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FIG 1 Raman spectra of the three yeast species after fluorescence subtraction. Each spectrum resulted from the averaging of the spectra for 24 samples of six
strains (spectra for 4 outlier samples were removed). The spectra have been offset vertically on the intensity axis for clarity.

peatedly fit with least squares to the Raman spectrum of each sample. On
each iteration of the algorithm, a new data curve was formed by taking a
wavelength-wise minimum of the previous data curve and the polyno-
mial. Convergence was reached, and the algorithm was terminated when-
ever the number of data points below the polynomial did not change from
one iteration to the next. At this point, the final polynomial curve was
subtracted from the original sample spectrum to produce the fluores-
cence-corrected sample spectrum.

The second stage of preprocessing consisted of normalizing wave-
lengths using a standard normal variate (SN'V) transform of each variable.
This process scaled all variables so that they had a mean of 0 and a standard
deviation of 1 and would thus be equally weighted in subsequent analyses.
The final stage of preprocessing consisted of multivariate outlier removal
through principal component analysis (PCA). Scores were calculated for
each sample on all principal components with eigenvalues greater than 1
(16). The Mahalanobis distance of each sample from the mean spectra was
calculated on the basis of these scores, and samples with a distance 3
standard deviations greater than the mean distance were eliminated as
outliers. This process resulted in the elimination of four samples.

Classification. Classification of samples was performed with a one-
against-one multiclass linear support vector machine (SVM) classifier
from the LIBSVM extension in R (17, 18). The SVM classifier is a type of
classifier that functions by maximizing the margin between the hyper-
plane dividing two classes and the nearest examples of each class. The
relative insensitivity of this type of classifier to nonmarginal cases allows it
to deal with high-dimensionality data with minimal overfitting and no
need for dimensionality reduction as in linear discriminant analysis. SVM
classifiers have previously been used to great effect in classifying lactic acid
bacteria on the basis of Raman spectra (12). In the present case, each strain

of yeast was treated as a separate class, for a total of 18 classes. Full leave-
one-sample-out cross-validation was employed to assess the performance
of the model in terms of generalization accuracy.

RESULTS AND DISCUSSION

The aim of this study was to determine if the Raman spectra of
wine spoilage yeasts grown on YM agar could be used to obtain an
accurate prediction of their identity. The spectra, an average of
144 per species with outliers and fluorescence contribution re-
moved, were very similar for the three yeast species (Fig. 1). Sig-
nificant differences among the three species were observed when
the SNV transforms of the spectra were compared (Fig. 2). Simi-
larly significant differences among the strains of each of the three
species were observed (Fig. 3).

Overall, the SVM classifier achieved very high performance
across all classes using the entire spectrum, 3,400 to 200 cm ™",
Accuracy was 94.9% at the species level and 81.8% overall at the
strain level (Table 2). Chance classifier performance was approx-
imately 33.3% at the species level and 5.6% at the strain level, and
binomial tests confirmed the statistical significance of the ob-
served accuracies (P < 0.001). These results also supported our
choice of preprocessing techniques. An alternative approach using
dimensionality reduction through PCA combined with feature
selection through analysis of variance produced a substantially
lower overall classification accuracy at the strain level with both
linear discrimination analysis (72.7%) and linear SVM classifica-
tion (68.2%).

FIG 2 Raman spectra of the three yeasts after fluorescence subtraction and standard normal variate transformation of each wave number. The width of the
shaded area around each spectrum indicates the 95% confidence interval for the mean spectrum of that species.
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FIG 3 Raman spectra with outliers removed. Spectra were averaged, fluorescence was subtracted, and wave numbers were SNV transformed. Shaded areas
indicate 95% confidence intervals. Raman spectra for six S. cerevisiae strains (A), six Z. bailii strains (B), and six B. bruxellensis strains (C) are shown.

Sensitivity and PPV. The sensitivity and positive predictive
value (PPV) for each class are reported in Table 2. Sensitivity in-
dicates the proportion of samples in a class (144 samples per spe-
cies class and 24 samples per strain class) that were accurately
classified. PPV indicates the proportion of samples classified as a
certain class that actually belong to that class. Other class-specific
performance metrics, such as accuracy, specificity, and negative
predictive value, are highly dependent on overall performance and
thus of little diagnostic value, due to the large number of classes in
the analysis.

In the full validation confusion matrix, the strain intersection
boxes show the number of samples of a yeast strain correctly clas-
sified (Table 3). For example, in the first row, one can observe that
23 of the 24 S. cerevisiae PDM samples were correctly classified as
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PDM. One of the samples was incorrectly classified as S. cerevisiae
VL3c. Thus, the S. cerevisiae PDM sensitivity is 23/24, or 0.958.
Although 24 samples were classified as S. cerevisiae PDM (column
in Table 3), 1 of these was a VL3¢ sample incorrectly classified as
PDM. Thus, S. cerevisiae PDM has a PPV of 0.958.

