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Every year, floods devastate communities with great social and economic costs. Flood 

modeling can allow for greater anticipation and response to these natural disasters. Artificial 

intelligence (AI) and machine learning (ML) are rapidly evolving fields with increasing 

capacities, holding potential for use in processing historical data to create more effective flood 

model predictions. However, with ML models, the risk of bias remains ever prevalent when 

considering its application. In this systematic survey, I examine recent studies surrounding the 

applications of ML-based flood prediction and bias through four central guiding questions 

regarding the most prevalent bias concerns, debiasing methods, and the efficacy of these 

methods, as well as the suggested direction for future research. Studies tend to focus on a 

technical definition and address of bias, seeking to mitigate bias in datasets and models. Future 

research suggests focusing on improving generalizability, expanding datasets, and integrating 

different models to improve performance. However, there exists a gap proposing concrete policy 

actions, as well as discussion of ethics-based handling of bias beyond a technical definition. 

Nonetheless, ML-based flood models still hold strong potential for enhancing existing flood 

prediction frameworks. 

  



 

3 
 

Acknowledgements 

 

I am grateful for all the support that I have from my thesis committee and the Clark 

Honors College community throughout all the twists and turns of the thesis process. Thank you 

to my Primary Thesis Advisor, Daniel Lowd, for providing guidance and direction from the early 

stages of this project. Thank you to my CHC Representative, Trond Jacobsen, for instruction on 

the many facets that go into a thesis. Thank you to Miriam Alexis Castellón Jordan, for 

coordinating all the logistics behind this thesis process. Thank you to my CHC Advisor, Kristen 

Rahilly, for addressing my scheduling questions and concerns. And thank you to my family and 

friends for lending a listening ear and providing a patient presence. I am truly lucky to have such 

a wonderful community. 

 

  



 

4 
 

Table of Contents 

Introduction 6 
Question and Methods 8 

Motivation 8 
Research Methods 8 
Research Questions 9 
Search Strategy 10 

Search Resources 10 
Search String 10 
Inclusion and Exclusion Criteria 11 

Results 14 

RQ1: Bias Concerns 14 
RQ2: Debiasing Methods 16 
RQ3: Efficacy of Methods 18 
RQ4: Future Research 19 

Discussion 21 
Limitations and Future Research 24 
Conclusions 25 
Bibliography 26 
Supporting Materials  

Slides: Thesis Prospectus Oral Presentation  



 

5 
 

List of Tables  

Table 1: Publication channel and number of selected papers. ...................................................... 11 
Table 2: Types of data extracted from studies .............................................................................. 12 
Table 3: Quality assessment values .............................................................................................. 13 
Table 4: Data summary of bias concerns ...................................................................................... 14 
Table 5: Data summary of debiasing methods .............................................................................. 16 
Table 6: Data summary of future research .................................................................................... 19 

 

 

 



 
 

6 
 

Introduction 

Artificial intelligence (AI) is a rapidly evolving field, driven by machine learning (ML), 

algorithms that learn from data without explicit programming. ML can process large datasets, 

with applications in summarizing data, analyzing trends, and generating reports for all kinds of 

fields. However, as researchers explore new technical opportunities, practical applications 

introduce critical ethical considerations. Fairness, bias, and accountability are issues being 

defined in the discourse over what it means to create ethical AI systems [29] [42] [43] [39] [33], 

as well as considerations for data privacy, sovereignty, and costs. This led to the focus of this 

thesis on the ethical use of ML technology in addressing bias. 

I first began by searching for existing literature reviews on the topic of interest, which 

was machine learning and bias. They focus on identifying biases commonly addressed in 

research, finding that many studies examine the impact of race and gender bias in hiring, 

criminal justice, and healthcare applications; ML algorithms can perpetuate existing inequalities, 

even leading to feedback loops [48] [49]. The preliminary search identified gaps in research 

directed towards disability, religious, and political bias, as well as the influence of machine bias 

in climate and environmental modeling. Data bias, such as collection gaps in historical data can 

influence how models are developed and used for specific communities in climate adaptation or 

disaster prediction with AI. When decision makers use these predictions to inform policy 

implementations, which groups are disenfranchised? This question guided me to narrow down 

the research focus to studies regarding ML-based predictive models for flood prediction and bias. 

