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The ACDM model, which, in its most basic formulation, consists of six cosmological parameters, can predict a number of
independent cosmological phenomena. The Hubble Constant, one of the parameters of the model, highly depends on the redshift.
Calculating redshift involves either estimation from photometric data (photo-z’s) or finding the true redshift from spectral emission
line data (spec-z’s). Pipelines such as ANNz, which are neural-network-based, are more complex models, reach the lowest
error but produce noisier, less-interpretable results. This manuscript matches precision of state-of-the-art ANN models with
traditional ML techniques, using precise feature engineering, to produce more interpretable results. We revolve the discussion
around our models’ interpretability via the accuracy and comparability of our results (as they will be used for mapping the universe
and for cosmological modeling) along with the astrophysical mechanisms to analyze feature importances. The data, created by
cross-matching the WISE catalog with the superCOSMOS redshift values, consists of a total of six magnitudes and galaxies in the
low-redshift region (z < 1). Our best performance was exhibited using light gradient boosting, and the overall RMSE was 0.0362.

These results offer an alternative method to estimate the redshift in light of future cosmological experiments.

Introduction

Basic Cosmological Theory and connections to the research

The prevailing cosmological model, ACDM, makes a series of
I

accurate, independent predictions of cosmological phenomena™.

Its basic formulation consists of six independent (cosmological)
parameters, which cannot be derived from theory. One such
cosmological parameter is Hubble’s constant, which has an
average, theoretically calculated, value of 68 km/s/Mpc at z =0
and ¢t =present day. This parameter measures the rate at which
the universe expands and is determined by calculating H(0)
from the ACDM model. This constant is highly dependent on
the galaxies’ redshift, and it is used in Hubble’s law to calculate
the recessional velocities of galaxies. Hubble’s law is defined
as:

v =Hyd 6]

where v is the recessional velocity, d is the distance from Earth,
and Hj is Hubble’s Constant. The cosmological redshift z is
defined as:

o Aobserved — Ainitial v

Ainitial
where Agpserved 1 the observed wavelength of the galaxy, and
Ainitial 1S the standard wavelength of the band L3l
Since major astronomical surveys have been cataloging the
universe, the cosmological redshift has been found primarily
from the galaxy spectral emission line data (hereafter known as

forz < 1 2)

the spectroscopic redshift (spec-z)), which is time-consuming.

So spec-z is now typically estimated from the photometric data

(e.g., galaxies’ magnitudes, fluxes, colors, spectral energy distri-
butions (SEDs, which are graphs of the flux against wavelength
for a galaxy), etc)3, which is known as photometric redshift
(photo-z)2. Also, with the advancement of machine learning
and computational methods, astronomers have started produc-
ing photo-z values by either fitting templates or training neural
networks on photometric data, and it has been realized in the
last decade that machine learning is the way to produce accurate
photo-z values efficiently*. Moreover, using machine learn-
ing models to estimate redshift benefits cosmological modeling,
mapping the universe (especially the distribution of galaxies and
dark matter), and aiding future and current surveys, such as the
LSST®; Euclid surveys®; SDSS-VZ, by efficiently producing
accurate photo-z’s. However, it has been shown that neural
networks have reached their limits at producing accurate photo-
z values and that traditional machine learning methods could
pick up where they left off, as shown in the study conducted by
Norris et al. 8275,

Fitting templates versus training machine learning to find
the photo-z

In 1962, Baum proposed the first technique for estimating red-
shift®, and branching out from his work, many studies have
commonly used either template-fitting or training neural net-
works to calculate photo-z. Templates are collections of SEDs.
Training various neural networks, such as the artificial (networks
where the information is fed forward through the layers with no
memory of the previous inputs) and recurrent (networks where
the data is looped and remembered) networks, on photometric
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data, has, insofar, produced the lowest root-mean squared error
(RMSE) between the predictions and the true redshift (spec-z)®.
Most of the photometric data comes from astronomical sur-
veys, such as the abovementioned ones. The two methods share
a common goal of finding the optimal z-function that inputs
photometric or spectroscopic data and maps it into a singular
photo-z value®s-19,

The templates can either be generated through observation
or computational models (e.g., Stellar Population Synthesis
models), which output the average SEDs of the galaxies in
space. Bruzual and Charlot’s study (1993) was the first to use
this by using templates that are representative of the testing set
and best minimize the xz error, defined as

N fi — (a(z,SED) x t;(z, SED))

x*(z,SED) =} > 3)
i=1 0;
N fi x t;(z,SED)
Lo
o(z,SED) = & ! 4
( ) ﬁti(z,SED) @
i=1 Gi2

where f; is flux in the i-th band for a testing point, O'i2 is the
square of the error of the flux in the ith filter, #;(z, SED) is the
flux in the ith filter for a given SED and z, and a(z, SED) is the
normalized template with respect to the observed template flux.
The redshift of the template that has the lowest x2 error with
the testing galaxy in question will be assigned to that galaxy.
The most common library of templates used is the one from
Coleman, Wu, and Weedman’s study (CWW 1980). Equation 3
relates the ¥ error to the aforementioned variables, which the
template fitting methods rely on; furthermore, equation 4 relates
the normalized template metric, which is one of the metrics
that the template fitting methods rely on, to the same metrics
as mentioned above. Practically, the X2 error is a traditional
error metric used for certain machine learning fitting methods,
similar to the common regression metrics such as RMSE and
mean absolute error (MAE), which in training should be mini-
mized4S-H10,

