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We would like to express our sincere gratitude to the Editor for keeping the discussion open upon request and to
the Reviewers for recognizing the significance of our work. We are especially thankful for their constructive
comments and valuable suggestions, which we have carefully addressed in the revised version. The comments were
found to be very helpful in enhancing the clarity and overall quality of the manuscript.

Reviewer #1:

This paper is in the context of flash floods, loss estimation models, and flood preparedness. The paper introduces
the FLEMO#ash model, using data from past German flash floods; methodologically, it combines machine learning
and Bayesian networks to estimate probabilistic losses and their uncertainties. In terms of topics, the paper is
relevant for and aligned with NHESS. The paper is well-written and -organised. Comments are mostly minor (even

typos).

The authors would like to thank the reviewer for acknowledging significance and for providing us with the valuable
feedback. The comments were found to be very helpful in improving the quality of the manuscript and will be
acknowledged. We have responded (in black) to each comment (in blue). All references cited in our responses are
listed at the end of this letter.

The only major comment is about preparedness. From the paper, | do not understand what is meant by preparedness,
and in specific what ‘high’ and ‘low’ preparedness mean.

We thank the reviewer for this question. We have added the following text in Section 3.3.1 (P15/L323-330) to
address the missing clarification.

“Through feature selection and Bayesian Networks we identified emergency measures success (ms) and
knowledge about emergency action (ke) for companies and private households respectively, as the significant
variables (see Tables S2 and S3 for details on the questions and responses). Building on this, we conceptualised
preparedness using these variables and categorized it into low, medium, and high levels. For companies, high
preparedness was defined as having undertaken emergency measures that were perceived to be mostly or
completely effective (ms = 3) and low preparedness (ms = 1) reflected low perceived effectiveness of such
measures. For private households, high preparedness was defined as having a clear understanding of emergency
actions based on official warnings (ke = 5), and low preparedness reflected limited to no understanding of what
todo (ke <2).”

What are the assumptions behind ‘preparedness’? e.g. that people with more knowledge of risk will act in a certain
way (which way?)? At page 14, it is said: ‘...doesn’t knew what to do’. For high preparedness, what people know
about what to do?

Residents with high levels of preparedness are more likely to take effective emergency measures, thereby reducing
the severity of flood loss. Despite its importance, the way preparedness is conceptualized in this study has certain
limitations. Specifically, the variable does not capture which exact actions respondents undertook. Therefore, it
would be misleading to speculate particular actions directly resulted in reduced losses. While the specific actions
likely varied across respondents, empirical evidence indicates that having clear knowledge of emergency action
generally contributes to better preparedness, consistent with previous findings.

We will mention this limitation in the revised manuscript in P16/L.361-367 as follows:

“Residents with high levels of preparedness are more likely to take effective emergency measures, thereby reducing
the severity of flood loss (Kreibich et al., 2005; Sairam et al., 2019). Despite its importance, the way preparedness
is conceptualized in this study has certain limitations. Specifically, the variable does not capture which exact
actions respondents undertook. Therefore, it would be misleading to speculate particular actions directly resulted
in reduced losses. While the specific actions likely varied across respondents, empirical evidence indicates that
having clear knowledge of emergency action generally contributes to better preparedness, consistent with previous
findings (Kreibich et al., 2021).”
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The model seems suited to derive the predictive density of losses, however | have doubt about the effect of
preparedness. | would be very cautious to include this part in the paper.

