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Predicting Cortical Neuron Dendrite Type
(Spiny vs. Aspiny) from Intrinsic Electrophysiology:

A Cross-Validated Machine-Learning Analysis of the
Allen Cell Types Database

Data access as-of: 11 July 2026

Reproducibility at a glance. Source: Allen Cell Types Database mouse electrophysiology feature
table (accessed 11 July 2026 via the Allen Brain Map RMA API). Cohort: 1,755 mouse cortical neurons
(889 spiny, 866 aspiny) described by 43 purely electrophysiological features. Design: leakage-free
stratified 5-fold cross-validation (random_state=42) with nested hyperparameter tuning. Best
model (Random Forest) achieves AUROC 0.993 +0.003, balanced accuracy 0.968 +0.010, macro-F1
0.968 + 0.010. Code, per-cell predictions, and figures accompany this report.
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Figure 1: Graphical abstract. From the Allen Cell Types Database mouse patch-clamp resource we
extract intrinsic electrophysiological feature vectors for spiny (putative excitatory) and aspiny (putative
inhibitory) cortical neurons, train leakage-free cross-validated classifiers, and identify the physiologically
interpretable features that separate the two classes.

Executive Summary

The mammalian cerebral cortex is built from two broad functional classes of neuron: densely
spined, glutamatergic spiny cells that provide most excitation, and smooth or sparsely spined aspiny
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GABAergic interneurons that provide most inhibition. These classes differ not only in dendritic
morphology but also in their intrinsic membrane biophysics, which governs how each cell transforms
synaptic input into spike output. This report asks a focused, biologically grounded question: can
the excitatory / inhibitory dendritic dichotomy be recovered from intrinsic electrophysiology alone?

Using the precomputed mouse electrophysiology feature table of the Allen Cell Types Database
(accessed 11 July 2026), we assembled a balanced cohort of 1,755 mouse cortical neurons, each labelled
spiny or aspiny by its dendrite type, and described by 43 quantitative electrophysiological features.
Crucially, no morphological, transgenic-line, or cortical-layer information was made available to the
models. We built two complementary classifiers—an L2-regularized logistic regression and a random
forest—and evaluated them with a strictly leakage-free stratified 5-fold cross-validation pipeline
in which median imputation, standardization, and hyperparameter search were all fit inside each
training fold only.

Both models separated the two classes almost perfectly. The random forest, selected as the best
model by mean out-of-fold AUROC, achieved an AUROC of 0.993 4+ 0.003, a balanced accuracy of
0.968+0.010, and a macro-F1 of 0.968+0.010; the logistic regression was statistically indistinguishable
(AUROC 0.992 + 0.005). Out of 1,755 cells, only 56 were misclassified. The five features that most
strongly drove the classification were dominated by action-potential waveform kinetics and passive
membrane properties. The single most important discriminator, agreed upon by both models, was
the upstroke-to-downstroke ratio of the action potential (upstroke_downstroke_ratio_short_square),
which is higher in spiny cells; the membrane time constant (tau) and the depolarizing sweep
peak voltage (peak_v_ramp) were also higher in spiny cells. These directions recapitulate textbook
physiology: aspiny fast-spiking interneurons fire narrow, symmetric spikes with rapid Kv3-mediated
repolarization and possess fast, leaky membranes, whereas spiny pyramidal neurons generate
broader, more asymmetric action potentials and integrate over longer time constants. The intrinsic
electrophysiological “fingerprint” of a cortical neuron is therefore sufficient, on its own, to reconstruct
its excitatory/inhibitory identity with near-ceiling accuracy.

