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Abstract

To know in advance who, how many, and to what destination people will migrate is impor-

tant to provide robust population projections. As migration prediction model comparisons in

the literature are limited, this study compares the predictive performance of Logistic regression

and Neural networks. To evaluate the performance of these models, the task was to predict in-

dividual migration from other parts of Sweden to the Local labour market region of Stockholm

from the year 2011 to 2012 using microdata. The result shows that the models have relatively

high AUC (0.9056-0.9136). A t-test for the difference in proportions of True positives and

False positives at the models respective optimal operating point on the ROC curve, shows that

there is no significant difference (p > 0.05) in the performance of these models. The models

are also compared to a baseline model (i.e., a model which randomly predict who migrates or

not), which shows that they are significantly better than random prediction. However, due to a

relatively high imbalance in classes, between migrants and non-migrants (1:200), the absolute

number of false positives versus true positives at the optimal operating point is large and makes

the predictions less useful in practice.

Since the performance between Logistic regression and Neural networks is not significantly

different, this result indicates that it is for a practitioner also relevant to compare the models

based on other factors such as interpretability and complexity when choosing a model for a

prediction task.

Keywords: Neural networks, Logistic regression, Prediction, Machine Learning, Migration,

Performance Comparison.
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Chapter 1

Introduction

1.1 Background

According to Statistics Sweden (SCB, 2013), more than 1 million people migrates within Swe-

den every year. A typical Swede will move within Sweden 11 times in their lives. That means,

roughly 1 in 8 people of the Swedish population will migrate within Sweden in any given year.

To know in advance who, how many, and to what destination they will migrate to is important

to provide robust population projections. For most data users the principal value of population

projections is to use them to improve on real world decision making. Projections can be used by

private companies, cities, municipalities, regions, and countries to better plan everything from

housing projects and business establishments to public transportation and health care. They can

also be used for promoting Particular political or economical agendas or to sound warnings.

Perhaps the most common usage, is when projections are used as a tool to analyze the deter-

minants of population change (Smith et al., 2013). There are a number of different migration

models, and they are used as a response to a multitude of questions, such as "who migrates?",

"when do they migrate?" or "from where do they come and to where do they go?" (Greenwood,

2005). These migration models can also be used for prediction, but that capacity has seldom

been explored (Greenwood, 2005).

1.2 Research question

The subject of this study is to explore the predictive capabilities and to compare the performance

of two different types of migration prediction models, Logistic regression and Neural networks.

1



CHAPTER 1. INTRODUCTION 2

The prediction is on individual level (who), the focus is therefore on specific persons, not on

aggregates or flows. Logistic regression is a model which gives both the predicted probabilities

for the outcome and estimated parameters that can be interpreted. The Logistic regression is

a generalized linear model (Kleinbaum et al., 2010). The Neural network models are "black

box" models where only the predicted outcome is usable. The Neural network models are non-

linear models, hence able to fit much more complex functions than a linear model (Hastie et al.,

2009). The main question that this study will try to answer is if there is any difference in the

prediction performance between these two types of models. The amount of literature regarding

the comparison of migration prediction models is limited (Rivero-Fuentes, 2005). The goal and

purpose of this study is to add new knowledge and insights into that field of the migration model

literature.

The prediction task these two types of models will be subject to, is a hybrid of two migration

model questions, the "who" and the "where." The specific question these models will try to

predict the outcome for is: which individuals (who) will from other Local labour market

regions in Sweden migrate to the Local labour market region of Stockholm (where), from the

year 2011 to 2012. To predict the outcome, microdata on Swedish citizens between the ages

of 20 and 64 from the ASTRID database will be used. To make the comparison as relevant

as possible, the most recent data that is available in the database will be used, which are the

years 2011 and 2012. Sweden is subdivided into 75 Local labour market regions (SCB, 2012),

where the Local labour region of Stockholm is the largest with a population of 2.672.599 (SCB,

2017d), which is 26.7% of Sweden’s total population. The net population growth of this region

per year, have since 2011 till 2016 on average been 40179 individuals (+1,6%) (SCB, 2017b).

1.3 General overview

This study will review the related work in chapter 2. The theory behind the selected models

will be presented in detail in Chapter 3. In Chapter 4 the data, and the choices that went in to

the construction of the models as well as presenting the method for comparing their predictive

capability will be shown. Chapter 5 will review the results from the predictions and the com-

parison of the models. A discussion about the insights gained from the usage and comparisons

of the two models, as well as concluding remarks and suggestions for future research is found

in chapter 6.



Chapter 2

Related Work

As far back as there have been humans there have also been migration (Gabunia et al., 2000).

The reasons for migration are diverse, from satisfying the wanderlust to escaping distressed

areas (DaVanzo et al., 1980). In the field of migration research, it is possible to subdivide the

theories and models into many different categories. This subdivision is dependent from which

discipline the theory/model has its origin (Bijak, 2006), and if the theory/model is concerned

with populations or individuals (i.e., Sociology, Economics, Geography or multidisciplinary). It

is however possible to argue that there are only two main approaches within migration research,

the "macro" and the "micro" approaches. The "macro" approach is mostly concerned with

migration flows and patterns on a non-individual level, while the "micro" approach, on the

other hand, is more concerned with understanding the factors that affect an individuals choice

of migrating or not. The study of human migration is a complex field, where both geographical

macro factors and individual micro factors interplay to form the complex decision whether to

migrate or not (Cadwallader, 1992). In that regard, it is necessary to look at the phenomenon of

migration from both a macro and micro perspective when one is trying to predict the outcome

of an individual’s choice to migrate or not.

2.1 Macro approach

One of the first writers on modern migration is Ravenstein. In 1885 he published a paper based

on empirical migration data (Ravenstein, 1885), in which he presented his "Laws of migration."

The observations he made with his seven "laws" are still valid today, such that a person who

migrates a long distance generally migrate to a bigger city or commercial centre, or that in-

3



CHAPTER 2. RELATED WORK 4

migration causes a counter flow of out-migration. Although his ideas are insightful, they do

not present us with a comprehensive theory to understand or predict migration. Early migration

models such as Zipf (1949) or Olsson (1965) were based on the idea of gravity, a concept

borrowed from physics. These models defined migration as "a function of the size of the origin

and destination population and predicted to be inversely related to distance" (Hagen-Zanker,

2008). The basic gravity model is a rather blunt tool. During the 50’s and 60’s attempts were

made to make the model more realistic by introducing measures of vacancies on the housing and

labour market (Lowry, 1966; Rogers, 1967). These additions were made to have more than just

the population at each destination as the "mass" that gives the attraction power. Modifications

were also done to the measure of "distance" to accommodate for "mental distance" or "time

distance" (Jones, 1990). During the 50’s a new branch of theories started to evolve away from

the highly mechanical ones, towards something more refined that could be used for predicting

migration flows. Lewis (1954) could with his dual-economy model for the first time make

theoretical predictions of migration flows. This is a model "in which migration occurs as a

result of differences in the supply and demand of labour between the rural and urban sector"

(Hagen-Zanker, 2008). Harris and Todaro (1970) developed the dual-economy (the two sector

model) further, to better explain the causes of migration between rural and urban areas. Later

on, there has also been attempts to combine several models and theories to be able to a greater

degree explain international migration. Such attempts are Massey et al. (1994) "Unified theory"

or Wallerstein (1974) "World system theory."

2.2 Micro approach

Greenwood (2005) points out that before 1975 almost all studies that were made on migration

used aggregate cross-sectional data. In the 1970’s new data sets which contained micro panel

data with a migration component were constructed. These data sets were a crucial part of ad-

vancing migration models. Migration decision making at individual level has been tried to be

explained with neoclassical microeconomics by Sjaastad (1962). His approach to migration is

that migration is an investment in human capital, and prospective migrants choose a location

that they believe will maximize their future income. Lee (1966) looked at migration from a sup-

ply and demand perspective, and formulated a framework with push and pull factors that affect

an individual’s migration choice. His theory was that at the place of origin and the prospective
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destination there exists positive and negative factors that push and pull an individual to mi-

grate or not. There are also models that focus on the individual’s behavior. In Wolpert (1965)

stress-threshold model, an individual has a threshold level of utility that decides if that individ-

ual migrates and to where. This model is similar to the human capital model since the basic

idea remains the same, but it merely uses a different terminology. Crawford (1973) value ex-

pected model is a behavioural model that take into account more than economic factors. In this

model, the prospective migrant base their migration decision on multiplying the values of the

migration outcome and the expectations that the migration will lead to. Expectations and values

are unique to individuals and depend on personal characteristics and societal norms. Just as

Wolpert (1965), Crawford shows that migration decisions are highly personal in their character.

As a critique of the neoclassical micro models, Stark and Bloom (1985) presented a framework,

where migration is a decision that is taken by families or groups. This "New Economics of

Migration" can be seen as a way to minimize risk. The risk minimization can take the form

of letting a family member migrate to find a job, so he or she can be able to send money back

home to the rest of the family.

2.3 Predicting migration

The forecasting potential of migration theories are limited (Öberg and Wils, 1992; Kupiszewski,

2002). Due to the complex notion of migration it is crucial to argue that there is no single theory

that can include all important aspects of this phenomenon. For this reason there is no perfect

theory which can be used for forecasting migration. However, most of the theories (i.e., so-

ciological, economic, geographical) are useful for describing migration ex-post (Kupiszewski,

2002). Öberg and Wils (1992) notes that geographical theories are better suited for internal

migration since they don’t take into account institutional barriers. Forecasting migration should

take on a model-based approach, instead of being based on any specific theory (Bijak, 2006).

One can divide prediction models into two broad categories: Deterministic and probabilistic

models.

2.3.1 Deterministic forecasting models

In the deterministic models, the outcome is precisely determined without any random variation.

A few examples of such models are: Judgemental migration scenarios, these are "used in demo-



CHAPTER 2. RELATED WORK 6

graphic forecasting describe possible future trajectories of particular components of population

change" (Bijak, 2006), which includes migration. These scenarios are typically considered as

an input for deterministic population projections (Bijak, 2006). The Delphi method is a survey

among a larger group of experts, which gives an aggregated consensus. The survey can be done

in rounds, where the participants are allowed to anonymously exchange knowledge between

rounds. This method is considered as a non-model heuristic approach. Mathematical models.