Flooding devastates communities with great social and economic costs, and climate 

change has only exacerbated the unpredictability and impact of these floods [27]. Thus, 

leveraging machine learning advancements to anticipate and ameliorate flood disasters is a 
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worthwhile field of research that serves communities around the world. ML has been used in 

historical flood modeling, but recent research in ML-based methods offer advantages to 

traditional methods [8]. Traditional physics-based models face limitations such as the need for 

extensive hydro-geomorphological monitoring datasets, which may be difficult to collect and 

update [11]. The complexity of these traditional models also means that real-time flood 

prediction is infeasible, especially with limited computational resources [5]. ML-based models 

can process data with higher variation and peaks in a variety of sources [12], and enhance 

existing flood prediction by integrating real-time data, allowing for greater live forecast 

capacities and early warning systems [28]. Thus, the advantages of using AI in flood prediction 

over traditional physics-based models include improved data processing capacities, reduced need 

for highly specialized technical expertise, and the potential for real-time response and warning 

applications. With greater, more accurate computational potential, ML-based flood prediction 

can aid in mitigating flood impacts through functions like identification of vulnerabilities, early 

warning systems, advising of resource allocation, and beyond. 

Nonetheless, data bias, model bias, and other ethical concerns such as data privacy 

endure in this application of ML; it is crucial for researchers to critically engage with what that 

means for the models they develop and the most vulnerable populations it may potentially 

impact. There are barriers to using AI for informing decision making and risk management, 

including inflated expectations leading to overestimating the performance of AI and overreliance 

with a lack of critical human examination of implications before turning to action. Another risk 

is the black-box nature of ML, which makes it difficult for users to examine and understand the 

results generated [14]. Thus, additional inspection is imperative for identifying how we can use 

ML-based flood prediction techniques ethically. 
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Question and Methods 

Motivation 

Without any warning, floods can cause devastation and displacement of vulnerable 

communities. The implementation of timely policies informed by predictive models could allow 

for preemptive evacuation or reinforcement against the disaster. On the other hand, should 

predictive models fail, it would decrease trust in future predictions or limit the community’s 

ability to react in advance. By addressing bias in predictive models, researchers could produce 

more cohesive and effective forecasts, which may in turn help lessen the social and economic 

costs of floods and other natural disasters. 

The potential applications of ML in climate and disaster predictions could serve 

communities in informing preemptive action against natural disasters, but social and technical 

biases such as data gaps or poor generalizability still pose risks to utilizing this technology 

effectively. This review aims to summarize current research, identify gaps in literature, and 

collective a cohesive view on the next step for policy action and research. While regulations can 

rarely keep up with the rate at which modern technology and information develop, a clear 

internal ethical guideline for handling bias, informed by the current state of research, would 

allow researchers to proceed with an informed and conscientious baseline.  

Research Methods 

The goal of this systematic literature review (SLR) is to perform exploratory research on 

how ML-based flood prediction models, with a specific focus on how researchers address bias in 

the models. To achieve this goal, I follow the guidelines suggested for the major steps of a SLR 

as outlined in a guideline by Kitchenham and Charters (2004) and referenced the methodology of 
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other literature review studies published on machine learning topics [19] [20] [29]. The first step 

is planning the review, which contains the relevant stages of 1) identification of the need for a 

review, 2) specifying the research question(s), and 3) developing a review protocol. The next 

step is conducting the review, which has the associated stages of 1) identification of research, 2) 

selection of primary studies, 3) study quality assessment, 4) data extraction and monitoring, and 

5) data synthesis. 

Research Questions 

I established four guiding research questions: 

RQ1: What bias concerns are raised regarding the use of machine learning in flood 

prediction models? 

RQ2: What are the most frequently implemented methods for debiasing flood prediction 

models? 

