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ABSTRACT 45 

Short-term metro passenger flow prediction is vital for the metro operation and management. 46 

Most studies focus on the higher prediction accuracy with statistical and machine learning 47 

methods, but little attention has been paid to the prioritization and selection of feature variables, 48 

especially for different metro station types. The study aims to analyze the impacts of feature 49 

variables on the prediction results, and then select appropriate predictor variables accordingly. 50 

A novel three-stage framework is proposed to prioritize feature variables for short-term metro 51 

passenger flow prediction, including station clustering, feature extraction, and variable 52 

prioritization. A hierarchical clustering algorithm is developed for station clustering. Then we 53 

extract the temporal, spatial and external features. Finally, the association between the variables 54 

and prediction results is investigated using tree-based models. The proposed framework is 55 

demonstrated and validated with data collected from Shanghai metro Automatic Fare 56 

Collection (AFC) system. The results highlight that the importance of feature variables for 57 

developing models is varying between stations, whereas only a few variables are found to 58 

explain most of the variation in the testing dataset; different feature variables lead to distinct 59 

differences in prediction accuracy, and simply adding more predictor variables does not 60 

necessarily lead to a higher prediction accuracy. In addition, the station type and prediction 61 

type (i.e., inbound and outbound) have few influences on the selection of feature variables. 62 

Keywords: Short-term prediction, station clustering, feature extraction, tree-based models, 63 

variable prioritization, AFC data  64 
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INTRODUCTION 65 

Short-term passenger flow prediction technique is a key component of the metro 66 

operation and management system. The predicted flow information drives proactive decision 67 

making that could help to alleviate the metro network congestion and improve the passenger 68 

travel experience. In the past few decades, numerous models of short-term passenger flow 69 

prediction have been developed focusing on achieving higher prediction accuracy. There are 70 

multiple criteria that can be employed to classify these models, such as the type of traffic data, 71 

or the type of prediction method. From the perspective of transportation systems, prediction 72 

targets can be generally divided into two broad categories: road transportation and public transit 73 

system. 74 

In the road transportation, short-term traffic flow prediction has attracted wide interests. 75 

A wide range of approaches have been applied in the literature, including smoothing techniques 76 

(1), grey forecasting model (2), state space model (3), autoregressive integrated moving 77 

average (ARIMA) (4-5) , Bayesian network (6), Kalman filtering (7), Support Vector Machine 78 

Regression (SVR) (8), K-nearest Neighbor Model (9) and deep neural network (10).  79 

In the public transit system, short-term metro passenger demand prediction has become 80 

a hot topic. For instance, Wei et al. (11) combined empirical mode decomposition (EMD) with 81 

back-propagation neural network (BPNN) to predict metro passenger flow in 15 minutes. 82 

Gradient boosting decision trees (GBDT) was also used by Ding et al. (12) to predict subway 83 

ridership and identify the relative influences of the input variables. Besides, Sun et al. (13) 84 

integrated Wavelet with SVM to forecast subway ridership in the rush hours. A hybrid method 85 

of ARIMA and generalized autoregressive conditional heteroskedasticity (GARCH) modeling 86 

to improve subway short-term passenger flow forecasting was also proposed by Ding et al. 87 

(14). Focusing on passenger flow predictability with different time granularities, Zhong et al. 88 

(15) performed a comparative study on variability in regularity in the urban mobility patterns 89 

among London, Singapore and Beijing using AFC data. Considering the impact of special 90 

events, Pereira et al. (16) combined web data with neural network to forecast the arrivals of 91 

metro station. Li et al. (17) also constructed multiscale radial basis function networks to 92 

forecast non-regular station arrivals at least 30 min prior. Clustering stations with similar 93 

demand patterns, Noursalehi et al. (18) developed a state-space model to predict real time 94 

transit demand for each cluster in the context of special events. In addition, there is an extensive 95 

literature on short-term bus passenger flow prediction (19-20). 96 

Although extensive efforts have been directed to short-term traffic flow prediction in 97 

both road transportation and public transit system, most of the previous works selected feature 98 

variables empirically. Under which case the importance of feature variables for developing 99 

