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1 Skill Assessment
Due to the fact that the algorithm heavily depends on a set of attributes that a user has to choose and
rate, it will not work for newly registered users that do not have any of these attributes. Thus, this was
a problem we-the technical researchers had to solve. To make the algorithms applicable for users
without any rated skills, a Skill Assessment was developed.
Since users that want to make use of the OpenSKIMR platform have to assemble their skills,
knowledges and ratings thereof we have to find our way around the so-called cold start problem,
meaning we must provide a convenient method for fresh users to navigate through the huge amount
of available skills in the ESCO data set, which are around 13000 to 14.000.
In order to solve this problem, we decided to make use of the already provided ESCO data structure
as shown in Figure 1.

Figure 1: Hierarchy of the ESCO data set as defined by the ISCO/ESCO standard.

The process a new user has to go through is as outlined below.
1) We provide the level of education from 1 (primary) up to 4 (academic). Select one of the four
options.
2) Based on the education level choose ISCO level 1 or level 2 occupation clusters according to the
table below. The numbers were chosen according to the ESCO data base (v1 prerelease).
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3) Choose at least one and up to four bubbles from the next ISCO level 2/3, e.g. 212 if the user chose
21 in 2).

4) In order to offer the users a manageable size of selections we combined all skills and knowledges
that are required by all occupations contained in the ISCO level 2/3 chosen in step 3) into a set. The
K-Means algorithm, see Algorithm 1, applied to this set yields four different skill clusters where two
different skills are more likely to be contained in one cluster if the occupations that require them
are more or less the same.
5) In general, one skill cluster named skill area in the application contains too much skills to display
them all, hence we choose five skills at random to give the user a good idea what the cluster is
about.
6) The user can choose at least one and up to four skill clusters, called skill areas in the application
and provided by the K-Means algorithm that best suit his/her abilities and interests.
7) The system grants the user all skills and knowledges he/she has chosen in step 6) but does not yet
rate them. Those skills will be saved in a background skill set and the user receives those skills as
“Suggested Skills” in the section “Manage skills”. Those background skills will be used for the
occupation matching.
8) The user has the opportunity to rate each individual skill he/she got granted in 6) from level one to
eight according to his/her competence. Those skills will be shown in “suggested Skills” and can be
added to “My Skills” by the users. Besides, the user can add additional skills via the skill search or by
redoing the whole Skill Assessment process in order to receive additional new suggested skills.
9) In further consequence, the user can now go through the occupation and job matching procedure
with his/her set of newly acquired skills and knowledges in order to create a career and learning
route as described in the subsequent sections.
We decided to utilize the K-Means algorithm due to its simplicity, and the fact that we can set a fixed
number of output clusters. This is necessary so as not to overwhelm the user by a possible huge
number of proposed clusters. For the same reason, we discarded other cluster algorithms like Affinity
Propagation and Mean-shift. The whole process above depicts how we managed to solve the cold start
problem with newly registered users of the OpenSKIMR project.

1.1 Matching to Occupations
After the skill assessment, the user has the possibility to rate his assigned skills (suggested skills), i.e.
he can set the skill levels between 0 and 8. For this matching function the assigned skills (suggested
skills) as well as the already rated skills, if the user already has rated skills, are taken into consideration.
If the user has not rated any skill, only the assigned skills (suggested skills) are going to be taken into
consideration. We define the set of levels as 𝑅 ≔ {0,1,2,3,4,5,6,7,8}. Every rated skill therefore has a

skill level 𝑠𝑖 ∈ 𝑅, where we denote 𝑠 ∈ 𝑅 𝑛 as the skill vector. For further purpose, let 𝑆𝑢,𝑟𝑎𝑡𝑒𝑑 the set
of rated skills and 𝑆𝑢,𝑢𝑛𝑟𝑎𝑡𝑒𝑑 the set of unrated skills of the user 𝑢.
Every occupation 𝑜 ∈ 𝑂 has a skill vector 𝑜 ∈ 𝑅 𝑛 as well, but additionally has the information if a skill
is an optional or an essential skill. We write 𝑆𝑜,𝑒𝑠𝑠 as the set of essential skill and 𝑆𝑜,𝑜𝑝𝑡 as the set of
optional skill with respect to the occupation 𝑜. In order to match the user 𝑢 to an occupation 𝑜 ∈ 𝑂,
we define the matching function
(1)
(2)
𝑚𝑂,𝑢 : 𝑂 → [0,1]: 𝑜 ↦ 𝑚𝑢 (𝑜) + 𝑚𝑢 (𝑜)

with
(1)