1 Introduction

1.1 Two functional classes of cortical neuron

Cortical computation rests on a dynamic balance between excitation and inhibition, and this balance
is implemented by two anatomically and molecularly distinct populations of neuron. The great
majority of excitatory, glutamatergic neurons in the neocortex are pyramidal cells (and, in the
input layers, spiny stellate cells) whose dendrites are studded with thousands of dendritic spines,
the postsynaptic sites of most excitatory synapses [1]. Spine density is so characteristic of these
cells that “spiny” has become a morphological shorthand for the excitatory projection-neuron class.
Inhibitory, GABAergic neurons, in contrast, are overwhelmingly aspiny or sparsely spiny local
interneurons whose smooth dendrites and diverse axonal targeting underlie the fine spatiotemporal
control of cortical circuits [2-4]. The spiny/aspiny distinction is thus a robust first-order proxy for
the excitatory/inhibitory functional axis, and it forms one of the primary branch points in every
modern multimodal taxonomy of cortical cell types [5, 6].

Beyond morphology, the two classes differ systematically in their intrinsic membrane physiology.
The classic comparative study of McCormick et al. [7] established, using intracellular recordings,
that “sparsely spiny” stellate neurons of the neocortex fire fast, brief action potentials with little
frequency adaptation, whereas pyramidal neurons fire broader spikes and adapt strongly during
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sustained depolarization. This electrophysiological dichotomy between fast-spiking interneurons and
regular-spiking pyramidal cells has been refined over four decades into a rich, quantitative picture of
how ion-channel complements shape firing [4, 8]. Fast-spiking, parvalbumin-expressing interneurons
in particular are defined by narrow spikes, rapid repolarization, and sustained high-frequency firing,
a phenotype that depends on a specialized complement of Kv3-type potassium channels and a high
density of axonal sodium channels [8-10].

1.2 The Allen Cell Types Database as a standardized resource

Testing whether intrinsic physiology alone encodes the excitatory/inhibitory distinction requires a
large, standardized, and consistently annotated dataset. The Allen Cell Types Database provides
exactly this: a public resource of standardized whole-cell patch-clamp recordings from individual
mouse cortical neurons, acquired under a fixed battery of current-clamp stimuli (long square, short
square, and ramp injections) and processed by a common, automated feature-extraction pipeline [11].
Each cell is accompanied by a precomputed vector of electrophysiological features—spike-waveform
measures, firing statistics, and passive membrane properties—and, for many cells, a reconstructed
dendritic morphology from which a dendrite_type annotation (spiny, aspiny, or sparsely spiny) is
derived. This resource underpins the Allen Institute’s morpho-electric classification of mouse visual
cortex neurons [11] and its subsequent integration with transcriptomics through Patch-seq [12-15],
which has repeatedly shown that broad transcriptomic subclasses (and thus the excitatory/inhibitory
division) are well predicted by electrophysiology, even if the finest transcriptomic types are not [13,
14, 16].

1.3 Objective and contribution

Building on this body of work, we pose a deliberately constrained question with a clean biological
interpretation. Given only the precomputed intrinsic electrophysiological features of a mouse
cortical neuron—and explicitly excluding any morphological, transgenic-line, or cortical-layer
information—how accurately can we predict whether that neuron is spiny (putative excitatory)
or aspiny (putative inhibitory), and which electrophysiological properties carry the discriminative
signal? Our contribution is threefold. First, we document a fully reproducible, leakage-free pipeline
for extracting, cleaning, and modelling the Allen mouse electrophysiology feature table. Second, we
report rigorously cross-validated performance for two complementary classifiers under three metrics
appropriate to a balanced binary problem (AUROC, balanced accuracy, macro-F1). Third, and
most importantly for neuroscience, we identify and physiologically interpret the five features that
most drive the classification, connecting the learned decision rule back to the ion-channel biology of
excitatory and inhibitory neurons.

2 Methods

2.1 Data source and access

All data were obtained from the Allen Cell Types Database mouse electrophysiology feature
table [11, 17]. Because the official allensdk package was not available in our environment, we
queried the same precomputed tables that allensdk exposes directly through the documented Allen
Brain Map RMA API (http://api.brain-map.org/api/v2/data/query.json). Two models
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were retrieved and joined on the cell specimen_id: ApiCellTypesSpecimenDetail (cell metadata,
including species and dendrite type) and EphysFeature (the precomputed electrophysiological
feature vector for each cell). The data access as-of date was 11 July 2026. Because the RMA
endpoint returns rows in an unstable order under naive pagination, all queries were issued with an
explicit stable ordering clause (ordering EphysFeature by id and ApiCellTypesSpecimenDetail by
specimen__id) plus a duplicate-removal safeguard, which guarantees complete and non-redundant
retrieval of every specimen.

