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Reviewer #2 

This study performed a regional-scale assessment of climate change impacts on flood for Western 

Africa, using two large-scale hydrological models with the bias-corrected CMIP6 climate projections. 

I think the study has high potential to form valuable knowledge base of the likely changes in flood in 

Western Africa, but I have some major concerns on the approach taken in hydrologically modelling, 

which limited my capacity to assess the results presented. As such, I’d like to seek further clarification 

and justification from the authors on their chosen approach, or reconsideration of alternative approach, 

before proceeding to further review of the results. 

We thank the reviewer for his encouraging feedback on the potential contribution of our study. We 

acknowledge the concern regarding the hydrological modelling approach. We have provided additional 

clarification and justification for our methodology in the revised manuscript.  

General comments: 

1. Given the substantial lack of data in the study region, I’m wondering about the value of using 

rather complicated hydrological models (distributed and semi-physical) rather than simpler 

models (e.g., lumped conceptual models)? There is a lack of 1) motivation for exploring 

distributed and semi-physical modeling approach within the study objective (in the Introduction); 

2) justification of modelling approach within Section 2.3 of the Materials and Methods. The start 

of the Introduction also touched on the challenge with data scarcity for the study region, which 

seems to suggest that uncertainties from input data might affect modelling (especially for more 

complex models which has higher data requirement) to some large degree - some assessments 

and/or discussion on this aspect would be useful. 

We agree that model complexity must be balanced against data availability, particularly in data-scarce 

regions such as West Africa. Nevertheless, our primary motivation for utilizing distributed models is to 

account for the spatial heterogeneity of runoff-generating processes such as variations in land use, soil 

properties, and rainfall patterns, which cannot be adequately captured by simple lumped models. It 

should also be noted that in these regions, many studies are based on simple models that rely exclusively 

on calibration, without explicitly taking basin properties into account. Our study proposes an important 

step forward by using process-based models, and in the future these models could also provide a better 

understanding of the complex interactions between climate and land-use changes. We have added in 

the introduction, pages 4-5, lines 127-138: “... Due to their simplicity and computational efficiency, 

lumped hydrological models have been widely applied in West Africa (Niel et al., 2003; Bodian et al., 

2016; 2018; Kwakye & Bárdossy, 2020; Koubodana et al., 2021). However, because runoff generation 

is an inherently spatial and temporally dynamic process, changing environmental conditions may 

impact flood frequencies and water availability (Wilson et al., 1979; Haddeland et al., 2002; Descroix 

et al., 2018). Although lumped models often perform comparably or even better than distributed models 

at the catchment outlet (Reed et al., 2004), their main limitation lies in evaluating the overall catchment 

response simply at the outlet, without accounting for the contributions of upstream individual sub-basins 

(Cunderlik, 2003; Pokhrel et al., 2008; Jajarmizad et al., 2012). The main advantage of distributed 

models is not necessarily a higher accuracy of runoff simulations at specific points (e.g., outlet or gauge 

stations), but rather their broader applicability and ability to simulate the impacts of spatially varying 

drivers and scenarios (Gebremeskel et al., 2005; Tang et al., 2007; Thielen et al., 2009; Chu et al., 2010; 

Tran et al., 2018). …” 
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2. In the current analyses, the HMF-WA model has not been calibrated, while calibration for 

LISFLOOD seems to be done previously which are not part of this study. This attracts several 

major questions on the modelling approach: 

- The disadvantage of not calibrating HMF-WA is clearly demonstrated in the results (Figure 2), 

the largely unsatisfactory performance of the model suggests that we have low confidence that it 

could even well represent the historical flood events. Although the results is accompanied by brief 

discussion on this issue that ‘projections of climate change impacts on African hydrological trends 

were produced using…’ – the decision to use an uncalibrated model is generally not standard in 

the international literature and require much more justification. 

We partly agree with the reviewer that using an uncalibrated model is uncommon in the international 

literature to provide hydrological scenarios of climate change impacts. One of the most striking 

examples is the use of ISIMIP (Frieler et al., 2017) simulations (large-scale global models that are 

mostly uncalibrated) for numerous hydrological impact studies, including in the journal Science 

(Gudmundsson et al. 2021). Furthermore, most land-surface models used to provide hydrological 

scenarios are also not calibrated. 

