
Dashboards and OLAP services in LLL and distance 

learning processes 
or experiences about log-based learning- and education-management 

Anikó Balogh 

Department of Methodology 

Apertus Nonprofit Ltd. 

Budapest, Hungary 

Balogh.Aniko@apertus.uni-nke.hu 

László Pitlik 

Department of Methodology 

Apertus Nonprofit Ltd. 

Budapest, Hungary 

Pitlik.Laszlo@apertus.uni-nke.hu

Ferenc Szani 

Department of Methodology 

Apertus Nonprofit Ltd 

Budapest, Hungary 

Szani.Ferenc@apertus.uni-nke.hu 

Máté Schnellbach 

Department of Methodology 

Apertus Nonprofit Ltd 

Budapest, Hungary 

Schnellbach.Mate@apertus.uni-nke.hu 

 
Abstract — This paper shows case study elements of the new 

CMS/LMS for employees in public services in Hungary which 

may be considered as a sort of LLL process embedded in an e-

learning framework. The activities of users will be logged and 

analyzed. Techniques like dashboards and/or OLAP services 

could be used by each person (for benchmarking) and especially 

for further modelling. Static and dynamic comparisons of users, 

subjects, mentors, etc. could lead to improvements in a 

spontaneous way. Model-based support processes can validate 

and/or prepare subjective/intuitive decisions. Users in each level 

of CMS/LSM have to learn using standard solutions of the data 

assets management in order to work effectively and efficiently in 

a log-based environment. 
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I.  INTRODUCTION 

This paper is the third element of a paper series about log-
based CMS/LMS (content and learning management systems) 
development by Apertus Nonprofit Ltd. (Hungary) for 
students in public services. The kick-off study in English is 
available in the proceedings of the EDEN 2017 conference 
[1,2]. This paper introduces the entire development concept. 
The publishing of the second element (in Hungarian) is still in 
progress – and this paper describes a method: how decisions 
about control parameters of CMS/LMS could be derived 
(finally) by robots in a consistence-oriented way based on 
expert systems, simulation models, anti-discriminative 
evaluations, time-series, and trend analyzes following the 
kick-off concept [1,2]. The third part of the series - here and 
now - focuses on the dashboards and the OLAP services 
(online analytical processing). According to the main concept, 
dashboards and OLAP services mainly deliver reports. These 
reports can be interpreted directly by users or they can also be 
involved in consistence-oriented modelling processes with or 
without automation. The planned paper series will 
demonstrate each system element planned in the kick-off 

concept in the proceedings of the EDEN 2017 conference step 
by step. Each paper has a theoretical approximation and a lot 
of practical information from case studies spinning off from 
the daily work. (These topics will be presented in the paper 
series in the future. Some examples could be found in the text 
– see below.) 

About state of the art (from needs analysis to a dashboard), 
important information are described by Divjak et al. in a 
detailed way [3]. Dashboards could be designed quasi 
arbitrary. Therefore it is already necessary in the planning 
phase to be capable of choosing the best dashboard concept. 
Thus, thought experiments are needed. To plan the dashboards 
it is necessary for the evaluation criteria to be declared in 
advance. This criteria list remains to be opened for further 
additions. Yet, it is necessary to have an objective decision 
making process in order to declare the best planning variant. 

Another approach is the STEP21 system. STEP 21 is a 
complex knowledge management conception. Educontrol 
Expert System is STEP 21’s specific approach for education 
processes with monitoring, diagnostic, evaluation and 
coaching layers. Both systems are open towards automation. 
Similarity analysis support cooperation, efficiency and 
innovation during information processing based on artificial 
intelligence layers. These three factors are capable of 
controlling each other. Thus a flexible, customized system is 
created, supporting teaching and learning processes from 
identification of real objectives through objective evaluations 
to certification of learning success. Based on these factors 
qualitative knowledge is produced. The classic/heuristic 
knowledge management (representation and processing) will 
be completed through innovative techniques (like intuition- / 
term-generating) in a deep operationalized way. [9]. 

The use of log based data is examined by several authors. 
Moen et al [10] argues that though informative and important, 
log based data may be interpreted incorrectly. Zou et al [11] 



show a method on the classification of fault logs and with their 
proposed system administrators can detect the cause of faults.  

Specifically in education Zadok et al [12] used and 
statistically analyzed log files of  1,179 elementary school 
students in an online science learning environment and draw 
valuable conclusions about their learning habits and exam 
success rate. 

