










































































































 
 

             
    

 
                                                                          

             
    

           
  

 

      
 

 
 

  
     

 
 

      
 

 
 

 
 

       

 
 

  

 

  

 
 

 

 

 

  

 
 

 

 

 

 

Figure 1-4. Fragility curves for (a) loss-based and (b) recovery based limit states for light wood frame 
buildings (W1) with low-code seismic design. 
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Figure 1-5. Fragility curves for (a) loss-based and (b) recovery based limit states for light wood frame 
buildings (W1) with pre-code seismic design. 

Table 1-2. Fragility function parameters for recovery-based limit states for light woodframe buildings, W1: 
(a) Median spectral displacement at limit state exceedance and (b) log-standard deviation. 

(a) 

Code Level 
Median Spectral Displacement for Exceeding Limit State 

LS1 Inspection 
Triggered 

LS2 Loss of 
Functionality 

LS3 Unsafe 
to Occupy 

LS4  Damaged 
Beyond Repair 

LS5 
Collapse 

High-Code 
Moderate-Code 

Low-Code 
Pre-Code 

1.2 
1.1 
1.0 
0.8 

3.1 
2.5 
2.5 
2.0 

5.4 
4.1 
4.0 
3.4 

8.5 
6.4 
6.1 
5.3 

15.6 
11.9 
11.9 
9.8 

(b) 

Code Level 
Log-Standard Deviation of Spectral Displacement at Limit State Exceedance 
LS1 Inspection 

Triggered 
LS2 Loss of 
Functionality 

LS3 Unsafe 
to Occupy 

LS4  Damaged 
Beyond Repair 

LS5 Collapse 

High-Code 
Moderate-Code 

Low-Code 
Pre-Code 

0.80 
0.84 
0.93 
1.01 

0.81 
0.86 
0.98 
1.05 

0.85 
0.89 
1.02 
1.07 

0.97 
1.04 
0.99 
1.06 

0.99 
1.07 
0.99 
1.08 

1.5. Building-Level Recovery Model 

Overview 

In the previous section, it was noted that the recovery modelling methodology 
incorporates a set of building performance limit states that specifically inform community 
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seismic resilience including (i) damage triggering inspection, (ii) occupiable damage with 
loss of functionality, (iii) unoccupiable damage, (iv) irreparable damage and (v) collapse. The 
link to post-earthquake recovery is established by defining a characteristic recovery path 
that is associated with each state and the level of functionality associated with each 
state. A building recovery function was computed accounting for the uncertainty in the 
occurrence of each recovery path and its associated limit state. The outcome is a 
probabilistic assessment of recovery of functionality at the building level for a given 
ground motion intensity. 

1.5.1. Building Recovery Paths 

Five distinct recovery paths were defined based on the limit states discussed previously. 
The recovery paths are described using discrete functioning states and the time spent in 
each state. The functioning states represent the changing condition of the building with 
respect to its ability to facilitate its intended operation. The functioning states for 
modelling the recovery of shelter-in-place housing capacity include (1) the building is 
unsafe to occupy (NOcc), (2) the building is safe to occupy but unable to facilitate normal 
operations (OccLoss) and (3) the building is fully functional (OccFull). Note that these 
three states are specific to the shelter-in-place metric and would need to be re-defined 
for other measures of functionality. The key to define the functioning states are that (1) 
they must be explicitly linked to the building level limit states described earlier and (2) 
each functioning state must be associated with a quantifiable measure of functionality. 

The building level recovery path is conceptually shown in Figure 1-6. It is a step function 
that describes the time spent in each of the discrete functioning states. The recovery path 
(and recovery function discussed later) is assessed over a pre-defined period of time 
referred to as the control time, TLC; and TNOcc, TOccLoss and TOccFull denote the time spent in 
the NOcc, OccLoss and OccFull functioning states, respectively. It is important to note that 
the functioning states that comprise the recovery path for a given building depend on the 
limit state of that building immediately following the earthquake. For example, a building 
that is in limit state LS1 will only experience the NOcc and OccFull functioning states. On 
the other hand, a building that is in limit state LS2 or LS3 will experience all three 
functioning states. This is illustrated later in the discussion of building recovery paths. The 
time spent in each functioning state will also vary depending on the level of damage. For 
example, a building that is in limit state LS4, which must be demolished and rebuilt, will 
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spend a significantly greater amount of time in the NOcc state than a building in limit 
state LS3, which only requires repairs. 

