Proceedings of the International MultiConference of Engineers and Computer Scientists 2008 Vol I
IMECS 2008, 19-21 March, 2008, Hong Kong

Gaining Insights to the Tea Industry of Sri Lanka
using Data Mining

H.C. Fernando, W. M. R Tissera, and R. I. Athauda

Abstract—This paper describes an application of data mining
techniques to study certain aspects of tea industry in Sri Lanka
using different types of data available. This study showed that
exports and production continuously increase with time. It
further revealed how production vary with the three elevations
they are grown, namely, High, Low and Mid. Time series
analysis produced ART(p) models for production and price.
The study resulted in significant insights and knowledge about
the tea industry which contributes significantly to the Sri
Lankan economy.

Index Terms—Data mining, cluster analysis, time series
analysis

I. INTRODUCTION

Data mining (DM) is a powerful new technology to
analyze information in large databases and extract hidden
predictive information from them. There is a growing interest
to use this new technology to convert large passive databases
into useful actionable information. The advantage of data
mining techniques is that they can be used to explore massive
volumes of data automatically unlike queries posed by a
human analyst.

The process of data mining consists of three stages: (i) the
initial exploration, (ii) model building or pattern
identification and (iii) deployment [8]. The initial exploration
usually starts with data preparation which may involve
cleaning data, data transformations, selecting subsets of
records and - in case of data sets with large numbers of
variables - performing some preliminary feature selection
operations to bring the number of variables to a manageable
range. Data Mining lends techniques from many different
disciplines such as databases ([9], [13], [15], [16], [18], [24],
and others), statistics [12], Machine Learning/Pattern
Recognition [5], and Visualization [14].

The aim of this study is to investigate how data mining
techniques can be used to find relationships among factors
such as production, export and auction price of tea. It is
possible to obtain comparatively large sets of data on tea
exports from different sources, namely, Sri Lanka Tea Board
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(SLTB) [4], Central Bank of Sri Lanka [1], [3], Sri Lanka
Customs [23] and Department of Census and Statistics [6].
The data of this study was provided by SLTB. We hope that
the identified patterns in this study would help to make policy
decisions in improving tea production and exports, which
contributes significantly to the national economy of Sri
Lanka.

Il. METHODOLOGY

The initial exploration started with preparing data to be
comparable with respect to currency. The currency of the
auction prices is recorded in Sri Lanka Rupee (LKR). Due to
the fluctuations of the exchange rates and currency
depreciation, comparable price in USD was calculated as
follows:

Actual _monthly _average_auction_ price_in_ LKR _ per _kg
Monthly _average _exchange_rate _in_USD

Monthly average exchange rates [2] were used to perform
this transformation. As there were only a few variables,
reduction of the dimension of the data was not necessary. It
was essential to select data for the same period of time for a
given variable. Preliminary analysis was carried out as the
next step of initial exploration using SPSS [20].

Microsoft SQL Sever [19], [21], [26] is a powerful
Database Management Systems (DBMS) that offers different
DM algorithms and techniques and is user friendly.
Therefore, we selected Microsoft SQL Server 2005 due to its
DBMS capabilities and DM algorithms [19], [26].

A.  Clustering

Cluster analysis is a branch of statistics that has been
successfully applied to many applications. Its main goal is to
identify clusters present in the data. There are two main
approaches to clustering, namely, hierarchical clustering and
partitioning clustering. The Microsoft clustering algorithm,
k-means [10], is a partitioning algorithm which creates
partitions of a database of N objects into a set of k clusters. It
minimizes total intra-cluster variance, or, the squared error
function (V)
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where, there are k clusters S; , i =1,2,...,k and ; is the

centroid or mean point of all the points X; € S;.

Monthly data was available for production and prices but
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not for exports in our data set. Therefore, cluster analysis was
possible only for the three variables: time, price and
production for the three types of tea.

