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Background

This document describes the development and use of a computer-based process for modelling the social impact of certain changes in the hardwood forest industry of New South Wales. The development came about because the New South Wales and Commonwealth Governments had entered into a process leading to a series of agreements—Regional Forest Agreements (RFA)— on the use and management of forested land in New South Wales. A New South Wales/Commonwealth RFA Steering Committee had responsibility for directing the RFA process in line with a scoping agreement that detail procedures, processes and timetable for developing the RFAs. The scoping agreement provided for Comprehensive Regional Assessments (CRA) of the environment, heritage, social and economic values of forested land. 

For the purposes of the CRA/RFA process, the forested lands of NSW were delineated into forested regions. The areas under consideration in this report are the Upper North East (UNE) and Lower North East (LNE) of NSW.

A Social and Economic Technical Committee (SETC) was established to oversee social and economic assessments undertaken as part of the Comprehensive Regional Assessments. A Social Assessment Unit (SAU) was established within the Department of Primary Industries and Energy (DPIE), to provide a joint resource for the social assessment work. The role of the SAU was to consider the social impacts of forest land use options on communities within each region and to ensures that social data is an integral part of the RFA process.

Objectives and scope of the project

A Consultancy Brief set out the objectives of project and the scope of the tasks reported in this document. In brief, the main objectives were, in collaboration with the SAU and the SETC: 

· To design and/or recommend a computer based, social impact model which is transparent, flexible and informs both government and community stakeholders of social impacts at the community level in an iterative decision making process;

· To analyse social data collected (by the SAU) in projects for use in the model; 

· To model social data for the purposes of integration and advice on land use options, investigating the feasibility of the integration platform and GIS linkages. The specification of the integration platform will be confirmed at a later date by the Steering Committee;

· To model anticipated social impacts of land use options on communities in the study regions;

· To prepare, in collaboration with the Social Assessment Unit, social implications advice following an iterative options development phase.

The role of Social Impact Modelling

Social Impact is a term used to describe the interaction between the economic and policy worlds of firms, organisations and governments and the psychological and sociological experiences of the people who live in those worlds. Social impacts are relative things. People can be as disrupted by positive changes in their lives as they can by negative events. However, discussions of social impact tends to be focused most often on the experiences that occur as a consequence of negative events such as undesired changes in employment, shortage of resources or natural disasters, than on experiences from positive events. 

Social Impacts are felt by the people to whom they happen. They can be felt as uncertainty, stress, anger, a sense of losing personal control over life and despair. These feelings can build up or be ameliorated over time. They impact in turn on the ways in which individuals behave and whole communities thrive or decline.

A major goal in social assessment is to identify and measure indicators that point to the kinds of feelings present in a community and, where possible, to model the likely rise and falls in these feelings and the implications for the community. Modelling is used in this context as a form of forecasting.

Ideally, the modelling process uses available empirical evidence to describe the relationships between economic and/or physical events and the subsequent individual or community sentiment. Where empirical data are not available, assumptions derived from broader social research have to be made about the nature of the relationships. 

The aim of modelling is to provide as accurate a picture as possible of the ways factors such as individual satisfaction or overall community morale will vary over time under the impact of relevant economic or policy changes. Models are necessarily a simplification of reality but they can have a high level of validity if the salient features of reality have been carefully identified and incorporated into the model. A model may be simple but it may still play a useful role by allowing valid comparisons between cases. Even if a model is not able to forecast a variable of interest with absolute accuracy, it may still provide fruitful comparisons between communities because the relative forecasts are valid.

The strength of the modelling approach is that it focuses on identifying causal links rather than simply building a catalogue of possibly unrelated indicators to represent what is happening in a community. In practice, some mix of modelling and catalogue building is used because it is not always easy to identify the causal links between easily observed indicators such as the kinds of services available in a town and powerful but invisible concepts such as “community resilience”.

Our approach to the modelling process

The first step in modelling social impacts on forest communities was the collection of information about the people living in and around the communities under consideration. As part of this process, a number of surveys were conducted to collect detailed biographical data about people employed in forest related industries. In addition, surveys and community workshops were used to collect information about the ways in which people perceived their communities and the relationship of the communities to the forests.

Identification and development of social indicators

The data collected from these processes provided the basis for a number of social indicators. These indicators were constructed from one or more specific items of data to provide measures that reflected in a more holistic way aspects of each community or each individual. For example, while the length of time a person has been employed in a particular industry probably influences their ability to change to another kind of industry, this single factor of itself does not provide a clear picture of the flexibility or lack of flexibility the person may feel or experience.

While the surveys and workshops provided a large amount of information about people in the communities and the communities themselves, we sought to identify the smallest possible set of indicators that might best reflect the impact of changes in the hardwood industry on communities. We were guided in this search by referring to the social impact literature, past industry studies and, in particular, the psychological literature dealing with the links between life events and subsequent physical and mental wellbeing. ‘Social impact’ is not a simple outcome that can be represented by a single number or indicator. Rather, a number of indicators provide a profile or ‘signature’ for a community and this profile suggests how sensitive a community might be to the effects of change.

Forecasting the impact over time

The process of modelling social impact does not require intensive computation, hence the mathematical parts of the process could easily be carried out within the limits of a spreadsheet such as Microsoft’s Excel. However, spreadsheets have the major disadvantage that the logic involved in reaching the results of calculations is hard to make visible in a way that onlookers can assess quickly and easily. This problem becomes particularly severe when what is being modelled is a dynamic system—a system with interconnections allowing feedback (or feedforward) loops. As one of the objectives for the consultancy was to develop a computer-based forecasting process that was ‘transparent’ in that the assumptions and logic are easily examined, we opted not to use a spreadsheet for the project. For a similar reason we chose not to write our own software or to use any of the commonly available statistical or mathematical packages for the task.

