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ABSTRACT: The ability to predict flood occurrences and gauge their socio-economic impacts is highly essential for flood 
management. This research collated one of the largest datasets of historical floods (4000+ entries) ever used in Australian flood 
research and mapped flood locations to raster datasets of hydrological flooding factors created using ArcGIS software. The 
resulting dataset underwent unsupervised clustering to display statistical significance and was used to train a Deep Learning 
Neural Network with an 85-90% accuracy in predicting flood likelihoods given coordinate inputs. A K-nearest-neighbors 
optimisation algorithm was used to determine the most relevant hydrological factors in flood prediction. Seeking to address 
current research gaps in estimating the societal impacts of floods, we merged the historical floods dataset with Australian census 
data and performed Ordinary Least Squares regression, accounting for time & space fixed effects through categorical regression 
variables. We discovered that floods disproportionately impact Indigenous Australians as flooded areas see a disproportionate 
increase in Indigenous Australian population, hinting towards a dangerous possibility of environmental redlining. This research 
also quantified how floods affect select census statistics such as household income, unemployment, and migration. This research’s 
regression model can be extended to gauge the impact of floods on any census statistic.  

KEYWORDS: Earth and Environmental Sciences; Water Science; Flood Prediction; Neural Network; Regression; 
Socioeconomic Impacts.

�   Introduction
While many associate Australia as a sunburnt country with 

dry and arid sweeping plains, regions within Australia’s east-
coast States are susceptible to frequent flooding.1 The Great 
Dividing Range blocks streams of moist air from the Tasman 
Sea, resulting in topographic rainfall and subsequent flooding 
in the States of Queensland, New South Wales, and Victo-
ria.2 Reports from the Australian government estimate that 
the heavy rain period of February to March of 2022 alone has 
caused a $5 billion hit to the Australian economy, and the In-
surance Council of Australia (ICA) showed the insurance bill 
for storms and floods since January 2020 has reached $12.3 
billion. This research aims to answer the question: “How can 
we predict the likelihood of a flood event and analyse its so-
cio-economic repercussions?”. This research has two major 
components:

1. Flood Prediction – Historical data on flooded and 
non-flooded regions in Queensland, Australia are mapped 
to a range of hydrological variables and used to train a deep 
learning neural network (DLNN). The DLNN is then used to 
assess the potential severity of previously unseen flood events.

2. Socio-Economic Inference – Historical flood data is or-
ganised into postal codes. Census data from flooded postal 
codes and non-flooded postal codes are analysed using ordi-
nary least squares regression to determine the impacts of floods 
on sociological variables.

The significance and novelty of this research is that not 
only can we determine which geographical areas are prone 
to flooding through flood susceptibility modeling, we can 

also quantitatively estimate the societal impacts of flooding, 
in terms of housing market fluctuations, population changes, 
and even variations in local Indigenous Australian percentages. 
This result is valuable as floods are unpredictable exogenous 
events and natural experiments to analyse such societal impacts 
are extremely rare. Flood susceptibility modeling gives individ-
uals more time to evacuate and emergency responders (State 
Emergency Services, Fire & Rescue, Paramedics) a forewarn-
ing to organise upcoming operations. Further, socio-economic 
inferences drawn from census data analysis will assist in better 
city planning, infrastructure development, and can provide a 
much-needed insight into redlining in Australia.3

�   Data Acquisition and Processing
All datasets used and created in this research fall with-

in 10.7050° S to 28.1421° S latitude and 139.3556° E to 
153.6165° E longitude. It is worth noting that a caveat with 
current research on flood analysis is its overly specific focus 
on local areas.4-6 This research seeks to innovate upon existing 
research by conducting flood analysis across the entire State of 
Queensland – an area that is an order of magnitude larger than 
areas studied in existing literature – so that the conclusions 
obtained from this research are readily usable by governments 
for objectives of accurate forecast and identification of flood-
prone and impacted areas, and first responder organizations to 
coordinate better rescue efforts.7 Three datasets were prepared 
during this research:
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Historical flood records and hydrological flooding fac-
tors will be used to train a Deep-Learning Neural Network 
(DLNN) that acts as a binary classifier. Given a set of hydro-
logical factors at the same geographical coordinate, the DLNN 
is able to determine whether a flood has occurred. On the other 
hand, Historical flood records can also be used with Australian 
census data to run Ordinary Least Squares (OLS) regression 
lines to ascertain the impacts of floods on census variables.

