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Abstract

Blood coagulation is a vital physiological process involving a complex network of biochemi-
cal reactions, which converge to form a blood clot that repairs vascular injury. This process
unfolds in three phases: initiation, amplification, and propagation, ultimately leading to
thrombin formation. Coagulation begins when tissue factor (TF) is exposed on an injured
vessel's wall. The first step is when activated factor VII (Vlla) in the plasma binds to TF,
forming complex TF:Vlla, which activates factor X. Activated factor X (Xa) is necessary for
coagulation, so the regulation of its activation is crucial. Tissue Factor Pathway Inhibitor
(TFPI) is a critical regulator of the initiation phase as it inhibits the activation of factor X.
While previous studies have proposed two pathways—direct and indirect binding—for
TFPI's inhibitory role, the specific biochemical reactions and their rates remain ambiguous.
Many existing mathematical models only assume an indirect pathway, which may be less
effective under physiological flow conditions. In this study, we revisit datasets from two
experiments focused on activated factor X formation in the presence of TFPI. We employ an
adaptive Metropolis method for parameter estimation to reinvestigate a previously proposed
biochemical scheme and corresponding rates for both inhibition pathways. Our findings
show that both pathways are essential to replicate the static experimental results. Previous
studies have suggested that flow itself makes a significant contribution to the inhibition of
factor X activation. We added flow to this model with our estimated parameters to determine
the contribution of the two inhibition pathways under these conditions. We found that direct
binding of TFPI is necessary for inhibition under flow. The indirect pathway has a weaker
inhibitory effect due to removal of solution phase inhibitory complexes by flow.

Author summary

After vascular injury, a large complex network of biochemical reactions leads to clot for-
mation to repair vessel damage. Three vital biochemical components in the early phase of
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this process are coagulation factor X (X), the activated coagulation factor VII and tissue
factor (TF) complex (TF:VIIa) that activates X, and tissue factor pathway inhibitor (TFPI),
which regulates X activation. The mechanism of this TFPI regulation remains ambiguous.
Here, we develop a mathematical model of the biochemical reactions involved in this pro-
cess and calibrate our model to published data from two experimental studies of factor X
activation. To explain the experimental data, we find that TFPI acts through two distinct
biochemical pathways: direct and indirect binding, the latter being a multi-step process
involving Xa re-binding to TF:VIIa. We extend our model to study TFPI’s regulatory
effects under flow and, in contrast to a previous study, demonstrate that the direct path-
way of regulation is essential in the presence of flow. Incorporating our findings into
larger models that include later phases of the clotting process could enhance our under-
standing of clotting disorders and aid in the development of targeted therapies.

Introduction

Blood coagulation is a complex system of biochemical reactions that are required to form a
clot in response to injury. The process is initiated by the exposure of tissue factor (TF) and col-
lagen at the surface of subendothelial cells. TF exposure triggers the activation of plasma coag-
ulation factors at the site of injury and collagen exposure recruits and activates platelets, which
form an initial plug of the injury. The coagulation reactions lead to generation of the enzyme
thrombin. Thrombin cleaves fibrinogen into fibrin monomers, which polymerize to form a
meshwork that stabilizes the plug. The formation of a strong thrombin response within an
appropriate time after injury is critical to clotting. Both over- and under-clotting are associated
with life-threatening conditions [1, 2]. Therefore, it is crucial to understand the underlying
dynamics of the clotting process and its regulation to prevent disease complications caused by
bleeding disorders and clotting irregularities.

Mathematical modeling has been used to gain insight into the complex process of coagula-
tion. Indeed, there are multiple models of the full coagulation pathway, as recently detailed in
various reviews [3-6]. The biochemical reaction schemes and rates differ—often significantly
—between models. In the most recent review, it was concluded that no existing model of
thrombin generation (without flow) produced thrombin generation curves consistent with in
vitro assays of a characterized cohort. This demonstrates there is still a substantial work to be
done in identifying, establishing, and validating fully accurate and predictive mathematical
models of coagulation.

Tissue factor pathway inhibitor (TFPI) plays an important regulatory role in cogaulation
and is necessary for life. For example, the lack of TFPI also leads to embryonic death in mice
[7, 8]. To be primed for a rapid coagulation response, clotting factors circulate in the blood in
an inactive form. When the coagulation cascade begins, these factors become activated and
subsequently activate other factors in the pathway. The first step in this process is the activa-
tion of coagulation factor X to its active form, factor Xa, by the complex of TF and factor VIIa
(TF:VIIa). Factor Xa plays a significant role in the coagulation cascade, as it combines with fac-
tor Va to form the prothrombinase complex, where it activates prothrombin to thrombin.
TFPI inhibits X activation by TF:VIIa, which affects the strength and timing of thrombin gen-
eration, and ultimately the coagulation response. Interestingly, there is a discrepancy in mathe-
matical and experimental studies over the regulatory mechanisms of TFPI. Different
mechanisms have been proposed about how this regulation is achieved [9-11].
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Fig 1. Proposed mechanisms of TFPI inhibition of factor X activation. In 1998, Baugh et al. [9] proposed a scheme with two reaction pathways for
TFPI inhibition of factor X activation: direct and indirect. In our work, we consider a modification of Baugh’s scheme by restricting it to elementary
reactions only and removing the multi-step reaction 5. (A) Representative structures for coagulation factors and associated labels. (B) Biochemical
reactions involved in the direct inhibition of factor X activation. (C) Biochemical reactions involved in the indirect inhibition of factor X activation. (D)
Schematic for the reactions involved in the activation of factor X by TF:VIIa and both the direct and indirect pathways of inhibition by TFPIL

https://doi.org/10.1371/journal.pcbi.1012509.9001

In this work, we take a bottom-up approach to uncover the true mechanism of TFPI’s
inhibtion of X activation, under both static and flow conditions. Specifically, we revisit a previ-
ously published set of experimental studies by Baugh et al. [9]. The authors proposed a scheme
of TFPI inhibition of factor X activation that involved two distinct pathways (see Fig 1).
Although a follow-up study suggested this scheme was inconsistent with Baugh’s data [10], we
find strong support for it when using an adaptive Metropolis to fit parameters using available
prior knowledge. We then add flow to our scheme and demonstrate that strong inhibition in
this scenario is possible only when the direct mechanism is included. Moreover, product inhi-
bition, which was hypothesized by a prior study [11] to be a more significant inhibitor than
TFPI under flow, was shown to be negligible. In summary, using a combination of modern

parameter estimation, mechanistic modeling, and experimental data, we have provided an
accurate mathematical description of TFPI’s inhibory role in the initiation of coagulation.

Biological and mathematical background of TFPI inhibition of factor X
activation

TFPI consists of three distinct Kunitz-type protease inhibitor domains. (These are labeled K1,
K2 and K3 in Fig 1.) It binds to Xa with the Kunitz 2 domain and to VIIa with the Kunitz 1
domain. During the activation of X by TF:VIIa, there are two intermediate and transient com-
plexes: TF:VIIa:X and TF:VIIa:Xa, where X and Xa binding is reversible from each complex.
One of TFPT’s key inhibitory functions is its reversible binding to factor Xa, which leaves open
a few possiblities for how it inhibits TF:VIla activation of X. Two distinct mechanisms were
hypothesized by Baugh [9] (shown as kinetic schemes in Fig 1):
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o Direct Binding (Fig 1A and 1B) operates through TFPI binding directly to Xa that is already
bound to TF:VIIa, thereby inhibiting the enzyme activity and ultimately preventing the
release of Xa.

o Indirect Binding (Fig 1A and 1C) involves the formation of a Xa:TFPI complex in the fluid,
which can bind to TF:VIIa, blocking its ability to activate additional X.

Baugh’s hypotheses were based on a set of elegant experiments that suggested both mecha-
nisms were at play. They did not determine kinetic rates constants for direct binding but did
measure apparent rates for inhibition through indirect binding. A subsequent theoretical
study considered four possible kinetic schemes, including the Baugh scheme, and compared
their optimized model outputs with the Baugh experiments [10]. The authors concluded that it
was impossible to fit the experimental data with Baugh’s proposed scheme, but that their own
hypothesized scheme did match the data. In our opinion, while the alternative scheme may
have represented the data, it does not represent the current biochemical knowledge of the reac-
tions considered.