RQ3: Based on the findings from RQ1 and RQ2, how closely do proposed solutions 

address key ethical concerns in the research and development of ML-based flood prediction 

models? 

RQ4: What are the recommended directions of future research for addressing bias in ML-

based flood prediction modeling? 

By addressing these main research questions, I aim to gain deeper insight into the current 

trajectory of machine learning and flood prediction modeling, as well as synthesize potential next 

steps for addressing bias during applications of ML-based flood modeling. 
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Search Strategy 

Search Resources 

I searched for articles in the following three digital libraries: IEEE Xplore, Science 

Direct, and Springer Nature Link. I chose these publication channels as well-established 

platforms for peer reviewed journals and conference papers in fields including computer science 

and climate science. For each channel, I searched for the target search terms using their 

“Advanced Search” option and filtered according to my inclusion criteria, outlined in a later 

section. I used Zotero to save and manage the library of relevant literature. 

Search String 

For the scope of this literature review, I wanted to focus specifically on studies regarding 

the topic of disaster prediction, specifically flood prediction, and machine learning, with 

discussion on addressing or mitigating machine bias when using AI predictive models. Thus, 

after implementing some pilot searches, I refined the search term as: 

(“flood* prediction” OR “flood* model*”) AND “machine learning” AND “data bias” 

I use the wildcard character (*) with the phrase “flood*” to capture any variations of 

“flood”, “floods”, “flooding”; tying it to “prediction” or “model*” returns results that more 

specifically contain the target phrase in the context of predicting floods, the natural disaster, 

thereby reducing false positives of the search term. (This was quite crucial as simply “flood” can 

result in false positives such as “information flooding a system”.) Using (AND) with “machine 

learning” as well as “data bias” filters more specifically for studies that include machine learning 

techniques and discuss data bias. This allowed me to cast a search net with more precise filtering 

without overly restrictive target search terms. 
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Inclusion and Exclusion Criteria 

I defined the criteria to include or exclude a paper in this review. I used these criteria to 

carefully screen each result by title and abstract to remove ones that were not relevant to the 

research question. 

Inclusion criteria: 

• The study is written in English. 

• The study is published in a peer-reviewed publication channel: IEEE Xplore, 

Springer Nature Link, or Science Direct. 

• The study was published between 2020 – 2025. 

• The study is related to flood prediction and bias in machine learning predictive 

models. 

Exclusion criteria: 

• The study is not relevant to any research questions. 

• The full text of the study is not available in the search database and accessible 

using institutional accounts. 

• The study is related to disaster prediction but not machine learning. 

• The study is related to machine learning but not to disaster prediction. 

• The study in a language other than English.  

• The study is not identified as peer reviewed. 

• The study is duplicated. 

After screening, I determined 26 studies to include in the primary analysis of the SLR, as 

documented in Table 1. 

Table 1: Publication channel and number of selected papers. 

PUBLICATION CHANNEL SELECTED PAPERS 

Ieee Xplore 15 

Science Direct 9 

Springer Nature Link 2 

Total 26 
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Data Collection 

I documented extracted data from the final selected papers for review in an Excel 

spreadsheet. Table 2 details the types of data recorded. 

Table 2: Types of data extracted from studies 

TYPE DATA 

Standard Information Title, authors, DOI, publication year, 
publication or conference name, paper type, 
reason for exclusion (if applicable) 
 

Research Questions RQ1: bias concerns, RQ2: debiasing methods, 
RQ3: efficacy of methods, RQ4: future 
research 
 

Machine Learning Related ML model(s), evaluation metrics, 
recommended model/application, data period, 
data source 
 

Flood Modeling Related Region, risk/prediction factor 

Study Quality Assessment Values for: data sourcing, data validation, 
model selection, model validation, bias 
assessment, generalizability 
 

 

 After all the studies included in the primary analysis were reviewed, the final findings 

were summarized and documented in a separate table to identify the major themes among each 

research question. 
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I also performed quality assessment of the reviewed studies, developing a set of quality 

assessment criteria [25]. 

