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Part A: Detailed formulation on the evaluation of the root cohesion
The term, F(Di, Δy), in Eq. (5) can be calculated according to the formulation proposed by Schwarz et al. (2013) as follows:
 	(A1)
where RE(Di) and RL(Di) is the Young’s modulus and root length function, respectively; and Fmax is the average maximum tensile force of the root and it can be evaluated using the following equation:
,	(A2)
where F0 is a scaling factor; ζ is a power‐law exponent; and D0 is a constant root diameter used to ensure the consistency of physical dimension between both two sides of Eq. (A2). D0 is assumed to be equal to 1.0 (Schwarz et al. 2013). In Eq. (A1), E and L were considered to follow a power‐law function with root diameter, following a similar mathematical expression as Eq. (A2). The full formulation can be found in Schwartz et al (2013). However, it should be noted that the reported data on the root tensile strength function was more abundant than that of the root tensile force function. Therefore, the root tensile strength function was used to derive Eq. (A2), and it is defined as follows:
,	(A3)
where a0 and a1 are model constants, and Tr is the root tensile strength and D is the root diameter. The data of a0 and a1 were collected from studies that reported the root tensile strength test of trees species in subtropical areas. Table S3 summarises the dataset of a0 and a1 used in our study. By substituting Fmax = πD2Tr/4, D = Di, D0 = 1 and Eq. (A3) into Eq. (A2), the following equations can be used to correlate with a0 and a1:
,	(A4)
.	(A5)
The function PS in Eq. (5) is the Weibull’s survival probability, which can be calculated by:
,	(A6)
where λ and ω is the scale and shape factor of the Weibull’s distribution, respectively; Δy* is the normalised displacement applied to the root and it can be calculated, as follows:
,	(A7)
where  can be obtained by substituting Fmax(D) from Eq. (A2) into the term on the left hand side of Eq. (A1) and solving for Δy.
Solving Eq. (5) requires the total number of roots and the fraction of roots of each diameter class of interest. Hales (2018) used the available information of root biomass distribution and root bulk density to derive the root area ratio (RAR, defined as the ratio of total root cross‐section area to soil’s) at a specific depth. We adopted this method to convert the information of root biomass to the total root cross‐section area. First of all, root biomass at a given depth was evaluated using the distribution model at a global scale proposed by Schenk and Jackson (2002). Let Rcul(z) to be the cumulative root biomass at the depth z, it can be estimated by the following equation:
,	(A8)
where Rtot is the total root biomass within a unit area along the whole vertical profile; D50 is the depth where R(z) reaches 50% of Rtot; and  is a dimensionless model constant. Based on the infinite slope model, only the basal reinforcement provided by vertical roots can be considered. A reduction coefficient of 0.6 was applied to Eq. (A8) to approximate the biomass of vertical roots according to the root orientation investigation reported by Dupuy et al (2005). In addition, usually the root biomass information provided in the literature includes the biomass of root stump (Huang et al. 2021), which however does not contribute to root reinforcement. Thus, a ratio, rf, was defined in this study to remove its influence in the estimation of cr. Hence, Eq. (A8) was modified to:
.	(A9)
Following an assumption that the roots crossing the slip surface at z have identical lengths within the soil column with a unit‐cross‐section area above the slip surface (Genet et al. 2008) and letting Δz to be the depth interval of interest and RA(z) to be the total root cross‐section area at z within the unit area, the following equation can be used to estimate RA:
,	(A10)
where ρ is the root bulk density. As the total root biomass is defined within a unit area, RA(z) is equal to RAR. As the root number (ni) in Eq. (5) is relevant to the total root cross‐section area of the ith root diameter class, RA(z) obtained from Eq. (A10) needs to be properly apportioned into multiple portions for the root diameter classes of interest. Let pi to be the root area proportion of the ith root diameter class at z and it is calculated using the following equation:
.	(A11)
If pi is known, the root number (ni) in Eq. (5) can be estimated by reorganising Eq. (A11) as follows:
.	(A12)
From Eqs. (5) and (A1) to (A12), the only parameter that is unknown yet necessary for determining cr is the proportion value, pi, which is associated with the distribution of root diameter (e.g., Schwarz et al. 2010; Leung et al. 2015). For example, Schwarz et al (2010) used the Weibull’s distribution to model the root diameter distribution based on the root numbers of different root diameter classes and the corresponding probability of occurrence of roots with a diameter d not larger than D can be evaluated by the follow equation:
,	(A13)
where η and ξ is the scale and shape parameter of the Weibull’s distribution, respectively. Suppose there is a root diameter class that is bounded by a minimum and maximum root diameter of Di,min and Di,max, respectively, the probability of drawing a root that belongs to the root diameter class of interest from a root bundle can be calculated, as follows:
.	(A14)
