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1 Title
2 A Practical Approach to Determining Critical Macroeconomic Factors in Air-traffic Volume based on 
3 K-means Clustering and Decision-tree Classification
4 Abstract
5 A given region’s volume of air passengers and cargo is frequently taken to represent its economic 
6 development. This research proposes a practical methodology for investigating the inherent patterns 
7 of the relationships between air-traffic volume and macroeconomic development, utilizing data-mining 
8 techniques, including K-means clustering and Decision Tree C5.0 classification. Using the case of 
9 Taiwan from 2001 to 2014, 32 potential macroeconomic factors ascertained from a literature review 

10 were combined with air-traffic volume data to establish a 168-month dataset. After this dataset was 
11 grouped into five clusters, decision trees were implemented to determine its critical macroeconomic 
12 characteristics. The resulting four critical factors and their thresholds were the Information and 
13 Electronics Industrial Production Index (IE Index), at 83.22; National Income Per Capita, at US$3,222; 
14 Employed Population, at 10.134 million; and the Japanese Nikkei 225 Stock Average, at 10564.44. 
15 Among these, the IE Index was found to be the first critical factor relating to air-traffic volume as well 
16 as the only characteristic to distinguish Cluster V – 58 consecutive months from March 2010 to 
17 December 2014 inclusive – among others, and the reasonableness of this finding was confirmed via 
18 examination of detailed air-traffic statistics. Besides, the effectiveness of the four identified critical 
19 factors as predictive variables were validated by comparing forecasted results with actual air traffic 
20 volume from 2015 to 2016. Understanding these four critical factors and their relative importance is 
21 of great value to policymakers seeking to allocate limited resources optimally and objectively. 
22 Therefore, as an effective and efficient means of capturing significant and explainable macroeconomic 
23 factors influencing air-traffic volume, the proposed methodology can be applied to strategy 
24 formulation, operations management, and investment planning by governments, airports, airlines, and 
25 related entities.
26 Keywords
27 Air-traffic volume, K-means, decision trees, clustering and classification, macroeconomic factors

