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Introduction

This study undertook a detailed comparison of two supervised machine-learning algorithms—
Random Forest (RF) and eXtreme Gradient Boosting (XGBoost)—to predict irrigated wheat
yield across 20 counties in Razavi Khorasan Province. Both models were trained on 70 % of
the dataset (years 1383-1402) and tested on the remaining 30 %. Hyperparameter tuning was
performed via a grid search coupled with five-fold cross-validation.

Materials and Methods

The two algorithms were first trained and optimized using 70 % of the data (=14 years of data
per county) and then tested on the remaining 30 % (=6 years). Their hyperparameters were
tuned via grid search with five-fold cross-validation. Hyperparameter Tuning was performed
using Grid search over key parameters (e.g., number of trees n_estimators, maximum depth
max_depth, learning rate for XGBoost) with 5-fold cross-validation. Afterwards, both models
were evaluated and validated using RMSE (Root Mean Squared Error), R? (Coefficient of
Determination), MAE (Mean Absolute Error), Willmott’s d (Index of Agreement). Two
machine learning algorithms, Random Forest and XGBoost, were developed to predict wheat
performance at the district level. The performance values were initially predicted numerically
using regression and then divided into three distinct classes using statistical percentiles: Low:
Oth to 33rd percentile; Medium: 33rd to 66th percentile; High: 66th to 100th percentile. This
classification was based on both the actual and predicted values for each district. The results of
this classification are presented in the form of a confusion matrix for each model. Using three
indices—Aridity Index, Seasonal Intensity of Temperature, and Growing Degree Days—
districts in the province were clustered into three climatic zones. Then, wheat performance in
these zones was analyzed based on two models. In this study, the machine learning algorithms
Random Forest and XGBoost were implemented in Python 3.3 using the Scikit-learn library.
DataFrame preparation and the clustering of the province’s counties into climatic zones were
carried out using R 4.3.2 and ArcGIS 10.8.2.

Results and Discussion

Alghoritms Performance: On average, RF reduced prediction error by ~19 % (395 vs. 492
kg/ha RMSE) and achieved a slightly higher agreement with observed yields (d=0.467 vs.
0.419). Random forest showed Best RF Performance for Khalilabad (RMSE = 141.19 kg/ha,
MAE = 125.68 kg/ha, d = 0.37) and Bardeskan (RMSE = 187.69 kg/ha, d = 0.80); Worst RF
Performance was obtained for Quchan (RMSE = 667.65 kg/ha, d = 0.36) and Torbat-e
Heydarieh (RMSE = 581.33 kg/ha, d = 0.47). Best XGBoost Performance was obtained for
Torbat-e Jam (RMSE = 269.36 kg/ha, d = 0.77), Neyshabur (RMSE = 377.91, d = 0.78). Worst
XGBoost Performance resulted for Quchan (RMSE = 943.99 kg/ha, d = 0.25) and Torbat-e
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Heydarieh (RMSE = 786.20 kg/ha, d = 0.39). In 6 out of 20 counties (Khaf, Mahvelat, Kalat-e
Nader, Kashmar, Chenaran, Fariman) both RF and XGBoost performed nearly identical errors
(ARMSE < 15 kg/ha), indicating similar predictive power under those local conditions.
Feature Importance: Daily Minimum Temperature (Tmin): Ranked #1 in RF’s importance
list; ranked #3 in XGBoost. Seasonal Tmin (TminGS): Consistently #3 in both models. Other
Key Predictors: Precipitation over the growing season (Prec, PGS), Growing Degree Days
(GDDGS), and Evapotranspiration (ETGS) all contributed substantially, though with 4th-8th
ranks markedly lower in RF than in XGB.

Classifiction of Yield into Three Performance Classes: Using percentile thresholds—Low
(0-33rd), Medium (34-66th), High (67—100th)—the models were also evaluated as classifiers.
Low-Performing Counties Needing Intervention Seven counties (35 % of the sample)- Quchan,
Torbat-e Heydarieh, Sarakhs, Kalat-e Nader, Gonabad, Neyshabur, Taybad- fell in the Low
performance class across both models. These areas should be prioritized for targeted agronomic
management and resource allocation.

Cluster-Based Insights: Counties were grouped into three agro-climatic clusters: Very Dry &
Hot (4 counties): RF outperformed XGB in all (e.g., Bardeskan, Khalilabad, Mahvelat,
Sarakhs). Semi-humid Cooler (6 counties): Mixed results-RF won in 4 (Chenaran, Kalat-e
Nader, Mashhad, Nishapur); XGB was slightly better in 2 (Fariman, Quchan). Warm Semi-arid
(10 counties): RF superior in 7; equivalence in Taybad & Torbat-e Heydarieh; XGB edged
ahead only in no counties here.

Conclusion: Overall, the Random Forest model showed better results for predicting wheat yield
in Razavi Khorasan province, especially in most counties. Although the XGBoost model has
higher potential for modeling complex patterns, Random Forest performed more accurately in
conditions of greater data dispersion. In conclusion, the results of this study emphasize that by
utilizing climatic and agricultural data, machine learning algorithms can be optimized to not
only achieve high accuracy but also provide a clear analysis of the role of each variable in wheat
yield.

KeyWords: Random Forest, XGBoost, Grid Search, Cross-Validation, Yield Class.