Let the probability estimated via Eq. (A14) to be pnum,i and it can be approximated by the ratio of ni / ND at z. Then, by dividing ni by ND simultaneously at the numerator and denominator of the first fraction in Eq. (A11), pnum,i can be used to rewrite Eq. (A11), as follows:
.	(A15)
Therefore, pi(z) can now be evaluated based on the known parameters via Eq. (A15), and the cr in Eq. (5) can be determined.
Part B: Uncertainty characterisation of model parameters
B.1 Data collection of the model parameters
Regarding the parameter rf (Eq. (A9)), according to Huang et al (2021), in‐situ measurements of root biomass per tree include the weight of root stump which plays a marginal role to root reinforcement. Thus, rf was used to exclude the fraction of root stump from the generated random samples of the total root biomass. The field data of rf was retrieved from the studies in the southern China (Table S2), where the climate is also subtropical to maintain the consistence with other datasets as much as possible.
Root tissue density (i.e. root dry mass per root volume) used in this study was retrieved from the TRY Plant Trait Database (Hogan et al. 2019; Iversen et al. 2017; Kattge et al. 2020; Valverde-Barantes et al. 2020). The massive available data in the database was filtered by the common local tree species recorded by the Hong Kong Herbarium (2024). At the end, we obtained 93 samples of root tissue density suitable for the case study.
The parameters, D50 and υ, define the vertical distribution of root biomass used in Eq. (A9). Unfortunately, these properties are rarely reported in the literature. In this study, their values for tropical evergreen forest and warm‐temperate forest reported by Schenk and Jackson (2002) were adopted as the upper and lower bound, respectively. D50 and υ were also assumed to follow a uniform distribution.
The parameters, λ and ω, define the Weibull distribution used in Eq. (A6). According to Schwarz et al (2010), these two parameters should be calibrated for roots of different diameter classes. However, the limited reported values in the literature does not allow the modelling of the probability distributions of λ and ω for each root diameter class of interest. Therefore, we assumed that λ, for different classes of root diameter, was uniformly distributed over a specific range and each class was assumed to be independent and identically distributed. The same assumption also applies to ω. The data used to define the ranges of λ and ω were collected from Schwarz et al. (2013).
The parameters η and ξ were also used to define the Weibull’s distribution of the root diameter in Eq. (A13). The cumulative probabilities of root diameter classes were collected from the studies of Wu et al (1988), Zhou et al (1998), Zhang et al (2004), Luo et al (2005), Deng et al (2005) and Gong et al (2021). Then, the empirical CDF of root diameter from these studies were fitted by the Weibull distribution (Eq. (A13)) and the results were given in Fig. S2. The values of the R2 of the fitted CDFs are above 0.85 which justifies the capability of the Weibull distribution on modelling the root diameter distribution.
The parameters, a0 and a1, were used to define the power‐law correlations (Eq. A3) between root tensile strength and root diameter typically found in the literature (e.g. Mao et al. 2012; Wu et al. 2021). The data of a0 and a1 were collected from studies that reported the root tensile strength tests of trees species in subtropical areas (Table S3). The obtained Weibull distribution in Table 1 was fitted based on “shifted” samples of a1 (i.e., all samples were added to 1.5), as the realistic value of a1 is supposed to be negative indicating the root tensile strength decreases with increasing root diameter. The random samples generated based on this Weibull distribution should be reduced by 1.5 for yielding the actual samples.
The four parameters, Ks, θr, Δθ and α, were used to define the soil hydraulic functions in Eqs (7) and (8). The statistics of Ks of DG were obtained from Zhang et al (2005) based on geotechnical investigations carried out in Hong Kong. The other three parameters were estimated based on the Gardner’s model (1958) using the laboratory‐measured water retention curves of the DG soil in Hong Kong reported by Gan and Frelund (1998) and Fung (2001). The parameters of Brooks and Corey’s model (1964) (e.g., hd and n) in Eqs. (9) and (10) were also estimated based on the same data sets.
For the parameter Tp which determines the sink term S (Fig. 2) and is thus required to solve Eq. (6) under a steady‐state condition, the statistics of transpiration rate in Hong Kong was obtained from a public dataset reported by Niu et al. (2020). Because transpiration plays a role in the steady‐state analysis, the annual average Tp rather than the more fluctuating monthly average value was adopted for modeling the effects of transpiration on slope stability in the long term.
For the soil shear strength parameters, the log‐normal distribution of ϕ' of the DG soil in Hong Kong suggested by El‐Ramly et al (2005) based on the analysis of abundant published experimental datasets was adopted. The dataset was also utilised to evaluate the step‐like empirical CDF of c'. The empirical CDFs of c' of the DG soil reported by El‐Ramly et al (2005) were extracted and then fitted with a theoretical CDF (i.e. the CDF of uniform or log‐normal distribution).

