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Abstract: (1) Background: Although diagnostic criteria for massive hemorrhage with organ
dysfunction such as disseminated intravascular coagulation associated with delivery have been
empirically established based on clinical findings, strict logic has yet to be used to establish
numerical criteria. (2) Methods: A dataset of 107 deliveries with >2,000 g of blood loss, among 13,368
deliveries from nine national perinatal centers in Japan between 2020 and 2023 was obtained.
Twenty-three patients had fibrinogen levels <170 mg/dl, which is the initiation of coagulation
system failure per our previous reports. Three of these patients had hematuria. We used six machine
learning methods to identify the borderline criteria dividing the fibrinogen/fibrin/fibrinogen
degradation product (FDP) planes, using 15 coagulation fibrinolytic factors. (3) Results: The
boundaries of hematuria development on a two-dimensional plane of fibrinogen and FDP were
obtained. If the FDP—fibrinogen/3-60 (mg/dl) value is positive, this indicates hematuria; otherwise,
the case is non-hematuria, as demonstrated by the support vector machine method that seemed the
most appropriate. (4) Conclusions: The borderline criterion dividing the fibrinogen/FDP plane for
patients with hematuria that could be considered organ dysfunction in massive hemorrhage during
delivery was obtained using artificial intelligence, and this method seemed to be useful.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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1. Introduction

Massive hemorrhage continues to be one of the most severe complications in pregnant women.
Massive hemorrhage during delivery can be classified into consumption coagulopathy with
coagulation abnormalities, such as disseminated intravascular coagulation (DIC) resulting from
abruptio placentae, and dilutional coagulopathy without coagulation abnormalities, such as atonic
bleeding [1]. DIC is a systemic disease affecting the coagulation system, simultaneously causing
procoagulant factor activation, fibrinolytic activation, and consumptive coagulopathy that can
ultimately lead to organ dysfunction and death [2]. As DIC can be significant causes of maternal
mortality, the pathogenesis of the disease needs to be understood. DIC should be appropriately
diagnosed because massive hemorrhage during delivery due to consumption coagulopathy may
require treatment for correction of coagulation abnormalities. DIC during pregnancy is one of the
chief causes of maternal mortality worldwide [3], with a frequency of 0.03% [4] to 0.35% [5]. DIC can
originate from and cause damage to the microvasculature; this, if sufficiently severe, can lead to organ
dysfunction [6]. However, although numerical diagnostic criteria for DIC associated with delivery
have been empirically established based on clinical findings such as the presence or absence of organ
dysfunction and laboratory findings of coagulation and fibrinolysis factors, strict logic has yet to be
used to establish numerical criteria.

Fibrin/fibrinogen degradation products (FDPs) represent a key factor concerning DIC. Excessive
FDP with diminished or normal systemic fibrinolytic activity suggests that local intravascular fibrin
deposition and fibrinolysis occurred in normal parturition and in bleeding complications in
pregnancy [7]. We reported the criterion values of coagulation and fibrinolytic system collapse based
on FDP, focusing on the fibrinogen behavior, using mathematical methods such as data distribution
function evaluation and differential equations in massive hemorrhage during delivery without organ
dysfunction [8]. When the fibrinogen level fell below 237 mg/dl, the FDP distribution became
abnormal, which began the abnormal coagulation/fibrinolysis system. When it fell below 170 mg/dl,
the coagulation/fibrinolysis system failed (P<0.05). The borderline value of FDP in organ dysfunction
cases was expected to be even higher. This classification showed good agreement with the clinical
status [9].

Artificial intelligence (Al) has recently become a more common and easily applied tool in
medical science. Some Al applications involve medical imaging [10-20], though some do not [21-25].
Machine learning is part of the concept of Al and can acquire rules for judging unknown data by
learning patterns latent in the data. Machine learning enables the learning and classification of
observed data. An optimal method can be chosen from among various machine learning algorithms.
Machine learning can computationally classify the data, resultantly determining the data boundaries.