models is not considered and it could not guarantee the selected variables are optimal. In 100 

addition, one group of feature variables is adopted to predict the metro passenger demands of 101 

all target stations, while the optimal feature variables may vary significantly among the 102 

different station types. The issues mentioned above often lead to the degradation of the 103 

prediction models and the inconsistent conclusions among different studies regarding which 104 

modeling method is superior.   105 

Tree-based ensemble methods have been widely adopted to explore the variable 106 

importance in various forecasting issues (21-23). However, tree-based ensemble methods have 107 

not to date been used for predictor variable selection in the context of short-term metro 108 

passenger flow prediction. Furthermore, station clustering becomes a prerequisite (18) in short-109 

term passenger flow prediction, whereas it has not been investigated with different feature 110 

variables. Therefore, this paper aims to apply the tree-based ensemble methods to select the 111 

optimal set of feature variables for passenger flow prediction while considering heterogeneous 112 

type of targeted stations. 113 
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PREDICTION FRAMEWORK 114 

The forecasting method is the core of short-term traffic flow prediction. However, the 115 

prediction frameworks should also address the data cleaning and prediction feedback (24), data 116 

acquisition, feature selection and feature fusion (25-26).  117 

We propose a three-stage framework for prediction model preparation: the first stage is 118 

to cluster the station in order to distinguish stations with different passenger demand pattern; 119 

the second stage extracts the potential predictor variables for the forecasting; the third stage 120 

uses the tree-based models to quantify the variable importance and then selects the 121 

corresponding optimal variables to for prediction. 122 

 123 

Stage 1: Station Clustering 124 

The daily inbound/outbound passenger time series exhibit similar or distinct patterns among 125 

stations, and the identification of these patterns using the historical data is a prerequisite for 126 

prioritizing the importance of feature variables. In the identification process, data 127 

representation and choice of similarity metrics are two main considerations. In the short-term 128 

metro passenger demand prediction, the time series data are relatively short (4 data points per 129 

hour if time interval is 15 minutes), and it is unnecessary to use dimensionality reduction 130 

techniques to represent the data. Therefore, we only focus on choosing the similarity metrics 131 

to cluster time series data. 132 

We use agglomerative hierarchical clustering (AHC) algorithm to identify the 133 

appropriate clusters. AHC provides a comparative view of dissimilarity among stations by 134 

generating a tree-like graph, and it does not require the specific number of clusters beforehand. 135 

We can determine the clusters based on our needs. Given a target station, let 136 

1, 2, ,( , , , )i i i N iY y y y= be the vector of inbound /outbound passenger flow of station on day i, 137 

and N is the number of time intervals in a day. Let us assume that there are T days in the sample, 138 

the historical demand is defined as:  139 

 140 
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 142 

Each station is a separate cluster which will be merged together based on the linkage 143 

distance between them until they become one cluster. Linkage is a function that measures the 144 

dissimilarity between two clusters. The average linkage distance is used to measure the 145 

similarity of members of two clusters, X and Y, is defined as:  146 

 147 
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 149 

where m and n are the number of samples in each cluster, and D is the distance function (e.g., 150 

the Euclidean distance function). Unlike single linkage (i.e., merging clusters based on the two 151 

most similar instances) or complete linkage (i.e., merging clusters based on the two most 152 

dissimilar ones), average linkage is more robust to noise and outliers. 153 

  154 

Stage 2: Feature selection 155 

Generally, features in time series data can be divided into three categories, namely: temporal, 156 

spatial, and external features. 157 

 158 

Temporal Features 159 
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Time series data can be decomposed into three components: seasonal, trend, and noise 160 

(27). Seasonal component is embodied in two aspects. On the one hand, passenger flow at a 161 

particular time interval of a day may be similar to that of the previous day; on the other hand, 162 

it is closely related to the passenger flow in previous time intervals on the same day.  163 

