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Introduction

Landslide is the downslope movement of masses including soil, rock, and organic materials under the driving force of gravity effect [START_REF] Highland | Spatial prediction of landslide hazard at the Yihuang area (China) using two-class kernel logistic regression, alternating decision tree and support vector machines[END_REF].

Landslides not only play important role in geomorphology evolution but also a common and catastrophic occurrence of geological disasters throughout the world, causing billions of dollars in economic losses and thousands of casualties and injuries each year [START_REF] Guzzetti | Landslide hazard evaluation: a review of current techniques and their application in a multi-scale study[END_REF][START_REF] Highland | Spatial prediction of landslide hazard at the Yihuang area (China) using two-class kernel logistic regression, alternating decision tree and support vector machines[END_REF][START_REF] Huang | The landslide story[END_REF]. China is one of the countries where geohazards enormously occurred and widely distributed, one-third geohazards happen in the Loess Plateau, and 85% of them are landslides [START_REF] Xu | Landslides in a loess platform, North-West China[END_REF]Wu et al., 2016;Zhuang et al., 2017). The Loess Plateau lies in the middle reach of the Yellow River, covering an area of approximately 430,000 km 2 which is about 4.4% of China's territorial area, and landslides frequency is increasing with time in this area due to the infrastructure construction and increasing land demand, the most catastrophic landslides happened in 1920 caused over 10,000 casualties in Haiyuan area of the Loess Plateau [START_REF] Liu | Loess and the Environment[END_REF][START_REF] Derbyshire | Geological hazards in loess terrain, with particular reference to the loess regions of China[END_REF][START_REF] Zhang | Study of the 1920 Haiyuan earthquake-induced landslides in loess (China)[END_REF][START_REF] Li | Environment: Accelerate research on land creation[END_REF][START_REF] Wang | A loess landslide induced by excavation and rainfall[END_REF]. Moreover, landslides can activate the multiple hazard effect in a certain area and brings even greater damages. Landslide susceptibility mapping (LSM) could provide estimation on where the landslides are likely to happen [START_REF] Guzzetti | Landslide Hazard and Risk Assessment[END_REF]. Therefore, it is significant and worthwhile to make LSM for landslide-prone areas to provide valuable information for local government to make integrated landslides prevention plans so as the land planning and utilization [START_REF] Hong | Landslide susceptibility assessment in Lianhua County (China): a comparison between a random forest data mining technique and bivariate and multivariate statistical models[END_REF].

With the aid of fast-developing geographic information system (GIS) and soft computing techniques, various modeling approaches were applied to conduct landslide spatial analysis and susceptibility mapping around the world in the last three decades [START_REF] Carrara | GIS techniques and statistical models in evaluating landslide hazard[END_REF]Van et., 2006;Chen et al., 2017a). The modeling approaches can be mainly classified into heuristic, deterministic and statistic ( Van et al., 1997[START_REF] Dai | Landslide risk assessment and management: an overview[END_REF]. Recently, ensemble techniques were also being applied and prohibited significantly enhanced predictive power than solely-applied models in landslide modelling [START_REF] Dietterich | Ensemble methods in machine learning[END_REF][START_REF] Althuwaynee | A novel ensemble decision tree-based CHi-squared Automatic Interaction Detection (CHAID) and multivariate logistic regression models in landslide susceptibility mapping[END_REF]Chen et al., 2017b).

A heuristic (qualitative) approach is based on experts' opinion and experience to assign weight to different landslide conditioning factor in estimating landslide potential [START_REF] Dahal | Predictive modelling of rainfall-induced landslide hazard in the Lesser Himalaya of Nepal based on weights-of-evidence[END_REF]. However, this approach also has some limitations concerning unacceptable results generated by inadequate knowledge of study area and poor reproducibility [START_REF] Dahal | Predictive modelling of rainfall-induced landslide hazard in the Lesser Himalaya of Nepal based on weights-of-evidence[END_REF][START_REF] Yilmaz | Landslide susceptibility mapping using frequency ratio, logistic regression, artificial neural networks and their comparison: a case study from Kat landslides (Tokat-Turkey)[END_REF]. Analytical hierarchy process and weighted linear combination are two heuristic approaches that were commonly used in LSM [START_REF] Ayalew | Landslide susceptibility mapping using GIS-based weighted linear combination, the case in Tsugawa area of Agano River, Niigata Prefecture, Japan[END_REF][START_REF] Yalcin | GIS-based landslide susceptibility mapping using analytical hierarchy process and bivariate statistics in Ardesen (Turkey): comparisons of results and confirmations[END_REF][START_REF] Shahabi | Landslide susceptibility mapping at central Zab basin, Iran: a comparison between analytical hierarchy process, frequency ratio and logistic regression models[END_REF]. Moreover, regarding a deterministic (quantitative) approach, it is limited to be applied at large scale in small areas where landslide types are simple and ground conditions are fairly uniform [START_REF] Dai | Assessment of landslide susceptibility on the natural terrain of Lantau Island, Hong Kong[END_REF][START_REF] Yilmaz | Landslide susceptibility mapping using frequency ratio, logistic regression, artificial neural networks and their comparison: a case study from Kat landslides (Tokat-Turkey)[END_REF].

To break through limitations of the above two approaches, statistical methods were developed and applied to generating reliable LSM based on carefully collecting large quantities of geo-environmental data, statistical relations between historical landslides and conditioning factors in the given area were efficiently analyzed [START_REF] Guzzetti | Estimating the quality of landslide susceptibility models[END_REF][START_REF] Rossi | LAND-SE: a software for statistically based landslide susceptibility zonation, version 1.0[END_REF][START_REF] Althuwaynee | A novel integrated model for assessing landslide susceptibility mapping using CHAID and AHP pair-wise comparison[END_REF]. [START_REF] Reichenbach | A review of statistically-based landslide susceptibility models[END_REF] made further classification on statistic-based models into 6 groups including classical statistics, index-based, machine learning, neural networks, multi criteria decision analysis, and other statistics. Among which classical statistics (logistic regression, linear regression etc.) and index-based such as weight of evidence were most frequently used. Various attempts were made on applying some new data mining with machine learning algorithms in mapping landslide susceptibility, such as artificial neural network [START_REF] Yilmaz | Landslide susceptibility mapping using frequency ratio, logistic regression, artificial neural networks and their comparison: a case study from Kat landslides (Tokat-Turkey)[END_REF], support vector machine (Yao et al., 2008;[START_REF] Huang | Review on landslide susceptibility mapping using support vector machines[END_REF], naïve bayes [START_REF] Tsangaratos | Comparison of a logistic regression and Naïve Bayes classifier in landslide susceptibility assessments: The influence of models complexity and training dataset size[END_REF], decision tree [START_REF] Yeon | Landslide susceptibility mapping in Injae, Korea, using a decision tree[END_REF][START_REF] Zhang | The assessment of landslide susceptibility mapping using random forest and decision tree methods in the Three Gorges Reservoir area, China[END_REF]. Moreover, decision tree algorithm was also extended and developed into alternating decision tree (ADTree) (Pham et al., 2016a), classification and regression trees (CART) [START_REF] Youssef | Landslide susceptibility mapping using random forest, boosted regression tree, classification and regression tree, and general linear models and comparison of their performance at WadiTayyah Basin, Asir Region, Saudi Arabia[END_REF], J48 decision tree (Tien Bui et al., 2013) and random forest (RF) (Stumpf and Kerle, 2011;Trigila et al., 2015) etc. have also been proposed in LSM research with high efficiency for classification and achieved promising predictive power. More importantly, ADTree as a boosting decision tree procedure can also produce very accurate classifiers and the classifiers are easier to interpret than some decision tree algorithms such as C4.5, CART, RF, and singled decision tree [START_REF] Freund | The alternating decision tree learning algorithm[END_REF]. It is feasible to explore its potential in landslides prediction in this study.