Indeed, mathematical models of coagulation include different reaction schemes (and reac-
tion rates) for TFPI. We note that the direct binding mechanism for TFPI is not included in
many mathematical models of the full coagulation system, including, the lipid-dependent
model from Bungay and colleagues [12] and even our own models of coagulation under flow
[13-15]. In fact, many models examined in the review [6] consider the formation of a stable
quaternary complex involving TF, TFP], factor VIla, and factor Xa, but generally do not con-
sider an intermediate configuration prior to reaching this stable quaternary complex. The
kinetic rates for all models were shown in the supplemental S1 Table. The rates vary signifi-
cantly across different studies, including [16-21]. The variations in the rate constants revealed
differences in predictions made by the models in the review.

In [18, 22], Danforth and colleagues performed comprehensive sensitivity analyses on a
static model of coagulation (i.e., a well-mixed biochemical system with no flow in or out).
They determined which coagulation factors most strongly influenced the final level of throm-
bin and observed that TFPI, along with another inhibitor antithrombin, was the most impor-
tant contributor to the final level of thrombin. Indeed, the importance of TFPI in static
coagulation is also affirmed through observations from in vitro experiments such as thrombin
generation assays (TGA) [23].

Of course, coagulation in vivo occurs under flow with continual supply and removal of fac-
tors from the injury site, where TF:VIIa remains fixed because it is bound to the vessel wall at
the site of the injury. A mathematical study by Fogelson and Tania [11] considered a model of
coagulation under flow (i.e., where a well-mixed reaction zone has factors continually flowing
in and out) where the indirect binding and some form of the direct binding mechanisms were
considered. The direct binding mechanism was investigated by systematically decreasing the
dissocation constant between TF:VIIa and Xa to test whether product inhibition or TFPI bind-
ing was a more prominent form of inhibition. Interestingly, they concluded that flow played a
far more critical role in thrombin regulation than biochemical inhibitors such as TFPI (regard-
less of binding scheme), antithrombin (AT), and activated protein C. In our opinion, the
scheme and kinetic rates used within that study did not represent the true ones that we will
soon discuss in this study. A later study with a similar kinetic model of coagulation under flow
[24] conducted a comprehensive sensitivity analysis and reaffirmed the that thrombin was not
sensitive to biochemical inhibitors such as AT and TFPI. However, in that case, the model
only considered the indirect binding mechanism. Another theoretical study of coagulation did
find TFPI to inhibit thrombin generation overall, but the mechanism was based on the
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aforementioned alternative TFPI scheme [10]. Collectively, these findings suggest that TFPI’s
role in coagulation is not adequately represented in our current mathematical models.

Results
Modeling TFPI inhibition of factor X activation by TF:VIIa

Our kinetic scheme is based heavily on “Scheme II” presented by Baugh [9] for TFPI inhibition
of factor X activation. Their full scheme includes eight reactions, and for ease of comparison,
we use their notation numbering. We have chosen to remove reaction 5 from the Baugh
scheme as it involves two simultaneous binding events: Xa with TF:VIIa and TFPI with TF:
VIIa (through the Kunitz 1 domain). (The likelihood of the Xa:TFPI complex undergoing two
(effectively) simultaneous binding events with the TF:VIIa complex to directly from the qua-
ternary complex TF:VIIa:Xa:TFPI (tight) (Reaction 5) is extremely small compared to that of
the likelihood of forming an TF:VIIa:Xa:TFPI complex through a single binding event (Reac-
tion 8)). While some mathematical models do not distinguish between the quaternary complex
with and without Kunitz 1 bound to TF:VIIa, we believe this distinction is important. There is
ample evidence that TFPI’s Kunitz 1 domain is crucial for coagulation.

In [25], researchers observed through a series of point mutation studies that the Kunitz 1
domain binds to VIIa, and TFPI lacking a functional Kunitz 1 domain cannot block TF:VIIa
activity. As such, the role and binding of Kunitz 1 to VIIa appear critical for regulating TF:
VIIa activity. This has also been observed in other studies of truncated TFPI lacking the Kunitz
1 domain [26, 27]. Together, this suggests to us that the final binding event of the Kunitz 1
domain of TFPI is critical for the inhibition of TF:VIIa.

We use our modified kinetic scheme (Fig 1) to define a system of ordinary differential equa-
tions (ODEs) (Eq (1)). These ODEs track the time-varying concentrations of all nine biochem-
ical species (E = TF:VIIa, § = X, E:S = TE:VIIa:X, E:P = TF:VIIa:Xa, P = Xa, I = TFPI, P:I = Xa:
TFPI, E:P:I = TF:VIIa:Xa:TFPI, P:.I.E = TF:VIIa:Xa:TFPI (tight)) as they evolve in a well-mixed

solution:
AE k218 + kL BeS] — k)P (B »
kB Lk [BrE] — kB[P + kL [B2PT)
% = —k.,[E][S] + k_,[E:S] (1b)
dﬁﬂ_mmm—k@ﬂ—hﬁﬂ (1)
AEP] B8]+ ke [EP) — k [EP] kBB +kERT)(1d)
% — Kk, [E)P) + k ,[E:P] — k,,[P][[] + k_,[P:]] (1e)
UL [P + ko1 (BB + & [E:Pe1 (1)

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012509  November 15, 2024 5/21


https://doi.org/10.1371/journal.pcbi.1012509

PLOS COMPUTATIONAL BIOLOGY A new look at TFP! inhibition of factor X activation

[ R S R ”
— k,[E][P:1] 4+ k_4[E:P:I]

dE:P: _ 5. p. p. 1

TS = k(BRI — K [BsPT) — kg [E:P:1) + K [P:LE (1)
+ k 4[E][P:I] — k_[E:P:]]

d[P:1:E]

T _k_[EIpt=J [D4+1 4k [E:P:I] —k_,[P:I:E]. (1i)

All nine species (Eqgs (1a) to (1i)) are tracked in units of nanomolar (nM). The forward reac-
tion rate constants, denoted as k(,, have units of (nM)"!s7!, while the reverse reaction rate
constants, denoted as k_), have units of s 1. However, k,, and k, - are exceptions and have
units of s~ This is because k,, represents the catalytic rate, and k. represents the probability
per unit time that the E:P:I complex will undergo a conformational change to the stable P:I.E
complex.

Fitting kinetic parameters to experimental data

We extracted experimental data from Figs 2A and 3B of [9] using the online tool [28]. The
extracted data points are given in S1 Text (see Methods section). The focus was on the forma-
tion of factor Xa in the presence of tissue factor pathway inhibitor (TFPI) under two distinct
experimental conditions. We refer to these as Experiment One Fig 2(A) and Experiment Two
Fig 2(B). Below, we describe the setup for each experiment:

« Experiment One: Measures factor Xa generation under varying concentrations of the
enzyme TF:VIla (ranging from 0.032 to 1.024 nM) with fixed amounts of factor X (170 nM)
and TFPI (2.5 nM), as shown in Fig 2(A).

» Experiment Two: Consists of a pre-incubation phase and a post-incubation phase to explore
the effects of pre-formed complexes on factor X activation. In the pre-incubation phase, TFPI
is fixed at 2.4 nM, and the concentration of Xa is varied (from 0 to 1 nM). The mixture is
incubated for 2 hours. In the post-incubation phase, the resulting solution is combined with
factor X (170 nM) and TFPI (0.128 nM), as shown in Fig 2(B).

In fitting models to the data, we employ a Bayesian approach and use prior knowledge of
known kinetic parameters from the literature (see Table 1). More specifically, we use the disso-
ciation constant for Xa and TF:VIla (k,3/k_; = K3 = 520 nM) reported by Lu [29] and the
Michaelis constant ((k,; + k;)/k_; = Ky = 238 nM) for X activation by TF:VIIa reported by
Baugh [9]. The Kp, represents the affinity between an enzyme and its substrate, a lower Kp,
indicates a higher affinity, meaning the enzyme and substrate bind more tightly. The Michaelis
constant reflects the substrate concentration the reaction rate is at half of its maximum value.

