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A B S T R A C T 

Understanding the demographics of close-in planets is crucial for insights into e x oplanet formation and evolution. We 
present a detailed analysis of occurrence rates for close-in (0.5–16 d) planets with radii between 2 and 20 R ⊕ around FGK 

main-sequence stars. Our study uses a comprehensive sample from four years of TESS Science Processing Operations 
Center full-frame image data cross-matched with Gaia , analysed through our rigorous det ection, v et ting, and v alidation 

pipeline. Using high-confidence planet candidat es, w e apply a hierarchical Bayesian model to determine occurrence rates 
in the two - dimensional orbital period-radius plane. Our results are presented using 10-by-10 bins across the period- 
r adius par amet er space, offering unprecedent ed resolution and statistical precision. We find an overall occurrence rate 
of 9 . 4 

+0 . 7 
−0 . 6 per cent . When using identical binning, our occurrence rate posteriors distributions align with Kepler ’s but have 

a magnitude smaller uncertainties on average. For hot Jupit ers, w e estimat e the ov er all occurrence r ate of 0 . 39 

+0 . 03 
−0 . 02 per cent . 

This value is consistent with the previous Kepler FGK-type result within 1 σ . We find an overall occurrence rate of 
Neptunian desert planets of 0 . 08 ± 0 . 01 per cent , to our knowledge the first such determination. Additionally, in a volume- 
limited Gaia subsample within 100 pc in the same parameter region, we measure an overall planet occurrence rate of 
15 . 4 

+1 . 6 
−1 . 5 per cent and a hot Jupiter occurrence rate of 0 . 42 

+0 . 16 
−0 . 12 per cent . Our results establish an improved foundation for 

constraining theoretical models of exoplanet populations. 

Key words: methods: data analysis – methods: statistical – planets and sat ellit es: det ection – planets and sat ellit es: fun- 
damental parameters – planetary systems. 

1

O
e  

t
e
u  

c
(  

e  

a
i
J  

e  

2  

�

S  

2  

i
a  

S  

A  

w
s

 

fi
t  

p  

2  

2  

B  

©
P
C
r

D
ow

nloaded from
 https://academ

ic.oup.com
/m

nras/article/546/2/stag022/8416408 by guest on 02 April 2026
 INTRODUCTION  

ver the past three decades, the number of confirmed exoplan- 
ts has grown from a handful to several thousand, enabling the
ransition from individual detections to statistical studies of plan- 
tary populations. The statistical characterization of these pop- 
lations, often r eferr ed to as e x oplanet demographics, pr ovides
rucial constraints on models of planet formation and evolution 

e.g . C. Mor dasini, Y. Alibert & W. Benz 2009 ; G. D. Mulders
t al. 2019 ; J. Dr ̨a żkowska et al. 2023 ). Large, uniform transit
nd radial velocity (RV) surveys have revealed striking structures 
n the period–radius and period–mass planes, such as the ‘hot 
upiter (HJ)’ population (e.g. A. Cumming et al. 2008 ; J. T. Wright
t al. 2012 ), the ‘Neptunian desert’ (e.g. Gy. M. Szabó & L. L. Kiss
011 ; C. Beaugé & D. Nesvorný 2012 ; T. Mazeh, T. Holczer &
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. Faigler 2016 ), and the ‘radius valley’ (e.g . B . J. Fulton et al.
017 ; V. Van Eylen et al. 2018 ). Each of these features encodes the
mprint of processes such as disc migration, atmospheric escape, 
nd core accretion efficiency (e.g. E. D. Lopez & J. J. Fortney 2013 ;
. Jin et al. 2014 ; J. E. Owen & Y. Wu 2017 ; R. I. Dawson & J.
. Johnson 2018 ; J. E. Owen & D. Lai 2018 ), and mapping them
ith increasing precision remains a central goal of exoplanetary 

cience. 
The NAS A K epler mission (W. J. Borucki et al. 2010 ) offers the

rst opportunity for statistically robust measurements of plane- 
ary occurrence rates across a wide range of orbital periods and
lanetary radii (e.g. A. W. Howard et al. 2012 ; F. Fressin et al.
013 ; C. D. Dressing & D. Charbonneau 2015 ; E. A. Petigura et al.
018 ; D. C. Hsu et al. 2019 ; S. Bryson et al. 2020 ; D. C. Hsu, E.
 . For d & R. Terrien 2020 ; M. Kunimoto & J. M. Matthews 2020 ;
. Dattilo , N . M. Batalha & S. Bryson 2023 ). Its unprecedented
hotometric precision reveals not only the abundance of small 
lanets but also the fine structures in their distribution (e.g. B.
 This is an Open Access article distributed under the terms of the 
/by/4.0/ ), which permits unrestricted reuse, distribution, and 
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Figure 1. Effective temperature distributions of our TESS -SPOC FGK 

main-sequence stars. Shaded regions represent the temperature bound- 
aries for different FGK spectral types. 
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. Fulton et al. 2017 ; A. Dattilo & N. M. Batalha 2024 ). How ev er,
epler ’s focus on a single, narrow field restricted its stellar sample
 o relativ ely faint targets, making follow-up and confirmation
hallenging. 

NASA’s Transiting Exoplanet Survey Satellite ( TESS ; G. R.
icker et al. 2014 ) enables the extension of the demographic

ev olution t o bright, nearby stars across the entire sky. TESS
bserves the sky in a series of overlapping 27 d sectors, with
xt ended cov erage in its continuous viewing zones, enabling
ensitive searches for short-period ( P � 10 –20 d) transiting plan-
ts (e.g. N. M. Guerrero 2021 ). Its all-sky coverage, empha-
is on bright stars, and systematic observing strategy make it
articularly powerful for constraining the occurrence rates of 
lose-in planets. For FGK main-sequence stars, the brightness
f TESS targets allows precise stellar characterization (e.g. K. G.
tassun et al. 2018 , 2019 ) and facilitates RV follow-up (e.g. C.
. Huang et al. 2018 ), yielding accurate planetary masses and
ensities. 
The TESS mission has already yielded several demographic

tudies of short-period planets (e.g. R. B. Fernandes et al. 2022 ;
. M. Bryant, D. Bayliss & V. Van Eylen 2023 ; K. Ment & D.
harbonneau 2023 ; E. J. Melton et al. 2024 ; S. Vach et al. 2024 ).
ost such studies have focused on young stars or M dwarfs, or

ave analysed early subsets of the TESS data set. Some have
evealed hints of differences between the TESS and Kepler
lanet populations, likely due to differences in target selection,
agnitude limits, and observing baselines. A comprehensive,

tatistically robust census of close-in planets around full-sky
GK main-sequence stars in the TESS era is still lacking. Such
 study can test the universality of features such as refine the
oundaries of the N eptunian desert, impr ove the statistical
recision of hot Jupiter occurrence rates, and provide a uniform,
right-star sample optimized for follow-up. 

In this w ork, w e present a systematic demographic analysis
f close-in ( 0 . 5 < P < 16 d) TESS planets orbiting FGK main-
equence stars. We describe our sample selection in Section 2
nd our completeness estimation in Section 3 , and outline our
ccurrence-rate methodology in Section 3.5 . We then present oc-
urrence rates for our stellar sample (Section 4.2 ), a Gaia 100 pc
 olume-limit ed sample (Section 4.3 ), for hot Jupiters, and Neptu-
ian desert (Section 4.4 ). N e xt, we discuss the impact of different
odels, thresholds and RUWE values on our occurrence rate

esults (Sections 5.1 and 5.2 ) and compare our findings with those
rom Kepler (Section 5.3 ). Finally, we offer future prospects in
ection 5.4 . 

 ST E L L A R  SAMP L E  

his study aims to determine the planet occurrence rate from the
ull-sky TESS observations of FGK-type main-sequence stars. To
chiev e this, w e use a main-sequence sample from L. Doyle et
l. ( 2024 ), which cross-matches objects from the TESS -Science
rocessing Operations Center (SPOC) full-frame image (FFI) re-

eases (D. A. Caldwell et al. 2020 ) with data from Gaia Data
elease 2 (A. G. A. Brown et al. 2018 ) and Data Release 3 (R. L.
mart et al. 2021 ). The TESS -SPOC observations are from the first
our years (Sectors 1–55), which cover most of the fields in the
orthern and Southern hemispheres and the ecliptic region. The
ESS -SPOC select sources mainly by FFI field stars with Tmag
 13.5, but also include some fainter high value objects. Thus we

 equir e that the stars in our sample must be brighter than Gmag
4, have a parallax_over_error > 5, and surface gravity
NRAS 546, 1–16 (2026) 
og g > 3 . 5 to ensure that they are main-sequence stars. Full de-
ails of the sample construction and its properties are available in
. Doyle et al. ( 2024 ) and Lafarga et al. (submitted). 
From the above sample, we further select FGK-type stars using

he TESS Input Catalogue v8.2 (TIC; K. G. Stassun et al. 2019 ;
. Paegert et al. 2021 ), defined by an effectiv e-t emper ature r ange

f 3900–7300 K (M. J. Pecaut & E. E. Mamajek 2013 ; M. Kuni-
oto & S. Bryson 2020 ), yielding a stellar sample of 2097 359

argets for our detection pipeline. Although not severe, the TESS -
POC target selection is heterogeneous to some extent. Given the
ample’s large size and our additional cuts, the resulting targets
an be appr o ximat ed as a uniform, magnitude-limit ed sample of 
GK main-sequence stars. Our planet detection and occurrence
ate estimation are established on this sample, and its effective
emperature distribution is shown in Fig. 1 . We download the FFI
ight curves of our sample from the Mikulski Archive for Space
elescopes. 1 The pr e-sear ch data conditioning simple apertur e
hotometry is used for our planet detection. 