B.2 Correlation amongst model parameters
To validate the correlation between a0 and a1 realised by the random samples of the constructed multivariate probability distributions, the Kendall’s rank correlation coefficient (τ) based on the generated random samples was calculated and the results were compared with the value evaluated based on the collected data of a0 and a1. Fig. S4 shows the random samples and observed data of a0 and a1. Notably, in order to avoid unreasonable a0 and a1, we rejected any samples larger than the observed maximum values of a0 and a1. Evidently, the random samples concentrate near the area, where the observed data was mostly found. This consistency indicates that the multivariate probability distribution constructed by the adopted copula approach can properly characterise the correlation between a0 and a1.
Besides, the correlation between c' and ϕ' was determined from the literature and no actual data of c' and ϕ' is available for validation. Therefore, we compared the τ calculated by the generated random samples with the selected value of -0.50 for the present study. The value of τ between c' and ϕ' based on 40,000 random samples was -0.4999, implying that the multivariate probability distribution properly captured the c'–ϕ' correlation. Validation of the correlation amongst Ks, θr, Δθ, and α was conducted in the same manner because no report that presents all the values of Ks, θr, Δθ, and α at the same time is available. Results showed that the correlation matrix amongst Ks, θr, Δθ, and α evaluated based on the random samples generated from the joint probability distribution was consistent with that shown in the Fig. S3.
Part C: Evaluation of pore water pressure
C.1 Numerical solution to 1D Richards equation
Finite difference method was used to solved the one‐dimensional Richards’ equation when Brooks and Corey’s model was used. The grid size and initial time step used was 0.01 m and 1×10-3 hour, respectively. In terms of the convergence criteria, a tolerance of 0.01 m and 1.0% was applied for the calculation of pore water pressure head (h) and the volumetric water content (θ), respectively. In other words, if the absolute difference between the values of h at ith and (i-1)th iteration is less than 0.01 m and that between the values of θ at ith and (i-1)th iteration is less than 1.0%, the calculation is deemed converged. The pore water pressure obtained via the finite difference method based on these settings was found consistent with that evaluated by the analytical solution.
C.2 Effect of rainfall intensity and duration on the pore water pressure
In order to study the effect of different durations and intensities on the mean pore water pressure (PWP) under the transient state, eight rainfall events summarised in Table S4 were applied in the probabilistic transient seepage analyses. The eight analyses were categorised into three sets of analysis, set 1: varying rainfall intensity from 23.17 to 38.00 mm/hr but under the same duration of 12 hr; set 2: varying both rainfall intensity and duration but keeping the same return period (20 years); and set 3: applying an extreme rainfall event with a return period of 100 years (i.e. an intensity of 88.5 mm/hr and a duration of 2 hr) after experiencing the antecedent rainfall events considered in set 2. The computed mean pore water pressure (PWP) profiles are summarised in Fig. S5. For the results from set 1 (Fig. S5(a)), as the intensity increased, the mean PWP increased mildly and approached zero. Fig. S5(b) shows that PWP obtained from set 2 reduced with reducing rainfall intensity. Relatively speaking, the effect of intensity reduction on PWP outweighed the effect of duration increase. Fig. S5(c) presents the PWP profiles obtained from set 3. The extreme rainfall event made the mean PWP near the slope surface close to zero.
Part D: Detailed formulation and additional results of the VBSA
D.1 Definition of Var~i
The term, Var~i, in Eq. (14) is defined as:
,	(D1)
where Nrs is the number of random samples; Vari, Varij and Varijk are defined as follows (Saltelli et al, 2004):
,	(D2)
,	(D3)
,	(D4)
D.2 Procedure to calculate the sensitivity indices