The template methods’ ease of implementation is an advan-
tage, but their accuracy depends on the ability of the templates
to represent the testing set’s data distribution. These methods
tend to perform better in cases with considerable prior knowl-
edge about the data®8710 The methods aforementioned, which
produce the templates, often cannot produce ones that match
the testing set’s distribution and are impractical as they take
time and resources to create. Furthermore, SEDs are made by
measuring just the luminous center of galaxies, as that is the
light that hits the spectrograph, unlike tabular photometric data,
which takes all of the light from the galaxy™®. In contrast to the
template-fitting methods, training neural networks on photomet-
ric data produces a lower RMSE error, can be trained over a

larger dataset (as long as the training and testing data’s distribu-
tions are the same), and can predict up to z = 1 (there is a certain
limit after which machine learning models cannot predict the
redshift for)*8-10,

From a comprehensive review of the literature , we have
seen that the computationally complex neural networks (specifi-
cally the ANNz model) have obtained the lowest RMSE. How-
ever, now more commonly, the traditional machine models are
being used and have been found to produce a lower RMSE
compared to neural networks, but they have been trained on
limited and small datasets”. We hypothesize that we can match
the state-of-the-art ANNz model with traditional machine learn-
ing techniques trained on similar data-rich and big sets used
to train the neural networks, using precise feature engineering,
to produce better, more interpretable results. We measure the
interpretability of our models by the accuracy of our results (as
they will be used for mapping the universe and for cosmological
modeling) and the models’ algorithmic and computational sim-
plicity*$71Y To obtain our data, we cross-matched the WISE
catalog with the corresponding spec-z and photo-z values from
the superCOSMOS catalog. Of all of our models, the Light-
gradient boosting machine (LGBM) regressor obtained the low-
est RMSE of 0.0362, which is 2% lower than the RMSE of the
state-of-the-art ANNz model, and all of our models’ RMSE fell
within a range of 0.0362-0.0379. From the feature importances,
we observed that the colors containing the magnitudes at the
ends of the infrared and visible ranges had the most importance
with the models*™10,

418410

Methodology

Data Collection and Pre-Processing

Our data came from the WISE™!' and SuperCOSMOS'2 survey
catalogs. The redshifts in the SuperCOSMOS survey were
obtained by training the ANNz model on the GAMA-II data, as
done by Bilicki et al'2. In the study, Bilicki et. al’® obtained
a deep, wide-angle galaxy sample that is approximately 95%
pure (this means that the sample is 95% correctly labeled with
5% of the objects are misclassified) and 90% complete (this
means that 90% of the total number of galaxies in the sky within
the survey’s observation limits are recorded) at high Galactic
latitudes, which was done after cleaning the data of inherent
noise and images that could be confused as galaxies, which
were stars. Their catalog contains nearly 20 million galaxies
over almost 70% of the sky, and the data is outside regions
in which galaxies could be confused with other astronomical
objects, with a mean surface density of more than 650 sources
per square degree 1713,

We cross-matched the WISE catalog with the corresponding
spec-z and photo-z from the SuperCOSMOS catalog to create
our primary dataset, and we removed the galaxies that did not
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have a defined spec-z value (the SuperCOSMOS catalog did
not have spec-z values for all of the data points due to the
inherent limitations of spectroscopic samples) and that were on
the galactic plane. We removed the galactic plane galaxies using
the HealPy library'#, which Astronomers use to deal with large
amounts of galactic data'®, because those galaxies’ magnitudes
would be redshifted due to the intergalactic gas on that plane
absorbing the light from those galaxies. The final dataset, after
these two aforementioned processes were performed, was then
put into feature-engineering pipelines to prepare it for training
the models. Finally, our dataset had a total of 1341577 galaxies
(Figure 1)1,

Mollweide view

Galactic

0 log10(Number of galaxies) 1.91908

Fig. 1 The galactic map. A map of the galaxies in our dataset minus
the galactic mask (A list of the galaxies that lie in our galactic plane,
where the blue space represents those galaxies). Using the Healpy
library'%, we first converted the galactic coordinates of each galaxy to
the spherical coordinate system, and then we plotted the galaxies with
a certain resolution defined by the pixel count. We use galactic
coordinates to showcase the galaxy in the middle of the Figure.

Next, we added features (dataset columns) to our dataset
so that there could be many features for the models to train
on and to make them more robust. The original data came
with six magnitudes from the visible light spectrum and two
magnitudes from the infrared spectrum (Table 3). We removed
the coordinate columns and added twenty-eight color columns
and one color excess column. We defined color excess

_WI1+W2

CE. = 5
R+B )

where W1 and W2 are infrared spectrum magnitudes at the ends,
and R and B are visible spectrum magnitudes at the ends (Table
1).

Next, we ran the data through the Principal Component Anal-
ysis (PCA) algorithm, and we then determined which principal
components had a sum of explained variance (a measure of how
much of the variance is explained by a set of independent vari-
ables) greater than 99.5% (removing the data that had a sum of
explained variance less than 99.5% did not impact the overall

Table 1 Magnitudes and wavelengths. A list of the magnitudes, their
respective ranges of wavelengths associated with that specific filter in
which each magnitude is measured, and the average wavelengths of
these ranges. Each color is defined as the difference between two
magnitudes; for example, for magnitudes A and B, the color is written
as A-B.