We employ an adaptive Metropolis approach to estimate unknown parameters based on
prior knowledge, as described in the Methods section. In Table 1, we show the median value
and provide a 95% credibility interval for all parameters, formed using the resulting posterior
estimates (see S1 and S2 Figs). We assumed no error in the initial conditions and that the
experimental outputs are independent measurements that vary normally around the true
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Fig 2. Experimental measurements and uncertainty in model predictions of factor X activation. (A) Factor X (170 nM) activated by TF:VIIa (0.032
to 1.024 nM) in the presence of TFPI (2.4 nM). (B) Factor X (170 nM) activated by TF:VIIa (0.128 nM) in the presence of TFPI (2.4 nM), preincubated
with factor Xa (0.00 to 1.00 nM). Data extracted from Figure 3B of [9]. The curves show model predictions using median and literature values presented
in Table 1, and the uncertainty in model predictions using posterior estimates (see S1 and S2 Figs): 70%, 90%, and 99% credible intervals about the
median model prediction. Note that there is a replicate experimental condition between both experiments. The Xa = 0 nM pre-incubation condition in
Experiment Two (B) matches the TFPI 0.128 nM curve in Experiment One (A).

https://doi.org/10.1371/journal.pchi.1012509.g002

solution. We assume the error at each point is proportional to the model solution. We used a
uniform prior over a finite range set for each parameter. This finite range is based on prior
reported values of kinetic parameters (e.g., Kp, Kjs), known relationships, or biophysical limits
on diffusion (a maximum value for the forward rate k,,). While there are no known biophysi-
cal limits on unbinding, we assumed a maximum value of 500 s! for the reverse reaction rate
k¢_y and the conformational change rate k. Note that when presenting rates we also list the
Kr7 = k,7/k_;. This dimensionless quantity demonstrates the strength of the P: I: E tight com-
plex. (See Methods for more information.)

In Fig 2, we show our model predictions for each experiment type using the median param-
eter values presented in Table 1, along with 70%, 90%, and 99% credible intervals over time for
each prediction. This uncertainty in the predictions is formed using the model solutions com-
puted from the resulting MCMC chain parameter estimates. We note that the resulting output
curves are consistent with both experiment types. Therefore, in contrast to Pantaleev [10], we
conclude that both experiments are consistent with our biochemical model and prior knowl-
edge of kinetic parameters.
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Table 1. Estimated rate and dissociation constants. This table lists each reaction number alongside its corresponding biochemical equation, kinetic factors, and parame-

ter units. Median values and literature sources are provided, with the last column showing 95% credible intervals (CI) for the estimated kinetic factors. This comprehensive
data allows for a detailed analysis of reaction dynamics under flow. Note that reaction number five was nullified in this work. Additionally, a star () in the 95% CI column
indicates that the corresponding factor was fixed to the specified literature value. "The dissociation constant Kp, 4 was recomputed separately from data presented in [9]; see

supplemental S1 Text.

Reaction Number Biochemical Equation Kinetic Factor Units Median/Literature 95% CI
1 k., ki (nM)'s7! 0.51 (8.94 x 1072, 0.96)
E+S<E:S K, st 104.30 (5.10, 212.37)
K nM 238 [9] *
Kp. nM 205.85 (56.82,222.11)
2 Es k_t25~p k.» s 16.23 (12.61, 19.77)
3 b pi b ks (nM) 7 's7! 0.16 (5.17 x 1072, 0.30)
Tk, + k_s s 81.18 (26.90, 153.42)
Kps nM 520 [29] *
4 b k, oup ks (nM)'s7! 3.67 x 107 (2.68 x 1072,5.07 x 1073)
+ k., k_y s 9.64x107° (7.04 x 107°,1.33 x 107%)
Kpa nM 2.63x 107"
5 k.. ks (nM)'s7! .
E+P:I==P:I:E
k_; k_s s - -
Kps nM - ;
6 I k. Epl ke (M) 's7! 0.56 (0.19, 0.95)
’ ko kg st 25.16 (0.81, 85.11)
Kpg nM 46.13 (1.43, 257.03)
7 k,, ks s 360.92 (97.52,491.41)
E:P:I=—P:I:E 1 3 -3 -3
k. k_, s 7.36 x 10 (3.21 x 1073,9.86 x 107°)
Kr7 - 2.00x 107° (8.28 x 107%,8.71 x 107°)
8 k k (nM)'s7! 0.95 (0.80, 1.00)
E+P:[==E:P:] - =
k kg s 16.03 (0.49, 71.82)
Kps nM 17.15 (0.53, 76.86)

https://doi.org/10.1371/journal.pcbi.1012509.t001

TFPI inhibition of factor X activation by TF:VIIa under flow

With a set of kinetic rates aligned with our static model formulation (Table 1), we next turned
our attention to the influence of flow on TFPI-mediated inhibition. It is important to note that
previous research in a flow-based model identified product inhibition as a more potent inhibi-
tor than TFPI in the presence of flow [11]. This finding prompts us to further investigate how
flow conditions modify the inhibitory dynamics observed in static conditions.

First, we generalized our static model to include flow in and out of a reaction zone (see Fig
3 and Eq (2)). This simplified model assumes that all biochemical species are well mixed within
this zone. Consequently, the clotting factor concentration dynamics result from interactions
with other species through biochemical reactions in the fluid, at the injury site, and are influ-
enced by transport into and out of the reaction zone by flow.

We then developed a metric to quantify TFPI inhibition and studied the inhibitory strength
of TFPI under the presence (or absence) of different reactions in our kinetic scheme. We
found that, over a broad range of flow rates, strong inhibition by TFPI is possible under our
model, but only when the direct mechanism is present.

Flow model of TFPI inhibition of factor X activation by TF:VIIa. In Eq (2), we general-
ize the model given by Eq (1) to account for dynamics under flow. Under physiological flow
conditions, TF:VIIa (E) is modeled as preformed and anchored within the locus of the injury
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site and is not affected by flow. The clotting factors factor X (S,;,) and the inhibitor TFPI (I;,)
are brought into the reaction zone by flow, while factor X (S), factor Xa (P), TFPI (I), and the
Xa:TFPI (P:I) complex are transported out of the reaction zone by flow. In our analyses, we set
I,p =170 nM [30] and Sy, = 2.4 nM [31].

= k(B8 + B8] — ke EP + [P -
b By e k[P + k [B:P:
A IS B+ k5, 9) (2b)
S kB K EeS] K fEsS (20)
AEL]_ g 0s8) 4k EP) — ke [EP] — kB 4 [E:PeT (24)
AP} JIEIP) +k S[EP] — k[P + k21 K [P (2¢)
d _ — o
o = P + KL P] — KB P (B2 o)
k(1) 1)
AP0 e P — ke [PoT) Bt L 2
dt (2g)
— k+8[E][P:I] + kfg[E:P:I] — kﬂﬂW[P:I]
dE:P:1} o . . 1.
= kBBl = kG [ExPeI] — kg [E<PeI] + ko [P:1:E] (2h)
+ k[E][P:I] — k_4[E:P:]]
d[P;:E} = J_|Eps— L phE| 4k, [E:P:0] — k_[P:1:E] (21)

Quantifying TFPI inhibition under flow. Following [11, 32], we assumed an injury
length of L = 10 uM and called this region the reaction zone. Clotting factors are transported
into and out of the reaction zone by a combination of flow and diffusion, represented by a
mass transfer coefficient, called the flow rate, denoted by kj,,,. The value of k4, (s™!) is com-
puted using Eq (3) for a particular vessel type, where V is the midstream velocity, L is the injury
length, D is the molecular diffusivity, and R is the vessel radius [32]:

1/3
3( VD
Ko = (@) - 3)

We determined a range of physiologically relevant flow rates (kg,,,) for our analysis that
would encompass various vessel types by applying Eq (3) to reported midstream velocities and
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Fig 3. Inhibition of factor X activation under flow. During the early phase of the coagulation cascade, clotting factor X (denoted as S) is activated by
the surface-bound TF:VIIa complex (denoted as E), as shown in the pathway labeled ‘No TFPI.’ Tissue Factor Pathway Inhibitor (TFPL, denoted as I),
also brought in by flow, inhibits this activation. Initially, TFPI forms the transient E:P:I complex with the E complex and activated factor X (denoted as
P). This complex rapidly undergoes a conformational change to form a stable P:I:E complex, depicted as ‘Direct Binding.” Additionally, TFPI can inhibit
factor X activation through a second mechanism, starting with the formation of the P:I complex. This complex subsequently binds to the E complex,
forming the transient E:P:I complex that also transitions into the stable P:I:E configuration, as illustrated in the ‘Indirect Binding’ pathway.

https://doi.org/10.1371/journal.pcbi.1012509.9g003

diameters for various blood vessels, from arteries to veins [33]. Given that the molecules of
interest have molecular weights in the range of 41 kDa for TFPI [31] to 56 kDa for factor X
[34], we set the molecular diffusivity to D = 50 um?/s based on reported values in [35]. We
found that the range from kg,,, = 10~ to 10° s~ captures the flow rates across these vessel
types.