The present study was a prospective study in which we collected cases of massive hemorrhage
during delivery with hematuria that could be assumed as organ dysfunction, and we developed a
method to mathematically determine the FDP boundaries for hematuria.

We used the method to analyze 15 coagulation/fibrinolysis-related factors, selecting factors that
correlate with fibrinogen and FDP and that would facilitate rapid clinical results and avoid
multicollinearity with each other. Then, after performing supervised learning using machine
learning, we determined the criterion line dividing the plane of fibrinogen and FDP. We used the
same factors selected to create a discriminant analysis function [26] to obtain the boundaries, which
we compared with the boundaries created by machine learning.

2. Materials and Methods

This multicenter prospective case series study including human subjects was approved by the
National Hospital Organization (NHO) Central Research Ethics Committee (R1-1009002). The
participants were women who gave birth at any of nine NHO perinatal centers (NHO Okayama
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Medical Center, NHO Saga Hospital, NHO Nagasaki Medical Center, NHO Mie Chuo Medical
Center, NHO Higashihiroshima Medical Center, NHO Kure Medical Center, NHO Kyoto Medical
Center, NHO Shikoku Medical Center for Children and Adults, and NHO Kokura Medical Center)
in Japan between August 2020 and September 2023. We used fully deidentified data for deliveries
with >2,000 g of blood due to hemorrhage within 24 hours after delivery. Blood sampling was
performed when needed, and blood test data analyzed in the study were collected. Obstetric
management, blood product transfusion, and determining the cause of bleeding were performed at
the attending physicians’ discretion at each center. Data from the first measurement for each patient
were used for analysis.

All procedures were performed in accordance with the ethical standards of the responsible
committees on human experimentation (institutional and national) and the Helsinki Declaration of
1964 and its later amendments. Written informed consent was obtained from all patients for which
identifying information is included in this article.

Based on the results of our previous study [8], we used only data for fibrinogen <170 mg/dl,
which was a criterion for coagulation system failure. In the present study, we defined the appearance
of hematuria as organ dysfunction.

Let the set of factors of the complete data obtained be {a,3,v, ...}. Let {a,3,, ...} be the set of factors
of the complete data obtained. Let A and B be the sets of factors significantly related to element a and
another element 3, respectively. Here, a contribution rate >0.49 is used as the criterion. The elements
of the AUB set are classified into the following sets P, Q, R.

P={x|lx€Axé&Bx¢gd}..(~»1)

Q={yly¢ A yeEBy¢d}... (2

R={z|z€Az€B,z¢ &} .... (3)
, where cr(v,w) is the contribution rate between v and w, then,

cr(xs, x;) <CR; s #t,Vx;, E P,Vx, EP .... (4)
cr(Ys,¥:) < CR; s #t,Vy; € Q,Vy, €Q .... (5)

cr(zg,z;) < CR; s # t,Vz;, ER,Vz, ER .... (6)

Here, CR = 0.64. When N(P), N(Q), and N(R) are the number of elements in P, Q, and R, respectively,
we have the following vectors,

{a,ﬁ, xl, xz, ...,xN(p), ylﬂ yz, ...,yN(Q),Zl,Zz, "'JZN(R)} ceee (7)

The classifiers were created by labeling cases with and without organ dysfunction and by
performing supervised machine learning. We used logistic regression [27], random forest [28],
nearest neighbors [29], naive Bayes [30], neural network [31], and support vector machine [32] as
machine learning methods.

Then, when the regression functions are f, g, and A,

% =fi(a); i=1{12..,NP)} .... (8)
yi=9;)j=1{12,..,N@Q)} ....9)

% = h(a,B); k=1{1,2,..,N(R)} .... (10)

do0i:10.20944/preprints202402.1495.v1
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{a,ﬁ, il’ fz, ""jN(P)'yl’ }72, ...,yN(Q),ZN:l,ZNz, ’ZN(R)} e (11)

This vector was substituted into the classifier to obtain the classification in {a,3}. In this study, a
and {3 were calculated as fibrinogen and FDP, respectively.