‘—if\

N
Farduasl Yniizrsicy
of ddusnniad

viva ojless

VEEENY &b

))L\; g

G20 28
Il &aly3 gla2ag

olgie b dlis by o oMl 4 dhssisns @Yly
o 813 Omile (5853 o 1981 93 B slis] g (g jlwdings
S92y olwlp bl )3 (ol e85 Slos 38>
Ol (ne 10N 93

s 3 e 2lag ol b g UL 5 & 425 b e ) om Ol o5 ety 0 5
9 C...g,‘,l L)"L"l)' u}i dbo)u )l o.g._»_ 20 9 Lugal w&ﬁ’k alis U"‘"' \i'i/’i/\"\ C)"

A5l ols DOIT: 10.22067/jcese.2025.93323.1395 auls L

o3y 453051 lie gl
e iy b oty
W 3 55,58 2SSl
NWIF: Gy Gyt
AIVYE & ey o5

81 YA €111 15l

0 “YAYAYEY+: i

cesc@um.ac.ir




(I

Farduaasl Yuiizisicy
of ddasunad

ST PS8 Klos 383 Gt S5t comilo (6 150 0 9851 93 Prims sl 9 (S 3ludingy
S50 Olul B il 53

oS>

E 4

Y-,;&Tf.ufgjﬂ,.ps-m:ﬁ,u;_wﬁ@wgl}g_w,ur,.u,‘@_;uéﬁfggr;i,,inju_ﬁu,m;,z,;@\
gwjvuud;u%,uﬂ;uz,'ymn\;.\_p,;wu.\;,,lv;win,;.@tu\bﬁdywu\f'auQL-..%.:
rwts\u,f@&m@w)wwl&,;éw&J@ﬁ,,ﬁ\,w;u%.xuc,_wsm;uu,;w
Lot Slay o 5 0e o Ao ¢ o5l glaslome 5 51 it s 5lel s 5 o5 p—“wjij‘ 33 m el y3 05 8
ol 93 oy p 55 Ja () g 5 3315 oo 5 (MAE) W allas 55 o Ske (R?) (s s 5 (RMSE)
il g5 (Ui Ale) Waosls Jodomy G}jt{&tﬁ)) C__.»ﬁ@w&ilaféb 33 .0mals (6 e 5 Shes alw i
)'\Lg)l:_.‘u'):c,_avlép.\bd.uS.Uu‘_saol_.i.}Qa.l:éuLgubhmﬂ_&):hdm@ww&».ﬂwéj;y)jbq
Jute LS 5 ) i ol gy el 5 el s 3LT bt Ao glaOliw g 55 cJln sl 3005 (6 3Vl 83 WDl 4
A:Jl.nupl>‘&bt.a6.‘5;9)>¢_‘»ﬁ@w.§1|d.uaﬁ;df»j\..:)bwﬁ@g.&:lqwdﬁfdwwjﬁrﬁxj
Lo WDl e cpl ol (sla Sirs 4 Yzt o8 ol 023 355 31 (5 2 > koo 3Lal8 5 st 553 ¢ SCs 5 gt
S 555 asaS (gl cJe 53 8 535 S fes OLSS e 53 n yb SN 5 Y san (ol (slakin gl (gl 355 o
,;sgl,,;u,u\,djlgﬂsu,,w&mc@)up.\bJ.u);.@m;w(.cf;;u@ﬁﬂﬁé\wﬂ
Loy s 5 SAoL sl le S5y ple.Canl a5 6 meS Caenl 3 Jseme ysbar S5 ol Con gy r oSGl ko
w;ujluu:_.nlu_rafsﬁw‘_;@@,;wudu ..u;ﬁ,\;\fj;‘u Ldde &35 )5 =5 J..EJL.LAAJ:;
S sl s Shes Gl oIS unaib 55 6 YL 85 IS sba Cn gy o WSSl e s L5 &Jrﬁ)b
e o 5 5sbas 55 Jas 538 sn sy glalls JalS 5 (ol slaesls 5385 (5lmand 5o Gl psliy oS
oo s B30 Lt Db g ey 53 (6 5 gl Sy Dbl 5 Ol 3 0t 5 Shas i i (51 S op 55
Fs baesls 2in SuST Ll b 55 o )b o s 6,15 s sl S (s5lwdibe (51 (5 5V ol S S
w1 eile 6,50k (sl 05 S 015 o (105 5 ool (slaesls 51 (5 S0 L4 5,8 ASTh addllas pl s 3 S foe
.:}.43G\J\CKQ&J:JQQJAULE}‘LS:J{)K)JW&Hcha_d:J{Aj)kpjoJ;

3 Slas ST ¢ bl 5lael un (G1GE (5 gt (a2 oSSl 0 S 55 1SS (SO

doio
Sk Lt 5 &S 5 OT mlin (2l L el pan (Y000 Jla B8 55l AV 0 o ) Olgzr Comazr abils g G113
o9 03 Sl o e | (SS ) (oME Stel 5 5T o 3,05 g sl g g pllss  sieliae Ltb ¢ cadll
it 4 tas B U5 Ll 316 s ol 5 o) s (Aslan et al., 2024; Belete, 2025) cios S s
el s 51 51 55 (650518 O a3 Slas 355 o 5 Sluls ol ((S)50,8 2 5 5 Loslg 3 e
(Triticum (.8 (Arun and Ghimire, 2019; Jhajharia et al., 2023) i ol K zass 5 OIS Cal



Fardaasl Ynlizisicy
of ddasunad

O gunea |4 w.ni.'v' ! 6“))’“}‘&‘@%’.' S5 WJs MJ)Y\J)J}-‘..PLMOLG.?AL&JJJW aestivum L)
Sl g o Coal Jlo 3l el 23l Aoy P06 S (gl Sl SLSE (V100 Il b 4 555 00 3557 55 oo
(Nelson et al., 2009; Curtis and Halford, 2014) 45" .« wuis 1) J seamee ool 4Vl 5 Shes 285 L) odil

