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Abstract Dermal absorption is a key input in pesticide risk assessment. However, its experimental determination
is costly, and in silico models have emerged as alternative methods. Before such models are developed, the
substances to be measured must be selected. This selection is a design problem that precedes model
development. The selection strategy depends on the structure of the physicochemical space. The clusterability
of 356 registered pesticide active ingredients was assessed using five diagnostics based on different principles.
To verify their effectiveness, the same procedure was applied to synthetic positive and negative controls matched in
size, dimensionality, and range. No cluster structure was detected (dip tests unimodal; 0/180 configurations
above the silhouette threshold; ARI 0.21-0.52). The silhouette for the real data (0.231) approached that of the
negative control (0.192), whereas clusters were clearly detected in the positive control (0.576). Nevertheless,
the Hopkins statistic was 0.951, indicating that the compounds were concentrated in certain regions, and the
void fraction in five dimensions was approximately 99%, precluding uniform coverage at high dimensionality.
Accordingly, 25 compounds were selected by farthest-point selection within log Kp quintiles. The selection
outperformed 1,000 random draws in both mean coverage distance (0.0087 vs. 0.0114) and maximum gap
(0.4193 vs. 0.4959). The selected compounds can serve as a basis for constructing training data under limited
experimental resources.
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Fig. 1. Study workflow for diagnosing the structure of the physicochemical property space and selecting representative compounds.
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Table 1. Definition of the input views used for the clusterability diagnostics

View Input variables Preprocessing Distance Diagnostics applied N
o log,, of water solubility and . .
Physicochemical log P, MW, water SOh}blhty’ vapor pressure, followed by . dip test, Hopkins, PCA, 356
. vapour pressure, melting PR Euclidean UMAP, SNF 2
view : - z-score standardization . C (354 for SNF)
point (5 variables) across all variables (physicochemical side)
. Morgan/ECFP4 fingerprint . . Tanimoto .
Structural view (2048-bit, radius 2) Binary fingerprint (1-similarity) SNF (structural side) 354

The SNF cohort comprises 354 of the 356 substances; five organometallic/inorganic or novel active ingredients lacking molecular structure

information (SMILES) were excluded.

B AFe TR, B4 B4 36l 9T RES
0 SRENAFE A3k oloA] Rel7k A2 T
250 AR B4 B0 2H TR A4 RS AU
v, A8 B A BPHE AT P ¥ 34 e
Zoz Az, W T2 ololN uf o] B4
F0e F25) BEAS AR 7, R F4e AReky
A9 Agstel Atz 1 SRS delsen
(Fig. 1).
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35 7]FSF Pesticide Properties Data Base(PPDB)E &3
=2i3eHy JrE Fslon, 93 S50 EAske
tlolE S A|¢fsl3int.

24e WG W AdEle] B9 9F T3t o Sl ALS-

€ 2fRd F T2 AREY & il 7HE sl
22H1E log P MWEE 431315 (Potts and Guy, 1992),
71§32 F7rel Ao s FASIITHOECD, 2022;
Waters and Quah, 2022). 212]3L 83|59} S7194S F7I2
SAHS 28810 F495151 th(Eleftheriadou et al., 2019; OECD,
2022).

log P 2 MWE HH3 QA (4005)9 7l WS 2%
HAg AA|(3568)8 w4 H3ol wet ARSIt log Pot
MW= 4H&3 log Kp(Potts and Guy, 1992)5 AE o2
SH= space-filling 2t AAdd= 40052 AGsAL,
ok B AR 242 oA Wl B BAe 35652
ARg-8EA T

TRt F719R &2 2(log Kp) IS § ARE-3I3S
), Azl 71RF £41203, PCA(principal component analysis),
UMAP(uniform manifold approximation and projection),
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A2+ Ak(dip test, Hopkins, PCA, UMAP) 5
HER Aold 24 ol A&FULN = 356, ST
A dlole]), v &3 (similarity network fusion, SNF
A Feo} 72 7S 3 ARSITHN = 354).
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Dip test of unmodality

7} 4o FHEZ 7L T (unimodal) 1A THE-(multimodal)
91X E Hartigan and Hartigan (1985)2] dip SAIHSZE 3
“g 3l th(diptest FH71A)). (i) 1532 FFT FH(PCA-
dip)st (i) B 7 3 Aele] fEg= Al x| 77t
dipS 83T o A5 dipS A 48 4 §lo]
1Al o g S4s)of ah, A 7F Al #EE o] &8s Wk
Kalogeratos and Likas (2012)e114] 2Rt} 0w, BE F 3 Alo]
A2)E shte] 2R Ro} A sh= WH-S wEith Adolfsson
et al,, 2019). F712 7z} B4 2 log Kpe| FHEE
gk 7l dipe AHEsiT

