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¿Qué es un YSO? ¿Cómo lo identifico?

Koenig & Leisawitz (2014)
---> KL14



Datasets

• Dataset: YSO 

• KYSO Catalogue: 11671 sources

• Crossmatch with WISE catalogue + non-null data in all bands: 8030 sources

• Dataset: non-YSO
• Crossmatch WISE-Simbad and non-null data: 9.4 million sources

• Cleaning (no relevant objects) and keeping -30<=b<=+30 deg: 680155 sources

o MS stars (355212 sources)

o Evolved stars (87103)

o Normal galaxies (217420)
o Active galaxies (20420)
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Final samples:
o Full imbalanced sample: 688185 sources (1.2% YSO)
o Training and testing sample: 16,040 sources (balanced classes/subclasses)



Datasets

Final samples:
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Features: magnitudes + colours (28 features).
Métodos: KL14 + Random Forest (RF)



Resultados: KL14 & RF

KL14 versus RF:

• Similar YSO precisions (PRE).

• REC(KL14) << REC(RF).

PRE/REC---> YSO (err ~ 0.02)
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KL14 versus RF:

• Similar YSO precisions (PRE).

• REC(KL14) << REC(RF).

KL14 scheme is very restrictive because 
the authors prioritised purity over 

completeness and therefore RF is much 

more efficient at detecting YSOs within 

the sample.

If the goal is to produce a highly reliable 

catalogue of YSO for a given region 

while minimising contamination, using a 

relatively simple and direct method like 

KL14 may be as effective as training an 
RF.

PRE/REC---> YSO (err ~ 0.02)
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KL14 main colours:

- W1-W2

- W2-W3

- H-K



Resultados: KL14 & RF

KL14 main colours:

- W1-W2

- W2-W3

- H-K

Sources misclassified as YSO by 

KL14 tend to be concentrated near 

the region occupied by active 

galaxies: 94% of these false positives

correspond to active galaxies.



Resultados: other ML algorithms

In this context of photometric classification of sources, having a high-quality 

training set is the key ingredient for any machine learning technique, 

whereas the classification model itself or the exact values of its free 

parameters do not seem to play an important role.



Resultados: full (imbalanced) sample

---> PRE disminuye significativamente mientras que REC permanece similar.

Optimised case al final



Resultados: full (imbalanced) sample

---> PRE disminuye significativamente mientras que REC permanece similar.

It is known that a critical point for classification algorithms, in particular RFs, 

is the transition from balanced training sets to highly imbalanced sets. This is 

because a low rate of false positives that is negligible in a balanced context 
results in a significant number of contaminants when the prior probability of 

the YSO class is several orders of magnitude lower than the rest of the 

sample.

Optimised case al final



Resultados: full (imbalanced) sample

---> PRE disminuye significativamente mientras que REC permanece similar.

A combined RF+KL14 strategy yields a significantly higher precision (64%) 

than what would be achieved by applying RF or KL14 alone

---> It may be useful for extremely imbalanced samples where the true class 

proportions are unknown.

Optimised case al final



Resultados: optimised RF
---> work in progress

El umbral de predicción está 0.5 por defecto, donde según el valor de la 

predicción normalizado se clasifica cada objeto. En muestras 

desbalanceadas, se puede equilibrar el desempeño entre la precisión y 

recall del modelo cambiando el parámetro de probabilidad para la clase 

positiva como se muestra en la figura. Primero, se ha calculado los mejores 
parámetros del modelo de RF con una búsqueda aleatoria 

(RandomizedSearchCV) teniendo en cuenta que las clases están 

desbalanceadas, y se opta por optimizar la métrica de F1.



Resultados: optimised RF
---> work in progress

PRE_opt = 0.80

REC_opt = 0.74

F1_opt = 0.77



Resultados: individual star-forming regions
---> work in progress



Conclusiones: 

• Diferentes modelos de ML funcionan de manera similar (mismo datasets).

• KL14 y RF dan precisiones de YSOs similares (en datos balanceados).

• Con datos (muy) desbalanceados RF empeora en PRE pero la estrategia 

combinada (RF+KL14) mejora PRE de manera significativa.
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• KL14 y RF dan precisiones de YSOs similares (en datos balanceados).

• Con datos (muy) desbalanceados RF empeora en PRE pero la estrategia 

combinada (RF+KL14) mejora PRE de manera significativa.

A tener en cuenta: 

A common strategy is cost-sensitive learning in which different weights are 

assigned to classes during training by applying a higher penalty to minority class 

misclassification.

The issue with this strategy is that, for optimal performance, class weights should 

reflect prior probabilities of the actual population but, in practice, the weights are

adjusted in proportion to class frequencies in the input data that in many cases 

differ from reality (for example: our working sample).
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