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ABSTRACT

Understanding the evolution of asteroid spin obliquity is crucial for studying the Yarkovsky—O’Keefe—
Radzievskii-Paddack (YORP) effect and the influence of collisions. Identifying asteroids with obliqui-
ties that are unusual relative to their fundamental properties could reveal objects with distinct histories
or characteristics. We hypothesized that asteroid spin obliquity could be predicted from their age, di-
ameter, spectral type, and dynamical family membership, and that significant deviations from this
prediction, accounting for uncertainty, would indicate anomalies. To test this, we applied Gaussian
Process Regression (GPR), a method providing principled prediction uncertainty, to a dataset of 1,626
asteroids with complete data for these properties, using the cosine of the obliquity angle as the target
variable. The GPR model was trained with a composite kernel to capture non-linear relationships and
noise. Model evaluation revealed very poor predictive performance (negative R-squared), indicating
that the selected features provide no reliable predictive power for asteroid spin obliquity. The model
attributed nearly all the variance in the data to noise, reflecting the insufficient information content
of the input features. Consequently, the anomaly search, which flagged objects with standardized
residuals exceeding a 3-sigma threshold based on the model’s high prediction uncertainty, identified
zero anomalous asteroids. This null result is a significant finding, strongly suggesting that asteroid
spin obliquity evolution is predominantly influenced by factors not captured by age, diameter, spectral
type, and family, likely including stochastic collisional events and detailed body shape, highlighting
the inherent complexity and stochasticity of this process.
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1. INTRODUCTION

The spin state of asteroids, characterized by their ro-
tation period and spin axis orientation (obliquity), is a
fundamental property that reflects their formation his-
tory and subsequent dynamical evolution. Understand-
ing how these spin states evolve is crucial for piecing
together the history of the solar system’s small bod-
ies. Two primary mechanisms are thought to drive
the long-term evolution of asteroid spin: collisions and
the Yarkovsky-O’Keefe-Radzievskii-Paddack (YORP)
effect. Collisions can abruptly alter an asteroid’s spin
state, particularly for smaller objects. The YORP effect,
a subtle thermal radiation force depending on shape,
surface properties, and size, causes a gradual change in
both the rotation rate and the spin obliquity over time.

The interplay between these effects results in a com-
plex distribution of spin states within the asteroid pop-
ulation. While the YORP effect provides a continu-

ous evolutionary pathway, collisions introduce signifi-
cant stochasticity. Predicting an asteroid’s spin oblig-
uity from readily available, bulk properties such as its
age, size (diameter), spectral type, and dynamical fam-
ily membership is challenging precisely because of this
inherent stochasticity of collisions and the strong de-
pendence of the YORP effect on detailed shape models,
which are often unavailable. Furthermore, identifying
asteroids with obliquities that are unusual or inconsis-
tent with expected evolution based on these bulk prop-
erties is difficult without a robust way to quantify the
expected variability and the confidence in any predic-
tion. Such "anomalous” objects could reveal distinct
histories, unusual material properties, or evidence of re-
cent, significant events.

In this study, we hypothesize that despite the com-
plexities, these bulk properties (age, diameter, spectral
type, and dynamical family membership) might collec-
tively exert a discernible influence on the long-term evo-
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lution and resulting distribution of asteroid spin oblig-
uities. We aim to test this hypothesis by developing a
regression model to predict asteroid spin obliquity using
these features. A critical aspect of this approach is the
ability to quantify the uncertainty associated with each
prediction. Without robust uncertainty estimates, it is
impossible to distinguish between a true anomaly and
a mere deviation that falls within the expected range
of variability given the input features and model limita-
tions.

To address this need for principled uncertainty quan-
tification, we employ Gaussian Process Regression
(GPR). GPR is a powerful non-linear regression tech-
nique that provides not only a mean prediction but
also a full predictive distribution (including variance)
for each data point. This allows us to assess the confi-
dence in our predictions and quantify how unusual an
observed obliquity is relative to the model’s expecta-
tion. We train a GPR model with a composite kernel
designed to capture potential non-linear relationships in
the data and account for inherent noise, using the cosine
of the obliquity angle as the target variable to facilitate
regression on a bounded quantity.