Name of Wavelength Central
Magnitude range Wavelength
B 400-500 nm  ~450 nm
R 550-800 nm  ~675 nm
I 700-900 nm  ~800 nm
J 1.235 um 1.235 um
H 1.662 um 1.662 um
K 2.159 um 2.159 um
Wi 3.4 um 3.4 um
w2 4.6 um 4.6 um

results of the model because it removed little information). We
then created a separate dataset from the eigenvalues of these
components (hereafter known as the PCA dataset).

Brief description of the EDA algorithms

We used the exploratory data analysis (EDA) algorithms, where
we plotted the data in gaussian-kde histograms, a PCA plot,
and a UMAP plot (Figures 2 and 3) using the scikit-learn and
umap-learn libraries'>'!®. The Gaussian KDE plots are 2D
histograms that use the Gaussian kernel to bin the data (Figure 3)
to visualize the correlation between the many features of the data.
We implemented the Uniform Manifold Approximation and
Projection (UMAP) algorithms. Both PCA and UMAP utilize
their standard implementations. The UMAP algorithm projects
the data into the Cartesian plane by finding the nearest neighbors
to each point, weighting each neighbor based on distance, and
then squishing the data into clusters in two dimensions (Figure
2) 1501 6.

The UMAP plot clearly shows the boundaries between the
different regions of redshift ranges; for example, the red data
cluster marks a well-defined region of redshift, which does not
bleed into the other regions as much as it did in the PCA plot.
This is probably due to the algorithm, which plots each data
point based on its nearest neighbors (Figure 2). From the UMAP
plot, we can see the clear redshift regions defined within our
data. Although our data is considered within the low-redshift
region, there are still sub-regions within the data. This can show
that there could be a very clear distinction in the data for each
region. For example, the purple region probably has different
ranges of each feature than the red region (Figure 2)1>19,
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UMAP:

n_neighbors=10, min_dist=0.1

Fig. 2 UMAP plot. This plot is created by feeding the dataset into the
UMAP algorithm. This plot shows the similarities between neighbors;
for example, in our plot, data points of similar colors represent
galaxies with similar redshifts, and they are the nearest neighbors to
each other in the feature space’>1%. We made this graph by feeding
the pre-processed data into the UMAP class in the umap-learn library.
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Fig. 3 Gaussian KDE plots. These plots are histograms that use the
Gaussian kernel. Specifically, they are 2D histograms of each feature
that build the distribution by binning the data into Gaussian kernels.
We built these by feeding the data into a Python KDE plotting function

and specifying the Gaussian kernel for the binning process.

An overview of the Machine-learning algorithms

We utilize seven traditional Machine Learning models using
Python’s scikit-learn and tensorflow libraries1®”: k-nearest
neighbors (kNN), Random Forest, support-vector machine
(SVM), Adaptive-boosting Forest, Histogram-Gradient-boosting
Forest, Light-Gradient-boosting Forest, and Feed-Forward Neu-
ral Network algorithms (a type of Artificial Neural Network).
The kNN, SVM, and Random Forest utilize their standard scikit-
learn implementation, while the other three algorithms are dif-
ferent variations of the Random Forest algorithm (e.g., some
use the boosting method instead of the bagging method)10'LZ,
The k-nearest neighbors (kNN) algorithm: Our kNN
model, which utilizes the standard scikit-learn algorithm, uses
the ball-tree optimization algorithm. The ball-tree algorithm
separates a multidimensional space into k spherical sections and
finds the distances between the testing point and the boundary
of the section and between the testing point and its neighbor.

It then creates a decision tree and separates the data based on
whether the distance between the testing point and the neighbor
is greater or less than the distance between the testing point and
the boundary of the section. The decision tree then determines
that if the distance of the neighbor to the test point is greater
than the distance between the test point and the boundary, then
it’s not a nearest neighbor. The ball-tree algorithm splits only
the area of the feature space in which the points exist, mak-
ing it more optimal to use in higher-dimensional feature spaces
(d > 3). Our data set includes 37 dimensions, so we choose to
implement the ball-tree algorithm to reduce the computation
time used by the kNN algorithm*18.

Adaptive Boosting Forest Regressor: The AdaBoost model
was created with the scikit-learn library. The AdaBoost calcu-
lates the weighted error rate of the predictions of the individual
Decision Trees (it takes the points with more weight into ac-
count) and the weight of the tree itself. Then it updates the
weights of each data point, where the data points that are wrong
get assigned higher weights and affect the total weight of the tree.
These steps repeat until all trees have a prediction; the final out-
put matrix is a sum of the product between the predicted value
and the weight of the tree that produced that prediction!¢1920,

Gradient-Boosting Forest Regressors: The Histogram-
Gradient-Boosting model was created with the scikit-learn li-
brary, and the Light Gradient Boosting Machine (LGBM) model
was created with the Light-GBM library. The gradient boosting
models work by calculating the error rate of each tree. Then it
updates the inputs of the next tree with the error calculated in the
previous step. These two steps repeat until it reaches the final
tree. The final prediction is the sum of the predictions of all of
the individual trees. The LGBM and Hist-GBM models work by
following the aforementioned algorithm, but they additionally
implement histogram-based training, which is when the data
is binned (a bin is a 2D histogram containing certain statistics,
such as the gradient or a feature, against the frequency). Addi-
tionally, LGBM implements a leaf-growth algorithm where it
selects the nodes that reduce the loss function the most and puts
them in the trees! 01920,

