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ABSTRACT

This study aims to investigate factors related to the average monthly precipitation in Bangkok, Thailand
using a logistic regression model. The data used in this study were monthly averaged data from the Thai
Meteorological Department over an eleven-year period (2006-2016). The dependent variable was precipitation
which was divided into two groups, namely the precipitation event and the no-precipitation event. Four
independent variables employed in the analysis were relative humidity, temperatures, wind direction and
wind speed. A logistic regression model showed that factors affecting precipitation occurrence were relative
humidity greater than 73% and wind direction from the Southwest. The area under the curve (AUC) indicated
that classification accuracy of logistic regression model was satisfactory.
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Introduction

Climate change is causing various impacts, espe-
cially the problems of global warming and change
in precipitation levels. The quantity of precipitation
is not going down or up the same in all places on the
earth’s surface (Radzuan et al., 2013). The event of
precipitation occurrence is an important outcome to
evaluate with outcome effects of natural disasters
such as flooding and drought. The fluctuation of
precipitation in Thailand has declined over the past
50 years but since 2000, precipitation has been ex-
treme. At present, Thailand faces problems of pre-
cipitation events and suffered from extreme flood-
ing in 2011 (Yoon et al., 2015). Bangkok, Thailand’s
capital located in the central part of the country was
especially affected by a 2011 flooding event
(Arifwidodo and Tanaka 2015). Average annual
precipitation in Bangkok is 1450.3 millimeters. On

average, the month with the most precipitation is
September (Department of Drainage and Sewerage,
2011). In 2011, the precipitation increased dramati-
cally in May with this event causing various im-
pacts on agriculture, health and transportation.

Many scientists have developed mathematical
models for atmospheric dynamics over the years
and have studied models in different situations in
order to explain these significant changes (Yoon et
al., 2015). Moreover, there are various techniques in
machine learning such as neural networks, random
forests, decision tree, logistic regression and others
(Radzuan et al., 2013) to improve over standard lin-
ear regression for precipitation prediction
(Applequist, 2002).

The objectives of this study were to estimate per-
centages of precipitation in Bangkok by using sum
contrasts for logistic regression model. This model
showed confidence intervals for comparing means
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that did not involve selecting a reference group. In
addition, factors related to the precipitation in
Bangkok were studied, and the efficiency of classi-
fication was explained by using the receiver operat-
ing characteristic curves (ROC).

Methodology

Data

Monthly averaged data of precipitation, humidity,
temperature, wind direction and wind speed of
Bangkok metropolis station were obtained from the
Thai Meteorological Department (Thai Meteorologi-
cal Department). The considered data set ranged
from January 2006 through December 2016 (132
months). The dependent variable used in this study
was precipitation which was divided into two
groups (precipitation event/no -precipitation
event). Precipitation events were identified based on
Thailand’s rainfall (daily) criteria (Thai Meteoro-
logical Department). A precipitation event was de-
fined by average rainfall greater than at least 3 mil-
limeters, and a no-precipitation event was defined
by average rainfall less than 3 millimeters. The four
determinant factors were temperature, humidity,
wind direction and wind speed which related to the
level of precipitation. Each of the four determinant
factors was classified into two levels based on over-
all average of these factors. The temperature groups
were less than or equal to 29 oC and more than 29oC.
The relative humidity groups were less than or
equal to 73% and more than 73%. The wind direc-
tion groups were Southeast winds and Southwest
winds. The wind speed groups were less than or
equal to 10 knots (Light/gentle breeze) and more
than 10 knots (Moderate breeze) (Thai Meteorologi-
cal Department).

Statistical methods

The logistic regression model is a method that has
fewer assumptions than the linear discriminant
model, the results can be given clearly, and the re-
gression coefficient can be easily defined (Kiang,
2003; Radzuan et al., 2003). This model formulated
the logit of the probability p that a precipitation
event as an additive linear function of the four de-
terminant factors as follows:
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where  is constant i, j,  k  and k refer to tem-
perature group, humidity group, wind direction
group and wind speed group (Hosmer and
Lemeshow, 2000; Kleinbaum and Klein, 2002).

The model (1) provides confidence interval for
percentage of precipitation event for levels of each
determinant. The confidence intervals were ad-
justed for other determinants using sum contrast
method (Tongkumchum and McNeil, 2009;
Kongchovy and Sampantarak, 2010).

A sum contrast was used to obtain confidence
intervals for comparing mean/proportions with
overall mean/proportions. The confidence intervals
provided a criterion for classifying levels of the fac-
tor into three groups according to whether the con-
fidence interval exceeded, crossed or was below the
overall mean (Pipatjaturon et al., 2016). Confidence
intervals based on sum contrasts are more appropri-
ate than the confidence intervals based on the treat-
ment contrasts because commonly, the confidence
interval based on treatment contrasts measures the
difference from a reference group. Confidence inter-
vals based on sum contrasts can be applied equita-
bly to each category and compared percentage of
precipitation event in each category factor with the
overall percentage (Venables and Ripley, 2002;
Tongkumchum and McNeil, 2009).

The Hosmer-Lemeshow test is a statistical test for
goodness of fit for logistic regression. The Hosmer-
Lemeshow test statistic is given by

                                   .. (2)

where O1g, E1g, Ng, g and G denote the observed
Y=1 events, expected Y=1 events, total observation,
predicted risk for the gth risk decide group and the
number of groups, respectively. The test statistic
asymptotically follows a distribution with G-2 de-
grees of freedom (Alan, 2012).

