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Abstract

This research studies 2456 residents of Iowa to identify which factors most influence their desire to change employment.   We use a logistic regression with polytomous response model to uncover that travel distance, salary and age are primary motivating factors for an individual to change jobs.   We demonstrate how this model allows for the calculation of the number of individuals likely or somewhat likely to change employment given a particular set of job characteristics both at the individual and the zip code level.  We work with the existing transportation network in the Keokuk, Iowa, laborshed to estimate the draw of workers from the surrounding community.

1. Introduction



The availability of labor in a specific geographic region, defined as a laborshed by the University of Northern Iowa’s Institute for Decision Making (IDM), is an issue of great concern to Iowa’s businesses and industry.  IDM is the community economic development component within the College of Business Administration’s External Services Division.  Created in 1987, IDM now has a client base of over 400 organizations ranging from chambers of commerce, local economic development corporations to multi-community development organizations.  Working with these organizations, IDM provides hands-on technical assistance to meet primarily the changing community and economic development needs of Iowa’s rural and urban communities.   Its core services include community-wide strategic planning, short-term economic development planning, community marketing, organizational development and assistance, target industry analysis and applied research.

The state of Iowa consists of numerous laborsheds which are defined as the surrounding regions from which a local community (nodal region) draws its workers (Laborshed Survey and Analysis, Ft. Madison, 2000).  For example, in Figure 1, the Keokuk, Lee County, laborshed is subdivided into zip codes for which labor force estimates are ultimately desired.  The fundamental goal of any laborshed analysis is to estimate the potential availability of workers and determine how well the surrounding geographical areas are able to provide a stable supply of workers to the central laborshed node.   In particular, IDM is interested in estimating the attraction of workers from zip codes in the Keokuk laborshed to the nodal city of Keokuk.  A vibrant supply of well-trained and highly educated employees is key to retaining and expanding existing businesses and attracting new employers and workers (Laborshed Survey and Analysis, Keokuk, 2000).  In recent years, Iowa has had low unemployment rates, further magnifying the need for accurate laborshed analyses.

This research supports the core services of IDM by estimating the availability of workers in Iowa and, in particular, in the Keokuk laborshed.  A survey of 2456 residents in the state of Iowa recorded employment demographics such as employment status, age, education level and miles driven to work.  Of particular interest is the ordinal variable that rates a person’s desire to change employment on a 1-4 scale (1=very likely to change; 4=very unlikely to change).  


One goal of this work is to determine which factors influence a person’s desire to change jobs.  We achieve this goal by exploring factors at both the micro (individual) level and at the macro (zip code or laborshed) level.  These factors can be used to estimate the available labor pool for an individual job (micro level).  In particular, given a set of job characteristics such as wage, education level needed, distance willing to travel, etc., a logistic regression with polytomous response model is developed to estimate the potential number of applicants for such a job.  We demonstrate these calculations using an Excel program for a few illustrative job choices.

At the macro level, the model provides estimates of the available labor pool (weighted labor force) in a particular geographic region, given a set of job characteristics.  We work with the existing transportation network within a particular laborshed (Keokuk) to determine the attraction of workers from the surrounding community (at the zip code level) to its nodal city.  We demonstrate our model’s flexibility by estimating worker availability at the zip code level given the existing transportation network in Lee County, Iowa.  Aggregating workers’ variables to the laborshed level, our method improves upon the currently used methodology on two fronts.  First, the labor pool would naturally depend upon the job available.  As an illustration, one would anticipate that the available work force for a blue collar job (such as a factory worker) would be far different from that of a white collar job (such as a web site manager).  Hence, any model should take into consideration the wage offered, education level desired, distance needed to travel, etc.  The second reason for the attraction of our methodology is that it is a model based estimator.  The data choose which variables are most important, rather than arbitrarily doing so

The format of the paper is as follows.  In section 2, we describe the data used in this analysis, while section 3 details the polytomous response logistic regression model.  We interpret the results from our model in section 4 and demonstrate prediction for a particular job in section 5.  In section 6, we describe the transportation network for a particular laborshed, Keokuk, and show how our model estimates the available (weighted) labor force.  Finally, section 7 provides concluding comments.

