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a b s t r a c t 

In recent decades, more than 15% of the antimalarials marketed in low- and middle-income countries have been of poor quality, in which quinoline derivatives and 

quinine-based formulations account for 21%. 

Near infrared spectroscopy (NIR) was chosen for its fast and inexpensive test properties as well as the ability of using handheld devices to monitor drugs directly on 

the field. Data driven - soft independent modeling of class analogy (DD-SIMCA) and partial least squares (PLS) regression models were developed for qualitative and 

quantitative purpose, respectively. The specificity and selectivity tests were performed using the DD-SIMCA models on the placebo, the quinidine and cinchonine 

standard samples. Then, PLS regression methods have been developed and validated for the quality control of quinine dosage forms manufactured by a major local 

manufacturer in the Democratic Republic of Congo (DRC). 

Calibration and validation samples were prepared by dissolving quinine sulfate / quinine hydrochloride in the presence of excipients in HCl 1 M. The opportunity 

to work with dissolved quinine with a cheap and readily available medium in low- and middle-income countries allowed analysis of different pharmaceutical forms 

(oral drops, solutions for injection and tablets) with the same regression model. DD-SIMCA models have demonstrated, for both equipment, perfect authentication 

of quinine and good discrimination of the two alkaloids close to quinine namely cinchonine and quinidine. 

The NIR PLS regression models were successfully validated using the total error approach with acceptance limits set at ± 10% with a risk level of 5%. The predictive 

performance of the methods developed was tested in terms of robustness. 
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. Introduction 

Large-scale production of pharmaceutical products generally in-

olves several processes such as weighing, mixing, granulation, com-

ression and requires as continuous real-time quality assurance a quality

ontrol throughout the process due to batch variability and regulatory

onstraints in manufacturing [1] . To this end, guidance from several reg-

latory authorities, such as the US Food and Drug Administration (FDA),

nder the Process Analysis Technology (PAT) initiative, encourages the

se of innovative risk-based approaches to ensure product quality and

erformance [2–6] . This innovation of the pharmaceutical industry in

ow- and middle-income countries is generally considered essential to
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nsure the production of better quality and uniformity of the product

7] . 

Post-marketing quality control of medicines is also very important to

nsure that only high quality medicines reach the patients. According

o the recent definition of the World Health Organization (WHO), fal-

ified medicines are medicines that deliberately/fraudulently misrepre-

ent their identity, composition or source. Substandard also called "out-

f-specification" medicines, are authorized medicines that fail to meet

ither their quality standards or specifications, or both [8] . This phe-

omenon poses a threat to public health and a real danger to human

ealth because it leads to several therapeutic resistances to essential

rugs, increased morbidity and mortality [9] . The problem of drug falsi-
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cation varies from one continent to another but represents an estimate

f more than 10% of the world drug market. In sub-Saharan countries,

t is estimated that more than 30% of marketed medicines are of infe-

ior quality; most of them being substandard or degraded medicines.

ven if all pharmacological classes are affected, antibiotics and anti-

alarials remain the most reported [10] . To reduce the scale of this

henomenon, a strengthening of the pharmaceutical inspections and the

evelopment of easy-to-use technologies are needed at the national and

nternational levels. Ideed, pharmaceutical industries and agencies in

ow- and middle-income countries have limited resources, which induce

 lack of convergence towards new modern technologies and stringent

egulation [11–13] . 

Since the last decades, vibrational spectroscopic techniques have

nown a significant gain of interest in this field. For example, near in-

rared (NIR) and Raman spectroscopy are used to monitor real-time

anufacturing processes, but are also increasingly used to authenti-

ate commercially available batches of drugs and to detect substan-

ard and falsified drugs [ 8 , 14 , 15 ]. These techniques were compared in

erms of cost, simplicity and performance [14–16] . Both of them offer

ajor advantages because they provide information on the chemical

nd physical nature of the sample in a fast, non-destructive and non-

nvasive way [ 14 , 17–20 ]. It has to be noticed that NIR spectroscopy

s now a well-established technique in the pharmaceutical industry for

uality control during the manufacturing process and for monitoring

rugs on the market [21–23] . Recently, new low-cost handheld tech-

ologies have been developed allowing direct applicability on the field

 14 , 15 , 23–27 ]. 