Important Variables In Each Dataset:
Important variables in Historical Flood Records dataset:
- Longitude
- Latitude

Important variables in Hydrological Flood Factors dataset:
- Elevation
- Slope
- Annual Rainfall
- Annual Mean Temperature
- 9am Humidity
- 3pm Humidity
- Stream Power Index (SPI)
- Sediment Transport Index (STI)
- Terrain Ruggedness Index (TRI)
- Topographic Wetness Index (TWI)

Important variables in Historical Flood Records:
•	 'median_age',
•	 'median_family_income',
•	 'median_household_income',
•	 'median_housing_monthly_loan_repayment',
•	 'median_rent',
•	 'average_household_size',
•	 'indigenous_count_male',
•	 'indigenous_count_female',
•	 'population_male',
•	 'population_female',
•	 'indigenous_percentage_male',
•	 'indigenous_percentage_female',
•	 'unemployment_male',
•	 'unemployment_female',
•	 lived in different address 1 year ago (male)
•	 lived in different address 1 year ago (female)
•	 lived in different address 5 years ago (male)
•	 lived in different address 5 years ago (female)

Historical Flood Records:
The historical flood records inventory consisted of 610 in-

stances of floods that occurred in Queensland dating back to 
2000, provided by the Australian Bureau of Meteorology’s 
open data portal.8,9 The raw data was provided as a table of 
text descriptions, each description containing flooded loca-
tions and their severities. These text tables of flood records 

were manually processed to obtain the final list of 610 distinc-
tive flooding events, each corresponding with a time, location 
(both postal code and coordinates), and severity (minor, mod-
erate, or major). It is worth noting that existing professional 
flood hazard modeling researchers consider a flood inventory 
size of 100-300 sufficient to analyze for trends.10,11 Locations 
of non-flooding were selected using the precise buffer extent 
function in ArcGIS, which drew a boundary around each 
flooded location. We then randomly selected points outside 
of this boundary as locations which most likely did not expe-
rience flooding since 2000. The random selection estimation 
is necessary as there does not exist databases which record in-
stances of non-flooding.

Hydrological Flooding Factors:
An analysis of past literature on conducting flood suscep-

tibility modeling using neural networks was conducted to 
determine significant flood and hydrological factors to gather 
and input into the DLNN.5,12,13 The 11 hydrological factors 
chosen were Elevation, Slope, Annual Rainfall, Annual Tem-
perature, 9am humidity, 3pm humidity, Distance to river, 
Stream power index (SPI), Sediment transport index (STI), 
Topographic wetness index (TWI), Terrain ruggedness index 
(TRI). The hydrological factors were then processed using 
ArcGIS as raster datasets and the specific raster values at 
flooding locations and non-flooding locations were extracted. 
The benefit to using a GIS model is the ability to integrate 
various kinds of data.14 The end result is a 1200+ entry data-
set containing flooded locations, non-flooded locations, and 
hydrological factors at each location. This combined dataset 
with be referred to as the floods & factors dataset (see Figure 2 
below) and is used to predict floods later in the paper.

The variables elevation, slope, distance to river, SPI, STI, 
TWI and TRI are constant. The variables annual rainfall, 
annual temperature and 9am/3pm humidity are annual cli-
matological averages of the past 30 years. As such, this set of 
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Figure 1: Datasets used for different sections of this research.

Figure 2: Floods & factors dataset, dataframe header displayed using 
python’s pandas library.
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flooding factors can be used to predict all flood entries within 
the floods & factors dataset.

Australian Census Data:
The Australian Bureau of Statistics publishes census data 

on their open data portal in five-year intervals, starting from 
1996.15 This research focuses on census data from 2006, 
2011, 2016 and 2021. Census data from each postal code in 
Queensland, in each census year, was downloaded in the form 
of a detailed 50+ sheet excel summary of every census statistic 
in each postal code. Across four census years this totaled out to 
be 1800 such summaries. From each summary, the specific data 
entries that were extracted were: Mean age, Family income, 
Mortgage repayment, Rent, Population*, Indigenous percent-
age*, Unemployment rate*, Number of people who lived in a 
different address 1 year/5 years ago*, Place of usual residence 
1 year/5 years ago*, and Industry of employment*. An asterisk 
(*) indicates the data is split into male & female counterparts. 
Specifically, census data on place of usual residence in the past 
will be critical in our attempt to understand human movement 
patterns as caused by floods.16 During this data extraction pro-
cess it was identified that some census files are either corrupt 
or have missing entries. The final inventory of census data used 
to infer the socio-economic impact of floods contains 1711 
rows, spanning all postal codes of Queensland, Australia across 
four census years, each row complete with all the aforemen-
tioned census entries.