Training the machine learning models

We trained the machine-learning algorithms by implementing
the sci-kit-learn’s experimental Halving-Random-Search-Cross-
Validation class. We chose this one instead of the Grid-search-
cross-validation class because it is computationally efficient,
uses resources better, prevents overfitting on the validation sets,
searches parameter space more efficiently, and finds the optimal
parameter values with a minimized errorl®222 " Since there
were a lot of missing entries in this dataset, we had to use
an iterative imputing method to fill them in. We also used the
robust scaling method, which transforms the data by aligning the
percentiles to those of the normal distribution. Then, we created
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two datasets from the original data, one of which did not contain
the outliers of the data. Similarly, we created two datasets from
the Principal Component Analysis (PCA) dataset, one of which
did not contain the outliers of the data. Then, using these four
datasets, we ran four iterations of the Halving-Random search
to train the models102122,

In the process of training the models, we used the Halving-
random search method along with the robust scaler and iterative
imputing methods to prepare the data for the model training.
In the Halving-random search, we trained an SVM regression
model with testable kernels of linear or rbf and testable C values
of 1072 t0 10° in steps of 10, and we trained a kNN regression
model with a set ball tree search algorithm and testable k values
of 5 to 500 in steps of 50. Moreover, we trained 4 types of forest-
based algorithms with one extension of the standard random
forest model: the extra trees regressor. We trained the random
forest and extra regressors with a testable number of trees from
100 to 1000 in steps of 50, a testable max depth range from 3
to 9 in steps of 1, a testable range of the minimum number of
samples required per leaf from 200 to 5 in steps of 5, and lastly,
a testable range of the max number of features from 0.6 to 0.8 in
steps of 1. Next, we trained the LGBMRegressor with testable
ranges of the number of trees from 100 to 1000 in steps of 50,
of the max depth from 3 to 9 in steps of 1, of the learning_rate to
be either 0.01 0.1, 0.3, or 1.0, of the number of leaves from 30
to 50 in steps of 100, of the minimum number of datapoints in a
leaf from 200 to 20 in steps of 20, and of the fraction of features
used from 0.6 to 0.8, in steps of 1.0. Then, we trained the
Histogram-Gradient-Boosting Regressor with testable ranges of
the maximum iterations from 100 to 1000 in steps of 50, of the
max depth from 3 to 9 in steps of 1, of the learning rate as either
0.01, 0.1, 0.3, or 1.0, and of the max fraction of features used
from 0.6 to 0.8 in steps of 1.0. Lastly, we trained the Adaptive-
Boosting Regressor with a loss metric of square with testable
ranges of the number of trees from 100 to 1000 in steps of 50
and the learning rate from 0.01 to 0.1 in steps of 0.3. We defined
outliers as the data that fit into the 1st quantile of data.

We decided to train the neural network (using the Tensorflow
library?) to test if it could cross the error boundary set by the
ANNz model. We trained an artificial neural network (multi-
layer perceptron) on one dataset containing the original data
and the other dataset containing the PCA data. The structure
of our neural network is [37:128:64:32:1], where each number
represents the number of nodes in each successive layer %17, As
shown in the literature, the number of nodes decreases by powers
of 2, and a non-deep neural network usually has 3 layers. Since
our datasets are not big enough, we used a network with three
layers. In the literature, the node count is small; for example,
Collister and Lahav'" experimented with 6:10:10:1, 6:6:6:6:1,
and 6:10:10:10:1, and Firth et. al.** used 2 hidden layers with
10-20 nodes per layer, but that was with a small input size.
Therefore, we decided, since we have a much bigger input size,

we would have more neurons, and we would use the “powers
of 2” suggestion to cut the number of nodes in each successive
node by a power of 2, as mentioned in Kiyani et al 241011712324
The activation functions we used are the ReLU and sigmoid
functions, which are defined as

u

e
8 = 2 ®)
g(u) = max(0,u) (7

Additionally, we used the Adam optimizer function; which op-
timizes the parameters>, dropout-layers; which drop a cer-
tain percentage of the nodes in the coming hidden layer, batch-
normalization layers; which renormalize the weights every time
before there is a dropout layer, and an early-stopping criterion
that stops the training of the network when the specified valida-
tion error loss has been met#8-101L723727,

Results

Experiment Rationale and a brief description of the method-
ology

Manually calculating the spec-z from the emission spectra is
time-consuming and impractical, and instead, producing accu-
rate estimates (photo-z) via training machine learning on pho-
tometric data is more practical and just as reliable. Moreover,
using machine learning models to estimate redshift benefits
cosmological modeling, mapping the universe (especially the
distribution of galaxies and dark matter), and aiding future and
current surveys, such as the LSST; SDSS-V; and Euclid surveys,
by efficiently producing accurate photo-z values (or accurate
estimates of spec-z, the true redshift). From a comprehensive
review of the literature, we have seen that the computationally
complex neural networks (specifically the ANNz model) have
obtained the lowest RMSE. However, now more commonly, the
traditional machine models are being used and have been found
to produce a lower RMSE compared to neural networks, but they
have been trained on limited and small datasets””. We hypoth-
esize that we can match the state-of-the-art ANNz model with
traditional machine learning techniques trained on similar data-
rich and big sets used to train the neural networks, using precise
feature engineering, to produce better, more interpretable results.
We measure the interpretability of our models by the accuracy
of our results (as they will be used for mapping the universe and
for cosmological modeling) and the models’ algorithmic and
computational simplicity. However, certain tradeoffs include
neural networks’ computational power, ability to handle data
(aka scalability), and training efficiencies (networks are much
easier to train than traditional machine learning)#%-10,