Several measurement modes can be used depending on the sample

orm: reflection, transmission or transflection [3] . It is important to em-

hasize that the development of NIR methods for the quantification of

olid dosage forms (powders and tablets) presents major advantages by

he fact that they allow measurements to be made with little treatment

r without prior treatment of the samples [ 20 , 28–30 ]. Despite these

dvantages, these methods present several challenges due to the im-

ortance of the physical parameters on the spectra. [ 21 , 25 , 31 ]. In ad-

ition, the presence of different excipients or different pharmaceutical

orms generally force the analyst to develop specific predictive models

er formulation. In order to handle this issue, this study investigates

he opportunity to analyze samples in solution. This should allow the

uilding of a single regression model making the routine use and main-

enance of such models more straightforward. This dilution of samples

ay be performed easily on the field using pre-filled tubes with the cor-

ect amount of dilution medium. This ensures that low-skilled personal

s able to perform the tests with the sample preparation reduced to a

inimum. 

Quinine-based formulations are among the most falsified pharma-

eutical products. In recent yers, more than 15% of antimalarials mar-

eted in low- and middle-income countries have been of poor quality,

n which quinoline derivatives and quinine account for 21% [ 32 , 33 ].

ecently, several cases of WHO “drug alerts ” mentioning the pres-

nce of substandard and / or falsified drugs based on quinine salts

n the sub-Saharan market have been reported in different countries

mong which the Democratic Republic of the Congo (DRC) is one of

he most affected [ 34 , 35 ]. The falsification of these products represents

 major risk to public health since they are used for severe and / or

erebral malaria, as well as for the treatment of falciparum -resistant

alaria. 

The aim of the study was to develop a quantitative method based

n NIR spectroscopy to assess the quality of different quinine-based for-

ulations. For that purpose, the methodology is based on a previous

tudy which quantified quinine in oral drops using a benchtop spec-

rophotometer [36] . This early work is extended to the analysis of solid

amples and injectable solutions while using a single protocol with both

enchtop and handheld spectrophotometers. 

u

2 
. Material and methods 

.1. Material 

The antimalarial drugs for which the methods were developed in-

luded solid and liquid dosage forms (tablets, oral drops and intravenous

olutions) of quinine. These three categories of dosage forms represent

he majority of the quinine formulations produced or marketed in DRC.

• Tablets contain high dose of quinine sulfate (79 to 84% w/w depend-

ing of the nominal content of API of 250 mg, 300 mg and 500 mg).

Starch, magnesium stearate, talc, cellulose microcrystalline and col-

loidal silicon dioxide are the main excipients used in most of the

local productions of quinine sulfate. A mixture of these excipients

was provided as free samples by Pharmakina Ltd agro-industrial and

pharmaceutical company (Bukavu, D.R. Congo). 
• Oral drops are composed of quinine di-hydrochloride (20% w/v) and

about 1% w/v of excipient (methyl paraben, propyl paraben, ethanol

and green chlorophyllin) in aqueous solution. 
• Intravenous solutions contain quinine di-hydrochloride (25% w/v)

in aqueous solution. 

Quinine sulfate and Quinine hydrochloride standards were pur-

hased from Fagron (Belgium). Hydrochloric acid 37% of analytical

rade was purchased from VWR (Belgium). 

In addition, three previously confirmed falsified samples of Pharmak-

na quinine sulfate tablets were analyzed. Sample F1 was presented as

harmakina tablets of 300 mg (without label). Sample F2 was labeled as

harmakina 500 mg quinine sulfate tablets (batch SD16-L8003, expiry

ate 08–2021). Sample F3 was labeled as Pharmakina 500 mg quinine

ulfate tablets (batch unreadable, expiry date 03–2012). Based on previ-

us handheld Raman analyses, samples F1 and F2 contain metronidazole

nd sample F3 contains paracetamol instead of quinine sulfate. 

.2. NIR instrumentations 

Two kind of NIR spectrophotometers were used during this study: a

enchtop Fourier-transform and a dispersive handheld spectrophotome-

er. Their characteristics are summarized in Table 1 . NIR measurements

ere performed in transmission mode. 

- NIR-A: Multipurpose Fourier-transform near infrared spectropho-

tometer (MPA, Bruker Optics, Ettlingen, Germany) equipped with

TE-InGaAs detector. The spectra were collected with the internal

transmission module and recorded with Opus 6.5 software (Optics

Bruker). Each spectrum corresponds to the average of 32 scans with

a resolution of 8 cm 

− 1 in the range of 12,800 – 4000 cm 

− 1 . A new

background was measured before each validation series. Solutions

and test sample solutions were directly scanned in 1 mL shell type

glass vials. 