To predict passenger flow yt,d, the seasonal component is represented by 164 

, 1 , 2 ,( ,  , ,  )t t d t d t d nY y y y− − −=  and 
1, 2, ,( ,  , ,  )t t d t d t m dD y y y− − −=  , where t and d represent the 165 

target time interval and date, respectively.  m is the number of time intervals adjacent to t, and 166 

n is the number of previous days adjacent to d. Time span of AFC data utilized in short-term 167 

metro passenger flow forecasting is generally no more than three months (11-14). In such a 168 

condition, the trend component is very small in passenger flow data and is ignored. Noise 169 

component is random and the possible explanation can be the external environment factors 170 

(e.g., weather), which will be discussed in the external features section.  171 

 172 

Spatial Features 173 

Short-term passenger demand of the target station can be influenced by the target station itself 174 

and the rest stations in the entire metro network. From this perspective, spatial features are 175 

discussed in two aspects. 176 

First, we consider the impact of the target station itself. It is evident that the importance 177 

of predictor variables for the downtown stations is significantly different from the suburban 178 

stations. If there are l clusters among stations, and we will analyze the variable importance for 179 

l representative stations.   180 

Second, we consider the influence of other stations. It is only applicable to outbound 181 

passenger demand prediction. The idea is that the number of inbound passengers at origin 182 

stations determines the number of outbound passengers at destination stations (i.e., target 183 

stations), thus those inbound passenger flow can be employed as the predictor variables for 184 

outbound passenger demand prediction (25-26). However, most metro operation problems are 185 

caused by the inability to forecast the inbound passenger flow precisely. In contrast, problems 186 

caused by the outbound passengers are much less, it attributes to the large evacuation capacity 187 

of the station. Therefore, we do not consider this situation in the study. 188 

 189 

External Features  190 

External environment factors are important explanatory variables for the noise component of 191 

passenger flow data. Besides the temporal and spatial features extracted from AFC data, we try 192 

to add weather features obtained from www.tianqi.com which records the rain and wind 193 

conditions by date. We find that the intensity of the wind is almost the same during the study 194 

period, and thus we only use one binary variable to indicate rainy days: 0 represents no rain 195 

and 1 represents rain. TABLE 1 lists the extracted features for the target station. 196 

 197 

TABLE 1 Extracted predictor variables for the target station 198 

 199 

Feature Type Description 

tY  vector passneger flow within a day 

tD  vector passenger flow of previous days 

time of day (t) 1 to N time interval index within a day, N is the number of indexes 

day of week (d) 1 to 7 Monday to Sunday 

weather (w) 0,1 rain or no rain 

 200 

http://www.tianqi.com/
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Stage 3: Variable prioritization 201 

In the tree-based models, there are two representative methods: random forest and GBDT. They 202 

belong to ensemble approaches which are based on classification and regression tree (CART) 203 

(28). In the random forest and GBDT, the prediction/importance of each variable is the average 204 

of prediction/corresponding variable importance from the individual trees, and thus is more 205 

robust. We employ these techniques to quantify the variable importance in short-term metro 206 

passenger prediction. 207 

The random forest approach: In random forest, the observations and candidate variables 208 

are randomly selected to build a tree independently. When building a tree, an average of 36.8% 209 

of the observations are not used (22), which is so-called “out of the bag” (OOB) for that tree. 210 

Breiman (29) suggested that reduction in mean squared error (MSE reduction) is a proper 211 

choice to measure the importance of variable x. The idea of “MSE reduction” is that if x does 212 

not have great influence on the prediction value, when we permute the value for x, the 213 

corresponding OOB mean squared error should not vary greatly. This permutation-based “MSE 214 

reduction” has been adopted to quantify the variable importance in random forest.   215 

The GBDT approach: Unlike random forest, trees in GBDT are built sequentially and 216 

connected with others. GBDT here refers to the gradient boosting framework proposed by 217 

Friedman (30). Once the first tree is fitted to the training sample, the prediction error is 218 

calculated. The observations with higher errors are assigned with higher weight to fit by the 219 

next tree, and so on. Detailed discussion process can refer to (30). In GBDT, the importance of 220 

variable x is the average number of times x is used to split the nodes in the construction a series 221 

of trees or the average squared improvement to the trees due to the splits by x.  222 