Sl i ilolg 3 Aoy 3F B ¥ s g olgsa ik s L Lls o)) OV 5 a3 Slas p daes 50 ol Ol ok
4 Sl e 53 D53 5 S s Shee rles a3l e 1 (Ray etal., 2015) s o e 5 1 bl 3 Shoe
3 g o izt Sl Gl ssosn 5 (ART) zin GU551 a2 3 o8l ot Jsllom tn B sy O
3 V) Y Jla b Gler 5l 84S das e DL el o iz VoYY Ja s (ARB) b5l et 5,18
SRl ol el b (sla g lw 53 o YT L s e i 5 el oy gxio iy e 31 5YL 5L S SL
s (Assenget al., 2011; IPCC, 2022) 55, 515 0T 5L 555 &S5 31,8 e 453 1.0 Sl i 45 b el
Gl e (Sistans 5 ¢Sist bl )3 o s a ( S35l 5 fow e e GV b (gla Sis A5l s slaeb LSS
Crn 55 1) (550588 Sl Ce sy Wl g o 48T el 03,5 352 54 (*-‘—if Al sl ) Gleda s
SV 5 mmes 5 Shas (28l 55 0nT ol clao5Lwde (Asseng et al., 2011; Raymundo et al., 2018).s”
S o o5 i 1 o)

Ol 355 45 44 Wlos S 3518 15 Gl 5 ol dgmd 53 0305 40 ¢ b (sl 2L O e 2alST (giaite Slllan <O 11 5
L;uJu,;,,_;;sdpb,'duWﬁﬁs\ﬁ;;idudjudmwewmﬁygmbdufux,gg
5 Ses Shals (giisy 5 VP 316 oS ol s 6T sla g;ﬁg;%,u”.ufaﬂw,;dus.ubouwwwf
(Valizadeh et al., 2014; Koocheki and Nassiri-cl asl siss clw; o 35 Lw)s FA U gble = 5 s
e 4 01yl 5 Olgr pebam o r.x;f s Sbes b 5 S ol s Mahallati, 2016; Boskabadi et al., 2022).
(Bannayanet al., c_.l g;,5La8 Slgsl 5 ol o pde e T Bl & (s 53 Dl aons aSs ¢ ol Sl i
Ao 3 ¥l s (G y Ol 5 Olil Ol g a5 Ju andllas ¢ s (e Ol 52 4 .2018; Roell et al., 2020)
(Bannayan et al., 2018) w5 s> e 5 ol (sla o b oS 5 Shas Sl s

A, S S w5 e bty 58 (6,5 558 (OT Al mlie b ST e ST 0135588 s Shas 383 ot
L a3 5 05058 51 - Olaind s 5 LS 0 ST 35 w5 5 lolil steli g 4 ¢ J 51 e 5 oo i
333 Oliabl 5 Sluls (2ol (Lol 54 o Sllaws gl b das goojlal = Oldy 3o 5 5 glde sl pe O S 5
5 S B aelil gla ke Ole Ll gy 0As el b (ASlan et al., 2024) wus 1y (SsbT o1 slge 035 o iws
— 4T3 gl ke 035 ol s 815 5 on bt S s Shas o i 5 (5lede (51 sl 1y (sl s 0 5 ¢ to
gupuLJ,.:@JLM,\,@\@“UW)@;_.,\3cu,u\,gmmqjyuumw,w)wm;wfggu&lbw
(Dhillon et al., 2023; Krishnadoss sl . ;K1 e o5 50 Olimas s g 5 53 ot 555 Culgs )3 5
2l oS S LA alar K o2, e 5w ) s6b 5 613 Olseas 3l (5,554 and Ramasamy, 2024)
el Bl o g a5 )3 5 pitedi 5 s b (sl S Ll 5o VL QU1 (e S5 i
S Wlos S 5,18 e Sllas (Nayak et al., 2022; Jhajharia et al., 2023; Khodjaev et al., 2024)

! Intergovernmental Panel on Climate Change,
2 Random Forest



(I

Farduaasl Yuiizisicy
of ddasunad

3 et (g gt 5 gy (8 o ot Oy 55 il (SMST (LT (sladibe &y S B3l S 5o slad e
slaibae andllae &S5 53 S )b psukiy Joke ot Sl SSke 5o e 51 tins o 1l pAS 5 Sk 2 i 3 6 e
20 S S POV & ot b §5 Je b lie 53 65 At 318 (ke ok 5 Shae) Sy p 5 LSVPYAA
L5 eTa s )l sy d5le o 5 Sl Es) e p) 2 09 ) (Belete, 2025) wal 0T i Sés jl Sl g,

e f e:j:_mf Sesls 4 5L 09y Ol 5 0 a5 Wlosls OLES ¢ 2o iy S35 3 5 9 Hldaa 0313 (Glaas gazes u;f"“f Ol
4,83 Easy s (Shen etal., 2024) shs sl dw,3)0 b1 35 1y e pS 5 Ko o Sy 53 Joke 255
C,:._ZLAJJ»45>\>QL.&$4(:.A.§:ﬂp@ﬁ&idlﬁi._.»Lti;A._.@)‘,.E.;a4.3(.,\.:?w)}ﬁj\babbw\;ﬁjsﬂ.?ﬁéﬁf)lf
(Khodjaev et al., sis 215l ao 3 VY BV Ol a1y g i 83 ¢ i Jost (gla Jbo b i lin 55 0 (Lo age
Sl 03037 57148 (55latingy Al eSS Sl o3lial L Lo ol ol oubais Ceal ol (sla iy ¢ iean 2024)
S 35 0 d3lar K sladde 053 (6o ;3 VY B 5 40 ot a5 13 ASTE 2 to s ol S aile ™ 05057 Ly
o jiie Coeal gla o &1yl g A5 i ol s Cwglin ‘61"’}:’ Lly,y iledde 5o 5 «YL bl JA.:A{L;JL‘J
(Roell et al., 2020; Pang et al., 2022) cul a5 5 1 5 sslizul 5,5 50 (55,5LS Oladllae 3 glos 28 5 sbay