We chose Ithink produced by High Performance Systems Inc as the most appropriate software for the project. Ithink has a heritage in organisational, ecological, environmental and management modelling work associated with people like Jay Forrester from the Sloan School of Management at MIT. Ithink has been used by climate modelling groups around the world as well as for economic, industrial and human resource planning and financial modelling. Prior to this project we had used the package in a number of areas including financial modelling in the banking industry and visitor forecasting in the tourism industry. Ithink uses a graphical interface to show the logic of the model and hence, assist with model building and interpretation. Thus, meeting one of the project objectives.

The goal when using Ithink is to identify the key ‘flows’ in a system and then model those flows over time by identifying the factors that control them. The modelling process is one of isolating the essential elements of a situation and then mirroring these in the software so that the impact of changes in key factors can be explored by simulating the system being studied. This approach can work with both ‘hard’ and soft’ variables.

The output from Ithink can be presented in a number of ways: tables, graphs and ‘indicators’. The ‘indicators’ are part of the graphic interface and can be chosen from a built-in palette of dials and annunciators to create the most useful ‘control panel’ for a specific situation. The tables and graphs can be exported through ‘hot links’ to other software capable of sharing data in this way, such as most recent releases of spreadsheet, database and graphics software.

Developing the INDICATORS

We argued in developing the social impact model described in this report that the major relevant trigger for impacts would be changes in the employment levels in a community. These changes we saw as being (i) in the hardwood industry and (ii) in all other sectors of employment. Changes might come about, we suggested, from either job losses—a decline in the number of jobs within the industry in particular or community in general or through job creation.

Two categories of indicators were developed for the project. The first to capture the impact of changed employment opportunities on people working in the hardwood industry, and the second to capture the impact of these changes on the broader community. The components of these indicators are outlined in the table on the following pages.

Outline of indicators developed to reflect impacts on workers in the hardwood industry

Concept
Impact on Hardwood Workforce 

The ability of employees to change occupation or move to new locations in search of work
Indicators

Domestic Flexibility

Occupational Flexibility
Community response
Measured components

· Having dependent children.

· Extent of being locked into  mortgage payments.

· Having a dependent partner.

· Having family members in the same town.

· Time in the timber industry.

· Experience in other industries.

· Level of education.

· Ways in which a community has dealt with positive and negative impacts in the relatively recent past.
Role in model
Values based on survey data are calculated for each worker. (Mean values were then calculated for the group of workers within each community). 

The impact appears when the jobs are lost and conditions improve slowly over time or more rapidly if jobs are created that can absorb unemployed workers. The rate of improvement is related to a number of factors including the available job pool and community resilience.

The impact of job losses on hardwood workers is assumed to be less if the community is more resilient and has a history of coping well with both positive and negative events.

The individual components for the indicators were combined to produce single measures. There were three categories of indicator assumed to apply to each person—one that captured the personal or “emotional” impact of a job loss; one that captured the impact of time in the industry on ability to find jobs outside the industry and one that reflected the role of formal educational qualifications on finding a job outside the industry. The latter two indicators were combined into a measure of “occupational flexibility”. The way in which the components were combined is set out in the diagram on the following page.
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Impact on Workers

KIDIMPAC

Having dependent

children:

No = 0

Yes = 1

HSEIMPAC

Financial obligations:

 

No responsibility = 0

Own outright = 1

Renting = 2

Paying off = 3

PARMPAC

Relationship pressure:

 

Single, separated, etc = 1

Partner working = 2

Partner not working = 3

SUPPORT

Family living in same town:

 

Yes = 1

No = 2

EMOTFLEX

Emotional impact 

Minimum = 2

Maximum = 9

TIME IN INDUSTRY

Number of years:

1 year or less

to

16 to 20 years

EXPERIENCE IN

OTHER INDUSTRIES

Worked in other industries:

 

Yes= 1

No = 2

PERFLEX

Ease of changing

industries

 

Least impact = 2

Most impact  = 9

 EDUCATION

Level of formal education:

From Primary

to

Degree

EDUFLEX

Portability of education

 

Degree/diploma

 

= 1

to

Less than yr 10  = 4

OCCUFLEX

Difficulty of changing jobs

 

Minimum = 2

Maximum = 9

Note: The indicator names shown in italics are the names

created in SPSS when analysing the survey data

collected from workers in the hardwood industry. 

SPSS is limited to eight character names for variables,

resulting in unfortunately cryptic labels.


Assumptions about the indicators for workers

1. People who have lost their job cannot necessarily move into vacancies that are created; particularly when the jobs are created in other industry sectors.

2. The longer a person has worked in an industry, the harder it is to change industries. The change is less difficult if the person has had experience in other industries.

3. The greater the level of formal education, the easier it is for a person to change industries or jobs.

4. If a person has a mortgage, the impact of losing their job is greater than if they do not. Similarly, it is easier to move if a house is owned outright than if it is being rented.

5. If a person has dependent children the impact of losing their job is greater than if they do not.

6. If a person has a partner not in the workforce, the impact of losing their job is greater than if the partner is employed.

7. If a person does not have other family members living in a community, the impact of losing their job is greater than if they have family members in the community.

The indicator values were summed such that the greater the total, the greater the difficulty a person might have in changing jobs.

Outline of indicators developed to reflect impacts on communities

Concept

Impact on a

Community
The degree to which the impact of job losses can be dealt with by a community


Indicators

Assessed response to previous impacts

Relative impact of job losses


Measured components

· Previous history of impacts.

· Jobs losses relative to the size of the community workforce.

· Job gains relative to the size of the workforce.

· Proportion of new jobs that can be substituted for timber jobs lost.

The aggregate level of impact within a community is the mean flexibility of hardwood workers in the community (see previous table) multiplied by the number of jobs lost.


Role in model

Case histories of the ways in which a community has dealt with previous impacts were identified through community assessment workshops and published documents. The SAU officers assessed the case histories for the degree to which they reflected a robust and coordinated community response. 

· An interval scale was developed to reflect the quality of community response based reported reactions to past changes. 

· It was assumed that negative impacts would decay over time. 

