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Abstract — As accessibility to 3D printers increases, there is a growing frequency of exposure to chemicals associated
with 3D printing. However, research on the toxicity and harmfulness of chemicals generated by 3D printing is
insufficient, and the performance of toxicity prediction using in silico techniques is limited due to missing molecular
structure data. In this study, quantitative structure-activity relationship (QSAR) model based on data-centric Al approach
was developed to predict the toxicity of new 3D printing materials by imputing missing values in molecular descriptors.
First, MissForest algorithm was utilized to impute missing values in molecular descriptors of hazardous 3D printing
materials. Then, based on four different machine learning models (decision tree, random forest, XGBoost, SVM), a
machine learning (ML)-based QSAR model was developed to predict the bioconcentration factor (Log BCF), octanol-air
partition coefficient (Log Koa), and partition coefficient (Log P). Furthermore, the reliability of the data-centric QSAR
model was validated through the Tree-SHAP (SHapley Additive exPlanations) method, which is one of explainable artificial
intelligence (XAI) techniques. The proposed imputation method based on the MissForest enlarged approximately 2.5
times more molecular structure data compared to the existing data. Based on the imputed dataset of molecular descriptor,
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the developed data-centric QSAR model achieved approximately 73%, 76% and 92% of prediction performance for Log
BCF, Log Koa, and Log P, respectively. Lastly, Tree-SHAP analysis demonstrated that the data-centric-based QSAR
model achieved high prediction performance for toxicity information by identifying key molecular descriptors highly
correlated with toxicity indices. Therefore, the proposed QSAR model based on the data-centric XAl approach can be
extended to predict the toxicity of potential pollutants in emerging printing chemicals, chemical process, semiconductor

or display process.
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Table 1. Summary of previous studies related to 3D printing, QSAR, and missing data imputation

Research field Description Ref.
o ) - Evaluated particle emission and the main influencing parameters from a low-cost 3D printer [7]
Tozlggt]}sei?strilrﬁnem - Evaluated the emission of particulate matter and gaseous materials during FDM 3D printing [8]
ch enlzi cals ¢ - Evaluated emission rates of particles and a broad range of specitic VOCs during 3D printing [9]
- Identifed a broad range of substances while printing a standard object with both ABS and PLA [10]
- DeYeloped a Light.GBM model for clinical time-series data analysis [18]

- Verified that the Light GBM model performs better than KNN, XGBoost, and randomforest
Missing data - Proposed a KNN-based missing value imputation approach to deal with an unbalanced dataset related to arrhythmias [19]
imputation - Missing value cor‘resp.onding to the BDL among chemi(.:als in house. dust N [20]

- Analyzed the correlation between chemical data and childhood carcinogenicity
- Solved the toxicity data gap by replacing missing values in the ToxCast database with predictive toxicity data using 21]
the DNN model

- Developed novel QSAR models combined with HSVR and PLS methods to predict TA98 strain mutagenicity of NACs [12]
QSAR - Evaluated the bioconcentration factor (BCF) with the gradient boosting decision tree (GBDT) model [13]

- Developed Multilayer perceptron models to predict AOP(Adverse Outcome Pathway) in ToxCast database.

[14]
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Fig. 1. Hazardous pollutants emitted from 3D printing processes according to filaments including Acrylonitrile butadiene styrene (ABS),
Polylactic acid (PLA), High impact polystyrene (HIPs), Nylon, Polycarbonate (PC) and Polypropylene (PP).
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Table 2. Monomer structure of 3D printing filaments and hazardous pollutants emitted from 3D printing operation