B. Time series analysis

The trends of the variables with time (monthly or yearly)
were analyzed using time series analysis. SQL Server
provides the facility to perform time series analysis using
Autoregressive tree model (ART) [17]. An ART is a
piecewise linear autoregressive model in which the
boundaries are defined by a decision tree and leaves of the
decision tree contain linear autoregressive models. An
ART(p) model is an ART model in which each leaf of the
decision tree contains AR(p) model, and the split variables
for the decision tree are chosen from among the previous p
variables in the time series. ART(p) models are more
powerful than AR models because they can model non-linear
relationships in time series data [25]. ART models are
particularly suitable for data mining because of the
computationally efficient methods available for learning
from data. Also, the resulting models yield accurate forecasts
and are easily interpretable.

ART (p) model is given by:

L L P
f(yx‘y(,p!"'vyplvg) :H fi(y[‘ytfpv'“!ypyei)q)‘ :HN(mi +z:bij y|,jro-i2)
i=1 i=1 1:1
where L is the number of leaves, 0=(6,,...0,) and
0, =(m,, bn,,_,,bip,gf) , are the model parameters for the linear

regression atleaf I, i =1,...,L.
The experiment is carried out for three different data sets.

Data set I: Annual export and production of tea from 1911
to 2006.

Data set I1. Monthly production according to the elevation
from 1986 to 2006.

Data set 111 Monthly auction prices according to the
elevation from 1986 to 2006.

Il. RESULTS

Data set | contains annual figures of export and production
of tea (in metric tons) of any elevation. Fig. 1 shows a
continuous progress in production with time. The same
relationship was found for exports and time too (see Fig. 2). It
is important to observe that we have exported more than the
production in some instances (see Fig. 3). This was possible
because tea was imported to blend with Ceylon tea, thereby
adding more tea to the production of Sri Lanka (e.g. In 2006,
export as a percentage of production was 102%). We have
been able to export any amount we produced so far (see Fig.
6).

Data set Il contains how the average production of a
particular month for a period of 20 years is distributed (see
Fig. 4 and Fig. 5) among the three elevations they are grown,
namely, High, Low and Mid [23]. Low grown tea is produced
at 1500-1800 feet. Mid-grown tea is from heights between
1800-3500 feet. High grown tea is produced at the height of
3500 to 7500 feet. Low grown tea contributes to almost half
of the production (see Fig. 4). Mid grown tea production is
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the least throughout the year (see Fig. 5).
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Figure 1. Production by year
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Figure 2. Exports by year
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Figure 3. Export as a percentage of production by year
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Figure 4. Average tea production by elevation
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Figure 5. Average tea production by elevation

A. Regression of exports on production

Data set | consists of yearly exports and production of tea
from 1911 (see Fig. 1 and Fig. 2). Fig. 1 shows a continuous
progress in exports with time. The same relationship was
found for production and time too. This indicates that exports
and production follows the same pattern with time. It is
shown that the more tea is produced, more can be exported
(see Fig. 3). Since the scatter plot showed a strong linear
correlation (r =0.993) between these two variables, a simple
linear regression was fitted (export = 6625 +
0.914*production; R?*=0.98). Fig. 6 shows how well the
regression line fits the data. It shows a positive trend, which
amounts to an increase of 914,000 kg per year for exports of
tea, further justifying our earlier comments.

Exports vs production
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Figure 6. Regression graph between exports and production of tea

Data set 11l contains monthly auction prices according to
the elevation of tea (see Fig. 7). On average, the price of low
grown tea stands above that of the other types. However,
prices of all three types decrease in the period of June-July. It
is important to note that the price is not governed by mere
production. The simple linear regressions explain almost
nothing of the variation in price in all three types of tea (Low:
R-Sq = 7.8%, Mid: R-Sq = 1.8% and High: R-Sq = 0.2%).
This indicates that the auction price is independent of the
amount of production.
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Figure 7. Average price distribution by elevation