· A moving value for cumulative impact was calculated by adding the impact at time ‘t’ to half the value at time ‘t-1’. In this way each community is given an historic accumulated impact when the simulation begins.



Assumptions about the indicators for communities

1. Impacts are cumulative over time and industry sectors. For example, the closure of a butter factory and the closure of a major retail outlet can combine to result in a greater impact than either event alone.

2. The intensity of an impact—positive or negative—declines over time.

3. The impact of losing job opportunities within a community is greater when the initial pool of job opportunities is smaller.

4. The impact of losing job opportunities within a community will be greater if people who are unemployed are less well equipped to seek employment or create jobs for themselves.

5. The impact of rising unemployment on a community will be less if the members of the community are experienced in working together to deal effectively with events that dislocate the routine pattern of life.

6. It is easier for a community to deal with positive events than with negative events

Developing the simulation model for forecasting

The focus of this work is modelling social impact. This means that the system to be represented by the model is some aspect of the social life in the towns and townships that form the forest communities in the regions. Thus, the social impact model is in one sense the complement of the ecological models dealing with forest flora and fauna. 

To keep the complexity of the model to a minimum, a single logic was developed for the model and then cloned for each of the communities involved in the study. This meant that while the actual values of variables and parameters for each community were specific to that community, the underlying logic of assessing the social impact was the same for all communities.

A starting point for developing system models is to identify the most relevant “flows” in the system being studied and then to identify the factors that either vary those flows or are consequences of changes in the flow. In the present case, jobs were identified as the most important things that vary. If we stay with the “plumbing” metaphor conjured up by the term flow, the number of available jobs at a given time can be thought of as the “pool” or stock of jobs. If employment opportunities decrease in a community, jobs can be thought of as draining away from a reservoir holding the total stock of jobs. Conversely, if employment opportunities increase, jobs can be thought of as flowing into the reservoir and increasing the general stock. Hence, the base flow for the social impact model was seen as the number of jobs in the hardwood industry. The link between jobs and communities was the place of residence of each person holding a job in the industry. For example, community A may have x contractors, y haulers, z bush crew and a mill worker. 

At the beginning of a simulation run with the model each community has both the number of individuals employed in the hardwood industry, and the number of individuals employed in the community overall, allocated to it as part of the input. The simulation then removes or adds jobs that change as a consequence of policy decisions and as a consequence of an extrapolated historic increase or decrease in community jobs. The impacts of these changes are then assessed in terms of the social impact on the employees in the hardwood industry and the overall community.

In the model described here there are two kinds of information included in the profile. One is based on what in the modelling terminology are called ‘co-flows’ and these vary over time as part of the simulation. The co-flow used in this model is the total stock of jobs in the community. The co-flow also provides the means for including some kinds of mitigation factors in the model—such as the growth in jobs because of developments in other industries. These flows are shown in the diagram on the following page.

Flows represented in the Ithink graphic interface
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The rectangles labelled “hardwood job stock” and “community job stock” represent the number of jobs available at any given time. The circles in the diagram represent factors that control the creation or loss of jobs. Some, like “timber growth factor” are historical estimates of changes in the industry. In contrast, other circles such as “timber initiatives” provide a means for including interventions that might occur at a particular point in time. The intervention can come about through government policy, market conditions or any other factor that can realistically interact with the labour market.
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The circles in the model are the points at which control or transformation instructions can be inserted. These can be in a number of forms—values, functions or plots depicting the assumed relationship between input and output variables. For example, the number of jobs lost in a community is not, of itself, a useful direct Indicator of the impact on the community. The impact will depend on a number of things including the number of jobs in the community. One job lost from a pool of 10 jobs will probably have more impact than one job lost from a pool of 1,000 jobs.

Output from the model

The actions of the model at any point can be displayed in graphical or tabular form. In the example shown here, two communities are compared on the measure of “community wellbeing” over a period of three years. Also shown on the graph is the number of hardwood jobs in each community. In one community the number of jobs increases beginning halfway through the period. This results in a small increase in overall community wellbeing. The size of the increase in wellbeing depends upon a number of features of that community. These include the overall number of jobs already in the community and the previous history of the community at dealing with change.  The graph also shows that one community started the period with greater resilience than the other (the different intercepts with the vertical axis) did. Because, for this analysis, the only changes the model was asked to make in the communities was to the number of hardwood jobs, the community wellbeing tends toward being asymptotic—over time, the communities reach a plateau. The rate at which this plateau is reached depends, again, on the resilience and size of each community. 

It is important to note here that this simplistic view of the community is not a function of the software or a limitation of the model. Controls were built into the logic so that the future of a community could reflect both adverse and supporting events. However, because the aim of the present exercise was to compare communities on only one measure, changes in hardwood jobs, all factors other than the previous history of each community has been held constant to throw the role of hardwood jobs into sharp relief.

Appendices

1.
Summary of research evidence for some of the key psychological and sociological assumptions built into the model
.

2.
Documentation from Ithink showing (a) the graphic interface for two communities, (b) the full logic of and values used for the model and, (c) example output. Note that the documentation of the logic and values is created automatically by the software as the model is constructed using the graphic interface.

Research Relevant to Social Impact Model Assumptions.

Section of the model
Findings/comments

1. Community resilience

Decrease due to time and job gain
The model proposes that the impact of stressors associated with job loss on a town’s resilience decreases over time. In a study of the impact of stressors over a 15 year time period Ensel and Lin (1996) found that although “time does not heal all wounds, it does heal some” (page 80). 

Job loss converted to community impact
The graph, which has been generated to explain this relationship, is based on the unemployment literature. The graph indicates that job loss initially has a severe impact on the community, which peters off over time. Warr and Jackson (1987) in a longitudinal study of unemployed men found a substantial deterioration in their psychological well being  (as measured by the GHQ-12) in the first 6 months, of unemployment. After six months, the deterioration stabilised however the psychological well being of these men did not rise to “normal levels”.  