3 A58 ke 5 Ol 4 5 3503 (Vb U1 ey IS 5 O S5 Jilme 5 le (5,5 5L 55 45 (6 K0 02, S
ot 02l 53 o ol ol T o oSSl 02 S 035 or Slec 4 bl lin g g O gen ol (S
(Sns ke a7 (5500 4 03,108 o o iy 1) (ool S5 53) 03 Jde i 18553 e 60 sl (sl 4y o7
45,5 S & bt Olaal gl Jor 53 5035 Y el S5 3l 5l p—'v,ui“ 33 2 S o0 Oy 55 (i Je sl
sl 0l 5150\ Jj.\?ﬁr;wiuyd\wm,u&u,:;\L;lwsu..u,:»

S S 3 eyl 9y ble 5,8 5L ﬁ.);i“ »l Sis-) Jou
Table 1 — Comparison of the Characteristics of Random Forest and XGBoost Algorithms

Syl R )6 PO w3991 39
XGBoost Random Forest Feature / Algorithm
L. BOOSHING (sls i) &y sots ade 4L BAQYING (65l 50 &y 5o 4 s Jke S5 ok 09

(1S o
Models are built sequentially using

Boosting (each model corrects the
errors of the previous one)

Very fast on m, . s GPU ;,
GPU

c%&bebb&_y‘)i\ér&ﬁcﬁww

A e e S 5 5 p ) iyt oo

(Lzen Jites

Models are built in parallel using
Bagging (each  model is
independent)

Good o =

Learning Approach

G R
Training Speed

Final Accuracy olg =ds

L RMSE

2 Self-Training Random Forest

8 Grid Search

4 Post Hoc Tests

5 Cross Validation

6 XGBoost (Extreme Gradient Boosting)
7 Decision Tree



i\
‘/J:'_/\

)

N
Farduaasl Yuiizisicy
of ddasunad

Usually better, especially on
complex data

o be bl il b ) e Good S e 895 J S
Excellent (thanks (regularization Overfitting Control

to parameters like regularization)

Supported s,is Not supported s, 8L by 0318 b 317 Cubild
Handling Missing Data

Oi\.l:}‘,}'Lglb;..kédjr@aj\écd-frv\;f@Lg)')_;\_&fw’?b‘j‘J..p)bfl\)'\&ﬁupwuga;;j-&)C}Lm\fC}h‘_.w\
b (SU,L 2l VAN Fe e oly5 L ys oS das e OLES (55,518 slear 5 0 (g leT (glaosls .ol Ol 53 J sammes
st (Bl 3 S 5 BV 51 i 53 03 28 (Slajlast a0 e (8 35ke o ol o 4y catily Lo gt 4 o s )3 VA
Sy 51 0LES ¢ pm S5 Sledal 8 ol LOVF V(g5 5LaS Slidis ou;u)uﬁa@;\,\;\,uﬁ,\p«mu&“
o 530328 (2 ke Sl 5 LedSTs S 655 S (s 51 3003 ondBl Dl 1 53 6555 p e ol YU
b8l sl e 2B (K S Gns walllan 5 T r*f 3 8es 2 fse ol e Gros (oot D32 Ol ) Sla Ol g

S e Ol 93 1, T
SVPY lejenss bs Shae s EalS 5 55 sladle 53 o3 18 Sl ¢ iL Kt Sblug oS ol 4 a5 L
5 Sles Sodids L)y o 5 olalis Jeol Coda b ians sy opl ccnl (65 Goes o oL LOkw gs 5 5 5o\ FAY
ol 6l Ll s b ile (6 ,85b (e 83 Gt e a5 5 (5 OLel 5 Ol Yo s T S
}dﬁdﬂ\uu,@:ﬁ&@u,mduoKig;!rxf;ﬂwx;gﬁupi,;,wﬁ\duubujidluwuﬁ;ﬁ
Ol o o 512 6 s oSGl 5 b 35 0205 8 53 gm0 5 Shos o iy Sladie (s 03 5 s
Sl Sl 5 o ki b oo Coenl ST 530085 13 G50l 3550 T 5ol 5 C83 o 5 A 0313 ann g 5 25 50T
LBl ke ol (b 5l g lion 5 o anlllan ) gl s 5 ) 15T i LB (ke

33T w23 (5305 Olul 5 53 S A5 (5lwaings 5 (ool D i

95 9 319

axdllae 3 g0 dikuie

Slatius 53 4 Cl o 7 kS VIMOF 35 ooln L (555 ) DLl Ol (3t (] 3 aodllan 3 5o adbate
I3 B Jsb aids Vg a3 8) b aids) g ax 15085 Jlai 5,0 4285 FY g am ;5 YV U azds OF 5 4 55 YV L 2
ch_,,'\,uw~m~~>3.\>619_.~j;ﬁtu:,t,>,uﬁ@m;&;;u&;;wj\dpj;ﬁmxsusbboui&\.,)u
c,a.:»l{mi,.\.?-;,{jQI,FLML':@.L@,:JJAL:Lg,é,ou,;-bblob,ph@,;&,;ﬂ.whuéblw.s
5936 ST T s Ol 5 Ol ¢ 8ns p ol ) (ol cOla 3 st o 853 LIS 3Ll ol o 5 Ol 3
ol 43 8 S o Y g4a

W 3550 OleMbl 9 ol

WSyl y3 05 Aamd et L B m e ( Sk (ke 5 Jile STTue) Lo il (slaesls el Sledb|
5oL A Ol gl a wlidlen o oSl SIVFY B AWAF Sloj o3l s Ol b o sy Sisr a5 Ay Sy, 43

v



= =

Fardaasl Ynlizisicy
of Llasunad
jﬁwgba\glijlab osls L;)'l_.ﬂ)'\{)m)j]é;“\gcu\bﬁ o2l el b g e iy 5 g g 05l M 457 Sl 55050 5
APHRODITE, ERAS5, IMERG, L (ol e 53 (elidlsn (gl o3ls (g5l 4t Cogar 0l s i s
(Yaghoubi et al; 2022; Farhadi et al., 2023; s 2505, aVlo clbs J6 6 5 5 oslical AQMERRA