Iglesias-Pradas et al [13] assessed the suitability of student 
interactions from Moodle data logs as predictors of cross-
curricular competencies. Eickhoff et al [14] present an in-
depth analysis of web search sessions based on the log files of 
a popular search engine. Based on models of the user and their 
specific context they present a method capable of 
automatically predicting which clicks will lead to enhanced 
learning.  

Finally Maratea et al [14] in their study examine the 
pattern of access to learning resources derived from log data, 
estimating its main behavioral stages, orientation, evaluation 
and assimilation and the transition rate from the first one to the 
next. Some statistics are also derived from the clicking 
distribution. 

To sum it up log analysis slowly but surely find its place 
within academic performance and result assessment. 

II. METHODOLOGY AND METHODS 

A. Dashboards 

An ideal dashboard should be – based on the current state 
of art: 

1. evident (the necessity of each element should be clear 
for users at once), 

2. adequate (each dashboard element should have brief 
hermeneutics and these should have direct connections 
to each other and to the general problems users have 
to manage, 

3. “beautiful/ergonomic” (colors, shapes, contrasts, etc. 
should be harmonized to each other and to the 
functional expectations too), … 

Unfortunately, the above listed expectations are only 
“magic of words” if measurement possibilities are not defined 
for each term (like evidence - see above). Therefore, in order 
to be capable of evaluating dashboard concepts in advance, the 
spontaneous evaluation keywords should be transformed into 
measurable phenomena and evaluation directions, where a 
direction means a simple rule: the more / the better, or the less 
/ the better. (Optimum-based connections between phenomena 
should be discussed in a new paper further on.) 

Directions can be described so, that the first part is able to 
characterize the measurable item, and the second part (in the 
same system) should always be unchanged. Following 
examples should support the self-creation of direction being 
capable at once of integrating in an anti-discriminative model 
for selection of the best dashboard variant among arbitrary 
variants: 

1. instead of “evident”: e.g. 

o the more information units are available in 
a dashboard, the better the dashboard 
concept is, but 

o the more places are available for the unique 
information (c.f. readability), the better the 
dashboard concept is, 

o the less the amount of parallel layers is (like 
menu items, menu structure levels, scrolling 
needs), the better the dashboard concept is, 
… 

2. instead of “adequate”: e.g. 

o the more information elements have a 
standard hermeneutical support (like rules), 
the better the dashboard concept is, 

o the more information elements have a direct 
connection (in form e.g. of rules) to a 
problem (needing the given dashboard), the 
better the dashboard concept is, … 

3. instead of “beauty/ergonomics”: e.g. 

o the more cases can be detected, where pixels 
for publishing one information unit are the 
same, the better the dashboard concept is, 

o the less the unused surface (in pixels) in the 
dashboard variant is, the better the 
dashboard concept is, 

o the more values can be supported with 
colored codes, the better the dashboard 
concept is, … 

This list could always be increased and improved. 
Complex keywords may and should be transferred into 
measurable phenomena. It is important to highlight: 
fortunately, the measurements should not be arbitrary exact. 
The only expectation is, that the ranks of the dashboard 
variants should be derivable. The transfer process from high-
level-abstraction to high-level-operationalism could have not 
only one step: the rules (see e.g. layer “adequate”) could be 
interpreted as a status (like available/not available), but it is 
also possible to interpret the rules as a scale, and to derive a 
kind of fitting index (c.f. at least ranking of variants) to the 
basic problem dashboard variants should manage. 

The creation of fitting index values for rules and problems 
concerning adequacy belongs already to the term creation 
problems and also needs a specific study later on. On the other 
hand: the creation of an index value for the best dashboard 
variant is also a kind of artificial intelligence-based term 
creation, which will be handled in this paper: 

If it is trivial what kind of dashboard parameters lead to the 
best ranking values, then the evaluation of a dashboard variant 
gets in a parallel level, where the modelling has following 
objectives: instead of searching for a theoretical best variant, it 
should be searched for the most effective dashboard variant. 
This can be achieved if the descriptive statistics of each 
dashboard variant will be analyzed in comparison with the 
resources needed to realize the given variants. 



Chapter III/A will demonstrate an entire evaluation process 
for dashboard variants. 

