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GRAPHICAL ABSTRACT

PUBLIC SUMMARY
■   Amino acids, especially the L-histidine, play a pivotal role in pregnancy.

■   Pre-pregnancy serum amino acid profiles can predict miscarriage.

■   An interactive platform is established to predict miscarriage prior to conception.
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In  preconception  counseling,  there  has  been  a  lack  of  quantitative
approaches  to  predict  the  outcome  of  an  upcoming  pregnancy,  which
would greatly benefit women and society. By applying state-of-the-art arti-
ficial  intelligence  algorithms  to  clinical  and  metabolome  data  from  481
women, we have, for the first time, proposed a pre-pregnancy classifier that
predicts  miscarriage  with  a  high  precision  rate  of  87%.  Our  embedded
feature  engineering  revealed  the  critical  impact  of  serum  histidine  level,
further  supported  by  its  elevation  in  recurrent  spontaneous  miscarriage
(RSM). Mechanistically,  elevated  histidine  level,  combined  with  compro-
mised  diamine  oxidase  (DAO)  expression,  led  to  a  fatal  accumulation  of
histamine at the maternal-fetal interface (157 specimens from 113 donors).
Additionally,  a  high-histidine  diet  induced  significant  embryo  loss  in  mice
without  causing  malabsorption  of  other  amino  acids.  This  pilot  study
shows  promise  in  predicting  pregnancy  outcomes  prior  to  conception,
opening an  important  window for  early  warning  that  is  particularly  mean-
ingful given the global decline in birth rates.
 

INTRODUCTION
Pregnancy  establishes  the  starting  of  a  life.  Current  clinical  guidelines  for

pregnancy apply  ultrasound and human chorionic  gonadotrophin (hCG) test
as routine approaches during gestation to provide information of fetal devel-
opment.1,2 Such monitoring tests often reveal irreversible defects, and are too
late  to  avoid  damages  to  women.  Developing  early  predictor  or  even  pre-
conception  classifier  for  pregnancy  outcome  is  therefore  practically  urgent,
yet has been barely investigated or discussed thus far.

Miscarriage,  one  of  the  most  devastating  consequences  of  pregnancy,
occurs with increasing frequency in fertile women in most countries, causing
approximately  23  million  pregnancy  losses  every  year  worldwide.3 Women
who  have  experienced  two  or  more  consecutive  spontaneous  abortions  in
their  first  trimesters  of  pregnancy,  diagnosed  as  recurrent  spontaneous
miscarriage  (RSM),  are  facing  2.21  times  more  risks  of  miscarriage  than
others.4 Current pathophysiology can only explain less than half of RSM with
multiple  hypotheses  combined,  leaving  most  patients  without  any  effective
prevention.5,6 It  has  been  suggested  that  early  extra  care  could  improve  live
birth  rates  for  RSM.5,7-9 Therefore,  it  would  be  of  great  benefit  to  be  able  to
identify miscarriage risk at the earliest possible time.10

Here,  we  established  an  artificial  intelligence  miscarriage  prediction  (AI-
MP)  platform  to  predict  miscarriage  via  ensemble  learning.  The  proposed
study  provides  the  first  proof  of  principle  for  predictivity  of  pre-pregnancy
serum metabolites, a step forward comparing to pioneering post-conception
works, by advancing a precise prediction up to six months. The established AI
model to predict miscarriage achieves an unprecedented and very important
predictive  target,  which  suggests  a  likely  underlying  mechanism of  histidine
on  miscarriage,  with  supporting  evidences  from  481  blood  samples,  157
specimens of 3 maternal-fetal tissues, and one mouse model. The proposed
AI-MP could predict  miscarriage outcome before pregnancy within  millisec-
onds,  with  a  predictive  precision  of  87%.  The  ensemble  learning  in  AI-MP

revealed  the  critical  impact  of  serum  histidine  level  on  miscarriage,  which
was further  supported by its  significant  elevation in  patients with RSM than
normal  subjects.  Our  study  discovered  a  groundbreaking  value  of  ignored
human  pre-pregnancy  metabolome  on  early  prediction,  and  represented  a
broadly applicable strategy for AI-auxiliary precision medicine. 

MATERIALS AND METHODS 

Human sample collection
Human  pre-pregnancy  peripheral  blood  was  obtained  from  240  women

with clinical normal pregnancy history (the NOR cohort) and 241 women with
recurrent  miscarriage  history  for  unexplained  reasons  (the  RSM  cohort),
recruited  from  September,  2020  to  March,  2021.  Serum  was  separated  by
centrifugation at 1,000 rcf for 15 min at 4°C. Within the RSM cohort, full-term
tracking  was  accomplished  from  154  women,  whose  data  were  used  for
establishing  AI-MP  model.  Demographics  of  donors  were  summarized  in
Table 1 and Table S1.