 METHODS  

he det ect ed planets are charact erized by their intrinsic oc-
urrence rate and discovery completeness. To accurately esti-
ate the occurrence rate, it is necessary to assess the efficiency,

r completeness, of the selection process. Completeness maps
hould faithfully r epr esent the entir e sequence fr om observation
 o validation. We achiev e this via simulation, applying the same
ipeline to both simulated and observed stellar samples. We will
riefly introduce the key procedures and our approach to mod-
lling completeness estimates. 

Once we understand the completeness of each stage, calcu-
ating the occurrence rate typically inv olv es w orking back w ards.
n this study, we implement two algorithms: one for qualitative
emonstration and another for quantitative analysis. They can
alidate each other, offering a comprehensive view with different
esolutions and robustnesses. 

https://archive.stsci.edu/hlsp/tess-spoc
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.1 Simulated sample 

he entire process and details of our simulation are described in
. Hadjigeorghiou et al. ( 2025 ). Here, we will introduce the key

deas and choices. 
Our simulated sample is built by constructing planetary or bi- 

ary systems on a target stellar sample. The target stellar sample
hould consist of single stars and have stellar properties that are 
dentically distributed with respect to those of the observed sam- 
le. To do so, we also begin with the stellar sample from L. Doyle
t al. ( 2024 , as described in Section 2 ). Differently from the stellar
ample for detection and occurrence rat e estimation, w e e x clude
ESS Objects of Interest (TOIs), community candidates, Kepler 
bjects of Interest, and K2 candidat es list ed in ExoFOP 

2 , as w ell
s stars with Gaia RUWE greater than 1.05, ensuring that the
 emaining targets ar e likely single stars without known planetary 
ignals. Note that as part of our false positive simulations, higher
UWE stars are in effect ‘created’ from this sample, so our results
re not limited to low RUWE stars. 

Given the scope of our study, we restrict their effective temper-
ture range, based on TIC data, from 3000 to 10 000 K. This range
s broader than that of our current sample used for occurrence 
ate calculations, as we are reserving it for future plans. How ev er,
or our occurrence rate calculations and completeness map esti- 

ations in this w ork, w e limit both our simulated and observed
tellar samples to the same Teff range as our stellar sample (i.e. 
GK stars). This ensures that the simulated sample is directly 
omparable to the stellar sample used in our analysis. In the end,
bout 1.2 million TESS -SPOC FFI stars are used as the target
ample for our simulation. This number is significantly lower 
han the stellar sample in Section 2 , primarily due to the stringent
UWE crit erion w e applied e x cluding almost half of the stars. We
ill discuss the impact of RUWE on our occurrence rate results

n Section 5.2 . 
The construction of planetary systems around the target stars 

s based on orbital simulations and a light curv e generat or. The
lanets’ orbital parameters are sampled fr om pr e-determined 

istributions. For the orbital period and planetary radius, we 
av e tw o different distributions. The first distribution is based on
lanetary occurrence rates, sampling orbital periods and planet 
adii according to their relative occurrence rates from Kepler re- 
ults (D. C. Hsu et al. 2019 ). The second distribution is a log-
niform distribution for both period and radius. Both distribu- 

ions cover orbital periods from 0.5 to 16 d and planet radii
rom 1 to 16 R ⊕. We call the sample with parameters drawn
ased on literature occurrence rates the non-uniform sample, 
nd the sample with uniformly drawn parameters the uniform 

ample. 
For the other parameters, inclinations are drawn from an 

sotropic distribution, p(i ) ∝ sin i for i ∈ [0 , π/ 2] . The argument
f periastron is drawn from a uniform distribution, U (0 , 2 π) .
ccentricities follow the distribution from M. Moe & R. D. Ste- 

ano ( 2017 ), with p e ∝ e η and η = −0 . 3 , truncated at e max (P ) , a
unction of orbital period defined in equation (3) of M. Moe & R.
. Stefano ( 2017 ). They are set to zero for periods shorter than
 d. Albedos are drawn uniformly over [0 , 1] . Planet masses are
ssigned using the empirical mass–radius relation of S. Müller 
t al. ( 2024 ). These distributions are applied identically to both
he uniform and non-uniform samples. We also simulate an- 
 https://e x ofop.ipac.calt ech.edu/t ess/ 
3

ther independent uniform planetary sample with an increased 

 adius r ange up t o 20 R ⊕; this is reserv ed only for complet eness
stimation. 

We also simulate samples for eight differ ent astr ophysical false
ositive (FP) scenarios: 

(1) hierarchical transiting planet (HTP; a planet transits an 

nresolv ed st ellar companion of the target star) 
(2) nearby transiting planet (NTP; a diluting transit system not 

ssociated with the target star) 
(3) back gr ound tr ansiting planet (B TP; a back gr ound transit

ystem blend with the target star) 
(4) eclipsing binary (EB; a secondary star eclipses the target 

tar) 
(5) back gr ound eclipsing binary (BEB; a back gr ound EB sys-

em blend with the target star) 
(6) nearby eclipsing binary (a diluting EB system not associ- 

ted with the target star) 
(7) hierarchical EB system (HEB; a wide orbit EB system 

ound to the target star) 
(8) nearby hierarchical EB system (a diluting HEB system not 

ssociated with the target star). 

Full details of the FP parameter configuration are provided 

n A. Hadjigeorghiou et al. ( 2025 ). We generate light curves
or all simulated systems using jktebop (B. Nelson & W. D.
avis 1972 ; P. B. Etzel 1981 ; D. M. Popper & P. B. Etzel 1981 ;

. Southworth, H. Bruntt & D. L. Buzasi 2007 ). Consequently,
ot all simulated systems produce a light curve; this is primar-

ly due to non-transiting orbital configurations, though unre- 
listic stellar and planetary properties can also cause failures. 
e also e x clude systems whose generated light-curve depth is

elow 300 ppm t o improv e efficiency. We omit the BTP sce-
ario in our study because our simulations show an e xtr emely

ow -success r at e (few er than 500 per million), indicating that
uch cases are rare and can be safely ignored in our valida-
ion. Similar to the planetary simulation, the planetary sys- 
ems in our FPs (HTP , NTP , BTP) are also simulated with or-
ital par ameters dr awn from uniform distributions and from 

iterature. 
The simulations are performed using our modified pastis 

ode 3 (R. F. Díaz et al. 2014 ; A. Santerne et al. 2015 ). We simulate
t least 30 000 objects with successfully generated light curves 
or each scenario, and most scenarios inv olv e more than 100 000
bjects. The final simulated light curves are created by injecting 
he gener ated tr ansiting or eclipsing light curv es int o the corre-
ponding target stars’ TESS -SPOC light curves. 

Unlike some previous work (e.g. S. Giacalone et al. 2020 ), we
o not include period aliases (e.g. twice or half the orbital period)
irectly in our simulations; how ev er, they appear in our training
amples in certain scenarios. We discuss them in Section 3.4 .
dditionally, w e hav e a non-simulat ed false positiv e (NSFP) sce-
ario. It r epr esents any stellar variability or noise featur es not well
odelled in other simulated scenarios. Unlike the other scenar- 

os, the NSFP sample is generated from a randomly selected sam-
le of box least square (BLS) peaks on randomly chosen TESS -
POC light curves after removing TOIs. 
MNRAS 546, 1–16 (2026) 

 https://github.com/ckm3/pastis-dev

https://exofop.ipac.caltech.edu/tess/
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M

Figure 2. Observational bias, detection efficiency, NSFP complet eness, signal-t o-noise ratio (SNR) complet eness, FP complet eness, and combined 
efficiency of transiting planets in our stellar sample as functions of orbital period and planet radius. Each subplot title describes its process; higher 
values indicate more planets retained. 
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.2 Observational bias 

ot all planetary systems are observable via the transit
ethod. We refer to the observability of transiting planets

n our target sample as an observational bias or observational
ompleteness. 

With our reserved uniform planet sample, we can directly ex-
mine the observational bias of the target stars in orbital period
nd planet radius space. We first limit the effectiv e t emperature of 
he target stars to F GK spectr al types. For each bin in period and
adius space, we estimate the yield rate by counting the number
f successfully gener ated tr ansiting planets ov er the t otal number
imulat ed. Due t o the photometric precision of TESS and the
 eliability r equir ements for our occurrence rat es, w e restrict our
bservational-bias calculations to radii ≥ 2 R ⊕. For consistency,
ur other completeness calculations use the same parameter-
pace ranges. 

The upper-left subplot of Fig. 2 shows the observational bias
ap for our target stars. Higher completeness values are con-

entrated at shorter orbital periods and larger planetary radii,
rimarily reflecting the geometric transit probability in our stellar
ample. We also r equir e a minimum candidate transit depth of 
00 ppm to ensure that candidate signals are sufficiently deep to
e robustly detectable in our data. 

.3 Detection efficiency 

etection efficiency quantifies the completeness of transiting
lanets that are successfully det ect ed. We first describe our de-
ection pipeline. 

We begin by detrending the light curves using the Savitzky–
Golay filter (A. Savitzky & M. J. E. Golay 1964 ), applying a third-

egree moving polynomial with a four-day window length. Then,
NRAS 546, 1–16 (2026) 
e apply a GPU-based BLS algorithm using cuvarbase 

4 to the
ntire light curve to identify the five most significant peaks for
ach stellar target. We further select candidates with a signal de-
ection efficiency (G. Kovács, S. Zucker & T. Mazeh 2002 ) greater
han 7 and a multiple event statistic (MES) greater than 0.8. Our

ES algorithm is a modified implementation of J. M. Jenkins
t al. ( 2016 ); see A. Hadjigeorghiou et al. ( 2025 ) for details. Se-
ect ed candidat es ar e further e x cluded if their depth varies by

ore than 50 per cent from the average across sectors or if the
epth in any sector is below 200 ppm. Note this is a separate
ect or-by-sect or cut, as opposed to our 300 ppm average depth
imit in our simulation. 