Hopkins
A dlole 2] 38} 7 ¥ (clustering tendency)S Hopkins
FAFCE HrslAth 0.5 @5 £E, 19 PRSE



H| 75 (non-uniform)S &v]gich, F249] FH FZo] @
WS Zo)7] 8] A= 0-199] 208 WHE BF-S AME-3)
Ak, SAF A= Al H2HolxARE ol Ads dvE
AsAste] $4FsEth(Hopkins and Skellam, 1954; Wright,
2022).

X2l ZA(PCA Y UVAP)

¥=3E gxd 372 PCASF UMAP(Mclnnes et al.,
2018)2. 2 23}l T35l o AlZHA He oJRE
gQIsIATh UMAPo] BHofli= <1914 25 ZAE il
&t7] f1all PCA ZA#et wak 2-1sk{tHKobak and Linderman,
2021).
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B4 AETOR mouA] e o] 24 TR BRE
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?r% SNF(Wang et al., 2014H)Z §33I9ch 24 F+

B4 Wepoln, 72 fie 7F 31| Morgan/ECFP4 A
l'ﬁ:( 048-bit, radius 2)1A AH=3H Tanimoto A (1-FAR S

go g IthH A= Table 1). o] K, #AYE =AY

H, :m? C RE 23HF 18070 HH)s 2e2HH 8t
%A TH(Table 2). B4 M 2l= Wang et al. (2014)9] HF Qe
[03, 0.8])) B 3 7]HF o] 25 112(K = N20 ~ NAOp!| whet
AR, 2T Ce 4 E HAHESS wiAsk] Hls)
4-82 AP ARSI 72 A4 23 SFaAS 27 o)
PAE B B4 F7lA ATl A4 (silhouette coefficient;
Rousseeuw, 1987)2 H7lstict. AF AAZ 0.25=
A ol AP 324 (pre-specified)stl o, A2 A3t 7
A gt o 3 EA o7 HE AH Y
AAZke] obyH, tizEe] A Hlael| Azt Ay
SFAT.

AL Pythonoll A IR o, 4 A& RDKit,
SNF &3 snfpy, 2F9 2 spectral clusteringe scikit-
learn(Pedregosa et al., 2011)& AFE-3}SA

F

Table 2. Hyperparameter search grid for the SNF fusion-network
clustering

Hyperparameter Search values Count”
K (number of neighbors) 15, 20, 25, 30 4
u (kernel scale) 0.3,0.5,0.7
C (number of clusters) 4,5,6,7,8
View Physicochemical / 3

structural / fused

9A total of 180 configurations were evaluated, corresponding to the
4 x 3 x 5 =60 combinations of K, i, and C applied to each of the
three views (physicochemical, structural, fused).
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Fig. 2. Two-dimensional principal component analysis (PCA) projections of the three datasets. (A) Positive control, four Gaussian
clusters generated by make blobs; (B) negative control, a uniform random distribution; (C) real data, 356 registered pesticides
described by five physicochemical properties (log P, MW, melting point, water solubility, vapour pressure) after log transformation
and z-score standardization. Axis labels indicate the percentage of variance explained by each principal component. In (A), colors
and marker shapes denote the four generative clusters. All three datasets share the same sample size (N = 356), dimensionality (5),
and were constructed over the same per-variable value range.
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(C) Real data
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Fig. 3. Two-dimensional UMAP projections of the three datasets. (A) Positive control, four Gaussian clusters generated by
make blobs; (B) negative control, a uniform random distribution; (C) real data, 356 registered pesticides described by five
physicochemical properties after log transformation and z-score standardization. In (A), colors and marker shapes denote the four
generative clusters. UMAP parameters: n_neighbors = 15, min_dist = 0.1. All three datasets share the same sample size (N = 356),
dimensionality (5), and per-variable value range. UMAP axis coordinates are dimensionless and their absolute scale carries no direct
interpretation.
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Table 3. Comparison of clusterability diagnostics for the positive control, negative control, and real data

Dip multimodal

PCA 2D explained Silhouette

Dataset” variables” Hopkins variance? (k=4) PCA/UMAP Verdict
Positive control (clustered) 2/5 0.998 0.834 0.576  Four separated islands Clusters detected
Negative control (uniform) 0/5 0.472 0.192  Single cloud No clusters
Real data 0/5 0.951 0.752 0.231  Single cloud No clusters

