ECONOMIC CONSEQUENCES OF FLOODS IN MARITIME PROVINCES
by
Iuliia Burina
Master of Management (Luhansk National Agricultural University, Ukraine, 2000)
A Report Submitted in Partial Fulfillment
of the Requirements for the Degree of
Master of Arts
in the Graduate Academic Unit of Economics
Supervisor:

Supervisor: Yuri Yevdokimov, Ph.D., Dept. of Economics

Examining Board:

Elif Dalkir, Ph.D., Dept. of Economics, Chair
Phil Leonard, Ph.D., Dept. of Economics
Murshed Chowdhury, Ph.D., Dept. Economics

This report is accepted by the
Dean of Graduate Studies

THE UNIVERSITY OF NEW BRUNSWICK
May, 2017
©Iuliia Burina, 2017

ABSTRACT
Historically Maritime Provinces are vulnerable to flooding events. Destructive
consequences of these events have been seen in the past and are expected to occur in the
future.
The goal of this study is to establish a relationship between socio-economic, climate change
and direct flood factors on the one hand and economic losses from floods on the other. The
study attempts to assess economic consequences of floods as the most frequent, damagecausing extreme weather event in Maritimes. Evaluation of the above mentioned
relationship is done on the basis of regression analysis of the event-by-event cross-sectional
data collected from Canadian Disaster Database, database of Environment Departments
and Local Governments of Maritime Provinces.
The study concludes that economic impact from floods in Maritimes is negative and
significant which calls for the design of mitigation measures. In this regard, economic loss
from floods represents the upper bound for potential investment into mitigation measures.
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Chapter 1. Introduction
Historically, Maritime Provinces (New Brunswick, Nova Scotia and Prince Edward Island)
are very vulnerable to the extreme weather events and suffering from damaging flooding,
hurricanes, tropical storms, severe thunderstorms regularly. The destructive consequences
of such events are being experienced many times and intuitively expected in future.
Public Safety Canada defines a “significant disaster event” as an event that meets the
Emergency Management Framework for Canada definition of disaster and meets at least
one of the following criteria: 10 or more people killed; 100 or more people
affected/injured/evacuated or rendered homeless; an appeal for national or international
assistance; an event of historical significance; significant damage/disruption of normal
processes such that the community affected cannot recover on its own.
The Canadian Disaster Database recorded more than 100 meteorological and hydrological
disasters occurred in Maritime Provinces during the period of 1900-2014 (analytical
period).
Table 1. Extreme weather events in Maritime Provinces
Type

of

Quantity of events in different years

event

Flood

1990-2014

1965-1989

1940-1964

1900-1939

total

quantity

total

quantity

total

quantity

total

quantity

quantity

per year

quantity

per year

quantity

per year

quantity

per year

22

0.88

17

0.68

9

0.36

10

0.25

1

Winter storm 15

0.6

2

0.08

2

0.08

1

0.025

Hurricane,

11

0.44

5

0.20

6

0.24

3

0.075

8

0.32

7

0.28

1

0.04

2

0.05

Storm surge

4

0.16

3

0.12

0

0

0

0

TOTAL

60

2.4

34

1.36

18

0.72

16

0.4

tropical
storm
Severe
thunderstorm

As presented in Table 1, the frequency of big weather events is constantly increasing:
Maritimes had 60 reported extreme events during last 25 years (2.4 events in average per
year), while during the period of 1965-1989 - 34 weather disasters took place (1.36 in
average per year), during 1940-1964 – 18 events (0.72 in average per year), and 16 cases
were recorded during the first 40 years of the 20th century (0.4 in average per year).
It is also important to notice that flooding events include storm surges according to the
definition of Canadian Disaster Database and we follow this approach for our research
purposes. Flooding has been the most common type of natural disaster, followed by winter
storms and hurricanes. So, the main question of this study is: How big are the economic
consequences of flood damage in Maritime Provinces and what is the upper bound for
potential investment into mitigation measures?
Residents and businesses in the region face an important risk of economic loss due to
flooding. The governments of the Provinces could adopt mitigation measures to reduce the
economic loss from floods, to increase well-being of the population, to avoid human
2

casualties and homelessness if the cost of mitigation is justified by the size of the losses
avoided. To design the effective mitigation measures the understanding of relationship
between flood loss and its determinants is needed. In this regard, economic loss from floods
represents the upper bound for potential investments into mitigation measures.
As Clare Demerse (2016) writes, the Insurance Bureau of Canada publishes a set of
statistics each year. In its 2016 assessment, the Bureau noted that it has been “reporting on
a rise in claims as a result of increases in severe weather events” for over a decade.
That’s because they’ve tracked a sharp rise in the costs of “catastrophic” disasters, meaning
those that carry a price tag of $25 million or more. From 1983 to 2004, insured losses from
those disasters averaged $373 million a year (in 2015 dollars). But in the decade from 2005
to 2015, the annual average loss has more than tripled, growing to $1.2 billion a year.

3

Chapter 2. Literature Review
This section provides summary of definition and classification of extreme weather events,
discussion on their economic impact. Overview of methodologies used for estimating the
economic consequences of extreme weather events flood loss models in particular is
presented in this chapter as well.

1.1 Definition and classification of extreme weather events

What is an extreme weather event? There is no general definition for it and there are many
discussions on this topic in the literature, but in the context of any extreme event, an “event”
is something that happens within a limited space and time and brings significant shock to
the economy. To understand and estimate the economic consequences of extreme events
we need to characterize them by their most important elements: their statistical properties,
possible commonalities, observations, predictability, and management.
As John D. Steinbruner, Paul C. Stern, and Jo L. Husbands suggest (2013), from a statistical
perspective, extreme events occur in the tails of probability distributions that define the
occurrence of events of a given size (in terms of energy, duration, and so on). Although it
is difficult to predict individual extreme events, there are nevertheless studies of how
probabilities of extreme events have changed over the time period of the observed record
as well as projections of possible future changes. The majority of methods are based on
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time series analysis, when a sequence of observations are analyzed statistically for changes
in their means and variances.
As for commonalities, there are many of them in effect. Indeed, extreme events entail
casualties: deaths, heavy financial costs, environmental destruction, and undermining the
fabric of society.
S. Albeverio, V. Jentsch, H. Kantz (2006) discuss consequences, and suggest to bring up
management, which refers to mechanisms used to cope with the impacts of extreme events.
The effectiveness of management depends on understanding, anticipation, preparedness,
and response to these events. There are avoidable (usually human-made) and unavoidable
(usually natural) catastrophes. If an extreme event is avoidable, then prevention is of great
importance. If it is unavoidable, then management searches for mitigation and adaptation
(mathematically, this means some kind of optimization).
We summarized the classification of extreme weather events we found in the literature. We
used Guidelines on the definition and monitoring of extreme weather and climate events
(2016) as a framework.
Extreme weather events are subclass in Natural disasters class (the threshold for the total
number of people affected for inserting the natural event as disaster in the global database
is 100 (US office of foreign disaster assistance (OFDA 1995)).
1.

Hydrological

1.1 Floods - the overflowing of the normal confines of a stream or other body of water, or
the accumulation of water over areas that are not normally submerged. Flooding may last
days or weeks. According to the International Disaster Database there are 3 main types of
floods:
5

- General river floods (according to A. Jackson (https://geographyas.info/rivers/flooding))
– occur when a river’s discharge exceeds its channel’s volume causing the river to overflow
onto the area surrounding the channel known as the floodplain.
- Flash floods - floods caused by heavy or excessive rainfall in a short period of time,
generally less than 6 hours. Flash floods are usually characterized by raging torrents after
heavy rains that rip through river beds, urban streets, or mountain canyons sweeping
everything before them. They can occur within minutes or a few hours of excessive rainfall.
They can also occur even if no rain has fallen, for instance after a levee or dam has failed,
or after a sudden release of water by a debris or ice jam. (Definition of the National Weather
Service of the National Oceanic and Atmospheric Administration of the USA)
- Storm surges (Coastal floods) according to UNESCO definition - the inundation of land
areas along the coast caused by sea water above normal tidal actions. Usually caused by
very strong winds, normally those found in hurricanes and cyclones. One of the most
extreme case of storm surge is tsunami - is a giant wave (or series of waves) created by an
undersea earthquake, volcanic eruption or landslide. A tsunami can move hundreds of
miles per hour in the open ocean and smash into land with waves as high as 100 feet or
more.
2.

