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Abstract

NMR-based structure elucidation models are often accurate yet opaque: they rarely
indicate which specific measurements drove a call or what to acquire next. We
introduce Counterfactual NMR, a causal audit that asks: What minimal, chemically
plausible edit to the spectrum would flip this prediction? Edits are single-peak
interventions constrained to expert ppm windows for *H/*3C (e.g., carbonyl 13C
190-220 ppm); a fast search selects the smallest change that maximally increases
a target probability. Effects are quantified by per-sample treatment 7, cohort Av-
erage Treatment Effect (ATE) with 95% Cls, and lift versus a window-matched
randomized baseline to separate specificity from generic sensitivity; mechanistic
ablations ('H-only/*3C-only/both) test alignment with textbook chemistry. On
near-boundary cohorts (0.35<p<0.65), minimal 1C interventions produce large,
precise shifts—e.g., ketone ATE 0.336 (95% CI [0.315,0.357], flip 0.684) and al-
cohol ATE 0.272 (95% CI [0.261, 0.283], flip 0.800)—with targeted effects 2—4 x
stronger than random edits under the same constraints. Ablations confirm chem-
istry (carbonyl/ketone are '3C-driven; alcohol shows balanced *H/*3C-+synergy);
edits remain sparse and realistic. Counterfactual NMR turns interpretability into
actionable recourse, enabling trustworthy auditing, targeted data curation, and
principled next-experiment selection in functional group prediction workflows.

1 Introduction

Automated and semi-automated structure elucidation (ASE/CASE) systems, which infer molecular
substructures or full structures directly from spectra by linking peak patterns to chemical environ-
ments [[17, 3]], are becoming increasingly capable in routine settings [8, [7]. Yet practitioners face
three persistent pain points: (i) models are opaque about which specific measurements drive a call;
(ii) failures under distribution shift (solvent/field changes, impurities, unusual motifs) are hard to
diagnose; and (iii) experiment planning remains heuristic—chemists still ask, “Which additional
measurement would most change or confirm this prediction?” Even with widely adopted 1D/2D
experiments ('H, 13C, HSQC, HMBC) central to connectivity inference, current ML explanations
largely remain correlational and non-actionable [6} 5] i4].

Most popular interpretability tools (feature importances, saliency, SHAP) summarize correlations
rather than testing how evidence causes model decisions to change. They are not linked to an
intervention a spectroscopist could perform—such as adding or recognizing a peak in a known ppm
window (e.g., carbonyl 13C 190-220,ppm)—Ilimiting trust and experimental guidance [12} 2]]. We
instead build on counterfactual and recourse methods [20} [18, [10] to perform explicit, chemistry-
valid edits that probe the model’s internal causal reasoning rather than physical molecular causality,
revealing which spectral measurements cause the model to change its prediction, not which peaks
physically arise from structure [[15} [14].
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We introduce Counterfactual NMR, a causal audit and benchmark that makes NMR interpretability
actionable for ASE. We define chemistry-constrained spectral edit operators—add/shift/attenuate
peaks strictly within expert ppm windows for 'H/'3C—so counterfactuals are both minimal and
plausible, in the sense used by causal-recourse methods [20,[18}/10] and domain-constrained scientific
counterfactuals [9, [15]. In spectroscopy, restricting edits to expert ppm windows grounded in
empirical NMR databases and textbook chemical shift theory [[16, [13] 16, [11]] preserves physical
feasibility and ensures counterfactuals correspond to experimentally realizable spectral variations. We
pair these operators with a fast search for one-edit counterfactuals and report practice-oriented causal
estimands (per-sample effect, cohort ATE with Confidence Intervals (CI) and /ift vs. randomized
edits) that separate specificity from generic sensitivity. We add mechanistic alignment checks via
channel ablations (!H-only vs. 13C-only vs. both) anchored to textbook shift regions (e.g., carbonyl
13C ~190-220 ppm), making the inferred “causal evidence” falsifiable against chemistry.

