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Digital Mapping of Soil Argillic Horizon Thickness in Northeast China
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( State Key Laboratory of Efficient Utilization of Arable Land in China / Institute of Agricultural Resources and Regional Planning, Chinese
Academy of Agricultural Sciences, Beijing 100081, China)

Abstract: [Objective 1The argillic horizon is a subsurface secondary layer formed by the accumulation of soil clay particles,
and its thickness exerts a crucial regulatory effect on soil processes and vegetation growth in Alfisols. Understanding its
spatial distribution is critical for effective land management, particularly in agriculturally important regions such as Northeast
China. However, there is still limited knowledge of the spatial variability in argillic horizon thickness, and predictive studies
on this topic are scarce. Traditional understanding has largely relied on extensive field surveys combined with geostatistical
methods, which are often resource-intensive and may not be efficient over large regions. This study aims to develop a robust
predictive model to map the spatial distribution of argillic horizon thickness across the three northeastern provinces of China

by integrating limited soil profile observations with a rich set of environmental covariates. [Method] A total of 311 soil
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profile samples with argillic horizons were collected in Northeast China. These samples incorporated data from recent field
surveys and historical soil records. Consistent with the SCORPAN framework, 71 environmental covariates were selected to
correspond to relief, climate, organism, and soil factors. Dual feature selection was conducted via Pearson correlation
analysis and the Boruta algorithm. The quantile regression forest (QRF) model was then adopted for spatial modeling,
cross-validation, and uncertainty estimation. Rigorous evaluation of model performance and uncertainty estimation was
conducted through 50 repetitions of 10-fold cross-validation, and accumulated local effects (ALE) plots were generated to
interpret the relationship between key predictors and the target variable. [Result] The average results from 50 iterations
showed that the model achieved a coefficient of determination (R of 0.32, a root mean square error (RMSE) of 24.34 c¢m,
and a mean absolute error (MAE) of 19.47 cm. This performance is significantly superior to that of most regional and
national scale soil thickness prediction studies (R=2= 0.11-0.41). The prediction interval coverage percentage (PICP) was
86.2%, which is close to the predefined 90% prediction interval (PI), indicating high reliability of the uncertainty estimation.
Soil and climate factors were generally more influential than organism and relief factors, with soil thickness (ST) identified
as the most critical driving factor. The spatial prediction results indicated a distinct decreasing trend in argillic horizon
thickness from the southwest to the northeast. The western and southwestern regions of the study area exhibited the thickest
argillic horizons (mostly over 80 cm, with some regions ranging from 100 to 125 cm), while the northern, eastern, and
southeastern regions had thinner ones (mostly 20-35 cm, with some regions below 20 cm). High prediction uncertainty was
concentrated in mountainous and hilly regions with sparse soil survey points. [Conclusion] This study confirms the
feasibility of mapping argillic horizon thickness using a machine learning approach combined with environmental covariates,
even in large, complex landscapes with limited soil observations. Future research could focus on integrating proxies for
parent material and pedogenic age to enhance model accuracy, as well as exploring the spatial prediction of other argillic
horizon properties (e.g., upper boundary and compactness). This study not only addresses the gap in argillic horizon thickness
prediction in Northeast China, but also offers valuable insights for optimizing regional land management strategies.
Key words: Digital soil mapping; Soil-landscape theory; Soil argillic horizon; Feature selection; Quantile regression forest
model; Uncertainty estimation
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Fig. 1 Spatial distribution of sampling profile points in the study area
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Table 1 Basic information of environmental covariates