𝑚𝑢 : 𝑂 → [0,1]: 𝑜 ↦ 𝑤𝑒𝑠𝑠 ⋅ 0.5 ⋅∨ 𝑆𝑢,𝑢𝑛𝑟𝑎𝑡𝑒𝑑 ∩ 𝑆𝑜,𝑒𝑠𝑠 ∨ +𝑆𝑢,𝑟𝑎𝑡𝑒𝑑 ∩ 𝑆𝑜,𝑒𝑠𝑠 ∨

𝑆𝑜,𝑒𝑠𝑠

and
(2)

𝑚𝑢 : 𝑂 → [0,1]: 𝑜 ↦ 𝑤𝑜𝑝𝑡 ⋅ 0.5 ⋅∨ 𝑆𝑢,𝑢𝑛𝑟𝑎𝑡𝑒𝑑 ∩ 𝑆𝑜,𝑜𝑝𝑡 ∨ +𝑆𝑢,𝑟𝑎𝑡𝑒𝑑 ∩ 𝑆𝑜,𝑜𝑝𝑡 ∨

𝑆𝑜,𝑜𝑝𝑡

where 𝑤𝑒𝑠𝑠 , 𝑤𝑜𝑝𝑡 ≥ 0 and 𝑤𝑒𝑠𝑠 + 𝑤𝑜𝑝𝑡 = 1.
Afterwards, we compute for every 𝑜 ∈ 𝑂 the value 𝑚𝑂,𝑢 (𝑜) and choose the occupation 𝑜 ∈ 𝑂 with the
highest value 𝑚𝑂,𝑢 (𝑜), i.e. the assigned occupation is computed by
𝑜𝑚𝑎𝑥 ≔ 𝑎𝑟𝑔𝑚𝑎𝑥({𝑚𝑂,𝑢 (𝑜) ∨ 𝑜 ∈ 𝑂}).
Note that we inserted the weight 0.5 for unrated skills since they weren’t added by the user himself.
The matching function 𝑚𝑂,𝑢 additionally separates optional and essential skills, because the essential
skills are more important than the optional skills.
The current weights on the OpenSKIMR platform for 𝑤𝑒𝑠𝑠 and 𝑤𝑜𝑝𝑡 are 𝑤𝑒𝑠𝑠 = 0.7 and 𝑤𝑜𝑝𝑡 = 0.3,
respectively.

1.2. Matching to Jobs
Now, we want to define a similar matching function as in the previous subsection. The only difference
is that we want to match a user 𝑢 to a job 𝑣. In that case, the skill levels of the user 𝑢 play an important
role, since every job has a skill vector𝑣 ∈ 𝑅 𝑛 , i.e. every skill 𝑣𝑖 of the job 𝑣 corresponds to an integer
in the set 𝑅 = {0,1,2,3,4,5,6,7,8}. For this calculation only rated skills of the users are taken into
consideration. In addition, the user receives the opportunity to see top shared skills of the assigned
jobs of the selected occupation in order to rate any of those skills, if he/she has already this skill or
knowledge.
The corresponding matching function is defined by
𝑚𝑉,𝑢 : 𝑉 → [0,1]: 𝑣 ↦ 𝑐(𝑢, 𝑣)
where

𝑐: 𝑅 𝑛 ×𝑅𝑛 ⟶ 𝑅: (𝑥, 𝑦) ⟼

⟨𝑥, 𝑦⟩
=
‖𝑥‖‖𝑦‖

∑𝑛𝑖=1 𝑥𝑖 𝑦𝑖
√∑𝑛𝑖=1 𝑥𝑖2 √∑𝑛𝑖=1 𝑦𝑖2

denotes the cosine similarity.
Analogously, we compute for every 𝑣 ∈ 𝑉 the value 𝑚𝑉,𝑢 (𝑣) and choose the job 𝑣 ∈ 𝑉 with the
highest value 𝑚𝑉,𝑢 (𝑣), i.e. the matched job is computed by
𝑣𝑚𝑎𝑥 ≔ 𝑎𝑟𝑔𝑚𝑎𝑥({𝑚𝑉,𝑢 (𝑣) ∨ 𝑣 ∈ 𝑉}).