Thank you for this helpful feedback. We have revised the manuscript to clarify how predictive densities are
summarized. The following text has been added in P15/L.330-339:

“While preparedness has been extensively studied in the context of fluvial or riverine floods (Ludtke et al., 2019;
Schoppa et al., 2020; Wagenaar et al., 2018), its role in flash floods has not yet been systematically investigated.
To address this gap, we applied the FLEMOflash model to derive predictive densities of rloss. Results were
summarized using the median and associated uncertainty (25th and 75th percentiles) for selected combinations of
hazard, exposure, and vulnerability conditions, rather than displaying the full predictive densities (Figure 6). For
clarity of interpretation, Figure Al illustrates step by step how predictive densities are derived from the prior and
posterior distributions using kernel density estimation based on 1,000 resampled values, while Figure A2 provides
an overview of the posterior and predictive densities across varying levels of measure success (preparedness)
under same conditions of water depth and number of employees. ”

a) Empirical Density of Prior rloss b) Prior Distribution of rloss c) Posterior Distribution of rloss d) Predictive Density of rloss
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Figure Al: Visualizations of the prior, posterior, and predictive distributions of rloss (a) Empirical kernel density estimate of the
prior rloss based on collected data (b) Prior distribution of rloss represented as bin weights (inverse frequency) across discretized
intervals (c) Posterior distribution of rloss conditioned on wd € [1.85, 2.40) and emp > 38 (d) Predictive distribution of rloss generated
by resampling 1000 values using the prior bin weights and the posterior probabilities. The solid vertical line indicates the median
(50th percentile), while the dotted vertical lines represent the 25th and 75th percentiles, representing the predictive uncertainty.
Shaded area highlight the interquartile range.
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Figure A2: (a) Posterior distribution and (b) predictive density of relative loss (rloss) under condition of water depth (wd) € [1.85,
2.40) and number of employees (emp) > 38. (c—h) Posterior and predictive distributions of rloss for varying levels of measure success
(ms): Subplots c, e, g present posterior distributions of rloss under three ms conditions — not at all, only limited, and yes —
completely/most part — with wd € [1.85, 2.40) and emp > 38. Subplots d, f, h shows corresponding predictive densities, estimated
using kernel density estimation from resampled values (n = 1000). In each density plot, the solid vertical line marks the median (50th
percentile), while dotted vertical lines indicate the 25" and 75t percentiles, with shaded regions representing the uncertainty. The
sequence from top to bottom illustrates increasing levels of preparedness.

A secondary comment is that | would add some background about the previous /traditional version of FLEMO (e.g.
https://www.gfz.de/en/section/hydrology/ projects/4-flood-loss-model-flemo-for-residential-and-commercial-
sectors); there is none at the moment I think.

Thank you for the helpful suggestion. In the revised manuscript (P2-3/L54-75), we have incorporated additional
background.

“Traditionally, flood loss estimation relied on univariate stage-damage functions (SDF) (Middelmann-Fernandes,
2010). To improve the description of complex damage processes, the Flood Loss Estimation MOdel (FLEMOps)
for the private sector, was developed as rule-based, multivariate, deterministic model (Thieken et al., 2008). Merz
et al. (2013) and Sieg et al. (2017) introduced decision tree-based damage models that explicitly quantify
uncertainty associated with both data variability and model structure uncertainty through bootstrap aggregation.
Subsequently, Bayesian Networks were used (BN-FLEMO), enabling the modelling of complex flood loss processes
through conditional probability relationships (Ludtke et al., 2019; Schoppa et al., 2020; Schréter et al., 2014;
Vogel et al., 2018).

In parallel, various machine learning approaches have also been developed for flood loss estimation, including
neural networks (Salas et al., 2023), random forests (Ghaedi et al., 2022), Bayesian regression (Mohor et al.,
2021). Among these, Bayesian networks are particularly advantageous due to their probabilistic representation of
conditional dependencies among multiple variables, handle missing data, and model transferability (Schroter et
al., 2014). Bayesian models enhance the understanding of flood loss dynamics by quantifying uncertainty and
offering probabilistic estimates. For instance, Wagenaar et al. (2018) developed a regional and temporal
transferable BN-FLEMO for microscale residential applications, which was later upscaled to mesoscale by Liidtke



et al. (2019). In addition to the FLEMO typology, various synthetic, multivariate, rule-based flood loss models
have been proposed for fluvial flood contexts (Amadio et al., 2019; Dottori et al., 2016; Nofal et al., 2020; Sairam
et al., 2020).

