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TISSUE ENGINEERING

Rapid model-guided design of 
organ-scale synthetic vasculature 
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Our ability to produce human-scale biomanufactured organs is 
limited by inadequate vascularization and perfusion. For 
arbitrarily complex geometries, designing and printing 
vasculature capable of adequate perfusion poses a major 
hurdle. We introduce a model-driven design platform that 
demonstrates rapid synthetic vascular model generation 
alongside multifidelity computational fluid dynamics 
simulations and three-dimensional bioprinting. Key algorithmic 
advances accelerate vascular generation 230-fold and enable 
application to arbitrarily complex shapes. We demonstrate that 
organ-scale vascular network models can be generated and 
used to computationally vascularize >200 engineered and 
anatomic models. Synthetic vascular perfusion improves cell 
viability in fabricated living-tissue constructs. This platform 
enables the rapid, scalable vascular model generation and fluid 
physics analysis for biomanufactured tissues that are necessary 
for future scale-up and production.

The fabrication of thick, functional tissues and organs depends on the 
successful generation and integration of perfusable vascular networks 
(1, 2). Natively, cells of most soft, vascularized tissues lie within 100 μm 
of a blood vessel; in metabolically demanding tissues, this distance 
can be less than 20 μm, and vessel density may be greater than 2500 
vessels per mm3 (3–5). Hierarchical structure allows vascular networks 
to reach the extensive scales necessary for organ perfusion without 
sacrificing transport efficiency (6, 7). Thus, the scalability of manufac-
tured tissues depends on recapitulating the tree-like vascular organiza-
tion observed in vivo.

Recent advances in tissue manufacturing allow fabrication of mul-
timaterial constructs replete with multiple cell types and extracellular 
matrix compositions at resolutions and speeds necessary for viable 
three-dimensional (3D) tissues (8–11). However, a robust method for 
generating a multiscale and biomimetic perfusable network within 
these tissues remains elusive. Though it is possible to segment vascu-
lature directly from image data, these data often do not exist at ade-
quate resolution for arbitrary shapes used in bioprinting. To date, only 
cryomicrotomes and light sheet microscopy techniques have allowed 

direct segmentation of the microvasculature (12, 13). Furthermore, 
engineered tissues rarely have direct anatomical analogs from which 
to extract imaged vascular networks. Modern-day perfusion designs 
have thus relied on simple lattices, which poorly reproduce the topol-
ogy and hemodynamics of native vasculature (14–17). Although accept-
able for tissue manufacturing at low cell densities (<106 cells/ml), these 
idealized designs fail to satisfy the metabolic demand of clinically 
relevant cell densities (108 cells/ml), thereby precluding the in vitro 
viability of larger-scale manufactured tissues (18).

The cardiovascular computational fluid dynamics (CFD) community 
has developed methods to generate microvascular tree networks for 
incorporation into hemodynamic models. Structured trees of fractal 
topology and morphometric trees have been used to investigate mi-
crovascular autoregulation, quantify wall shear stresses, and provide 
boundary conditions for 3D simulations (19, 20). Although these pro-
vide basic hemodynamic information, typically using a Poiseuille flow 
assumption, they cannot provide the 3D spatial information needed 
for biofabrication of vascular tree networks. Algorithms to construct 
vascular tree networks in 3D volumes have therefore been proposed 
and include global constrained optimization (GCO), Monte Carlo, 
Lindenmayer systems, fractal trees, growth-based optimization (GBO), 
and constrained constructive optimization (CCO), among which 
GBO, CCO, and GCO exploit hemodynamic principles during vascular 
generation to ensure sufficient perfusion (21–24). However, prior CCO 
methods had several notable drawbacks, including long build times 
(hours to days for complex models), limited handling of nonconvex 
volumes, and an inability to predict resulting hemodynamics at mul-
tiple spatial fidelities. Although some recent work has extended both 
CCO and GCO for nonconvex perfusion territories, the methods are 
computationally expensive and CCO remains the only algorithm in 
this family that is able to produce closed fluid circuits, a requirement for 
engineered tissues (25–28). Despite these limitations, CCO has been widely 
adopted for iterative vascular generation, with applications spanning 
both patient-specific CFD and perfusion of 3D printed tissues (29).

