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a b s t r a c t   

Additive manufacturing and data analytics are independently flourishing research areas, where the latter 
can be leveraged to gain a great insight into the former. In this paper, the mechanical responses of additively 
manufactured samples using vat polymerization process with different weight ratios of magnetic micro
particles were used to develop, train, and validate a neural network model. Samples with six different 
compositions, ranging from neat photopolymer to a composite of photopolymer with 4 wt.% of magnetic 
particles, were manufactured and mechanically tested at quasi-static strain rate and ambient environ
mental conditions. The experimental data were also synthesized using a data-driven approach based on 
shape-preserving piecewise interpolations while leveraging the concept of simple micromechanics rule of 
mixture. The overarching objective is to forecast the mechanical behavior of new compositions to eliminate 
or reduce the need for exhaustive post-manufacturing testing, resulting in an accelerated product devel
opment cycle. The ML model predictions were found to be in excellent agreement with the experimental 
data for prognostication of the mechanical behavior of physically tested samples with near-unity correlation 
coefficients. Furthermore, the ML model performed reasonably well in predicting the mechanical response 
of untested, newly formulated compositions of photopolymers and magnetic particles. On the other hand, 
the data-driven approach predictions suffered from processing artifacts, demonstrating the superiority of 
ML algorithms in handling this type of data. Overall, this analysis approach holds great potential in ad
vancing the prospects of additive manufacturing and model-less mechanics of material analyses. A by
product of the ML approach is using the results for quality assurance, accelerating the acceptance of 
additively manufactured parts into industrial deployments. 
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1. Introduction 

Recent advances in manufacturing processes and unprecedented 
progress in data analytics have nurtured important innovation in 
materials and design, and fueled the fourth industrial revolution. On 
the one hand, advanced manufacturing has engulfed every aspect of 
the supply chain in every industrial sector, ranging from consumer 
goods to space and defense applications (Goh et al., 2020). For 

example, additively manufactured (3D printed) running shoes and 
protective helmets are now available in the open market at relatively 
competitive prices, revolutionizing many aspects of the conventional 
supply chains such as leading to skilled labors, shorting time-to- 
market (i.e., logistics), and eliminating or reducing material waste 
(Tan et al., 2020). The latter is an inherent aspect of additive man
ufacturing, where the part or component is fabricated from the 
ground up by adding one layer of material at a time, in contrast to 
conventional subtractive manufacturing. On the other hand, the in
dustrial tracking and scientific testing of the additively manu
factured parts using a plethora of materials and methods results in a 
wealth of experimental data that can be mined in real-time for ways 
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5. Conclusion 

In this paper, we reported on the mechanical behavior of addi
tively manufactured composite samples fabricated using the digital 
light projection process. The samples consisted of a composite of 
photopolymer and magnetic microparticles, where the latter in
cluded 0.5, 1, 2, 3, 4 wt.% weight ratios. The samples were me
chanically tested using a load frame at a quasi-static loading rate 
under ambient environmental conditions. Subsequently, the data 
were synthesized using machine-learning and data-driven ap
proaches to prognosticate the mechanical behavior of existing and 
new compositions. The machine-learning approach outperformed 
the data-driven method that suffered from unintended artifacts and 
truncated predictions due to limitations with interpolation and data, 
respectively. While the artifacts can be removed from the data- 
driven prediction by adding a postprocessing step, we refrained from 
doing so since the machine-learning forecasts did not undergo any 
additional processing; the truncated prediction challenge is irre
mediable, given the anisotropy of the mechanical response of the 
composite samples. On the other hand, the machine-learning stress- 
strain predictions were in excellent agreement with the experi
mental data and were consistent with mechanics-intuitions for the 
new compositions. Therefore, the machine-learning approach holds 
great potential for advancing additive manufacturing and the me
chanics of materials. 

Future research will emphasize two directions. First, improving 
the mechanical behavior of additively manufactured magneto
electric composite materials by enhancing the bonding interface 
through particle functionalization while introducing additional 
functionality. This new class of materials can potentially transform 
flexible and wearable electronics. To achieve the latter, a compre
hensive multiscale physical characterization framework will be de
veloped to elucidate the mechanical, electrical, and magnetic 
properties of the manufactured samples. Second is to amend the 
proposed machine-learning algorithm with physics and mechanics 
constitutive models, i.e., physics-informed machine-learning, to 

improve the predictive-ability performance. The mechanical testing 
data used herein, and multi-physics experimental data will be used 
to train, validate, and test the new physics-informed models. 
Collectively, these research directions collate into the accelerated 
product development lifecycle, driving further progress in additive 
manufacturing processes and situating them as viable and in
telligent replacements for conventional processed. 