WA & SrHEEEIm TR SRR
Environmental covariate Resolution Abbreviation Source
A 412 % i /2 Mean annual precipitation 30 MAP e HEER L IR ) 1]
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Climate H - ¥385 KB4 R & Mean monthly precipitation maximum 30 MMPmax Fine resolution mapping
H-F-¥385 /N R & Mean monthly precipitation minimum 30 MMPmin of mountain environment
[% 42k /7 Rainfall erosivity 30 RE
T Mean annual aridity index 30 MAAI
A8 KT8 Mean monthly aridity index maximum 30 MMAImax
H P ¥8 /N1 Mean monthly aridity index minimum 30 MMAImin
P-4 X Mean annual wind speed 30 MAWS
A P8 KX E Mean monthly wind speed maximum 30 MMWSmax
A F¥38/NXE Mean monthly wind speed minimum 30 MMWSmin
4715 H % % Mean annual temperature daily range 30 MATDR
A8k HE 2 Mean monthly temperature daily range maximum 30 MMTDRmax
A8/ H#:% Mean monthly temperature daily range minimum 30 MMTDRmin
SIRAEEZ Annual temperature range 30 ATR
4P 345,05 Mean annual temperature 30 MAT
A4S I B OR{E Mean annual temperature maximum 30 MATmax
IR A /ME Mean annual temperature minimum 30 MATmin
3585 < iR Mean monthly temperature maximum 30 MMTmax
A P18 /NS R Mean monthly temperature minimum 30 MMTmin
H B IR S KE Lowest monthly temperature maximum 30 LMTmax
H A% A /)ME Lowest monthly temperature minimum 30 LMTmin
H B /S R R KAl Highest monthly temperature maximum 30 HMTmax
A & AR /ME Highest monthly temperature minimum 30 HMTmin
V- 14)7% /& Mean annual evaporation 1000 MAE
ARSI H B IS Mean annual sunshine duration 1000 MASD FIER SR A6
HEF- AR Mean annual relative humidity 1000 MARH Resource and environmental
145k Mean annual atmospheric pressure 1000 MAAP science data platform
P-4 Mean annual ground temperature 1000 MAGT
{5 72 Elevation 30 Elevation
Y FE Slope 30 Slope
B IA] Aspect 30 Aspect
L& B5% Hillshade 30 Hillshade
ST #h# Plan curvature 30 PLC
T Hh 2R Profile curvature 30 PC

Hi I b i FE 45 %1 Topographic wetness index 30 TWI B ER 5| &
Relief HFEALARE Relief amplitude 30 RA Google earth engine
HhFEHLRERE Terrain roughness 30 TR
HJE i A 4%k Terrain ruggedness index 30 TRI
Hh Ao B $ 4 Topographic position index 30 TPI
Hh D) FIRSE Surface incision depth 30 SID
TR 5 F5 # Stream power index 30 SPI
EFEAR 7 Z ¥ Elevation coefficient of variation 30 ECV
) Sentinel-2 §14% Bt: Band 1~12 10-60 S2_B1~S2_B12 B IR 5|
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Organisms Google earth engine
VA — 4k A8 4 F5 5 Normalized difference vegetation index 30 NDVI
955 A 4 76 £ Enhanced vegetation index 500 EVI N
. . ) ] 5% 7 e R 2 40 0
W 4 7 7% )% Fractional vegetation cover 250 FVC
National Tibetan Plateau data center
W25 72 77 Net primary productivity 500 NPP
B A 7= 17 Gross primary productivity 500 GPP
135 Soil thickness 250 ST
+ 34 Pk soil organic carbon 250 SoC
T 3EH PR soil organic carbon density 250 SOCD
Bk & Silt 250 Silt
ki & Sand 250 Sand
Liu et al.[16:27]
+35 ki & Clay 250 Clay
Soil 75 Bulk density 250 BD
W25 Acidity and alkalinity 250 pH
¥ 55 732 #% B Cation exchange capacity 250 CEC
FH14E G & & Coarse fragment content 250 CF
Tl B 47 & & Rock fragment content 90 Gravel
Shi et al.[28]
FLERE Porosity 90 Porosity
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AHEFAEH IBM Statistics SPSS 19.0 F AT AL WAL B A SSHE 734, FF5IBR AN 22 AH R 1)
e (P<0.01) .

Boruta s&—FfiFET RF BRHEIESETVE, B FEVIAE L “PRE” , AR5 R SR
AEFIIZ AL “52-FRpAIE” B B R i o i AR RHIE 4R . SEE R EAE TP (D
FE RF BRI R SRR R E N () QS FIGRIEREM RN “E TR . HT 5HE9%
FEECER: (3D MRHERAIE B M 1 B & A e s R E AN B R A (4D ZHRIEA, A E—
W EERMER “F2 AR MESHTE) RE AR, SRR BRI 3 O SR L RHIE AR
HERERMEEAAHARETN. HEFREMEH r &5 10 Boruta GEWSRSEIL, K B e 1 5 ZRF
TEBIE A o
1.5 ZS[E) T AR AR BY 14 BE 1T