B. OLAP services 

OLAP services are context free. They are capable of 
supporting arbitrary phenomena like education/learning. 
OLAP services could be interpreted as a kind of dashboard 
generating tools. Therefore, given OLAP parameters and their 
reports are information elements of dashboards. Although 
OLAP services are universal support techniques, about OLAP 
services there are no mentions e.g. in the entire conference 
proceedings of EDEN. Therefore it should be spoken about 
OLAP services in a holistic way in order to support 
interpretation processes of education experts. In case of OLAP 
services, the evaluation criteria from dashboards could not be 
adopted in an automatic way because OLAP services should 
be complex in general. But it can also be focused on 
ergonomics: e.g. how many steps should be made to achieve a 
specific reports. 

Unfortunately, OLAP services are not so flexible like e.g. 
Excel functionalities (incl. pivot services). Therefore users of 
OLAP services tend to change applications if a complex 
manipulation should be executed. OLAP services could also 
be constructed for a given information pool in different ways. 
Each view/aggregation level has advantages and 
disadvantages. The optimization of OLAP services is not the 
real task nowadays –the acceptance of these services should be 
first increased. Fortunately, UN, OECD, EUROSTAT and 
further organizations use/offer OLAP services. They include 
some information about education, but the real freedom for 
analyzing LLL-records will be realized based on OLAP 
services. 

Chapter III/B delivers case studies about the complex role 
and structures (e.g. reporting, benchmarking, and modeling) of 
OLAP services referring to education. 

C. Methods 

The literature [4] uses the phrase “strategic decision 
making” (c.f. introduction about the current state of art). The 
opposite of this keyword is operative decision making. In this 
paper similarity analyses will be involved in order to evaluate 
dashboard variants. Similarity analysis is quasi a GPS (general 
problem solver). We plan to compare the ANP/AHP [4] and 
the similarity-oriented approach in future publications. 

III. DATA DESCRIPTIONS 

For the analyses and figures in this paper, real (but 
anonymized) parts of own data assets were used in order to 
describe OLAP services. The current data assets belonging 
belong to the e-seminar module with following characteristics: 

1. observation time (months): 2016. XI. - 2017.VII. 

2. users (capita): 1143 in case of comments, 1196 in case 
of answers 

3. number of answers: 23152 (documents) 

4. number of comments: 17228 (documents) 

5. answers with comments: 10441 (documents) 

6. answers without comments: 6787 (documents) 

IV. CASE STUDIES – EXPERIMENTS 

This chapter shows which sort of theoretical basics and 
practical parameters could be used in during the development: 

D. Dashboards 

The upcoming task is to search for the best teacher! The 
dashboard must support this objective of evaluation. 
Evaluating teachers needs a valid set of rules. The first 
approach is a direction-based rule set (e.g. the less the drop-
out of students is, the better a teacher is – because the drop-out 
quote is not directly to influence by teachers, but it is rather a 
kind of losing motivation through complex influences). The 
second approach for evaluations is the “kazohin” approach [5], 
where each phenomenon (n) concerning teachers should be 
modeled based on the always given “n-1” variables. Finally, 
there could be only one rule for evaluation: the less is the 
aggregated difference between facts and estimations in case of 
a teacher, the better the teacher is – because this teacher 
behaves himself in the most consistent, adequate (i.e. kazohin) 
way compared to the further teacher’s behavioral patterns. In 
this study, the first one will be demonstrated, because this 
approximation can be handled for the participants. The second 
one needs both theoretical and practical approach, which could 
serve as a source for further publications [6]. 

If the goal is to create the best dashboard for defining the 
best teachers, then the problem seems to be a static problem – 
although the question about the best teacher could be asked 
constantly. Therefore, the following analytical steps describe a 
static approach, which can be repeated in arbitrary 
frequencies. The repetitions would produce an index value per 
teacher and timestamp. This can be examined in a specific 
(automatable) SWOT analysis, where evaluation values of 
teachers above. The norm could be interpreted as “S”, and 
evaluation values below the norm could be seen as “W”. 
Increasing trends of evaluation values could be the “O” and 
decreasing trends of evaluations are the “T”. Norm values are 
model estimation values being capable of approximating the 
value what seems to be the most rational value under the given 
circumstances. 

