Figure 5: State distribution plots of each cluster of the initial cluster solution in the cohort 2010 (reference). The
percentages of the trajectories in each cluster are also shown. The labels describe the patterns resulting from
aggregating the individual trajectories in state distribution plots for each cluster.

After giving detailed descriptions for three clusters in the cluster solution as examples, it can overall
be said that around 70% of the persons in cohort 2010 find their way back into the labour market after
initially receiving daily unemployment benefits without any major distortions in their employment
biography. These are recipients from the clusters Short Term Unemployment (52%), Long Term
Unemployment (13%) and Unemployment and Labour Market (5%). A further 16% of the cohort
members withdraw from working life for various reasons or leave without needing further support from
the unemployment insurance or without having or being able to appeal to the disability insurance or
social assistance ("leavers"). In the case of a further 2%, a (partial) incapacity to work for health
reasons is established during the initial daily allowance receipt, so that the recipients can claim
financial benefits from the Disability Insurance (Disability Insurance Pension and Disability Insurance
and Labour Market).

Since the reference clusters group similar recipients’ trajectories, it is not surprising that they also
exhibit similar properties. These are briefly expressed in the cluster labels of Figure 5 and emerge as
patterns in the aggregated view of the state distribution plots. We therefore often refer in the following
to a reference cluster as a pattern.

3 Transfer of the reference patterns in future cohorts of
unemployment recipients

In this section we show how the patterns established in the reference clusters of the 2010 cohort can
be transferred in future cohorts of new unemployment insurance recipients. To this end, a random
forest is trained on the reference clusters thus providing a statistical prediction model which
subsequently allows the cluster membership to be predicted for any trajectory of a cohort member.
The random forest prediction model thus contains the "rules" for pattern allocation which are implicitly
derived from the reference cluster solution. The prediction model is then applied to a new cohort
assigning to each new recipient trajectory a predicted reference pattern. Since this assignment is
associated with a certain probability, it is a probabilistic procedure in contrast to theory-based, explicit
if-then rules in deterministic trajectory typologies. In a way, this procedure “projects” the ten reference
patterns of the 2010 cohort in the future, thus detecting their representation in a future cohort.
Differences between the reference and its prediction in future cohorts maybe due to the quality of the
prediction model and differences in the data of the two cohorts. The transfer procedure is illustrated in
the following figure.









Table 2: Comparison of internal measures for the reference and its predictions in the cohorts 2011 and 2015. The
percentage of the within-clusters to the overall variance quantifies the homogeneity of the patterns while the
silhouette coefficient their separability within the cluster model.

_m Cluster Model Short-Term Invalidity Iflsurance Long-Term
Unemployment Pension Unemployment

e 2010 100 52 1 13
P 2011 100 51 1 14
P 2015 100 50 1 16
2010 5.548 3.223 0.009 0.636
e 20m 5.890 3.418 0.006 0.659
s 2015 6.105 3.236 0.003 0.813
2010 0.34 0.48 0.34 0.05
e 20 0.34 0.48 0.34 0.05
. 2015 0.32 0.47 0.30 0.09

The average silhouette coefficient reaches its highest value for the biggest reference cluster that
corresponds to the Short-Term Unemployment pattern. Its values for the remaining reference patterns
range between near zero as for the pattern of Long-Term Unemployment and around 0.3, as for the
pattern of Invalidity Insurance Pension, see Table 2. That means that some patterns are not well
separated from the others. This effect does not seem due to the transfer of the reference or changes
in factors of the social security system, it is already present in the reference patterns.

5.2 Comparison of the reference prediction with cluster models in future cohorts

A new reference of trajectories’ patterns can be established in a future cohort following the same
procedure of hierarchical clustering as for the 2010 cohort, described in section 3. If this, potentially
new reference, is very different from the prediction of the 2010 reference in this cohort, we should
consider its replacement by the new one. We refer to this replacement as the actualization, or simply
update of the reference. The comparison will be done both visually and quantitatively as for the
comparison between the reference and its predictions in Section 5.1.

5.2.1 Comparison of the state distribution plots

The comparison of the state distribution plots of some reference patterns with the state distribution
plots of new cluster models in the 2011 and 2015 cohorts is shown in Figure 10. There are reference
patterns that correspond well to clusters of the new model, independently of their size, like Short Term
Unemployment and Disability Insurance Pension Recipients. The largest reference pattern, Short
Term Unemployment, consistently reappears in all cohorts between 2011 to 2015 retaining its relative
size of about 50% of the respective cohort. Other patterns, however, like New in Social Assistance do
not find a counterpart in the cohorts 2011 and 2015.