�   Methods
Flood Prediction – Unsupervised Methods:
To conduct preliminary analysis on the floods & factors 

dataset, this research ran agglomerative clustering and k-means 
clustering algorithms on the floods & factors dataset, to see 
if flooded/non-flooded locations share statistical similarities. 
This was done using the python scikit-learn library.17 Each 
clustering algorithm was run once to cluster the entire data-
set and once again to cluster highest contributing elements as 
determined by a principal component analysis (PCA). This re-
search chose to use 5 clusters, with the rationale being these 5 
clusters will hopefully represent: no flood, minor flood, mod-
erate flood, major flood, and a miscellaneous unforeseen 
category.

Agglomerative clustering is a hierarchical clustering algo-
rithm that starts with each data point as its own individual 
cluster.18 The algorithm then iteratively computes distances 
between sets, and the closet clusters are merged. This process 
is repeated until only a set number of clusters remain.

K-means clustering begins by picking a random selection 
of K vectors (K datapoints, as each datapoint can be thought 
of as an N-dimensional vector) to be centroid vectors. Then 
the clustering algorithm determines the closest centroid for 
each datapoint, a process that splits the data into K groups.19 
The centroid of every group is then recalculated and each dat-
apoint is again grouped to the closest centroid. This process 
iterates until the dataset eventually converges on K clusters. By 
using agglomerative clustering which is a hierarchical method 
and K-means clustering which is a partition-based method, 

this research can circumvent K-means clustering’s tendency to 
draw to local optima, and agglomerative clustering’s high time 
complexity.20

A principal component analysis works by transforming 
the entire existing dataset into an N-dimensional vector space. 
This vector space is then transformed, using matrix multiplica-
tion, into a new vector space with the same dimensionality. At 
this point, each of the N new vectors in the new vector space is 
a linear addition of contributions from the N original vectors. 
Contribution here refers to how much each variable affects the 
variance in the data. We then obtain a list of contributions and 
choose the highest ones until we reach some threshold (e.g. 
when a combination of contributions add up to >95%, we can 
discard the rest). Clustering results are in the format (% flood-
ed areas / % unflooded areas):

All four unsupervised clustering methods have grouped data 
into some clusters that contain solely flooded or non-flood-
ed areas. This is evidence that there exists some distinction 
that separates flooded and non-flooded locations, enabling our 
dataset to be analysed using supervised methods.

Flood Prediction – Supervised Methods:
The 1200+ entries within the floods & factors dataset were 

assigned a binary classifier of 0 and 1, representing no flood-
ing and flooding respectively. A correlation heatmap was then 
generated using the seaborn python library. From this heatmap 
we can infer that the flooding factors considered in this re-
search are sufficiently distinctive from each other and are valid 
to use as unique predictors, as most correlation coefficients are 
between -0.5 to +0.5, representing low to negligible correla-
tion.

Figure 3: Clustering results of floods & factors dataset.

Figure 4: Correlation heatmap of hydrological flooding factors.

ijhighschoolresearch.org



	 27	

Flood Prediction – Deep Learning Neural Network:
The decision to use a Deep Learning Neural Network was 

inspired by Mosavi et al.’s study into major machine learning 
methods used in present flood prediction literature.22 Mosa-
vi identified that usage of Artificial Neural Networks, and by 
extension Deep Learning Neural Networks, far exceed that of 
other more interpretable ML methods such as Support Vec-
tor Machines, Decision Trees, and Random Forest. A Neural 
Network works by establishing an input layer, an output layer, 
and hidden layers of neurons. In this research, as each neuron 
is connected to each pervious neuron, the network is “dense”. 
Each connection between neurons is a multiplication by a 
weight, and for each layer, each neuron is added to a bias. At the 
output layer an activation function - for this research the Recti-
fied Linear Unit or ReLU function was used - outputs a value 
between 0 and 1.23 Then, the loss, or the difference between 
the network’s performance and the actual result, is computed 
as a function of the network weights. To minimize loss, we can 
determine its gradient, which is a partial derivative of the loss 
function with respect to weight. We then shift our weights in 
the opposite direction of the gradient in a process called gra-
dient descent. By iteratively running the neural network over 
a set number of epochs (100 epochs for this research), we can 
loop until the loss converges at a minimum, by which point the 
neural network is trained.

