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This thesis consists of five papers covering a broad range of statistical themes, from prediction
via correlation measures to causal inference.

Paper I uses a nationally representative survey of separated Swedish women to examine
whether men who strive to control their partners during their relationships are more likely to stalk
or assault their ex-partners after separation. The empirical analysis shows that basic measures
of control behaviors explain 18% of the variance in stalking victimization and 8% of the assault
victimization. The predictive value of the constructed measures of control is shown to by far
surpass those of other common risk markers included in the analysis.

Paper II presents asymptotic properties of Spearman’s rank correlation for variables with
finite support. For variables with finite support, the population version of Spearman’s
rank correlation has been derived. Using this result, convergence to a normal distribution
irrespectively of dependence is shown, and the asymptotic variance is derived. A small
simulation study indicates that the asymptotic properties are of practical importance.

Paper III proposes a robust version of the polychoric correlation, a parametric measure of
the correlation between two unobserved continuous variables when the observed variables are
discrete. Robust polychoric correlation is shown to be consistent and asymptotically normal.
Results from a systematic Monte Carlo simulation suggest that the new estimator has better
robustness properties than normality based maximum likelihood estimation of the polychoric
correlation, to negligible efficiency costs.

Paper IV reports results from a large-scale randomized experiment evaluating whether
a supported employment rehabilitation intervention strategy can improve labor market
opportunities for young adults on disability pension better than regular vocational rehabilitation.
In total, 1,062 individuals were randomly assigned between interventions. The main result
shows that 18 months after the start of the project, participants offered supported employment
have work rates that are approximately 10 percentage points higher than participants who
received regular rehabilitation.

Paper V estimates consequences of interpersonal violence on victims. Using rich
administrative population data for Sweden, individuals who visited a hospital in the years 1998
to 2002 due to assault are compared to individuals who did not have a hospital visit due to
assault at that time, but who were statistically indistinguishable from the individuals of interest
in the four years prior to the incident. The results suggest that violent crime has large and
persistent effects on mortality, suicide, earnings, work status, disposable income, as well as on
the number of days on sick leave. Specifically, an assault leading to a hospital visit is estimated
to convey losses amounting to 1.4 million SEK per victimized woman and 1.5 million SEK per
victimized man, whereof more than 80 percent result from excess mortality. Estimates on socio-
economic outcomes show robustness against selection on unobserved characteristics. Estimates
on mortality and suicides are very robust.
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Introduction

The discipline of statistics is concerned with measurement, from collecting
and organizing data to analyzing, interpreting, and presenting it. Because sta-
tistics deals with the interpretation of empirical observations, it is integral to
all scientific disciplines. The themes in this dissertation span the statistical
field, including descriptive statistical inference, detailed questions of meas-
urement and the precise definition of statistical dependence, and statistical
models for making causal claims.

In this introduction, | introduce statistics as a tool for empirical analysis,
putting the statistical problems discussed in the included articles into the
broader context of statistical reasoning. Because of uncertainty in the data,
statistical inference is essential to any quantitative analysis. Inference is con-
tingent on the quality and collection of the data. High quality measurement of
variables, together with an understanding of how the units (e.g., individuals or
firms) were sampled, enable interpretation of the results in a specific sample,
potential generalization to a larger population, and sometimes discussion of
cause and effect.

This thesis includes five articles in which quantitative methods are applied
to data to draw conclusions about the world. Article | introduces descriptive
statistical inference in the framework of a decision tool, arguing for the use-
fulness of statistical models to support expert judgment. Articles Il and 11
focus on statistical measurement. In social science there is often a mismatch
between theoretical concepts and their measurement. Articles 1l and 111 de-
velop new methods for statistical inference when the real valued theoretical
construct is measured on an ordinal scale. In Articles IV and V, the statistical
analyses move from models of statistical association to how to handle sam-
pling issues to allow causal interpretation of presented relationships between
variables of interest.

Introducing statistical reasoning: describing the world
from empirical observations and drawing conclusions
beyond that which is directly observed

Article | reports a risk marker study in which the outcome of interest was ex-
posure to assault. The objective was to assess risks against personal safety for



women separated from an abusive partner. Focused on separated couples
with a history of domestic violence, the investigation concerned the im-
portance of information about previous controlling behaviors in determining
the risk of future stalking or assault.