- NIR-B: Handheld dispersive NIR spectrometer (NIR-M-T1, Innospec-

tra Corp.). Each spectrum corresponds to the average of 32 scans and

with a digital resolution of 228, PGA gain of 16 in the range of 11

111 cm 

− 1 to 5882 cm 

− 1 . The lamp was turned ON for 1 hour before

starting the analysis to reach a stable detector’s temperature. Then

the background was measured and the lamp remained lit up during

the analysis of the whole series. The device was shut down, cooled

to room temperature between each validation series. Solutions were

directly scanned in Hellma UV quartz cell, 2 mm light path, with a

700 μL filling. 

For reflection analysis of powder raw materials, the following equip-

ent were used: NIR-A with the integrating sphere module equipped

ith an ambient temperature depletion sulfide detector (RT-PbS); NIR-

 was replaced by the NIR-S-G1 reflection module (Innospectra Corp.)

sing the same acquisition parameters. 
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Table 1 

Characteristics of NIR spectrophotometers. 

Code name Vibrational spectroscopy Manufacturer Model Spectral range analyzed (cm 

− 1 ) Weight (kg) Price (k €) 

NIR A FT-NIR Bruker Optics MPA (solid probe) 12,500 - 4000 benchtop ~ 100 

NIR B dispersive NIR Innospectra Corp. NIR-M-T1 11,111 - 5882 0.14 ~ 2 

Table 2 

Parameters and figures of merit of the DD-SIMCA models. 

Metrics 

DD-SIMCA Models 

NIR-A NIR-B 

Spectral range 6206–5705 cm 

− 1 1600–1652 nm 

Preprocessing SG(1,2,15) + SNV + MC SG(1,2,7) + SNV + MC 

# PC 3 3 

𝛼 0.01 0.01 

Sn (VAL)% 100 86.7 

Sp (Quinidine)% 100 93.3 

Sp (Cinchonine)% 100 100 

Sp (Placebo)% 100 100 

SG: Savitzky–Golay (derivative, polynomial order, window size) 

MC: Mean center 

SNV: Standard normal variate 

Sn: Sensitivity 

Sp: Specificity. 
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.3. Preparation samples 

.3.1. Calibration and validation standards 

Calibration and validation standards samples were prepared by dis-

olving reference quinine sulfate and quinine hydrochloride in 1 M HCl

olution. Quinine sulfate standards were prepared in the presence of an

dequate amount of mixture excipients to mimic tablets using gravimet-

ic data as reference. Four independent series of samples were realized

or both calibration and validation with five concentration levels (40,

0, 80, 100 and 125 mg/mL of equivalent quinine base) in which the

arget concentration for samples was 100 mg/mL. 

Before being analyzed, the quinine sulfate standard solutions con-

aining non-soluble excipients were hand shaken for a maximum of

 min, then left to stand for 10 min to decant. The supernatant was

nally filtered through a 4.5 𝜇m filter. 

All calibration and validation solutions were prepared in triplicates

or each concentration level and were measured three times. For the val-

dation computations, the three predictions were averaged per sample. 

For the validation of the qualitative models, solutions of quinidine

nd cinchonine were prepared at the same five concentrations. In addi-

ion, a placebo solution was prepared with the excipients mixture at the

arget level. 

.3.2. Preparation of test samples 

The test solutions were prepared by simple dissolution or dilution of

he unit dosage form with the 1 M HCl aqueous solution to make a final

olution of 10% w/v of the declared content. The obtained suspensions

f tablet test sample were then hand shaken for a maximum of 5 min,

hen left to stand for 10 min before passing through a 4.5 𝜇m filter as

or the quinine sulfate standards. 

.4. Data acquisition and chemometric data preprocessing 

Computations and chemometric analyses were carried out in MAT-

AB (R2018a) (The Mathworks, Inc., Natick, MA, USA). For PLS mod-

ls, the PLS toolbox v.4.11 (Eigenvector Research, Inc.,Wenatchee, WA,

SA) was used. 

In order to reduce variability and enhance chemical spectral features,

he raw NIR spectra were preprocessed as described in Table 2 . 
3 
.5. Chemometric data analysis 

.5.1. DD-SIMCA models 

Because of the nature of NIR spectra (large bands heavily over-

apped), it is recommended to use a qualitative model prior to the PLS

egression model. 