One of the core objectives of this study is to evaluate the consistency of climate change signals across 

hydrological models that differ in structure and complexity, and notably to identify whether the use of 

a calibrated model could provide different hydrological projections under climate scenarios. By 

including both a calibrated model (LISFLOOD) and an uncalibrated model (HMF-WA), we aim to 

investigate how model calibration influences the projection of flood trends under changing climatic 

conditions, and to evaluate the potential of uncalibrated hydrological models as a practical alternative 

for addressing data scarcity in poorly gauged regions for climate impact studies. We have added a 

justification in the description of selected hydrological models (Section 2.3, lines 312-319): “... 

Nevertheless, while calibration can enhance the accuracy of discharge simulations, several studies have 

highlighted that uncalibrated global hydrological models often exhibit comparable sensitivity to climate 

variability as the regional calibrated hydrological models, particularly when assessing relative changes 

in extreme events between future and historical periods (Gosling et al., 2017; Zhao et al., 2025). 

Therefore, whether a calibrated hydrological model offers different climate change projections than an 

uncalibrated model needs further investigation (Pechlivanidis et al., 2017). …”. Moreover, our findings 

(line 803 in the revised manuscript) suggest that: “... using both models, the climate forcing has more 

importance than the hydrological representation itself.” 

- On the LISFLOOD model, further justifications and details are required on the calibration 

process, including the input data, objective function, and cross-validation (if any). Such 

information on calibration is necessary for the reviewers/readers to assess the suitability of these 

models for the purpose of the study. 

We thank the reviewer for raising this important point. We have added a detailed description of the 

calibration process of the LISFLOOD model in the revised manuscript, at page 10, lines 291-319): “... 

The LISFLOOD version used in this study (OS LISFLOOD v4.1.3) was regionally calibrated with a 

0.05° (~5 km) resolution, using in-situ discharge gauge stations with at least four years of daily 

measurements recorded after 1 January 1982. In this setup, model parameters are linked to global 

geospatial datasets describing catchment morphology and river networks, land use, vegetation 

characteristics, soil properties, lake distribution, and water demand (Salamon et al., 2024; Choulga et 

al., 2024). The Distributed Evolutionary Algorithms in Python (DEAP; Fortin et al., 2012) framework 

https://www.zotero.org/google-docs/?3STu0R
https://www.zotero.org/google-docs/?C70fkM
https://www.zotero.org/google-docs/?xH1RUh
https://www.zotero.org/google-docs/?xH1RUh
https://www.zotero.org/google-docs/?xH1RUh
https://www.zotero.org/google-docs/?x0KI3f


. 

was applied to optimize parameters in gauged catchments, with the modified Kling-Gupta Efficiency 

(KGE; (Gupta et al., 2009) utilized as the objective function. Calibration was performed over a 

continuous simulation period using ERA5 reanalysis meteorological forcing. Due to the varying length 

and temporal coverage of the discharge records used for calibration, model performance was assessed 

using all available observational data at each station, rather than splitting the records into separate 

calibration and validation periods. The LISFLOOD calibration tool is freely available at 

https://github.com/ec-jrc/lisflood-calibration.” 

- Further, it is not clear whether the LISFLOOD models have been explicitly calibrated/evaluated 

to a flood context. Please see an example of calibration of hydrological models tailored to rarer 

floods, would the models used in this study benefit from a flood-centered calibration? Wasko et 

al., 2023. https://doi.org/10.1016/j.jhydrol.2023.129403 

We thank the reviewer for the relevant reference. Unlike in Wasko et al. (2023), where the GR4J lumped 

rainfall-runoff model was locally calibrated to rare floods using a flood-centered objective function, the 

LISFLOOD model calibration relies on the modified Kling-Gupta Efficiency (KGE; Gupta et al., 2009), 

which is not explicitly designed to prioritize rare or extreme events. Nevertheless, LISFLOOD has 

demonstrated robust performance in simulating daily river discharge across a large number of 

calibration sites worldwide, with a global median KGE of 0.70 

(https://confluence.ecmwf.int/display/CEMS/GloFAS+v4+calibration+hydrological+model+performa

nce). Importantly, LISFLOOD is the core hydrological model used in both the Global Flood Awareness 