Meteorological

- Tropical storms, Hurricanes, typhoons or cyclones (depending on geographic location)
- strong, cyclonic-scale disturbances that originates over tropical oceans with one-minute
average surface winds more than 32 m/s.
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- Winter storms (snow storms) - weather hazards associated with freezing or frozen
precipitation or combined effects of winter precipitation and strong winds. Can occur
during autumn, winter and spring.
- Blizzards - a severe snow storms with winds in excess of 35 mph and visibility of less
than a 1/4 mile for more than 3 hours. The difference between a blizzard and a snow storm
is the strength of the wind, not the amount of snow. Possible occurrence – winter time.
- Ice storms – storms that produces significant accumulation (0,63 cm or more) of ice
during

freezing

rain

over

several

hours

(http://www.uwinnipeg.ca/emergency-

guidelines/weather/ice-storms.html).
- Convective storms - those that are generated by the heating of the earth and with deep
moisture. The three key ingredients for a convective storm are lift, moisture and instability.
A main feature of convective storms is the rapid development and decay of convective cells
within storms. There are different forms of convective storms:
- Thunderstorms - local storms, invariably produced by a cumulonimbus cloud and always
accompanied by lightning and thunder, usually with strong gusts of wind, heavy rain, and
sometimes with hail. It is usually of short duration, seldom over two hours for any one
storm. A strong convective updraft is a distinguishing feature of this storm in its early
phases. A strong downdraft in a column of precipitation marks its dissipating stages.
Thunderstorms often build to altitudes of 40 000–50 000 ft in multitudes. A unique quality
of thunderstorms is their striking electrical activity (according to Byers, H. R., and R. R.
Braham Jr. (1949) definition).
- Tornados - violently rotating columns of air extending between a cloud base and the
surface (when over water, it is called a waterspout). Tornadoes exhibit a high degree of
7

variability in their appearance, strength, speed, direction of movement, and duration. On a
local scale, the tornado is the most intense of all atmospheric circulations. Its vortex usually
rotates cyclonically (on rare occasions anticyclonically rotating tornadoes have been
observed) with wind speeds as low as 30 m/s (67 mph) to as high as 135 m/s(300 mph),
and is generally < 2 km (1.25 mi) in diameter (IPCC, 2012).
- Hailstorms - defined as thunderstorms that produce hail. Hail is a form of solid
precipitation that is produced by thunderheads - cumulonimbus clouds. Hail stones are balls
or clumps of ice that form in thunderheads due to the combination of sub-freezing
temperatures and convection cell updrafting in the clouds. Hail is defined as starting at a
diameter of 0.2 inches or more.
3.

Climatological

- Extreme temperatures: Heat wave - A period of unusually high atmospheric-related heat
stress that may have adverse health consequences for the affected population. Environment
Canada considers a heat wave to occur when there are three consecutive days when the
maximum temperature is 32°C or higher.
- Extreme temperatures: Cold wave/frost – is a form of winter storm, bringing rapid and
often disastrous drops in temperatures within a 24-hour period. Tufty, B. (2011) suggests
it occurs when a mass of heavy cold air from the Polar Regions pushes rapidly southward
with strong, bitter northerly winds, dropping temperatures at least 30 degrees in a few
hours.
-

Droughts - periods of abnormally dry weather long enough to cause a serious

hydrological imbalance. Norwegian Meteorological Institute (2013) defines drought as a
relative term, therefore any discussion in terms of precipitation deficit must refer to the
8

particular precipitation-related activity. A period with an abnormal precipitation deficit is
defined as a meteorological drought. A mega drought is a very lengthy and pervasive
drought, lasting much longer than normal, usually a decade or more.

1.2 Economic impact of extreme weather events

While all of the above extreme events are different in character, they share two important
features: 1) uncertainty regarding their occurrence and 2) wide variance in losses from one
year to the next. Decision makers face challenges in assessing the risks associated with
these extreme events, in developing strategies for reducing future losses, and in facilitating
the recovery process following a major catastrophe. The economic and insured losses from
great natural catastrophes such as hurricanes, earthquakes, and floods worldwide have
increased significantly in recent years as presented by Kern (2010). A comparison of these
economic losses over time reveals a huge increase: $53.6 billion (1950–1959), $93.3 billion
(1960–1969), $161.7 billion (1970–1979), $262.9 billion (1980–1989), and $778.3 billion
(1990–1999). Between 2000 and 2008, losses totaled $620.6 billion, principally as a result
of the 2004, 2005, and 2008 hurricane seasons, which wrought historic levels of
destruction. There is a very clear message from these data - only 20 or 30 years ago, largescale natural disasters were considered low-probability events. Today, not only they are
causing considerably greater economic losses than in the past, they also appear to be
occurring at an accelerating pace. In this context, it is important to understand more fully
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the factors influencing these changes so as to design more effective programs for reducing
losses from future disasters.
International Disaster Database (EM-DAT) suggests that during the last thirty years,
tropical cyclones have been responsible for the greatest component of total losses:
approximately $27 billion per year all over the world. Losses from inland floods have also
been large, at $23 billion per year. Losses from other types of disasters are smaller: $7
billion per year from small storms, $2 billion per year from both extratropical cyclones and
wildfires, and $0.3 billion per year from landslides/avalanches.
Disaster mitigation measures can be very cost effective for government and society. The
Commissioner of the Environment and Sustainable Development gives an example of a
government document estimates that the $63 million invested in disaster mitigation
measures to build the Manitoba Red River Floodway in 1960 saved $8 billion by 2008 in
avoided recovery costs. In addition, such foresight can reduce disruption of local
economies and communities. International experience underscores the benefits of
mitigation investments. Public Safety Canada estimates that every dollar invested in
mitigation saves $3 to $5 in recovery costs.
Matthew Ranson, Lisa Tarquinio, and Audrey Lew (2016) summarize the approaches for
assessing the economic losses from extreme weather events and identify two groups of
them to quantify these impacts. They suggest that many researches rely on loss estimates
reported by insurance companies, government agencies, and other official institutions. The
advantage of this approach is that data on reported losses is readily available for a wide
variety of types of natural disasters. However, reported data may be incomplete or
inaccurate, and may only focus on certain types of damage (e.g., infrastructure damage).
10

Second, some papers estimate damages by using panel data to measure how disaster
incidence affects important economic outcomes. In these studies, the dependent variable
is a measure of economic performance measure, such as GDP, income, employment, or
disaster aid. These studies then look for a change in the outcome variable in the years
following the occurrence of an extreme event. This change is interpreted as the causal
effect of the event. This approach also faces data limitations, but has the key advantages
of allowing for a flexible relationship between events and losses, and of being able to
measure effects on a wide range of endpoints.