28 0. Introduction

29 With the advance of economic globalization, the volume of air traffic – comprising the carriage of both 
30 passengers and freight – has emerged as closely interrelated with regional economic development [1-
31 4]. A better understanding of the mechanisms that link air-traffic volume to macroeconomic factors 
32 would, therefore, equip policymakers to arrive at more informed policy and strategy decisions 
33 regarding airports, airlines and related entities. A considerable body of research has estimated or 
34 forecasted air-traffic volumes over both the short and long term, and/or has explored the relations 
35 between air traffic and urban development, and this has yielded a variety of demand-forecasting 
36 models for both air passengers and cargo [5-7]. However, air-traffic volume is potentially influenced 
37 by an immense array of factors, most of which are to some extent stochastic, so such models do not 
38 always perform satisfactorily due to the limited number of factors each one of them takes into account. 
39 Meanwhile, those researchers who have explicitly focused on linkages between air-traffic volume and 
40 such macroeconomic factors as employment, trade volume and national income [8, 9] have mainly 
41 focused on a handful of suspected factors from their own subfields. In short, the complexity of the 
42 issues at hand has rendered it difficult in practice for researchers to consider all the relevant variables. 
43 However, the present paper argues that doing so is both necessary and possible.
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44 Specifically, this study aims to uncover the inherent relationship between air-traffic volume 
45 and macroeconomic environment, using algorithmic data-mining techniques such as K-means 
46 clustering and decision-tree classification to determine the critical macroeconomic factors in this 
47 relationship from among an unprecedentedly wide range of potential macroeconomic factors, using 
48 the case of Taiwan from 2001 to 2014. After identifying the critical macroeconomic factors, an air-
49 traffic volume forecasting model is developed to validate the effectiveness of the identified critical 
50 factors as predictive variables, with the data of Taiwan from 2015 to 2016. The results are expected to 
51 be useful in strategy formulation, operations management, and investment-program decisions by 
52 governments, airports, airlines, and related entities.
53 1. Literature Review
54 In air-traffic operations and management, volume data has always been highly prized by analysts, 
55 especially of demand. Accordingly, there is a sizable literature concerning forecasting air-traffic 
56 volume by proposing various predictive models, mainly including causal econometric models, time 
57 series models, and artificial intelligence models. Grosche et al. [5], for instance, forecast demand using 
58 two gravity models that took into account both economic activity and geographical characteristics. 
59 However, both ignored air traffic’s historical features. Tsui et al. [7], in contrast, employed the Box-
60 Jenkins Seasonal Autoregressive Integrated Moving Average (ARIMA) and ARIMA with additional 
61 explanatory variables (ARIMAX) models to estimate air-passenger volume for Hong Kong, based on 
62 historical data from 1993 to 2011. With monthly time-series historical data from 1990 to 2010, Scarpel 
63 [10] utilized a mixture of local experts' models to forecast air passenger volume at São Paulo 
64 International Airport. Their methodologies were capable of producing reasonable predictions, yet not 
65 highly accurate, as both ignored some potential impact factors. A more effective approach was Suryani 
66 et al.’s [6] dynamic model of the interaction between passenger demand and airport capacity, which 
67 took into consideration the cyclic action of the whole air-transportation system and regarded gross 
68 domestic product (GDP), population, and inflation as vital determinants of air-passenger volume. 
69 Moreover, using big data from search engine queries, Kim and Shin [11] developed a short-term air 
70 passenger demand predicting model to take into account the short-term fluctuations in the prediction. 
71 For long-term demand, Gelhausen et al. [12] proposed a more versatile model to estimate the effects 
72 of Brexit on air passenger volume in German for the years from 2016 to 2018. Air-cargo volume has 
73 also been predicted through parallel modeling techniques [13-15]. However, one of the fundamental 
74 steps shared by all such models is determining which factors are critical to air-traffic volume, and the 
75 question of how best to do this is still a topic of debate.
76 Many researchers who focus on correlations between air-traffic volume and other factors have 
77 come to suspect that particular factors are especially important based on data observation, logical 
78 reasoning, or statistical analysis. For instance, Hofer et al. [16] investigated the impact of socio-
79 economic mobility on airfares and passenger volumes, indicating that higher socio-economic mobility 
80 is associated with lower airfares and more significant passenger volumes in the U.S. In addition, 
81 Dresner et al. [17] suggested that the magnitude of distance-adjusted airfare is one of the most 
82 important predictors of passenger demand. More importantly, given that air transport activity is closely 
83 related to the economic activity [18-20], recent studies have investigated a number of potential 
84 macroeconomic determinants of passenger volumes. For instance, Carmona-Benítez et al. [21] 
85 estimated air passenger demand based on economic variables such as the indicator of economic activity, 
86 the indicator of economically active population, national consumer price index, and foreign exchange 
87 earnings from international arrivals. Dobruszkes et al. [9] employed multiple-regression models to 
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88 arrive at the conclusion that GDP, levels of economic decision-making power, and tourism functions 
89 were the leading causes of variation in air service among eight independent variables. Hsu and Chao 
90 [22] investigated the relationships among commercial revenue, passenger service levels and space 
91 allocation in international passenger terminals, and based on their findings, proposed a model for 
92 optimizing space allocation for various types of stores. And Fildes et al. [23] selected the growth rate 
93 of income, trade, and price as independent variables to forecast the air travel demand from among 
94 several potential variables such as GDP, population, employment rates, airfares, and volume of trade. 
95 In short, more and more studies noticed the relationship between air-traffic volume and 
96 macroeconomic growth (e.g., GDP [9], national consumer price index [21], and employment rate [23]). 
97 Still, given how many different possible influences on air-traffic volume prior researchers have 
98 proposed [24-26], it is exceedingly difficult to determine which factors are pertinent – let alone critical 
99 – to a given region during a given period.