We introduce a synthetic vascular toolkit that generates organ-
spanning tree-network models within minutes and provides a com-
plete automated pipeline from model generation to hemodynamic 
simulation and 3D fabrication. We combined CCO methods with 
recent techniques for CFD hemodynamic simulation and 3D printing to 
provide matched flow analysis and vascular geometry in support of 
tissue fabrication needs. We extended these methods for complex 
perfusion territories, multifidelity hemodynamic simulation, and closed-
loop perfusion networks. We demonstrated our workflow by perfusion 
of 3D bioprinted vascular networks in a bioreactor and corroborated 
flow behavior using CFD models. We further characterized and simulated 
networks within larger engineered designs and organ-scale anato-
mies to motivate large-scale vascular planning of engineered tissues.

Overview of perfusion topology performance
We simulated and examined transport network metrics such as ener-
getic losses due to resistance, flow distribution homogeneity, intravas-
cular mass transport, and approximate tissue perfusion for network 
architectures generated within convex and nonconvex geometries 
(Fig. 1, A to G). This analysis considered thousands of network designs 
for lattice and randomly seeded synthetic vascular strategies, for which 
some representative networks are shown (Fig. 1, A and B). In networks 
constrained by a fixed total blood volume, lattice designs exhibited 
higher nominal net hydraulic resistance than synthetic tree networks 
(Fig.  1C), implying that larger pressure gradients are required to 
achieve equivalent flow rates. Furthermore, lattice networks with the 
same total transport volume and inlet flow rates showed greater vari-
ability in flow distributions. The lowest quartile of flow rates in simu-
lated lattice networks was typically two to three orders of magnitude 
lower than the worst performing vessels in synthetic architectures 
(Fig. 1D).
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When we constrained all networks to an equivalent Péclet number 
at the inlet, we could evaluate intravascular solute distributions under 
quasi-steady flow using analytical solutions to advection-diffusion-
permeation equations [supplementary materials; (30)]. These simu-
lations revealed substantial differences in solute concentrations 

between the lowest-flow vessels in lat-
tice networks and their synthetic vas-
cular counterparts (Fig. 1E), suggesting 
that the regions of nutrient and oxy-
gen depletion may develop in net-
works with prolonged residence times. 
Extending the analysis into the extra-
vascular domain, solute depletion pat-
terns provided insight into areas of 
tissue at risk of nutrient and oxygen 
deprivation. With increasing network 
scale, lattice architectures consistently 
exhibited larger regions of poor ap-
proximate perfusion than synthetic 
vascular analogs (Fig. 1F). Visualization 
of the approximated tissue perfusion 
is shown in Fig. 1G for selected net-
works. In nonconvex geometries, these 
disparities were further accentuated, 
underscoring the relatively poor per-
formance of lattice networks across all 
evaluated transport metrics.

In application, our synthetic vascular 
algorithm accommodated arbitrarily 
complex tissue geometries, Ωt, includ-
ing cavities and thin walls (Fig. 1H). A 
highly nonconvex biventricle shape il-
lustrates this capability, where septum 
and right ventricle walls pose chal-
lenges for previous methods. By using 
implicit geometry reconstructions, we 
efficiently embedded a vascular tree, Ωf, 
throughout these regions (Fig.  1I). 
Because actual hemodynamic conditions 
often exceed the simplified Poiseuille 
assumptions used during vascular gen-
eration, multifidelity simulations can 
be automatically coupled for post hoc 
CFD analyses (Fig.  1J). As expected, 
normalized pressure decreased with 
bifurcation depth. In contrast to syn-
thetic vasculature, lattice architectures 
showed greater flow heterogeneity and 
higher pressures (fig.  S1). Finally, 
watertight vascular networks could be 
exported as common mesh file formats 
(e.g., .stl, .3mf) or tool path files (e.g., 
.gcode) for 3D biofabrication. Figure 1K 
shows a closed-loop arterial-venous sys-
tem for a biventricle tissue volume sub-
sequently committed to printing.

Performance of acceleration 
techniques during synthetic 
vascular generation
Beyond data-structure considerations 
(fig. S2), we introduce four key features 
for synthetic vascular tree generation: 
(i) partial binding optimization, (ii) 
partial implicit volumes, (iii) collision 

avoidance, and (iv) closed-loop vasculature. New vessels were added 
by bifurcating from existing trees, and each bifurcation was optimized 
using the cost function  = w(x)

∑

l
u
i
r
λ
i
, ∀ i ∈  , which combines vessel 

radii (ri) and lengths (li) scaled by power-law constants λ and u, re-
spectively, and weighted by a position-dependent penalty [w(x)]. 

