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utilized (3). Most known exoplanets were discovered using 
transit photometry, the process of scanning potential host 
stars for transits—periodic dips in brightness that occur when 
an exoplanet passes through our line of sight to its host star 
(4). NASA’s Kepler spacecraft used transit photometry to 
survey hundreds of thousands of stars in a small region of 
the sky, and NASA’s Transiting Exoplanet Survey Satellite 
(TESS) mission is performing the same procedure across a 
wider area (5). Doppler measurements rely on the principle 
that both an exoplanet and its host star orbit around their 
respective center of mass, causing the star to “wobble”—to 
orbit a point somewhere between its center and its planet (3). 
This movement causes periodic color changes in the star due 
to Doppler redshift and blueshift, which can be recorded to 
detect an exoplanet (3). 
	 Factors such as temperature, mass, and behavior of stars 
can affect their likelihood to host exoplanets and the types 
of exoplanets they host (6). In particular, we used metallicity 
([Fe/H], the iron-to-hydrogen ratio, indicating how metal-rich 
a star is; unitless), effective surface temperature (Teff, the 
surface temperature of a star; in Kelvin), absolute magnitude 
(how bright a star is from 10 parsecs away; unitless), and 
galactocentric velocities (providing an indication of where 
a star lies in the galaxy; in km/s) to examine the properties 
of exoplanet host stars. A greater metallicity means a star is 
more metal-rich, and a greater absolute magnitude means a 
star is less luminous. Surveys such as the European Space 
Agency’s Gaia and NAOC’s Large Sky Area Multi-Object 
Fiber Spectroscopic Telescope (LAMOST) provide kinematic 
and chemical characteristics for large numbers of stars (7, 
8). Understanding how host star conditions affect exoplanet 
development is an important step in forming planetary 
formation models and discovering more properties about 
exoplanets themselves, as measuring exoplanet properties 
is physically reliant on understanding their host stars using 
current measurement techniques (6, 9). 
	 While current research into host stars’ effects on planetary 
development is plentiful, to our knowledge, no study has yet 
viewed all known host stars comprehensively and statistically 
examined which parameters differ significantly from the 
general stellar population, which is what we intended to do. 
Instead, most studies have focused on using simulated or 
observed data to examine a specific factor or correlation 
between aspects of planetary development. Perhaps the 
most studied trend has been which aspects of host stars are 
conducive to gas giant formation with both simulated and 
observed data (10-13). These studies have demonstrated 
a positive correlation between metallicity and gas giant 
formation probability and suggested that gas giants are more 
likely to form around smaller stars (10-13). 

Differentiating characteristics in exoplanet host stars

SUMMARY
With technological advancements now allowing 
for precise measurements of stars, surveys are 
discovering thousands of exoplanets—planets 
outside of our solar system. We now have data on 
not just the kinematics and stellar chemistry (a star’s 
chemical makeup and evolutionary stage) of host 
stars (the stars around which exoplanets orbit) but 
also on exoplanets’ positions, sizes, and chemical 
compositions. However, while past studies have 
explored specific host star trends, no study has 
comprehensively analyzed how the stellar properties 
measured across these surveys differ in host stars. 
This understanding is important for exoplanet 
studies, as it can help astronomers understand the 
conditions favorable for exoplanet development and 
the exoplanets themselves better. In this study, we 
hypothesized that stellar chemistry, classification, 
and kinematics would differ significantly between 
exoplanet host stars and the galactic stellar population, 
as well as between host star subpopulations based 
on the type of planet hosted. To test this hypothesis, 
we analyzed data from recent surveys, including Gaia, 
the Large Sky Area Multi-Object Fiber Spectroscopic 
Telescope, the Transiting Exoplanet Survey Satellite 
(TESS), and the NASA Exoplanet Archive. While 
we found that stellar chemistry was a significant 
differentiator between the exoplanet host star and 
the general population, we could not draw conclusive 
results about stellar classification or kinematics 
due to significant bias in TESS’s selection. However, 
when comparing exoplanet host star subpopulations, 
we found that both stellar chemistry and kinematics 
yielded significant differences. These findings can 
be used to further test planetary formation models 
and indicate which stars could be more likely to host 
exoplanets for future exoplanet surveys.