The  third  cohort  included  100  pregnant  women  recruited  from  January,
2021 to July, 2021 (the pregnant cohort): 57 normal subjects who terminated
their pregnancies for nonmedical reasons, and 43 RSM patients who experi-
enced spontaneous miscarriages for unexplained reasons again. Their preg-
nancies  were  confirmed  by  ultrasound  and  blood  HCG  tests.  In  this  cohort,
three  types  of  specimens  were  collected:  peripheral  blood  (n=40  vs  20),
decidual tissues (n=45 vs  41),  and villus  tissues (n=29 vs  29)  during  gesta-
tional weeks 8-12.

The fourth cohort included 13 normal subjects recruited in July, 2021, who
underwent hysteroscopic  surgery  for  benign  reasons  unrelated  to  endome-
trial dysfunction, such as mild intrauterine adhesion, endometrial polyps, and
hysteromyoma  (the  endometrium  cohort).  Endometrium  samples  were
collected  during  the  proliferative  phase  in  this  cohort.  Demographics  of
donors in  the  pregnant  cohort  and  the  endometrium  cohort  were  summa-
rized in Table 2.

All  published  potential  clinical  predictors  were  considered  as  modelling
input,  including  maternal  age,  body  mass  index  (BMI),  previous  number  of
miscarriages  (PNM),  genetic  factors,  immunological  factors,  thrombophilia,
uterine  factors,  and  endocrine  factors.  In  details,  genetic  factors  included
maternal/paternal chromosome  abnormality  (Boolean)  and  fetal  chromo-
some  abnormality  in  her  previous  miscarriage(s)  (Boolean).  Immunological
factors  included  anti-phospholipid syndrome  (Boolean),  autoimmune  disor-
ders  (Boolean),  and  immune  cell  dysfunction  (Boolean).  Thrombophilia
included factor V Leiden mutation (Boolean), protein S/C deficiency (Boolean),
and  MTHFR  mutation  (Boolean).  Uterine  factors  included  congenital  uterine
malformation  (Boolean),  and  acquired  uterine  malformation  (Boolean).
Endocrine  factors  included  insulin  resistance  (Boolean),  polycystic  ovary
syndrome (Boolean),  and  hypothyroidism (Boolean).  Other  factors  (Boolean)
included  folate  deficiency  (Boolean),  smoking  (Boolean),  and  alcohol
consumption  (Boolean).  The  diagnostic  criteria  of  above  features  followed
clinical  guidelines (the 2022 ESHRE guidelines11 and the 2012 ASRM guide-
lines about RSM12).
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This  study  was  approved  by  the  Scientific  and  Ethical  Committee  of  the
Shanghai First Maternity and Infant Hospital affiliated with Tongji University.
All study participants provided written informed consents. 

Animal experiments
Barrier-raised SPF C57/BL6 mice were purchased from the Model Organ-

ism (Shanghai,  China),  and housed in the animal facility of Model Organism,
Shanghai,  China  with  a  controlled  environment  (22-24  °C  and  60-70% rela-
tive humidity) and a light/dark cycle (12 h light/12 h dark). All animal experi-
ments  were  performed  in  accordance  with  National  Institutes  of  Health
published  Guide  for  the  Care  and  Use  of  Laboratory  Animals,  and  were
approved  by  the  Institutional  Animal  Care  and  Use  Committee  of  Shanghai
Model Organisms. To verify the roles of histidine on pregnancy in vivo, a high
histidine  diet  was  applied  for  the  natural  pregnancy  mouse  model.  Female
mice of eight-weeks age (weight: 19-22 g; n = 24) were divided into two equal
groups using a random number table by body weight, age and litter: standard
diet  (Ctrl)  group  (4.5  g  L-histidine/kg  diet)  and  high  histidine  diet  (Treated)
group  (9  g  L-histidine/kg  diet).13 After two  weeks  of  feeding  with  the  corre-
sponding  diet,  four  mice  from  each  group  were  sacrificed  for  collecting
peripheral  blood  and  uterus  tissues  for  metabolites  detection.  Mild  histidine
supplementation in relatively short duration was adopted with the purpose of
avoiding disturbance of other amino acids. The remaining female mice were
mated with eight C57/BL6 male mice (ten weeks old) to establish pregnancy.
In  details,  one  male  mouse  was  mated  with  two  female  mice  (one  from
control  group  and  the  other  from  treated  group)  per  cage.  Copulation  was
confirmed  by  the  observation  of  vaginal  plugs  on  the  following  morning,
which  was  designated  as  gestational  day  (GD)  0.5.  Immediately,  the  mated
female mice were transferred back to the cages with the corresponding diet,
and housed until sacrificed on GD12.5. The average weight of fetus, litter size
and  absorption  rate  were  recorded.  Embryo  absorption  rate  was  calculated
as follows: percentage fetal loss = R / (R + V) × 100, where R represented the

number of hemorrhagic implantations (sites of fetal loss), and V represented
the number of viable fetuses. 