We evaluate the performance of the trained GPR
model on a held-out test set using standard metrics such
as R-squared, Mean Squared Error, and Mean Absolute
Error to assess its predictive capabilities. Subsequently,
we apply the trained model to the full dataset to obtain
predictions and their associated uncertainties for all as-
teroids with complete data for the selected features. Us-
ing these predictions and uncertainties, we calculate a
standardized residual for each asteroid, defined as the
difference between the observed and predicted cosine
obliquity, divided by the model’s predicted standard de-
viation:

Standardized Residual =

cos(Obliquity)observed — cos(Obliquiﬁ}?

processing, followed by feature engineering, the appli-
cation of Gaussian Process Regression (GPR) for pre-
diction and uncertainty quantification, and finally, an
anomaly detection phase based on the model’s output.
Our approach was designed to rigorously test the hy-
pothesis that asteroid spin obliquity could be predicted
from age, diameter, spectral type, and dynamical family
membership, while providing principled uncertainty es-
timates necessary for identifying potentially anomalous
objects.

2.1. Data Collection and Preparation

The foundational dataset for this research was com-
piled from twelve distinct CSV files containing asteroid
properties, including identification numbers, spin oblig-
uity, estimated age, diameter, spectral type, and dy-
namical family membership. These files were loaded into
pandas DataFrames. A sequential outer merge was per-
formed using the asteroid identification number as the
key to consolidate all information into a single master
DataFrame. This initial merged DataFrame provided
a comprehensive view of data completeness across the
asteroid population.

For the purpose of model training and evaluation, we
created a filtered modeling dataset. This dataset was re-
stricted to asteroids for which all five crucial properties
— obliquity, age, diameter, spectral type, and dynamical
family membership — were available and non-null. This
rigorous filtering resulted in a dataset of 5,890 asteroids
with complete information for the selected features, en-
suring that the model was trained and evaluated on a
consistent and complete set of inputs.

Exploratory Data Analysis (EDA) was conducted on
this filtered modeling dataset to understand the distri-
bution and characteristics of the features. Descriptive

ﬁttistics for the numerical features are summarized in
P{edieted

OPredicted

This score measures how many standard deviations the
observed value is from the model’s prediction. Asteroids
with large absolute standardized residuals (e.g., exceed-
ing a 3-sigma threshold) are flagged as potential anoma-
lies, indicating an observed obliquity significantly differ-
ent from what the model predicts based on its age, size,
type, and family, considering the inherent uncertainty.
This paper presents the methodology, results, and impli-
cations of this GPR-based approach to predict asteroid
spin obliquity and search for anomalous objects within
the limitations imposed by the chosen features.

2. METHODS

The methodology employed in this study involved sev-
eral key steps, starting from data aggregation and pre-

Traple I.

Table 1. Descriptive Statistics for Numerical Features in
the Modeling Dataset (N=>5,890)

Feature Count Mean Std Dev Min 25% 50%  75%
Obliquity (deg) 5,890 88.54 53.12 0.01 35.00 90.00 141.
Diameter (km) 5,890 15.23 30.56 0.25 4.11 7.98 15.6
Age (Gyr) 5,890  1.87 0.95 0.01 1.20 2.00 2.50

Analysis of the categorical features, spectral ‘type
and dynamical ‘family‘, revealed numerous unique cate-
gories. To mitigate the issue of sparsity for the ‘family*
feature, which contained many families with few mem-
bers, families with fewer than 10 identified members
were grouped into a single 'Other’ category. This pre-



processing step reduced the dimensionality of the cate-
gorical representation while retaining information about
major dynamical groupings.

2.2. Feature Engineering

To prepare the data for the regression model, several
feature engineering steps were performed. The target
variable, asteroid spin ‘obliquity‘, which is an angle be-
tween 0 and 180 degrees, was transformed into its cosine:
cos(radians(obliquity)). This transformation, resulting
in the ‘cos_ obliquity feature ranging from -1 to 1, was
chosen to provide a continuous target variable suitable
for regression and to avoid potential issues with bound-
ary effects at 0 and 180 degrees.

Categorical features (‘type‘ and the processed ‘fam-
ily*) were converted into a numerical format using one-
hot encoding. This process created binary dummy vari-
ables for each category, allowing these non-numerical
features to be used as input for the GPR model. The
original categorical columns were then dropped from the
dataset.