Table 3: Quality assessment values 

QUALITY 

CATEGORIES 

HIGH (3) MEDIUM (2) LOW (1) 

Data Sourcing Data sources clearly 
documented and 
critically assessed, 
appropriate temporal 
and spatial resolution 

Data sources partially 
documented and 
assessed or lack of 
appropriate temporal 
and spatial resolution 
 

Data source 
description entirely 
lacking 
 

Data Validation Data gaps/outliers are 
addressed and handled 
appropriately, data sets 
are cleaned 
 

Data validation has 
been somewhat 
performed 
 

No data validation 
 

Model Selection ML model is clearly 
described and justified 
 

ML model is 
somewhat described 
and justified 

No discussion of ML 
model or rationale for 
selection 

Model Validation Model validation is 
thoroughly performed 
and justified 
 

Model validation 
somewhat performed 
 

No data validation 
 

Bias Assessment Biases and potential 
causes are defined and 
discussed 
 

Some definition and 
discussion of biases 
and potential causes 

No discussion of 
biases and potential 
causes 

Generalizability There is a proper use-
case to evaluate results, 
results are general 
enough to be expanded 
to other situations 
 

Minimal use-case for 
testing, results are 
somewhat 
generalizable 

Highly specific results 
constrained to the 
study, lacking a use-
case to evaluate the 
results 

 

 Based on the values they receive in each category, I assigned each study a final quality 

rating, which is the average of the applicable categories. 
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Results 

RQ1: Bias Concerns 

What bias concerns are raised regarding the use of machine learning in flood prediction 

models? 

Table 4: Data summary of bias concerns 

BIAS CONCERNS COUNT 

Insufficient data, limited monitoring 8 

Model bias 5 

Data imbalance 4 

Data privacy 2 

Computational constraints 2 

Algorithmic transparency, accountability 1 

Unequal access to climate prediction tools 1 

Interpretability barriers 1 

Overburdening of certain socio-demographic populations 1 

 

The major bias concerns raised in the reviewed studies include data imbalance, data 

privacy, bias from insufficient data or limited monitoring, and model bias. ML-based flood 

prediction models are prone to underestimating the upper ranges of flood occurrences due to the 

data imbalance where extreme flood occurrences have less recorded instances. Additionally, 

computational constraints are an area of concern limiting the effectiveness of ML-based flood 

prediction models. Issues of algorithmic transparency and accountability, unequal access to 

climate prediction tools, interpretability barriers, and overburdening of certain socio-
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demographic populations are also mentioned, although with much less frequency. This bias 

concern relates to failures in the representativity of data and its impact on vulnerable 

populations. For example, crowdsourced data has data biases related to systemic exclusions of 

certain populations from uneven coverage and limited access to internet services; these “digitally 

invisible populations” may be misgauged or overlooked [9] and high-risk regions with fewer 

data points may be classified as lower risk [34]. 

Most studies discuss bias in a technical perspective, focusing on algorithmic methods that 

can allow for the mitigation of bias in the data or the model. Definitions of bias with more 

societal impact focus are lacking; some papers only discuss it as a passing model metric (percent 

bias value), listed purely as a technical term. Reviews that I reference beyond my primary SLR 

analysis tend to provide a greater ethics-based perspective. The focus of ethics-based perspective 

papers, discuss concepts like overburdening vulnerable populations [24] in more depth compared 

to the technical explorations of ML for climate modeling. Lack of discussion in literature 

suggests that there is an insufficient framework for defining and critically addressing bias when 

it comes to ML-based flood modeling. 
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RQ2: Debiasing Methods 

What are the most frequently implemented methods for debiasing flood prediction models? 

Table 5: Data summary of debiasing methods 

DEBIASING METHODS COUNT 

Statistical bias correction 8 

Model development 5 

Data augmentation 4 

Crowdsourced/open-source data 3 

Federated learning 1 

Post-hoc interpretation methods 1 

 

The main debiasing methods utilized by studies in this review fall under the categories of 

data augmentation, statistical bias correction (e.g., BCSD, downscaling, Multivariate Hawkes 

process), and model development. Use of crowdsourced and open-source data, federated 

learning, and other post-hoc interpretation methods are also mentioned as a potential method to 

address bias. Specifically, data augmentation methods such as SMOTE, undersampling, and 

oversampling are frequently utilized to address bias stemming from data imbalances, where 

specific classes of data ranges are underrepresented. Statistical bias correction is used to account 

for systemic bias in the model predictions.  