Quantification and statistical analysis
Data  are  presented  as  the  mean  ±  s.d./s.e.m.  indicated  in  each  figure

legend. Statistical differences were analyzed using GraphPad Prism version 8
(GraphPad  software,  USA).  Two-sided  Student’s  t-tests  were  performed  for
continuous  data.  If  unpaired  data  did  not  have  similar  variances,  Welch’s  t-
test was performed. Differences were considered statistically significant if the
P  values  were  less  than  0.05.  Significance  was  indicated  as  follows:  *,  P  <
0.05; **,  P  <  0.01;  ***,  P  <  0.001;  ****,  P  <  0.0001.  No significance was indi-
cated as ns. 

RESULTS 

Establishment  of  AI  model  to  predict  upcoming  miscarriage  before
conception

In  this  pilot  study,  we  established  two  single-center  prospective  cohorts:
the RSM cohort (n=241) with pre-pregnancy blood draws as well as up to 16
months  follow-up,  and  the  NOR  cohort  (n=240)  including  non-gestational
blood samples from age-matched women without RSM history.  In the RSM
cohort,  87  women  were  excluded  due  to  no  conception  within  six  months
after blood sampling with (n=64) or without (n=15) persistent contraception,
or failure of full-length follow-up (n=8). Among the remaining 154 donors, 41
achieved successful  fertilization  in  3.1  months  (s.d.  0.21  months),  extrapo-
lated by  their  menstrual  cycles,  but  had miscarriage within  7.34 weeks (s.d.
0.37  weeks)  of  gestational  ages  (Figure  1A).  The  other  113  RSM  donors
succeeded  on  delivery  after  taking  similar  time  to  fertilization  (3.12±0.14
months,  no  significance; Figure  1A).  Pre-pregnancy  serum  markers  were
explored in such cohort of high miscarriage risk.

A few leading studies, including ours, highlighted the metabolism dysregu-
lation  in  miscarriage  and  RSM.14,15 We  recently  discovered  rewiring,  and
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Table 1.  Demographics of the NOR and RSM cohorts

Characteristics NOR cohorta RSM cohortb P valuec

Cohort size 240 241

Age (years) (mean±s.e.m.) 30.14±0.24 30.84±0.20 0.07

BMI (mean±s.e.m.) 22.44±0.22 21.98±0.19 0.14

First trimester loss (mean±s.e.m.) 0.00±0.00 2.64±0.07 0.00

Prior live birth (mean±s.e.m.) 0.13±0.02 0.04±0.01 0.00

Notes: a The NOR cohort were nonpregnant women with clinical normal pregnancy history.
b The RSM cohort were nonpregnant women with recurrent miscarriage history for unexplained reasons.
c P-value was calculated by two-tailed unpaired student’s t-test for normally distributed data (Age, BMI) or two-tailed Mann Whitney test for non-normally
distributed data (First trimester loss, Prior live birth).

 

Table 2.  Demographics of the pregnant and endometrium cohorts

Characteristics NOR in prepregnancya NOR in pregnancyb RSM in pregnancyc P valueab P valuebc

Cohort size 13 57 43

Age (years) (mean±s.e.m.) 32.38±0.87 30.51±0.57 32.23±0.88 0.15 0.20

First trimester loss (mean±s.e.m.) 0.00±0.00 0.00±0.00 3.00±0.21 0.000

Gestational age (day) (mean±s.e.m.) 0.00±0.00 49.95±0.85 50.49±0.69 0.40

Notes: a The NOR in prepregnancy were the endometrium cohort. All women underwent hysteroscopic surgery for benign reasons unrelated to endometrial
dysfunction, such as mild intrauterine adhesion, endometrial polyps, and hysteromyoma.
b,c The NOR and RSM in pregnancy were the pregnant cohort. The NOR subjects terminated their pregnancies for nonmedical reasons, and RSM subjects
were abortion patients who had experienced more than two unexplained and consecutive spontaneous abortions. Their pregnancies were confirmed by
ultrasound and blood HCG tests.
abP-value between NOR in prepregnancy and NOR in pregnancy was calculated by two-tailed unpaired student’s t-test for normally distributed data (Age).
bc P-value between NOR in pregnancy and RSM in pregnancy was calculated by two-tailed unpaired student’s t-test for normally distributed data (Age) or
two-tailed Mann Whitney test for non-normally distributed data (First trimester loss and Gestational age).
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dysregulation in RSM, of glutamine metabolism during endometrial decidual-
ization, implicating  amino  acids  as  important  maternal  influencers  on  preg-
nancy.16 Therefore,  we  investigated  whether  amino  acid  profile  in  pre-preg-
nancy  serum  could  estimate  the  risk  of  miscarriage  using  targeted
metabolomics,  with  specificity  and  accuracy  guaranteed  by  in-parallel  full-