100 To discover previously unsuspected patterns or correlations in existing data, data mining is 
101 being widely applied in many fields, including biochemistry, geographical economics, and banking, 
102 among others [27-29]. Two of its basic techniques are clustering and classification. The former [30] 
103 involves dividing a dataset into several groups, known as clusters, according to some simple principles 
104 that ensure all data in a given cluster shares some specific commonalities. Clustering can be followed 
105 by classification [31], in which a classifier is trained to determine or predict which cluster a piece of 
106 sample data should be in, based on a set of previous clustering results. By applying these techniques 
107 to air-traffic volume analysis, it should be possible to distinguish critical macroeconomic factors 
108 scientifically and objectively from among all potential factors. 
109 Clustering analysis is a non-supervisory pattern-recognition method, comprising both distance-
110 based (e.g., K-means) and density-based algorithms (e.g., DBSCAN) among others. The K-means 
111 algorithm [32] is popular because it is simple to use. Classification, in contrast, is a supervisory method 
112 that creates classification rules based on empirical data; and once such rules are in place, the model 
113 can easily decide which class a given sample should belong to. Decision trees [33] constitute a 
114 commonly used classification method based on tree-like data structures and can create decision rules 
115 that are easily understood and implemented.
116 The above literature review indicates that, despite numerous studies having focused on internal 
117 and external factors related to air-traffic volume, none has proposed a practical general approach to 
118 objectively distinguishing which such factors, among all suspected or potential factors, are critically 
119 important. To fill this gap, the current study proposes a methodology for factor selection in air-traffic 
120 volume analysis based on data mining.
121 2. Methodology
122 As we have seen, it is widely acknowledged that air-traffic volume is to some extent related to the 
123 macrosocial, macroeconomic, and political environment. Still, to propose an accurate mathematical 
124 model of such volume has proved almost impossible, due to the difficulty of accurately quantifying 
125 the impacts of every potential factor. Nevertheless, the present researchers propose that it should be 
126 possible to distinguish the relative importance of numerous potential factors by using data-mining 
127 techniques.
128 The proposed process for data-mining analysis of air-traffic volume is presented in Figure 1. 
129 First, the volume data and potentially related macroeconomic statistics are collected and preprocessed 
130 to establish a database for data mining. Then, the K-means clustering algorithm is employed to group 
131 the data according to their similarities. Next, based on the clustering results, the C5.0 decision-tree 
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132 classification algorithm is run to determine which factors are the most critical to the relationship 
133 between the traffic-volume and macroeconomic data. Lastly, the patterns revealed via clustering and 
134 classification serve as a foundation for further analysis.

135 < Fig. 1. Overview of the process for analysis of air-traffic volume using data-mining techniques >