Vo =
Y,
=

0,3 68 b eSS 53 Ll Cambge 5355 olgn 5 ST glaesls bl , Oliw ¢ ,» Soltani et al., 2025)
A plesl a5 Shas (slaosls b s 5 ok
ST o8l Sl S35 Sl o3l (b Ol g 2 (sl S s 0 S ST ol s 3 0t 5 S (slaesls 2 yChos DleN!
s e plw 5 65558 sl Olejlow 4 (6 s a2l 0 (6 555 DLl 5 Ol (6555158 slgr Olajl LD
}CU;;L_../\Gcb)';6@.:15\‘..@.«Lguﬁk:njls\ww‘o.\,ij.i;;agdscl’.»?ﬂg}uo:l:alwulx.u‘_gﬂ’;;
Y oo o s aze ot (Farhadi et al., 2023) wus § 51 5 eslizal 5550 Joke 53 Jitews (sls ke O gio ) 45 Ll donslons
Ll okl 03,47

‘5,.,:,&1,;;)1:“1,;(..\;?;,@.;@ﬁduﬁ)ﬁn,mu@uwg\,j,@ﬁtéuﬁgm-r Jous
Table 2 - Climatic and Agronomic Variables Used in Wheat Yield Prediction Algorithms in Khorasan

Y
QO
2
=
o
=
Q
<.
>
(@]
@D
>



\d
ﬁ:/\

)

N
Fardaasl Ynlizisicy
of ddasunad

s a5 S k555 day Jlo 313 5 V0 B OLT VG ey Joad s

J S (0 5lasl ubal ) gilwdle i Jols baosls (g 3lwoslal Joml o g ods S 5 rla.n A eSS B s b e oyl
W25 5 el LT (55 3, Shee slaosls b plesl 5 oiS

bosls ki g 4 x5

Odle 553k S o 5N IS @ P 3 los (S - )

ey Jalos Jan o5 58 53 31 o 3 Shos  coclil (sla itz 1 Julond (511 alan ol 53 1Mo S § (390 T
JEs gl it Ol ooy Lol 55 (S 5lwdibe (513 a3 ile (6,850 Sl s, 51 95 2 & Gy o oSl 5 )b
S i ip S 5 Slas (o8 o G ot Sila s e B 3 Wisd oo g (s ) iy ke 5 (ns35))
S olowT 1S Sl (55Tl b s oslicul &\6.\.’..34::-\.;;:,5@):(.\;?:;&9@3ﬂjccgbﬁw$|@
.\itft@;Tu,,Lf(K»JG;MMéu&;»g»uﬁ)mc,um,u;;)mu&m;lw@ﬁ,,ﬁ\,;d\
(la ;}J o S| (315 OLES 55 90 )3 o ) A esliial a8l wlie (g )ls (gla osls I ol s (W 9 5 Hllenl s 631>
Cos gl o )3 ¥ 5 dde 55T S s o3ls o3 Ve ‘xuww,;gum“éﬂf;g T sl 5l s
Al olentl Jis

b STy Geb 50T b Gl 5 (5,8 paal Olist 53 51 (5140 gozma slomil b 0205 S 2 3B PS5 b ks
‘su;;i,.;,b{.u),_,ﬂ,fjQ,L;(.,,u)“.;i,,ind,g olas jen E .@;d(’w\,@@@ﬁ‘dﬂf@ip
(a3 Slas 5 (il (Gl ke Ols Jast 15 5 ooy algy (ST Ul 1l 5350 g0 Jolld S )b iy e
ol Jalge 2 o 53 a8 Tl e Coesl (guiady aily) odate (b yite s 305 a4’ Bl he il 5 Caslis
5 slosls slalisla ys o ¢ b sl laesls 3 gm 5 Sy po 53 oo st (YU S5 6l e )l
ST gulons (Sl 58 4 5L O Slejis e

oSl (st Slay o o S0ke s ((R2) ¥ s s o ks (65LT (sla ol 51 ) psitiy Jike 5 Shae o551 5 slate &
Jelons ol (SC1 S (sl ol a3l (gl pazme gl 5 Gons bod g o 8 elinel " Dsal 5 315 el 5 Ol Gl

\A)‘J}Nw‘.d_&r:_wj;OL’I_.»J.@_.SIJA‘S\JJd-\ﬁ@\i})‘éuu&uba‘ﬂ&;w&h&)JGhWWW‘

1 Overfitting

2 Feature Importance

3 Coefficient of determonation (R?)
4 Root Mean Square Error (RMSE)
> Mean Absolute Error (MAE)

& Willmott’s Agreement Index (d)



(I

Farduaasl Yuiizisicy
of ddasunad

J‘UJpfb-]@.b);,—d‘*-uwfp-“‘}(v\fbgwo—:é)-"g‘bjﬁM‘éuﬁ-‘ﬁ}%f)‘&f&?bi{ﬁ
S p LS cadil amb 0T Jis & 5 Ok 4
OT 5, Shes o slaesls b 385 oLl 31w s b onls 5 5eT coliazstl Juibe &S5 Ol g a6l 5 oS ol S30LLE
Gt s 50,3 PRI 3 U Sl b IB 53 as 35 seT Glade ool s dol (g LT (gla s Li jlesliz ul L
5,8 515 eslinal 5y 58 (oo i ) ST glas )8 s b ws 8
r‘iui“ LSS 63555 sl o3l b e i o5l r"w;\“ 25 plowil ol o S 1ammig 2 S b Julox
15 pb e By G oSSl 025 S ol ol g § 5 k5 S el 5 o S
S50 Ol B bl S Sl ygl 18 pus & Sos dibo Jw - T
ch&a:ﬁb\@ﬁﬁgr&-‘}@)[ér}&)‘..:i‘))in_gbj\cdbﬂjﬁjbcgaﬂﬁ(d%w%)dv\é4-3-?19)}2:-‘4{
sy opl s lesls gl aib Coale s &) s (5l aig b e cdlay ol 53 68T Soslis oy
020 2 8l S S 5 o U 5 eble 658k ladile s bl ) (Slesig S 1B o (S div
50 W slam) s ¢ S0 g " blize i ylael b S3las (gt 5 blite ominylael b glaSs (g s 3 S g5 93 )
(st e (3 o ) 1 25 SN sla bl S San oS 5 plas Jgl 3,5, (M0 Lyl N_estimator
e O iz 51 (R2320) > obl 56T o aalsl 3 5 45 o s L T 503,87 a5 1 (o 5 6,55k ¢ 5
SLa b Jiln 5315 5o (85l OISl cciads ol B3l sl b s 3,0 55 o Sl 53 S o Iy (0t 5 Shae
;u,aJu;ujsc_._.v\Cﬁ\‘,ufa,,\,u.u\j@\,djujg,)6§,L§4{4§6uut4;.>;u@r¢i,;n;_.f,;.bg
}g;_.ﬂ,t;(.,x,&wmuu,;i@\,;.;ﬁm,;,u’fu:,_.,:du4g\,6,,oT‘5\ﬂ\¢;J_.m\_.:p;L_,-u,;.bg
33 I Jsd 53 b )\;_e\m,:“&u@ Jolize vy lael b 5 (g5 lwaing c 3ay 33 opl Sleslinal b S gy o oSS
Bl gl K, s o)