coverage  standards  (Figure  1B).  All  published  potential  clinical  predictors
were  also  considered  as  modelling  input,  with  the  purpose  of  optimizing
machine learning (ML) performance, including the basic information (mater-
nal  age,  BMI,  PNM),  genetic  factors  (e.g.,  maternal/paternal  chromosome
abnormality), immunological factors (e.g.,  anti-phospholipid syndrome, APS),

 

Figure 1.  Establishment of AI model to predict miscarriage before pregnancy (A) Timeline of sample collection, conception (last menstrual period), and delivery or miscarriage.
Tracking history of each donor was aligned based on her last menstrual period before the blood draw, denoted as zero on the x axis. (B) Scheme of AI input data. (C) Machine
learning pipeline for miscarriage prediction. XGBoost was applied for training model, and the feature importance was obtained during the iterations. The AI-MP platform was then
developed based on the well-trained model. (D) Precision on the training and testing data during the iterations, shown as mean±s.d. (E) ROC curves on testing data of XGBoost
model  from  10-fold  CVs,  where  the  mean  AUC  was  0.853  (s.d.  0.061).  (F)  Four  evaluation  metrics  of  XGBoost  model  from  10-fold  CVs,  shown  as  mean±s.d.  (G)  Confusion
matrixes on testing data from 10-fold CVs. (H) Importance of each feature to the prediction model, shown as mean±s.d.
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thrombophilia (e.g., factor V Leiden mutation), uterine factors (e.g., congenital
uterine  malformation),  endocrine  factors  (e.g.,  insulin  resistance)  and  other
factors (e.g., smoking) (Figure 1B). To select the most predictive features, we
attempted to construct the model using individual and a limited combination
of features for comparative purposes. Different combinations of features with
different  numbers  of  features  were  chosen  for  establishing  the  predictive
model, which was realized by the randomly sampling function in Python. The
model was trained five times randomly for each case (from test 1 to 5). It is
obvious  that  as  the  number  of  features  increases,  the  model  performance

(precision)  generally  improves.  Finally,  through  iterations  and  optimizations,
nineteen  features  were  testified  by  ML to  be  the  most  predictive  (Figure  S1
and Table S2).

Given  the  instinctive  imbalance  of  sample  sizes  in  cohorts  for  nearly  all
clinical  phenotypes,  limiting  performance  of  logistic  prediction  models  with
bias  towards  the  larger  group,  we  adopted  SMOTE  to  realize  the  data
augmentation  and  obtained  a  balanced  data  (named  BalData)  between
successful and failed pregnancies.17-19 BalData maintained the data distribu-
tion  after  the  SMOTE  oversampling  (Figure  S2).  ML  was  then  applied  to
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Figure 2.  Hyperactive  histidine-histamine  flux  contributed  to  fetal  loss  in  both  human  and  mice (A)  Targeted  metabolome  comparison  between  RSM  patients  and  normal
subjects in pre-pregnancy serum. (B) Targeted metabolome comparison between RSM patients and normal subjects in in-pregnancy serum. (C) Comparison of tissue histidine
concentration among endometrium from normal subjects (EN), decidua from normal subjects (DN), and decidua from RSM patients (DR). (D) Decidual histamine concentration
was significantly higher in RSM patients. (E) Villous histamine concentration was significantly higher in RSM patients. (F) Expression of HDC and DAO enzymes in decidua from
RSM patients or normal subjects. (G, H) Histidine concentration was significantly elevated in pre-pregnancy serum (G) and uterus (H) from mice with high histidine diet (Treated),
comparing to the standard diet group (Ctrl). (I-L) Photos of uterine horns at GD12.5 from mice fed with two different diets, where absorption points were marked by black arrows
(I). Embryo absorptive rate (J), average fetus weight per horn (K), and implantation sites per horn (L) were compared between diets. Number above each bar indicated sample
size. Error bar represented mean±s.e.m. EN, endometrium from normal subjects. DN, decidual tissues from NOR subjects. DR, decidual tissues from RSM patients. VN, Villous
tissues from NOR subjects. VR, Villous tissues from RSM patients. Dec, Decidua. *, p<0.05; **, p<0.01; ***, p<0.001; ****, p<0.0001; ns, non-significant; two-tailed t-test.
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establish a high-precision classification model, with all features as input and
miscarriage outcome as output (Figure 1C). Due to dimensional differences in
amino acid levels and clinical characteristics, we considered XGBoost as the
model  for  training  this  task,20 where  features  were  computed  in  the  internal
tree  nodes  (Figure  1C).  During  the  training  stage,  we  applied  best-subset
selection with 10-fold cross-validations (CVs, where the data set was divided
into ten parts, alternately using nine as training data and one as testing data),
and used grid search method to optimize the hyper-parameters (Figure S3).
Moreover, the implicit feature selection was incorporated into XGBoost train-
ing (embedded feature engineering), which made the model interpretable and
quantified  contribution  of  each  feature  (feature  importance).  Consequently,
based on the well-trained model, we developed an end-to-end AI-MP, which
could  be  used  for  identifying  miscarriage  outcome  in  the  pre-pregnancy
stage within milliseconds (Figure 1C).

