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Abstract

PLS-DA (Partial Least Square Discriminant Analysis) model is used to establish relationship between Jamu
ingredients, i.e. plants composition in Jamu, and Jamu efficacy to investigate which plants act as main
ingredients and which are supporting by checking the plants significance. Permutation testing is used in the
investigation by generating the coefficients distribution under null hypothesis, i.e. the plants are not affecting
Jamu efficacy. The generation process is performed by permuting the order of the response while maintaining
the order of the predictors. The PLS-DA model then is applied to the new dataset after permutation. After
repeating this process many times, then the accumulation of the PLS-DA coefficients provides the distribution
under the null hypothesis. The proportion of the coefficients larger than or equal to the PLS-DA coefficient using
original data then serves as the p-value, which then can be compared to the significance level a. By performing
this permutation process 1000 times and « = 5%, we found, over all efficacies, 231 out of 465 plants are
significant. Moreover, from literature review, among these 231 plants, the usages of 226 plants on the assigned
efficacy are supported by scientific paper.
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Introduction

Jamu is an Indonesian herbal medicine made from a mixture of several plants. So, the
ingredients, i.e. plants composition used, in Jamu determine the Jamu efficacy. Among the
ingredients of Jamu are plants used as main ingredients, which contribute primarily to its efficacy,
as well as plants used as supporting ingredients (Pramono, 2007; Redaksi Trubus, 2009).
Investigating which plants are main ingredients and which are supporting is important to
comprehensively understand the mechanism of plants used in Jamu to achieve specific efficacies.
A statistical model can be helpful in this attempt by relating plants usage in Jamu as predictors and
Jamu efficacy as response. Plants perform as main ingredients will have significant effect on the
model developed.

PLS-DA, a statistical model for classification and discrimination that based on Partial Least
Square Regression (PLSR) in which the dependent variable is chosen to represent class
membership (Barker and Rayens, 2003), is suitable for this analysis regarding that large number of
plants are used in Jamu and; on the other hand, Jamu efficacy are in categorical scale. Hence, the
PLS-DA coefficients can be used to explore the relationship between plants and Jamu efficacy.
Furthermore, the absence of significance testing on PLS-DA coefficients is replaced by permutation
testing, which generated the coefficients distribution under null hypothesis through resampling of
the existing data (Good, 2005).
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Materials and Methods

Dataset

The data used in the present study are the commercial Jamu registered at The National
Agency for Drug and Food Control (NA-DFC) of Indonesia. The data contain 3138 Jamu and in total
they use 465 plants. Each Jamu is classified into one of nine efficacy categories, namely: (1) urinary
related problems (URI), (2) disorders of appetite (DOA), (3) disorders of mood and behavior (DMB),
(4) gastrointestinal disorders (GST), (4) female reproductive organ problems (FML), (6)
musculoskeletal and connective tissue disorders (MSC), (7) pain/inflammation (PIN), (8) respiratory
disease (RSP), and (9) wounds and skin infections (WND).

In the present study, the plants usage in each Jamu provides the predictors in PLS-DA
model while the Jamu efficacy serves as the responses. Let X; (i=1,2, ...,n;j=1,2, ..., m;n=
3138; m = 465) denotes the status of plant j usage in Jamu i, where X; = 1 if Jamu i use plant j and
0 otherwise, and let Yi (k = 1, 2, ..., 9) denotes the efficacy status of Jamu i, where Yy = 1 if Jamu i
has efficacy in category k and O otherwise. Note that ¢ Y = 1 meaning that each Jamu is
classified into one efficacy category only.

PLS-DA Modeling
The details of the PLS-DA modeling are as follows (Barker and Rayens, 2003; Wold et al,
2001). Let T (n x c) is a matrix of the underlying factors of X and is obtained by maximizing its
covariance with the corresponding matrix of the underlying factors of Y, that is
T =XW 1)
where W (m x ¢) is a matrix of weight, and c is the number of factors extracted. Matrix T, multiplied
by matrix of X—loadings P (m x c), is a good summaries of X

X=TP'+E )
so that the X—residuals E (n x m) is small. In addition, matrix T also a good predictors of Y
Y=TQ'+F 3)

where Q (9 x ¢) is matrix of Y—loadings. The Y-residuals F (n x 9) express the deviation between
the observed and the predicted responses.
Substituting Eq. (1) into Eq. (3) we obtain multiple regression model of PLSDA

Y=XWQ'+F=XB +F (4)
where the PLS-DA coefficient matrix B (m x 9) is calculated as
B =wWQ' (5)

Note that each plant has a set of coefficient containing 9 values, one for each efficacy.

Permutation Test in PLS-DA Model

Permutation testing is a resampling method intended to provide underlying distribution of
test statistic under null hypothesis, which then can be used to calculate p value. Unlike the
conventional statistical testing, which assuming the null distribution follows some theoretical
distribution, the permutation testing provides the null distribution by an empirical distribution which
generated through resampling of the data sample at hand. The idea of permutation testing in PLS-
DA is illustrated in Figure 3. The details of the steps are as follows.

Step 1. Resampling of Jamu data.
In this step, new Jamu data set under null hypothesis, i.e. plants are not affecting the Jamu
efficacy, is generated by resampling the existing Jamu data set. The resampling process is
performed by permuting the order of the response randomly while maintaining the order of
the predictors. This process ensures the relationship between the predictors and the
response, if any, in the original Jamu data set is destroyed. Thus, the result from this

resampling is the new Jamu data set under null hypothesis. Let Y denotes the new

response obtained from the permutation process.
Step 2. PLS-DA modeling on the new jamu data set.
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PLS-DA model is performed on the new Jamu data set obtained from Step 1. The matrix X
and Y provide the predictors and responses, respectively. The coefficient matrix obtained

is denoted by C.