In this study, the data-driven SIMCA (DD-SIMCA) was used to build

ualitative identification models. DD-SIMCA is based on the building of

rincipal component analysis (PCA) model of the target class, which in

ur case corresponds to the calibration spectra. Hence, score distance

SD) and orthogonal distance (OD) can be calculated for each future

pectrum allowing to determine, at a given confidence level, the accep-

ance zone for identification [37] . In our case, DD-SIMCA models were

lso used to discriminate quinine from two structurally related alkaloids

amely cinchonine and quinidine. A placebo solution was also projected

nto the DD-SIMCA model to ensure that excipients do not interfere with

he qualitative models. 

The sensitivity was evaluated from the new set (quinine validation

et) on DD-SIMCA models, using the following formula: 

ens itiv ity ( % ) = 

True Posi tives 

Posi tives 
∗ 100 (1)

he specificity was evaluated using objects from quinidine, cinchonine

nd placebo samples on DD-SIMCA models, using the following formula:

pecificity ( % ) = 

True Negatives 

Negatives 
∗ 100 (2)

.5.2. PLS analysis 

Several PLS models were built using different preprocessing meth-

ds, combinations of them and considering different number of latent

ariables. 

The selection of appropriate number of latent variables enable avoid-

ng model under or over fitting. A pre-selection of spectral ranges, pre-

rocessing and number of latent variables was performed using the PLS

oolbox model optimizer using RMSEP as quality criterion. The few last

elected models were compared based on the accuracy profiles reflecting

he routine use of the method [38] . 

.5.3. Validation 

The NIR predictive models were validated using the total error ap-

roach [39] with the acceptance limits of ± 10% and a 5% risk level. 

All validation calculations were carried out with E-noval 4.0b (Phar-

alex Belgium, Mont-saint-Guibert, Belgium). 

.5.4. Robustness testing of the model 

It is important to ensure the robustness of the method for its future

se in routine analyses. As some factors can critically affect NIR mea-

urements and thus, the quality of model, it was important to assess the

nfluence of slight changes in parameters related to sample preparation

nd instrument configuration. Two robustness tests were conducted. 

The first one consisted in preparing the validation standards with

hanges in the acid solution preparation ( ± 20% from the optimal con-

entration) in order to evaluate if the HCl concentration affected the

erformance of the model. Two concentrations (0.8 M HCl and 1.2 M

Cl) were tested as new validation series. 
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Fig. 1. A. NIR reflection spectra of pure raw materials measured with the NIR-A spectrophotometer. The spectra were offset for better visualization. The accessible 

spectral range of sample solutions is highlighted in the blue shaded area. B. NIR reflection spectra of pure raw materials measured with the NIR-B spectrophotometer. 

The spectra were offset for better visualization. The accessible spectral range of sample solutions is highlighted in the blue shaded area. (For interpretation of the 

references to colour in this figure legend, the reader is referred to the web version of this article.) 
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The second robustness test consisted in maintaining the 1 M HCl

olution while modifying acquisition parameters such as the number of

cans (16 and 48) and the number of PGA gain (8 and 32). The PGA

Programmable Gain Amplifier) implements a non-inverting amplifier

ased on an operational amplifier with user programmable gain. The

ain can be selected using the configuration window and that between

he following values: 1 (0 dB) and 50 ( + 34 dB). Before performing a

eference signal and sample signal scan, the PGA gain has been fixed to

6. This will ensure that both sample and reference signals are measured

ith same PGA gain. 

.5.5. Analysis of routine samples 

Samples coming from the local DRC market were analyzed. Three

ifferent dosage forms including tablets (250 mg, 300 mg and 500 mg),

0% oral drops and 25% intravenous solutions were tested. Each sample

as measured in triplicate. 
4 
. Results and discussion 

.1. Spectral preprocessing 

The reflection raw materials spectra (solid state) were recorded with

oth NIR-A and NIR-B devices and are represented in Fig 1 A and 1 B

espectively. Because the acquisition was conducted on powders, water

ands are missing on spectra. It has to be noticed that the extended

pectral range of NIR-A is due to the change in detector compared to

ransmission measurements. 

For comparison, spectra recorded with both NIR-A and NIR-B devices

n aqueous form are presented in Figure S1. The same spectral region is

ighlighted in both Fig. 1 and Figure S1 for comparison. 