In the class of static rule sets, there are more types: each 
phenomenon in the rules could be raw/absolute (e.g. the less 
the drop-out of students (capita) is, the better a teacher is), or 
each phenomenon in the rules could be calculated/relative 
(e.g. the less the drop-out rate of students is, the better the 
teacher is, where the drop-out ratio may be calculated as 
follows: drop-out expressed in capita / total amount of 
students expressed in capita). It is also possible to have a 
mixed set of rules/phenomena, where both absolute and 
relative variables can be found in the rules. 

In the subclass relative variables, there are also more 
groups: static variables (like drop-out ratio compared to the 
total number of students), dynamic variables (like absolute 
change of the absolute drop-out in capita compared to 
arbitrary previous timestamps, or change of the drop-out ratio 
in percent compared to arbitrary previous timestamps). 



Absolute values could be used in case of the Simpson 
effect, where the number of observations could be involved in 
the evaluation [7]. For relative values, thresholds (like 
averages) may be declared and these thresholds make it 
possible to convert values into colored codes. Changes could 
be converted into colors in a trivial way (c.f. red-yellow-green 
scales for decreasing-unchanging-increasing). 

The first step in the static evaluation is the definition of 
directed rules (see the example above) being legitimated by 
the decision makers. Legitimation means, that decision makers 
have the right to declare arbitrary constellations as an ideal 
constellation, and arbitrary rules to measure differences 
between given constellations to the ideal constellation. 
Legitimating rules in a mathematical way could also be a 
source for a new paper in future. 

A directed rule set could be for example: (where further 
steps of the analyses are independent from the content of the 
rules - c.f. context free approach) 

1. the less the drop-out of students is, the better the 
teacher is 

2. the less the drop-out ratio is, the better the teacher is 

3. the less the increasing/change of the drop-out is, the 
better the teacher is 

4. the less the increasing/change of the drop-out ratio is, 
the better the teacher is 

5. the more the amount of online comments 
(interactivity) from students is, the better the teacher is 

6. the less the interactivity ratio of student is, the better 
the teacher is 

7. the less the decreasing/change of the amount of 
comments is, the better the teacher is 

8. the less the decreasing/change of interactivity ratio is, 
the better the teacher is 

9. the more the average length of comments by students 
is, the better is the teacher is 

10. the more the increasing/change of the average length 
of comments by students is, the better the teacher is 

11. the more the average length of comments by teachers 
is, the better the teacher is 

12. the more the increasing/change of the average length 
of comments by teachers is, the better the teacher is 

13. the higher the originality index of comments by 
teachers is, the better a teacher is (where originality 
means, as far as possible – no templates as comments 
– each comment should be person/problem-
dependent) 

14. the more the increasing/change of the average length 
of comments by teachers is, the better the teacher is, 
… 

As we can see, rules may be constructed in an unlimited 
number. When the decision makers finalize the rule set, then 

we could speak about dashboards. Dashboards could be 
defined as a tool for intuition generation, where each given 
phenomenon should be visualized. Dashboards may also 
deliver one or more (but not too many) aggregated views (like 
teacher’s competition indices ranked – derived from each rule 
listed before) and/or change of teacher’s competition indices 
(ranked or as scores, and/or best/worst of teachers compared 
to an aggregated norm value, where the norm value could be 
derived from an optimization based on the principle “each 
teacher can have the same evaluation value involving each 
dimension of evaluation). 

In case of a dashboard for intuitive usage, dashboard-
variants may and should be evaluated in advance. It means 
that not only one rule set exists (see rule set for teachers), it is 
also necessary to create a rule set for the comparison of 
dashboard variants (see chapter II/A). 

Assuming that each decision maker, dashboard expert, 
UX-expert creates a lot of scenarios (dashboard-variants) in a 
manual way (drafts on paper), than each variant could be 
evaluated based on each rule for dashboards at least as a 
ranking problem per variable – based on pair-comparisons. 
The process could also be reverted: in case of a few variants of 
dashboards, it is possible to generate a set of evaluation 
ranking values – which may be transferred into real drafts on 
paper. In case of antagonistic rules, it will not always be 
possible to create a variant where each evaluation ranking 
value is the best. 