There are numerous mathematical models that either operates on a macro or micro level. It is the

Mathematical models algebraic formulation that makes them deterministic. Some examples are

The migrant pool method used by U.S. Bureau of the Census, population accounting models by

Rees and Wilson (1973) and Willekens and Baydar (1986) , the exponential LIPRO (LIfestyle

PROjection) model developed by Van Imhoff (1990) and van Van Imhoff and Keilman (1991)

and the multi-level model MULTIPOLES (MULTIstate POpulation model for multi-LEvel Sys-

tems) constructed by Kupiszewska and Kupiszewski (2005).

2.3.2 Probabilistic models

In probabilistic models, randomness is a part of the outcome. An example of such model is

Markov chains. That is a model that has the potential of making future probabilistic predic-

tions based on the present state, without having that predicted probability changed in regard to

knowledge about the predictions made in past states (Taylor and Karlin, 2014). Examples of

Markov chain models in migration studies, are the studies of inter-regional migration done by

Rogers (1966), Brown (1970) and Joseph (1975). As well as more recent works by Constant and

Zimmermann (2003), in where they predicted transition probabilities in international migration

by combining a Markov chain model with a logit model that used microdata.

In the category of probabilistic models, Econometric models are popular for predicting mi-

gration (Bijak, 2006). There is a wide array of econometric models that have been used for

prediction; General Linear models such as logistic regression Massey and España (1987), au-

toregressive time serie models (Frees, 1992) and simultaneous-equations models (Okun, 1968;

Greenwood, 1973). The Logistic regression model and the Neural network model used in this

study belongs to the category of probabilistic models.
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2.4 Comparing prediction models

In the migration literature, there is a very limited selection of papers that have addressed the

matter of comparing two or more models against each other for predicting migration outcomes.

A "recent" example is Rivero-Fuentes (2005) comparison of three variations of the logit model

for predicting internal migration in Mexico. The author found that all the three models in the

comparison were inadequate for predicting migration outcomes, due to consistently high error

rates in their predictions. The author of this study confirms the lack of model comparisons in

the literature, as she states: "Different authors use different models, but none of them discusses

the relative advantages and disadvantages of their choice compared to others, nor do they talk

about how their results would be different if they had used other model."(Rivero-Fuentes, 2005).

Comparisons of prediction models in areas other than human migration are rich, especially

in fields such as computer science (i.e., machine learning), medicine, biomedicine, business, and

finance. For example, Lim et al. (2000) compared 33 prediction models (e.g., decision trees,

statistical models, and neural networks) and tested them on different data sets from various

fields. They concluded that a spline-based algorithm called POLYCLASSS was the best and

that logistic regression was the second best. Loyer et al. (2016) made a comparison of five

statistical model in estimating the cost of manufacturing jet engine components. They found that

Gradient boosted trees and Support vector regression can be up to twice as efficient compared

with Multiple linear regression and Neural networks.

2.4.1 Logistic regression and neural networks

Among several prediction models, there are two that are going to be the focus of this work.

1. Logistic regression which is a regression model that "is widely used for Binomial data and

is implemented in many statistical programs" (Dobson and Barnett, 2008). Logistic regression

is a very popular method that is used in various fields where dichotomous prediction problems

exist. It has been used to perform predictions of migration, for example, Jokela (2009) used

logistic regression to predict migration between US-states based on people’s personality. Hogan

and Steinnes (1998) used a logistic regression model to predict seasonal migration in Arizona

and Minnesota among elderly households.

2. Neural networks which are "algorithms that can be used to perform nonlinear statisti-

cal modeling and provide a new alternative to logistic regression" (Tu, 1996). Wier and Phoha
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(2002) point out that Neural networks models can be suitable for migration problems. However,

to the best of my knowledge, no literature can be found where Neural networks have been used

to predict migration. Although, Neural networks have from late 2000’s till now had a large

impact on the way we solve complicated prediction problems such as self-driving cars, speech

recognition, and medical diagnosis. Some examples are Ioffe and Szegedy (2015) that used a

highly specialized and optimized Neural network model to beat humans in image recognition,

or Weng et al. (2017) that also used a Neural network model that can make better cardiovascular

risk prediction than doctors using a standard risk evaluation diagnosis tool. Logistic regression

and Neural network models differ from other models such as decision trees or k-nearest neigh-

bour (Dreiseitl and Ohno-Machado, 2002), an explanation of their similarities and differences

is presented in section 3.5.

2.5 Summary

In migration research, it is possible to have a focus on flows and patterns with a "macro ap-

proach" or to look at why individuals make a decision to migrate with a "micro approach."

Migration theories are limited for prediction. Instead, a model-based approach should be used.

Several prediction models that have been used in the literature to predict internal or interna-

tional migration were reviewed. Existing works on comparisons of prediction models used on

migration data were presented to highlight the gap in the literature of such comparisons. There

are two types of models for prediction, deterministic and probabilistic models. Logistic re-

gression and Neural networks are part of the latter category. In preparation to address the gap

in literature, in the following chapter there will be a presentation of the theoretical underpin-

nings of Neural network and Logistic regression models. This presentation will focus on the

models specifications, their differences compared to other models, and metrics to compare the

prediction performance.



Chapter 3

Theory

3.1 Classification

The question of predicting which person that will migrate to the Local labour market region

of Stockholm from one year to the next, can be formulated as a statistical learning prob-

lem. Given the data with observations about each person, the question can then be formu-

lated as a problem to decide class membership y′ of an unknown data item x′ based on data

set D = (x1, y1), ..., (xn, yn) of data items xi with known class membership yi. The particular

classification problem in this study is dichotomous, where the class labels of y only can take on

two values, either 0 or 1 (i.e., not migrating or migrating). Normally the xi are m-dimensional

vectors, whose components are called covariates or independent variables. The functional re-

lationship y = f (x) between y and x does in most cases not exist. When no such relationship

exists, the relationship between x and y must be described more generally with the probability

distribution P(x, y). The data set D is assumed to contain independent samples from P. Clas-

sification of an unknown data item can due to this take two approaches: 1. Attempt to model

P(y|x), which gives both a probability for the class membership and a class label. 2. Assign

the class labels 0 and 1 to the unknown data item without any probability of class membership.

Logistic regression and Neural network models are members of the first category classifiers, the

one that gives both a probability of class membership and a class label. Both logistic regression

and Neural networks express P(y|x) as:

P(y|x) = f (x, a) (3.1)

9
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where f is the functional form and α is a parameter vector. Normally maximum-likelihood

estimation is used to estimate the parameter vector α from the data set D. Logistic regression

and Neural networks have different functional forms of f . Logistic regression is known as a

parametric method, and Neural networks are known as a semi-parametric or non-parametric

method. That means that the estimated parameters (coefficients) of Logistic regression can be

interpreted, but for the Neural network, that is seldom the case (Dreiseitl and Ohno-Machado,

2002).

3.2 Logistic regression

With the logistic regression model one wishes to model with linear functions in X, the probabil-

ities of K classes (in our dichotomous case K = 2, i.e., 0 or 1). The class probabilities must sum

to one, and each class probability must be within [0, 1] (Hastie et al., 2009). To calculate the

class membership probabilities, the logistic regression model typically calculate the probability

for one of the two categories:

P(1|x, α) =
1

1 + e−(α·x) (3.2)

which in turn gives that P(0|x, α) = 1−P(1|x, α). It is important to notice that a component in the

form of a "1" was added to the data vector xi . That means that instead of writing α · x+α0 it can

be written α · x. The decision boundary between the two classes is formed by the hyperplane for

the points that satisfies α · x = 0. Normally that is the points where P(1|x, α) = P(0|x, α) = 0.5.

However, the threshold value of 0.5 that separates the classes can be set to any value between 0

and 1. A lower value will increase the risk of classifying 0’s as 1’s (i.e., False positives) while a

higher value increases the risk of classifying 1’s as 0’s (i.e., False negatives) (see section 3.6). A

logistic model is usually linear in the covariates (main effect model), but it is possible to make

it more flexible by including interaction and polynomial terms which makes it non-linear. The

disadvantage of that extra flexibility is that it gives a higher risk of model over-fitting. (Dreiseitl

and Ohno-Machado, 2002).
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3.3 Neural networks

The Neural network model that is used in this study is a feedforward Neural network model.

That means that the data flows only in one direction without any feedback connections. Feed-

forward models that have feedback connections are referred to as a Recurrent neural network

model. The reason why it is called a network model is that it is usually made from combining

different functions. Assume that one has three functions f (1), f (2) and f (3). These functions can

be combined in a chain to form f (x) = f (3)( f (2)( f (1)(x))). In Neural networks, these type of

chain structures is commonly used. In networks like the one described, f (1) is called the first

layer, f (2) the second layer, and so on. The number of layers in the model is referred to as the

depth. The depth can be arbitrarily large, but a "deeper" net take a longer time to train and

increase the risk of model over fitting. Each layer consists of many units working in parallel.

These units are called a neuron for their resemblance to their biological counterparts found in

the brain.

In mathematical terms, these neurons are referred to as a perceptron. Each perceptron has

an activation function (it can be logistic, tanh, relu etc.) It is important to note that a Neural

network model is not a model of the brain, but merely uses some of the insights that we have

about its function (Goodfellow et al., 2016). The output from a multilayer feedforward network

is:

ON =
1

1 + e−(β·oH+β0) (3.3)

This output is the equivalent to P(1|x, β, β0, α). The perceptron’s output is the vector oH, all

with their own α. These perceptrons are referred to as hidden neurons, while each layer of

perceptrons is referred to as hidden layers. It is the non-linearity of the perceptrons that make

the output oN a non-linear function of the inputs. This characteristic of neural networks makes

them very flexible in terms of fitting complex functions. However, that flexibility can come at

the cost of over-fitting (Dreiseitl and Ohno-Machado, 2002)

3.4 Logistic regression versus Neural networks

Logistic regression and Neural networks share many similarities. A Neural network without

a hidden layer is identical to a logistic regression model (see Figure 3.1) if the perceptron
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activation function is logistic. They are also similar in that the parameters of both types of

models can be found with maximum likelihood estimation. To find the parameters one can

maximize
∏n

i=1 P(yi|xi, α). Another (and easier) way is to minimize −
∑n

i=1 log P(yi|xi, α). To

do this, one can use a wide variety of numerical optimization algorithms, where variants of

gradient descent are commonly used.

Figure 3.1: Example of a neural network model with one hidden layer (left) and a logistic
regression model (right).