As one can see in Fig. 1 , specific spectral features of quinine salts are

resent in the spectral range where the absorption of O 

–H bonds of water

s weak (blue shaded area). Almost no difference may be observed by
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Fig. 2. A. DD-SIMCA acceptance plot for the NIR-A validation samples. Samples below the threshold (green color) are considered as belonging to the target class. The 

samples above the threshold (red color) are considered as outliers. B. DD-SIMCA acceptance plot for the NIR-B validation samples. Samples below the threshold (green 

color) are considered as belonging to the target class. The samples above the threshold (red color) are considered as outliers. (For interpretation of the references to 

colour in this figure legend, the reader is referred to the web version of this article.) 
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Table 3 

Parameters of the PLS regression models. 

Metrics 

PLS Models 

NIR-A NIR-B 

Spectral range 6287–5724 cm 

− 1 6265–5952 cm 

− 1 

Preprocessing SG(1,2,15) + SNV + MC SG(2,2,9) + MC 

# LV 4 5 

SG: Savitzky-Golay (derivative, polynomial order, window size) 

MC: Mean center 

SNV: Standard normal variate. 
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aked eye on the solution spectra. However, chemometrics techniques

ay detect very small differences in absorption. 

.2. Validation of the quantitative methods 

The quantitative models were validated according to the ICH Q2 (R1)

uidelines [40] and according to both EMA and FDA guidance for the

evelopment and validation of NIR analytical methods [ 41 , 42 ]. 

.2.1. Specificity/selectivity 

As a first validation criterion, the method specificity should be

emonstrated. A good practice is generally to build a qualitative model

rior to the quantitative one. This ensures that only spectra similar to

he ones that were used for the calibration will be projected onto the

egression model. 

As it can be observed, visual spectral correlation cannot be a reli-

ble method of quinine selectivity compared to its derivatives such as

uinidine and cinchonine. Due to the very weak differences between

pectra, preprocessing methods used throughout the manuscript include

avitzky-Golay derivatives to enhance the spectral features and ease the

iscrimination of the different APIs in the SIMCA models. In addition,

hemometric methods were used to help detecting spectral dissimilari-

ies between these three alkaloids. One-class classification models were

eveloped for the two NIR instruments using DD-SIMCA approach. Sev-

ral preprocessing and spectral ranges were tested for each device. The

elected model parameters are listed in Table 2 together with the related

ensitivity and specificity. DD-SIMCA acceptance plots for the two NIR

pectrometers (NIR-A and NIR-B) are presented in Fig. 2 , while Fig. 3

hows the pre-processed NIR spectra acquired in solution using NIR-A

nd NIR-B. DD-SIMCA models applied to NIR-A data allowed perfect

ecognition of quinine samples and perfect discrimination of placebo,

inchonine and quinidine samples. This confirms its applicability to re-

ect systematically samples which are not quinine ones prior to quan-

itative analysis. The performances of the NIR-B device are somewhat

ess good but this was expected because of the lower resolution and the

horter spectral range. Nevertheless, the performances shown a sensitiv-

ty of 87% for quinine samples and a specificity of 93% for quinidine. 

These results demonstrate that for the identification of specific

uinine-based products the DD-SIMCA models are suitable for both NIR

ystems. 
5 
.2.2. NIR PLS models 

Following the development of the qualitative models, regression

odels were constructed using the PLS algorithm. The best preprocess-

ng and spectral range are presented together with the optimal number

f latent variables (LV) in Table 3 . 

The obtained results are summarized in Table 4 and the accuracy

rofiles are presented in Fig. 4 . The developed method was successfully

alidated using the total error approach with acceptance limits of ±
0% and 5.0% for the risk level. The opportunity to use gravimetric

ata as reference allowed obtaining the best quantitative performances

ossible since the accumulation of error from the reference method is

voided. 

The weights on the first latent variable (LV, representing 99.51%

f the covariance captured by the model) were compared to the pre-

rocessed reflection spectra of quinine sulfate and quinine HCl for the

IR-A device (See Fig. 5 A). The same was done for NIR-B comparing

he preprocessed reflection spectra of quinine sulfate and quinine HCl

o the weights on the first and the second latent variables (representing

4.13 and 55.47% of the covariance captured by the model, respec-

ively) (See Fig. 5 B). As one can see, the weights on the latent variables

or NIR A and B are, on the one hand, in accordance with the prepro-

essed spectra of quinine HCl. On the other hand, quinine sulfate spectra

re different from the weights on the LVs. This is due to that the loading

eights origin from NIR spectra was recorded in the liquid phase, while

he pre-processed NIR spectra were recorded on the solid phase, which

xplained the presence of chloride ions in the HCl solution that will re-

lace all the sulfate ions. Therefore, all quinine present in the solution

ill have the same NIR spectrum facilitating the development of a sin-

le regression model for the analysis of both quinine HCl and quinine
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Fig. 3. A. NIR preprocessed spectra acquired with the NIR-A 