Analogous to our treatment of observational bias, we compute
he detection efficiency in the orbital period–planet radius plane.
n each bin, we calculate the fraction of corr ectly r ecover ed plan-
ts (period difference within 2 per cent, epoch difference within
.5 d, and det ect ed-t o-inject ed transit-depth ratio and its r ecipr o-
al must be less than 3) relative to the number injected. The top-
iddle subplot of Fig. 2 shows the detection efficiency estimated

rom our simulated sample. Generally, shorter periods and larger
adii yield higher det ection efficiency, consist ent with previous
ignal-to-noise ratio (SNR)-based estimates (e.g. G. D. Mulders
t al. 2018 ). 

.4 Vetting and validation completeness 

lthough many planetary candidates pass the thresholds after
he BLS process, a significant number of false positives remain.
o reliably identify true exoplanets and rule out signals caused
y instrumental effects or astrophysical phenomena, further vet-
ing and validation are usually r equir ed (e.g . T. D. Morton et al.

https://github.com/johnh2o2/cuvarbase
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016 ; S. E. Thompson et al. 2018 ; S. Giacalone et al. 2020 ; D.
 . Armstrong, J . Gamper & T . Damoulas 2021 ; H. V alizadegan
t al. 2022 ). In this w ork, v et ting and v alidation are carried out
y our raven pipeline 5 (A. Hadjigeorghiou & D. J. Armstrong 
024 ; A. Hadjigeorghiou et al. 2025 ), which is designed for TESS
 x oplanet candidates. Her e, we pr ovide only a brief overview of 
he pipeline; for more details, please refer to A. Hadjigeorghiou 

t al. ( 2025 ). 
raven uses two differ ent featur e-based machine learning 

lassifiers for its vetting and validation, specifically a Gradient 
oosted Decision Tree (GBDT) based on the XGBoost (T. Chen 

 C. Guestrin 2016 ) and a Gaussian process (GP) classifier (C. E.
asmussen & C. K. I. Williams 2008 ). The classifiers are binary
nd trained to distinguish true planetary signals against each 

strophysical FP scenario and the NSFP. Due to the uniqueness 
f the latter, the classification result is only used for vetting the
andidates. All classifiers are trained on our simulated dataset, 
hich is split into tr aining, v alidation, and test sets in an 80
er cent, 10 per cent, and 10 per cent ratio, respectively. The fea-
ures used by the classifiers generally fall int o fiv e cat egories:
tellar pr operties (e.g . BP-RP, distance), eclipse parameters (e.g . 
r ansit depth, dur ation, and r atio of semimajor axis and planetary
adius), eclipse significance (e.g. SNR, MES, Single Event Statis- 
ic), nearby metrics (target fraction and nearby fraction, used 

nly for nearby scenarios), and Self-Organising Map (T. Kohonen 

982 ; D . J . Armstrong, D . Pollacco & A. Santerne 2017 ) features.
 complete list of features is available in A. Hadjigeorghiou et al.

 2025 ). 
The feature data may contain orbital period aliases. We exclude 

hese aliases from our planetary scenarios because aliased plan- 
ts are not considered true det ections. How ev er, w e include the
liases in our EB-based scenarios, as they r epr esent a significant
ubset of common FPs. Ther efor e, since our model lacks a train-
ng set for aliased planets, our final planet candidates r equir e
dditional alias removal (see Section 4.1 ). 

Given the presence of seven different FP scenarios, we train 

eparate classifiers for each scenario to distinguish FPs from plan-
ts. Including NSFPs, we thus have eight binary classifiers, with 

ach classifier utilizing two machine learning models, resulting 
n a total of 16 models. To ensur e r eliable statistical results, we
lso balance the sample sizes so that, for each FP and planet pair,
he training set contains an equal number of FPs and planets. We
se the average score of the GBDT and GP models as the com-
ined score. The classification precision on our test set exceeds 
.99 across all scenarios, while recalls are above 0.85 in all cases
 x cept for NTP (0.78) and HTP (0.80). 

We also evaluate the calibration performance, which generally 
ollows the perfect calibration line (see fig. 13 in A. Hadjige- 
rghiou et al. 2025 ). Ther efor e, w e int erpr et the model-pr edicted
cor es as pr obabilities for each scenario. Then, we compute poste-
ior probabilities by combining these scenario probabilities with 

riors for each candidate under Bayes’ theorem. The prior for a 
andidate includes the occurrence rat e, det ection rat e, and po-
itional probability (see A. Hadjigeorghiou & D. J. Armstrong 
024 ). Thus, vet ting and v alidation here can be achieved by set-
ing appropriate posterior probability thresholds to rule out FPs 
nd NSFPs. 

Due to the different planetary signal injections (Section 3.1 ), 
 e hav e tw o simulat ed planetary samples: one uniform and one
 https://github.com/ahadjigeorghiou/RAVEN-Pipeline 

b

�

on-uniform. A ccor dingly, we train two models per classifier for
ach planetary FP – one on the uniform sample and one on
he non-uniform sample. As a result, we obtain two posterior 
robabilities for each object, depending on whether the uniform 

r non-uniform model is used. The differing orbital period and 

adius distributions influence each model to learn the respective 
ntradistribution of its sample. Comparing these two models pro- 
ides a test of the robustness of our occurrence rate estimation. 

In this w ork, w e set the thresholds for the NSFP and FP classi-
ers to 0.9 (where 0 corresponds to 100 per cent false positives
nd 1 to 100 per cent planets) for both non-uniform and uni-
orm models. We selected this value because model calibration is 

or e r eliable for scor es above 0.9 (A. Hadjigeorghiou et al. 2025 ).
 dditionally, e x cessively high thresholds would result in fewer

andidat es, causing complet eness estimation t o fail due t o nu-
er ous zer o detections, as well as increased Poisson noise in our

ccurrence rate calculation. 
Similar to the detection efficiency, we estimate our NSFP and 

Ps completeness using the simulated planet sample. Specifically, 
n each bin, we compute the fraction of correctly classified plan-
ts relativ e t o the number inject ed. For FPs, a planet candidat e
s counted as correctly classified only if all seven models have
osterior pr obabilities gr eater than 0.9. The top-right and bottom-
iddle subplots of Fig. 2 illustrate the completeness of the NSFP

nd FP with non-uniform models. We observe lower complete- 
ess in the FP for regions with larger radii and longer periods,
here candidates can resemble EBs. In areas with smaller radii 

nd shorter periods, the model becomes confused by scenarios 
uch as BEB, NTP, and other nearby cases. Similarly, Fig. 3 shows
he completeness of the NSFP and FP classifiers trained on the
niform sample. Because the uniformly simulated planet distri- 
ution only reflects observational bias, the FP and NSFP classi- 
ers learn this distribution, resulting in higher completeness in 

 egions wher e planets ar e mor e abundant. 
A dditionally, we intr oduce an SNR cut t o further eliminat e

eak signals, particularly those resulting from misclassified 

SFPs. Our SNR is estimated from the trapezoidal fit results,
nd we apply a threshold of 10. The bottom-left subplot of Fig.
 shows the resulting completeness map after our injection-and- 
ecov ery t ests on the simulat ed planets. The SNR complet eness
hows the expected smoothly increasing completeness towards 
horter period and larger radius. 

Differ ent thr esholds r esult in differ ent model outputs and cor-
esponding completeness maps, which in turn affect the occur- 
ence rates. We discuss the impact of varying thresholds further 
n Section 5.1 . 

.5 Occurrence rate estimation 

e apply two commonly used methods to estimate the occur- 
ence rate: the inverse detection efficiency method (IDEM; e.g. A. 

. Howard et al. 2012 ; A. Dattilo et al. 2023 ) and a hierarchical
ayesian model of the Poisson pr ocess (e.g . D . F oreman-Mackey,
. W. Hogg & T. D. Morton 2014 ). 

.5.1 Inverse detection efficiency method 

he occurrence rate of IDEM in a specific bin, denoted as �, can
e generalized using the following equation: 

= 

N p 

N ∗

〈 r〉 
〈 q 〉 , (1) 
MNRAS 546, 1–16 (2026) 
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M

Figure 3. NSFP complet eness, FPs complet eness, and combined efficiency as a function of the orbital period and planet radius. The NSFP and FPs 
models are trained on our uniformly injected sample. 
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her e N p r epr esents the number of planets within a specific bin,
 ∗ denotes the number of host stars, 〈 r〉 is the average reliability

or that bin, and 〈 q 〉 is the av erage complet eness for that bin. In
ost cases, the 〈 r〉 is one as they are v ett ed or confirmed as planets

y different observations. How ev er, IDEM is not w ell-established
n probability theory and can lead to biased results because it does
ot adequately account for uncertainties in transit parameters.
lso, when detection efficiency is low or detections are few or

bsent, it leads to an underestimation and significant fluctuations
n the occurrence rate (e.g. D . F oreman-Mackey et al. 2014 ; D . C.

su et al. 2018 ; W. Zhu & S. Dong 2021 ). 
We demonstrate the use of IDEM with a kernel density func-

ion (KDE) to qualitatively measure planet occurrence, known
s detection efficiency weighted KDE (wKDE). This method has
een applied in various studies (e.g. T. D. Morton & J. Swift 2014 ;
. A. Petigura et al. 2022 ; A. Dattilo et al. 2023 ) to provide a
mooth distribution without binning artifacts. We compute the
KDE by applying a KDE with weights w = r/q . Our reliability
ses the raven probability (the minimum of FP probabilities
nd NSFP probability). Our completeness is modelled using Beta
istributions with the J effr eys prior, based on our injection and
ecov ery t ests ( α = 1 / 2 + n rec , β = 1 / 2 + n inj − n rec ; H. J effr eys
946 ). The bottom right subplots of Figs 2 and 3 display the
ombined efficiency for the non-uniform and uniform models.
his is the product of observational bias and the completeness of 
ur pipeline, where completeness is measured as the number of 
imulated planets that pass through the whole pipeline divided
y the total number of injected planets. 

