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Human albumin (HA) is a very important blood product which requires strict quality control
strategy. Acid precipitation is a key step which has a great e®ect on the quality of ¯nal product.
Therefore, a new method based on quality by design (QbD) was proposed to investigate the
feasibility of realizing online quality control with the help of near infrared spectroscopy (NIRS)
and chemometrics. The pH value is the critical process parameter (CPP) in acid precipitation
process, which is used as the end-point indicator. Six batches, a total of 74 samples of acid
precipitation process, were simulated in our lab. Four batches were selected randomly as cali-
bration set and remaining two batches as validation set. Then, the analysis based on material
information and three di®erent variable selection methods, including interval partial least squares
regression (iPLS), competitive adaptive reweighted sampling (CARS) and correlation coe±cient
(CC) were compared for eliminating irrelevant variables. Finally, iPLS was used for variables
selection. The quantitative model was built up by partial least squares regression (PLSR). The
values of determination coe±cients (R2

c and R2
p), root mean squares error of prediction

(RMSEP), root mean squares error of calibration (RMSEC) and root mean squared error of cross
validation (RMSECV) were 0.969, 0.953, 0.0496, 0.0695 and 0.0826, respectively. The paired
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t test and repeatability test showed that the model had good prediction ability and stability.
The results indicated that PLSR model could give accurate measurement of the pH value.

Keywords: Near infrared spectroscopy; human albumin; acid precipitation process; pH value;
chemometrics.

1. Introduction

As the main plasma protein, Human albumin (HA)
plays an important physiological role in human
body.1 It is widely used in the treatment of various
diseases.2 There are two main sources of HA pro-
ducts on the market. One is prepared by genetic
recombination,3 and the other is puri¯ed from
human plasma.4 At present, most of the HA pro-
ducts are isolated from plasma with low tempera-
ture ethanol or improved methods which was
developed by Professor Edwin J. Cohn in 1940.5,6

As the intermediate step of HA production, the acid
precipitation is a key operation unit, which will di-
rectly a®ect the ¯nal product quality. The pH value
is used as the process end-point indicator. When pH
reaches the isoelectric point (pI) (4.60–4.70) of HA,
it has the lowest solubility and can precipitate in
large quantities. The pH value greater or less than
the pI will produce positive or negative ions, which
will lead to increase the solubility of HA and
impurity, a®ecting the quality of ¯nal products.
Therefore, it is important to monitor the trajectory
of pH value. However, traditional method which is
based on the industrial pH meter is not suitable for
HA production. The raw material for acid precipi-
tation contains about 40% ethanol,7 and now there
is almost no available online industrial pH meters in
the market. The measurement of pH values by pH
meter is o®-line and time-consuming, so it is unable
to meet the needs of online production. Hence, a
new spectral tool was introduced to investigate the
feasibility for pH monitoring during the precipita-
tion process.

Near infrared spectroscopy (NIRS) is a spectro-
scopic technique developed from the near infrared
light, mainly re°ecting the frequency doubling
and combination tune of hydrogen groups.8 The
changes of pH value were mainly caused by the
changes of CH3COOH. NIRS can detect the signal
of CH3COOH, and then monitoring pH value. NIRS
was widely used in many ¯elds because of its
advantages of fast, nondestructive and pollution-free,
such as pharmaceuticals,9,10 food,11,12 agriculture,13,14

clinic15 and so on. NIRS has been used as an impor-
tant process analytical technology (PAT) tool for
critical process monitoring,16,17 quality inspection of
¯nal products.18 Prieto et al.19 concluded that pH
measurement was feasible for meat products with
NIRS. Wang et al.20 demonstrated the feasibility for
the determination of moisture content in human co-
agulation factor VIII freeze-drying process with NIRS.
Zhang et al.21 used NIRS to determine the IgG
content in the process of alcohol precipitation, and
established a quantitative analysis model. NIRS
was introduced to monitor the ethanol precipitation
process of fraction IþIIþIII supernatant in HA
separation by Li et al.22 It has been used in the food
¯eld for pH determination.23 Monitoring the pH
value trajectory during acid precipitation process in
fraction IV (FIV) supernatant by NIRS has not been
reported yet. In this paper, the production conditions
were simulated in the laboratory, and the measure-
ments of pH values by NIRS were studied.