spectrophotometer. The spectral range and the preprocessing 

are the ones used for the DD-SIMCA model. For each API (ex- 

cept placebo), the five concentration level solutions are pre- 

sented. B. NIR preprocessed spectra acquired with the NIR-B 

spectrophotometer. The spectral range and the preprocessing 

are the ones used for the DD-SIMCA model. For each API (ex- 

cept placebo), the five concentration level solutions are pre- 

sented. 

Table 4 

ICH Q2 (R1) validation criteria values of the PLS regression models. 

Concentration level 

(mg/mL of equivalent 

quinine base) NIR-A NIR-B 

Trueness Relative bias (%) 41.05 0.635 − 0.109 

61.55 0.297 0.801 

82.06 0.247 0.476 

102.6 0.307 0.109 

123.1 0.097 − 0.463 

Intra-assay precision Repeatability 

(RSD%) 

41.05 0.857 1.654 

61.55 0.563 1.248 

82.06 0.730 0.931 

102.6 0.777 1.101 

123.1 0.800 1.555 

Between-assay precision Intermediate 

precision (RSD%) 

41.05 0.976 1.654 

61.55 0.611 1.248 

82.06 0.730 0.931 

102.6 0.836 1.118 

123.1 0.800 1.555 

Accuracy Relative 𝛽 -expectation 

tolerance limits (%) 

41.05 [ − 1.53, 2.80] [ − 3.60, 3.39] 

61.55 [ − 1.03, 1.62] [ − 1.84, 3.44] 

82.06 [ − 1.29, 1.79] [ − 1.49, 2.44] 

102.6 [ − 1.50, 2.11] [ − 2.26, 2.48] 

123.1 [ − 1.59, 1.78] [ − 3.75, 2.82] 
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l  

o

 

m  

a  

q

3

 

t  
ulfate samples. In addition, a slight shift in NIR absorbance is observed

etween powder and solution spectra. This is due to the change of po-

arity of the medium that will induce a slight change in the polarization

f the molecular bonds. 

This comparison demonstrates also the specificity of the regression

odel (as suggested by [ 41 , 42 ]) since more than 99% of the covari-
6 
nce captured by the model is highly correlated to the NIR spectrum of

uinine. 

.2.3. Robustness test results 

Deliberate variations in the operating conditions such as the concen-

ration of the acid solution were evaluated for their influence on the
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Fig. 4. A. Accuracy profile obtained for the four validation 

series with the NIR-A spectrophotometer using an acceptance 

limit of + /- 10% and a risk level set at 5%. The plain red line 

is the relative bias, the dashed blue lines are the 𝛽-expectation 

tolerance limits, and the dashed black lines represent the ac- 

ceptance limits. The dots represent the relative error of the 

results and are plotted with respect to their targeted concen- 

tration. B. Accuracy profile obtained for the four validation 

series with the NIR-B spectrophotometer using an acceptance 

limit of + /- 10% and a risk level set at 5%. The plain red line 

is the relative bias, the dashed blue lines are the 𝛽-expectation 

tolerance limits, and the dashed black lines represent the ac- 

ceptance limits. The dots represent the relative error of the 

results and are plotted with respect to their targeted concen- 

tration. (For interpretation of the references to colour in this 

figure legend, the reader is referred to the web version of this 

article.) 
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ccuracy profile. For that purpose, two additional validation series (se-

ies 5 with HCl 0.8 M and series 6 with HCl 1.2 M) were measured and

ntegrated in the validation series to check whether a slight change in

he concentration of the dissolution medium could have an effect on

he accuracy profile. The results obtained showed that the concentra-

ion factor of the dissolution medium has no significant effect on the

redictive performance of the models since their accuracy profile are

till within the acceptance limits (see Figures S2 and S3). 

However, when looking closer to the prediction results, one can see

hat the 0.8 M solution (series 5) results in a slight positive bias for

oth NIR-A and NIR-B. On the contrary, the 1.2 M solution (series 6)

esults in a negative bias for NIR-A and a comparable bias to the 1 M

olution for NIR-B (see Figures S4 and S5). The relative repeatability

nd intermediate precision were slightly increased but the total error

emained low with the beta-expectation tolerance intervals completely

omprised within the acceptance limits. 