Figure 1-6. Conceptual illustration of recovery path for an individual building.
(Burton, Deierlein, Lallemant, & Lin, 2015). 

The recovery time for an individual building is defined as the period of time between the 
occurrence of the earthquake and the restoration of full functionality. The recovery time 
includes (1) the lead time which is the time required for building inspection and/or 
evaluation, finance planning, architectural/engineering consultations, a competitive 
bidding process and to mobilize for construction (Mitrani-Reiser, 2007), (2) the repair time 
needed to restore occupiability and (3) the repair time needed to restore functionality. The 
time needed to restore occupiability is taken as the time to complete repairs related to 
structural safety and internal access, whereas the time needed to restore functionality 
includes the additional time needed to repair/replace building systems, non-structural 
components and contents that are essential to the building functionality. Both the lead 
and repair times for structural and non-structural components depend on the limit state 
of the building immediately following the event. For example, a building that is in limit 
state LS1 following an event (damage triggers inspection but the building is found to be 
safe to occupy and functional) will likely be green tagged and only be out of service for the 
time it takes to complete the inspection. On the other hand, a building that is in limit state 
LS2 (building is safe to occupy but not functional) may receive a yellow tag, which would 
require detailed evaluations by a professional engineer prior to re-occupancy. A building 
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regression is used to construct the model in this space. The linear model in the m-
dimension feature space could be defined as: 

! 

� �,� = �! .�!(�)+ � 1-13 
!!! 

where, �! � , � = 1,… ,� denotes the transformation using Gaussian Radial Basis. 

SVM regression uses the �-insensitive loss function proposed by (Smola & Vapnik, 1997): 

� �, � �,� = max (0, � − � �,� − �) 1-14 

where ε is the tolerable bandwidth. At the same time, it also tries to reduce model 

complexity by minimizing � !. Combining these two techniques, the following primal 
optimization problem is formed: 

! 1-15 
��� 

1
2 
� ! + � (�! + �!∗) 

!!! 

�! − � �! ,� − � ≤ �! 
s.t. � �! ,� − �! − � ≤ �!∗ 

�! , �!∗ ≥ 0, � = 1,…� 

The solution to the above dual problem is given by: 

! 

� � = (�! − �!∗)�(�! , �) 1-16 
!!! 

0 ≤ �! ≤ � 
0 ≤ �!∗ ≤ � 

, and k is the number of support vectors. 

1.7. Community-Scale Recovery Functions 

An overview of the framework used to generate the community-level recovery functions is 
shown in Figure 1-9. The performance-based earthquake engineering framework is 
applied to each building within the target community, incorporating the limit states 
described earlier. The outcome is a recovery function that is generated for individual 

s.t. 

where, � �! , � = �!(�!)�!(�) !
!!! 
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buildings. The function describing community-level recovery is obtained by aggregating 
the recovery curves for the individual buildings after accounting for the variation and 
spatial correlation of shaking intensity at each site, the effect of externalities and other 
socio-economic factors. Note that the contribution of individual buildings to the 
functionality of the region depends on the type of building and measure of functionality. 
This aggregation of building-level functionality would require quantifying the contribution 
of each building to the defined measure of community function. The housing recovery 
function is described by the following equation: 

nbldg 
1-16 [Q(t) | EQ j ]= ∑E[qi (t) | IMi , EQ j ] 

i=1 

where !Q(t) | EQj 
# describes community recovery for scenario earthquake j, " $ 

E[qi (t) | IM , EQ j ] describes the expected recovery curve for building i at a given ground i 

motion IM level resulting from scenario earthquake j, and is the number of buildings nbldg 

in the community. 