To achieve this goal, we trained six traditional machine learn-
ing models and a neural network on data that we prepared. The
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data was created by cross-referencing the WISE catalog with
the SuperCOSMOS spec-z and photo-z database. Then, we
removed unnecessary columns, such as the coordinates, and
added some new columns, such as colors and a color excess
feature. Then, we ran the data through the Uniform Manifold
Approximation and Projection (UMAP) and Principal Compo-
nent Analysis (PCA) unsupervised algorithms; from the PCA
algorithm, we created a separate dataset with the eigenvalues of
the principal components with a cumulative sum of explained
variance greater than 99.5% (referred to as the PCA data). Then,
we created two datasets from the original data, one of which did
not contain the outliers of the data. Similarly, we created two
datasets from the PCA dataset, one of which did not contain the
outliers of the data. We trained our traditional machine learning
models on these four datasets, and we trained our neural network
on one dataset containing the original data and the other dataset
containing the PCA data. We decided to train the neural network
to test if it could break the error boundary set by the ANNz;
howeyver, that was not the case, which reinforces the fact that
the neural networks are significantly affected by the noise, and
the error boundary set by the ANNz model will remain for these
models.

Analysis of the data

The UMAP plot clearly shows the boundaries between the differ-
ent regions of redshift ranges; for example, the red data cluster
marks a well-defined region of redshift, which does not bleed
into the other regions as much as it did in the PCA plot. This
is probably due to the algorithm, which plots each data point
based on its nearest neighbors, and has recognized that there is
a local density in the feature space of the low-redshift!>10224,

As shown in Table 1, the best traditional machine learning
model was the LGBM regressor. However, each LGBM in each
training round had slightly different values for each hyperpa-
rameter. For example, the LGBM in training round 1 had a
minimum sample per leaf criterion of 120, while the LGBM in
training round 2 had a minimum sample per leaf criterion of 40.
Additionally, the data used in each training round was slightly
different. For example, two of the rounds only contained the
inliers of the data, and similarly, only two of the rounds used the
full data, while the other two used the data from the Principal
Component Analysis (PCA) algorithm.

We noticed that the overall range of RMSE error tends to
be from 0.0254 to 0.666 (Table 2): our RMSE tends to fall
within the 0.0362—0.0379 range, which is on the lower side of
RMSEs obtained by other models (Tables 2 and 3). Furthermore,
the Gaussian KDE plots of the data and of the results (figures
3 and 4) revealed that there were positively skewed Gaussian
distributions for the data (figure 3) and negatively skewed for
the results (figure 4). These distributions were affected mostly
due to the catastrophic outliers, which are defined as the data

Table 2 This table shows the conditions for each iteration of the
Halving-random search for training the models. It also includes the
RMSE of each trained model created from each iteration of the testing
data. Note that the difference between the four LGBM models is in the
values of their hyperparameters.

Training Best With PCA  Removed RMSE on the
Run # Models only? Outliers? testing set
1 LGBM No Yes 0.0362
2 LGBM Yes Yes 0.0364
3 LGBM No No 0.0365
4 LGBM Yes No 0.0368
5 Neural Network Yes No 0.0375
6 Neural Network No No 0.0379

points with a predicted redshift that satisfies

|AZ| >015(1+Zspec); (8)

where AZ == Zpredicted — Zspec

2 From our results, we can see that our outliers (the data points
which had an |Az| > 0.5 (figure 4)) make about 0.014% of the
total testing dataset; about 6.08% of the catastrophic outliers are
the normal outliers (which means that the rest of the catastrophic
outliers had an |Az| < 0.5), and the catastrophic outliers were
0.23% of the entire testing dataset”.

From Figure 4, we can see that the |Az| follows a standard
Gaussian distribution and that outliers are very easily definable
as |Az| > 0.5 due to the symmetric nature of the distribution;
furthermore, we can say that our predictions also follow a Gaus-
sian distribution of a similar nature. We can also see that our
predictions were not very far off from the true redshift because
the |Az| < 0.5; however, this could increase in higher redshift
areas. Moreover, we can see from Figure 5 that the predictions
did a good job of capturing a relationship between photometric
and spectroscopic redshift (Figure 5). From Figure 5, we can see
that most of the results are distributed tightly around a standard
regression line. From the plot, we can see that from the linear
regression model, we got an R? value of 0.881 and a regression
line that matches the ideal line (y = x). Both of these facts tell
us that our predictions have a strong correlation with the true
redshift because the R? is close to 1 and that the regression line
is basically the line y = x, which means that predicted redshift
~ actual redshift.