All models can be subject to model over-fitting. That happens when the model memorizes

the data instead of finding the underlying distribution. Logistic regression is a model with low

complexity, at least as long as no polynomial or interaction terms are used. Since the Neural

network model is more flexible than the Logistic regression model, it is more vulnerable to

model over-fitting. There are however methods to compensate for that. For both the Logistic

regression and Neural network model the technique of regularization (i.e., weight decay) makes

the decision boundary smoother. A smoother boundary is not as flexible as an unconstrained

boundary, and hence less prone to over-fitting. A drawback is that the only way to determine

the sufficient level of regularization for a model is to do it empirically. A neural network can

also be restricted by reducing the number of hidden perceptrons or layers, or the number of

variables. However, instead of reducing the model’s complexity, one can in the case of Neural

networks use early stopping. That is achieved by stopping before the maximum likelihood of

the parameters are found (Dreiseitl and Ohno-Machado, 2002).

The procedure to select the best model is somewhat different between the two methods. For

the logistic regression model, the parameters can be tested for statistical significance. By testing
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the significance, it is possible to take on an incremental model building approach. Instead

of parameter significance, one can also use Akaike information criterion (AIC) or Bayesian

information criterion (BIC). Three common ways of incremental model building are: Forward

selection, backward selection, and stepwise selection. With the forward selection, one starts

with an empty model and then add variables and keep those who yield parameters that are

significant or has the lowest AIC or BIC. In backward selection, one starts with a full model

and then remove the variable that gives a parameter that is the least significant or increase

AIC or BIC. The third way, stepwise selection, is a mix of forward and backward selection

(James et al., 2014). With Neural networks it is a different story. It is not possible to test for

significance of the parameters due to the non-linearity of Neural networks. One can, however,

use automatic relevance determination or sensitivity analysis to decide which variables that

are important. This decision is however made on heuristically grounds (Dreiseitl and Ohno-

Machado, 2002). This study is only concerned with the predictive performance and to compare

that between models. For this purpose, the Area Under the Curve (AUC) metric will be used

for both Logistic regression and Neural network to determine which model during the model

building that will give the best predictive performance. Hand and Till (2001) suggests that using

the AUC metric has the advantage of being independent of cost, priors or threshold level, and

that the literature where the AUC has been used is vast. Bradley (1997) conclude that: "The

AUC however, appears to be one of the best ways to evaluate a classifier’s performance on a

data set when a ’single number’ evaluation is required or an operational point has not yet been

determined."

3.5 Other prediction models

There are many different types classification models. Some of the more popular ones are Deci-

sion trees, Support vector machines, and K-nearest neighbour.

Decision trees split the data set repeatedly to maximize separation of the data according to

decision rules. A common rule is information gain. That means, at each split the model tries

to minimize the entropy. The ratio of y class elements over all elements of the leaf node that

contains x gives the estimate of P(y|x). An advantage of decision trees is that they are not "black

box" like Neural networks most often are, and can easily be expressed as rules. A drawback

with decision trees is that they discretize continuous variables, and by doing so lose information
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in the process (Dreiseitl and Ohno-Machado, 2002)

Support vector machines (SVM) are non-probabilistic classifiers. The classifier works by

finding the optimal separating boundary between data sets. Mathematically, it tries to find

the largest gap between the classes. When this boundary is found, a new unclassified data

item is predicted to belong to a specific class depending on which side of this gap the items

fall on. The decision boundary can be made more flexible, and handle non-linear separation,

by using different kernel functions (Dreiseitl and Ohno-Machado, 2002). The advantage with

SVM is that they generalize well and that they offer a unique solution since they solve a convex

optimization problem. A disadvantage is that the SVM is a "black box" model (Auria and Moro,

2008).

K-nearest neighbour is a somewhat different classifier. To make the classification, it uses

the data directly, instead of building a model. The only adjustable parameter is the number of

nearest neighbours k. To estimate P(y|x) one calculates the ratio of members of class y that

are among the k nearest neighbours of x. With the parameter k, one can change the model’s

flexibility. The advantage of k-nearest neighbour is that it can explain the classification result,

which "black box" models can’t. A disadvantage is how to define a metric for the distance

between data item so that it is reflecting the relative but unknown importance of a data item,

that can only be done by trial and error (Dreiseitl and Ohno-Machado, 2002).

3.6 Performance comparison: ROC-curve and AUC

Evaluating and comparing the performance of a classifier can be done in several ways. The sim-

plest way is to measure the accuracy, i.e., how large share of the predictions that were correct. It

may sound like a fast and straightforward way to evaluate a classifier, but when there are imbal-

anced classes (a low proportion of the positive class or negative class), setting the classifier to

classify all items as negative (positive) can produce the best accuracy. If there is 1 positive item

per 1000 items, predicting all as negative gives an accuracy of 99,9%. However, that classifier

is useless in practice. A way to approach this problem is to use Receiver Operating Charac-

teristics (ROC)-curves and the Area Under the Curve (AUC) metric, to evaluate and compare

prediction models. ROC graphs have been used for a long time in signal detection theory to

visualize the balance between hit rates and false alarm rates (Egan, 1975). ROC graphs and the

AUC metric is a method to evaluate and compare the performance of probabilistic classifiers,



CHAPTER 3. THEORY 15

such as Logistic regression and Neural networks. A classification problem with two classes

(as the one in this study) is described as an instance I being mapped to one element of the set

{p, n}, which is a negative and a positive class (i.e., 0 or 1). Both Logistic regression and Neural

networks give an estimate of the probability for the class membership of an instance. To differ-

entiate the actual class from the predicted class, one use the labels {Y,N}. It is then possible for

a given classifier to give four possible outcomes:

1. If the instance is positive and is classified as positive, it is a True Positive.

2. If the positive instance is classified as negative, it is a False Negative.

3. If the instance is negative and is classified as negative, it is a True Negative.

4. If the negative instance is classified as positive, it is a False Positive.

By using the classifier on a test set, one get a two-by-two confusion matrix. From the confu-

sion matrix, it is possible to compute different metrics. To construct the ROC-curve we want to

compute some particular metrics:

True Positive rate : T P rate ≈
Positives correctly classi f ied

Total positives

False Positive rate : FP rate ≈
Negatives incorrectly classi f ied

Total negatives

S ensitivity = True positive rate

S peci f icity =
True negatives

False Positives + True negatives
= 1 − FP rate

Positive predictive value = Precision

The ROC graph is a two-dimensional graph of the true positive rate (TP rate) and the false

positive rate (FP rate) on each axis. The TP rate is plotted on the Y-axis and the FP rate is

plotted on the X-axis. The value of constructing the ROC-curve is that the relative trade off

between the benefits (TP rate) and the cost (FP rate) is shown in the graph.

Assume a binary classifier. This classifier will produce a FP rate, TP rate pair, which cor-

responds to a point in the ROC graph. A classifier that produces the point (0,0) corresponding
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Figure 3.2: Confusion matrix (left) and a diagram showing ROC space (right).

to point "A" in Figure 3.2, is a classifier that never gives a positive classification and hence no

false positives either. The problem is that it does not catch any true positives which make it

useless. The point (1,1) is the opposite, with equally bad result (see point "B" in Figure 3.2).

However, the point (1,0) is what a perfect classifier would produce (see point "C" in Figure 3.2).

At that point, the classifier would find all true positives and don’t give any false positives. In

general, a point that is to the northwest is considered better. A point on the diagonal 45-degree

line in the graph represents a classifier that is no better than randomly guessing the class label

(see point "D" in Figure 3.2). Point "E" shows a "normal" ROC-point where the classifier better

than random guessing can separate the two classes (see Figure 3.2).

To go from ROC-point to ROC-curve, we need to have a classifier that outputs a probability

for the class label of an instance. Both the Logistic regression and the Neural network model

output the class label of an instance as a probability. It is then possible to create a ROC-curve by

testing the classifier for all threshold levels between 0.0 and 1.0. By connecting the ROC-points

that are created by doing so, the ROC-curve is created. An appealing property with ROC-curves

is that they are insensitive to skewed class distribution. If the distribution changes it is however

possible that the conclusion about which classifier that is better also changes (Fawcett, 2006).

To determine which classifier is better, one would like to reduce the ROC performance to

a single value. The method of calculating the area under the ROC-curve (AUC) can be used

to achieve this. The output of that calculation will always be between 0 and 1. A classifier

that randomly predicts the class of a data item would produce a 45-degree line as the ROC-

curve. This ROC-curve has an AUC of 0.5; no serious classifier would produce an AUC of

less than 0.5. A perfect classifier would produce an AUC of 1.0. There are no exact levels

for when one can say that a specific classifier has a "good" performance. The only thing that
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Figure 3.3: An example of a ROC-curve(left) and the corresponding AUC (right).

can be said, is that the closer to 1.0 the better it is. The AUC metric tells us that what the

probability is that the classifier would rank a randomly chosen positive instance higher than a

randomly chosen negative instance. A classifier with higher AUC would on average perform

better than a classifier with lower AUC. It is, however, possible for a classifier with high AUC

to perform worse than a low AUC classifier in a particular region of the ROC space (Fawcett,

2006). According to Hanczar et al. (2010) the AUC metric can be noisy, and it can be difficult to

select a superior model. The authors also conclude that ROC-curves must be used with extreme

caution unless the sample size is very large.

Figure 3.4: Example of an ISO cost line (left) parallel shifted to find the optimal ROC-point
(right).

It is possible to find an optimal ROC point on the curve, but to find the optimal point one

need to know about the "cost" for correct classification vs. miss-classification and what propor-

tions the different classes have. To find the optimal ROC point one must construct an iso-cost

line (see Figure 3.4). Set α = cost o f a f alse positive, β = cost o f missing a positive,

p = proportion o f positive cases. With this it is then possible to get the average expected cost
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of classification at point (x,y) , by using the formula

C = (1 − p)α × x + p × β(1 − y) (3.4)

to create the iso-cost line. If the cost for α and β are equal and 50% (p=0.5) are positive, the

gradient is 1, and the iso-cost line has a 45-degree slope (for other costs and proportions the

gradient will be different). By parallel shifting the iso-cost line until it reaches the first point of

tangency on the ROC-curve, the optimal ROC point is found (see Figure 3.4) (Metz, 1978).

