)) to each series independently and computing Pearson correlations between the resulting innovation residuals. Optimal AR orders: İznik SLLI → AR(6); Uluabat SLLI → AR(11); SPEI-3 → AR(12); SPEI-6 → AR(11); SPI/SPEI-12 → AR(12); SPI/SPEI-24 → AR(12–13).
At Uluabat, pre-whitening substantially attenuated the raw correlations: SPEI-3/lag-1, rpw = 0.090 (p = 0.083); SPEI-6/lag-0, rpw = 0.103 (p = 0.047). The reduction from r = 0.326 to rpw = 0.090 for SPEI-3 reflects the aggressive removal of shared seasonal structure by AR(12) filtering, and should be interpreted as a conservative lower bound rather than the definitive coupling strength (Hamed and Rao, 1998). The SPEI-6 result surviving pre-whitening at p = 0.047 provides the most structurally robust evidence of direct climate–lake coupling. At İznik, pre-whitened correlations were consistent with the neff analysis in yielding no significant results, and are not reported separately.
S3.5. Event Propagation Metrics
Hydrological drought events were identified using the threshold-level method  (Fleig et al., 2006; Yevjevich, 1967) with SLLI < −1.0. Event metrics, duration D, severity S (Σ|SLLI − (−1)|), and intensity I (minimum SLLI), were computed identically at both lakes. Propagation lag τ = thyd,onset − tmet,onset was defined as the interval from the first month of meteorological drought onset (SPI/SPEI < −1.0) to the first month of SLLI < −1.0, following the matching criteria of Van Lanen et al. (2013). At İznik (n = 4 events), bootstrap confidence intervals on propagation lag are not estimable with statistical reliability, and reported values are single-event estimates. At Uluabat, a case-resampling bootstrap (B = 500) on 39 SPEI-3 events yielded propagation rate: 30.8% [95% CI: 15.4–48.7%] and mean lag: 1.8 months [95% CI: 1.0–2.9 months].
S3.6. Attribution Models: OLS and HAC Inference
At Lake İznik, SLLI was regressed on all ten contemporaneous SPI/SPEI indices by OLS. The model achieved R² = 0.306 but the Durbin–Watson statistic (DW = 0.247) confirms severe positive residual autocorrelation, violating the OLS assumption of independent errors and producing anti-conservative standard errors. Newey–West HAC inference (truncation lag ⌊4(n/100)^(2/9)⌋ ≈ 9 months) is recommended before interpreting individual predictor significance. The large condition number (κ = 24.8) falls below the conventional multicollinearity threshold, but the opposing signs of SPI-24 and SPEI-24 reflect partial extraction of the PET component and warrant interpretive caution.
At Lake Uluabat, the two-predictor model (SPEI-3(t−1), SPEI-6(t)) was pre-specified from the cross-correlation results; no stepwise selection or data-dredging was employed. Newey–West HAC (12-lag Bartlett kernel) was applied throughout, yielding both predictors significant (p ≤ 0.017). The Jarque–Bera test indicated minor residual non-normality (p = 0.037); HAC coefficient estimates remain consistent regardless of residual distribution. The condition number (κ = 2.44) confirms negligible multicollinearity. The low R² (0.122) reflects primarily anthropogenic water abstractions rather than model misspecification, and should be interpreted as a lower bound on climatic influence under a climate-only model specification.
S3.7. VAR Models and Granger Causality
Bivariate VAR models were estimated for (SPEI-3, SLLI) at Uluabat and (SPI-12/SPEI-12, SLLI) at İznik. Lag order was selected by AIC over p = 1–12: AIC-optimal at p = 11 for Uluabat (AIC = −2.081) and p = 12 for İznik (AIC = −7.923), while BIC selected p = 1 in both cases. AIC-selected models were retained for Granger tests to preserve the lag structure physically motivated by the respective propagation timescales. Granger causality was tested via block-F comparison of restricted (SLLI-only autoregression) vs. unrestricted (SLLI + lagged meteorological index) models. At İznik, bootstrapped p-values (MBB; B = 5000; block length = 27 months) confirmed SPEI-12 and SPI-12 significance at lag p = 12 (pboot = 0.031 and 0.044, respectively). Cross-equation residual correlation in the Uluabat VAR(11) model was low (ρ = 0.104), consistent with pre-whitened correlation results.
S4. Drought Event Characteristics
Table S 10 and Table S 11provide expanded characteristics for the hydrological drought events identified at the SLLI ≤ −1.0 threshold, including antecedent meteorological conditions and event-level propagation metrics.
S4.1. Lake Iznik, hydrological drought event details
[bookmark: _Ref232335186]Table S 10. Characteristics of hydrological drought events at Lake İznik (January 1993–December 2024; SLLI < −1.0 threshold). Severity = Σ|SLLI − (−1.0)| for event months. Propagation lag is estimated as the interval in months from antecedent meteorological drought onset to SLLI onset.
	Event
	Period
	Duration (months)
	Min. SLLI
	Mean SLLI
	Severity
	Antecedent index (onset)
	Lag (months)