Discussion

Comparison of our results to the literature’s

Collister and Lahav'" utilized machine learning methods to
predict the redshifts, which are calibrated towards the spec-z.
They created an Artificial Neural Network (ANN) to predict the
photometric data from the SDSS photometric data. The specific
type of ANN they used is a basic MLPQNA (a multi-layer per-
ceptron (MLP: a type of Feed-forward neural network) which
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Table 3 This table summarizes the results of the studies in the literature®, CWW (Coleman, Wu, and Weedman) and Bruzual-Charlot utilized the
template method, and the interpolated method combines many different machine learning template-based techniques.

Models: RMSE
cwwi 0.0666
Bruzual-Charlot” 0.0552
InterpolatedIzl 0.0451
Polynomial RegressionIZI 0.0318
KNNZ 0.0365
Kd-Tree 0.0254
Bayesianm 0.0476
CWW LRG? 0.0473
Repaired LRG? 0.0476
ANNz (the RMSE between the photo-z and spec-z) 0.0371

LGBM training round 1 (refer to Table 1)

Neural Network training round 5 (refer to Table 1)

0.0362, which is a 2% decrease
0.0375, which is a 1% increase

B\

T T T T T T T T T

-3.5 -3.0 -2.5 -2.0 -15 -1.0 -0.5 0.0 0.5
differences

Fig. 4 Gaussian KDE plot of the Results. These plots are histograms
that use the Gaussian kernel. Specifically, they are 2D histograms of
each feature that build the distribution by binning the data into
Gaussian kernels. We built these by feeding the results into a Python
KDE plotting function and specifying the Gaussian kernel for the
binning process. We defined the differences as the |Az|.

uses a quasi-newton algorithm (QNA) to train and minimize the
cost function of the algorithm): from now on, this model will
be known as the ANNz model. Since its creation, it has been
the state-of-the-art model in the literature for estimating and
calibrating redshift predictions to spec-z. This model consists
of many MLPQNAs. The structure of one MLP in the ANNz
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Fig. 5 Hexbin plot of the spec z versus the predictions. This is a plot of
the true redshift versus the predictions from the LGBM regressor (our
best model) on the testing data. This plot includes the outliers, and we
created this by putting the data and the results into a Python plotting
function, which plots a heatmap-type plot but with hexagonal bins of
data to better capture the data’s essence. Moreover, this plot also plots
both the regression line as well as the best line that captures an ideal
relationship between the predicted and true redshift.

is 5:10:10:1, and the QNA is used to train the network. The
SDSS photometric data, which they used for training, consists
of magnitudes from five bands in a large sample and a smaller
sample containing spectral data. Their training, validation, and
testing sets consisted of 15000, 5000, and 10000 samples, re-
spectively. The results of the ANNz compared with other meth-
ods that predict photometric redshift via the SDSS data are
summarized in Table 3 (CWW (Coleman, Wu, and Weedman)
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and Bruzual-Charlot utilized the template method, and the in-
terpolated method combines many different machine learning
template-based techniques). Another method of estimating the
photometric redshift is the Hyperz method (a template-based
method), which, however, did overall worse than the ANNz on
the SDSS data (greater RMSE dispersion and many systemic
deviations in the results) because it had similar results to the
algorithms in Table 319,

Csabai et. al.” took their data from the SDSS to train multiple
hybrid algorithms that combine both the template and machine
learning-based techniques. Their data is split into two parts:
the basic dataset and the Luminous Red Galaxy (LRG) dataset,
which makes up the training set; they also added data from the
2-degree field survey (2df) and the Canada Network for Ob-
servational Cosmology (CNOC?2) for the testing set. The main
dataset consists of 27,797 galaxies, the average photometric
redshift is 0.116, and the red-magnitude limit is 18. This dataset
is only good for training the algorithms on redshift values up
to 0.2. The LRG dataset consists of colors similar to those of
an elliptical galaxy, 6698 galaxies, and an average photometric
redshift of 0.227. This dataset is only good for training the
algorithms on redshift values up to 0.5. The data from the 2df
survey contains 5642 galaxies, a red-magnitude limit is 18.5,
and the average photometric redshift of the data is 0.112. The
data from the CNOC?2 consists of a red magnitude of 21 and has
an average photometric redshift value of 0.274, and it is only
good for training the algorithms on redshift values up to 0.72.

The first technique that they implemented is fitting the poly-
nomial regression on a training set that has more than 30,000
samples, 21 features, and a standard deviation of 0.027 of the
redshift. Their second technique is fitting a KNN model, which
is very uncommon in literature to use, and they decided to imple-
ment a Kd-tree to decrease the computation time and cost as the
size of the training set increases: they found that error decreases
as the size of the training set increases and the distance between
neighbors decreases and the data must cover the appropriate
range of the features of the testing samples. To solve this issue,
they partitioned the n-dimensional feature space into equal-sized
cells containing the training data using a Kd-tree and then fit a
polynomial function on each cell: a method called 2d-Kd-tree
partitioning of the training set.”.

This study aims to predict redshifts from WISE’s photometric
data and calibrate those predictions to the spec-z. Our best result
produced a 2% decrease from the RMSE of the ANNz; however,
our worst result produced a 1% increase from the RMSE of the

ANNz.