However, all these loss models were developed to simulate damage processes during fluvial floods. In this study,
we present the first probabilistic flash flood loss model — Flood Loss Estimation Model affected by flash floods
(FLEMOnasn) using a BN-based approach and gain new knowledge about flash flood damage processes based on
the conditional probabilities among multiple influencing variables. The study identifies the important variables
and underlying processes that govern the flash flood losses. Additionally, we examine the predictive performance
of FLEMOxiash model and compare it with conventional SDF models. Finally, we illustrate the effect of preparedness
in controlling the extent of loss reduction”

Specific comments (P for page, L for line):

Valid for all direct citations: coma is not needed before the year, e.g. Smith et al. (2000) - and not Smith et al.,
(2000)

Thank you for pointing this out. We have corrected it.
Valid for the whole paper: equation factors, such as rloss, need to be in italic in the main text of the manuscript
Corrected.

Valid for the whole paper: do not use contracted forms like ‘doesn’t’. L223: The direction of the arrow represents
an association between two variables but doesn’t necessarily represent causality.

We have corrected it in the revised manuscript.

P2L42: double parenthesis in the citation

Corrected.

P2L50: double space before ‘significant’

Corrected.

P4L101: double space before ‘The percentage’?

Corrected.

P7L146, P11L.236: ‘This’ what? Add a noun, specify

Thank you for pointing out this lack of clarity. The revised text now reads as follows:

P7/L154-156: “Within the predicted bins of the discrete BN (rloss bins), we fit a continuous distribution by
applying weighted sampling to the empirical loss data, resulting in a smoothed representation of the loss

distribution (Schoppa et al., 2020). For further details on the BN structure learning we refer to Text S1 and Figure
Al.”

P11/L241-243: “Examining the performance with optimal predictors while modifying the number of bins, revealed
significant differences for companies but not for households, which could be attributed to the fact that the number
of data points for companies is relatively limited and more heterogenous (Schoppa et al., 2020) compared to
households.”

P9L.190: remove the dot before the parenthesis of Fig. 1d-e

Corrected. We will carefully proofread the revised manuscript.



References:

Amadio, M., Scorzini, A. R., Carisi, F., Essenfelder, A. H., Domeneghetti, A., Mysiak, J., and Castellarin, A.:
Testing empirical and synthetic flood damage models: the case of Italy, Nat. Hazards Earth Syst. Sci., 19, 661—
678, https://doi.org/10.5194/nhess-19-661-2019, 2019.

Dottori, F., Figueiredo, R., Martina, M. L. V., Molinari, D., and Scorzini, A. R.: INSYDE: a synthetic, probabilistic
flood damage model based on explicit cost analysis, Nat. Hazards Earth Syst. Sci., 16, 2577-2591,
https://doi.org/10.5194/nhess-16-2577-2016, 2016.

Ghaedi, H., Reilly, A. C., Baroud, H., Perrucci, D. V., and Ferreira, C. M.: Predicting flood damage using the flood
peak ratio and Giovanni Flooded Fraction, PLoS ONE, 17, e0271230,
https://doi.org/10.1371/journal.pone.0271230, 2022.

Kreibich, H., Thieken, A. H., Petrow, Th., Miiller, M., and Merz, B.: Flood loss reduction of private households
due to building precautionary measures — lessons learned from the Elbe flood in August 2002, Nat. Hazards Earth
Syst. Sci., 5, 117-126, https://doi.org/10.5194/nhess-5-117-2005, 2005.

Kreibich, H., Hudson, P., and Merz, B.: Knowing What to Do Substantially Improves the Effectiveness of Flood
Early = Warning, Bulletin of the American Meteorological Society, 102, E1450-E1463,
https://doi.org/10.1175/BAMS-D-20-0262.1, 2021.