The XGBoost algorithm established a stable model within 100 steps of iter-
ations, shown by precision of prediction on each iteration in training data set
as well as in 10-fold CVs of testing set (Figure 1D). The average testing preci-
sion of 0.870 (s.d. 0.050) indicated the high reliability of our AI-MP model. The
performance of AI-MP was further confirmed by the receiver operating char-
acteristic (ROC) curve analysis with the mean area under the curve (AUC) as
0.853 (s.d. 0.061; Figure 1E), as well as by other three metrics: mean recall as
0.854 (s.d.  0.045),  mean F1-score as 0.856 (s.d.  0.048),  and mean accuracy
as  0.855  (s.d.  0.047; Figure  1F).  The  confusion  matrixes  of  testing  set  and
total  data  set  from  10-fold  CVs  (Figure  1G  and Figure  S4) further  demon-
strated  the  generalization  ability  of  the  model  to  successfully  discriminate

success  and  failure  of  pregnancy.  These  high
classification  scores  proved  the  reliability  and
robustness  of  our  model,  and  also  indicated
that  the  tested  pre-pregnancy  markers  had  a
strong  predictive  ability  for  pregnancy
outcomes.  Meanwhile,  we  tested  and
compared the performance of other three tree-
based ML  models:  random  forest  (RF),  gradi-
ent boosting  decision  tree  (GBDT),  and  deci-
sion  tree  (DT),  shown  in Figure  S5 and Table
S3.  Although  RF,  GBDT,  and  DT  models  were
inferior to XGBoost on the testing performance
(precision  =  0.807,  0.859,  0.792,  respectively),
they  all  supported  the  predictive  ability  of  pre-
pregnancy  serum  metabolome  on  miscarriage
risk.  Although  our  AI-MP  model  would  open
new  exciting  windows  for  early  prevention  to
effectively  protect  maternal  and  neonatal
health,  it  was  limited  by  the  miscarriage-
enriched cohort  all  from  Chinese  Han  popula-
tion. Further validation in a broader, unselected
fertile  women  population  of  a  larger  sample
size with diverse ethnicities would be essential

to develop AI-MP to a clinical test.
Our  pilot  study  revealed  the  ability  of  pre-pregnancy  markers  to  precisely

assess the miscarriage risk in the upcoming gestation, independent from any
post-conception  indicators,  consolidating  the  strong  influence  of  maternal
factors on successful pregnancy. To explore the underlying biological mech-
anism  of  AI-MP,  the  embedded  feature  engineering  was  accomplished  to
decode  contribution  of  each  marker  to  the  model.  The  leading  contributor
was  previous  number  of  miscarriages  with  a  feature  importance  of  10.19%
(Figure  1H),  which  agreed  well  with  the  previous  clinical  observation  that
miscarriage risk rose approximate 10% for each additional miscarriage, up to
42%,  in  women  with  more  than  two  previous  miscarriages.5 In  accordance
with  our  previous  findings,21 glutamine was  indeed  a  predictor  for  miscar-
riage  risk  with  a  feature  importance  of  7.87%.  More  intriguingly,  pre-preg-
nancy serum level  of  histidine contributed the second largest  (8.14%) to  AI-
MP,  serving  as  the  most  important  feature  among  all  amino  acids  (Figure
1H). 

Hyperactive  histidine-histamine  flux  contributed  to  fetal  loss  in  both
human and mice

We next asked how histidine was involved in pregnancy and dysregulated
in miscarriage. Given that pre-pregnancy histidine level was predictive to the
following  miscarriage  outcome  in  RSM  patients,  we  further  compared  this
indicator between the RSM cohort, as a collectivity of substantial miscarriage
risk,  and  the  NOR  cohort.  A  notable  accumulation  of  histidine  was  indeed
observed in serums from RSM patients before pregnancy (Figure 2A, Figure S6A).

