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Abstract

We examine supervised classification of stars, galaxies, and quasars using a 100,000-object catalogue distributed
as the Stellar Classification Dataset (SDSS17). The final input vector contains five optical magnitudes and
spectroscopic redshift. We develop the mathematical connection between broadband measurements, thermal
radiation, colour indices, and wavelength shifts, then formulate the classification problem through posterior
probabilities, empirical risk, decision-tree impurity, and ensemble prediction. The saved project notebook
compares logistic regression, a decision tree, random forest, and XGBoost on one stratified 80/20 train—test
split. Random forest has the highest recorded accuracy, 0.97970, corresponding to 406 errors among 20,000
test objects, whereas XGBoost has the highest macro one-versus-rest ROC-AUC, 0.995771. An independent
exploratory forest assigns 0.638909 of its normalised impurity importance to redshift. We derive the identity
between support-weighted recall and accuracy, establish the information-preserving role of a colour-plus-anchor
transformation, and explain why an additional measurement can improve Bayes-optimal prediction without
guaranteeing improvement for a finite fitted model. These are standard analytical results used to interpret
the experiment, rather than claims of a new learning algorithm. The evidence supports an internal catalogue
benchmark, not demonstrated photometry-only inference or transfer to another survey. Results come from
recorded notebook outputs; the original CSV, fitted estimators, and object-level predictions were unavailable
for independent rerunning and further empirical validation.

Keywords: astronomical source classification; SDSS; photometry; spectroscopic redshift; random forest;

gradient boosting.

1 Introduction

The identification of an astronomical source as a star,
galaxy, or quasar is a basic step in constructing sci-
entific samples. A stellar photosphere, an unresolved
galaxy, and a luminous active galactic nucleus can pro-
duce similar angular appearances even though their
emission mechanisms and physical scales differ. Classi-
fication must therefore use the measured distribution
of light and the observing context, rather than ap-
pearance alone.

Large surveys make numerical classification useful
because a reproducible mapping from measurements
to labels can screen many sources. SDSS provides
imaging, spectroscopy, and catalogue parameters [1].
The present project uses a tabular derivative of these
observations distributed on Kaggle [2]. Its three labels
are operational catalogue categories. In particular,
a quasar is an active nucleus in a host galaxy, al-
though the classification target separates QSO from
GALAXY.

Previous work already demonstrates source classi-
fication at much larger scale. Clarke et al. trained

a random forest with SDSS and WISE photometry
from 3.1 million spectroscopically labelled sources and
classified 111 million SDSS sources without existing
spectra [3]. Our task differs because spectroscopic
redshift remains an input. High performance in this
setting does not establish the ability to classify an
unobserved source using imaging alone.

The objectives are to compare four established clas-
sifiers under a common split, explain the physical
relevance of their inputs, and identify the statistical
limits of the recorded evidence. The term physics-
motivated refers to feature interpretation. The train-
ing procedure does not incorporate a radiative-transfer
equation, conservation constraint, or physics-based
penalty into its loss.

The paper combines three types of material: the
experiment documented by the notebook, arithmetic
derived from its reported quantities, and analytical
explanations of standard physical and statistical mod-
els. Proposed evaluations are identified explicitly and
are not reported as completed results.
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2 Problem formulation and

dataset

2.1 Inputs, labels, and the target risk
Write the labelled sample as
D = {(zs, y:) }il,

where y; € Y = {0,1,2} denotes GALAXY, QSO,
and STAR, respectively. The six-dimensional feature
vector is

N = 100000, (1)

T = (mu,mg,mr,mi,mz,zspec)T € RS. (2)

Here m, is a band magnitude, whereas zspcc is di-
mensionless spectroscopic redshift. The band label ¢
identifies the SDSS i filter; the sample index on x;
identifies an individual object.

A probabilistic classifier produces

A2:{p€R3 * Pk 207 kak:1}7
(3)

and predicts y(x) = argmax, pi(x). For a target

population distribution P, the classification risk is

Rp(f) =Exy)or [1{f(X) #Y}]. (4)

The test error estimates this risk only to the extent
that the test sample represents P and the evaluation
remains independent of model development.

