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Abstract

Diagnosing female infertility is a complex and time-consuming task due to the large
number of factors affecting the patient’s fertility, which results in the need to perform
many tests to determine the cause in each case accurately. In recent years, the use of
spectroscopic methods has been explored for their potential to identify spectral markers
of female infertility through analysis of follicular fluid (FF). This article aims to serve
as a review and presentation of the research performed in the field of female infertility
diagnostics using NMR and vibrational spectroscopy in the analysis of FF samples.

Keywords: follicular fluid; female infertility diagnostics; spectroscopy; NMR; infrared; Raman

1. Introduction
Infertility, a condition defined as a couple’s inability to conceive after a year of regular,

unprotected sexual intercourse, is a progressive, complex health and social problem, partic-
ularly in developed countries, where it negatively impacts demographic indicators [1,2].
Identifying the causes of infertility and providing an accurate and comprehensive diagno-
sis, especially in the case of idiopathic infertility, and treatment is necessary to ultimately
sustain our society’s growth. There are several underlying factors, both male and female,
either related or directly cause infertility. Because of this, a variety of tests are needed to
formulate the appropriate treatment, such as hormone level evaluations or transvaginal
ultrasonography, alongside a comprehensive patient review.

Focusing on female infertility (Figure 1), some of the most common causes are ovu-
latory disorders, with polycystic ovary syndrome (PCOS) being the most prevalent of
them [2,3]. Another factor growing in prevalence due to women putting off childbearing
until later in their lives is advanced maternal age (AMA), defined as age above 35 years,
and known to be associated with an increased probability of obstetric complications and
miscarriage, and a simultaneous decrease in fecundity [4].

Female infertility/lowered fertility may also be caused by endometriosis which creates
diagnostic problems. The members of the Endometriosis Guideline Core Group asserted
that there is still an urgent need for further research into the most appropriate diagnostics,
including laboratory diagnostics [5], especially since one of the currently recommended di-
agnostic tools for this disease, i.e., 3D transvaginal ultrasound, does not guarantee detection
of the disease even in its advanced stage, when the endometrial lesions occur outside the
measurement range of the device [6]. There is also a group of patients, around 30%, suffer-
ing from unexplained infertility, in which no abnormalities are detected during diagnostics,
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while the couple is still unable to conceive, complicating the process of formulating a
treatment plan. Most proposed methods are inter alia intrauterine insemination or assisted
reproductive technologies (also including hormonal stimulation of ovulation) [7].

 

Figure 1. Typical causes of female infertility.

Diagnostics of female infertility is very time-consuming and requires numerous com-
plex, often invasive, investigations, and assisted reproductive procedures are not always
successful, even after several attempts. However, alternative protocols are being developed,
including the use of various spectroscopic techniques to determine infertility markers in
biological material such as follicular fluid, blood serum, granulosa cells or even oocytes in
some cases. These methods most commonly include nuclear magnetic resonance (NMR)
spectroscopy and vibrational spectroscopy (infrared and Raman). A summary of the
research performed on this topic was presented in Figure 2. Other techniques, such as
ultraviolet-visible (UV-VIS) spectroscopy [8] or electron paramagnetic resonance (EPR)
spectroscopy [9], have also been used but only occasionally, and thus not discussed in this
review. The biggest advantage of spectroscopic methods is the ability to determine specific
changes from just one measurement, regardless of the infertility cause, making them a
very versatile tool in the field of infertility diagnostics, eliminating the need for multiple,
invasive procedures. It is important to emphasize that the biological material used in
spectroscopic analyses consists of samples collected from patients for other diagnostic or
therapeutic procedures, and separate collections dedicated solely to spectroscopic mea-
surements are not practiced. Identifying and proposing new diagnostic markers present
in follicular fluid is particularly important for women undergoing hormonal stimulation
during the preparation for in vitro fertilization (IVF), with particular emphasis on patients
whose IVF procedure has failed and requires repeating it, including cases of spontaneous
miscarriage. The components of follicular fluid interact with the oocyte and directly affect
the quality of the egg cell, which clearly indicates that the analysis of this body fluid is
important in the context of the effectiveness of IVF procedures, also answering the question
of why this aspect of research was so interesting for us. Standardly, follicular fluid is
collected through transvaginal needle aspiration, guided by ultrasound, and follicular fluid
sampling coincides with oocyte collection to IVF procedure, and no additional procedures
are performed to obtain follicular fluid [10,11]. In this case, follicular fluid is considered
waste material and does not require medical collection. However, due to its interesting
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composition and the role it plays in the egg maturation process, it can be used for scientific
research, focusing on, among other things, the search for specific markers that would
correlate with the causes of infertility and/or IVF procedure success or failure, serving as
additional diagnostic markers.

 

Figure 2. An overview of the research performed in the field of infertility diagnostics using spectro-
scopic methods.

Ellis and Goodacre [12] in their studies often employ multivariate analysis techniques,
i.e., advanced statistical methods, that reduce the dimensionality of data, simplifying the
analysis without losing information. These can be divided into unsupervised methods,
such as principal component analysis (PCA), which allows for grouping data based on
differences and similarities between objects, and supervised methods, such as partial least
squares discriminant analysis (PLS-DA) or artificial neural networks (ANN), which dif-
ferentiate samples based on reference data used to create the model [12]. An overview of
these methods is shown in Figure 3. Multivariate analysis is a very important aspect of
metabolomics, as biological systems and body fluids are complex. To perform a comprehen-
sive analysis of such type of material, procedures are needed that allow for the extraction
of valuable information from the recorded data and eliminate redundancy. However, it
is important to remember that the quality of the analysis is dependent on the supplied
data. To avoid overfitting, every model should be validated using cross-validation and
validation data sets [12–14].

