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EXTENDED RESULTS

Table S1 shows the success rate for distinguishing pairs of non-isomorphic graphs from the following data bases:
cubic graphs, minimal Cayley graphs, and strongly regular graphs, and pairs of instances of the BREC data set using
the ego-distance.

TABLE S1: Success rate for distinguishing pairs of non-isomorphic cubic, minimal Cayley, and strongly regular
graphs, and pairs of instances of the BREC data set when using the ego-distance.

Data Success Rate Data Success Rate Data Success Rate Data Success Rate

cub06 0.00 cay12 0.71 sr16622 0.93 B 0.76
cub08 0.00 cay16 0.73 sr251256 0.93 R 0.63
cub10 0.00 cay20 0.67 sr261034 1.00 E 0.73
cub12 0.00 cay24 0.75 sr281264 0.93 C 0.90
cub14 0.00 cay32 0.77 sr291467 0.94 4 0.97

cay36 0.77 sr351668 1.00 D 0.99
cay60 0.75 sr351899 0.99
cay63 0.75 sr361446 1.00

sr401224 1.00

In Figures S1 and S2, we represent the relationship between the edge weights based on the Ollivier–Ricci and
Forman–Ricci curvatures and density of chordless cycles of triangles, squares and pentagons, for some of the real
networks described in Table S2. One can observe that the correlation between curvature measures and density of
squares and pentagons is low. Hence, we can infer that they are capturing complementary information to each other,
which makes chordless-cycle densities an appealing choice for a TDA filtration. Additionally, we note that the edge
weighting based on the density of triangles is most similar to the Ollivier–Ricci curvature.

In Figures S3, S4, and S5, we show four different graphs from the cubic, minimal Cayley, and strongly regular
datasets, respectively. Each row corresponds to a different measure of edge weights. The lighter the color, the larger
the values are. To distinguish four non-isomorphic graphs, we note that their weight distributions differ. Qualitatively,
we observe that for the cubic dataset, all filtrations reveal differences among the four graphs. In the case of minimal
Cayley, Ollivier–Ricci curvature does not distinguish between graphs 2 and 4. Similarly, triangle weighting provides no
differences between graphs, and pentagons do not distinguish between graphs 1 and 4. Instead, betweenness centrality
and the cycle densities allow us to distinguish all of them. For strongly regular graphs, while Ollivier–Ricci curvature,
triangles, and betweenness centrality weightings provide no differences between graphs, the squares, pentagons, and
the combination of density of chordless cycles allow us to distinguish all of them.

Tables S3, S5 and S7 contain numerical results corresponding to this discussion. These show the success rates for
distinguishing pairs of non-isomorphic cubic, minimal Cayley, and strongly regular graphs, respectively, when using
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FIG. S1: Relationship between edge weights based on Ollivier–Ricci and Forman–Ricci curvatures and density of
chordless cycles of triangles, squares and pentagons, for the real networks polbooks and jazz_collab.

FIG. S2: Relationship between edge weights based on Ollivier–Ricci and Forman–Ricci curvatures and density of
chordless cycles of triangles, squares and pentagons, for the real networks wiki_science and uni_email.

different filtrations at the clique-expansion level k = 1. Tables S3, S4 contain the success rate for distinguishing
pairs of non-isomorphic cubic graphs when using different filtrations at expansion levels k = 1 and k = 2. Tables S5,
S6 contain the success rate for distinguishing pairs of non-isomorphic minimal Cayley graphs when using different
filtrations at expansion levels k = 1 and k = 2. Tables S7 and S8 contain the success rate for distinguishing pairs of
non-isomorphic strongly regular graphs when using different filtrations at expansion levels k = 1 and k = 2. Tables S9,
S10, S11, S12 contain the success rate for distinguishing pairs of instances of the BREC dataset when using different
filtrations at expansion levels k = 1, k = 2, k = 3, and k = 4. This dataset [1] contains 400 graphs from six categories:
Basic (60), Regular (100), Extension (100), CFI (100), 4-vertex Condition (20), and Distance-Regular (20).