The stabilisation of the mental health of the unemployed is due to an adaptation to their current circumstance, in some cases this is constructive in others it is "resigned". Constructive adaptation involves a person taking positive steps to develop interest and activities outside of the labour market. For example unemployed people may become involved in voluntary, religious or community organisations. (The community may have a role in facilitating this process, depending on its assessed response to impacts.) In contrast resigned adaptation involves the individual reducing their aspirations  "By wanting less, long-term unemployed people achieve less, and they become less." (Warr et al, 1988 p.55).  

 Warr explained that after 6 months the unemployed see the future as predictable, they know how to deal with social security, they are able to fill their time, and are less concerned about financial of psychological collapse. 

These findings are based on studies conducted in the United Kingdom where the unemployed receive benefits for as long as they are unemployed.  Warr et al (1988) cautions about the generalizability of these findings to a country where individuals lose unemployment benefits after a period of time. In such circumstance, the individual will experience an increase in financial strain, which in turn effects psychological well being. 

Job gain converted to community impact
This relationship is also described by a graph in the model. The graph displays a sharp increase in job gain converted to community impact as the scope of the impact of the gain increases. 


There are two main theories of employment, which are used to explain the experiences of the unemployed. Marie Jahoda (1982) proposed that work provided latent and manifest benefits to the individual, and hence irrespective of the "quality" of the job a person with a job is better off than a person without. Thus her model predicts that there will be an increase in the psychological well being of individuals when there is an increase in jobs. 


More recently, based on a large amount of research with unemployed people in the UK, Peter Warr developed what is termed the vitamin model of employment. (see pages 271-274)  Warr proposed that there are nine environmental factors common to work situations that influence mental health. The presence of these factors ensures that the individual is mentally well, but like vitamins, excess does not increase ones well being beyond a certain point. Hence there will be an initial increase in job gain converted to community impact as the scope of the gain increases, but once the community has reached it's quota the impact will slow down. 




In summary the most effective way of improving the psychological well being of an unemployed individual is for them to gain employment (Warr et al, 1988; and Turner et al, 1991).

Assessed responses due to impacts. 

 
This is an indication of how well the town has coped with stressors in the past. 

The model assumes that: 

Past coping predicts future coping

An estimate of past coping is based on the number of events the town had to cope with and their ability to cope, not the type of event. 

 
Assumption 1: Past coping success/ failure predicts future coping success/failure. 

As described above a person can cope with unemployment in an adaptive or a maladaptive way (Warr, et al, 1988).  The number and severity of the stressors and the individuals coping ability influence how an individual copes with multiple stressors. 

Severity and frequency of stressors:

 In the 1970’s researchers at Washington University began to study the impact of life events on physical health. They found that the greater the severity and the number of life changes a person encounters the greater the impact on the individual (Wyler, Holmes & Masuda, 1973: cited in Cooper, Cooper & Eaker, 1988). The type of life change (positive or negative) did not influence the impact on the individual. The fundamental aspects of this model have been replicated in recent studies.  Ensel and Lin (1996) found that both positive and negative stressors diminish coping resources, which leads to an increase in stress. In this study positive stressors were defined as “changes in status” for example marriage, education, employment etc.

Benshek and Lopez (1997) found a significant correlation between frequency of life stress and illness and also between severity of life stress and illness for men and women. However, this result was influenced by personality and gender variables, indicating that frequency and severity of events is not sufficient to predict future coping. In support of the concept that stressors have a cumulative effect on stress levels Ensel and Lin (1996) found that past stressors influences a person’s ability to cope with present stressors. However, the ability for past stressors to account for variations in current stressors decreases over time. 

Coping ability: 

Personality and unemployment literature suggests that some people cope better with stressors than others. Several longitudinal studies have indicated that ability to cope with past major life events and daily hassles are predictors of future emotional and behavioural functioning  (see Windle & Windle, 1996 for a review). Researchers have found that some people consistently cope better with stress than others (Kobasa, Maddi & Kahn, 1982). Ensel and Lin found that the likelihood of experiencing stressors as long as 15 years ago influences the current likelihood of experiencing stressors.

Although there is debate as to how and why different coping resources influence adaptation, it has been suggested that the ability to cope is a stable trait. Some researchers argue that people who cope with stress well have a characteristic called “hardiness”. Hardiness is a personality characteristic hypothesised to buffer people against the deleterious effects of life stress (Benishek & Lopez, 1997).  Others argue that people with Type A personality, cope well with unemployment as they are aggressive, ambitious and driven (Leana  & Feldman, 1992). In contrast people who do not cope well with stressors and engage in maladaptive coping strategies, remain anxious and are not prepared for future stressors (Cooper et al, 1988). 



2. Hardwood workforce flexibility

Positive to negative ratio
 
SEE ASSUMPTIONS. 
The predictions in this section are based on the assumption that past experiences teach people what to do in new circumstance. The greater the similarity between the past and the present experience the easier it is for the individual to transfer what they have learnt in the past and apply it in the future (Hesketh, 1997). In addition, the cliché “success breeds success” also applies. Evidence for this comes from the learned helplessness and learned optimism literature as well as the self-efficacy literature. Thus a town which has successfully dealt with a past stressor will have the confidence to do it again. In addition if the stressor was a negative one then the town should cope better with a sudden increase in unemployment such as may occur when a major employer closes. 

Learned helplessness: / Learned optimism.  

The more intense people find job loss the less coping behaviour they engage in. The intensity of job loss creates a sense of learned helplessness. A person who has successfully mastered past negative events will have more optimism and thus be less likely to fall into this trap. In contrast people who perceive the situation as reversible, are more likely to engage in adaptive coping (Leana & Feldman, 1992). Thus a community, who has had little success in dealing with past negative stressors, will be more likely become resigned and helpless in the face of mass unemployment.