1.3 Review of methodologies used for estimating the economic impact of extreme
weather events

Okuyama, Y. (2003) provides the review and a critical analysis of the methodologies used
for estimating the economic impact from extreme weather and climate events using InputOutput (IO) models and computable general equilibrium models.
He explains: “In general, various economic modeling frameworks have been employed to
estimate the effects of extreme weather and climate events, but perhaps, the most widely
used modeling framework is the Input - Output model. The popularity of IO models for
disaster related research is based mainly on the ability to reflect the economic
interdependencies within a regional economy in detail for deriving higher-order (indirect)
effects. But, the simplicity of IO models creates a set of weaknesses, including its linearity,
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its rigid structure with respect to input and import substitutions, a lack of explicit resource
constraints, and a lack of responses to price changes.”
Rose (2004) considers that demand side is better modelled in computable general
equilibrium (CGE) analysis. Unlike IO models, CGE models are non-linear in common
practice, can respond to price changes, can incorporate input and import substitutions, and
can explicitly handle supply constraints. However, CGE models have a number of
limitations, such as the assumption of functioning markets and the inability to capture nonmarket losses, such as leisure. However, they are the preferred method for estimating net
losses. CGE models capture all income and expenditure flows in an economy within a
consistent accounting framework, and thus avoid the ‘double-counting’ that often occurs
when combining partial equilibrium approaches. Moreover, CGE models provide a
simulation laboratory for conducting counterfactual analysis. It would allow us to isolate
climate effects from other influencing factors, a common problem associated with ex post
methods. Regionalized CGE models can also capture direct and indirect losses at national
and local levels, which is an advantage over purely macroeconomic models (Freeman,
2002). Finally, CGE models can capture distributional effects and thus identify vulnerable
population groups.
Another issue is raised by Albala-Bertrand (1993). He writes that use of static economic
models by many researches cancels out the positive and negative impacts in the long run
and then often ends up estimating insignificant total impacts. Attempts to incorporate the
dynamic nature of disaster situation and its consequences have indeed been made by
several economists.
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Carrera L. (2013) examined a regionally calibrated version of a global CGE model. He
applied the model based on example of the destructive Po river flood that occurred in
October 2000 in in the Northern Italy. Paying due attention to the uncertainty regarding the
length of disruption and the aftermath recovery, he analyzed three scenarios of productivity
falloff and two scenarios of inter-sectorial recovery. The direct flood damage was estimated
by spatially explicit flood depth-damage functions over aggregated land. The result of the
spatial analysis was used to ‘shock’ the regional economy in the Northern Italy by
weakening the primary factors’ productivity (capital, land and labor) that are exogenous
parameters of the CGE model. To account for the regional effects of the revisited event, he
disaggregated a global CGE model with a country resolution to sub-national units. He also
modified factors’ mobility and substitutability of goods in consumers’ preferences
accordingly. The flood impacts were estimated in terms of the real GDP and the production
changes for each economic sector. According to the results he obtained the regionally
disaggregated CGE model is instrumental to tracing down the transfer of disaster’s effects
across regions. The flexible version of the model is able to unravel the impact of a disaster
into differentiated effects in sub-national economies, positive or negative as they may be
depending on the location of the event. The results also prove that indirect losses are a
significant share of direct losses and the assessment of indirect impacts is essential for a
full understanding of the economic outcomes of natural disasters.
Boris F. Prahl1, Diego Rybski1, Markus Boettle, Jürgen P. Kropp (2016) suggest, that there
are a lot of different econometric approaches for estimating the economic consequences of
weather shocks, however the main analytical tool described in the new climate-economy
literature is the so-called “Damage function method” which calculates the economic costs
13

of weather shocks translating the magnitude of extreme events (damage factors) to a
quantiﬁable damage.
In general damage function is a relationship between damage factors and economic value
of damage (where 0 – no damage, 1 – total loss of asset). Pistrika, A, Tsakiris, G. and
Nalbantis, I. (2014) are discussing this method using as an example flood event which
occurred in Moschato, a suburb of Athens, Greece in July 2002. The damage factors that
they discussed are water depth as the main determinant of direct damage, flow velocity,
duration of flooding, sediment load, contamination, the existence of a flood warning
system, and the effectiveness of emergency response during a flood event, while in reality
flood damage models rarely include all these factors. They argue that very often the
researches have lack of data to include all the above factors into model.
There are different types of damage functions. It is possible to distinguish the empirical
functions, which use real damage data collected after occurrence of extreme weather
events, and the synthetic functions, which use theoretical data collected via inventories or
interviews and are based on hypothetical analyses and expert judgments. Empirical
functions have more support in the literature due to their accurateness and better reflection
of variability, while the synthetic functions employ subjectivism with much effort and time
needed to conduct surveys and collect data. But, from the other side, the empirical functions
transferability in time and space is the main concern on the contrary to the synthetic
functions with their advantage of possible transferability and comparability of the damage
estimates.
Another existing classification for damage functions is in terms of absolute or relative
results. Relative functions use ratios of the absolute monetary amounts of damage to the
14

value of assets, absolute damage functions employ the absolute monetary amounts of
damage per element at risk, and thus, their period of validity is short. Again, there are pros
and cons for both of them: relative function category does not require constant data
updating and remains reliable and informative during longer period of time (it does not
depend on changes of market values of assets due to inflation, changes in economic
situation, etc.). The problem of damage data scarcity leads to the major employment of
relative damage functions.
Messner and Meyer (2005) identified three levels of damage analysis: (a) macro-scale
analysis for national and even international studies, (b) meso-scale analysis for regional
studies that consider aggregated land use units; and (c) micro-scale analysis for local
studies that use a per unit approach. Problem of distinguishing the levels exists and the
boundaries of these three levels are not clear. That is why Messner (2007) recommend that
a macro-, meso- or micro-approach should depend not only on the size of the study area
but also on other factors that support the selection of a damage method for a specific study.

1.4 Review of flood loss models

There are different measures of flood loss in the literature. Pielke, R. A. Jr, and M. Downton
(2000) created a conceptual framework for flood damage estimation using an absolute, per
capita, and per unit wealth measures. This framework addresses the relationship of trends
in precipitation and trends in damaging floods in the case of the United States. Their study
statistically models the relationship between flood damage and precipitation and identifies
15

precipitation measures most closely related to historical flood damage. The conceptual
framework suggests many factors that could be important in explaining historical and
future damage trends.
In the absence of direct exposure measures, Pielke, R. A. Jr, and M. Downton (2000) uses
population and wealth as surrogate measures of exposure. Seven of the precipitationrelated measures were used in the analysis of national flood damage for the period of 1983–
97 for different regions of the USA (stations). They are: total precipitation, number of wet
days per station, number of extreme precipitation days (>2 in.) per station, number of 2day heavy precipitation events per station, number of 3-day heavy precipitation events per
station, number of 5-day heavy precipitation events per station, number of 7-day heavy
precipitation events per station.
Pielke, R. A. Jr, and M. Downton (2000) research indicates that the growth in recent
decades in total flood damage is related to both climate factors and social factors: increased
damage is associated with increased precipitation and with increasing population and
wealth. At the regional level, this study reports a stronger relationship between
precipitation measures and flood damage, and indicates that different measures of
precipitation are most closely related to damage in different regions. Pielke, R. A. Jr, and
M. Downton (2000) study suggests that climate plays an important, but by no means
determining, role in the growth in damaging floods in the United States in recent decades.
In all three models of nationwide damage, the multiple R2 values are low—a great deal of
unexplained variance remains. The regional R2 values are substantially higher, indicating
the importance of studying damaging floods on smaller spatial scales. Local factors, both
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social and weather-related, must be taken into account in explaining the damage inflicted
by floods.
Matthew Ranson, Lisa Tarquinio, and Audrey Lew (2016) created a model, which includes
three components that describe how baseline damages vary across geographic areas, how
socioeconomic growth affects damages, and how climate change affects damages. They
developed reduced-form damage functions for different categories of extreme weather
events and as a result found the support for the hypothesis that increases in GDP and
population lead to higher losses from disasters.
The model is about damage function that represents the monetary cost of extreme weather
damages in i region of the world. The model estimates damages in year 𝑡 as a function of
three variables: income, population, and surface air temperature change. The damage
function is decomposed into three multiplicative terms. The first term is a coefficient
which represents average annual monetary losses in region 𝑖, under baseline conditions.
The second term captures the effects of income and population growth on damages. The
final term represents the change in damages in region 𝑖 due to changes in temperature.
This functional form makes several simplifying assumptions. It assumes that the effects of
socioeconomic growth and climate change are multiplicatively separable. Additionally,
the model assumes that the effects of socioeconomic growth on losses are the same across
regions. The effects of socioeconomic growth on losses are modelled as the elasticities of
losses with respect to income and population. The model also makes some simplifying
assumptions about the effects of climate change. One of the assumption is that the change
in surface air temperature is a sufficient statistic that captures all relevant dimensions of
the relationship between climate change and extreme weather. This is a strong assumption
17