Filaments Melting Point Hazardous pollutants Monomer
~ O
. X
- Ultrafine particles N7
- i acrylonitrile  styrene
ABS 210-250 C Aromatic VOC§
- Carbon monoxide o)
- Hydrogen cyanide \)J\ 0NN

butyl acrylate

- Ultrafine particles

- Aldehydes o
PLA 180-220 C - Carbon monoxide/dioxide
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~ O
- Ultrafine particles NE
_ o acrylonitrile  styrene
HIPs 180-250 C Aromatic VOC‘s
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PP 230-260 C : ﬁelgteﬁ/e?e;ropane, butane CHs
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- Ammonia :
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- Ketones To O)l
- Hydrocarbons
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2-3. High Impact Polystyrene (HIPS)
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2. Missing data imputation of 3D printing molecular descriptor
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Fig. 2. Research framework of molecular descriptors imputation and data-centric XAlI-driven QSAR model for toxicity prediction of 3D

printing chemicals.
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3-1-1. OECD QSAR Toolbox
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70 kA fo| g = 73Al ko] A F-3FaL Tk OECD QSAR
Toolbox:= T shelE4 o] %1 Y vAAL o] fARS 3ot
2A7)e BEek s glon Ry slatEad W Baslets &
A ARE FAE 5 vk o5 Sl FARe A 5AE 2
AR ARE ol gato] A2 stetad e T84 e =ul
S A5 5 v o] vk 2 ArelA = 3D /Y
bl B4 9] B4 %] %2l Log BCF, logKOA$} Log PE47 317
Sl 3D T B 2H 0] F2AQ B T A8V1E 7o R
3D Y WA B AR S YRE 7 BY AREE
19974, 2057H, 20971¢] HloEl S =483t

2

3-12. 3D g WA 3}8hE o] WAE AL Ak Ul ASH] 14
3D ZH W slera o] Ak 7 B B AAE 9

Table 4. Toxicity indices and the number of 3D printing chemicals and
percentage of those missing molecular data

Toxicity . No. of 3D Percentage of .rnissing
printing chemicals molecular descriptors (%)
Log BCF 199 23.93
Log Koa 205 23.57
LogP 209 23.56

$13l DRAGON 6 software= AH2-3F31t}. Dragon 6 softwarei Z
&, b= ks B e 7] S8R Y 254 S0 e 94
7S AR} 7SR 2 EAF RERE ALk (31, ﬂ?—f}%@ﬂ
AT Al teh theFel ATt ARE-E 3L QI 15,32].
Table 3i= 54 87} ML-QSAR =9 7S 9]5k¢] DRAGON 6
softwareS 0|45} AAFsE 3D ZE] UHAl 3152 o] Bl E
28] FFst s vepdith, Bl A 9 54 dAa
(C, 0 5)°] &} & 241e] 7124191 JHE Jehl= Constitutional
indices group®}, FA2] $°382 F3ef 7148 Topological
indices groups—= X3t 297119 1F O G = 9lon, #Af
FEARS] F 7= 4,885 Ao,

DRAGON 6 softwares ©]-8-3}o] Al4tst w22 d A} &
NaNgk o & vehd 457} 910w, Table 4= 78-S
ZAFgt Log BCF, Log Koa, Log Pell W& 3D2Z7E Al 318}
Ao o}, AR EAS] AS5] v]&-& HERATE Log BCFel o
3lod & 1997)¢] 3D ZHE v FlerEA o] Zubd fo]El 7} 4
A= o, A setEd o] FARAAL 5 23.93%7F @Zi}i
35kl QI Log Koad S HoJE= & 20571¢] 3D~Z#H
Wy spshE A ol sl R E S on, AR F 23.57%7} g
EX ERBISEE! LE} Log Pi=209719] 3D 3228 uby 3824 0] %
2 HlolElE sk o, EAREEAL F 23.56%7F A5
o Al 7HA] 5 5” A3zl o3l FetA] 0% 23.68%2] FAEFA
ASAR Ao w FA WG e EAEE 7o E ANt
%]+ 2D matrix-based descriptor "1 % VE1D/Dt, VE2D/Dt, VE3D/
Dt AR HAR= 65% o132 sletEd el tiste] AEA el #ld =
At o= 3D Z-Y A SRS A el whdgh
232} wlolEf 7} vu] gk vehe, 2kt QSAR EREE 9

Table 3. The molecular descriptors in each group calculated by DRAGON 6 software [15]

