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Abstract
Aim: Study the monitoring method of separation of Salvianolate through macroporous resin
chromatographic column using UV spectral data.
Method: HPLC was used to determine the concentration of Salviol B in the eluent liquid of
macroporous resin chromatographic column. The UV spectrum of the eluent liquid was measured
using portable UV spectrometer. Stepwise regression was used to develop the model to predict the
concentration of Salviol B in the eluent liquid of macroporous resin chromatographic column using the
UV spectral data.
Result: Stepwise regression model was developed to predict the concentration of Salviol B in the
eluent liquid of macroporous resin chromatographic column. RMSE was 0.3263, MAP was 0.2323 and
CV was 0.1796.
Conclusion: Stepwise regression model could be used to predict the concentration of Salviol B in
the eluent liquid of macroporous resin chromatographic column using UV spectral data.

Injection Powder of Salvianolate is used to cure coronary heart diseases and angina
pectoris. Its main effective composition is Salviol B. When the content of Salviol B is
between 80 and 90 per cent the curative effect of Injection Powder of Salvianolate is
good [1,2]. During the production of Injection Powder of Salvianolate, crude product
of Salvianolate must be extracted from Salvia miltiorrhiza Bge and subsequently
puri ied through macroporous resin chromatographic column. The purpose of this
study is to establish the method to monitoring the purifying process of crude product
of Salvianolate through macroporous resin chromatographic column.
Spectral technology could be used to monitor the separation process online for its
rapid determination speed [3,4]. In this study the UV spectrum of the eluent liquid was
used to predict the concentration of Salviol B. The results showed that the UV spectrum
could be used to predict the concentration of Salviol B in the eluent liquid.
Principle
Stepwise regression is one of the most popular methods to establish the prediction
model [5-9], especially for selecting the independent variables which are linearly
correlated to the dependent variables.
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During the purifying process of crude product of Salvianolate through macroporous
resin chromatographic column, the concentration of Salviol B cannot be determined
directly in the eluent liquid using UV spectral data. The eluent liquid is the mixture
of Salvianolate and other components. In this study HPLC was used to determine
the concentration of Salviol B in the eluent liquid. Stepwise regression was used to
establish the model to predict the concentration of Salviol B in the eluent liquid of
macroporous resin chromatographic column using its spectral data.
The spectral data of the samples of the eluent liquid of the macroporous resin
chromatographic column is χ.
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The concentration of Salviol B in the samples of the eluent liquid is y .

y  [ y1 , y2 ,, ym ]
Using spectral data to predict the concentration of Salviol B should determine the
constant and the coef icients of equation (1).
(1)

y      i xi

 : The constant of the stepwise regression model.
 i : The coef icients of the stepwise regression model at wavelength i.

xi : The absorbance of the eluent liquid at the wavelength i.
Experiments
WHigh performance liquid chromatography (Waters 2695) was used to
determine the concentration of Salviol B in the eluent liquid of macroporous resin
chromatographic column. The UV spectrum was scanned from 200nm to 800nm by the
portable spectrometer (Pors-15, Beijing Persee Co Ltd). Each eluent liquid sample had
1024 spectral data. Figure 1 is the HPLC chromatographic gram of the eluent liquid.
Figure 2 is the UV spectrum of the eluent liquid.
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Figure 1: The HPLC chromatoraphic gram of the eluent liquid. (Salviol B:RT=6.702min).
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Figure 2: The UV spectrum of the eluent liquid.