This article serves as a review of the literature on the use of spectroscopy techniques
in diagnosing the causes of female infertility through the analysis of follicular fluid (FF). It
should be emphasized that analyses of this type of material are currently not widely used
in clinical practice as a diagnostic tool for female infertility or in the context of predicting
a successful IVF procedure, and the research studies conducted in this area constitute a
relatively small database.
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Figure 3. Division of multivariate analysis techniques. CA—cluster analysis, CLS—classical least
squares, HCA—hierarchical cluster analysis, ILS—inverse least squares, LDA—linear discriminant
analysis, PCA-DA—principal component analysis, PCR—principal component regression, PLS—
partial least squares, PLS-DA—partial least squares discriminant analysis.

2. Materials and Methods
A literature search was conducted across multiple databases, including PubMed,

Scopus, and Web of Science™, using keyword combinations of ‘follicular fluid’, ‘female
infertility’, and ‘spectroscopy’/‘spectr*’, occasionally also specifying a specific method.
Publications were then evaluated and selected by the following criteria:

• studies addressed the diagnosis of female infertility,
• at least one of the sample types analyzed was follicular fluid,
• spectroscopic methods were used in the study.

To develop the first criterion, special attention was paid to research articles that pre-
sented the results of analyses that differentiated women with infertility and healthy women,
using multivariate statistical analysis methods such as PCA and PLS-DA. Publications
focused mainly on studies of FF composition in infertile women, as well as animal studies,
were excluded from a more detailed analysis. Our article is based on a literature review of
approximately 100 entries. It includes data published from 1990 (pertaining to FF analysis
of animals) to the present, mostly in English, and was conducted using the search terms
mentioned above or their combinations. Finally, after excluding records that are repeated
in different databases, 60 items from original papers and reviews, in our opinion, the most
useful for our analysis, were selected.

3. Results
3.1. Nuclear Magnetic Resonance (NMR) Spectroscopy

One of the most used spectroscopic techniques in follicular fluid analysis and in
metabolomics, in general, is nuclear magnetic resonance (NMR) spectroscopy. Figure 4
shows the basic principles of NMR measurements. Due to the signals being affected by the
structure and concentration of analytes in the samples, NMR allows for easy identification
and quantification of different metabolites. On the other hand, it is not very sensitive, and
the signals from certain metabolites can be covered up by noise or more intense signals,
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such as the signal of the solvent [15,16]. In addition to classic one-dimensional NMR spectra
of nuclei such as 1H, 13C, 15N, or 31P, two-dimensional spectra can also be recorded to help
with the analysis of more complicated samples [15,16]. Common NMR experiments used
in metabolomics are presented in Table 1.

Figure 4. Diagram of NMR spectroscopy principles and instrumentation used to follicular fluid
analysis. B0—main magnetic field, RF—radiofrequency, TSP—sodium 3-(trimethylsilyl)propionate.

Concerning female infertility, NMR spectroscopy has been used extensively to con-
struct metabolic profiles of different body fluids, including follicular fluid [16,17]. In
addition to studies detailing the composition of FF in healthy women [10,18], the ef-
fect of several causes of infertility on the FF metabolic profile was studied, including
PCOS [19–22] and endometriosis [22–26]. In the case of the former, higher levels of AMH
and lower levels of progesterone were observed along with changes in amino acid levels
(e.g., glycine, phenylalanine, and valine) and organic acids such as pyruvate, lactate, and
acetate, suggesting disruptions in pyruvate and amino acid metabolism and glycolysis in
follicles [19–22]. In FF samples derived from women endometriosis-affected were observed
lower levels of alanine, aspartate, and glucose, among others, and higher levels of lactate
and lipids/phospholipids [22–26].

Table 1. Typical NMR experiments.

Experiment Type Characteristics Publication

1D NMR Typical NMR experiment used to identify metabolites
present in the sample [10,19,27,28]

CPMG Pulse sequence commonly used in metabolomics—allows for
the suppression of macromolecule signals [10,20–22,25,26,29–35]
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Table 1. Cont.

Experiment Type Characteristics Publication

2D NMR

COSY Typical 2D NMR experiment, allowing for identification of
coupling between nuclei [10,27]

NOESY Utilizes nuclear Overhauser effect to establish correlations
between spatially close nuclei (can also be used in 1D NMR) [28,29]

TOCSY Allows for the identification of longer chains of spin
couplings [10,29,30]

DOSY Separates signals based on their diffusion coefficient,
differentiating mixture components [10]

JRES Separates coupling constant and chemical shift, separating
overlapping signals and simplifying the analysis [10,29,30]

HSQC Allows for the detection of heteronuclear correlations, i.e.,
between two different types of nuclei (e.g., 1H and 13C) [10,27–30]

HMBC Allows for the detection of heteronuclear correlations
separated by two, three or four bonds [27]

COSY—Correlation Spectroscopy, CPMG—Carr-Purcell-Meiboom-Gill, DOSY—Diffusion Ordered Spectroscopy,
HMBC—Heteronuclear Multiple Bond Correlation, HSQC—Heteronuclear Single-Quantum Correlation,
JRES—J-resolved, NMR—nuclear magnetic resonance spectroscopy, NOESY—Nuclear Overhauser Effect Spec-
troscopy, TOCSY—Total Correlation Spectroscopy.

Effects of other factors on FF composition, not typically associated with female infertil-
ity causes, have also been studied. One such factor was a diagnosis of cancer. The research
performed by Morelli et al. [32,33] showed that the presence of cancer cells in the body may
cause alterations in the metabolic profile of FF, independent of the tumor type (e.g., breast
cancer [32,33], lymphoma [32]).