Table S13 provides a summary of the statistics for all graph properties in the ogbg-molhiv data set [2], and
Tables S14, S15, S16 and S17, respectively for dimensions k = 1 and k = 2, contain the results of the property-
prediction experiments, consisting in predicting the following properties of graphs: radius, diameter, girth, average
closeness centrality, average degree, average clustering coefficient, degree heterogeneity, average betweenness centrality,
minimum degree, maximum degree, and average shortest path length, using the ogbg-molhiv graph molecular data
set [2] and the different filtrations studied in this paper.

Finally, Figures S6 and S7 contain a comparison of the sensitivity of different filtrations to edge removal and edge
rewiring perturbations across different random graph models and different parameters.
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TABLE S2: Description of four real-world networks and their properties, including the number of nodes and edges.

Name Description Nodes (N) Edges (E)

polbooks Political books network. A network of books about U.S.
politics published close to the 2004 U.S. presidential election,
and sold by Amazon.com. Edges between books represent
frequent copurchasing of those books by the same buyers.

105 441

jazz_collab Jazz collaboration network. The network of collaborations
among jazz musicians, and among jazz bands, extracted from
The Red Hot Jazz Archive digital database, covering bands
that performed between 1912 and 1940.

198 2742

wiki_science Wikipedia Map of Science. A network of scientific fields,
extracted from the English Wikipedia in early 2020. Nodes
are Wikipedia pages representing natural, formal, social, and
applied sciences, and two nodes are linked if the cosine sim-
ilarity of the page content is above a threshold.

687 6523

uni_email Email network. A network representing the exchange of
emails among members of the Rovira i Virgili University in
Spain in 2003.

1133 10903

TABLE S3: Success rate for distinguishing pairs of non-isomorphic cubic graphs when using different filtrations at
expansion level of the graph k = 1. Bold indicates the best-performing algorithm. Filtrations are denoted by their

abbreviations; see Table 1 in the main text for the complete legend.

Data nD eO eF mV eT eS eP eΣ eR eH eA eB nC nE nG

cub06 0.00 1.00 1.00 0.00 1.00 1.00 0.00 1.00 0.00 0.00 1.00 1.00 1.00 1.00 1.00

cub08 0.00 0.90 0.70 0.00 0.70 1.00 0.90 1.00 0.00 0.00 0.90 1.00 0.40 0.40 1.00

cub10 0.00 0.98 0.66 0.00 0.66 0.89 0.91 0.99 0.00 0.00 0.85 1.00 0.11 0.11 0.98
cub12 0.00 0.99 0.64 0.00 0.62 0.88 0.92 1.00 0.00 0.84 1.00 0.14 0.14 0.14 0.98
cub14 0.00 0.99 0.62 0.00 0.61 0.85 0.94 1.00 0.00 0.83 1.00 0.12 0.12 0.12 0.98

TABLE S4: Success rate for distinguishing pairs of non-isomorphic cubic graphs when using different filtrations at
expansion level of the graph k = 2. Bold indicates the best-performing algorithm. Filtrations are denoted by their

abbreviations; see Table 1 for the complete legend.

Data nD eO eF mV eT eS eP eΣ eR eH eA eB nC nE nG

cub06 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

cub08 0.90 0.90 0.90 0.90 0.90 1.00 1.00 1.00 0.90 0.90 0.90 1.00 0.90 0.90 1.00

cub10 0.81 0.99 0.88 0.85 0.88 1.00 0.98 1.00 0.81 0.81 0.85 1.00 0.88 0.88 0.99
cub12 0.80 1.00 0.87 0.87 0.87 0.99 0.99 1.00 0.80 0.80 0.84 1.00 0.87 0.87 1.00

cub14 0.79 1.00 0.86 0.89 0.86 0.99 1.00 1.00 0.79 0.79 0.83 1.00 0.86 0.86 1.00
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FIG. S3: Four different graphs from the cubic dataset. Each row corresponds to a different measure of edge weights.
The lighter the color, the larger the values are. For each edge weighting, the weights are normalized to improve the

visualization. We see that this dataset is distinguishable by all weighting filtrations.

TABLE S5: Success rate for distinguishing pairs of non-isomorphic minimal Cayley graphs when using different
filtrations at expansion level of the graph k = 1. Bold indicates the best performing algorithm. Filtrations are

denoted by their abbreviations; see Table 1 for the complete legend.