Expert judgment is often used in decision making, although statistical models
consistently outperform experts in predictive accuracy (Kahneman et al.,
2021). Because humans often have preconceived ideas (biases), experts can-
not be completely objective in their analysis of data. Furthermore, human
judgment is not consistent, and different experts tend to offer different assess-
ments. Statistical models can systematically handle large amounts of data, sep-
arate the signals from the noise, and be designed to reduce systemic bias. An-
other feature of statistical analysis is its ability to quantify uncertainty, letting
experts know how certain they can be about the outcome of an assessment.
Thus, results of a statistical analysis can inform experts about what to look for
and how to compile and interpret gathered information.

Risk marker studies are descriptive studies aimed to identify factors (attrib-
utes or characteristics) associated with an outcome of interest. Their results
may therefore help determine what information is important to include in po-
lice or social services screenings. Although risk factors are not necessarily
causal, they can help professionals in assessing the likelihood of future out-
comes. The usefulness of risk markers comes from the ease with which they
can be observed and the information they provide about the probability of the
outcome. A good risk marker combines a substantial increase in information
about an outcome of interest with a substantially lower effort than could be
achieved using other strategies.

The specific question posed in Article I seeks to determine whether infor-
mation about the former partner’s use of controlling behaviors can improve
predictions of post-separation assault: Does the added predictive value of pre-
vious controlling behaviors outweigh the increased complexity of including
such information in the screening tool? To model this risk assessment using
descriptive statistics, denote separation assault as Y and history of controlling
behaviors by X. The empirical part of the decision process required measure-
ments (data) of X and Y for a set of individuals drawn from a population. Using
the available data, we calculated the associations between X and Y. Modeling
post-separation assault as a binary event (occurring or not), the average risk
of Y in the population (P(Y = 1)) corresponds to its expected value, E[Y].
Thus, E[Y] represents the risk of assault to a random individual in the popula-
tion. The conditional probability of Y given X is the average risk of Y in a
subset of units in the population, where the subset is defined by conditioning
in the values of X. The analysis of risk of post-separation assault given infor-
mation about previous controlling behaviors therefore corresponds to the con-
ditional probability of Y given X, E[Y|X = x]. For simplicity of notation, let
the history of controlling behaviors be binary. The difference between the risk
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of post-separation assault given controlling behaviors compared with the risk
without such history then corresponds to E[Y|X = 1] — E[Y|X =0].

At the time of screening, future exposure to post-separation assault for a
woman selected for screening, will be unknown. We were thus not interested
in the individual values in the sample, but simply used them to draw inferences
about a (hypothetical) population of all individuals who could be assessed for
risk of post-separation assault. The next step in the analysis was to apply sta-
tistical inference to understand the value of the information we had and thus
the potential of using a history of controlling behaviors to assess the risk of
assault for a new individual. While descriptive statistics give information
about the relationship between X and Y among the individuals we observe,
statistical inference lets us know how much value this information has for as-
sessing risk for any other person in the population.

The specific question posed in Article | was whether we could improve on
post-separation assault predictions by including information about the former
partner’s use of controlling behaviors. We wondered whether the added pre-
dictive value of controlling behaviors would outweigh the increased complex-
ity of including such information in a screening tool. We found that a history
of control behaviors acts as one of the most important indicators of post-sep-
aration risk of stalking and assault, and thus recommended that such infor-
mation be used in screening.

Measurement and the precise definition of dependence

Articles Il and 111 concern the properties of dependence measures. Article 11
derives the asymptotic distribution of Spearman’s correlation for a particular
type of ordinal data. Article I11 uses the results shown in Article 1l to construct
a new version of another type of correlation measure, polychoric correlation.

Acrticle I on risk assessment focused on the dependency between two variables,
the assumption that information about one variable can be used to draw con-
clusions about the other. The intuitive idea of dependency between two vari-
ables is that the larger the value of one, the larger the value of the other, such
that knowledge of one is informative about the other. To introduce Articles 1l
and 11, it is necessary first to discuss some details about precisely what de-
pendence is and how it is affected by the statistical properties of the data.
While there is a well-defined definition of independence, many definitions
of dependency appear in the literature. These slightly different definitions
share several common properties, including monotonicity (a positive depend-
ency between two variables also includes a positive dependency between
strictly monotone functions of them); symmetry (the dependency between the



first and the second variable equals that of the second and the first); and zero
dependency given independence (while a dependence measure does not need
to capture every relationship between two variables, if they actually are inde-
pendent, a dependence measure of them must equal zero):.