CRediT authorship contribution statement 

Steven Malley: Data curation, Formal analysis, Investigation, 
Roles/Writing – original draft, Writing – review & editing, Crystal 
Reina: Data curation, Formal analysis, Investigation, Roles/Writing – 
original draft, Writing – review & editing, Somer Nacy: Data cura
tion, Formal analysis, Investigation, Methodology, Software, 
Supervision, Roles/Writing – original draft, Writing – review & 
editing. Jér��me Gilles: Formal analysis, Methodology, Roles/Writing 
– original draft, Writing – review & editing. Behrad Koohbor: 
Formal analysis, Methodology, Project administration, Validation, 
Visualization; Roles/Writing – original draft, Writing – review & 
editing. George Youssef: Data curation, Formal analysis, Funding 
acquisition, Investigation, Methodology, Project administration, 
Resources, Software, Supervision, Validation, Visualization; Roles/ 
Writing – original draft; Writing – review & editing. 

Declaration of Competing Interest 

The authors declare that they have no known competing fi
nancial interests or personal relationships that could have appeared 
to influence the work reported in this paper. 

Acknowledgements 

The research leading to these results was supported in part by 
the United States Department of Defense under Grant Agreement 

Fig. 6. The predicted stress-strain curves (blue lines) using the data-driven approach compared to the experimental mechanical behavior of the compositions (orange and yellow 
lines) in the vicinity of the predicted ratios with (a) PP/0.75 wt.% Fe3O4, (b) PP/1.5 wt.% Fe3O4, (c) PP/2.5 wt.% Fe3O4, and (d) PP/3.5 wt.% Fe3O4. The circled regions denote the 
artifacts from the interpolation process. 

S. Malley, C. Reina, S. Nacy et al. Computers in Industry 142 (2022) 103739 

8 



Nos. W911NF1410039 and W911NF1810477. We also recognize the 
internal support from San Diego State University. 

References 

Alshahrani, H.A., 2021. Review of 4D printing materials and reinforced composites: 
behaviors, applications, and challenges. J. Sci. Adv. Mater. Devices. 

Beaman, J., Bourell, D.L., Seepersad, C., Kovar, D., 2020. Additive manufacturing re
view: early past to current practice. J. Manuf. Sci. Eng. 142 (11), 110812. 

Bichurin, M., Petrov, R., Tatarenko, A., 2020. Magnetoelectric composites: modeling 
and application. Adv. Mater. 9 (2), 15. 

Bikas, H., Stavropoulos, P., Chryssolouris, G., 2016. Additive manufacturing methods 
and modelling approaches: a critical review. Int. J. Adv. Manuf. Technol. 83 (1–4), 
389–405. 

DebRoy, T., Mukherjee, T., Wei, H., Elmer, J., Milewski, J., 2021. Metallurgy, mechanistic 
models and machine learning in metal printing. Nat. Rev. Mater. 6 (1), 48–68. 

Fuhg, J.N., Bouklas, N., 2021. On physics-informed data-driven isotropic and aniso
tropic constitutive models through probabilistic machine learning and space- 
filling sampling arXiv preprint arXiv 2109 2021 11028. 

Goh, G.D., Yap, Y.L., Tan, H., Sing, S.L., Goh, G.L., Yeong, W.Y., 2020. 
Process–structure–properties in polymer additive manufacturing via material 
extrusion: a review. Crit. Rev. Solid State Mater. Sci. 45 (2), 113–133.  

Huynh, N.U., Smilo, J., Blourchian, A., Karapetian, A.V., Youssef, G., 2020. Property-map 
of epoxy-treated and as-printed polymeric additively manufactured materials. Int. 
J. Mech. Sci. 181, 105767. 

International, A. Standard test method for tensile properties of plastics; Astm 
International, 2014. 

Jordan, B., Gorji, M.B., Mohr, D., 2020. Neural network model describing the tem
perature-and rate-dependent stress-strain response of polypropylene. Int. J. Plast. 
135, 102811. 

Karniadakis, G.E., Kevrekidis, I.G., Lu, L., Perdikaris, P., Wang, S., Yang, L., 2021. Physics- 
informed machine learning. Nat. Rev. Phys. 3 (6), 422–440. 

Lantean, S., Roppolo, I., Sangermano, M., Pirri, C.F., Chiappone, A., 2018. Development 
of new hybrid acrylic/epoxy DLP-3D printable materials. Inventions 3 (2), 29. 

Lantean, S., Barrera, G., Pirri, C.F., Tiberto, P., Sangermano, M., Roppolo, I., Rizza, G., 
2019. 3D printing of magnetoresponsive polymeric materials with tunable me
chanical and magnetic properties by digital light processing. Adv. Mater. Technol. 
4 (11), 1900505. 