given that extreme weather patterns are likely to be influenced by many aspects of climate
change, including increasing sea levels and changing sea surface temperature differentials.
The change in damages due to temperature changes is estimated using an exponential
functional form. A rough interpretation of this functional form is that a one-degree increase
in temperature produces some percent increase in damages.
Choi, O. and Fisher, A. (2003) used an explicit modeling framework to determine the
contribution of climate variability relative to human factors in economic losses from floods
and hurricanes. One of the elements of this framework is event-by-event loss estimation
using the floods and hurricanes panel data for North Carolina. Explanatory variables in the
regressions include weather variability factors such as the number and severity of floods
and hurricanes, human development factors (population growth, per capita real wealth
growth) and inﬂation. The data for this regression are not adjusted by the combined three
factors because the data are event-by-event. The adjusted coefﬁcient of determination, R2,
is relatively large, considering the small number of observations (16) they used. It is
reassuring that the data conﬁrm that economic damages from a hurricane or flood depend
on its severity.
So, population growth, growth in per capita real wealth, and inﬂation increase the nominal
reported damages from severe weather. The above analyses suggest that these factors are
the main causes of the generally larger reported losses for the more recent weather-related
disasters, because of the large historical changes in these variables. However, the
regressions also show that reported losses are affected by meteorological factors such as
the severity of the events.
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If to summarize the approaches which are described in the literature for modeling the
damages from extreme weather events – they are the estimation of economic loss by taking
the meteorological variables into consideration only (relationship between the
characteristics of an extreme weather event and the damage that it causes) and the damage
functions constructed with socioeconomic, geographical, meteorological and other
variables. The literature suggests that using “approach” for estimation the economic loss
from extreme weather events is suitable for regional level, while the comprehensive
approach brings much more explanations into the model.
The objective of this research is to estimate the economic consequences of floods in
Maritimes. Event-by-event cross-sectional data is used for this purpose. The model
includes four components that describe how economic losses depend on severity of flood,
how socioeconomic growth affects damages, how climate change and time affects
damages.
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Chapter 3. Methodology
This section provides discussion on methodology used as theoretical background to
estimate the economic consequences of floods in Maritimes and to determine the factors
having impact to flood loss. Damage function in general form is constructed and its
specification for our study is discussed. Income-loss U-shape relationship is evaluated and
damage curve is graphed.

3.1 Theoretical background
The objective of this research is to determine the contribution of meteorological and
climate variability relative to human factors for the increasingly large economic losses
from floods in Maritimes. Direct flood damage is assessed here and it covers all varieties
of losses which related to the immediate physical contact of flood water to people, property
and the environment. This includes, for example, damage to buildings, economic assets,
loss of standing crops and livestock in agriculture, etc. In other words, the outcome of this
research is estimated flood loss on cost base by flood event reported in terms of
replacement costs (amount it would cost to replace the destroyed asset) or repair costs (cost
for the restoration of damaged asset). All the data for this study is collected after flood
events.
The majority of economic literature suggests to use time-series analysis for extreme
weather events damage estimation. We were challenged by being not able to collect
continuous data because of its unavailability and decided to use cross-sectional event-byevent data applying method of damage function.
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We decided to use damage function method because of several reasons:
1. Literature suggests the damage functions constructed with socioeconomic, geographical,
meteorological and other variables are suitable for economic analysis of extreme weather
events consequences on regional level, so our spatial characteristics fits this requirement.
2. R. Pindyck says: “The damage functions used in most Integrated Assessment Models
are completely made up, with no theoretical or empirical foundation” (Journal of Economic
Literature, 2013). So, we perform an empirical work to fill this gap with our results.
3. Romali, N.S., Ismail, Z., Yusop, Z. (2015) advise, that because of the nature of flood
damages its estimation involves many factors, such as direct ﬂood parameters (e.g. ﬂow
velocity, water depth, and duration of flood), proper classiﬁcation of flood causes, weather
– related determinants (e.g. temperature, precipitation). Establishment of relationship
between ﬂood determinants and flood loss can be represented by damage function, which
is usually developed based on historical ﬂood damage information, questionnaire survey,
or laboratory experiences.
Based on above mentioned reasons, literature review and data available the damage
function method was applied for this research. Damage function in general form was
constructed. It includes three groups of independent variables and time-variable: climate,
socioeconomic and direct flood variables. In order to estimate the impact of above factors
to economic flood loss, we introduced the following general damage function (3.1.1):
Loss = F(C, S, D, T)

(3.1.1)