On open NMR data in the style of NMRShiftDB2 [11]], single-peak, chemically valid 'C interven-
tions induce large, reliable probability shifts on near-boundary cases for carbonyl-bearing classes and
meaningful shifts for aromatics, indicating that models move with chemically correct evidence rather
than spurious cues. Because edits are minimal and windows enforced, effects are interpretable as
decision-relevant evidence, not artifacts of rescaling.

Intuition and practical use. Consider a near-boundary ketone prediction where the model assigns
Dketone = 0.41. Counterfactual NMR identifies that adding a single Bc peak near 200 ppm (the
canonical carbonyl region) would raise the probability to 0.80 (Ap = +0.39). For a spectroscopist,
this is a concrete next step: check whether a weak carbonyl resonance exists in that range or acquire
a rapid '3C scan focused on 190-220 ppm. If the signal appears, the model’s reasoning is chemically
sound—carbonyl presence supports the ketone hypothesis; if not, the missing evidence explains
its uncertainty. Each counterfactual edit thus maps directly to a measurable or acquirable piece of
spectral evidence, turning interpretability into targeted experimental guidance.

Contributions. We introduce (1) Counterfactual, chemistry-constrained spectral interventions for
NMR with efficient minimal-edit search. (2) Causal estimands (ATE with Cls; lift vs. randomized
edits) that quantify decision-relevant effect sizes and isolate specificity. (3) Mechanistic alignment via
LH/13C ablations tied to established regions. (4) A benchmark and code for drop-in auditing within
ASE [19]], supporting trustworthy deployment, targeted curation, and principled next-experiment
choices.

2 Method

Setup and interventional semantics. Let X denote the observed spectrum (peak list or binned
vector over 'H/*3C), and Y = h(X) alearned predictor (substructure logits or ASE outputs). We
probe h by applying explicit, chemistry-constrained interventions to X. An edited spectrum is
' = x @ A, where A is a domain-valid spectral edit (defined in Appendix . For a target label
t,let p;(z) = P(Y; = 1 | X = z). The per-sample counterfactual effect is 7! = p;(x}) — p(z;).

L—t
Over a cohort D, the (C)ATE is ATE = ﬁ Y ieD 7f. To assess specificity (i.e., causal signal
beyond generic sensitivity), we compute a paired randomized baseline using the same windows

and edit budget but random locations and report Lift = @targeted — @mndom. When D contains
near-boundary cases (0.35 < p;(z) < 0.65), the estimand is a CATE.

Chemistry-constrained edit operator. We use a single actionable operator that adds one peak at
ppm ¢ with bounded normalized amplitude a inside expert windows W; for the target: 2’ = = &
A(0,a) with§ € Wy and a € [0, amax]. Examples include ketone 13C 190-220 ppm, *H 2.0-2.8 ppm;
aromatic **C 110-150 ppm, 'H 6.0-8.5 ppm; methyl 3C 10-25 ppm, 'H 0.6-1.3 ppm; carbonyl '>C
160-220 ppm; ester >C 160-180 ppm, 'H 4.0-4.5 ppm; amide *>C 165-180 ppm, 'H 2.5-3.5 ppm;
methoxy 3C 55-60 ppm, 'H 3.3-3.8 ppm; alcohol *C 60-75 ppm, 'H 1.0-5.0 ppm. We set ayax =
0.8 on the max-normalized scale. This “add-one-peak™ operator maximizes interpretability and
identifiability; shift and attenuate variants are retained as extensions.
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Table 1: Counterfactual effects on near-boundary cohorts. Edit budget: one peak, domain windows;
proximity penalized. Lift compares targeted vs randomized edits within the same windows/budget.