Oversampling, which includes techniques like SMOTE (Synthetic Minority Over-

sampling Technique), involve selecting an instance in the minority class, identifying its k-nearest 

neighbors, and generating synthetic samples that are in a similar range to that sample of the 

minority class. This rebalances the data and minimizes bias towards the minority class. 

Undersampling, on the other hand, randomly removes instances from the majority class, 
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achieving a similar effect, although oversampling tends to yield more accurate models than 

undersampling [2]. 

Other methods under the category of “model development” include integrating different 

ML-models to augment their performance and improve their performance against key metrics 

like accuracy, precision, ROC, and percent bias. Ensemble machine learning techniques combine 

multiple models to reduce the bias of individual models, minimize overfitting, and enhance 

overall model robustness. Random Forest (RF) is a technique where the algorithm creates 

multiple decision trees based on random parts of the data, picks random features so that each tree 

is different, and combines the predictions that each tree produces. It is one of the most frequently 

used ensemble techniques, outperforming single models, and helps with identifying key features 

and avoiding overfitting [1] [2] [3] [7] [14] [23] [32] [40] [46]. Presence-only models are another 

alternative to dealing with data gaps since they only focus on locations where flood data has been 

observed, thus circumventing the issue of conflating lack of historical data with true non-flood 

zones [3] [10]. Federated learning is one method proposed to mitigate data privacy concerns [6] 

by training a model on multiple clients, keeping their data decentralized. Furthermore, using 

crowdsourced data to address areas with historical data gaps or limited monitoring may allow for 

more data coverage of otherwise data-sparse areas, though the risk of overlooking digitally 

invisible populations remains [9]. 
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RQ3: Efficacy of Methods 

Based on the findings from RQ1 and RQ2, how closely do proposed solutions address key ethical 

concerns in the research and development of ML-based flood prediction models? 

As summarized in the previous section, many of the studies focused on technical 

definitions of bias, and the methods they employed to mitigate these biases were also technical 

and algorithmic based. The high frequency of data bias and corresponding data augmentation 

methods align effectively. Ensemble methods and statistical bias correction aid with reducing 

bias from systemic bias in individual models. Concerns of data privacy are also addressed with 

methods like federated learning. However, focusing on mitigating data bias may not actually be 

the most valuable direction of reducing burden on vulnerable communities [24]. The greatest 

challenge remains for researchers to audit for and mitigate representational bias. This may 

require more field studies of affected populations, as well as cross-border collaboration and 

management of data collection.  

Furthermore, studies propose use of explainable AI (XAI) to address concerns of hidden 

bias due to the “black-box” nature of ML [14], aiding to establish greater trust in AI systems. 

However, XAI frameworks are not widely implemented or developed in the studies that focus on 

technical methods for debiasing. Thus, even though proposed and tested methods for addressing 

bias are successful, they are still not always applied, nor is there a cohesive method for 

integrating all methods into ML-based flood prediction models for widespread, organized 

applications. Studies still frequently mention limited knowledge about representational bias as a 

limitation and direction for future research.  
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RQ4: Future Research 

What are the recommended directions of future research for addressing bias in ML-based flood 

prediction modeling? 

Table 6: Data summary of future research 

FUTURE RESEARCH COUNT 

Generalizability 9 

Expanding datasets 9 

Compare against alternatives 8 

Integration (of other techniques, models) 5 

Validation/Follow-up monitoring 4 

Scaling model application/capacity 3 

Improve interpretability 2 

Enhancement/Further development 2 

Qualitative research of communities 1 

 

Most further improvements fall under the broad categories of integrating models or 

methods, expanding datasets, and improving generalizability. Many suggestions for future 

research focus on improving the performance and accuracy of the prediction model, such as 

expanding the generalizability of models by testing them with different data or in different 

climate conditions, collecting more data or implementing greater monitoring to expand datasets 

for model training, and integration of machine learning with other models to improve 

performance.  

