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Using multi-variable grey model optimized by differential evolution
algorithm to forecast plasma concentration of propofol
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Abstract: Due to the characteristics of propofol of high time-varying, and complex compartment model,
the traditional method of nonlinear mixed effects modeling (NONMEM) has miscellaneous of variables and
plenty of artificial factors in the estimation of propofol. This study was aimed to build a propofol prediction
model based on the differential evolution (DE) algorithm and grey model. DE was used to optimize the parameter
of multi-variable grey model (MGM) and to build a model of prediction of the plasma concentration of propofol
based on the grey model. It was compared with the results of NONMEM algorithm. In conclusion, the
median performance error (MDPE) of DE-MGM was —4.6%, while the result of NONMEM is —12.13%. The
median absolute performance error (MDAPE) of GA-BP neural network is 13.19%, while that of NONMEM
is 23.12%. The experimental results suggest that the new method is suitable to determine the short half-life
of anesthesia drug propofol with higher accuracy.
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Figure 1 Flow chart of DE-MGM (1, m). DE-MGM: Differ-
ential evolution-multi-variable grey model

Table 1 Evaluation of data base structure. LBM: Lean body

mass
Variable Mean Median Range
Age 52 51 26-81
Height/cm 174.78 177.8 154.9-195.6
Weight/ kg 76.64 79.4 44.4-122.7
LBM 56.68 59.84 35.35-84.6
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Figure 3 Comparison of best and worst prediction during the anesthesia
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Table 2 Comparison of prediction error of DE-MGM and NONMEM
Variable Group Median Mean SD Percentiles
10% 90%
MDPE /% DE-MGM —9.86 —4.6 0.046 -0.2592 —0.095 3
NONMEM -13.7 -12.13 0.049 -0.3373 0.049 7
MDAPE /% DE-MGM 12.79 13.19 3.79 8.101 18.551
NONMEM 22.5 23.12 9.62 11.026 35.988
Wobble DE-MGM 0.108 9 0.1123 0.056 4 0.077 4 0.183 1
NONMEM 0.128 8 0.128 3 0.076 2 0.065 1 0.1713
DA i — B S 0 A B 1A Sl A R 1P B g DE-MGM, Simulation [M]. 2 ed. New York: Springer Science + Business
NONMEM % F 55 784 (g 00 2 22 S 7E vl $ 2 Ja B o Media, Inc., 2011.
EF', NONMEM il l%ﬁ%ﬁi{ﬂlh&ﬁﬁ@ikﬁﬁij(ﬁ‘] [2] Lin R, Lin W, Wang C, et al. Population pharmacokinetic/
%%iﬁjﬂ%ﬁ, T 1%§7FHXUL§3UF%I, m DE-MGM ix pharmacodynamic modeling of warfarin by nonlinear mixed
EFXTEF, effects model [J]. Acta Pharm Sin (Z§2%244R), 2015, 50:
M2 AHER , T2 mes . AR, 2 1280-1284.
) ﬁ’ DE-MGM % # y: F50 ) 2% S 248 T+ NONMEM, [3] Bergstrand M, Karlsson MO. Handling data below the limit
/ﬁ\:qj?%ijj‘@wj%‘f&ﬁ$§ﬁo AT HE 22 1 B A X 8] A A of quantification in mixed effect models [J]. AAPS J, 2009,
7 i, NONMEM FUll B % e K, T4 DE 8540 ik H: 3717380,
IS 1 MGM :H:}Jﬁ ! 1%% % o 1‘/]? ¥ %jﬁk& f%gié] ﬁE T [4] Wang L, Cao J, Ramsay JO, et al. Estimating mixed-effects
NONMEM 7:7/2? 1:%@?@ TR 22 B R v &ijj B /N differential equation models [J]. Stat Comput, 2014, 24: 111 —
5 RN s A, °
8 § . 121.
[F, ASHEE H DE-MGM 1PN A7 £ — E 1 .
&7] b IS ; ﬁ‘{ﬁxﬁhéé S Ak T [5] Deng JL. Introduction to grey system theory [J]. J Grey
WBITE, WIINME = =K PR eroE o , 2
Syst-UK, 1989, 1: 1-24.
_ i ] YA 72 v 25T Bl A Y 25
DE MGI:;[ LR E’]@*ﬁm%/ifﬁ#f& FIRES AR 2P [6] Kayacan E, Ulutas B, Kaynak O. Grey system theory-based
£y BE I SACKE TR e o] EE
2L TG e e 2 2 TR TR V2 A0 AL models in time series prediction [J]. Expert Syst Appl, 2010,
37:1784-1789.
é:l%l:i% [7]  Bezuglov A, Comert G. Short-term freeway traffic parameter
ZIK I %U )EH E ﬁj’ ﬂf “ﬁ ﬁ /2& ﬁ[,ﬂf, 7)—( @,%’; EE s 4% W\j %‘ prediction: application of grey system theory models [J].
MfLs L&, KH T KROBEBESH L. HK G Expert Syst Appl, 2016, 62: 284-292.
MR T S F YR EE NE N EAE, A TG E [8] Bahrami S, Hooshmand RA, Parastegari M. Short term
Y e R 3R A B electric load forecasting by wavelet transform and grey model
DL 2L AR 2 L B AR P 45 B8 11 A0 Tk ORR TR improved by PSO (particle swarm optimization) algorithm [J].
245 e TR T T S I 24 94 BE Il PR 04 R R A gk AT Energy, 2014, 72: 434442,
1‘% 7y fﬁ ﬁ s ] % i I ’ﬁz: Qfﬁ (t] NONMEM il e [9] ZhangL, Zheng Y, Wang K, et al. An optimized Nash nonlinear
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B AR A RE ST .
'_JDE MGM ;{j&hﬁhﬁ%ﬂ@iﬁﬁ?ﬁ[ﬁlﬁﬂﬁﬁ$ﬂ o B in Xinjiang, China [J]. Comput Biol Med, 2014, 49: 67 —
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