System (GLOFAS) which provides an overview on upcoming floods in large world river basins (Alfieri 

et al., 2013; Hirpa et al., 2018; Harrigan et al., 2020; Prudhomme et al., 2024; Silva Peixoto et al., 2024) 

and the European Flood Awareness System (EFAS; Thielen et al., 2009; Matthews et al., 2024) which 

operates on a pan-European scale to provide short-to medium-range flood forecasts (Smith et al., 2016; 

Zábori et al., 2024), under the Copernicus Emergency Management Service (CEMS). Its proven 

applicability to large-scale hydrological forecasting and flood monitoring confirms its suitability for 

simulating floods, especially in large river basins. This is a key reason for its use in the present study. 

In addition, LISFLOOD GloFAS and EFAS set-ups are also used by the CEMS Global and European 

Drought Observatories (GDO, EDO, respectively) for low flow index and soil moisture anomaly 

estimation (e.g. Toreti et al., 2025). LISFLOOD GloFAS set-up also proved to enable adequate 

assessment of total water storage (e.g. Jensen et al., 2025) and is used for various purposes. Therefore, 

a flood-centered objective function was not used in the calibration process. 

Moreover, we have assessed the LISFLOOD model’s ability to simulate flood behavior, by comparing 

the distributions of observed and simulated annual maximum flows using the Anderson-Darling (AD) 

test at the 0.05 significance level (Scholz & Stephens, 1986). The results indicate that LISFLOOD 

reproduces the statistical properties of extreme flows reasonably well at a majority of the gauged 

stations, providing further confidence in its application for flood frequency analysis under historical 

and projected climate conditions. We have added this point into the discussion of the hydrological 

model evaluation results in the revised manuscript (lines 635-639): “... In addition, the satisfactory 

performance of the LISFLOOD model indicates that, although a flood-centered calibration approach 

could potentially improve its ability to capture extreme flows and their trends (Wasko et al., 2021), the 

current model setup provides a satisfactory basis for regional-scale flood trend assessments. …” 

3. Section 2.2 on data: given the substantial challenges in data availability for the study region, I 

think specific attention should be paid to the representativeness of the data to ensure they are not 
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biased towards a specific type of catchment, and/or specific time periods. I think this can be 

achieved by adding the following details: 

- A summary table (possibly in the Supplementary) of the selected study sites, with information 

on their catchment areas, mean annual catchment-averaged rainfall, mean annual streamflow, 

and the range of years over which streamflow data is available. 

We thank the reviewer for this helpful suggestion. We have compiled a summary table of the selected 

gauge stations, providing key characteristics including catchment area, mean annual catchment-

averaged rainfall, mean annual streamflow, and the range of years for which streamflow data are 

available. This table has been added to the Supplementary Material (Table S1). 

- The study site selection criteria mentioned ‘a minimum of 10 years streamflow time series 

between 1950 and 2018’ – does this allow for data gaps (i.e., days with missing or low-quality 

streamflow data), and if so, what is the maximum length of gaps allowed? 

As stated, our selection criterion required a minimum of 10 years of continuous available streamflow 

data between 1950 and 2018. This criterion allows for data gaps provided that there are no missing 

values near the potential annual peak flood). We have clarified this aspect in the revised manuscript 

(section 2.2, lines 213-218): “... To address the challenges associated with missing data in the database, 

we conducted a year-by-year visual inspection of hydrographs at each station as illustrated by 

Supplementary Figure S2. Years with data gaps near the flood peak were excluded from the analysis to 

avoid the risk of missing the true annual peak flood (Wilcox et al., 2018). Through this screening 

process, we ensured that no AMF values were derived from periods characterized by  a lot of missing 

data.” 

 

Figure S2: Illustration showing the handling of missing data in an annual hydrograph of daily discharge 

measurements. A significant portion of data, particularly around the peak discharge period, is missing 

(highlighted by the red circle). Such a year is excluded from the analysis to ensure the accuracy of the 

annual peak flood sampling. 

https://www.zotero.org/google-docs/?2beQU4
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- How variable is the land uses in this study region? If they are rather heterogeneous, a summary 

of key land use types in each catchment would also be useful. 