The long-term effects of an earthquake on a community can also be described by the 
cumulative loss of functionality over the course of the recovery period. For example, the 
loss of housing capacity over the recovery period measured in “person-days” can be 
computed from a community-level recovery curve that has number of residents housed 
by the community as the measure of functionality. This cumulative loss in functionality for 
a particular earthquake event is illustrated in Figure 1-9 and can be described by the 
following equation: 

TRE 

1-17 [LQRE | EQ j ]= ∫ (Q − Q(t))dt 0 
TE 

where [LQ | EQ ] is the loss of functionality over the recovery period for scenario RE j 

earthquake j, Q0 is the pre-earthquake level of functionality, TE is the time of the 

earthquake and is the time at full recovery. TRE 

Equation 1-17 describes the cumulative loss of functionality for a single scenario 
earthquake. Multiple scenario earthquakes can be considered and used to describe the 
annual exceedance rate for specified amounts of cumulative loss. This is obtained by 
computing the cumulative loss for multiple earthquake scenarios each with a different 
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magnitude, location and annual rate of occurrence. The rate of exceedance, λ , for 
specified loss levels is estimated by summing the occurrence rate for all scenarios in 
which the loss threshold on interest is exceeded. 

J 
1-18 λLQ ≥lq = ∑wj I (LQRE ≥ lq) 

RE 

j=1 

where w j is the occurrence rate for scenario j and lq is the cumulative loss threshold. 

The indicator function I(LQ lq) is set equal to 1 if the argument LQRE ≥ lq is true and RE ≥ 

0 otherwise. 

Figure 1-9. Conceptual illustration of recovery modelling framework. 
(Burton, Deierlein, Lallemant, & Lin, 2015). 
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APPENDIX 2 – Integrated Risk Modelling Toolkit (IRMT) 

In the following steps, a brief description of the basic workflow to develop building and 
community level recovery curves is presented, where the main features and capabilities of 
the tool are highlighted. For the sake of demonstration, the recovery of a random sample 
of the residential buildings of the city of Napa, California is utilized as a case study. 

STEP 1: Preparation of the input files to launch an OpenQuake-engine analysis 

In order to run the Reconstruction Recovery Model users are required to provide a CSV file 
containing the probability of exceedance of each limit state for each individual building in 
the exposure model. The latter can be computed by running a Scenario Damage 
Assessment, which is a type of analysis supported by the risk component of the 
OpenQuake-engine. The input files necessary for running a scenario damage calculation 
and the resulting output files are depicted in Figure 2-1. For technical details, definitions 
and examples of each component, readers are referred to Silva, Crowley, Pagani, Monelli, & 
Pinho (2014). 

Figure 2-1. Scenario Damage Calculator input/output structure. 

The window that requests users to upload the input files and run the scenario damage 
calculation is shown in Figure 2-2. 
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Figure 2-2. Pop-up window to run the OpenQuake-engine server. 

It should be noted that to use the OpenQuake-engine from QGIS, the user needs to set up 
the connection with a working OpenQuake-engine server using the “IRMT settings” dialog 
(Figure 2-3); the server can be installed in the same machine where the plugin is used 
(Figure 2-3, Host). Alternatively, it is possible to use a remote server or cluster. 

Figure 2-3. Pop-up window to set up the connection with a working OpenQuake-engine server. 
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STEP 2: Setting up the configuration variables to run the Reconstruction Recovery Model 

The configuration variables necessary to perform the recovery modelling analysis are 
listed in Table 2-1. They should be adjusted to the available data and needs of the user. 