136 Given that various attributes or factors are generally recorded in different units, the values in 
137 the original dataset’s columns were not directly commensurable. To ensure that each attribute was 
138 given fair and equal consideration during K-means clustering, the original dataset was normalized 
139 before clustering using Equation 1, where xo was the original value of the data, xmin was the minimum 
140 value of the column (attribute), xmax its maximum value, and xn its normalized value. Importantly, this 
141 method of normalization eliminates inter-column differences in terms of units of measurement but 
142 maintains the relative linear relationships of their values.
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143 After normalization, the K-means algorithm was used to partition the data into k clusters with 
144 high intra-cluster and low inter-cluster similarity. The similarity between any two pieces of data was 
145 quantified in terms of Euclidean distance [34]. For instance, a=(x1, x2, x3, …, xn) and b=(y1, y2, y3, …, 
146 yn) are two pieces of data in an n-attribute dataset, the distance between which is measured according 
147 to Equation 2.
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148 As shown in Equation 3, the objective of the K-means algorithm is to minimize the total 
149 distance between all pieces of data (pi, i = 1, 2, …, m, with m being the number of data points) and the 
150 centroid center of the cluster (cj , j=1, 2, …, k, with k being the number of clusters). After achieving 
151 the optimal partitioning, the dataset is divided into k clusters, and the data within any given cluster are 
152 more similar to one another than they are to the members of any other cluster.
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153 Based on the clustering results, the decision-tree algorithm is then employed to determine 
154 effective rules for deciding whether or not to place a given piece of new data in a given cluster. Among 
155 all attributes, the critical ones are distinguished according to information-gain theory [35]: i.e., the 
156 attribute that can maximize the information-gain ratio is selected as the most critical one; and then, the 
157 attribute that increases that ratio by the second-largest amount; and so on. Finally, tree-like decision 
158 rules, including the critical factors and their thresholds, are generated – lending considerably more 
159 structure to the air-traffic volume data, and thus enabling analyses of the rationality of the suggested 
160 critical factors via both separate evaluation of each cluster, and cross-cluster comparisons. In short, 
161 inherent patterns in the data become easier to recognize.
162 3. The Case of Taiwan from 2001 to 2014
163 A dominant air hub in the Asia-Pacific region, Taiwan has 17 airports, the dominant one being Taoyuan 
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164 International (TIA), with nearly 81% of passengers and more than 94% of cargoes during the 14-year 
165 period sampled. As indicated in Figure 2, passenger and cargo volumes both show periodical patterns: 
166 with the former being slightly higher in July and August every year, partially due to summer vacation, 
167 and the latter dropping in January, partially due to the New Year holiday. Moreover, a marked upward 
168 trajectory in passenger volumes began in 2009 due to the launch of cross-Strait airline services.
169 < Figure 2. Air traffic volume, January 2001 through December 2014 >
170 Based on the above literature review, 32 macroeconomic indicators were identified as potential 
171 factors in air-traffic volume; and eight types of traffic-volume statistics generated at TIA were also 
172 added to the dataset as a reference for clustering analysis. Specifically, the selected indicators took 
173 account of the national economy, stock market, foreign exchange, domestic business environment, 
174 import and export trade, industrial development, and human resources. The 32 macroeconomic 
175 indicators were further classified into seven groups, as shown in Figure 3; and all indicators and 
176 statistics are listed within their corresponding categories in Figure 4. Therefore, the dataset consisted 
177 of 40 columns (i.e., 32 macroeconomic indicators and eight traffic-volume statistics) for 168 months 
178 (Table 1). The results of the data-normalization procedure described above are briefly listed in Table 
179 2.
180 < Figure 3. Attributes in the dataset for clustering >

181 < Figure 4. Attribute lists for clustering >

182 < Table 1. Original dataset for Taiwan air-traffic volume analysis >

183 < Table 2. Normalized dataset for Taiwan air-traffic volume analysis >

184 Setting the number of expected clusters (k) was a prerequisite of applying the K-means 
185 clustering algorithm to the normalized dataset. Given the size of the data (168 lines), and to ensure that 
186 the number of samples in each cluster was higher than 10% of the total number, we set k = 5. As shown 
187 in Figure 5, the five resulting clusters contained 33, 34, 26, 17, and 58 months, respectively, with the 
188 samples within each cluster being temporally uninterrupted: e.g., Cluster V contained 58 consecutive 
189 months from March 2010 to December 2014.

190 < Figure 5. K-means algorithm clustering results >

191 The use of the decision-tree algorithm yielded four critical macroeconomic factors for 
192 distinguishing between clusters, which are presented in Figure 6-a. The tree, including these four 
193 factors’ original thresholds, is visualized in Figure 6-b, and a pie chart of both the clustering and 
194 classification results is depicted in Figure 6-c. This process effectively boosted the data’s 
195 interpretability by revealing the similarities within, and consistency of, each cluster. For instance, in 
196 Cluster IV (17 months from October 2008 to February 2010 inclusive), the Information and Electronics 
197 Industrial Production Index (IE Index) was always less than or equal to 83.22; the National Income 
198 Per Capita (NIPC), always greater than US$3,222; the Employed Population (EP), always greater than 
199 10.134 million; and the Japanese Nikkei 225 Stock Average (Nikkei 225), always less than or equal to 
200 10564.44.