The degree of occupational flexibility is defined by the survey data. It was assumed that the amount of time a worker spent in the timber industry, their education level and whether or not they had had experience in other industries would effect their occupational flexibility.
Experience in other jobs: 

The less experience a person has had in a variety of industries the less likely that they have skills that can be transferred to other context (Hesketh 1987). Hence it is more difficult for people who have worked in the same job for a long period of time to find alternative employment. In addition, a person who has worked for a long time in the one job has had little experience in applying for other jobs hence it is likely that they will believe that they lack job-seeking skills (Caplan, Vinokur, Price and van Ryn, 1989). Low self-efficacy and self-esteem will decrease the likelihood that one believes they can get a job (see also Bandura, 1977).   If a person suffers continued setbacks in applying for jobs they lose their motivation to keep trying. Prolonged unemployment and successive failures to get jobs results in a feeling of helplessness (Caplan et al, 1989).


Education level: 

In a factory closure in America the impact of long-term unemployment was more severe among less educated than amongst the more educated people. This is because, less educated workers are more "hard hit psychologically" by unemployment and because unemployment is objectively a worse stressor for them. In addition it is likely to reflect their view of the future (Broman et al, 1995). 


 Time in the industry: 

Although there is little research which measured the impact of the time in an industry on the relationship between unemployment and psychological impact. Time can be understood in terms of age or perhaps seniority. Time in a particular position may reflect the age of the individual. For example a person who has been in the timber industry for 20 years or more will be over the age of 40.  Men aged between 20-59 show significantly greater deterioration as a result of unemployment than did older or younger men (Warr, et al, 1988).  (Part of this related to financial strain see below). 


The research into the impact of seniority is less clear. Hamilton et al, (1990) found that in a unionised sample, seniority impacts the likelihood that someone will get a re-employed in the original job. However Broman et al (1990) found that seniority had no impact on distress levels for white collar workers. 

Personal impact level: This was defined by survey data on individual's family circumstances and their financial commitments. 
In the unemployment literature, financial strain and social support are seen as factors that influence the relationship between unemployment and psychological well being.

Financial strain
The greater the financial strain on the individual the greater the impact of unemployment. There is greater financial stress on unemployed men who have dependent children, than single unemployed teenagers who are living in their parent's home (Warr et al., 1988). 

Social support 

Social support reduces the severity of the effects of unemployment. (See Strobe & Strobe, 1996 for a review of the impact of social support). Being married and having family in the town are sources of social support. Over time, the unemployed reduce the number of non-family members that they rely on for support, however there is no change in the number of family members relied upon (Warr, 1988). In addition, Spouse support can increase a person's job seeking behaviour (Vinokur & Caplan, 1987). In a study of the impact of a factory closure, Broman et al, (1995) found that there was a progression of distress for men married<cohabiting<widowed<single<divorced<separated



Impact of the local unemployment rate on mental well being
Research comparing those who lost jobs with those who remained in the workforce over 6-month period. indicates that the unemployed had lower levels of psychological well-being than their employed counterparts. However there is some evidence that when unemployment levels are relatively high, unemployed people find it easier to attribute the cause to factors outside themselves and are thus maintain a personal sense of psychological well-being. Jackson and Warr, (1987), studies communities with unemployment rates ranging from 10% to 19% and found evidence of resilience in the face of a perceived external threat. 
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Documentation from Ithink

The Ithink interface with the user occurs at a number of levels. One is the “control panel” layer on which graphs and tables show the output of a simulation and virtual dials and slider controls provide the opportunity to manipulate input values with ease. A second level is the “documentation” layer. Here, the software automatically creates a text record of the model logic in which equations, parameters and variables are all specified. The following documentation is from the model used in the previous examples and is included here to provide a sense of the transparency of the model—an important factor when stakeholders are interested in the assumptions driving the output. 

dependency(t) = dependency(t - dt) + (dependency_change) * dt

INIT dependency = dependency_change

dependency_change = GRAPH(participation_potential)

(0.00, 1.00), (0.2, 0.35), (0.4, 0.15), (0.6, 0.04), (0.8, -0.04), (1.00, -0.08), (1.20, -0.14), (1.40, -0.29), (1.60, -0.49), (1.80, -0.78), (2.00, -0.97)

DOCUMENT:  This component reflects the flexibility available to the community in the degree to which it is dependent on unemployment benefits. It takes into the number of unemployed workers together with the stock of realistically available jobs and weights this by the extent to which the community suffers from unemployment.

job_turnover_rate = 0.05

DOCUMENT:  This figure reflects the vacancy rate in existing jobs created by retirement, illness, migration, etc.

number_on_unemployment_benefits = ROUND(RANDOM (38,42,200))

DOCUMENT:  Number at ABS 1996 Census was 40 people. This figure will vary over time. To avoid assuming a trend in the relatively short term, the model takes 40 as the 'typical' level and each month uses a random number chosen from a rectangular distribution ranging from 38 to 42. 

The 'ROUND' function makes sure that the figure is a whole number.  

participation_potential = (community_job_stock*job_turnover_rate*take_up_of_available_jobs)/number_on_unemployment_benefits

DOCUMENT:  This component represents the potential for community members currently unemployed to get jobs in the community. It represents the 'effective number of jobs' (those available that can reasonably be taken up by unemployed community members) compared to the number of unemployed people in the community. It takes a value of zero when there are no jobs; '1' when the jobs match the number seeking work; and a number greater than one when there is a demand for labour.

Community job stock is calculated by the model based on ABS figures.

Number of unemployed is based on ABS figures.

'take up' is a judgement made by Social Assessment Officers.

take_up_of_available_jobs = 15/32

DOCUMENT:  This converter provides an opportunity to mirror the likelihood that as jobs become available they does not automatically decrease the pool of people in unemployment in a one-to-one fashion.

It is represented here as a value between 0 and 1 and thus can be interpreted as the probability that a member of the community will be able to take up each available position. The value is derived from data showing the reemployment rate of timber workers.