INTRODUCTION
	 To date, astronomers have discovered just over 5,500 
exoplanets—planets that orbit stars other than the Sun (1). 
As with our own diverse solar system, there are many types 
of exoplanets distinguished by their sizes and orbital periods 
(how long the planet takes to make one complete revolution 
around its host star) (2). Astronomers have five methods 
to detect these planets; of the five, transit photometry and 
Doppler measurements (or radial velocity) are the most 
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	 Some studies have examined the host star population as 
a whole. For example, Tang et al. examined the properties of 
host star distributions from observed data (14). They found 
that stellar metallicity affected gas giant formation rate for 
stars with smaller surface gravity, metallicity had no effect on 
the formation of other types of planets, and that the surface 
gravity of the star had a positive correlation with planet 
formation for a given orbital period (14). However, unlike 
our study, Tang et al. examined these properties in isolation 
rather than comparing them to distributions of general stellar 
populations to understand defining differences (14). We drew 
from methods used by previous studies to study large stellar 
populations, most significantly from Carrillo et al., which aimed 
to characterize TESS targets to achieve this goal of comparing 
general and host star populations to understand significant 
differentiators between the two (15). 
	 In our study, we tested how the various stellar properties 
mentioned differ between exoplanet host star populations 
using data from Gaia DR3, LAMOST, and the NASA 
Exoplanet Archive. We divided our experiment into two main 
parts: comparing exoplanet host stars to the general galactic 
stellar population and comparing different subpopulations 
of host stars based on the type of planet they host. We 
originally hypothesized that metallicity, kinematics, and stellar 
classification would all significantly differ between host stars 
and the general population, as well as between host stars 
with different types of planets. However, while we found 
that metallicity and kinematic distributions yielded significant 
differences between host star subpopulations based on the 
type of planet, only metallicity revealed significant differences 
between host stars and the general stellar population. Overall, 
this study highlighted that the metallicity of stars should 
be a central component of planet formation models. It also 
demonstrated that kinematics and stellar classification can 
reveal important trends in host stars, but we need less biased 
observational data from exoplanet surveys in order to perform 
this analysis. 

RESULTS
	 To test our hypothesis that we would observe significant 
differences between host star populations in stellar chemistry, 
metallicity, and kinematics, we analyzed data from Gaia, 
TESS, and the NASA Exoplanet Archive. For each stellar 
characteristic, we examined trends and statistical features 
for a random sample of 1,000,000 stars in Gaia DR3, TESS-
Gaia crossmatches, host stars, and host star subpopulations 
based on the type of exoplanet hosted. The TESS-Gaia 
crossmatches served as our control group; comparing them 
with the host star distribution revealed whether we could 
conclude that the observed trends are intrinsic to host stars. 
In addition, comparing TESS-Gaia data to the random sample 
revealed whether TESS’s target selection was biased for a 
particular stellar property.

Comparing exoplanet host stars to the general stellar 
population 
	 We first used H-R diagrams (graphs that provide a way 
to classify stars’ sizes and evolutionary stages) to compare 
exoplanet host stars to the general stellar population. We 
performed this analysis by juxtaposing an H-R diagram for a 
random sample of 1,000,000 stars with a diagram for known 
exoplanet host stars and TESS-Gaia crossmatches (Figure 