The objective of this study is to monitor the
variation of the pH value during the acid precipi-
tation process by NIRS. It has been established
a quantitative model for pH measurement, and
the rapid and e®ective judgment of end point has
been made.

2. Materials and Methods

2.1. Materials and equipment

Filtrated supernatant FIV and acetate bu®er (pH
4.0) were provided by Shandong Taibang biological
products co., LTD. Anhydrous ethanol with chro-
matographically pure was from Shandong Yuwang
industrial co., LTD. Antaris II FT-NIR spectrome-
ter (American Thermo Fisher scienti¯c company)
with glass tubular (Ø 4� 50mm Kimble Chase,
Germany) was used to collect the NIR spectra. Low
temperature reaction apparatus (Zhengzhou Great
Wall industry & trade co., LTD.) was used to
simulate the precipitation process in our lab. Gas
chromatograph (Agilent Technologies company)
and pH meter (Germany Sartorius company) was
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used to determine the ethanol content and pH
value, respectively. MATLAB 2013b (Mathworks,
USA) and PLS Toolbox toolkit (Eigenvector
Research, USA) were used for data processing.

2.2. Methods

2.2.1. Acid precipitation process

Six batches acid precipitation processes were simu-
lated under laboratory conditions. Speci¯c process
was as follows: 100mL ¯ltrated supernatant FIV
were taken in a round °ask which were placed in a
low temperature reaction apparatus. Acetate bu®er
was added every 4min. In the ¯rst nine times,
0.2mL acetate bu®er was added each time, 0.8mL
acetate bu®er was added every time in the last
six times. Each sample contained 1.2mL and cen-
trifuged for the spectral collection, the determina-
tion of ethanol content and pH value. Each
precipitation process could obtain 16 samples.

2.2.2. Determination of ethanol content
and pH value

The content of ethanol in the samples was deter-
mined by gas chromatography. The samples were
diluted with deionized water to ethanol content of
10% based on the results by gas chromatography,
and then the pH value of samples was measured
using pH meter at room temperature.

2.3. Near infrared spectra collection

The spectra were acquired in transmission mode by
Antaris II Fourier-transform near infrared spec-
trometer. The samples were loaded in a cuvette with
4mm path length. Each spectrum was the average
of 32 scans with resolution 8 cm�1, the wave num-
ber ranges from 10,000 to 4000 cm�1. All samples
were collected with air as reference.

2.4. Spectral pre-treatments and

variables selection

Near infrared raw spectrum generally require pre-
treatment to extract e®ective information, eliminate
irrelevant information and noise interference. In this
study, pre-treatment methods such as ¯rst derivative
(FD), second derivative (SD) and orthogonal signal

correction (OSC)24 were investigated. OSC25 showed
that how the variances of partial least squares (PLS)
can be used to achieve orthogonal signal correction
that is as close as possible to a given Y -vector. Thus, it
ensures that the signal correction removes as little
information as possible. The strict orthogonality is
obtained when the number of X-variables exceed the
number of observations.

In the study, in order to select the optimal ef-
fective information interval, the variables were in-
vestigated from two aspects. One of them was
analysis of material information. In this part, the
solution spectrum and spectral absorbance value
were investigated. Because the samples were diluted
with normal saline originally, the normal saline
spectrum was investigated. The absorbance values
vary widely at di®erent wavelengths, which had a
large e®ect on the quality of the spectrum. The
other was the analysis of variable selection methods.
The main methods for variable selection including
interval partial least squares regression (iPLS),
competitive adaptive reweighted sampling (CARS),26

correlation coe±cient (CC), Monte Carlo-uninformative
variable elimination (MC-UVE)27 and randomization
test (RT).28 In this paper, iPLS, CARS and CC
methods were investigated to extract the informa-
tive variables related to pH value. The iPLS29

method is compared to full-spectrum partial least-
squares and this method including forward iPLS
(FiPLS) and reverse iPLS (RiPLS). CC30 is
represented as the degree of linear association
between two variables. The greater the correlation
coe±cient, the more information the variable con-
tains. And variables were selected based on CC.