Zpredicted — Zspec

% change = )

Zspec
This percent change is probably small due to some conditions of
the data, such as high photometric noise, which is typically in-
herent in this kind of data, or high uncertainties in the magnitude
measures. Most of the studies in the literature have either used

template-based spectrophotometric data or deep-learning algo-
rithms trained on tabular photometry to estimate the redshift;
however, our study’s simpler machine-learning algorithms have
already obtained better results than the state-of-the-art ANNz,
despite having a simpler architecture than the ANNz.

We note that our best RMSE is 0.0362 (Table 1), and the best
RMSE from the methods of Csabai et al. (2022) is 0.0254
(Table 3), from the Kd-tree method, which was trained on the
SDSS data (Table 3). They used a dataset that contained 34 000
samples from the Early Data Release; however, we used 1 073
261 galaxies in our training set. This makes our data set more
complete and our methods more robust, as our analysis includes
fainter galaxies and is not part of an early data release. Lastly,
we note that the traditional machine learning methods tend to
marginally outperform the state-of-the-art neural networks (Ta-
ble 3). The traditional machine learning models achieve higher
constraining power. At the same time, neural networks tend
to perform marginally worse than their machine learning coun-
terparts, potentially because the models are caught up in the
noise due to their complex architecture (i.e., they transition into
the overfitting regime). Furthermore, traditional machine learn-
ing models can extract and simplify the information given by
features”.

In conclusion, despite having results only marginally better
than the state-of-the-art, we did find that the traditional machine
learning models do tend to do better in most scenarios than the
complex deep neural networks, whether that was our results
being 2% better than the ANNz or that was the results of the
kNN outperforming all of the other methods as mentioned in
Csabai et al. (Table 3)2.

Analysis of Features

Along with producing better models, we were able to discern
which features had the most importance, which can help future
studies create even better models by training them on data that
is highly focused on these features and discarding the ones with
less importance and correlation (Figure 7). We note that they
look qualitatively similar, with larger weights assigned to B,
(B-R), and (W1-W2). These bar charts help us identify features
of less importance, allowing us to discard them in subsequent
analyses, to further simplify the models and the input data.
The features of high importance are, as expected, since B and
WI1-W2 are on opposite sides of the spectrum of the different
wavebands used, so most of the available information is captured
by those filters. In addition, W1 and W2 are filters with very
similar pass-through wavelengths, which allows the machine-
learning model to pick up the slight brightness differences in that
part of the spectrum. Furthermore, the same features that had a
high correlation with the first main principal component have
some of the highest importance values out of all the features, as
seen in the Bottom graph (Figure 7).
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Figure 6 was created by plotting a heatmap of each feature and
main component against each other, where the colors represent
Pearson’s correlation coefficient for a feature or main component
(Figure 6). Pearson’s correlation coefficient is defined as
i (i

i=1\X xmean) ()71 ymean)

Corr(x,y)
\/Zl 1 xz _xmean)z Z; 1(y ymean)2

(10)

where x is the first feature that is being compared to the second
feature y, x; and y; are the ith values of x and y, and ymean
and Xmeqan are the mean values of x and y. We determined an
appropriate threshold value for Pearson’s correlation coefficient,
for which if the absolute value of the correlation coefficient is
higher for a certain feature than that threshold, then that feature
would be considered an eigenvector of that component
Moreover, from figure 6, we can see that the features that have
the most correlation with the first main component (PC_0) are
all the colors involving the four magnitudes at the ends of the
visible light and infrared spectrums (W1, W2, B, and R) and
the colors which involve one of these four magnitudes and one
of the middle magnitude (I, J, K, and H). While looking at the
features closely correlated with the other principal components,
we noticed that the W1-W2, B-R, B, and R features have the
highest correlation with all four components, suggesting that
they are key features and must have high predictive power with
the models. We can also see the colors’ distributions through
the two Gaussian KDE plots in Figure SEIBHIOIGI2E) (Figures 6
and 8).

W1 (3.4 um) and W2 (4.6 um) are specific magnitudes that
are used to measure the specific properties of galaxies. Since
luminous galaxies are typically dust-filled (dust absorbs and
emits infrared light, which is why we removed the galaxies in our
plane as their light gets absorbed by the dust at the center of our
galaxy) and are old, their redshift is typically highly correlated
with this color. Moreover, the B-R color traces newer stellar
emissions22. It was found by Bilicky et al.20 that fainter B or R
magnitudes typically correspond to more distant objects, and the
authors analyze the photometric redshift accuracy as a function
of magnitudes and colours, showing that outliers and bias tend to
increase at fainter magnitudes and extreme colours, confirming
that magnitudes and colours are highly informative2?3Y,

Cluver et al.Bl found that since W1 and W2 probe the
Rayleigh-Jeans tails of old stars, the W1-W2 color is sensi-
tive to dust and age. Moreover, Jarret et al.@, Cluver et al.@,
and Kauffman®? that the color, W1-W?2 is a strong tracer of
mass which evolves with time, and that redder values of this
color indicate that the galaxy is more massive, dusty, and dim-
mer, a phenomenon specifically associated with higher redshifts
(which explains the 0.5 pearson correlation)333. Bilicki et
al 2230 and Krakowski et al.** have found that for machine
learning, this color is extremely good for predicting redshift,
especially for luminous galaxies, for the same reasons23%,

As a galaxy’s spectral energy distribution (SED) is redshifted,
its observed colors change because light originally emitted at
shorter wavelengths shifts to longer wavelengths in the ob-
server’s frame. The W1-W?2 color, which normally samples
mid-infrared light, begins to capture flux from rest-frame optical
or even ultraviolet (UV) emission at higher redshifts. Simi-
larly, the B-R color, which at low redshift primarily measures
rest-frame optical light, progressively samples bluer rest-frame
wavelengths as redshift increases. At sufficiently high redshift,
the observed B and R bands no longer correspond to optical
light but instead probe the galaxy’s rest-frame UV emission. For
galaxies that are older, redder, or more dust-obscured (more com-
mon at higher redshifts), much of their emitted light is absorbed
by dust and re-emitted at longer wavelengths, making the W1-
W2 color redder as it becomes dominated by dust-reprocessed
or redshifted stellar light.