Fig. 1. Perfusion performance and capabilities of the synthetic vascular toolkit. (A and B) Representative lattice and 
synthetic vascular networks at a fixed total blood volume in convex (cube) and nonconvex (biventricle) domains. (C) Net 
resistance per unit length (∂Rnet) for networks in (i) convex and (ii) nonconvex geometries, normalized by the maximum value 
(∂Rnet, max) and plotted against the number of vessels (Nvessels). Lat., lattice; Vas., synthetic vasculature. (D) Minimum flow 
ranges [(Qmin/Qinlet), 1.0] versus network size in (i) convex and (ii) nonconvex geometries. (E) Normalized lower quartiles of 
solute concentrations (CLQ/Cinlet) within vessels for (i) convex and (ii) nonconvex network geometries. (F) Average bulk solute 
concentrations in tissue (⟨Ctissue⟩∕Cinlet) approximated by a linear depletion model, plotted for (i) convex and (ii) nonconvex 
tissues over increasing network sizes (solid lines indicate moving averages). (G) Color-mapped tissue concentrations for 
networks of three different sizes in (i) convex and (ii) nonconvex geometries, with average bulk concentrations and vessel 
counts indicated. (H) A biventricle tissue domain (Ωt) featuring challenging thin-walled regions (ventricular septum, right 
ventricular wall). (I) Open-loop synthetic vasculature tree with 1000 outlets defining the fluid domain (Ωf) for blood or media 
flow. The root (seed) location is indicated. (J) Matched CFD simulation generated from the 1000-outlet tree, with an inlet flow 
waveform and outlet impedances modeling capillary and venous resistance. (K) Connections between synthetic arterial and 
venous trees form a closed-loop network suitable for embedded 3D printing.
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During optimization, hydraulic changes propagate back to the tree 
root and then forward again, making data traversal the main compu-
tational bottleneck. To mitigate this, we introduced partial binding 
(closure) (Fig. 2A), which caches intermediate structures to avoid re-
evaluating unchanged branches. Our cost function arises solely from 
fluid physics and allometric scaling laws, without incorporating local 
feedback mechanisms found in structural adaptation models; such 
models could provide more precise flow-matching local metabolic re-
quirements than fluid mechanics alone (31).

Previously, bifurcation optimization required two full tree traversals 
per evaluation 

(

N
2
)

 for trees of size N, causing multiday compute 
times beyond a few hundred vessels (Fig. 2B). To address this ineffi-
ciency, recent methods approximated the cost function to achieve 
constant-time optimization (32), which works well for deep bifurca-
tions but diverges from the true optimum near the root (depth ≤20). 
By contrast, partial binding scales at worst as [log(N)], evaluates 
the exact cost function, and depends only on optimization toler-
ances. It achieves median alignment accuracy of ≥60% across all 
bifurcation depths and ≥95% for deep bifurcations, as measured 
against a brute-force finite-difference solution (Fig. 2C). Of the nu-
merical optimizers we tested, a quasi-Newton [limited memory 

Broyden-Fletcher-Goldfarb-Shanno (L-BFGS-B)] approach offers an 
effective balance of speed and accuracy (fig. S3).

Most realistic tissue geometries are nonconvex and costly to 
parse. To enable rapid interrogation during vascular generation, we 
used a partial implicit volume approach that extends recent work 
in surface reconstruction methods (materials and methods and 
fig. S4, A and B). This approach defines an implicit function from 
sampled data as a set of quadratic optimization subproblems but 
avoids the 