1). On an H-R diagram, main sequence stars—stars fusing 
hydrogen into helium in their cores—appear in a diagonal from 
the top left to bottom right. Giant stars—larger stars towards 
the end of their evolutionary life cycle—appear in a branch 
off the main sequence towards the top right (Appendix). In 
our H-R diagram, almost all exoplanet host stars were main 
sequence stars, but the random sample contained a much 
larger proportion of giant stars (Figure 1A, 1B). In addition, 
Gaia host stars had a larger percentage of K and M type 
dwarf stars (the reddest types of main sequence stars) than 
the random sample of Gaia stars did (Figure 1A, 1B). While 
there was a clear difference between the random Gaia stars 
and host stars, we also found that there was significant 
observational bias, i.e., potential bias in the selection sample 
of surveys. TESS intentionally selects smaller main sequence 
stars because detecting exoplanets around them is easier, 
which creates a nonrandom sample of stars and a biased 
control group (5). When comparing the H-R diagram of 
exoplanet host stars with that of TESS-Gaia crossmatches, 
we found the two distributions to be very similar (Figure 1B, 
1C). Both contained almost completely main sequence stars, 
implying that TESS stars are more likely to be main sequence 
than Gaia stars and that the exoplanet trend could result from 
biased TESS data. 
	 To quantify the trends we observed in the H-R diagrams, 
we compared the three distributions using absolute magnitude. 
The average absolute magnitude was 3.06 for the random 
Gaia sample, 4.94 for the exoplanet host star sample, and 
4.22 for TESS-Gaia crossmatches. Thus, exoplanet host 
stars were dimmer on average and thus less likely to be 
giant stars or massive main sequence stars, which agreed 
with what we observed in the H-R diagrams. The difference 
in average absolute magnitude between exoplanet host 
stars and Gaia stars was significant (t-test: t-statistic=21.03, 
p-value<0.001), but the difference between host stars and 
TESS-Gaia crossmatches, while evident, was not significant 
enough to rule out observational bias (t-test: t-statistic=1.892, 
p-value=0.059). 
	 The next astrophysical property we examined was 
metallicity. For each stellar population’s metallicity distribution 
(MDFs), we graphed the distribution, determined its basic 
statistical information, and ran Kolmogorov-Smirnov (KS) 
and Anderson-Darling tests to determine if the distributions 
were significantly different. We used LAMOST metallicity 
data to compare LAMOST crossmatches from our random 
sample with host stars in LAMOST. While the random sample 
of LAMOST crossmatches appeared to follow a normal 
distribution of metallicities, exoplanet host star metallicities 
followed a negatively skewed distribution and were much 
greater on average (Figure 2, Table 1). The statistical 
significance of this difference was confirmed when we ran 
the statistical tests on 500 stars from each distribution (KS 
test: p-value<0.001, statistic=0.4, Anderson-Darling test: 
p-value<0.001, statistic=124.51). 
	 However, we observed similar observational bias with 
respect to metallicity in the TESS dataset. The Gaia-LAMOST 
(i.e., random Gaia sample crossmatched with LAMOST) 
and TESS-Gaia-LAMOST crossmatch distributions were 
significantly different (KS test: p-value<0.001, statistic=0.346, 
Anderson-Darling test: p-value<0.001, statistic=84.92; Figure 
2, Table 1). On average, TESS-Gaia-LAMOST crossmatches 
had higher metallicities than the Gaia-LAMOST crossmatches, 
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indicating that TESS favored higher-metallicity stars in its 
target dataset (Figure 2, Table 1). However, the dissimilarity 
between TESS-Gaia-LAMOST crossmatches and the host star 
distribution implied that, while TESS exhibited a metallicity-
related observational bias, it was likely not solely responsible 
for the observed differences in metallicity distributions (KS 
test: p-value=0.0059, statistic=0.115, Anderson-Darling test: 
p-value=0.0035, statistic=5.001; Figure 2). 
	 Regarding host star kinematics, we examined Toomre 
diagrams using Gaia data on stars’ positions, parallaxes, and 
velocities (Figure 3, Appendix). Graphically, we saw that 
host stars had a much tighter distribution than the random 
sample of Gaia stars, but the TESS-Gaia crossmatches also 
shared a similar distribution (Figure 3). To quantify these 
trends, we classified stars as either residing in the galactic 
disk or halo (the two main populated regions of the Milky Way; 
Appendix). By splitting the dataset, we achieved a numerical 
understanding of the percentage of stars in each distribution 
lying in each division of the Milky Way. We found 7.15% of the 
stars in our random sample to reside within the galactic halo, 

0.082% of exoplanet host stars (2 stars), and 0.27% of TESS-
Gaia crossmatches. 
	 To further quantify how stellar kinematics differ in these 
stellar populations, we examined the distributions of vtot 
(Appendix) across the star samples. We found that the Gaia-
TESS crossmatch distribution was very similar to that of the 
Gaia host stars, leading to observational bias in the data 
(KS test of 500 stars from each distribution: p-value=0.935, 
statistic=0.034, Anderson-Darling test: p-value=0.250, 
statistic=-0.752). Considering that the distributions of TESS 
targets and host stars were almost identical, we could not 
conclude that any difference between host stars and the 
general stellar population was not due to bias. However, we 
still observed a significant difference between host stars and 
the general population with respect to the percentage of stars 
in the halo, so more research with a less biased dataset would 
be needed to fully confirm or reject kinematics as a defining 
trait of host stars.

Comparing host star subpopulations
	 Using the exoplanet classifications outlined in Zhu and 
Dong, we assigned each exoplanet from the NASA Exoplanet 
Archive a category and used that to classify stars based on the 
type of exoplanet they host (Table 2) (2). As with comparing 
host stars to our random sample, the first approach we took 
in comparing the host star subpopulations was by graphing 
H-R diagrams of each group of stars (Figure 4). From the 
diagram, we saw noticeable differences between the various 
graphs, but we could not confirm whether these differences 
were intrinsic to the properties of host stars or to the limitations 
of exoplanet detection techniques. 
	 Regarding metallicities, we examined the exoplanet 

Figure 2. Metallicity distribution [Fe/H] functions. Metallicity 
([Fe/H]) gives an indication of how metal-rich a star is, with higher 
values corresponding to a higher metal abundance. N ≈ 74,000 for 
Gaia-LAMOST crossmatches, N ≈ 1,000 for Gaia-LAMOST host 
stars, and N ≈ 400 for TESS-Gaia-LAMOST crossmatches. 