201 < Figure 6. Decision-tree algorithm classification results >

202 As Figure 6 makes clear, the critical macroeconomic factors for air-traffic volume varied over 
203 time. The most notable characteristic of Cluster V, for example, is that the IE Index was greater than 
204 83.22 throughout, unlike in any of the other four clusters. Among the remaining four clusters, Cluster 
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205 I was unique in that the NIPC remained less than or equal to US$3,222. Similarly, Cluster II was 
206 distinguishable from the remaining two clusters by having an EP of above 10.134 million, while the 
207 remaining two clusters were distinguishable from one another in that Cluster III’s Nikkei 225 values 
208 were less than or equal to the threshold, and Cluster IV’s greater than it. In other words, the overall 
209 health of the national economy, the size of the working population, stock-market performance, and 
210 industrial production successively occupied critical positions vis-à-vis air-traffic volume in Taiwan 
211 from 2001 to 2014.
212 4. Discussion and Evaluation
213 4.1 Discussion of cluster features
214 Based on 14 years’ worth of Taiwanese air-traffic volume data and the trend curves noted above, a 
215 brief summation of all clusters is provided in Figure 7. The main legends show the maximum, 
216 minimum and average monthly volumes of each cluster, and its variation trends (i.e., whether such 
217 volumes increased or decreased per month on average); and the bar legends display the normalized 
218 mean values of the corresponding critical factors. Passenger volume generally declined across Clusters 
219 I, II and III (i.e., January 2001 through September 2008), though the rate of decline slowed over the 
220 same 93-month period. Then, across Clusters IV and V (from October 2008 to December 2014), 
221 passenger volume increased. Cargo volume, in contrast, increased in Clusters I, II, and IV and 
222 decreased in Clusters III and V. Nevertheless, the monthly average cargo volume in Cluster V was the 
223 highest among all clusters.
224 < Figure 7. Brief summations of all clusters >
225 Inter-cluster differences embody the inherent correlations between air-traffic volumes and 
226 specific macroeconomic factors. In Cluster V, the prominence of the IE Index – identified above as 
227 the primary factor distinguishing that cluster – suggests a spike in industrial development during the 
228 period in question. Given that both air-passenger and air-cargo volumes were highest in Cluster V, it 
229 would be rational to infer a strong connection between the increases in air-traffic volume and industrial 
230 development – especially in the information and electronics industries, at least in the recent Taiwanese 
231 case. Additionally, Clusters III and IV were associated with both a huge shock to the Nikkei 225 and 
232 the lowest overall air-traffic volumes in the sampled 14-year period. Therefore, it is reasonable to 
233 associate stock-market slumps with decreases in air-traffic volumes. However, while Cluster I is 
234 marked by the NIPC being lower than in any other cluster, there is no noticeable explicit correlation 
235 between air-traffic volume and NIPC.
236 Figure 8 illustrates the geographical distribution of air-traffic volume for each cluster. Looking 
237 at the destinations of passengers departing from Taiwan, Asia (Fig. 8-(a)) dominated, with more than 
238 80% of the total volume at all times, within which the share of these departures held by Mainland 
239 China (Fig. 8-(b)) steadily increased once cross-Strait services were launched (i.e., from Clusters III 
240 through V). The passenger proportion between Taiwan and America (Fig. 8-(a)), in contrast, decreased 
241 after the 2008 global economic crisis. Similarly, the proportion of air cargoes imported to Taiwan from 
242 other places in Asia increased at a steady rate, while imports from America gradually lost their leading 
243 role. Meanwhile, the proportion of Taiwan’s exports that went to other Asian countries was more stable 
244 than the corresponding proportion of imports; and the proportion of all inbound air cargoes that 
245 originated in Mainland China was much higher than the proportion of all such cargoes originating in 
246 Taiwan that were sent there. Such geographic variation in air-traffic volumes across clusters was also 
247 related to variation in the macroeconomic factors that the present study identified as critical. For 
248 instance, the Nikkei 225 experienced a sharp decline in Cluster IV, partially due to the 2008 economic 
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249 crisis in the United States, and the proportion of all air-cargo exports from Taiwan that went to America 
250 reached its lowest point in Cluster IV.
251 < Figure 8. Geographical distribution of air-traffic volumes in all clusters >
252 These explicit and credible links between air-traffic volume and other factors in the case of Taiwan 
253 from 2001 to 2014 tend to confirm the effectiveness of the clustering-and-classification approach.
254 4.2 Evaluation of the identified critical factors
255 The four macroeconomic factors critical to air-traffic volumes, as revealed by decision-tree analysis 
256 aimed at clarifying the characteristics of each cluster, are plotted visually in Figure 9. The values of 
257 these factors in the sampled 168 months show an obvious crowding effect, i.e., that the data in a given 
258 cluster are located in a relatively concentrated area. For instance, the data points in Cluster V are 