Bayes’ rule gives the ideal posterior

o) — mep(x | Y =k)
pk( ) Zizowp(sﬂY:@’

where 7, = P(Y = k). Consequently, class prevalence
affects posterior probabilities even when the class-
conditional measurement distributions remain fixed.
Neither the density functions nor the true population
priors are estimated explicitly by the notebook.

p(z) € A%

(5)

2.2 Recorded composition and prove-
nance

The notebook reports 100,000 rows and 18 columns,
including one target column. Table 1 gives the saved
class counts. Every column has 100,000 non-null en-
tries in the recorded data summary. This is not an
audit of measurement validity, duplicates, sentinel val-
ues, or selection effects. The available evidence does
not establish the exact SDSS magnitude estimator,
extinction treatment, or quality-flag selection used by
the redistributed CSV. Those definitions should be
verified before interpreting small photometric differ-
ences physically.
For the constant predictor fumaj(x) = GALAXY,
~ 59445
2477100000
This is a full-sample reference baseline. Stratification
makes the held-out class fractions approximately the

same, but their realised integer counts are not listed
in the saved output.

= 0.59445. (6)

Table 1. Class counts recorded in notebook cell 16.
Fractions use the full sample, not a separately reported
test-set class table.

Class Count Fraction
GALAXY 59,445  0.59445
STAR 21,594  0.21594
QSO 18,961  0.18961

2.3 Column reduction

The initial cleaning removes obj_ID, spec_obj_ID,
run_ID, rerun_ID, cam_col, field_ID, and
fiber_ID. Eleven columns then remain: ten nu-
merical predictors and the target. An exploratory
forest uses all ten predictors, including sky coordi-
nates, plate, and modified Julian date (MJD). Final
classification retains only Eq. (2); it excludes those
four coordinate and observing variables. Identifier
removal reduces arbitrary catalogue associations but
does not by itself remove all survey dependence.

3 Physical basis of the measure-
ments

3.1 Thermal radiation and the ob-
served spectrum

For an ideal blackbody, spectral radiance per unit
wavelength is

B =22 fe(22) -1

Here A is Planck’s constant, ¢ the speed of light, and
kg Boltzmann’s constant. Differentiating with respect
to A and writing « = he/(MkpT) gives the peak con-
dition

51—e7") ==, x ~ 4.9651. (8)

Thus

he
4.9651kp

A 5800 K blackbody therefore peaks near 500 nm.
Figure 1 illustrates this relationship, with each curve
normalised to its own maximum. The curves are
theoretical examples, not measured spectra from this
dataset.

For an unresolved thermal sphere without inter-
vening attenuation, a schematic relation is f) =~
7B\(T)(R/d)?, with radius R and distance d. A
galaxy instead combines many stellar populations and
gas emission. An active nucleus includes accretion-
powered radiation. Dust, spectral lines, and redshift
further modify all these idealised pictures. The clas-
sifier need not recover a unique physical model to
exploit the resulting statistical differences in the mea-
surements.

Apear T = ~2898 x10* mK. (9)
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Figure 1. Ideal blackbody spectra computed from Eq. (7).
Independent normalisation compares spectral shape rather
than absolute luminosity. A stellar atmosphere, a galaxy,
and a quasar generally require more detailed emission
models.

3.2 Band integration and the magni-
tude transformation

Let Sp(A) denote a dimensionless photon-detection
response in band b. For effective collecting area Ay
and exposure time ¢, an ideal expected source photon
count is

Ate o
¢, = St /0 MANS, AN (10)

This forward model explains why different filters retain
different information about the same spectrum. It is
not a reconstruction of the SDSS reduction pipeline
or an operation performed by the notebook.

For positive calibrated band flux Fp, the conven-
tional magnitude is

K
my = —25log; | —— ) . (11)
Fop

s

Within one band, m;—msg = —2.5log;(F1/F>); hence
a five-magnitude difference corresponds to a factor of
100 in flux. The negative sign makes brighter objects
numerically smaller in magnitude.