(

D3N3
)

 overhead and potential ill-conditioning for N 
data points of D dimensions (fig. S4, C and D). We tested this partial 
implicit volume scheme on 10 engineered geometries and >200 ana-
tomic brain regions (33) and observed efficient, accurate reconstruc-
tions for vascular generation (fig. S5 and table S4). Leveraging this 
implicit geometry and previous acceleration techniques, we ob-
served that generating 8000 terminal trees in a brain gyrus geom-
etry takes a median of 15 min, compared with 59.96 hours reported 
elsewhere (34). We also successfully created 1000-outlet vascular 
trees in a cube, annulus, heart, and brain gyrus (Fig. 2E and movie 
S1). Even sharp edges were reasonably captured and can be further 
improved by adapting the underlying implicit functions (fig. S6). 
Crucially, these implicit volumes offer cheaper point-enclosure queries 
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Fig. 2. Performance of synthetic vascular acceleration techniques. (A) Conceptual schematic of partial binding for bifurcation optimization. A “constructor” builds functions 
for bifurcation ratios (Fβ), hydraulic length updates (FL*), and hydraulic resistance updates (FR*) based on locally bound tree configurations (dependent on bifurcation position 
x). The resulting cost function (Fcost) is returned for optimization. (B) Theoretical scaling complexities (red) for previously reported bifurcation optimization schemes versus 
partial-binding methods (blue). Plots reference bifurcation depth in full, balanced trees (shading: ±2 SD, N = 100). (C) Alignment accuracy versus a high-resolution finite-
difference solution for partial binding (blue) and a prior approximation (red). Solid lines show median alignment (shading spans minimum-maximum alignment; N = 100). All 
trees are generated to 8000 outlets within a cube perfusion volume. (D) Schematic of partial implicit volumes. Surface point data are decomposed into local patches, then 
blended during implicit reconstruction. (E) Partial implicit volumes generate vascular trees (1000 outlets) across (i) a cube, (ii) an annulus, (iii) a biventricle heart, and (iv) a 
brain gyrus. (F) Scaling complexity for mesh-based versus implicit evaluations (shading = ±2 SD, N = 25). (G) Collision avoidance schematic. Sphere proximity detects potential 
collisions for precise OBB checks. (H) Sphere proximity alone is cheap but less accurate (error bars ±2 SD, N = 100). (I) Used as a filter, heuristic sphere proximity eliminates 
most OBB evaluations as tree complexity grows (error bars ±2 SD, N = 100).
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than mesh-based methods, especially as mesh sizes grow (Fig. 2F 
and fig. S7).

Collision checks can also be a bottleneck. We accelerated these 
checks by first screening potential collisions with cheap, unorient-
able bounding surfaces [using kd-tree and Hierarchical Navigable 
Small World (HNSW) algorithms] and then applying more precise 
oriented bounding box (OBB) tests only as needed (Fig. 2G) (35). 
Even as trees grew, most collisions resolved with minimal OBB checks 
(Fig. 2, H and I), allowing efficient open-loop vascular generation 
across >200 engineering and anatomic domains (figs. S8 and S9 and 
table S5).

Finally, closed-loop vasculature was formed through multiobjective 
optimization (supplementary materials). Terminal segments were con-
nected using cubic Bézier curves that balance vessel tortuosity, collisions, 
boundaries, and blood volume. Unlike many methods restricted to con-
vex shapes, ours easily handles nonconvex shapes such as an annulus 
or a biventricle heart, making it suitable for anatomically realistic perfu-
sion designs. Connections among multiple interpenetrating trees further 
enabled complex vascular mixing networks with minimal additional 
scripting. The present serial pairwise approach is constrained to maintain 
uniform flow through terminal vessels; however, this method can be 
expensive for large systems and may not produce the most efficient 
solute delivery compared with alternative methods (36).

Automatic multifidelity hemodynamics modeling
To facilitate simulations, we automated converting discrete vascular 
trees into watertight meshes (Fig. 3A) using open-source SimVascular 
p ipelines. Standard steps—segmentation, 3D mesh generation, 
boundary-condition application, and finite-element hemodynamic 
simulation—were integrated into a largely automated workflow 
(37, 38). For each synthetic tree, we performed contour checking, 
smoothing, meshing, boundary-condition assignment (supplemen-
tary materials), and blood flow simulation on high-performance 
computing clusters. The resulting finite-element simulations 
yielded high-fidelity pressure, velocity, and wall shear-stress distri-
butions, which are demonstrated here under steady flow; time-
varying conditions can also be imposed using idealized pulsatile 
waveforms (39).