Our goal is to quantify the inhibition of factor X activation by TFPI and factor Xa under
flow through the following pathways of inhibition present in our flow model (Eq (2)):

o No TFPI (NI): This pathway involves the inhibition of the enzyme by activated factor X
(denoted Xa) in the absence of TFPI. It includes reactions 1 through 3, but not reactions 4
through 8.

« Direct Binding (DB): This pathway involves the direct formation of the stable complex P:I:E
through reactions 1 through 3 and reactions 6 through 8, excluding reaction 4.

o Indirect Binding (IB): This pathway involves the indirect formation of the stable complex
P:L.E through reactions 1 through 4 and reactions 7 and 8, excluding reaction 6.

« Direct and Indirect Binding (DIB): In this case, all inhibition pathways are present (see
Fig 3).

To assess the impact of distinct mechanisms under varying flow conditions, we utilized
median rates from Table 1 and nullified rates related to reactions absent in each inhibition
pathway. Our goal is to quantify the inhibition by determining the concentration of the
enzyme that remains functional in the reaction zone (see Fig 3). Specifically, we quantify the
total concentration of the TF:VIIa (E) and the TF:VIIa:X (E:S) complex, as shown in Eq (4):

Efunctional = [E] + [ES] (4)
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Tracking the concentrations of E and E:S provides insights into the coagulation cascade
and the mechanisms through which TFPI and factor Xa regulate TF:VIIa activity. A measure-
ment equal to the initial enzyme amount, Ef,crionar = E(0), indicates no inhibition by TFPI or
Xa. Conversely, Efuctionar = 0 denotes complete inhibition. Next, we analyzed the steady-state
behavior of this system.

Strong inhibition only possible with direct binding pathway. Complete inhibition is
only observed when the direct binding pathway is active. In Fig 4, we examined the time
dynamics of Ef,crionar under three inhibition pathways at low (1073 s7"), medium (10°s71),
and high (10° s71) flow rates. Under nearly static conditions (low flow), as illustrated in Fig 4
(A), the No TFPI (NI) pathway alone fails to fully inhibit the functional enzyme within 15 min-
utes. According to Fig 5, without TFPI, functional enzyme levels do not drop below approxi-
mately 0.76 nM. At low flow, the Indirect Binding (IB) pathway achieves complete inhibition
more rapidly than the Direct Binding (DB) pathway. Under medium flow—more biologically
pertinent conditions—the inhibition is quicker through the IB and DB pathways, though com-
plete inhibition only occurs via the DB pathway. Here, the NI pathway is ineffective, leaving
around 0.92 nM of functional enzyme at steady state. At high flow rates, the behavior is similar;
complete inhibition is achievable solely through the DB pathway. Fig 5 demonstrates that with
increasing flow rates, the inhibitory effects of the NI and IB pathways diminish, while the DB
pathway’s ability to completely inhibit remains substantial and unaffected.

Alternative model

We have demonstrated that the biochemical scheme derived from Scheme II in [9] effectively
explains the experimental data on factor X activation (Fig 1). Building on this foundation, we
now present evidence that a stable inhibitor complex is essential for the observed reactions.
Furthermore, we establish that TFPI acts as a dominant inhibitor both in static conditions and
under flow.

Necessity of stable inhibitory complex P:I:E. Having identified a model that adequately
explains the experimental data (Fig 1), we now explore an alternative scheme. A noteworthy
aspect of Scheme II proposed in [9] is the transition from the complex E:P:I to a more stable
complex P:LI:E, characterized by a significantly prolonged half-life. This transition, often omit-
ted in mathematical models [17-21], prompted us to investigate if other plausible explanations
could be formulated without this complex structure. By removing reaction 7 and re-estimating
our kinetic rates using the adaptive Metropolis method, we observed that the model compen-
sates for the absence of this reaction by enhancing the irreversibility of reactions 6 and 8 (see
Table 1), effectively suggesting an emergent stable inhibitory complex (as detailed in Table 2,
and S4 and S5 Figs). We note that various coagulation models incorporate the biochemistry
proposed by this alternate model, including those outlined in recent studies [9, 17-19, 21].

Our findings show that both the original and modified schemes align well with the experi-
mental data (see S3 Fig) and lead to equivalent results, highlighting the necessity of the DB
pathway under flow (see S5, S6 and S7 Figs). However, as discussed in the Introduction, it is
evident that a conformational change occurs through the Kunitz 1 domain [7, 8]. We favor the
biochemical reaction based on the formation of a tight complex. This suggests that the transi-
tions from the quaternary complex TF:VIIa:Xa:TFPI (E:P:I) to either E:P and I, or E and P11,
are inherently slow. Thus, neither reaction 4 nor reaction 6 alone can account for the slow and
tight binding required to explain the observed data. As discussed in the model development,
this assumption also aligns with experimental studies on the inhibition of TFPI by Xa (see
[27]), suggesting that while a weak complex initially forms, there is a subsequent transition to a
more stable complex.
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Strength of product inhibition. Previous research has indicated stronger product inhibi-
tion than observed with our current model [11]. The study posited that product Xa exhibits
the same binding affinity as substrate X when interacting with the enzyme. In contrast, our
exploration of this model, particularly under varying flow conditions, revealed that product
inhibition was not evident even when the dissociation constants Kp, ; and Kp, ; were made
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Fig 5. Functional enzyme at steady state over flow rate. For each model, the steady state concentration of functional enzyme ([E] and [E:S]) is

presented for flow rates from 1072 (Low Flow) to 10> sec™* (High Flow).

https://doi.org/10.1371/journal.pcbi.1012509.g005
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Table 2. Alternative model without reaction 7: Estimated rate and dissociation constants. This table lists each reaction number alongside its corresponding biochemical
equation, kinetic factors, and parameter units. Median values and literature sources are provided, with the last column showing the 95% credible intervals (CI) for the esti-
mated kinetic factors. Note that reaction numbers five and seven were nullified in this work. Additionally, a star () in the 95% CI column indicates that the corresponding
factor was fixed to the specified literature value. "The dissociation constant Kp, ; was recomputed separately from data presented in [9]; see supplemental S1 Text.

Reaction Number Biochemical Equation Kinetic Factor Units Median/Literature 95% CI
1 ko Ko (nM) 57! 0.51 (9.43 x 1072, 0.96)
E+$5~E:S k., s 103.93 (5.28,211.18)
Ky nM 238 [9] *
Kp.i nM 204.02 (56.16, 220.85)
2 B.s &E b ks s 17.33 (13.75,20.31)
3 k., kys (nM)"'s7! 7.42 %1072 (3.66 x 107%,9.48 x 1072)
E:P===E+P ks 5! 38.59 (19.02, 49.29)
Kps nM 520 [29] *
4 k, k.4 (nM) 57! 3.40 x 107 (2.52 x 1072, 4.54 x 1073)
P+I=—P:1I _1 -5 -5 —4
k, k4 s 8.94 x 10 (6.62%x107%,1.19 x 107%)
Kp4 nM 2.63x 107" -
5 k; kis (M) 's7! -
E—Q—P:Ikx:‘sP:I:E ks = -
Kp,s nM -
6 k, ke (M) 's7! 0.24 (0.12, 0.34)
E:P+I=—E:P:1 1 4 _6 4
k., kg s 2.21 %10 (8.37x10°%,4.79 x 107%)
Kpe nM 9.28 x 107* (3.48 x 107°,2.78 x 1073)
7 L kis st - -
E:P:I\TJP:I:E k. o1 i
Kr7 - - -
8 ks kys (nM)’s7! 0.94 (0.76, 1.00)
E+Pp: 17,8 E:b:d k_g st 8.19x107* (2.96 x 1074, 1.44 x 1073)
Kps nM 8.87x107* (3.24x 107 1.59 x 1073)

https://doi.org/10.1371/journal.pcbi.1012509.t002

equivalent. Next we determine how much Kp, 3 must vary for product inhibition to achieve
similar effects to those of direct binding.