3.7 Summary

In this chapter, the fundamental problem of classifying an unknown data item was first ex-

plained. Further, the theoretical background to both Logistic regression and Neural network

model was reviewed. Based on that review, the similarities and differences between the two

models were shown. A brief theoretical background on three other prediction models was also

presented. In the last section, it was shown how it is possible to compare two models predic-

tive performance with ROC-curves and the AUC metric. In the next chapter the details will

be presented regarding the data that was used, and how the models were built, and how the

comparison was carried out.
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Method

4.1 Local labour market region

Sweden has 290 municipalities which in 2012 were aggregated into 75 Local labour market

regions (LLMR). The aggregation of municipalities into LLMR’s is based on statistics of work

commuting, in and between municipalities. The process of creating the LLMR’s starts with

choosing municipalities that are local centres. From that, it is then determined to which of these

centres that the other municipalities belong by studying commuting patterns. A LLMR form a

region which is relatively independent of the other regions in terms of supply and demand of

labour (SCB, 2017e). The number of LLMR’s are changing over time. In 1985 they were 126,

in 2012 they were 75. Stockholm is the biggest LLMR in Sweden and was 2012 comprised

of 36 municipalities that in 2016 had a population of 2.672.599 (see appendix A.1 for a map

of the LLMR’s). A significant reason for choosing the LLMR of Stockholm as the migration

destination for the prediction is that it is the largest region both population and migration wise,

and therefore have the most observations with individuals that migrate to that LLMR. If the

choice had instead been a smaller LLMR the number of migrants could have been very limited,

possibly making the prediction modelling harder.

4.2 Data

The data used in this study comes from a database named ASTRID, which is a longitudinal

database that contains every individual in Sweden over a 50 year period. The database has been

constructed by Statistics Sweden (SCB) to be used by the Human Geography Department at

19



CHAPTER 4. METHOD 20

Umeå University in Sweden (Umeå-University, 2017). It contains a wide variety of variables,

including personal and family variables such as marital status and general family situation,

economic variables such as income and social benefits and geographical variables such as where

the individual was born, live and work.

The data set that was used for this study is a cross-sectional data set from ASTRID for the

year 2011 (the last year that was available at the time of this writing was 2012). The decision to

use the data from year 2011, was to make the result of the study relevant as relevant as possible.

The decision was also based on that 2011 was a relatively normal year considering the recent

international financial crisis in terms of GDP growth and unemployment. To find a year with

comparable figures, one would had to go back to 2005 (SCB, 2017a,f). The data set contain all

individuals that were Swedish citizens and between the age of 20-64 years in the year 2011. The

reason for choosing only individuals that were Swedish citizens is motivated with that refugees

that come to Sweden cannot affect where they are placed, but when they have a permanent resi-

dent permit they can move anywhere and they tend to move to the three largest cities in Sweden

which are Stockholm, Göteborg and Malmö. Excluding individuals without citizenship, limits

the prediction to people that have established themselves in Sweden. Including people without

citizenship could have been overestimating the migration to Stockholm (SCB, 2017c). Children

is also a special group in migration studies, they are often forced to move with their parents. In

Sweden, at the age of 20, the absolute majority have finished high school (normally in June the

year they turn 19), and have reached the age of majority (18) and can legally decide themselves

where to move and how to live. The upper limit of 64 years is based on the normal retirement

age in Sweden, which is 65. That means that in the following year, the oldest individuals in the

data set would be 65.

4.2.1 Variables

The initial data set was comprised of 55 variables with 5.296.817 observations (individuals).

Out of the data set, it was determined that 27 variables were different variations of other al-

ready existing variables. As an example, one variable showed if an individual had disability

compensation or not, and another that said to what degree (0, 25, 50, 75 or 100%) an individual

have disability compensation. For that reason, the latter one was kept, since it contained the

most information. In addition, there were three variables created that were not available in the

database:
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1. The attraction power to Stockholm. To add a geographical component, this variable was

created based on the gravity theory (Zipf, 1949). For each of the 75 Labour market

regions, the attraction power was calculated to each of the 74 others by taking the number

of inhabitants divided by the distance. The distance was calculated from the centre of each

Local labour market region to the centre of the Local labour market region in question.

Then it was calculated how large fraction of the summed attraction power Stockholm had.

Due to the long distance between cities in the northern part of Sweden, the square root

of the distance was used to create the final attraction power variable that compensated for

long distances.

2. The regional unemployment. This variable was created to act as a proxy for the labour

market. The only data that was available was at the NUTS-3 level (Sweden have 21

regions on that level). The unemployment was then compared to the one in the Stockholm

region which corresponds approximately to Stockholm LLMR on that level. That meant

that an individual could be living in a region with unemployment above or under the level

of unemployment in Stockholm.

3. Born in the LLMR of Stockholm. A variable to tell if the individual was born or not in

the LLMR of Stockholm. More than a fourth of the migrants returns to the region that

they once left (Amcoff and Niedomysl, 2017).

In total 33 variables were kept for further processing and model building. See appendix A.2.

4.2.2 Dummy variables

Many of the variables in the data set were categorical variables. To be used in a Logistic regres-

sion or Neural network model in MATLAB1 they need to be converted into dummies. Meaning

a variable that has 5 categories need to be converted into 4 dummy variables to cover all the

categories (the category left out is then the "default" category). For this reason, the number of

variables in the initial data sets grew from 33 to 43 in the case of Logistic regression and from

33 to 190 in the case of the unrestricted Neural network model. There is a clear distinction be-

tween the data set for Logistic regression and Neural network. For the Logistic regression some

of the categorical variables were simplified. As an example, the variable "country of birth" had

1All data processing and model building was done in MATLAB R2016b, using the Statistical and Neural
Network Toolboxes. Visit www.mathworks.com for more information.
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19 categories, but for the Logistic data set it is simplified to just one dummy, being born in Swe-

den or not. Again this could have lead to information loss. However, the loss will be the same

for the Neural network when the performance is compared with the same data as the Logistic

regression (see appendix A.2).

4.2.3 Dependent variable

To know if an individual migrated or not to the LLMR of Stockholm from 2011 to 2012, the

dependent variable was created based on a simple rule. The rule was if the municipality that

the individual was registered as living in 2011, had changed to a municipality that was in the

LLMR of Stockholm in 2012.

4.2.4 Cleaning the data

After cleaning the data set from individuals that by mistake had been included and were below

the age of 20 or over 64, or had missing values, the data set had 4.529.489 observations. The

result of the cleaning was a loss of 767.328 observations(14,49%). With this data loss, the data

set could have potentially lost important information. To make sure that a completely separate

(and untouched) validation set of data was available after model building and testing, a random

sample 15% (679.423) of the data was set aside. Meaning that 3.850.066 observations were left

to use for the model building.

4.2.5 Imbalanced classes

The number of individuals who migrated to the LLMR of Stockholm from 2011 to 2012 was

23.030 from the cleaned data set, which corresponds to 0.508%. That gave a class imbalance

of approximately 1:200, migrants vs. non-migrants. When developing a classifier, there can

be bias introduced towards the majority class if not the right distribution is chosen (Chawla,

2005). Finding out what the right balance is can only be done with empirical testing (Weiss

and Provost, 2003). To get a more balanced training data set, there are two popular techniques.

One is to over-sample the minority class, which can lead to bias. The other one is to under

sample the majority class, which can lead to information loss (Chawla, 2005). To balance the

classes, the choice went for under-sampling. A decision was made to go for a data set with

1:9 migrants vs. non-migrants for a total of 100.000 observations. For the construction of this
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training set, 10.000 migrants and 90.000 non-migrants were randomly sampled to form a data

set of 100.000 observations. The same observations were used both for the Logistic regression

and the unrestricted Neural network data set.

4.3 Model building

The goal of the model building for each of the models was to maximize the Area Under the

Curve (AUC) metric. The logic behind using the AUC metric is that the AIC is very cumber-

some to calculate for a Neural networks, and that the AUC is relatively easier to compute and

is comparable over different models. For that reason, no other metric such as AIC or BIC was

considered during the stage of modeling building. There are however possible drawbacks, that

one might overestimate the predictive power based on a maximization of the AUC on training

data. Three different models were built. One Logistic regression model, one Neural network

model that used the same variables as the Logistic model, and one Neural network model where

the "unrestricted" data set were used.

4.3.1 Logistic regression

The Logistic regression model was built using the stepwise selection process (James et al.,

2014) on the logistic regression data set. An alpha of 0.05 was used to determine if a parameter

was significant or not. Based on that alpha level, variables were added and removed. For every

step, the AUC was calculated so that the final model had all parameters significant (p ≤ 0.05)

and the maximal AUC was reached. However, as the question of migration is complicated, it is

not a given that the relationships are linear. For that reason, interaction and polynomial terms

were introduced as well. The result of that process was a logistic regression model with 32

parameters (including 1 interaction and 3 polynomial terms) see appendix A.3.

4.3.2 Neural network

The construction of both Neural network models, the one that used the variables from the final

Logistic regression model, and the one that used the unrestricted data set were constructed the

same way. Note that for the neural network that uses the variables from the Logistic regression

no interaction or polynomial terms were used. A decision was made to not let the neural network

get any extra flexibility by adding those extra variables. Both are feed-forward networks. The
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only way to decide how many hidden layers and hidden nodes the model should have for optimal

performance, i.e., to get the highest AUC possible, is to try different configurations empirically.

It was found that for the Neural network model that was fed the Logistic regression variables,

the configuration of 4 hidden layers with 500, 50, 25, 5 nodes was the one that gave the best

performance. For the unrestricted model, a configuration of 3 hidden layers with 100, 25, 10

nodes was the one that gave the best performance. The network models were trained using the

scaled conjugate gradient method (Møller, 1993). The data set split of the 100.000 observations,

was set to 70%, 15%, 15% for the training set, validation set, and test set that MATLAB uses

during network training.

4.3.3 Performance comparison

To compare the prediction performance, the AUC metric and the optimal ROC-point for each

model was computed. To test if the performance were significantly different between the models

(i.e., to tell if one classifier performed better than the others), a t-test for difference in proportions

of True Positives/False Positives at the optimal ROC-point for each classifier was done.

As it is possible that a model with lower AUC, still can be better than a model with higher

AUC for a certain threshold or segment on the ROC-curve, it was necessary to show this in

numbers. For that, a table of True positives (TP), and false positives (FP) and the relative

ratio between TP/FP was calculated on a random sample of the 15% test set for 11 different

thresholds (0.0, 0.1, 0.2,...,1.0).