Next, a discriminant analysis was performed using this vector.

Then, a single regression function & = f(f) was obtained using the same method with
fibrinogen as the dependent variable and FDP as the independent variable. The organ dysfunction
criterion values for FDP alone were then determined.

We examined the performance of each machine learning method, and comprehensively
determined the optimal boundary criterion.

Development environment for analysis and statistics

The computing environment comprised a Mac Pro running OS X 13.1 (Apple Inc.; Cupertino,
CA, USA) and Mathematica 13.0 (Wolfram Research; Champaign, IL, USA). The data distribution
analysis, discriminant analysis, linear regression analysis, machine learning, Mann-Whitney test, and
t-test were carried out with this setup.

3. Results

During the study period, 322 women fulfilled the inclusion criteria from among 13,368 deliveries
at all participating centers. Of these women, 132 were enrolled, while 25 were excluded because
required data were missing. In this study’s final sample of 107 women, there were 23 with fibrinogen
<170 mg/dl. Three were classified as organ dysfunction cases because they had hematuria
corresponding to marked activation of the coagulation-fibrinolytic system, while the remaining 20
were non-organ dysfunction cases. Antiplasmin (AP), activated partial thromboplastin time (APTT),
antithrombin (AT), D-dimer, FDP, fibrin monomer complex (FMC), fibrinogen, hemoglobin (Hgb),
Hgb/fibrinogen, hematocrit (Hct), a2 plasmin inhibitor plasmin complex (PIC) [33], platelet (Plt),
prothrombin time (PT-sec) [5], prothrombin time-international normalized ratio (PT-INR), and
thrombin antithrombin complex (TAT) [33] were obtained as factors for the complete data. Among
these 15 factors, those with a significant difference between patients with organ dysfunction and
without organ dysfunction were FDP, D-dimer, TAT, Hgb/fibrinogen, fibrinogen, PT-sec, and PT-
INR in the t-test, and FDP, D-dimer, TAT, Hgb/fibrinogen, fibrinogen, PT-INR, PT-sec, and PIC in
the Mann-Whitney test in descending order of P-value from the t-test (Table 1). In both tests, FDP
had the most statistically significant difference.

Table 1. Comparison of factors for organ dysfunction and non-organ dysfunction cases in data with
fibrinogen <170 mg/dl. Factors are listed in order of decreasing P-value of t-test.

Mann-
t-
Organ Dysfunction (Hematuria) Non-Organ Dysfunction Test Whitney
es
Test
Me 0.25 0.75 Me 0.25 0.75 P-
Fact Meant M M . . . Mean M M ) ) .
. dia quanti quanti . dia quanti quanti valu P-value
ors SD in  ax +SD in  ax
n le le n le le e
94 61 1.03
FD 9558+ 1752+ 0. 17.3
7 9% 96 94.73 96 .6 3.01 2416  x10- 0.0053
P 0.73 16.8 72 1
3 4 7
350.63 13 3.32
49 425, 47.77 + 21  34.0
DD * 5. 135.4 491 3 10.61 479 x10-  0.0092
1 5 54.65 9 5
189.25 4 6
2.80
TA 120.+ 12 12 6753+ 15 12 63.2
120 120 120 19.9 113 x10- 0.0319

