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A combination of immune cell types
identified through ensemble machine
learning strategy detects altered
profile in recurrent pregnancy loss: a
pilot study
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Objective: To compare the immunologic profiles of peripheral and menstrual blood (MB) of women who experience recurrent preg-
nancy loss and women without pregnancy complications.
Design: Explorative case-control study. Cross-sectional assessment of flow cytometry-derived immunologic profiles.
Setting: Academic medical center.
Patient(s): Women who experienced more than 2 consecutive miscarriages.
Intervention(s): None.
Main Outcome Measure(s): Flow cytometry-based immune profiles of uterine and systemic immunity (recurrent pregnancy loss, n ¼
18; control, n ¼ 14) assessed by machine learning classifiers in an ensemble strategy, followed by recursive feature selection.
Result(s): In peripheral blood, the combination of 4 cell types (nonswitched memory B cells, CD8þ T cells, CD56bright CD16� natural
killer [NKbright] cells, and CD4þ effector T cells) classified samples correctly to their respective cohort. The identified classifying cell
types in peripheral blood differed from the results observed in MB, where a combination of 6 cell types (Ki67þCD8þ T cells, (Human
leukocyte antigen-DRþ) regulatory T cells, CD27þ B cells, NKbright cells, regulatory T cells, and CD24HiCD38Hi B cells) plus age
allowed for assigning samples correctly to their respective cohort. Based on the combination of these features, the average area
under the curve of a receiver operating characteristic curve and the associated accuracy were >0.8 for both sample sources.
Conclusion(s): A combination of immune subsets for cohort classification allows for robust identification of immune parameters with
possible diagnostic value. The noninvasive source of MB holds several opportunities to assess and monitor reproductive health. (Fertil
Steril Sci� 2022;3:166–73. �2022 by American Society for Reproductive Medicine.)
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TABLE 1

Cohort characteristics.

Control RPL

PB
n 13 15
Age in years, median (range) 34 (27–46) 34 (28–42)a

CMV positive 6/13 (46%) 4/12 (33%)b

MB
n 14 18
Age in years, median (range) 34 (27–46) 33 (28–46)
CMV positive 6/13 (54%)a 6/14 (43%)c

Note: CMV ¼ cytomegalovirus; MB ¼menstrual blood; PB ¼ peripheral blood; RPL ¼ recur-
rent pregnancy loss.
a Information not available (NA) for 1 donor.
b Information NA for 3 donors.
c Information NA for 4 donors.
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In the absence of embryonal chromosome abnormalities,
fractions of RPL can be attributed to genetic (2%–5%),
anatomic (10%–15%), endocrine (17%–20%), or
autoimmune-related (20%) factors, but over 40% of cases
remain unexplained (4, 5). These unexplained cases may be
linked to an inadequate maternal immune response during
key processes of implantation and placentation at the fetal-
maternal interface (6–8). As the mechanisms behind this
dysregulation are unknown, it is unclear whether they are
contained to the uterus or manifest systemically.

Most investigations to identify dysregulation of immu-
nity in RPL have focused on specific immune cell populations
isolated from peripheral blood (PB). This sample source is
readily available to study large populations and, because of
its limited invasiveness, allows inclusion of large control co-
horts. Altered levels of circulating T (helper) cell profiles and
regulatory T (Treg) cells and ratios of natural killer (NK) cell
subsets were observed in patients with RPL, but none of these
cell types were observed individually at levels that allowed
robust distinction from women without RPL (9–13). Large
variance, due to interpopulation differences, the time point
of sampling or the measurement itself, and the complexity
of relationships between immunologic parameters hamper
the detection of cohort differences by commonly applied
univariate approaches (14). Furthermore, it has to be
considered that endometrial and decidual immune cells are
highly specialized to enable adequate interaction with
trophoblast cells, through mechanisms independent from
PB-derived cells (15–19). Consequently, PB cannot serve to
detect dysregulation of uterine immunity (20). Menstrual
blood (MB) offers access to uterine immune cells that
display tissues-specific markers and NK cell profiles charac-
teristic to decidua (21–26). This noninvasive sample source
is not widely applied until now yet allows large-scale studies
to understand reproductive disorders.