259 located in the top right corner of Figure 9-(a) and at the far-right side of Figure 9-(b), which indicates 
260 relatively higher values of IE Index, NIPC, and EP. Oppositely, the data points in Cluster I are located 
261 in the bottom left corner of Figure 9–(a) and at the far-left side of Figure 9-(b), which corresponds to 
262 relatively lower values of IE Index, NIPC, and EP. Additionally, despite the difficulties in separating 
263 Cluster IV from Cluster III in Figure 9-(a), it is easy to distinguish between them in Figure 9-(b): data 
264 points in Cluster III have greater values of Nikkei 225 than those in Cluster IV. Indeed, the geometrical 
265 crowding effect shown in Figure 9 represents key evidence in support of the clustering-and-
266 classification approach’s ability to give structure to data. That is to say, the proposed data-mining 
267 approach is capable of capturing the inherent pattern of the given data without artificial intervention. 
268 < Figure 9. Visualization of the clustering results for the four critical macroeconomic factors >
269 To have a better understanding of the four identified critical macroeconomic factors, the trend 
270 curves of them are plotted in Figure 10. The IE Index, similar to the cargo volume (Fig.2-b), exhibits 
271 a marked annual pattern, with January having the lowest value every year, again partially ascribable 
272 to the New Year holiday. The NIPC, on the other hand, shows a different pattern: with people usually 
273 earning more income in the first quarter of every year than in the other three quarters. The EP increased 
274 steadily from 2001 to 2014, apart from during the 2008-9 global economic crisis. Nevertheless, the 
275 overall trend of these three critical factors was upward for the 14-year period as a whole; whereas the 
276 Nikkei 225 experienced big ups and downs with no immediately obvious pattern or trajectory.
277 < Figure 10. Trend curves and thresholds of the four critical factors >
278 To evaluate the similarity and dissimilarity of all factors, the 40 attributes were grouped into 
279 three clusters using K-means according to their trends in variation over time. As shown in Figure 11, 
280 24 of the 40 attributes were clustered in T1, because they shared the characteristic of tending to increase 
281 markedly as time went by. Another nine of the 40 were placed in T2, due to their tendency to increase 
282 over time, but only slightly, and with an obvious shock during the period 2008-10; and the remaining 
283 seven were clustered in T3, due to their general decreasing trend. None of the four critical factors 
284 clustered in T3, and all but the Nikkei 225 were placed in T1.
285 < Figure 11. K-means attribute-clustering results >
286 The present study’s methodology identified the IE Index as the most critical macroeconomic 
287 factor, and as previously mentioned, this factor was the key distinguishing characteristic of Cluster V. 
288 Intuitively, this result appears to be correct, since, electronics cargoes were an important component 
289 of all air cargoes (as plotted in Figure 12) within the time period represented by Cluster V. In other 
290 words, even though the researchers did not input copious details of air-cargo composition, the proposed 
291 methodology showed itself capable of capturing this important data relationship.
292 < Figure 12. Breakdown of cargo volume within Cluster V >
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293 Compared with some established air-traffic volume prediction models [5, 36, 37], the four 
294 identified critical macroeconomic factors above are consistent with the predictors of those predictive 
295 models in principle, indicating that industrial production index, national income, employment status, 
296 and stock market prosperity have been recognized as potential impact factors in air-traffic volume in 
297 different models. However, many models [6, 9, 18] seek to quantify the relationship between GDP and 
298 air-traffic volume and thus employ GDP as an important predictor for air-traffic demand prediction, 
299 whereas GDP is not recognized as one of the critical factors in our sampled dataset. It is worth noting 
300 that, through the proposed data-mining approach, the identified critical factors might change from case 
301 to case since they are determined by the sampled data instead of artificial causal analysis. Therefore, 
302 the results from the proposed methodology are not leading to the conclusion that GDP is not a proper 
303 predictor for air-traffic demand prediction, but that the identified four factors are more critical to air-
304 traffic volume in the sample Taiwanese case from 2001 to 2014 when grouping them into 5 clusters.  
305 Therefore, not contradictory to the existing predictive models in predictor selection, the proposed 
306 methodology is capable of identifying the critical factors objectively according to the data itself instead 
307 of artificial causal analysis.
308 Quantitatively, to validate the effectiveness of the four identified factors as forecasting 
309 variables, the ordinary least-square (OLS) linear regression model has been trained based on the data 
310 from 2001 to 2014 to predict the monthly air traffic volume of Taiwan Taoyuan International Airport 
311 from January 2015 through December 2016. The prediction model consists of two equations with air 
312 passenger volume and air cargo volume as dependent variables, respectively, which are specified as 
313 follows:

0 IE Index IE Index NIPC NIPC EP EP Nikkei225 Nikkei225paxy x a x x x        (4)

arg 0 IE Index IE Index NIPC NIPC EP EP Nikkei225 Nikkei225c oy x x x x         (5)

314 where α, β denote coefficients of the linear regression model. Based on 168 observations in the 
315 normalized dataset (Table 2), the regression results of both passenger volume and cargo volume are 
316 presented in Table 3. As shown, IE Index, EP, and Nikkei 225 are significant variables for air passenger 
317 volume, while IE Index, NIPC, and EP are significant variables for air cargo volume. In both models, 
318 the coefficient of IE Index is the highest among the four variables, which is in accordance with the fact 
319 that IE Index is identified as the most important critical factor in the proposed data-mining 
320 methodology. Moreover, the R-squared is 0.792 for passenger volume and is 0.706 for cargo volume, 
321 meaning that the four identified variables are able to explain more than 70% of air-traffic volume 
322 variance.
323 < Table 3. Regression results using the normalized dataset from 2001 to 2014 >
324 By using the regression results in Table 3, the forecasted results are compared with the actual air 
325 traffic volume in Figure 13. The average relative error is 13% for passenger volume forecast, with the 
326 highest error of 25% and the lowest error of 2%, and 6% for cargo volume forecast, with the highest 
327 error of 18% and the lowest error of 1%. Although the forecasted results do not agree perfectly with 
328 the actual air traffic volume, the result still shows that the four identified critical factors are effective 
329 as predictive variables for air traffic volume forecasting in the case of Taiwan in the near future of the 
330 sampled period.
331 <Figure 13. Forecasted vs. actual air traffic volume, January 2015 through December 2016>
332 In short, the results obtained from the proposed methodology indicate that it accords well with 
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333 the demands of both rationality and practicability for predictive models, meaning that it is suitable for 
334 air-traffic volume analysis, and can be effectively utilized to recognize the critical macroeconomic 
335 factors affecting such volume from among a wide range of potential factors. Such recognition is 
336 fundamental to many forecasting models for air-traffic volume. Moreover, the proposed approach’s 
337 relative simplicity means that it should be readily adaptable to most regions of the world, adding further 
338 to its potential value to policymakers and others responsible for operational strategy.
339 5. Conclusions
340 This study proposes a practical approach to identifying the macroeconomic factors critical to air-traffic 
341 volumes from among a wide range of potential factors, using the data-mining techniques K-means 
342 clustering and decision-tree classification. The results, based on Taiwanese data covering the 168 
343 months of the period 2001-14 that were divided into five clusters and four critical macroeconomic 
344 factors from among 32 potential such factors, were evaluated and found to be rational. Moreover, the 
345 effectiveness of the identified critical factors for predicting the air traffic volume was validated by 
346 comparing the forecasted results and actual air traffic volume from 2015 to 2016. Therefore, as an 
347 effective and efficient means of capturing significant and explainable macroeconomic factors 
348 influencing air-traffic volume, the proposed approach could be further applied to air-traffic demand 
349 estimation, and thus would be of considerable interest to air-transportation strategists and policymakers. 
350 Previous studies of air-traffic demand have mainly focused on model selection, which often requires 
351 identifying independent variables (impact factors) based on literature reviews. As such, the most 
352 important contribution of the methodology proposed in the current study is arguably its ability to select 
353 such variables objectively and relatively quickly. In this context, one limitation of this study is the 
354 ignorance of causality issues (i.e., the causal relationship between macroeconomic factors and air-
355 traffic volume). However, the result obtained from the proposed methodology is still practically valid 
356 based on the papers by and Baker et al. (2015) [19] and Hakim and Merkert (2016) [20] which have 
357 validated the causal relationship between air transport and economic growth. After identifying the 
358 critical macroeconomic factors as predictive variables, how to quantify the relationship between these 
359 factors and air-traffic demand and thus to establish a more accurate demand-estimation model is still 
360 a worthwhile endeavor that needs to be tackled in our future research.
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Figure 1. Overview of the process for analysis of air-traffic volume using data-mining techniques
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(a) Passenger volume

