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Abstract 

Cocoa smoky off-flavour is due to inappropriate post-harvest processing and cannot be removed in the subsequent chocolate-
manufacturing steps. To date, no reliable analytical method to detect key-analytes responsible for smoky off-flavour in 
incoming raw material is available and the sensory tests are time-consuming. This study aims to develop an analytical method 
to detect smoky markers, suitable for quality control. A top-down procedure was applied: the cocoa volatilome was first profiled 
by headspace solid phase microextration (HS-SPME) combined with comprehensive two-dimensional gas chromatography-
mass spectrometry (GCxGC-TOF-MS) from a set of representative smoky and non-smoky samples; advanced fingerprinting 
revealed the chemicals responsible for the off-flavour. The results served to develop a 1D-GC method suitable for routine 
application. Ten identified smoky markers were subjected to accurate quantification, thereby defining operative ranges to 
accept/reject incoming bean samples. A step ahead was devoted to automatically speeding up the controls through a MS-enose 
platform coupled with suitable chemometric modelling to classify smoky and non-smoky samples and cross-validated by the 
confirmatory quantitative method through HS-SPME-GC-MS. Thus, it was successfully developed an objective and automatic 
analytical decision maker suitable for the control at multistep level on the chocolate production chain. 
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Introduction 

Climate change is heavily conditioning the agricultural productions. Cocoa growing in a rainfall area will also 
affect the choice of the methods of drying that when improperly conducted can develop a typical smoky off-flavour 
thereby strongly influencing the flavour quality of the finished product [1]. Chocolate manufacturer therefore need 
informative, practical and cost-effective methods to identify off-flavour to evaluate the quality of the in-coming 
raw material. Sensomics is the gold standard in the definition for the aroma blue print of a food as well as for off-
flavours characterization [2, 3], but it is too time consuming. Modern analytical techniques combined with 
chemometric methods enables to speed-up the chemical characterization and the definition of quality marker as 
well as to model and implement analytical decision maker (ADM) tools to apply in routine controls [4]. 

Experimental 

The sample set included beans (n= 65) and liquors (n= 176) of cocoa samples from different origins and 
harvested in different years. Rejected and accepted samples analysed have been selected based on the sensory tests 
carried out from the industrial panel. All samples were of commercial grade and compliant with the industrial 
quality control of Soremartec Italia srl (Alba, Italy). 

HS-SPME-GC×GC-TOF-MS and HS-SPME-GC-MS and instrument set-up and analytical conditions 

Optimised extraction conditions: 5.0 µL of internal standard (ISTD) (n-C17 at 1000 mg/L) was pre-loaded 
onto the SPME device (DVB/CAR/PDMS) df 50/30 μm - 2 cm length at 80°C for 20 min. 1 g of cocoa powder 
was sampled for 40 min at 80° at a shaking speed of 350 rpm. Multiple headspace extraction (MHE) quantification 
was by the External Standard approach; an aliquot of 0.100 g, to achieve headspace linearity for target analytes, 
was submitted to multiple consecutive extractions at the same sampling conditions. A series of calibrating solutions 
of reference compounds in cyclohexane, ranging from 0.1 to 50 mg/L, were used in full evaporation for MHE 
external calibration. Suitable volumes of standard solutions at different concentrations were submitted to multiple 
consecutive extractions (as for the cocoa samples). 

GC-MS analysis-Chromatographic conditions: analyses were run on a Shimadzu QP2010 GC–MS system, 
Injector temperature: 240°C, injection mode: splitless; helium, flow rate: 1 mL/min; column: SolGelwax 30 m x 
0.25 mm dc x 0.25 μm df (Trajan Analytical Science - Ringwood, Australia). Temperature program, from 40°C (2 
min) to 200°C at 3.5°C/min, then to 240°C (5 min) at 10°C/min. 

GC×GC-TOF-MS analysis-Chromatographic conditions: GC×GC analyses were run on an Agilent 7890 GC 
unit coupled with a Markes BenchTOF-Select and Select-eV® option (Markes International Ltd, Llantrisant UK) 
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operating in the EI mode at 70eV. The transfer line was set at 250°C. TOF acquisition was set at m/z 35-350 with 
100 Hz sampling frequency. The GC system was equipped with a two-stage KT 2004 loop thermal modulator 
(Zoex Corporation, Houston, TX) cooled with liquid nitrogen and controlled by Optimode™ V.2 (SRA 
Instruments, Cernusco sul Naviglio, MI, Italy). Hot jet pulse time was set at 250 ms, modulation time was 3.5 s 
and cold-jet total flow progressively reduced with a linear function from 40% of Mass Flow Controller (MFC) at 
initial conditions to 8% at the end of the run. 