.5.2 Hierar chic al Bayesian method 

o reliably quantify the occurrence rat e, w e use the hierarchical
ay esian methodology t o model the underlying Poisson process

e.g. S. Tabachnik & S. Tremaine 2002 ; A. N. Youdin 2011 ; D.
oreman-Mackey et al. 2014 ; B. J. Fulton et al. 2021 ). Compared

o IDEM, this approach provides robust uncertainty estimations
nd is more reliable for cases with low detections and low efficien-
ies. This is particularly important for quantifying the Neptunian
esert region. In this w ork, w e slightly modify the original form to

nclude the uncertainties of completenesses, and the reliabilities
f our candidates. The log-likelihood can be written as 

ln L ( θ) = −
∫ 

Q ( ω )�( ω | θ) d ω 

+ 

K ∑ 

k=1 

r k · ln 

( 

1 
N k 

N k ∑ 

n =1 

Q ( ω 

(n ) 
k )�( ω 

(n ) 
k | θ) 

p( ω 

(n ) 
k ) 

) 

. 

(2) 
NRAS 546, 1–16 (2026) 
Her e, θ ar e the parameters for the occurrence rate model. ω
 epr esents physical parameters (orbital period P and planet ra-
ius R p in this study). Thus �( ω ) is the occurrence rate density,
efined as � = d 

2 N p / 
(
d ln P d ln R p 

)
. Q ( ω ) is the completeness

ap, while r k denotes the reliability of the k-th planet. N k is
he number of posterior samples of the k-th planet’s physical
aramet ers. The t erm ω 

(n ) 
k refers t o the n -th sample for the same

-th planet. Additionally, p( ω 

(n ) 
k ) indicates each parameter’s prior

robability distribution for every companion’s posteriors. Here, r k 
erves as a Bernoulli weight on the log-likelihood. When r k = 0 ,
he contribution from the k-th planet is omitted; when r k = 1 , the
og -likelihood r educes to its standard form (D . F oreman-Mackey
t al. 2014 ). 

To account for uncertainties in complet eness, w e also sam-
le the completeness maps from Beta distributions: Q ( ω ) ∼
eta ( α, β) , as described in Section 3.5.1 . We assign the RAVEN
robability of each candidate as r k , consistent with IDEM. The
osteriors of the planets’ physical parameters are fitted and sam-
led using juliet (N. Espinoza, D. Kossakowski & R. Brahm
019 ), with normal distributions as priors p( ω 

(n ) 
k ) . These normal

istributions use the fitted BLS results as the means and set the
tandard deviations to 0.1 for both P and R p . Detailed light curve
rocessing and modelling fitting is available in Section 4.1 . 
We then perform Markov Chain Monte Carlo (MCMC) sam-

ling of our likelihood function using emcee (D. Foreman-
ackey et al. 2013 ). The MCMC is run for a number of steps

 x ceeding 50 times the autocorrelation time to ensure con ver -
ence. Running can be slow due to the large number of posterior
amples of physical parameters and completeness samples, so we
imit the number of posterior sample to 1000. Also, MCMC sam-
ling may struggle t o conv erge with more than 50 bins. Therefore,
e divide the period–radius space into multiple patches if more

han 50 bins are required, run them separately, and then combine
hem together. The division is only applied along the orbital pe-
iod axis because the uncertainties in period are significantly low
nd can be ignored, so the covariance of occurrence rates is not
ffected. 

 R E S U LT S  

.1 Planet candidates 

rom our TESS - SPOC FGK main- sequence stellar sample, we
rst run our detection pipeline for all of them as described in Sec-

ion 3.3 . Then, using the raven pipeline (Section 3.4 ), we identify
361 planet candidates from our stellar sample, with periods and
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Figure 4. wKDE in period and radius space, with the colour scale nor- 
malized logarithmically for better visibility and higher dynamic range. 
Two Neptunian desert boundaries and a potential ‘ridge’ region estimated 
from Kepler are shown with dashed black lines (T. Mazeh et al. 2016 ) and 
dashed red lines (A. Castro-González et al. 2024 ). The bandwidth of KDE 

is 0.3, which is manually tuned for clearly showing the general features 
like hot Jupiters and desert boundaries. The range of our colour scale is 
limit ed t o mat ch that of Fig. 5 t o hav e consist ent visibility. 
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 adii r anging from 0.5 t o 16 d and 2 t o 20 R ⊕, respectiv ely. How-
ver, the sample is not perfectly clean, particularly for candidates 
xhibiting orbital period aliases. 

As discussed in Section 3.4 , our models are not designed to
andle period aliases for planets; an incorrect period would intro- 
uce biases into our occurrence estimates. We ther efor e manually

nspect the data by folding the light curve at different aliases of 
he det ect ed period, e x cluding only candidates that display clear
eriod aliasing. This yields a final sample of 1301 planet candi- 
ates. The number can vary depending on the models and thresh-
lds applied, but the r esulting occurr ence rates should remain
onsist ent. This consist ency arises because our occurrence rate 
odel explicitly accounts for detection completeness and candi- 

ate reliability, both of which change alongside different models 
nd thresholds. We further assess the statistical robustness of our 
ccurrence rates in Section 5.1 by applying various models and 

hresholds. 
As introduced in Section 3.5.2 , we account for the parameter

ncertainties of our planet candidates to achieve a robust oc- 
urrence rate estimation. This is accomplished using juliet (N. 
spinoza et al. 2019 ), which incorporat es GP light-curv e mod-
lling, transit modelling, and nested sampling. Detailed param- 
ter settings and prior distributions are provided in Lafarga et al. 
submitted). Both the nested sampling posteriors and priors are 
tored for our occurrence rate calculations. 

.2 TESS planetary occurrence rates 

iven the final set of planet candidat es, t ogether with our com-
ined completeness maps and reliabilities, we first estimate 
he occurrence rate distribution via the wKDE method (Sec- 
ion 3.5.1 ). Fig. 4 shows the wKDE result. We can clearly see
he differences in occurrence rate density across various regions 
f the parameter space. Known features such as the Neptunian 

esert, together with planet populations like HJs and the abun- 
ance of subN eptunes, ar e all distinctly r ecover ed. Although the
KDE provides a quick and intuitive view of the occurrence-rate 
istribution, we still need a more statistically robust model to 
uantify occurrence rates and compare them with results from 

he literature. 
Thus, we quantify the occurrence rate within our TESS FGK 

ain-sequence stellar sample using the Bayesian method de- 
cribed in Section 3.5.2 . Fig. 5 presents the occurrence rates on
he orbital period–radius plane, using a 10-by-10 grid with both 

xes in logarithmic scale. The value in each bin represents the
verage occurrence as a percentage, that is, the number of plan-
ts per 100 stars. Generally, our quantified result shows consis- 
ent features with the wKDE result in Fig. 4 . The overall occur-
ence in our parameter space ( 0 . 5 < P < 20 d , 2 < R p < 20 R ⊕) is
 . 4 +0 . 7 

−0 . 6 per cent . The direct comparison with Kepler is conducted
n Section 5.3 . 

This occurrence map reveals several notable features while 
r oviding dir ect quantitativ e estimat es of occurrence rat es for
egions such as the distinct Neptunian desert, the piled-up HJs, 
nd the abundance of sub-Neptunes. How ev er, within the scope
f this paper, we will focus briefly on HJs and the Neptunian
esert, comparing our results with previous studies in Section 4.4 .
etailed investigations of the those features will be reserved for 

uture work. 
The occurrence rate for each bin is provided in the Ap-

endix Table A1 . How ev er, w e also offer an online int eractiv e
lot 6 where users can click and select any region using the tools

ike box select or lasso select on the side toolbar to instantly
btain the total occurrence rate and associated uncertainties from 

he title. We recommend that readers use this tool rather than
anually calculating the sum and pr opag ating err ors. We have

lso made the posterior distributions of occurrence rate density 
or each cell available online, 7 facilitating future applications and 

omparisons. 