1 Route Planner
One of the main goals of the OpenSKIMR project is to offer the user a set of learnings distributed in
Europe which he/she has to attend to fulfill the requirements for a job skill set, the user would like to
have. Based on the skill set of the user, he/she has in general the possibility to attend as many learnings
as he/she wants to improve his/her skill set in order to gain the necessary skills for the desired job. The
route planner has to close all those skill gaps by calculating and proposing the best combination of
learnings possible with respect to cost and duration. In addition, the route planner has to find
alternative routes and also adapt them by filters, e.g. maximum costs, are set. The algorithm calculates
routes based on the missing essential skills and closes all skill gaps of the user to the selected job
posting. The three calculated routes are normalized in order to show the best possible results
considering duration and cost. The algorithms were originally written in Python code by the technical
researchers and have thereafter been translated into Java code to enable the implementation of the
algorithms into OpenSKIMR.
Since a great number of learnings is available, the user would need a lot of time to collect the
appropriate learnings in order to close his/her skill gaps. Furthermore, there is a large number of
possibilities to attend different learnings which improve the skill set of the user. Thus, it is impossible
for the user to pick the “best” learnings on its own with respect to fulfillment of the job skill set. These
are two of many arguments why the OpenSKIMR project team wants to offer the user, an automatically
computed set of courses/learnings.
The next section is concerned with the following questions:
• Does there exist a method, which computes the “best” learnings?
• If yes, is it practically applicable?

2.1 The Mathematical Problem/Challenge behind the Route Planner
In order to answer the above-mentioned questions, we firstly have to clarify what we understand by
“best learnings”.
2.1.1 What are the best learnings?
Generally, every learning 𝐿 ∈ 𝐿 has the following information:
- Name of the learning 𝐿,
- Country, where the course 𝐿 will be held,
- Required skill levels of the learning 𝐿,
- Granted skill levels of 𝐿,
- cost and duration of 𝐿.

With these information, we could intuitively think that a “preferred learning” is a learning with low
costs and an acceptable short duration concerning learning effort. Under this agreement, we-the
mathematicians defined a function which maps every learning to a real number between 0 and 1:
𝑤: 𝐿 ⟶ [0,1]: 𝐿 ⟼ 𝛾1

𝐶𝐿
𝑚𝑎𝑥({𝐶𝐿 ∨ 𝐿 ∈ 𝐿})

+ 𝛾2

𝐷𝐿
𝑚𝑎𝑥({𝐷𝐿 ∨ 𝐿 ∈ 𝐿})

with 𝛾1 , 𝛾2 ∈ [0,1] and 𝛾1 + 𝛾2 = 1. Here, 𝐶𝐿 denotes the costs of a learning 𝐶𝐿 and 𝐷𝐿 the duration.
The image 𝑤(𝐿) of a learning 𝐿 ∈ 𝐿 has to be interpreted as follows: The smaller the value 𝑤(𝐿)of a
learning 𝐿 ∈ 𝐿, the smaller are the cost and duration of the learning 𝐿. If the cost and the duration of
1
a learning should have the same weight, one has to choose 𝛾1 = 𝛾2 = 2. If the cost should weight more
in balance than the duration, one has to choose 𝛾1 > 𝛾2 . Otherwise, one has to choose 𝛾1 , 𝛾2 ∈ [0,1]
such that 𝛾2 > 𝛾1 .From now on, we can search for good learnings. With that definition for our
prototype, we can consider the question concerning the existence of a method that computes the best
learnings.
2.1.2 Problem Statement
In the following let us denote the given job with 𝑣 ∈ 𝑅 𝑛 and 𝐼𝑣 = {𝑖 ∈ {1,2, . . . , 𝑛} ∨ 𝑣𝑖 ≠ 0} =
{𝑖1 , . . . , 𝑖𝑘 } the set of skill indices which are required for the job with its cardinality 𝑘: = 𝐼𝑣 ∨. We denote
the user by 𝑢 and the set of his skill indices 𝐼𝑢 = {𝑖 ∈ {1,2, . . . , 𝑛} ∨ 𝑢𝑖 ≠ 0}as mentioned at the
beginning. The task of finding the best learnings for user 𝑢 regarding to the job 𝑣 can formulated
as follows: Find a sequence of learnings 𝐿1 , … , 𝐿𝑛 with minimal costs and durations such that the user
𝑢 has the best updated profile regarding to the job 𝑣 after attending the learnings 𝐿1 , … , 𝐿𝑛 .
Or in mathematical terms:
Find a finite sequence of learnings (𝐿1 , … , 𝐿𝑛 ) ∈ 𝐿𝑛 such that
𝑟𝑣,𝜆1 ,𝜆2 ((𝑙𝐿𝑛 ∘ ⋯ ∘ 𝑙𝐿1 )(𝑢)) = 𝑎𝑟𝑔𝑚𝑎𝑥 ({𝑟𝑣,𝜆1 ,𝜆2 ((𝑙𝐿𝑁 ∘ ⋯ ∘ 𝑙𝐿1 ) (𝑢)) 𝑠𝑢𝑐ℎ𝑡ℎ𝑎𝑡 (𝐿1 , … , 𝐿𝑁 ) ∈ 𝐿𝑁 })
𝑁∈{1,…,|𝐿|}