SDSS documents an inverse-hyperbolic-sine mag-
nitude convention [4,5]. Defining dimensionless flux
fv» = Fy/Fop and softening parameter 5, > 0, its form
is

mgsinh — _ﬁ |:a51nh(2‘i;> +In ﬁb:| . (12)
b

For f, > By, asinh(fy/26s) =~ In(fy/Bp), recovering
Eq. (11). At weak or negative measured flux, Eq. (12)
remains finite. The exact magnitude definitions in
the redistributed data require a provenance check;
a column name alone does not identify an aperture
estimator.

3.3 Colours, distance dependence, and
uncertainty

For two bands, the logarithmic colour is

Cab = Mg — My = —2.5logyo(Fu/Fp)

13
+ 2.5 loglo (F07a/F07b)' ( )

When both fluxes share the same multiplicative dis-
tance factor, that factor cancels in their ratio. Colour
can therefore describe spectral shape while an anchor
magnitude retains apparent-brightness information.
Extinction, redshift, population mixtures, and mea-
surement noise still affect colour. If A, is extinction
in magnitudes, then

m(gbs _ m})ntrinsic +Ab7 Cglgs _ cill})trinsic +Aa _ Ab-
(14)
No extinction correction is documented in the final
notebook workflow.
Write m = (my, mg, my, mi,m,)” and define the
proposed representation

q= (mufmg,mgfmr,mrfmi,mifmz,mr)T. (15)

This representation is not used in the reported models.
Its information content is established in Appendix A.
For a linear transformation ¢ = Am, covariance prop-
agates as
Y, =AY, AT, Var(cw) = 02407 —2 Cov(ma, mp).
(16)
Thus colours generally have correlated errors, even
when a simplified model treats the original magnitudes
as independent. The dataset summary supplies no per-
object covariance matrices, so Eq. (16) is explanatory
rather than an uncertainty calculation carried out
here.

3.4 Redshift and shared spectroscopic
information

Spectroscopic redshift is

Zspec — M7 Aobs = (1 + Zspec))\rest- (17)
rest
For cosmological sources this shifts spectral fea-
tures through the filter responses. In the standard
luminosity-distance convention, neglecting attenua-
tion and lensing, spectral luminosity per unit wave-
length obeys [6]

L (M(1 4 2)
f/\,obs()‘) - 4.7TD%(1 + Z)

(18)

Integrating over observed wavelength recovers the
bolometric relation F = L/(4rD?). Equation (18)
describes an ideal cosmological source and is not a
distance estimator used by the classifier. The low-
redshift approximation v ~ cz must not be extended
to large cosmological redshift.

Many sampled stars have redshifts near zero; sam-
pled extragalactic objects extend to larger positive



values. These trends reflect both source populations
and survey selection. SDSS estimates class and red-
shift through spectral template comparisons [7]. Their
common origin introduces shared information: a pre-
dictor that already contains spectroscopic redshift
addresses a different task from predicting labels using
photometry alone. This is not evidence of a cod-
ing leak, but it changes the interpretation and the
intended deployment population.

4 Statistical models
4.1 Empirical risk and multinomial lo-
gistic regression

For model parameters 6, a standard regularised learn-
ing objective is

~ . 1
f = arg min
0 tr

D Ui po(mi) + AQ(0) | - (19)

1€ Dy

This is a mathematical framework for the compared
methods, not a claim that they optimise identical
objectives. Trees use recursive impurity reduction,
whereas probabilistic linear and boosting methods use
differentiable losses.

In the multinomial linear model, let

T ear(T)
ax(x) = wi  + by, pr(x) = ——— (20)
ZZ:O ear (x)
With ¢, = 1{y; = k}, cross-entropy is
2
== tix log pi (). (21)

k=0
Its score gradient and Hessian are

or;
W = pik — tik,

ik

H; = diag(p;) — pipZT. (22)

For any v, vT H;v is the variance of a discrete vari-
able taking value v, with probability p;r, and is non-
negative. This explains the convex score-space loss.
Adding an identical constant to all scores leaves the
probabilities unchanged, accounting for an identifiable
parameter redundancy unless a reference convention
or penalty resolves it.

The notebook calls LogisticRegression(max_iter=5000

random_state=42). Equation (20) gives the standard
multiclass formulation [8,9]; the saved environment
does not pin solver, library version, or regularisation
settings beyond that call. The final feature matrix is
not standardised, although standardisation appears in
exploratory PCA. Because feature scale interacts with
regularisation and optimisation, this limits conclusions
about the strongest attainable linear baseline.

