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Abstract : Sequential three-way decisions take the advantage of information granularity and various types of costs.
Information granularity is the basis of human cognition and decision-making, while costs are usually considered as an
important information processing related factor. In this paper, we propose a cost-sensitive sequential three-way
decision(S3WD) model, the aim of which is to motivate, interpret and implement the three-way decision (3WD)
through the notion of information granularity. We are essentially dealing with three difficulties while applying three-
way decisions to cost-sensitive learning. The major difficulty is to construct a sequence of multi-level granularities for
3WD. Multi-granulation represents the information granularity with a partial ordering relation, which provides the
semantics for the SSWD model. By constructing a family of equivalence classes of particular object with the change of
the number of attributes, a series of coarsening-refinement granularities on information system is formalized.
Therefore, we can obtain a complete description of a system with multi-granularity. The second difficulty involves
the interpretations of evaluation and thresholds in S3WD. We study decision cost related to information granularity

with sequential three-way decisions and focus on the formulations of the cost function according to the principle of
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coarsening-refinement granulating procedure of information acquirement. The decision cost is composed of the cost of
decision result and the cost of decision process,which are two main costs in the cost-sensitive sequential three-way
decision model. By utilizing the cost matrix,we construct a reasonable cost structure as evaluation metric for SSWD.
The pair of thresholds(a,f)is also obtained. Theoretical analysis indicates that the cost structure has practical and
meaningful interpretations of granularity-driven S3WD. The last, crucial difficulty is introducing the objective
function to the cost structure. Since there is a trade-off between two costs,we define two optimization problems with
the objective of either minimizing the cost of decision result or minimizing the cost of decision process. By solving the
optimization problems, the minimal-result-cost SSWD and the minimal-process-cost S3WD are defined as finding
optimized SSWD with a minimum cost of decision result or minimum cost of decision process respectively. Two
heuristic approaches are designed correspondingly. For minimal-process-cost S3WD, the upper bound of cost of
decision result is applied as an input parameter since the optimization problem is a combinational problem. Similar to
the minimal-process-cost S3SWD, we consider the upper bound of the cost of decision process as a user-defined input
parameter for minimal-result-cost SSWD. The two optimization problems represent two risk attitudes of a decision
maker in real world scenarios. The experimental results indicate that: 1) with the coarsening-refinement granulating,
the cost of the decision result has non-monotonicity subsiding trend.and the cost of the decision process has surging
monotonicity trend; 2)with the same number of attributes,the minimal-process-cost SSWD has a higher cost of the
decision compared to the minimal-result-cost SSWD; 3)the upper bounds of the costs of the decision result and the
upper bounds of the costs of the decision process have directly influence on the decision results; 4)the cost-sensitive
S3WD is particularly appropriate for decision-making problems when information is unavailable and costly for
on-demand details.

Key words: three-way decisions,cost-sensitive learning.granular computing, classification
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Table 1 An exemplary decision table
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Table 2 Decision result cost matrix
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Table 3 Decision process cost vector
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Dif Pr(D| [1‘],1‘ )<<B then NEG=NEGU [1‘]/\, ;
®BND=U, —POS—NEG;

@U,; =BND;

Wi=i—1;

@Compute COSTp and COSTx ;

@if U, # & and COSTyx, =COSTY then
@foreach[z‘],\\J CU,; do

@if Pr(D[[x]s )=7, then POS=POSU[z],,
®if Pr(D|[2]x )<<7, then NEG=NEGU[x]4, ;
@ Compute COSTp

@return COSTp ,POS,BND, NEG.
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Table S Briefings of data sets and settings for cost upper bound

Data set U [C] [ X COSTY" COSTY®
Acute 120 6 30 60 [80.,90]
Breast 699 9 241 200 [200,300]
Voting 435 16 168 100 [150,200]
Pima 768 8 268 200 [150,150]
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Table 6 Means and standard deviations of x* ,approximate quality and levels of granularity

RS Bk 2

Data set ) .U Level of ) o Level of

Y X~ statistic . Y X~ statistic .
granularity granularity
Acute 0.30+0.22 58.28+40.96 2.284+0.71 0.37+0.16 47.174+32.01 2.15+0. 84
Breast 0.09£0.10 502.93+85.77 4.9141.40 0.10£0.10  497.474+79.51 4,1241.65
Voting 0.07£0.06 250.96+46.62 4.8941.48 0.08£0.06  255.554-43.22 8.7444.36
Pima 0.1740.07 545.67+46.62 4,46740.82 0.18+0.07 546.06480.84 4,454+1.28
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