ok s Shoe iy i 53 ceble (5,5 3L sl 025 S (5 gy 3,055 53 Amlie Y Jgur

Table 3 - Comparison of Two Optimization Approaches for Machine Learning Algorithms in Wheat
Yield Prediction
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3 Confusion Matrix
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Table 4 - Evaluation and Validation Metrics for Random Forest and XGBoost Algorithms in
Predicting Irrigated Wheat Yield in Khorasan Razavi Province, Before and After Optimization
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Figure 1 — Violin plots of SHAP value distributions (feature importance) in the Random Forest
algorithm for predicting wheat yield in Khorasan Razavi province. (A complete description of the
.(features is provided in Table 2 in the Materials and Methods section
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Figure 2 — Violin plots of SHAP value distributions (feature importance) in the XGBoost algorithm
for predicting wheat yield in Khorasan Razavi province. (A complete description of the features is
.(provided in Table 2 in the Materials and Methods section
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Figure 3 — Correlation coefficients, p-values, density distributions, and clustering of the top ten most
influential features on wheat yield in Khorasan Razavi province using the Random Forest algorithm
(left) and XGBoost algorithm (right). (A complete description of the features is provided in Table 2 in
.(the Materials and Methods section
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Figure 4 — Relative importance of features influencing wheat yield prediction in each county using the
Random Forest model (based on standardized data). (A complete description of the features is
.(provided in Table 2 in the Materials and Methods section
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Figure 5 — Relative importance of features influencing wheat yield prediction in each county using the
XGBoost model (based on standardized data). (A complete description of the features is provided in
Table 2 in the Materials and Methods section).
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Figure 6A — The final decision tree generated by the Random Forest model for Mashhad county.
Number of rainy days during the growing season (NPGS), evapotranspiration during the growing
season (ETGS), precipitation (PREC), and daily maximum temperature (Tmax)
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Figure 6B — The first tree structure generated by the XGBoost model for Mashhad county.
Daily minimum temperature (Tmin), average daily temperature (Tmean), and growing season
length (GSL)
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Figure 7 — SHAP (violin) plots of the relative importance of features in the optimized Random Forest
model (left) and XGBoost model (right) for predicting wheat yield in Mashhad county. (A complete

description of the features is provided in Table 2 in the Materials and Methods section).
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Figure 8 — Decision SHAP plots for predicting wheat yield in Mashhad county by the Random Forest
model (left) and XGBoost model (right)

Kos Sle a eyl 3 e sl Shs ol s ala, 4meS sles 0358 s odalin (G Caw) A S5 5 oS plailes
f,ga\;,,wéugj\mwuﬁ\);}s.w\.\:{l,a c..»,l;r},ujd.uG;aisuld.u,“,u,&:,\,j}_,@},\
e.w;bﬁ.aﬁ‘.wbl.l%@»o.u@cm@)ﬁdlj))aﬁfdbsfji}j\S&hJa}AJﬁ):.&:@Jgid}a}
s (b 3 Sles) Lo b T tods 5 Shas il 33 Eol YL @l 55 aaS” (glos m (YU 5 Shes) Sl 4 ba 3 3) il
PR Lol (K5 0D w35, 4T (slos (il plie lads a3l (S ok il 0k 3 Shos S8 Eoly by 55 408 sle

! year-location

v



).

N
Fardaasl Ynlizisicy
of ilasunad

,l.@.auﬁzCJQJQ)L;A{s,u,\a,\,s,&a,gpf)l;wn wl lie b s Shes Lo e bt Lo o) Lilods 5 Shas
el e 55 b slales 4ol Conlir Kb S eloits Jo . 0ke 4 o 5 Shee (2818 Eoly i o3 it ol

Sl ita e (Slobomy Al 4l Sy l6 pgoliy Jite o ST sk s L1 o Ol (oo e 5k 4 il (S nle sl
(sl 33 03 b Dol il 5 4aS (Sles 4T Aas o OLES el b 13505 LS ol el 0S5 Shee 5 ol
-‘#ﬂ&‘x’ﬂé@:&&:ﬁﬁbﬂ@fﬁ“)J«”’&jﬁﬂw‘d‘jw&:ﬁ‘:ﬂ&w iy Joad b K sles
23 el 13505 3l F 50 LT 5 ST b (Siladigr 53 Bl DS Sl 5 0155508 (sl o ol 1