Three batches of samples were collected from the production line. The time
interval was 5 minutes between two samples collected from the eluent liquid of the
macroporous resin chromatographic column. In addition all the samples were diluted
according to the ratio 1:200 with water before scanned with the portable spectrometer.
Establishing of the stepwise regression model
The prediction error of the stepwise regression model: The concentrations
of Salviol B dertermined by HPLC and UV spectral data of two batches eluent liquid
samples were used to establish the prediction model and one batch was used to test its
prediction ability. There are three methods for varible selection: forward, backward
and stepwise [10-12]. The stepwise varible seletion method was used to estabalish the
model in this study. The constant and the coef icients of the stepwise regression model
were calculated by a program designed with matlab.
After stepwise regression 42 variables were selected into the model. The root
mean squared error (RMSE) between the determined and the calculated values of
concentration of Salviol B was 0.8111, the mean absolute error (MAE) was 0.6935
and the coef icient of variation (CV) was 0.4465. Figure 3 demonstrates the predicted
concentration of Salviol B by the stepwise regression model using UV spectral data and
the determined concentrations of Salviol B by HPLC.
RMSE was calculated according to Formula (2). MAE was calculated according to
Formula (3). And CV was calculated according to Formula (4) [13-15].
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ŷi : the calculated concentration of the Salviol B in the ith sample.

n : the number of samples.
y : the mean value of the concentrations of Salviol B in all samples.
The results showed that the prediction error was so big that the UV spectral data
cannot be used to monitor the purifying process of crude product of Salvianolate
through macroporous resin chromatographic column. For the error was too large for
us to decide when to start collecting and when to cease collecting the eluent liquid.
The ϐitting error: The prediction error was so big that the itting error was
calculated to examine if there was something wrong with the spectral data. That
was the error between the concentration of Salviol B determined with HPLC and the
calculated value with the spectral data and the constant and the coef icients of the
stepwise regression model.
The RMSE of the two batches of samples used to develop the stepwise regression
modle was 0.0559, MAE was 0.0395, CV was 0.0191, and R2 was 0.9996. The itting
error of the two samples was very small. So the spectral data of the samples should be
used to predict the concentrations of Salviol B. However the prediction error was much
larger than that of the itting error. The reason may be the noises of the spectral data.
Pretreament of the spectral data: As shown in igure 2, the noises of the UV
spectrum were so obvious that we must smooth it before modeling. The UV spectral
data were smoothed with matlab program using Savitzky-Golay method. And the
smoothing span was 7. Figure 4 demonstrated the UV spect
After smoothing of the UV spectral data, there were 29 variables selected into
the stepwise regression model and R2 was 0.9975. The RMSE of the testing samples
was 0.4860, MAE was 0.3515, CV was 0.2675. After smoothing the predition error
decreased greatly.
The correlation between the spectral data and the concentrations of Salviol
B: According to Lamb-Beer theory, the UV absorbance of the chemicals is correlated
to their concentrations. And stepwise regression is linear regression. The correlation
of the UV spectral data between the concentrations of Salviol B is very important.
The correlation coef icent aimed to assess the correlation of the UV spectral data and
the concentrations of Salviol B. The correlation coef icent was calculated according
Formula (5).
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ri : The correlation coef icient of the spectral data and the concentrations of Salviol
B at the wavelength i.
xi : The spectral data at wavelength i.

xi : The mean value of the spectra data at wavelength i.

y j : The concentration of Salviol B in the jth sample.
y : The mean value of the concentrations of Salviol B.
Figure 5 showed that the correlation between the UV spectrum and the
concentrations of Salviol B is good from about 260nm to 380nm. So the spectral data
from 260nm to 380nm were selected to establish the stepwise regression model.
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Figure 3: The predicted concentration of Salviol B by stepwise regression model using UV spectral data and the
determined concentration of Salviol B using HPLC.

Figure 4: The UV spectrum of the eluent liquid before smoothing (above) and after smoothing (below).