T 0.0 0 0 42.88 4 0 5
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Hg 56 19 30
139.08 162. 6142+ 11 539 0.00
b/fb 9 73 56.96  197.37 1 4264 6667 0.0399
+73.17 9 24.9 2 6 09
g 6 7 8
59.67 + 122.82 16 127. 0.00
fbg 38 79 62 38 79 50 103 1438 0.0198
20.6 +34.2 9 5 57
PT- 173+ 15 19. 1362+ 10 18 0.01
166 156 197 132 12 144 0.0318
sec 214 6 7 224 1 2 45
PT- 161+ 1. 18 122+ 0. 0.01
153 146 184 2 111 106 122 0.0317
INR 02 46 4 025 9% 74
3813+ 17  68. 887+ 0. 27 0.19
PIC 284 177 683 645 2 14.6 0.0121
2667 7 3 802 3 3 62
4533+ 53.7 + 0.34
AP 32 55 49 32 55 34 93 525 4 56 0.4107
11.93 14.28 79
52.67 + 452+ 0.39
AT 3 72 52 34 72 27 8 43 39 49 0.4364
19.01 13.15 25
AP 543+ 39 76 4628+ 29 93 40.6 0.46
472 393 764 325 518 0.3858
TT 1954 3 4 1705 7 6 5 24
166.33
FM 25 18412 19 25 0.74
+ 27 22 27 250 250 124 250 0.6223
C 0 +8387 2 0 77
121.48
Hg 737+ 4 10 682+ 10 0.76
75 45 10.1 5 685 56 7.3 0.6809
b 2.8 5 1 1.26 2 92
10533 14 99.65 + 18 0.78
Plt 76 96 76 144 39 88 78 119 0.8190
+34.95 4 33.7 3 87
218+ 13 29 20.78 + 30 0.84
Het 24 135 295 15 207 173 225 0.7492
802 5 5 3.74 6 73

AP, antiplasmin; APTT, activated partial thromboplastin time. AT, antithrombin; DD, D-dimer; fbg, fibrinogen;
FDP, fibrin/fibrinogen degradation products; FMC, fibrin monomer complex; Hgb, hemoglobin; Hct, hematocrit;
PIC, a2 plasmin inhibitor/plasmin complex; Plt, platelet; PT, prothrombin time; PT-INR, prothrombin time-
international normalized ratio; SD, standard deviation; TAT, thrombin antithrombin III complex.

Among the 13 factors other than fibrinogen and FDP, Hgb/fibrinogen, PT-sec, and PT-INR were
strongly correlated with fibrinogen, while D-dimer and PIC were strongly correlated with FDP. To
avoid multicollinearity, regression functions were created to obtain Hgb/fibrinogen and PT-sec from
fibrinogen and D-dimer from FDP (Table 2).

Table 2. Regression functions from fibrinogen to Hgb/fbg and PT-sec and from fibrin/fibrinogen
degradation products to D-dimer while avoiding multicollinearity.

Formula Estimate + SE P-Value AIC R-Squared
Bo, 174.41 +
15.277; Po, 1.81x1071; 31, 5.31x107  213.79 0.7057
1, —0.898 +0.126
o, 19.681 + 1.118;

Hgb/tbg = fo+{1
Fbg

Pl-sec=frepifbg o i, oogo P 4801075 B, 330105 9354 0.5679
o Bo, 9.535
= dm]‘_%P Potp: 20.235; Bo, 0.642; B1; 524x107 26583 07061
B1, 3.4946 + 0.492

AIC, Akaike’s information criterion; fbg, fibrinogen; FDP; fibrin/fibrinogen degradation products, Hgb,
hemoglobin; PT, prothrombin time; SE, standard error.

Figure 1 shows the hematuria boundaries that, based on machine learning, could be recognized
as organ dysfunction in massive hemorrhage during delivery. In previous studies [8], the reference
values for fibrinogen were 237 mg/dl and 170 mg/dl for the onset and breakdown of coagulopathy,
respectively. Machine learning was used to perform supervised learning on cases with fibrinogen
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levels <170 mg/dl. The patient was considered to have hematuria if the estimated probability of
developing hematuria by each machine learning method was >0.5. The crude areas where organ
dysfunction occurs are: logistic regression: FDP >75 mg/dl; naive Bayes: fibrinogen <100 mg/dl and
FDP >30 mg/dl; nearest neighbors: fibrinogen <120 mg/dl and FDP> 80 mg/dl; neural network: FDP
>50 mg/dl; random forest: fibrinogen <150 mg/dl and FDP> 40 mg/dl; and support vector machine
shows that if the FDP—fibrinogen/3-60 (mg/dl) value is positive, this indicates hematuria; otherwise
the case is non-hematuria because FDP decreases from 100 to 60 mg/dl as the fibrinogen level
decreases from 120 mg/dl to zero.