Another topic researched by Morelli et al. [34,35] was the impact of SARS-CoV-2
infection and a patient’s vaccination status on FF composition. The authors reported
heightened alanine and proline and lowered lipid and trimethylamine N-oxide levels in
vaccinated women, while women who recovered from COVID-19 had lower levels of
metabolites, along with lower numbers of oocytes in the follicles [34,35]. However, no
evidence of COVID-19 affecting the quality of oocytes or IVF outcome was found [34].

NMR spectroscopy has also been used to identify biomarkers in FF (and other body
fluids) to predict the results of IVF procedures and oocyte development [17,18,36,37].
Several metabolites were identified as potential biomarkers, including glucose, lactate,
choline, lipoproteins, and fatty acids (palmitic, arachidonic, and stearic acids, among
others) [36,37]. As the medium in which oocytes mature, changes in FF composition can
have a direct effect on the quality of oocytes and the success of pregnancy, even if no actual
cause of infertility was diagnosed.

Additionally, NMR spectroscopy was employed to characterize biological fluid
samples in many studies concerning animal reproduction, including mares [29,30,38],
goats [27,39], pigs [40,41], cows [41], and other mammals [28,41,42].

Morelli et al. [22] studied changes in the metabolic profile of follicular fluids depending
on the cause of female infertility. The collected samples were divided into five groups,
each associated with a different diagnosis: patients with unexplained infertility (n = 13),
polycystic ovary syndrome (PCOS, n = 12), tubal diseases (n = 10), endometriosis (n = 8),
and a control group of women with male factor infertility (n = 10). 600 µL of the sam-
ple’s supernatant was mixed with deuterated water (D2O) with the addition of sodium
3-(trimethylsilyl)propionate (TSP), as a standard. 1H NMR spectra were recorded on a
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500 MHz spectrometer, using a Carr-Purcell-Meiboom-Gill (CMPG) pulse sequence to
suppress signals from water and macromolecules. The analysis was performed with the
exclusion of the 4.7–5.1 ppm region, where the water signal is present. The processed
NMR spectra were then used to construct a PCA model first; however, the resulting PCA
score plots did not show any clear clustering of samples. Therefore, a supervised learning
method was applied. PLS-DA models were built for each category of infertility causes,
along with a model comparing the subjects’ ages. The quality of modeling was evaluated
by the determination of the goodness of fit (R2) and the goodness of prediction of the
model (Q2) parameters; validation of the models was performed by permutation tests.
Additionally, variable importance in projection (VIP) parameter was used to determine the
impact of biochemical features on group separation. However, only models constructed uti-
lizing NMR spectra of patients with endometriosis and PCOS distinguished patients from
healthy individuals. PLS-DA models built for the remaining studied groups of patients
gave negative values of the Q2 parameter, indicating poor predictive ability [22]. Based on
these results, it can be concluded that in cases of unexplained infertility and fallopian tube
diseases, changes in FF composition in the NMR data are either absent or too subtle to be
detected by PLS-DA.

In the model developed based on the PCOS data, VIP analysis indicated decreased
levels of acetate, β-hydroxybutyrate, leucine, and threonine and lactate compared with the
control group, whereas glucose, creatine, and glycerol levels increased [22]. On the other
hand, VIP for the PLS-DA model utilizing spectra of FF from females with endometriosis
showed decreased levels of acetate, β-hydroxybutyrate, citrate, and valine, and increased
levels of glucose, lactate, and unsaturated lipids as differentiating criteria. These findings
were in good agreement with univariate analysis and revealed correlations between certain
clinical parameters, e.g., a positive correlation between BMI and alanine and aspartate, or a
negative correlation between lactate and β-hCG levels. It also showed that between fertile
women, PCOS and endometriosis patients, both progesterone and BMI did not vary greatly,
but significant differences were detected in estradiol levels and in the number, represented
by the median, of monitored follicles, total retrieved oocytes, and mature metaphase II
oocytes. According to the authors [22], these findings may suggest that PCOS induces
insulin-resistance (as evidenced by leucine level decrease and increase in glycerol and
lipid levels due to altered lipolysis), reducing oocyte glucose uptake, leading to energy
metabolism disruption. Increased levels of glucose and lactate in endometriosis on the other
hand are hypothesized to be related to increase in glycolytic mode of energy production
and anaerobic glycolysis, respectively, theorized to be caused by inflammation. The effect
of age on FF components was also studied; however, significant changes were detected
only between the youngest (<33 years) and the oldest (>39 years) age groups, where the
latter was characterized by higher lactate, accompanied by lower aspartate and glucose
levels [22]. Concluding, we can say that spectroscopic analysis of follicular fluid provides
important information on changes in the expression of its key components, which are
directly or indirectly related to the development of diseases that may accompany infertility
or even be its direct or indirect cause.

Dogan et al. [31] compared the metabolomic profile of follicular fluid of women with
advanced maternal age (AMA) and a control group of fertile women aged 25–35 years.
Biological material was collected from consenting patients of an infertility clinic after
ovarian hyperstimulation. Twenty-three samples belonged to women with AMA (>40 years
old), and 31 comprised the control group. The 1H NMR experiments were performed on
400 µL portions of FF dissolved in D2O, using a CPMG pulse sequence on a 600 MHz NMR
spectrometer. The spectra were then normalized, their dimensionality was reduced by
binning, and PCA and PLS-DA models were developed. Both PCA and PLS-DA score plots
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showed clustering of objects with some degree of separation between groups, with better
separation achieved in the PLS-DA model. While the Q2 value obtained for the PLS-DA
model was not very high, its sensitivity and specificity in the leave-one-out cross-validation
reached 75%. Based on PCA loadings, PLS-DA VIP plots, and box plots of normalized peak
intensities, the main factors enabling correct sample classification were increased levels of
trimethylamine N-oxide and lactate, and decreased levels of α- and β-glucose in the AMA
group. Changes in alanine and acetoacetate levels were also detected but were considered
statistically insignificant [31].