The study area is characterized by a heterogeneous landscape across the different catchments, with 

considerable variability in land use. We have added to the Supplementary Material (Table S2) a 

summary of key land cover types (forest, urban, crop, irrigated crops, grass, shrub, sparse, and 

bare) in each catchment, detailing the dominant land uses and their respective proportions. 

Table S2: Land use distribution across different catchments in the study area. The table shows the 

proportion of each land use type (Forest, Urban, Crop, Irrigated Crops, Grass, Shrub, Sparse, and Bare) 

within the catchments identified by their unique IDs. Each value represents the proportion (percentage) 

of the respective land use type within a given catchment. 

ID Forest Urban Crop Crop Irrig Grass Shrub Sparse Bare 

ADHI_114 0.06 0 0.46 0 0 0.48 0 0 

ADHI_121 0.27 0 0.29 0 0 0.44 0 0 

ADHI_123 0.83 0 0.11 0 0 0.06 0 0 

ADHI_131 0.74 0 0.17 0 0 0.09 0 0 

ADHI_144 0.49 0 0.49 0 0 0.02 0 0 

ADHI_163 0.96 0 0.01 0 0 0.03 0 0 

ADHI_172 0.05 0 0.78 0.01 0.02 0.14 0 0 

ADHI_179 0.27 0.01 0.72 0 0 0 0 0 

ADHI_180 0.31 0 0.67 0 0 0 0 0 

ADHI_183 0.56 0 0.44 0 0 0 0 0 

ADHI_187 0.33 0 0.39 0 0 0.27 0 0 

ADHI_198 0.52 0 0.25 0 0 0.23 0 0 

ADHI_270 0.76 0 0.17 0 0 0.07 0 0 

ADHI_276 0.74 0 0.14 0 0 0.12 0 0 

ADHI_304 0.02 0 0.04 0.03 0.25 0.37 0.26 0.07 

ADHI_315 0.05 0 0.74 0 0 0.2 0 0 

ADHI_316 0.09 0 0.41 0.01 0.11 0.08 0.05 0.25 

ADHI_319 0.14 0 0.38 0.01 0.09 0.11 0.03 0.25 

ADHI_320 0 0 0.62 0.02 0.21 0 0.12 0.03 

ADHI_321 0.33 0 0.51 0 0.01 0.13 0 0 

ADHI_324 0.37 0 0.48 0.01 0 0.14 0 0 

ADHI_325 0.83 0 0.09 0 0.04 0.03 0 0 

ADHI_332 0.39 0 0.02 0 0.58 0.01 0 0 

ADHI_372 0.02 0 0.8 0 0 0.17 0 0 

ADHI_390 0.7 0 0.23 0 0 0.07 0 0 

ADHI_394 0.62 0 0.33 0 0 0.04 0 0 

ADHI_507 0.58 0 0.18 0 0 0.24 0 0 

ADHI_510 0.8 0 0.08 0 0 0.11 0 0 

ADHI_511 0.43 0 0.44 0 0 0.13 0 0 

ADHI_515 0.32 0 0.54 0 0 0.14 0 0 

ADHI_519 0.05 0 0.74 0 0.09 0.11 0 0 

ADHI_531 0.5 0 0.44 0 0 0.05 0 0 

ADHI_548 0.78 0 0.01 0 0 0.2 0 0 

ADHI_550 0 0 0.21 0.01 0.69 0.01 0.05 0.03 

ADHI_560 0.08 0 0.38 0.02 0.23 0.2 0.04 0.06 

ADHI_571 0.11 0 0.49 0 0 0.39 0 0 

ADHI_585 0.63 0 0.29 0 0 0.07 0 0 

ADHI_587 0.56 0 0.23 0 0 0.21 0 0 

ADHI_592 0.1 0.01 0.87 0 0 0.02 0 0 
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ADHI_595 0.19 0 0.58 0.01 0.01 0.21 0 0 