	1
	Oct–Dec 2009
	3
	−1.097
	-0.757
	2.270
	SPEI-6 (Sep 2009)
	~1

	2
	Dec 2019–Jun 2020
	7
	−1.097
	-1.078
	7.548
	SPEI-6 (Nov 2019)
	~1

	3
	Oct 2020–Oct 2023
	37
	−1.691
	-1.444
	53.438
	SPEI-12 (Jan 2020; min −2.197 Aug 2020)
	~9–10

	4
	Jun–Oct 2024
	5
	−1.097
	-1.008
	5.038
	SPEI-6 (Jun 2024)
	~1


Notes: Event 3 accounts for 75% of total drought months and 82% of cumulative severity. Propagation lags for Events 1, 2, and 4 are single-event estimates based on threshold crossings; robust statistical inference requires larger event samples. The record SLLI minimum (−1.691) was sustained throughout October 2022–September 2023, coinciding with concurrent SPI-12 < −1.0 and SPEI-24 < −1.0.
S4.2. Lake Uluabat, hydrological drought event detail
[bookmark: _Ref232335190]Table S 11. Characteristics of hydrological drought events at Lake Uluabat (January 1993–December 2024; SLLI < −1.0 threshold). Concurrent SPEI values represent means over the event period. † indicates events where mean SPEI-3 > 0, suggesting dominant non-meteorological forcing.
	Event
	Period
	Dur. (months)
	Min. SLLI
	Mean SLLI
	Mean SPEI-3
	Mean SPEI-6
	Forcing

	1
	Apr–Jun 2002
	3
	-1.434
	-1.128
	−0.261
	+0.593
	Mixed†

	2
	Apr–Jul 2003
	4
	-1.248
	-1.054
	+0.318
	+0.085
	Non-met.†

	3
	Jul-Aug 2004
	2
	-1.097
	-0.975
	−0.913
	−1.152
	Meteorological

	4
	Oct 2004–Feb 2005
	5
	-1.434
	-1.266
	−0.846
	−1.040
	Meteorological

	5
	Sep-Oct 2005
	2
	-1.097
	-1.032
	+0.934
	−0.338
	Non-met.†

	6
	Nov 2005–Feb 2006
	4
	-1.097
	-0.704
	+0.418
	+0.395
	Non-met.†

	7
	Jun–Nov 2006
	6
	-1.691
	-1.250
	−0.577
	−0.887
	Meteorological

	8
	Dec 2006–Dec 2007
	13
	-1.691
	-1.533
	−0.487
	−0.717
	Meteorological

	9
	Feb–Apr 2008
	3
	-1.434
	-0.895
	−0.455
	+0.915
	Mixed†

	10
	May 2008–Jan 2009
	9
	-1.691
	-1.302
	−1.037
	−1.366
	Meteorological

	11
	Aug-Sep 2009
	2
	-1.097
	-1.032
	−1.398
	−0.941
	Meteorological

	12
	Feb–May 2014
	4
	-1.434
	-1.068
	−1.190
	−1.438
	Meteorological

	13
	Jan–Apr 2023
	4
	-1.248
	-1.099
	−1.375
	−1.914
	Meteorological


Notes: Events 7–10 constitute a 27-month drought cluster within a 31-month window (Jun 2006–Dec 2008), the most severe sustained hydrological drought in the observational record. † indicates events where mean SPEI-3 > 0 during the SLLI drought period, suggesting dominant non-meteorological (anthropogenic) forcing. Bold: record extremes.
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