SPME thermal desorption into the GC injector port was in split mode, split ratio 1:20, Tinj: 250°C. Carrier gas 
was helium at a constant flow of 1.3 mL/min. The oven temperature program was from 40°C (2 min) to 200°C at 
3.5°C/min and to 240°C at 10°C/min (10 min). The column set was configured as follows: 1D SolGel-Wax column 
(100% polyethylene glycol) (30 m × 0.25 mm dc, 0.25 μm df) from SGE Analytical Science (Ringwood, Australia) 
coupled with a 2D OV1701 column (86% polydimethylsiloxane, 7% phenyl, 7% cyanopropyl) (2m × 0.1 mm dc, 
0.10 μm df), from J&W (Agilent, Little Falls, DE, USA). 

HS-SPME-MS-enose instrument set-up 

Cocoa powder (1.00 g) was equilibrated for 5 min at 80°C and then sampled using HS-SPME for 10 min 
shaking speed of 350 rpm. Analysis were carried out on a MPS-2 multipurpose sampler controlled by Gerstel 
Maestro software (Gerstel, Mülheim a/d Ruhr, Germany), which was combined on-line with an Agilent 7890A 
GC coupled to a 5975B MS detector (Agilent, Little Falls, DE, USA). The GC oven and injector were maintained 
at 250 °C; injection mode, split; split ratio, 1/10; carrier gas, helium; flow rate, 0.4 mL/min; fibre desorption time 
and reconditioning, 3 min. The transfer column was uncoated deactivated fused silica tubing (dc = 0.10 mm, length 
= 6.70 m) from MEGA (Legnano, Italy). MSD conditions: EI ionisation mode at 70 eV; temperatures: ion source: 
230 °C, transfer line: 280°C. Standard tuning was used and the scan range was set at m/z 35−350 with a scanning 
rate of 1,000 amu/s. 

Data acquisition and processing 

GC×GC-TOF MS data were acquired by TOF-DS software (Markes International, Llantrisant, UK) and 
processed using GC Image GC×GC Software, version 2.8 (GC Image, LLC, Lincoln NE, USA). GC-MS data were 
collected by GCMS Solution 2.5SU1 software (Shimadzu, Milan, Italy). MS-enose Data were acquired and 
processed using an Agilent MSD Chem Station ver. E.02.01.1177 (Agilent, Little Falls, DE, USA). Raw data were 
transformed using RapidDataInterpretation software by Gerstel (Gerstel, Mülheim a/d Ruhr, Germany). Targeted 
analysis was focused on about 70 compounds identified by matching their EI-MS fragmentation patterns (NIST 
MS Search algorithm, version 2.0, National Institute of Standards and Technology, Gaithersburg, MD, USA, with 
Direct Matching threshold 900 and Reverse Matching threshold 950) with those stored in commercial (NIST2014 
and Wiley 7n) and in-house databases. Linear retention indices (ITS) were taken as a further parameter to support 
identification, and experimental values were compared to tabulated units. 

Chemometric analyses, Principal component analysis (PCA), SIMCA (Soft-Independent modelling of Class 
Analogy) and Partial Least Square Discriminant Analysis (PLS-DA) were carried out using Pirouette® 
(Comprehensive Chemometrics Modelling Software, version 4.5-2014) (Infometrix, Inc. Bothell, WA). 

Results and discussion 

A subset of cocoa samples between good and defective beans and liquors were investigated. HS-SPME-
GCxGC-TOF-MS analysis provided 2D fingerprints mined by pattern recognition tools (i.e. template matching 
fingerprinting and scripting) which resulted in highly informative chemical signatures for quality assessment 
(Figure 1) [3]. 231 target analytes were identified and matched through the sample set; Fisher ratio found that 
about 60 of them, belonging to different chemical classes: esters, branched alcohols, carbonyls and phenolic and 
aromatics derivatives, showed to be discriminative between defective and good quality cocoa samples. 

When the 2D GCxGC method was transferred to 1D-GC to screen these components, potential smoky markers 
gave poor signals due to their chemical-physical characteristics, their high retention in the matrix because of both 
their relatively low volatility and the high percentage of fat in cocoa. A careful set-up of the analytical conditions 
and approaches were tested to improve the recovery of these compounds from the cocoa samples always taking 
into account the need of automation of the analytical process. The final sampling conditions are reported in the 
experimental. 