In the next step, it is necessary to define dashboard 
variants, to rank them rule by rule. The previous 14 rules (it 
means 14 values and their units) could be placed to one or 
more screen. Parameters may be assigned to screen structures 
as follows: 

1. structure of the rule set may be 

o full-screen-based (1 layer – all variables 
parallel), 

o 2 layers (absolute and relative layers), 

o 4 layers (static/dynamic*absolute/relative) 

2. Visualization effects: 

o no, 

o colors (based on thresholds) 

3. Hermeneutical rules: 

o visible, 

o non-visible 

These dimensions (3) and their options (3;2;2) define a 
combinatorial space with (3*2*2=) 12 dashboard variants as 
objects. Attributes of them are the phenomena in chapter II/A. 
An object-attribute-matrix (OAM) has now 12 rows (variants) 
and 8 columns – more precisely: from 8 aspects here and now 
5 phenomenon could be involved in the analyses, because the 
same information unit should be presented, and the same 
hermeneutical rules are given. The 5 extant evaluation criteria 
are as follows: amount of parallel layers; colors; hermeneutics; 
readability; superfluous places. 



FIGURE I.  OAM FOR EVALUATING DASHBOARD VARIANT 

 

Legend (source: own presentation): colored texts and/or backgrounds of cells 
show the rule-based connections between characteristics of variants and their 
ranking values in case of the referring columns. The preferred object is the 
object with id4. But the patterned cell has a ranking value of 2 – it means, 
there are antagonisms in the system. 

The OAM (see Fig.1) is created in rule-based way (s. 
colored texts and cells). The preferred variant is id=4 with a 
unique “disturbing” item: rank 2 for readability. The anti-
discriminative analyzes shows however that this disturbing 
item has no real influence. 

FIGURE II.  BEST OF DASHBOARD VARIANT DERIVED BY SIMILARITY 

ANALYSIS 

 

Legend (source: own presentation): The unique value of 1000 attempts to 
force the optimization to approximate this value based on the input ranking 
values. Colored estimations mean: anti-discrimination is impossible (the 
greener a value is, the more advantages the object has compared to the other 
variants). 

The best variant is the preferred object – as expected (see 
Fig.2). 

FIGURE III.  STANDARD ESTIMATION FOR THE ESTIMATED TIME 

(NEEDED FOR THE REALIZATION OF A VARIANT) 

 

Legend (source: own presentation): The rule-based declaration of sources 
could be explored through similarity analysis, where each input ranking value 
is transformed into time (Y – unit = days). 

Consequently (Fig.3), it is possible to estimate (declared 
by the rule) the time needed for the development of each 
dashboard variant. The standard similarity analysis delivers 
the result that each variant does not have any advantages 
compared to each other. 

FIGURE IV.  MODEL OF THE TIME NEEDED FOR DEVELOPMENT WITH 

RANDOM INFLUENCES, AND MIXED EVALUATION OF IDEAL-MODELLING AND 

RESOURCE-MODELLING 

 

Legend (source: own presentation): Id2 is the best, if the resources needed are 
declared e.g. in a public procurement process. Price stands for the analogy to 
price/performance-ratio. 

If information units about the time needed (i.e. price) for 
variants originate from a kind of competition (and/or the 
ranking values in the OAM originate from subjective scoring 
of test clients), then there will be a winner (in general) – 
contrary to the rule-based situations (see Fig.4). In this though 
experiment the best variant is the id8, because the second rank 
compared to the preferred variant and the first rank in case of 
the simulated price/performance ratio leads to the best average 
rank among the concurrent variants. 

 OLAP services 

As already declared before - concerning OLAP services – 
a kind of optimization is not relevant for massive usage, 
because the average user’s knowledge is not yet really deep 
enough about OLAP services. In case of dashboards, the 
whole planning and development process is highly affected by 
objectives and optimization challenges, because dashboards 
such as problems are more mature and more trivial for clients. 
In the future, OLAP services will also interpret them as a kind 
of optimization problem, however OLAP services will always 
offer parallel solutions for the same task-series, where a task 
will be generated as a chain – depending on each other. 

Here and now, two OLAP services will be demonstrated: 
the first one 
(http://miau.gau.hu/eolap/db1/2_olap_m_din.php3) is created 
to offer possibilities for handling raw log-data. The second 
one is developed to demonstrate the impacts of pre-analyses, 
where arbitrary complexities in the definition of new and 
newer phenomenon could be involved in the preparation of 
OLAP services using data from educational processes 
(http://miau.gau.hu/eolap/db2/2_olap_m_din.php3). 

In case of raw logs (see example eolap/db1 about 
comments within e-seminars to solutions from other students – 
Fig.5), the record structure has two layers: in the first layer, 
each field is interpreted as text and each field is used as a filter 
and/or heads for columns/rows and/or values. 

