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Abstract: Conducting trend analysis of climatic variables is one of the key steps in many climate change impact studies in 
which the trend is often checked against aggregated variables. In addition, there is a strong need to explore the trend 
of data in different regimes. The quantile regression (QR) based method fits this need very well as it can reveal 
temporal dependencies of the variable in question, not only for the mean value, but also for its quantiles. As such, 
tendencies revealed by the QR will be immensely helpful in practice where different mitigation methods need to be 
considered for various level of severities. In this study, the linear quantile regression method is employed to analyse 
the long-term trend of rainfall records in two climatically different regions: The Dee river catchment in the UK with 
daily rainfall data over 1970-2004 and the Beijing metropolitan area in China with monthly rainfall data from 1950 to 
2012. Two quantiles are used to represent extreme wet condition (98% quantile) and severe dry condition (2% 
quantile). The results show that the quantile regression is able to reveal the patterns of both extremely wet and dry 
conditions of the areas. The clear difference between the trends at chosen quantiles manifests the utility of using QR 
in this context. 
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1. INTRODUCTION  

Trend analysis of climatic variables such as precipitation, temperature and river flows has been 
reported in many recent studies, especially in the area of climate change impact and adaptation. 
Methodologically, ordinary linear regression is commonly used as a starting point for identifying 
the trend. Non-parametric methods, such as Mann-Kendall test (Mann, 1945; Kendall, 1975) are 
also widely adopted to further confirm the trend at given confidence level. One of such examples is 
given in Song et al. (2014).  

One of the major drawbacks of this method is that the trend it manifests is often expressed as 
mean value of the given climatic variables conditionally on time. While it is very useful in general, 
it fails to gain insights into how the events associated with more extreme values other than the mean 
vary with time. For example, water managers would be more concerned with the trends of severe 
storms or extreme dry spells than those of ‘mean’ conditions. 

The quantile regression (QR) method (Koenker and Bassett, 1978; Koenker, 2005), on the other 
hand, extends the ordinary linear regression method so that it can explain how the quantiles of 
response variables are conditioned on the input variables; as such offers a new window through 
which different regimes of the response variables can be examined in details. Since quantiles are 
often a convenient measure of data departing from their mean and hence loosely being associated 
with the rarity of those values, it becomes very convenient to use QR to reveal the trend of 
‘extreme’ events as indicated by different quantiles. A more vigorous approach to linking QR with 
extreme value distribution can be referred to Cai and Reeve (2013). 

In this paper, we present a study of using QR to identify the rainfall trends in two drastically 
different climate regions: The Dee catchment in the UK and the Beijing Metropolitan area in China. 
Focus is set on the trend of both extremely wet and dry conditions as they are of great value as far 
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as flood risk management and water resources management are concerned. We use a higher quantile 
0.98 to represent the extreme wet condition – where severe flooding may occur; and a lower 
quantile 0.02 for the extreme dry condition where prolonged droughts may be induced. We further 
show that the spatial distribution of such trends can also help produce a coherent, detailed structure 
to serve flood risk and water management purposes.  

2. STUDY AREAS  

We selected two drastically different climate regions in this study – the River Dee catchment in 
the UK and the Beijing metropolitan area in northern China. The Dee river in the UK originates 
from the mountainous area of Snowdonia in North Wales and flowing east to the Wales-England 
border with a total length of 113 km and a catchment area of 2,215 km2 as shown in Figure 1. 

The annual rainfall over the Dee catchment ranges from 650 mm in the downstream area to the 
east e.g. Chester city, to 1,200 mm in the upstream in the west. Daily rainfall records from the 13 
rain gauges in the vicinity of the catchment over a period of 35 years (1970-2004) are used in this 
study. Figure 1 shows the catchment elevation as well as the locations of the rain gauges and their 
annual rainfall distributions. 

  

Figure1. The Dee catchment and the locations of the 13 rain gauges (left) and annual rainfall distributions at the 
locations (right)  

  

Figure2. The Beijing metropolitan area with location of the rain gauges (left) and the annual rainfall distributions at 
the locations (right). 
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In contrast, the area of metropolitan Beijing is far larger (16,410 km2) yet with a similar layout of 
topography with its west and north (68% in area) having elevation 1000-1500 m, while the central 
and south-east parts are just 20-60 m above the sea level. Climate wise, this area is rather opposite 
to the Dee catchment, as it has a monsoon-driven humid continental climate which has cold and dry 
winters and hot hummed summers. Monthly rainfall over the entire region was obtained over the 
period of 1950-2012. The areal rainfall is aggregated from the observation of a relatively dense rain 
gauge network (more than 100 gauges) as seen in Figure 2. The variation of monthly rainfall over 
the region as well as the distribution (histogram) of annual rainfall are shown in Figure 2.  