Karaer et al. [26] performed metabolomic analysis of the follicular fluid of women
suffering from ovarian endometriosis by NMR spectroscopy. Twelve individuals with
endometriosis undergoing ovarian stimulation treatment were chosen, along with a control
group of 12 fertile women with male infertility factors. Compared to other studies, the
sample size of individuals is relatively small, and therefore, the results for this group may
not be fully representative of the overall population. For NMR analysis, after centrifugation
at 10,000 rpm, 600 µL of FF sample supernatant was taken, and 60 µL of D2O with TSP
standard was added. 31P, 15N, and 19F decoupled proton spectra were recorded on a
600 MHz spectrometer at 298 K, in a CPMG pulse sequence. Examination of the NMR
spectra revealed cases of contamination with a compound (HEPES) present in the flushing
medium used during oocyte collection and sample preparation. Therefore, analyses were
performed on the entire sample set and after removing contaminated samples. Analysis
of a data set containing spectra of contaminated samples yielded a good separation of
endometriosis patients and fertile women in the PCA score plots (R2 = 0.5890). Applying
the PLS-DA modeling technique, even better classification was obtained (R2X = 0.5586,
R2Y = 0.8788, Q2 = 0.8240). However, contamination of some samples can be a source of
undesirable variability in the system. Its presence can lead to models incorrectly attributing
the presence of contamination signals to changes in the metabolic profile in NMR spectra,
when this is clearly not the case. This was confirmed by the HEPES peaks, which are figured
as important components in both PCA loadings and PLS-DA VIP plots. The presence of
contaminants caused changes in lactate and glucose levels, although the exact nature of
these changes was not disclosed in the paper. This would have prevented the use of their
signals in discriminant analysis and biased the results of the metabolomics analysis. After
removing the contaminated samples, significantly better group separation was achieved in
both PCA (R2 = 0.6511) and PLS-DA analyses, with improved model quality parameters
(R2X = 0.5381, R2Y = 0.9723, Q2 = 0.9239). However, this meant that the control and
treatment group sizes were halved, further questioning their representativeness. VIP plots
revealed that the most important variables in the classification process were assigned to
lactate, β-glucose, pyruvate, and valine. This was confirmed by statistical analysis by means
of the Student t-test, which showed that FF of women with endometriosis is characterized
by higher levels of the above-mentioned metabolites than in fertile women [26].

3.2. Infrared (IR) Spectroscopy

Infrared spectroscopy (IR) is a highly effective analytical method whose applicability
in diagnostic testing is constantly evolving. Its main advantages are a short period of
analysis and minimal sample preparation required. In addition to typical transmission IR,
there are many different spectral acquisition techniques that help tailor the measurement
mode to the sample. The most important techniques include attenuated total reflection
(ATR) spectroscopy, used in mid-infrared, and diffuse-reflectance spectroscopy (DRIFTS),
which provides data from the mid- and near-infrared (NIR) regions. A diagram of the
ATR spectroscopy principles and procedure is presented in Figure 5. A drawback of IR
spectroscopy in the analysis of biological samples is the strong absorption of water in the
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mid-infrared region, which means that the water signal can obscure bands from metabolites.
This problem is typically addressed by drying the sample or subtracting a reference water
spectrum, or by using chemometric methods to extract meaningful information from the
spectra [12,15].

Figure 5. Diagram of an ATR spectrum acquisition. ATR—attenuated total reflection, IR—infrared.

Few studies have been performed on the topic of female infertility diagnostics using
IR spectroscopy, with only a couple concerning FF analysis [43,44]. Other research focused
on different sample types, one of them being granulosa cells, which surround the oocyte
and regulate its development by producing hormones and nutrients, and as such directly
influence the oocyte quality. IR spectra-based metabolic profiling of human granulosa cells
of women with endometriosis [45] showed that even in the case of unilateral endometriosis,
changes in metabolic profile can be observed in the presumably “healthy” ovary. Granulosa
cells were also studied by IR microspectroscopy in the context of predicting IVF outcome,
and markers such as higher lipid content and a decreased expression of phosphate group
were identified as negatively impacting the chance of implantation and successful embryo
development [46].

IR spectroscopy was also utilized in studies on oocytes. One such study examined
the effects of the patient’s age on oocyte quality. Comparison between spectra of oocytes
donated by ~30-year-olds and ~40-year-olds revealed a higher amount of peroxidized fatty
acids and random coil protein structures in the cells belonging to older women, suggesting
a decline in their quality [47]. While this type of research could be considered the most
accurate, as it is performed directly on the cells responsible for the success of pregnancy, the
authors belief that it should be avoided in the case of human infertility research, as women
are born with a finite number of oocytes and the results of in vitro and in vivo analysis of
fluids and tissues can be successfully translated onto the issue of IVF success based on the
knowledge of reproductive biochemistry.

A few studies were dedicated to metabolomic profiling of oocytes and predicting IVF
results by NIR spectroscopy [48–50]. Research by Fernandes et al. [48] concerned goat
oocytes and revealed differences between profiles of culture media after oocyte in vitro
maturation. The other two studies [49,50] were performed on human oocyte culture
medium, and in both cases, differences in metabolomic profiles of the samples could
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be used to assess egg cell viability. However, in none of the studies were any specific
metabolites or band assignments presented [48–50], with only broad regions and scarce
assignments performed in the case of the goat oocyte study [48].

Thomas et al. [43] used IR spectroscopy to analyze FF from two types of antral follicles:
large (>17 mm in diameter) and small (<15 mm). While not exactly relating to infertility,
follicular diameter is considered to be a marker of maturity and potential oocyte quality
in assisted reproduction and fertility treatment. Using cluster analysis and ANN, quanti-
tative differences in metabolites between FF samples from differently sized follicles were
discovered, which were theorized to relate to the follicle developmental stage.