Many measures fulfill these properties and are thereby dependence
measures. The most used is Pearson’s product moment correlation, also
simply called correlation. It measures the strength of the linear relationship
between two variables and is thus invariant to change by linear functions of
the variables.

Ordinal data

Articles Il and 11l focus on how to measure dependency between variables
whose values are ordered, but where the specific numbering of the values does
not carry arithmetic meaning. Such variables are called ordinal. The difficulty
with ordinal data as opposed to data measured at intervals or on ratio scales is
that distance between consecutive differences have no meaning. The distance
between Orders 1 and 2 cannot be assumed to be the same as that between
Orders 2 and 3; for example, a dinner might be bad, decent, or great, but two
decent dinners do not equal one great meal. This fact makes arithmetic opera-
tions using ordinal data problematic.

Pearson’s correlation, the most common dependence measure in statistics,
is calculated using arithmetic operations on variables measured at the interval
or ratio scale. It is thus not meaningfully interpretable for ordinal variables. In
this case, Spearman’s rank correlation can be used instead (Spearman, 1904).
Spearman’s rank correlation between two variables is equal to Pearson’s cor-
relation between the rank values of those two variables, but rather than as-
sessing linear relationships, Spearman’s correlation measures the degree to
which two variables have a monotonous relationship.

Acrticles Il and 111 investigate the measurement of dependence on a partic-
ular form of ordinal data, the Likert scale. Social science questionnaire items
commonly ask respondents to report their agreement with a specific statement
on a scale with a finite number of possible answers (e.g., 1 = Strongly disagree,
2 = Disagree, 3 = Neutral, 4 = Agree, 5 = Strongly agree. Such Likert-scaled
variables are defined by the following three properties: they take a finite num-
ber of responses; the responses are ordered, with e.g. lower numbered re-
sponses indicating less agreement than higher numbered; and the distances
between the actual values of these responses are unknown.

Article Il focuses on the asymptotic properties of Spearman’s rank corre-
lation between two Likert-scaled variables and derives the asymptotic

1 See Lehmann (1966) for a probabilistic definition of dependence. A slightly different defini-
tion, with importance for Articles 1l and 111, defines concordance. See Scarsini (1984), Nelsen
(2006), and Neslehové (2007).
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distribution of Spearman’s rank correlation for Likert-scaled variables. An
asymptotic distribution is important for statistical inference, for example, by
allowing for the construction of confidence intervals.

Discrepancies between measurement and theoretical constructs

The human mind has difficulty allocating detailed numerical values to phe-
nomena, even those that could be given such properties (Kahneman et al.,
2021). Alignment with a political party or trust in members of one’s commu-
nity is felt as more or less than something other, rather than as an exact point
on a scale. This difficulty is true even for phenomena that do exhibit the ratio
scale properties of true zero and equal intervals between neighboring points.
People are experienced as more or less extroverted, one’s own health as better
or worse than normal, etc.2 Collecting data based on such human experience
and recollection often involves the Likert-scaled measurement of ratio-scaled
theoretical constructs. That is, using discrete and ordinal measurements while
theorizing about a continuous phenomenon.

Polychoric correlation is developed to handle this type of discrepancy be-
tween measurement and theory. Combining two observed Likert-scaled vari-
ables with a distributional assumption allows the calculation of the depend-
ence between the corresponding hypothesized variables of interest. Assuming
the hypothesized variables are bivariate normal, polychoric correlation repre-
sents their linear correlation. In other words, polychoric correlation is a de-
pendence measure that introduces a parametric assumption to deal with the
identification problem that results when observed variables are represented by
only a few values, but the variables of interest are continuous. It is based on
the idea that the information lost by having only partial information of the
value of each observation can be reconstructed by knowledge of the distribu-
tion of the underlying variables.3

Of several possible estimation strategies for polychoric correlation, maxi-
mum likelihood gives the most efficient solution (Olsson, 1979). The assump-
tion of bivariate normality that allows for the calculation of the polychoric
correlation, however, may not hold. Other estimation strategies sacrifice some
efficiency to gain better robustness against departures from the distributional
assumptions (Quiroga, 1992; Roscino & Pollice, 2006). Article 111 belongs to
this literature.

Article 111 proposes a new estimation strategy for polychoric correlation
and gives its asymptotic distribution. A small simulation study showed that the
proposed estimation strategy has some advantageous qualities.

2 For example, there is a vast literature on the usefulness of measuring health by Likert-scaled
questionnaire items. See e.g. ldler & Benyamini (1997) or McDowell (2006).