Label n ATE 95% CI Flip? ATEuna Fliprana ATELift (p)  Flip Lift (p)

Ketone 19 0.336 [0.315,0.357] 0.684 0.018 0.105 +0.318 (< 107%  +0.579 (3x10™%)
Aromatic 11 0.382 [0.341,0.423] 0273 0.085 0.091 +0.298 (3.5x107%)  +0.182 (0.269)
Methyl 45 0.351 [0.337,0.365] 0467 0.117 0.244 +0.234(1.5x1072°)  +0.222 (0.0277)

Carbonyl 50 0.414 [0.398,0.431] 0.500 0.057 0.140 +0.357 (1.7x10737) +0.360 (1.1x10™%)
Ester 33 0.315 [0.300,0.330] 0.576 0.097 0.273 +0.219 (1.4x10™'")  +0.303 (0.0128)
Amide 17 0.309 [0.289,0.330] 0.647 0.101 0294 +0.208 (1.0x10™®)  +0.353 (0.0393)
Methoxy 32 0.442 [0.413,0.472] 0.375 0.138 0250 +0.304 (7.8x107'*)  +0.125 (0.281)

Halogen 50 0.041 [0.032,0.050] 0.240 0.001 0.080 +0.040 (5.7x107%)  +0.160 (0.0291)
Alcohol 20 0.272 [0.261,0.283] 0.800 0.069 0.300 +0.203 (8.7x107'%)  +0.500 (0.0015)

Proximity (avg): aromatic 0.76; methoxy 0.75; halogen 0.51; all others 0.80.
Rule-consistency, intensity realism, mutual exclusivity: 1.00 for all labels.

Minimal-edit search. For target ¢ and spectrum x, candidates are evaluated on a fixed ppm grid
within W, and we select

A* = arg max (pt(x S A) - pt(x)) Mz = (@@ Ay — v 1{#edits > 1},
t

with A = 0.1 and a large v enforcing max_edits=1. We use a greedy selection (beam-k optional),
and log proximity (¢; change), sparsity (edit count), and rule-consistency diagnostics. The candidate
set C; and operator semantics are defined formally in Appendix[A] We use a greedy selection (beam-k
optional), and log proximity (¢; change), sparsity (edit count), and rule-consistency diagnostics.

Cohorts, randomized baseline, and inference. We evaluate on near-boundary cases (0.35 <
pe(x) < 0.65), where recourse is most decision-relevant. For each case, we generate K random edits
(same windows, amplitude, and edit budget) to obtain a paired randomized effect on the exact same
spectrum. We report ATE with 95% CIs (nonparametric bootstrap or ¢-interval when appropriate)
and Lift. Significance for ATE lift uses a paired ¢-test or a paired permutation test (recommended
for small n). Flip-rate lift (at threshold 0.5) uses McNemar’s test on paired decisions (targeted vs.
random).

Data, representation, and predictor. We use an open NMR set with SMILES and
'H/'3C peak lists (1849 molecules in our split). Substructure labels are derived
from SMARTS for aromatic, carbonyl, aldehyde, ketone, ester, amide, alkene,
alkyne, methoxy, halogen, nitro, alcohol, amine, methyl. Spectra are binned as 'H
0—12 ppm at 0.02 ppm (600 bins) and '3C 0-220 ppm at 1.0 ppm (220 bins), concatenated and max-
normalized per sample (dim=820), with peaks assigned to nearest bins. Unless noted, h is one-vs-rest
logistic regression with Platt calibration (80/20 split; fixed seed).

Mechanistic ablation. To test channel roles, we repeat the search under 1H-only, 13C-only, and both.
If a channel has no candidates, “both” falls back to the other (union fallback). We summarize mean
Ap per channel, a dominance ratio (*C:'H), and a synergy score defined as (both— max{H,C}).

Defaults and reproducibility. Unless specified: a« = 0.8, A = 0.1, max_edits=1, K = 5 random
baselines per case, 'H grid 0.1-0.2 ppm, '3C grid 0.5-1.0 ppm, calibrated probabilities enabled. All
reported metrics are averaged over the near-boundary cohort with CIs and paired tests as above.

3 Discussion

We report in Table|l|the model-level causal effects of minimal, chemistry-constrained spectral edits
on near-boundary cases (0.35 < p;(z) < 0.65) of n spectra. The ATE is the average change in
calibrated probability p, after a one-peak intervention within expert ppm windows; larger ATE means
the model’s decision is more sensitive to the targeted (chemically valid) evidence. Lift subtracts
the effect of a matched randomized edit (same windows/budget) on the same spectrum, isolating
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Table 2: Channel ablations (Ap mean per case). Carbonyl is driven entirely by 3C window-
ing (as no viable 'H candidates were present; “Both” equals the '3C effect (union fallback));
ester/amide/methoxy also show strong '3C contributions with mild 'H synergy.