In Fig 6, we analyze the steady-state inhibition of the functional enzyme via the No TFPI
pathway, focusing on the necessary level of product/enzyme dissociation for product inhibi-
tion to match the efficacy of the direct binding (DB) pathway. The dotted line represents the
scenario previously depicted in Fig 5, employing median reaction rates for the third reaction
as listed in Table 1: k3 = 0.16 (nM)'s ™" and k_; = 81.2 s, This setup corresponds to a dissoci-
ation constant (Kp) of 520 nM. By progressively scaling down k_; by factors of ten, we found
that, with our model, the dissociation constant would need to diminish by ~ 10? to achieve an
inhibition effect on par with that of the DB pathway. This scaling of the off-rate would result in
a much smaller K, than those reported in the literature (520 to 1773 nM, as given in [17-21,
29] and S1 Table). We repeated this analysis with the median rates for the alternate model and
obtained similar results (see S8 Fig).

Discussion and conclusion

In this study, we re-evaluated a set of experiments and proposed a kinetic scheme for the inhi-
bition of factor X activation by TFPIL. Our findings strongly support the direct binding of TFPI
to the TF:VIIa:Xa complex and demonstrate that strong TFPI inhibition under flow is possible
when this direct mechanism is included. We discuss our findings in the context of other
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Fig 6. Inhibition of factor X activation is weak in the absence of TFPI. To study product inhibition we fix the forward reaction rate to the median
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52, 5.2, and 0.52 nM, respectively.
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studies on TFPI inhibition and its broader implications for coagulation. We also close with
suggestions for advancing coagulation research through open science.

As noted in the introduction, we are not the first researchers to consider the proposed scheme
with this data set. Pantaleev et al. [10] examined the same experimental results and model from
Baugh [9] but reached different conclusions. They found that the model without direct binding
was insufficient to match Baugh’s data and proposed a model with two additional mechanisms:
direct binding of TFPI and displacement of the X substrate from TF:VIIa by the Xa:TFPI com-
plex (see Scheme 3 in [10]). However, there is no external support for substrate displacement,
leading us to conclude that the simpler formulation with direct binding is more likely.

Several differences between our work and the prior study explain our different conclusions
on the sufficiency of the Baugh scheme. First, we used an adaptive Metropolis approach to
parameter inference, allowing us to explore the parameter space globally. Second, we consid-
ered the likelihood of the data from both experiments simultaneously, whereas Pantaleev used
a serial approach, fitting parameters from one experiment before proceeding to the next. They
constrained their parameter space by assuming that the association and dissociation between
X and TF:VIIa are the same as Xa and TF:VIIa. For the unknown hypothetical parameters,
they considered only a narrow range of values (k,, € (0, 16.67 x 107°) nM 's ' and k. € (0,
3.33x 107°) nM™'s™"). Lastly, in their final comparison between data and model (Figure 2 in
[10]), they did not allow reverse reactions for reaction 6 and did not include reactions 7 and 8
(forward and reverse rates for both were set to 0). They reported an inability to obtain the
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correct ordering of curves for the pre-incubation experiment, but increasing kg above 0.10
nM~'s™! with all other parameters the same would have produced the correct ordering of
curves. Thus, they did not explore the full range of feasible behavior of this scheme over rea-
sonable parameter values.

After demonstrating that the scheme with direct and indirect binding posed by Baugh plau-
sibly fits the data, we studied the mechanisms more closely. Our inference required both direct
and indirect mechanisms to simultaneously fit both static experiments. Additionally, as shown
in our study with flow (see Fig 5), the inclusion of the direct binding mechanism results in
strong inhibition over six orders of flow rates.

We are not the first mathematical study to closely examine direct and indirect mechanisms
of TFPI inhibition of factor Xa. Fogelson and Tania [11] included both pathways but con-
cluded that the dominant mechanism of inhibition of factor X activation was product inhibi-
tion and that flow itself was more important than TFPI for inhibition. Because [11] did not
provide kinetic rates or code for their model, it is not possible to replicate their work. However,
we conclude that their study did not explore the full capacity of TFPI inhibition and had other
limitations. First, they assumed the same rates of binding of X to TF:VIla and Xa to TF:VIIa.
We followed [29], who reported different affinities for these reactions (Kp; = 230 nM and Kp 3
=520 nM, respectively, for X and Xa). In their study, Fogelson and Tania varied these com-
mon Kp, values together by a constant 0 < & < 1, investigating the behavior of a mathematical
model of the full coagulation network under flow (described in [32]). They reported the
thrombin concentration at 10 minutes with a shear rate of 100 s for different initial densities
of TF with and without TFPI present, observing that the thrombin concentration was signifi-
cantly impacted by a. Decreasing a increases the time that X and Xa remain in a complex with
TF:VIla, reducing the thrombin concentration (see Figure 10 in [11]). However, they found
that thrombin behavior in the model was the same with or without TFPI. This does not rule
out TFPI as an inhibitor, especially since we cannot verify what rates of TFPI inhibition were
included in their scheme. Indeed, decreasing the Kp, increases the capacity of X and Xa to
occupy TF:VIIa, blocking the system’s ability to create additional Xa. This new model of TFPI
regulation of Xa activation has the potential to influence other parts of the coagulation path-
way, in particular through the complex between Xa, Va and TFPI. In order to fully explore the
downstream effects that could propagate to the regulation of thrombin, this scheme should be
incorporated into a full-model of static coagulation such as the ones described in [6].

Another study by Shibeko et al. [36] developed a mechanistic mathematical model of coag-
ulation under flow, including the model of TFPI inhibition reported by [10]. These researchers
concluded that the lag time of thrombin under flow was sensitive to factor VII activation and
TFPI-mediated inhibition. While remarking on the source of disagreement between models
on the role of TFP], the authors wrote, “We suppose this difference was caused by different
ways of modeling TFPL.” We agree with these conclusions and anticipate that our new mathe-
matical support for the simplified direct and indirect binding scheme for TFPI inhibition
brings a new appreciation for studying TFPT’s role in coagulation.

A challenge we faced was that the original data were not available, requiring us to manually
extract data points from figures, introducing additional noise. While we believe our adaptive
Metropolis parameter estimation approach is the best for working with such data, having
access to the actual data would have been preferable. We suggest that researchers publish their
experimental data in formats that facilitate quantitative comparisons and parameter estima-
tion. Additionally, due to potential parameter identifiability and dependency issues, mathe-
matical modelers should consider Bayesian approaches to inference, incorporating
dependency and prior knowledge of rates. Furthermore, static coagulation assays occur in the
presence of lipid, so modelers should control for lipid dependence by being cognizant of the
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specific preparations used in experimental studies or explicitly incorporating lipid surfaces
into the reaction scheme.

In conclusion, our study provides new insights into the mechanisms of TFPI-mediated inhi-
bition of factor X activation, demonstrating that both direct and indirect pathways are essential
to replicate experimental observations. Moreover, the direct pathway is essential for TFPI inhi-
bition especially under flow. Incorporating this scheme into larger models of coagulation offers
the potential for a greater understanding of TFPI’s role in coagulation. Although there may be
challenges in accessing published data, our work demonstrates the power of applying new
mathematical approaches to existing data. Given the abundance and increasing amount of bio-
logical data available, we anticipate there is significant potential for new discoveries.

Methods

In this section, we discuss our approach to applying the likelihood formulation for estimating
parameters while incorporating bounds and relationships between rates derived from estab-
lished biochemical knowledge.

Likelihood formulation

Our formulation in Eq (5) computes the likelihood of observing the experimental measure-
ments of factor X activation—denoted by A and presented in supplementary S1 Text—using
our mathematical model and kinetic rates 0 (see Table 1). The right-hand side of Eq (5) shows
that the total likelihood is the product of the likelihoods of all observations from both experi-
ments. Experiment one contains eight replicates with twelve non-zero measurements, yielding
96 measurements (C; = 96), while experiment two contains four replicates with twelve mea-
surements, yielding 48 measurements (C, = 48). This likelihood formulation, together with
our adaptive Metropolis approach, allows for sampling from the distribution of the kinetic
rates of interest (see S1 and S2 Figs and the Estimation of Kinetic Rate Constants section).

