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ABSTRACT: When facing the decision-making situation, both the doctors and patients always felt confused. Due to the limitation of
the doctors' and the patients' individual knowledge and experiences, it was difficult to assess the shortcomings and benefits of all the al-
ternatives of the treatment especially when the disease was complicated and had a long history. However, Markov chain model, which
was often employed to represent stochastic processes, that is, random processes which evolve over time, could assist doctors to compute
and analyze the outcomes of all the therapies by establishing a mathematical model. Through the set information which was in the history,
the Markov chain model can predict the future procession. In medical decision-making process, Markov chain models were particularly
suited to simulate chronic diseases' progression. In this article, we described the basic principles of Markov chain model in medical deci-
sion-making, as well as the common types which were used in the decision making analysis on account of the characteristics of the pro-
fession. On the various situations of medical decision making, different methods, like matrix method, cohort analysis and Monte Carlo
simulation were applied. According to a certain practical case, this paper gave a comprehensive description of how to use Markov chain
model in making the right medical decisions on which medical treatment to choose. By comparing cohort analysis and Monte Carlo simu-
lation, the advantages and disadvantages of cohort analysis and Monte Carlo simulation were summarized on various dimensions.
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Fig.l A 6-state Markov chain model for individuals with chronic kidney
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Note: eGFR, glomerular filtration rate.
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Fig.2 A three-state disease model
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Table 1 The results of a 1000 cohort analysis

State
Cycle Total
Symptomless Progression Death
0 1000 0 0 1000
1 976 10 14 1000
2 943 28 29 1000
3 902 52 46 1000
4 854 79 67 1000
5 799 109 92 1000
6 740 139 121 1000
7 678 168 154 1000
8 614 195 191 1000
9 551 218 231 1000
10 488 237 275 1000
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Fig.3 Cohort analysis of patients distribution in each state after 44 cycles
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Fig.4 The decision model: Should drug therapy be implemented

Note: M=Markov model of disease progression.
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Table 2 The results of cohort analysis and Monte Carlo simulation

Cohort analysis

Monte Carlo simulation

Strategy
Cost(£) QALYs Cost( £) QALYs
Treatment 1 9264.897 7.756 9258 7.74
Treatment 2 16155.440 8.625 16108 8.59
D-value 6890.544 0.869 6850 0.85
ICER 7931/QALYs 8059/QALYs
% 3 BAFI4E#IF0 Monte Carlo ##15% AT EL IR
Table 3 The comparison of Cohort analysis and Monte Carlo simulation
Items Cohort analysis vs. Monte Carlo Simulation
Characteristics
Memoriless Both are memoriless.
Individual and environment Monte Carlo simulation can deal with more complex situation.
Individual or mutual recourses Monte Carlo simulation is better.
Risk to compare Monte Carlo simulation is better.
Capability for multitask Monte Carlo simulation is better
Cycles Monte Carlo simulation is more flexible.
Capability for unknown Monte Carlo simulation is better.
Validity and authenticity Monte Carlo simulation is better.
Techniques
Time for establishment Cohort analysis is more time-consuming.
Time for validation Cohort analysis is more time-consuming.
Time for running Cohort analysis is more time-consuming.
Complexity of the model Monte Carlo simulation model is more complex.
Data requirements Monte Carlo simulation needs more specific data than cohort analysis.
Professional software Both of them need professional software, like Tree Age Pro.
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