B. Cluster analysis for production and price

This section presents the results of cluster analysis using
K-means algorithm [19], [26] available in Microsoft SQL
Server 2005. This analysis was performed only for monthly
production and prices. Since, monthly data was not available
for exports, it was excluded from cluster analysis. We were
able to obtain seven clusters as presented in Fig. 8 and Table
I. It is important to note that low grown tea forms two distinct
clusters: cluster 5 and 7. The constitution of cluster 7, which
gives the highest average production, is 100% low grown tea.
The other cluster, which consists of 100% low grown tea,
namely, cluster 5, gives second highest average production.
The third highest average production is found in cluster 6,
which consists of 88.5% of low grown tea, and the balance is
high grown tea. It can be concluded that low grown tea is the
main contributor to the production. The pattern in clustering
of price is the same as of production. That is, the highest
average price is found in cluster 7, followed by cluster 5 and
cluster 6. Therefore, the most significant contributor to the
price of tea is low grown tea.

Table I . Distribution of Mean and Standard Deviation by cluster

Category Participation Price Production
Clust Low Mediu High

er % m % % Mean SD Mean SD

1 1.8 85.9 12.3 1.45 +0.27 3.89 +0.58
2 32.6 7.3 60.1 151 +0.28 5.55 +0.48
3 30.8 _ 69.2 1.56 +0.03 7.19 +0.51
4 64.2 _ 35.8 1.53 +0.25 9.01 +0.45
5 100 1.89 +0.25 13.31 +0.73
6 88.5 _ 115 1.73 +0.31 10.77 +0.63
7 100 _ _ 1.9 +0.16 16.08 +1.10
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Figure 8. Cluster Profile
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C. Time series analysis for export and production

It is important to know the trend for production and export
so that the recent future can be predicted. One of the data
mining techniques, time series [25] was used to identify the
trend of exports and production. For this analysis time frame
was fixed from 1977, in which year open economy was
introduced to the country. After introducing the open
economy the exports have increased considerably.

In order to fit a time series model for the trend found in
exports the following ART model was calculated (Table I1).
The decision tree produces two distinct nodes. One node
represents period before mid 1992 and the other node
represents period after mid 1992 (see Fig. 9).

Year
>= 1992.500
—
Year
< 1992.500

Figure 9. Decision Tree of ART model of annual exports

The two time series model for the two periods mentioned
above is given in Table Il. They both show that the export
figure for a given month only depends on export figures of
the previous two months. Also, exports are continuously
increasing with time. The time series model predicts a
continuous growth in exports (i.e. coefficients are positive)
(see Table 11).

Table 1. ART model for annual exports

Region ART model

Year >=1992.500 | Exports = 49164.421 + 0.254 *

Exports(-2) + 0.600 * Exports(-1)

Year < 1992.500 Exports = 93197.567 + 0.279 *

Exports(-2) + 0.244 * Exports(-1)

In order to fit a time series model for the trend found in
production, the following ART model was calculated (see
Table I11). The decision tree produces two distinct nodes (see
Fig. 11).

Year
>= 1993

Year
< 1903

Figure 10. Decision Tree of ART model of annual production

One node represents period before 1993 and the other node
represents period after 1993 (see Fig. 10).

The two time series models for the two regions show that
the production figure for a given month only depends on
production figures of the previous three months (see Table
I11). Also, production is continuously increasing with time.
The time series model predicts a continuous growth in
production but slow.
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Table I11. ART model for production

Region ART model
Year >= 1993 Production = 73215.369 + 0.166 * Production(-3) + 0.232 *
Production(-2) + 0.379 * Production(-1)
Year < 1993 Production =99579.595 + 0.629 * Production(-3) + 0.049 *
Production(-1) -0.149 * Production(-2)

In order to investigate how the exports and production
predicted to vary by the two time series model, Fig. 11 was
constructed. This graph uses the data calculated by the two
time series models. The gap between export and production is
predicted to exist in future too. This shows that the
production doesn’t meet the continuous increase in the export
adequately (see Fig. 11).