WLl 0 0315 OLE A S ol y S 53 s S gp o oSSl 025
j‘.__z;“,;\6;,\;¢u@&@gékélwuﬂo,@dew%éu@,ﬁ&_;@ﬁ,t{ys«Ji.:
s gas ol sl 3L Lleds ansls &5 Cul b S5y plu oS Jlo s cdas o Lialei |y odE s Shoe 5 Sis 2 6810
s (($3 508 smen S35 o b Aky b b 5 Sike sles wlny S0k sles S Sy SMie Bl e S35
s o Ol 1y (S5 p O &y S oo Gy gt (s g L st i1 o513 (ke Lo ) 3 Shoe 0 i o
b gl 53 oS s Shee Hlkde cad o W B NY 51 Sl g8y Olabs sl (5l 531 (@YU JK8) s o3y Jike 3
AV :5.,\>UL;.\S)LfQwsﬁlﬁlyoTﬂmé}g.u)@)hi;a):r;}l;\"f‘n:}bq)u\{lisau:gl}éld:tij%
(o3 Shae o gmimn 26 (S35 ol iy GRI3 m) T gLt s Sl 45 3L 3l a8 b o
das oo O (a3l Ligy pl ks oS s Shae o5 2y 3l o 01 8 (Sl am y3 MO B F 51 el 55 48 sl 2131
LTVE.sj.\;u)safc,éﬁQ.lll.:.;)\.sc,.;..a'cwb%ajl.:0.1\U&,Sdb:ﬁljélqwrg‘w@&\}a)gT.}aﬂﬂﬁf

ol by posls b S5y o ol oo Sl H 4 Yzl 48 Cils 5o S Sblusi o) 8l 45,3 VIO

PDP - Mashhad

3600 3600 3600
3550 3550 3550
g g g
§ 3500 g 3500 § 3500
3 H 2
2 2 2
g & &
3 3450 2 3450 & 350
s = s
H B £
& 3400 £ 3200 £ 2400
3350 3350 3350
3300 3300 3300
1 1 1 | 1 L (I 1
120 130 140 150 160 60 65 70 75 80 85 85 90 a5 10.0 105 10 15
NPGS Tmin 5

PDP - Mashhad

3600 3600 —!—r 3600 li
a @ o
£ 3400 £ 3400 £ 3400
H ] g
2 3 1
i g 2
£ i z
£ 3200 2 3200 £ 3200
£ & &

3000 3000 3000

Ll | | [ L1 1 |1 L1 | I Y Y | |1
85 9.0 a5 10.0 105 11.0 115 8.0 85 2.0 95 10.0 10.5 110 25 3.0 35 40 45 5.0 5.5
Ts TmeanGs TminGs

gg‘:‘g:":.’.)ﬁ(g).‘.’.l:’-)c“‘“'}"gs"u“gi‘}(Yb)‘:‘”)br}“b)d“\”Ls‘f(kségsiks’)g;f';:“‘}%)‘bj“_iﬁ

YA



Wi

Farduaasl Yuiizisicy
of ddasunad

Figure 9 — SHAP Partial Dependence (DPD) plots for the Random Forest model (top) and XGBoost
model (bottom) in predicting wheat yield in Mashhad
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Table 5 — Four evaluation metrics of the Random Forest and XGBoost algorithms in predicting
wheat yield in Khorasan Razavi province, broken down by count

Torbat-E-Jam 0.13 0.34 269.36 312.61 211.48 308.78 0.77 0.71
Neyshabur 0 0.33 377.91 343.82 298.37 232.39 0.78 0.59
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Mahvelat 0 0.16 481 344.22 441.6 329.94 0.71 0.69
Fariman 0 0.07 205.41 314.79 175.52 253.8 0.62 0.75
Bardeskan 0 0.05 387.03 187.69 341.11 149.23 0.6 0.8
Chenaran 0 0.05 410.79 281.64 317.07 202.42 0.59 0.62
Kashmar 0 0 472.61 217.93 424.28 164.5 0.51 0.56
Gonabad 0 0 683.93 444.72 579.88 372.6 0.46 0.55
Taybad 0 0 455.4 521.03 380.93 473.99 0.44 0.52
Mashhad 0 0 223.05 454 167.03 350.58 0.43 0.51
Torbat-E 0 0 786.2 581.33 685.32 505.85 0.39 0.47
Daregaz 0 0 678.69 432.65 484.36 388.38 0.38 0.44
Sabzevar 0 0 465.75 345.44 311.6 234.95 0.35 0.44
Khalil Abad 0 0 247.96 141.19 221.54 125.68 0.33 0.37
Quchan 0 0 943.99 667.65 797.74 622.39 0.25 0.36
Roshtkhar 0 0 515.13 352.85 415.8 285.01 0.2 0.18
Sarakhs 0 0 663.58 622.78 551.74 532.25 0.08 0.11
Kalat-E-Nader 0 0 464.9 609.82 413.58 450.16 0.06 0.1
Khaf 0 0 619.28 331.28 534.82 315.66 0.02 0.1
Mean 0.0068 | 0.0526 492.21 395.13 408.09 331.5 0.4194 | 0.4668
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Note: The comparison of both models in the counties is based on the evaluation metrics of Rz and d for the Random Forest
model (the index values are ordered in ascending order, and the counties are arranged in descending order of importance)
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Table 6 — Ranking of counties based on the accuracy and performance of the optimized model

according to evaluation metrics and validation in the two models, Random Forest, XGBoost, and their
average (rank listed on the left side of the county)
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1 Khalil Abad 2 Khalil Abad 1 Khalil Abad