Logistic regression Naive Bayes Nearest ncighbors

2
&

3 3 E 3
e —

FDP (mgidl)
FDP (mgidl)

EDP (mgidl)

=== T R R
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Figure 1. Boundary of hematuria occurrence in heavy bleeding during delivery by machine learning,
i.e., the boundary of organ dysfunction occurrence. The results of each machine learning method are
shown in two sets of figures. The left figure of the set shows the scatterplot of the data and the
boundaries of the hematuria occurrence, and the right shows the contours of the estimated probability
of hematuria occurrence, divided into 10 segments from 0% to 100%.

For the left figure of each method, black areas indicate areas of organ dysfunction. The green,
yellow, red, and black dots indicate cases without coagulopathy, with coagulopathy, with disrupted
coagulopathy, and with organ dysfunction, respectively. Our previous study used fibrinogen criteria
values of 237 and 170 mg/dl for the development and disruption of coagulopathy, respectively.?
Machine learning was trained on red and black cases with fibrinogen levels <170 mg/dl. The crude
areas where organ dysfunction occurs are: logistic regression; FDP >75 mg/dl, naive Bayes; fibrinogen
<100 mg/dl and FDP >30 mg/d], nearest neighbors; fibrinogen <120 mg/dl and FDP >80 mg/dl, neural
network; FDP >50 mg/dl, random forest, fibrinogen <150 mg/dl and FDP >40 mg/dl; support vector
machine shows that the boundary by whether FDP—fibrinogen/3-60 (mg/dl) is positive because FDP
decreases from 100 to 60 mg/dl as the fibrinogen level decreases from 120 mg/dl to zero.

In the contour graph on the right figure of each method, as shown in the legend bar, the darker
the color, the higher the probability of hematuria. If the estimated probability of developing
hematuria was >0.5, the patient was considered to have hematuria in the left figure. As coagulopathy
is generally accompanied by a fibrinogen decrease and FDP increase, support vector machine, neural
network, and naive Bayes, whose contour lines change stepwise, seemed to be a good fit.

The boundary by support vector machine method that does not include the fibrinogen 170 mg
boundary seemed most appropriate for clinical use.

Table 3 shows the performance of classifiers on the boundaries in the fibrinogen and FDP planes
of hematuria occurrence by the different machine learning methods. All methods demonstrated high
accuracy values >0.91. All methods demonstrated high values of the area under the characteristic
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curve (AUC) >0.95. Class mean class entropy [34,35] was smaller in the logistic regression, naive
Bayes, and neural network methods.

Table 3. Comparison of the performance of classifiers on the boundaries in the fibrinogen and
fibrin/fibrinogen degradation product planes of hematuria occurrence in parturient hemorrhage by
different machine learning methods. All methods demonstrated high accuracy values >0.91. All
methods demonstrated high AUC values >0.95. Class mean class entropy was smaller in the logistic
regression, naive Bayes, and neural network methods.

Class  Cohen F1 PPV, L .
Accurac Mean . . Sensitivit  Specificit
AUC s Scor Precisio
y*SD Class y, Recall y
Kappa e n
Entropy
Logistic
1. + 1.417x10-
regressio 8(;(;+ 1.000 4x 0 1.000 1.000 1.000 1.000 1.000
N .
Naive 09565+ 0.958 5.097x10- 0.8321 0.857 0.7500 1.000 0.950
Bayes 0.04 3 5 1
Nearest 4 500+
neighbor 0.22 1.000 0.3285 1.000 1.000 1.000 1.000 1.000
. .
Neural = 1.000£ ) ;00 2253107 005 1000 1.000 1.000 1.000
network 0.22 5
R 9130 + 7
andom 09130+ o0 o407 07013 O 0.6000 1.000 0.9000
forest 0.06 0
Support
vector 0.9565 + 1.000 0.4967 0.7767 0.800 1.000 0.6667 1.000
. 0.04 0
machine

AUC, area under the characteristic curve; SD, standard deviation.