Due to the ability to enhance prediction accuracy of models, ensemble techniques gradually received researchers' great attention in different field worldwide but were rarely used in landslides prediction [START_REF] Lee | Ensemble-based landslide susceptibility maps in Jinbu area, Korea[END_REF]Tien Bui et al., 2013;[START_REF] Althuwaynee | A novel ensemble decision tree-based CHi-squared Automatic Interaction Detection (CHAID) and multivariate logistic regression models in landslide susceptibility mapping[END_REF][START_REF] Reichenbach | A review of statistically-based landslide susceptibility models[END_REF]. More and more hybrid and integration of different models were applied and evaluated in LSM study, each combination showed superior prediction performance with high reliability for LSM, however more ensemble-based approaches need to be further explored and applied [START_REF] Bui | Landslide susceptibility mapping along the national road 32 of Vietnam using GIS-based J48 decision tree classifier and its ensembles[END_REF][START_REF] Althuwaynee | A novel ensemble decision tree-based CHi-squared Automatic Interaction Detection (CHAID) and multivariate logistic regression models in landslide susceptibility mapping[END_REF]2016;[START_REF] Youssef | Landslide susceptibility mapping using ensemble bivariate and multivariate statistical models in Fayfa area, Saudi Arabia[END_REF]Pham et al., 2016b;2017a;Pham and Prakashm 2017). It is recommended to combine the different model to reduce model errors and enhance the reliability of landslide susceptibility prediction [START_REF] Rossi | Optimal landslide susceptibility zonation based on multiple forecasts[END_REF]. AdaBoost (adaptive boosting) algorithm proposed by Freund and Schpire (1997) and Bagging (bootstrap aggregation) algorithm introduced by [START_REF] Breiman | Bagging predictors[END_REF] were two of the most popular and earliest techniques, however rarely applied in landslide susceptibility analyses, which need to be widely explored. Bagging ensemble based J48 decision tree, functional decision tree (FDT), naïve bayes, ADTree, and FR as well as AdaBoost ensemble based J48 and FDT were used and produced much preferable results than individual models (Tien [START_REF] Bui | Landslide susceptibility mapping along the national road 32 of Vietnam using GIS-based J48 decision tree classifier and its ensembles[END_REF]2016b;Pham and Prakash, 2017;Pham et al., 2017b).

The Loess Plateau is of great importance to the Silk Road Economic Belt carried out by the Chinese government, disaster prevention and reduction as well as land resource utilization is essential to this giant economic development project. Loess is characterized by loose texture, vertical joints and fissures, macro pores, high sensitivity to water and suction stress, which makes it prone to slope failure when subjected to rainfall, anthropogenic activities, erosion, and seismic shock, the widely distributed loess landslides pose great threat and danger [START_REF] Derbyshire | Geological hazards in loess terrain, with particular reference to the loess regions of China[END_REF][START_REF] Zhang | Study of the 1920 Haiyuan earthquake-induced landslides in loess (China)[END_REF][START_REF] Zhuang | Distribution and characteristics of landslide in Loess Plateau: A case study in Shaanxi province[END_REF][START_REF] Peng | Distribution and genetic types of loess landslides in China[END_REF]. [START_REF] Lei | Geo-hazards and Human Activity at Loess Plateau[END_REF] reported the landslides occurred from 1950s to 1992 in two provinces (Shannxi and Gansu) in the Loess Plateau, there were 16,616 landslides in northern Shannxi and 14,109 in Gansu, with the density of 5 and 6 landslides per square kilometer, respectively. [START_REF] Peng | The Critical Issues and Creative Concepts in Mitigation Gation Research of Loess Geological Hazards[END_REF] further reported that 1,131 landslides occurred in Shannxi and 4,576 landslides in eastern Gansu since 2008.

In this case, it is very necessary to carry out LSM on landslide prone areas to provide information on potential spatial occurrence of slope failures [START_REF] Guzzetti | Landslide Hazard and Risk Assessment[END_REF]. In recent years, some researchers have successfully conducted LSM on some counties and river basins in the Loess Plateau using different models involving heuristic, deterministic and statistic approaches (Chen et al., 2014;2015;2016a;2016b;2017a;[START_REF] Wang | GIS-based assessment of landslide susceptibility using certainty factor and index of entropy models for the Qianyang County of Baoji city, China[END_REF][START_REF] Wu | Landslide susceptibility zonation using GIS and evidential belief function model[END_REF][START_REF] Wu | A comparative study on the landslide susceptibility mapping using logistic regression and statistical index models[END_REF]. Among which, Frequency ratio and certainty factor were most frequently used, but limited models were applied, and study of ensemble techniques in this area has not been reported by previous literature. Longxian (Shaanxi, China), a county locates in the southwest region of the Loess Plateau, suffered a lot from the frequent loess landslides, which makes it a valuable region to conduct LSM research.

The current study aims to explore the potential application of the ADTree and its two ensembles, namely, Bagging and AdaBoost in LSM at Longxian County, and a comparison of their overall performance was made. The ADTree-AdaBoost, as a novel model, was first proposed in landslide prediction analysis. The application of the other two models remains poorly constrained and needs to be further explored. This paper provides new ideas and useful information for landslide related research, and the landslide susceptibility maps can help decision makers to better utilize land resources to achieve economic development as well as bring harmony between human being and the fragile loess environment.

Description of the study area

The study area (Longxian County) belongs to Shaanxi Province, is in the southwestern edge of the Loess Plateau and the northwest part of China (Fig. 1).

Longxian County lies between longitudes of 106°26′32″ to 107°08′11″E and latitudes of 34°35′17″ to 35°06′45″N, covering an area of approximately 2,418 km 2 with 0.27 million people by 2016. This area is comprised of approximately 31.3% farmland, 18.0% bareland, 0.4% residential areas, 0.1% water bodies, and 50.2% forest and grass. The climate is of warm temperate continental monsoon climate, the average annual temperature is around 10.7℃, and the average annual precipitation is relatively uniform which is approximately 600.1 mm. In general, the topography of the study area decreases from northwest to southeast, the altitude ranges from 778 to 2,467 m. Neotectonic movement is active accompanied by distinct vertical differential tectonic movement which contributes to the developed hydrological network and faults. Qianhe River of Weihe River and Jinghe River, the main tributaries of the Yellow River, which are the two major rivers in the study area, Qianhe River covers an area of about 1957.9 km 2 . Besides, three main deep faults are distributed across the study area. Lithology is rather complicated ranging from Quaternary to Caledonian, the main lithology formations are loess, mudstone, sandy mudstone, sandstone, limestone, and granite etc.