The deep learning neural network used in this research 
consisted of an input layer of 11 flooding factors, two hidden 
layers each with 50 neurons, and one output layer that is an 
estimation of either 1 or 0. 1 representing a flood prediction, 
0 representing a no-flood prediction. A dense network archi-
tecture is used in which every neuron is connected to every 
neuron in the previous layer, and the Rectified Linear Unit 
(ReLU) activation function is used to introduce non-linearity 
to the model. The rationale of only using two hidden layers 
was to prevent overfitting the DLNN, as a two-hidden-layer 
DLNN already reaches training accuracies of upwards of 98%. 
This DLNN architecture is similar to that of Kalantar et al’s 
2021 study.10

Here we let the trained DLNN make predictions on X_test, 
which is the testing set comprised of 30% of the original 
dataset. The second line “np.argmax(nn_pred_raw, axis=1)” 
identifies the index of the maximum value in each row, corre-
sponding to the predicted class label for that sample. Since this 
DLNN is a binary classifier, the class of 0 represents no flood 
and the class of 1 represents flood. These predictions are stored 

The floods & factors dataset was then passed through scikit-
learn’s StandardScaler,21 which is used for rescaling the factors 
so that they have the properties of a standard normal distri-
bution with a mean of 0 and a standard deviation of 1. This 
is also known as z-score normalization. The scaled dataset is 
then split into 70% training data and 30% testing data.

Flood Prediction – K Nearest Neighbours Model:
The K Nearest Neighbour (KNN) algorithm works by 

finding the decision boundary that separates one class from 
another (i.e. flooded vs non-flooded). Each entry in the floods 
& factors dataset can be represented as an 11-dimensional vec-
tor. Given a certain vector/entry, the KNN model determines 
the distance of X to every vector in the dataset. Then, the K 
vectors that are closest (nearest neighbours) to X are select-
ed, and the class that the most neighbours belong to is the 
predicted class of X. When given the full set of 11 flooding 
factors, the KNN model is roughly 80% accurate in predicting 
whether a flood has occurred based on local hydrological vari-
ables. However, this may not be the optimal set of variables to 
predict for floods. To solve this, we took the novel approach of 
iteratively running the KNN model with different combina-
tions of 2 to 11 flood factors, and picking the top performing 
sets of combinations. This is done using the combinations() 
function of python’s itertools module.

As seen in Figure 6, the KNN model performs to a max-
imum of just below 90% accuracy, between the 1250th and 
1500th combination, when using an optimal set of variables 
of 'Annual Rainfall', '9am Humidity', 'Distance to River', 
'STI', 'TWI', and 'TRI'. This accuracy serves to roughly es-
timate the accuracy by which the neural network can draw 
predictions from this dataset and will be later verified by the 
neural network.

DOI: 10.36838/v6i12.4

Figure 6: Graph of KNN model accuracies for all combinations of flooding 
factors.

Figure 7: Deep learning neural network architecture.

Figure 8: Deep learning neural network accuracy.

Figure 5: Header of scaled dataset using sklearn’s StandardScaler.

	 ijhighschoolresearch.org



	 28	

Socioeconomic Inference – Categorical Dummy Variables:
Before we can run the Ordinary Least Squares (OLS) re-

gression model on this merged dataset, we need some way to 
determine whether a zipcode has experienced a flood prior to 
a census year, when the census data was taken. We append-
ed a final boolean column “C(flooded_before_census)” to the 
merged dataset. The “C” denotes that a variable is categorical.

- C(flooded_before_census) = 1 means a flood has occurred 
in a zipcode, and a census was taken afterwards. The census 
data would therefore reflect impacts attributable to the flood.

- C(flooded_before_census) = 0 means one of two things: 
either the census was taken before the flood had occurred, or 
the census was taken in an area where no floods had occurred. 
In either case, this data entry will not reflect impacts attribut-
able to the flood.