The confusion matrix reflects that there were few between-
species errors: 5% for all the strains (Table 3). A disproportionate
number (64.3%) of within-species errors was found in Z. bailii.
Five of the six Z. bailii strains had within-species misclassified
samples.

Spectral regions. A region of the Raman spectrum (1,800 to
200 cm™ ') is called the fingerprint (FP) region due to bonds of
many important biomolecules that can be detected there. Sugars
and polysaccharides are detected by multiple bands in the 1,200-
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TABLE 2 Sensitivities and PPVs for yeast SVM classification

Yeast species or strain Sensitivity PPV

Yeast species
S. cerevisiae 0.986 0.940
Z. bailii 0.938 0.958
B. bruxellensis 0.923 0.949

Strains
S. cerevisiae PDM 0.958 0.958
S. cerevisiae CSM 0.826 0.731
S. cerevisiae Nobleferm 0.913 0.913
S. cerevisiae UCD 522 0.958 0.920
S. cerevisiae UCD 595 0.958 0.821
S. cerevisiae VL3¢ 0.875 0.913
Z. bailii CBS 749 0.667 0.640
Z. bailii CBS 1170 0.792 0.792
Z. bailii CBS 4688 0.583 0.609
Z. bailii IGC 4269 0.792 0.826
Z. bailii 1IGC 4806 0.542 0.565
Z. bailii Phaff 68-113 0.750 0.783
B. bruxellensis CBS 2499 1.000 1.000
B. bruxellensis CBS 4459 0.833 0.800
B. bruxellensis ETS 11 0.870 0.952
B. bruxellensis ETS 159 0.833 0.769
B. bruxellensis Vin1(1) 0.875 0.840
B. bruxellensis Vin8(A) 0.696 0.941

to 300-cm ™' region. Amide I and amide II bands of peptides and
proteins are detected at ca. 1,650 and 1,550 cm ™', respectively.
The vibration for the C=0 stretching bond of lipids is detected at
ca. 1,740 cm ™ '. DNA and RNA are detected at ca. 1,300 cm™ .

TABLE 3 Validation confusion matrix from SVM classification

Bands for phospholipids are found in the 1,500- to 1,200-cm ™!
region. The FP region is commonly used for bacterial identifica-
tion and human tissue characterization. Within the FP region, the
three yeast species differed significantly (P < 0.05, uncorrected for
multiple comparisons) in most of the 1,700- to 1,000-cm ™' range
(Fig. 2). In two of the carbohydrate absorption regions, two of the
yeasts were differentiated from the third: B. bruxellensis from Z.
bailii and S. cerevisiae in the 500- to 200-cm ™' region and Z. bailii
from S. cerevisiae and B. bruxellensis and in the 900- to 500-cm ™"
region (Fig. 2).

Information from the high-wave-number (HW) region (3,400
to 2,400 cm ™) has not typically been used in characterization of
biological matter; however, recently, medical diagnosis research
has found valuable information in this region (19). The C—H
stretching modes of lipids and proteins are detected in the 3,100-
to 2,800-cm ! range. Within the HW region, the three yeast spe-
cies differed significantly (P < 0.05, uncorrected for multiple
comparisons) in the 2,800- to 2,200-cm ™' range (Fig. 2). The in-
tensity of the band at ca. 3,010 cm ™" has been used to correlate
with the degree of unsaturation of fatty acids. The ratio of unsat-
urated to saturated fatty acids of yeasts grown in the presence of
ethanol has been implicated in ethanol tolerance (20). The inten-
sities for S. cerevisiae and B. bruxellensis in this region are very
similar and significantly higher than that of Z. bailii (Fig. 2). How-
ever, all three yeast species are extremely ethanol tolerant. Ethanol
tolerance may be further understood by study of this membrane-
rich region in spectra of yeasts sampled during fermentation.

When classification performance at the strain level was studied
as a function of spectral regions, we found that the performance
with the full spectrum, 81.8%, was better than the performance

No. of samples classified as follows:
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Strain present 5 %) o5 5 ) 5 N N N N N N ) =) ) ~ ) ~

S. cerevisiae PDM 23 1

S. cerevisiae CSM 19 2 1 1

S. cerevisiae Nobleferm 1 21 1

S. cerevisiae UCD 522 1 23

S. cerevisiae UCD 595 1 23

S. cerevisiae VL3¢ 1 2 21

Z. bailii CBS 749 16 3 4 1

Z. bailii CBS 1170 19 2 1 2

Z. bailii CBS 4688 1 3 1 14 3 2

Z. bailii 1GC 4269 3 19 1 1

Z. bailii IGC 4806 6 1 4 13

Z. bailii Phaff 68-113 2 1 18 1 2

B. bruxellensis CBS 2499 24

B. bruxellensis CBS 4459 1 20 2 1

B. bruxellensis ETS 11 1 2 20

B. bruxellensis ETS 159 4 20

B. bruxellensis Vin1(1) 1 2 21

B. bruxellensis Vin8(A) 1 1 1 1 3 16
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with the HW region removed, 77.3% (P = 0.017), suggesting that
the HW region does contribute unique information to the overall
classification accuracy of the yeast strains. However, the perfor-
mance with wave numbers 200 to 2,400 cm ™' (77.3%) was signif-
icantly better than the performance with just the FP region, 73.1%
(P = 0.001), suggesting that the 1,800- to 2,400-cm ™' region also
contributes to strain classification accuracy over and above that
achieved with the fingerprint area. The performance with the HW
region, 67.1%, was significantly worse than the performance with
the FP region, 73.1% (P = 0.027).