YAl three datasets share the same sample size (N = 356), dimensionality (5), and per-variable value range; they differ only in their
distribution. "Number of variables (of five) with a dip-test p-value < 0.05. “Proportion of total variance explained by the first two principal

components.
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Fig. 4. Void fraction of the physicochemical space as a function of dimensionality (p =2, 3, 5). The void fraction is the proportion of
random reference points in the min-max normalized space that lie farther than radius r from every sample. (A) Full data at three radii
(r=0.05, 0.1, 0.2). (B) Full data versus the winsorized version (top/bottom 1% clipped) at r =0.1. N = 356.
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Fig. 5. Nearest-neighbor (NN) distance in the min-max normalized space as a function of dimensionality (p = 2, 3, 5). (A)
Distribution of per-point NN distances for the full data (boxplots; black triangles indicate the mean, open circles indicate outliers).
(B) Median NN distance for the full and winsorized (top/bottom 1% clipped) data, together with the axis-corrected median (median /

\p) for the full data. N = 356.
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Table 4. Pearson correlation matrix and variance inflation factors (VIF) among the five physicochemical variables
Variable log P MW Melting point ~ Water solubility® Vapour pressure” VIF?
log P 1.00 0.39 -0.24 -0.81 0.12 4.10
MW 0.39 1.00 0.07 -0.56 -0.42 1.80
Melting point -0.24 0.07 1.00 0.05 -0.34 1.38
Water solubility” -0.81 -0.56 0.04 1.00 0.12 4.40
Vapour pressure® 0.12 -0.42 -0.31 0.12 1.00 1.50

Notes: N = 356. Diagonal entries are self-correlations (1.00). “Water solubility and vapour pressure were log;,-transformed prior to
correlation, consistent with the coverage analysis. ®Variance inflation factor, obtained by regressing each variable on the remaining four; VIF

> 5 is conventionally taken as an indication of multicollinearity.
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Fig. 7. Coverage of the 25 selected representative compounds. (A) Principal component analysis (PCA) of the population in the log P-
MW-log Kp space; gray points denote all 400 substances and the enlarged markers denote the 25 representatives, colored by log Kp.
Circles indicate compounds retained from the initial farthest-point selection; triangles indicate compounds replaced by experimentally
feasible substitutes within the same log Kp quintile. (B) Distribution of the 25 representatives (red points and vertical lines) along the

log Kp axis, overlaid on the population (gray points).
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Table 5. Physicochemical properties of the 25 representative
compounds selected by space-filling sampling across the five
log Kp quintiles.

Quintile  Active ingredient  log P MW log Kp
Q1  glufosinate-P -3.96 181.13 -6.62
Q1  mesotrione 0.11 339.32 -4.69
Q1  daminozide -1.53 160.17 -4.76
Q1  flubendiamide 414 68239 -3.92
Q1  propyrisulfuron 2.90 455.88 -3.42
Q2  hexazinone 1.17 252.31 -3.41
Q2 hymexazol 0.30 99.15 -3.09
Q2  broflanilide 5.20 663.30 -3.05
Q2 hexythiazox 2.67 35288 -2.96
Q2 cycloprothrin 419 48236 -2.67
Q3  metolcarb 1.70 165.21 -2.50
Q3  cyflumetofen 4.30 447.45 -2.38
Q3 penflufen 330 31741 -2.29
Q3  methabenzthiazuron  2.64 221.27 -2.18
Q3  pyflubumide 5.34 535.52 -2.18
Q4  metconazole 3.85 319.83 -1.92
Q4  chlorfluazuron 5.80 540.65 -1.88
Q4  forchlorfenuron 3.30 247.68 -1.87
Q4  dichlobenil 2.70 172.01 -1.83
Q4  imibenconazole 4.94 411.70 -1.70
Q5  acrinathrin 6.30 541.44 -1.53
Q5  cyprodinil 400 22529 -1.23
Q5  oxadiazon 5.33 345.20 -1.02
Q5  etofenprox 6.90 376.49 -0.10
Q5  pyridalyl 8.10  491.12 0.06
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Fig. 8. Coverage of the space-filling selection versus random selection along the log Kp axis, evaluated on the full population of 400
substances (including the extreme tails) in the min-max normalized [0,1] space. (A) Mean coverage distance and (B) maximum gap;
for both metrics, lower values indicate better coverage. Histograms show the distribution over 1,000 random draws of 25 compounds
(seed 42); the red solid line marks the space-filling selection and the gray dashed line marks the mean of the random draws.
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