.3 Gaia 100 pc v olume-limit ed occurrence rate 

nabled by Gaia ’s precise astrometry results and strategically 
electing stars within 100 pc by TESS -SPOC, here we tentatively
resent an analysis of v olume-limit ed planetary occurrence rates 
or FGK main-sequence stars, which is an important comparison 

hat has rarely been conducted before. Utilizing data from Gaia 

nd TESS , we achieve this by cross-matching the Gaia 100 pc
ample with the TIC catalogue. The Gaia Nearby Star Catalogue 
R. L. Smart et al. 2021 ) comprises 331 312 objects within 100 pc.

e perform a cross-match with TIC using an 8 arcsec radius
nd selected the closest matches, resulting in 329 921 common 

bjects, a completeness rate of appr o ximately 99.6 per cent. 
Subsequently, we identified FGK main-sequence stars (with ef- 

ectiv e t emperatures betw een 3900–7300 K and log g > 3 . 5 ) based
n TIC parameters, yielding a subset of 56 197 stars. Of these,
ESS -SPOC observed 48 622 within Sectors 1–55. We also eval-
at ed the complet eness of our cross-mat ched sample across dif-

er ent temperatur e r anges as illustr ated in Fig. 6 . Although the
umber of TESS -SPOC cross-matched samples is relatively lower 

han that of Gaia ’s F GK dw arfs within the same distance range
100 pc), quantitativ ely, the complet eness for F, G, and K types all
emain above 85 per cent. 
MNRAS 546, 1–16 (2026) 
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Figur e 5. Occurr ence rat es of planet candidat es around TESS - SPOC FGK main- sequence stars. Each cell displays the average occurr ence as a per centage 
(number of planets per 100 stars), along with the corresponding uncertainties (the difference between the 16th and 84th percentiles and the median). 
For clarity, text in cells with an occurrence rate below 0.01 per cent is displayed in white. The colour of each cell encodes the occurrence rate 
density, d 2 N p / (d ln P d ln R p ) , per 100 stars. The logarithmic colour scale is truncated at 0.5 to enhance visibility. We also provide an online int eractiv e plot 
that allows users to easily select any region and obtain its total occurrence rate. 

Figur e 6. Temperatur e distributions of FGK main-sequence stars within 
100 pc from Gaia data, compared to those observed by TESS -SPOC across 
the 1–55th sectors. Shaded regions represent the temperature boundaries 
for different FGK spectral types. 
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We then apply the same pipeline to the observed volume-
imited sample, using the non-uniform FP models, setting the
SFP, FPs, and SNR thresholds to 0.9, 0.9, and 10, respectively.
his yields 125 planetary candidates within our parameter space

ange ( 0 . 5 < P < 16 d , 2 < R p < 20 R ⊕). We further fit their
lanetary parameters and estimate the occurrence rate by incor-
orating the completeness map and using the Bayesian method
s pr eviously described. N otably, because of the significant dif-
erences in stellar properties between magnitude-limited and
 olume-limit ed samples, all complet eness maps must be recal-
ulated. The 100 pc sample, in particular, contains a higher pro-
ortion of K dwarfs, and its stars tend to be apparently brighter.
ig. 7 shows effective temperature and Gaia Gmag distributions
f the observed 100 pc sample and our simulated sample. 

To address this, importance sampling is applied to our simu-
at ed sample t o mat ch the effectiv e t emperature and Gmag distri-
utions of the 100 pc sample: the simulated sample is w eight ed
y the ratio between the target (100 pc sample) probability den-
ity and our simulated probability density. Effective temperature
nd Gmag are used because, for main-sequence stars, most other
tellar properties, such as stellar radius, light curve noise levels,
nd cr owdings ar e either closely r elat ed t o these tw o paramet ers

r can be assumed to have the same distribution in the simulated 

https://cuikaiming.com/TESS-SPOC-Occurrence-Rate/
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Figure 7. 2D KDE contours showing the effective temperature and Gaia 
G -band magnitude distributions for our TESS -SPOC simulated sample 
and for Gaia 100 pc FKG main-sequence stars observed by TESS -SPOC. 

Figure 8. Combined completeness of Gaia 100 pc FGK main-sequence 
stars. 
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Figure 9. Similar to Fig. 5 , occurrence rates of Gaia 100 pc sample. 

Figure 10. Posterior distributions of planetary occurrence rates for both 
the Gaia 100 pc sample and our TESS -SPOC sample. The black and fuch- 
sia lines r epr esent the Gaia 100 pc and TESS -SPOC samples, respectively. 
In each cell, the x -axis of occurrence rates ranging from 1 × 10 −6 per cent 
to 50 per cent with logarithmic scale, and the heights of the distribu- 
tions are scaled according to the highest histogram in each cell. The 
back gr ound diverging colour map indicates the ratio of occurrence rates 
betw een the tw o samples. The colour scale is manually centred at one; 
the actual minimum ratio is appr o ximately 0.4. 
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nd real samples. Note that there are a few faint stars (Gmag >
4) in the 100 pc sample that are not included in our TESS -SPOC
imulated sample, so their contributions to the completeness may 
ot be accurately modelled. Fig. 8 shows the combined complete- 
ess map for the 100 pc sample. We reduce the number of bins to
itigate fluctuations caused by a few high-weight points. 
Following the same pr ocedur e, w e estimat e the occurrence rate

or the 100 pc sample. How ev er, due t o importance sampling, the
umbers for injection and r ecovery ar e not feasible to obtain.
her efor e, we use the expected values of completenesses directly, 
ithout modelling them with Beta distributions. Fig. 9 presents 

he occurrence rate distributions, and the overall occurrence rate 
n our parameter space is 15 . 4 +1 . 6 

−1 . 5 per cent , which is higher than
ur TESS -SPOC result. In detail, Fig. 10 compares the posteriors
f our magnitude-limited and volume-limited samples within 

ach bin. The colour map in Fig. 10 is scaled so that the white
idpoint r epr esents wher e the Gaia 100 pc and TESS -SPOC me-

ian occurrence rates are equal. On this scale, bluish colours 
ndicate that the TESS -SPOC occurrence rate is higher than that
f Gaia 100 pc, wher eas r eddish colours indicate that the Gaia
00 pc occurrence rate is higher than that of TESS -SPOC. 

As expected, the Gaia 100 pc occurrence rate shows larger un-
ertainties because of limited sample size. In most bins, the Gaia
00 pc sample generally shows higher occurrence rates, although 

hese rates are consistent within 1 σ . This elevation can be at-
ribut ed t o the sample’s larger proportion of K-type stars, reflect-
ng the known temperature dependence of planetary occurrence 
MNRAS 546, 1–16 (2026) 
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ates (e.g. M. Kunimoto & J. M. Matthews 2020 ). The especially
igh-occurrence rates in the 100 pc sample for shorter periods
 < 1 - 2 d) are due to the very small number of detections and the
imited size of the stellar sample, which is much smaller than that
f the TESS -SPOC sample. Because a smaller stellar sample sets
 relatively high lower limit on the minimum measurable occur-
ence rat e, ev en a few det ect ed planets can result in a noticeably
igher inferred rate compared to the TESS -SPOC sample, which
ontains far more stars. 

.4 Hot Jupiters and the Neptunian desert 

s one of the most pr ominent featur es in planet occurrence rate
istributions, the occurrence of hot Jupiters has been widely
tudied. A. W. Howard et al. ( 2012 ) found 0 . 4 ± 0 . 1 per cent
or Kepler GK-type stars. Later, F. Fressin et al. ( 2013 ) reported
 . 43 ± 0 . 05 per cent for Kepler F GK dw arfs, and A. Santerne
t al. ( 2016 ) obtained 0 . 47 ± 0 . 08 per cent for Kepler F5–K5 V-
ype stars. E. A. Petigura et al. ( 2018 ) estimated 0 . 57 +0 . 14 

−0 . 12 per cent
or Kepler FGK-type stars. G. Zhou et al. ( 2019 ) measured an HJ
ccurrence rate of 0 . 41 ± 0 . 10 per cent for early TESS AFG-type
tars; subsequently, M. Beleznay & M. Kunimoto ( 2022 ) derived
 . 33 ± 0 . 04 per cent for AFG-type stars in a larger sample. Stud-
es of M dwarfs (e.g. E. M. Bryant et al. 2023 ; T. Gan et al. 2023 )
ndicat e low er occurrence rat es t oward low er st ellar masses. Oth-
rs have examined HJ occurrence as a function of metallicity, age,
nd evolutionary stage (e.g. X. Guo et al. 2017 ; A. Osborn & D.
ayliss 2020 ; S. Miyazaki & K. Masuda 2023 ; M. Temmink & I. A.
. Snellen 2023 ; S. W. Yee & J. N. Winn 2023 ). 
We refine our HJ parameter space to 0 . 8 < P < 10 d and 8 <

 p < 20 R ⊕, identifying 432 HJ candidates in our TESS -SPOC
ample. This number is broadly consistent with the predic-
ions of S. W. Yee, J. N. Winn & J. D. Hartman ( 2021 ). Using
he same method, we derive an overall HJ occurrence rate of 
 . 39 +0 . 03 

−0 . 02 per cent . This value is fully consistent with previously
 eported r esults for the Kepler F GK and some TESS AF G samples.
n our analysis of the Gaia 100 pc sample, we also estimate an
ver all HJ occurrence r ate of 0 . 42 +0 . 16 

−0 . 12 per cent . This v alue with
ts relative larger uncertainty is in agreement with the above
stimations within 1 σ . 