where Loss is an economic flood loss; C is a group of climate – change variables, S is a
group of socioeconomic determinants, D – direct flood variables, and T – year of the event.
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Following our literature review and statistical tests, described below and diagnostically
performed we included temperature, precipitation, and sea level to group C; disposable
income per capita to group S, and duration of flood event and its cause to group D. Inﬂation
is not included here as an explanatory variable because disposable income per capita is
already adjusted to the prices of a year 2007.
There is no common opinion among researchers regarding climate-change determinants.
Literature suggests to include into the model temperature-related variables, such as: annual
temperature, deviation of the annual temperature from Climate Normals, average
temperature at the month of event, deviation of the average temperature at the month of
event, lagged average temperature in the month of event; and precipitation – related factors:
total precipitation, snow precipitation, rain precipitation, deviation of average monthly
precipitation from climate Normals, number of wet days per station, number of extreme
precipitation days (>2 in.) per station, number of 2-day heavy precipitation events per
station, number of 3-day heavy precipitation events per station, number of 5-day heavy
precipitation events per station, number of 7-day heavy precipitation events per station.
As far as we were limited by our data and we were unable to collect it for many of the
above described variables we applied pre-testing approach to identify the climate-change
factors having impact to flood loss in Maritime Provinces. The results of our tests are
presented in the next Chapter.
We applied t-tests for individual significance and F-tests for joint significance as our testing
methods. According to the definition t-test’s statistical significance indicates whether or
not the difference between two groups’ averages most likely reflects a “real” difference in
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the population from which the groups were sampled, and F-test was applied to test joint
statistical significance.
The same challenges arose with respect to the group of direct flood variables – literature
suggests to include water level, duration of the event, flow velocity, and cause of flood.
Environment Canada and other public sources do not report data on water level and flow
velocity, although the data on duration of the event and cause of the flood is available. So,
group D includes such direct flood determinants as duration of the event in days and cause
of the flood.
Year of the event, representing an exogenous increase in risk due to not directly observed
climate change and other possibly omitted important determinants, was included to the
model.
The dependent variable in the regression analyses is economic loss reported by Maritime
Provinces Governments and calculated in prices of year 2007. We have done a logarithmic
transformation of dependent variable, because according to Kenneth Benoit (2011)
“logarithmically transforming variables in a regression model is a very common way to
handle situations where a non-linear relationship exists between the independent and
dependent variables. Using the logarithm of one or more variables instead of the un-logged
form makes the effective relationship non-linear, while still preserving the linear model.
Logarithmic transformations are also a convenient means of transforming a highly skewed
variable into one that is more approximately normal. (In fact, there is a distribution called
the log-normal distribution defined as a distribution whose logarithm is normally
distributed – but whose untransformed scale is skewed.)”
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We expect to find positive relationship between climate-change variables and economic
loss, because the majority of academic literature suggests that with global warming (annual
temperature growth in our case) and increase in precipitation, flooding events become more
frequent and severe and bring more damage. Also, we are awaiting to see positive
relationship between direct flood factors and loss – it is obvious to have more damages
with each extra day of flooding event.
Data was tested for outliers - an observation that appears to deviate markedly from other
observations in the sample. Identification of potential outliers is important for the following
reasons:
1. An outlier may indicate bad data. For example, the data may have been coded incorrectly
or an experiment may not have been run correctly. If it can be determined that an outlying
point is in fact erroneous, then the outlying value should be deleted from the analysis (or
corrected if possible).
2. In some cases, it may not be possible to determine if an outlying point is bad data.
Outliers may be due to random variation or may indicate something scientifically
interesting. In any event, we typically do not want to simply delete the outlying
observation. However, if the data contains significant outliers, we may need to consider
the use of robust statistical techniques.
Williams R. (2016) recommends to worry about outliers, because (a) extreme values of
observed variables can distort estimates of regression coefficients, (b) they may reflect
measurement errors in the data, or (c) they may be a result of model misspecification –
variables have been omitted that would account for the outlier; or, the outlier belongs to a
different population than the one we want to study.
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Also he suggests, when the sample is relatively small, graphic techniques can be the most
helpful. We applied graphic test according to the Stata 12 Manual: “One of the most useful
diagnostic graphs for identifying outliers is provided by leverage-versus-residual-squared
plot, a graph of leverage against the (normalized) residuals squared.”
The Stata 12 Manual says “The lines on the chart show the average values of leverage and
the (normalized) residuals squared. Points above the horizontal line have higher-thanaverage leverage; points to the right of the vertical line have larger-than-average residuals.”
Cases in the upper right of the graph (if there were any) would be especially important
because they would be high leverage and large residuals and can be considered as outliers.
Williams, R. (2016) suggests the rules for dealing with outliers:
“1. First, check to make sure there are no measurement errors and coding errors”. If an
error exists it should be either corrected or the observation should be dropped off.
“2. Run the regression both with and without the outlying cases. If the results are
substantially different, this should be noted. You should either explain why some cases
were deleted, or present both sets of analyses.”
We followed this procedure and deleted one observation. It made a difference to results,
though making them more reliable in terms of coefficient estimates statistical significance
and model specification overall (see Appendix 2). The detailed explanation of outlier
problem and solution suggested is coming up in the next section.
To determine our model specification we run classical linear OLS regression including all
the relevant variables and perform residuals diagnostics.
We performed RESET (Ramsey Regression Equation Specification Error) to test if model
is correctly specified.
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Next, we tested the assumption of homoscedasticity, i.e. if the variance of unobserved
errors constant across sample. We used Breusch-Pagan test for this purposes.
Finally we constructed Kernel density estimate chart to understand the flood loss density
distribution.
Silverman, B. (1986) explains, that Kernel density estimate chart is a smoothed histogram
of the probability density function. It is a technique to estimate the unknown probability
distribution of a random variable, based on a sample of points taken from that distribution.
So, Kernel density estimation is a nonparametric technique for density estimation in which
a known density function (the kernel) is averaged across the observed data points to create
a smooth approximation.

3.2 U-shaped income – loss relationship

As the next stage of our study we tested the hypothesis about the U-shaped relationship
between per capita disposable income and flood loss in Maritime Provinces.
We

found few previous studies on the hypothesis that economic loss from extreme

weather events may follow U-shaped pattern relative to income (wealth). According to Jo
Thori Lind and Halvor Mehlum (2010) we have to include a nonlinear (usually quadratic)
term in our regression model if we want to test the existence of U-shaped relationship. If
this term is significant and, in addition, the estimated extremum is within the data range, it
is common to conclude that there is a U-shaped relationship. We followed this procedure
and included squared term of per capita disposable income into our model.
26

The U-shaped impact of per capita disposable income to flood loss means that firstly the
damages are decreasing together with increasing income (negative relationships), but after
some point (turning point) it has positive relationship and brings increase in loss. It comes
with accordance to Ingmar Schumacher and Eric Strobl (2009) findings that there is a Ushaped relationship between losses and wealth for high hazard countries, and an inverse Ushaped link between losses and wealth for low and medium hazard countries.
After running OLS we have tested a statistical significance of per capita disposable income
and per capita disposable income squared.
To graph the U-shaped Income – Loss curve we used fitted (i.e. predicted) values of flood
loss.
To calculate the turning point of the Income - Loss Curve we used First Order Condition
approach by setting equal to zero the derivative of our damage function (it is being
maximized) with respect to a variable (per capita disposable income) that is controlled.to
find maximum. In our case we can express turning point as follows (3.2.1):
TP = -B2/2B3,

(3.2.1)

Where TP – turning point (extremum) of Income – Loss Curve,
B2 and B3 – are the coefficients on per capita disposable income and per capita
disposable

income squared accordingly.

So, the empirical analysis was performed and the U-shaped relationship was found. With
increasing per capita disposable income up to some point flood loss follows the decreasing
trend, while after the certain number it starts to go up.
The next section of our report is dedicated to data description, estimation and
results.
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Chapter 4. Data and Estimation

This section provides description of data used for our analysis and its sources. Also, model
specification and all steps of our estimation procedure are presented in this Chapter.

4.1 Data

To perform an economic analysis of flood loss in Maritimes inventory of significant
disaster (weather) events from Public Safety Canada’s Canadian Disaster Database was
created. As was mentioned in Introduction Chapter Public Safety Canada defines a
“significant disaster event” as an event that meets the Emergency Management Framework
for Canada definition of disaster and meets at least one of the following criteria: 10 or more
people killed; 100 or more people affected/injured/evacuated or rendered homeless; an
appeal for national or international assistance; an event of historical significance;
significant damage/disruption of normal processes such that the community affected
cannot recover on its own. We followed this definition and created our database significant
floods upon it.
It is important to note that data on 46 events out of 65 recorded for the period of 1900 2014 is available (19 observations were dropped off due to missed data on some variables
– see Appendix 1).
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The dependent variable in the regression analyses is economic loss reported by Public
Safety Canada and calculated in prices of year 2007. There are 8 explanatory factors
(independent variables) we use in our regression models: annual temperature, annual snow
precipitation, annual rain precipitation, disposable income per capita, disposable income
per capita squared, duration of the event, its cause and a year when event occurred. All
variables, their definitions and sources they were collected from are presented in table 2.