In this paper, PLSR31 method was used to
establish quantitative analysis models for determi-
nation of pH value in acid precipitation process, and
the predictive ability and repeatability of models
were evaluated.

3. Results and Discussion

3.1. pH value

The results of pH value are shown in Table 1. Since
the pH of the initial sample is far from the end
point, samples from 0 to 2 in the ¯rst to third bat-
ches, samples from 0 to 4 in the fourth batch and 0 to
3 in ¯fth and sixth batches did not measure the pH
values, and ¯nally there were 74 samples in total.

pH value monitoring during HA puri¯cation with NIRS
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3.2. Near infrared spectra

The raw spectra of 74 samples are shown in Fig. 1.
The spectral di®erences between samples were
small, so it is necessary to use the chemometrics for
processing of spectral data and extracting the ef-
fective information.

The principal component scores are shown in
Fig. 2. As can be seen from Fig. 2, samples 12 and 13
of ¯rst batch were not within 95% con¯dence limits,
away from the sample data set. Samples 12 and 13
of ¯rst batch were abnormal samples and were ex-
cluded from the sample set. Four batches including
the second, third, fourth and ¯fth batches (49
samples) were selected randomly as calibration set
and remaining two batches including the ¯rst, sixth
batches (23 samples) as validation set.

3.3. Spectral pre-treatment results

In this study, the e®ects of di®erent pre-treatment
methods on the model were compared with RMSEP
as the evaluation index. PLSR model results are
shown in Table 2. After pre-treatments, R2

c and R2
p

were increased, RMSEC, RMSECV and RMSEP
decreased signi¯cantly, indicating that pre-treatment
could improve the robustness of the model. The
results of models parameters indicated that the
results of di®erent pre-processing methods were
di®erent, and the order of pre-processing methods
had a great in°uence on the model results. The
results of the derivative processing and OSC
processing were obviously better. The reason may
be that OSC is a pre-processing method based on
concentration matrix (Y value). Spectral informa-
tion and concentration matrix had a high correla-
tion. The best pre-processing method was FD
combined with Savitzky–Golay (SG)32 smoothing
¯lter with 15 data points with OSC. The model
results after pre-processing are shown in Fig. 3.

3.4. Variable selection

The average spectrum of the samples and normal
saline spectrum after the second derivative pre-
treatment are shown in Fig. 4. Figure 4(b) showed
that it had obvious absorption peaks at the wave
number 5400–5200 cm�1 and 7350–6950 cm�1,
which re°ected O–H combination tune absorption
and the double-frequency absorption in water
molecules. A similar absorption peak can be found

Fig. 1. The raw spectra of samples.

Table 1. The pH values of acid precipitation process.

Sample number First Second Third Fourth Fifth Sixth

3 5.49 5.55 5.43 — — —

4 5.34 5.32 5.31 — 5.43 5.38
5 5.24 5.30 5.21 5.28 5.34 5.25
6 5.15 5.23 5.14 5.17 5.25 5.18
7 5.09 5.11 5.07 5.06 5.17 5.11
8 5.04 5.08 5.00 5.03 5.09 5.06
9 4.99 5.02 4.96 4.98 5.05 5.01
10 4.94 4.89 4.84 4.85 4.92 4.86
11 4.80 4.80 4.75 4.76 4.79 4.77
12 4.74 4.70 4.67 4.65 4.71 4.68
13 4.65 4.62 4.62 4.63 4.64 4.60
14 4.60 4.61 4.55 4.57 4.58 4.60
15 4.55 4.56 4.50 4.52 4.54 4.55

Q. Sun et al.
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in Fig. 4(a), indicating that the two peaks repre-
sented information of normal saline. To eliminate
the interference of the background information,
the spectrum was processed by removing the

absorption bands of 5400–5200 cm�1 and 7350–
6950 cm�1.