Unsupervised pattern recognition through heatmap and PCA showed groups related to smoky and non-smoky 
samples and evidenced 10 compounds that significantly correlated with smoky note (p-values <0.001 in the non-
parametric Kruskal-Wallis test with =0.05), both for beans and liquors and not affected by the different origins 
of the samples: naphthalene (pungent), guaiacol (smoky/phenolic/spice), 2-methoxy-4-methylphenol 
(sweet/smoky/medicinal), phenol (phenolic/rubbery), 1H-pyrrole-2-carboxaldehyde (musty), p-ethylguaiacol 
(smoky/phenolic/spice), p-cresol (phenolic/pungent), 3-ethylphenol (musty), 2,6-dimethoxyphenol 
(sweet/smoky/medicinal), 4-mehyl-2,6-dimethoxyphenol (sweet/smoky/medicinal) (Figure 2).
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Quantitation of selected target smoky compounds was then performed in order to define an operative range in 

acceptation of samples. But a confirmatory method that is based on a reference standard material is not feasible 
due to the lack of a cocoa smoky reference standard. Furthermore, several smoky volatiles are also endogenous 
components in beans and even more so in liquors. On the other hand spiking methods, performed via the standard 
addition, would falsify the quantitation due to their non-homogeneous distribution in the cocoa products, because 
of the heterogeneous nature of the solid matrix. Therefore a Multiple headspace extraction (MHE) approach to 
quantify potential markers was applied. MHE consists in a stepwise quantitative approach based on dynamic gas 
extraction enabling to quantify the total amount of an analyte in a matrix and to overcome the matrix effect [5, 6]. 

Quantitation of the selected markers afforded to effectively define an acceptation operative range of 10 and 
100 ng/g respectively for beans and liquors. 
 

 
Figure 1: GC×GC-TOF-MS patterns of volatiles for non-smoky A) and smoky samples B); C) zoom of the 

aromatic and phenol region, with tentative identification.

A) 

B)

C)

C)
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Figure 2: Heat-map of the HS-SPME-GC-MS volatile profiling of beans clustering by Spearman rank 

correlation, with the average linkage method. PCA scores plot of bean samples. Data matrix was transformed by 

Log10 and pre-processed through auto scaling both in PCA and in PLS-DA. SE: Smoky Ecuador, NSE: Non-

smoky Ecuador; SC: Smoky Cameroon; NSC: Non-smoky Cameroon. 

To meet the industry needs, in order to speed up the decision maker in quality control, a faster analytical 
procedure by MS-enose was applied. This strategy is based on the informative power of the diagnostics mass 
spectral fingerprints method, which, coupled with a suitable data mining, is exploited in developing an objective 
instrumental prediction tool useful for high throughput controls. But due to the low concentration of the smoky 
markers compared to the major volatiles, and the possible co-contribution of several different analytes to the 
fragment intensities in so complex fingerprints, the ability of the MS-enose in samples discrimination may not be 
so obvious. 

We would like to verify whether the contribution of spectral masses of smoky volatiles is of sufficient 
diagnostic value to discriminate samples and whether this analytical approach, combined with mathematical 
model, can effectively be exploited as an analytical decision maker (ADM). 

Different classification model algorithms were tested to classify beans and liquor samples. The evaluation in 
their prediction ability in discriminating smoked from non-smoked samples was performed on an external test set. 
From the confusion matrices, SIMCA models showed higher global prediction classification rate. In addition, the 
class specificity was very good and the sensitivity of the model for both classes was above 90% (Figure 3). 

Ion fragments with higher discriminant power for smoky samples were m/z 152 and 154, which represent p-
ethyl guaiacol (m/z=152) at 96% and 2,6-dimethoxyphenol (m/z=154) at 81% on the 1D-GC-MS chromatographic 
profile. The same variables and the additional m/z 107, 123, 137, 138 were diagnostic ions for isomers of phenol, 
methyl phenols (cresol isomers) and p-ethylguaiacol, whose abundance in the 1D-GC-MS chromatographic pattern 
of liquors for the above-cited volatiles was 62%. This means that class modelling is robust, and that only a very 
low percentage of samples should be investigated further by a confirmatory method or by a sensory panel to verify 
their acceptability.
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Figure 3: Confusion matrices of bean and liquor classification in prediction on an external test set, respectively 

for SIMCA and PLS-DA, together with sensitivity, specificity and correct classification rate values. 

 

Conclusion 

The top-down procedure applied afforded to define smoky cocoa markers exploiting the high informative 
power of the analytical approaches used combined with chemometrics. Sample preparation requires sensitivity and 
selectivity for the compounds responsible for the off-note. Several compounds related to the smoky off-note were 
identified and quantified to define an operative acceptance ranges for cocoa products. The MS-enose offers a 
further gain in time despite the compositional complexity of the cocoa volatilomes. Based on a sensory-driven 
approach, an Artificial Smelling Machine [6] as an objective tool used as ADM in the rejection of smoky cocoa 
products was developed. Furthermore, the exploited system is versatile since it can be used for both a conventional 
setting for 1D-GC–MS and a MS-enose mode, and is therefore suitable for a high throughput, objective, and cost-
effective multi-steps analytical control on the manufacturing chain of chocolate. 
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