2.2 Cohort definition and feature scope

We filtered the metadata to mouse cells (species == "Mus musculus") and retained only cells
annotated spiny or aspiny, excluding the intermediate sparsely spiny category and cells with
missing dendrite-type annotations. This yielded an initial cohort of 1,813 mouse cells with a
matched electrophysiology record.

To honour the constraint that prediction rely on electrophysiology only, we deliberately restricted
the feature set to the pure electrophysiological measurements produced by the EphysFeature
pipeline and discarded all non-electrophysiological columns. Specifically, we removed record identi-
fiers and sweep pointers (e.g. id, specimen_id, rheobase_sweep_id), technical quality-control fields
(e.g. seal_gohm, electrode_0_pa), and—critically—every morphological feature (the nr_* family),
transgenic-line field (line_name, cell_reporter_status), and cortical-layer field (structure__layer).
No information about a cell’s shape, genetic identity, or laminar position was ever presented to the
models.

2.3 Preprocessing and quality filtering

The retained electrophysiological features span three canonical stimulus families—long square, short
square, and ramp—and include action-potential waveform descriptors (threshold, peak, trough, and
fast-trough voltages and times; upstroke:downstroke ratio), firing-pattern statistics (adaptation,
average inter-spike interval, F-I curve slope, latency, and burst/pause/delay flags), and passive
membrane properties (input resistance, membrane time constant tau, sag, resting potential). Missing-
value handling proceeded in two stages using a 20% threshold. First, features missing in more than
20% of cells were dropped; this removed the six-member slow_trough_s family (missingness 31.9-
52.2%), which is undefined whenever a cell’s spikes lack a resolvable slow after-hyperpolarization,
leaving 43 features. Second, cells missing more than 20% of the 43 retained features were removed
(58 cells), yielding the final analysis cohort of 1,755 cells. The missingness structure and threshold
are shown in Figure ba.

The final cohort is essentially balanced: 889 spiny (50.7%) and 866 aspiny (49.3%) cells
(Figure 5b). For modelling, the positive class was defined as spiny (y = 1) and the negative class as
aspiny (y = 0). Residual missing values were completed by median imputation, and all features were
standardized to zero mean and unit variance (StandardScaler). To prevent information leakage,
these transformations were never fit on the full dataset; instead they were embedded in a scikit-learn
Pipeline and fit only on the training partition of each cross-validation fold (Section 2.5).
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2.4 Exploratory data analysis

Before modelling, we inspected the univariate separation of representative features by dendrite
type (Figure 5¢). Even individual passive properties reveal the expected physiological contrast:
aspiny cells display a markedly higher F-I curve slope (steeper gain) and shorter membrane time
constant than spiny cells, consistent with the fast, high-gain firing of inhibitory interneurons [4, §8].
These marginal differences motivated the expectation—subsequently confirmed—that a multivariate
classifier would achieve very high accuracy.

2.5 Cross-validation and modelling pipeline

We evaluated two complementary classifiers chosen to span the interpretability/flexibility spectrum:
an L2-regularized logistic regression, whose signed coefficients yield a directly interpretable linear
decision rule, and a random forest [18], a non-linear ensemble capable of capturing feature inter-
actions. Performance was estimated with stratified 5-fold cross-validation (StratifiedKFold,
shuffle=True, random_state=42), which preserves the class ratio in every fold and is the recom-
mended resampling scheme for balanced-to-moderately imbalanced classification [19, 20].