Table 2. Variables and Data Sources

Variable

Definition

Loss2007

Economic loss from flood (in 2007 Public Safety Canada,

annualtemperature

Data source

dollars)

Canadian Disaster Database

Annual average air temperature

Environment Canada

(degrees Celsius)
disposableincome2007 Disposable income per capita (in
thousands of 2007 dollars)

Statistics Canada (CANSIM
380-0072, 380-0050) –
1934-2014, Legislative
Library of NB Government
for 1915 - 1933

in2

Disposable income per capita

-

squared (2007 dollars)
durationdays

Flood duration in days

Public Safety Canada,
Canadian Disaster Database
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snow

Annual snow precipitation, mm

Environment Canada

rain

Annual rain precipitation, mm

Environment Canada

icejam

Dummy variable for flood cause

Environment Canada

(1- if ice jam, 0- otherwise)
time

Year of the event

Public Safety Canada,
Canadian Disaster Database

Loss from flood according to Public Safety Canada is calculated as a summation of Disaster
Financial Assistance Arrangements (the amount, in dollars, paid out by Disaster Financial
Assistance Arrangements (Public Safety Canada) due to a specific event), and Insurance
Payments (The amount, in dollars, paid out by insurance companies due to a specific
event), and Provincial/Territorial Costs/Payments (The amount, in dollars, paid out by a
Province or Territory due to a specific event).
Annual average temperature, snow and rain annual precipitation data are collected for a
representative location Sydney, Nova Scotia meteorological station. We have chosen
Sydney, Nova Scotia because it is the only available meteorological station with long-term
existing data (for period of our interest).
Disposable income per capita is collected for New Brunswick as the representative
province. New Brunswick was chosen as a representative sample because of data available
for the whole period of interest. Some flooding events in our sample covered two or three
Provinces. That is why it is impossible to include per capita disposable income for each
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Province (to distinguish the Provinces in terms of per capita disposable income). It is
assumed that all Maritimes have the same disposable income per capita.
Data on economic loss from floods and per capita disposable income as raw data were
collected in nominal values, and that is why they were converted into 2007 dollars on the
basis of the consumer price index (CPI) using online Bank of Canada calculator.
The data on flood causes was also collected. There are 4 main causes of floods in the
Maritime region: heavy rain, ice jams, storm surge, and combined cause (combination of
several causes).
Table 3. Flood causes

Cause

Count of cause

%

Heavy rain

18

39

Ice jam

13

28

Combined

11

24

Storm surge

4

9

Total

46

100

The most frequent cause in Maritimes is heavy rain with 39% and the most infrequent is
storm surge causing only 9% of floods. The relationship between flood loss and its cause
is analyzed along this study.
Knowing that further analysis is conducted with 46 observations the average cost of all
significant floods in Maritimes for the period of 1900 – 2014 year is presented in Table 4.
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Table 4. Average cost of flood (normalized to the year 2007), CAD

Type of
event

Flooding

Years
1990-2014

1965-1989

1940-1964

1900-1939

$10,831,542

$11,006,721

$7,991,368

$13,704,639

As shown in the Table 4 each flooding brings more than 10 million dollars in damage and
knowing that frequency of floods is increasing there is an urgent need in mitigation
measures.

4.2 Model specification

The model used for this study follows the approach of event-by-event analysis used in the
work of Choi and Fisher (2003). Their analysis focuses on the average impacts of weather
variability and climate change on weather related natural disasters. They constructed a
structured model for hurricane loss in North Carolina estimation, so the dependent variable
in their regression analyses is damages from hurricanes. They applied a damage function
framework to determine the contribution of climate variability relative to human factors in
economic losses from hurricanes in North Carolina using event-by event panel data for this
purpose. Explanatory variables in their regression analysis include hurricane category, per
capita real wealth index for the entire United States, the population directly affected by the
hurricane event and a dummy variable for El Niño. They did not include inflation here as
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an explanatory variable because its coefficient estimate was not statistically significant.
Variables are transformed into log forms before implementing the regression. The
hurricane loss series are covering 1925–1995 period. The regression equation they
presented is (4.2.1):
Ln loss = A + B1×CATEGORY + B2×ln(PRWI )+ B3×ln(DEMO ) – B4×ELNI, (4.2.1)
where:

CATEGORY - Hurricane intensity from 1 to 5, with 5 being the most severe
PRWI - Per capita real tangible wealth index (1996 = 100)
DEMO - population directly affected by a specific hurricane
ELNI - Dummy variable = 1 during El Niño periods; other years = 0

The adjusted coefficient of determination, R2 they have got, is relatively large and equal to
0.71, considering the small number of observations (16). No dummy variables (other than
ELNI) are used in this regression because there are so few degrees of freedom. All
coefficients for the explanatory variables are statistically significant at a 1% level except
for ELNI, which is significant at the 10% level. It is reassuring that the data confirm that
economic damages from a hurricane depend on its severity.
We were not able to collect continuous data for Maritimes and were unable to use panel
data methods, so we decided to overcome this challenge by applying cross-sectional
analysis with time incorporated (year of the event into the model).
In this study we use the following damage function (4.2.2):
Ln Loss = F(C, S, D, T)

(4.2.2)

where Loss is an economic flood loss; C is a group of climate–change variables, S is a
group of socioeconomic determinants, D – direct flood variables, and T – year of the event.
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As we discussed in previous section we applied pre-testing techniques to choose variables
to be included to group C. We have used the following steps:
1. We assumed that the effect of climate change might be captured by annual average air
temperature, deviation of the average air temperature at the month of event from climate
Normals, deviation of the average air temperature at the month prior to the event from
climate Normals, annual precipitation, monthly precipitation at the month of event,
monthly precipitation at the month prior of the event, annual snow precipitation, and annual
rain precipitation.
2. We tested set of hypothesis to identify those for Maritime Provinces with effect to flood
loss statistically different from zero.
3. Our test results showed that annual snow precipitation, annual rain precipitation, and
annual average air temperature are the only climate-change variables affecting flood loss
in Maritimes.
4. Because of data limitations we have chosen Sydney meteorological station as
representative sample for annual snow precipitation, rain precipitation and annual average
air temperature for all Maritime Provinces and it is assumed that the variables chose
represent conditions for the region and there is no change in the relative temperatures and
precipitation across location within the region over time.
The same procedure was applied to the group of direct flood variables – literature suggests
to include water level, duration of the event, flow velocity, and cause of flood – we have
included duration of the event and cause of the flood.
There are 4 main causes of floods in Maritimes: ice jam with snow melt, heavy rain, storm
surge and combined cause (combination of different causes). We have tested the statistical
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significance of each factor and joint significance of all factors and realized that only ice
jam brings an effect which is statistically different from zero in Maritimes. We used
dummy variable for flood cause: 1 - for ice jam, 0 – for all other causes.
Data on per capita disposable income and its squared term were included into the model to
test the hypothesis of U-shaped relationship between wealth and flood damage.
We can specify our models as follows (4.2.3 – 4.2.5):
Lnloss = A0 + B1annualtemperature + B2disposableincome2007 + B3in2 +
B4durationdays + B5snow + B6icejam

(4.2.3)

Lnloss = A0 + B1annualtemperature + B2disposableincome2007 + B3in2 +
B4durationdays + B5snow + B6rain + B7icejam

(4.2.4)

Lnloss = Lnloss = A0 + B1annualtemperature + B2disposableincome2007 + B3in2 +
B4durationdays + B5snow + B6rain + B7icejam + B8time

(4.2.5)

The models are different in terms of year and rain variables inclusion.
The estimation and its results are discussed below.

4.3 Estimation
As we mentioned in Methodology Chapter, we applied natural logarithm transformation to
our dependent variable for the purposes of regression analysis. But we used levels for all
independent variables and it makes the interpretation of our results easy and precise.
According to our literature review and our economic intuition we expect to get positive
relationship between direct flood factors, climate-change factors and flood damage,
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because increasing in precipitation or duration of flooding event brings higher economic
loss.
It is interesting to estimate the impact of time on flood loss, because we didn’t find any
suggestions on this factor in the literature. But, according to relevant time-series analysis
results described in the literature time-trend exists and has to be taken into consideration.
By including time (year of the event) into our analysis we try to capture unobserved
climate-change, socio-economic and direct-flood factors, e.g. investments into mitigation
measures (dams’ construction, flood warnings), etc.
We started our estimation from testing data for outliers, because we found many proofs in
the literature that running the regression without this test may lead to disproportionation of
the results. We applied graphic approach and plotted the data.
Figure 4.3.1. Regression diagnostic plot

According to Stata 12 Manual cases in the upper right of the graph (if there were any)
would be especially important because they would be high leverage and large residuals and
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can be considered as outliers. Observation # 36 appeared in the upper right corner and
located far away from other observations fits the features of outlier.
To deal with outlier we have to understand its nature. As far as we collected information
from Public Safety Canada and Local Governments Environment Department we
compared the data on this observation and it didn’t coincide – we decided to consider this
observation to be with measurement error in dependent variable and deleted it from our
dataset.
Descriptive statistics of our updated dataset is presented in the Table 5.
Table 5. Summary statistics

Variable name

Mean

Std. dev.