From the raw spectra in Fig. 1, the absorbance
values at 5341–4227 cm�1 and 7112–6510 cm�1

were found to be above 2.80 and the band of 10,000–
9000 cm�1 was about 0.70. It can be seen that the
absorbance di®erence was large. The e®ects of high
and low absorbance of the models were investigated
with RMSEP as an index.

The threshold range was set between 2.25 and
3.25 with a gradient of 0.10 to select variables after
the investigation of high absorbance. In RMSEP
results, the absorbance during 2.25 to 3.25 is shown
in Fig. 5. The variables had little e®ect on the model
from 2.25 to 2.80. However, when the absorbance
was between 2.80 and 2.89, the RMSEP values
of the model decreased rapidly, indicating that the
variables of this interval could have an important

Fig. 2. Principal component score scatter plot of PC1 versus PC2.

Fig. 3. Model results after FDþSG smoothing (15 data points, second polynomial order) þ OSC pre-treatment.

Table 2. Model results of di®erent pre-processing methods.

Methods R2
c R2

p RMSEC RMSECV RMSEP

None 0.533 0.734 0.1927 0.2054 0.1899
OSC 0.845 0.704 0.1109 0.1284 0.2121
FDa 0.966 0.912 0.0521 0.0996 0.1210
SDa 0.981 0.834 0.0389 0.0902 0.1605
OSCþFDa 0.963 0.695 0.0544 0.1069 0.2212
OSCþSDa 0.983 0.821 0.0369 0.0906 0.1513
FDaþOSC 0.984 0.910 0.0353 0.0872 0.1055
SDaþOSC 0.987 0.871 0.0321 0.0908 0.1383

aThe spectral derivative is subjected to SG 15-point smoothing
at the same time.

pH value monitoring during HA puri¯cation with NIRS
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in°uence on the establishment of the model. When
the threshold was between 3.2 and 3.25, RMSEP
values fell again, but there was no value below the
threshold of 2.88. So the high absorbance limit was
2.88. The absorbance threshold was set during 0.63
to 1.50 to select variables with an absorbance above
the threshold after the study of low absorbance. The
results of RMSEP values when absorbance was
during 0.63 to 1.50 are shown in Fig. 6. As can be
seen from Fig. 6, RMSEP values showed that there

were two rising intervals and two stable intervals.
RMSEP reached the minimum value when the
absorbance limits was 0.63, indicating that all
low absorbance variables should be involved in the
establishment of model.

In summary, the normal saline spectrum and the
absorbance of the spectrum were investigated.
Eventually, the three spectral ranges including
4613–4000 cm�1, 6538–5404 cm�1 and 10,000–
7355 cm�1 in total of 1142 variables were extracted.

(a)

(b)

Fig. 4. The average spectrum of samples (a) The spectrum of normal saline and (b) (Second derivative pre-processing).

Fig. 5. The results of RMSEP values with di®erent high absorbance thresholds.

Q. Sun et al.
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The above wave numbers contained the combina-
tion tune absorption and double-frequency absorp-
tion of C–H, double-frequency absorption of C=O
(RCOOH). The results of the PLSR models are
shown in Table 3.

Beside the above analysis, three classic variable
selection methods were also used to extract vari-
ables. Including CARS, CC, FiPLS, RiPLS. The
results of PLSR model with di®erent variable se-
lection methods30 are shown in Table 3. The num-
ber of variables decreased and the results of model
became better when variable selection methods
were adopted. The FiPLS method was superior to
other methods, so it was used as the optimal vari-
able selection methods. The results of selected
variables are shown in Fig. 7.

3.5. Model optimization and evaluation

3.5.1. Model optimization results

Pre-treatment by FD combined with SG smoothing
¯lter with 15 data points with OSC, 600 variables
were selected by FiPLS for the ¯nal model

Fig. 6. The results of RMSEP values with di®erent low absorbance thresholds.