As a base-line comparison for the three models, a comparison against a naive classifier was

done. The naive classifier is a classifier that randomly predicts if an individual will migrate or

not. The probability level for the random prediction that an individual will migrate or not is

arbitrary. If one wants a naive classifier that on average should find 10% of the movers, then

the classifier should randomly predict 10% of the individuals as migrants. This strategy will

naturally also lead to a lot of False positives. For this study two levels were chosen:

1. The class distribution of migrants is 0.508%, which gives the probability level 0.00508

that the "model" will predict a randomly chosen individual to be a migrant. Note that the

class distribution was found in the 85% that were set aside as training data.

2. The second level was chosen to represent a scenario where one on average would like to

find 50% of the migrants. That means that one would need to use a probability of 0.5 to



CHAPTER 4. METHOD 25

predict that a particular individual is a migrant. Meaning that one would randomly assign

50% of the individuals as migrants.

For a comparison between the naive classifier and the other three models in the first scenario, the

threshold level was first found where the three other models produced as many False positives

as the naive classifier. Then a comparison of how much more True positives that the other three

models could predict for the same amount of False positives was carried out. To test this, a

t-test for difference in proportions was used. In the second scenario, the roles of True positives

and False positives changed. The threshold where the three other models could find 50% of the

migrants was found, and then the amount of False positives for a given amount of True positives

were compared. Again a t-test for difference in proportions was used.

4.4 Summary

This chapter started with the origin and definition of Local labour market regions in Sweden.

The Database and the pre-processing of the data and variables presented. Thereafter the method

of construction of the three models was shown. A description of how the performance com-

parison was carried out was presented last. In the next chapter, the results of the performance

comparisons will be shown.
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Result

The AUC metric was presented in the previous chapter as a possible way to compare the pre-

dictive performance between different models (see section 3.6). The goal of maximizing the

AUC metric, by getting as close to 1.0 as possible, was the same when building each of the

three models: a Logistic regression model, a Neural network model with the same variables as

the logistic regression model (i.e the variables that yielded significant parameters) and a Neural

Network model with the unrestricted data set (i.e., all available variables). A classifier with a

higher AUC metric has on average better performance than a classifier with a lower AUC metric

(Fawcett, 2006). Notice that the AUC was calculated on the training data.

The optimal ROC point was in this study calculated under the assumption that the relative

cost for miss-classification vs. correct classification was the same and that the proportion of

each class is equal. That leads to a 45-degree iso-cost line. Where the parallell shifted iso-cost

line has its tangency point on the ROC curve, the optimal ROC point is found. To test whether

a classifier is better (different) can be done by comparing the difference in proportions (True

positives/False positives). This test is carried out on the test data for the respective classifiers

using the optimal threshold level found with the optimal ROC point.

Although the comparison in this study is foremost for the three models at hand, it is of

interest to present the result how those models compare to a baseline naive classifier. A naive

classifier makes random predictions, i.e., randomly predict an individual as a migrant or non-

migrant, just as one would have to do without having access to a prediction model.
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5.1 The numbers

5.1.1 Area Under the Curve

First to be built was the Logistic regression model. After selecting the variables using the

stepwise selection method (see section 3.5) the maximum AUC achieved was 0.9056. The final

model had 32 variables, including 1 interaction and 4 polynomials. The Logistic data set had 44

independent variables to start out with, the possible number of combinations of 44 variables is

44! (≈ 2.6654). It is therefore important to notice that not all possible combinations of variables

could be evaluated and that the optimal model could be a different combination of variables than

what was chosen here. For the full Logistic regression model with the parameters see appendix

A.3.

For the next model, the Neural network model with the same variables as the "optimal"

Logistics regression model, the maximum AUC achieved was 0.9085 for a network with 4

hidden layers containing 500, 50, 25 and 5 nodes. Two things to notice: 1. The variables that

were picked from the Logistic regression model was only the variables that were not interaction

or polynomial terms. That means 28 of the variables from the 32 variables that were in the

Logistic model were chosen. 2. The number of layers and nodes in a Neural network model is

chosen empirically, it could just as with the case of the Logistic regression exist a model that

gives a higher AUC metric than the one that was found.

The last model, the Neural network with the unrestricted data set, achieved a maximum

AUC of 0.9136. The unrestricted data set contains 190 variables (The expansion from the

Logistic data set was mostly due to more levels on the categorical variables that were turned into

dummies. See appendix B). The maximum AUC was found with a model containing 3 hidden

layers with 100, 20 and 10 nodes. As with the other Neural network model, it is important to

notice that the number of layers and nodes were chosen empirically. This leads to the possible

existence of a model that could have given a higher AUC, but has not been found during the

built process.

All three models did show a relatively high AUC metric, and the Unrestricted Neural net-

work model had the highest AUC (see table 5.1). A visual comparison of the three ROC curves,

the curves that were the basis for the respective AUC calculation, showed that it was difficult

with a visual inspection to tell the curves apart (see Figure 5.1).
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Table 5.1: Comparison of AUC

Model AUC Optimal ROC point

Logistic regression 0.9056 x = 0.0221, y = 0.3494
Neural Net. Log. Vars. 0.9085 x = 0.0166, y = 0.3207
Neural Net. Unrestricted 0.9136 x = 0.0184, y = 0.3497

The ’y’ value of the ROC point is the optimal threshold value.

Figure 5.1: The ROC-curves for the three models

5.1.2 Difference in proportions

The results of the AUC’s were very close to each other. To test if there was a difference in

performance, a t-test of difference in proportions of True positives/False Positives at the models

respective optimal ROC point was carried out (see appendix A.4). The result indicated that there

was no significant difference in proportions between the models at the optimal point (see table

5.2). Note that due to the class imbalance (1:200), even a low relative ratio of False positives

yielded a large amount in absolute numbers. That made the True Positive/False Positive ratio

for all models to be in the 0.05-0.06 range at the optimal ROC points. This led to a result that

for every True positive, the models predictions resulted in around 20 False positives.

In Figure 5.2 the relative levels of True positives versus the relative level of False positives

shows the performance over the full threshold spectrum. Notice that the relative True positive
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Table 5.2: Difference in proportions

Model Logistic regression Neural Net. Log. Vars. Neural Net. Unrestricted

Logistic regression - -0.004589 0.0029144
Neural Net. Log. Vars. p = 0.314 - 0.0075033
Neural Net. Unrestricted p = 0.501 p = 0.088 -

Upper Triangle: Difference in proportion
Lower Triangle: p-values. ∗ ≤ 0.05 ∗∗ ≤ 0.01

and False positive curves for the three classifiers are intersecting and shifting away and towards

each other depending on the threshold.

Figure 5.2: Relative share of True and False positives.

Figure 5.2 also shows that the relative share of True positives have an almost linear relation-

ship with the threshold level, while the relative share of false positives has a non-linear rela-

tionship with the threshold level. That result can be understood by looking at Figure 5.3, which

shows the probability distribution of the predicted probabilities1. As can be seen, the predicted

probabilities for the migrants (positives) are rather evenly spread over the whole threshold spec-

1In the example in figure 5.3, it is only the predicted probabilities for the unrestricted Neural network, but the
three models have the same characteristics for the predicted probabilities.
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trum, while for the non-migrants (negatives) the probabilities are heavily right-skewed. As a

direct consequence of this, when the threshold moves towards zero, a lot of the negatives will

be predicted as positives (i.e., False positives).

Figure 5.3: Distribution of predicted probabilities for the unrestricted Neural network.

The variation between the results from the models shown in 5.2, have been further explored

in Table 5.3, where the models have been tested on 11 different threshold levels. This table

shows that the model that have the highest proportion of True positives/False Positives, varies

among the models depending on the threshold level on the test data. It is however unlikely that

one would in practice operate a model on a different threshold level than the "optimal," if one

has no other information that would warrant such a choice of the threshold level.

5.1.3 Baseline comparison

The naive classifier does not have any optimal threshold to test against since it is only based on

random predictions. For that reason, the result for two different scenarios will be presented. The

first scenario was when the percentage of migrants (0.507%) in the training data set was used

as the probability at which the model randomly predicted who will migrate on the test set. To

compare against the other models, the threshold for each model was found where it produced



CHAPTER 5. RESULT 31

Table 5.3: Difference in proportion - multi level

Model Metric 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

Log. TP 514 447 377 298 231 167 123 85 43 10 0
FP 99486 20142 11051 6407 3476 1818 896 451 150 27 0
TP/FP 0.0052 0.0222 0.0341 0.0465 0.0665 0.0919 0.1373 0.1885 0.2867 0.3704 0

NN log. TP 514 437 379 310 243 177 124 83 48 10 0
FP 99486 19908 11103 6496 3581 1905 976 519 214 37 0
TP/FP 0.0052 0.0220 0.0341 0.0477 0.0679 0.0929 0.1270 0.1599 0.2243 0.2703 0

NN unr. TP 514 440 377 307 249 198 143 93 35 0 0
FP 99486 18589 10906 6738 3939 2182 1175 534 150 1 0
TP/FP 0.0052 0.0237 0.0346 0.0456 0.0632 0.0907 0.1217 0.1742 0.2333 0.0000 0

Result in bold represents the highest proportion for that threshold.

the same relative amount of False positives and then compare the amount of True positives from

all the models. In table 5.4 the result showed that for the same amount of False positives as the

Naive classifier, the other classifiers had up to 31.66 times more True positives. A t-test for the

difference in True positives/False Positives proportion showed that compared with the Naive

Classifier the difference for all classifiers was highly significant (see appendix A.5).

Table 5.4: Naive classifier - scenario 1

Model Rel. FP Rel. TP Abs. FP Abs. TP TP multip. P-value

Naivë 0.0054 0.0058 539 3 1.00 -
Logistic 0.0054 0.1829 539 94 31.33 <0.001**
NN log. 0.0054 0.1693 539 87 29 <0.001**
NN unr. 0.0054 0.1848 539 95 31.66 <0.001**

P-values. ∗ ≤ 0.05 ∗∗ ≤ 0.01

The result from the second scenario was when all the classifiers were tuned to find 50%

of the True positives. The comparison then was the difference in False positives that have to

be accepted to find 50% percent of the True positives. Table 5.5 shows that the three models

would reduce the amount of False positives with an average around 91,5% compared to the

naive classifier. The difference in True positives/False Positives proportion compared with the

Naive Classifier was again highly significant for all classifiers (see appendix A.6)

Table 5.5: Naive classifier - scenario 2

Model Rel. FP Rel. TP Abs. FP Abs. TP FP multip. P-value

Naivë 0.5 0.5 49743 257 1.00 -
Logistic 0.0438 0.5 4254 257 0.086 <0.001**
NN log. 0.0413 0.5 4108 257 0.083 <0.001**
NN unr. 0.0432 0.5 4295 257 0.086 <0.001**

P-values. ∗ ≤ 0.05 ∗∗ ≤ 0.01
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5.2 Summary

In this chapter the result gave evidence to that there was no significant difference in the pre-

dictive power of the three models, a Logistic Regression model, a Neural Network model with

the same variables as the logistic regression model (i.e the variables that yielded significant co-

efficients) and a Neural Network model with the unrestricted data set (all available variables).

