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Product report: Learning algorithm for automated calculation of KPI preferences

Learning from Decisions in Real Time
Until today, optimization of performance measurement systems in
companies has been based primarily on the empirical knowledge of individual participants. In the daily planning and control of processes,
this leads to the fact that interactions between individual key figures
are usually evaluated based on average simplifications. With the novel
learning algorithm F9118, which has been included as a new functionality in the decision tool PSIqualicision, results significantly better and
to the second can be achieved, making decisions much more precise.

a component of optimization strategies in various algorithmic previous versions. With the extension
PSIqualicision/F9118, it is also available for interactive use for the first
time. The connection with PSIasm
(Advanced Scheduling and Monitoring) exists so that the learning proce-

S

ome machine learning methods can automate the recognition of interactions between

KPIs in business processes. The combination of historicized and current process data allows calculating very reliable decisions to the second. Based on
these decisions slightly different scopes
for decision-making and adequate KPI
preferences can be identified in the
current situation. Thus, the user systematically is provided with a better
basis for his decision-making process.
Figure 1: KPI preferences learned automatically with PSIqualicision/F9118.
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The columns of the table represent
data values that map a raw measurement of the alternatives for a KPI.
For example, the decision alternatives may be possible production start
times for an order. One column of
the data table can then stand for the

Figure 2: Learned preference settings and scope for decision-making with F9118.
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