Figure 1. Comparative Hertzsprung-Russell (H-R) diagrams of three stellar samples. Distributions of a) 1,000,000 random Gaia 
DR3 stars, b) Gaia DR3 host stars (Gaia DR3 crossmatched with NASA Exoplanet Archive stars), and c) TESS-Gaia crossmatches from our 
random Gaia selection. Teff (effective surface temperature) refers to the temperature of a star at its surface and gives an indication of the star’s 
color (a hotter star is blue, and a cooler star is red). Absolute magnitude refers to how bright a star is from a set distance away (10 parsecs) 
(see Appendix for a full explanation of an H-R diagram). 

Table 1: Distribution features of metallicity distribution 
functions based on stellar population. Since all measurements 
were taken with LAMOST data, all populations were crossmatched 
with LAMOST; the measurements that pertain to all stars in each 
sample listed are also in LAMOST. 
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subpopulations’ metallicity distribution functions and ran KS 
tests to quantitatively compare them (Figure 5). In addition, 
we also determined basic statistical information for all the 
distributions (Table 2). We saw that stars with large, hot 
planets had significantly higher average metallicities and 
generally very different metallicity distributions compared to 
stars with terrestrial planets. When comparing those types of 
distributions, we found multiple significant differences (Figure 
5). For example, when comparing hot Jupiters with small 
terrestrials, cold Jupiters, and cold Neptunes (opposites in 
size or distance from the host star), the hot Jupiter host stars 

had significantly higher metallicities in all three comparisons. 
By contrast, colder gas giant host stars shared very similar 
metallicities to terrestrial planet host stars (Table 2). Regarding 
our original hypothesis, we found that metallicity was a 
significant differentiator between host star subpopulations. 
	 We then graphed the distributions of stellar kinematics for 
host star subpopulations through Toomre Diagrams (Figure 
6). We saw that the subpopulations mostly followed very 
similar distributions, but we did notice that in a few cases, 
as with metallicity, distributions were significantly different. 
When we ran KS tests, all differences were nonsignificant 

Figure 3. Comparative Toomre diagrams of three stellar samples. Distributions of a) 1,000,000 random Gaia DR3 stars, b) Gaia DR3 
host stars (Gaia DR3 crossmatched with NASA Exoplanet Archive stars), and c) TESS-Gaia crossmatches from our random Gaia selection. 
On each graph, the blue line represents the thick disk/halo division (a rough divide between stars in the galactic disk and halo) that was 
proposed by Bonaca et al. (26). The horizontal axis of the diagram plots the tangential velocity of a star around the Milky Way (vy), and the 
vertical axis plots the velocity of a star away from the center of the Milky Way (see Appendix for full explanation). 

Table 2: Table of host star subpopulation classifications as well as distribution features for metallicity ([Fe/H]) and vtot (km/s) 
distributions. The classifications are the same as those used by Zhu and Dong, but we added a “small terrestrials” category to account for 
smaller terrestrials with longer orbital periods (such as Mercury and Venus in our own solar system) (2). R⊕ is the radius of the Earth. We used 
LAMOST data on metallicities and Gaia kinematic data to gather the data for the distributions. 
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except for when hot Jupiter host stars were compared to 
USP (p-value=0.008), super Earth (p-value<0.001), small 
terrestrial (p-value=0.037), and cold Neptune (p-value<0.001) 
host stars and when hot Neptune host stars were compared 
to USP (p-value=0.021), super Earth (p-value=0.015), and 
cold Neptune (p-value=0.028) host stars. In addition, the 
subpopulations were divided into two groups based on 
the standard deviations of their distributions—hot and cold 
Jupiters had standard deviations between 19 and 20 km/s, 
while the rest of the subpopulations had standard deviations 
between 24 and 29 km/s (Table 2). As with metallicity, we saw 
that the means and standard deviations of the distributions 
had some trends with respect to planet radius and distance 
from the host star. Stars with large-radius planets generally 
had smaller means and standard deviations than stars with 
smaller planets (e.g., comparing hot Jupiters with USPs), and 

stars with more distant planets had higher means than stars 
with closer planets (e.g., comparing hot Neptunes with cold 
Neptunes) (Table 2). We concluded that stellar kinematics 
was able to significantly differentiate host star subpopulations, 
supporting our original hypothesis.  