    223 

CASE STUDY 224 

 225 

Data  226 

The data collected from Shanghai Metro AFC system is used to validate the proposed 227 

framework. The data consists of records from July 1st to September 30th, 2016. By 2016, there 228 

are 14 metro lines and 313 stations in Shanghai. The common operation time is from 06:00 am 229 

to 23:00 pm. In this paper we focus on the feature variables on weekdays, thus weekends data 230 

are removed from the dataset. Thus, there are 66-day data in total. The last 5 days are used for 231 

testing and the remaining data for training. As suggested in (15), 15 minutes is a threshold 232 

which determines the predictability of short-term metro passenger. Therefore, the time interval 233 

is set to be 15 minutes in the study. 234 

 235 

Model development 236 

We demonstrate the station clustering using the Shanghai metro line #1. The historical average 237 

daily inbound/outbound demand of each station (Equation 1) is constructed with the use of 61 238 

-workday data. Figure 1 shows the clustering results with the correlation distance (Equation 2). 239 

There are three distinct groups of stations that co-behave (i.e., similar passenger demand 240 

pattern) in both inbound and outbound cases. Figure 2 shows these clusters: take the inbound 241 

passenger flow as an example, clusters represent (a) stations with only evening peak demand 242 

and (b) stations with only morning peak demand, and (c) stations with both morning and 243 

evening peak demands.  244 

Given the clustering results, Xizhuang, Renminguangchang, and Caobaolu are selected 245 

as the target stations to represent the three clusters in both inbound and outbound cases. 246 

 247 
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 248 
 249 

 250 
Figure 1 Dendrogram of inbound/outbound patterns for Metro Line #1 stations 251 

 252 

 253 
 254 
 255 

Figure 2 Three clusters of inbound/outbound patterns 256 
 257 

To account for the seasonal component of passenger flows, the passenger flow data in 258 

four time intervals adjacent to the target time interval (i.e., yt-1,d, yt-2,d, …,yt-4,d) and the 259 

passenger flow data at the same time interval in the previous five workdays (i.e., yt,d-1, yt,d-260 

2, …,yt,d-5) are adopted. Time of day, day of week, and weather are also added. One hot-261 

encoding is applied in the random forest to deal with the category features (i.e., time of day, 262 
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day of week, and weather). GBDT can process the category features automatically. TABLE 2 263 

shows that that there are 12 input variables and one output variable in the random forest and 264 

GBDT. 265 

 266 

TABLE 2 Example of training/testing data 267 

 268 
Input Output 

yt-1,d yt-2,d yt-3,d yt-4,d yt,d-1 yt,d-2 yt,d-3 yt,d-4 yt,d-5 t d w yt,d 

458 444 446 434 380 400 303 334 486 60 1 0 515 

515 458 444 446 339 357 321 305 469 61 1 0 424 

424 515 458 444 417 362 317 334 470 62 1 1 454 

454 424 515 458 281 275 277 257 444 63 1 1 419 

419 454 424 515 281 266 245 252 390 64 1 0 449 

217 89 86 8 362 400 449 411 409 1 2 0 352 

352 217 89 86 693 644 593 726 647 2 2 0 636 

636 352 217 89 830 873 876 783 938 3 2 0 764 

764 636 352 217 1216 1375 1309 1431 1414 4 2 0 1322 

1322 764 636 352 2022 1927 2017 1967 1949 5 2 1 1804 

             

Note: t represents time of day; d represents day of week; w represents weather. 269 
 270 

Determining the optimal parameter value is an important issue in tree-based models. 271 

For the random forest, the validation accuracy of OOB data is employed to find the optimal 272 

parameter value; while for GBDT, we apply the gird search and cross validation technique.  273 

In the random forest, the number of trees and the value of max features are mainly 274 

considered. In order to avoid overfitting, usually there is no limit to the tree depth. In GBDT, 275 

the key parameters include shrinkage (i.e., learning rate), tree depth, and the number of trees. 276 

Each tree in GBDT is a weak base estimator, and thus we need to restrict the tree depth. TABLE 277 