It was also shown that these three model, all performed significantly better than a naive clas-

sifier that randomly (based on a given probability) predicts the migration outcome. However,

it was shown that even though the three main models in this comparison produced relatively

high AUC’s, these models produced in absolute number a high ratio of False positives for every

True positive. At their optimal operating point, a ratio of around 20 False positives per 1 True

positive was produced on the test set. In the next chapter, these results will be discussed.



Chapter 6

Discussion

6.1 Summary of findings

The purpose of this study was to compare the predictive performance of Logistic regression

and Neural networks on predicting migration outcomes of specific individuals. The prediction

task at hand was to predict who will, from the year 2011 to 2012, migrate from other Local

labour market regions in Sweden (75 in total) to the Local labour market region of Stockholm.

The population in this study was limited to individuals that in the year 2011 were aged between

20-64 years and were Swedish citizens. Three different prediction models were built: a Logistic

regression model, a Neural network model with the variables from the Logistic regression and a

Neural network model with all available variables (see chapter 4 and appendix A.2). To compare

the predictive performance of the models the AUC metric was used as a general indicator. The

AUC metric was computed from the training data. A t-test for difference in proportions of True

positives/False positives was calculated based on predictions done on a separate test set. The

proportions comparison was done at the optimal threshold level (which were also computed

from the training data, i.e the optimal ROC point). In addition, a base-line test to compare if the

three models could improve on the predictions done by a naive classifier, which is a classifier

that randomly predicts migration outcome based on a given, but arbitrary, probability.

The result showed that the AUC metric for all three models was relatively high but also

similar. The AUC for the Logistic regression model was 0.9056, for the Neural network model

with the same variables 0.9085, and for the unrestricted Neural network model 0.9136. The

ROC-curves that the AUC’s were computed from were difficult to visually distinguish from

each other (see Figure 5.1). Based on the complexity of the prediction task at hand, and that

33
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the unrestricted neural network model was fed more information, it is somewhat surprising that

the performance of the Logistic model was on par with the Neural network model(s). The com-

parative advantage that the Neural network model(s) have, with its inherent capability to find

non-linear relationships, must have been reduced since the logistic regression had interaction

and polynomial terms. These terms have probably given the logistic regression a non-linear de-

cision boundary with a flexibility similar to the neural network models. A feed forward neural

network with logistic output units, is in essence a Logistic regression model with at least one

hidden layer between input and output. With that in mind, it is less surprising that the logistic

regression with the help of interaction and polynomial terms could approach the performance

of a Neural network. The flip side of that extra flexibility is that more complex terms one adds,

the risk of model over-fitting on the training data increases.

The t-test performed on the predictions made on the test set, could not find a significant

difference between the proportions of True positives/False positives at the respective model’s

optimal operating threshold. This test was done on data that was separated from the training

data. This result adds to the evidence that the difference in prediction performance between the

models is not significant. It also adds to the evidence that the relative high AUC for the Logistic

regression was not due to model over-fitting on the training data. These results, together with

the AUC’s that the three models produced, lean towards what (Tu, 1996) suggest. He suggest

that the difference in the overall predictive power of logistic regression and Neural networks

is not significant and that the model of choice depends on other factors, such as how easy it

is to deploy or to read the output. These are factors that will vary from study to study and

practitioner to practitioner. An objection that might be raised against the t-test in this study, is

that the proportions from each classifier are calculated on slightly different thresholds, due to

their difference in optimal operating point. It is possible to argue that it is a fair comparison,

that it is in this case meaningless to go for the classifier that gives the most True positives as

one would be as uncertain about that classifier’s predictions as the one with a lower amount of

True positives. That is the result since the proportion of True positives and False positives are

not significantly different.

Compared to the naive classifier all three models are superior. The difference in proportions

of True positives/False positives between the three models and the naive is highly significant.

That is a rather promising result, which means that these models, no matter how crude and

primitive they might seem for a delicate task such as predicting who will migrate, they are far
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better than random guessing.

On the contrary, the amount of True positives for a specific level of False positives one gets

with the three "good" models are quite discouraging. At the optimal threshold for the three

models, these models find about half of the migrants (50% of all True positives) and the ratio

between True positives/False positives is in the 0.05-0.06 range. Due to this, we get around 20

false positives for 1 True positive. Suppose that a lower threshold level was used (in the case

that one would like to have a less discriminating model), the rate of false positives increase at

an almost exponential rate (see figure 5.2). In other words, to identify 10.000 migrants, these

models prediction about who will migrate, will produce a list of about 210.000 individuals. In

practical terms that will make a forecast about who will migrate to Stockholm from one year to

the next using these models unusable.

On the other hand with a different goal for the prediction than an actual population forecast,

the result might be more useful. Assume that the Local labour region of Stockholm would like

to inform prospective migrants one year in advance that they should consider starting to look for

housing, child care, etc. In that case, the cost of informing about 210.000 individuals to be sure

to have informed 10.000 actual migrants, is much lesser than if one did not have any prediction

model. Compared with the naive classifier one would have to inform about 2.100.000 individ-

uals to be sure one have informed 10.000 actual migrants. If the cost to inform individuals is

the same, using the naive classifier would be an order of magnitude more expensive than using

any of the three models. When the problem is stated this way, it is not difficult to understand

why statistical learning models are popular in business and marketing to better identify specific

types of customers and reduce information cost (e.g., Cui and Curry, 2005; Crone et al., 2006).

In Chapter 2 it was shown that most micro level studies seek to explain factors that increase

or decrease the likelihood of migration. The result from this study highlight the complexity in

predicting such outcome. Therefore it is possible to suggest why the logistic model would be a

preferred choice in order gain more insight and knowledge in this context. As have been stated

many times in this study, the goal was not to find what the factors are that drive individuals to

migrate or not, but the signs of the parameters (see appendix A.3) from the Logistic regression

are in general consistent with what Greenwood (2005), Lundholm (2007), Mariotti et al. (2017)

and Eliasson et al. (2007) have found. As examples, to put the regression result in a micro

theoretical framework, the positive parameter signs for unemployed and students give evidence

to the human capital model (Sjaastad, 1962) and the negative sign for families with children give
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evidence to the new economy of migration (Stark and Bloom, 1985). On a macro theoretical

level the positive sign for the attraction power gives evidence to the gravity theory (Zipf, 1949).

From this result, it is possible to suggest that there are factors that affect the decision to migrate,

that are well investigated and established in the migration literature. The positive aspect of this

is that this study is in line with what the literature suggests, which could be interpreted as that

the prediction models that were built in this study seem to reflect at least a small part of the

reality. The negative aspect is that even if the result was in line with what theory and other

studies suggest, the result also showed that we do not to fully understand, or can explain, or

predict migration on an individual level. At least with the type of data and models that were

used in this study.

6.2 Recommendations

This study found that there is no significant difference in overall prediction performance be-

tween the three models at hand and that the model of choice is up to the practitioner’s prefer-

ences. For Economists, there is a fortunate "bi-product" of the Logistic regression, that one get

parameters that can be interpreted. For a prediction task like the one in this study, where one

do not seek to find any causal relationship between the dependent variable and the independent

variables, one could argue that it does not matter. However, since the performance is the same

for three models, it is suggested that one would choose the model that give the most information

in return. That model is, in this case, the Logistic regression.

The counter-argument to that it does not matter what model we choose can be expanded

further. One might argue, from the result, that all three models had the same prediction perfor-

mance, and due to this, there is no need to spend time and effort on doing any variable selection

for predicting migration outcomes. In this case that would mean that one would go for a Neu-

ral network model with no concern about what variables that are used. There is no guarantee

that the result in this study was not just the result caused by chance, and might not be possible

to generalize. It would therefore not be advisable to construct a model without any variable

selection procedure (e.g., Fan and Lv, 2010; May et al., 2011).
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6.3 Limitations

The decision-making process of migration is for an individual complex. It is a combination of

social, economical, geographical and personal factors. The data that was used in this study can

not cover all of those factors or even serve as a proxy for many of those. A specific limitation is

that the data was cross-sectional data from only one year. That makes it difficult to infer what

the result of the prediction performance would have been on data from other years. We can

unfortunately not say anything about it, and it has to be empirically tested. Furthermore, with

the scope of the variables in the data set, mostly economical and social-economical, it is likely

to assume that there is omitted variable bias.

Choosing Stockholm as the Local labour market region of destination for the migrants,

could have caused selection bias. There can be some characteristics of the migrants and non-

migrants, which in this case all three models could find equally well, but for a different Local

labour market region the result could have been different.

The cost of miss-classification and correct classification is in this specific case unknown (it

is for simplicity assumed that they equal). That affects the choice of optimal threshold. For cost

scenarios, other than the equal cost scenario used in this case, the optimal operating threshold for

each model could have been different and that could have led us to find a significant difference

between the models when they are compared on those alternative optimal thresholds.

The t-test in proportions was done on a point estimate, on the optimal operating point under

the assumption that one would never operate on a different point. This assumption could have

been too strong, and a comparison over the whole ROC curve spectra could have been more

suitable.

Optimizing the AUC on the training data, could have been too optimistic and led to model

over fitting. A combination of AUC and AIC to build and evaluate may have produced better

models.

6.4 Suggestions for further research

It is hard to draw any other general conclusions about the result, other than those already stated.