 

Figure 3.  Uterine  spiral  artery  remodeling  and
trophoblast  invasion  in  mice  under  different
diets (A) Representative  photomicrographs  depict-
ing  mIF  labelings  for  angiogenesis  markers  CD31
(Red)  and  α-SMA  (Green),  endothelial  marker  vWF
(Violet)  and  trophoblast  infiltration  marker  CK7
(Pink)  observed  in  Ctrl  and  Treated  groups  at
GD10.5  (n=5)  and  GD12.5  (n=5).  (B)  The  depth  of
CK7+ trophoblast  infiltration  into  uterus  was
compared between diets at GD10.5 and GD12.5. (C)
The  assessment  of  spiral  artery  remodeling  by  the
ratio  of  wall/lumen  between  groups  at  GD10.5  and
GD12.5. α-SMA was strongly expressed in the spiral
artery walls  and  used  to  measure  artery  wall  thick-
ness  and  lumen  diameter.  DAPI  (Blue)  was  labeled
to visualize nuclei. Scale bar = 500 μm for all panels.
Orange  bar  represented  the  depth  of  CK7+

trophoblast infiltration  into  uterus.  Error  bar  repre-
sented mean±s.e.m. *,  p<0.05; **,  p<0.01; two-tailed
t-test.
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Surprisingly,  such  deviation  became  non-significant  in  serums  collected
during the first trimester (Figure 2B, Figure S6B),  highlighting the unique, yet
often ignored, predictive value of pre-pregnancy serum. In the decidua, histi-
dine  level  was  also  trending  to  elevate  in  RSM  subjects,  without  statistical
significance though, possibly due to limited sample size (Figure 2C). Consid-
ering the decline of histidine level during normal endometrial  decidualization
(Figure  2C),  we  hypothesized  that  excessive  circulating  histidine  might  be
converted in uterus to overstocked downstream metabolites. Physiologically,
after  transported into  cells  from peripheral  blood,  histidine  is  catabolized by
HDC into histamine,  which can be released into extracellular  space by mast
cells upon specific stimuli and degraded by DAO.21 Both these two enzymes
are  highly  induced  during  the  normal  pregnancy.22-24 Inordinate  maternal
histamine  levels  and  reduced  plasma  DAO  activities  have  been  reported  to
associate with pregnancy disorders, such as RSM, intrauterine growth retar-
dation,  and  premature  rupture  of  membranes,23,25,26 likely  through  excessive
inflammatory  response,  and  immoderate  constriction  on  spiral  artery  or
gestational myometrium.23 Accordingly, a notable accumulation of histamine
was observed in decidua of RSM patients (Figure 2D), as well as in its partner
within  the  maternal-fetal  interface,  the  villus  tissues (Figure  2E).  Conversion
from histidine  to  histamine  was  probably  dysregulated  in  RSM by  chemical
potential  of  raised  histidine  concentration,  instead  of  the  catalyzing  rate,
evidenced  by  comparable  expression  of  HDC  between  RSM  and  normal
subjects  (Figure  2F). Additionally,  compromised  DAO  expression  and  there-

after reduction of histamine degradation would
contribute  to  its  accumulation  synergically
(Figure  2F).  These  findings  suggested  that  the
clinically  insightful  histidine  level  in  pre-preg-
nancy  serum  would  cause  miscarriage  by
hazardous  histamine  excess  in  maternal-fetal
interface at early pregnancy.

To  further  validate  the  causality  between
histidine  and  miscarriage,  beyond  their  strong
correlation in human serum and maternal-fetal
interface  tissues,  we  examined  fertility  of  the
mice  modelled  with  a  high-histidine  diet.
Twenty-four female mice were randomized into
cages  with  either  Treated  group  or  Ctrl  group.
Two  weeks  later,  high-histidine  diet  led  to  a
notable  accumulation  of  histidine  in  both
serum (Figure 2G) and uterus (Figure 2H), with-
out malabsorption of other amino acids (Figure
S6C  and  S6D).  Female  mice  were  then  re-
assigned  to  twelve  new  cages,  each  of  which
hosted  one  Treated  female  mouse,  one  Ctrl
female  mouse  and  one  standard-diet  male
mouse  for  mating  in  a  randomized  way.  After
the confirmation of  vaginal  plugs,  female  mice
were  transferred  back  to  the  corresponding
cages  with  differential  diets,  and  their  wombs
were  surgically  examined  on  GD12.5.  Embryo
loss  was  prominently  induced  in  female  mice
fed  with  the  high-histidine  diet  (Figure  2I,  2J),
along  with  inhibited  average  fetus  weight
(Figure  2K).  Meanwhile,  the  implantation  sites
were  similar  between  the  two  diets,  indicating
unaffected  ovulation  and  fertilization  (Figure
2L).