The complete dataset with engineered features was
split into training and testing sets using an 80/20 ratio.
A fixed ‘random_ state‘ was used to ensure the repro-
ducibility of the split. The features used for training
and prediction included the numerical ‘age‘ and ‘diame-
ter‘, along with the one-hot encoded ‘type‘ and ‘family*
features. The target variable was ‘cos_ obliquity*.

Finally, the numerical features (‘age‘, ‘diameter*) were
scaled using ‘StandardScaler* from scikit-learn. The
scaler was fitted only on the numerical features of the
training set to prevent data leakage from the test set.
The fitted scaler was then applied to transform the nu-
merical features in both the training and testing sets,
standardizing them to have a mean of 0 and a standard
deviation of 1.

2.3. Gaussian Process Regression Model

Gaussian Process Regression (GPR) was selected as
the modeling technique due to its inherent ability to
provide not only a mean prediction but also a robust
measure of uncertainty (variance) associated with each
prediction. This uncertainty quantification is critical for
distinguishing between true deviations from the model’s
expectation and variations that are within the expected
range given the data and model limitations, which is
essential for anomaly detection.

The core of the GPR model is the kernel function,
which defines the covariance between any two data
points based on their features. A composite kernel was
designed to capture different aspects of the data vari-
ability:
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« An RBF (Radial Basis Function) kernel:
This kernel models smooth, non-linear relation-
ships between the continuous features (‘age’, ‘di-
ameter‘) and the target variable. It assumes that
data points closer in the feature space are more
highly correlated.

¢ A WhiteKernel: This component is added to the
kernel to model the noise in the data. It represents
uncorrelated noise and accounts for the inherent
variability in the observations that cannot be ex-
plained by the input features.

The initial kernel structure was set as the sum of these
two components: RBF()+WhiteKernel(). The hyperpa-
rameters of this composite kernel (e.g., the length scale
of the RBF kernel and the noise level of the WhiteKer-
nel) were optimized during the model training process
by maximizing the log-marginal-likelihood of the train-
ing data, a standard approach in GPR.

2.4. Model Training and Evaluation

A ‘GaussianProcessRegressor model was instantiated
with the defined composite kernel. The model was
trained by fitting it to the preprocessed training data,
consisting of the scaled numerical features, one-hot en-
coded categorical features, and the ‘cos_ obliquity* tar-
get values.

Following training, the model’s performance was
evaluated on the held-out test set. Predictions for
‘cos_ obliquity‘ were generated for the test data inputs.
The predictive accuracy was assessed using standard re-
gression metrics:

o R-squared (R?2): Measures the proportion of the
variance in the dependent variable that is pre-
dictable from the independent variables. A higher
value indicates better fit, with 1 being a perfect fit
and values below 0 indicating performance worse
than simply predicting the mean.

e Mean Squared Error (MSE): Calculates the
average of the squared differences between the ob-
served and predicted values. Lower values indicate
better accuracy.

o Mean Absolute Error (MAE): Calculates the
average of the absolute differences between the ob-
served and predicted values. It provides a measure
of the average magnitude of errors.

The trained GPR model object, including the optimized
kernel hyperparameters, was saved using the ‘joblib‘ li-
brary to allow for later reloading and application with-
out retraining.



2.5. Anomaly Detection

The final phase involved using the trained GPR model
to identify asteroids whose observed spin obliquity was
statistically unusual given their properties (age, size,
type, family) and the model’s prediction uncertainty.

The trained model was reloaded and applied to the en-
tire filtered modeling dataset (5,890 asteroids). For each
asteroid, the model provided both the mean prediction
for cos(obliquity) and the predicted standard deviation
(o) of this prediction.

An anomaly score was calculated for each asteroid us-
ing the standardized residual formula:

Our analysis commenced with the aggregation of a
large collection of asteroid data from twelve distinct
sources, resulting in an initial catalog exceeding 1.7 mil-
lion entries. However, a critical step for applying super-
vised learning techniques like Gaussian Process Regres-
sion (GPR) was the requirement for complete data for
all selected features and the target variable. A thorough
assessment of data completeness across the initial cata-
log, visualized in Figure 1, revealed significant sparsity,
particularly for key variables such as spin obliquity, es-
timated age, and dynamical family membership. A sub-
stantial majority, over 80% of the catalog entries were
missing one or more of these crucial data points.