3. METHODOLOGY  

3.1 Linear quantile regression 

The quantile regression is a powerful extension to the ordinary linear regression in a sense that 
the quantiles of given response variables are conditioned on independent variables. There are plenty 
of resources over the derivation of QR in the literature, e.g., Koenker and Bassett, (1978), Koenker 
(2005). A quick recap is presented here for illustration purposes.  

First, considering Y is a random response variable with cumulative distribution 
function 𝐶𝐷𝐹 𝐹! 𝑦 = 𝑃 𝑌 ≤ 𝑦 , the 𝜏-th quantile of Y can be expressed as:  

 𝑄! 𝑌 = 𝑖𝑛𝑓 𝑦:𝐹! 𝑦  ≥ 𝜏  (1) 

where 0 < 𝜏 < 1 is the quantile level and 𝑄! 𝑌  is decreasing function of 𝜏 (i.e. 𝑄!! 𝑌 <
𝑄!! 𝑌  for 𝜏! < 𝜏! ). The linear conditional quantile function used in this study can be expressed as 
follows: 

𝑄! 𝑌 𝑥 = 𝑋! 𝛽 𝜏  (2) 

where 𝑥 is the vector of dependent variable; 𝛽 𝜏  is the vector of parameters associated with the 
𝜏-th quantile. Statistically speaking, each quantile of the conditional distribution in linear quantile 
regression is characterised by an individual hyper-plane and for individual set of observation (i.e. x 
and y) the parameters of can be estimated by: 

𝛽 𝜏 = argmin! 𝜌! 𝑦! −  𝑥!! 𝛽!
!!!  (3) 

where 𝜌! is loss quantile function and can be presented as follows: 

𝜌! =
𝑢 𝑝 − 1  if 𝑢 < 0

 𝑢𝑝 if 𝑢 ≥ 0  (4) 

The difference between the absolute observed variable 𝑦! and the corresponding 𝜏-th quantile 
𝑦!(𝑥!) is given as a weight of (1− 𝑝) if the observed variable is below quantile plane, otherwise a 
weight of 𝑝 is given.  

3.2 Significance test of the linear trends 

A warranted question related to any trend analysis is whether such trend is statistically 
significant. For quantile regression, bootstrap methods are developed to test the significance of the 
fit. Discussion of this topic goes beyond the scope of this paper and readers can refer to the relevant 
references mentioned in Koenker et al. (2016) for further details. The analysis in this study is 
conducted using the R package quantreg which has integrated both the fitting methods as well as 
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the significance test method. 

3.3 Choice of the quantiles 

Another advantage of using QR in trend analysis is due to the natural link between quantiles and 
the random events they represent. Certainly, such relationship is dependent on the underlying 
probability distribution. In order to overcome the unnecessary difficulties of fitting yet another 
distribution model, the widely used plotting method can be used to estimate such link. One of the 
plotting position formula is given by Gringorten (1963). 

𝑃 = 𝑟−0.44
𝑛+0.12 (5) 

where 𝑟 is the rank of the data and 𝑛 is the sample size. By using this formula, the higher quantile 
0.98 (lower quantile 0.02) of the rainfall records can roughly be linked to an event of wet condition 
(dry condition) with a frequency of 1 in 64 years. Of course, such estimate is not always accurate 
but nonetheless indicates a 'mildly' extreme event. 

4. RESULTS AND DISCUSSIONS  

For the Dee catchment, daily rainfall records from the 13 rain gauges were aggregated into 
monthly and yearly datasets upon which the linear trend of 0.98 and 0.02 quantiles are produced at 
each rain gauges, before being interpolated over the catchment using Inverse Distance Weighted 
(IDW) method. 

As shown in Fig. 3, there is a basin-wide positive trend at 0.98 quantiles. There is also a clear 
spatial pattern associated with this overall positive trend with strong gradients (>20mm/year) in the 
western area gradually decreasing to the east flat area (~ 3mm/year, Fig. 3a). In addition, the trends 
at 10 out of 13 rain gauges are statically significant. However, the trend at 0.02 quantile is not as 
uniform, with an increasing trend to the west and southwest and a rather negative trend covering the 
rest part. It is worth noting that for the lower quantile, the trends shown at most gauges are not 
significant (Fig. 3b); however, those stronger negative trends indeed are significant. In other words, 
the catchment is shown to be even wetter for the extreme conditions (especially in the west) but 
only the northeast part becomes significantly dryer for the extreme dry conditions. 
 

  
a. 0.98 Quantile b. 0.02 Quantile 

Figure 3. Spatial distribution of the trend of annual rainfall over the Dee catchment.  