Due to the low number of planets in the Neptunian desert, as
ar as we are aware, no previous work has directly reported its
verall occurrence rat e. How ev er, w e can estimat e the Neptunian
esert occurrence rate in the Kepler data using our posterior dis-
ribution derived from D. C. Hsu et al. ( 2019 ). Adopting the desert
oundary defined by A. Castro-González et al. ( 2024 ) and assum-

ng that the occurrence rate within each bin is uniformly dis-
ributed on a logarithmic scale, we can calculate the overall Nep-
unian desert occurrence rate from Kepler data. Since much of the
esert region remains undet ect ed, w e adopt the 95th percentile
s a conservative upper limit, which is 0.69 per cent. Within the
oundary, our sample has 108 candidates, and applying the same
esert boundary to our posterior distributions yields an overall
ccurrence rate for TESS -SPOC of 0 . 08 ± 0 . 01 per cent , with a
5th percentile upper limit of 0.10 per cent. Our results provide
he first direct constraint on the overall occurrence rate of the
eptunian desert within these boundaries. Our results are con-

istent with the Kepler upper limit, in contrast with the poten-
ially higher desert occurrence rate in TESS data reported in the
r eliminary r esults of E. J. Melton et al. ( 2024 ). 
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 DISCUSSION  

.1 Effect of different models and thresholds 

ur occurrence rate calculations rely heavily on our vetting and
alidation models; they affect both the number of det ect ed plan-
ts and the complet eness estimat es. Nev ertheless, the occurrence
ate estimation process should yield robust results under the fol-
owing ideal conditions: (1) The stellar properties in our simula-
ions match those of the observed stellar sample; (2) the simu-
ated sample is processed by the same pipeline as the observed
ample, with no data leakage; and (3) the vetting and validation
odels produce statistically reliable posterior probabilities. 
To meet these r equir ements: (1) We select the simulated sam-

le from the same sources as the observed stellar sample, re-
oving only binaries and known planets; (2) we evaluate com-

leteness with the same pipeline used for detection, maintain a
lear training/test split, and never use the observed light curves
hen training and evaluating models (e x cept for NSFP, which

r e sampled fr om observed BLS peaks, but their number is lim-
ted); and (3) although it is impossible to know the true posterior
r obabilities of candidates, e x cept for confirmed planets and FPs,
ur machine learning models are well calibrated, supporting the
eliability of their probabilities. In addition, adopting a relatively
igh-decision threshold helps ensure that the selected candidates
an be treated as confirmed planets. 

Based on the discussion abov e, w e t est the robustness of our
ccurrence rat e estimat es by varying the models and thresh-
lds. Specifically, we e xplor e two validation models (uniform and
on-uniform), FP thresholds of 0.90, 0.95, and 0.99, and SNR

hresholds of 10, 15, and 20, resulting in 18 distinct combina-
ions. For each of these 18 cases, we estimate the occurrence
ate using the same hierarchical Bayesian procedure and ob-
ain their corresponding posterior distributions. For convenience,
e use the same bin configuration as D. C. Hsu et al. ( 2019 ),

ince we will be comparing our posteriors with theirs as well
see Section 5.3 ). Fig. 11 shows the posterior distributions of the
ccurrence rates for all combinations considered, highlighting
oth our selected threshold and the results of D. C. Hsu et al.
 2019 ). 

We measure the relativ e scatt ering of occurrence rat e post e-
ior distributions by calculating the median absolute deviation
MAD) of median occurrence rates over the median uncertainty
or posteriors in each cell. Overall, our posterior distributions re-

ain self-consistent across most threshold combinations in most
ins, only four bins show the MAD over median uncertainties
reater than one. These cases can be found in Fig. 11 by their
ncreased scatter and always occur at the edges of the parameter
pace. We highlight the most pronounced discrepancies in Ap-
endix B , and we show that the main differences arise from using
 x cessively high FP threshold or uniform models. 

In principle, as discussed, the occurrence rate should remain
onsistent r eg ar dless of the FP or SNR thr eshold and model used.
ow ev er, at higher thresholds, estimating completeness becomes

ifficult because the r ecover ed simulated sample size in some
ins is very small, sometimes zero, leading to highly uncertain
stimates. A similar issue arises for the uniform models: Assum-
ng planets occur uniformly in orbital period and planetary radius
pace, the simulated uniform sample is dominated by observa-
ional bias, yielding very few observable planets at longer periods
nd smaller radii. Consequently, the simulated sample used to
stimat e FP complet eness can be e xtr emely limited, sometimes
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Figure 11. Similar to Fig. 10 , this figure shows the posterior distributions of planetary occurrence rates for our TESS -SPOC sample using various 
thresholds, alongside Kepler results. The fuchsia lines represent the Kepler findings from D. C. Hsu et al. ( 2019 ), while the green curves correspond to 
our model’s results across 18 different threshold combinations. The black line denotes our selected model, which uses a non-uniform model with NSFP 
and FP thresholds of 0.9 and an SNR threshold of 10. In each cell, the x -axis of occurrence rates ranging from 1 × 10 −5 per cent to 100 per cent with 
logarithmic scale. The background diverging colour map shows the ratio of occurrence rates between our chosen model and the Kepler results. The 
colour map scale is manually centred at one; the actual maximum ratio is approximately five. 
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early zero. Thus it suffers from both too few detections and too
ew injections. This is evident in Fig . 3 , wher e the bottom-right
in shows zero completeness. 

Given these results and analyses, we can confidently state that 
ur occurrence rate estimates are robust. 

.2 Effect of RUWE 

s a commonly used binarity metric, RUWE may indicate dif- 
er ent planetary occurr ence rat es betw een low and high values.
o quantify differences in occurrence rates between low-RUWE 

 < 1.05) and high-RUWE ( > 1.05) stars, we divide our stellar sam-
le into these two gr oups, r esulting in 54 per cent low-RUWE
tars and 46 per cent high-RUWE stars. In our raven pipeline, 
UWE affects our HTP and HEB priors: when RUWE is less than
.05, we reduce the HTP and HEB priors by preset factors, and
hen RUWE e x ceeds 1.4, we incr ease the HTP and HEB priors
y specific factors (detailed in A. Hadjigeorghiou et al. 2025 ). 
hus, w e calculat e complet eness by applying the low-RUWE 

rior to low-RUWE cases and the high-RUWE prior ( > 1.05) to
igh-RUWE cases. N e xt, w e separat e our high-confidence planet
andidat es int o low RUWE and high RUWE groups and apply
he same occurrence rate estimation methodology to each. This 
llows us to compare their occurrence rates in detail. 

Fig. 12 shows a comparison of planetary occurrence rates be- 
ween stars with low- and high-RUWE values. Even though all 
heir differences are within one magnitude, the high RUWE sam- 
le generally exhibits lower occurrence rates. This trend may 
e related to the pr evalence of unr esolved binaries, which can
oth influence RUWE measurements and impact planet detec- 
ion. Our results suggest that unresolved binaries may suppress 
lanet formation or reduce the likelihood of detecting planets 

n these systems. Further investigation into the relationship be- 
ween RUWE, binarity, and planetary systems will r equir e a
eeper understanding of the RUWE parameter, which is expected 

 o improv e with the release of Gaia DR4. 

.3 TESS and Kepler occurrence rate comparison 

her e ar e many occurr ence rat e estimat es based on Kepler FGK
tars (e.g. D. C. Hsu et al. 2019 ; M. Kunimoto & J. M. Matthews
020 ). Her e, we compar e our results with those of D. C. Hsu
t al. ( 2019 ) within the same parameter space range ( 0 . 5 < P <
6 d , 2 < R p < 16 R ⊕). Since D. C. Hsu et al. ( 2019 ) only provides
MNRAS 546, 1–16 (2026) 
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M

Figure 12. Similar to Fig. 10 , this figure shows the posterior distributions 
of planetary occurrence rates for low-RUWE ( < 1 . 05 ) and high-RUWE 

( > 1 . 05 ) stars. The black lines indicate the high-RUWE sample and the 
fuchsia lines indicate the low-RUWE sample. The back gr ound diverging 
colour maps the ratio of median occurrence rat es betw een low-RUWE 

and high-RUWE sample. 

o  

c  

b  

o  

u  

G  

r
t

 

1  

o  

p  

s  

r  

t  

r  

1  

o  

r
 

r  

d  

t  

o  

a  

r  

T
 

d  

(
o  

a  

s  

p  

g  

r  

e  

1  

a  

i  

c  

a

5

G  

n  

s  

t  

t  

v  

d  

r  

e  

e  

t
 

v  

w  

6

I  

e  

a

 

F  

v  

o  

T
 

a  

c  

a
 

p  

m  

y
 

o  

a  

a  

a
 

A  

r
0
o

 

a  

p  

o

 

t  

r  

a  

p  

s

D
ow

nloaded from
 https://academ

ic.oup.com
/m

nras/article/546/2/stag022/8416408 by guest on 02 April 2026
ccurrence rates with uncertainties at the 16th and 84th per-
entiles, we fit these uncertainty percentiles with Gamma distri-
utions to dir ectly compar e their occurrence rate posteriors with
urs. For occurrences where D. C. Hsu et al. ( 2019 ) only provides
pper limits due to zero detections, we assume the mean of a
amma distribution is half of the 84th percentile value, which

oughly matches their posterior distributions shown in fig. 5 of 
heir paper. 

For the overall occurrence rate, D. C. Hsu et al. ( 2019 ) gives
1 . 4 +1 . 2 

−1 . 1 per cent (this value is estimated from the above posteri-
rs; the direct sum over bins with non-zero detections yields 11.0
er cent. Since we do not have access to their posterior samples,
mall differences may be present). Our TESS -SPOC occurrence
ate estimation within 2 < R p < 16 R ⊕ is 9 . 2 +0 . 7 

−0 . 6 per cent , consis-
ent within 1 . 5 σ . We also adopt the largest common parameter
ange from M. Kunimoto & J. M. Matthews ( 2020 , 0 . 75 < P <
2 . 5 d , 2 < R p < 16 R ⊕). Compared to their overall median value
f 6.7 per cent (not accounting for the upper limit in the desert
egion), our result of 7 . 2 ± 0 . 5 per cent is consistent within 1 σ . 