(Fig. 2), along with developed porous structure, joints, and fractures.

Landslides occurred frequently in the study area, the dominant types are loess landslides and loess-bedrock landslides in low slope angle, which often companied with other damages including road disruptions, ruined farmland, and burial of village and so on (Fig. 3). According to the Emergence management office of Shaanxi Province (http://yjb.shaanxi.gov.cn), a total of 1,939 people are living under the potential threat of landslides in the study area, and the corresponding damages to social economies are estimated to be around four million US dollars in 2018. Therefore, it is highly necessary to conduct a landslide prediction analysis in Longxian County, which could help local government and decision makers take necessary actions to bring harmony between economic development and the environment.

Data used

In the present study, mainly five basic datasets were collected, including historical landslide records, a digital elevation model (DEM) in a resolution of 30 m, Landsat 8 Operational Land Imager (OLI) images in a spatial resolution of 30 m, Google Earth satellite images, and a lithology map at a scale of 1: 200,000. The historical landslide records were sourced from the Nuclear Industry Geological Survey in Shaanxi Province.

DEM and Landsat 8 LOI images were obtained from Geospatial Data Cloud supported by Chinese Academy of Sciences, and available at http://www.gscloud.cn/. Besides, satellite images were interpreted in Google Earth Pro and geological map provided by China Geological Survey (http://www.cgs.gov.cn/) was used. ESRI ArcGIS 10.2, and Matlab 2015 associated with Microsoft Excel 2010 were used to conduct data processing, while modeling process was performed in Weka 3.8.

Landslide inventory map

Landslide inventory mapping as the initial step is essential to successfully perform an LSM in a giving area, moreover it can boost our understanding on the relationship between historical landslides distribution and landslide conditioning factors (Hong et al., 2015;Tien Bui et al., 2016a;[START_REF] Youssef | Landslide susceptibility mapping using random forest, boosted regression tree, classification and regression tree, and general linear models and comparison of their performance at WadiTayyah Basin, Asir Region, Saudi Arabia[END_REF]. In the present study, the spatial and distribution information of 171 landslide events in Longxian County gained through an integrated identification and calibration of extensive field survey, Google Earth satellite image, Landsat 8 OLI images, and historical landslide records were used to construct a landslide inventory map in grid cell format with resolution of 30 m (Fig. 1). 120 landslides (70%) were randomly selected for model training and the remaining 51 landslides (30%) were used for model validating. Moreover, landslide analysis reveals that the size of these landslides ranges from 120 m 3 to over 40,000 m 3 .

Landslide conditioning factors

Occurrence of landslides is controlled by multiple factors such as topographical feature, lithology and tectonics, climate, human interference, and natural environment, etc. [START_REF] Dai | Landslide risk assessment and management: an overview[END_REF][START_REF] Zhang | Controlling factors of loess landslides in western China[END_REF][START_REF] Youssef | Landslide susceptibility mapping using random forest, boosted regression tree, classification and regression tree, and general linear models and comparison of their performance at WadiTayyah Basin, Asir Region, Saudi Arabia[END_REF][START_REF] Peng | Distribution and genetic types of loess landslides in China[END_REF].

Therefore, according to the data availability, geo-environmental conditions as well as landslide occurrence mechanism of the study area, eleven landslide conditioning factors including altitude, slope angle, slope aspect, plan curvature, profile curvature, lithology, distance to faults, distance to roads, distance to rivers, normalized difference vegetation index (NDVI), and landuse were selected for the ADTree and the ensemble modeling.

To constrain characteristics of landslide occurrence in the study area more intuitively, landslide conditioning factor maps were prepared and converted into raster format with a spatial resolution of 30 m in ESRI ArcGIS 10.2 environment. Besides, all factor datasets can be divided into continuous dataset and discrete dataset. Continuous dataset of each factor was reclassified into discrete subclasses with data in specific intervals using manual method (altitude, slope angle, slope aspect, distance to faults, distance to rivers, and distance to roads) or Jenks natural breaks classification method (plan curvature, profile curvature, and NDVI); discrete dataset of the rest factors (lithology, and landuse) was reclassified into specific discrete subclasses using unique values. The detailed information of the classes of each landslide conditioning factor is shown in Table 1.

Topographical factors including altitude, slope angle, slope aspect, plan curvature, and profile curvature (Fig. 4 (a-e)) were extracted from DEM. Altitude is frequently used in most LSM researches [START_REF] Dai | Landslide risk assessment and management: an overview[END_REF]Hong et al., 2015), altitude of the study area was reclassified into eight subclasses in an interval of 200 m (Fig. 4a). Slope angle is a very important factor in landslide occurrence; the increasing slope angle will cause the increasing size of free face and shear strength on potential slide surface, and further results in slope failure [START_REF] Zaruba | Landslides and their control[END_REF]Zhuang et al., 2017). Slope angle of the study area ranges from 0 to 65° in an interval of 10° (Fig. 3b). Slope aspect can initiate great impact on microclimate especially the temperature around a slope, it was adopted by many researchers in landslide susceptibility assessment. It was attributed to nine subclasses which are shown in Fig. 4c. Plan curvature and profile curvature are essential to the geometry of slopes, and together gives us more detailed information on understanding the flow across a surface; plan curvature affects convergence and divergence of flow, and profile curvature has great significance on acceleration and deceleration of flow which provides valuable information about erosion and deposition [START_REF] Zevenbergen | Quantitative analysis of land surface topography[END_REF]Chen et al., 2014b). Plan curvature (Fig. 4d) ranges from -10.57 to 8.59 and profile curvature (Fig. 4e) ranges from -10.56 to 11.78, both factors were attributed to five subclasses.

Lithology (Fig. 4f) and fault information were extracted from a geological map at a scale of 1: 200,000. Lithology as a crucial factor in slope stability was widely considered in landslide research, strength characteristics vary a lot among different lithologic units such as loess, mudstone, sandstone, and granite [START_REF] Highland | Spatial prediction of landslide hazard at the Yihuang area (China) using two-class kernel logistic regression, alternating decision tree and support vector machines[END_REF][START_REF] Pourghasemi | Landslide susceptibility mapping by binary logistic regression, analytical hierarchy process, and statistical index models and assessment of their performances[END_REF][START_REF] Jiang | Factors Controlling Kinematic Behaviour of a Huge Slow-Moving Landslide in China[END_REF][START_REF] Zaruba | Landslides and their control[END_REF][START_REF] Youssef | Landslide susceptibility mapping using random forest, boosted regression tree, classification and regression tree, and general linear models and comparison of their performance at WadiTayyah Basin, Asir Region, Saudi Arabia[END_REF]. In the present study, ten lithologic groups were mapped (Fig. 4f).