Figure 2 shows the boundaries of hematuria occurrence in massive hemorrhage during delivery,
based on discriminant analysis. The boundary was a straight line connecting (0, 50) and (170, 68) in
the fibrinogen-FDP coordinates. The discriminant function was: 50.693 — 0.00106 x fibrinogen —
0.52723 < FDP - 0.04314 x Hgb/fibrinogen-0.6978 x PT-sec — 0.02844 x D-dimer; 11>=0.775 meaning
moderate fit (P = 3.37x10-9), error probability = 0.4186%.

The FDP criterion value for hematuria development was determined from the FDP value alone,
independent of fibrinogen. The relationship between fibrinogen and FDP was = f,+
Bix; x; FDP,y; fibrinogen, B, = 132.905 + 9.571 (P = 4.719 x 107'2), 8;; —0.6613 + 0.2327 (P =
9.760 x 107%),R? = 0.278. Table 4 shows the comparison of the performance of the classifiers by
machine learning method. The FDP criteria were 84.96, 101.16, 73.38, 86.94, 92.23, and 79.67 for
logistic regression, random forest, nearest neighbors, naive Bayes, neural network, and support
vector machine, respectively. All AUC values were >0.958, and the positive diagnostic rate was
excellent, at 20.956, except for random forest.
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Figure 2. Boundary of hematuria occurrence in major hemorrhage at parturition by discriminant
analysis; i.e., the boundary of organ dysfunction occurrence. Black areas indicate areas of organ
dysfunction. The green, yellow, red, and black dots indicate cases without coagulopathy, with
coagulopathy, with disrupted coagulopathy, and with organ dysfunction, respectively. Our previous
study used fibrinogen criteria values of 237 and 170 mg/dl for the development and disruption of
coagulopathy, respectively.® The boundary was a straight line connecting (0, 50) and (170, 68) in the
fibrinogen-FDP coordinates. The discriminant function was: 50.693 — 0.00106 x fibrinogen — 0.52723 x
FDP - 0.04314 = Hgb/fibrinogen — 0.6978 x PT-sec — 0.02844 x D-dimer; n? = 0.775 that means
moderate fit (P = 3.37x10-), error probability = 0.4186%.

Table 4. Comparison of the performance of classifiers on the boundaries of fibrin/fibrinogen
degradation products (FDPs) for hematuria occurrence in parturient hemorrhage by different
machine learning methods. Class mean entropy was smaller for the logistic regression, naive Bayes,
and neural network methods. The classifiers by the logistic regression, naive Bayes, and neural
network methods were equally superior.

FDP
C1:1ter Accura AU Class  Cohen  Fl PPY', Sensitivi  Specifici
ia Mean ’s Scor Precisi
cy =SD ty, Recall ty
(mg/d Entropy Kappa e on
D
Logistic
. 1.000+ 1.00 1.417x1 1.00
regressi  84.96 0.22 0 05 1.000 0 1.000 1.000 1.000
on
Naive 0.9565+ 0.95 5.097x1 0.85
94 832 7 1. .
Bayes 86.9 0.04 3 05 0.83 ” 0.750 000 0.950
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Nearest
1. + 1. 1.
neighbo  73.38 000 + 00 0.3285 1.000 00 1.000 1.000 1.000
s 0.22 0 0
Neural 1.000+ 1.00 3.569x1 1.00
network 92.23 022 0 0t 1.000 0 1.000 1.000 1.000
Random ), 400 09130 100 o007 o701 975 (600 1.000 0.900
forest 0.06 0 0
Support
vector 79.67 0.9565:+ 1.00 0.4967 0.7767 0.80 1.000 0.6667 1.000
. 0.04 0 0
machine

AUQC, area under the characteristic curve; SD, standard deviation.