Jakubczyk et al. [44] utilized the ATR technique with machine learning analysis to
identify IR markers of idiopathic female infertility in FF. The study was conducted on an
FF sample of 116 participants, half of whom were women with an unexplained infertility
diagnosis and half composed the control group of fertile women with a diagnosed male
factor of infertility. The ATR spectra of dried samples were recorded in the 4000–800 cm−1

range, and three separate regions were chosen for further analysis: 1800–800 cm−1 so-
called a fingerprint region, 3000–2700 cm−1 one assigned to mostly CH3/CH2 stretching
vibrations of lipids, and 1700–1500 cm−1 in which peaks related mostly to vibrations of
proteins are present. Comparison of the spectra of both examined groups of participants
showed higher intensity of peaks relating to phospholipids and lipids, and lower intensity
of amide signals in FF samples from the idiopathic infertility class. Additionally, peak
shifting towards lower wavenumbers was observed for phosphate, glycogen, and CH3

group vibration signals, while the signals of amide I and CH2 symmetric stretching were
shifted towards higher wavenumbers. PCA models constructed using the three spectral
bands allowed for obtaining well-separated clusters in the PCA results plots, although
based on the scatter of objects in the PC1/PC2 coordinate system, a significantly higher
variance was observed in the group with unexplained infertility compared to the control
group data. Afterwards, the obtained spectral data sets were analyzed by six different
machine learning algorithms, namely: random forest (RF), deep neural networks (DNN),
support vector machine (SVM), C5.0 decision trees, XGBoost trees, and k-nearest neighbors
(kNN) with k = 3 and k = 5, both in the fingerprint region and lipid vibration domains.
Classification accuracy of the RF models ranged from 93.8% to 100%. Overall, better results
were achieved when using fingerprint region, except for the analysis based on DNN and
XGBoost trees. Classifiers using selected sets of variables, i.e., absorptions at a given
wavenumber, were also constructed, and they gave comparable results to the ones based
on the wide spectral ranges, with an accuracy of 94.5–99.3%, indicating that the signals
in the IR spectrum reflect differences in chemical composition of body fluids of patients
and healthy controls. The changes in protein structure are theorized by the authors to be
linked to higher levels of reactive oxygen species, while higher lipid levels could lead to
lipid toxicity and impaired oocyte maturation [44].

3.3. Raman Spectroscopy

Another vibrational spectroscopy technique is Raman spectroscopy (Figure 6). The
major advantage of Raman spectroscopy over IR is that water signals have virtually no
effect on the Raman spectrum, allowing for a simpler analysis of biological fluids or tissues.
However, the Raman effect is observed only for about 1 in 107 photons, meaning that the
resulting signals are often weaker compared to IR spectra, and therefore recording a good
quality Raman spectrum is more time-consuming and requires advanced excitation and
detection system technologies, which makes these devices more expensive [12,51].
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Figure 6. Diagram of the Raman scattering principle. ν0—ground state; ν1, ν2—vibrational
excited states.

Similarly to infrared spectroscopy, studies using Raman spectroscopy have not yet
been fully exploited. Raman spectra of blood serum samples were used by Parlatan
et al. [52] to construct kNN and SVM classification models in combination with PCA for
diagnosing endometriosis, with the weighted kNN model achieving up to 80.5% sensitivity
and 89.7% sensitivity for the training set, while both parameters for the test set reached
100%. Raman spectroscopy was also utilized to predict the developmental competence of
oocytes based on their phosphoric acid and phosphorylation levels [53].

Another study focused on microplastic detection in FF samples from humans and mice
by Raman microspectroscopy, determining that the presence of polyethylene negatively
impacted fertilization rates and oocyte quality [54]. Raman microspectroscopy was also
used to investigate changes in the composition of the ooplasm of mouse oocytes in different
stages of their development. It was discovered that ooplasm lipid content can be used as a
marker of oocyte maturity with the 1605/1447 cm−1 peak intensity ratio, analogous to the
protein/lipid ratio, allowing for quality assessment [55].

A technique named surface-enhanced Raman scattering (SERS) was used to detect
and quantify chemerin, a protein present in follicular fluid, considered to be a marker of
PCOS, allowing for the differentiation of PCOS-affected and healthy women [56].

Raman spectroscopy was also employed to predict IVF outcome based on the markers
detected in the culture medium of embryos, resulting in successful and unsuccessful
pregnancies. Analysis using PCA and several machine learning algorithms showed that
the non-pregnancy group is characterized by higher levels of tryptophan, tyrosine, and
serine [57].

Zhang et al. [58] used Raman spectroscopy along with machine-learning algorithms
to classify both follicular fluid and blood plasma samples based on differences in metabolic
profiles associated with PCOS. The study was performed on a set of 100 samples, half
from women diagnosed with PCOS and half from a control group of fertile women who
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were patients of a fertility clinic due to either tubal or male factors. After recording and
pre-processing the spectra, PCA was performed to reduce the number of variables in
the acquired data and find markers of changes between the two types of samples, i.e.,
PCOS and non-PCOS. The spectral range of 1800–600 cm−1 was chosen for analysis, with
the first three principal components (PCs) being considered. The results of the samples’
classification were presented in the PC1/PC2 and PC1/PC3 coordinate plots [58]. While
this form of presenting data is acceptable, in our opinion, the three-dimensional plots
would have been much clearer to interpret.