Table 2-1. Required configuration variables in order to run the Reconstruction Recovery Model. 
Input Variables Short Explanation 

Damage by asset 
File that contains the mean probabilities of exceedance of each limit 
state for each individual building; output of the OpenQuake-engine10 

Inspection Time Time to complete inspections 
Assessment Time Time to conduct engineering assessments 
Mobilization Time Time to mobilize for construction 
Lead Time Dispersion Level of uncertainty associated with the lead time11 

Repair Time Time to repair a building 
Repair Time Dispersion Level of uncertainty associated with the repair times 

Recovery Time 
Period between the occurrence of an earthquake and the restoration 
of full functionality of the building 
Conditional probability of being in a particular recovery-based (limit) 

Transfer Probabilities state, given the occurrence of a loss-based damage state (e.g., slight, 
moderate, extensive, complete) 

The list of the outputs from the scenario damage calculation can be visualized in Figure 2-
2. The tool offers the possibility to load the “Damage by asset” CSV file (dmg_by_asset as 
shown in Figure 2-2) as a QGIS vector layer, stored in the user’s computer as a shapefile. 
In addition, it is possible to automatically style the layer with respect to a chosen damage 
state. Alternatively, the user can upload on QGIS the “Damage by asset” CSV file, 
structured in the same format as produced by the OpenQuake-engine. If the user does not 
need to edit the layer by adding or removing fields to/from it, it is possible to perform the 
recovery modelling calculation using the CSV-based layer. Otherwise, the layer should be 
converted and saved as a shapefile. Note that shapefile limitations will reduce the field 
names to a maximum length of 10 characters each. 

At this point, the user may choose between two workflows on how to proceed to the 
generation of single buildings and/or community level recovery curves. 

10 Seismic hazard and risk calculation software, developed by the Global Earthquake Model (GEM) 
Foundation.
11 Lead time is the time required for building inspection and/or evaluation, finance planning, 
architectural/engineering consultations, a competitive bidding process, and mobilizing for construction 
(Mitrani-Reiser 2007). 
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Workflow 1 

The user can select individual buildings (or a group of buildings) and the respective 
recovery curve (single or aggregated) is automatically developed. The curve can be edited, 
digitized and exported as a CSV, as well as saved as an image. The user is required to 
select one of two available algorithmic approaches regarding the estimation of the 
recovery time (see Table 2-2) and, more importantly, to request the development of 
recovery curves by setting the Output Type tab to “Recovery Curves” (Figure 2-4b). In 
addition, the user is able to manually select the fields of the file that contain the 
probabilities of being in each damage state (Figure 2-4b:”Select fields containing damage 
state probabilities”). If the file with the damage state probabilities is in the same format 
as produced by OpenQuake, the software pre-selects the appropriate fields for the 
recovery modelling algorithm. Figure 2-4 illustrates an example of the aggregated 
recovery curve of a set of selected buildings (highlighted with yellow). 

Table 2-2. Aggregated and disaggregated approaches for the estimation of the recovery time. 
Approach for estimation of recovery time Short Explanation 
Aggregated approach Building-level recovery model as a single 

process. 
Building-level recovery modelled using four 

Disaggregated approach processes: inspection, assessment, mobilization 
and repair. 
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a) b) 
Figure 2-4. Aggregated recovery curve of a set of selected buildings in the city of Napa. 

It should be emphasized that the integration of the recovery modelling algorithm in the 
QGIS software enables the users to adapt the workflow to their needs, leveraging all the 
features provided by the QGIS framework. The QGIS Processing Toolbox gives access to a 
wide variety of geoalgorithms, seamlessly integrating several different open-source 
resources, such as R, SAGA or GDAL. For instance, a SAGA algorithm, the “Add Polygon 
Attributes to Points”, can be used to aggregate by zone a set of selected assets, resulting 
in relating each asset to the identifier of the geographical area (zone) where it belongs. 
Following, the selection of the set of assets to be considered in the analysis can be 
performed in several different ways. The user can directly select points by clicking them 
on the map, or select points by using a formula. If points have been labeled with the 
identifier of the zone, the selection can be done with respect to the zone identification (or 
ID). 

70 



 
 

  

 
 

 

 
  

 

       

                                                   
           

Workflow 2 

Initially, the user must select the layer containing the information regarding the damage 
state probabilities per asset (see STEP 1), after which the specific fields that contain these 
probabilities shall be chosen (Figure 2-5). Next, the user must select a specific recovery 
time approach (Aggregate/Disaggregate) and set the number of the simulations per 
building12 (Figure 2-5). Here, it is possible to upload the layer of the study area with zonal 
geometries and generate aggregated recovery curves by zones. To exemplify, the block 
groups (zones) of the city of Napa and the aggregated recovery curve for the block group 
with the ID of 8032 are depicted in Figure 2-6. 