The entire modelling sequence was leakage-free. Within each of the five outer folds, a fresh
Pipeline—SimpleImputer (median) — StandardScaler — classifier—was fit strictly on the train-
ing partition, and the held-out validation partition was only transformed and scored. Hyperpa-
rameters were selected by an inner 3-fold grid search nested inside each training partition,
so that neither the preprocessing statistics nor the chosen hyperparameters could ever observe
validation data. This nested design follows established guidance for avoiding the optimistic bias
that arises when tuning or preprocessing is performed on the full dataset [19]. The logistic-
regression grid tuned the inverse regularization strength C' € {0.01,0.1,1, 10, 100}; the random-forest
grid (with class_weight="balanced") tuned the number of trees ({300,600}), maximum depth
({None, 10,20}), and minimum samples per split ({2,5}). All models were implemented in scikit-
learn [21].

2.6 Evaluation metrics

We report three complementary metrics, each averaged across the five folds with its standard
deviation. AUROC (area under the receiver-operating characteristic curve) summarizes threshold-
independent ranking performance; balanced accuracy (the mean of sensitivity and specificity)
is robust to any residual class imbalance; and macro-F1 (the unweighted mean of the per-class
F1 scores) equally weights performance on spiny and aspiny cells. Using a panel of metrics rather
than a single number is recommended practice for classification evaluation, because each metric
captures a different facet of performance [20, 22, 23]. In addition, we concatenated the held-out
predictions across all five folds to form a single set of out-of-fold (OOF) predictions covering every
cell exactly once, from which we computed the confusion matrix and released per-cell predictions.

2.7 Feature-importance analysis

We characterized the drivers of classification with two complementary, model-appropriate measures.
For the logistic regression, we report the signed standardized coefficients of the model refit on
the full dataset; because features were standardized, coefficient magnitudes are directly comparable,
and the sign gives the direction of effect (positive — spiny, negative — aspiny). For the random
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forest, we report the Gini (mean decrease in impurity) importance, and—because impurity
importance is unsigned and can be biased toward high-variance or correlated predictors [24]—we
annotate each feature’s direction of effect using the sign of its Spearman/Pearson correlation with
the spiny label. We treat agreement between the linear and ensemble models, rather than either
ranking in isolation, as the strongest evidence for a genuinely discriminative feature.

3 Results

3.1 Both classifiers separate spiny from aspiny near-perfectly

Under stratified 5-fold cross-validation, both models discriminated spiny from aspiny neurons with
near-ceiling performance (Table 1, Figure 2). The random forest attained a mean AUROC of
0.9931 £ 0.0032, a balanced accuracy of 0.9683 + 0.0103, and a macro-F1 of 0.9681 4+ 0.0104. The
logistic regression was statistically indistinguishable, with a mean AUROC of 0.9919 4+ 0.0054, a
balanced accuracy of 0.9699 4+ 0.0107, and a macro-F1 of 0.9698 + 0.0108. The receiver-operating
characteristic curves of the two models are nearly superimposed and hug the top-left corner of the
plot (Figure 2), and their +1 standard deviation bands across folds are narrow, indicating stable
performance. We selected the random forest as the primary model on the basis of its marginally
higher and lower-variance mean out-of-fold AUROC, while emphasizing that the two models agree
both in accuracy and, as shown below, in the physiology they recover.

Table 1: Cross-validated performance (mean + SD across five stratified folds). The random forest was
selected as the best model by mean out-of-fold AUROC; the logistic regression is statistically indistinguishable.
Spiny is the positive class.

Model AUROC Balanced accuracy Macro-F1

Logistic regression 0.9919 £ 0.0054 0.9699 £ 0.0107 0.9698 £ 0.0108
Random forest (best) 0.9931 + 0.0032 0.9683 £ 0.0103 0.9681 + 0.0104
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Figure 2: Mean receiver-operating characteristic curves for logistic regression (blue) and random
forest (red) under stratified 5-fold cross-validation, with +1 SD shading. Both curves approach the ideal
top-left corner; the dashed diagonal is the chance line. Spiny is the positive class.