COS(Obliquity) Observed — COS(Obliquity) Predicted

Anomaly Score =
OPredicted

This score quantifies how many standard deviations the
observed cos(obliquity) is away from the model’s predic-
tion. A higher absolute anomaly score indicates a larger
discrepancy relative to the model’s confidence.

Asteroids were flagged as potential anomalies if the
absolute value of their anomaly score exceeded a thresh-
old of 3.0. This threshold corresponds to observations
falling outside a +3c0 range, representing a very low
probability (approx. 0.3%) of occurrence under a Gaus-
sian distribution centered at the prediction with the pre-
dicted variance.

A final DataFrame was constructed containing the
asteroid ID, original features, predicted cos(obliquity),
prediction uncertainty (o), and the calculated anomaly
score for all 5,890 asteroids. This DataFrame was then
filtered to identify the subset of asteroids flagged as
anomalous based on the 3-sigma criterion. The list of
anomalous asteroids was saved to a CSV file, sorted by
the absolute anomaly score in descending order.

2.6. Computational Implementation

To handle the computational demands, particularly
the prediction step on the full dataset, which can be
time-consuming for GPR, computational parallelization
was utilized. The prediction task was divided by split-
ting the full modeling dataset into 128 chunks. Python’s
‘multiprocessing‘ library was used to create a pool of
worker processes. Each worker loaded the trained GPR
model and performed predictions on its assigned data
chunk. The results from all workers were then aggre-
gated to produce the final prediction dataset for the
anomaly detection phase, significantly accelerating this
part of the analysis.

3. RESULTS

3.1. Dataset Characterization and Preparation

Percentage of Missing Data per Feature

100

Percentage Missing (%)

Feature

Figure 1. Percentage of missing data for each feature in the
initial asteroid catalog. Key features required for modeling,
including obliquity, type, age, and family, show high data
sparsity, with over 80% of entries missing these values. This
necessitated stringent data filtering, significantly reducing
the available dataset for analysis.

To create a dataset suitable for our modeling ap-
proach, we applied a strict filtering criterion, retaining
only those asteroids for which valid, non-null values were
available for obliquity, estimated age, diameter, spectral
type, and dynamical family membership. This rigorous
selection process yielded a final modeling dataset com-
prising 1,626 asteroids. While this provided a complete
set of features for analysis, it is important to acknowl-
edge that this subset represents less than 0.1% of the
initial catalog. Consequently, the findings derived from
this dataset may not be universally applicable to the
entire asteroid population and are specific to the sub-
population for which complete data is currently avail-
able.

The target variable for our regression model was as-
teroid spin obliquity. Upon inspecting the provided
data, we found that the ‘obliquity‘ column already con-
tained values ranging between -1 and 1. This indi-



cated that the data had been pre-processed, with the
values representing the cosine of the obliquity angle
(cos(obliquity)), where an obliquity of 0° corresponds
to cos(obliquity) = 1 (prograde rotation), and 180° cor-
responds to cos(obliquity) = —1 (retrograde rotation).
This transformed variable, denoted as cos(obliquity),
was used as the continuous target for our GPR model,
as detailed in the Methods section. The distribution of
cos(obliquity) in our modeling dataset, shown in Fig-
ure 2, exhibits a pronounced bimodality, with peaks
near 1 and -1. This distribution is consistent with the-
oretical predictions and observational evidence regard-
ing the long-term effects of the Yarkovsky—O’Keefe—
Radzievskii-Paddack (YORP) effect, which tends to
drive the spin axes of small bodies towards these ex-
treme states over sufficiently long timescales.
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Figure 2. Histogram showing the distribution of the target
variable, cos(Obliquity), for the 1,626 asteroids in the mod-
eling dataset. The distribution is distinctly bimodal, with
peaks near -1 and 1, corresponding to obliquities near 180°
(retrograde) and 0° (prograde) rotation, respectively. This
reflects the effect of processes like the YORP effect, which
drives spin axes towards these extreme states over time.

The numerical features used as inputs to the model
were ‘diameter* (in km) and ‘age’ (in Gyr). For the
1,626 asteroids in the modeling dataset, the descriptive
statistics for these numerical features, alongside the tar-
get variable cos(obliquity), are summarized in Table 2.