Data nD eO eF mV eT eS eP eΣ eR eH eA eB nC nE nG

cay12 0.67 0.71 0.95 0.00 0.71 0.95 0.29 1.00 0.67 0.67 0.95 1.00 0.67 0.86 0.95
cay16 0.83 0.42 0.83 0.00 0.00 0.97 0.00 0.97 0.83 0.83 0.83 1.00 0.00 0.83 1.00

cay20 0.61 0.46 0.61 0.00 0.00 1.00 0.46 1.00 0.61 0.61 0.61 1.00 0.00 0.61 0.96
cay24 0.65 0.82 0.86 0.00 0.54 0.93 0.35 0.98 0.65 0.65 0.83 1.00 0.52 0.74 0.97
cay32 0.76 0.81 0.76 0.00 0.00 0.98 0.00 0.98 0.76 0.76 0.76 1.00 0.00 0.76 0.98

cay36 0.69 0.87 0.84 0.00 0.58 0.95 0.34 0.98 0.69 0.69 0.82 1.00 0.57 0.75 0.97
cay60 0.69 0.90 0.78 0.00 0.28 0.91 0.50 0.96 0.69 0.69 0.77 1.00 0.28 0.73 0.95
cay63 0.49 0.89 0.73 0.00 0.67 0.78 0.35 0.90 0.49 0.49 0.67 1.00 0.67 0.73 0.90
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FIG. S4: Four different graphs from the minimal Cayley dataset. Each row corresponds to a different measure of
edge weights. The lighter the color, the larger the values are. For each edge weighting, the weights are normalized to
improve the visualization. Ollivier–Ricci does not distinguish between graphs 2 and 4. Similarly, triangle weighting

provides no differences between graphs, and pentagons do not distinguish between graphs 1 and 4. Instead,
betweenness and the sum of cycle densities allow us to distinguish all of them.



6

FIG. S5: Four different graphs from the strongly regular dataset. Each row corresponds to a different measure of
edge weights. The lighter the color, the larger the values are. For each edge weighting, the weights are normalized to

improve the visualization. While Ollivier–Ricci curvature, triangles, and betweenness weightings provide no
differences between graphs, cycle densities allow us to distinguish all of them.

TABLE S6: Success rate for distinguishing pairs of non-isomorphic minimal Cayley graphs when using different
filtrations at expansion level of the graph k = 2. Bold indicates the best performing algorithm. Filtrations are

denoted by their abbreviations; see Table 1 for the complete legend.

Data nD eO eF mV eT eS eP eΣ eR eH eA eB nC nE nG

cay12 0.95 0.95 0.95 0.95 0.95 1.00 1.00 1.00 0.95 0.95 0.95 1.00 0.95 0.95 1.00

cay16 0.83 0.92 0.83 0.94 0.83 1.00 0.83 1.00 0.83 0.83 0.83 1.00 0.83 0.83 1.00

cay20 0.61 0.79 0.61 0.89 0.61 1.00 0.86 1.00 0.61 0.61 0.61 1.00 0.61 0.61 0.96
cay24 0.83 0.93 0.86 0.93 0.86 0.97 0.90 0.98 0.83 0.83 0.83 1.00 0.83 0.83 0.97
cay32 0.76 0.94 0.76 0.90 0.76 0.99 0.76 0.99 0.76 0.76 0.76 1.00 0.76 0.76 0.98
cay36 0.84 0.95 0.84 0.94 0.84 0.98 0.89 0.99 0.84 0.84 0.82 1.00 0.84 0.84 0.97
cay60 0.77 0.95 0.78 0.97 0.78 0.96 0.87 0.97 0.77 0.77 0.77 1.00 0.77 0.77 0.95
cay63 0.73 0.93 0.73 0.96 0.73 0.90 0.76 0.93 0.73 0.73 0.67 1.00 0.73 0.73 0.90
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TABLE S7: Success rate for distinguishing pairs of non-isomorphic strongly regular graphs when using different
filtrations at expansion level of the graph k = 1. Bold indicates the best-performing algorithm. Filtrations are

denoted by their abbreviations; see Table 1 for the complete legend.