Faults act as potential weak planes in slopes which could reduce bulk-rock strength and further facilitate the process of slope failure, active faults generally bring 20-30 percentage raise of landslides occurrence, therefore distance to faults (Fig. 4g) was obtained using the Euclidean distance interpolation approach [START_REF] Highland | Spatial prediction of landslide hazard at the Yihuang area (China) using two-class kernel logistic regression, alternating decision tree and support vector machines[END_REF][START_REF] Scheingross | Fault-zone controls on the spatial distribution of slow-moving landslides[END_REF].

Distance to roads (Fig. 4h), distance to rivers (Fig. 4i), NDVI (Fig. 4j), and landuse map (Fig. 4k) was prepared through information extracted from Landsat 8 LOI images, we made necessary calibration of these data to acquire more accurate performance.

Roads construction always generates countless slopes and disturbs slope stability which could cause numerous landslides to happen [START_REF] Yalcin | GIS-based landslide susceptibility mapping using analytical hierarchy process and bivariate statistics in Ardesen (Turkey): comparisons of results and confirmations[END_REF][START_REF] Pourghasemi | Landslide susceptibility mapping using index of entropy and conditional probability models in GIS: Safarood Basin, Iran[END_REF]Tien Bui et al., 2016b). Distance to roads (Fig. 4h) was calculated and reclassified into five classes in an interval of 500 m. River network carves and shapes geomorphology in a great extent, rivers have control effect on its support force to slopes and alternating slopes' pore water pressure, hence distance to rivers was introduced as a key conditioning factor in many previous research [START_REF] Pourghasemi | Landslide susceptibility mapping using index of entropy and conditional probability models in GIS: Safarood Basin, Iran[END_REF][START_REF] Shahabi | Landslide susceptibility mapping at central Zab basin, Iran: a comparison between analytical hierarchy process, frequency ratio and logistic regression models[END_REF][START_REF] Conoscenti | Assessment of susceptibility to earth-flow landslide using logistic regression and multivariate adaptive regression splines: a case of the Belice River basin (western Sicily, Italy)[END_REF][START_REF] Youssef | Landslide susceptibility mapping using random forest, boosted regression tree, classification and regression tree, and general linear models and comparison of their performance at WadiTayyah Basin, Asir Region, Saudi Arabia[END_REF]. Five subclasses of distance to rivers were created in an interval of 500 m (Fig. 4i). Generally, NDVI can be used to quantitatively estimate its impact on landslides and vegetation density (Chen et al., 2017c). NDVI value ranges from -0.26 to 0.74 in the study area and was reclassified into five subclasses (Fig. 4j). Commonly, landslide occurrence rate varies in different land type, besides human behavior on land demand greatly influenced the landuse formation which indirectly accelerated slope failure process [START_REF] Muthu | Landslide-hazardmapping using an expert system and a GIS[END_REF][START_REF] Li | Environment: Accelerate research on land creation[END_REF]. In this case, landuse map was used and mapped with five main units including farmland, bareland, water, residential area, and forest and grass (Fig. 4k).

Lastly, the predictive capability of each landslide conditioning factor and correlation between the eleven landslide conditioning factors was calculated and evaluated.

Methods

Evaluation of landslide conditioning factors

It is necessary to evaluate the predictive capability of landslide conditioning factors to acquire more accurate landslide susceptibility modeling, because some factors may have a negative effect on the generated models. Moreover, an existing strong correlation between these factors is also bad for the model performance (Tien Bui et al., 2016b). Thus, in this study, an attribute evaluator called "CorrelationAttributeEval (correlation attribute evaluation)" was used to obtain the predictive capability of the eleven landslide conditioning factors, and we chose a compatible ranker technique which ranks attributes by their individual evaluations, and the attribute selection mode was set as 100-fold cross-validation [START_REF] Witten | Data Mining: Practical Machine Learning Toolsand Techniques[END_REF]. Furthermore, the correlation between these factors was quantified using Spearman's rank correlation coefficient, an efficient tool to indicate a negative or positive correlation between different factors (Tien Bui et al., 2016b).

The prediction capability evaluation result is shown in Fig. 5. The prediction capability of each landslide conditioning factor is defined by the average merit (AM) value. Among the eleven landslide conditioning factors, four factors prohibit relatively high predictive capability involving altitude (AM = 0.465), NDVI (AM = 0.436), lithology (AM = 0.354), and landuse (AM = 0.344); then followed by distance to roads (AM = 0.320), distance to rivers (AM = 0.265), slope angle (AM = 0.176), distance to faults (AM = 0.159), slope aspect (AM = 0.103), and plan curvature (AM = 0.100); profile curvature has the lowest predication capability (AM = 0.094). It could be observed that each factor has a positive value of predictive capability, and no factor showed null value that needs to be removed.

The result of Spearman's correlation analysis is specified in Table 2, it can be noticed that the correlation between landuse and NDVI has the highest correlation value which is 0.514. This value suggests the correlation is moderate according to the classification of [START_REF] Passman | Validation of venous clinical severity score (VCSS) with other venous severity assessment tools from the American venous forum, national venous screening program[END_REF]; however, it does not reach the critical threshold value (0.7) [START_REF] Martín | Influence of spatial heterogeneity and temporal variability in habitat selection: A case study on a great bustard metapopulation[END_REF]. Combined with the predictive capability analysis, all eleven factors were selected in the present landslide susceptibility analysis.

Training and validating data

The 171 landslides were randomly divided into two parts, including 120 landslides (70%) used for training the ADTree model and the two ensemble models and the rest 51 landslides (30%) used for validating the built models. This ratio splitting scheme is selected in accordance to the vast majority of scientists in the LSM community, although recent studies have pointed out some issues that it may distort the global intercept and inflates the variability across replicates [START_REF] Lombardo | Presenting logistic regression-based landslide susceptibility results[END_REF][START_REF] Petschko | Assessing the quality of landslide susceptibility maps-case study Lower Austria[END_REF]. LSM is considered as a binary classification, and construction of the binary classification needs both positive and negative database [START_REF] Tsangaratos | Estimating landslide susceptibility through a artificial neural network classifier[END_REF]Chen et al., 2017b), a positive database has been built containing the 171 landslides with a value of "1" assigned to each point, a negative (non-landslide, assigned a value of "0") database which is the same amount as the built positive database (171 landslides) was also proposed. 171 non-landslides were randomly generated in the landslide-free area. This database was also randomly split into training (70%, 120 non-landslides) and validation (30%, 51 non-landslides). Then, the frequency ratio (FR) model was adopted to calculate the attribute values of all the layers of the eleven landslide conditioning factors for all the prepared training and validating points including landslides and non-landslides, then FR values were normalized to new classes as per Table 1. FR model is introduced to illustrate landslide occurrence probability in the given study area based on landslide densities, and it can be obtained through calculating the ratio of percentage of landslides and percentage of domain of the specific attribute of each landslide conditioning factor [START_REF] Lee | Landslide hazard mapping at Selangor, Malaysia using frequency ratio and logistic regression models[END_REF][START_REF] Pradhan | Landslide susceptibility assessment and factor effect analysis: backpropagation artificial neural networks and their comparison with frequency ratio and bivariate logistic regression modelling[END_REF][START_REF] Shahabi | Landslide susceptibility mapping at central Zab basin, Iran: a comparison between analytical hierarchy process, frequency ratio and logistic regression models[END_REF][START_REF] Chen | Application of frequency ratio, statistical index, and index of entropy models and their comparison in landslide susceptibility mapping for the Baozhong Region of Baoji, China[END_REF].