Following Saltelli et al. (2008), the procedures based on the independent variables to calculate the sensitivity indices were given below:
(1) Preparing input sample matrices for sensitivity analysis. Firstly, a quasi‐random sample matrix u with a dimension of N×2Np from the uniform distribution between 0 and 1 was generated based on the quasi‐Monte Carlo (QMC) method (Niederreiter 1992), where N is the number of samples and Np is the number of studied model parameters. It was found that the QMC usually allows faster convergence of random error than the conventional Monte Carlo simulation (Kucherenko et al. (2015), the former technique based on the Sobol’ sequence was adopted in this study through the build‐in function readily available in a numerical solver, Matlab. Then the matrix u was split into two N×Np sub‐matrices u1 and u2. Let X1 and X2 be two sample matrices of the model parameters. By substituting u1 and u2 into the inverse marginal CDFs of model parameters, X1 and X2 can be yielded. Subsequently, a matrix W(i) (i = 1, 2, …, Np) was constructed and all the columns of the matrix were identical with X1 except the ith column, which was the same as the ith column in X2.
(2) Preparing vectors of FoS samples. All the input sample matrices obtained from step (1) were applied to evaluate the cr (Eq. (5)) and uw, (Eq. (6)) and deterministic stability analyses of unsaturated vegetated slopes were conducted via Eq. (3). ,  and  (i = 1, 2, …, Np) were the vectors of the output FoS samples corresponding to X1, X2 and W(i) (i = 1, 2, …, Np), respectively. All the vectors of FoS samples have a size of N×1.
(3) Calculating the first‐order sensitivity index SIi. The variance of FoS in the denominator of Eq. (13) was evaluated, as follows (Saltelli et al. 2008):
,	(D5)
where  and  is the vth element of the vector  and , respectively. The numerator of Eq. (13) was calculated using the following estimator suggested by Saltelli et al. (2010):
.	(D6)
Substituting Eqs. (D5) and (D6) into Eq. (13) yielded SIi.
(4) Calculating the TSIi. The denominator of Eq. (14) was calculated using the estimator in Eq. (D5), whereas the numerator of Eq. (14) was estimated by the equation suggested by Jansen et al. (1999):
.	(D7)
Similarly, substituting Eqs. (D5) and (D7) into Eq. (14) yielded TSIi. 
For the evaluation of sensitivity indices based on a set of parameters without parametric correlation, we just need to construct W(i) with the columns of X2 corresponding to the concerned parameters and the columns of X1 for other parameters (Saltelli et al. 2008). For the more complicated case with the consideration of the parametric correlation, copula theory is implemented to generate X1 and X2. The construction of W(i) and the detail expression of the SIi and TSIi can be referred to Kucherenko et al. (2012).
D.3 Convergence analysis of the sensitivity indices
To determine the sample size corresponding to the convergent SIi and TSIi, the randomised QMC which generate random samples and thus allows sample‐based error estimate (e.g., Cambou et al. 2017) was adopted in the present study. By contrast, the samples obtained from the normal QMC is deterministic and are thus not suitable for convergence analysis. The randomised QMC was only used here to determine the sample number, whereas the subsequent VBSA still utilised the normal QMC because the samples were deterministic for obtaining reproducible results. First of all, steps (1) to (4) in Section D.2 based on the randomised QMC were repeated 20 times and 20 pairs of SIi and TSIi were obtained for each size of random samples of interest (e.g. Chan et al 2000). Secondly, the standard deviations of the 20 SIi and TSIi were calculated and used as the convergence indicator as the size of random samples increases. The size of random samples corresponding to the standard deviation of SIi and TSIi less than 0.01 was considered appropriate for subsequent VBSAs because Tang et al (2007), among many other studies, recognised that a sensitivity index of less than 0.01 was non‐influential. An upper‐most fluctuation of 0.01 for the means of the 20 SIi and TSIi were also examined with increasing random sample size to double‐check the convergence at the selected random sample size (Vanrolleghem et al 2015). For comparison, the same procedure was also carried out based on the samples generated from Monte Carlo method to justify and illustrate the proper utilisation and the advantage of QMC, respectively. The results are given in Fig. S6.