L(0|A) = L(B|Experiment 1 Data) - L(6|Experiment 2 Data),

f‘[ L(0)A, (¢ Hc 0)A,(t
~TITTE0A ).

i=1

As aforementioned, the likelihood of the experimental data £(6)|.A4) is the product of the
likelihoods of all measurements and their associated model predictions given kinetic rates 6.
The likelihood of a single observation is computed assuming a proportional error model Eq
(6), where for a single observation .A(t,) at time ¢; and the model prediction u(t,|0), N is the
normal distribution with mean u(#,|0) and a standard deviation proportional to the model pre-
diction o - u(;]6). The o - u(t;|0) term captures the observed heteroscedasticity in the data with
increased magnitude of factor X measurements (see supplementary figures Figs A and B in S1
Text). The model factors in 0 include the kinetic rate constants, k;, k_;, ka, k.3, k_3, . . .k, g, k_g,
the standard deviation term o, and the initial conditions depending on whether the model pre-

diction is for experiment one or experiment two, [Elo, [S]o, - - ., [P:I:E]o. See the Results section
for an explanation of experiments and their initial conditions.
L(O]A(t)) = N(A(t); u(t]0), 0 - u(t0)). (6)
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Estimates of kinetic rate constants

To estimate rate constants, we follow the convention of quantifying forward and backward
reactions, setting the lower bound of all rate constants to zero. The upper bound of diffusion-
limited enzyme substrate reactions is set to 1 (nM)~!s7! [37], and the upper limit for the
reverse reactions is set to 500 s'. To account for the rapid conversion of the E:P:I complex to
the more stable P:I:E complex, we set the upper bound for the forward rate constant k., to 500
s~ and the upper limit for the reverse conformational rate constant k_; to 107> s~". We found
that setting a higher bound on k_; still led to k_; < k,, and equivalent results. We use the
Michaelis-Menten relationship [38]:

k k
Ky == )
1

to establish bounds on the rate constants k; and k,, assuming a known value for Ky (see
Table 1). Using the known value for K, and the estimated values of k; and k,, we set the
reverse reaction rate k_; = Ky - k; — k,. Requiring k_; > 0, we find that k; > k,/Kj,, with an
upper bound of 1 (nM)'s™". This also implies that k»/Ky; < 1 (nM)'s™", thus k, < Ky, s~

To estimate the posterior distributions of the unknown rate constants (see Fig B in S1
Text), we follow four steps: (i) a pre-exploration of the parameter space using a uniform prior
on the set of ranges previously described, (ii) application of the Metropolis algorithm (MA),
(iii) application of the adaptive Metropolis algorithm (AM), and (iv) post-processing of chain
iterations to reduce autocorrelation among estimates. In the uniform pre-exploration of the
parameter space, we compute the likelihood as in Eq (5) using 10° Latin hypercube samples
(LHS) and apply the bounds and relationships previously discussed. Following [39], we use
our likelihood formulation presented in Eq (5) and the normal distribution as our proposal
distribution to apply a two-step random walk Metropolis algorithm to estimate the target dis-
tributions. In the application of MA, which is an initial random walk exploration of the param-
eter space, we first use the top 500 LHS parameter sets associated with the top 500 likelihood
values out of the 10° values to compute an initial set of parameters 6, and an initial diagonal
variance matrix V. Assuming a normal prior, we compute 10 iterations of the MA. In the
application of the AM, we use the 10> MA iterations to compute the covariance matrix C and
use the last MA parameter set 8, as the initial AM parameter set, computing 6 - 10° iterations
with a normal prior. Lastly, to reduce the autocorrelation between iterations of the combined
MA and AM chain iterations to less than 5% (as discussed in [40]), we drop the first 10° MA
iterations and then take every 100th sample of the chain. This leaves 6 - 10* estimates per
chain, which we use for the analyses in this work.

Supporting information

S1 Text. Extraction of experimental data and re-estimating Kp, 4 from data in [9]. Fig A.
Progress Curves of Factor X Activation Data Extracted From Figures 2A and 3B of [9]. Fig B.
Inhibition of Factor Xa by TFPL Table A. Experiment One Data Extracted From Figure 2A of
[9]. Table B. Experiment Two Data Extracted From Figure 3B of [9]. Table C. Data Extracted
From Figure 4A in [9].

(PDF)

S1 Fig. Posterior distribution of rate constants and proportional error term. Posterior dis-
tributions are formed from samples obtained through application of the Adaptive Metropolis
algorithm, as detailed in the main text, and presented within a 99% credible interval window.

(PDF)
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S2 Fig. Posterior distribution of dissociation constants and kinetic ratio. Posterior distribu-
tions are formed from samples obtained through application of the adaptive Metropolis algo-
rithm, as detailed in the main text, and presented within a 99% credible interval window.
(PDF)

S3 Fig. Alternative model without a stable complex: Fit to factor X activation curves.
Uncertainty in model predictions: Median, 70%, 90%, and 99% credible intervals about the
median. (A) Factor X (170 nM) activated by VIIa:TF (0.032 to 1.024 nM) in the presence of
TFPI (2.4 nM) (see [9]). (B) Factor X (170 nM) activated by VIIa:TF (0.128 nM) in the pres-
ence of TFPI (2.4 nM) preincubated with factor Xa (0.00 to 1.00 nM) (see [9]).

(PDF)

$4 Fig. Alternative model without a stable complex: Posterior distribution of rate con-
stants and proportional error term. Posterior distributions are formed from samples
obtained through application of the adaptive Metropolis algorithm, as detailed in the main
text, and presented within a 99% credible interval window.

(PDF)

S5 Fig. Alternative model without a stable complex: Posterior distribution of dissociation
constants. Posterior distributions are formed from samples obtained through application of
the adaptive Metropolis algorithm, as detailed in the main text, and presented within a 99%
credible interval window.

(PDF)

S6 Fig. Alternative model without a stable complex: Functional enzyme over time by flow
rate and inhibition pathway. Concentration of functional enzyme over time by pathway of
inhibition, for (A) low flow (kg = 107 s7"), (B) medium flow (kg,,, = 10°s™"), and (C) high
flow (kgow = 10° s7"). See Fig 4 in the main text for comparison.

(PDF)

S7 Fig. Alternative model without a stable complex: Functional enzyme at steady state over
flow rate. For each inhibition pathway: No TFPI (NI), Direct Binding (DB), Indirect Binding
(IB), and both the Direct and Indirect Binding (DIB), the steady state concentration of func-
tional enzyme is presented for flow rates from 1072 (Low Flow) to 10% sec™! (High Flow). See
Fig 5 in the main text for comparison.

(PDF)

S8 Fig. Alternative model without a stable complex: Inhibition of factor X activation is
weak in the absence of TFPI. To study product inhibition we fix the forward reaction rate to
the median value, k,; = 7.42 - 1072 (nM)"'s™! and scale the median value of the reverse reac-
tion by ¢, k_3 = 38.9 - ¢ ' s™". This scales the dissociation constant Kp, 5 to 520, 52, 5.2, and 0.52
nM, respectively. See Fig 6 in the main text for comparison.

(PDF)

S1 Table. Kinetic rates of interest in previous models in thrombin generation models con-
sidered in [6].
(PDF)

Acknowledgments

We would also like to acknowledge Nicholas Danes and Jayde Thompson for their technical
assistance with simulations during the early stage of this project.

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012509 November 15, 2024 18/21


http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012509.s003
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012509.s004
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012509.s005
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012509.s006
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012509.s007
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012509.s008
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012509.s009
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1012509.s010
https://doi.org/10.1371/journal.pcbi.1012509

PLOS COMPUTATIONAL BIOLOGY A new look at TFP! inhibition of factor X activation

Author Contributions

Conceptualization: Fabian Santiago, Amandeep Kaur, Shannon Bride, Dougald Monroe,
Karin Leiderman, Suzanne Sindi.

Data curation: Fabian Santiago, Amandeep Kaur, Shannon Bride, Dougald Monroe, Karin
Leiderman, Suzanne Sindi.

Formal analysis: Fabian Santiago, Amandeep Kaur, Shannon Bride, Dougald Monroe, Karin
Leiderman, Suzanne Sindi.

Funding acquisition: Dougald Monroe, Karin Leiderman, Suzanne Sindi.

Investigation: Fabian Santiago, Amandeep Kaur, Shannon Bride, Dougald Monroe, Karin
Leiderman, Suzanne Sindi.