ADHI_596 0.75 0 0.15 0 0 0.09 0 0 

ADHI_597 0.96 0 0.01 0 0 0.03 0 0 

ADHI_605 0.02 0 0.93 0.01 0 0.05 0 0 

ADHI_607 0.43 0 0.09 0 0 0.48 0 0 

ADHI_612 0.39 0 0.09 0 0 0.52 0 0 

ADHI_613 0.71 0 0.07 0 0 0.21 0 0 

ADHI_617 0.61 0 0.21 0 0 0.18 0 0 

ADHI_639 0.41 0 0.55 0 0 0.04 0 0 

ADHI_640 0.3 0 0.57 0.01 0.01 0.11 0 0 

ADHI_649 0.91 0 0.07 0 0 0.02 0 0 

ADHI_650 0.92 0 0.01 0 0 0.07 0 0 

ADHI_651 0.72 0 0.16 0 0 0.11 0 0 

ADHI_678 0.76 0 0.1 0 0 0.14 0 0 

ADHI_692 0.1 0 0.45 0.03 0.19 0.12 0.04 0.08 

ADHI_1183 0.19 0 0.4 0 0 0.4 0 0 

ADHI_1269 0.71 0.01 0.28 0 0 0.01 0 0 

ADHI_1400 0.07 0 0.8 0 0 0.13 0 0 

ADHI_1401 0.1 0 0.75 0 0 0.15 0 0 

 

- Sources of input data for the hydrological models e.g., rainfall, temperature – it is unclear where 

they are from, it is implied from the later Section 2.5 that rainfall and temperature were from 

GCM rather than observed, but it would be helpful to clarify this earlier in the data section. 

We appreciate the helpful suggestion from the reviewer. In response, we have revised Section 2.2 (lines 

201–226) to clarify the sources of input data for the hydrological models. Now Section 2.2 reads: “2.2 

Observational data and climate forcings for hydrological experiments: Daily streamflow data for 

the period 1950-2018 were obtained from the African Database of Hydrometric Indices (ADHI) recently 

developed by Tramblay et al. (2021). This database provides hydrometric indices computed from 

different data sources, with daily discharge time series that span at least 10 years. In the ADHI database, 

the size of the 441 West African catchments ranges from 95 to 2,150,000 km2, and some stations have 

daily discharge data spanning over 44 years. Figure 1 shows the spatial distribution of the ADHI stations 

used in this study. We only selected watersheds from the ADHI database that met the following three 

criteria: (i) low regulation, determined through visual inspection of dam locations relative to watershed 

outlets (see Supplementary Figure S1), combined with a year-by-year analysis of annual hydrographs 

to assess the impact of dam operations on streamflow, (ii) surface area of less than 150,000 km², and 

(iii) a daily streamflow time series covering a minimum of 10 years between the 1950 and 2018. To 

address the challenges associated with missing data in the database, we conducted a visual inspection 

of hydrographs at each station as illustrated by Supplementary Figure S2. Years with data gaps near the 

flood peak were excluded from the analysis to avoid the risk of missing the true annual peak flood 

(Wilcox et al., 2018). Through this careful screening process, we ensured that no AMF values were 

derived from periods characterized by  a lot of missing data. It is important to note that the observational 

streamflow data are not used to calibrate or drive the hydrological models. Instead, these observations 

serve as an independent benchmark to evaluate the ability of the hydrological models to reproduce key 

flood statistics during the historical period. The LISFLOOD model was calibrated using the ERA5 

reanalysis dataset, which provides consistent and high-resolution precipitation and temperature fields. 

Moreover, ERA5 was also used as a reference for the bias correction of the five climate models from 

the CMIP6 ensemble that were used to drive the hydrological simulations for both the historical and 

future periods (see Section 2.4).” 
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4. Section 2.3: I understand that the details of the two hydrological models are presented in the 

corresponding papers cited, but I think the readers could benefit from some additional 

background on these models, at least covering the key processes represented in each model on 

converting rainfall to runoff. This information is currently only partly available for the HWF-

WA model (with only the recently added process representations listed) and not communicated 

for the LISFLOOD model. After presenting these, I’d also love to see a quick summary of the key 

differences between the models to justify your point in the Abstract that the two models ‘differ in 

their hydrological process representation’. 