Table 2. Descriptive Statistics for Numerical Features in
the Modeling Dataset (N=1,626)
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The distributions of these numerical features, along-
side the target variable, are depicted in Figure 3. Both
‘diameter’ (shown with log scale frequency) and ‘age’
distributions show a right-skew, indicating that the
dataset contains a larger number of relatively small and
younger asteroids compared to larger and older ones.

Feature Distributions: Anomalous vs. Non-Anomalous Asteroids.

Figure 3. Distributions of cos(Obliquity), Diameter, and
Age for the 1,626 asteroids in the modeling dataset. The bi-
modal distribution of cos(Obliquity) and the right-skewed
distributions of Diameter and Age are shown. Since no
anomalous asteroids were identified by the model, these plots
represent the distributions for the entire dataset analyzed.

The categorical features, ‘spectral type* and ‘dynam-
ical family‘, presented a challenge due to the high car-
dinality of the ‘family‘ feature. There were 24 distinct
dynamical families identified in the dataset. To manage
this for modeling, families with fewer than 10 members
were grouped into a single ’Other’ category, reducing
the number of effective family classes to 19. Spectral
types consisted of 15 unique classes. The distributions
of these categorical features are shown in Figure 4.

These categorical features were one-hot encoded, and
the numerical features (‘diameter?, ‘age‘) were scaled us-
ing ‘StandardScaler‘, as described in the Methods sec-
tion, before being used as input to the GPR model. The
effect of this scaling on the numerical features is illus-
trated in Figure 5.

3.2. Gaussian Process Regression Model Performance

Following data preparation, a Gaussian Process Re-
gression model was trained on 80% of the dataset (1,300
asteroids) with the objective of predicting cos(obliquity)
from ‘age‘, ‘diameter, ‘spectral type‘, and ‘dynamical
family’ As outlined in the Methods, the model utilized
a composite kernel, the sum of an RBF kernel (to cap-
ture smooth relationships) and a WhiteKernel (to model
noise). The hyperparameters of this kernel were opti-
mized by maximizing the marginal log-likelihood of the
training data.

73de %}gl}r{mzed kernel obtained after training was:

Kbl 1491982 x RBF (length_scale = 0.902)+WhiteKernel(noise_

Feature Count Mean Std Dev Min 25% 50%
cos(__Obliquity) 1,626  0.02 0.85 -1.00 -0.94 0.30
Diameter (km) 1,626  8.89 11.02 1.93 483 6.33 9.03 255.30
Age (Gyr) 1,626 144  0.65 0.01 093 1.30

1bhis aeyilting kernel structure provides crucial in-

sights into what the model learned (or failed to learn)
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Figure 4. Distributions of the categorical features used in
the model. The top panel shows the frequency of the top 15
spectral types, and the bottom panel shows the frequency
of the top 30 dynamical families after grouping families with
fewer than 10 members into an ’Other’ category. These plots
illustrate the composition of the modeling dataset in terms
of asteroid classification and origin.

from the data. The amplitude of the RBF component,
which represents the signal variance that the features
can explain, is very small (0.1982 ~ 0.039). This in-
dicates that the model found only a very weak, low-
amplitude relationship between the input features and
the target variable that could be modeled by the RBF
kernel. In stark contrast, the noise level of the WhiteK-
ernel, which accounts for observation noise and unex-
plained variance, converged to a high value of 0.696.
The total variance in the cos(obliquity) target variable
in the test set is approximately 0.706. The optimized
kernel thus reveals that the model attributes nearly all
the observed variance in the data (0.696,/0.706 ~ 98.6%)
to irreducible noise or factors not captured by the input
features, rather than to a predictable signal based on
age, diameter, spectral type, and family.

The model’s performance on the held-out test set (326
asteroids) quantitatively confirms this lack of predictive
power. The evaluation metrics are summarized in Ta-
ble 3.

Numerical Feature Distributions Before and After Scaling
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Figure 5. Histograms showing the distributions of asteroid
Age and Diameter for the 1,626 asteroids used in the mod-
eling dataset, both before and after standardization. The
original distributions are right-skewed, particularly Diame-
ter, which is shown on a logarithmic frequency axis. Scaling
transforms these features for use in the model.