By using C(flooded_before_census) as a dummy explanatory 
variable in an OLS regression line, we can look at its coeffi-
cient to analyse the impact of floods on the selected output 
variable.27 The coefficient of C(flooded_before_census) rep-
resents how big is the difference in a selected census variable 
(e.g. rent) between flooded and non-flooded areas, thus giving 
us the societal impact of floods. Given the extensive size of our 
merged dataset (3562 rows of census data), we are also able to 
interpret this impact at a high confidence level.

Aside from C(flooded_before_census), this research will 
use two additional categorical variables in the OLS regression 
analysis: C(census_year) is a categorical variable denoting the 
year that a census was taken, and C(zipcode) is a categorical 
variable denoting the zipcode where a census was taken. The 
reason for using C(census_year) and C(zipcode) is to control 
for, respectively, underlying time & space fixed effects which 
may influence the trend demonstrated by our OLS regression 
lines.

Time fixed effects are external effects that change over time 
but are constant across every point in space at any time, exam-
ples are government policy and global climate patterns. Space 
fixed effects are external effects that vary across space but are 
constant throughout time at any given space, examples are 
neighborhood socio-economic differences, distance to major 
cities, and local geography.28 

Let’s say we wish to estimate the impact of flooding on a 
census statistic like rent. When obtaining a trend from OLS 
regression, we need to be cautious whether any predicted in-
crease/decrease in rent was actually caused by flooding, or by 
external factors such as fiscal economic policy (a time fixed 
effect) and/or local housing price differences (a space fixed ef-
fect).29 It is possible that the rent decline was a normal part of 
the markets and not due to flooding.

To control for the effects of these underlying trends, we 
must add C(census_year) and C(zipcode) as dummy vari-
ables in the regression line, which allows the OLS regression 
model to assign coefficients to the specific year and zipcode 
of each datapoint that the regression line uses. The coefficient 
of C(census_year) will represent how time-variable external 
effects will have affected the regression each year, and the coef-
ficient of C(zipcode) will represent how space-variable external 
effects will have affected the regression each zipcode. Now if 

in nn_pred, which is then printed. Multiple executions of the 
DLNN return a prediction accuracy of around 85-90%, which 
verifies the prior optimised KNN model’s result. It is worth 
noting that existing flood hazard researchers generally accept 
80-90% model accuracy.1,13,24 The highest model accuracy that 
we have seen is in Kalantar et al’s research – 92.11% – albeit 
obtained with more complex methods, such as particle swarm 
optimisation and long-short term memory models.10

Socioeconomic Inference – Introduction:
Current research on flood hazard modelling focuses heav-

ily on data analysis, implementing predictive models, and 
fine-tuning parameters within these models.4,10-12,24,25 All the 
above papers end their research section when their respective 
researchers have successfully implemented a model that is ac-
curate to an acceptable standard. However, significantly less 
focus is placed on the socio-economic impacts of floods once 
they are predicted to occur. This research identifies the current 
lack of quantitative research conducted on the socio-econom-
ic impacts of flooding events, and we seek to innovate in the 
field of flood hazard assessment by bridging interdisciplinary 
fields of environmental science and sociology, the benefits of 
this interdisciplinary approach in Environmental Science be-
ing already recognized by many researchers such as Pacifico, 
A.26 To our knowledge, this research is the first ever attempt to 
analyse Australian flood data and census data simultaneously. 
Using an ordinary least squares (OLS) regression model, we 
have determined how floods impact sociological variables such 
as rent, income, unemployment, Indigenous populations, and 
more. We first combined the historical flood records dataset 
with the Australian Census Data dataset (see subsections re-
spectively under Data Acquisition and Processing) via data 
merging. This research rejects the null hypothesis at an alpha 
value of 0.05.

Socioeconomic Inference – Data Merging:
The two datasets used to infer the socio-economic impacts 

of floods are the Australian census dataset and the historical 
flood records dataset. They are left merged with Australian 
census data on the left. A left merge is a way of joining two 
datasets that keeps all data from the left dataset. Rows from 
the right dataset are combined with rows from the left data-
set based on a common column. In this research, the common 
column is zipcode, which both represents flood locations and 
census locations.

- For every row in census data, if census zipcode is the same 
as a zipcode in flood data, data from that flood data row will 
be joined to the right of the census data row.