During pregnancy, extravillous trophoblast remodeling of the uterine spiral
arteries is essential for promoting blood flow to the placenta and fetal devel-
opment.27 Inadequate expansive remodeling of the spiral arteries and abnor-
mal  trophoblast  invasion  may  lead  to  early  pregnancy  loss.28 To  further
analyze the possible mechanism of histidine intake on early pregnancy loss,
we next performed multiplex immunofluorescence (mIF) staining to estimate
uterine  spiral  artery  remodeling  and  trophoblast  invasion.  We observed  that
the depth of CK7+ trophoblast infiltration into the uterus was decreased in the
Treated group compared with the Ctrl group (Figure 3A, 3B). Using CD31 and
α-SMA  to  label  the  wall  and  lumen  of  spiral  artery,  respectively,  poor  spiral
artery  remodeling  can  be  represented  by  thick  wall  and  narrow  lumen.  Our
staining data indicated that the high histidine diet led to impaired spiral arter-
ies  remodeling (Figure  3A,  3C),  suggesting that  the  high histidine  diet  might
increase the risk of pregnancy loss through deficient extravillous trophoblast
remodeling of  the uterine  spiral  arteries.  These observations deciphered the
mechanism of  histidine  on  miscarriage,  behind  its  predictive  contribution  to
AI-MP. 

Development of visual tools for clinical diagnosis
Our pilot  study unveiled the implication of  hyperactive  histidine-histamine

metabolism flux in miscarriage using human maternal tissues and a mouse
model  (Figure  4A).  More  importantly,  histidine  serum  level,  along  with  other
pre-pregnancy  biomarkers,  could  precisely  predict  miscarriage  risk  of  the
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Figure 4.  Revelation  of  AI-MP  and  its  platform
interface (A) Working model  for  the excessive histi-
dine as  the  predictor  of  miscarriage.  ECSA,  exces-
sive  constriction  on  spiral  artery;  ECGM,  excessive
constriction on gestational myometrium; ERI, exces-
sive  inflammatory  response.  (B)  Interface  of  AI-MP
platform.  The  Software  Copyright  for  AI-MP  has
been  registered  in  China  with  No.  2022R11S
0268771.
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upcoming pregnancy via our proposed AI-MP model.  To facilitate the broad
validation  and  thus  translational  application  of  our  model,  we  developed  an
interactive  platform for  miscarriage prediction based on the  well-trained AI-
MP, of which the interface was shown in Figure 4B (see command-line inter-
face in Figure S7, a detailed manual in Note S1, and codes public in GitHub).
Clinicians could input data with ease and use our model to predict (click the
“Run  AI-MP” button)  the  miscarriage  outcome  in  negligible  time  (5  ms).
Moreover,  the  AI-MP  platform  would  allow  investigators  to  further  optimize
models with  emerging  data  and  customized  parameters  for  better  perfor-
mance. 

DISCUSSION
Histidine  is  an  essential  amino  acid  involved  in  various  biological

processes,  including  antioxidant  properties,  proton-buffering  power,  and
metal ion chelation.21,29 It has been reported that dietary histidine supplemen-
tation can improve tissue repair,  defend the skin from atopic dermatitis,  and
regulate  neurological  disorders,  among  other  benefits.30,31 However,  excess
histidine supplementation  may  also  induce  side  effects,  such  as  hyperc-
holesterolemia and liver enlargement.31,32 Increased ammonia level,  resulting
from excess histidine catabolism, may exert detrimental effects, especially in
individuals with impaired liver function.33 It is worth noting that RSM patients,
particularly  those  with  APS,  commonly  use  anticoagulant  drugs  such  as
aspirin  and  low-molecular-weight  heparin  (LMWH).34 Hepatotoxicity  with
LMWH is a relatively common adverse reaction in RSM patients.35 Given that
RSM patients have significantly higher serum histidine levels, it appears that
they might be more susceptible to high histidine-induced miscarriage.

Liver  is  one  of  the  first  organs  to  form  during  embryonic  development.36

During early  embryogenesis,  the  liver  bud  emerges  from  the  foregut  endo-
derm  and  begins  to  grow  and  differentiate.37 In  our  mice  experiments,  we
found  that  a  high-histidine  diet  could  lead  to  embryo  loss.  Studies  have
suggested  that  impaired  liver  development  is  associated  with  an  increased
risk  of  fetal  loss  or  miscarriage.38 These  conditions  often  involve  defects  in
bile duct formation, hepatic vasculature, or hepatobiliary development, which
can  compromise  liver  function  and  disrupt  essential  metabolic  processes
crucial for fetal growth and development. It could be hypothesized that a high-
histidine diet might impair embryonic liver development, thus resulting in fetal
loss. Histidine overload might impede early liver development and be harmful
to embryonic health, even lead to embryo loss. Due to the limitation that we
could  not  dissect  embryonic  liver  tissues  from  absorbed  embryos,  earlier
embryos  need  to  be  collected  in  future  studies  to  further  investigate  the
effects of histidine intake on embryonic liver development.