We appreciate the reviewer's suggestion. We have expanded Section 2.3 (lines 261-319) to clarify the 

key hydrological processes in each model and the key differences between the two models. The updated 

section now reads:  “The HMF-WA model is adapted from the modular HMF model, and is designed 

for large-scale applications across West Africa (Rameshwaran et al., 2021). It employs a vertically 

integrated soil moisture scheme to simulate runoff production, driven by rainfall and potential 

evaporation inputs. Runoff generation considers soil drainage and a spatial probability distribution of 

soil moisture. Routing is based on a kinematic wave approach (Bell et al., 2007), with parallel pathways 

for surface and subsurface flow. Key enhancements over the classical HMF model include modules to 

simulate wetland inundation, endorheic basins, and anthropogenic water withdrawals, making it well-

suited for semi-arid environments with complex hydrology (Rameshwaran et al., 2021). HMF-WA 

simulates spatially consistent river flows across West Africa at a 0.1° × 0.1° spatial resolution. Although 

it has not yet been specifically calibrated to individual West African catchments using observed 

streamflow data where the model hydrology is configured to local conditions using spatial datasets of 

physical and soil properties, HMF-WA model evaluation against observational data indicates that it 

performs reasonably well in simulating both daily high and low river flows across most catchments. 

The median values of NSE (Nash-Sutcliffe efficiency), NSElog, and  BIAS are 0.62, 0.82, and 0.06 (6 

%), respectively (Rameshwaran et al., 2021).  

The LISFLOOD model, developed by the Joint Research Centre (JRC) of the European Commission 

(https://ec-jrc.github.io/lisflood/), is a physical, spatially distributed hydrological model, designed for 

simulating several hydrological processes that occur in a catchment (Van Der Knijff et al., 2010). The 

LISFLOOD model simulates water processes using a three-layer soil water balance, along with 

groundwater and subsurface flow models. It accounts for several processes such as snow 

accumulation/melt, infiltration, evapotranspiration, groundwater flow, surface runoff, etc. Moreover, it 

supports the integration of human influences such as reservoirs and water abstraction. The numerical 

LISFLOOD simulation is driven by meteorological forcing (precipitation, temperature, and 

evapotranspiration) combined with high-resolution spatial data on terrain morphology, soil 

characteristics, land use, and water demand. This integrated setup allows the model to simulate runoff 

processes under diverse climatic and socio-economic conditions, capturing both natural and 

anthropogenic influences across heterogeneous landscapes. The runoff produced at every grid cell 

within the model domain is routed through the river network using a kinematic wave approach. The 

LISFLOOD version used in this study (OS LISFLOOD v4.1.3) was regionally calibrated with a 0.05° 

(~5 km) resolution, using in-situ discharge gauge stations with at least four years of daily measurements 

recorded after 1 January 1982. In this setup, model parameters are linked to global geospatial datasets 

describing catchment morphology and river networks, land use, vegetation characteristics, soil 

properties, lake distribution, and water demand (Salamon et al., 2024; Choulga et al., 2024). The 

Distributed Evolutionary Algorithms in Python (DEAP; Fortin et al., 2012) framework was applied to 

optimize parameters in gauged catchments, with the modified Kling-Gupta Efficiency (KGE; Gupta et 

al., 2009) utilized as the objective function. Calibration was performed over a continuous simulation 
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period using ERA5 reanalysis meteorological forcing. Due to the varying length and temporal coverage 

of the discharge records used for calibration, model performance was assessed using all available 

observational data at each station, rather than splitting the records into separate calibration and 

validation periods. The LISFLOOD calibration tool is freely available at https://github.com/ec-

jrc/lisflood-calibration.  

Globally, while both models use a kinematic wave routing scheme, HMF-WA and LISFLOOD differ 

significantly in their hydrological process representation. HMF-WA applies a vertically integrated soil 

moisture scheme with simplified runoff generation based on spatial soil moisture distribution. In 

contrast, LISFLOOD features a more detailed, physically-based three-layer soil model with an explicit 

representation of groundwater, snow processes, and anthropogenic influences. Furthermore, 

LISFLOOD has been calibrated using in-situ discharge data. Nevertheless, while calibration can 

enhance the accuracy of discharge simulations, several studies have highlighted that uncalibrated global 

hydrological models often exhibit comparable sensitivity to climate variability as the regional calibrated 

hydrological models, particularly when assessing relative changes in extreme events between future and 

historical periods (Gosling et al., 2017; Zhao et al., 2025). Therefore, whether a calibrated hydrological 

model offers different climate change projections than an uncalibrated model needs further investigation 

(Pechlivanidis et al., 2017).” 

Specific comments: 

1. Line 51 – it will be clearer if the change in flood magnitude can be summarized specific to the 

flood return period(s) investigated. 