Z. bailii strains did not differ significantly across the FP region,
with the exception of strain Phaff 68-113, which differed signifi-
cantly from the other five strains across most of the spectrum.
More heterogeneity was evident among strains of S. cerevisiae and
B. bruxellensis in the FP region (Fig. 3). B. bruxellensis strains were
divided into two groups in the 1,000- to 200-cm ™' region, where
carbohydrates and proteins are detected. In the HW region, S.
cerevisiae strains were differentiated in the 2,700- to 2,400-cm ™'
range, and the B. bruxellensis strains were differentiated in the
3,400~ to 2,900-cm ™' range.

Z. bailiiis a poorly characterized yeast, with the exception of its
wide-ranging chemical resistances. Its genome has not been se-
quenced, and some believe that it is a heterothallic haploid (8), but
others believe that it is a diploid that conjugates and undergoes
mitotic sporulation (21). The strain confusion in Z. bailii ob-
served by the Raman spectra (Table 3) could be the result of the
major biochemical changes associated with conjugation and
mitotic spore formation. In this study, conjugation was observed
in all Z. bailii strains within a week’s incubation on YM agar. In a
study of carbon source assimilation and oxidation (Biolog micro-
plates), seven Z. bailii strains were correctly identified only 50% of
the time, whereas seven S. cerevisiae and seven B. bruxellensis
strains were correctly identified 100% of the time (22). In another
study, four Z. bailii strains were spread across three classes of
spoilage yeasts on the basis of the variable growth on pantothe-
nate-free and lysine media (23). In our study, although the species
identification of Z. bailii by SVM classification was very high (sen-
sitivity, 0.938), strain differentiation was the least sensitive for Z.
bailii strains at 68.8%, as opposed to 91.5% for S. cerevisiae and
85.1% for B. bruxellensis. Thus, Z. bailii strains appear very differ-
ent from S. cerevisiae and B. bruxellensis strains by Raman spec-
troscopy, but strains of this yeast appear to be more similar to each
other than do strains of the other two yeast species. Strain identi-
fication, however, is the least important for this yeast, since any Z.
bailii organism isolated from bottled wine would be considered a
threat regardless of the strain.

The widespread diversity of B. bruxellensis strains in terms of
physiology and morphologically is well documented. In this study,
strain Vin8(A) was selected for its extensive pseudomycelial
growth compared to that of the other strains. Strain ETS 159 was
selected as a high 4-ethyl guaiacol producer rather than a 4-ethyl
phenol producer. The genetic diversity of this yeast is also being
demonstrated. The chromosome number of 30 B. bruxellensis
strains was found to vary from four to nine (5). Eight genotypes
were discovered in a study of 244 B. bruxellensis strains collected
from 31 Australian wine regions (24). Recently, the genome of a B.
bruxellensis wine isolate, AWRI 1499, was sequenced (4). This
yeast is reportedly a heterozygous triploid. Another wine isolate
which has been sequenced, CBS 2499 (25), was the only strain of
the 18 in this study to be identified with 100% accuracy (Table 3).
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S. cerevisiae wine strains are homothallic diploids, polyploids,
or aneuploids with very low levels of heterozygosity. These strains
typically require the standard method of growth on rich medium,
such as glucose nutrient agar (GNA), followed by starvation on
potassium acetate agar (PA) to induce meiotic sporulation. Many
strains require repeated rounds to induce significant sporulation
(26). In this study, CSM was the only S. cerevisiae strain observed
to sporulate on YM agar. This characteristic may be associated
with the difference in the width of the 95% confidence interval for
this yeast’s spectrum, especially in the polysaccharide region
(Fig. 3).

The difficulty in discriminating between and identifying fer-
mentation yeast strains in wine populations has hampered mon-
itoring of the fermentation kinetics of S. cerevisiae inocula in grape
must. Six S. cerevisiae wine yeasts were identified by this Raman
spectroscopy assay at a sensitivity averaging 91.5%, indicating the
assay’s potential as a tool to track the fate of inoculated strains
through fermentation.

In this study, the Raman spectra of Z. bailii, B. bruxellensis, and
S. cerevisiae strains differed sufficiently that highly accurate classi-
fication at the species and strain levels were obtained using an
SVM classifier. This discrimination, combined with the ease, ra-
pidity, and low running costs of this assay, has the potential to
provide a significant improvement in the ability of QA/QC per-
sonnel in wineries to identify yeast colonies isolated from wine
samples.
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