Another important direction for future research is to improve interpretability and 

transparency of ML-based models. This includes continued development of explainable (XAI) in 
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future research, such as exploring how XAI tools can identify inherent data bias that causes 

model inaccuracies, comparing models with XAI tools to check for consistency, and addressing 

sources of discrepancies in XAI results compared to historical models [14]. This will allow 

future model developments to identify if different predictions from ML-based models arise from 

model bias, data bias, or discovery of new patterns.  

Furthermore, studies call for additional research to audit for representational bias, such as 

socio-economic bias. This includes auditing existing and novel data sources, such as geospatial 

data [13] or crowdsourced data channels [11] to further improve training datasets. How are 

existing models transferable to underrepresented areas? From the topics that studies suggest for 

future research, there exists a consciousness of broader issues like interpretability, scalability, 

and impact of local communities. However, significant continual research efforts are still 

required to better identify and address them. 
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Discussion 

From the results of the SLR, a summary of key findings is that: 

• Most studies focus on bias concerns of data imbalance, data privacy, insufficient data 

or limited monitoring, and model bias. 

• Frequently implemented techniques for debiasing are data augmentation, statistical 

bias correction, and model development. 

• Studies focus on technical sources of bias and debiasing, with less discussion of 

ethical considerations and bias definitions. While the efficacy of technical debasing 

methods is high for technical bias, it is lower for representational biases. 

• Future research directions include improving generalizability, expanding datasets for 

training, further improving model performance, and increasing model interpretability. 

• There is strong potential for effective applications of ML-based technologies for 

flood prediction and recommendation for further research, but direct policy 

suggestions are minimal. 

With flood modeling research, it is key that the studies can translate into something that 

can aid policymakers and other relevant decision makers take meaningful action towards 

mitigating negative flood impacts. However, there exists a gap among the reviewed studies in 

recommending some sort of governance policy or action plan based on their findings. Many of 

the studies conclude with a recommendation for flood policy experts to leverage their findings or 

technology to make more informed decisions for flood response but lack direct actionable 

suggestions. This may be because of the knowledge gap between subject area expertise. 

What is the recommended governance, policy action, or real-world response given the 

results of ML-based flood prediction modeling? Studies state recommendations to use their 
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predictions to guide development and infrastructure away from high-risk zones [31]. However, 

this may still be insufficiently helpful to decision makers because they still lack information on 

how to define these zones. One way to address this gap could be to include guidelines for 

response to model predictions. For example, what should be the response policy for a “high” 

flood risk but “low” flood impact? What about “low” flood risk but “high” flood impact? Or 

something in the middle? What predictions fall under each category of flood risk? Management 

of resource allocation, another frequently mentioned way to leverage flood model predictions for 

serving communities [9] [34], could also use similar collaboration with experts knowledgeable 

about natural and human resource management. 

For example, the risk of data imbalances where models underestimate upper flood values 

is that policymakers underestimate the impact of predicted floods and react insufficiently. If 

there is lower perceived risk than real risk, there would be inadequate response. Therefore, it 

would be key for model reports to highlight the chance for models to underestimate upper ranges 

and provide a metric that details the possible “high end” of flood risk. 

Addressing these data imbalances with data augmentation faces limitations as well. Data 

augmentation methods call for strata or classes of data ranges to be defined, which requires 

sufficient prior information to identify the ranges as well as proficient understanding to properly 

identify the extreme ranges. For example, when models are validated with methods such as 

stratified k-fold cross validation, which splits the dataset into k subsets, trains it on k-1 subsets, 

and tests it against the kth subset. This process is iterated and averaged over k iterations to 

estimate generalization ability of the model; stratification allows the original distribution of each 

class to be retained in each of these k subsets. This is an effective method for evaluating a model, 

particularly with imbalanced data. However, the application of this type of validation hinges on 
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knowing the ranges. With shifting climate conditions and precipitation patterns that deviate from 

historical norms, it may become more difficult to accurately stratify data ranges. 