Figure 2-5. Pop-up window to run the Reconstruction Recovery Model. 

12 Number of damage realizations used in Monte Carlo Simulation. 

71 



 
 

 

 

               

  

     

 

  

Figure 2-6. Community level recovery curve for the zone (block group) with an ID of 8032, of the city of Napa. 

By unchecking the “Aggregate assets by zone” box (Figure 2-5) the algorithm generates a 
single community recovery curve by aggregating the recovery curves of all the buildings 
within the region. The graphs, like the one shown in Figure 2-6, are saved in the output 
directory designated by the user. In addition, building-by-building recovery curves are 
digitized and can be saved as text files (.txt) in the same output directory. The user can 
decide whether or not to generate the building-by-building recovery curves by 
(un)checking the “Save individual building curves” box. The data can be further used (e.g., 
with Microsoft Excel) to generate and visualize individual building recovery curves that 
may be of interest to the user. 
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APPENDIX 3 – Recovery from the Southern California ShakeOut 
Scenario 

A case study was conducted to model the recovery of the residential building stock from 
the 2008 Southern California ShakeOut Scenario. The ShakeOut is an exercise based on a 
potential magnitude 7.8 earthquake on the southern San Andreas Fault with the goal to 
identify the physical, social and economic consequences of a major earthquake in 
southern California and to enable the users of its results to identify what they can change 
now to avoid catastrophic impact after the inevitable earthquake occurs (Jones, et al., 
2008). It involves eight counties, including: Riverside, Orange, Kern, San Diego, San 
Bernardino, Ventura, Los Angeles and Imperial. 

The Integrated Risk Modelling Toolkit (IRMT) was used to develop an aggregated recovery 
curve for each of the above counties. Initially, the ShakeOut Earthquake was simulated 
and damage distribution statistics were computed for all the residential buildings across 
the eight counties, by running a Scenario Damage Assessment. The latter is a type of 
analysis supported by the risk component of the OpenQuake-engine (Silva et al., 2014). 
The building exposure data that were used in the Scenario Damage Assessment were 
obtained from the “Beyond button Pushing – Seismic Risk Assessment for California” 
project of GEM supported by the California Seismic Safety Commission. 

The recovery curves for each county are depicted in Figure 3-1.	 The highlighted blue 
dashed line indicates the estimated number of days needed for 95% of the housing 
capacity of each county to be restored. 
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         	Figure 3-1. Recovery curves for the counties of the Southern California ShakeOut Scenario. 
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To exemplify, the County of Riverside (in red square in Figure 3-1), will need approximately 
760 days to restore 95% of its housing capacity, with a drop to almost 40% following the 
event. Almost 74% of the total residential buildings of this county consists of wood, light 
frame with moderate code13, 11% of wood, light frame with high code14 and nearly 9% of 
mobile homes with moderate code (“Beyond button Pushing – Seismic Risk Assessment 
for California”). As calculated by the OpenQuake-engine, nearly 45% of the buildings that 
will sustain complete damage consist of wood, light frame buildings constructed according 
to moderate seismic level of design and nearly 40% of mobile homes. Mobile homes, which 
represent only 9% from the total residential buildings in the county, constitute the second 
more impacted building typology. 

These kinds of estimates could provide vital information to emergency managers and 
recovery planners, such as defining the temporary shelter needs and/or prioritizing the 
allocation of available financial resources and funds, making sure that they reach the 
areas in higher need. 

13 Buildings of older construction are best represented as Moderate-Code, if built after about 1940 (FEMA,
2016).
14 Classification system according to the level of seismic design. For example, buildings of newer 
construction (e.g., post-1973) are best represented as High-Code (FEMA, 2016). 
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APPENDIX 4 – Socio-Economic Recovery Model 

Table 4-1. Variables that were used to represent the socio-economic conditions in the city of Napa. 