DISCUSSION
	 We analyzed data from Gaia, LAMOST, and the NASA 
Exoplanet Archive to compare both host stars with the general 
stellar population as well as different host star subpopulations. 
We hypothesized that we would observe significant differences 
in stellar chemistry, classification, and kinematics. Regarding 
stellar classification, we found that currently discovered 
exoplanets primarily orbit dim main sequence stars, whereas 
the general stellar population contained a much larger 
proportion of giant stars. However, there was significant 
observational bias associated with this result. We saw that 
TESS surveyed very few giant stars, which could have been 
one of the reasons we did not observe many exoplanets 
around them. In addition, we noted that planets are harder to 
observe when orbiting larger stars using transit photometry or 
radial velocity, which could also lead to the observed lack of 
giant host stars (3). 
	 We also found that H-R diagrams differentiated host star 
subpopulations through certain trends, such as how stars 
tended to be dimmer when the orbital period and planet radius 
decreased. However, as with comparing host stars to the 
general stellar population, some trends could also be a result 
of bias from detection technique limitations. For example, we 
observed that smaller planets tended to orbit dimmer and 
redder stars (e.g., USP, super Earth, and small terrestrial 
vs. hot Jupiter, cold Jupiter, and cold Neptune host star H-R 
diagrams). While smaller dwarf stars may be more suitable 
for smaller terrestrial planets, exoplanets around these stars 
are much more sensitive to measurement techniques such 
as transit photometry and radial velocity, which could result 
in a biased selection (3). This difference in sensitivity arises 
because exoplanet transits cause proportionately greater dips 
in light relative to a star’s luminosity for smaller stars. Similarly, 
an orbiting planet would cause a smaller star to “wobble” more, 
causing a higher doppler shift for radial velocity methods (3). 
As a result, a small planet around a large main sequence star 
might simply not be detectable, perhaps explaining why we 
could see this trend. Overall, we could not draw conclusive 
results as to the differences between the populations because 
of the potential bias in the data arising from detection 
limitations.
	 Stellar kinematics also differentiated exoplanet host stars 
from the general stellar population. While the random sample 
of Gaia stars had ≈7% of stars in the galactic halo, there 
were only two exoplanet host stars (0.082% of the host star 
population). One explanation for this difference is the Milky 
Way’s chemical composition, as the thin disk has significantly 
more metal-rich stars than the thick disk or halo. Therefore, 
much of what we see kinematically could be the result of 
underlying chemical properties in stars based on location (16). 
However, as with the H-R diagrams, we had to account for 
bias from TESS, as it surveyed very few halo stars (0.27%). 
Within exoplanet host star subpopulations, stellar kinematics 
also highlighted differences between distributions; the vtot 
distributions divided the host star subpopulations into two 
main groups. 

Figure 4: H-R diagrams of exoplanet host star subpopulations 
scattered on top of the H-R diagram for the random sample of 
Gaia stars. Effective surface temperature (Teff) gives an indication 
of the star's color by calculating the temperature on the surface of 
the star. A hotter star is bluer, and a cooler star is redder. Absolute 
magnitude is a measure of how bright a star is from a fixed distance 
away (10 parsecs) (see Appendix for a full explanation of an H-R 
diagram). 
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	 Finally, metallicity was a significant differentiator between 
the different populations of stars in our study. Exoplanet host 
stars were significantly more metal-rich than the general 
stellar population. While we saw bias from TESS, the KS and 
Anderson-Darling tests suggested that TESS’s metallicity 
distribution was still significantly different from that of host 
stars, indicating that the trend is intrinsic to host stars. This 
observation agrees with previous research regarding stellar 
metallicity to planet frequency correlations: planet frequency 
increases with host star metallicity since more metallic stars 
have more solid materials available for planet development 
(17).  
	 Examining the similarity of metallicities of exoplanet host 
star subpopulations with KS tests revealed relationships 
between different types of host stars. We found that 
metallicities were similar for similar types of planets (e.g., hot 
Jupiters and hot Neptunes) and planets that were likely to be 
companion planets or formed around similar stars. An example 
of the latter case is outer gas giants (cold Neptunes or cold 
Jupiters) and small terrestrials. Our collection of data from the 
NASA Exoplanet Archive showed that 22.5% of all known cold 
Neptune planets orbit a star with an inner terrestrial companion 
(USP, super Earth, or small terrestrial), indicating that planetary 
systems with an outer giant and inner terrestrial are common, 