This showed the robustness of the method to a modification of the

oncentration of the acid solution; which would guarantee a predictive

erformance of the two models in the routine analyzes. 

The second robustness test consisted in evaluating the influence of

eliberate variations of the number of PGA gains or the number of scans

n the accuracy profile. The option here was to maintain constant one

arameter at the optimal value while varying the other by two values

round the optimal value. Four series were prepared with HCl 1 M and

ested to evaluate the effect of a slight change in the NIR-B acquisition

arameter on the accuracy profile. The results obtained showed that the

umber of PGA gain and number of scans factors have no significant
7 
ffect on the predictive performance of the models since their accuracy

rofile are still within the acceptance limits (data not shown). 

.3. Analysis of samples 

The validated models were used to analyze 26 samples of different

osage forms collected in the local DR.. Congo pharmaceutical market.

he samples were of three dosage forms (tablets, oral drops and intra-

enous solutions), with different auxiliary ingredients or excipients. In

ddition, three falsified “Pharmakina ” quinine sulfate tablets were also

nalyzed. 

Before being quantified by the PLS model, sample solutions were

rojected onto the DD-SIMCA models confirming their identity (see Figs.

 and 7 ). As expected, original Pharmakina products were accepted by

he DD-SIMCA models whereas falsified products were rejected. 

Each sample solution was analyzed in triplicate. The average results

er sample are presented in Table 5 . All samples have been found to

e within the acceptance limits of ± 10.0% of the declared value except

amples number 25 and 26 which were in the upper limit of specifica-

ion and/or out of specification. These results suggest an overdose of

hat batch as these two samples are of the same manufacturing batch.

hese results show that the developed models could quantitatively be

sed to analyze most of quinine formulations. The advantage of dissolv-

ng quinine is the possibility to analyze with the same PLS model both

ablets, oral drops and intravenous solutions. 

NIR-B has shown similar analytical performance to NIR-A in quanti-

ying quinine in different formulations without using the same spectral
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Fig. 5. A. Weights on the first latent variable (LV1) 

presented with the reflection spectra of pure quinine 

sulfate and quinine HCl measured with the NIR-A spec- 

trophotometer. The spectra are offset for better visual- 

ization. The spectral range and the preprocessing are 

the ones of the PLS regression model. B. Weights on 

the first two latent variables (LV1 and LV2) presented 

with the reflection spectra of pure quinine sulfate and 

quinine HCl measured with the NIR-B spectrophotome- 

ter. The spectra are offset for better visualization. The 

spectral range and the preprocessing are the ones of 

the PLS regression model. 

Fig. 6. A. DD-SIMCA acceptance plot of the quinine samples analyzed with the NIR-A spectrophotometer. Samples are considered as belonging to the target class if 

they are below the threshold in the left corner of the plot. B. DD-SIMCA acceptance plot of the quinine samples analyzed with the NIR-B spectrophotometer. Samples 

are considered as belonging to the target class if they are below the threshold in the left corner of the plot. 

8 
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Fig. 7. A. DD-SIMCA acceptance plot of the falsified quinine samples analyzed with the NIR-A spectrophotometer. Samples are considered as belonging to the 

target class if they are below the threshold in the left corner of the plot. B. DD-SIMCA acceptance plot of the falsified quinine samples analyzed with the NIR-B 

spectrophotometer. Samples are considered as belonging to the target class if they are below the threshold in the left corner of the plot. 

Table 5 

Assay results for quinine samples collected in the local DR.. Congo market for the NIR-A and the NIR-B spectrophotometer. 