Data nD eO eF mV eT eS eP eΣ eR eH eA eB nC nE nG

sr16622 0.00 1.00 0.00 0.00 0.00 1.00 1.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00

sr251256 0.00 0.00 0.00 0.00 0.00 0.94 1.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.65
sr261034 0.00 0.00 0.00 0.00 0.00 0.00 1.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.84
sr281264 0.00 0.83 0.00 0.00 0.00 0.83 1.00 0.83 0.00 0.00 0.00 0.00 0.00 0.00 1.00

sr291467 0.00 0.00 0.00 0.00 0.00 0.94 1.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.80
sr351668 0.00 0.00 0.00 0.00 0.00 1.00 1.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.98
sr351899 0.00 0.00 0.00 0.00 0.00 0.98 1.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.76
sr361446 0.00 0.00 0.00 0.00 0.00 0.12 1.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.84
sr401224 0.00 0.00 0.00 0.00 0.00 0.89 0.97 0.99 0.00 0.00 0.00 0.00 0.00 0.00 0.43

TABLE S8: Success rate for distinguishing pairs of non-isomorphic strongly regular graphs when using different
filtrations at expansion level of the graph k = 2. Bold indicates the best-performing algorithm. Filtrations are

denoted by their abbreviations; see Table 1 for the complete legend.

Data nD eO eF mV eT eS eP eΣ eR eH eA eB nC nE nG

sr16622 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

sr251256 0.00 0.00 0.00 0.00 0.00 1.00 1.00 1.00 0.00 0.00 0.00 0.90 0.00 0.00 0.95
sr261034 0.20 0.20 0.20 0.20 0.20 0.76 1.00 1.00 0.20 0.20 0.20 0.93 0.20 0.20 0.96
sr281264 0.00 1.00 0.00 0.00 0.00 1.00 1.00 1.00 0.00 0.00 0.00 1.00 0.00 0.00 1.00

sr291467 0.00 0.00 0.00 0.00 0.00 1.00 1.00 1.00 0.00 0.00 0.00 0.77 0.00 0.00 0.94
sr351668 0.00 0.00 0.00 0.00 0.00 1.00 1.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00

sr351899 0.00 0.00 0.00 0.00 0.00 1.00 1.00 1.00 0.00 0.00 0.00 0.81 0.00 0.00 0.81
sr361446 0.02 0.02 0.02 0.02 0.02 0.88 1.00 1.00 0.02 0.02 0.02 0.92 0.02 0.02 0.98
sr401224 0.93 0.93 0.93 0.93 0.93 0.98 1.00 1.00 0.93 0.93 0.93 0.94 0.93 0.93 0.99

TABLE S9: Success rate for distinguishing pairs of instances of the BREC data set when using different filtrations
at expansion level of the graph k = 1. Legend and number of graphs per category: B (Basic, 60), R (Regular, 100),
E (Extension, 100), C (CFI, 100), 4, (4-Vertex Condition, 20), D (Distance-Regular, 20) graphs, respectively and A
(average over full data set, 400 graphs). Bold indicates the best-performing algorithm. Filtrations are denoted by

their abbreviations; see Table 1 for the complete legend.

Data
Filtration (k = 1)

nD eO eF mV eT eS eP eΣ eR eH eA eB nC nE nG

B 0.033 0.933 0.750 0.000 0.933 0.867 0.533 0.983 0.000 0.000 0.983 1.000 0.667 0.800 1.000
R 0.000 0.420 0.320 0.000 0.360 0.900 0.920 1.000 0.000 0.000 0.410 0.500 0.410 0.410 0.860
E 0.070 0.760 0.440 0.000 0.510 0.690 0.490 0.950 0.000 0.000 0.670 1.000 0.000 0.100 0.850
C 0.030 0.030 0.030 0.030 0.030 0.030 0.030 0.030 0.030 0.030 0.030 0.100 0.030 0.030 0.030
4 0.000 0.000 0.000 0.000 0.000 0.000 0.600 0.600 0.000 0.000 0.000 0.000 0.000 0.000 0.000
D 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

A 0.030 0.442 0.310 0.008 0.365 0.535 0.470 0.672 0.008 0.008 0.425 0.550 0.210 0.255 0.585
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TABLE S10: Success rate for distinguishing pairs of instances of the BREC data set when using different filtrations
at expansion level of the graph k = 2. Legend and number of graphs per category: B (Basic, 60), R (Regular, 100),
E (Extension, 100), C (CFI, 100), 4 (4-Vertex Condition, 20), D (Distance-Regular, 20) graphs, respectively and A
(average over full data set, 400 graphs). Bold indicates the best-performing algorithm. Filtrations are denoted by

their abbreviations; see Table 1 for the complete legend.