3 lists the parameter values that need to be optimized. 278 

 279 

TABEL 3 The potential parameter values in the random forest and GBDT 280 

 281 
 Fandom forest GBDT 

Shrinkage — {0.0005,0.005,0.001,0.05,0.01,0.1} 

Max feature {4,6,8,10,20,30,50} — 

Tree depth — {2,3,4,5} 

Tree numbers {500, 1000, …,5000} {200,600,100,1400,2000,6000,8000} 

 282 

Training data for the target stations are separately used to develop the random forest 283 

and GBDT. Figure 3 illustrates a training example with the data of Xinzhuang. 284 

 285 
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 286 
 287 
(a) R^2 of the random forest fitted with various numbers of trees and different max features 288 

 289 
 290 

(b) MAPE of GBDT fitted with various numbers of trees, different learning rate and  291 
tree complexity  292 

             Figure 3 Training process of the random forest and GBDT 293 
 294 

FIGURE 3(a) highlights that with the increase of max features, the validation accuracy 295 

of OOB data increases. The R^2 gradually converge to 0.965 with the value of max feature 296 

more than 20. Besides, the R^2 becomes stable when the number of trees is around 200. It 297 

illustrates that there is no need to fit more trees, which may cause overfitting.  298 
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FIGURE 3(b) shows that GBDT with larger shrinkage factors (0.1, 0.01, and 0.05) 299 

would fit fewer trees, and GBDT with smaller shrinkage factors (0.001, 0.005 and 0.0005) 300 

would fit several thousands of trees to achieve the minimum MAPE. Elith et al. (31) 301 

recommended to select models that fitted at least 1000 trees in gradient boosting trees. This 302 

inspires us to choose a relatively small shrinkage factor. Furthermore, GBDT fitted with tree 303 

complexity levels 1 and 2 (i.e., 2 and 4 terminal nodes) has the higher MAPE compared to 304 

models fitted with tree complexity levels 3 and 4. It means that decision trees with complexity 305 

of 1 and 2 cannot develop the model well, even with the price of fitting more trees. In contrast, 306 

models fitted with more interactive variables are more efficient to represent the passenger flow 307 

data.  308 

As a result, the number of trees and max feature in random forest are chosen to be 200 309 

and 50. The shrinkage, tree complexity, and tree numbers in GBDT are set to be 0.005, 5 and 310 

2000, respectively. 311 

  312 

Variable prioritization 313 

 314 

With the trained models, Figure 4 shows variable importance for the target stations. 315 

 316 

 317 
(a: inbound) 318 

 319 
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 320 
(b: outbound) 321 

Figure 4 Variable Importance for Xinzhuang, Renminguangchang, and Caobaolu  322 

 323 

In Figure 4 (a), given one target station, the variable impotance calculated by random 324 

forest and GBDT are significantly different. It attributes to the different ways of developing 325 

the random forest and GBDT. Besides, the impotance of each variable are varying from station 326 

to staiton. This could be caused by the distinctive passenger demand patterns among the target 327 

stations.  328 

Regradless of the target stations or the evaluation methods, 5 variables (i.e., y(t-1,d), y(t-329 

2,d), y(t-3,d), y(t-4,d), and time of day) are consistently important across all stations. It enables us to 330 

apply the same set of variables to make inbound passenger demand prediction no matter what 331 

are the targeted station types. In other words, station type has little effect on the selection of 332 

inbound feature variables. 333 

We note that time of day make little contribution to the development of the random 334 

forest, because the main contribution is attributed to only 3 key variables (e.g., the sum of 335 

importance of y(t-1,d), y(t-2,d) and y(t-4,d) in Xinzhuang is almost 86%).We can draw the similar 336 

conclusions from Figure 4 (b), implying that the dataset adopted in inbound/outbound 337 

passenger flow prediction is consistent.   338 

Since station type has insignificant influence on the selection of predictor variables, we 339 

average the correspondingly variable importance of each station in the random forest and 340 

GBDT to analyze feature variables more intuitivly. The results are shown in TABLE 4. 341 

  342 
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TABLE 4 Variable importance for short-term metro passenger flow forecasting 343 
 344 

Variable 

Inbound 

Random Forest GBDT 

Relative 

Importance (%) 

Cumulative 

influence (%) 