In the case of FF data analysis, a clear clustering of objects was observed in the
PCA scores plots, suggesting the presence of variability in the Raman spectra related
to differences in the chemical composition of samples collected from women suffering
from PCOS and healthy individuals [58]. An analysis of loading plots indicated that the
most important bands in the Raman spectra were located in the 1150–1130 cm−1 and
1550–1480 cm−1 spectral range. However, no specific band assignment was performed,
and the nature and potential differences between Raman spectra were not explored by the
article’s authors. One of the reasons for this might be the fact that vibrational spectroscopy
methods allow for the identification of functional groups of molecules, which, combined
with the rich and complex composition of biological systems, makes detailed analysis of
spectra difficult. Interestingly, PCA of blood plasma samples did not separate the two
groups of donors, and no significant difference between their spectra was observed [58].
This may be due to the stronger effect of PCOS on follicular fluid than on blood, although
the authors did not propose any explanation for the results.

Afterwards, both follicular fluid and blood plasma spectral data were divided into
training and testing sets, in a 4:1 ratio, and four classification models were constructed
using three machine-learning algorithms: kNN, RF, and XGB, with a fourth model created
by stacking all three algorithms [58]. Their performance was assessed by calculating the
sensitivity, specificity, and accuracy parameters of the testing set data classification. Once
again, better results were obtained in the case of FF spectra analysis, with quality parameter
values ranging from 80 to 90%. In contrast, these parameters did not exceed 76% for the
models classifying Raman data of blood plasma samples. The best classification in both
cases was achieved by the stacked algorithm model, followed by kNN, although extreme
gradient boosting gave slightly better results in the case of plasma samples [58]. In our
opinion, the lack of cross-validation results makes it difficult to assess the true performance
of discriminant models and does not allow for the detection of models’ overfitting.

Huang et al. [59] applied Raman spectra of follicular fluid of PCOS-affected women
to predict implantation and pregnancy outcome. This research was performed on a larger
data set, with both the PCOS patients’ group and the control group of fertile women
consisting of 150 samples. The Raman spectra were recorded in the 2000–50 cm−1 range
with the fingerprint region, 1800–600 cm−1, chosen for further processing and analysis.
Comparison of raw data showed no significant differences between the spectra of the two
classes; however, analysis of the data revealed differences in certain band intensities, many
of which were related to the spectral contributions of protein, e.g., the C=O stretching band
at 1668 cm−1 or the C-C and C-N stretching bands at 1156 cm−1. PCA performed on the
fingerprint region of the FF Raman spectra resulted in clustering of objects in the score
plots, with partial overlap. This is most likely due to the high similarity between the PCOS
and control samples’ spectra, suggesting that the aforementioned spectral differences in
FF composition are rather minute. Based on the loading plots, two spectral regions were
selected, i.e., 1165–993 cm−1 and 1678–1439 cm−1, which could potentially differentiate
between the two sets of samples. The signals in these ranges were integrated, and then
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quantitative analysis was performed, which showed that the median band integration for
the PCOS FF samples was higher in the former range and lower in the latter [59].

Raman spectra of follicular fluid from PCOS patients were then subsequently split
into two groups based on the quality of blastocysts obtained in vitro and the pregnancy
success rate [59]. PCA modeling confirmed that the signals relevant to the classification
of objects into one of two groups were located in the same spectral range as those previ-
ously distinguished. Further analysis demonstrated that for high-quality blastocysts and
pregnancy success groups, the band integration was lower in the 1165–993 cm−1 region
and higher in the 1678–1439 cm−1 region. Artificial neural networks were then created,
using four-fifths of the dataset as the training set and the remainder as the test set. The
developed models achieved an accuracy of 90% and 74% in predicting blastocyst quality
and pregnancy success rate, respectively. This may suggest the existence of a relationship
between FF composition, as expressed in their Raman spectra, and other parameters that
predict in vitro fertilization outcome [59].

Depciuch et al. [60] reported the use of Raman spectroscopy to detect markers of oxida-
tive stress in FF samples from women with unexplained infertility. The study group
consisted of 65 patients attending fertility clinics and a comparable control group of
63 fertile women with a male factor infertility diagnosis. Simple comparison of the obtained
Raman spectra revealed that the intensity of signals at 742, 1000, and 2987 cm−1 was higher
in the spectra of FF of women with unexplained infertility compared to the control group.
These bands correlate to the presence of tryptophan, phenylalanine C-H bending, and
lipid C-H stretching vibrations, respectively. Based on T2 plots, peaks allowing for class
differentiation were found to be in three distinct spectral ranges: 1400–1320 cm−1 assigned
to lipid and protein C-H bending modes, 3000–2850 cm−1 characteristic for lipid CH3/CH2

stretching modes, and 1800–800 cm−1 range as a whole fingerprint region, for which PCA
models were developed. It was discovered that in the fingerprint region, the greatest
separation was achieved when using PC3 and PC4 as coordinates of the score’s plots,
while for the 1400–1320 cm−1 range, data clustering was observed in the PC1/PC3 plot.
Interestingly, in the case of PCA modeling based on the area of lipid stretching vibrations,
the separation of groups turned out to be ineffective, which, in the context of the influence
of oxidative stress on the chemical composition of compounds in the tissue, makes these
results somewhat surprising. However, although some subregions of the FF Raman spectra
were identified, which allowed the differentiation between the control and study groups, a
more detailed band assignment was expected [60].

Similar to another work by the same research team presented previously [44], three
PLS regression models for each spectral region of Raman spectra of follicular fluid were
constructed to predict the values of total oxidant level and oxidative stress index. After-
wards, several machine learning and deep learning methods were employed to develop
discriminant models for the two studied groups of individuals. The accuracy of the ob-
tained classifiers was in the range of 92.0–99.5%, with the deep learning model achieving
the highest predictive ability (99.2%), closely followed by the random forest (500 trees) and
the C5.0 decision tree algorithm [60], indicating the utility of Raman spectra of body fluids
in the prediction of some parameters related to fertility.