Figure 5: The correlation coeffcients between the UV spectrum data and the concentrations of Salviol B.
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There were 11 varibles selected into the stepwise regression model and R2 was
0.9839. The RMSE of the testing samples was 0.5807, MAE was 0.3854 and CV was
0.3197.
The results showed that the prediction error increased when selecting variables
between 260nm and 380nm.
Optimization of the variable selection process
How to select the variables is very important to establishing the prediction model.
Usually the variable would be added to the stepwise regression model if p<0.05 and
removed out of the stepwise regression model if p>0.1.
In this study we found that according to this standard the stepwise regression
model did not produce the minimum prediction error.
So we proposed a new standard to the selection of the variables. We used the sum of
the squared error (SSE) to optimize the variable selection process. It can be calculated
according to Formulae (6). That is on the basis of p value we used the prediction error
to optimize the stepwise regression model. Figure 6 showed that the variable selection
process did not cease at the minimum of prediction error.
m

SSE   ( yi  yˆ i ) 2

(6)

i 1

Summarry
The prediction abilitiy of the stepwise regression model was affected by the noises
of the spectral data, the correlation between the spetral data and the concentrations
of Salviol B and the variable selection processs of the stepwise regression program.
Table 1 showed the prediction error of the stepwise regression modle affected by
these factors.
In table 1 from the second to the fourth columns were the prediction error when
selecting variable between 200nm and 800nm, from the ifth to the ninth columns
were the prediction error when selecting variables between 260nm and 380nm.
When variables were selected between 200nm and 800nm, the predition error was
bigger than that selected between 260nm and 380nm for the better correlation and
lower noises of the latter as shown in the sencond and the ifth column before smoothing.
When variables were selected between 200nm and 800nm, the prediction ability of the
stepwise regression model would improve obviously after smoothing as shown in the
second and the third column. When variables were selected between 260nm and 380nm,
the prediction ability of the stepwise regression model decreased after smoothing as
shown in the ifth and the sixth column. The reason may be that the noises were not
Table 1: The prediction error while optimizing the stepwise regression model.
200-800nm
BS

260-380nm
AS7

OSSEAS7

BS

AS7

OSSEAS7

OSSEBS

OSSEAS5

RMSE

0.8111

0.4860

0.4427

0.4945

0.5807

0.4119

0.3545

0.3263

MAE

0.6935

0.3515

0.3052

0.3977

0.3854

0.3081

0.2873

0.2323

CV

0.4469

0.2675

0.2437

0.2722

0.3197

0.2267

0.1951

0.1796

R2

0.9996

0.9975

0.9693

0.9930

0.9839

0.9629

0.9593

0.9623

NVBS

42

29

5

19

11

4

3

4

BS: Before Smoothing.
AS7: After Smoothing with span=7.
OSSEBS: Optimization with SSE before smoothing.
OSSEAS7: Optimization with SSE after smoothing with span=7.
OSSEAS5: Optimization with SSE after smoothing with span=5.
NVBS: Number of variables selected.
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so obvious and some important information had been lost during smoothing between
260nm and 380nm. So the predicton error was smaller when selecting variables between
260nm and 380nm before smoothing than between 200nm and 800 after smoothing
both optimized with SSE as shown in the fourth and eighth column.
So the smoothing span was adjusted. When the span was set at 5, the prediction
error reached the minimum value as shown in the last column when selecting variable
between 260nm and 380nm.

Result
We used two batches to establish the stepwise regression model and a third batch
to test its prediction ability.
4 variables were selected into the stepwise regression model and the stepwsie
regression formula was (7).
y = 0.0273 + 3.0969 ´ x261.98 - 2.7139 ´ x263.38 - 10.4964 ´ x266.85 + 20.5254 ´ x333.60

(7)

The REMS of the concentration of Salviol B was 0.3263, the MAE was 0.2323 and
the CV was 0.1796. The predicted value of Salviol B using UV spectral data and the
determined concentration by HPLC were shown in igure 7.