Sample Dosage form Manufacture Country of origin Batch N° NIR-A NIR-B 

% of claimed value % of claimed value 

1 Drops 20% Pharmakina Bukavu/DRC B60/19 100.5 103.3 

2 Drops 20% Pharmakina Bukavu/DRC B21/19 100.9 101.6 

3 Drops 20% Pharmakina Bukavu/DRC B31/19 100.2 101.4 

4 Drops 20% Pharmakina Bukavu/DRC B37/19 100.4 100.5 

5 Drops 20% Pharmakina Bukavu/DRC B56/ 19 99.4 101.4 

6 Tablet 250 mg Pharmakina Bukavu/DRC SC20–0014 91.7 91.4 

7 Tablet 250 mg Pharmakina Bukavu/DRC SC20–0014 94.9 93.9 

8 Tablet 250 mg Pharmakina Bukavu/DRC SC20–0014 93.9 91.7 

9 Tablet 250 mg Pharmakina Bukavu/DRC SC20–0014 94.7 93.6 

10 Tablet 250 mg Pharmakina Bukavu/DRC SC20–0014 93.8 92.6 

11 Tablet 300 mg Pharmakina Bukavu/DRC SB17–0068B 97.5 96.7 

12 Tablet 300 mg Pharmakina Bukavu/DRC SB17–0068B 95.6 94.5 

13 Tablet 300 mg Pharmakina Bukavu/DRC SB17–0068B 97.1 96.1 

14 Tablet 300 mg Pharmakina Bukavu/DRC SB17–0068B 96.9 95.4 

15 Tablet 300 mg Pharmakina Bukavu/DRC SB17–0068B 96.5 95.8 

16 Tablet 500 mg Pharmakina Bukavu/DRC SD17–0097C 97.5 96.8 

17 Tablet 500 mg Pharmakina Bukavu/DRC SD17–0097C 100.6 99.2 

18 Tablet 500 mg Pharmakina Bukavu/DRC SD17–0097C 99.2 97.5 

19 Tablet 500 mg Pharmakina Bukavu/DRC SD17–0097C 98.9 98.1 

20 Tablet 500 mg Pharmakina Bukavu/DRC SD17–0097C 99.0 97.6 

21 Injectables 500 mg/2mL New Cesamex Kinshasa/DRC 190,127 107.3 108.5 

22 Injectables 500 mg/2mL New Cesamex Kinshasa/DRC 190,127 106.2 106.3 

23 Injectables 500 mg/2mL Shangai Ruilli IMP C.O.LTD China 190,728 106.0 104.1 

24 Injectables 500 mg/2mL Shangai Ruilli IMP C.O.LTD China 190,728 106.2 104.3 

25 Injectables 500 mg/2mL Chengshi Manufacture Mediane C.O. LTD China 190,466 110.0 109.1 

26 Injectables 500 mg/2mL Chengshi Manufacture Mediane C.O. LTD China 190,466 111.8 112.9 
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egion. In addition, NIR-B has good robustness in terms of predictive

erformance, which can encourage its use in the field. Further studies

re ongoing to evaluate the environmental influence such as the tem-

erature and relative humidity for its application in tropical areas. 

. Conclusion 

Handheld spectrophotometers have now become staple tools for the

uality control of pharmaceuticals and more particularly for the field

etection of substandard and falsified medicines. In this frame, a prac-

ical, a low-cost and easy to implement method for the qualitative and

uantitative analysis of quinine-based samples is proposed. 

The proposed method requires little sample preparation consisting

f its dissolution in a HCl 1 M dilution medium. The choice of this

edium was justified because it is inexpensive and easily reachable

n low and middle-income countries. The opportunity to dissolve solid

amples in HCl allows the construction and maintenance of a single re-
9 
ression model for different formulations including liquid samples with

ifferent quinine salts (sulfate or di-hydrochloride). 

The method was fully validated using the total error approach within

 10% as acceptance limits and with a risk of 5%. The methods also

assed the robustness tests in terms of the factors related to sample

reparation. A comparison of developed methods showed that both

ould be used to verify the quality of quinine samples. Twenty-six sam-

les collected in the Congolese pharmaceutical market were analyzed

y both NIR instruments. Certain limits could nevertheless be found

oncerning the use on ground in tropical zones of Africa where one of-

en observes high and various relative humidity and high temperatures

nowing that these environmental factors could affect the performance

f the analyzes. Another limitation is the analysis of quinine syrup. In-

eed, the very high amount of sugar makes it impossible to analyze this

ind of sample with the proposed method. 

This study constitutes the first step for the implementation of a

eld quinine quality control method based on NIR techniques based

n transmission mode able to detect both falsifications but also sub-
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tandard medicines. The opportunity to work in transmission mode has

everal advantages over reflectance mode. First, it allows the analysis

f the whole tablet. It is now commonly admitted that transmission

pectroscopy is much more representative of the sample compared to

eflectance that analyzes only the surface. Second, the advantage of

orking in solution is that several pharmaceutical forms may be ana-

yzed with the same regression model. This facilitates the maintenance

f the model and its implementation compared to the need of the con-

truction and validation of a specific regression model for each specialty

n reflectance mode. 
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