4.2 Decision-tree partitions

A classification tree partitions feature space into leaves
{R¢}E_,. At node t, let n; be its training count and

pek its class fraction. Gini impurity is

G(t)=1-pi (23)
k=0

A split using coordinate j and threshold s creates
children t; = {x : z; < s} and tgp = {z : z; > s}
within the parent region. Its local reduction is

AG(t:4,s) = G(t) - “2G(t) — “Rq(tr).  (24)
T 2

Recursively choosing such splits gives piecewise-

constant probabilities

L

Bule) = 1{z e RZ}%. (25)
(=1

This flexibility captures nonlinear boundaries but can
produce high variance when leaves contain few obser-
vations. The recorded decision-tree invocation sets a
random seed but no explicit depth or minimum-leaf
constraint.

4.3 Random-forest averaging

A random forest combines trees fitted with bootstrap
variation and random feature selection [10,11]. With
B trees,

B

1 . .
e (x) = Zpbk(:c), = arginaxﬁ?F. (26)
b=1 ’

s

For scalar tree outputs with common variance o and
common pairwise correlation p, averaging gives

B
Var(é ZTb> =2 {p + 1—BP} . (27)
b=1

This exchangeable-output calculation, proved in Ap-
pendix B, explains why less-correlated trees can im-
prove stability. It is not an estimated variance formula
for the saved test score. The final forest uses B = 300,
random_state=42, and n_jobs=-1.

4.4 Regularised gradient boosting

XGBoost constructs an additive ensemble [12]. For
class scores F(O) write

FO(@) = FD(@) £ nfy@),  (28)

where a boosting round can contain a class-specific
tree for each class. The softmax of the accumulated
scores yields probabilities. A regularised objective has
the form

Ly
A
L= E yi, p(xi)) + E (’YLtk + 3 E wfk@) .
i tk =1

(29)



Table 2. Explicit settings in notebook cell 30. Other
parameters depend on the unspecified installed library
versions.

Model Recorded settings

Maximum iterations 5000; seed 42
Seed 42

300 trees; seed 42; all CPU cores
300 estimators; depth 6; learning
rate 0.1; seed 42; evaluation metric
mlogloss

Logistic regression
Decision tree
Random forest
XGBoost

For a scalar score coordinate and a diagonal second-
order approximation, the terms associated with a leaf
reduce to

Lo(w) = Gow + L (Hy + Nw? + 7, (30)

where G, = ZiERz g; and Hy = ZieRe h;. Differenti-
ation gives

« Gy

wy = ——-— Gi
t- Hy+ X

¥
Lo(wy) = 2(H, + ) +7. (31)
Thus loss curvature and regularisation determine can-
didate leaf updates. These equations explain a stan-
dard scalar building block; the full softmax Hessian
in Eq. (22) includes cross-class terms, so this ex-
pression is not a complete reconstruction of the li-
brary’s multiclass solver. The notebook uses 300 es-
timators, maximum depth 6, learning rate n = 0.1,
eval_metric="mlogloss’, and seed 42. Setting an
evaluation metric does not itself implement early stop-

ping.

5 Experimental protocol and
metrics

5.1 Recorded workflow

The notebook encodes the target labels, selects Eq. (2),
and uses a stratified split with

Ni = 80000, Nie = 20000, test_size =0.2,

(32)
All four classifiers use that same split. Stratification
approximately preserves the sample class fractions; it
does not create an independent spatial or survey-level
evaluation. Table 2 lists only explicit settings and
does not infer undocumented tuning.

Exploratory standardisation and two-component
PCA precede final modelling. With column means g,
and standard deviations s;, the exploratory matrix
has entries Z;; = (X;; — itj)/s;. Its covariance matrix
is

T

g_ YAV

N_1 Svr:Ar'vm

U=Zv vs]. (33)
PCA selects directions of variance rather than directly
optimising class separation [13]. The resulting coor-
dinates U are not inputs to the reported classifiers.

rando

Standardisation, PCA, and the exploratory impor-
tance ranking use the full sample. Their descriptive
value should be distinguished from an evaluation with
all development choices isolated inside training folds.