(b) Cargo volume
Figure 2. Air-traffic volume, January 2001 through December 2014
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Figure 3. Attributes in the dataset for clustering



4

Figure 4. Attributes lists for clustering
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Figure 5. K-means algorithm clustering results
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(a) Critical factors discerned by the decision-tree classification algorithm

(b) Visualization of decision-tree results (c) Pie chart of classification results
Figure 6. Decision-tree algorithm classification results
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(a) Total Passengers (b) Total Cargo
Figure 7. Brief summations of all clusters



8

(a) Breakdown of worldwide destinations (b) Breakdown of destinations in Asia

(c) Imports, worldwide (d) Imports from Asia

(e) Exports, worldwide (f) Exports to Asia
Fig.8 Geographical distribution of air traffic volume in all clusters
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(a) IE Index vs. NIPC (b) Employed Population vs. Nikkei 225
Figure 9. Visualization of clustering results for the critical macroeconomic factors
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Figure 10. Trend curves and thresholds of four critical factors
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Figure 11. K-means attribute-clustering results
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(a) Imports (b) Exports
Figure 12. Breakdown of cargo volume within Cluster V
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(b) Cargo volume
Figure 13. Forecasted vs. actual air traffic volume, January 2015 through December 2016
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Table 1. Original dataset for Taiwan air-traffic volume analysis
1 2 3 … 40

Attribute Economic 
Growth Rate

Gross Domestic 
Product

National Income 
Per Capita

…
Transit Cargo 

Volume, Taoyuan

Unit % US$ US$ … kt

1 1.59 2533134 3109 … 19980
2 1.59 2533134 3109 … 19585
3 1.59 2533134 3109 … 22786
… … … … … …
168 3.47 4228272 4875 … 90751
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Table 2. Normalized dataset for Taiwan air-traffic volume analysis
1 2 3 … 40

Attribute Economic 
Growth Rate

Gross Domestic 
Product

National Income 
Per Capita

…
Transit Cargo 

Volume, Taoyuan

1 0.46 0.04 0.13 … 0.03
2 0.46 0.04 0.13 … 0.03
3 0.46 0.04 0.13 … 0.06
… … … … … …
168 0.55 1.00 0.97 … 0.84
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Table 3. Regression results using normalized dataset from 2001 to 2014
DV: passenger volume  DV: Cargo volume

Variable
coeff.(α) Lower 95% Upper 95% coeff.(β) Lower 95% Upper 95%

Intercept 0.316*** 0.288 0.343 0.257*** 0.209 0.305
IE Index 0.267*** 0.133 0.401 0.993*** 0.763 1.224

NIPC 0.029 -0.131 0.190 0.367** 0.091 0.644
EP 0.187* 0.019 0.356 -0.696*** -0.986 -0.406

Nikkei 225 0.105*** 0.057 0.152 0.005 -0.076 0.087

Observations 168 168
F 155.09*** 97.77***

R-squared 0.792 0.706
*Significance at p <0.05.
** Significance at p <0.01.
*** Significance at p <0.001.