3.2 Out-of-fold error structure

Aggregating the held-out predictions across folds, only 56 of 1,755 cells (3.2%) were misclassified
by the random forest (Figure 3). Errors were nearly symmetric between the classes: of 866 aspiny
cells, 849 were correctly identified and 17 were called spiny (specificity 0.980); of 889 spiny cells, 850
were correctly identified and 39 were called aspiny (sensitivity 0.956). The slightly larger number of
spiny cells misclassified as aspiny is consistent with the known existence of regular-spiking, adapting
interneuron subtypes and of atypical pyramidal cells whose intrinsic properties overlap the inhibitory
range—the small, biologically expected tail of a fundamentally separable problem.
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Figure 3: Out-of-fold confusion matrix for the best model (random forest), pooled across all five folds
so that every cell is predicted exactly once. Rows are true dendrite type, columns are predicted dendrite
type. Only 56 of 1,755 cells are misclassified.

3.3 Features that drive the classification

The five most influential features are reported in Table 2 for both models and visualized in Figure 4.
The rankings are dominated by action-potential waveform kinetics and passive membrane properties
rather than by simple firing-rate statistics, and the two models converge on a common leading
signal.

The single most important feature for the random forest, and the third most important (by
absolute coefficient) for the logistic regression, is the action-potential upstroke-to-downstroke
ratio measured on the short-square stimulus (upstroke_downstroke_ratio_short_square); in both
models a higher value drives the prediction toward spiny. The random forest’s next four features—
the membrane time constant (tau), the ramp spike peak voltage (peak_v_ramp), the latency to
first spike (latency), and the short-square fast-trough voltage (fast_trough_v_short_square)—
all likewise take higher values in spiny cells. The logistic regression, which captures the lin-
ear direction of each effect explicitly, ranks two spike-timing features highest (a shorter time-
to-threshold, threshold_t_short_square, pushes toward aspiny, whereas a longer time-to-peak,
peak_t_short_square, pushes toward spiny), followed by the shared upstroke:downstroke ratio and
the ramp trough timing and long-square fast-trough voltage. Across both models, the recovered
picture is internally consistent: spiny cells are distinguished by broader, more asymmetric spike
waveforms, slower membranes, and later, more sluggish spike initiation, whereas aspiny cells are
distinguished by fast, symmetric spikes and rapid, high-gain membranes.
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Table 2: Top-five features driving each model, with direction of effect. Positive logistic-regression coefficients
and spiny-directed random-forest correlations both indicate that a higher feature value drives the prediction
toward spiny. The upstroke:downstroke ratio (bold) is a top-five driver in both models.

Logistic regression (signed standardized coefficient)

Rank Feature Coefficient Drives toward
1 threshold_t_short_square —6.01 aspiny
2 peak_t_short_square +5.99 spiny
3 upstroke_downstroke_ratio_short_square +5.37 spiny
4 trough_t_ramp —3.68 aspiny
5 fast_trough_v_long_square +3.13 spiny

Random forest (Gini importance; direction from feature-label correlation)

Rank Feature Gini importance Drives toward
1 upstroke_downstroke_ratio_short_square 0.128 spiny
2 tau 0.091 spiny
3 peak_v_ramp 0.073 spiny
4 latency 0.067 spiny
5 fast_trough_v_short_square 0.064 spiny

Top-10 Feature Importances (best model: random_forest)
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Figure 4: Top-10 feature importances for the two models. Left: signed standardized logistic-regression
coefficients. Right: random-forest Gini importances. Bars are coloured by direction of effect (green —
spiny, purple — aspiny). Both models rank the short-square upstroke:downstroke ratio among the strongest
spiny-directed features.
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Figure 5: Exploratory data analysis. (a) Per-feature missingness for all original features; the six
slow_trough_x features exceed the 20% threshold (highlighted) and are removed. (b) Class balance in the
final cohort (889 spiny, 866 aspiny). (c) Distributions of four representative features by dendrite type; aspiny
cells show higher F-I slope and shorter membrane time constant, consistent with fast-spiking inhibitory

physiology.
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3.4 Per-cell predictions and code

For every one of the 1,755 cells we release the out-of-fold prediction of the best model as
per_cell_predictions.csv, containing the specimen_id, the true dendrite type, the predicted
dendrite type, and the predicted probability of the spiny class. The complete, self-contained
analysis code (download_data.py, preprocess_and_eda.py, train_and_evaluate.py), the full
ranked feature-importance tables for both models, and the machine-readable evaluation summary
(evaluation_summary.json) accompany this report, together with the figures reproduced here.

