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Ms
SA,

UNIVERSIDAD NACIONAL DEL LITORAL

Facultad de Ingenieria y Ciencias Hidricas

Santa Fe, 17 de Diciembre de 2021.

Como miembros del Jurado Evaluador de la Tesis de Doctorado en Ingenieria titulada

✡�✁✂✄☎✆ enfoques basados en medidas de complejidad para la ✝✞✟✞✠✠☛☞✌ de secuencias

cortas en ✍✎✏✎✑✒✏✓✔✕✖✎✗✘✙✚desarrollada por el Bioing. Jonathan RAAD, en el marco de la

✛✞✌✠☛☞✌ ✜✢✑✖✣✤✎✥✣✑✗✎✘computacional, sefiales y ✦✧✦★✩✪✫✦✬✭certificamos que hemos evaluado

la Tesis y recomendamos que sea aceptada como parte de los requisitos para la obtencidn del

titulo de Doctor en Ingenieria.

La aprobacidn final de esta disertacion estara condicionada a la ✮✯✰✱✰✲✳✴✵✶✷✲de dos copias

encuadernadas de la ✸✞✹✺☛☞✌ final de [a Tesis ante el ✻✼✽☛✟☞ ✾✠✿✝☞✽☛✠✼ del Doctorado en

Ingenieria.

Dra. Elizabeth Tapia Dr. Leandro Lucero Dra. Jessica Carballido

Santa Fe, 17 de Diciembre de 2021.

Certifico haber leido la Tesis, preparada bajo mi ✝☛✹✞✠✠☛☞✌ en el marco de la ✛✞✌✠☛☞✌

✜✢✑✖✣✤✎✥✣✑✗✎✘computacional, sefiales y, ✺☛✺✟✞✽✿✺❀y recomiendo que sea aceptada como parte

de los requisitos para la obtencidn del titulo de Doctor en Ingenieria.

Dra. Georgina Stegmayer
Codirectora de Tesis
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❊st❛ ❚❡s✐s ❤❛ s✐❞♦ r❡♠✐t✐❞❛ ❝♦♠♦ ♣❛rt❡ ❞❡ ❧♦s r❡q✉✐s✐t♦s ♣❛r❛ ❧❛ ♦❜t❡♥❝✐ó♥ ❞❡❧ ❣r❛❞♦ ❛❝❛❞é♠✐❝♦ ❞❡
❉♦❝t♦r ❡♥ ■♥❣❡♥✐❡rí❛ ❛♥t❡ ❧❛ ❯♥✐✈❡rs✐❞❛❞ ◆❛❝✐♦♥❛❧ ❞❡❧ ▲✐t♦r❛❧ ② ❤❛ s✐❞♦ ❞❡♣♦s✐t❛❞❛ ❡♥ ❧❛ ❇✐❜❧✐♦t❡❝❛
❞❡ ❧❛ ❋❛❝✉❧t❛❞ ❞❡ ■♥❣❡♥✐❡rí❛ ② ❈✐❡♥❝✐❛s ❍í❞r✐❝❛s ♣❛r❛ q✉❡ ❡sté ❛ ❞✐s♣♦s✐❝✐ó♥ ❞❡ s✉s ❧❡❝t♦r❡s ❜❛❥♦ ❧❛s
❝♦♥❞✐❝✐♦♥❡s ❡st✐♣✉❧❛❞❛s ♣♦r ❡❧ r❡❣❧❛♠❡♥t♦ ❞❡ ❧❛ ♠❡♥❝✐♦♥❛❞❛ ❇✐❜❧✐♦t❡❝❛✳