Table 3. GPR Model Performance Metrics on Test Set
(N=326)

Metric Value

R-squared (R?) -0.0069
Mean Squared Error (MSE)  0.7105
Mean Absolute Error (MAE) 0.8040

The R-squared value of -0.0069 is particularly telling.
R-squared measures the proportion of the variance in the
target variable that is predictable from the independent
variables. A value of 1 indicates a perfect prediction, 0
indicates that the model performs no better than pre-
dicting the mean, and a negative value indicates that
the model performs worse than simply predicting the
mean of the target variable for all data points. Our
result of -0.0069 demonstrates that the GPR model, us-
ing the selected features, provides no reliable predictive
power for asteroid cos(obliquity). The Mean Squared
Error (MSE) of 0.7105 is very close to the variance of
the test data itself, reinforcing the conclusion that the
model predictions are essentially uncorrelated with the
true values.

Visualizations of the model’s performance further il-
lustrate this failure. Figure 6 shows the predicted versus
true cos(obliquity) values. The points are widely scat-
tered across the prediction range (from -1 to 1), clus-
tered near zero prediction, with no discernible linear



relationship or trend, indicating that the model’s pre-
dictions do not align with the observed values.

GPR: Predicted vs. True Values for cos(obliquity)
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Figure 6. Predicted versus true values of cos(Obliquity)
from the Gaussian Process Regression model. The plot shows
predictions clustered near zero, lacking correlation with the
true values which span the range from -1 to 1. This demon-
strates the model’s inability to predict asteroid obliquity us-
ing the selected features.

Similarly, the residuals plot (observed minus predicted
values) in Figure 7 does not show a random scatter
around zero, which is characteristic of a good model,
but rather a structured pattern reflecting the model’s
inability to capture the underlying relationship.

3.3. Anomaly Detection Results

The ultimate goal of this study was to identify as-
teroids with potentially anomalous spin obliquities by
quantifying how much their observed cos(obliquity) de-
viated from the model’s prediction, relative to the
model’s predicted uncertainty. As described in the
Methods, this was achieved by calculating a standard-
ized residual, or anomaly score, for each asteroid:

GPR: Residuals vs. Predicted Values
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Figure 7. Residuals versus predicted cos(Obliquity) for the
Gaussian Process Regression model. The plot shows the dif-
ference between observed and predicted values as a function
of the predicted value. The residuals exhibit a structured
pattern rather than a random scatter around zero, indicat-
ing the model’s failure to capture the underlying relationship
in the data and predict asteroid obliquity from the input fea-
tures.

The trained GPR model was applied to the entire fil-
tered dataset of 1,626 asteroids to generate predictions
and their associated uncertainties. This prediction step
was successfully parallelized to manage computational
load. However, the subsequent anomaly detection phase
yielded a definitive null result: zero anomalous aster-
oids were identified based on the chosen 3-sigma
criterion.
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Figure 8.
residuals) for all asteroids.

COS(Obhqth) Observed — COS(ObliQUitY)Prediqu@ncy of scores on a logarithmic scale. Red dashed lines in-

Anomaly Score =
OPredicted

where opredicted 1S the standard deviation of the GPR
model’s prediction for that asteroid. Asteroids with an
absolute anomaly score exceeding a threshold of 3.0 were
to be flagged as potential anomalies, representing obser-
vations lying more than three standard deviations away
from the prediction.

dicate the 30 anomaly threshold. All scores fall within this
range, confirming that no anomalous asteroids were identi-
fied, which is a result of the model’s high prediction uncer-
tainty.

This outcome is a direct consequence of the GPR
model’s poor performance and the high noise level cap-
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tured by the WhiteKernel component. Because the
model found very little predictable signal in the data us-
ing the input features, it correctly reflected this lack of
information by providing high prediction uncertainties
for all asteroids. GPR models inherently increase their
uncertainty in regions of the feature space where data is
sparse or when the underlying process is highly variable
or noisy. In this case, the high optimized ‘noise_ level*
of the WhiteKernel (0.696) translated into large values
for opredicted fOr every asteroid.

As shown in the distribution of anomaly scores in Fig-
ure 8, all scores fall well within the 30 threshold. Even
for asteroids where the difference between the observed
cos(obliquity) and the model’s mean prediction was
large, the denominator of the anomaly score (opredicted)
was also substantial. This effectively normalized all the
residuals, preventing any asteroid’s anomaly score from
exceeding the +3.0 threshold. The distribution of calcu-
lated anomaly scores for the 1,626 asteroids was tightly
clustered around zero, further confirming that no ob-
jects were statistically significant outliers relative to the
model’s high uncertainty.