4. Discussion

We presented a method for obtaining the boundaries of hematuria development associated with
massive hemorrhage during delivery, on a two-dimensional plane consisting of fibrinogen and FDP.
Each machine learning method and discriminant analysis presented a variety of candidate
boundaries. As shown in Table 3, the performance of the machine learning classifier and the fit of the
discriminant analysis function were both generally excellent. The different methods gave various
boundaries and criteria; however, as they are all mathematically correct, it was not desirable to simply
determine a single boundary or a criterion statistically, or to adopt an average of the values.
Boundaries should ultimately be determined comprehensively based on clinical judgment, though
data analysis should eliminate subjective judgments to the greatest possible extent. As coagulopathy
is generally accompanied by decreased fibrinogen and increased FDP, the support vector machine,
neural network, and naive Bayes methods are well suited for this purpose because the contour lines
change in a stepwise manner. Additionally, neither contains a fibrinogen 170 mg/dl boundary. Based
on these findings, the support vector machine and naive Bayes methods appeared suitable for
predicting hematuria in patients with massive hemorrhage during delivery. The boundary by
whether FDP-fibrinogen/3-60 (mg/dl) is positive by the support vector machine method seemed the
most appropriate for clinical use, though naive Bayes, which has a very low value of class mean class
entropy, may be optimal (Figure 1, Table 3). Erez et al. [36] reported that the definition of DIC by the
Scientific and Standardization Committee on DIC of the International Society on Thrombosis and
Haemostasis indicated that (1) DIC is always secondary to other causes, one being obstetric-related,
such as abruption placentae [37], (2) DIC represents systemic pathological activation of coagulation,
and (3) DIC is a process that originates in the microvasculature, or the vascular endothelium,
resulting in organ damage from microthrombi [38]. As hematuria alone does not necessarily indicate
organ dysfunction, yet is almost always considered to be nearly a state of organ dysfunction, and as
it is impractical to biopsy microthrombi in the kidneys of pregnant women in delivery who are
hemorrhaging, there is value in defining the onset of hematuria associated with massive hemorrhage
during delivery as a type of clinical DIC and analyzing and applying the findings to clinical practice.

Although there are many coagulation and fibrinolytic factors in addition to, for example,
complete blood counts and platelets, in a massive hemorrhage under the urgent circumstances of
delivery, factors should be selected so that only those for which test results are available as quickly
as possible are used to predict organ dysfunction and initiate preventive treatment. We, therefore,
sought a criterion for determining organ dysfunction based solely on fibrinogen and FDP, factors for
which results are known relatively quickly. As information on related factors such as Hgb/fibrinogen
ratio, PT-sec, and D-dimer also exist behind these factors, the five-dimensional factors are projected
onto a two-dimensional plane using a regression function, and not simply boundaries determined
from fibrinogen and FDP information alone. We also obtained only the boundaries of the FDP in one
dimension (Table 4). Clinicians would find the boundaries created from fibrinogen and FDP in a two-
dimensional plane (Figures 1 and 2) more clinically convincing than the one-dimensional FDP
boundaries, because the fibrinogen estimates from the FDP are less precise. This is because, even at
fibrinogen <170 mg/dl, consumption coagulopathy with FDP elevation and dilutional coagulopathy
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without FDP elevation were mixed; thus, the correlation between fibrinogen and FDP is no longer
accurate (R2=0.278). Therefore, boundaries in a two-dimensional plane are more realistic and suitable
for clinical applications than one-dimensional criterion. Although a boundary surface in a higher-
dimensional space would be more accurate, recognizing and handling a boundary surface that
divides a space of more than three dimensions is challenging; therefore, a boundary in a two-
dimensional plane appears to be the most appropriate. The recognition of boundary surfaces in three-
dimensional space and beyond will become easier to understand if the space is subdivided; that is, if
the dimension is lowered by dividing the space into cases under certain conditions.