- If a census zipcode matches multiple flood data zipcodes 
(which it often does), duplicates of the census row are created, 
each one matching a different flood row.

- If a census zipcode does not have a matching flooded data 
zipcode (i.e. the census area has not been flooded over the last 
20 years), a row of NaN (Not a Number) values are placed to 
the right of the census row.

DOI: 10.36838/v6i12.4
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we examine the coefficient of C(flooded_before_census), we 
will have reached a more unbiased estimate of the societal im-
pact of floods, where we have controlled time & space fixed 
effects to the best of our ability.

Socioeconomic Inference – Ordinary Least Squares Regres-
sion:

An Ordinary Least Squares (OLS) regression line attempts 
to establish a linear relationship between the explanatory vari-
ables (Xi) and the output variable (Y) such that:

Where a0 is the intercept of the regression line, and the error 
term attempts to capture unobserved factors. The goal is to 
minimize the sum of squared differences between the regres-
sion’s output and the actual dataset value. We can work out the 
regression coefficients (ai) as such:

Where Xiμ represents the mean of the ith explanatory vari-
able, and Yμ represents the mean of the output variable. OLS 
regression was performed using the Statsmodels python pack-
age. The scaffold code for each regression line is as follows:

When running a regression line, y_variable is replaced with 
the chosen census variable to predict. The multiple instances 
of x_variable are each replaced with a different census vari-
able that is correlated with the y_variable. reg_model.sumary() 
returns a table of coefficients for each x_variable. The coeffi-
cient of the dummy variable C(flooded_before_census) is then 
interpreted as the impact of flooding on the y_variable. OLS 
Regression results are as follows:

Regression lines highlighted in green are highly significant 
and have p value < 0.05, adjusted R squared > 0.80.

Regression lines highlighted in orange are moderately sig-
nificant and have p value < 0.1, adjusted R squared > 0.60.

Regression lines that are not highlighted as deemed not sta-
tistically significant as are not considered for interpretation.

This research also ran Two-Way and Multi-Way ANOVA 
to determine whether the aforementioned categorical variables 
are statistically significant. The ANOVA column describes the 
respective categorical variables in Figures 10 & 11 respectively 
that have a significant impact on the y_variable. A sample of 
the ANOVA code is shown below:

While other researchers may decide otherwise, this re-
search rejects the null hypothesis at an alpha value of 0.05.30 
A regression line on any given y_variable was only considered 
significant if the p value of said regression line met this alpha 
value (p < 0.05). A common trend identified as we undertook 
regression analysis is that by including all three categorical 
variables of flooding before census, census year and census 
zipcode, the resultant regression line often contains a p val-
ue greater than 0.05. If we were to conduct regression analysis 
with only categorical variables for flooding before census and 
census zipcode, without using census year, we can significantly 
reduce the p values for regression lines that previously had p > 
0.05, such as “Population”, “Indigenous Count”, and “Number 
of people who lived in a different address 5 years ago”.

However, regression lines for “Median household income” 
and “Median rent” saw a significant decrease in adjusted R 
squared when census year was removed as an explanatory vari-
able. The implication for this result is that “Median household 
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Figure 9: OLS regression baseline code.

Figure 10 A-P: Results of regression lines with C(flooded_before_census), 
C(census_year) and C(Zipcode) as explanatory variables.

Figure 11 A-P: Regression analysis with only C(flooded_before_census) and 
C(Zipcode) as explanatory variables.

Figure 12: Sample Three-Way ANOVA code snippet.

	 ijhighschoolresearch.org



	 30	

income” and “Median rent” are affected by underlying trends 
across time that need to be controlled by a categorical variable 
- C(census_year) - to yield statistically significant regression 
lines with R^2 > 0.85 and p < 0.05. While census statistics 
such as “Population” and “Indigenous Count” are less affected 
by such trends, hence C(census_year) could not be used as an 
effective explanatory variable for these statistics.