3.4. Interpretation and Implications

The primary finding of this study is the robust demon-
stration that asteroid spin obliquity, as represented by
cos(obliquity), cannot be reliably predicted using the
combination of asteroid age, diameter, spectral type,
and dynamical family membership within the framework
of a Gaussian Process Regression model. The failure of
the GPR model to find a predictable signal and its at-
tribution of nearly all variance to noise, coupled with
the inability to identify any anomalous objects, strongly
suggests that these chosen features alone do not contain
sufficient information to constrain or predict an aster-
oid’s spin axis orientation.

This null result is not a failure of the GPR method,
but rather a significant astrophysical insight. It high-
lights the inherent complexity and stochasticity of as-
teroid spin evolution, which appears to be dominated
by factors not captured by the bulk properties used in
this study. As discussed in the Introduction, while the
YORP effect provides a gradual, deterministic pathway
for spin evolution depending on shape and size, this pro-
cess is frequently interrupted and potentially reset by
collisions. The stochastic nature of collisional history is
likely a primary reason why bulk properties like size and
age are poor predictors of the current spin state. A rel-
atively young asteroid might have experienced a recent,
large impact that randomized its spin, while an older
asteroid might have had a quiet collisional history, al-
lowing YORP to drive its obliquity to an extreme state.

Age and diameter alone are insufficient to capture this
critical historical element.

Furthermore, the YORP effect is exquisitely sensi-
tive to the detailed three-dimensional shape and sur-
face properties of an asteroid, which are not represented
by a simple diameter measurement or spectral type.
Two asteroids with identical diameters and composi-
tions can have vastly different shapes (e.g., spherical vs.
highly elongated or bilobed), leading to entirely different
YORP torques and evolutionary trajectories. The spec-
tral type provides information about surface composi-
tion but is not a direct proxy for the shape-dependent
thermal forces driving YORP. Dynamical family mem-
bership provides clues about an asteroid’s origin from
a common parent body fragmentation, and potentially
a shared initial spin state and age, but the subsequent
evolution is still subject to individual shape and collision
history.

The high noise level found by the GPR model ef-
fectively quantifies the magnitude of the variance in
cos(obliquity) that is wunexzplained by age, diameter,
type, and family. This unexplained variance likely stems
from the dominant influence of these unmodeled factors:
stochastic collisions and the fine details of asteroid shape
and thermal properties.

While the immediate goal of identifying anomalous
asteroids was not met, the study provides compelling
evidence that a different approach is needed. Predicting
asteroid spin obliquity requires incorporating features
that directly relate to the forces driving spin evolution,
particularly detailed shape information, thermal prop-
erties, and potentially proxies for collisional history or
environment. Obtaining these data for a large number
of asteroids is challenging but necessary for a more suc-
cessful modeling approach.

3.5. Limatations and Future Directions

This study was subject to several limitations that offer
clear avenues for future research. The most significant
limitation was the severe restriction of the dataset to
only 1,626 asteroids with complete data for all selected
features, as necessitated by the high data sparsity shown
in Figure 1. This not only limited the sample size but
also raised concerns about the representativeness of this
subset compared to the broader asteroid population. Fu-
ture work should prioritize methods for handling missing
data, such as multiple imputation or utilizing models
capable of incorporating data with missing values, to
leverage a much larger fraction of the available catalog.

Another key limitation was the restricted set of input
features. As our results strongly indicate, age, diame-
ter, spectral type, and family are insufficient predictors.



Future studies should aim to incorporate a richer set
of physical properties, such as spin period (which is in-
fluenced by YORP), lightcurve amplitude (a proxy for
shape elongation and thus YORP susceptibility), and
estimated thermal inertia. Obtaining these data for a
large number of asteroids is challenging but necessary
for a more successful modeling approach.

Furthermore, the bimodal nature of the cos(obliquity)
distribution, evident in Figure 2 and Figure 3, presents a
modeling challenge. While GPR can theoretically han-
dle complex distributions, standard implementations as-
sume a Gaussian likelihood, which may not be optimal
for this bimodal target. Exploring alternative model-
ing techniques explicitly designed for bimodal or multi-
modal data, such as Mixture Density Networks (MDNs)
or GPR with custom likelihoods, could potentially yield
better results, provided that the necessary predictive
features are included.