D.4 Effects of extreme rainfall event on TSIi
Fig. S10 presented the potential effect of extreme rainfalls on TSIi. In this case, transient seepage analysis was conducted first with a 20‐year rainfall event (i.e. antecedent rainfall), followed by an extreme 100‐year rainfall. The intensity and duration of the extreme event is 88.5 mm/hr and 2.0 hr, respectively (Table S4). It can be seen from Fig. S10 that the TSIi profiles of Ks and α right at the end of the extreme rainfall event when considering zero‐pressure head bottom boundary condition and using the Gardner’s model. Even under the extreme rainfall event, the maximum TSIi of Ks and α within 1.8 m depth remained far less than those of the effective soil cohesion (c') and parameters of root tensile strength function (a0). This finding suggests that the uncertainty of FoS at the shallow depth (i.e. above 1.8 m) was primarily controlled by a0 and c', not the rainfall intensity and duration.
D.5 Effects of the soil hydraulic model and boundary condition at the bottom of slope on TSIi
As Fig. 9 has shown that the effect of transpiration on the FoS uncertainty was negligible, we did not incorporate Tp in the VBSA and adopted a hydrostatic pore water pressure (PWP) profile as the initial condition when investigating the effects of the soil hydraulic model and boundary condition at the bottom of slope on TSIi. Fig. S11(a) presents the effects of the choice of the soil hydraulic model on TSIi. We found that the TSIi of the model parameter set for evaluating cr (i.e. set‑CR) remained almost unchanged when the soil hydraulic model was switched from the Gardner’s (G) model to the Brooks and Corey’s (BC) model. Similarly, the TSIi of the model parameter set for evaluating the soil shear strength (i.e. set‑SH) was not affected near the surface. By contrast, the use of BC model in replace of the G model increased and reduced the TSIi of set SH and the model parameter set for seepage analyses (i.e. set‑HYD) at depth above 1.3 m, respectively. This phenomenon is somewhat expected because the PWP calculated by the BC model had a smaller width of 95% confidence interval than that by the G model (Fig. 8). Also, half of the PWP samples based on the BC model were closer to 0 kPa than those based on the G model above the depth around 1.3m. However, the difference between the two TSIi of set‑HYD (or set‑SH) caused by the soil hydraulic model was less than 0.05 in the top 1.0 m and reached a peak of only 0.035 (0.030 for set‑SH) at 1.8 m depth.
Fig. S11(b) shows the effect of the choice of the boundary condition at the slope base on the TSIi. Evidently, the difference between the two TSIi based on the zero‐pressure head and zero‐flux boundary condition, respectively, was negligible in the top 0.6 m. As the slips go deeper, the TSIi of set‑HYD based on the zero‐flux boundary condition increased, yet the TSIi of set‑SH reduced. This phenomenon was due to the fact that the rise of water table caused by the impermeable boundary condition during the rainfall resulted in a larger PWP at deeper depths than that at shallower depths, implying the increasing effect of the PWP on the FoS. The choice of the soil hydraulic model displayed its most significant influence on the FoS at 1.8 m depth, where TSIi based on the zero‐flux boundary condition model was 0.20 larger than that based on the zero‐pressure head boundary condition. However, the maximum TSIi of set‑HYD (i.e. 0.22) was still much smaller than its counterpart of set‑SH (i.e. 0.78). Therefore, the choice of the boundary condition at the slope base did not significantly affect the dominant contribution of the uncertainty of set‑SH to the FoS uncertainty along depth.
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Table S1 Percentage of different types of root morphology of three tree species in Hong Kong (adapted from Leung (2014))
	Species
	Name
	Heptapleurum heptaphyllum
	Reevesia thyrsoidea
	Leucaena leucocephala