Here, we evaluated the immunophenotypic profiles of PB
andMB using an ensemble machine learning strategy. Our pi-
lot data shows unbiased multivariate detection of immuno-
logic differences in women experiencing RPL.
MATERIALS AND METHODS
Sample Collection

Peripheral blood and MBwere collected (between March 2017
and December 2020) from normotensive women aged 18–46
years without known disorders of reproduction and women
experiencing RPL, defined as the consecutive (idiopathic)
loss of 3 or more pregnancies before 20 weeks of gestation
without known causes of miscarriages, such as the presence
of antithyroid, antiphospholipid, and antinuclear autoanti-
bodies; endocrine dysfunction; uterine malformation; hemo-
static disorder; and abnormal karyotype (2, 3). The
characteristics of women included in this study are shown
in Table 1. The exclusion criteria were the use of immunosup-
pressive drugs, biologicals, or antidepressants, autoimmune
diseases, diabetes mellitus, smoking, human immunodefi-
ciency virus positivity, current use of an intrauterine device
or hormonal contraceptives, and irregular menstrual cycles.
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Ten milliliters of PB were collected in ethylenediaminetetra-
acetic acid tubes. Women used a menstrual cup (Femmecup
Ltd., London, United Kingdom) for 3 12-hour intervals during
the first 36 hours of menstruation. Menstrual effluent was
collected in supplemented RPMI 1640 media (pyruvate [1
mM], GlutaMAX [2 mM], penicillin [100 U/mL], and strepto-
mycin [100 mg/mL] [all Thermo Fisher Scientific, Waltham,
MA]; 10% human pooled serum [manufactured in-house];
and 0.3% sodium citrate [Merck, Darmstadt, Germany]) for
storage at room temperate until processing. Samples were
transferred to the laboratory for immediate processing, within
maximum 24 hours after the last collection. Because of the
experimental nature of this study, the exact sample size could
not be calculated beforehand, but we anticipated to include at
least 10 women per group in this pilot study. Written
informed consent was obtained for all volunteers in accor-
dance with the Dutch Medical Research Involving Human
Subjects Act. The study protocol was approved by the Institu-
tional Review Board (Commissie Mensgebonden Onderzoek
Arnhem-Nijmegen, Nr 2017-3256).
Leukocyte Isolation

One milliliter of PB was lysed with 25 mL of lysis buffer
(NH4CL þ KHCO3/Na4EDTA [Merck, Darmstadt, Germany]
diluted in H2O [Versol, Lyon, France]] for 10 minutes (B.
Braun, Melsungen, Germany) to use for surface staining.
For intracellular staining, cells were isolated bymeans of den-
sity gradient centrifugation (Lymphoprep; Axis-Shield PoC
AS, Oslo, Norway). Menstrual blood was processed as
described previously (25, 27). Briefly, MB-derived cells were
obtained after filtering (70 mm) and granulocyte depletion us-
ing RosetteSep (STEMCELL technologies Inc., Vancouver,
Canada) followed by density gradient centrifugation
(Lymphoprep).
Flow Cytometry

For surface staining, a minimum of 250,000 PB or MB was
stained using fluorochrome-conjugated monoclonal anti-
bodies (moAbs) for 20 minutes at room temperature in
167



FIGURE 1

Machine learning approach using ensemble strategy to determine immune features that identify patients with recurrent pregnancy loss. (A)
Schematic representation of the study design. A flow cytometry-based dataset is established to describe the immune profile of systemic or
uterine immunity, through leukocyte isolation from peripheral blood (PB) or menstrual blood (MB), respectively. (B) Number of feature
combinations yielding optimal classification accuracy. Eight machine learning classifiers are used to establish a ranked list of top features that
are recursively reduced. Accuracy is depicted as average and standard deviation of 10 runs. (C) Heatmap of the features allowing for optimal
accuracy regarding data from PB (left panel) or MB (right panel). Color scale represents the appearance frequency of a particular feature in the
10 instances of the same classifier in cross-validation; the darker the color, the more frequent a feature is identified to contribute to
classification. (D) Univariate representation of features allowing for cohort classification. (E) Receiver operating characteristic curve showing the
average area under the curve using the passive-aggressive classifier of PB-derived (left panel) and MB-derived (right panel) immune features
after stratified tenfold cross-validation. The receiver operating characteristic curves of the remaining classifiers are depicted in Supplemental
Figure 2. Data are compared using the Mann-Whitney U tests (nonparametric), ** P < .01. AUC ¼ area under the curve; Ctrl ¼ control; MB ¼
menstrual blood; NK ¼ natural killer; ns ¼ nonsignificant; PB ¼ peripheral blood; ROC ¼ receiver operating characteristic; RPL ¼ recurrent
pregnancy loss; SD ¼ standard deviation; Treg ¼ regulatory T cells.
Benner. Immune profiles identify RPL. Fertil Steril Sci 2022.
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the dark. An overview of all moAbs used is shown in
Supplemental Table 1 (available online). Intracellular moAbs
was stained with a minimum of 500,000 cells. Samples were
fixed and permeabilized according to the manufacturer’s in-
structions (eBioscience Inc., San Diego, CA). For cytokine
168
staining, cells were stimulated with phorbol-12-myristate-
13-acetate, ionomycin, and brefeldin A (12.5 ng/mL, 500
ng/mL, and 5 mg/mL, respectively; Sigma-Aldrich, St. Louis,
MO) for 4 hours at 37�C in a humidified 5% CO2 incubator,
before fixation. Flow cytometry data were analyzed using
VOL. 3 NO. 2 / MAY 2022