% In economics, this parametric strategy is used to handle unobserved incomes (See Heckman,
1979).
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Modeling questions of cause and effect

In Article I, the focus was on the dependency between two variables. In Arti-
cles Il and 111, the issue of estimating dependency was discussed and problem-
atized in more detail. Often, however, in addition to wanting to know the re-
lationship between variables, we want to know why things happen. Articles
IV and V therefore focus on causation. The theme of causal inference intro-
duces a fundamental problem in empirical analysis concerning the difference
between the state of the world as it is and the state of the world as it might
have been.

Article IV concerns the effect of a specific type of vocational training on
labor market participation. A randomized controlled trial was designed in
which program participants were randomly assigned to receive the offer of
training or not. Randomization makes it possible not only to study the associ-
ation between vocational training and labor market participation, but also to
answer how the training affects employment in the studied population.

In Article V, the effects of non-lethal violent crime on victims are analyzed
using observational data to estimate how such victimization affects subse-
quent health and earnings. To infer causation from observational data, the
study attempted to construct independence between potential outcomes and
treatment status using a matching design.

A formal language for the hypothetical

Causality has interested philosophers for thousands of years and has been dis-
cussed using many different, more or less understandable, definitions. Holland
(1986) reviews some of those ideas in the context of what he calls Rubin's
model for causal inference. Holland argues that Rubin’s model adds clarity
and concretization to the concept of causality in the sense relevant to statistics,
making it useful for statistical inferences with observational data. He distin-
guishes the idea of an effect of a cause (changes in a response variable at-
tributable to a change in the causative variable), from discussions of possible
causes of an effect of interest, and argues that from a statistical standpoint,
causality specifically concerns measuring the effects of causes.

Rubin laid out the model for causal inference in 1974 and extended design-
based sampling in randomized trials to the use of observational data.* The cru-
cial elements of the model were the realization that randomized experiments
are embedded in a larger class of allocation or assignment mechanisms and
the concept of potential outcomes, which allowed the construction of an out-
come variable for each cause or treatment.

4 Hypothetical outcomes in the case of the randomized experiment were first formalized by
Neyman in 1923 (Neyman et. al., 1990). Later, but more easily accessible works by Neyman
and by Fisher, however, were more important to generalizing the idea of hypothetical outcomes
to observational studies. (See Rubin, 1990).
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The causal guestion in Article 1V, the effect of training on employment, ad-
dressed the difference between the employment status of individual partici-
pants and their expected employment status had they not taken part in training.
We thus have two outcomes, employment following training, Y(1), and em-
ployment in case of no training, Y(0). In asking about the effect of training on
employment, we wonder about the difference between these two outcomes.
Looking specifically at individual i, denote this difference 4i:

Ai=Yi(1) - Y;(0)

The difference between the potential outcomes equals the causal effect of vo-
cational training on employment. This explicit and formal definition of the
causal effect, 4i, makes it easy to see whether a scientific question is or is not
about causality. We can also clearly see why the individual causal effect is
fundamentally unobservable. Even when we observe the employment status
for each individual in a sample, half of the observations in the potential out-
comes Y(1) and Y(0) are missing. For each individual i, either Yi(1) or Yi(0)
can be observed, but never both.

Moving toward the observable

Denote the observed training status by D. For ease of representation, we as-
sume no interference between units, so the outcomes of one individual is af-
fected only by that individual’s treatment assignment. In addition, we want to
make sure that all available ways to take part in training have a representation
in D. In our case, since D is binary, that implies assuming training either takes
place or not. These assumptions about the treatment, that it is fully represented
with no unknown treatment options, and that it affects the treated unit only,
ascertains that the value of the outcome Y;(D) is determined. It is called the
stable unit treatment assumption, SUTVA (Cox, 1958; Rubin 1980).5

Under SUTVA, the observed outcome can be written as a joint function of
the observed training status and the potential outcomes. This formalizes the
relationship between the outcomes of interest, Y(1) and Y(0), and the observed
outcome, Y. For any individual i, we could observe employment after training
if they participated (D=1), or employment after no training if they did not,
(D=0):