	
	Sample number
	29
	45
	8

	
	Tree height (m)
	< 3
	< 5
	< 6

	Heart
	14
	9
	38

	Tap
	76
	91
	62

	Plate
	10
	‐
	‐




Table S2 The adopted root biomass ratios of the root stump of trees reported in some subtropical areas in China.
	No.
	Ratios
	Species
	References

	1
	0.565
	Cunninghamia lanceolata
	Feng et al. (1984)

	2
	0.539
	Cunninghamia lanceolata
	Feng et al. (1984)

	3
	0.629
	Cunninghamia lanceolata
	Feng et al. (1984)

	4
	0.578
	Cunninghamia lanceolata
	Huang et al. (2013)

	5
	0.559
	Cunninghamia lanceolata
	Huang et al. (2013)

	6
	0.580
	Cunninghamia lanceolata
	Huang et al. (2013)

	7
	0.515
	Manglietia glauca
	Li et al (2011)

	8
	0.453
	Michelia macclurei
	Liang et al. (2010)

	9
	0.485
	Cunninghamia lanceolata
	Pan et al. (1983)

	10
	0.847
	Michelia odora
	Qin et al. (2011a)

	11
	0.860
	Paramichelia baillonii
	Qin et al. (2011b)

	12
	0.688
	Parashorea chinensis
	Su et al. (2011)

	13
	0.466
	Cunninghamia lanceolata
	Wen et al. (1995)

	14
	0.515
	Cunninghamia lanceolata
	Wen et al. (1995)

	15
	0.502
	Cunninghamia lanceolata
	Wen et al. (1995)




Table S3 The adopted root tensile strength parameters of some subtropical trees reported in the literature.
	No.
	Location
	Species
	Tensile strength
, T and  in MPa, D in mm
	References

	
	
	
	a0 (MPa)
	a1
	

	1
	Hong Kong, China
	Heptapleurum heptaphyllum
	69.82
	-0.83 
	Leung et al. (2015)

	2
	Hong Kong, China
	Reevesia thyrsoidea
	63.10
	-0.83 
	Leung et al. (2015)

	3
	Taiwan, China
	Talipariti tiliaceum
	106.90
	-1.20 
	Fan and Chen (2010)

	4
	Taiwan, China
	Mallotus japonicus
	23.61
	-0.41 
	Fan and Chen (2010)

	5
	Taiwan, China
	Triadica sebifera
	41.17
	-0.89 
	Fan and Chen (2010)

	6
	Taiwan, China
	Casuarina equisetifolia
	43.90
	-0.53 
	Fan and Chen (2010)

	7
	Taiwan, China
	Leucaena leucocephala
	32.55
	-0.75 
	Fan and Chen (2010)

	8
	Debre Mawi, Ethiopian
	Vachellia abyssinica
	30.00
	-0.19 
	Zegeye et al. (2018)

	9
	Debre Mawi, Ethiopian
	Sesbania sesban
	53.00
	-0.50 
	Zegeye et al. (2018)

	10
	Debre Mawi, Ethiopian
	Acacia decurrens
	34.00
	-0.38 
	Zegeye et al. (2018)

	11
	Debre Mawi, Ethiopian
	Tephrosia vogelii
	31.00
	-1.02 
	Zegeye et al. (2018)

	12
	Debre Mawi, Ethiopian
	Vachellia seyal
	39.00
	-0.62 
	Zegeye et al. (2018)

	13
	Debre Mawi, Ethiopian
	Cytisus proliferus
	25.00
	0.44 
	Zegeye et al. (2018)

	14
	Debre Mawi, Ethiopian
	Cordia africana
	22.00
	-0.28 
	Zegeye et al. (2018)

	15
	Debre Mawi, Ethiopian
	Eucalyptus camaldulensis
	18.00
	-0.57 
	Zegeye et al. (2018)

	16
	Debre Mawi, Ethiopian
	Croton macrostachyus
	19.00
	-0.43 
	Zegeye et al. (2018)

	17
	Debre Mawi, Ethiopian
	Gravillea robusta
	22.00
	-1.09 
	Zegeye et al. (2018)

	18
	Guangdong, China
	Cunninghamia lanceolata
	12.35
	-0.26
	Gong et al. (2021)

	19
	Guangdong, China
	Pinus massoniana
	3.50
	-0.42
	Gong et al. (2021)

	20
	Guangdong, China
	Pinus kwangtungensis
	41.99
	-0.11
	Gong et al. (2021)

	21
	Guangdong, China
	Fagus longipetiolata
	70.61
	-0.85
	Gong et al. (2021)

	22
	Guangdong, China
	Yushania basihirsuta
	22.68
	-0.22
	Gong et al. (2021)



Table S4 The selected rainfall events for transient rainfall infiltration analyses.
	Event no.
	Rainfall intensity (mm/hr)
	Rainfall duration (hr)
	Return period (year)

	1
	23.2
	12
	10

	2†‡
	27.3
	12
	20

	3
	33.3
	12
	50

	4
	38.0
	12
	100

	5†
	17.4
	24
	20

	6†
	10.2
	48
	20

	7†
	6.1
	96
	20

	8*
	88.5
	2
	100


†Regarded as antecedent rainfalls followed by the selected extreme rainfall when the influence of antecedent rainfall on the result of VBSA is studied;
‡This is the base case;
*This is the extreme rainfall event.