Relative 

Importance % 

Cumulative 

influence (%) 

y(t-1,d) 59.35 59.35 28.03 28.03 

y(t-2,d) 17.70 77.05 14.96 42.99 

y(t-4,d) 8.21 85.26 13.09 56.52 

y(t-3,d) 4.34 89.60 10.73 69.61 

t 1.67 91.27 13.53 80.34 

y(t,d-1) 3.19 94.46 6.08 86.42 

y(t,d-5) 2.02 96.48 3.21 89.99 

y(t,d-2) 1.40 97.88 3.57 93.20 

y(t,d-3) 1.11 98.99 2.37 96.04 

y(t,d-4) 0.96 99.95 2.84 98.41 

d 0.04 99.99 1.01 99.42 

w 0.01 100.00 0.57 99.99 

— 

Outbound 

Random Forest GBDT 

Relative 

Importance (%) 

Cumulative 

influence (%) 

Relative 

Importance (%) 

Cumulative 

influence (%) 

y(t-1,d) 58.19 58.19 35.42 35.42 

y(t-2,d) 17.60 75.79 15.17 50.92 

y(t-4,d) 8.15 83.94 10.66 61.58 

y(t-3,d) 4.11 88.05 10.43 72.01 

t 2.70 90.75 10.39 82.40 

y(t,d-1) 3.35 94.1 5.66 88.06 

y(t,d-5) 2.42 96.52 2.16 90.84 

y(t,d-3) 1.26 97.78 2.64 93.48 

y(t,d-2) 1.24 99.02 2.78 96.04 

y(t,d-4) 0.91 99.93 2.56 98.20 

d 0.06 99.99 1.19 99.39 

w 0.01 100 0.61 100.00 

 345 

Since variable importance shows slight difference in prediction type (i.e., inbound and 346 

outbound prediction), the variable importance is illustrated in the case of short-term inbound 347 

passenger flow prediction. As presented in TABLE 4, y(t-1,d) is the most influential variable with 348 

a 59% and 28% contribution to the development of the random forest and GBDT. Morever, 349 

almost 91% and 81% of the total contribution was attributed to the y(t-1,d), y(t-2,d), y(t-3,d), y(t-4,d), 350 

and time of day. The result show that the passenger flow data is highly correalted within the 351 

same day. Among the other variables, y(t,d-1) has more than 3% contributions, y(t,d-2), y(t,d-3),y(t,d-352 

4), and y(t,d-5) have approximately 1%-2% contributions, while t and w make almost no 353 

contribution.  354 

  355 

Variable selection and validation 356 

According to the results in TABLE 4, a new dataset that includes the 5 variables (i.e., y(t-1,d), 357 

y(t-2,d), y(t-3,d), y(t-4,d), and time of day) is constructed. To validate the effectiveness of the new 358 

dataset, we build another two datasets. One dataset includes all variables in TABLE 3 and the 359 

other dataset uses y(t,d-1), y(t,d-2), y(t,d-3), y(t,d-4) ,y(t,d-5) and time of day, which represents the 360 

temporal and external components of passenger flow data as well. The datasets are shown in 361 

TABLE 5. 362 

 363 
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TABLE5  Three types of training datasets with different feature combinations 364 
 365 

Type 
Predictor Variables 

yt-1,d yt-2,d yt-3,d yt-4,d yt,d-1 yt,d-2 yt,d-3 yt,d-4 yt,d-5 t d w 

1 √ √ √ √ √ √ √ √ √ √ √ √ 

2     √ √ √ √ √ √   

3 √ √ √ √      √   

 366 

In addition to tree-based models (i.e., random forest and GBDT), a special kind of 367 

neural network-long-short term neual network (LSTM) (32) is also adopted to test the 368 

effectiveness of the selected predictor variables. We train the models with different datasets to 369 

obtain the optimal value of paremeters accordingly. For random forest, the max feature and the 370 

number of trees are 50 and 200 for the datesets. For GBDT, the shrinkage is 0.005 for dataset 371 

1, 0.01 for datasets 2 and 3, and the tree complexity and the amount of trees are 5 and 2000, 372 

respectively. For the LSTM, the grid serach and cross-validation technique is used to determine 373 

the number of hidden layers and the hidden neurons (33). We apply the deep-learning libaray-374 