4 Discussion

4.1 Intrinsic physiology encodes the excitatory/inhibitory axis

Our central finding is that the spiny/aspiny dendritic dichotomy—a proxy for the excita-
tory/inhibitory functional divide—can be reconstructed from intrinsic electrophysiology alone with
near-ceiling accuracy (AUROC = 0.99), using no morphological, genetic, or laminar information.
This result is consistent with, and quantitatively sharpens, the broader Patch-seq literature, which
has repeatedly found that broad cell classes and transcriptomic subclasses are well separated in
electrophysiological feature space even though the finest transcriptomic types are not [11, 13, 14].
Here the target is the coarsest and most fundamental split—excitatory versus inhibitory—and it is
precisely the split that intrinsic physiology encodes most strongly. That two very different learning
algorithms (a linear model and a non-linear ensemble) achieve indistinguishable accuracy, and
converge on the same leading feature, argues that the signal is robust and not an artefact of a
particular model’s inductive bias.

4.2 Physiological interpretation of the top features

Several of the most discriminative features map directly onto well-understood ion-channel physiology,
which we highlight below.

Action-potential upstroke:downstroke ratio (higher in spiny). The upstroke:downstroke
ratio compares the maximum rate of membrane depolarization during the spike rising phase to the
maximum rate of repolarization during the falling phase. It was the leading feature in the random
forest and a top-three feature in the logistic regression, with higher values robustly indicating
spiny cells. This direction is exactly what cellular physiology predicts. Fast-spiking, parvalbumin-
expressing inhibitory interneurons generate exceptionally brief action potentials with very rapid
repolarization, a phenotype that depends on their enrichment for Kv3-family potassium channels,
whose high activation threshold and fast kinetics produce a powerful, fast repolarizing current [8—10].
A large downstroke velocity relative to the upstroke yields a low upstroke:downstroke ratio in
aspiny interneurons. Spiny pyramidal neurons, which lack this Kv3-dominated fast repolarization,
repolarize comparatively slowly and therefore exhibit a higher ratio—the exact direction the models
learned. The upstroke:downstroke ratio is, in effect, a compact electrophysiological readout of the
Kv3 signature that has long been used to identify fast-spiking interneurons [4, 7.

Membrane time constant, tau (higher in spiny). The membrane time constant 7 = R,,,Cy,
sets the timescale over which a neuron integrates synaptic input. It was the second most important
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random-forest feature, and higher values indicate spiny cells. Fast-spiking inhibitory interneurons are
electrically fast and leaky: their comparatively low membrane time constant lets them respond rapidly
to coincident inputs and follow high-frequency drive, a property central to their role in perisomatic
inhibition and network synchronization [4, 8]. Pyramidal neurons, with larger membrane time
constants, integrate over longer windows. The learned direction—longer 7 predicting spiny—therefore
recapitulates the canonical contrast between slow-integrating excitatory cells and fast-integrating
inhibitory interneurons [7, 25].

Spike voltages, timing, and latency. The remaining top features are coherent with the
same underlying physiology. The ramp and long-square spike peak and fast-trough voltages
(peak_v_ramp, fast_trough_v_short_square, :East_trough_v_long_square) capture the amplitude and
after-hyperpolarization structure of the action potential, which differ between the deep, fast after-
hyperpolarizations of fast-spiking interneurons and the shallower profiles of pyramidal cells [2, 8].
The spike-timing features that dominate the logistic-regression ranking (threshold_t_short_square,
peak_t_short_square, trough_t_ramp) and the first-spike latency (latency) reflect how quickly
and how sharply each class reaches and traverses spike threshold under a standardized stimulus.
Together these features paint a consistent portrait: aspiny interneurons initiate and complete brief
spikes rapidly, whereas spiny pyramidal cells display slower, broader spike dynamics—the same
distinction first quantified by McCormick et al. [7] and elaborated across the modern interneuron
literature [4, 8, 25].