Table S5 The K‐S statistic of each probability distribution chosen to fit the data (i.e. the maximum difference between the fitted cumulative distribution function and the empirical distribution function over the defined domain)*.
	
	Gumbel
	Gamma
	Lognormal
	Normal
	Weibull
	Uniform

	ρ
	0.2259
	0.1011
	0.0788
	0.1449
	0.1174
	0.3844

	rf
	0.1705
	0.3761
	0.4345
	0.2861
	0.3112
	0.3262

	λ
	0.1975
	0.3462
	0.3708
	0.3157
	0.2236
	0.3810

	ω
	0.5718
	0.3974
	0.3689
	0.4795
	0.4694
	0.5668

	η
	0.2362
	0.2651
	0.3357
	0.2182
	0.2597
	0.1989

	a0
	0.3159
	0.1008
	0.1421
	0.1974
	0.1133
	0.3712

	a1
	0.1336
	0.1696
	0.1978
	0.1316
	0.1313
	0.1512

	θr
	0.1610
	0.1825
	0.1812
	0.1666
	0.1741
	0.2260

	Δθ
	0.2292
	0.1762
	0.1929
	0.1739
	0.1732
	0.1490

	α
	0.1887
	0.1759
	0.1576
	0.1749
	0.1864
	0.2084

	c'
	0.0409
	0.0415
	0.0463
	0.0436
	0.0407
	0.2288


*: The definitions of the parameters are presented in the section, “List of symbols for the supplementary information”. The bolded number corresponds to the chosen probability distribution.


Table S6 Summary of the parameters of the Brooks and Corey’s model (1964).
	No.
	Model parameter
	Definition
	Unit
	Probability density function
(Para. 1, Para. 2)*
	Coefficient of variation

	1
	θr
	The residual water volumetric water content of soil
	m3/m3
	Lognormal
(-5.00, 2.36)
	0.22

	2
	Δθ
	The water storage capacity of soil
	m3/m3
	Lognormal
(-1.28, 0.21)
	0.21

	3
	pd
	Air entry value of matric suction, equal to -hdg
	1/kPa
	Lognormal
(-2.22, 1.91)
	6.06