While most patterns find obvious counterparts in future cluster models, there are patterns, like Long
Term Unemployment, for which this is not as straightforward. The 2011 cluster that shows a similar
state distribution plot to the prediction of Long-Term Unemployment contains only 35% of its
trajectories, while 34% are assigned to another reference pattern. The remaining 31% trajectories are
scattered in the other clusters of the reference prediction. In ambiguous cases like these, we used a
ratio based on the Jaccard index” in order to decide which cluster corresponds better to the prediction
A, of a reference pattern, being Long Term Unemployment in our example. This is cluster X of the
new cluster model which maximizes the ratio 4 N X/A u x Of the mutual to overall trajectories with

respect to A. However, after this procedure, there may still be reference patterns, like New in Social
Assistance which do not find counterparts in new models in future cohorts and vice versa, new
clusters which cannot be associated with a reference pattern in the 2010 cohort.

Figure 10: State distribution plots of the 2010 reference and potential new references, i.e., new cluster models, in
the 2011 and 2015 cohorts. The patterns shown are Short-Term Unemployment, Long-Term Unemployment,



Invalidity Insurance Pension and New (recipients) in Social Assistance, a cluster that includes 3% of the

recipients’ trajectories in 2010.
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Ambiguity in the correspondence between reference patterns and clusters in future cohorts appears
at least once in the comparison between reference prediction and new model in the cohorts 2011 to
2015. At least one pattern, like New in Social Assistance in Figure 10, does not have a counterpart in
the new cluster model for the compared cohorts. Vice versa, clusters may appear in the new model
which lack correspondence to a reference pattern.

5.2.2 Comparison of the external measures for cluster validation

Both the ambiguity in the correspondence as well as the lack of it between reference patterns and
potentially new ones influence the external measures of cluster validation which compare whole
cluster models with each other. In the case of ambiguity, the contribution of the associated clusters in
the external measure is small while in the absence of correspondence it is zero. Table 3 shows the
values of Accuracy, Balanced Accuracy and Cohen’s Kappa for the comparison of the prediction of
the 2010 reference to new cluster models in the 2011 and 2015 cohorts.

The higher value of Accuracy compared to Balanced Accuracy and Cohen’s Kappa is due to the
inherent imbalance in the cluster models. The largest reference cluster which corresponds to the
Short-Term Unemployment pattern occupies around 50% in each cohort and is the most
homogeneous and well separated cluster in all cluster models. It would still contain many of its
trajectories even if these were assigned to the ten clusters purely by chance. All clusters participate
equally to the value of Balanced Accuracy, independently of their size. Thus, the afore mentioned
ambiguity and lack of correspondence which tentatively take place in smaller clusters affect Balanced
Accuracy more than Accuracy. Cohen’s Kappa also corrects the value of the Accuracy which stands
for the relative observed agreement p,, by the relative agreement as expected by chance, p,.

Table 3: Accuracy, Balanced Accuracy and Cohen’s Kappa for the comparison of the prediction of the reference
to a new cluster model in the cohorts 2011 and 2015.

Reference - CM 2011 | Reference - CM 2015

0.7 0.7
Balanced Accuracy 0.66 0.67
Cohen’s Kappa 0.67 0.66



Although the values of the three external measures are not particularly good, their stability in time is
surprising. Since they do not show any deterioration in time, they do not indicate an update of the
reference.

6 Conclusions

The present work shows that it is possible to find meaningful patterns in the trajectories of new
recipients of unemployment benefits in a data-driven way based on their inherent similarities.
Subsequent application of supervised machine learning transfers the patterns to future cohorts of new
recipients by regrouping the latter according to the initial patterns’ characteristics. Since new
recipients’ trajectories may change over time due to both individual and contextual factors, the
question arises when the initial patterns, referred to as the reference, lose their relevance and validity
over time and need to be updated. An example of such an update would be to replace the reference
with a new one based on trajectories of a future cohort which are thought to better reflect the current
situation in the social security system. To this purpose, we employed both internal and external
measures for cluster validation. The internal measures showed that the predictions of the reference in
future cohorts are very similar to the reference itself, thus indicating no need for its update. The
comparison of the reference predictions with new potential references in future cohorts by means of
external measures leads to the same conclusion. Neither the examined internal nor the external
measures indicate a need for a reference update in five consecutive years. What became evident
though, is that the reference itself should be improved since the initial separability of some of its
patterns is weak and their correspondence to future patterns not straightforward. Possible
improvements include, for example, adapting substitution costs in the distance measure to subject-
specific expertise in the social security system as well as to project objectives. A solution with ten
clusters was preferred from a subject-specific point of view but not necessarily indicated from a
statistical point of view. The silhouette coefficient and additional measures on cluster stability could
further support the decision on the optimal number of initial reference patterns. One should also keep
in mind that the state distribution plots reveal patterns as an aggregated view of individual recipients’
trajectories. The latter can combine characteristics of different patterns, especially if the trajectories
cover a longer period of time. This might keep their assignment to a reference pattern challenging in
spite of methodological improvements. The above-mentioned aspects and the resulting knowledge
gain may improve the reference and make easier to identify when it needs to be updated.
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