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Abstract

Climate changes related with global warming has been interests to national and local governments and organizations in

various research areas. In this paper, we developed the logistic mixture model for clustering temporal heteroscedastic

profiles of climate data sets. The proposed model is applied to examine the US climate data of temperature and

precipitation.

1. Introduction

The plain mixture model is defined as a weighted average of the probability density functions:

f (yi) =

K∑
k=1

pkψ(yi|θk), (1.1)

where f (yi) is the probability density function of the mixture model for the observation yi, pk is the mixing probability,

ψ(yi|θk) is the probability density function for cluster k, θk is the cluster-specific parameter, and K is the number of

clusters. In cluster analysis, ψ(yi|θk) is often assumed to be ϕ(yi|µk, σ2

k
), the normal distribution with mean µk and

standard deviation σk.

The plain mixture of normal distributions has three parameters, mean µk, standard deviation σk and the mixing

probability pk. If the mean parameter µk is allowed to depend on explanatory variables, the mixture was used to cluster

homoscedastic profiles in Ma et al. (2006) and Joo et al. (2009) or used to cluster data points that have a functional

trend in Joo et al. (2007). In this paper, we develop a mixture model for clustering heteroscedastic temporal profiles

in the US climate data by allowing µk and σk to depend on explanatory variables.

2. Model

2.1. Clustering model

In this paper, we propose the logistic mixture structure, which allows the mixing probability pi to change with object-

specific predictors. Let yitm be the mth response of object i at time point t and yit = (yit1, yit2)
T . We explain the

variance functions, logσtkm = ztγkm, where zt is a 1 × r vector (a subset of xt) and γkm is a r × 1 vector for response

variable m. Also, let θ = (βT , γ)T be a set of all parameters. Then, the conditional likelihood function corresponding

to our model is

f (y|θ) =
n∏
i=1

K∑
k=1

pk M∏
m=1

T∏
t=1

ϕ(yitm|xtβkm, exp(ztγkm)
 (2.1)

where ϕ(·) is the normal probability density function.
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3. Data analysis of yearly average temperature and annual precipitation

The proposed model is applied to cluster 151 cities in US based on yearly temperature and precipitation profiles. BIC

is calculated to determine the number of clusters. Since the mixture of 4 components(clusters) has the lowest value

of BIC, we consider the best number of components is 4. The clustered profiles are shown in Figure 1. Locations of

these cities are indicated on Figure 2. Mean functions show the yearly trend of temperature and precipitation between

year 1900 and 2008. Standard deviation functions show the year-to-year variation in temperature and precipitation.

Cluster 1, which is marked in blue, has the most distinctive increase temperature and precipitation among 4 clusters.

Standard deviations decreases in temperature and increases in precipitation. Most cities in Cluster 1 are located in

the northeast part of US except two cities in Texas. A large population reside or/and large industries locate in the

northeast and two cities in Texas are located close to major refinery factories. Cluster 2, which is marked in brown,

has a temperature increase similar to Cluster 1, but has a higher standard deviation than any others. In terms of

precipitation, it has very stable mean and the lowest standard deviation. Cluster 3, which is marked in red, has a large

temperature increase similar to Cluster 1, but has a larger standard deviation than Cluster 1. Precipitation increase

similar to Cluster 1 with similar standard deviation. Cluster 4, which is marked in green, has a stable mean trend

of temperature with the lowest standard deviation. Most cities in Cluster 4 are located in the southeast part of US.

Precipitation decreased in recent years with the highest standard deviation. In summary, higher temperature increase

tends to be observed in the north part of US than the south part and in the highly populated or industrialized area than

others.

Figure 1: Clustered annual average temperature and annual precipitation of 151 cities in US.
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Figure 2: Map of clustered cities based on yearly average temperature and precipitation profiles.
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