Data
Filtration (k = 2)

nD eO eF mV eT eS eP eΣ eR eH eA eB nC nE nG

B 0.783 1.000 0.983 0.517 0.983 0.867 0.733 1.000 0.517 0.517 0.983 1.000 0.750 0.883 1.000
R 0.390 0.540 0.500 0.390 0.500 0.980 0.970 1.000 0.390 0.390 0.500 0.520 0.510 0.510 0.960
E 0.260 0.920 0.590 0.110 0.640 0.760 0.580 0.980 0.120 0.120 0.700 1.000 0.120 0.250 0.890
C 0.030 0.030 0.030 0.030 0.030 0.030 0.030 0.030 0.030 0.030 0.030 0.100 0.030 0.030 0.030
4 0.000 0.000 0.000 0.000 0.000 0.000 0.800 0.800 0.000 0.000 0.000 0.000 0.000 0.000 0.000
D 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

A 0.290 0.523 0.427 0.210 0.440 0.573 0.545 0.693 0.213 0.213 0.455 0.555 0.278 0.330 0.620

TABLE S11: Success rate for distinguishing pairs of instances of the BREC data set when using different filtrations
at expansion level of the graph k = 3. Legend and number of graphs per category: B (Basic, 60), R (Regular, 100),
E (Extension, 100), C (CFI, 100), 4 (4-Vertex Condition, 20), D (Distance-Regular, 20) graphs, respectively and A
(average over full data set, 400 graphs). Bold indicates the best-performing algorithm. Filtrations are denoted by

their abbreviations; see Table 1 for the complete legend.

Data
Filtration (k = 3)

nD eO eF mV eT eS eP eΣ eR eH eA eB nC nE nG

B 0.833 1.000 0.983 0.583 0.983 0.867 0.800 1.000 0.583 0.583 0.983 1.000 0.78 0.917 1.000
R 0.850 0.930 0.910 0.850 0.910 1.000 1.000 1.000 0.850 0.850 0.910 0.930 0.920 0.920 1.000
E 0.290 0.920 0.590 0.160 0.640 0.760 0.710 0.980 0.150 0.150 0.700 1.000 0.150 0.280 0.890
C 0.030 0.030 0.030 0.030 0.030 0.030 0.030 0.030 0.030 0.030 0.030 0.100 0.030 0.030 0.030
4 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
D 0.000 0.000 0.000 0.050 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

A 0.467 0.670 0.580 0.400 0.592 0.628 0.605 0.703 0.395 0.395 0.607 0.708 0.442 0.495 0.680

TABLE S12: Success rate for distinguishing pairs of instances of the BREC data set when using different filtrations
at expansion level of the graph k = 4. Like in [3], due to combinatorial constraints, we did not calculate the

Vietoris–Rips filtration for k = 4. Legend and number of graphs per category: B (Basic, 60), R (Regular, 100), E
(Extension, 100), C (CFI, 100), 4 (4-Vertex Condition, 20), D (Distance-Regular, 20) graphs, respectively and A
(average over full data set, 400 graphs). Bold indicates the best-performing algorithm. Filtrations are denoted by

their abbreviations; see Table 1 for the complete legend.

Data
Filtration (k = 4)

nD eO eF mV eT eS eP eΣ eR eH eA eB nC nE nG

B 0.833 1.000 0.983 - 0.983 0.867 0.733 1.000 0.583 0.583 0.983 1.000 0.783 0.917 1.000
R 0.890 0.970 0.950 - 0.950 1.000 1.000 1.000 0.890 0.890 0.950 0.970 0.960 0.960 1.000
E 0.290 0.920 0.590 - 0.640 0.760 0.580 0.980 0.150 0.150 0.700 1.000 0.150 0.280 0.890
C 0.030 0.030 0.030 - 0.030 0.030 0.030 0.030 0.030 0.030 0.030 0.100 0.030 0.030 0.030
4 1.000 1.000 1.000 - 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
D 0.000 0.000 0.000 - 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

A 0.479 0.680 0.588 - 0.603 0.627 0.563 0.703 0.405 0.405 0.618 0.718 0.453 0.505 0.680
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TABLE S13: Summary statistics for all graph properties in the ogbg-molhiv dataset [2].