Variables 

Social Sector of the Community 

Percentage of households where they speak English 
Percentage of housing units with no persons with a disability 

Percentage of civilian non-institutionalized population with any type of health insurance 

Percentage of occupied housing units with telephone service 

Percentage of occupied housing units with vehicle available 

Percentage of population 25 years and over that have at least a regular high school diploma 

Percentage of total population that is male 

Percentage of total population that is above 5 and below 60 years 

Percentage of total population that is not a minority (White alone, not Hispanic or Latino) 

Number of child care services 

Percentage of total households with less than 5 persons 

Percentage of single-parent households with a male householder, no wife present 

Economic Sector 

Percentage of households with earnings 
Percentage of population 16 years and over in labour force that is employed 

Percentage of population that has income at or above poverty level 

Per capita income as a fraction of the highest amongst the block groups 

Percentage of the renter-occupied housing units with gross rent less than $150015) (+) 

Percentage of civilian employed population 16 years and over that are not employed in food 
services, accommodation and retail trade16) 

Percentage of females 20 to 64 years in households that are in labour force 

Percentage of occupied housing units that are owner occupied 

Percentage of civilian employed population 16 years and over that are employed in 
healthcare practitioners and technical occupations 

Percentage of households with no supplemental security income 

15) In the U.S., it is commonly accepted that families who pay more than 30% of their income for housing are 
considered cost burdened. The value of $1500 as a limit of affordability was set according to this rule.
16) This variable is used as a proxy for single sector employment dependence. 
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Variables 
Percentage of households with no public assistance income 

Infrastructure Sector 

Housing density 
Percentage of housing units that are built after 1950 

Percentage of housing units that are not mobile homes 

Number of internet, television, radio and telecommunications broadcasters 

Number of schools (primary and secondary) 

Number of hotels & motels 

Number of banks 

Percentage of housing units that are vacant 

Number of police, fire, emergency relief services and temporary shelters 

Percentage of housing units that are single-family detached homes 

Community Capital 

Number of civic and social advocacy organizations 
Number of churches and religious organizations 

Number of arts, entertainment and recreation centres, libraries, museums, parks and historic 

Percentage of population that lived in the same Metropolitan Statistical Area 1 year ago 

Institutional Sector 

Percentage of civilian employed population 16 years and over employed in emergency 
services (firefighting, law enforcement, protection) 

4.1. Community Recovery Predictions over time 

In this section, the development of the Socio-Economic Recovery Model is described in 
more detail, providing information on the statistical model that was used and the 
methods to validate the accuracy of the results. The overall approach is based on 
(Despotaki, Sousa, & Burton, 2017), which is a scientific paper currently under review in the 
Earthquake Spectra Journal, resulted from the work conducted within this project. 

As mentioned in Section 3.3.1 in the main text, the recovery progress of only a sample of 
356 damaged buildings was monitored over a period of 18 months following the 2014 M6 
South Napa Earthquake (out of a total of 1462 observed by the city officials damaged 
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structures at the moment of this study). The spatial distribution of the surveyed buildings 
is presented in Figure 4-1. 

Figure 4-1. The 356 evaluated red and yellow-tagged (ATC, 2005) buildings in the city of Napa. 

Thus, the number of assessed structures in several block groups (subdivisions, which can 
be seen in Figure 4-1) was not considered sufficient to ensure a meaningful prediction of 
the fraction of recovered buildings inside such block groups. More specifically, because 
damage data was collected for a limited number of buildings, we were interested in 
determining the probability of a given structure being in recovery state 1 (and conversely 
in recovery state 0) as a function of a set of socio-economic indicators. Various methods 
are commonly used to describe the relationship between outcome parameters and a set 
of independent17 parameters. In multivariate linear regression analysis, it is possible to 
test whether predicted and independent variables are linearly related as established by an 

equation of the form � = � + �� (Hosmer & Lemeshow, 2000). In this relationship, � is 

the variable being predicted; � is a vector of independent variables; � represents the value 

of � when � = 0 (i.e. the so-called intercept); and � is a vector of estimated regression 

parameters with length equal to the length of �. Estimates of the intercept � and the 

regression coefficients � are used in the form of the above regression equation, resulting 

in a set of predictions - �. 