Group name Numbers Group name Numbers
Constitutional indices 43 Ring descriptors 32
Topological indices 75 Walk and path counts 46
Connectivity indices 37 Information indices 48
2D matrix-based descriptors 550 2D autocorrelations 213
Burden eigenvalues 96 P_VSA-like descriptors 45
ETA indices 23 Edge adjacency indices 324
Geometrical descriptors 38 3D matrix-based descriptors 90
3D autocorrelations 80 RDF descriptors 210
3D-MoRES descriptors 224 WHIM descriptors 114
GETAWAY descriptors 273 Randic molecular profiles 41
Functional group counts 154 Atom-Centered fragments 115
Atom-type E-state indices 170 CATS 2D 150
2D Atom Pairs 1596 3D Atom Pairs 36
Charge descriptors 15 Molecular properties 20
Drug-like indices 27 Total 4885
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Fig. 3. Balance of actual and missing molecular descriptors in missing-data-included groups.
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Fig. 4. MissForest algorithm workflow for the missing imputation of molecular descriptors.
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Fig. 5. Overall workflow of ML-QSAR model development: (a) Structure of machine learning models, (b) Model training procedure, and (c)

Hyperparameter tuning using grid search.
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Hyperparameter Model

Hyperparameter

Criterion: squared error
Maximum depth: none
Minimum samples leaf: 1

Number of estimators: 100

Subsample:0.8
Maximum depth: 3

Minimum samples split: 2 XGBoost Learning rate: 0.15
Maximum leaf nodes: none Gamma: 10°
Bootstrap: True Alpha: 0.3
Criterion: mse Lambda: 0.1
Maximum depth: 10 C:1
Random forest L. .
Minimum samples leaf: 1 . Epsilon: 0.1
.. . Support Vector Machine
Minimum samples split: 2 Kernal: RBF
Number of estimators: 5 Gamma:1073
Table 6. Comparison of prediction performances in data-centric and model-centric QSAR model
L Model-centric QSAR model Data-centric QSAR model
Toxicity indices
DT RF XGBoost SVM DT RF XGBoost SVM
Log BCF 0.28 0.64 0.67 0.68 0.54 0.67 0.74 0.73
Log KOA 0.07 0.62 0.69 0.71 0.25 0.67 0.85 0.77
LogP 0.60 0.80 0.83 0.82 0.58 0.83 0.92 0.85
Log BCF 0.67 0.82 0.83 0.83 0.74 0.83 0.86 0.85
Log KOA 0.41 0.79 0.92 0.88 0.56 0.79 0.88 0.84
LogP 0.78 0.91 0.92 0.90 0.77 0.94 0.92 0.92
Log BCF 0.68 0.50 0.50 0.49 0.56 0.48 0.45 0.47
Log KOA 1.50 1.04 0.84 0.87 1.39 1.01 0.94 0.78
LogP 1.16 0.74 0.64 0.69 1.17 0.72 0.44 0.67
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Fig. 9. R? score comparisons of the data-centric and model-centric QSAR models across toxicity indices.
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Fig. 12. Waterfall SHAP plots for (a) high Log Koa, (b) low Log Koa, (c) low Log P, and (d) high Log P 3D printing chemicals.
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54 dolHe BE EARAA AS5A 5 AHAEgl o= HolE
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A B4 Aety] et wAtndAt o £ 7 Q18| Model-
centric QSAR E@0| H2- oS AJ5-S KTt 53], AR d A}
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= ¥ ¥ 3 A= Log BCF, Log Koa, Log Poll thall 27 1948
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E@AE &R 5 ok BHE dHolEAlS o] €3 Data-
centric QSAR 222] =4] ¢l|5 /35> Log BCF, log KOA, log Pl
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Table 7. Summary of the data-centric and model-centric QSAR model for toxicity prediction of 3D printing chemicals

] Descriptions R? prediction performance
Technique — - - — —
Missing data imputation Toxicity prediction (Improvement)
Model-centric Description ™ Data bias due to elimination of missing values - Low prediction accuracy : Iigg ES;Z (;) 5547
P - Insufficient training data for QSAR model - Lack of explainability of the QSAR model Log P0 '7 6.

- Imputation more than 6000 molecular descriptors

- High prediction accuracy

- Log BCF: 0.73 (16.74%1)

Data-centric Description - Molecular descriptor dataset with high correlation - Interpretation of QSAR model by analysis - Log Koa: 0.76 (13.88%71)

with toxicity

of influence of molecular desciptor -Log P:0.92 (3.93%1)
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