To have a detailed comparison, we use the same bin configu-
ation as D. C. Hsu et al. ( 2019 ) and run our Bayesian model as
escribed in Section 4.2 . Fig. 11 compares the posterior distribu-
ions of occurrence rate estimates for each bin. The colour scale
f this plot is set to be one when the occurrence of TESS -SPOC
nd Kepler are equal. Thus the bluish bins show our occurrence
ates are lower than Kepler , while the reddish colour indicate our
ESS -SPOC occurrence rate is higher than Kepler . 
From the Fig. 11 , we can see that our occurrence rate posterior

istributions are significantly tighter than those of D. C. Hsu et al.
 2019 ) in most bins. On average, the 1 σ uncertainty ranges of 
ur posteriors (defined as the difference between the 84 per cent
nd 16 per cent percentiles) are roughly an order of magnitude
maller than those reported by D. C. Hsu et al. ( 2019 ). This im-
rovement is particularly evident near the Neptunian desert re-
ion. Within the desert, our posteriors provide bet ter constr aints,
educing some of the uncertainties present in that region. For
xample, in the bins with 0 . 5 < P < 1 . 0 d , 4 . 0 < R p < 6 . 0 R ⊕ and
NRAS 546, 1–16 (2026) 
 . 0 < P < 2 . 0 d , 8 . 0 < R p < 12 . 0 R ⊕, D. C. Hsu et al. ( 2019 ) report
nomalously high-occurrence rates compared to their surround-
ng bins, whereas our results show lower values that are more
onsistent with those of the adjacent desert r egions, r esulting in
 more well-defined Neptunian desert. 

.4 Futur e pr ospects 

iven our comprehensive pipeline and occurrence rate results,
umer ous dir ections r emain to be e xplor ed. For instance, futur e
tudies can inv estigat e occurrence rat es across various stellar
ypes, metallicities, and evolutionary stages, with particular at-
 ention t o sub-Neptunes and hot Jupit ers. Additionally, it will be
aluable to precisely quantify the boundaries of the Neptunian
esert, as well as determine the locations and significance of the
idge and savanna (V. Bourrier et al. 2023 ; A. Castro-González
t al. 2024 ), and to compare these findings with theoretical mod-
ls of planet formation and evolution. We plan to address these
opics in future research. 

A dditionally, e xtending our pipeline to more TESS FFI obser-
ations, specifically t o sect ors bey ond sect or 55, is a straightfor-
 ard w ay to e xpand the sample size and obtain higher pr ecision.

 CONCLUSION  

n this study, we measure the occurrence rates of TESS close-in
 x oplanets orbiting FGK main-sequence stars. Our main results
re summarized as below: 

(1) We measured the occurrence of close-in exoplanets around
GK main-sequence stars using four years of TESS -SPOC obser-
ations. Our analysis spans orbital periods of 0.5–16 d and radii
f 2–20 R ⊕, evaluated on a 10 × 10 grid in period–radius space.
he results are robust, as confirmed by our tests. 

(2) For the magnitude-limited TESS -SPOC sample, the over-
ll occurrence rate is 9 . 4 +0 . 7 

−0 . 6 ] per cent , and the distributions are
onsistent with the Kepler -based estimates (D. C. Hsu et al. 2019 )
cross most of the commonly studied parameter space. 

(3) The Gaia Nearby Star Catalogue, v olume-limit ed subsam-
le within 100 pc exhibits a similar structure in the occurrence
ap but systematically higher rates with larger uncertainties,

ielding an overall occurrence of 15 . 4 +1 . 6 
−1 . 5 per cent . 

(4) In the HJ regime, we find an occurrence rate
f 0 . 39 +0 . 03 

−0 . 02 per cent in the full TESS -SPOC sample. Our results
re consistent with Kepler FGK results within 1 σ . These findings
re also consistent with those from the 100 pc sample, which has
n HJ occurrence rate density of 0 . 42 +0 . 16 

−0 . 12 per cent . 
(5) For the Neptunian desert, adopting the boundary from

. Castro-González et al. ( 2024 ), we find an overall occurrence
ate of 0 . 08 ± 0 . 01 per cent , with a 95th percentile upper limit of 
.10 per cent. Our results significantly enhance the precision of 
ccurrence rate estimates made possible by TESS . 

(6) Together, these comparisons demonstrate that our system-
tic detection, validation, and occurrence rate estimation reliably
r ovide str onger constraints on the demographics of close-in ex-
planets orbiting FGK main-sequence stars. 

TESS -SPOC provides a powerful platform for exoplanet statis-
ics. Ext ending t o additional sect ors, broader period-radius
anges, and higher-dimensional dependences (e.g. stellar mass
nd metallicity), alongside continued refinement of our com-
leteness and reliability models, will sharpen the empirical con-
traints and test theoretical predictions. 
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P P E N D I X  A:  OCCURRENCE  RATE  TAB L E S  

able A1 lists the occurrence rate values and uncertainties of 
ig. 5 . Table A2 lists the occurrence rate values and uncertainties
f Fig. 9 . 
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able A1. Occurrence rates (number of planets per 100 stars) of our 10-by −10

eriod ranges (d) Radius ranges ( R ⊕) Occurrence rates (per cent) P

.50–0.71 2.00–2.52 0 . 0015[+0 . 0024 , −0 . 0011] 

.50–0.71 3.17–3.99 0 . 0012[+0 . 0011 , −0 . 00079] 

.50–0.71 5.02–6.32 0 . 00033[+0 . 00050 , −0 . 00024] 

.50–0.71 7.96–10.02 0 . 00043[+0 . 00041 , −0 . 00027] 

.50–0.71 12.62–15.89 0 . 00018[+0 . 00029 , −0 . 00013] 

.71–1.00 2.00–2.52 0 . 0053[+0 . 0049 , −0 . 0033] 

.71–1.00 3.17–3.99 0 . 0014[+0 . 0015 , −0 . 00092] 

.71–1.00 5.02–6.32 0 . 00025[+0 . 00043 , −0 . 00019] 

.71–1.00 7.96–10.02 0 . 00017[+0 . 00027 , −0 . 00013] 

.71–1.00 12.62–15.89 0 . 00097[+0 . 00087 , −0 . 00058] 

.00–1.41 2.00–2.52 0 . 0089[+0 . 0090 , −0 . 0059] 

.00–1.41 3.17–3.99 0 . 0051[+0 . 0033 , −0 . 0025] 

.00–1.41 5.02–6.32 0 . 00052[+0 . 00071 , −0 . 00039] 

.00–1.41 7.96–10.02 0 . 00019[+0 . 00031 , −0 . 00014] 

.00–1.41 12.62–15.89 0 . 0028[+0 . 0011 , −0 . 00085] 

.41–2.00 2.00–2.52 0 . 022[+0 . 017 , −0 . 012] 

.41–2.00 3.17–3.99 0 . 0023[+0 . 0026 , −0 . 0016] 

.41–2.00 5.02–6.32 0 . 0021[+0 . 0014 , −0 . 0010] 

.41–2.00 7.96–10.02 0 . 00031[+0 . 00050 , −0 . 00023] 

.41–2.00 12.62–15.89 0 . 0039[+0 . 0013 , −0 . 0011] 

.00–2.83 2.00–2.52 0 . 049[+0 . 036 , −0 . 026] 

.00–2.83 3.17–3.99 0 . 011[+0 . 0065 , −0 . 0052] 

.00–2.83 5.02–6.32 0 . 0057[+0 . 0024 , −0 . 0020] 

.00–2.83 7.96–10.02 0 . 00094[+0 . 0010 , −0 . 00063] 

.00–2.83 12.62–15.89 0 . 015[+0 . 0030 , −0 . 0027] 

.83–4.00 2.00–2.52 0 . 14[+0 . 063 , −0 . 052] 

.83–4.00 3.17–3.99 0 . 013[+0 . 011 , −0 . 0080] 

.83–4.00 5.02–6.32 0 . 018[+0 . 0055 , −0 . 0045] 

.83–4.00 7.96–10.02 0 . 0054[+0 . 0026 , −0 . 0021] 

.83–4.00 12.62–15.89 0 . 061[+0 . 0068 , −0 . 0064] 

.00–5.66 2.00–2.52 0 . 64[+0 . 16 , −0 . 15] 

.00–5.66 3.17–3.99 0 . 025[+0 . 017 , −0 . 014] 

.00–5.66 5.02–6.32 0 . 014[+0 . 0071 , −0 . 0065] 

.00–5.66 7.96–10.02 0 . 0098[+0 . 0038 , −0 . 0031] 

.00–5.66 12.62–15.89 0 . 054[+0 . 0081 , −0 . 0076] 

.66–8.00 2.00–2.52 0 . 87[+0 . 26 , −0 . 22] 

.66–8.00 3.17–3.99 0 . 071[+0 . 032 , −0 . 029] 

.66–8.00 5.02–6.32 0 . 017[+0 . 0089 , −0 . 0075] 

.66–8.00 7.96–10.02 0 . 024[+0 . 0061 , −0 . 0056] 

.66–8.00 12.62–15.89 0 . 028[+0 . 0086 , −0 . 0074] 

.00–11.31 2.00–2.52 1 . 7[+0 . 43 , −0 . 39] 

.00–11.31 3.17–3.99 0 . 17[+0 . 062 , −0 . 055] 

.00–11.31 5.02–6.32 0 . 018[+0 . 011 , −0 . 0088] 

.00–11.31 7.96–10.02 0 . 029[+0 . 0076 , −0 . 0066] 