Label "H-only Ap  '3C-only Ap Both Ap
Ketone 0.157 0.345 0.421
Aromatic 0.131 0.351 0.307
Methyl 0.098 0.337 0.372
Carbonyl 0.000 0.448 0.448
Ester 0.089 0.295 0.343
Amide 0.072 0.305 0.346
Methoxy 0.171 0.481 0.499
Halogen 0.064 0.064 0.126
Alcohol 0.162 0.274 0.390

specificity from generic sensitivity; p-values test whether this targeted-vs-random difference is
nonzero. Flip is the fraction of near-boundary cases that cross the 0.5 decision threshold under the
targeted edit; the corresponding lift compares to random edits. The footnotes summarize proximity
(smaller perturbations indicate more minimal edits) and feasibility checks (rule-consistency, intensity
realism, mutual exclusivity). Table [2| ablates channels by re-running the search under 'H-only,
13C-only, and their combination. Here Ap is the mean per-case probability gain; “Both” uses a union
fallback when one channel has no viable candidates.

Main findings (Table[I). Targeted one-peak edits yield large, precise probability shifts on ambigu-
ous spectra for chemically anchored labels. To interpret which spectral channels drive these effects,
we refer to the channel ablations in Table |2l which decompose Ap by 'H and '3C contributions.
Carbonyl shows the strongest effect (ATE 0.414, lift +0.357, p<10~1%) and high flip lift (4+-0.360,
p = 1.1x10~%), indicating that adding a carbonyl-region '3C signal is both highly effective and
specific in moving the model’s decision. Ketone behaves similarly (ATE 0.336, lift 4-0.318, p~0;
flip lift +-0.579, p=3x 10~%), consistent with carbonyl-driven evidence. Ester, amide, and alcohol
also exhibit substantial targeted effects and significant flip lifts, reflecting clear, actionable model
sensitivity to their characteristic windows. Notably, aromatic achieves a large ATE (0.382) despite
near-ceiling baseline AP; however, its flip lift is not significant (small » and high baseline confidence),
which is consistent with strong probability movements that do not always cross the 0.5 threshold. At
the other extreme, halogen shows a small but statistically specific effect (ATE 0.041, lift +0.040), and
a modest flip lift, suggesting that substantially larger or additional evidence is needed to decisively
alter halogen calls.

Minimality and plausibility. Across labels the edits remain sparse and small (one-peak budget;
proximity around ~ 0.8 for most labels), and all feasibility checks pass (1.0 for rule-consistency,
intensity realism, and mutual exclusivity). The lower proximity reported for halogen indicates
comparatively larger perturbations were needed to achieve any movement, matching its small ATE;
by contrast, carbonyl/ketone/amide achieve large, specific effects with small edits, evidencing tight
alignment between chemical windows and model reasoning.

Counterfactuals vs. coefficient analysis for linear models. Since £ is a logistic regression model,
one might ask what counterfactual edits offer beyond inspecting coefficients. Coefficients reflect the
global, correlational importance of spectral bins averaged across the dataset, whereas counterfactuals
probe local, causal sensitivity for a specific spectrum under domain-valid perturbations. This
distinction yields several advantages. First, instance-specificity: coefficients summarize overall
trends, while counterfactuals answer “what minimal change would flip this decision?”—crucial
for near-boundary cases. Second, interventional semantics: coefficients describe associations, but
counterfactuals test explicit interventions (e.g., “add a '>C peak at 200 ppm”) that correspond to
realizable chemist actions. Third, chemical plausibility: edits are restricted to expert windows (WV,),
ensuring physically valid perturbations rather than arbitrary high-weight bins. Fourth, minimality and
effect size: the edit search jointly minimizes perturbation magnitude and reports concrete probability
shifts (Ap), yielding interpretable effect estimates rather than abstract weights. Finally, specificity and
planning: comparing targeted to randomized edits isolates true causal signal from generic sensitivity
and suggests actionable next experiments (e.g., acquire 3C data in 190-220 ppm for carbonyl
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hypotheses). Thus, even for linear models, counterfactual edits convert static global coefficients into
instance-level, experimentally actionable reasoning.