5.2 Confusion matrix and support-
weighted scores

For test predictions, define
Cap =Y Wy =a,3i = b}. (34)
iEDte

Rows correspond to true labels and columns to pre-
dictions. Let ny = Y, Cip and 1y, = Y, Cyp. Then

A= Z]kvitc’“’“ (35)
Pk:%:; Rk:%y (36)
Fip= %. (37)
For a metric My, support weighting gives
2
M, = ;} ;\;f M. (38)

The harmonic mean is applied before weighting in
F1,w; generally it is not equal to 2P, R,,/(Py + Ruy).
An aggregate weighted score can conceal poor perfor-
mance on a smaller class.

Proposition 1 (Weighted-recall identity). For single-
label multiclass classification, support-weighted recall
equals accuracy whenever the nonempty classes use
their observed supports.

Proof. Substitute Eq. (36) into Eq. (38):

_ N % Cre _ 24 Ok
Rw B ; Nte ng B Nte

— A (39)

O

Thus the duplicate accuracy and recall values in the
re%%la%geta:bhazare expected, rather than independent

confirmation of performance.

5.3 One-versus-rest ROC-AUC

For class k, let X 2‘ and X, be independent draws
from its positive and rest-of-classes populations, and
let si be the class score. Its population AUC can be
written

AUC, = P{Sk(X]:'_) > Sk(Xk_)}
T AP{su (X)) = k(X))
The notebook calls roc_auc_score  with

multi_class=’ovr’, without setting average; the
documented default is macro averaging [14]:

(40)

2
1
AUCmacro,OvR = g kZ:OAUCk (41)



Each class has equal weight in this average, although
the negative population inside each one-versus-rest
task still reflects the class mixture. This averaging
convention differs from the weighted precision, recall,
and F1.

5.4 Calibration is a separate property

Ideal classwise calibration requires
P(Y =k [ pe(X) =q) = q, (42)

interpreted through suitable conditional distributions
or score bins. Ranking performance does not imply
this property [15]. For example, in a binary task,
replacing p with

a

— . a>1, 43
p*+(1—=p)* 1)

q(p) =

preserves score ordering but increases confidence away
from 1/2. The binary AUC is unchanged even when
the new probabilities lose calibration. This is a math-
ematical illustration, not a transformation applied in
the project.

Two proposed probability evaluations are log loss
and the multiclass Brier score:

1
NLL = —— 3 log iy, 44
Nw; 8Dy (44)

BS = «Z\}te Z Z(ﬁik — tin)”. (45)

i k=0

The Brier convention here sums over classes without
an additional factor of 1/3. Neither score nor a relia-
bility diagram is available in the saved results, so no
calibration ranking is claimed.

6 Recorded results and derived
quantities

6.1 Accuracy, F1, and error counts

Table 3 reports all available model scores, with the
accuracy comparison visualised in Fig. 2. Random
forest has the highest recorded accuracy and weighted
F1. The linear baseline reaches 95.475% accuracy, and
a single decision tree reaches 96.695%. The two ensem-
bles reach 97.545% and 97.970%, respectively. The
results show an ordering for these configurations and
this split; they do not establish an ordering between
optimally tuned model families.

For any displayed accuracy A, the implied error
count is

e = Nio(1— A). (46)

Random forest therefore has 20000(1 —0.97970) = 406
errors. Its difference from XGBoost is

AA =0.97970 — 0.97545 = 0.00425, (47)

or 0.425 percentage points and 85 fewer incorrect
predictions. Relative error reduction, using XGBoost
as the reference, is

491 — 406

491

Against logistic regression, the analogous reduction is
(905 — 406) /905 ~ 55.14%. These are arithmetic com-
parisons of the saved point estimates, not estimates
of repeatability or deployment benefit.