To assess the goodness of fit of the model the re-
ceiver operating characteristic (ROC) curve was
used. ROC is comprised of graphical plots that rep-
resent the diagnostic ability of a binary classification
(Pipatjaturon et al., 2016). The ROC curve was cre-
ated by plotting the true positive rate in the y-axis
(i.e. predicting precipitation when it did precipitate)
against the false positive rate in the x-axis (i.e. pre-
dicting precipitation when it did not precipitate).
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ROC analysis provides tools to select possibly opti-
mal models (Zweig et al., 1993) and show the trade-
off in a model between correctly predicting precipi-
tation when it truly does precipitate and predicting
precipitation when it truly does not precipitate.

Denoting the predicted outcome as 1 (precipita-
tion) if p  c, or o (no precipitation) if p < c, its plot-
ted sensitivity is the proportion of positive out-
comes correctly predicted by the model against the
false positive rate (proportion of all outcome incor-
rectly predicted). In this case, c value was 0.51. Sen-
sitivity and specificity of the model provide a cut-off
point in the curve where the predicted precipitation
agrees with the observed value in the data. The area
under the ROC curve (AUC) is a summary statistic
of demonstrable performance. AUC would be 1 to
perfect prediction, non-predictive (AUC 0.5), less
predictive (0.5 < AUC < 0.7), moderately predictive
(0.7 < AUC < 0.9) and highly predictive (0.9 < AUC
< 1) (Swets, 1988; Greiner et al., 2000; Vanagas,
2004).

Statistical modelling and graphical presentation
were carried out by using R statistical software (R
Development Core Team, 2018).

Results and Discussion

Preliminary Results

Monthly averaged data of precipitation, tempera-
ture, relative humidity, wind direction and wind
speed were studied for 11 years. The overall aver-
age precipitation levels in each group of tempera-
ture, relative humidity, wind direction and wind
speed are explained in Table 1.

Table 1 shows the overall average precipitation
level for temperatures less than or equal to 29 oC
and more than 29 oC were 6.02 mm. and 7.98 mm.,

respectively. The overall average precipitation level
of relative humidity less than or equal to 73% and
for more than 73% were 2.66 mm. and 10.48 mm.,
respectively. The overall average precipitation level
by wind direction from the Southeast was 4.67 mm.,
while overall average precipitation level from
Southwest winds was 9.04 mm. The overall average
precipitation level for wind speeds for light/gentle
breeze and moderate breeze were 7.68 mm. and 6.31
mm., respectively.

The percentage of assessed precipitation events
in two temperature groups, two humidity groups,
two wind direction groups and two wind speed
groups are shown in Figure 1

Figure 1 shows a bar chart of percentage of pre-
cipitation events by temperature group, humidity
group, wind direction group and wind speed group
superimposed with adjusted percentage and their
95% confidence intervals from the model (1) based
on sum contrasts. The horizontal line is average per-
centage 63.63%. The model suggests that the confi-
dence intervals of percentage of precipitation event
in humidity groups and two wind direction groups
were different and statistically significant (P-value <

Table 1. Overall average precipitation level (mm) of temperature, relative humidity, wind direction and wind speed
(2006-2016)

Factors Categories Overall Average
Precipitation (mm)  [SD]

Temperature <= 29oC 6.02  [5.55]
>29oC 7.98 [7.68]

Relative humidity <=73% 2.66  [3.94]
>73% 10.48 [6.53]

Wind direction Southeast wind 4.67 [6.89]
Southwest wind 9.04 [5.92]

Wind speed Light /gentle  breeze 7.68 [8.54]
Moderate breeze 6.31 [4.26]

Fig. 1. The confidence interval of precipitation event by
temperature, humidity, wind direction and wind
speed
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0.05). The confidence interval of percentage of hu-
midity more than 73% and wind direction in South-
west wind exceeds the overall mean and the confi-
dence interval of percentage of humidity in less than
73% and wind direction in Southeast wind below
the overall mean.

Goodness of fit the logistic model

The chi-square test of the Hosmer-Lemeshow good-
ness of fit test was 5.131, which is statistically insig-
nificant. It can be concluded that the model is ap-
propriate. In addition, the ROC curve shows how
well the model predicts a binary outcome as shown
in Figure 2.

Moreover, the logistic regression model provides
the best relative performance. Although this advan-
tage facilitates process forecast, it also has limita-
tions. The method studied may be adversely af-
fected when the underlying phenomenon is non-sta-
tistical (Kiang, 2003). However, there are many clas-
sification methods to employ for future study. Ro-
bust classification methods should be compared,
such as neural network, decision tree learning, dis-
criminant analysis and random decision forest.
These method could help meteorologists select
model variables to produce better precipitation fore-
casts (Radzuan et al., 2013).

Conclusion

An analysis of classification of precipitation levels.
The dependent variable was conducted by dividing
precipitation into two groups which were precipita-
tion and no-precipitation. Four determinant factors
were composed of relative humidity, temperature,
wind direction and wind speed. The percentage of
precipitation events in relative humidity more than
73% , wind direction in Southwest wind and wind
speed more than 10 knots (moderate breeze) were
higher than the average percentage 63.63%. The lo-
gistic regression model was used to study the fac-
tors affecting the precipitation, and the efficiency of
classification was explained by the area under the
ROC curve. The results of the logistic regression
analysis showed that the relative humidity and
wind direction effected precipitation. The area un-
der curve (AUC) model showed a value close to 1.
Therefore, the logistic regression model was accu-
rate.
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