FIGURE 1 (CONTINUED).
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Kaluza (v2.1; Beckman Coulter Inc., Brea, CA). Gate settings
(Supplemental Fig. 1, available online) were based on a fluo-
rescence minus one strategy.
Data Analysis

Data were processed using R v.4.0.2 and the ggpubr, ggplot2,
ggsignif, and tidyr packages. The nonparametric Mann-
Whitney U test was used. P values of < .05 were considered
statistically significant. An ensemble feature selection was
used to detect features allowing for cohort classification.
This strategy was previously designed and validated to over-
come the bias of using a single machine learning algorithm,
thus allowing for a more robust selection of classifying fea-
tures (28, 29). Eight classifiers (bagging, gradient boosting, lo-
gistic regression, passive-aggressive regression, random
forest, ridge regression, stochastic gradient descent [on linear
models], and support vector machine [with a linear kernel]
classifiers) were run in 10-fold and used to score features
on their importance for classification. Scoring of the individ-
ual algorithms was combined in an ensemble ranking: for
bagging, gradient boosting, and random forest analysis that
work with classification trees, features of the trees’ splits
were counted and ranked by frequency; for passive-
aggressive regression, logistic regression, ridge regression,
stochastic gradient descent, and support vector machine clas-
sifiers, feature importance was assigned by the coefficients’
value associated with each feature. The ranking of each clas-
sifier was scored based on times it appeared within the top
classifying features. A detailed description of the ranking
used for the ensemble strategy has previously been presented
(29). To reduce the number of features to the ones that allow
for optimal classification, classifiers were run repeatedly with
the top 80% features in a recursive feature selection approach.
All classifiers were subjected to stratified fivefold and tenfold
cross-validation. Having determined which features allow for
the most robust classification, the set of parameters was used
VOL. 3 NO. 2 / MAY 2022
to run the individual classifying algorithms, combined with
10-fold cross-validation.
RESULTS
As immune responses are never limited to a single cell type,
minor changes in the frequency of a specific subset can affect
neighboring cells through cell contact or secretion of soluble
factors. While a subtle change in the numbers or characteris-
tics of a given immune cell populationmay fall within a phys-
iological range, hampering its detection, machine learning
can identify a change in overall patterns and the underlying
cell types involved. To collect a dataset suited for multivariate
analysis, we established a phenotypic flow cytometry-based
overview of immune cell frequencies (Fig. 1A) of PB and
MB (n ¼ 15 and n ¼ 18, respectively) of women who experi-
enced at least 3 consecutive unexplained miscarriages (pa-
tient characteristics, Table 1). The analysis covered the total
leukocyte populations, T, B, and NK cell subsets using 5 estab-
lished staining panels (30) (Supplemental Table 1). In total, 63
immune subsets, age, and cytomegalovirus (CMV) status were
assessed, which resulted in 65 features that were taken into
account for further analysis (Supplemental Fig. 1 and
Supplemental Table 2, available online). Data were compared
with a control cohort of parous women who did not experi-
ence RPL (PB, n ¼ 13; MB, n ¼ 14). We used machine
learning-based cohort classification to identify immune cell
subsets that discriminate RPL from control, on the basis of
either the MB or PB profiles. To achieve this, we employed
an ensemble strategy because it allows for robust feature se-
lection in a low-sample-size setting (31). Through combining
8 distinct classification algorithms, the ensemble overcomes
any possible bias of its individual classification algorithms
(28, 29). The outcomes of the individual algorithms were
weighted and combined into a single ensemble ranking (29).
The 80% top features of this list were then used to run the in-
dividual algorithms, including 10-fold cross-validation to
169