23 ) PN AR A QRF A7, X /2 i MeinshausenBa3E HH (5L . A SRV & T 3
MNEEBH, I3 R PRAE 70 25 RN B R RHES (mtry) |, 815 7R 20 RERT 0 200 35 1 e/
FEARL (nodesize) FIHLHEH HIECE (ntree) . AWFFLRM, ntree ¥ B NERINE 500 % & LL~4E
R () PN (S 261, e feft B b S R0 B AR A B B 9 mtry M 1 2 5 R RIS, 2P KON 1 nodesize
M 3210, BKK 1. ERNSET, @A, i FREH rif 5 1 ranger ALEEIR S .

FERIAR TR SBERA R, SR 10 4758 IR UEXT RV REEAT PEAL . W B B ST 1EAT 50
R 10 H758 XSGR , UK B2 VPAN Fa bR B 35E A/ A BE DAt () fe 26 45 IR 02 L B 1 vesg %k (coefficient
of determination, R?) , ¥JJ7#Ri%Z% (Root mean square error, RMSE) , “F#4aX} % 2 (Mean absolute
error, MAE) FIT5I[X 6] 78 75 HE#% (Prediction interval coverage percentage, PICP) 4 MNiEAE#s .
10 H748 XIS UEAEF r 1 5 1 caret ARSI .

1.6 HgE M T AR B AT R AR 1

8 H] QRF B RS FIIIHE A X I 0.05. 0.50 (Hfir%l) A1 0.95 70 i) LIRFALZ BE . AR,

f§iFH 0.05 A1 0.95 73 A BB AE 22, SRZEME S LB LUAE, DL S0 T 285 S A AN e M dia 21
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SRR S8 AE TN rh B EL S S R AR B, 8 r 15 S 0 dplyr AL RS AR AR B B HEAT HEE - AL,
it SRS E SRR E 2 AR &R, BEH riE S/ ALEPlot fuBeA: g% T B R ERRL
5 (Accumulated local effects, ALE) P>k n] # AL REAS T AR & arfr] st B 4L J2 J5 2 1) Tl

2 4 B

2.1 B EE AR MG HHE

TR S LR SR EEVE RN 7~138 em, PR BN 53.77 cm, ALECK 47 em, FRifE 2K 28.92
cm. fWfERECN 0.70 (>05) , RIEIR D AMAAEER B 1EFE RECH-0.18 (<0) , RIAHL
A EE AR T IEAS AT 9 P, A2 R RECH 54%, ROA B A 8138 et o AHH 54
R GG 1) L3558 50 12 JE RERAR AT 25 (A 4SS, R8I B A e
2.2 HEEE R EFiFiE

MR Z R SRR AR &2 1)) Pearson AHSC R % (B 2) MM LZEEE S — &
YIRS & 2 8] 2 AU (P<<0.01) , 43724 SOCD. SOC. MARH. MMPmin. Porosity. ATR.
CEC. EVI. NDVI Al MAP, #H<PEM-0.17~-0.39; It4h, ZMLEREES ST. MMAImax. MAE.
MATmax.- HMTmax. MMAImin. MAT. MMTmax. MAGT. MATmin. MMTmin. HMTmin. LMTmin.
LMTmax. MASD. MAAI. BD. pH. S2_B3. S2 B2. S2 B4, S2 B5. S2_B6. S2 B12. S2 Bl
A1 S2_B7 ZMIRIEMKK R (P<0.01) , MHRMM 0.16~0.45. LAKMT, MK RELEIIA S
(Jr < 0.50) o ffi X LePpas B AT Boruta ik DLt — B AR IEIL 3%

EHEAT b D

e HWHHHHHHN\

b5 {5 Environmental covariate

T
-04 -0.2 0.0 0.2 0.4
PearsonfH 714 £ #Pearson correlation coefficient

2 IERFACZE RS M AR B ] Y Pearson AH SR R EL
Fig. 2 Pearson correlation coefficients (r) between soil argillic horizon thickness and environmental covariates (P<0.01)
R4 Boruta BIERILALTRILSE R (13D, KA IS ZARMAEAE A RLE JE EE T B 2B .
763 77, f14E ST. SOC. SOCD. Porosity 1 pH 3t 5 MEFAEAS &, ESER 77,
LMTmin. MATmin. ATR. MMTmin. HMTmin. MAGT. MATmax. MAT. MMAImax. MMAImin.
MAAI. MAE. HMTmax Al LMTmax 3t 14 MRAEASE . P B3~ MIA D) R 5~ AR AN L ZEAAE R
B YOI 5 A A R ) S S IS, AR T R R R e AR A
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@ &= EZ 45 iEImportant feature 5
B AEEEHEUnimportant feature
51 W FFFFEShadow feature