2. Data 

A random sample of 2456 Iowa residents, ages 18 to 64, was conducted by Essman Marketing Research in Des Moines and Heartland Communications Group of Ft. Dodge.  Details on the design and implementation can be found in the Laborshed Survey and Analysis (2000, p. 2). .  Figure 2 shows the residences of all 2456 surveyed Iowa individuals.  Variables of interest collected on all 2456 individuals include gender, age, education level, place of residence and current employment status as employed, unemployed, homemaker or retired.

1848 employed residents were queried about the location of their employer, employer type, occupation, years of employment in their occupation, current salary, additional education/skills possessed, number of jobs currently held and the number of hours worked per week.  In addition, variables collected inquiring about aspects of changing employment include how far one would be willing to travel to change employment, the wage desired to change jobs and the number of hours willing to work.

Exactly 186 unemployed individuals and 216 homemakers in the survey were asked how many hours they had been previously working and at what wage, how many hours they would prefer to work, the lowest wage they would accept for employment and the number of miles the person is willing to travel to accept employment.

Also, 206 retired individuals under age 65 in the survey were asked how many hours they would prefer to work should they reenter the workforce, the lowest wage they would accept to return to being employed and the number of miles the person is willing to travel to return to being employed.

The data compiled from the survey were sorted by employment status: employed, unemployed, homemaker, and retired.  Each of the four groups was studied separately at the individual level.  We first eliminated individuals with incomplete records or unreasonable values.   A few variables were difficult to quantify (for example, the perceived benefits of changing employment) and therefore, will be considered in a future study.  Similar variables were aggregated to reduce multicollinearity (for example, dollars per hour and yearly salary were synthesized to just an hourly wage). 

All surveyed respondents were asked about their likelihood to change (regain) employment: (1=Very likely, 2=Somewhat likely, 3=Somewhat unlikely and 4=Very unlikely).  This variable became the dependent variable in the subsequent polytomous response logistic regression models in section 3.
 Table 1 shows the counts of the willingness to change variable by the employment status group.  Sparse cell counts (of 3’s and 4’s) together with a lack of several important covariates for the unemployed, homemakers and retired forced us to aggregate all threes and fours to a single category for these respective employment status groups.  Hence, the omission of some 4’s in Table 1.





TABLE 1 ABOUT HERE

Table 2 supplies summary statistics for many of the variables used in the analysis.  About half of the sample is female; most homemakers are female, while more males are employed.  Education is an ordinal variable where bigger values refer to more highly educated individuals.  As expected, retired individuals are the oldest while employed people make the most money.  For employed individuals, their average distance that they are willing to travel to work is 18.3 miles.





TABLE 2 ABOUT HERE

3. Theoretical Statistical Modeling

An appropriate statistical model to estimate the available work force given certain covariates such as age, potential salary, distance willing to travel, etc. is a logistic regression with polytomous response.  In the sequel, we outline the procedure.  We work with the person’s decision to change employment (1=Very likely, 2=Somewhat likely, 3=Somewhat unlikely and 4=Very unlikely), and model the theoretical probabilities of each (
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Given a set of 
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, covariates for each employment status group such as those outlined in section 2, respectively, we can model these theoretical probabilities (1) with logistic regression models.  Note that having four levels (polytomous response) of the ordinal dependent variable (the person’s decision to change employment) requires us to choose a baseline level.  We demonstrate the model with employed individuals, choosing 
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With employed covariates 
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 such as age, sex, distance willing to travel and education level, the logistic regression with polytomous response model is (McCullagh and Nelder, 1989)
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where 
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 are vectors of model parameters for employed individuals.  The model (2) can be fit using SAS or through Bayesian methods, using the software BUGS (Gilks, Thomas and Speigelhalter, 1994).  Resulting parameter estimates, 
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4.  Model Results