Table 3. The PLSR models results of di®erent variable
selection methods.

Methods R2
c R2

p RMSEC RMSECV RMSEP

4613–4000,
6538–5404,
10,000–

7355 cm�1,

0.946 0.914 0.0653 0.0914 0.1350

CARS(150) 0.887 0.876 0.0946 0.1078 0.1058
CC 0.983 0.894 0.0363 0.0817 0.1782
FiPLS 0.969 0.953 0.0496 0.0695 0.0826
RiPLS 0.983 0.818 0.0367 0.0761 0.2575

The numbers of variables

0 200 400 600 800 1000 1200 1400 1600
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Fig. 7. The results of variables selection.
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establishment. The best PLSR model are shown in
Fig. 8, the results of the speci¯c parameters were as
below: R2

c ¼ 0:969, R2
p ¼ 0:953, RMSEC = 0.0496,

RMSECV = 0.0695, RMSEP = 0.0826.

3.5.2. Model prediction ability evaluation

The pH values of samples which were calculated by
the model and measured by the pH meter were used
to test the paired t-test to evaluate the prediction
ability of the model. The statistical results of the
pairedt-test are shown in Table 4. From the table,
we found that the average values were the same.
There were no signi¯cant di®erences between the
two results. NIRS is e®ective in the determination of
pH during acid precipitation.

3.5.3. Repetitive inspection

Three samples were selected which could represent
high and low values of pH values, each sample was
continuously measured for six spectra. The pH
values were predicted by PLSR model. The repro-
ducibility of the near infrared model was investi-
gated. Repetitive inspection result is shown in
Table 5. The results showed that predicted values

were identical with true values. RSD values were far
less than 5%, which con¯rmed the better repro-
ducibility of the model.

4. Conclusion

In this paper, near-infrared quantitative analysis
models of pH values during acid precipitation were
established, which were used for the determination
of pH values and the judgment of the end point of
acid precipitation process. Under the laboratory
conditions, six batches of acid precipitation were
simulated and sampled. The samples were diluted
with deionized water to ethanol content of 10%
based on the measured results by gas chromatog-
raphy, and then pH values were measured by pH
meter. To make the model more reliable, the cali-
bration set and the validation set were divided
according to the batches. Four batches were se-
lected randomly as calibration set and remaining
two batches as validation set. The PLSR model was

Fig. 8. The PLSR model after SG ¯lter with 15 data points smoothing and FD and OSC pre-treatment and variable selection.

Table 4. The results of paired t test.

t test (0.05)

Methods Samples Mean SD t P

pH meter 23 4.98 0.27
0.186 0.746

NIRS 23 4.98 0.28

Table 5. The results of the repetitive studies.

Number 06-4 04-7 06-13

1 5.22 5.07 4.51
2 5.21 5.04 4.54
3 5.18 5.04 4.52
4 5.25 5.00 4.48
5 5.24 4.98 4.52
6 5.29 5.00 4.47
Mean 5.23 5.02 4.51
SD 0.038 0.034 0.027
RSD (%) 0.72 0.67 0.59
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established by selecting the pre-treatment methods
and extracting the valid variables. In terms of
variables extraction, the variables were investigated
from two aspects. One of them was material anal-
ysis. The other was the investigation of three dif-
ferent variable selection methods, including iPLS,
CARS and CC method. The FiPLS method was cho-
sen as the best variables selection method. The results
of best PLSR model was as follows: R2

c ¼ 0:969,
R2

p ¼ 0:953, RMSEC =0.0496, RMSECV = 0.0695,
RMSEP = 0.0826. The model was evaluated and the
results showed that the model had good prediction
ability and repeatability.

This study was carried out under laboratory
conditions and provided a theoretical analysis for
the application. NIRS is used for the determination
of pH and the accurate and e®ective judgment at
the end of acid precipitation in industrial produc-
tion, which needs further study.
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