�   Result and Discussion 
Interpreting Regression Coeff icients:
The OLS regression model’s results (Figures 10 & 11) can 

be interpreted as such:
For highly significant regression lines (highlighted in green 

in Figures 10 & 11):
- Households that have experienced floods earn $35.4763 

dollars AUD less per week. (Figure 10A)
- Households that have experienced floods pay $6.4744 dol-

lars AUD less in rent per week. (Figure 10B)
- The number of males who lived in a different address 1 

year ago decreases by 32.3528 in each flooded zipcode. (Figure 
10N)

- The female population increases by 540.1989 in each 
flooded zipcode. (Figure 11G)

- The male population increases by 484.4042 in each flood-
ed zipcode. (Figure 11H)

- The Indigenous female population increases by 65.7023 in 
each flooded zipcode (Figure 11I)

- The Indigenous male population increases by 67.7436 in 
each flooded zipcode (Figure 11J)

- The Indigenous male percentage increases by 0.0130 in 
each flooded zipcode (Figure 11L)

- The number of females who lived in a different address 5 
years ago increases by 117.8125 in each flooded zipcode. (Fig-
ure 11O)

- The number of males who lived in a different address 5 
years ago increases by 61.9602 in each flooded zipcode. (Fig-
ure 11P)

For moderately significant regression lines (highlighted in 
orange in Figures 10 & 11):

- Household that have experienced floods pay $38.5837 dol-
lars AUD less in mortgage repayment per month (Figure 10C)

- Female unemployment percentage increases by 0.0066 in 
each flooded zipcode (Figure 11E)

- Male unemployment percentage increases by 0.0103 in 
each flooded zipcode (Figure 11F)

- The number of females who lived in a different address 1 
year ago increases by 21.1615 in each flooded zipcode. (Figure 
11M)

In the event that both a highly significant regression line and 
a moderately significant regression line existed for the same 
census variable (y_variable), only the highly significant regres-
sion line is interpreted.

Evidence for Environmental Redlining in Australia:
We have highly statistically significant results of how flood-

ing affects the total population (by sex) and the Indigenous 

population (by sex) at the zipcode level. We can further con-
duct the following analysis:

Dividing the female Indigenous population increase 
(65.7023) by the total female population increase (540.1989) 
gives the result that Indigenous females account for 
(65.7023/540.1989)*100 = 12.16% of the total female popula-
tion increase in a flooded zipcode. Similarly, dividing the male 
Indigenous population increase (67.7436) by the total male 
population increase (484.4042) gives the result that Indigenous 
males account for (67.7436/484.4042)*100 = 13.98% of the to-
tal male population increase in a flooded zipcode. As of 2021 
when the latest Australian census was conducted, Indigenous 
Australians only account for 3.8% of Queensland’s total popu-
lation.31 Assuming that floods impact Indigenous Australians 
and non-Indigenous Australians in the same way, we should 
expect the percentage increase in Indigenous population to 
mirror the 5.2% of Indigenous Australians in Queensland. 
However, the actual increase in Indigenous population does 
not reflect this.

Indigenous Australians only make up 3.8% of the Aus-
tralian population but account for 13% of the population 
increase in areas that have experienced flooding. This is ev-
idence that flooding disproportionately impacts Indigenous 
Australians.

Limitations and Considerations - Unsupervised Methods:
Even though agglomerative clustering and k-means cluster-

ing are mathematically different,20 both were able to ascertain 
what appears to be a decision boundary between flooded and 
non-flooded areas, as demonstrated by Figure 3. Not only does 
this explain the success of our deep learning neural network as 
a binary classification model, but it also demonstrates that our 
historical flood dataset is statistically valid to be analysed by 
other, less interpretable models, such as K-Nearest Neighbour 
predictor or a Neural Network.32

Limitations and Considerations - Supervised Methods:
A similar statement can be made here – that K nearest neigh-

bor models and neural networks are mathematically different, 
yet both models returned an accuracy of 85-90%, reinforcing 
the reliability of our predictions. Given any geographical coor-
dinate in Queensland and its corresponding set of hydrological 
flooding factors, we can determine whether a flood likely oc-
curred in said location. This result not only applies to the past 
20 years within the floods dataset, it is also extrapolatable into 
the future. This research does not use time-series data to make 
predictions. For data elements such as rainfall, temperature, and 
humidity that does change over time, this research takes the 
30-year climatological average (1990-2020) provided by the 
Bureau of Meteorology.9 In essence, the neural network sees 
climate as a static, geographically-dependent factor, and thus 
a prediction of flooding in an area can be generalised to imply 
“the flooding factors of this area is such that a flood is likely to 
occur, or to have occurred”. A limitation of this research is that 
climatological variables are obviously not static, and the neural 
network’s predictions will not be forever accurate, but this is to 
be expected of most prediction models that rely on past mete-
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orological data.33 Should the world’s climate change drastically 
in the future, different datasets of more recent climatological 
averages will need to be used to update the model.