	4
	n
	pore‐size distribution index of soil
	‐
	Lognormal
(-1.42, 0.48)
	0.51


*: The definitions of the first and second parameter of log‐normal distribution are mean and standard deviation of logarithmic values (the square of the second parameter is the variance), respectively.
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Fig. S1 Results of the K‐S tests of the model parameters involved in the probabilistic stability analysis of the unsaturated vegetated slopes, displayed in terms of cumulative density functions for: (a) wood bulk density; (b) the ratio of root biomass without root stump divided by the total root biomass; (c) the scaling factor of the Weibull’s survival function; (d) the shape factor of the Weibull’s survival function; (e) the scaling factor of the root diameter distribution; (f) the coefficient of the root tensile strength function; (g) the exponent of the root tensile strength function; (h) the r of the soil; (i) the soil’s water storage capacity; (j) the constant of the Gardner’s model; and (k) the c' of the soil.
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Fig. S2 Collected data and fitted CDFs of root diameter.
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Fig. S3 Kendall rank correlation matrix of the model parameters (sub‐block of green, blue and brown fill represents correlation coefficient within the group of parameters related to root biomechanical properties, soil hydraulic properties and soil shear strength, respectively).
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Fig. S4 Observed data and random samples of a0 and a1 of the root tensile strength function.
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Fig. S5 Mean pore water pressure obtained from transient‐state infiltration analysis: (a) under four rainfall events of different intensities but same duration (i.e. 12 hours), (b) under four rainfall events of same return period (i.e. 20 years) but different intensities and durations, and (c) under an extreme 100‐year rainfall (intensity = 88.5 mm/hr, duration = 2.0 hr) using the four rainfall events considered in set 2 as the antecedent rainfall events.
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Fig. S6 Effects of sample size on the sensitivity indices: (a) first‐order sensitivity index (SIi); and (b) total sensitivity index (TSIi). The three rows of each of the two subfigures represent the results analysed at the depth of 0.2 m, 1.0 m, and 1.8 m, respectively. The three columns of each of the subfigures correspond to the results of a1, c' and α, respectively. The blue and orange shaded boxes show the quantiles and the medians of the SIi and TSIi evaluated via the Monte Carlo and the randomised quasi‐Monte Carlo method, respectively. The purple dashes show the SIi and TSIi evaluated based on the normal quasi‐Monte Carlo method.
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Fig. S6 (continued) 
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Fig. S7 Profiles of TSIi of all the sub‐module parameters with the output of sub‐model being: (a) and (b) root cohesion; (c) pore water pressure; and (c) the shear strength of saturated bare soil.
 [image: ]
Fig. S8 Profiles of TSIi for FoS of (a) Ks and (b) α under four different rainfall events. From the top to the bottom of the legend, each of the four pairs of rainfall intensity and duration corresponds to a return period of 10, 20, 50, 100 years, respectively.
[image: ]
Fig. S9 Profiles of TSIi of (a) Ks and (b) α under four different rainfall events with the same return period of 20 years.
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Fig. S10 Profiles of TSIi of (a) Ks and (b) α under an extreme rainfall event (return period of 100 years, rainfall intensity of 88.5 mm/hr, rainfall duration of 2 hr) after four different rainfall events with the same return period of 20 years.
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Fig. S11 Effects on TSIi of three parameter sets due to (a) soil hydraulic model and (b) boundary condition at the slope base. Set‐CR is the set of parameters involved in the calculation of cr; set‐SH is the set of parameters used for determining the soil’s shear strength; and set‐HYD is the set of parameters used for determining the soil’s hydraulic properties.


List of symbols for the supplementary information
Δθ: Water storage capacity of the soil
Δy: Pull-out displacement of the root
Δyi*: Normalised Δy at the ith diameter class
: Fitted root pull-out displacement corresponding to Fmax
Δz: Depth interval of interest
ζ: Power‐law exponent of the function of the average maximum tensile force of the root
θr: Residual volumetric water content of the soil
λ: Scaling factor of Weibull survival function
ρ: root tissue density
υ: Model constant of root vertical distribution
ω: Shape factor of Weibull survival function
ϕ': Effective friction of the soil
a0: Coefficient of root tensile strength function
a1: Exponent of root tensile strength function
c': Effective cohesion of the soil
D: Root diameter
D0: Constant root diameter used to ensure the consistency of physical dimension between both two sides of Eq. (A2)
D50: Depth where the cumulative root biomass reaches the 50% of Rtot
Di,max: Maximum root diameter
Di,min: Minimum root diameter
F0: Scaling factor of the function of the average maximum tensile force of the root
Fmax: Average maximum tensile force of the root
,  is the vth element of the vector  and 
,  and  (i = 1, 2, …, Np): Vectors of the output FoS samples corresponding to X1, X2 and W(i) (i = 1, 2, …, Np), respectively
Ks: Soil saturated hydraulic conductivity
i, j, k: Subscripts used to represent the order of the studied parameter
N: Number of samples for quasi‐Monte Carlo simulation
Np: Number of studied model parameters
ni: root number
pi: Root area proportion of the ith root diameter class at z
pnum,i: Probability of a root with its diameter within the range (Di,min, Di,max]
RA(z): Total root cross‐section area at z within the unit area
Rcul(z): Cumulative root biomass at the depth z
Rtot: Total root biomass within a unit area along the whole vertical profile
rf: Ratio of root biomass without root stump divided by the total root biomass
S(z): Root water uptake function
SIi: First‐order sensitivity index of xi
TSIi: Total sensitivity index of xi
Tp: Transpiration rate
Tr: Root tensile strength
u: quasi‐random sample matrix with the dimension of N×2Np
u1, u2: Two sub‐matrices composing the matrix u with the same dimension of N×Np
Vari, Varij and Varijk are defined as follows
W(i): Matrix (i = 1, 2, …, Np) whose columns were all identical with X1 except the ith column, which was the same as the ith column in X2
xi: ith model parameter
X1, X2: Two sample matrices of the model parameters with the same dimension of N×Np
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