Mechanistic interpretation (Table[2). Following the aggregate effects in Table[I} Table 2 decom-
poses these responses by spectral channel, quantifying which modality carries the decision-relevant
evidence. For carbonyl and ketone, 13C alone accounts for essentially all of the effect (e.g., car-
bonyl 13C-only Ap=0.448; *H-only has no viable candidates), matching textbook chemical shifts
for carbonyl carbons. Amide and ester show the same 3C predominance with mild 'H synergy
(Both > max{H,C}), while alcohol exhibits a more balanced contribution: IH contributes mean-
ingfully (broad 1-5ppm signatures) and combining channels increases the effect further (Both
0.390 > max{0.162, 0.274}). For aromatic, 13C-only exceeds ‘H-only (specificity of sp? carbons),
and ‘Both” is slightly smaller than '*C-only, consistent with partial redundancy between channels
under a one-peak budget. This occurs because the search is constrained to a single edit: when both
channels are available, candidate ' H peaks compete with stronger '3C features for the same edit slot,
occasionally displacing the optimal '2C intervention and thereby reducing the average Ap.

Evidence for chemically correct reasoning. The claim that models rely on chemically correct
regions rather than spurious shortcuts is supported by multiple lines of evidence. First, mechanistic
alignment: edits in 3C windows drive model changes for carbonyl-bearing groups (Table , exactly
as predicted by physical chemistry—carbonyl carbons are strongly deshielded (~190-220 ppm)
due to m-electron withdrawal [1}, [16]. Conversely, for labels without strong '3C signatures (e.g.,
halogen), both ATE and lift are small, suggesting the model correctly does not rely on weak or absent
signals. Second, specificity: targeted edits within expert windows produce effects 2—4x stronger than
random edits in the same windows (Table [T} Lift column), indicating the model recognizes which
locations within a window are most informative, not just that the window is broadly relevant. Third,
actionability: edits correspond to realizable chemist actions (acquiring **C focused on 190-220 ppm
for carbonyl hypotheses), and practitioners can verify whether signals appear where counterfactuals
suggest. Fourth, consistency with empirical databases: edit locations cluster within expert windows
(e.g., ketone 13C edits concentrate in 190-220 ppm) as would be expected from measured spectra in
NMRShiftDB2 [[11]].

Implications for ASE and experiment planning. Because the reported effects are computed on
near-boundary spectra, they function as a triage score for what evidence is most likely to change an
uncertain call. The large ATE and flip lifts for carbonyl-bearing hypotheses recommend prioritizing a
quick 13C acquisition in the 190220 ppm window for ketone/aldehyde differentials; the balanced but
synergistic alcohol result suggests value in acquiring both channels when feasible. More broadly, the
targeted-vs-random lift provides a principled check before investing time in additional experiments:
if lift is small or non-significant (e.g., halogen), further edits or 2D connectivity data (HSQC/HMBC)
may be required to affect the decision.

4 Conclusion

Our findings are model-level (algorithmic recourse) rather than claims about the physical Z — X
mechanism: they reveal which measurements cause the model to change its output. Estimates are
conditioned on the edit family (one-peak additions within expert ppm windows) and on near-boundary
cohorts, i.e., a CATE rather than a global ATE. The binned representation omits fine multiplet structure
and J-coupling; extending the operators and adding 2D spectra (e.g., HSQC/HMBC) is a natural
next step. Small-n cohorts can yield wider flip-rate intervals even when ATEs are precise, so we
emphasize paired targeted-vs-random /ift and confidence intervals to guide interpretation. Overall,
minimal, chemistry-constrained counterfactual edits move model probabilities in the right spectral
regions, yielding large, statistically specific effects for carbonyl-derived labels and interpretable
LH/'3C roles across the board.
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Appendix: Additional Details

A Edit Operators and Objective

Edit operator (definition). Let 2 € R32° be the concatenated binned spectrum (*H then '2C) after
max-normalization; let bz;, bc map a ppm value to its bin index for 'H and *3C, respectively. For
channel ce {H, C'}, ppm location 4, and amplitude a € [0, ammax|, define the single-peak edit vector

a ifj = be(s),
0 otherwise,

A(d,a,c); = {

(optionally convolved with a 1-3 bin triangular kernel; ablations unchanged). The edit operator is
elementwise addition with clipping to the valid range:

¥ = z®A(0,a,¢) min{1l, z+ A(d,a,c)}.