Lidtke, S., Schroter, K., Steinhausen, M., Weise, L., Figueiredo, R., and Kreibich, H.: A Consistent Approach for
Probabilistic Residential Flood Loss Modeling in Europe, Water Resources Research, 55, 10616-10635,
https://doi.org/10.1029/2019WR026213, 2019.

Merz, B., Kreibich, H., and Lall, U.: Multi-variate flood damage assessment: a tree-based data-mining approach,
Nat. Hazards Earth Syst. Sci., 13, 53—64, https://doi.org/10.5194/nhess-13-53-2013, 2013.

Middelmann-Fernandes, M. H.: Flood damage estimation beyond stage—damage functions: an Australian example,
J Flood Risk Management, 3, 88-96, https://doi.org/10.1111/j.1753-318X.2009.01058.x, 2010.

Mohor, G. S., Thieken, A. H., and Korup, O.: Residential flood loss estimated from Bayesian multilevel models,
Nat. Hazards Earth Syst. Sci., 21, 1599-1614, https://doi.org/10.5194/nhess-21-1599-2021, 2021.

Nofal, O. M., Van De Lindt, J. W., and Do, T. Q.: Multi-variate and single-variable flood fragility and loss
approaches  for  buildings, Reliability =~ Engineering &  System  Safety, 202, 106971,
https://doi.org/10.1016/j.ress.2020.106971, 2020.

Sairam, N., Schréter, K., Liidtke, S., Merz, B., and Kreibich, H.: Quantifying Flood Vulnerability Reduction via
Private Precaution, Earth’s Future, 7, 235-249, https://doi.org/10.1029/2018EF000994, 2019.

Sairam, N., Schroter, K., Carisi, F., Wagenaar, D., Domeneghetti, A., Molinari, D., Brill, F., Priest, S., Viavattene,
C., Merz, B., and Kreibich, H.: Bayesian Data-Driven approach enhances synthetic flood loss models,
Environmental Modelling & Software, 132, 104798, https://doi.org/10.1016/j.envsoft.2020.104798, 2020.

Salas, J., Saha, A., and Ravela, S.: Learning inter-annual flood loss risk models from historical flood insurance
claims, Journal of Environmental Management, 347, 118862, https://doi.org/10.1016/j.jenvman.2023.118862,
2023.

Schoppa, L., Sieg, T., Vogel, K., Zoller, G., and Kreibich, H.: Probabilistic Flood Loss Models for Companies,
Water Resources Research, 56, e2020WR027649, https://doi.org/10.1029/2020WR027649, 2020.

Schroter, K., Kreibich, H., Vogel, K., Riggelsen, C., Scherbaum, F., and Merz, B.: How useful are complex flood
damage models?, Water Resources Research, 50, 33783395, https://doi.org/10.1002/2013WR014396, 2014.

Sieg, T., Vogel, K., Merz, B., and Kreibich, H.: Tree-based flood damage modeling of companies: Damage
processes and model performance, Water Resources Research, 53, 6050-6068,
https://doi.org/10.1002/2017WR020784, 2017.



Thieken, A. H., Olschewski, A., Kreibich, H., Kobsch, S., and Merz, B.: Development and evaluation of FLEMOps
— a new Flood Loss Estimation MOdel for the private sector, in: WIT Transactions on Ecology and the
Environment, FLOOD RECOVERY, INNOVATION AND RESPONSE 2008, London, England, 315-324,
https://doi.org/10.2495/friar080301, 2008.

Vogel, K., Weise, L., Schroter, K., and Thieken, A. H.: Identifying Driving Factors in Flood-Damaging Processes
Using Graphical Models, Water Resources Research, 54, 8864—8889, https://doi.org/10.1029/2018WR022858,
2018.

Wagenaar, D., Liidtke, S., Schréter, K., Bouwer, L. M., and Kreibich, H.: Regional and Temporal Transferability
of  Multivariable Flood Damage Models, Water Resources Research, 54, 3688-3703,
https://doi.org/10.1029/2017WR022233, 2018.