Alternating decision tree algorithm

Alternating decision tree (ADTree) is an updated decision tree with boosting that can produce very accurate classifiers [START_REF] Freund | The alternating decision tree learning algorithm[END_REF]. ADTree model has been rarely applied in landslide susceptibility modeling according to current literature; however, all reported ADTree based LSM had promising performance (Hong et al., 2015;Chen et al., 2017d). Generally, ADTree consists of two alternating layers, one layer is with decision nodes (splitter nodes) which function as specify a predicate condition, and the other layer is with option nodes (prediction nodes) which contain a single number. ADTree always has prediction nodes as both roots and leaves if there is no joining of extra decision nodes [START_REF] Witten | Data Mining: Practical Machine Learning Toolsand Techniques[END_REF]. In the present study, ADTree was used for classifying landslides or non-landslides in landslide susceptibility modeling. In addition, ADTree could produce accurate classifiers that are easier to interpret when compared to some decision tree algorithms including C4.5, CART, and RF [START_REF] Freund | The alternating decision tree learning algorithm[END_REF]Hong et al., 2015). The general classification rules of ADTree could be defined as follows. A set of paths are defined by an instance, then when a path reaches a decision node it continues with the child which corresponds to the outcome of the decision associated with the node, however the path continues with all the children of the node when it reaches a prediction node [START_REF] Freund | The alternating decision tree learning algorithm[END_REF].

This also means that the instance follows a "multi-path" of ADTree. The classification for the newly generated instance which is also the landslide susceptibility of each pixel is calculated by the sign of the sum of all values stored at predictor nodes along this multi-path ( Van et al., 2003). The basic algorithm of the ADTree algorithm can be defined as follows [START_REF] Freund | The alternating decision tree learning algorithm[END_REF][START_REF] Pfahringer | Optimizing the induction of alternating decision trees[END_REF].

Initially,

, is the weight for each training instance, which is used to generate the set of weak hypotheses. T is set denoted as precondition and condition of the single base rule , so the initial prediction value is shown in formula (1), and denotes the total weights of the positive and negative instances.

a = 1 2 ln W (T) W (T) (1)
Subsequently, set precondition c1 and condition c2 to define ( , ). In formula

(2), ∧ and ¬ are used to denote conjunction (AND) and negation (NOT).

( , ) = 2 ( ∧ ) ( ∧ ) + ( ∧ ¬ ) ( ∧ ¬ ) + (¬ ) (2)
Then, two prediction values a and b are defined using formula (1), the optimized c1 and c2 are selected by minimizing ( , )

= 1 2 ln ( ∧ ) ( ∧ ) , = 1 2 ln ( ∧ ¬ ) ( ∧ ¬ ) (3)
Update the weights of each training example according to formula (4), " is the addition rule with precondition c1 and condition c2, then is defined as the sum of and " . x defines a set of instances and y means a set of prediction layers.

, = , $ % & (' ( )) & (4)
Finally, the classification rule is obtained which is expressed as formula (5), which is the sign of the sum of all the base rules in .

class(-) = sign 01 " 2 3 (-)4

(5)

In the present study, the ADTree model was performed using "expand the heaviest path" as search path on the training and validating dataset, the boosting iterations were tested to find the best amount iteration that could generate the highest accuracy, finally 10 boosting iterations were selected. The natural breaks method was selected to perform the reclassification of landslide susceptibility due its capability of reducing the variance within classes and maximizing the variance between classes [START_REF] Jenks | The data model concept in statistical mapping[END_REF]. The final landslide susceptibility map was reclassified into five susceptibility zones: very low, low, moderate, high, and very high.

AdaBoost and Bagging ensembles

AdaBoost (short for adaptive boosting) is an iterative algorithm proposed by [START_REF] Freund | A desicion-theoretic generalization of on-line learning and an application to boosting[END_REF] Bagging (known as bootstrap aggregating) is initially introduced by [START_REF] Breiman | Bagging predictors[END_REF] to improve unstable estimation or classification schemes. Bagging can be used to improve the accuracy of learning algorithms by constructing a series of predictive functions and then combining them into a predictive function in a certain way. Bagging is proved to be sensitive to small changes in training set which is helpful to enhance the classification accuracy of initial decision tree classifier by reducing variance of classification error (Tien [START_REF] Bui | Landslide susceptibility mapping along the national road 32 of Vietnam using GIS-based J48 decision tree classifier and its ensembles[END_REF]Bui et al., , 2016b)).

AdaBoost and Bagging can both generate multiple different classifiers by random sampling with replacement from the initial training set (Fig. 6a), however, they are also fundamentally different, AdaBoost does random sampling with replacement over weighted data (Fig. 6b) while Bagging does not (Fig. 6c). AdaBoost builds base models sequentially, and it needs error rate of each classifier to be kept below 0.5, whereas

Bagging requires an unstable inducer and builds base models in parallel [START_REF] Rokach | Ensemble-based classifiers[END_REF].

Both AdaBoost and Bagging were applied in the present study to attempt to improve the performance of the ADTree model in landslide susceptibility modeling. Therefore, two ensemble models were constructed, namely, the ADTree with AdaBoost (ADTree-AdaBoost) model and the ADTree with Bagging (ADTree-Bagging) model. In the end, landslide susceptibility maps of the two models were classified into five susceptibility zones using the natural breaks method: very low, low, moderate, high, and very high.

Model evaluation and comparison

In this study, confusion matrix was used to evaluate the performance of the three models. Statistical indices including positive predictive rate (PPR), negative predictive rate (NPR), sensitivity, specificity, accuracy (ACC) and F-measure (F1) were acquired from the confusion matrix. These statistical indices were adopted by many LSM studies and were explained in detail [START_REF] Thiery | Landslide susceptibility assessment by bivariate methods at large scales: application to a complex mountainous environment[END_REF][START_REF] Chen | GIS-based landslide susceptibility evaluation using a novel hybrid integration approach of bivariate statistical based random forest method[END_REF][START_REF] Rahmati | PMT: New analytical framework for automated evaluation of geoenvironmental modelling approaches[END_REF].