Step 3. Accumulation of PLS-DA coefficients
After all permutation rounds R (in the present study we performed R = 1000 times), the
PLS-DA coefficient in each round €, is accumulated into coefficient distribution C, which is

the distribution of PLS-DA coefficient under null hypothesis. Let Cjx, denotes the coefficient
of plant j on efficacy k at permutation round r.

After the distribution of PLS-DA coefficient under null hypothesis is obtained, the p value in
testing the effect of plant j on efficacy k is calculated as the following. Note that the hypothesis to be
tested is.

Ho: ,ﬁk <0 VS Hi: ﬁjk > 0.
Thus, the p value is calculated as
1 R
Pjk = 741 {(ZE1 (Cirr = B}'k}} +1} ®)

where I[C}-kr = B}-k] is an identity function that equal to 1 if the argument is fulfilled and equal to

0 otherwise. Basically, the p value is the proportion of the coefficients larger than or equal to the
PLS-DA coefficient using original data. The null hypothesis is rejected if the p value is smaller than
the significance level a.

Determination of iteration number R

\ 4
Step 1:  Creating new dataset by permuting the order of the response while
maintaining the|order of the predictors

A 4

Step 2: a. PL$-DA modeling on new dataset
b. Calgulating PLS-DA coefficients

y
Increment of r

Yes

No

Step 3:  Accumulation of PLS-DA coefficients

Figure 3. The schematic diagram of the permutation steps used in the present study.
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Results and Discussion

In the present study, in selecting the number of components used in PLS-DA, we
performed 5-folds cross validation as follows. The Jamu data set are splitted randomly into five sets.
In each round, we combined four sets as training set and the other one as testing set. We apply
PLS-DA with number of components g on training set and use the model to predict the responses of
the testing set. The PLS-DA is applied once more by selecting another four sets as training set and
the other one as testing set. After each set is once selected as testing set, the whole process is
repeated using number of components g + 1.

Prediction Error Sum of Square (PRESS) using number of components g for efficacy group
k is calculated as:

1!
PRESS(q), = Z [}’gk — ¥ioing )‘
i=1

ey

where ¥Vi_;i14 denotes the prediction of the efficacy k for Jamu i using the PLS-DA model

obtained without Jamu i, i.e. i is within the testing data, and using number of components g. The
plot of this statistic against number of component g is shown in Figure 4. The plots are almost
constant starting from g = 10 onward for all nine efficacy groups. Thus, the number of components
of PLS-DA model for the original Jamu data set (and also for all 1000 permutation rounds) is set to
10. Analyzing PLSDA using 10 components on the original Jamu data set, we obtain the percent
variation accounted for predictors and responses are equal to 5.5% and 40.5%, respectively.

PRESS(y

.
-
- L2
.

J

PLS-DA Component ¢
Figure 4. PRESS plot of 5—fold cross—validation.

Figure 5 gives illustration of the coefficient distribution under null hypothesis obtained from
the permutation process. In this illustration, both plants are evaluated due to their usage for Jamu
that useful for efficacy URI. The mean of the two distributions (and also for all other distributions)
are very close to 0, as expected, indicating that the distributions are generated under null
hypothesis. The normal curves were sketched on both distributions to show that not all permutation
distributions can be approached with normal distribution. This result supports the p value calculation
using empirical distribution as formulated in Eq (6). Using significance level a = 5%, we can
conclude that Phellodendron chinense is significantly affecting the Jamu efficacy URI, whereas
Foeniculum vulgare is not.
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The results of the significancy testing of all plants used in each efficacy are shown in Table
1. Note that one plant may be used for more than one efficacy. From the testing, we observed 234
plants (50.3% among all 465 plants) showing no significant status for all 9 efficacies; whereas the
other 231 plants have significant status which comprise of 189 plants (40.6%) are significant only
for 1 efficacy, 38 plants (8.2%) are significant for 2 efficacies, and the other 4 plants (0.9%) are
significant for 3 efficacies.

Besides testing the plants usage statistically, furthermore, we also check from scientific
paper the usage of significant plants on their corresponding efficacy. The results are shown in Table
1. We obtained that most of the testing results are supported by scientific paper.

Plant: Foeniculum vulgare Plant: Phellodendron chinense
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Figure 5. lllustration of the coefficient distribution under null hypothesis obtained using permutation process.

Table 1. The number of significant plants resulting from permutation testing and their support status from
scientific papers

Number of plants used in the Significant plants

Efficacy . )
corresponding efficacy Total Support from scientific paper
URI 80 20 19 (95.0%)
DOA 148 21 21 (100.0%)
DMB 47 12 11 (91.7%)
GST 290 26 26 (100.0%)
FML 182 40 39 (97.5%)
MSC 270 40 39 (97.5%)
PIN 183 39 38 (97.4%)
RSP 105 36 35 (97.2%)
WND 120 43 43 (100.0%)
Conclusion

PLS-DA model is used to establish relationship between plants composition in Jamu and
Jamu efficacy to investigate which plants act as main ingredients and which are supporting by
checking the plants significance. Permutation testing is used in the testing by generating the
coefficients distribution under null hypothesis from which p value is calculated and then compared
with significance level a. By performing this permutation process 1000 times and « = 5%, we found,
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over all efficacies, 231 out of 465 plants are significant. Moreover, from literature review, among
these 231 plants, the usages of 226 plants on the assigned efficacy are supported by scientific
paper.
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