On monthly time scale, the trend of winter months (November, December and January), together 
with the combination of these three months (winter trend) are shown in Fig. 4.  
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(a) (b) 

  
(c) (d) 

Figure 4. Spatial distribution of monthly rainfall of winter months in the Dee catchment (a November, b December, c 
January and d November – January) 

The trends of November, January and winter (aggregation of November, December and January) 
appear to have a similar pattern with an increasing trend in the mid and the downstream part of the 
Dee river basin and decreasing trends in the upstream as shown in Fig. 4a, 4c and 4d. Interestingly, 
December has an opposite pattern as illustrated in Fig. 4b. It is remarkable that in general winter 
months do not have statically significant trends at most gauges. 

For the metropolitan area of Beijing, monthly areal rainfall over the period of 1950-2012 is 
analysed with regard to its annual areal rainfall for typical winter and summer months (January and 
winter) and two seasons (DJF and JJA). The trends are expressed as the gradient of the lines fitted 
using linear quantile regression with various quantile levels. Table 1 shows the slopes of these fits 
as well as the test results of significance. Above all, a clear decrease trend at 0.98 quantile of both 
annual and summer rainfall is identified. For July while in general decreasing trends are found for a 
range of different quantiles (lower than 98%), the trend of 98% quantile does show an ascending 
trend, although this trend is not statistically significant, due to the fact that there are only a few 
years in late 1990s in which July witnessed higher amount of monthly rainfall. This revelation is 
very important as it implicates a more volatile climate. For the lower end of the quantiles, none of 
the trends at 0.02 quantile appear to be significant, which is also coincident with rather flat 
gradients.  

The variation of trends conditional on the selected quantiles is shown in Fig. 5. The uncertainty 
bands of the slopes reveal that, for summer, there are increasing trends for quantiles blow 0.5 and 
decreasing for those above 0.5, but the trends seem to go up for quantiles larger than 0.8. The 
implication is that overall the summer rainfall tends to be more stable around its median, the heavy 
rainfall events may become more extreme. For winter, the gradient tends be more flat and centred 
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around 0. In view of the significance test, it is not yet decisive to conclude any significant trends for 
winters. 

 
Table 1. Slope and P-value of trend results in Beijing area 

Months Quantile Gradient P-value 
Yearly 0.98 -5.131 0.00002 
 0.02 0.023 0.97802 
July 0.98 0.272 0.83851 
 0.02 0.123 0.91564 
 0.35 -1.378 0.00919 
 0.50 -1.201 0.05000 
 0.75 -2.063 0.05081 
January 0.98 -0.137 0.32575 
 0.02 0.000 1.00000 
 0.30 -0.012 0.00008 
Summer (JJA) 0.98 -5.985 0.00318 
 0.02 -1.175 0.27748 
Winter (DJF) 0.98 0.140 0.44956 
 0.02 0.000 1.00000 

 

 
(a) 

 
(b) 

Figure 5. Confidence band of the gradient (mm/year) of the fitted lines using summer (a) and winter (b) seasons in 
Beijing. The horizontal axes are quantiles and the vertical axes refer to the gradient of the trend lines; the red lines 

represent the confidence bands of the fits using ordinary linear regression. 

5. CONCLUSION 

In this study, we demonstrate a new, quantile regression based method for analysing the trend in 
climatic variables. Long-term rainfall data from two drastically different climate regions is 
investigated focusing on the trends of the data close to 'extreme' regimes, in order to link them to 
the events of interests. It can be concluded that: 

1. The QR based trend analysis can provide far more detailed information with respect to the 
quantity in question. This is particularly useful for water managers who are more concerned 
with extreme values rather than the averaged one; 

2. This method can help build a comprehensive picture of climatic variables in terms of their 
variation over time at different magnitude/frequency; 
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3. The involvement of quantile brings an extra benefit that bridges the trend analysis with 
frequency, which implies great potential of its use in studying climate change impact on 
engineering design without having to assume data stationarity. 

 
Certainly, more studies are needed to improve the method with respect to the problems found in 

this study, which include but are not limited to: 
1. A better link between quantiles and event frequency (return period) in the context of trend 

analysis. 
2. The method needs to be refined further to be more reliable on lower quantiles. It has been 

found that most trends of quantile 0.02 are insignificant, but this may not be true as lower end 
of the data suffer from larger errors and zero values may as well interfere with the process.  
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