Yi=Yi(1)Di+ (1-Dy)Yi(0)
Thus, the difficulty of causal inference can be understood as a missing data

problem. Categorizing the fundamental and philosophical problem of causal

5 See also Rubin (1986) and Rubin (2010) for clear and accessible explanations of SUTVA.
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inference as a missing data problem means that we take one more step from
the philosophically hypothetical toward a model that allows for measurement.
The expected value E[Y] is defined as the average value of Y over all indi-
viduals (units) in a given population. The average causal effect of vocational
training on employment, 4, can be defined as the difference between the ex-
pected value of Y(1) (E[Y(1)]), and the expected value of Y(0) (E[Y(0)]):

A=E[Y(D] - E[Y(0)]

Because of the fundamental problem of causal inference, unit level effects
cannot be observed so 4; is always unobservable. However, Y(1) can be ob-
served from some units and Y(0) from others, implying the possibility of de-
riving knowledge about 4. The question is what we are willing to assume
about the pattern of observation and the missing values of Y(1) and Y(0).

Randomization

Using missing data terminology, if observations are missing completely at
random, we can safely disregard them. Randomization between training and
no training means that this will be the case. We can treat the missing observa-
tions as missing completely at random, which implies that the missing obser-
vations can be omitted without affecting the expected value. Given randomi-
zation, the potential outcomes are independent of training, which means that
the expected value of the observed outcomes equal the expected value of the
potential outcomes, that is E[Y|D=1] = E[Y(1)] and E[Y|D = 0] = E[Y(0)].
Under randomization, what can be observed equals what we need, and 4 can
therefore be expressed using only observable terms:

A =E[Y(1)ID = 1] - E[Y(0)|D = 0]

In Article IV, this solution was chosen to estimate the average effect A of the
cause training on the outcome employment. As treatment allocation was ran-
domized, the empirical analysis was straightforward, and statistical associa-
tion could be interpreted using the framework of causal inference.

Independence through ex-post design

In the section above, randomization is shown as a solution to the problem of
causality. Randomization works because it introduces independence between
the potential outcomes and exposure status. Therefore, exposed and non-ex-
posed individuals differ on average only in terms of their treatment status prior
to exposure, so their outcomes can be interpreted as causal effects of treatment
or non-treatment.

14



It is not always possible to conduct a randomized experiment, and even
when it is possible, randomization may introduce new problems. Fortunately,
it is not randomization, but the independence it creates, that solves the missing
data problem. Experiments are just as valid if units are divided before expo-
sure by another logic into comparable groups (see, e.g., Deaton & Cartwright,
2018). For example, an agricultural experiment might divide a plot of land
into a chessboard pattern, with what would be white squares treated and the
others kept as controls. Such a pattern is not random, but it is orthogonal to
the potential outcomes.

Orthogonality between exposure and potential outcomes holds for any type
of situation that allows comparisons between individuals who are truly similar
on every pre-exposure characteristic, as truly similar individuals have the
same distributions of Y(0) and Y(1). This implies the following: Assume we
know everything that is simultaneously relevant to both the assignment to
treatment and the potential outcomes and that this information is captured by
X. Then, if we condition on X, the expected values of the potential outcomes
Y(1) and Y(0) will be independent of treatment status, D, for any given value
of X, which in turn will allow for identification of 4.

E[Y(IX]-ELY(O)IX] = E[Y(1)ID = 1, X] - E[Y(0)[D = 0, X]

Here the expectations are over the distribution of X. For a given value of X,
which contains all characteristics that affect the values of Y(0) and Y(1), we
have the independence needed to condition on D while not affecting the ex-
pected values of Y(0) and Y(1). This allows us to identify the causal effect of
exposure for a given X, as the difference on the right-hand side is observable.
The point of this section is to show that causal effects can be identified
through post-exposure designs. However, to achieve this empirically, we need
to take a step away from the directly observable to analyze results that hold
only under strong assumptions. As we can only condition on what we can
observe in data in the estimation, we need to assume that all relevant charac-
teristics that simultaneously affect D and either Y(0) or Y(1) are observed.
Implementations of holding constant for factors potentially affecting the
outcome value are most well-known in the form of linear regression analysis.
If the linear regression model is correct, the outcome is compared between
individuals who are similar on those factors. The first problem is that the de-
sign (i.e., the linear model) may not be a correct representation of the data. In
addition, specifying the model after the data has been collected risks compro-
mising the design and hence any inferences drawn from the analysis. The re-
searcher cannot understand the sampling conditions without simultaneously
learning about the existing associations and which design choices will produce
the strongest results. A better ex-post design strategy is to place design
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distinctly ahead of analysis (Gelman & Loken, 2013; Rosenbaum, 2010).6 One
strategy that allows for such a separation of design and analysis is matching.