If data units are handled as if they were texts, then it is 
possible to write alphabetic information elements into the 
reports. This is not possible e.g. in Excel’s pivot results, where 
the “max” or “min” function is responsible for handling 
specific text elements. 

FIGURE V.  OLAP FOR COMMENTS OF E-SEMINARS 

http://miau.gau.hu/eolap/db1/2_olap_m_din.php3
http://miau.gau.hu/eolap/db2/2_olap_m_din.php3


 

Legend (source: own presentation): OLAP services need filtering parameters 
(see option lists with white backgrounds and also parameters for reporting 
(see fields with yellowish backgrounds). 

It is important to highlight, that text manipulations are 
rational only in such cases, when an information unit is alone 
in a cell of the report (e.g. “count”, as function – Fig.6). 

FIGURE VI.  EXAMPLE FOR GENERATING TEXT-BASED REPORTS 

 

 

Legend (source: own presentation) – Option “closed=true” means: only in 
case of closed courses, where each course is closed. Therefore this field 
ensures 1D tables. 

If a lot of field contains numbers, then aggregations (like 
“sum”) and further manipulations (like “average”, “max”, 
“min”) can only be used in case of numeric types of fields (see 
Fig.7 – source: own presentation). 

FIGURE VII.  AVERAGE LENGTHS OF COMMENTS WEEKLY 

 

FIGURE VIII.  AVERAGE LENGTHS OF COMMENTS FOR STUDENTS AND 

THEY MENTOR WEEKLY 

 

Fig.8 (source: own presentation) shows a 2D report. More 
(n) dimensional reports, where row and/or head columns 
contain more than one field, can be constructed from 2D items 
like a puzzle. 

If further analytical steps are more complex and the 
functionality of OLAP services are not mature enough, then it 
can be useful to change the application and to transport each 
data we need (see Fig.9 - source: own presentation). 

FIGURE IX.  FILTERED DATA WITH NECESSARY DETAILS 

 

But in specific cases (like the Simpson paradox), OLAP 
services can deliver the necessary views (see Fig.10 - source: 
own presentation), where the best teacher seems to be the one, 
who catalyzes longer comments. Yet, it is also relevant, how 
many students are active in the background of the calculation 
of averages – week by week. 

Finally, the mentor (with high catalytic potential but low 
amount of comments) loses the competition week by week: 

FIGURE X.  SIMPSON PARADOX IN FRAME OF OLAP 

 

 

 

*** 

The second OLAP service (see eolap/db2 – Fig.11 - source: 
own presentation) contains only few attributes, where the 
objects are the weeks. 

 

 

 



 

 

FIGURE XI.  OLAP FOR PREPARED TIME SERIES 

 

The OLAP solution based on raw data needs more 
calculation time for each report. Therefore it seems to be 
useful to prepare new attributes and insert them into an OLAP 
frame. The preparation work could be extended for such kind 
of attributes, which need specific transformation (out of scope 
of standard OLAP services – like IF/THEN-based 
manipulations). 

FIGURE XII.  DISAGGREGATED AND AGGREGATED REPORTS ABOUT 

THE CREATION DATE OF ANSWERS COMPARED TO AVERAGE OF WEEKS 

 

 

Figure 12 (source: own presentation) shows, that problems 
that could not be solved in a classic OLAP way, can be 
handled flexibly, if preparation steps could be executed. 

Finally, OLAP services are capable of visualizing reports 
(see Fig.13). Charts should support the exploration messages 
of data (like men are more talkative than women within e-
seminars, where): 

 

 

 

 

FIGURE XIII.  VISUALIZATION IN OLAP SERVICES 

 

Legend (source: own presentation): “1” stands for men, and “2” stands for 
women. 

The standard possibilities listed above (quasi) are the level 
that could and should be learned, if a society is going to 
change in the direction of “data-driven” policy making. 

V. DISCUSSION 

The results in case of the dashboards and also in case of 
the OLAP services lead to specific questions: 

E. Dashboards 

What should decision makers really do if the planning 
values are derived in a rule-based way? The answer is 
relatively simple: if the planning process believes in its own 
rules, then further analyses are not useful. Rules almost always 
prescribe a kind of preferred variant. Decision makers should 
only declare it clear and prompt. 