Lantean, S., Roppolo, I., Sangermano, M., Hayoun, M., Dammak, H., Rizza, G., 2021. 
Programming the microstructure of magnetic nanocomposites in DLP 3D printing. 
Addit. Manuf. 47, 102343. 

Malley, S., Newacheck, S., Youssef, G., 2021. Additively manufactured multifunctional 
materials with magnetoelectric properties. Addit. Manuf., 102239. 

Miyazawa, Y., Briffod, F., Shiraiwa, T., Enoki, M., 2019. Prediction of cyclic stress–strain 
property of steels by crystal plasticity simulations and machine learning. 
Materials 12 (22), 3668. 

Murugesan, M., Sajjad, M., Jung, D.W., 2019. Hybrid machine learning optimization 
approach to predict hot deformation behavior of medium carbon steel material. 
Metals 9 (12), 1315. 

Newacheck, S., Youssef, G., 2019. Synthesis and characterization of polarized novel 
0–3 Terfenol-D/PVDF-TrFE composites. Compos. Part B Eng. 172, 97–102. 

Newacheck, S., Youssef, G., 2021. Microscale magnetoelectricity: effect of particles 
geometry, distribution, and volume fraction. J. Intell. Mater. Syst. Struct., 
1045389X211053053. 

Newacheck, S., Singh, A., Youssef, G., 2021. On the magnetoelectric performance of 
multiferroic particulate composite materials. Smart Mater. Struct. 31 (1), 015022. 

Ngo, T.D., Kashani, A., Imbalzano, G., Nguyen, K.T., Hui, D., 2018. Additive manu
facturing (3D printing): a review of materials, methods, applications and chal
lenges. Compos. Part B Eng. 143, 172–196. 

Spaldin, N.A., Ramesh, R., 2019. Advances in magnetoelectric multiferroics. Nat. Mater. 
18 (3), 203–212. 

Stendal, J.A., Bambach, M., Eisentraut, M., Sizova, I., Weiß, S., 2019. Applying machine 
learning to the phenomenological flow stress modeling of TNM-B1. Metals 9 (2), 
220. 

Tan, L.J., Zhu, W., Zhou, K., 2020. Recent progress on polymer materials for additive 
manufacturing. Adv. Funct. Mater. 30 (43), 2003062. 

Uddin, K.Z., Youssef, G., Trkov, M., Seyyedhosseinzadeh, H., Koohbor, B., 2020. Gradient 
optimization of multi-layered density-graded foam laminates for footwear ma
terial design. J. Biomech. 109, 109950. 

Wang, J.-X., Wu, J.-L., Xiao, H., 2017. Physics-informed machine learning approach for 
reconstructing Reynolds stress modeling discrepancies based on DNS data. Phys. 
Rev. Fluids 2 (3), 034603. 

Weng, J., Lindvall, R., Zhuang, K., Ståhl, J.-E., Ding, H., Zhou, J., 2020. A machine 
learning based approach for determining the stress-strain relation of grey cast 
iron from nanoindentation. Mech. Mater. 148, 103522. 

Yang, C., Kim, Y., Ryu, S., Gu, G.X., 2020. Prediction of composite microstructure stress- 
strain curves using convolutional neural networks. Mater. Des. 189, 108509.  

Youssef, G., 2021. Applied mechanics of polymers properties. Processing, and 
Behavior. Elsevier. 

Youssef, G., Smilo, J., Blourchian, A., Huynh, N.U., Karapetian, A.V., 2021. 
Multifunctional fused deposition modeled acrylonitrile butadiene styrene-based 
structures with embedded conductive channels. J. Eng. Mater. Technol. 143 (1), 
011001.  

S. Malley, C. Reina, S. Nacy et al. Computers in Industry 142 (2022) 103739 

9 

http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref1
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref1
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref2
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref2
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref3
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref3
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref4
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref4
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref4
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref5
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref5
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref6
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref6
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref6
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref7
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref7
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref7
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref8
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref8
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref8
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref9
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref9
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref10
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref10
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref11
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref11
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref11
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref11
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref12
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref12
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref12
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref13
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref13
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref14
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref14
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref14
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref15
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref15
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref15
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref16
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref16
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref17
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref17
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref17
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref18
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref18
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref19
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref19
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref19
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref20
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref20
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref21
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref21
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref21
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref22
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref22
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref23
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref23
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref23
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref24
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref24
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref24
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref25
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref25
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref25
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref26
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref26
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref27
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref27
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref28
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref28
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref28
http://refhub.elsevier.com/S0166-3615(22)00136-1/sbref28