Depending on the caliber and number of vessels, high-fidelity 3D 
finite-element simulations can be prohibitively expensive or unneces-
sary for large synthetic vascular trees, especially when many vessels 
operate in low Reynolds number (Re) or near-Stokes regimes (Re ≤50) 
well described by simplified, low-fidelity simulations (40). 1D ap-
proaches integrate the Navier-Stokes equations over the vessel cross 
section, whereas 0D models use circuit analogies to form inexpensive 
differential-algebraic equations. Both methods efficiently capture flow 
and pressure waveforms in low-Re vasculature. We automated the 
parameter setup for 0D and 1D simulations by extracting centerlines 
and cross sections from the original 3D models (Fig. 3B). Using the 
same cube, annulus, heart, and brain gyrus geometries (Fig. 2E), we 
computed bulk flow quantities such as average pressure and volumet-
ric flow rate over a cardiac cycle (Fig. 3, C and D). Unlike the simplified 
assumptions used during vascular generation, these models incorpo-
rated vessel resistance and compliance to capture time-varying pres-
sure and pulse propagation (movie S2). In many cases, wall shear stress 
is also well approximated under idealized pipe-flow assumptions, al-
lowing for convenient analysis, given its central role in much of vas-
cular remodeling.

3D biofabrication with on-demand synthetic 
vasculature designs
In a large-scale demonstration of our rapid, scalable approach, we 
computationally generated synthetic vasculature with 104 to 106 ter-
minal vessels in nonconvex biventricular and annular geometries 
(Fig. 4, A and B). At 1 million outlets, vessel diameters ranged from 

1.2 mm to 5 μm, matching morphometric data for newborn coronary 
vessels (41). Each million-vessel tree took about 5 hours to generate 
(table S6), and mean distances from tissue spaces to the nearest vessel 
measured ~180 to 190 μm (fig. S10). Incorporation of angiogenic meth-
ods may help to decrease this average distance through the inclusion 
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 obtained from 3D finite-element method simulation with a steady inflow 
profile. (C) Illustration of reduced-order 1D and 0D models extracted from original 3D 
model files. Average normalized pressure ⟨P⟩. (D) and flow rates ⟨Q⟩ (E) obtained from 
0D steady-flow simulations for vascular trees with 1000 terminals within (i) cube, (ii) 
annulus, (iii) biventricle, and (iv) brain gyrus tissue domains.

D
ow

nloaded from
 https://w

w
w

.science.org at U
niversity of Pittsburgh on June 16, 2025



Research ArticleS

Science  12 June 2025 1202

of a capillary network (42). Finally, to illustrate tissue-engineering 
utility, we printed 500-branch biventricular and annular trees into a 
hydrogel support bath using embedded 3D printing (Fig. 4, C and D, 
and movie S3) (43).

We next used freeform reversible embedding of suspended hydro-
gels (FRESH) to fabricate a four-vessel planar network, confirming 
watertightness and perfusion. Above 37°C, the support melted to 
evacuate vascular channels (Fig. 5A). Optical coherence tomography 
showed minimal (~100 μm) deviation from the digital design (Fig. 5B). 
After support removal, we used dye perfusion to verify lumen integrity 
(Fig. 5C and movie S4). Printing resolution was limited by a 150-μm 
needle diameter and 60-μm layer height (~400-μm minimal feature). 
A corresponding steady 3D CFD simulation [volumetric flow rate  
(Qinlet) = 0.25 ml/min] characterized pressure and wall shear-stress 
distributions (Fig. 5D).

To validate the 3D CFD-predicted flow distribution, we fabricated 
a silicone elastomer model (Fig. 5E) using an acellular sacrificial 

writing process (supplementary materials). We confirmed perfusability 
using epifluorescence microscopy with aqueous fluorescein isothio-
cyanate–dextran (FITC-Dextran). We then performed particle image 
velocimetry (PIV) on a water-glycerol mixture (10-μm particles) deliv-
ered at 50 μl/min, capturing flow fields at four locations (fig. S11). The 
measured flow rate ratios (N = 3) between each branch and the inlet 
were nearly uniform among the three main branches, closely matching 
the CFD results (Fig. 5F). We attributed measurement discrepancies 
mainly to limited fabrication accuracy, particularly at branching points 
causing nonuniform head loss. Additionally, residual sacrificial fluid 
remaining after multiple flushes may disrupt flow owing to its higher 
viscosity and interfacial tension.