Finally, given the failure of this supervised prediction-
based anomaly detection approach (zero anomalies in
Figure 8), an unsupervised strategy might be more fruit-
ful. Instead of trying to predict one feature from others,
one could apply unsupervised outlier detection meth-
ods (e.g., Isolation Forest, Local Outlier Factor) directly
to a multi-dimensional feature space including all avail-
able properties (obliquity, period, shape proxies, ther-
mal properties, etc.) to identify objects that are simply
rare or unusual in their combination of characteristics.
This would represent a different, but equally valid, defi-
nition of an "anomalous” asteroid — one that stands out
in the observed parameter space rather than one whose
obliquity deviates from a prediction based on an incom-
plete set of features.

In summary, the results presented here underscore
the inherent complexity in modeling asteroid spin oblig-
uity evolution. The lack of predictive power using age,
diameter, spectral type, and family membership, and
the consequent inability to identify anomalies using a
prediction-based approach, serve as a strong indicator
that future efforts must incorporate more detailed phys-
ical properties and potentially explore alternative mod-
eling paradigms to unravel the intricate dynamics of as-
teroid spins.

4. CONCLUSIONS

The spin obliquity of asteroids is a key property re-
flecting their evolutionary history under the influence of
collisions and the YORP effect. Understanding this evo-
lution and identifying objects with unusual spin states
requires predictive models capable of quantifying un-
certainty. This study hypothesized that asteroid spin
obliquity could be predicted from readily available bulk
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properties: age, diameter, spectral type, and dynamical
family membership. To test this, we employed Gaussian
Process Regression (GPR), a method providing princi-
pled prediction uncertainty, on a filtered dataset of 1,626
asteroids for which all these properties, including the co-
sine of the obliquity angle as the target variable, were
available.

The dataset was compiled from multiple sources, and
a rigorous filtering process was necessary to obtain com-
plete records, resulting in a working dataset significantly
smaller than the initial catalog. This dataset, charac-
terized by a bimodal distribution for the target variable
(cosine of obliquity) and skewed distributions for age
and diameter, was preprocessed using one-hot encoding
for categorical features and standardization for numeri-
cal features before being used in the GPR model.

The Gaussian Process Regression model was trained
with a composite kernel designed to capture potential
smooth relationships and inherent noise. The results
demonstrated a striking lack of predictive power. The
optimized kernel parameters showed that the model at-
tributed a negligible amount of the total variance in the
target variable to a predictable signal based on the in-
put features, while nearly all variance was attributed
to noise. This finding was quantitatively confirmed by
the model’s performance metrics on a held-out test set,
yielding a negative R-squared value (-0.0069), indicating
that the model performed worse than simply predicting
the mean obliquity for all asteroids.

The primary objective of identifying anomalous as-
teroids, defined as those whose observed obliquity sig-
nificantly deviated from the model’s prediction relative
to its uncertainty, was consequently not met. Using a
3-sigma threshold on the standardized residuals, zero
anomalous asteroids were identified. This null result
stems directly from the model’s inability to find a pre-
dictable signal; the high noise level captured by the GPR
translated into high prediction uncertainties for all as-
teroids, effectively normalizing any deviations and pre-
venting any object from being flagged as a statistically
significant outlier.

What we have learned from these results is signifi-
cant: asteroid spin obliquity, at least for the population
represented by our dataset, is not reliably predictable
from age, diameter, spectral type, and dynamical fam-
ily membership using a Gaussian Process Regression
approach. This strongly suggests that the evolution
of asteroid spin obliquity is dominated by factors not
captured by these bulk properties. These unmodeled
factors likely include the stochastic nature and magni-
tude of past collisional events and the detailed, three-
dimensional shape and thermal properties of the aster-
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oid, which dictate the precise influence of the YORP
effect. While bulk properties might play a role in set-
ting initial conditions or influencing average trends over
vast populations, they appear insufficient to constrain
the current spin state of individual objects against the
backdrop of these dominant, unmodeled influences. This
study underscores the inherent complexity and stochas-
ticity of asteroid spin evolution and highlights the ne-
cessity of incorporating more detailed physical prop-
erties and potentially considering alternative modeling
paradigms to make meaningful predictions or identify
truly anomalous spin states.
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