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A prediction gap at the intersection of emerging contaminants and aquatic risk

Co-occurrence in aquatic systems Why sorption matters

Antibiotics and microplastics can coexist; plastic particles Sorption influences where antibiotics partition, how long they
may act as carriers for antibiotic residues. persist, and how available they remain in water.

The research gap Study objective

Experimental mixture data are limited, while conventional Develop an interpretable PLS-based q-RASAR model to
single-chemical models may not represent mixture behaviour. predict mixture log Kd and support data-gap filling.

Endpoint: log K, - a measure of partitioning between the aqueous and plastic phases; it is not a direct measurement of biological toxicity.
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0 QSAR is a mathematical relationship that can correlate chemistry with the properties
(physicochemical/biological/toxicological) of molecules using various computationally or
experimentally derived quantitative parameters.

[ Descriptors are the numerical values that characterize specific information about a studied
molecule.

Response (activity/property/toxicity)=f(Information in form of chemical structure or
properties) =f(Descriptors)
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Standard algorithm of QSAR modeling: The OECD guideline

B i Muodel develapment > OECD Prl‘nciple 1:
. Dataset: a xa-t_nf compounds wl_rh a defimed :ﬁ;ﬁ p Regression based modeling A defined End point
experimental activity/'property/toxicity endpoint P (MLR, PLS)
¥ . - Training Chemometric Classification based modeling | » OECD Prlncfple 2:
I"" Mulecular structure rcpre-s:nutwu and data curation ] data fumsls (LDA, Logistic regression) An unamblguous
& .
| [ oempanss ovuiny m, [, | [, Mauchine Learning (ANN, algorithm
- - - . . SVM, RF) ..
- [ ez a Dieseriptor calculation » OECD Prmczple 3:
% TR : b Y A defined domain
] | Imternal validatbon parameters: : . 13
5 =T i
-3 oo i (@*= 0.5, avg ri, = 0.5, 4rk <01, : of applicability
= S.& i |__ ¥ randomisation R} < 0.5) il > OECD Principle 4:
E‘ k-means clostering =P . = E .
= External parameters: Appropriate
v Euclidean distance approach Test data — [R;r:‘d ~0.5, avg ril.l:h:'ifl - measure of
5 ivisi : & A 7
v Kennard-Stone division i\ 0.5, 415 0y <02 ) goodness  of fit,
\y "lfthit_‘--‘pl“pl’.“!’t}' ha!od Bpﬂmﬂfh LT [Tl III::IIIIII.III.IIIIII.III.III.III.III.III.I robustness’ and
u _NO_» [ Acceptable model (Yes/No) ] predictivity
_ CES O l > OECD Principle 5:
(ECH ..
principle 3 [ Applicability Domaln assessment ] A mechanistic
1 interpretation, if
L :
priscials § [ Mechanistic Interpretation ] p0551ble

OECD, 2004. Validation of (Q)SAR Models. URL https://www.oecd.org/chemicalsafety/risk-
assessment/validationofgsarmodels.htm
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q-RASAR (Quantitative Read Across Structure-Activity Relationship)

[ Training Set ] [ Test Set ]
Optimized
. 3 hyperparameters . )
Training sef= T'rain from the Training sef= Train
Quiery set=Train Validition set(s) Query set=Test
The LSO algorithm
to avoid overfitting i RASAR k4 RASAR k
descriptor descriptor
calculation (for calculation (for
the Training sei) the Test set)
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v
Clubbing of the RASAR descriptors

and the previously selected features

1 |

Feature Selection (Training set) RASAR Model
(Structural + Physicochemical + RASAR descriptors) Development

Prediction of test set compounds

Available at: https://sites.google.com/jadavpuruniversity.in/dtc-lab-software
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Methods and Materials (present work)

~
L = ... Feature selection and
RASAR Prediction of toxicity
a 10} of untested mixtures '“temal validation
modae
, |
J | S 1< Selected features from each
Experimental == descriptor class

data collection

$ S pixn
MDI pl L

c ' Mixture 0 )
}’ descriptm" mp2 - Epi X x)*
AlvaDesc .