340000
330000 =
320000 1 —~
310000
300000 -
290000

— — — Exports
Productior

Quantity (MT)

Figure 11. Prediction using ART model

D. Time series analysis for Prices

This analysis was carried out separately for the three types
of tea. As low-grown tea is the highest contributor, we started
this analysis with low grown tea. The decision tree for this
model had only the root node, hence one leaf (see Fig. 12).
Therefore, the linear autoregressive model needs to be
calculated only for one region and is presented in Table IV.
This model shows a positive trend in price of low grown tea,
which only depends on the price of the previous month

Al

Figure 12. Decision Tree of ART model for prices of

Low-grown tea

Table IV. ART model for price of low grown tea

Region AR model
All Low Grown Price = 0.078 +
0.956 * Low Grown Price(-1)

The decision tree for mid-grown tree also has only the root
node, hence one leaf (see Fig. 13). Therefore, the linear
autoregressive model needs to be calculated only for one
region and is presented in Table V. This model shows a
positive trend in price of mid grown tea, which only depends
on the price of the previous two months.
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Figure 13. Decision Tree of price of mid- grown tea

Table V. ART model for comparable price fluctuations of Mid

grown tea
Region AR model
All Mid Grown Price = 0.132 + 1.093 * Mid Grown Price(-1)
-0.183 * Mid Grown Price(-2)

The decision tree for high-grown tree produced three
regions (see Fig. 14). The piecewise linear autoregressive
model was calculated for three regions and is presented in
Table VI. This model revealed that the price of high grown
tea is constant at present.

Morgh
= S/19/1599 1:12:07 MM

Figure 14. Decision Tree of price of High- grown tea

Table VI. ART model for price of High grown tea

Region

High Grown Price-3 >= 1.957
High Grown Price-3 >= 1.957
and Month >=5/19/1999
High Grown Price-3 >= 1.957
and Month < 5/19/1999

AR model
High Grown Price = 1.651
High Grown Price = 1.651

High Grown Price = 0.744 -0.472 * High
Grown Price(-3) + 0.121 * High Grown
Price(-2) + 0.433 * High Grown Price(-1)
+0.715 * High Grown Price(-96)

IV. CONCLUSION

This section discusses a study carried out with some data
related to the Sri Lankan tea industry. Sri Lanka considers
export of tea as a lucrative business. Understanding the
different parameters such as production, costs, prices, and
others can assist in growth, development and higher
profitability in this sector.

As discussed, the strong correlation between production
and exports makes us to believe that the tea production is the
only aspect governing tea exports. Ninety eight per cent of
the variation in exports is explained by production. This is
further proven by the fact that the auction price has little/no
correlation over exports of all types of tea.

As shown in Fig. 5, mid and high grown tea production is
considerably lower than that of low grown tea. The auction
prices for tea start rising by end of July. From August to
March prices remain comparatively high. Also, low grown
tea seems to fetch an average higher price when compared to
others. It would be interesting to find out the profitability of
each type of tea (high, mid and low) considering the cost of
production.
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Considering monthly data, it is important to note that in
February, March, September and October, the production is
comparatively low (see Fig. 5 and Fig. 7). In 1994, 1998 and
2003, there had been marked differences in prices for all
three types of tea. When considering the auction prices for
different categories of tea from 1986 to 2006, the highest
prices for different categories of tea have been reported in the
period 1996-1997. One of the significant events took place in
1996 was wining the “World Cup” in cricket. The marketing
campaign and the publicity obtained by the country may have
helped to improve the prices of tea. If the correlation
between marketing and prices of tea can be established then
considering different strategies to market tea can result in
higher auction price for tea. This correlation (although
possible) remains to be shown by future research.

The authors believe that further research in data analysis
with respect to the tea industry can result in significant
insights and knowledge, which can be utilized for better
alignment and growth in the sector contributing to the Sri
Lankan economy.

This paper demonstrates the possibility of applying
techniques such as data mining to gain useful insights in
sectors such as tea industry. In future, we plan to further
investigate this area of research in close collaboration with
domain experts from the tea sector.
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