with ∑𝑛𝑖=1 𝑤(𝐿𝑖 ) → 𝑚𝑖𝑛.
This problem often occurs in graph theory: Finding a shortest path between two nodes in a graph. It is
known that this problem can be solved via Dijkstra’s algorithm, for instance. Therefore, in our case, it
is theoretical possible to compute the best learnings, i.e. to compute the best learning route for the
user.

2.2 Old Algorithm
In the following abstract, we compare the algorithm developed in the first project year and the changes
made in the second project year, which were tested and implemented.
Now, we want to construct the corresponding graph (𝑉, 𝐸) in order to find the best learnings. Before
we are constructing the graph, we firstly reduce the number of learnings which the use can attend.
Namely, we consider on the one hand only those learnings which improve those skills of the user
which are required for the desired job:
𝐿𝛼1 : = {𝐿 ∈ 𝐿 ∨ 𝑐}
Note that 𝐻0 denotes the Heaviside function
1, if 𝑥 ≥ 0,
𝐻0 : 𝑅 ⟶ 𝑅: 𝑥 ⟼ {
.
0, else

On the other hand, the learnings should bring the user nearer to the given job v concerning
those skills which the job requires and the user currently has:
𝐿𝛼2 : = {𝐿 ∈ 𝐿|1 − 𝑝𝑣 (𝐿) ≥ 𝛼2 }, 𝛼2 ∈ (0,1)
with
𝑝𝑣 : 𝐿 → [0,1]: 𝐿 ⟼

1
8 ∨ 𝐼𝑣 ∩ 𝐼𝑢 ∨ ∑𝑖∈𝐼𝑣 ∩𝐼𝑢 |𝑣𝑖 − 𝑟2 (𝑖)|

Therefore, our learning set is defined as follows:
𝐿𝛼1 ,𝛼2 : = 𝐿𝛼1 ∩ 𝐿𝛼2
The graph (𝑉, 𝐸)is constructed as follows:
Step 1: Our start node is the user 𝑢 himself. Define:
𝑢𝑒𝑛𝑑 : =

𝑎𝑟𝑔𝑚𝑎𝑥
𝑁∈{1,…,|𝐿𝛼1,𝛼2 |}

({𝑟𝑣,𝜆1 ,𝜆2 ((𝑙𝐿𝑁 ∘ ⋯ ∘ 𝑙𝐿1 ) (𝑢)) ∨ (𝐿1 , … , 𝐿𝑁 ) ∈ 𝐿𝑁 })

Step 2: Let 𝐿 ∈ 𝐿𝛼1 ,𝛼2 be a learning which the 𝑢 can attend. If 𝑟𝑣,𝜆1 ,𝜆2 , then apply learning 𝐿 on the
user 𝑢. Denote all applied learnings by 𝐿𝛼1 ,𝛼2 ,𝑝 . Compute the corresponding weights of the edges
𝑤(𝐿) for all 𝐿𝛼1 ,𝛼2 ,𝑝 .