They can be calculated using the following equations:

Positive predictive rate = Cohen's Kappa coefficient (κ) was also introduced to evaluate the reliability of the models, κ could range from -1 (perfect disagreement) to 1 (perfect agreement) [START_REF] Cohen | A coefficient of agreement for nominal scales[END_REF]. κ is calculated by the ratio of observed agreement (Pobs) and expected agreement (13)

κ = B CDE B FGH B FGH (14) 
The receiver operating characteristic curve (ROC) is widely used in validating LSM for its good performance on evaluating binary classification system (Tien Bui et al., 2016c;Pham et al., 2017a;[START_REF] Hong | Rainfallinduced landslide susceptibility assessment at the Chongren area (China) using frequency ratio, certainty factor, and index of entropy[END_REF]. The ROC curve is created by plotting the true positive (sensitivity) against the false positive (100-specificity) based on a series of different dichotomies [START_REF] Akobeng | Understanding diagnostic tests 3: receiver operating characteristic curves[END_REF]. Sensitivity and specificity are two statistical indexes frequently used in confusion matrix. In the current study, sensitivity defines the proportion of correctly classified landslide pixels among all landslide pixels available during the test, while specificity defines the proportion of correctly classified non-landslide pixels occur among all non-landslide pixels available during the test.

Thus, the ROC curve could figuratively reflect the relationship between sensitivity and specificity, and area under the ROC curve (AUC) could be used to quantitatively evaluate the performance of the applied three models (Chen et al., 2017c). Therefore, the AUC values representing success rates and prediction rates of the ADTree, the ADTree-AdaBoost, and the ADTree-Bagging model were obtained using training data and validating data, respectively. In general, the AUC value ranges from 0.5 to 1, which can be classified as follows: poor (0.5 -0.6), average (0.6 -0.7), good (0.7 -0.8), very good (0.8 -0.9), and excellent (0.9 -1), and higher AUC value always indicates better model performance [START_REF] Bui | Landslide susceptibility mapping along the national road 32 of Vietnam using GIS-based J48 decision tree classifier and its ensembles[END_REF], 2016b). Furthermore, more detailed ROC parameters of the three models were presented including standard error and 95% confidence interval (CI). Therefore, the general performances of the models were compared, and an optimizing model was selected.

Results and discussions

Landslides distribution pattern

The landslide inventory map and maps of the eleven landslide conditioning factors were used to acquire the landslide occurrence probability of each class. The results of frequency ratio (FR) values in each class are summarized in Table 1. As for altitude, it

shows the highest FR value of 2.314 for the class of 1000 -1200 m, and then the value decreases as the altitude increases. Additionally, over 92% landslides occurred in altitude less than 1200 m, which is the also the concentrated area of massive human activities, low NDVI value, as well as farmland and bareland. With regard to slope angle, the landslide occurrence probability is the highest in the class of < 10° (FR value of 1.421) and followed by the class of 10° -20°. This also reflects that landslides in Longxian County are most likely to occur in gentle slopes. Its adjacent county, Qianyang County, also showed a similar pattern that landslides occurred mostly in slopes less than 20° [START_REF] Wu | Landslide susceptibility zonation using GIS and evidential belief function model[END_REF], this is partly because landslides are prone to happen along the contact horizon between the overlying loess and underlying mudstone, this weak plane generally has an angle of 10° to 20° [START_REF] Derbyshire | Geological hazards in loess terrain, with particular reference to the loess regions of China[END_REF]. This could also be confirmed by the high prediction rate of lithology (Fig. 5) and that over 80% landslides occurred in the loess and mudstone stratum, which are mainly characterized by gentle slopes. In this case, slope angle is not the dominant conditioning factor with prediction rate of 0.176, there are other prevailing factors contributing greatly to the landslide distribution pattern in the study area. Besides, it can be further noticed that more than 99% landslides occurred in slope angle less than 30° which is consistent with the report that over 95% landslides distributed in slope angle less than 35° in Shannxi Province, because the equivalent coefficient of friction is very low which could result in a low angle sliding surface [START_REF] Zhuang | Distribution and characteristics of landslide in Loess Plateau: A case study in Shaanxi province[END_REF]. Besides, it also matches the conclusion that landslides usually happen in a certain range of slope angle in the loess area [START_REF] Meng | Landslides and their control in the Chinese Loess Plateau: models and case studies from Gansu Province, China[END_REF][START_REF] Zhang | Controlling factors of loess landslides in western China[END_REF][START_REF] Zhuang | Distribution and characteristics of landslide in Loess Plateau: A case study in Shaanxi province[END_REF]. In terms of slope aspect, class southwest has the highest FR value of 1.611, followed by south (FR value of 1.293), and southeast (FR value of 1.124). This result is in accordance with some earlier reported research that there is a higher probability of landslide occurrence in the southern facing slopes [START_REF] Devkota | Landslide susceptibility mapping using certainty factor, index of entropy and logistic regression models in GIS and their comparison at Mugling-Narayanghat road section in Nepal Himalaya[END_REF]Zhuang et al., 2017).

For the plan curvature and the profile curvature, landslides are most concentrated in the class of 0.25 -1.08 (FR value of 1.195) and the class of -10.56 --1.54 (FR value of 1.208), the profile curvature also has a high FR value of 1.179 in class of 0.30 -1.35. It can be noticed that landslides were densely distributed in convex plan curvature and profile curvature. This result matches with the common occurrence of convex slope failure in the Loess Plateau [START_REF] Meng | Landslides and their control in the Chinese Loess Plateau: models and case studies from Gansu Province, China[END_REF]. The favorable slope geometry for landslide varies in different condition, convex slope could be the least stable in terms of end effects on the failure mechanism because of the side shear, while concave slope could be the least stable due to the high hydrological effect [START_REF] Lacerda | Landslides: Evaluation and Stabilization/Glissement de Terrain: Evaluation et Stabilisation, Set of 2 Volumes[END_REF]. Furthermore, in the present study, plan curvature and profile curvature are the two least powerful factors that control the landslide occurrence, the average merit is 0.100 and 0.094 (Fig 5), respectively. Outweighing of other factors should have diminished the controlling effect of plan and profile curvature.

Lithology is an essential factor, landslides occurred most frequently in four lithology stratum, including group 1 (Quaternary Holocene, FR value of 1.508), group 2 (Quaternary Pleistocene, FR value of 1.565), group 3 (Neogene, FR value of 1.629), and group 4 (lower Cretaceous, FR value of 1.537), which are mainly composed of loess, mudstone, sandy mudstone, and sandstone. A total of 48.333% landslides occurred in the loess area, which only accounts for 31.089% of the study area. Loess is of high erodibility especially comes to water infiltration, and soft rocks such as mudstone and sandstone are easy to produce plastic formation under certain forces, providing a preferable condition for slope failure [START_REF] Wang | A loess landslide induced by excavation and rainfall[END_REF][START_REF] Peng | Heavy rainfall triggered loess-mudstone landslide and subsequent debris flow in Tianshui[END_REF].

Moreover, Neogene and Cretaceous sandstone and mudstone in the study area suffered strong weathering, and generally are in unconformity contact with the overlying Quaternary loess, which is easy to generate sliding surface and thus brings the loessbedrock landslides, which fits the filed investigation. Regarding distance to faults, landslides most densely occurred in the class of 1000 -2000 m (FR value of 1.448) and followed by the class of <1000 m (FR value of 1.310). However, the percentage of landslides shows that more landslides occurred as they are nearer to the faults, 31.667% landslides happened in the class < 1000m, followed by 20.883% in the class 1000-2000 m, and 5.833% in the class 2000-3000 m. Hence, it still reveals a linear relationship between faults and landslide distribution. Moreover, a general trend is that landslides are more likely to happen as the distance moves closer to faults.