Limitations and Considerations – Regression Model:
When running the OLS Regression Model, we minimised 

selection bias to the best of our ability by keeping the state level 
(Queensland) constant across all census data and flood data 
observations, and by collecting census data from every postal 
code in Queensland. Further, this research has accounted for 
time and space fixed effects through the inclusion of census 
year & zipcode, respectively, as dummy variables in the regres-
sion line (see subsection under Methods – Socioeconomical 
Inference). One significant limitation of OLS regression is the 
multicollinearity of input variables.34 When multiple explana-
tory variables are strongly correlated with each other and hence 
difficult to distinguish apart, it is difficult to determine the re-
gression coefficients of each. We can prevent this by choosing 
explanatory variables with low correlations.35

While median_rent and median_housing_monthly_loan_
repayment exhibit moderate to high correlation, the majority 
of explanatory variables used in OLS regression have low cor-
relation with each other. The correlation of the same variable 
between different genders is irrelevant, as no regression line 
in Figures 10 & 11 uses both male and female data. Anoth-
er limitation of OLS regression is that it can only be applied 
to explanatory variables that have a linear correlation with the 
output variable, meaning that OLS regression cannot assess 
the impact of floods on all census data variables. An example 
non-linear variable is median_age, for which no regression line 
was run.

Future Research Directions:
While this research attempts to ascertain the impacts of 

flooding on census statistics, the OLS regression model we 
employed assumes - for the sake of simplicity - that all flood 
events are identical. Future research could make use of the 
“Level” classification in the Historical Flood Records dataset, 

which separates floods into “minor”, “moderate”, and “major” 
in terms of severity defined by the Australian Government.36 
This could be done by considering flood level as a categorical 
dummy variable in the OLS regression line.

Alternatively, future research could use a similar DLNN ar-
chitecture to train a more nuanced flood prediction model that 
can determine the severity of an upcoming flood. It should be 
noted that the researched attempted this process yet was only 
able to achieve a DLNN accuracy around 80% due to a lack of 
data. Should future research be undertaken in this direction, 
it is recommended to scout for additional historical flood re-
cords outside of Queensland, Australia, preferably from other 
Australian States along the eastern coast. Furthermore, this 
research only decided to use 11 hydrological flooding factors 
as predictor variables, as these variables were introduced in Ka-
lantar et al.’s research and preduced effective results with model 
accuracies up to 92%.10 Additional climatological and/or geo-
logical variables, such as ENSO climate patterns, soil moisture, 
soil permeability etc were not considered in the scope of this 
research, and can become great refinements to this flood pre-
dicting model in the future.

Regarding societal concerns and policymaking for the dis-
covered disproportionate impacts of floods, the author has 
reached out to representatives from the Australian New South 
Wales Government Department of Housing, Planning and 
Infrastructure, as well as the Indigenous Australian social en-
terprise Currie Country Social Change in a discussion of this 
matter. While it isn’t realistic to move everyone to live away 
from flood prone areas, this research - alongside many flood 
reports undertaken by the Australian government will never-
theless serve as a reminders for the ignorance of Indigenous 
knowledge of flood areas during colonel Australian land de-
velopment. Hence this research seeks to empower a strive in 
policymaking towards embracing traditional wisdom for future 
infrastructure development.

�   Conclusion 
In this research, we compiled the largest historical flood 

dataset in Australian flood research, mapping flood locations 
over two decades using ArcGIS software and creating raster 
datasets of hydrological factors. Unsupervised clustering algo-
rithms testament to the statistical significance of our dataset. 
And an 85-90% DLNN accuracy demonstrates our success at 
predicting floods. Additionally, combining interdisciplinary 
approaches of environmental science and sociology, this re-
search used ordinary least squares regression to reveal potential 
evidence of environmental redlining towards Indigenous Aus-
tralians. The regression model used by this research can also 
quantify the socio-economic impact of floods in Queensland. 
Through this research, we hope to lay a stepping stone on 
humanity’s path towards flood prevention, which future re-
searchers will hopefully find useful.
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