Max.

Min.

Observations

loss2007

12.45

20.45

121.74

0.22

45

annualtemperature

6.24

0.89

7.6

4.5

45

disposableincome2007

15.95

7.54

24.91

1.01

45

durationdays

6.33

5.77

30

1

45

snow

287.7

91.63

537.5

125.7

45

rain

890.42

140.52

1305.3

649.3

45

As we can see from Table 5 there are 45 observations included to our dataset with average
economic loss (normalized to 2007) of 12.45 million dollars per event.
The mean of flood duration is almost 7 days, while there “short” events (1 day) and “long”
events – up to 30 days.
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It is important to note big range in annual temperature, because according to academic
literature this determinant is considered as the most important among climate-change
factors.
As we mentioned in Methodology Chapter we applied testing techniques to choose the
determinants from climate-change and direct flood factors groups.
As a result of our test we have chosen set of determinants for each group of factors and
used OLS regression for estimation.
According to the model described in methodology, our econometric specification is:

Model 1 (4.3.1):
Lnloss = A0 + B1annualtemperature + B2disposableincome2007 + B3in2 +
B4durationdays + B5snow + B6icejam + εit

(4.3.1)

Model 2 (4.3.2):
Lnloss = A0 + B1annualtemperature + B2disposableincome2007 + B3in2 +
B4durationdays + B5snow + B6rain + B7icejam + εit

(4.3.2)

Model 3 (4.3.3):
Lnloss = A0 + B1annualtemperature + B2disposableincome2007 + B3in2 +
B4durationdays + B5snow + B6rain + B7icejam + B8time + εit
Where ε represents other unobserved factors.
Regression outcome is presented in Table 6.
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(4.3.3)

Table 6. Regression output

Variables

Ln Loss2007 (M.1)

Ln Loss2007 (M.2)

Ln Loss2007 (M.3)

annualtemperatur
e

0.341
(0.23)

0.348
(0.23)

0.44*
(0.26)

0.6*
(0.34)
-

-0.319**
(0.112)
0.011**
(0.0042)
0.154****
(0.027)
0.0028
(0.0021)
-0.001
(0.001)
0.52
(0.36)
-

N

13.15****
(1.69)
45

13.99****
(1.99)
45

-0.162
(0.24)
0.009*
(0.048)
0.155****
(0.027)
0.00361
(0.00236)
-0.001
(0.001)
0.5
(0.36)
-0.032
(0.043)
74.40
(80.81)
45

R-sq adjusted

0.51

0.5

0.5

disposableincome
2007
in2
durationdays
snow
rain
icejam
time
_cons

-0.363***
(0.105)
0.124***
(0.0039)
0.154****
(0.027)
0.00342*
(0.0019)
-

Standard errors in parentheses
*p<0.1, ** p<0.05, *** p<0.01, **** p<0.001

As we can see from Table 6 duration of flooding event has positive relationship with flood
loss and is very statistically significant in all models. Each extra day of flood brings
increase in loss up to 15.5%. The second variable from direct flood factors – its cause didn’t
show its high statistical significance, but also has positive correlation with damage and if
ice jam occurs it brings an immediate growth in direct damage up to 60%. We have to note
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that coefficient on ice jam is statistically significant in Model 1 at the level of 10%, at the
model 3 – at 15%, and at the Model 3 – at 17% of the level of significance.
As we can see coefficient on rain precipitation is not statistically significant and has a
negative sign. We did not expect it, but taking into consideration such a small magnitude
of coefficient and its insignificance we cannot rely on this determinant.
As for per capita disposable income we got the expected result and we can see that it has
negative correlation with flood loss – with income growth flood damage is decreasing. We
will estimate this relationship in the next section.
So, overall, all three models have the same R-squared adjusted – about 50% of variance is
explained with our independent variables. We use R-squared adjusted, because it compares
the explanatory power of regression models that contain different number of independent
variables (gives the percentage of variation explained by only those independent variables
that in reality affect the dependent variable). But in order to choose the best Model among
three of them we performed Models diagnostics and Table 7 shows the results.

Table 7. Models diagnostics

Tests

Model 1

Model 2

Model 3

R-sq adjusted

0.51

0.5

0.5

Heteroscedasticity
Prob > chi2

0.0735

0.0802

0.1813

Regression
specification error test
Prob > F

0.6034

0.5982

0.5555
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As we can see all models have almost the same R-sq. adjusted, but model 1 has less
independent variables with bigger amount of those being statistically significant. So, all
the determinants of flood loss and constant term, but annual temperature are reliable in
Model 1, while Model 2 consists of only 3 statistically significant factors constant term and
Model 3 – 3 independent variables are statistically significant.
Also we applied Breusch-Pagan / Cook-Weisberg test for heteroscedasticity and according
to our results null-hypothesis about residual constant variance failed to be rejected and we
have homoscedastic residuals in all Models.
To choose the Model with better specification we applied RESET test and according to our
results Model 1 is more precise than other ones: has higher p-value, while all of the Models
failed to reject null-hypothesis – “Ho: model has no omitted variables”.
Taking into consideration all discussion above we decided to proceed with Model 1 further.

4.4. Summary of estimation results
This section provides summary of estimation results for Model 1.
Empirical study of the methodology developed in Chapter 3 confirmed the hypothesis
about the negative effects of climate-change factors on flood loss.
To look at the coefficient estimate of “annualtemperature” it is important to understand
the trend of this variable.
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Figure 4.4.1. Annual temperature

As we can see from the above figure the temperature is tending to increase (approximately
1.5C during last 100 years). According to the regression results each 1C brings 34% of
flood loss increase.
The second climate-change determinant – snow precipitation has the same trend. Figure
4.4.2 shows the increasing trend of snow precipitation in Maritimes, the magnitude and
sign on snow coefficient are as expectable – every 1 mm of snow precipitation leads to
0.34% of flood damage increase.
Figure 4.4.2. Snow precipitation
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So, both climate-change factors are tending to increase the future flood loss and have to be
considered for policy implications.
Both direct factors have expectable magnitude and sign – every extra day of flooding brings
15.4% increase in loss, so duration of the flooding is an important factor to take care of.
Ice jam is the only statistically significant cause of flood in Maritimes. If ice jam is the
cause of the flood, then the size of the economic loss increases by 60%.
The above results show how big are the economic consequences of floods in Maritimes,
what factors determine the size of damages and these results can be used for developing
the policy implications.
To understand the flood loss probability density distribution the Kernel density estimate
chart can be used.

Figure 4.4.3. Kernel density estimate

This figure is a smoothed histogram of the probability density function. As we can see the
graph has a long “tail”. It means the probability of high loss is low, that’s why there is no
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proper attention to these events, although they bring the biggest loss. Each flood has a 5%
chance of causing loss up to $12 million, although there is a 1% chance of bringing damage
up to $25 million.