In terms of distance to roads, the highest probability of landsliding shows in the class of <500 m (FR value of 1.875), landslides are highly concentrated near roads (Fig. 4h), it indicates the increasing human engineering activities severely changed the stress equilibrium of loess slopes. Meanwhile, most landslides (47.5%) occurred in the class of <200 m (FR value of 1.743) for distance to rivers, this is because of the small villages in or near the major river valleys and the associated lateral river erosion, the intensive human interference to the natural environment would bring slope instability [START_REF] Zhang | Controlling factors of loess landslides in western China[END_REF]. Both factors have relatively high predictive rate and show an expected trend that landslides decrease as distance increases. Due to the importance of the two factors in landslide occurrence, this discernible pattern is also demonstrated in some previous literature (Tien Bui et al., 2016a;[START_REF] Hong | Landslide susceptibility assessment in Lianhua County (China): a comparison between a random forest data mining technique and bivariate and multivariate statistical models[END_REF]Chen et al., 2017b). In case of NDVI, class of -0.26 -0.21 has the highest FR value of 2.408. Most discernably, the FR value decreases as NDVI value increases. Commonly, high vegetation cover can effectively reduce landslide occurrence especially for the shallow landslides (Sidle et al., 2016).

The developed root system of trees and shrubs can firstly strengthen soil layers and improve drainage, secondly perform as anchors to slopes by penetrating more stable layers, thirdly reduce soil water content through active transpiration process, and lastly form a physical barrier to attenuate and block slide materials [START_REF] Guthrie | An examination of controls on debris flow mobility: Evidence from coastal British Columbia[END_REF]Sidle et al., 2016). Figuratively, vegetation cover does have significance on reducing landslides in the study area. Lastly, for land use, landslide occurrence probability is the highest in bareland (FR value of 2.541), followed by residential area (FR value of 2.102), and farmland (FR value of 1.413); though forest and grass covers 50.238% of the study area, it has the least probability of landslide (FR value of 0.182) except water.

Bareland is widely accepted as a landcover type that is too vulnerable and fragile to anti-landslide, and anthropogenic interference also greatly altered the landcover formations and geomorphic processes [START_REF] Li | Environment: Accelerate research on land creation[END_REF]. Engineering construction activities such as mining, slope toe excavation, and water discharge and drainage, all would disrupt the stability of natural slopes and subsequently bring more landslides.

The occurrence of frequent landslides in farmland can be observed, it is due to the advanced irrigation activities that greatly raised groundwater table and altered original drainage system which is very common in the Loess Plateau [START_REF] Zhang | A rapid loess flowslide triggered by irrigation in China[END_REF]Zhuang et al., 2017).

In summary, all aforementioned conditioning factors are contributed to the occurrence of landslides, and the main cause is the combination of intensive human activities and poor lithological formation as well as vegetation covering. The widely distributed Quaternary loess, Cretaceous mudstone and sandstone makes this area prone to slope instability. Furthermore, anthropogenic activities posed great threat to the equilibrium state of the geo-environment. However, high vegetation cover could efficiently enhance slope stability thus reducing the occurrence of landslides the study area.

Model performance and validation

It is highly necessary to do some investigations on the performance of new models on LSM for spatial analysis and prediction of landslides, though there still exist some debates on the accuracy of various modeling methods which have been proposed [START_REF] Akgun | Landslide susceptibility mapping for a landslideprone area (Findikli, NE of Turkey) by likelihood-frequency ratio and weighted linear combination models[END_REF]Pham et al., 2016a). The ADTree model and its two ensemble models, namely, the ADTree-AdaBoost model and the ADTree-Bagging model, were applied in mapping landslide susceptibility in the current study. All the three models were constructed using the binary training data in Weka 3.8. Then, landslide susceptibility indices (LSI) for the whole study area were calculated to generate the final rasterize landslide susceptibility map in ArcGIS 10.2 environment. All landslide susceptibility maps were reclassified into five classes (very low, low, moderate, high, and very high)

using natural breaks method. The area percentage of each class of each map was summarized in Table 3.

Regarding the ADTree (Fig. 7), LSI ranges from 0.004 to 0.851, and the reclassified five classes are as follows: very low (0.004-0.070), low (0.070-0.230), moderate (0.230-0.442), high (0.442-0.655), and very high (0.655-0.851), and the corresponding area percentage is 36.07%, 6.95%, 13.31%, 32.34% and 11.33%, respectively. In the case of the two ensemble models, landslide susceptibility index of the ADTree-AdaBoost (Fig. 8) and the ADTree-Bagging (Fig. 9) ranges from 0.000 to 0.999 and from 0.025 to 0. To evaluate the performance of the three models, the ROC curve was used, and AUC was calculated using the training data. The results are shown in Table .4 and Fig. To confirm the practicability of the proposed models, it is very important to evaluate the prediction rate of the three models using the 30% validating data. AUC values of the three models using the validating data are shown in Fig. 10b. The ADTree-AdaBoost model has the highest value of AUC which is 0.787, followed by ADTree-Bagging (0.752), and ADTree (0.696). According to Tien [START_REF] Bui | Landslide susceptibility mapping along the national road 32 of Vietnam using GIS-based J48 decision tree classifier and its ensembles[END_REF], the ADTree model and the two ensemble models all have good prediction capability. Distinct differences between ROC curves of the ADTree model and the two ensemble models can be observed in Table 5. It can be found that very significant difference exists between the ADTree model and the ensemble models. Regarding AUC, the ADTree-AdaBoost model boosted the prediction accuracy of the ADTree model by 9.13%, and the ADTree-Bagging model enhanced the prediction of the ADTree model by 5.63%.

through evaluation parameters obtained from the confusion matrix using validation dataset ( [START_REF] Brenning | Spatial prediction models for landslide hazards: review, comparison and evaluation[END_REF][START_REF] Youssef | Landslide susceptibility mapping using random forest, boosted regression tree, classification and regression tree, and general linear models and comparison of their performance at WadiTayyah Basin, Asir Region, Saudi Arabia[END_REF], other ensemble or hybrid models should be further explored.

Conclusions

In this research, the ADTree and its two ensembles, namely, Bagging and AdaBoost, were applied for LSM in Longxian County (China). Besides, the ADTree-AdaBoost, as a novel combination model, was applied in landslide susceptibility modeling for the first time. Moreover, the performance of the three models was systematically evaluated and analyzed to select the optimized model for the study area.

In sum, the following conclusions can be obtained:

According to integrated analysis of landslide conditioning factors based on FR values and the corresponding predictive capability, it is noticed that altitude, NDVI, lithology, and landuse have relatively higher predictive capability compared to the rest The ADTree-AdaBoost, as a novel model, has the highest prediction rate (0.787) as well as the highest success rate (0.984) compared to other two models. Therefore, the ADTree-AdaBoost model is considered as the optimized model in the current study.