In this case, the boundary values are obtained in a two-dimensional plane from
multidimensional factors, but by extending the above-described method, boundary surfaces can be
obtained in three-dimensional or greater space. This can be applied not only to the analysis of the
coagulation-fibrinolytic system in massive hemorrhage but also can be further generalized to other
research areas. Care must be taken, however, combining factors to be selected to avoid
multicollinearity. There are no set rules for combining these factors, and these must be handled on a
case-by-case basis, which complicates the creation of the regression function. The discriminant
analysis showed results comparable with those of machine learning, though it is only a linear
combination of factors. However, since each factor is supposedly related to the others, Al classifiers
are generally more suitable, especially in the future. Naturally, if more cases (e.g., more than 1,000)
can be accumulated, including many organ dysfunction cases, Al using deep learning [39] should
provide more reliable boundaries than machine learning or discriminant analysis.

In the present study, we sought the boundary between the two classifications of the presence or
absence of organ dysfunction, but more than three classifications are still obtainable by extending the
above-described method. The present analysis was limited to fibrinogen <170 mg/dl, where the
coagulation system is disrupted, in accordance with our previous report [8], but it is also possible to
create boundaries between three or more regions, including normal conditions.

The most statistically significant difference in FDP was between organ-dysfunctional and non-
organ-dysfunctional cases with fibrinogen <170 mg/dl. This suggests FDP is the most important factor
in determining organ dysfunction. Regarding hemorrhage, we suggest the validity of using FDP to
predict severe organ dysfunction, focusing on the dynamics of fibrinogen, which is involved in both
coagulation and fibrinolysis.

There were some limitations in this study. First, the number of organ dysfunction cases (three)
was low. The results were acceptable despite there being only three cases of organ dysfunction
because the cases’ laboratory values were widely apart and extremely abnormal. However, the
frequency of detection of hematuria was 2.27% (3/132) of the number of cases in which the amount
of bleeding was >2,000 g at delivery, and only 0.0244% (3/13, 368) of all deliveries; thus, accumulating
cases of organ dysfunction such as hematuria is not easy, but, ideally, more data from more organ
dysfunction cases would be added to the analysis. Additionally, although fibrinogen and FDP were
selected as the two items for which rapid test results were clinically obtainable, the ability to obtain
rapid results for both at the same time depends on medical institutions’ facilities and testing methods’
advances. In facilities where only fibrinogen results are available, fibrinogen <100 mg/dl, and in
facilities where only FDP is available, FDP >60 mg/dl should be considered as an indication of organ
dysfunction occurrence. Furthermore, although it is not our contention, some factor other than
fibrinogen and FDP may be better suited for predicting organ dysfunction. Finally, although there
were no deaths in this study and hematuria was used as organ dysfunction, there is no fixed
definition of organ dysfunction. Data ideally should be analyzed with other indicators, such as death,
renal dysfunction, postpartum sequelae, and histopathological abnormalities. The use of these severe
cases would lead to different results.

Although each machine learning method proposed various boundaries, the results of naive
Bayes, support vector machine, and discriminant analysis seem clinically acceptable, and the
boundary by whether FDP—fibrinogen/3-60 (mg/dl) is positive by support vector machine seemed
the most appropriate for clinical use thus far. In the future, if more types of organ dysfunction, or
data on cases of organ dysfunction, can be added, a more reliable region will be available. Even if the
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definition of organ dysfunction is changed, or many factors, including unknown ones, are added to
the definition of organ dysfunction, the method presented in this study, which is based on Al using
multiple factors correlated with fibrinogen and FDP and avoiding multicollinearity to obtain the
boundary line dividing the plane of fibrinogen and FDP, can be expected to be a useful criterion for
organ dysfunction occurrence.
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