We appreciate the reviewer's suggestion. We now specify the change in flood magnitude by return 

period and future horizon in the abstract (lines 52-55): “... Flood magnitudes are projected to increase 

at 94% (96%) of stations for the 2-year (20-year) event in the near-term future, and at 88% (93%) of 

stations for the 2-year (20-year) event in the long-term future, with some locations expected to 

experience increases exceeding 45%. …” 

2. Figure 1 caption: ‘grey lines’ instead of ‘white lines’? 

We have changed the word “white” by “grey” in the wording caption of Figure 1 (page 8): “Figure 1: 

Spatial distribution of the ADHI stations used in this study, covering the three climatic zones in the 

West African region, as delimited by the blue isohyets (600 mm and 1200 mm annual rainfall) on the 

map. The color ramp of the circles indicates the record lengths of flood data (in years). The blue lines 

represent isohyets delimiting West African climatic regions, and the grey lines indicate the borders of 

West African countries.” 

3. Line 177 – decision on ‘low regulation’ catchments: the Supplementary Fig. 1 suggested that 

this is based on whether there is a dam located near the watershed outlet, with no information 

what defines a dam ‘near’ or ‘far from’ the outlet – was this based on visual inspection, or a 

threshold distance used? If the latter, how was the threshold distance determined? 

We appreciate the reviewer’s constructive comment regarding the decision on ‘low regulation’ 

catchments. The identification of "low regulation" catchments was based on visual inspection of the 

dam locations relative to the watershed outlet, using both the GRanD database 

(https://www.globaldamwatch.org/grand) and Google maps, combined with a year-by-year analysis of 

the annual hydrographs. This allowed us to verify whether the dam's construction or operational start 
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date caused noticeable changes in the streamflow regime. No fixed distance threshold was applied. We 

have clarified this aspect in the description of the observational data, Section 2.2, lines 208-213: “... We 

only selected watersheds from the ADHI database that met the following three criteria: (i) low 

regulation, determined through visual inspection of dam locations relative to watershed outlets (see 

Supplementary Figure S1), combined with a year-by-year analysis of annual hydrographs to assess the 

impact of dam operations on streamflow, (ii) surface area of less than 150,000 km², and (iii) a daily 

streamflow time series covering a minimum of 10 years between the 1950 and 2018. …” 

4. Section 2.6.1 – the introductory section for GEV is very informative, however, I think it could 

benefit from additional information on what positive and negative shape parameters mean, which 

seem to be useful context to the subsequent discussion on the plausible values of the shape 

parameter. 

We thank the reviewer for the insightful suggestion. We have now added information about the 

meaning of shape parameter values, in Section 2.6.1, lines 418-426: “... The shape parameter 

(ξ) governs the tail behaviour of the GEV distribution, which encompasses three types of extreme 

value distributions (Coles, 2001): (i) a positive  shape parameter (ξ > 0) indicates a heavy-tailed Fréchet 

case (Fréchet, 1927), suggesting an increased probability of extreme flooding events, (ii) a null 

shape parameter (ξ = 0) suggests a light-tailed Gumbel class (Gumbel, 1958), and (iii) a negative shape 

parameter (ξ < 0) indicates a short-tailed or (bounded) negative-Weibull distribution (Weibull, 1951). 

This parameter is crucial for assessing the risk of rare floods and informing the design 

infrastructure to withstand such extremes. ...” 

5. Line 293: ‘…estimate the GEV parameters in a non-stationary context’ – can you elaborate a 

bit on what exactly this refers to – is it about fitting multiple GEVs to different periods of the data 

to represent non-stationary conditions? 

We appreciate the reviewer’s suggestion regarding the clarification of the wording "estimate the GEV 

parameters in a non-stationary context." This refers to allowing the GEV distribution parameters to vary 

with time, in order to capture temporal changes in the statistical behavior of annual peak flood time 

series. We have added this clarification in the revised manuscript, at page 15, lines 436-439: “... We 

have used the Generalized (Penalized) Maximum Likelihood Estimation (GMLE) method (Martins & 

Stedinger, 2000) to estimate the GEV parameters in a non-stationary context, by allowing the model 

parameters to vary with time (Coles, 2001). …” 
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