4.3 Methodological rigour and interpretation caveats

The reported performance is credible precisely because the pipeline was designed to avoid the two
most common sources of optimistic bias. First, all label-agnostic preprocessing (imputation, scaling)
and all hyperparameter tuning were confined to the training partition of each fold via a nested
cross-validation design, so no validation statistic ever leaked into model fitting [19]. Second, we
report a panel of metrics rather than a single number, and we form out-of-fold predictions so that
the confusion matrix reflects genuinely held-out cells [20, 22]. Two interpretive caveats nonetheless
apply. Gini importance is known to be biased toward continuous and correlated predictors, and
many Allen electrophysiological features are correlated (e.g. the several spike-waveform measures
across stimulus families) [24]; we therefore treat the agreement between the linear coefficients and the
ensemble importances, and the physiological plausibility of the recovered directions, as the primary
evidence, rather than any single importance value. In addition, dendrite-type labels themselves
derive from morphological reconstruction and carry the field’s ongoing debate about whether cell
“types” are discrete or lie on continua [13, 14]; the small residual error rate is consistent with a
genuinely overlapping minority of cells (e.g. adapting interneurons, atypical pyramidal cells) rather
than with model failure.

4.4 Limitations and future directions

Several limitations bound the interpretation. The cohort is restricted to mouse cortical neurons
profiled under the Allen standardized protocols; intrinsic features are known to depend on recording
temperature, slice quality, and access resistance, so absolute feature values may not transfer directly
to other laboratories or to human tissue [14]. We modelled the coarse spiny/aspiny split; extending
the same leakage-free framework to predict finer inhibitory subclasses (parvalbumin, somatostatin,
VIP) from electrophysiology would be a natural and physiologically motivated next step, though the
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Patch-seq literature suggests this is substantially harder [4, 13]. Finally, our feature attributions are
correlational; complementary permutation-importance analyses computed inside the cross-validation
loop, and explicit modelling of the correlation structure among spike-waveform features, would
further sharpen the mechanistic interpretation [24]. These extensions notwithstanding, the present
analysis establishes a clean, reproducible benchmark: intrinsic electrophysiology alone recovers the
excitatory/inhibitory identity of mouse cortical neurons with near-perfect accuracy, and it does so
through features that map transparently onto the ion-channel biology of fast-spiking interneurons
and pyramidal cells.

5 Conclusion

Using the precomputed mouse electrophysiology feature table of the Allen Cell Types Database
(accessed 11 July 2026), we built and rigorously cross-validated classifiers that distinguish spiny (pu-
tative excitatory) from aspiny (putative inhibitory) cortical neurons using intrinsic electrophysiology
alone. Both a logistic regression and a random forest achieved near-ceiling performance (AUROC
~ 0.99; balanced accuracy and macro-F1 ~ 0.97), with the random forest selected as the best model
and misclassifying only 56 of 1,755 cells. The classification was driven principally by action-potential
waveform kinetics and passive membrane properties: the spike upstroke:downstroke ratio (higher
in spiny) was the dominant feature in both models, and the membrane time constant (higher in
spiny) was the second strongest driver in the random forest. These directions recapitulate the
well-established contrast between narrow-spiking, fast-integrating, Kv3-rich inhibitory interneurons
and broader-spiking, slow-integrating pyramidal neurons. The intrinsic electrophysiological finger-
print of a cortical neuron thus carries a strong, interpretable signature of its excitatory/inhibitory
identity—a result of practical value for automated cell-type annotation and of conceptual value for
understanding how functional class is written into single-cell physiology.
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