Keras to train the LSTM: the parameters are consistent among the datasets, the number of 375 

hidden layers is 2, and the corresponding hidden neurons is 90. The MAPE and RMSE are 376 

employed as the criteria. 377 
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 382 

where 𝑦𝑖  is the observed passenger flow, �̂�𝑖  is the predicted passenger flow, and n is the 383 

number of predicted time intervals. TABLE 6 shows the prediction results. 384 

 385 

TABLE 6  Performance comparisons of training datasets 386 

 387 

Stations Scerariors 

Training datasets 

1 2 3 1 2 3 

MAPE(%) RMSE 

Random Forest 

Xinzhuang 
Inbound 6.89 7.30 6.98 89 95 95 

Outbound 11.40 16.36 11.61 137 170 148 

Renminguangchang 
Inbound 7.48 14.69 7.61 91 112 94 

Outbound 11.23 15.93 8.98 76 174 68 

Caobaolu 
Inbound 9.20 10.86 9.55 35 44 37 

Outbound 13.28 18.49 13.20 36 43 39 

— — GBDT 

Xinzhuang 
Inbound 6.66 8.04 6.98 88 99 91 

Outbound 11.89 15.93 11.91 140 112 152 

Renminguangchang 
Inbound 6.99 11.60 6.92 77 172 72 

Outbound 9.70 12.98 10.65 69 112 68 

Caobaolu 
Inbound 8.96 10.11 8.82 34 41 34 

Outbound 12.33 17.24 12.31 35 42 37 

— — LSTM 

Xinzhuang Inbound 7.53 8.61 7.28 102 107 103 
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Outbound 11.74 15.73 11.93 132 115 160 

Renminguangchang 
Inbound 7.55 12.83 7.81 93 104 98 

Outbound 10.48 13.42 10.51 78 134 70 

Cao bao lu 
Inbound 8.94 10.57 8.74 34 43 36 

Outbound 12.50 16.51 12.63 31 39 38 

 388 

The performance of prediction models with datasets 1 and 3 are almost the same, in 389 

some cases the predicion results with dataset 3 are slightly better than dataset 1. The results 390 

verify that dataset 3 provide a comparative similar performance with dataset 1 even it uses 391 

much less information(data size).The performance of models using dataset 2 are the worst 392 

among all datasets. Utilizing dataset 2, the MAPE of inbound and outbound passenger flow 393 

prediction has increased averagely 1.5% and 5%. These results validated the importance of 394 

prioritizing and selecting the predictor variables and the the effectiveness of the proposed 395 

method for model preparison.  396 

 397 

CONCLUSIONS  398 

A novel three-stage framework for prioritizing and selecting short-term metro 399 

passenger flow prediction variables is presented in the paper. The proposed framework 400 

provides insights into the selection of feature variables by combining target station type with 401 

the contributions made by feature variables to developing models. The proposed framework 402 

can also be applied for solving many other relevant feature variable selection problems, with 403 

specific replacement in station clustering and feature selection.  404 

Case studies using AFC data in Shanghai Metro validates the effectiveness of the 405 

proposed framework. Based on the results, we draw the following conclusions: (1) the 406 

importance of predictor variables for developing models is varying between stations, whereas 407 

only a few variables (i.e., y(t-1,d), y(t-2,d), y(t-3,d), y(t-4,d), and time of day) attributed to explain most 408 

of the variation in the testing dataset; (2) different feature variables lead to distinct differences 409 

in prediction accuracy, and simply adding more predictor variables does not necessarily lead 410 

to a higher prediction accuracy; and (3) the station type and the prediction types (i.e., inbound 411 

and outbound) have limited influence on the selection of predictor variables.  412 

Future research on this topic will evaluate the framework with different prediction 413 

intervals (e.g., 30, 45, and 60 minutes), different prediction steps (i.e, multi-step prediction), 414 

and different contexts (e.g., weekends, holidays,and sepcial events). Also, the proposed 415 

framework will also be extended to include other methods such as linear regression or Bayesian 416 

network to quantify the variable importance in variable prioritization stage. In addition, some 417 

state-of-the-art prediction methods should also be added to test the effectiveness of various 418 

predition datasets. 419 
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