To illustrate the utility of our model-driven pipeline for tissue fab-
rication and flow simulation, we created a nonplanar, single-inlet, 
single-outlet vascular network (Ωf; fluid domain) within a cubic tissue 
domain (Ωt; tissue domain) (Fig. 5G). We performed fabrication on a 
scaled model by extruding a granular ink into a granular support bath, 

replicating the elastic modulus of soft 
tissue (supplementary materials). A 
key feature of this synthetic vascula-
ture is uniform hydraulic resistance 
across all branches, ensuring even 
flow distribution and commensurate 
improvements in perfusion and viabil-
ity. Before printing, we simulated pul-
satile flow using digital twins of the 
proposed network to confirm hemo-
dynamic integrity. We assumed fluid 
density and viscosity similar to whole 
blood (ρ = 1.06 g/cm3 and ν = 0.04 cP, 
respectively) and imposed a sinusoi-
dal inlet flow with a mean inflow of 
(Qinlet = 0.25 ml/min) and an ampli-
tude of 0.1 ml/min. Flow and pressure 
waveforms at vessel midpoints (Fig. 5H, 
i and ii) closely matched theoretical 
profiles, with minimal deviations of 
0.02 μl/min (flow) and 0.03 mmHg 
(pressure) (Fig. 5I). These simulations 
assumed a rigid container, where the 
soft matter is effectively incompress-
ible. Under nonrigid conditions, flow 
distributions varied more because of 
fluid-structure interaction (supple-
mentary materials and fig. S12). Such 
simulations informed our understand-
ing of viscous power losses and pres-
sure dissipation in synthetic vascular 
networks. The physical network was 
visualized with red dye in the coem-
bedded granular gel (Fig. 5J).

Lastly, we leveraged nested embed-
ded 3D bioprinting to fabricate a per-
fused annulus in two sequential steps 
(44, 45). Microcomputed tomography 
(μCT) of the printed model revealed 
minimal surface deviations compared 
against the digital model (Fig. 5M). 
For cellular prints, an annulus with a 
radius of 10 mm and a height of 18 mm 
was first printed into a suspension 
bath using a cell-laden bioink contain-
ing human embryonic kidney (HEK) 
293 cells at a density of 10 million cells/
ml (tissue domain). Next, an integrated 

Fig. 4. Scalable vessel densities in algorithmic generation and bioprinting of vascular models. (A and B) Synthetic vascular 
trees scaled across three terminal vessel densities (104, 105, 106) terminal vessels shown for (A) biventricular and (B) annulus 
geometries (scale bars are 1 cm). (C and D) (i) Tissue (gray) and vascular domains (red and blue) depicted as lateral and axial 
views alongside corresponding models with 500 interconnected unevacuated branches, printed in Carbopol ink containing red 
pigment. (ii) Orthogonal views of printed (C) biventricular and (D) annulus geometries (scale bars are 1 cm).
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perfusable vascular domain con-
sisting of 25 interconnected vessel 
segments was printed into the 
annulus using a sacrificial bioink 
based on gelatin microparticles 
(vascular domain). After photo–
cross-linking of the entire construct, 
channels were evacuated and per-
fused for 7 days (Fig. 5, N and O). 
The suspension bath allowed for 
photo–cross-linking but did not 
contain any cell culture media or 
nutrients [phosphate-buffered sa-
line (PBS)]. Consequently, media 
was supplied exclusively through the 
vascular domain. As controls, an-
nuli without internal vascular 
domains were printed and cul-
tured for 7 days either in cell cul-
ture media or PBS. Transverse 
cross sections (Fig. 5P, i) revealed 
that perfusion maintained high 
viability in the annular core (“per-
fused”; Fig. 5P, ii), whereas non-
perfused tissue in a media bath 
showed a steep viability gradient 
at the inner and outer interfaces. 
Submerging the avascular annulus 
in PBS yielded negligible cell viabil-
ity. Integrated over the core area, 
perfused tissues had a 417-fold 
higher viable cell count than the me-
dia control. Similarly, viability in 
the core region was higher in the 
perfused sample (37.8%) than in 
the media control (0.4%) (Fig. 5P, iii). 
Kullback-Leibler divergence high
lighted the large relative entropy 
between the perfusion and media-
control distributions (Fig. 5P, iv). 
Further, most live cells were found 
within ~1000 μm of a perfused 
channel boundary (Fig. 5P, v, and 
fig. S15), with a largely uniform ra
dial distribution around vessels 
(Fig. 5P, vi).