21815841 Z-Score

] 3 3T Boruta HIEIIFEE A RILILIFE (LUREE R
Fig. 3 Optimized selection of environmental covariates based on the Boruta algorithm
2.3 RN MERE

7 50 YA, BERIVEREI A S5 R ok, R2. RMSE F1 MAE 3{E 2 7119 0.32. 24.34 cm
F119.47 cm, RO LIRS T 32% 1) LI RALZ IR B (1) 2 (8] 384k, 1T Howell S04 36 [E 52
W F VDL X T P HRE 25 R (RAY 0.11) o SRR (B2 BE (SR T 7
PEXTEE (FEIX IR E I, R2SEH N 0.16~0.33 111237391, FE[F K R FE I, R2JEHIN 0.11~0.41 14042) ,
AT TR T BE AT T 48 3 CARTE () T ) B 5 SR, BRI Hh SR A - e R AN 2 R RE ) A A AR A
FEE. ULk, #R4E Globalsoilmap [ ARMIFE, WIRAH R &ML, PICP NAEF BE e
I 909% TR X 1] . ASHIT 7T 1K) PICP H4{E y 86.2%, AR H2T 90%, % WA E M Al 7E A I A7 B
AR KRR BT EE.

2.4 TR E R AR E T

WFFCIX ) 3 B0 2 R R T 25 S P 4 . 455 BN, QRF AR 7Y F (it 15 4 P A o i 1R
B AR AL B ) Ak R . BT X B U AN P R S AL B A R, JE R AR 80 cm LAk, 4y
X 35k )2 BEAE 100~125 em 2 [8); TR FE X A6 . ZREBFI AR F i R AL 2 i, RS i 7F 20~35 cm
Z 6], 5y DX ERE /N T 20 oms 23 [A) EREART U R — 2R AL 7 In) 2 iE S .

0.05 F1 0.95 2z H5/F Ay il X 16 i) bR BRI 2 b BoR 1 2602 JE B T A i e e . e TR
AR E P AL, HIRE TR : B, 90% Pl A G 5t & — /N ER KT X 6], 2500t
FLh 1) 90% PI 357 AR 58 1 TG 121436270 FLyk,  FH Sk 2 A A R B A 2 5 P e A 1% e SR 4
ik 54%, R TIINAS B R AIPEECR, BT RE BN X 8] ) R s AR s e, B
J2 B T P o e AL LR AR s B R R e, I PT RE R X TR T G B R R

RN, 86.2%[1 PICP AR B AN & YEVPEAS A 2 H AR I 5. {8 90% PI 5 0.50 731731
M EZ R A e R (B 5) o 858K, sAEN GRER) EESMELX R . X
S XA ey HACIE AN, SEHL IR AR PR S, R 1R I IR A A, E AR ] RE
WAMRER. ERICTE AWCFIR . =V R 5D P — S fiihh, IR BRI, XL
X Imlak R 4F, A i) T SRR, BRI E P SRR O
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95% 41 4
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?‘0 p
F L) 5 B Argillic horizon thickness(cm) : ’:}// 95 M
0 70 140 0 240 480
T T [ T — — km

P 4 QRF BTN - e R AL Z B B2, BARIME . T E . IR AR A SR (BLRE AR
Fig. 4 The predicted soil argillic horizon thickness by the QRF model, including mean values, median values, lower limits,

and upper limits

150 300
——
ASHi5E $E Uncertainty

4 - FiHigh: 3.65

Kl 5 A X LRI Z B A E B (UEERE

Fig. 5 Uncertainty map of soil argillic horizon thickness in the study area
2.5 FHEEEMFRREERHX
251 FHEEZENME B 6 Bon T ITE R EEMEEEHTE R . 4REY, ST R@fid et iE
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Fig. 6 The relative importance ranking of environmental covariates generated by the QRF model
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