Matching is the idea of looking for statistical twins who differ in exposure
status but are indistinguishable on pre-exposure characteristics. The more sim-
ilar they are, and the richer the set of observed variables that exist to examine
their pre-exposure likeness, the more convincing the matching strategy, but
the greater the difficulty of finding individuals who match the strict criteria.
However, there is no need to find actual twins of this type, one treated and one
non-treated. It is enough for the variable X to be — on average — similarly dis-
tributed over the treated and non-treated groups. In fact, it is enough for treated
and non-treated individuals to have the same risk of exposure given X. This is
the propensity score theorem of Rosenbaum and Rubin (1983) that states that
the only characteristic that needs to be conditioned on is the exposure risk. In
this type of analysis, the exposure risk is called the propensity score, denoted
as p(X). This measure summarizes the relevant information of the observed
covariates X into a single probability. For exposed and non-exposed individu-
als with the same propensity score, the distributions of the covariates X are the
same (Rosenbaum & Rubin, 1983). The propensity score can be used to select
comparison groups of exposed and unexposed individuals that are equal in
terms of observable characteristics.

Not an innocuous assumption

The last section has introduced a strategy of causal analysis conducted with
only observational data. This strategy assumes we can observe all factors that
simultaneously matter to Y(1), Y(0), and D. The main problem with this as-
sumption is that it cannot be tested using data. For this reason, we need to
evaluate the design to learn how sensitive the results would be if the assump-
tion were to fail.

Ideally we would like to ensure that the distributions of Y(1) and of Y(0)
were the same irrespective of exposure status. As we have a missing data prob-
lem, with Y(0) unobservable for those exposed and Y(1) unobservable for
those unexposed, this cannot be done. To evaluate the design, however, we
can compare the distribution of X between the exposed and non-exposed
groups. If X were observed in a well-designed randomized controlled trial, we
would expect balance between treated and non-treated. The same thing is ex-
pected in a well-designed observational study. Examining observed variables
that were not part of the construction of the propensity score is one way to
evaluate the trustworthiness of a causal claim. If outcomes can be observed
both before and after exposure, and are not part of the propensity score, then

6 For an example of design decided at a stage after data collection, but before analysis, see
Fowler et al. (2017).
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placebo testing is another formulation of the same idea: before treatment, out-
comes of those treated should not differ from outcomes of controls.

After evaluating the design with satisfactory results, the assumption of con-
ditional independence of the outcome distributions is strengthened, but indi-
viduals may not actually be as comparable as they appear on the observed
covariates. Another strategy to support a causal interpretation of results is to
examine their robustness to deviations against the assumption of conditional
independence. How sensitive are the conclusions to deviations against the as-
sumption that we have controlled for all essential variables affecting both
treatment and the potential outcomes? The first formal implementation of this
type of sensitivity analysis was done by Cornfield et al. (1959), examining the
effect of smoking on lung cancer. Their design was further developed by Ros-
enbaum (1991; 2002), who formulated a general strategy to calculate the ro-
bustness of results for unmeasured characteristics that simultaneously affect
both exposure status and outcomes. The strategy in this type of sensitivity
analysis is to manipulate the estimated odds of exposure (in Article V, the
likelihood of assault) to analyze how the effects vary, by asking how an un-
measured covariate would have to be distributed over cases and controls to
alter the conclusions of the study. The analysis of how changes in the odds of
exposure affect inferences about the impact of exposure is thus used as a meas-
ure of sensitivity to hidden, or unobserved, bias. It gives information about the
maximum magnitude of bias that could be present without altering the con-
clusion of a study, denoted by the term Rosenbaum bonds.

Article V followed these steps of causal inference from observational data.
The propensity score was defined as the probability of assault. During the
design phase of the analysis in which the matching estimator was selected,
assaulted and non-assaulted individuals with the same propensity score were
compared on observable characteristics over the 4 years preceding the year
of the assault. Assaulted and non-assaulted statistical twins were then fol-
lowed up to 8 years past the assault year. Those assaulted were found to have
worse outcomes in both health and labor market status. Finally, the robust-
ness of the findings against unobserved systematic differences in assault risk
between assaulted and non-assaulted were examined and Rosenbaum bonds
calculated, which supported the reported conclusions.
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Summary of articles

Article |

In this article, Johanna Rickne and | suggest that a history of controlling be-
haviors by a former abusive partner is a key predictor of post-separation stalk-
ing and assault. Our test was carried out in a cross-sectional sample of 714
divorced or separated Swedish couples surveyed in 2001. The data are from a
subsample of the Swedish National Violence Against Women Survey, which
provides lifetime experiences of violence in a nationally representative sample
of 6,926 women. From this survey, we selected a subsample of heterosexual
couples in whom the woman was subjected to one or more acts of violence
during cohabitation. Thus, we limited the sample to the group of women most
at risk of spousal assault after separation, allowing us to focus on the poten-
tially important heterogeneity within this group.