FIGURE 2

The univariate analysis of immune profiling shows uterine-specific deviations in women who experienced recurrent pregnancy loss. (A and B)
Natural killer cell profiles of peripheral blood-derived and menstrual blood-derived cells. (C) Nonswitched memory B cells. (D) Cytomegalovirus
seropositivity of CD27þ B cells. Additional results of univariate analysis are depicted in Supplemental Figure 3. Data are compared using the
Mann-Whitney U tests (nonparametric), * P < .05, ** P < .01. CMV ¼ cytomegalovirus; Ctrl ¼ control; MB ¼ menstrual blood; NK ¼ natural
killer; ns ¼ nonsignificant; PB ¼ peripheral blood; RPL ¼ recurrent pregnancy loss.
Benner. Immune profiles identify RPL. Fertil Steril Sci 2022.
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ensure generality of the results, and the average classification
accuracy was calculated. By repeatedly reducing the list of
top-contributing features by 20%, the optimal number of fea-
tures to achieve robust classification was determined
(Fig. 1B). With this approach, we identified that a combina-
tion of 4 cell types for PB (nonswitched memory B cells,
CD8þ T cells, NKbright cells, and CD4þ effector T cells;
Figs. 1C left panel and D and 2B and C) and 6 cell types for
MB (Ki67þCD8þ T cells, HLA-DRþ Treg cells, CD27þ B cells,
NKbright cells, Treg cells, and CD24HiCD38Hi B cells; Figs. 1C
right panel and D and 2B and D), together with age, allowed
for optimal classification of RPL vs. control. After the deter-
mination of the most robust features used for classification,
the individual classifying algorithms were run using the
respective immunologic parameters. This resulted in a
maximum average area under the curve values of 0.82 �
0.23 for PB and 0.90 � 0.17 for MB when analyzed by
passive-aggressive classifier (Fig. 1E), with accuracy values
of 0.87 � 0.16 and 0.84 � 0.14, respectively (Supplemental
Table 3, available online).
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Reducing the number of features included in a multivar-
iate approach allows for more robust outcomes as features of
high variance, with minor distinctive value, can be excluded.
However, this approach may mask notable differences of an
individual feature because only the most contributing node
in a network of related variables is considered. Thus, we addi-
tionally assessed all studied features by classical univariate
analysis. No differences in the total leukocyte populations
or frequently studied T helper cell subsets were detected
(Supplemental Fig. 3). Whereas no altered NK cell subset fre-
quencies were observed in PB of patients with RPL, MB re-
vealed decreased fractions of NKbright cells, and an
increased percentage of CD16þCD56þ NKdim cells (Fig. 2A
and B). The frequencies of nonswitched memory
(IgDþCD27þ) B cells were the only assessed cell type that
was significantly different in both PB and MB (Fig. 2C). The
overall increased abundance of CD27 on CD19þ cells was
only observed in MB (Fig. 2D).

Latent CMV infection is known to selectively affect the
expansion of leukocyte subsets, especially regarding subsets
VOL. 3 NO. 2 / MAY 2022
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of NK cells, T cells, and B cells (32–35). Of all assessed
features, a difference based on CMV status was only
observed for CD27þ B cells in MB of patients with RPL
(Fig. 2D). Patients with RPL who were CMV seropositive
showed the highest frequencies of CD27 expressing B cells.
DISCUSSION
The adaptations of the maternal immune system during preg-
nancy occur not only systemically but also locally, where im-
mune cells and soluble factors contribute to the contact of
trophoblast cells and the maternal mucosa. Subtle changes
in the immunologic profiles of both compartments may
contribute to the etiology of RPL.

To create a better understanding of dysregulated immu-
nity in RPL, we assessed in how far the joint assessment of
leukocyte subsets may reveal differences in PB or MB of
affected women. Using an ensemble machine learning strat-
egy and recursive feature selection, we were able to identify
4 cell subsets of PB and 6 cell subsets and age for MB, which,
when combined, robustly allowed for cohort classification for
either PB or MB. Based on general definitions describing the
discriminative power of a diagnostic test, both PB and MB
had ‘‘excellent’’ distinctive value (36, 37). Thus, RPL is associ-
ated with immune adaptations that can be traced back sys-
temically and in the uterus.