Excitingly, the establishment of the AI-MP model relies only on a noninva-
sive  pre-pregnancy  blood  test  and  basic  clinic  information,  making  it  cost-
effective for healthcare systems with limited resources. Notably, the potential
clinical utility of the AI-MP model is enormous due to its high accuracy, early
detection  prior  to  pregnancy  establishment,  and  clinical  benefits,  such  as
reducing miscarriage incidence, improving pregnancy outcomes, and guiding
personalized treatments.  Nonetheless,  the predictive performance of  the AI-
MP model in the general population remains unclear, as it was trained in the
RSM  cohort.  Validation  beyond  RSM  patients  is  highly  valuable  yet  largely
challenging due to the following reasons: (1) The miscarriage rate is very low
among  NOR  women  (approximately  3%  in  our  hospital),  thus  requiring  an
enormous sample size to evaluate model performance in the NOR cohort. (2)
Unlike  RSM  patients,  who  are  more  likely  to  actively  prepare  for  pregnancy,
participants  of  the  NOR  cohort  are  uncertain  about  their  pregnancy  plans.
This causes huge difficulty to obtain serum samples within six months before
conception.  (3)  After  blood  draw  for  various  clinical  reasons,  only  a  small
portion  of  the  NOR  cohort,  if  they  conceive,  choose  the  same  hospital  for
prenatal check-ups, increasing the difficulty and error rate of outcome follow-
up. Additionally, even if a large NOR cohort with enough tracked miscarriages
is accomplished, conducting targeted metabolomics on such a large sample
size poses a significant budgetary challenge.

It is worth noting that SMOTE is widely used to address class imbalance in
machine  learning  by  generating  synthetic  samples  for  the  minority  class.  It
helps  models  learn  more  effectively  from  limited  data  by  providing  a  more
balanced training set. However, SMOTE may introduce noise, especially if the
minority class is highly diverse or the synthetic samples do not represent real-

world scenarios accurately. Over-sampling can also lead to overfitting, partic-
ularly  when  combined  with  high-dimensional  data,  which  is  an  important
consideration when handling clinical medical data.

Overall,  the  AI-MP  model  has  the  potential  to  streamline  and  improve
healthcare  practices  by  reducing  costs  and  optimizing  resource  allocation.
However, several ethical concerns must be addressed prior to the implemen-
tation  of  the  AI-MP  model  as  well  as  other  predictive  models.39,40 Informed
consent  is  a  critical  ethical  principle.  Patients  must  be  fully  informed  about
the  optional  use  of  the  predictive  model  in  their  care  and  which  personal
information and test results are involved. Individuals have an inherent right to
privacy  and  confidentiality  regarding  their  reproductive  health  information,
necessitating robust data security to prevent breaches and unauthorized use.
To be  noted,  the  application  of  established  models  generally  requires  mini-
mal  computer  performance  and  can  be  achieved  within  the  intranet  of  a
hospital.  Patient  voluntariness  is  essential,  ensuring  that  they  can  choose
whether  or  not  to  participate  in  using  the  predictive  model  without  feeling
coerced, thus respecting their autonomy. The psychological impact of predic-
tive  information  on  patients  must  be  considered,  as  predictions  of  high
miscarriage  risk  can  cause  significant  distress.  It  is  crucial  to  provide  clear
explanations  of  how  the  AI-MP  model  reaches  its  conclusions  and  how  to
interpret its prediction result.  While the AI-MP model may reduce healthcare
costs in the long term, evaluating its cost-effectiveness requires comprehen-
sive  input  from  clinical  economics  experts  and  policymakers.  Regulatory
frameworks  must  evolve  to  keep  pace  with  technological  advancements,
ensuring  that  AI  systems  meet  ethical  standards  and  do  not  pose  undue
risks.41,42 By addressing these ethical considerations, the AI-MP model can be
responsibly  integrated  into  healthcare,  enhancing  patient  outcomes  and
system efficiency while maintaining high ethical standards. 

CONCLUSION
Currently,  the  continuing  conviction  that  miscarriages  are  unavoidable

causes  a  pervasive  attitude  of  acceptance  of  miscarriage  in  the  healthcare
system and broader society.3 The pressure is mounting to change the status
quo.  Our  study  holds  the  promise  of  early  prevention  and/or  intervention
against  miscarriage  by  providing  a  precise  prediction  up  to  six  months  in
advance,  compared  to  relying  on  biomarkers  or  clinical  symptoms  during
pregnancy. A noninvasive pre-pregnancy blood test is likely to be an informa-
tive and reliable indicator for both maternal and neonatal health.
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