For the Iowa laborshed data, we fit the polytomous response logistic regression models to the four employment status groups.  For example, using the employed individuals, we are interested in the following theoretical probabilities 
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In comparing 
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The model (3) fits well (Partial Deviance = 27.384, p-value = 0.0001).  Table 3 displays the parameter estimates and associated observed significance levels.
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Inspecting the parameter estimates, travel distance and salary are strongly significant.  Education is weakly significant and positive.  Thus, as a person’s education level increases 
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The model for comparing 
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The model (4) fits well (Partial Deviance = 216.387, p-value = 0.0001).  Table 4 displays the parameter estimates and associated observed significance levels.
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Education is not significant, but as before, both travel distance and salary are.

In comparing 
[image: image31.wmf]4

E

 with 
[image: image32.wmf]1

E

, the model becomes


[image: image33.wmf]Education

Salary

Travel

Age

Sex

p

p

E

E

5

4

3

2

1

0

1

4

ln

g

g

g

g

g

g

+

+

+

+

+

=

÷

÷

ø

ö

ç

ç

è

æ

            (5)

The model (5) fits well (Partial Deviance = 215.846, p-value = 0.0001).  Table 5 displays the parameter estimates and associated observed significance.
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Interpreting the model output, age, travel distance and salary are all strongly significant.  Since age is positive, as one ages, 
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, i.e., as one ages, he/she is less likely to change jobs  (comparing very likely to very unlikely)


Examining the overall results for all three logistic regression models for the employed individuals, sex was not a significant factor, i.e., males are not more or less likely to change jobs than females.  However, salary was positively significant for each of the three employed models.  As one’s current salary increases, 
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).  As a person’s current salary increases, he/she becomes less likely to change employment.  Travel distance was significant and negative across all three models.  As miles willing to travel increases, 
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Analogous logistic regression models were separately built for unemployed, homemakers and retired people.  Sparse cell counts along with the omission of the distance willing to travel (from the survey) for these groups forced the collapse of individuals somewhat unlikely and very unlikely to choose employment (3’s and 4’s for U, H and R) to a single group.  For U and H, we build models comparing 
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 using variables sex, age and education level.  Examining the statistical results of the models for U, H and R, only the covariate age in the collapsed 
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 was significant  (estimate = 0.0634, p-value = 0.0003).  As an unemployed person’s age increases, he/she is less likely to regain employment (comparing very likely to the combined groups: somewhat unlikely and very unlikely).

5. Prediction at the Individual Level

To predict worker availability for a fixed set of job characteristics or covariates, say 
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Let 
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 represent the total number of employed people in the laborshed with these prespecified covariates, 
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For example, we wish to examine 35 year old females willing to travel 10 miles who are currently earning $12.50 per hour and possess a bachelor’s degree.  Estimates of the percentage of such people who are very likely (
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If say 
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) = 100(0.1210 + 0.3298) = 44.99.  We would anticipate about 45 people with the aforementioned covariates to be somewhat likely or very likely to change employment.
Furthermore, suppose the same individual receives a pay raise from $12.50 to $15 at her current job, but now is willing to travel further (25 miles) to change jobs.  How is her desire to change employment affected?  Now, 
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        As before, if say 
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) = 100(0.1788 + 0.4608) = 63.96.  We would anticipate about 64 people to be somewhat likely or very likely to change employment if their current pay is raised to $15 per hour and are willing to drive further.  

From the employer's perspective, if that employer raises its salary for a particular job (requiring a bachelor's degree) from $12.50 to $15 per hour and is comfortable drawing workers within a 25 mile radius, it can anticipate 19 more individuals (with the covariates given above) to be very likely or somewhat likely to change employment.  Other choices of covariates can be explored to produce similar results.

The model, (3)-(5), also allows averaging over ranges of covariates.  For example, an employer may desire inference for an age range or for both genders.  The percentages of individuals likely or not to change employment, 
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, are now an average over the respective covariate ranges.  An Excel program (see Figure 3) was created to facilitate inference.  The program, which requires input of a current salary and a minimum desired salary, allows the employer to observe the difference in the number of workers likely to change jobs when the salary is increased by a specific amount.