Previous approaches of detecting immunologic alter-
ations in RPL mostly considered either PB or MB and assessed
a concise number of immune cell subsets or even focused on a
single cell type. To allow for a more open assessment of the
involved immunologic profile, we analyzed 63 subsets that
we consider to allow for a broad screening of phenotypes
(30). Classic univariate approaches often do not suffice
when studying immunologic data (14). A large overlap be-
tween frequencies in RPL and control cohort measured in
PB and MB hampers the individual discriminative value of a
cell type. Furthermore, differences in cell types of low abun-
dance and high variation are challenging to detect through
the univariate analysis but could be revealed using the pre-
sented approach. As the differences in the area under the
curve of the different individual classifiers show, algorithms
of multivariate approaches also present with varying power
to classify a sample to its cohort. The ensemble machine
learning strategy overcomes the bias associated with
choosing a single machine learning algorithm.

The power of combining classifiers, even in this low-
sample-size setting, allowed to detect the discriminative value
of low-frequency cell types in MB that have a possible regu-
latory phenotype. CD8þ T cells positive for Ki67 (indicating
proliferation) were identified as the most classifying feature
in MB samples. In healthy pregnancy, decidual CD8þ T cells
are known to take longer than systemic cells to initiate prolif-
eration upon stimulation, possibly through the interaction of
their coinhibitory molecules with the decidual microenviron-
ment (38). Also involved in local regulation (19, 27, 39, 40),
altered levels of Treg (overall cell population and HLA-
DRþ), and CD24HiCD38Hi B cells contributed to robust RPL
classification, fitting with the theory that pregnancy is nega-
tively affected when the local mechanisms of tolerance fail
VOL. 3 NO. 2 / MAY 2022
(41, 42). This focus on immune regulatory subsets was not
observed in PB, except for NKbright cells, which contribute
to cohort classification in both PB and uterine samples. Of
note, age contributed as risk factor in uterine, but not sys-
temic, immunity. The observed differences in classifying
leukocyte subsets, depending on the sample source, affirm
that systemic and local immunity of reproduction demand in-
dependent consideration.

Circulatory nonswitched memory B cells contributed
strongly to cohort classification of PB, which is in line with
previously shown higher levels of circulatory nonswitched
memory B cells of patients with RPL (13, 43). The presented
data highlight that B cells deserve consideration in the
context of RPL. Memory B cells are altered in several autoim-
mune diseases, such as systemic lupus erythematosus, sys-
temic sclerosis, and antiphospholipid syndrome, known to
be associated with poor reproductive outcome (44). B cell-
related pregnancy complications may also result from incor-
rect activation through soluble factors that regulate B cell
activity, as serum from women experiencing spontaneous
abortion failed to induce normal levels of IL-10 production
by B cells (45). Of note, we observed higher levels of CD27þ
B cells in CMV-seropositive patients with RPL. It has previ-
ously been shown that CMV affects the frequencies of
CD27þ memory B cells in women but not in men (46).
Thus, CMV status is important to include in similar ap-
proaches studying leukocytes because of its known effect of
selectively expanding specific subsets (32, 35).

Recurrent pregnancy loss is a multifactorial condition
(47). A small sample size is a limitation of the current study
because we cannot take into account subgroups of different
disease etiologies. Nevertheless, we were able to show that
investigating immunity by the multivariate approach in RPL
is worthwhile. The applied flow cytometry-based profiling
of MB holds the possibility to detect locally involved rare
cell types (48–51). Compared with the trending, high-
dimensional approaches using mass spectrometry or single-
cell sequencing, flow cytometry is a high-throughput process
and relatively cheap to perform and, thus, allows analysis of
large cohorts. More women experiencing RPL have to be
enrolled to account for the heterogeneity of this cohort.
Furthermore, even though the discriminative value of PB
and MB was similar, it is still valuable to expand on the
assessment of both sample sources simultaneously. Not only
could different immune cell subsets be altered that would
further stratify the group of patients with RPL, but also these
pathology profiles may be distinct to PB or MB. Combined
with the inclusion of a validation cohort, this will ensure gen-
erality of results to enable translation toward diagnostic tests.
This is of special interest for RPL, a condition that not only
needs proper diagnosis but would benefit from repeated sam-
pling to assess the success of intervention strategies. To both
ends, classification needs to be robust and accurate and de-
serves further assessment. This pilot study highlights the
need for a multivariate approach of PB and MB to better un-
derstand the disease and its underlying pathologies.

Taken together, patients with RPL present with a dysregu-
lated immune environment, systemically and within the
uterus. The cohort classification of possible diagnostic value
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cannot rely on individual immune cell frequencies but rather
depends on a combination of immune cell subsets. The nonin-
vasive source of MB, allowing to investigate important regu-
latory mechanisms, holds several opportunities for the
assessment and monitoring of reproductive health.

Acknowledgments: The authors thank all donors who
participated in this study.
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