Minimum Maximum Mean Variance
radius 1.0000 47.0000 6.3046 6.9007
girth 3.0000 105.0000 5.9607 10.9867
diameter 1.0000 93.0000 11.9847 26.7765
avg. clustering coefficient 0.0000 0.6364 0.0020 0.0003
avg. shortest path length 1.0000 35.1918 4.9761 3.3375
avg. degree 1.0000 3.5200 2.1446 0.0131
minimum degree 0.0000 2.0000 0.9660 0.0754
maximum degree 1.0000 10.0000 3.3817 0.3015
avg. betweenness centrality 0.0000 0.3333 0.1740 0.0012
avg. closeness centrality 0.0295 1.0000 0.2270 0.0048
degree heterogeneity 0.0000 1.3333 0.1291 0.0037

TABLE S14: Property prediction accuracy for dimension k = 1, when predicting the following properties of graphs:
radius, diameter and girth, using the ogbg-molhiv data set [2] and the filtrations studied in this paper. We exclude

mV results due to out-of-resources errors during execution. Filtrations are denoted by their abbreviations;
see Table 1 for the complete legend.

Data
k = 1

nD eO eF mV eT eS eP eΣ eR eH eA eB nC nE nG

radius 0.163 0.211 0.057 - 0.160 0.160 0.156 0.159 0.046 0.034 0.008 0.014 0.130 0.099 0.145

diameter 0.089 0.110 0.049 - 0.077 0.077 0.077 0.078 0.030 0.018 0.007 0.009 0.055 0.044 0.072

girth 0.001 0.113 0.340 - 0.481 0.483 0.447 0.436 0.334 0.506 0.037 0.247 0.476 0.459 0.458

TABLE S15: Mean absolute error for dimension k = 1 when predicting the following properties of graphs: average
closeness centrality, average degree, average clustering coefficient, degree heterogeneity, average betweenness

centrality, minimum degree, maximum degree, and average shortest path length, using the ogbg-molhiv data set [2]
and the filtrations studied in this paper. We exclude mV results due to out-of-resources errors during execution.

Filtrations are denoted by their abbreviations; see Table 1 for the complete legend.

Data
k = 1

nD eO eF mV eT eS eP eΣ eR eH eA eB nC nE nG

avg. closeness centrality 0.154 0.129 0.084 - 0.085 0.085 0.085 0.085 0.081 0.317 0.524 0.098 0.089 0.079 0.083

avg. degree 0.448 0.181 0.102 - 0.098 0.098 0.095 0.094 0.183 0.186 0.977 0.142 0.145 0.089 0.110

avg. clustering coefficient 0.006 0.093 0.011 - 0.956 0.956 0.956 0.956 0.079 0.111 0.012 0.167 0.008 0.125 0.010

degree heterogeneity 0.065 0.114 0.070 - 0.045 0.044 0.046 0.047 0.047 0.040 0.648 0.045 0.083 0.050 0.056

avg. betweenness centrality 0.136 0.040 0.034 - 0.029 0.029 0.030 0.030 0.065 0.052 0.076 0.144 0.041 0.038 0.036

minimum degree 0.133 0.579 0.120 - 0.135 0.133 0.135 0.135 0.264 0.523 0.939 0.708 0.621 0.339 0.138

maximum degree 1.322 1.431 0.610 - 0.501 0.504 0.501 0.500 0.469 0.485 3.206 0.574 0.586 0.600 0.549

avg. shortest path length 1.606 1.314 2.698 - 1.798 1.798 1.785 1.800 2.099 2.613 3.337 8.501 1.755 1.917 1.959
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TABLE S16: Property prediction accuracy for dimension k = 2, when predicting the following properties of graphs:
radius, diameter and girth, using the ogbg-molhiv dataset [2] and the filtrations studied in this paper. We exclude

mV results due to out-of-resources errors during execution. Filtrations are denoted by their abbreviations; see
Table 1 for the complete legend.