In causal terms, this corresponds to an intervention do(X < X @ A) on the model input, and we
estimate the induced change in predicted outcome p; (). The candidate set for label ¢ is

C = {A@d,a,c) : b€ W 4 € [0, amaxl, ¢ € {H, C}},
where Wt(c) are expert ppm windows for ¢ (specified below and used in Table .

Minimal intervention and objective (capsule). We use a single-bin addition at ppm § € W; with
amplitude ¢=0.8 and max_edits= 1. For each candidate A(J, a) we maximize the score

S(A) = [pt(z o A) —pt(:c)] —Alz" — x|,

and select the best location on a ppm grid; A=0.1 unless noted. For each spectrum we also draw
K =5 randomized edits with the same windows and amplitude to form a paired baseline.

Edit semantics. Let b(9) be the bin index for ppm location 0. The intervention applies
552(5) < min{1, zy) +a}, a:; «— x; for j # b(6),

with a € {0.4,0.6,0.8} in sensitivity analyses (default a=0.8). We never overwrite existing signal;
additions saturate at 1.0. If a candidate bin already exceeds 1—a, we skip it to preserve intensity
realism. An optional 3-bin triangular line-shape kernel can mimic mild broadening:

x&®+ké—nﬁn{1,mwa+kﬁ—awk}, ke{-1,0,1}, w=][0.25,0.5,0.25].

Search objective. The search objective balances two competing goals: maximizing the probability
increase

pi(z ® A) —pi(x)
while minimizing the spectral perturbation

Mz = (z @A)

The effectiveness term measures how much the edit flips the prediction, while the L; proximity
penalty quantifies the total absolute change across all spectral bins. We use L; distance because it
directly counts “how many bins changed and by how much,” making it interpretable for chemists
who prefer targeted, minimal interventions. The parameter A = 0.1 creates a linear trade-off: we
accept a 0.1 increase in proximity for every 1.0 increase in effectiveness. This formulation favors
edits that achieve large probability shifts with minimal spectral changes, ensuring counterfactuals are
both actionable and chemically plausible.

Proximity. We report prox(z,z’) = ||’ — z||; on the max-normalized, concatenated vector;
smaller values indicate more minimal edits. For completeness we also compute a normalized variant
nprox = ||’ — z||1/(||x]l1 + €) (not used in the main tables).
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B Randomized Baseline and Inference

Paired randomized baseline. For each spectrum, we sample K =5 randomized edits using the
same window set W;, amplitude a, grid, and proximity penalty as the targeted search. Effects are
paired within-spectrum:

n

. 1 RS .
Lift = = (5% =7™), i =pelai) — pi(a).
i=1

Uncertainty and tests. We compute 95% Cls via nonparametric bootstrap (1,000 resamples) unless
otherwise stated and report two-sided p-values. ATE lift uses a paired t-test (paired permutation
test recommended for small n); flip-rate lift (at calibrated threshold 0.5) uses McNemar’s test with
continuity correction. Multi-label results are exploratory; we do not correct for multiplicity.

C Sensitivity Analyses

Boundary band robustness. ATE and Lift are stable across near-boundary definitions for kefone:

Table 3: ATE and Lift robustness across boundary bands for ketone.

Band ATE Lift

(0.35,0.65] 0.336 +0.318
0.40,0.60]  0.329  +0.309
0.30,0.70]  0.341  +0.321

Amplitude sweep. Varying the edit amplitude a € {0.4,0.6,0.8} yields monotone ATE increases
with similar Lift, indicating that specificity is not an artifact of large edits. (a=0.8 used by default.)