which could explain the similar metallicity distribution between 
the two types of planets’ host stars. We found that a larger 
planet radius and shorter orbital period correlated with greater 
metallicities, which is in accordance with the core-accretion 
model of giant planet formation (18). In the core-accretion 
model, gas giant planets initially develop their inner core from 
the gradual coalescence of small solid particles orbiting a 
star, and this core begins to “accrete” gas once it has become 
sufficiently large (18). The higher abundance of metal in stars 
would lead to more solid particles that could develop into gas 
giants, and a higher concentration of particles would allow the 
gas giant cores to grow larger, allowing them to accrete more 
gas and have a larger planet radius. 
	 Overall, examining H-R diagrams and stellar kinematics 
highlighted certain trends in exoplanet host stars but contained 
bias from TESS’s target selection. By contrast, we discovered 
that metallicity was a very significant differentiator between 
exoplanet host stars and the general stellar population, as well 
as different host star subpopulations. This study can serve as 
a reference to future researchers focusing on the properties 
of exoplanet host star populations and can help test planet 
formation models. To further examine the significance of our 
data, we also recommend analyzing Kepler observational bias 
instead of just TESS bias. Since Kepler primarily observed just 

Figure 5: Metallicity distribution functions of exoplanet host star subpopulations. Plots are labeled by the type of planet stars have. 
The corner plot pairs every combination of two subpopulations together and graphs the metallicity distribution functions on top of each other, 
as well as providing KS test results and sample sizes. Metallicity ([Fe/H]) provides an indication of how metal-rich a star is, with a larger value 
reflecting a higher metal abundance. For the text inside each subplot, the first and second numbers refer to the statistic and p-value given by 
a KS test run on the two populations’ metallicity distributions, respectively. The third number refers to the number of stars in our sample that 
host both types of planets. 
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one portion of the sky, using its data could lead to less bias 
in stellar chemistry as it may not have been as selective of 
the evolutionary stage and metallicity of stars it observed (19). 
As more and more data become available, we recommend 
examining stellar kinematics more with complete thin disk, 
thick disk, halo, and bulge divisions (instead of just the disk/
halo division used in this study), as well as improving our data 
on stellar chemistry with larger sample sizes from future data 
and even more confirmed exoplanets. 

METHODS
Data and methodology
	 To obtain a random sample of stars as the general stellar 
population, we selected 1,000,000 random Milky Way stars 
from Gaia DR3 with Renormalised Unit Weight Error (RUWE, 
an indication of how much error is present overall for a star’s 
measurements) < 1.2 and data on celestial position, parallax, 
proper motion, radial velocity, bp-rp (how blue or red a star 
is), and effective surface temperature. In addition, we used 
the NASA Exoplanet Archive (as of July 18, 2023) to obtain 
the Gaia source ids for exoplanet host stars. We also used 
the archive to classify the exoplanet host stars by the types 
of exoplanets they hosted, using categories outlined in Zhu 

and Dong (Table 1) (2). After classifying the exoplanets, we 
organized the Gaia host stars into 7 subpopulations based on 
these classifications, which had some overlap due to some 
stars having more than one type of exoplanet. To account 
for the overlapping stars, we added an 8th subpopulation of 
host stars, which consisted of stars with more than one type 
of exoplanet (e.g., a super Earth and a cold Neptune). In 
addition, we removed binary host stars from our dataset, as 
we wanted to focus on only single-star systems. 
	 To make the comparisons for our study, we used six 
main datasets: a random sample of Gaia stars, TESS-Gaia 
crossmatches, known exoplanet host stars, Gaia-LAMOST 
crossmatches, TESS-Gaia-LAMOST crossmatches, and 
exoplanet host stars in LAMOST. When comparing the general 
population to exoplanet host stars, we compared the random 
sample dataset (general population) with the known host 
star dataset. Then, to verify that our findings were not due to 
observational bias—selection bias in surveys that can cause a 
nonrandom control group—we compared these two datasets 
with TESS-Gaia crossmatches. Since TESS is NASA’s 
current flagship exoplanet detection mission, bias in the host 
stars it surveys could have an effect on the perceived trends 
of exoplanet host stars, making the additional comparison 
necessary. The bias affecting our results arises from two main 
reasons: detection technique limitations and intentionally 
biased target choices. The two main exoplanet detection 
techniques—transit photometry and Doppler measurements—
are much more sensitive when monitoring less luminous and 
less massive stars (3). Thus, known host stars may be more 
likely to be small main sequence stars simply because of the 
limitations of our detection techniques. As a result of these 
limitations, TESS also intentionally surveys smaller stars, 
which further contributes to the bias (5). We crossmatched 
TESS targets with Gaia targets so that we could use the 
same measurements (Gaia measurements) for both datasets, 
ensuring that there is not a discrepancy in the measurements 
due to instrument differences. When examining metallicity 
trends, we followed the same principle of having a random 
sample, host star, and TESS target group, but instead of using 
Gaia metallicities, we used LAMOST metallicities because 
they are derived from higher resolution equipment (20-
22). As such, we then crossmatched each dataset (random 
sample, host star, and TESS-target) with LAMOST in order 
to use LAMOST metallicities to compare the three. Our 
crossmatching was either performed with Gaia’s built-in ADQL 
server or Topcat (23-25).
	 In the first part of our study (comparing host stars to the 
general stellar population), we used these datasets to compare 
our random sample of 1,000,000 stars in Gaia DR3 (Data 
Release 3) with all known exoplanet host stars using graphs 
and statistical tests. We then compared both datasets to 
TESS-Gaia crossmatches to determine if there was significant 
observational bias from TESS. In the second part of the study, 
we divided exoplanet host stars into overlapping populations 
based on the type of planet they hosted and compared those 
subpopulations. In both cases, we aimed to test whether the 
stellar properties differed between populations enough to be 
considered significant. The three main diagrams we used to 
differentiate the outlined populations of stars are Hertzsprung–
Russell (H-R) diagrams, Toomre diagrams, and Metallicity 
Distribution Functions (MDFs) (Appendix). 
	 When examining stellar kinematics, one method we used 