The figure below is based on Structural Adjustment Report, Rush1997.

dependency_2(t) = dependency_2(t - dt) + (dependency_change_2) * dt

INIT dependency_2 = dependency_change_2

dependency_change_2 = GRAPH(participation_potential_2)

(0.00, 1.00), (0.2, 0.35), (0.4, 0.15), (0.6, 0.04), (0.8, -0.04), (1.00, -0.08), (1.20, -0.14), (1.40, -0.29), (1.60, -0.49), (1.80, -0.78), (2.00, -0.97)

DOCUMENT:  This component reflects the flexibility available to the community in the degree to which it is dependent on unemployment benefits. It takes into the number of unemployed workers together with the stock of realistically available jobs and weights this by the extent to which the community suffers from unemployment.

job_turnover_rate_2 = 0.05

DOCUMENT:  This figure reflects the vacancy rate in existing jobs created by retirement, illness, migration, etc.

number_on_unemployment_benefits_2 = ROUND(RANDOM (38,42,200))

DOCUMENT:  Number at ABS 1996 Census was 40 people. This figure will vary over time. To avoid assuming a trend in the relatively short term, the model takes 40 as the 'typical' level and each month uses a random number chosen from a rectangular distribution ranging from 38 to 42. 

The 'ROUND' function makes sure that the figure is a whole number.  

participation_potential_2 = (community_job_stock_2*job_turnover_rate_2*take_up_of_available_jobs_2)/number_on_unemployment_benefits_2

DOCUMENT:  This component represents the potential for community members currently unemployed to get jobs in the community. It represents the 'effective number of jobs' (those available that can reasonably be taken up by unemployed community members) compared to the number of unemployed people in the community. It takes a value of zero when there are no jobs; '1' when the jobs match the number seeking work; and a number greater than one when there is a demand for labour.

Community job stock is calculated by the model based on ABS figures.

Number of unemployed is based on ABS figures.

'take up' is a judgement made by Social Assessment Officers.

take_up_of_available_jobs_2 = 15/32

DOCUMENT:  This converter provides an opportunity to mirror the likelihood that as jobs become available they does not automatically decrease the pool of people in unemployment in a one-to-one fashion.

It is represented here as a value between 0 and 1 and thus can be interpreted as the probability that a member of the community will be able to take up each available position. The value is derived from data showing the reemployment rate of timber workers.

The figure below is based on Structural Adjustment Report, Rush1997.

hardwood_job_stock(t) = hardwood_job_stock(t - dt) + (hardwood_jobs_generated - hardwood_jobs_lost) * dt

INIT hardwood_job_stock = 59

hardwood_jobs_generated = timber_growth_factor +timber_intiatives

hardwood_jobs_lost = 0

timber_growth_factor = 0

DOCUMENT:  This component allows for an increase in the stock of timber related jobs in the community brought about as part of 'natural' industry growth.

timber_intiatives = GRAPH(TIme)

(1.00, 0.00), (4.50, 0.00), (8.00, 0.00), (11.5, 0.00), (15.0, 0.00), (18.5, 0.00), (22.0, 0.00), (25.5, 0.00), (29.0, 0.00), (32.5, 0.00), (36.0, 0.00)

hardwood_job_stock_2(t) = hardwood_job_stock_2(t - dt) + (hardwood_jobs_generated_2 - hardwood_jobs_lost_2) * dt

INIT hardwood_job_stock_2 = 10

hardwood_jobs_generated_2 = timber_growth_factor_2 +timber_intiatives_2

hardwood_jobs_lost_2 = 0

timber_growth_factor_2 = 0

DOCUMENT:  This component allows for an increase in the stock of timber related jobs in the community brought about as part of 'natural' industry growth.

timber_intiatives_2 = GRAPH(TIme)

(1.00, 0.00), (4.50, 0.00), (8.00, 0.00), (11.5, 0.00), (15.0, 0.00), (18.5, 0.00), (22.0, 0.00), (25.5, 0.00), (29.0, 0.00), (32.5, 0.00), (36.0, 0.00)

A:_personal_impact_accumulation(t) = A:_personal_impact_accumulation(t - dt) + (impact_level - recovery_pers) * dt

INIT A:_personal_impact_accumulation = 0

impact_level = hardwood_jobs_lost*degree_of_personal_flexibility

DOCUMENT:  This indicator reflects the 'mass' of the impact when a particular number of workers lose their jobs. 

recovery_pers = A:_personal_impact_accumulation*((decrease_due_to_time_&_job_gain)/(positive_to_negative_ratio+1))

cumulative_occupational_inflexibility(t) = cumulative_occupational_inflexibility(t - dt) + (inflexibility_level - recovery_occup) * dt

INIT cumulative_occupational_inflexibility = 0

inflexibility_level = hardwood_jobs_lost*degree_of_occupational_flexibility

DOCUMENT:  This indicator reflects the 'mass' of the impact when a particular number of workers lose their jobs. 

recovery_occup = cumulative_occupational_inflexibility*(decrease_due_to_time_&_job_gain)/(positive_to_negative_ratio+3)

degree_of_occupational_flexibility = 6.13

DOCUMENT:  This is the mean figure for the hardwood workforce within the community derived from the demographic section of the workforce survey. 

The index is constructed by taking into account the time a worker has been in the timber industry;  whether or not they have had experience in other industries; and the level of their formal education. 

It is assumed that the higher a worker's education level, the more portable are their skills, Similarly, the less their time in the timber industry and having had experience in other industries increases their occupation 'flexibility'.

The figure reflects a workers flexibility to move from the community and the potential impact of unemployment.

degree_of_personal_flexibility = 2.8

DOCUMENT:  This is the mean figure for the hardwood workforce within the community derived from the demographic section of the workforce survey. 

The index is constructed by taking into account the number and extent of personal obligations and support  surrounding each worker. These were dependent partner, dependent children, financial obligation for accommodation and having family in the community.

The figure reflects a workers flexibility to move from the community and the potential impact of unemployment.

positive_to_negative_ratio = 1.5

DOCUMENT:  This value is the ratio of community response to a past positive event at community level to the community response to a negative event. It provides a measure of community adaptability.