Discussion and conclusions
The future of engineered organ-
scale tissues depends on a robust 
software infrastructure capable of 
designing and validating vascular 
networks through physics-based, 
functional targets. Generating 
custom vasculature across multi-
ple scales has posed a substantial 
barrier to progress in the bio-
printing community. In this work, 
we present a comprehensive model-
driven pipeline for efficient vascular 
generation in arbitrary geome-
tries capable of creating watertight 
models suitable for biofabrication 
and digital twins for advanced mul
tifidelity hemodynamic simulations. 

Fig. 5. Perfusion and viability of bioprinted vascular models. (A) Two-step FRESH printing and (B) OCT gauging of 
printed construct. (C) Dye perfusion demonstrating watertight lumen. (D) CFD simulation (Qinlet = 0.25 ml/min) showing 
(i) pressure and (ii) wall shear stress. (E) Schematic of PIV validation setup. (F) Normalized flow rates (q/qin) from PIV 
compared across three vessels using unpaired t tests with Welch’s correction (N = 3). Averaged (dashed) and individual 
(“+”) CFD simulation data are shown. Error bars indicate ± 1 SD. n.s., not significant. (G) 3D vascular model schematic 
(boundary conditions: inlet Γinlet, outlet Γoutlet; domains: tissue Ωt, fluid Ωf). (H) (i) Pulsatile flow simulation boundary 
conditions (mean Qinlet = 0.25, amplitude = 0.1 ml/min). (ii) Simulated (dashed) versus theoretical waveforms (solid) are 
shown. (I) Flow and pressure along cross sections of a vessel. The inset shows the selected vessel, with numbers indicating 
cross section slice indices. (J) Printed, unperfused network (scale bar is 1 cm). (K) FITC-Dextran perfusion at varying flow 
rates (scale bars are 1 cm). (L) Volumetric model and circularity after ink evacuation (scale bars are 1 mm). (M) μCT 
reconstruction and deviation plot (scale bars are 1 cm). (N) Nested bioprinting schematic of perfused annulus. (O) Printed 
annulus matrices: (left) annulus alone and (right) combined vascular and tissue (scale bars are 1 cm). (P) Vascularized 
annulus viability: (i) sectioning plane (top) and cultured annulus after 7 days (bottom; scale bar is 1 cm); (ii) LIVE/DEAD 
(CaAM/EthD-1) staining (top), with normalized radius (R) and core region ∈ [0.2 to 0.8] indicated for average radial cell 
viability (bottom) (N = 3 tissue constructs per condition, scale bars are 1 mm); (iii) comparison of integrated viable cell 
count [perfused: (417 ± 37)-fold higher] and viability (perfused: 37.8 ± 33.6%; media control: 0.4 ± 0.4%) within the core 
region normalized to media control using unpaired t tests with Welch’s correction (N = 3; ** indicates 0.05 < p < 0.01);  
(iv) Kullback-Leibler divergence comparing observed and approximating distributions; (v) spatial distribution of viable cells 
near channels; and (vi) polar histogram of viability near the perfused channel (N = 3).
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Although we further present a method for biofabricating perfusable 
vascular trees, large and complex trees with smaller-diameter vessels 
remain slow to build, and print inaccuracies can lead to discontinuities 
or blockages that inhibit perfusion.

Long-term, engineered tissues aspire to replace damaged or dis-
eased organs in patient-specific interventions. Verifying such biomanu-
factured constructs will require simulation-optimized designs before 
resource-intensive fabrication. Similar to surgical planning, numerical 
models will become increasingly necessary to generate rational designs 
and predict the functional efficacy of engineered tissue before clinical 
translation (46). Preliminary applications of these synthetic vascular 
methods have integrated clinical imaging into personalized myocardial 
blood flow simulations (47). With the presented model-driven pipeline, 
we created complex synthetic vascular models on commonplace com-
pute hardware within minutes. Such efforts expand the potential for 
more extensive hemodynamic analysis and design optimization in 
future synthetic vascular structures for wide-ranging applications in 
biofabrication and patient-specific modeling.
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