Figure 6: Toomre diagrams of exoplanet host star subpopulations 
scattered on top of Toomre diagram for random sample of 
Gaia stars. The horizontal axis of the diagram plots the tangential 
velocity of a star around the Milky Way (vy), and the vertical axis 
plots the velocity of a star away from the center of the Milky Way (see 
Appendix for full explanation). 
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to obtain a quantitative measurement of kinematic distributions 
was to classify each star as either residing in the galactic disk 
or halo (the two main populated regions of the Milky Way, 
Appendix). We did this by dividing the diagram using a disk/
halo division, a method to discern between disk and halo 
stars, proposed by Bonaca et al. (26). We identified halo stars 
as having a total galactocentric velocity vtot with |vtot| > 220km/s 
(the blue line in Figure 3, Appendix) (26).

Statistical analyses
	 Throughout this study, we used basic statistical features 
(e.g. mean, median, standard deviation, quartiles) to compare 
two distributions of data and advanced statistical tests (KS 
tests, Anderson-Darling tests, and occasionally t-tests) to 
determine if distributions were significantly different. The KS 
test measures the maximum distance between the empirical 
cumulative distribution functions of two data samples, which 
is then converted to a p-value, which gives the probability that 
the two samples are from the same distribution (30, 31). The 
Anderson-Darling test operates in the same way but places 
more emphasis on the tails of the distributions (32). On the 
other hand, t-tests use the standard deviation and sample sizes 
of two distributions to determine their means are significantly 
different (33). Throughout the entire study, we used a p-value 
cutoff of 0.05 to determine significance. We also reduced all 
sample sizes to 500 samples to both standardize our sample 
size and avoid the tests being overly sensitive (Appendix). 

Programming script
	 Our code for our analysis (as a Jupyter notebook) and 
the survey data used for the study are included in the following 
link: github.com/daniel20082061/exoplanet_research_project.
git. 
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Appendix A: Explanation of Scientific Measurements, Diagrams, Statistical Test 

Preparation, and Smearing Correction 

The total galactocentric velocity vtot is defined as 𝑣𝑡𝑜𝑡 = √𝑣𝑥
2 + (𝑣𝑦 − 𝑣𝑦LSR)

2
+ 𝑣𝑧

2 

(Appendix) and gives an object’s velocity relative to the Local Standard of Rest, or the average 

movement of stars traveling around the Milky Way (15). 𝑣𝑦LSR is equal to about 220 km/s and 

describes the average tangential velocities of stars around the Milky Way (15, 26).  

A star’s metallicity [Fe/H] is defined as [Fe/H] = 𝑙𝑜𝑔10 (
𝑁Fe

𝑁H
)
star

− 𝑙𝑜𝑔10 (
𝑁Fe

𝑁H
)
sun

, where 𝑁Fe 

is the number density of iron and 𝑁H is the number density of hydrogen. The result is that [Fe/H] 

gives a logarithmic measurement of how much greater the iron-to-hydrogen ratio 
𝑁Fe

𝑁H
 is compared 

to that of the sun. An [Fe/H] value of 1 means that a star has ten times more iron compared to its 

hydrogen than the sun does (28).  