For example, the covariates of travel, current salary and education will remain at 10 miles, $12.50 and a bachelor’s degree, respectively, as mentioned before.  But now, the sex covariate includes both males and females, an age range of 25 to 35 is considered and the new employer will pay $15.  After computations of 
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=100 people have these covariates, a worker difference of 3 people is anticipated when changing the salary from $12.50 to $15.00.   

6. Prediction of the Weighted Labor Force

While the analysis of the previous section allows for prediction of available labor at the individual level throughout the entire state of Iowa, one might be interested in labor availability aggregated to areal units, such as zip codes or individual counties, and only within a particular geographic region of the state.  For example, we demonstrate how the model (3)-(5) can be adapted for such inference in Keokuk, Iowa, which can be seen in Figure 1.  Keokuk is located in the southeastern corner of the state of Iowa along the Mississippi River, less than 20 miles north of the Missouri border.  Note that because of the city’s proximity to Iowa’s borders with both Illinois and Missouri, state-level labor surveys often fail to take into account the sizable laborshed contribution from these neighboring states.  Though employees from these areas are important to Keokuk, the Mississippi and Des Moines rivers act as natural barriers, as observed in Figure 1.  Our goal is to estimate the available labor force by zip code, within the Keokuk laborshed.   

The weighted labor force (WLF) is a measurement of the potential total available labor pool in a laborshed.  A laborshed is the geographic area from which an employment center draws its employees.  Laborsheds were determined by IDM using a survey of local employers to provide a listing of the zip codes that their employees reside in together with an estimate of the number of employees within each zip code.  To ensure that the surveys deployed by IDM were representative of the actual labor force, the laborshed was divided into three zones that reflect the contribution of the individual zip codes to the overall labor force.  For example within the Keokuk laborshed, zone one is the Keokuk zip code; the employment node of the laborshed.  Zone two consists of zip codes that supply significant amounts of labor to zone one and tend to be the zip codes most closely surrounding the nodal city.  Zone three consists of the remaining zip codes, which typically are found in the periphery of the laborshed.  

As one would expect, the nature of the commuter transportation network has a sizeable effect on the shape and geographic extent of the laborshed, and thus on the weighted labor force.  Both Burlington (2000 Census population 26,839) and Ft. Madison (population 10,714) are within 25 miles of Keokuk (population 11,427), connected by US Highway 61.  The route north to Burlington is an unlimited access multilane divided highway, while the route north to Ft. Madison has two lanes.  This combination of proximity and connectivity allows these cities to contribute significantly to the Keokuk labor force.  In contrast, Mt. Pleasant (population 8,751) is less than 30 direct miles away, but contributes relatively very little to the laborshed, largely due to the lack of a direct, high-capacity transportation route with Keokuk.  The importance of US Highway 61 to the Keokuk laborshed is demonstrated by a relatively sizable labor contribution from northern Lewis county in Missouri, approximately 30 miles away.  Lastly, because of geographic proximity, Hamilton, Illinois and Kahoka, Missouri (both in zone two) significantly add to the labor pool in Keokuk.


Accurate transportation data can be difficult to obtain for predominately rural areas. In the Keokuk study, distances from Keokuk to the various zip codes within the laborshed were needed.  To model the transportation networks within the laborshed, IDM employed various CD-ROM and web-based travel programs (Rand McNally’s TripMaker, MapQuest, CyberRouter, and AAA) to obtain inter-zipcode driving distances. This transportation analysis provides the approximate travel distances from each respective zip code to the nodal city of Keokuk.


In addition to the distances, laborshed level covariates (in contrast to the individual level covariates from section 5) are necessary to calculate the available labor pool for both sexes and for each employment status group in a particular laborshed.  The Iowa survey dataset is used to determine average ages and education levels for each employment status group which are aggregated to represent values at the laborshed level.  The average hourly wage for Lee County, where Keokuk resides, is estimated from the Iowa Department of Economic Development at $10.82 per hour.  