Another key point for consideration for studies regarding AI fairness, bias, and 

accountability is for researchers to critically define what kind of fairness they aim for through 

debiasing. With certain algorithms, sufficient data diversity can mitigate undesirable side effects 

of varied data [43]. Thus, increasing data sources and collection to gain diverse dataset may help 

promote more “fair” ML outputs. At the same time, the definition of “fairness” holds certain 

assumptions about a system. The two main conflicting definitions of fairness are individual 

fairness and group fairness. Individual fairness assumes that individuals who are similar should 

be treated similarly; individuals should receive consistent and equal treatment based on their 

features, regardless of what demographic group they belong to. Group fairness, or non-

discrimination, assumes that demographic groups should be treated similarly as a whole; 

protected groups should receive equal outcomes to address historical and structural biases [42]. 

Both definitions are valid and applicable in different cases, but the adoption of a definition 

should be a conscious choice, which defines the assumption that goes into the core of a model’s 

worldview. When debiasing a model, it should also be defined what kind of standard for fairness 

is being used. Is the goal individual fairness or group fairness? This contradiction may help 

explain why papers “fail to engage critically with what constitutes ‘bias’ in the first place” [29]. 

The ML research community has worked to identify strategies to mitigate unwanted bias and 

promote fairness in the outputs of ML flood models. However, researchers are still working to 

fill a gap with regards to defining and articulating the assumptions that ML systems inherently 

encode from its creator(s) and its limitations. Nonetheless, ML methods can complement and 

enhance existing flood prediction models. 
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Limitations and Future Research 

Due to financial and time constraints, I only assessed studies that were open access or 

accessible to students with institutional accounts from three publication channels. Thus, this 

review may omit relevant studies with restricted access. Thus, while many of the papers included 

in this review focus on technical bias, this may be due to the limited scope of my search string. 

However, my findings align with the results of other systematic literature reviews in similar 

fields and corroborate that there are still studies that lack a critical discussion of bias. 

Additionally, this review focuses on recent studies to track the most recent developments in the 

application of ML-based flood modeling. However, older applications of ML exist. For 

additional in-depth future reviews, it may be valuable to compare older publications to compare 

the evolution of the field. Another future research topic may be to investigate how ethical uses of 

ML are regulated in other well-established fields to gain a better interdisciplinary understanding 

of ML use and draw from shared terminology and regulatory policies. 

Additionally, another crucial consideration when it comes to application of ML-based 

technologies is whether the computational demands of AI would put additional strain on certain 

communities despite serving another. This ethical decision for AI use impacts vulnerable 

communities. One area I would like to investigate beyond the scope of this thesis is the 

possibility of using AI models in a way conscientious of the demands that powering AI can put 

on power grids and water infrastructures of communities. Does this put unfair demands on 

certain communities just to provide benefits to others? Based purely on resources spent and 

resources saved, for example energy, would it be possible to offset the net cost? Even if there is a 

net gain, where would that allocation and distribution be and who benefits? Systems analysis 

research could provide insight into these questions.  
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Conclusions 

Bias is inherent in AI systems. Following best practices to debias data and models can 

allow for better predictions, but it may be impossible to eliminate bias from any human-based 

system. Thus, it remains imperative that researchers and policymakers work together to define 

protocols that acknowledge the existence of biases and make the most of the valuable insight that 

AI can provide while maintaining human judgment. Gaps between technical ML research and 

ethical governance policy are still apparent in the way that bias is discussed and addressed in the 

studies reviewed. These gaps signals areas for decision making and suggest a need for greater 

interdisciplinary committees to collaborate and determine ethical policies. Effective risk 

management and decision-making techniques when faced with uncertainty are at the core of 

developing a strategy that maximizes the utility of ML-based flood predictions and minimizes 

the shortcomings of inherent biases. After all, an algorithm can generate a near-perfect model, 

but it takes the understanding of human interactions to bring real change to a community. 
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