4.5 U-shaped income – loss relationship
As we discussed in Methodology Chapter we hypothesized a U-shaped relationship
between per capita disposable income and flood loss. In other words, we assumed two
counteracting effects of income, an increasing effect and a decreasing effect, result in the
U-shaped curve. So, we also hypothesized that these two effects have different time frames.
Increasing effect means a higher income brings bigger flood damage, because higher
income is associated with accumulating capital and increasing wealth. So, flood loss if
occurred during the period of economic development with increasing effect has positive
relationship with per capita disposable income. In our study increasing effect means that
with growing per capita disposable income we observe increasing economic loss from
floods.
Decreasing effect counteracts the increasing effect described above, because income
growth accumulates enough wealth for investments into mitigation measures and it helps
to reduce negative impact of flooding events. Toya and Skidmore (2007) note that there
are two relevant components to the natural disaster-income relationship, namely, increases
in income increase the demand for safety, and higher income enables individuals to employ
costly precautionary measures in response to this demand. In our study we see decreasing
effect as the negative relationship between per capita disposable income and flood loss. So
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if decreasing effect dominates we have down slopping portion of our curve, when
increasing effect prevails we see upward slopping line.
To test this hypothesis we included squared term of income per capita into our Models and
as we can see from Table 4.3.2 both coefficient estimates in Model 1 - on
disposableincome2007 and in2 - are statistically significant, so we can consider them as
reliable.
Firstly we constructed income – loss curve using fitted (i.e. predicted) values for flood loss.
Figure 4.5.1 presents U-shaped curve for per capita disposable income – flood loss
relationship.
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Figure 4.5.1. Income – Loss Curve
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Secondly, we calculated turning point using First Order Condition approach presented in
Methodology Chapter. Turning point is located at $14,555 per capita disposable income
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level and according to our dataset the turning point corresponds to 1976 year. This point
breaks our analytical period to 2 parts – 1900 – 1976 – economic development with
dominating decreasing effect and 1977 – 2014, when increasing effect dominates.
During 1900 – 1976 we could observe the growth of per capita disposable income but
decrease in flood loss. We can explain it by accumulating enough wealth for managing
floods destructive consequences from both Government and household sides. Defensive
dams, channels were built, people were relocated to flood-safe areas, flood warning system
was implemented. Period of 1977 – 2014 is characterized by increasing effect due to
significant increase in wealth, including that is brought by technological progress, but this
increasing part of our curve is relatively flat, comparing to the part with decreasing effect.
It means, that mitigation measures are being implemented, but technological progress
brings fast growth of wealth.
So, we can conclude that U-shaped relationship between per capita disposable income and
flood loss exists in Maritimes. After 1976 income growth has positive relationship with
flood damage in Maritimes and these findings support the urgency of this study, because it
proves the statement of Ingmar Schumacher and Eric Strobl (2008) about existence of Ushaped relationship between wealth and extreme weather events damages in high hazard
countries. According to the above statement we can consider Maritime Provinces as the
region with high risk of floods.
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Chapter 5. Conclusions
Flood loss estimation is an important task for Maritime Provinces because it can provide
useful information for flood prevention mitigation policy and investment. In this study we
performed analysis of flood loss determinants in Maritimes and concluded that economic
consequences from floods are negative and statistically significant. In this regard,
economic loss from floods represents the upper bound for potential investment into
mitigation measures.
We faced some limitations performing our study.
1. Potentially relevant direct flood characteristics are the maximum water depth, flood
duration, flow velocity, and other possible aspects of the flood. Environment Canada and
other public sources doesn’t report data on water level and flow velocity, so we were not
able to collect this data and didn’t include these determinants into our model.
2. According to the literature there are different ways to measure the flood loss: in
absolute value per event/year/region, per unit of wealth and per capita. Literature suggests
to use all these measures along one case (one study) to get the most reliable results. Because
of data unavailability on affected area and affected population we measured loss only in
absolute values applying event-by-event methodology. So, having the data available and
being less restricted by time it is good idea to perform the comprehensive analysis with
above mentioned characteristics.
3. Economic intuition suggests that such determinant as prior investments into
mitigation measures could be added to the model. Unfortunately we were unable to collect
that data and performed our analysis without it, while coefficient on per capita disposable
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income proved the hypothesis that with wealth growth the investments into mitigation
measures go up and bring the positive effect in terms of reduced flood loss.
Knowing that significant flood occurs 0.88 times a year (results from Table 1.1) with
average loss $ 10,831,542 (Table 4.3.1) we can easily calculate the upper bound for
investments into mitigation measures. So, the justified investments into flood mitigation
measures is about $9.5 million a year.
Our results supports the hypothesis that flood loss depends on increasing annual
temperature and precipitation. Also, duration of the event has significant negative impact
on flood loss as well as ice jam causing the significant increase in damage. So we can
suggest some policy implications:
1. The most dangerous cause of floods in Maritimes is ice jam, so the potential
investments into mitigation measures might be considered to that area firstly.
2. Climate change with increasing temperatures and precipitation is a global problem.
Local Governments might take steps to decrease the speed of global warming by
implementing regional measures.
3. Duration of the flood is one of the negative determinants of flood loss. Taking
warning measures, implementing flood-safe mapping may reduce the flood duration
and decrease flood loss.
To summarize this study we have to note that despite some data limitations the obtained
results can be used for policy implications, while further research is needed.
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Appendix 1.
Missing (unavailable data)
Variable

Number of years missing

Data source

Loss2007

3

Public Safety Canada, Canadian
Disaster Database

annualtemperature

1

disposableincome2007 2

Environment Canada
Statistics Canada (CANSIM
380-0072, 380-0050) – 19342014, Legislative Library of NB
Government for 1915 - 1933

in2

n/a

-

durationdays

7

Public Safety Canada, Canadian
Disaster Database

snow

6

Environment Canada

rain

7

Environment Canada

icejam

0

Environment Canada

time

0

Public Safety Canada, Canadian
Disaster Database

Appendix 2.
Regression output with outlier (outlier is defined in terms of duration of the event).
. reg lnloss2007 annualt snow dispincome2007 in2 duration cause2
Source

SS

MS

Model
Residual

35.6249014
54.311921

6
39

5.93748357
1.39261336

Total

89.9368224

45

1.99859605

lnloss2007

Coef.

annualt
snow
dispincome2007
in2
duration
cause2
_cons

.2930427
.0025512
-.0003448
1.21e-08
.093469
.8394162
13.76304

.

df

Std. Err.
.2788326
.0023695
.0001275
4.72e-09
.0278748
.4090086
2.040261

Number of obs
F( 6,
39)
Prob > F
R-squared
Adj R-squared
Root MSE

t
1.05
1.08
-2.70
2.56
3.35
2.05
6.75

P>|t|
0.300
0.288
0.010
0.015
0.002
0.047
0.000

=
=
=
=
=
=

46
4.26
0.0021
0.3961
0.3032
1.1801

[95% Conf. Interval]
-.2709495
-.0022415
-.0006028
2.53e-09
.0370869
.0121182
9.636222

.857035
.007344
-.0000869
2.16e-08
.1498511
1.666714
17.88986

reg lnloss2007 annualt snow dispincome2007 in2 duration cause2 rain
Source

SS

df

MS

Model
Residual

36.1204018
53.8164206

7
38

5.1600574
1.41622159

Total

89.9368224

45

1.99859605

lnloss2007

Coef.

annualt
snow
dispincome2007
in2
duration
cause2
rain
_cons

.2990042
.0020262
-.0003046
1.09e-08
.0937364
.7711681
-.0010125
14.52003

Std. Err.
.2813667
.002549
.0001455
5.16e-09
.0281137
.4282952
.0017117
2.423027

Number of obs
F( 7,
38)
Prob > F
R-squared
Adj R-squared
Root MSE

t
1.06
0.79
-2.09
2.11
3.33
1.80
-0.59
5.99

P>|t|
0.295
0.432
0.043
0.041
0.002
0.080
0.558
0.000

=
=
=
=
=
=

46
3.64
0.0042
0.4016
0.2914
1.1901

[95% Conf. Interval]
-.2705929
-.0031341
-.0005991
4.46e-10
.0368231
-.0958703
-.0044776
9.614868

.8686014
.0071864
-.00001
2.13e-08
.1506496
1.638206
.0024527
19.42519

Appendix 3.
Test for reverse causality of per capita disposable income and flood loss

Appendix 4.
Test for correlation between icejam and snow / annual temperature

Appendix 5.
Regression output with extreme year dummy variable added
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