Data
k = 2

nD eO eF mV eT eS eP eΣ eR eH eA eB nC nE nG

radius 0.200 0.182 0.097 - 0.160 0.159 0.155 0.156 0.050 0.036 0.008 0.014 0.083 0.090 0.138

diameter 0.103 0.075 0.060 - 0.077 0.076 0.079 0.078 0.033 0.016 0.007 0.006 0.046 0.045 0.073

girth 0.144 0.212 0.333 - 0.480 0.488 0.451 0.437 0.238 0.475 0.018 0.510 0.031 0.381 0.475

TABLE S17: Mean absolute error for dimension k = 2 when predicting the following properties of graphs: average
closeness centrality, average degree, average clustering coefficient, degree heterogeneity, average betweenness

centrality, minimum degree, maximum degree, and average shortest path length, using the ogbg-molhiv data set [2]
and the filtrations studied in this paper. We exclude mV results due to out-of-resources errors during execution.

Filtrations are denoted by their abbreviations; see Table 1 for the complete legend.

Data
k = 2

nD eO eF mV eT eS eP eΣ eR eH eA eB nC nE nG

avg. closeness centrality 0.126 0.129 0.087 - 0.085 0.085 0.085 0.085 0.079 0.310 0.527 0.102 0.096 0.079 0.082

avg. degree 0.142 0.136 0.109 - 0.098 0.098 0.096 0.095 0.224 0.321 0.987 0.136 0.077 0.088 0.100

avg. clustering coefficient 0.030 0.150 0.057 - 0.956 0.956 0.956 0.956 0.018 0.011 0.006 0.131 0.056 0.132 0.956

degree heterogeneity 0.050 0.119 0.103 - 0.045 0.044 0.046 0.047 0.057 0.040 0.649 0.049 0.063 0.050 0.056

avg. betweenness centrality 0.034 0.037 0.049 - 0.029 0.029 0.030 0.030 0.066 0.054 0.079 0.143 0.051 0.036 0.035

minimum degree 0.133 0.525 0.095 - 0.134 0.131 0.133 0.139 0.281 0.524 0.943 0.741 0.153 0.300 0.142

maximum degree 1.217 1.844 1.839 - 0.504 0.498 0.500 0.503 0.483 0.492 2.448 1.628 0.649 0.582 0.548

avg. shortest path length 1.617 1.312 2.478 - 1.799 1.798 1.788 1.800 2.108 2.580 3.329 8.712 2.018 1.909 1.952
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FIG. S6: Sensitivity of network filtrations across random graph models under edge removal perturbations. Each
panel shows the average normalized bottleneck distance in homology dimension k = 0, computed over 50 runs of

independently generated graphs with n = 100, as a function of the number of removed edges. Results are presented
for ER graphs with connection probabilities p ∈ {0.04, 0.1, 0.2}, BA graphs with attachment parameters
m ∈ {2, 5, 10}, and WS small-world graphs with rewiring probability β = 0.3 and neighborhood sizes

⟨s⟩ ∈ {4, 10, 20}. All configurations yield comparable average degrees across models. Several graph-based filtrations
were evaluated, including degree, curvature-based, and motif-density measures. The results reveal that network

sensitivity to edge removal decreases with increasing graph density and varies substantially across filtration types
and generative models. Filtrations are denoted by their abbreviations; see Table 1 for the complete legend.
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FIG. S7: Sensitivity of network filtrations across random graph models under edge rewiring perturbations. Each
panel shows the average normalized bottleneck distance in homology dimension k = 0, computed over 50 runs of

independently generated graphs with n = 100, as a function of the number of removed edges. Results are presented
for ER graphs with connection probabilities p ∈ {0.04, 0.1, 0.2}, BA graphs with attachment parameters
m ∈ {2, 5, 10}, and WS small-world graphs with rewiring probability β = 0.3 and neighborhood sizes

⟨s⟩ ∈ {4, 10, 20}. All configurations yield comparable average degrees across models. Several graph-based filtrations
were evaluated, including degree, curvature-based, and motif-density measures. The results reveal that network

sensitivity to edge rewiring decreases with increasing graph density and varies substantially across filtration types
and generative models. Filtrations are denoted by their abbreviations; see Table 1 for the complete legend.
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