The magnitude scale provides a logarithmic measurement of a stars’ brightness. A 

magnitude of 0 is a set brightness, equivalent to approximately how bright the star Vega appears 

from Earth. An increase in magnitude corresponds to a decrease in the measured brightness. 

Absolute magnitude, while still a measure of brightness, gives an indication of a stars’ luminosity 

(J/s, the amount of electromagnetic energy radiated by a star per unit time) by fixing the observer 

distance to 10 parsecs away from the star. Its value can be derived using a stars’ brightness from 

Earth along with the distance to the star (29).  

 

H-R Diagram 

An H-R diagram graphs either the color or surface temperature of the star on the horizontal 

axis and the absolute magnitude on the vertical axis. It allows astronomers to classify stars based 

on trends in the diagram. We can divide stars into spectral classes based on the surface 

temperature or color of the star (e.g. K and M, the reddest spectral classes) as well as group stars 

into “sequences” (trends on the H-R diagram that indicate the brightness and evolutionary stage 

of a star). The largest sequence, or main sequence, contains stars that are fusing hydrogen to 

helium inside their cores and are in their main stage of life. When a star approaches the end of 

its lifetime, it fuses heavier elements and swells, becoming brighter and redder in the process. As 

a result, it appears on a separate branch on an H-R diagram — the giant branch — which breaks 

of the main sequence and contains brighter and redder stars.   
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Toomre Diagram 

A Toomre diagram is one of the most popular ways to view kinematic velocities of stars. 

For every Milky Way star, we can assign three Galactocentric velocities that describe its motion 

relative to the center of the Milky Way: vx, the velocity away from the galactic center parallel to 

the galactic plane; vy, the tangential velocity, or the linear velocity of a star as it is revolving 

around the Milky Way center; and vz, the velocity away from the galactic center perpendicular to 

the galactic plane. In a Toomre diagram, we graph vy on the horizontal axis and √𝑣𝑥
2 + 𝑣𝑧

2 (the 

magnitude of the sum of vx, and vz) on the vertical axis.  

Visualizations of galactic velocities such as the Toomre diagram allow us to understand 

where stars lie inside our Milky Way galaxy. The Milky Way is divided into four main regions: the 

galactic bulge, the thin disk, the thick disk, and the halo. The galactic bulge refers to stars close 

to the center of the Milky Way that usually have a very tight distribution of velocities. Thin disk 

stars are very close to the galactic plane, have a tight kinematic distribution, and are very metal-

rich compared to thick disk stars. The galactic halo spans around and above the galaxy and 

contains stars in the galaxy’s outer reaches; these stars have very different velocities relative to 

each other.  

 

Metallicity Distribution Functions (MDFs) 

In addition, Metallicity Distribution Functions can be used to demonstrate the distribution 

of stellar metallicities in a stellar population. The metallicity distribution contains values of 

metallicities for a certain dataset of stars, and the graphical element of MDFs is a histogram of 

these distributions.  

 

Statistical Test Preparation 

When comparing two 1D distributions with Kolmogorov-Smirnov and Anderson-Darling 

tests, we faced another limitation due to large sample sizes. Both tests tend to become 

extremely sensitive with larger sample sizes, as even a small difference in two distributions can 

cause a significant effect (34). This could negatively affect our results because even a 

minuscule difference between distributions could cause the test to reject the null hypothesis. 

Additionally, not having a standard sample size means that the tests could be more sensitive to 

certain distribution comparisons over others. While we wanted to reduce the sample size, we 

also wanted to avoid too small a sample size, as then we would risk the selected data points not 

being an accurate representation of the entire dataset. Choosing the exact right sample size is 

impossible, as there is no empirical way to determine the best sample size since results can 
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differ based on the dataset being used. As a result, we used a sample size of 500 since it was 

the smallest data size we were confident would not risk misrepresentation. At a sample size of 

around 500, simulated power measurement (the probability of rejecting the null hypothesis when 

it is false) for both KS and Anderson-Darling exceeds 0.9 (for Laplace distributions), which is 

much higher than the conventional standard of 0.8 for research, allowing us to conclude it is 

most likely sufficiently high to avoid a high risk of misrepresentation (34). 

 

Smearing Correction 

One significant limitation of the data provided in the surveys that must be corrected for 

analysis is the “smearing” Milky Way stars can experience from gas clouds in their line of sight; 

stars’ color (bp-rp) can be affected by these gas clouds, giving an inaccurate measurement. To 

bypass this problem, we used effective surface temperature (Teff) in our H-R diagrams instead of 

bp-rp, as Gaia 𝑇eff measurements calculate a star's intrinsic color before deriving 𝑇eff, providing a 

more accurate H-R diagram (27).   

 

 

 