The ratings were made during workshops held within each community and took into account factors such as : the scope of the event;  the breadth of community participation and whether any goals were achieved.

A ratio of '1' suggests that the community response is similar to both positive and negative events. Values greater than one reflect greater success with positive events; a value less than one, greater success with negative events.

cumulative_occupational_inflexibility_2(t) = cumulative_occupational_inflexibility_2(t - dt) + (inflexibility_level_2 - recovery_occup_2) * dt

INIT cumulative_occupational_inflexibility_2 = 0

inflexibility_level_2 = hardwood_jobs_lost_2*degree_of_occupational_flexibility_2

DOCUMENT:  This indicator reflects the 'mass' of the impact when a particular number of workers lose their jobs. 

recovery_occup_2 = cumulative_occupational_inflexibility_2*(decrease_due_to_time_&_job_gain_2)/(positive_to_negative_ratio_2+3)

personal_impact_accumulation_2(t) = personal_impact_accumulation_2(t - dt) + (impact_level_2 - recovery_pers_2) * dt

INIT personal_impact_accumulation_2 = 0

impact_level_2 = hardwood_jobs_lost_2*degree_of_personal_flexibility_2

DOCUMENT:  This indicator reflects the 'mass' of the impact when a particular number of workers lose their jobs. 

recovery_pers_2 = personal_impact_accumulation_2*((decrease_due_to_time_&_job_gain_2)/(positive_to_negative_ratio_2+1))

degree_of_occupational_flexibility_2 = 5.7

DOCUMENT:  This is the mean figure for the hardwood workforce within the community derived from the demographic section of the workforce survey. 

The index is constructed by taking into account the time a worker has been in the timber industry;  whether or not they have had experience in other industries; and the level of their formal education. 

It is assumed that the higher a worker's education level, the more portable are their skills, Similarly, the less their time in the timber industry and having had experience in other industries increases their occupation 'flexibility'.

The figure reflects a workers flexibility to move from the community and the potential impact of unemployment.

degree_of_personal_flexibility_2 = 2.9

DOCUMENT:  This is the mean figure for the hardwood workforce within the community derived from the demographic section of the workforce survey. 

The index is constructed by taking into account the number and extent of personal obligations and support  surrounding each worker. These were dependent partner, dependent children, financial obligation for accommodation and having family in the community.

The figure reflects a workers flexibility to move from the community and the potential impact of unemployment.

positive_to_negative_ratio_2 = 1.2

DOCUMENT:  This value is the ratio of community response to a past positive event at community level to the community response to a negative event. It provides a measure of community adaptability.

The ratings were made during workshops held within each community and took into account factors such as : the scope of the event;  the breadth of community participation and whether any goals were achieved.

A ratio of '1' suggests that the community response is similar to both positive and negative events. Values greater than one reflect greater success with positive events; a value less than one, greater success with negative events.

community_job_stock(t) = community_job_stock(t - dt) + (jobs_generated - jobs_lost) * dt

INIT community_job_stock = 18040

DOCUMENT:  Based on the ABS 1996 Census labour force

(employed fulltime+employed parttime+ employed not stated)

jobs_generated = (hardwood_jobs_generated+growth_factor+other_initiatives)*job_gain_multiplier

DOCUMENT:  In any given time period the number of jobs created is the sum of those generated internally within the community and those created by external intitatives.

jobs_lost = (hardwood_jobs_lost+general_decline)*multiplier

general_decline = (60/60)

DOCUMENT:  This component of the model reflects any 'background' drift toward smaller job stocks in the community.  Because the model is concerned with reflecting the social impact of policy changes in the timber industry,  changes in employment opportunities in the timber industry are treated as 'shocks' over and above the background trend and as occurring at a point in time.

The current measure is the difference in ABS estimates of numbers of people employed in 1991 and 1996. 

growth_factor = 12.3

DOCUMENT:  This factor allows for a generalised growth in jobs as a function of activity already in the community.  It is used to allow explicit modelling of a situation in which some industries create jobs. 

Lost jobs are modelled as a draining of the total job stock by the 'general decline' factor and the 'multiplier'.

job_gain_multiplier = 1

multiplier = 1.0

other_initiatives = 0

DOCUMENT:  This controller allows for the creation of jobs due to the arrival of new organisations or industries. The increase in jobs could be specified as time dependent ramp or step functions depending upon the timing of job creation. Initially it is set to zero. 

community_job_stock_2(t) = community_job_stock_2(t - dt) + (jobs_generated_2 - jobs_lost_2) * dt

INIT community_job_stock_2 = 361

DOCUMENT:  Based on the ABS 1996 Census labour force

(employed fulltime+employed parttime+ employed not stated)

jobs_generated_2 = (hardwood_jobs_generated_2+growth_factor_2+other_initiatives_2)*job_gain_multiplier_2

DOCUMENT:  In any given time period the number of jobs created is the sum of those generated internally within the community and those created by external intitatives.

jobs_lost_2 = (hardwood_jobs_lost_2+general_decline_2)*multiplier_2

general_decline_2 = (60/60)

DOCUMENT:  This component of the model reflects any 'background' drift toward smaller job stocks in the community.  Because the model is concerned with reflecting the social impact of policy changes in the timber industry,  changes in employment opportunities in the timber industry are treated as 'shocks' over and above the background trend and as occurring at a point in time.

The current measure is the difference in ABS estimates of numbers of people employed in 1991 and 1996. 

growth_factor_2 = 0.5

DOCUMENT:  This factor allows for a generalised growth in jobs as a function of activity already in the community.  It is used to allow explicit modelling of a situation in which some industries create jobs. 