calculation ™
L J ‘ MD3 ’ V2 X x;)?

s

2D descriptors of Screemng
individual components Qgg, £ O;f’

¥

0/ Test Set ' ™)  External validation
(25%) 3

RASAR descriptors calculation

$

Combined pool of RASAR and Structural
descriptors

Dataset division

G [P—

Final PLS q-RASAR Model using
( PLS SingleY version 1.0

v

AN\

DDD LAB

N



Results and discussion

OSAR model with validation metrics (Model 1)

logK, = 1.18 — 0.93 x (C —027) + 2.93 x (Eta_D_epsiD) + 0.61 X (Saa0) + 0.88 X (nR =
(0 I (Equation 1)

R? .. = 0.820; QZLOO(Uam) =0.761; MAE,,,.,=0.151; Q?, (tes = 0-789; Q% (tesn = 0-788; rfn(test) = 0.719; Ar?_(test) =

0.083; MAE,.,=0.179; CCC = 0.883

test

q-RASAR model with validation metric (Model 2)

log Kd = 1.21— 0.82x (C—027) + 2.97 X (Eta_D_epsiD) + 0.60 X (SaaO) + 0.95 X (nR =Ct) —
0.17 X (Abs MaxPos — MaxNeg)............... (Equation 2)

R in= 0.8315 Q% oo train) = 07615 Q% o5ty = 0.832; Q%) (1o = 0.831; MAE, i, = 0.178; rrzn(test) =0.801; Ar?_(test) =

0.005; MAE, = 0.152; CCC = 0.907

test
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How was model reliability assessed?

Multiple checks were used rather than relying on a single performance statistic

Internal validation External test set

Leave-one-out cross-validation gave Q? 5o = 0.761, Q% = 0.832; Q%:, = 0.831; CCC =0.907; MAE,, = 0.152.
supporting model robustness.

Applicability domain Y-randomization

AD analysis identifies predictions that fall within the model's Used to examine whether the observed model performance
defined chemical space. could arise from chance correlation.

Important: virtual-mixture screening is pseudo-external validation, not independent experimental validation.



Predictive accuracy and robustness assessment
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Figure 1. (a) The variable importance (VIP) plot; (b) The correlation matrix plot; (¢) SHAP plot; (d) Y-

randomization plot of the -RASAR model.
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Mechanistic Interpretation - \‘ N\
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Virtual screening of hypothetical mixtures

A pseudo-external assessment to explore predictions beyond the 37 curated experimental mixtures

111 3 ratios PRI

. . Antibiotic : microplastic Prediction reliability
Hypothetical mixtures p ol et o J ]
Mixture IDs 501611 25:75, 50:50, 75:25 ot TeEE
What was observed? How should this be interpreted?
Most virtual mixtures were within the applicability It supports exploratory use within the defined chemical
domain and received a “Good” PRI classification. space, but does not replace validation with new

experimental data.
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What this study contributes:

1. A mixture-focused predictive framework
A PLS-based g-RASAR model was developed to predict log K, for antibiotic—microplastic mixtures.

2. Strong model performance
The final model achieved Q? oo =0.761, Q%;; = 0.832 and test MAE = 0.152.

3. Interpretable structural trends

Oxygen-rich/polar features, hydrogen-bond donor capacity and terminal unsaturation were associated with higher sorption; steric
hindrance and charge asymmetry tended to reduce it.

4. Practical value-with a clear boundary

The model may support prioritization and data-gap filling, but it predicts sorption behaviour, not toxicity or antibiotic-resistance
outcomes directly.



Limitations & Future Prospects
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Limitations and future directions

A useful first framework that needs broader experimental testing

Current limitations

The 111 virtual mixtures are not independent experimental
validation.

Priority 1: new experiments

Test diverse antibiotic-microplastic combinations and use
independent measurements for true external validation.

N

Environmental complexity

The current model does not explicitly capture all factors such
as pH, 1onic strength, microplastic ageing, or multi-
component mixture effects.

Priority 2: broader models

Incorporate environmental conditions and expand to more
complex mixtures and contaminant classes.

Take-home message: -RASAR can help prioritize what to test next not replace environmental experiments.
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