Controlling behaviors such as social isolation, economic constraint, and
threats of violence have been found to predict the severity and frequency of
violence in ongoing relationships with quite good accuracy. From a rational
choice perspective, control is key and domestic violence is understood as a
means of controlling one’s partner. In this article, we argued that controlling
behaviors form part of an overall strategy of sexual coercion, wherein the im-
portant heterogeneity of control behaviors can be captured by a one-dimen-
sional measure. We operationalized control using an index of 10 specific con-
trolling behaviors. More than half of the respondents had experienced jeal-
ousy, been called disparaging names, and been made to feel inferior and use-
less. Less common control behaviors included restrictions on the respondents’
social and working lives. The use of a one-dimensional measure was sup-
ported by a principal component analysis indicating that the index retained
80% of the variance in control.

The empirical results show that men who use controlling behaviors with
their partners during a relationship are substantially more likely to commit
acts of stalking and violence after separation. In the case of stalking, we found
that the likelihood increases linearly with the number of control behaviors ex-
hibited during the relationship. For violence, the relationship seems nonlinear.
Low levels of control were found to be unrelated to post-separation assault,
but the risk increased for more controlling men with each additional identified
behavior. Our basic measures of control behaviors explained 18% of the var-
iance in stalking and 8% of the variance in assaults. The analysis indicates that
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control behaviors are quantitatively more important predictors of post-separa-
tion stalking and assault than several other well-established risk markers such
as low income, alcohol abuse, joint children, or violent experiences in child-
hood.

This article contributes to the literature on the nature of domestic violence.
Identifying the important role of control in predicting violent behavior accords
with the understanding of control as a coercive strategy in feminist theory and
evolutionary psychology and is in line with a rational choice perspective on
human behavior. The results also support the usefulness of variables describ-
ing control to explain the heterogeneity of the severity and frequency of vio-
lent outcomes in relationships. In this article, we extended previous insights
from studies of ongoing relationships to post-separation stalking and violence.
The article also has implications for preventive work, informing the risk anal-
yses that are part of police, welfare, and judiciary systems. The finding that
controlling behaviors are quantitatively more important predictors than sev-
eral other well-established risk markers highlights their potential to improve
risk assessments and therefore help to prevent assault and stalking.

Article 11

In Article 11, Johan Lyhagen and | derive the asymptotic distribution of Spear-
man’s rank correlation for ordinal variables that take a finite number of values.

Spearman’s rank correlation measures agreement between the rankings of
two variables, the degree to which they have a monotonous relationship. It
equals Pearson’s correlation between the rank values of two variables. When
the variables are independent and no observation has ties, it follows a normal
distribution. However, it is often used specifically for Likert-type variables
with finite support. In those cases, the number of ties of each observation
grows as the sample size increases. For such variables, distribution theory for
Spearman’s correlation under dependence is very complicated and precludes
both noncentral tests of correlation and the construction of confidence inter-
vals.

The relationship between two variables with finite support can be repre-
sented in a contingency table, as has been applied to define Spearman’s cor-
relation using copulas. Using that definition and the delta theorem, we showed
that Spearman’s correlation is consistent and asymptotically normal, and we
derived the asymptotic variance. A small simulation study on rejection rates
and power indicated that the derived asymptotic variance performs on par with
bootstrapping for moderate to large sample sizes.

The practical contribution of the article is to make inference on Spearman’s
rank correlation straightforward, an improvement specifically useful when
constructing confidence intervals or testing hypotheses other than
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independence. It also increases the potential uses of Spearman’s rank correla-
tion in constructing other estimators.

Article 11

To handle Likert-type variables, tetrachoric correlation has been extended to
polychoric correlation, attained through several possible estimation strategies
with different properties.