Lost jobs are modelled as a draining of the total job stock by the 'general decline' factor and the 'multiplier'.

job_gain_multiplier_2 = 1

multiplier_2 = 1.0

other_initiatives_2 = 0

DOCUMENT:  This controller allows for the creation of jobs due to the arrival of new organisations or industries. The increase in jobs could be specified as time dependent ramp or step functions depending upon the timing of job creation. Initially it is set to zero. 

monthly_impact_level(t) = monthly_impact_level(t - dt) + (increase_due_to_job_losses - decrease_due_to_time_&_job_gain) * dt

INIT monthly_impact_level = 7.6

increase_due_to_job_losses = job_loss_converted_to_community_impact * (1/assessed_response_to_impacts)

DOCUMENT:  This converter takes the "community impact" value derived from the number of actual jobs lost and then weights that impact by the ability of the community to cope with further impacts. Because this latter term is a decimal value less than or equal to '1', it is expressed as the reciprocal value so that less able communities feel the impact of a given number of job losses more than more able communities.

decrease_due_to_time_&_job_gain = monthly_impact_level*(decay_factor)+job_gain_converted_to_community_impact

assessed_response_to_impacts = 0.83

DOCUMENT:  This value is sum of the rated community responses to both positive and negative events compared to the maximum possible rating.

A value of one means that the maximum has been achieved; smaller values reflect the relative inability of the community to meet these challenges.

decay_factor = 0.05613

effective_new_jobs = jobs_generated*take_up_of_available_jobs

scope_of_impact_gain = effective_new_jobs/community_job_stock

scope_of_impact_loss = jobs_lost/community_job_stock

DOCUMENT:  Calculates the proportion of the community total job stock lost when jobs are lost in a given month

job_gain_converted_to_community_impact = GRAPH(scope_of_impact_gain)

(0.00, 0.03), (0.005, 0.06), (0.01, 0.18), (0.015, 0.75), (0.02, 1.80), (0.025, 3.81), (0.03, 5.00), (0.035, 5.43), (0.04, 5.79), (0.045, 5.97), (0.05, 6.00)

job_loss_converted_to_community_impact = GRAPH(scope_of_impact_loss)

(0.00, 0.03), (0.005, 0.06), (0.01, 0.18), (0.015, 0.75), (0.02, 1.80), (0.025, 3.81), (0.03, 5.00), (0.035, 5.43), (0.04, 5.79), (0.045, 5.97), (0.05, 6.00)

monthly_impact_level_2(t) = monthly_impact_level_2(t - dt) + (increase_due_to_job_losses_2 - decrease_due_to_time_&_job_gain_2) * dt

INIT monthly_impact_level_2 = 3.0

increase_due_to_job_losses_2 = job_loss_converted_to_community_impact_2 * (1/assessed_response_to_impacts_2)

DOCUMENT:  This converter takes the "community impact" value derived from the number of actual jobs lost and then weights that impact by the ability of the community to cope with further impacts. Because this latter term is a decimal value less than or equal to '1', it is expressed as the reciprocal value so that less able communities feel the impact of a given number of job losses more than more able communities.

decrease_due_to_time_&_job_gain_2 = monthly_impact_level_2*(decay_factor_2)+job_gain_converted_to_community_impact_2

assessed_response_to_impacts_2 = 0.92

DOCUMENT:  This value is sum of the rated community responses to both positive and negative events compared to the maximum possible rating.

A value of one means that the maximum has been achieved; smaller values reflect the relative inability of the community to meet these challenges.

decay_factor_2 = 0.05613

effective_new_jobs_2 = jobs_generated_2*take_up_of_available_jobs_2

scope_of_impact_gain_2 = effective_new_jobs_2/community_job_stock_2

scope_of_impact_loss_2 = jobs_lost_2/community_job_stock_2

DOCUMENT:  Calculates the proportion of the community total job stock lost when jobs are lost in a given month

job_gain_converted_to_community_impact_2 = GRAPH(scope_of_impact_gain_2)

(0.00, 0.03), (0.005, 0.06), (0.01, 0.18), (0.015, 0.75), (0.02, 1.80), (0.025, 3.81), (0.03, 5.00), (0.035, 5.43), (0.04, 5.79), (0.045, 5.97), (0.05, 6.00)

job_loss_converted_to_community_impact_2 = GRAPH(scope_of_impact_loss_2)

(0.00, 0.03), (0.005, 0.06), (0.01, 0.18), (0.015, 0.75), (0.02, 1.80), (0.025, 3.81), (0.03, 5.00), (0.035, 5.43), (0.04, 5.79), (0.045, 5.97), (0.05, 6.00)

community_wellbeing = inverter-monthly_impact_level

community_wellbeing_2 = inverter_2-monthly_impact_level_2

inverter = 36

inverter_2 = 36

timber_workers_occupational_inflexibility = inverter-cumulative_occupational_inflexibility

timber_workers_occupational_inflexibility_2 = inverter_2-cumulative_occupational_inflexibility_2

timber_workers_personal_wellbeing = inverter-A:_personal_impact_accumulation

timber_workers_personal_wellbeing_2 = inverter_2-personal_impact_accumulation_2
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The cloud symbols represent the boundaries of the model. The flows run from left to right between the cloud symbols. 





Circles represent points in the model at which the flows can be controlled. They can also be thought of as “containers” for logical or mathematical instructions defining the actions of the model. In this model, circles are included to provide the opportunity to include action but the actions were not necessarily activated. An example is the ‘multiplier’ that was set at ‘1’ for the social impact analyses described in this and other RFA reports.





The arrows connecting elements of the model represent connections through which information flows. 





Impact of increase in hardwood jobs





An example of a transformation control.. Here, the “scope of job loss” measured by the number lost as a proportion of the total jobs in the community is converted to an index of perceived loss—“community impact”—scaled in the same way as the impacts assessed  by SAU officers during community workshops.





The different intercepts show the differing previous histories of each community.





Number of jobs  (“hardwood job stock”) and “community wellbeing” and are scaled differently on a single axis but are consistent across communities to allow comparison.





Increase in  number of hardwood jobs in one community while the other stays constant.








� We gratefully acknowledge the contribution made in collating and reviewing the relevant research by Ms Tamar Balkin BA (Hons) MAPS.
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