Discussion
The importance of correlation
Whether the spectral data could be used to establish the prediction model with
stepwise regression or not depends on the correlation between the spectral data and
the concentrations of Salviol B. The correlation coef icients between the spectral data
and the concentrations of Salviol B were calculated according Formula (5). Figure 4
showed that the UV spectral data had better correlation to the concentration of Salviol
B from 260nm to 380nm. If variables were selected from 200nm to 800nm, there were 5
variables selected into the model. We would get smaller itting error but the prediction
error would increase. The RMSE of the concentration of Salviol B was 0.4427 and the CV
was 0.2437, MAE was 0.3052 as shown in table 1. So the spectral data from 260nm to
380nm had been used for variable selecting to establish the stepwise regression model.
NIR spectral data had been scanned too. The NIR spectral data of the eluent liquid
were shown in igure 8. The correlation coef icients between the NIR spectral data and
the concentrations of Salviol B were shown in igure 9.

Figure 6: The sum of the squared errors during the stepwise regression.
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Figure 7: The predicted concentration of Salviol B by stepwise regression model using UV spectral data and the
determined concentration of Salviol B using HPLC.

Figure 8: The NIR spectral gram of the eluent liquid.

Figure 9: The correlation coefficients between the NIR spectral data and the concentrations of Salviol B.

The NIR spectral data of the eluent samples were badly correlated to the
concentrations of Salviol B. The prediction error of stepwise regression model using
NIR spectral data was very large.
Data smoothing
The noise of the spectral data had great in luence on the stepwise regression model.
Published: January 17, 2019
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Before smoothing the prediction error was very large, RMSE=0.8111, MAE=0.6935,
CV=0.4469, after smoothing RMSE=0.4860, MAE=0.3515, CV=0.2675, selecting
variables between 200nm and 800nm. As shown in table 1. So the noises had great
in luence on the stepwise regression model.
But the prediction error of the stepwise regression model would increase after
smoothing if selecting variables between 260nm and 380nm with smoothing span at
7. The reason may be that after smoothing some important information had been lost.
When the smoothing span was set at 5, the prediction error reached minimum value.
Optimization of the stepwise regression model
The traditional stepwise regression does produce the minimum RMSE, but it is not
calculated according to the formula (2), it is calculated according to formula (8) in the
Matlab [16], SAS [17] stepwise regression program.
1

RMSE  (

SSresid 2
)
dfe

(8)

SSresid: sum of squared residuals
dfe: degree of freedom error
In formula (8), RMSE is related to the variable numbers selected into the stepwise
regression model, not only the sum of squared residual errors. So the stepwise
regression program did not terminate variable selection when the least prediction
error was reached. The restrictive condition was introduced when selecting variables
on the basis of p value. On the basis of p value, the traditional stepwise regression
would select more variables into the model before optimized with SSE and get smaller
itting error except prediction error as shown in table 1.
In this study SSE was used to optimize the stepwise regression model. Besides,
some other restrictive conditions can also be used for the optimization of variable
selecting, for example RMSE, MAP, etc.
Error of derivation and validation group
According to some report [18], R2 in the validation group is larger than in the
derivation group. In our study, the error between the determined concentration and the
calculated concentration of Salviol B tell the same story. RMSE=0.5619, MAE=0.3467,
CV=0.1921, in the two batches of samples which was used to establish the prediction
model. In the testing samples, RMSE=0.3263, MAE=0.2323, CV=0.1796.
There were two reasons for this phenomenon. One is that the range of the
concentration values of Salviol B is wider in the derivation group than in the validation
group. The maximum value of batch 1 is 9.9156. The maximum value of batch 2 is
6.3097. The maximum value of batch 3 is 7.8561. The other reason is that the samples
were focused on the lower values. So the itting errors and the prediction errors were
smaller at the lower values than at the higher values. If batch 2 and 3 were used as
derivation group, RMSE=0.1678, MAE=0.1137, CV=0.0936 in the derivation group.

Conclusion
In this study the predicted concentration of Salviol B had bigger errors at the peak of
the elution curve than elsewhere. However, what we care was when to start collecting
the eluent liquid and when to stop collecting. At the start point and the cease point
of collecting the error was smaller. So the UV spectral data could be used to monitor
the purifying process of crude product of Salvianolate through macroporous resin
chromatographic column by stepwise regression model.
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