.00–11.31 12.62–15.89 0 . 015[+0 . 010 , −0 . 0076] 
1.31–16.00 2.00–2.52 1 . 2[+0 . 52 , −0 . 44] 
1.31–16.00 3.17–3.99 0 . 27[+0 . 093 , −0 . 082] 
1.31–16.00 5.02–6.32 0 . 11[+0 . 026 , −0 . 024] 
1.31–16.00 7.96–10.02 0 . 029[+0 . 011 , −0 . 0093] 
1.31–16.00 12.62–15.89 0 . 021[+0 . 017 , −0 . 012] 
 bins of Fig. 5 . Values are reported to two significant figures. 

eriod ranges (d) Radius ranges ( R ⊕) Occurrence rates (per cent) 

0.50–0.71 2.52–3.17 0 . 0019[+0 . 0017 , −0 . 0012] 
0.50–0.71 3.99–5.02 0 . 0024[+0 . 0010 , −0 . 00084] 
0.50–0.71 6.32–7.96 0 . 00047[+0 . 00048 , −0 . 00031] 
0.50–0.71 10.02–12.62 0 . 00021[+0 . 00031 , −0 . 00016] 
0.50–0.71 15.89–20.00 0 . 00066[+0 . 0011 , −0 . 00049] 
0.71–1.00 2.52–3.17 0 . 0013[+0 . 0019 , −0 . 00097] 
0.71–1.00 3.99–5.02 0 . 0021[+0 . 0011 , −0 . 00085] 
0.71–1.00 6.32–7.96 0 . 00019[+0 . 00030 , −0 . 00014] 
0.71–1.00 10.02–12.62 0 . 00091[+0 . 00063 , −0 . 00048] 
0.71–1.00 15.89–20.00 0 . 0035[+0 . 0030 , −0 . 0021] 
1.00–1.41 2.52–3.17 0 . 0082[+0 . 0062 , −0 . 0049] 
1.00–1.41 3.99–5.02 0 . 0023[+0 . 0015 , −0 . 0012] 
1.00–1.41 6.32–7.96 0 . 00028[+0 . 00045 , −0 . 00021] 
1.00–1.41 10.02–12.62 0 . 00021[+0 . 00033 , −0 . 00015] 
1.00–1.41 15.89–20.00 0 . 0022[+0 . 0026 , −0 . 0015] 
1.41–2.00 2.52–3.17 0 . 0067[+0 . 0076 , −0 . 0046] 
1.41–2.00 3.99–5.02 0 . 0043[+0 . 0026 , −0 . 0020] 
1.41–2.00 6.32–7.96 0 . 00047[+0 . 00071 , −0 . 00035] 
1.41–2.00 10.02–12.62 0 . 0010[+0 . 00076 , −0 . 00053] 
1.41–2.00 15.89–20.00 0 . 0011[+0 . 0018 , −0 . 00085] 
2.00–2.83 2.52–3.17 0 . 045[+0 . 017 , −0 . 015] 
2.00–2.83 3.99–5.02 0 . 0053[+0 . 0037 , −0 . 0028] 
2.00–2.83 6.32–7.96 0 . 0029[+0 . 0017 , −0 . 0013] 
2.00–2.83 10.02–12.62 0 . 0063[+0 . 0021 , −0 . 0018] 
2.00–2.83 15.89–20.00 0 . 0031[+0 . 0035 , −0 . 0022] 
2.83–4.00 2.52–3.17 0 . 10[+0 . 031 , −0 . 029] 
2.83–4.00 3.99–5.02 0 . 013[+0 . 0071 , −0 . 0057] 
2.83–4.00 6.32–7.96 0 . 0077[+0 . 0031 , −0 . 0025] 
2.83–4.00 10.02–12.62 0 . 022[+0 . 0044 , −0 . 0040] 
2.83–4.00 15.89–20.00 0 . 0098[+0 . 0091 , −0 . 0062] 
4.00–5.66 2.52–3.17 0 . 31[+0 . 075 , −0 . 065] 
4.00–5.66 3.99–5.02 0 . 021[+0 . 011 , −0 . 0096] 
4.00–5.66 6.32–7.96 0 . 020[+0 . 0056 , −0 . 0051] 
4.00–5.66 10.02–12.62 0 . 020[+0 . 0049 , −0 . 0044] 
4.00–5.66 15.89–20.00 0 . 0067[+0 . 010 , −0 . 0050] 
5.66–8.00 2.52–3.17 0 . 49[+0 . 12 , −0 . 11] 
5.66–8.00 3.99–5.02 0 . 039[+0 . 015 , −0 . 013] 
5.66–8.00 6.32–7.96 0 . 014[+0 . 0059 , −0 . 0051] 
5.66–8.00 10.02–12.62 0 . 037[+0 . 0072 , −0 . 0066] 
5.66–8.00 15.89–20.00 0 . 0099[+0 . 016 , −0 . 0073] 

8.00–11.31 2.52–3.17 0 . 89[+0 . 19 , −0 . 17] 
8.00–11.31 3.99–5.02 0 . 081[+0 . 026 , −0 . 023] 
8.00–11.31 6.32–7.96 0 . 0059[+0 . 0053 , −0 . 0036] 
8.00–11.31 10.02–12.62 0 . 054[+0 . 0091 , −0 . 0085] 
8.00–11.31 15.89–20.00 0 . 024[+0 . 038 , −0 . 018] 

11.31–16.00 2.52–3.17 0 . 97[+0 . 27 , −0 . 25] 
11.31–16.00 3.99–5.02 0 . 045[+0 . 036 , −0 . 027] 
11.31–16.00 6.32–7.96 0 . 0095[+0 . 010 , −0 . 0064] 
11.31–16.00 10.02–12.62 0 . 063[+0 . 014 , −0 . 012] 
11.31–16.00 15.89–20.00 0 . 050[+0 . 082 , −0 . 038] 

D
ow

nloaded from
 https://academ

ic.oup.com
/m

nras/article/546/2/stag022/8416408 by guest on 02 April 2026



TESS exoplanet oc curr enc e rates of FGK dwarfs 15 

Table A2. Occurrence rates (number of planets per 100 stars) of 100 pc sample of Fig. 9 . Values are reported to two significant figures. 

Period ranges (d) Radius ranges ( R ⊕) Occurrence rates (per cent) Period ranges (d) Radius ranges ( R ⊕) Occurrence rates (per cent) 

0.50–1.00 2.00–3.17 0 . 046[+0 . 037 , −0 . 025] 0.50–1.00 3.17–5.02 0 . 022[+0 . 024 , −0 . 014] 
0.50–1.00 5.02–7.96 0 . 0098[+0 . 015 , −0 . 0073] 0.50–1.00 7.96–12.62 0 . 021[+0 . 025 , −0 . 014] 
0.50–1.00 12.62–20.00 0 . 061[+0 . 075 , −0 . 043] 1.00–2.00 2.00–3.17 0 . 10[+0 . 068 , −0 . 048] 
1.00–2.00 3.17–5.02 0 . 017[+0 . 026 , −0 . 013] 1.00–2.00 5.02–7.96 0 . 010[+0 . 018 , −0 . 0078] 
1.00–2.00 7.96–12.62 0 . 011[+0 . 019 , −0 . 0086] 1.00–2.00 12.62–20.00 0 . 034[+0 . 055 , −0 . 025] 
2.00–4.00 2.00–3.17 0 . 71[+0 . 24 , −0 . 19] 2.00–4.00 3.17–5.02 0 . 095[+0 . 088 , −0 . 055] 
2.00–4.00 5.02–7.96 0 . 073[+0 . 057 , −0 . 039] 2.00–4.00 7.96–12.62 0 . 058[+0 . 046 , −0 . 033] 
2.00–4.00 12.62–20.00 0 . 080[+0 . 085 , −0 . 054] 4.00–8.00 2.00–3.17 3 . 8[+0 . 65 , −0 . 59] 
4.00–8.00 3.17–5.02 0 . 32[+0 . 16 , −0 . 13] 4.00–8.00 5.02–7.96 0 . 031[+0 . 051 , −0 . 023] 
4.00–8.00 7.96–12.62 0 . 052[+0 . 061 , −0 . 035] 4.00–8.00 12.62–20.00 0 . 29[+0 . 25 , −0 . 16] 
8.00–16.00 2.00–3.17 7 . 0[+1 . 2 , −1 . 1] 8.00–16.00 3.17–5.02 0 . 32[+0 . 28 , −0 . 18] 
8.00–16.00 5.02–7.96 0 . 049[+0 . 079 , −0 . 037] 8.00–16.00 7.96–12.62 0 . 18[+0 . 15 , −0 . 10] 
8.00–16.00 12.62–20.00 1 . 5[+0 . 91 , −0 . 69] 
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Figure B2. Similar to Fig. B1 . 

Figure B3. Similar to Fig. B1 . 
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P P E N D I X  B :  D ETAI L E D  P O ST E R I O R  

I S  T R I B U T I O N  C  OMPARISONS  

er e, selected fr om Fig . 11 , we pr esent the four distributions with
he greatest discrepancies when different thresholds are applied. 

Fig. B1 shows that all models with a 0.99 FP threshold have a
ignificantly lower occurrence rate, while others remain gener- 
lly consistent, indicating that an e x cessively high FP thr eshold
liminat es t oo many candidat es, while the complet eness estima-
ion fail to account for this. Figs B2 , B3 , and B4 demonstrate that
ll models trained on uniformly injected planetary samples show 

 lower occurrence rate, suggesting these samples are highly defi- 
ient in that region and leading to the very limited completeness
eliability. 

igure B1. Posterior distributions of occurrence rates for various mod- 
ls and the Kepler results in a cell with an unusually large discrepancy;
he cell’s location is indicated in the title. Different colours denote models
ith different thresholds, as labelled in the legend. 
MNRAS 546, 1–16 (2026) 
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Figure B4. Similar to Fig. B1 . 
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