2 Bardeskan 1 Bardeskan 2 Bardeskan

3 Kashmar 3 Kashmar 3 Kashmar

4 Chenaran 4 Chenaran 4 Chenaran

5 Fariman 5 Fariman 5 Fariman

6 Sabzevar 8 Sabzevar 7 Sabzevar

7 Khaf 10 Khaf 10 Khaf

8 Mashhad 6 Mashhad 12 Mashhad

9 Torbat-E-Jam 12 Torbat-E-Jam 8 Torbat-E-Jam
10 Roshtkhar 13 Roshtkhar 9 Roshtkhar

11 Mahvelat 11 Mahvelat 11 Mahvelat

12 Daredaz 9 Darenaz 14 Daredaz

13 Tavbad 7 Tavbad 15 Tavbad

14 Nevshabur 15 Nevshabur 6 Nevshabur

15 Gonabad 17 Gonabad 13 Gonabad

16 Kalat-E-Nader 16 Kalat-E-Nader 16 Kalat-E-Nader
17 Sarakhs 14 Sarakhs 18 Sarakhs

18 OQuchan 18 OQuchan 19 Quchan

19 Torbat-E Hevdariveh 19 Torbat-E Hevdariveh 17 Torbat-E Hevdariveh
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Figure 8 — Confusion matrix of the Random Forest algorithm (right) and XGBoost algorithm (left) in
classifying wheat yield in Khorasan Razavi province

.@\#6})jrf|j&wjb@):3w%)W(@>wLg\.a)luﬁia)d\.p‘#ﬂ:&acwﬁ@‘r&‘ wjb)b
wl;\!l{e@zlé.@@@”qfsﬁ&a.&: ‘SLA‘#)‘ G)BJ.’&M le.ﬁuaﬁ-cg:,.‘»)lét)-bu J"‘.’.JSL‘)"
‘shobﬁd\jrxfajik&@d&i):dbﬁéfajilwo.\.usol.i;Shdwt;lf}l::n\wb\xdmjzdlwuﬁ

wu\ﬁp,\;4?}:uoupCMjst;ﬁupwuw@fu,y@;@\d\.aﬁdojy‘@lqh&u

tlon ol Sla Ol it 53 Joe Ol Oo1 5kl 5 ¢ b 3b el b e 85 0 ST > e pebetin (50 ylons
Y Jgu) 355 o0

r:;_)}iﬂ‘,: @l 0l el 5 (Recall) b L« (Precision) ez css « (AcCuracy) css aods -Y Jous>
L;FJQL”\;QL:W\);(K;;L&L;J@@

Table 7 — Summary of Accuracy, Precision, Recall, and F1 score for the two algorithms in classifying
wheat yield in Khorasan Razavi province

Jw cds Cade B b Fl-Score
Model (YAccuracy) (%Precision)  (%Recall) (%)
Random Forest S e 68.9 78.0 68.9 67.7
XGBOOSt c gy ) 69.8 738 69.8 66.8
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Figure 9 — Actual and predicted wheat yield values by Random Forest and XGBoost in Khorasan
Razavi province, along with the F1 score for each model and county

PO 3 ylos (S ddnb 93 iy 59501 98 Sy dgiome § s Llow
oshte & e sl lodd (guaih VU 5 Lo e b IS 3 0dd it 5 (815 Slaar p edue 53 8 )3
o «High» 51 Slowls 4 bg e Slala sl o x i ()l 5y 3 Tl 0 0355T A g 53 ik 55 g lie
e b «Lown o ldtas «High» o s 45 50 55 L5 5 ol «Medium» 4 «Low» 1 «Medium»
oy 3L 3 o 4 (il (glallast ol la IS gloms (sla s je 535U s SST, sas 0lis o 5l i
ST, cules S o Medium « High v Low « Medium 51 o i dadle &5 55 0550 2355 o0
Pl 3L 5 gy 4 Cd 0k (g YIS 0
« «(Low—High» s «Medium—High» clalesl Kato 2alS 5 JS 85 53 S 35 b Congy r o
el onls a5l |y (High—Low) was Slalail SWl sse 5o Jstas jaseis 5385 1) Sle b e ail s
Lo gte ST )3 elzdley Cand 5 Shes b (Gl g 457 Cobls 5 g2y (53020 3l g0 S ylbp sy oo )3 (ol 5 sbay
el iy )8 (5030 5 b odalive (6 7208 o b o gr o oSSl 53 § g go 0l B S 1 s o b

OWL)‘J' 5 L&ab‘bdfg:,_w‘ ‘ S s_,_wL.a C_',_MI)B )-U) J.—\.A .g:,—wl.&o)‘} " "e-«\.q‘ad_. L‘h /‘ /DL S
o ALK Ay ¢ O fodem S

Y¢



\
4‘/\
|12
\ff-.-(

Farduaasl Yuiizisicy
of ddasunad

0 b gy o SN e ST S a5 oglite sl (S5 (05 L35 e (3Ll Glas 53 O il
ST 6 385 95,50 5L 1 5 ass sl Sl el 5 (oKt g
ou,;rﬁ;ﬁw@@ﬁﬁﬁ@ﬁ@w&“\,@,ur,%ﬁ,ﬁ\péuww—/\ Jou>
S3e, Ol &

Table 8 — Error analysis of the two algorithms, Random Forest and XGBoost, in predicting wheat
yield classification in Khorasan Razavi province
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Table 9 — The best model for predicting wheat yield in Khorasan Razavi province based on the
clustering of counties in the three climatic regions

City Cluster  Better Model
Neyshabur 2 RF e s,
Chenaran 2 RF b5,
Quchan 2 XGCBw gy S
Gonabad 3 RF w60 50,
Torbat-e-Jam 3 RF w60 50,
Sabzevar 3 RF w60 50,
Roshtkhar 3 RF w6,
Daregaz 3 RF e lp 50,5
Bardeskan 1 RF v j6p 50,
Khalil Abad 1 RF v j6p 50,
Mahvelat 1 RF b,
Sarakhs 1 RF w6,
Fariman 2 XGBew g o oSS
Kalat-E-Nader 2 RF o, p 50,
Mashhad 2 RF o, p 50,
Torbat-E Heydarieh 3 Equal
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1 Hyper-arid climate with high temperature variations and a very hot and long growing season.
2 Semi-arid to semi-humid climate with low temperature variations and a cooler and shorter growing
season.

3 Warm semi-arid climate with moderate temperature variations and a relatively warm and long
growing season.
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