Methodology: Fabian Santiago, Amandeep Kaur, Dougald Monroe, Karin Leiderman,
Suzanne Sindi.

Project administration: Dougald Monroe, Karin Leiderman, Suzanne Sindi.
Resources: Dougald Monroe, Karin Leiderman, Suzanne Sindi.

Software: Fabian Santiago, Karin Leiderman, Suzanne Sindi.

Supervision: Dougald Monroe, Karin Leiderman, Suzanne Sindi.

Validation: Dougald Monroe, Karin Leiderman, Suzanne Sindi.

Visualization: Fabian Santiago, Dougald Monroe, Karin Leiderman, Suzanne Sindi.

Writing - original draft: Fabian Santiago, Amandeep Kaur, Dougald Monroe, Karin Leider-
man, Suzanne Sindi.

Writing - review & editing: Fabian Santiago, Dougald Monroe, Karin Leiderman, Suzanne
Sindi.

References

1. Orfanakis A, DeLoughery T. Patients with disorders of thrombosis and hemostasis. Medical Clinics of
North America. 2013; 97:1161-1180. https://doi.org/10.1016/].mcna.2013.07.004 PMID: 24182725

2. Jin NZ, Gopinath SCB. Potential blood clotting factors and anticoagulants. Biomedicine and Pharmaco-
therapy. 2016; 84:356—365. https://doi.org/10.1016/j.biopha.2016.09.057 PMID: 27668535

3. LeidermanK, Fogelson A. An overview of mathematical modeling of thrombus formation under flow.
Thrombosis research. 2014; 133:S12—-S14. https://doi.org/10.1016/j.thromres.2014.03.005 PMID:
24759131

4. LeidermanK, Sindi SS, Monroe DM, Fogelson AL, Neeves KB. The art and science of building a
computational model to understand hemostasis. Seminars in Thrombosis and Hemostasis. 2021; 47
(02):129-138. https://doi.org/10.1055/s-0041-1722861 PMID: 33657623

5. Diamond SL. Systems biology of coagulation. Journal of Thrombosis and Haemostasis. 2013; 11:224—
232. https://doi.org/10.1111/jth.12220 PMID: 23809126

6. Owen MJ, Wright JR, Tuddenham EG, King JR, Goodall AH, Dunster JL. Mathematical models of coag-

ulation-Are we there yet? Journal of Thrombosis and Haemostasis. 2024;. https://doi.org/10.1016/j.jtha.
2024.03.009 PMID: 38521192

7. Maroney SA, Westrick RJ, Cleuren AC, Martinez ND, Siebert AE, Zogg M, et al. Tissue factor pathway
inhibitor is required for cerebrovascular development in mice. Blood. 2021; 137(2):258—268. https://doi.
org/10.1182/blood.2020006054 PMID: 32735640

8. Wood JP, Ellery PE, Maroney SA, Mast AE. Biology of tissue factor pathway inhibitor. Blood, The Jour-
nal of the American Society of Hematology. 2014; 123(19):2934-2943.

9. Baugh RJ, Broze GJ, Krishnaswamy S. Regulation of extrinsic pathway factor Xa formation by tissue
factor pathway inhibitor. Journal of Biological Chemistry. 1998; 273(8):4378—4386. PMID: 9468488

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012509  November 15, 2024 19/21


https://doi.org/10.1016/j.mcna.2013.07.004
http://www.ncbi.nlm.nih.gov/pubmed/24182725
https://doi.org/10.1016/j.biopha.2016.09.057
http://www.ncbi.nlm.nih.gov/pubmed/27668535
https://doi.org/10.1016/j.thromres.2014.03.005
http://www.ncbi.nlm.nih.gov/pubmed/24759131
https://doi.org/10.1055/s-0041-1722861
http://www.ncbi.nlm.nih.gov/pubmed/33657623
https://doi.org/10.1111/jth.12220
http://www.ncbi.nlm.nih.gov/pubmed/23809126
https://doi.org/10.1016/j.jtha.2024.03.009
https://doi.org/10.1016/j.jtha.2024.03.009
http://www.ncbi.nlm.nih.gov/pubmed/38521192
https://doi.org/10.1182/blood.2020006054
https://doi.org/10.1182/blood.2020006054
http://www.ncbi.nlm.nih.gov/pubmed/32735640
http://www.ncbi.nlm.nih.gov/pubmed/9468488
https://doi.org/10.1371/journal.pcbi.1012509

PLOS COMPUTATIONAL BIOLOGY A new look at TFP! inhibition of factor X activation

10. Panteleev MA, Zarnitsina VI, Ataullakhanov FI. Tissue factor pathway inhibitor. European Journal of
Biochemistry. 2002; 269(8):2016—2031. https://doi.org/10.1046/j.1432-1033.2002.02818.x PMID:
11985578

11.  Fogelson AL, Tania N. Coagulation under flow: The influence of flow-mediated transport on the initiation
and inhibition of coagulation. Pathophysiology of Haemostasis and Thrombosis. 2005; 34(2-3):91-108.
PMID: 16432311

12. Bungay SD, Gentry PA, Gentry RD. A mathematical model of lipid-mediated thrombin generation. Math-
ematical Medicine and Biology. 2003; 20(1):105—-129. PMID: 12974500

13. Leiderman K, Chang WC, Ovanesov M, Fogelson AL. Synergy Between Tissue Factor and Exogenous
Factor Xla in Initiating Coagulation. ATVB. 2016; 36(12):2334—2345. https://doi.org/10.1161/
ATVBAHA.116.308186 PMID: 27789475

14. Link KG, Stobb MT, Sorrells MG, Bortot M, Ruegg K, Manco-Johnson MJ, et al. A mathematical model
of coagulation under flow identifies factor V as a modifier of thrombin generation in hemophilia A. J
Thromb Haemost. 2020; 18(2):306—317. https://doi.org/10.1111/jth.14653 PMID: 31562694

15. Fogelson A, Hussain Y, Leiderman K. Blood Clot Formation under Flow: The Importance of Factor XI
Depends Strongly on Platelet Count. Biophysical Journal. 2012; 102(1):10-18. https://doi.org/10.1016/
j.bpj.2011.10.048 PMID: 22225793

16. Panteleev MA, Balandina AN, Lipets EN, Ovanesov MV, Ataullakhanov FI. Task-oriented modular
decomposition of biological networks: trigger mechanism in blood coagulation. Biophysical journal.
2010; 98(9):1751-1761. https://doi.org/10.1016/j.bpj.2010.01.027 PMID: 20441738

17. Chatterjee MS, Denney WS, Jing H, Diamond SL. Systems biology of coagulation initiation: kinetics of
thrombin generation in resting and activated human blood. PLoS computational biology. 2010; 6(9):
€1000950. https://doi.org/10.1371/journal.pcbi.1000950 PMID: 20941387

18. Danforth CM, Orfeo T, Mann KG, Brummel-Ziedins KE, Everse SJ. The impact of uncertainty in a blood
coagulation model. Mathematical Medicine and Biology. 2009; 26:323-336. https://doi.org/10.1093/
imammb/dgp011 PMID: 19451209

19. Hockin MF, Jones KC, Everse SJ, Mann KG. A model for the stoichiometric regulation of blood coagula-
tion. Journal of Biological Chemistry. 2002; 277(21):18322—18333. https://doi.org/10.1074/jbc.
M201173200 PMID: 11893748

20. Lakshmanan HHS, Estonilo A, Reitsma SE, Melrose AR, Subramanian J, Zheng TJ, et al. Revised
model of the tissue factor pathway of thrombin generation: role of the feedback activation of FXI. Journal
of Thrombosis and Haemostasis. 2022; 20(6):1350—-1363. https://doi.org/10.1111/jth.15716 PMID:
35352494

21. Brummel-Ziedins KE, Orfeo T, Callas PW, Gissel M, Mann KG, Bovill EG. The Prothrombotic Pheno-
types in Familial Protein C Deficiency Are Differentiated by Computational Modeling of Thrombin Gen-
eration. PLOS ONE. 2012; 7(9):1-10. https://doi.org/10.1371/journal.pone.0044378 PMID: 22984498

22. Danforth CM, Orfeo T, Everse SJ, Mann KG, Brummel-Ziedins KE. Defining the boundaries of normal
thrombin generation: investigations into hemostasis. PloS one. 2012; 7(2):e30385. https://doi.org/10.
1371/journal.pone.0030385 PMID: 22319567