To arrive at an estimate of the labor force available for a particular zip code given a set of areal covariates, one first needs to estimate the total number of individuals in the labor force.  Using the US Census Bureau county results together with the Iowa Workforce Development agency, IDM can estimate the total adjusted labor force, TALF, in a laborshed (adjusted to account for only 18-64 year old individuals).  For example, the TALF for the Keokuk laborshed is 82,641 and represents the (estimated) total number of employed and employable individuals in the laborshed.  Since the weighted labor force (WLF) estimates the currently available labor pool, it would be only a fraction of the TALF.

 
Furthermore, one can subdivide the TALF into number employed, number unemployed, number homemaker and number retired.  So, 
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.  Then, given the aforementioned laborshed level covariates, the weighted labor force for only employed individuals, 
[image: image107.wmf]*

,

X

E

WLF

, can be arrived at using the model (3)-(5) by 
[image: image108.wmf]+

=

1

*

ˆ

(

,

E

E

X

E

p

TALF

WLF



 EMBED Equation.3  [image: image109.wmf])

ˆ

2

E

p

.  Note that 
[image: image110.wmf]E

TALF

 is the macro level analogue of 
[image: image111.wmf]E

n

 from section 5.  The weighted labor force, WLF, is constructed from 
[image: image112.wmf]=

WLF



 EMBED Equation.3  [image: image113.wmf]*

*

*

*

,

,

,

,

X

R

X

H

X

U

X

E

WLF

WLF

WLF

WLF

+

+

+

and provides a model based algorithm for estimating the total available (weighted) labor force at the laborshed level.


The weighted labor force (WLF) estimates for the Keokuk laborshed for each employment status group and for each zip code can be seen in Table 6.  Each of the three zones (from Figure 1) contribute roughly an equal number of the total of nearly 18,000 available workers.  As expected, the highest  counts are in Keokuk itself, while both Hamilton, Illinois and Kahoka, Missouri contribute significantly from zone 2.  In zone 3, Ft. Madison, Burlington and Quincy, Illinois have sizable estimates.  Also, currently employed individuals dominate the overall estimates, while retired individuals from zone 3 contribute the least.

7. Conclusions

We have shown that a polytomous response logistic regression model to be a useful statistical tool in identifying which variables most influence a person’s desire to change employment.  We have demonstrated the flexibility of such models to ascertain the number of individuals available for a specific job (individual level prediction) and the number of workers available at the zip code level (areal prediciton) in a particular laborshed.
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Table 1: Counts of 2456 Iowa residents by employment status group and 

    willingness to change employment (1-4).



    Willingness to Change Employment

Status
1
2
3
4
Total

Employed
367
626
488
367
1848

Unemployed
90
63
33
-
186

Homemaker
57
81
78
-
216

Retired
24
56
126
-
206

Table 2: Summary statistics for the 2456 Iowa by employment status group.

Sex
Employed
Unemployed
Homemaker
Retired
Total

Male
1090
75
10
90
1265

Female
758
111
206
116
1191

Education
Employed
Unemployed
Homemaker
Retired
Total

1
14
3
2
8
27

2
62
17
13
17
109

3
714
95
84
82
975

4
638
60
69
60
827

5
244
8
36
13
301

6
176
3
12
26
217

Age
Employed
Unemployed
Homemaker
Retired

Mean
39.07
34.25
41.28
60.79

St. Dev.
12.01
13.51
12.12
4.89

Hourly Salary 
Employed
Unemployed
Homemaker

Mean
 12.11
8.12
8.75 

St Dev
 7.79
4.68
 4.36

Table 3 : Parameter Estimates for the 
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Figure 1 : Keokuk (Lee County, Iowa) Laborshed
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Figure 2: 2546 Iowa residents surveyed

[image: image139.jpg]



Figure 3:  Excel program results to perform individual level prediction.



INSERT  FIGURE  3  HERE

Table 6: Keokuk laborshed's weighted labor force (WLF) estimates
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