4. Discussion
Spectroscopic techniques, both NMR and vibrational spectroscopy, have proven to be a

useful source of information on the chemical composition of follicular fluid, enabling the use
of spectral data in discriminatory analysis of female fertility (Figure 7). Among vibrational
techniques, Raman spectroscopy is the most used method, while studies applying IR
spectroscopy in this area are limited. Table 2 features a comparison of spectroscopic
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methods, while an overview of the publications focused on this topic was presented in
Table 3.

Figure 7. An overview of a typical procedure for the diagnostics of female infertility utilizing
spectroscopic methods. AMA—advanced maternal age, ANN—artificial neural networks, IR—
infrared, NMR—nuclear magnetic resonance, PCA—principal component analysis, PCOS—polycystic
ovary syndrome, PLS-DA—partial least squares discriminant analysis.

Table 2. Comparison of the spectroscopic methods.

Issue NMR Spectroscopy Vibrational Spectroscopy (IR, Raman,
etc.)

Principles
Magnetic resonance of certain nuclei

(e.g., 1H, 13C, 15N) in a strong
magnetic field

Chemical bond vibrations caused by the
absorption of IR radiation or inelastic

scattering of visible light (Raman)

Information gleaned from the
spectra

Detailed chemical structure of
molecules and their concentration in

the solution

Presence of functional groups and bonds,
general sample composition

Sensitivity In the µM—mM range
IR—in the µM—mM range

Raman—low, but can be heightened by
certain techniques (e.g., SERS)

Signal specificity
Allows for exact metabolite
identification and structure

determination

Moderate—signals from specific
functional groups are additive and

difficult to deconvolute
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Table 2. Cont.

Issue NMR Spectroscopy Vibrational Spectroscopy (IR, Raman,
etc.)

Quantification
Yes—signal intensity is directly

related to the number of nuclei in the
sample

Semi-quantitative—requires calibration,
signal intensity dependent on multiple

factors

Sample preparation Dissolved in deuterated solvent with
addition of reference material

Minimal—can be used to measure
analytes in all states, even in situ.

Destructive/non-destructive Non-destructive Usually, non-destructive

Repeatability Very high, even between different
spectrometers

High, although dependent on
measurement conditions, such as

temperature or sample layer thickness

Acquisition time Ranging from 15 min to a few hours
for more complex measurements Often ranging from a few seconds to 5 min

Instrumentation
Expensive and large apparatus,

cooling liquids (liquid helium) and
superconductive magnets

Cheaper and compact spectrometers (IR,
Raman, NIR)

Uses in metabolomics
Identification and quantification of

metabolites, determination of
metabolite structure

Metabolic profiling, metabolomic
fingerprinting

Most common uses Biomarker analysis, metabolite
mixture analysis

Differentiation of health status, tissue
analysis

Limitations High cost, average sensitivity, high
concentrations of analyte required

Signal overlapping, often insufficient to
determine exact sample composition

IR—infrared, NIR—near-infrared, NMR—nuclear magnetic resonance, SERS—surface-enhanced Raman scattering.

Table 3. Discriminant analyses using spectroscopic data of follicular fluid in the diagnostics of
female infertility.

Publication Spectroscopic Method Multivariate Analysis Infertility Cause Results

Morelli et al.
[22]

NMR spectroscopy PCA
PLS-DA

PCOS
↓acetate, lactate, leucine,

β-hydroxybutyrate, threonine,
↑glucose, creatine, glycerol

endometriosis
↓acetate, citrate, valine,
β-hydroxybutyrate

↑glucose, lactate, unsaturated lipids
“unexplained” Unable to distinguish from control
tubal diseases

Dogan et al.
[31]

NMR spectroscopy PCA
PLS-DA AMA

↑trimethylamine N-oxide, lactate
↓α-glucose, β-glucose

Karaer et al.
[26]

NMR spectroscopy PCA
endometriosis ↑lactate, β-glucose, pyruvate, valine

PLS-DA

Jakubczyk
et al. [44]

IR spectroscopy

PCA

“unexplained” ↑phospholipids, lipids
↓amides (protein)

Machine learning:
random forests, DNN,

SVM, C5.0 decision trees,
XGBoost trees, kNN
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Table 3. Cont.

Publication Spectroscopic Method Multivariate Analysis Infertility Cause Results

Zhang et al.
[58] Raman spectroscopy

PCA
Machine learning: kNN,

random forests, XGB
PCOS

The treatment group was
distinguished from the control, but

no specific assignments were
presented

Huang et al.
[59]

Raman spectroscopy PCA
ANN

PCOS

↑phenylalanine, protein
↓β-carotene

No specific assignments were
performed

Depciuch et al.
[60]

Raman spectroscopy

PCA

“unexplained”
↑lipids

No specific assignments were
performed

PLS
Machine learning:

random forests, DNN,
SVM, C5.0 decision trees,

XGBoost trees, kNN

AMA—advanced maternal age, ANN—artificial neural networks, DNN—deep neural networks,
IR—infrared, kNN—k-nearest neighbors, NMR—nuclear magnetic resonance, PCA—principal compo-
nent analysis, PCOS—polycystic ovary syndrome, PLS-DA—partial least squares discrimination analysis,
SVM—support vector machine, XGB—extreme gradient boosting, ↑—increased level, ↓—decreased level.

Most studies on follicular fluid have focused on differentiating samples from fertile
women from those with a single cause of infertility. Only the study by Morelli et al. [22]
attempted discriminant analyses that considered various infertility factors. However, the
use of unsupervised learning was not successful in object classification. Moreover, only two
of the four PLS-DA models successfully differentiated between the control group (fertile)
and the patient group (infertile women). It should be noted that the larger the number of
samples subjected to spectroscopic analysis, the higher the probability of finding factors
differentiating the two classes of objects, while the studied group of samples included only
8–13 individuals.