Step 3: Repeat the process from step 2 by replacing u with 𝑙𝐿 (𝑢) for all 𝐿 ∈ 𝐿𝛼1 ,𝛼2 ,𝑝 . If no learnings
are applied on the new user, then the graph (𝑉, 𝐸) is finally constructed.

By applying Dijkstra’s algorithm, we can find the shortest path between 𝑢 and some arbitrary 𝑢 ∈ {𝑢 ∈
𝑉 ∨ 𝑟𝑣,𝜆1 ,𝜆2 (𝑢) = 𝑟𝑣,𝜆1 ,𝜆2 (𝑢𝑒𝑛𝑑 )}. Finally, we get the best learning route for the user 𝑢 with respect to
the job 𝑣. Algorithm 1 shows the graph construction in slightly changed form given in [1]. It turned out
that this algorithm could not be applied on our learning data, since the graph construction alone takes
a lot of calculation time. In the next section, we present a much faster algorithm which is capable of
reducing this tremendous calculation time. This improved algorithm is currently used for the route
planner on the OpenSKIMR prototype platform.

2.3 New Algorithm
In the following, we will introduce a new improved algorithm, which is much faster than the previous
presented algorithm. Again, let 𝑢 be the user and 𝑣 the chosen job of the user. The main goal is to
compute a learning route which is fast to compute and closes all skill gaps of the user 𝑢 with respect
to the desired job 𝑣. We therefore must assume that such learnings exist and proceed as follows:
Step 1: Let 𝑖𝑙 , 1 ≤ 𝑙 ≤ 𝑘 be a skill index of the job where the user has a skill gap. Search for all learnings
in 𝐿 that the user can attend and improve the skill 𝑠𝑖𝑙 . Denote the new learning set by 𝐿𝑠 and remove
all learnings where the granted skill level of 𝑠𝑖𝑙 is higher than the skill level of the job.
Step 2: Sort 𝐿𝑠 by
i.

skill level of 𝑠𝑖𝑙 (descending)

ii. number of job skills that are improved according to the rating function defined in algorithm
[2] (descending)
iii. weight of cost and duration by the function 𝑤 (ascending)
Step 3: Choose first learning 𝐿 of the new sorted list 𝐿𝑠 , append it to the learning route and apply it
on the user 𝑢.
Repeat step 1, 2 and 3 by replacing skill 𝑠𝑖𝑙 with another job skill and the user 𝑢 with 𝑙𝐿 (𝑢) until the
user fulfills the requirements of the job𝑣. Algorithm 3 shows this process in detail.

2.4 Alternative Routes
In this section, we are concerned with the calculation of alternative routes. The user should have the
possibility to consider more than one route in order to offer him/her different options to close his/her
skill gaps to fulfill the essential requirements for a given job. We denote again the given job as 𝑣 ∈ 𝑅 𝑛
and 𝐼𝑣 = {𝑖 ∈ {1,2, . . . , 𝑛}𝑠𝑢𝑐ℎ𝑡ℎ𝑎𝑡𝑣𝑖 ≠ 0} = {𝑖1 , . . . , 𝑖𝑘 }the set of skill indices which are required for
the job with its cardinality 𝑘 = 𝐼𝑣 ∨. As in section before, let 𝑢 ∈ 𝑅 𝑛 be the user and 𝐼𝑢 = {𝑖 ∈
{1,2, . . . , 𝑛}𝑠𝑢𝑐ℎ𝑡ℎ𝑎𝑡𝑢𝑖 ≠ 0} the set of skill indices of the user.
For the computation of different routes, we proceed as follows: First of all, we compute those learnings
which the user can attend with his/her current skill levels. Of course, we determine those learnings
which improve the skills level required for the job. Since our route planner algorithm filters those
learnings with respect to a given skill, each computed learning at the beginning corresponds to a skill
as well. Algorithm 4 shows the computation of these learnings in detail. Table 1 shows an example of
learnings obtained from algorithm (4) which the user u can attend. Now, we choose three of the
computed learnings with the corresponding skill indices 𝑗1 , 𝑗2 and 𝑗3 . Then, we apply our route planner
algorithm as usual. After computing the first route, we consider the set of permutations 𝑆𝑙 =
{𝜎: {1, . . . , 𝑙} → {1, . . . , 𝑙}𝑠𝑢𝑐ℎ𝑡ℎ𝑎𝑡𝜎𝑏𝑖𝑗𝑒𝑘𝑡𝑖𝑣𝑒} for some 𝑙 ∈ 𝑁 and choose some arbitrary element 𝜎 ∈
𝑆𝑘−1 . As our router planner depends on the order of indices vector (𝑖1 , . . . , 𝑖𝑘 ), we rearrange it by