Grid granularity. Using 'H steps of 0.1-0.2 ppm and '3C steps of 0.5-1.0 ppm changes ATE by
< 0.01 on average; default steps balance fidelity and speed.

D Windows, Grids, and Realism

Chemical windows. We maintain per-label windows for 'H and '3C, e.g., carbonyl C:
190-220 ppm; amide C: 165-180 ppm; aromatic C: 110-150 ppm; aldehyde H: 9.0-10.5 ppm;
methyl C: 10-40 ppm; aromatic H: 6.0-8.5ppm. Candidate grids default to 0.1-0.2 ppm (‘H)
and 0.5-1.0 ppm (*3C).

Realism checks. Mutual-exclusivity rules prevent contradictory constellations; intensity realism
is enforced by clipping/saturation and skip-logic on high bins; all feasibility checks scored 1.0 in
Table [Tl

E Modeling and Implementation Notes

All experiments use an 80/20 train—test split with a fixed random seed and calibrated probabilities.
Proximity is computed using the ¢; distance on the concatenated, max-normalized spectrum vector,
and all spectra are normalized prior to applying edits.

Search efficiency. Beam-k (typically & € {3,5}) reduces myopia with linear overhead in k;
candidate scoring is vectorized across ppm bins per case. Optional multi-edit mode (up to three edits)
adds an edit-count penalty and consistency checks.
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F Data and Licensing

Data. Spectra and SMILES are sourced from NMRShiftDB2 (license: CC-BY-SA) with standard
quality filters. Substructure labels are derived via SMARTS on SMILES only; we do not use NMR
annotations to create labels, avoiding leakage.

G Extensions and Limitations

Extension to non-boundary cases. Our evaluation focuses on near-boundary cases (0.35 <
pi(x) < 0.65), where counterfactual guidance is most decision-relevant—these are the ambiguous
spectra where minimal interventions can meaningfully change model outputs. For high-confidence
cases (p;(x) > 0.65), counterfactuals remain informative but may require larger or multiple edits to
alter predictions; they instead answer “what evidence would weaken this confident call?”” For low-
confidence cases (p;(x) < 0.35), one-peak edits may be insufficient, and coordinated or attenuating
interventions could be required. This near-boundary focus is intentional: these are precisely the cases
where practitioners face real diagnostic uncertainty and need actionable recourse.

Extensions to complex models. For non-linear models beyond logistic regression (e.g., neural
networks, transformers, or graph neural networks), counterfactual interventions become even more
valuable because coefficients no longer exist. Gradient- or perturbation-based explanations (e.g.,
saliency, integrated gradients, LIME) remain correlational and lack physical plausibility or minimality
guarantees. By contrast, our framework enforces chemistry-valid windows and quantifies effect size,
extending naturally to any differentiable model by replacing the linear predictor h with a neural
network. In complex models, such plausibility constraints are even more critical—they prevent the
identification of spurious, nonphysical shortcuts. For graph-based ASE models predicting molecular
structures, counterfactuals can isolate which spectral features drive particular structural decisions
(e.g., “adding a carbonyl *3C signal makes the model predict a ketone rather than an aldehyde™). In all
cases, counterfactual edits provide actionable, chemically valid, and model-agnostic interpretability,
bridging model reasoning and experimental design.

Limitations. We acknowledge limitations: (i) We test interventions (adding peaks), not removals
(attenuating existing signals); a model relying on spurious shortcuts might respond differently to
removals. (ii) Some functional-group cohorts (e.g., amide, aromatic) are small (n<25), which
limits statistical power and generalization beyond the present dataset; reported p-values should
thus be interpreted as within-model significance rather than population-level inference. (iii) The
binned representation omits fine structure (coupling, multiplicities) that could reveal spurious pattern-
matching. However, the combination of mechanistic alignment (channels match textbook chemistry),
specificity (targeted > random within windows), and reproducibility across labels provides strong
evidence that the models we audit have learned chemically meaningful patterns. Future work could
validate against ground-truth assignments, test interventions on out-of-distribution data, and examine
model attention weights to directly visualize which spectral regions drive predictions.
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