17 The independent parameters represent inputs or causes for variation. 
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The multivariate linear regression model can easily be extended to accommodate 
dichotomous independent variables (Fox, 2000); i.e. variables that occur in one of two 
possible states. However, when the dichotomous variable is the dependent18 one (such as 
the present case - No Recovery:0, Full Recovery:1), the interpretation of the regression 

equation is not as straightforward. In this situation, the predicted � value corresponds to 
the probability of the outcome falling into one of the two possible categories; that is: 

� � = 1 = 1− �(� = 0). However, probabilities of � being equal to 1 predicted by a 
linear regression model can, in theory, be infinitely large (therefore>1) or small (thus, <0); 
which is not in accordance with reality. 

A more realistic approach would be that according to which the probability of � = 1 tends 

to a value of one when � approaches very high values, and to zero for very low values of �, 
but never exceeds one or is lower than zero. In this case, it is possible to transform the 
independent variable so that the substantive relationship is nonlinear, but its form 
remains linear. A particularly relevant example of such transformation is the multivariate 
logistic model, which resorts to the logit correction (Fox, 2000) to produce independent 
variables that, varying between negative and positive infinity, ensure that the predicted 

values of �(� = 1) lie in the interval [0, 1]. If �!, �!, … , �! are the independent variables 

and � is the dependent one, the logit is the natural logarithm (��) of the odds of �, and the 

odds are defined as the probability (�) of � occurring, divided by the probability of � not 
occurring: 

� 
����� � = �� 1 − � 

= � + �!�! + �!�! + ⋯ + �!�! 4-1 

where �! to �! are the regression coefficients correspoing to each of the �! to �! 

independent variables. After exponentiating both sides, the probability of occurrence of 
the outcome of interest is derived as follows: 

�(!!!!!!!!!!!!⋯!!!!!) 
4-2 �(� = 1) = 

1 + �(!!!!!!!!!!!!⋯!!!!!) 

where � is the intercept of the regression. 
For the regression to be possible, each block group was assigned a recovery stage (0 or 1), 
to make the data analogous to the socio-economic variables that were collected at the 

18 The dependent parameters represent the output or outcome whose variation is being studied. 
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block group level of geography. To accomplish this, a simulation procedure was devised 
and for each of a total of 1000 simulations a single building was selected at random from 
the structures assessed in each block group. Next the selected building’s recovery stage 
was attributed to the respective block group. Accordingly, for each simulation (S), the 

corresponding � � = 1 � was determined through Equation 4-2, based on the maximum-
likelihood estimation (Hosmer & Lemeshow, 2000) of the corresponding logistic regression 

parameters �! and �!. Thus, both the mean predicted values of P(Y=1) and associated 
uncertainty could be calculated for each block group. An example of these results is 
presented in Figure 4-2, where the mean, as well as the lower (16% percentile) and upper 
(84% percentile) bound predicted recovery probabilities were mapped for each block group, 
6 months after the earthquake (similar graphs can be produced at any time after the 
event, even after the time of the last field survey, 18 months after the earthquake). Figure 
4-2 highlights the fact that it is possible to communicate the uncertain nature of the 
recovery process in a simple yet meaningful way, allowing decision and policy-makers to 
plan for various scenarios. 

Figure 4-2. Mean, 16% and 84% percentile recovery probabilities in the assessed area, 6 months 
following the event, as determined by the Socio-Economic Recovery Model (Despotaki, Sousa, & Burton, 
2017). 

4.2. Goodness-of-Fit and Accuracy of the Model 

The methods used to assess the goodness-of-fit of a logistic regression model follow 
similar principles as those applicable in the evaluation of a linear model. Therefore, to 
better understand the methodology subsequently described, each step is presented in the 
context of its equivalent in a general linear regression. In linear regression analysis, the 
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evaluation of the overall model is based on three sums of squares: a) the total sum of 

squares (SST), which is the sum of squared deviations of all the observed �! with respect to 

the mean predictions (�) (i.e. (�! − �)!); (�! − �)!; b) the error sum of squares (SSE); and 
c) the regression sum of squares (SSR) is simply SSR=SST-SSE (Hosmer & Lemeshow, 
2000). 

