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Abstract

In order to be able to better predict prices to the trend of avocado, and solve the problem of low
price prediction accuracy under a large number of features and big data, this study on the basis of
random puts forward a random forest new combination model based on coefficient of Pearson
method. Firstly, Pearson coefficient was used for correlation test to carry out feature screening;
tuning random forest parameters; finally, residual features were used for modeling regression
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prediction, and the final conclusion was drawn. The experimental results show that the improved
random forest predicted mean absolute error (MAE) and mean square error (MSE) got improved.
The study found that through a new portfolio model, this paper can realize the avocado price
short-term prediction, and can achieve good prediction effect.
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Table 1. The original data
F 1 RiEE

Date Average Price szsi:e 4046 4225 4770 E;gisl SBTQSS I‘_Ba;ggse XBI;z;rge type year  region
0  2015/12/27 1.33 64,236.62 1036.74 5445485 48.16 8696.87 8603.62  93.25 0 conventional 2015  Albany
1 2015/12/20 1.35 54,876.98 67428 44,638.81 5833 950556 9408.07  97.49 0 conventional 2015  Albany
2 2015/12/13 0.93 118,220.22 794.7 10,9149.7 1305 814535 804221 103.14 0 conventional 2015  Albany
3 2015/12/6 1.08 78,992.15 1132 71,976.41 7258  5811.16 5677.4 133.76 0 conventional 2015  Albany
4 2015/11/29 1.28 51,039.6 94148 4383839 7578 618395 5986.26  197.69 0 conventional 2015  Albany
5 2015/11/22 1.26 55,979.78  1184.27 48,067.99 43.61 668391 6556.47 127.44 0 conventional 2015  Albany

WA EE, AT, HA #5540 251 (type) 70 I35, conventional (f£4¢ 1 #55L) Al
organic (A HLAYEEAL), H1[X (region) 7 35 E () 54 ANIX, 43 %4 Albany, Atlanta, Baltimore Washington,
Boise, Boston, Buffalo Rochester, California, Charlotte, Chicago, Cincinnati Dayton, Columbus, Dallas
Ft Worth, Denver, Detroit, Grand Rapids, Great Lakes, Harrisburg Scranton, Hartford Springfield, Houston,
Indianapolis, Jacksonville, Las Vegas, Los Angeles, Louisville, Miami Ft Lauderdale, Midsouth, Nashville,
New Orleans Mobile, New York, Northeast, Northern New England, Orlando, Philadelphia, Phoenix Tucson,
Pittsburgh, Plains, Portland, Raleigh Greensboro, Richmond Norfolk, Roanoke, Sacramento, San Diego,
San Francisco, Seattle, South Carolina, South Central, Southeast, Spokane, St Louis, Syracuse, Tampa,
Total US, West, West Tex New Mexico.
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T RS RL

PR AN X A A SR M A AR LRI SR B R ok, A &) 2 B, IR RATRT A
AN B RN K e — 2L, Horp San Francisco A1 Hartford Springfield L& New York iX =M [X [ TE 18 A%
GrI)IL A NI B RAN AR AR AT HoAd X L 28 IX AT RER FH AN [RIHE X 0 R AR LE — & 1)
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Figure 1. The average price distribution of avocados
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Figure 2. Average price distribution of avocados by region
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Figure 3. Random forest model based on Pearson feature selection
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FEFE NIRRT 2 R S35y A A4 R AT TR B, K 40467 FH v 4% v “Small/Med Hass” , K “4225”
HPrdn 4N “Large Hass” , K “4770” HEHin 4 “Extra Large Hass” , 2R J5idid sk #7485 2 [A] (1 AH ¢
PEREL, RAWAREZ HKR.
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FREEAEIR 1, AR [AAE DGR ERR, AHOCREGEIEIR 0, WY EEZ A HEIRSS . A &R
H i A AT TR 0 DX TR0 LB, o A AN [ B 59, M/ T 0.1~0.3 Z IR, IA P AR 2 5 55 40 %
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Figure 4. A heat diagram of the correlation between variables
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R JUNMRHIEAS B 2 J5 7 B AT B AR A 4y, R B S 2 JE X SR AT 2, S80S R
max_leaf_nodes {5 %5 [ Mean Absolute Error {H 417 2 flin. MEFATLAEH, 724 max_leaf_nodes fE
i1 5 4% 50 i Mean Absolute Error B /> T 0.033, 24 max_leaf_nodes {& i 50 2% 500 i} Mean Absolute Error
{2907 0.05, 124 max_leaf _nodes {E 1 500 A% 5000 i Mean Absolute Error {E ¥ Ji/> T 0.003, A&4kIf
AR, Ui B IS 2 T max_leaf_nodes {ERUR AN, PR 4¢3 % max_leaf_nodes {E 74 500.

Table 2. Decision tree callback
= 2. OREMIAS

max_leaf_nodes 5 50 500 5000

Mean Absolute Error 0.331 0.298 0.248 0.245

AHFICS> PR T PR 5 2ok B AN A AT TR0 , R 7 v o R HR S SR R WL AR AR BRI,
FE P RN TR S5 SR AT T b, P SR ) Mean Absolute Error {E 4 0.247, #iiE 2¥ R E A
0.646, 11 BE LA A5 21 (¥) Mean Absolute Error {4 0.118, #5E& 2% R {15 %] T 0.820. it Mean Absolute
Error {EAIGRE RAL R? 10 45 BT BEALAR MR (1 TUN SO AR R AR T o e o R 3T A8 IR 5L
PRI A, EE—E RIS, SANUERIIGREE, HEE IR, BUGERCR R RIS .
SRR SR P40 iR 22, IF RIS BAS P34t iR 22 R 3908, 45 Rk 3 fim.

I DA TS RSP AR ZE IR LG, FRATTRT DA H AR ST R F 1 8 3 AR A 07 32 i P BT AR RS Y
HUAS T 3080 v O TOUMUAS 52, AR [ 2% 1R T PRI P SRR ST 350 R 22170 S AR D T 12.9% . HH 22 0 iR 25 45
iR, BEALARRBL Y 0 F0 RO B, R ZE IARE ZE W LGN, T R S (%) 22 DR TN i3 22 s fE 22
FOBR, TR IR, AT B I A RRE . AR I, Goad REAE 57t i) BE A LAR ML Y 1)
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Table 3. Five fold cross validation results
% 3. HIFXXWIEER
YL YIZk 1 Yk 2 Ik 3 Y% 4 k5 FHE
MAE 0.148 0.199 0.217 0.274 0.330 0.233
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