To find more evidence in support of either convergence or divergence in the prediction perfor-

mance between these models, a suggestion is to study the models prediction performance by
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using other Local labour market regions as the dependent variable and compare with the result

found in this study. It would also be advisable to do a study for more than just one year. The

data (pre-)processing that is required to construct the same data set but from a few another years

is quite substantial, but it would probably serve well as an indication whether the year in this

study was a normal year or if it was a special case. Another suggestion is to do the same study

but in a different country. The issue that might arise then is to find comparable data sets, other-

wise one might not know if it was the data or the models that affected the result. This study did

not set out to find the best model, but as the last suggestion, it could be of value to incorporate

other types of prediction models in the comparison to give a broader perspective on prediction

performance regarding individual migration.

6.5 Conclusion

This study set out to make a performance comparison of migration prediction models on indi-

vidual level with the use of microdata. The task was to compare the predictive performance

between a logistic regression model and two Neural network models on who will migrate from

the rest of Sweden to the Local labour market region of Stockholm from 2011 to 2012. This

study found that all three models produced relatively high AUC scores, but no strong evidence in

favour of a significant difference in the predictive performance between the models was found.

However, in comparison with a baseline naive classifier, all there models were significantly bet-

ter. However, due to a high ratio of False positives per True positive, none of the three models

perform in a way that makes them useful for practical migration forecasting. There are other

limitations such as that the models were only tested on data from one year and that prediction

was regarding just one destination. These limitations make any generalization of the results hard

to suggest. There is a need for further studies on other years of the data and other destinations,

to be able to say something more about the generality of the result.

This study also suggests that more data is not always better. The difference in the perfor-

mance between the models that used about a 1/6th of the variables (28 and 33) as the unrestricted

Neural network (190) was not significant. The conclusion one can draw from this is that one

must always be critical to what data one has. As a data hungry empiricist, it is important not

to be seduced by the sheer volume of a data set but to critically investigate and assess whether

the data at hand is suitable for the task. Finding the optimal model is, with respect to time
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consumption, a rather problematic task. Added to that, is that one does not know in the end if

there might exist a better model than the one that is proposed. Even with a moderate number of

variables, testing and evaluating all combinations is very fast approaching the impossible. The

question should then be, what is the cost that can be accepted in (maybe) finding a model with

a small increase in performance.

As a final remark, viewed in the perspective of the migration modeling literature, the main

contributions of this study are:

1. It identified a gap regarding the lack of literature on prediction model comparison, and

added knowledge/insights to this context.

2. There was no significant difference in the prediction performance between Logistic re-

gression and Neural networks for the specific prediction task in this study.

3. The three models performance were not useful for forecasting, but they are still a signifi-

cant improvement over randomly guessing.
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Appendix A.1 

Local labour market regions (LLMR)  (Swedish: Lokala arbetsmarknadsregioner, LA) år 2009 (SCB,2009).  

© SCB, 2009. 
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Appendix A.2 

Variables in the data set for Logistic regression and the Unrestricted Neural network. 

Variable name Description Logistic Regression Neural Network 

Gender Female or Male 1 Dummy, 1 = Man 1 Dummy, 1 = Man 

Birth country 
The worlds all countries are 

divided into 19 categories.  

1 Dummy, 1 = Born outside 

Sweden 
18 Dummy 

Birth year of Mother The birth year of Mother. 1 Continuous 1 Continuous 

Birth country of Mother 
The worlds all countries are 
divided into 19 categories.  

- 18 Dummy 

Birth year of Father The birth year of Father. 1 Continuous 1 Continuous 

Birth country of Father 
The worlds all countries are 

divided into 19 categories.  
- 18 Dummy 

Currently living in LA region 
Sweden is divided in 75 
LLMR’s 

- 74 Dummy 

Marital status 7 Categories of marital status - 6 Dummy 

Unemployed 

This only says if the person 

received unemployment 
benefits or not during that 

year, but not for how long. 

1 Dummy, 1= received 1 Dummy, 1= received 

Retired 
Tells if the person received 

pension payment or not. 
- 1 Dummy, 1= received 

Work income Income from work 1 Continuous 1 Continuous 

Not in work force 

Proxy for not being in the 

work force. Dummy for those 
who don´t have 

unemployment benefits or 

work income 

1 Dummy, 1 = not in 

workforce 
- 

Additional pension 

If the person has received 

pension payments from an 
older type of pension system 

- 1 Dummy, 1= received 

Housing assistance 

If the family unit where the 

person is counted receives 

housing assistance or not 

1 Dummy, 1= received 1 Dummy, 1= received 

Additional Housing assistance 

If a person receives sickness 

or invalidity benefits (s)he can 

get additional housing 
assistance 

1 Dummy, 1= received 1 Dummy, 1= received 

Family type 

12 family types ex. Married 

without children, single father 

with at least one children 
under 18 living at home. 

11 Dummy 11 Dummy 

Income from business 

If a person has made a profit, 

loss or breakeven on a 

business they own. 

- 2 dummy 
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Widow pension 
Extra pension if the spouse is 

deceased. 
- 1 Dummy, 1= received 

Parental leave 
If the person received parental 

benefits or not 
- 1 Dummy, 1= received 

Pre-retirement 
If the person receives 

preretirement benefits 
- 1 Dummy, 1= received 

Income from capital 

Dummy for Logistic. 

Continuous for Neural 
network 

1 Dummy, 1= income under 

10000SEK 
1 Continuous 

Study aid 
If the person received study 
aid or not. 

1 Dummy, 1= received 1 Dummy, 1= received 

 Military - basic training 
If the person received aid for 

basic military training.  
1 Dummy, 1= received 1 Dummy, 1= received 

Education focus 
If the person completed 
higher education, then in what 

field. Example: 

9 dummy 9 dummy 

Education level Highest completed education. 6 dummy 6 Dummy 

Disability compensation 
To what degree a person get 

disability compensation.  
- 4 dummy 

Activity compensation  - 4 dummy 

Year of birth 
What year the person was 
born 

1 Continuous 1 Continuous 

Own the house 

Dummy for if the person is 

the owner of the house or flat 

they are registered at living at. 

1 Dummy, 1= Own 1 Dummy, 1= Own 

Attraction power Stockholm See section 4.2.1 1 Continuous 1 Continuous 

Born in the LA of Stockholm 

Proxy for if the person is born 

or not in the LLMR of 
Stockholm 

1 Dummy, 1= Born 1 Dummy, 1= Born 

Regional unemployment 

The unemployment in the 

region where the person lived 

in 2011. Nuts-3 level. 

1 Continuous 1 Continuous 

Dependent variable 
Moved to the LLMR of 
Stockholm in 2012 

1 Dummy, 1= Moved 1 Dummy, 1= Moved 

Variable count: 33 44 190 
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Appendix A.3 

Final Logistic regression model. 

 

Generalized linear regression model: 

    Moved_to_Stockholm ~ [Linear formula with 33 terms in 28 predictors] 

    Distribution = Binomial 

 

Estimated Coefficients: 

                                           Estimate       SE         tStat       pValue    

                                           ________    _________    _______    ___________ 

 

    (Intercept)                             -11.044       1.6063     -6.875     6.1975e-12 

    Age                                    -0.07408    0.0015297    -48.429              0 

    Born Outside Sweden                     0.50031     0.058068      8.616      6.931e-18 

    Unemployed                              0.14781     0.056096      2.635      0.0084139 

    Student                                 0.49222     0.032575      15.11      1.384e-51 

    Homeowner                               -3.1714      0.24849    -12.763     2.6388e-37 

    Capital income under 10k SEK           -0.17252     0.029943    -5.7615     8.3392e-09 

    Military - basic training                1.0558      0.22006     4.7977      1.605e-06 

    Edu. foucs: General education           0.65542     0.051184     12.805     1.5341e-37 

    Edu. foucs: Pedagogy                   -0.55751     0.068982     -8.082     6.3711e-16 

    Edu. Foucs: Humanities & Art            0.46943       0.0534     8.7908     1.4849e-18 

 
    Edu. Foucs: Social sci., Law, Business     0.34448     0.046845     7.3537     1.9281e-13 

    Edu. Foucs: Farming & Foresting        -0.12262     0.046126    -2.6583      0.0078544 

    Edu. Foucs: Service                    -0.21934     0.051333    -4.2729     1.9298e-05 

    Edu. Level: Highschool                  0.68131     0.058588     11.629     2.9463e-31 

    Edu. Level: University (< 2 years)       1.3134     0.074749      17.57     4.1656e-69 

    Edu. Level: University (>= 2 years)      1.8099     0.067866      26.67    1.0619e-156 

    Edu. Level: Ph.D                         2.4802      0.15007     16.527     2.3576e-61 

    Additional housing benefits            -0.37286     0.097032    -3.8426     0.00012171 

 

 

Continues on next page! 
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      Estimate       SE         tStat       pValue    

                                           ________    _________    _______    ___________ 

 

    Fam: Married >=1 child <18yr at home   -0.39228     0.065049    -6.0306     1.6336e-09 

    Fam: Marr. youngest child at home >=18yr…  

           …-0.78671     0.043903    -17.919      8.326e-72 

    Fam: Co-habitant no child at home        0.3018     0.037427     8.0637     7.4013e-16 

    Fam: Co-Hab. youngest child at home >=18yr…  

      …-1.2725     0.062045    -20.508     1.8117e-93 

    Fam: Single mother >=1 child <18yr at home…                              

     … 0.37996     0.084118      4.517     6.2725e-06 

    Fam: Single mother youngest child at home >=18yr… 

                                         … -0.42635     0.073912    -5.7683     8.0093e-09 

    Fam: Single no children                 0.39812     0.055008     7.2375     4.5717e-13 

    Born in Stockholm                        1.7362     0.036287     47.845              0 

    Regional unemployment                  -0.04452     0.015482    -2.8756      0.0040331 

    Attraction_power_Stockholm_Sqroot        176.32       24.774     7.1173     1.1007e-12 

    Attraction_power_Stockholm_Sqroot^2     -1171.3       150.73    -7.7707     7.8066e-15 

    Attraction_power_Stockholm_Sqroot^3      3424.6       408.47     8.3841       5.11e-17 

    Attraction_power_Stockholm_Sqroot^4     -3573.6        405.9    -8.8041      1.319e-18 

    Age:Homeowner                          0.051009    0.0052847     9.6523     4.8072e-22 

 

100000 observations, 99967 error degrees of freedom 

Dispersion: 1 

Chi^2-statistic vs. constant model: 2.4e+04, p-value = 0 
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Appendix A.4 

Three tests for difference in proportions using the optimal threshold for each of the three models. 

1. Logistic regression model against the Neural network model with the variables from Logistic 

regression. 