=0.173116... ~ 17.31%.  (48)

6.2 A conditional sampling calculation

For scale, suppose a fixed classifier is evaluated
through n independent Bernoulli correctness indica-
tors with common success probability p. Inverting the
approximate score inequality

n(A - p)?
p(1 —p)

gives the Wilson interval [16], with centre cy and
half-width hy:

< @ors (49)

Ave/en
q A1-4) ¢
= —_ 1
how 1+q2/n\/ n +4n2 (51)

For ¢ = 1.959964, n = 20000, and A = 0.97970,
this produces approximately [0.97765,0.98156], or
[97.765%,98.156%)]. This newly calculated interval
is only an illustrative conditional binomial reference.
The actual split is stratified, survey observations may
be dependent, feature exploration used the full sam-
ple, and the best model was identified using the same
test comparison. The calculation does not account for
these effects or uncertainty from retraining, and is not
presented as a validated deployment confidence inter-
val. Comparing separate intervals would also ignore
the pairing of the model predictions.

6.3 Ranking comparison

XGBoost has the largest recorded macro OvR ROC-
AUC. The difference from random forest is

0.995771 — 0.995412 = 0.000359. (52)

This is compatible with XGBoost providing better
aggregate ranking on this split while random forest
makes fewer errors at the argmax decision rule. The
notebook’s informal statement that XGBoost pro-
duces better probability estimates is stronger than the
reported evidence supports: calibration and proper
probability scores were not measured.

6.4 Exploratory impurity importance

For a tree fitted on Ng; observations, the unnormalised
feature importance can be expressed as

¢ ~
L= Y ~-AGH), I= . (53)
t:v(t)=j N ZT Iy




Table 3. Recorded test metrics from notebook cell 30. Precision, recall, and F1 are support-weighted. ROC-AUC is
macro one-versus-rest. Error counts are derived from the displayed accuracy and Ni. = 20000; all other entries reproduce

the saved output.

Model Accuracy Precision Recall F1 ROC-AUC Errors
Random forest 0.97970  0.979611 0.97970 0.979563 0.995412 406
XGBoost 0.97545  0.975342 0.97545 0.975335 0.995771 491
Decision tree 0.96695 0.966944 0.96695 0.966947 0.970646 661
Logistic regression 0.95475  0.954913 0.95475 0.954369 0.987663 905

(a) Recorded class composition

(b) Same 20,000-object test split

le3
» 60 29,445 Random forest - ©97.970%
9]
L
S XGBoost - ©97.545%
S 40 A
o
38 Decision tree - ©96.695%
£ 20 A
=
Logistic regression - ©95.475%
0- T T T T T
GALAXY STAR Qso 95 96 97 98 99

Test accuracy (%)

Figure 2. Recorded dataset composition and model accuracy. Panel (a) uses the full-sample class counts. Panel (b)
shows point estimates from one stratified test split. Its restricted horizontal range is a dot-plot display, not a bar-length

comparison or confidence interval.

Table 4. Exploratory feature importances reproduced
from cell 26.

7 Interpretation and limitations

7.1 Why extra physical information
can help

Feature  Importance Feature Importance
Redshift 0.638909 Plate

m, 0.084699 my

My 0.059731 MJD

Mg 0.056027 Declination

m; 0.053781 Right ascension

0.03099G et M denote the magnitude vector and Z spectro-
0.02932kcopic redshift. A useful population-level result sep-
0.028284rates the value of information from finite-sample
0.009462lgorithm behaviour.

0'008786131'0positi0n 2 (Bayes risk with an additional mea-

where v(t) is the splitting feature. A forest aggregates
contributions across trees with appropriate normal-
isation. The notebook’s exploratory 200-tree forest,
fitted before the split to all ten remaining numerical
predictors, gives the values in Fig. 3 and Table 4. The
values sum to 1.000001 because of displayed rounding.
The large redshift contribution is consistent with
the class-dependent distributions described by the
notebook. Nevertheless, impurity importance depends
on available splits and correlated predictors. It is
neither a causal effect nor the accuracy loss that would
result from removing a feature. The final six-feature
model’s own importance ranking is not reported.

surement). If arbitrary measurable decision rules are
available under a fized joint distribution, the optimal
zero—one risk using (M, Z) cannot exceed that using
M alone:

R*(M,Z) < R*(M). (54)