Because both B-R and W1-W2 colors tend to increase (red-
den) with redshift—though influenced by galaxy type, dust
content, and star formation history—they serve as useful prox-
ies for estimating redshift and tracing galaxy evolution. Older
galaxies, which are more prevalent at higher redshifts, tend to be
intrinsically redder in both colors, reinforcing this correlation.
Therefore, combining B-R and W1-W2 colors provides a broad
yet effective representation of how galaxy colors evolve across
redshift and various galaxy populations.
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Fig. 6 The Correlatlon Matrix. A heatmap that shows the correlation
between each feature or each main component to each other. This
matrix was created by first plugging in the data into PCA, then finding
the principal components with a cumulative sum of explained variance
greater than 99%, then finding the pearson correlation of all the
features, and finally plugging it into Python’s heatmap function. Graph
created by the Student Researcher using Python, 2025.

© The National High School Journal of Science 2025

NHSJS Reports |9



Fig. 7 Bar charts showing the feature importance of the input features
we use in our analysis. Top: Feature importances using the best-fitting
machine learning method (LGBM regressor). Bottom: Feature
importances, assumed to be the weights of the input layer of the
best-fitting neural network.

Future Considerations and Improvements

In the future, to obtain better results, researchers can implement
some of the following methods to improve the computational
power and accuracy of the models. For instance, Csabai et.al?
found that, for estimating the photo-z, there is a more complex
relationship between photometric data and the redshift, so they
recommend using different types of regression functions for
approximating bins of data instead of using one, simpler, re-
gression function to try and capture the complex relationship
between the data and photo—z. Also, as utilized by Csabai
et. al? implementing methods to reduce the computational
processing time, such as the kd-tree and ball-tree, is beneficial
because the models will be able to classify data as they are being
observed 210,

The data used to train future models should consider three
things. The first is that the features of the data should be care-
fully picked based on past studies’ (such as this one) experi-
ences. Magnitudes, fluxes, and colors are the standard features,
but adding magnitude error, flux error, galactic coordinates, and
galaxy shapes could make the models more robust. The second
is that the database should be created by cross-matching data
from various sources (as done in this paper and Bilicki et al.’s
study). Lastly, the data and the features should be picked to
minimize the signal-to-noise ratio #8410,

Conclusion

Accurately estimating the redshift distribution and finding the
optimal methods for accurate estimation is essential to advance
the field of Cosmology and constrain the cosmological param-
eters. In this study, we aimed to do this by training traditional
machine learning models. From reviewing the literature, we
have seen that the neural networks, which are more complex
models, reach the lowest error they can obtain (the ANNz) and
produce noisier, less-interpretable results. We hypothesized that
we can match state-of-the-art ANN models with traditional ML
techniques, using precise feature engineering, to produce more
interpretable results. We measure the interpretability of our
models by the accuracy of our results (as they will be used for
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Fig. 8 Gaussian KDE plots of the Prominent features. These plots are
histograms that use the Gaussian kernel. Specifically, they are 2D
histograms of each of the prominent features that build the distribution
by binning the data into Gaussian kernels. We built these by feeding
the results into a Python KDE plotting function and specifying the
Gaussian kernel for the binning process.

mapping the universe and for cosmological modeling) and the
models’ algorithmic and computational simplicity.

After training, our models’ RMSE errors fell within the
0.0362-0.0379 range. In the literature, the only models that
have performed better than ours are the kd-tree, kNN, and poly-
nomial regression models, which were, however, trained on
an early-release SDSS data set, which was significantly data-
limited. This reinforces the fact that traditional machine learning
models’ estimates match the ANNz’s estimates (especially for

10 |  NHSJS Reports

© The National High School Journal of Science 2025



data-limited situations), but an adequately sized training set and
some degree of feature engineering are needed for the models
to be useful.

Furthermore, it is worth noting that our study serves as a
proof-of-concept for cases where there is limited information
on the accurate redshift of galaxies. Our models have been
trained on low-redshift galaxies, and all of the models that have
obtained a lower RMSE error than our models have also been
trained on limited-data sources, which can be very useful to
provide estimates of redshift for future cosmological surveys;
however, many of them, such as the LSST and Euclid, will
measure spectra systematically over a decade, thus partially
eliminating the hindering factor of the limited availability of
spectroscopic data to calculate the true cosmological redshift.
Nevertheless, it should be noted once again that the redshift
distribution of galaxies is the single largest nuisance source in
state-of-the-art cosmological analyses, and it is important to
develop optimal estimation methods for the near future.

Appendix

Github Code for this study: |https://github.com/
ksshah-29/Lumiere—Research-Project
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