In such cases when subjective evaluation about variants 
and/or their “prices” can/should be involved, then it is not 
rational to make decisions without appropriate analysis (like 
similarity analysis). It is possible to feel the best variant in an 
intuitive way, but the risk of subjectivity should not be 
involved into the decision process there, where each analytical 
step is well-known in advance and they could also be 
automated. 

F. OLAP services 

The way how to think based on OLAP services is not too 
complex, but it cannot be explored and interpreted in a trivial 
way by arbitrary users. OLAP services have been created for 
supporting SQL-manipulations, assuming, that each 
hermeneutical aspect is well-known for the users utilizing 
them. But this is not always so. Therefore it is necessary to 
collect each interpretation for each report. For the future it 
seems to be important to be capable of creating comparative 
analyses of the hermeneutical items collected by everyday use 
series. 

OLAP services are quasi filtering and/or visualizing tools. 
Users should know what kind of filtered items and in what 
kind of visual structures may be seen as results in case of a 
given question/hypothesis. Therefore competence-based 
education cannot ignore being managed by OLAP services – 



because they are part of the general problem solving tools, and 
they help using the logs about their own education processes. 

Human thinking avoids complexity in general, but some 
problems cannot be managed effectively in an arbitrary level 
of complexity. Problems and not human capabilities have to 
define tools and complexity levels (especially the lack of 
capabilities should not determine processes). 

VI. CONCLUSION AND RESULTS 

Strategic and/or operative planning according to 
dashboards and OLAP services can be automated: 

G. Dashboards 

In case of dashboards, decision makers have to decide 
about the conscious involvement of their subjective 
responsibility into the planning. The best of dashboard 
variants could be derived based on rules without analytical 
challenges. The responsibility is in the quality of the 
subjective closed/validated rule sets. 

If arbitrary dashboard variants are created and tested at 
least as a kind of draft, then the testers could deliver quasi 
randomized ranking values for each phenomenon prescribed 
for testing. The same constellation will be available in case of 
competition about prices of variants. To manage subjectivity it 
is worth analyzing OAMs e.g. in the framework of similarity 
analyses. 

It is important to know that these analytical steps (if they 
are needed) could be automated here also as it is in the case of 
dashboards. 

H. OLAP services 

In case of OLAP services it seems to be unavoidable to 
organize courses for more and more persons involved. First it 
would be necessary to focus on offline possibilities offered by 
spreadsheets (like pivot-services). In addition it would be 
important to create more and more online databases with 
educational content supported by OLAP services. 

Dashboards are specific tools, where the best solution can 
be found in optimization. Contrary to dashboards, OLAP 
services are generalists or universal tools. The utility of OLAP 
services depend on the creativity of their users. 

If a system is developed and later maintained, then 
dashboards should always be produced separately for each 
challenge. OLAP services are more flexible and therefore not 
the OLAP services should be changed – rather the users have 
to learn how it is worth using this kind of general problem 
solving (GPS) tool. 

Grey, prosaic dashboards are the bridges to the flexible 
OLAP services. Students and teachers should have the chance 
to compare their own characteristics to the average of all 
and/or to the averages to specific groups like (age-, sex, 
education- oriented subsets of objects). Human individuals 
will react in a proportional way (i.e. kazohin), if their intuition 
processes could always involve rational set of data (from 
dashboards and/or from OLAP services). 

I. Methods 

Chains of similarity analyses (like My-X-Tool: 
http://miau.gau.hu/myx-free/) as a kind of rel. new but flexible 
approach (compared to other modelling tools like AHP/ANP 
[4] or TESS-terms [8]) are capable of supporting strategic 
and/or operative decision making, – with other words – 
comparison as such. This analytical logic is now involved for 
ranking dashboard variants and it would also be useful, if 
OLAP services should be proved concerning their 
price/performance ratios. 

As a summary we could draw the following conclusions. 
E-learning developers as a target group we could say that the 
first generation of dashboards must be created by human 
decision, as the normative assessment system for design 
alternatives must basically be that each variant should lead to 
a different principle. Optimization of dashboards requires 
actual user behavior patterns. Also the deployment of 
dashboard content can be supported by the frequency of 
OLAP settings. This last issue requires a high-level of OLAP 
knowledge for the widest user masses. This status of OLAP-
based asset management through training programs can be 
guaranteed for both internal and customer orientated target 
groups. 
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