Proof. Any rule depending only on M is also a permis-
sible rule on (M, Z) that ignores Z. Minimisation over
the larger function set cannot yield a greater minimum.
Equivalently, R*(M) = 1 — Epy max; P(Y =k | M)
and conditional Jensen’s inequality for the convex
maximum gives the result. O

Under optimal log loss, the improvement is the
conditional mutual information

HY |M)-H(Y |M,Z)=1(Y;Z| M) >0. (55)

No mutual-information value is estimated here. These
standard results describe ideal prediction when Z is
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Figure 3. Saved impurity-importance ranking from the
exploratory forest in cell 26. This model uses 200 trees and
ten features on the full sample, whereas the final classifier
uses 300 trees and six features. The plot is not a held-out
permutation-importance result.

available; they do not guarantee that a particular finite
forest improves, explain an impurity score causally, or
justify use where Z is missing. An empirical ablation
is still necessary.

7.2 Survey selection and distribution
shift

Let S = 1 indicate selection into the available labelled
catalogue. The data represent P(X,Y | S = 1), which
can differ from a target distribution Piarget(X,Y). A
random internal split assesses that selected population
more directly than it assesses a new survey. For any
bounded loss 0 < ¢ < 1 and total variation defined as

TV(P,Q) = sup, [P(A) — Q(A)],
|Rp(f) — Ro(f)| < TV(P,Q). (56)

The inequality follows from the layer-cake represen-
tation of a bounded non-negative function. No total-
variation value is known for these data, so the ex-
pression establishes a dependence, not a numerical
guarantee.

Even under the restrictive covariate-shift assump-
tion Piarget(Y | X) = Puain(Y | X), a target risk
would involve the density ratio

ptargct (X)

Perain(X) Uy, f(x)|, 67

Rtarget(f) = Etrain

provided the required support overlap holds. Nei-
ther this assumption nor the ratio is verified in the
project. Selection can also alter the conditional la-
bel distribution, making the simple weighting formula
inapplicable.

7.3 What the available outputs cannot
identify

Aggregate metrics do not determine the confusion
matrix, object-level probabilities, calibration, runtime,
or per-class failure modes. The result table supplies
no held-out photometry-only or redshift-only score.
It also does not report cross-validation, a separate
validation set, a tuning search, or external testing.

Two classifiers evaluated on the same objects pro-
duce paired outcomes. Let b count objects misclassi-
fied only by model 1 and ¢ objects misclassified only
by model 2. A commonly used continuity-corrected
paired comparison of the McNemar type [17] has statis-
tic ) e

Caired = % b+e>0.  (58)
The marginal error difference supplies b — ¢, but not
b+ c. Object-level predictions are therefore needed
to evaluate the observed paired statistic directly. We
report no paired-test p-value or empirical significance
claim.

Finally, the input CSV and fitted estimators are ab-
sent from the supplied project folder. The numerical
evidence is the notebook’s saved outputs. An exact in-
dependent rerun requires the dataset version, software
environment, and training artifacts. The mathematics
and newly generated plots do not substitute for those
missing empirical checks.

8 Proposed validation

gramme

pro-

A next experiment should compare input sets

Xphot = (mu7 Mg, My, My, mz)7
Xz - (Zspec)7 (59>
Xboth = (mu, Mg, My M, M5, Zspcc)~

All branches should share evaluation folds so that
differences reflect features rather than different test
populations. A colour-plus-anchor version of the pho-
tometry should be assessed alongside the original mag-
nitudes. Its invertibility means that any improvement
would reflect model geometry, regularisation, or finite-
sample optimisation, rather than newly acquired in-
formation.

Preprocessing, feature selection, and hyperparame-
ter search should remain inside training folds. If (=)
is selected without fold v, an outer-fold risk estimate
is

Eouter = %Z Z 1{f0(—v) ((132) 7é yl} (60)

v €D,

Spatial, plate, or survey grouping should be consid-
ered where observations share acquisition conditions;
duplicates and repeated sources must remain in the
same group. A final independent survey sample should
be reserved for the claimed deployment setting.



Per-class precision and recall, macro F1, balanced
accuracy, and the confusion matrix should accompany
weighted metrics. Calibration curves, NLL, and Brier
score should assess probability quality. Repeated or
grouped resampling should quantify variability at the
relevant sampling unit. A scaled logistic regression
pipeline would strengthen the linear baseline.