(𝑗2 , 𝑧𝜎(1) , . . . , 𝑧𝜎(𝑘−1) ) where the set 𝐼𝑣 is equal to the union of {𝑧1 , . . . , 𝑧𝑘−1 } and 𝑗2 and apply the
algorithm with the new ordered skill indices again. This gives us our second route. The third learning
route is obtained analogously: we choose again some 𝜎 ∈ 𝑆𝑘−1 and rearrange the indices vector by
(𝑗2 , 𝑧𝜎(1) , . . . , 𝑧𝜎(𝑘−1) ) with the set we get when cutting out 𝑗3 from 𝐼𝑣 and applying it on the route
planner algorithm.

Table 1: Example of possible first learnings of a user 𝑢 .

2.5 Filters
The OpenSKIMR application also includes filters with respect to costs, duration, and country. By setting
some value for the costs and duration, the algorithm appends new learnings as long as the total costs

and total duration do not exceed the entered value. If the total costs/duration are higher than the set
limit, then the algorithm aborts. By setting some country, in the whole process there will be only
considered those learnings that coincide with the one set before by the user.

2.6 Recommended Route
The recommended route is the best combination of costs and duration.
Let 𝑙 ∈ 𝑁 be the number of computed routes regarding the job 𝑣 and 𝑅𝑖 : = (𝐿𝑖,1 , . . . , 𝐿𝑖,𝑙 ) for 1 ≤ 𝑖 ≤
𝑙 the finite sequences of learnings of each route. The recommended route for the user 𝑢 is computed
as follows:
𝐶𝑅𝑖
𝐷𝑅𝑖
𝑅𝑟𝑒𝑐 : = 𝑎𝑟𝑔𝑚𝑖𝑛 ({
+
∨ 𝑅𝑖 ∈ {𝑅1 , … , 𝑅𝑙 }}),
𝑚𝑎𝑥({𝐶𝑅1 , … , 𝐶𝑅𝑙 }) 𝑚𝑎𝑥({𝐷𝑅1 , … , 𝐷𝑅𝑙 })
where 𝐶𝑅𝑖 denotes the total costs and 𝐷𝑅𝑖 the total duration of the route 𝑅𝑖 .

3 Tests in Python
In this section, we will present some test results of the route planner algorithm. We will explain the
included files as well as the used test data.

3.1 Learnings
Every learning on the OpenSKIMR-platform has the attributes costs and duration as well as the skills
that are required for the learning. Table 2 and 3 shows some chosen extractions of the used learning
data.

Table 2: Learning attributes

Table 3: Corresponding Skills of Learnings in learningSkills.csv

3.2 Jobs
In order to save all the necessary information of the available learnings for the OpenSKIMR platform
we split them up into two separate data sets as depicted in Tables 4 and 5.

Table 4: The file jobInfo.csv contains all information that is not as relevant for our route planner algorithm but rather for the OPENSKIMR
webpage, e. g. job description, and related ESCO occupation.

3.3 Test Results
3.3.1 ICT Business Analyst
In the following we present the test results of a user which has skills of the occupation ICT Business
Analyst. We have chosen a job which is assigned to the same occupation as well.

Table 5: The file jobSkills.csv contains all the skills some company with a job vacancy requires of the OpenSKIMR user.

The first learning route consists of 11 learnings, lasts 100 hours, and costs 390€. The second learning
route includes 11 learnings as well and costs the same, but lasts 104 hours.

3.3.2 Data Scientist
We now provide the results we got from testing our proposed route planner algorithm with a simulated
skill
set
for
the
occupation
of
data
scientist
in
the
following
tables.

The first learning route consists of 19 learnings, lasts 600.5 hours and costs 448€. The second learning
route has one less learning, therefore it takes only 576.5 hours but still costs the same.