23. Didembourg M, Douxfils J, Carlo A, Mullier F, Hardy M, Morimont L. Effect of tissue factor pathway
inhibitor on thrombin generation assay. International journal of laboratory hematology. 2022; 44(3):
e115—e119. https://doi.org/10.1111/ijlh.13758 PMID: 34783175

24. Link KG, Stobb MT, Di Paola J, Neeves KB, Fogelson AL, Sindi SS, et al. A local and global sensitivity
analysis of a mathematical model of coagulation and platelet deposition under flow. PLoS One. 2018;
13(7):e0200917. https://doi.org/10.1371/journal.pone.0200917 PMID: 30048479

25. Girard TJ, Warren LA, Novotny WF, Likert KM, Brown SG, Miletich JP, et al. Functional significance of
the Kunitz-type inhibitory domains of lipoprotein-associated coagulation inhibitor. Nature. 1989; 338
(6215):518-520. https://doi.org/10.1038/338518a0 PMID: 2927510

26. Peraramelli S, Suylen DP, Rosing J, Hackeng TM. The Kunitz 1 and Kunitz 3 domains of tissue factor
pathway inhibitor are required for efficient inhibition of factor Xa. Thrombosis and haemostasis. 2012;
108(08):266—276. https://doi.org/10.1160/TH11-12-0902 PMID: 22627666

27. Peraramelli S, Thomassen S, Heinzmann A, Rosing J, Hackeng T, Hartmann R, et al. Inhibition of tissue
factor: factor Vlla—catalyzed factor IX and factor X activation by TFPI and TFPI constructs. Journal of
Thrombosis and Haemostasis. 2014; 12(11):1826—-1837. PMID: 25163770

28. Larsen KP. GraphReader; 2024. Available from: http://www.graphreader.com/.

29. LuG, Broze GJ, Krishnaswamy S. Formation of factors IXa and Xa by the extrinsic pathway: Differential
regulation by tissue factor pathway inhibitor and antithrombin Ill. Journal of Biological Chemistry. 2004;
279(17):17241-17249. https://doi.org/10.1074/jbc.M312827200 PMID: 14963035

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012509  November 15, 2024 20/21


https://doi.org/10.1046/j.1432-1033.2002.02818.x
http://www.ncbi.nlm.nih.gov/pubmed/11985578
http://www.ncbi.nlm.nih.gov/pubmed/16432311
http://www.ncbi.nlm.nih.gov/pubmed/12974500
https://doi.org/10.1161/ATVBAHA.116.308186
https://doi.org/10.1161/ATVBAHA.116.308186
http://www.ncbi.nlm.nih.gov/pubmed/27789475
https://doi.org/10.1111/jth.14653
http://www.ncbi.nlm.nih.gov/pubmed/31562694
https://doi.org/10.1016/j.bpj.2011.10.048
https://doi.org/10.1016/j.bpj.2011.10.048
http://www.ncbi.nlm.nih.gov/pubmed/22225793
https://doi.org/10.1016/j.bpj.2010.01.027
http://www.ncbi.nlm.nih.gov/pubmed/20441738
https://doi.org/10.1371/journal.pcbi.1000950
http://www.ncbi.nlm.nih.gov/pubmed/20941387
https://doi.org/10.1093/imammb/dqp011
https://doi.org/10.1093/imammb/dqp011
http://www.ncbi.nlm.nih.gov/pubmed/19451209
https://doi.org/10.1074/jbc.M201173200
https://doi.org/10.1074/jbc.M201173200
http://www.ncbi.nlm.nih.gov/pubmed/11893748
https://doi.org/10.1111/jth.15716
http://www.ncbi.nlm.nih.gov/pubmed/35352494
https://doi.org/10.1371/journal.pone.0044378
http://www.ncbi.nlm.nih.gov/pubmed/22984498
https://doi.org/10.1371/journal.pone.0030385
https://doi.org/10.1371/journal.pone.0030385
http://www.ncbi.nlm.nih.gov/pubmed/22319567
https://doi.org/10.1111/ijlh.13758
http://www.ncbi.nlm.nih.gov/pubmed/34783175
https://doi.org/10.1371/journal.pone.0200917
http://www.ncbi.nlm.nih.gov/pubmed/30048479
https://doi.org/10.1038/338518a0
http://www.ncbi.nlm.nih.gov/pubmed/2927510
https://doi.org/10.1160/TH11-12-0902
http://www.ncbi.nlm.nih.gov/pubmed/22627666
http://www.ncbi.nlm.nih.gov/pubmed/25163770
http://www.graphreader.com/
https://doi.org/10.1074/jbc.M312827200
http://www.ncbi.nlm.nih.gov/pubmed/14963035
https://doi.org/10.1371/journal.pcbi.1012509

PLOS COMPUTATIONAL BIOLOGY A new look at TFP! inhibition of factor X activation

30. Cooper DN, Millar DS, Wacey A, Pemberton S, Tuddenham EG. Inherited factor X deficiency: molecu-
lar genetics and pathophysiology. Thrombosis and haemostasis. 1997; 78(07):161-172. PMID:
9198147

31. Broze GJ Jr, Girard TJ. Tissue factor pathway inhibitor: structure-function. Frontiers in bioscience: a
journal and virtual library. 2012; 17:262. https://doi.org/10.2741/3926 PMID: 22201743

32. Kuharsky AL, Fogelson AL. Surface-mediated control of blood coagulation: the role of binding site den-
sities and platelet deposition. Biophysical journal. 2001; 80(3):1050—1074. https://doi.org/10.1016/
S0006-3495(01)76085-7 PMID: 11222273

33. Doutel E, Galindo-Rosales FJ, Campo-Deafio L. Hemodynamics challenges for the navigation of medi-
cal microbots for the treatment of CVDs. Materials. 2021; 14(23):7402. https://doi.org/10.3390/
ma14237402 PMID: 34885556

34. Jackson CM. Structure and function of factor X: properties, activation, and activity in prothrombinase. A
retrospective in a historical context. Journal of Thrombosis and Thrombolysis. 2021; 52(2):371-378.
PMID: 33725285

35. YoungM, Carroad P, Bell R. Estimation of diffusion coefficients of proteins. Biotechnology and bioengi-
neering. 1980; 22(5):947-955.

36. Shibeko AM, Lobanova ES, Panteleev MA, Ataullakhanov Fl. Blood flow controls coagulation onset via
the positive feedback of factor VIl activation by factor Xa. BMC systems biology. 2010; 4(1):1-12.
https://doi.org/10.1186/1752-0509-4-5 PMID: 20102623

37. Alberty RA, Hammes GG. Application of the theory of diffusion-controlled reactions to enzyme kinetics.
The Journal of Physical Chemistry. 1958; 62(2):154—159.

38. YunKIl, Han TS. Relationship between enzyme concentration and Michaelis constant in enzyme
assays. Biochimie. 2020; 176:12—20. PMID: 32585228

39. Haario H, Saksman E, Tamminen J, et al. An adaptive Metropolis algorithm. Bernoulli. 2001; 7(2):223—
242. https://doi.org/10.2307/3318737

40. Roberts GO, Rosenthal JS. Optimal scaling for various Metropolis-Hastings algorithms. Statistical sci-
ence. 2001; 16(4):351-367. https://doi.org/10.1214/ss/1015346320

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012509  November 15, 2024 21/21


http://www.ncbi.nlm.nih.gov/pubmed/9198147
https://doi.org/10.2741/3926
http://www.ncbi.nlm.nih.gov/pubmed/22201743
https://doi.org/10.1016/S0006-3495(01)76085-7
https://doi.org/10.1016/S0006-3495(01)76085-7
http://www.ncbi.nlm.nih.gov/pubmed/11222273
https://doi.org/10.3390/ma14237402
https://doi.org/10.3390/ma14237402
http://www.ncbi.nlm.nih.gov/pubmed/34885556
http://www.ncbi.nlm.nih.gov/pubmed/33725285
https://doi.org/10.1186/1752-0509-4-5
http://www.ncbi.nlm.nih.gov/pubmed/20102623
http://www.ncbi.nlm.nih.gov/pubmed/32585228
https://doi.org/10.2307/3318737
https://doi.org/10.1214/ss/1015346320
https://doi.org/10.1371/journal.pcbi.1012509