The ADTree-Bagging model with satisfactory prediction rate (0.752) is also proved to be a promising model that could be used for landslide susceptibility modeling. However, more case studies should be conducted to explore the potential and to evaluate the overall performance of the AdaBoost and Bagging ensemble techniques.

Eng Geol. 236, 89-96. Table 1 Spatial relationship between landslide conditioning factors and landslides using frequency ratio (FR). 

  for constructing a "strong" classifier as a linear combination and dealing with binary classification. It can adaptively adjust the weak classifier errors obtained by weak learners. Its core idea is to train different classifiers (weak classifiers) on the same training set, and then combine these weak classifiers to form a stronger final classifier (strong classifier). The algorithm itself is achieved by changing the data distribution, which determines the weight of each sample based on the correct classification of each sample in each training set and the accuracy of the prior overall classification. The new data set with modified weights is sent to the lower classifier for training. Finally, the classifier obtained by each training is fused together to be the final decision classifier. Using the AdaBoost classifier would eliminate some unnecessary training data features and places them on top of the critical training data. Moreover, AdaBoost is basically a simple enhancing process of weak classification algorithm; and this process can improve the data classification ability by reducing both bias and variance through continuous training.

  true positive) and TN (true negative) are the numbers of pixels that are correctly classified, while FP (false positive) and FN (false negative) are the numbers of pixels incorrectly classified.

  10a. It could be observed that the ADTree model has an AUC of 0.872, indicating its goodness-of-fit to the training data (success rate) is 87.2%. Obviously, two ensemble models have much better performance on the goodness-of-fit to the training data, the ADTree-AdaBoost model has the best performance (98.4%) and followed by the ADTree-Bagging (91.7%). By using the training data, AdaBoost algorithm and Bagging algorithm improved the success rate of the ADTree by 11.58% and 4.58%, respectively. The performance of the three models using confusion matrix is shown in Table6. The ADTree-AdaBoost model indicates the best performance for classifying landslides (sensitivity = 95.04%), followed by the ADTree-Bagging model (sensitivity = 80.58%) and the ADTree model. Regarding classification of non-landslides, the best performance is still the ADTree-AdaBoost model (specificity = 95.42%), followed by the ADTree model (specificity = 93.75%) and the ADTree-Bagging model (specificity = 92.08%). In addition, the ADTree-AdaBoost model also has the highest accuracy (95.42%), F1 value (0.95) and Kappa coefficient (0.9083), indicating an excellent reliability and strength of agreement. The ADTree-Bagging has higher values on these three parameters compared to those of the ADTree model. AdaBoost's ability on reducing bias and variance as well as Bagging's capability on reducing variance of classification of the ADTree model could help them to improve the goodness-of-fit to the training data. Overall, all three models presented satisfactory performance, and ensemble algorithms can effectively enhance performance accuracy of a solely applied model.

  factors. Areas with high landslide susceptibility are mostly contributed by altitude of 1000 -1200 m, gentle slopes of < 10°, south facing related slopes, convex plan (0.30 -1.35) and profile curvature (0.25 -1.08), geological stratum concerning mainly loess, mudstone, and sandstone, distance 1000 -2000 m from faults, distances < 500 m from roads, distance < 200m from rivers, NDVI of -0.26 -0.21, and bareland. A combination of intensive anthropogenic activities and poor lithological formation as well as low vegetation covering is the main cause of landslides in the study area. Bagging and AdaBoost algorithm did enhance the performance and prediction accuracy of the ADTree model in the present study. Generally, the ensemble techniques can produce higher accuracy than when the model is individually applied. More different integrations of models should be explored and applied to assess the landslide susceptibility in the Loess Plateau and other landslide-prone areas, and model's adaptive capability to different geological environment should be further discussed.
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 4 Fig. 4 Thematic maps with landslides dataset of the study area: (a) Altitude; (b) Slope angle; (c) Slope aspect; (d) Plan curvature; (e) Profile curvature; (f) Lithology; (g) Distance to faults; (h) Distance to roads; (i) Distance to rivers; (j) NDVI; (k) Landuse.

Fig. 5 Fig. 6

 56 Fig. 5 Landslide conditioning factors and the corresponding predication rate by average merit

Fig. 7 Fig. 8 Fig. 9

 789 Fig. 7 Landslide susceptibility map using the ADTree model

  

  

  

  

Table 7

 7 AdaBoost algorithm and Bagging algorithm could help to improve the prediction rate of the ADTree model, and the ADTree-AdaBoost model has the best prediction capability. In sum, with the highest success rate and prediction rate, the ADTree-AdaBoost model was considered as the best model for LSM in the current study. However, it is really challenging to find the optimum model for LSM in a specific geo-environment among the multitudinous models

	landslides (specificity = 84.21%), accuracy (ACC = 75.49%), F1 value (0.78) as well
	as Kappa coefficient (0.5098), indicating better prediction power compared to the
	ADTree-Bagging and the ADTree model. Even though the ADTree model has a
	relatively low AUC value for validating dataset, it shows good performance due to the
	good positive predictive rate (86.27%), specificity (80%) and ACC (70.59%). In
	summary,

), it can be noticed that the ADTree-AdaBoost model has the highest value in classification of landslides (sensitivity = 70.31%), classification of non-

Table 4

 4 ROC analysis of the three models using training data.

	Models	AUC	Standard Error	95% Confidence Interval
	ADTree	0.872	0.0214	0.823 -0.911
	ADTree-Bagging	0.917	0.0175	0.875 -0.949
	ADTree-AdaBoost	0.984	0.00649	0.959 -0.996

Table 5

 5 ROC analysis of the three models using validating data.

	Models	AUC	Standard Error	95% Confidence Interval
	ADTree	0.696	0.0532	0.597 -0.783
	ADTree-Bagging	0.752	0.0490	0.657 -0.833
	ADTree-AdaBoost	0.787	0.0455	0.695 -0.862

Table 6

 6 Models' performance using training dataset.

	Parameters	ADTree	ADTree-Bagging	ADTree-AdaBoost
	True positive	115	112	115
	True negative	75	93	114
	False positive	5	8	5
	False negative	45	27	6
	Positive predictive rate (%)	95.83	93.33	95.83
	Negative predictive rate (%)	62.50	77.50	95.00
	Sensitivity (%)	71.88	80.58	95.04
	Specificity (%)	93.75	92.08	95.80
	Accuracy (%)	79.17	85.42	95.42
	F-measure	0.81	0.86	0.95
	Kappa	0.5833	0.7083	0.9083

Table 7

 7 Models' performance using validation dataset.

	Parameters	ADTree	ADTree-Bagging	ADTree-AdaBoost
	True positive	44	43	45
	True negative	28	30	32
	False positive	7	8	6
	False negative	23	21	19
	Positive predictive rate (%)	86.27	84.31	88.24
	Negative predictive rate (%)	54.90	58.82	62.75
	Sensitivity (%)	65.67	67.19	70.31
	Specificity (%)	80.00	78.95	84.21
	ACC (%)	70.59	71.57	75.49
	F-measure	0.72	0.72	0.78
	Kappa	0.4118	0.4314	0.5098
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