In Article 111, Johan Lyhagen and | used the results from Article 11 to pro-
pose a new estimator for the polychoric correlation. We developed an estima-
tion strategy based on minimizing the squared distance between the estimated
Spearman’s rank correlation and the Spearman’s rank correlation as a function
of underlying, continuous variables. This rank-based estimator was shown to
be consistent and asymptotically normal.

Our choice of this estimation strategy was motivated by the hope that the
polychoric correlation might inherit some of the robustness of Spearman’s
rank correlation. In a simulation study, we compared the robustness properties
of the new rank-based estimator with those of the common maximum likeli-
hood estimator. The rank-based estimator outperformed maximum likelihood
for most combinations of skewness and category probabilities, with only small
efficiency losses when maximum likelihood performed well.

Article IV

In Paper 1V, Mattias Fogelgren, Magnus Rédin, Peter Skogman Thoursie, and
I report the results of a large-scale nationwide randomized experiment we con-
ducted in collaboration between the Swedish Insurance Agency and the Swe-
dish Public Employment Service. We evaluated whether a supported employ-
ment rehabilitation intervention for young adults on disability pension could
improve their labor market opportunities better than regular vocational reha-
bilitation.

Supported employment aims to place the individual at a specific workplace
early in their rehabilitation, with a caseworker closely attached to the inter-
vention. In this intervention the caseworker acts as a back-up for the supported
individual during training to reduce the employer’s risk when hiring an indi-
vidual with unclear productivity. The control group comprised people in reg-
ular vocational rehabilitation, which is less staff intensive and includes in-
house work preparation and training, but not support at the workplace. A sec-
ond control group included participants in a third intervention, case manage-
ment. Case management requires roughly the same resources as supported
employment but takes the broader perspective of supporting individuals in
learning how to navigate their lives as opposed to focusing on their work.
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A total of 1,062 individuals were randomly assigned to the interventions.
The empirical analysis followed an intention-to-treat design, with participants
grouped according to their randomization outcome, irrespective of their actual
intervention take-up. The main results showed that 18 months after the start
of the project, participants offered supported employment had reached em-
ployment rates approximately 10 percentage points higher than participants
who were offered regular rehabilitation only.

The target population in this study had a wider range of disabilities than
usual in research on supported employment, which has traditionally been eval-
uated in people with severe mental diagnoses such as psychosis. The study
thus contributes to the literature by significantly broadening the scope of sup-
ported employment as a vocational training strategy, indicating its potential to
be successful for the whole population of young jobseekers with disabilities.

Article V

The aim of this study was to fill the gap in the literature on the consequences
of violence on victimized people by identifying, estimating, and monetizing
the long-term consequences of interpersonal violence on victims.

Previous studies on the relationship between exposure to violence and its
implications for victims have either (1) not attempted to establish a causal re-
lationship or (2) used very limited selection criteria, focusing on specific as-
sault characteristics, outcomes, or target populations. Several strategies used
to gain at least some basis for policy analysis have completely disregarded the
consequences of violence on the victims. It has therefore been impossible to
make evidence-based cost estimates of the burden of violent crime on society.

Using rich administrative population data for Sweden from 1994 to 2010,
I matched individuals who went to a hospital in the years 1998 to 2002 with
injuries from assault with individuals who were statistically indistinguishable
from them. The basic idea of matching is to twin individuals meeting selection
criteria with others who are similar in all relevant aspects other than the main
criterion of interest. In this study, relevant similarity included characteristics
that influence the risks both of exposure to violence and of adverse labor mar-
ket or health outcomes. Therefore, to ensure similarity between assaulted and
control individuals, they were matched on factors related to health, family sit-
uation, productivity, and demographics in the 4 years prior to the hospital visit.

The results suggest that violent crime has large and persistent effects on
mortality, suicide, earnings, work status, disposable income, and number of
days on sick leave. Specifically, assaults leading to a hospital visit are esti-
mated to cost 1.4 million SEK per victimized woman and 1.5 million SEK per
victimized man; more than 80 percent of these costs are due to excess mortal-
ity. Estimates of socioeconomic outcomes show some robustness against
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selection on unobserved characteristics. Estimates on mortality and suicides
are very robust.

Comparing the results of this study with previous reports on the costs of
assault shows that indirect costs specific to victims of violence greatly surpass
the direct costs incurred by health care institutions or the legal system. The
results thus indicate that costs carried by victims of violence form a key com-
ponent for future cost calculations of violent crime. This study has implica-
tions for policy decisions regarding the expected cost-effectiveness of future
reforms aimed to increase public and domestic safety.
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