Where uncertain sources require review, a proposed
selective classifier is

Yr . .
review, otherwise.

i (x) = {argmaxk Dr(x),
Its coverage is P(maxy pr(X) > 7), and its selective
risk conditions Eq. (4) on that accepted subset. A con-
fidence threshold requires calibration and a measured
coverage-risk trade-off. No thresholded deployment
system is implemented in the recorded study.

9 Conclusion

The saved experiment demonstrates three-class classi-
fication of a selected SDSS-derived catalogue using five
optical magnitudes and spectroscopic redshift. On one
stratified 20,000-object test set, random forest has the
highest recorded accuracy (97.970%) and weighted F1
(0.979563), while XGBoost has the highest macro OvR
ROC-AUC (0.995771). The exploratory importance
ranking identifies redshift as the dominant splitting
variable in a separate full-sample model.

The analytical development explains how spectra
produce photometric inputs, how linear and tree mod-
els use them, and why the evaluation metrics need dif-
ferent interpretations. The study supports an internal
benchmark with physically meaningful measurements.
It does not establish photometry-only classification,
calibrated probability estimates, causal feature effects,
or transfer to an independent survey. Those questions
require the validation programme described above and
access to the original data and predictions.

Data, code, and reproducibility
statement

The empirical source is the supplied
Stellar_Classification.ipynb. Dataset dimen-
sions and counts appear in cells 6, 7, and 16; column
removal in cell 10; exploratory importance in cell 26;
and final features, split, and model outputs in cells
28-30. The dataset URL is listed in Ref. [2]. This
manuscript does not represent a new training run. The
accompanying make_figures.py generates figures
from the displayed counts, metric values, importance
values, and Planck’s law. A machine-readable arith-
metic summary is included as derived_values. json.
Software versions of the original model run, dataset
checksum, fitted estimators, and test predictions
remain unrecorded in the available materials.

A Invertibility of colours with
an anchor

For Eq. (15), the transformation matrix is

1 -1 o0 |. (62)

N
Il
O O O O =
o O O
(@)
=
I
—

Writing g = (cug, Cgr, Cri, Ciz, @) with anchor a = m,.,
the inverse is explicit:

m, = a, mg = a + Cgr,

My = a+ Cgr + Cug, M; =0 — Cri, (63)

My = a — Cpj — Ciz.

Thus A is nonsingular. A measurable classifier on
the original magnitudes can be written as f(A~1q)
without information loss, and conversely. The four
colours alone remove the common-brightness direction:
m and m + 01 have identical colours. The anchor
restores that missing degree of freedom.

Information preservation does not imply equal per-
formance within a restricted model family. In particu-
lar, an axis-aligned split on my —m,. is oblique in the
original (mg,m,) coordinates. Explicit colours can
therefore change how many tree splits are needed to
represent a useful boundary, even though the colour-
plus-anchor transformation is invertible.

B Variance of an exchangeable
ensemble

For T = B~'Y", T, suppose Var(T,) = o2 and
Cov(Ty, Ty ) = pa? for b # b'. Then

Var(T) = % 202 + Z po?

b b£b (64)

o> B-1 ,

=5 + B P
which is Eq. (27). As B — oo, the expression ap-
proaches po?. Under these assumptions, increasing
the number of trees removes only the uncorrelated
part of the variance. The calculation does not in-
clude bias, varying tree variances, or the sampling

distribution of the final accuracy score.

C Why cross-entropy targets
the posterior

For a fixed measurement x and a candidate probability
vector ¢, the conditional expected cross-entropy is

E[-loggy | X =a] = =) pi(x)logqx
k (65)

H(p(x)) + KL(p(z)ll9)-



Non-negativity of KL divergence makes ¢ = p(z) an
optimum, with the usual support conditions. The
minimum expected loss is therefore H(Y | X). Apply-
ing this identity to X = M and X = (M, Z) yields
Eq. (55). This derivation explains the predictive value
of additional information at the population optimum
without asserting that the notebook estimates entropy,
mutual information, or a calibrated posterior.

D

video

https://youtu.be/B1D-pKUphZ0
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