2. Logistic regression model against the Neural network model with the unrestricted data set.  

3. The Neural network model with the variables from Logistic regression against the Neural network 

model with the unrestricted data set. 

 

1. 

Two-sample test of proportions                   log: Number of obs =     5007 

                                               nnlog: Number of obs =     5111 

------------------------------------------------------------------------------ 

    Variable |       Mean   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

         log |   .0533253   .0031753                       .047102    .0595487 

       nnlog |   .0579143   .0032673                      .0515106     .064318 

-------------+---------------------------------------------------------------- 

        diff |   -.004589    .004556                     -.0135186    .0043407 

             |  under Ho:   .0045581    -1.01   0.314 

------------------------------------------------------------------------------ 

        diff = prop(log) - prop(nnlog)                            z =  -1.0068 

    Ho: diff = 0 

 

    Ha: diff < 0                 Ha: diff != 0                 Ha: diff > 0 

 Pr(Z < z) = 0.1570         Pr(|Z| > |z|) = 0.3140          Pr(Z > z) = 0.8430 

 

2. 

Two-sample test of proportions                   log: Number of obs =     5007 

                                                  nn: Number of obs =     5475 

------------------------------------------------------------------------------ 

    Variable |       Mean   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

         log |   .0533253   .0031753                       .047102    .0595487 

          nn |    .050411   .0029569                      .0446155    .0562064 

-------------+---------------------------------------------------------------- 

        diff |   .0029144   .0043388                     -.0055896    .0114184 

             |  under Ho:   .0043338     0.67   0.501 

------------------------------------------------------------------------------ 
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        diff = prop(log) - prop(nn)                               z =   0.6725 

    Ho: diff = 0 

 

    Ha: diff < 0                 Ha: diff != 0                 Ha: diff > 0 

 Pr(Z < z) = 0.7494         Pr(|Z| > |z|) = 0.5013          Pr(Z > z) = 0.2506 

 

3. 

Two-sample test of proportions                 nnlog: Number of obs =     5111 

                                                  nn: Number of obs =     5475 

------------------------------------------------------------------------------ 

    Variable |       Mean   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

       nnlog |   .0579143   .0032673                      .0515106     .064318 

          nn |    .050411   .0029569                      .0446155    .0562064 

-------------+---------------------------------------------------------------- 

        diff |   .0075033   .0044066                     -.0011335    .0161402 

             |  under Ho:   .0043973     1.71   0.088 

------------------------------------------------------------------------------ 

        diff = prop(nnlog) - prop(nn)                             z =   1.7063 

    Ho: diff = 0 

 

    Ha: diff < 0                 Ha: diff != 0                 Ha: diff > 0 

 Pr(Z < z) = 0.9560         Pr(|Z| > |z|) = 0.0879          Pr(Z > z) = 0.0440 
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Appendix A.5 

Three tests for difference in proportions using the threshold were the three models predict the same amount of 

false positives as the naïve does, when the naïve classifier use the priori class distribution (from the 2011 data) 

as the probability for randomly predicting an individual as a migrant, in this case p=0.00508 (0.508%). 

1. The naïve classifier against the logistic regression model.  

2. The naïve classifier against the Neural network model with the variables from Logistic regression.  

3. The naïve classifier against the Neural network model with the unrestricted data set. 

 

1. 

. prtest naivlow == loglow 

 

Two-sample test of proportions               naivlow: Number of obs =      542 

                                              loglow: Number of obs =      623 

------------------------------------------------------------------------------ 

    Variable |       Mean   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

     naivlow |   .0055351   .0031868                      -.000711    .0117811 

      loglow |   .1508828   .0143403                      .1227763    .1789894 

-------------+---------------------------------------------------------------- 

        diff |  -.1453478   .0146902                       -.17414   -.1165555 

             |  under Ho:    .016228    -8.96   0.000 

------------------------------------------------------------------------------ 

        diff = prop(naivlow) - prop(loglow)                       z =  -8.9566 

    Ho: diff = 0 

 

    Ha: diff < 0                 Ha: diff != 0                 Ha: diff > 0 

 Pr(Z < z) = 0.0000         Pr(|Z| > |z|) = 0.0000          Pr(Z > z) = 1.0000 

 

2. 

. prtest naivlow == nnloglow 

 

Two-sample test of proportions               naivlow: Number of obs =      542 

                                            nnloglow: Number of obs =      616 

------------------------------------------------------------------------------ 

    Variable |       Mean   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 



55 
 

     naivlow |   .0055351   .0031868                      -.000711    .0117811 

    nnloglow |   .1412338   .0140319                      .1137318    .1687358 

-------------+---------------------------------------------------------------- 

        diff |  -.1356987   .0143892                     -.1639011   -.1074963 

             |  under Ho:   .0157675    -8.61   0.000 

------------------------------------------------------------------------------ 

        diff = prop(naivlow) - prop(nnloglow)                     z =  -8.6062 

    Ho: diff = 0 

 

    Ha: diff < 0                 Ha: diff != 0                 Ha: diff > 0 

 Pr(Z < z) = 0.0000         Pr(|Z| > |z|) = 0.0000          Pr(Z > z) = 1.0000 

 

3. 

. prtest naivlow == nnlow 

 

Two-sample test of proportions               naivlow: Number of obs =      542 

                                               nnlow: Number of obs =      624 

------------------------------------------------------------------------------ 

    Variable |       Mean   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

     naivlow |   .0055351   .0031868                      -.000711    .0117811 

       nnlow |   .1522436   .0143818                      .1240558    .1804314 

-------------+---------------------------------------------------------------- 

        diff |  -.1467085   .0147306                       -.17558    -.117837 

             |  under Ho:   .0162914    -9.01   0.000 

------------------------------------------------------------------------------ 

        diff = prop(naivlow) - prop(nnlow)                        z =  -9.0053 

    Ho: diff = 0 

 

    Ha: diff < 0                 Ha: diff != 0                 Ha: diff > 0 

 Pr(Z < z) = 0.0000         Pr(|Z| > |z|) = 0.0000          Pr(Z > z) = 1.0000 

. 
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Appendix A.6 

Three tests for difference in proportions using the threshold were 50% of the True positives are found.  

1. The naïve classifier against the logistic regression model.  

2. The naïve classifier against the Neural network model with the variables from Logistic regression.  

3. The naïve classifier against the Neural network model with the unrestricted data set. 

 

1. 

. prtest naivhigh == loghigh 

 

Two-sample test of proportions              naivhigh: Number of obs =    50000 

                                             loghigh: Number of obs =     4511 

------------------------------------------------------------------------------ 

    Variable |       Mean   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

    naivhigh |     .00514   .0003198                      .0045132    .0057668 

     loghigh |   .0569718   .0034511                      .0502078    .0637359 

-------------+---------------------------------------------------------------- 

        diff |  -.0518318   .0034659                     -.0586248   -.0450389 

             |  under Ho:   .0015025   -34.50   0.000 

------------------------------------------------------------------------------ 

        diff = prop(naivhigh) - prop(loghigh)                     z = -34.4980 

    Ho: diff = 0 

 

    Ha: diff < 0                 Ha: diff != 0                 Ha: diff > 0 

 Pr(Z < z) = 0.0000         Pr(|Z| > |z|) = 0.0000          Pr(Z > z) = 1.0000 

 

2. 

. prtest naivhigh == nnloghigh 

 

Two-sample test of proportions              naivhigh: Number of obs =    50000 

                                           nnloghigh: Number of obs =     4365 

------------------------------------------------------------------------------ 

    Variable |       Mean   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

    naivhigh |     .00514   .0003198                      .0045132    .0057668 
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   nnloghigh |   .0588774   .0035629                      .0518942    .0658606 

-------------+---------------------------------------------------------------- 

        diff |  -.0537374   .0035772                     -.0607487   -.0467262 

             |  under Ho:   .0015274   -35.18   0.000 

------------------------------------------------------------------------------ 

        diff = prop(naivhigh) - prop(nnloghigh)                   z = -35.1832 

    Ho: diff = 0 

 

    Ha: diff < 0                 Ha: diff != 0                 Ha: diff > 0 

 Pr(Z < z) = 0.0000         Pr(|Z| > |z|) = 0.0000          Pr(Z > z) = 1.0000 

 

3. 

. prtest naivhigh == nnhigh 

 

Two-sample test of proportions              naivhigh: Number of obs =    50000 

                                              nnhigh: Number of obs =     4552 

------------------------------------------------------------------------------ 

    Variable |       Mean   Std. Err.      z    P>|z|     [95% Conf. Interval] 

-------------+---------------------------------------------------------------- 

    naivhigh |     .00514   .0003198                      .0045132    .0057668 

      nnhigh |   .0564587   .0034209                      .0497538    .0631636 

-------------+---------------------------------------------------------------- 

        diff |  -.0513187   .0034358                     -.0580528   -.0445846 

             |  under Ho:   .0014957   -34.31   0.000 

------------------------------------------------------------------------------ 

        diff = prop(naivhigh) - prop(nnhigh)                      z = -34.3112 

    Ho: diff = 0 

 

    Ha: diff < 0                 Ha: diff != 0                 Ha: diff > 0 

 Pr(Z < z) = 0.0000         Pr(|Z| > |z|) = 0.0000          Pr(Z > z) = 1.0000 

 

. 


	Abstract
	Acknowledgment
	Introduction
	Background
	Research question
	General overview

	Related Work
	Macro approach
	Micro approach
	Predicting migration
	Deterministic forecasting models
	Probabilistic models

	Comparing prediction models
	Logistic regression and neural networks

	Summary

	Theory
	Classification
	Logistic regression
	Neural networks
	Logistic regression versus Neural networks
	Other prediction models
	Performance comparison: ROC-curve and AUC
	Summary

	Method
	Local labour market region
	Data
	Variables
	Dummy variables
	Dependent variable
	Cleaning the data
	Imbalanced classes

	Model building
	Logistic regression
	Neural network
	Performance comparison

	Summary

	Result
	The numbers
	Area Under the Curve
	Difference in proportions
	Baseline comparison

	Summary

	Discussion
	Summary of findings
	Recommendations
	Limitations
	Suggestions for further research
	Conclusion

	Bibliography
	Appendices
	Labour market regions (LA)
	Variables data set
	Logistic regression parameters
	T-test three models
	T-test naive classifier scenario 1
	T-test naive classifier scenario 2