Promising results have been obtained using vibrational spectroscopy in the discrimi-
natory analysis of unexplained female infertility. This is particularly valuable because a
diagnosis can be made by excluding abnormalities in the tests, and thus, a simple spectro-
scopic detection method could accelerate treatment development [44,60]. Moreover, the
results of these studies indicate that spectral data of biological fluids obtained using Ra-
man/IR techniques are a better source of chemical information compared to NMR spectra,
which allows the development of classifiers with better predictive ability. This is somewhat
surprising, as NMR spectroscopy is often used in metabolomics studies. A main advantage
of this technique is the ability to relatively easily identify substances based on their char-
acteristic chemical shift in the NMR spectrum, whereas in vibrational spectra the signals
refer to the presence of functional groups and bonds common to many compounds, which
means that the spectrum of a complex system consisting of many compounds will contain
lot of overlapping peaks, which makes it impossible to separate the spectral contributions
coming from a specific molecule.

It also should be emphasized that NMR spectroscopy requires significantly greater
experience to obtain good-quality spectra. One of the challenges in NMR analysis of biolog-
ical samples is the need to suppress the water signal, which, due to its intensity, can obscure
and distort other peaks. This procedure requires extensive knowledge of optimizing vari-
ous pulse sequences. In general, IR and Raman spectral measurements are much easier,
and fewer factors influence the quality of the obtained spectra. Another important issue
related to recording the spectra of body fluids using spectroscopic techniques is the sample
preparation stage. Raman spectroscopy allows the collection of spectral data from a µL
portion of the sample in its native state, and the presence of water in the sample does not
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impede analysis. NMR measurements require a large portion of the sample, the addition of
a deuterated solvent, and a reference compound. In most of the presented studies, aliquots
of approximately 400–600 µL of the tested material were used, which significantly limits the
availability of the material for other studies or in case of the need to repeat the analysis in
case of equipment or human error; smaller volumes of the sample, here FF, could drastically
reduce the signal-to-noise ratio of the recorded NMR spectra.

As mentioned earlier, few studies have been conducted using infrared spectroscopy.
The classic approach, transmission measurements, for liquid samples requires the use of
very thin cuvettes with optical wavelengths of 1–3 microns, which is not convenient for
measuring large sample sets. Although the ATR technique allows for the measurement of
liquid samples, even in µL volumes, the strength of water absorbance in the IR range often
renders the spectra unusable for analysis. The solution is to prepare a dry film. However,
the analysis results may be highly dependent on factors such as drying time, layer thickness,
or compositional homogeneity of the film formed.

Additionally, multivariate analysis methods play a crucial role in the studies of FF
composition, allowing for easy discrimination of control and study groups and identifica-
tion of variables contributing to the variance in recorded data. The most often used tool
in the studies was PCA, as the fundamental method of variable reduction. PCA can be
successfully applied to the identification of similarities and differences between numerous
data points [26,44,58]. However, PCA is a basic, unsupervised method, meaning that it
does not use any training data, which means that discrimination might not always be
accurate, such as in the case of Morelli et al. [22] studies. As such, supervised learning
methods (e.g., PLS-DA, ANN) are also utilized, often giving better classification results
than PCA [22,26,31]. In our opinion, the use of these tools is an indispensable step in the
analysis of medical samples, due to the abundance of components contained within them,
and their role in this field of research should not be underestimated.

Ultimately, both NMR and vibrational spectroscopy methods have their advantages
and disadvantages in the analysis of follicular fluid. It should be mentioned that NMR
spectra allow for a more complete metabolite identification, while in the case of IR and
Raman, additional data from other sources, alongside variable reduction methods, are
often required to perform a comprehensive analysis of FF composition. On the other hand,
vibrational spectra are usually easier to obtain and process, due to the complexity of NMR
measurements. In our opinion, while NMR is used more extensively in metabolomics, with
enough further research, both IR and Raman spectroscopy are viable as reliable tools in the
field of biological sample analysis.

5. Conclusions
Relatively few studies whose results are available in the literature address the diag-

nostics of female infertility using spectroscopic data of follicular fluid. Although most
studies presented in this review show potential, they still require improvement in the use
of multivariate analysis methods or in the proper preparation of samples and ensuring a
sufficiently large sample size. An important challenge is to conduct comparative studies
using different spectroscopic techniques that allow for direct correlation of vibrational spec-
tra of body fluids with metabolomic (NMR) data, as well as to compare the performance of
discriminant models based on data recorded for the same sets of samples.
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Abbreviations
The following abbreviations are used in this manuscript:

1H NMR Proton nuclear magnetic resonance spectroscopy
3D Three-dimensional
AMA Advanced maternal age
AMH Anti-Müllerian hormone
ANN Artificial neural networks
ATR Attenuated total reflection
BMI Body mass index
CH2 Methylene group
CH3 Methyl group
CPMG Carr-Purcell-Meiboom-Gill
DNN Deep neural networks
DRIFTS Diffuse-reflectance infrared Fourier transform spectroscopy
EPR Electron paramagnetic resonance
ESHRE European Society of Human Reproduction and Embryology
FF Follicular fluid
FSH Follicle-stimulating hormone
HEPES 4-(2-Hydroxyethyl)-1-piperazineethanesulfonic acid
HSG Hysterosalpingography
IR Infrared
kNN k-Nearest neighbors
LH Luteinizing hormone
NIR Near-infrared
NMR Nuclear magnetic resonance
PC Principal component
PC1, PC2 First, second, etc. principal component
PCA Principal component analysis
PCOS Polycystic ovary syndrome
PLS Partial least squares
PLS-DA Partial least squares discriminant analysis
RF Random forest
SHG Sonohysterography
SVM Support vector machine
TSP Sodium-3-(trimethylsilyl)propionate
UV-VIS Ultraviolet-visible
VIP Variable importance in projection
WHO World Health Organization
XGB Extreme gradient boosting
β-hCG Beta-human chorionic gonadotropin
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