Just as the sum of squared errors (SSE) is the quantity used to assess the quality of a 
linear regression, the log likelihood is the criterion in the case of the logistic model. For 
convenience, the log likelihood (LL) is usually multiplied by -2 (-2LL), resulting in a value 

that, for the intercept only model (designated �!), is equivalent to the total sum of squares 
in linear regression (SST). Similarly, the value of -2LL for the logistic regression model that 
includes the independent variables as well as the intercept (full model) that is designated 
�! is analogous to the error sum of squares (SSE). In logistic regression, the most direct 
comparable parameter to the regression sum of squares (SSR) is the difference between 

�! and �! , which is interpreted as the model chi-square (�!) statistic (Hosmer & 
Lemeshow, 2000). 

All the log likelihood terms presented above can be used in the evaluation of different 

statistical hypotheses in the context of logistic regression. However, �! is of particular 
relevance here, as it has been historically used as a measure of the model “goodness of 

fit”. While (�! - �!) can be used to determine whether a full model provides better 

predictions than an intercept-only model, �! compares the full model with a saturated 

one. The further assumption that �! follows a �! distribution allows the computation of 

its statistical significance (or p-value), as � = 1− �!!"#(�! ,��). In the latter, �� is the 

number of degrees of freedom of the �! distribution, and CDF stands for its cumulative 
distribution function. For further details, readers are referred to Hosmer & Lemeshow 
(2000) regarding matters concerning the definition of a saturated model, the number of 

degrees of freedom of �!, and the limitations inherent to the assumption of �! following 

a �! distribution. 

In the present case, a significance level (alpha) of 0.05 was assumed, proving the limit for 
the p-value below which we reject the null hypothesis that the full model allows us to 
make predictions with similar quality as the saturated model. It was found that from each 

of the 1000 regressions the predicted probabilistic distributions of �(� = 1) were 
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statistically significant for virtually all (95%) simulations, based on the considered alpha 
threshold. 

In addition, as a measure of the quality of the results, the mean predicted values of 
recovery were plotted as a function of the “surveyed” probabilities in each block group for 
each of the field surveys. In this context, “surveyed” probabilities are determined as the 
fraction of assessed buildings that are fully recovered at the time of interest, in each block 
group. As illustrated in Figure 4-3, the relationship between mean predicted and surveyed 
values approaches an almost perfect linear trend for the three survey instances. 

Figure 4-3. Predicted versus “surveyed” probabilities in each block group (Despotaki, Sousa, & Burton, 2017). 

On the other hand, when surveyed probabilities are either zero or one (mainly in block 
groups where very few buildings were surveyed), the model probabilities differed 
significantly from the observed ones. This is considered to be a strength of the Socio-
Economic Recovery Model, because the observed probabilities in these cases (zero or one) 
are not an accurate representation of reality, but rather a consequence of the limited 
number of buildings assessed in these particular block groups. As a result, the correction 
provided by the model for these probabilities reflects the spatial trend of recovery in the 
block groups with higher (and more significant) number of assessed structures. 

4.3. Contribution of the predictors in the regression analysis 

Wald statistics were used to compute the significance (p-value) of the regression 
coefficients obtained for each independent socio-economic variable. The Wald statistic 
can be calculated as the ratio between the coefficient of a given independent variable and 
its standard error, in which case it follows a standard normal distribution and its formula 

parallels the formula for the � ratio for coefficients in linear regression (Hosmer & 
Lemeshow, 2000). P-values lower than 0.10, as suggested by Hosmer and Lemeshow 
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(2000), are assumed to correspond to the variables that most significantly affect the 
recovery results. Herein, seven of the 38 (Table 4-1) socio-economic parameters, the 
variable representing the time, T, and the damage indicator (MMI) significantly contribute 
to the prediction of recovery trajectory, as presented in Section 3.3 in the main text. 
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