❙❡ ♣❡r♠✐t❡♥ ❝✐t❛❝✐♦♥❡s ❜r❡✈❡s ❞❡ ❡st❛ ❚❡s✐s s✐♥ ❧❛ ♥❡❝❡s✐❞❛❞ ❞❡ ✉♥ ♣❡r♠✐s♦ ❡s♣❡❝✐❛❧✱ ❡♥ ❧❛ s✉♣♦s✐❝✐ó♥
❞❡ q✉❡ ❧❛ ❢✉❡♥t❡ s❡❛ ❝♦rr❡❝t❛♠❡♥t❡ ❝✐t❛❞❛✳ ❊❧ ♣♦rt❛❞♦r ❧❡❣❛❧ ❞❡❧ ❞❡r❡❝❤♦ ❞❡ ♣r♦♣✐❡❞❛❞ ✐♥t❡❧❡❝t✉❛❧ ❞❡
❧❛ ♦❜r❛ ❝♦♥❝❡❞❡rá ♣♦r ❡s❝r✐t♦ s♦❧✐❝✐t✉❞❡s ❞❡ ♣❡r♠✐s♦ ♣❛r❛ ❧❛ ❝✐t❛❝✐ó♥ ❡①t❡♥❞✐❞❛ ♦ ♣❛r❛ ❧❛ r❡♣r♦❞✉❝❝✐ó♥
♣❛r❝✐❛❧ ♦ t♦t❛❧ ❞❡ ❡st❡ ♠❛♥✉s❝r✐t♦✳
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▲❛ ♣r❡s❡♥t❡ t❡s✐s s❡ ❡♥❝✉❡♥tr❛ ♦r❣❛♥✐③❛❞❛ ❜❛❥♦ ❡❧ ❢♦r♠❛t♦ ❞❡ ❚❡s✐s ♣♦r ❈♦♠♣✐❧❛❝✐ó♥✱ ❛♣r♦❜❛❞♦ ❡♥
❧❛ r❡s♦❧✉❝✐ó♥ ◆♦ ✷✺✺✴✶✼ ✭❊①♣t❡✳ ◆♦ ✽✽✽✸✶✼✲✶✼✮ ♣♦r ❡❧ ❈♦♠✐té ❆❝❛❞é♠✐❝♦ ❞❡ ❧❛ ❈❛rr❡r❛ ❉♦❝t♦r❛❞♦ ❡♥
■♥❣❡♥✐❡rí❛✱ ❋❛❝✉❧t❛❞ ❞❡ ■♥❣❡♥✐❡rí❛ ② ❈✐❡♥❝✐❛s ❍í❞r✐❝❛s✱ ❯♥✐✈❡rs✐❞❛❞ ◆❛❝✐♦♥❛❧ ❞❡❧ ▲✐t♦r❛❧ ✭❯◆▲✮✳ ❉❡
❞✐❝❤❛ r❡s♦❧✉❝✐ó♥✿

✏❊♥ ❡❧ ❝❛s♦ ❞❡ ♦♣t❛r ♣♦r ❧❛ ❚❡s✐s ♣♦r ❈♦♠♣✐❧❛❝✐ó♥✱ ést❛ ❝♦♥s✐st✐rá ❡♥ ✉♥❛ ❞❡s❝r✐♣❝✐ó♥ té❝♥✐❝❛ ❞❡ ❛❧
♠❡♥♦s ✸✵ ♣á❣✐♥❛s✱ r❡❞❛❝t❛❞❛ ❡♥ ❡s♣❛ñ♦❧ ❡ ✐♥❝❧✉②❡♥❞♦ t♦❞❛s ❧❛s ✐♥✈❡st✐❣❛❝✐♦♥❡s ❛❜♦r❞❛❞❛s ❡♥ ❧❛ t❡s✐s✳ ❙❡
❞❡❜❡rá♥ ✐♥❝❧✉✐r ❧❛s s❡❝❝✐♦♥❡s ❤❛❜✐t✉❛❧❡s ✐♥❞✐❝❛❞❛s ❛ ❝♦♥t✐♥✉❛❝✐ó♥ ❡♥ ❧❛ ❙❡❝❝✐ó♥ ❈♦♥t❡♥✐❞♦s ❞❡ ❧❛ ❚❡s✐s✳
▲♦s ❛rtí❝✉❧♦s ❝✐❡♥tí✜❝♦s ♣✉❜❧✐❝❛❞♦s ♣♦r ❡❧ ❛✉t♦r✱ ❡♥ ❡❧ ✐❞✐♦♠❛ ♦r✐❣✐♥❛❧ ❞❡ ❧❛s ♣✉❜❧✐❝❛❝✐♦♥❡s✱ ❞❡❜❡rá♥
✐♥❝❧✉✐rs❡ ❡♥ ✉♥ ❆♥❡①♦ ❝♦♥ ❡❧ ❢♦r♠❛t♦ ✉♥✐✜❝❛❞♦ ❛❧ ❡st✐❧♦ ❣❡♥❡r❛❧ ❞❡ ❧❛ ❚❡s✐s ✐♥❞✐❝❛❞♦ ❡♥ ❧❛ ❙❡❝❝✐ó♥
❋♦r♠❛t♦✳ ❊❧ ❆♥❡①♦ ❞❡❜❡rá ❡st❛r ❡♥❝❛❜❡③❛❞♦ ♣♦r ✉♥❛ s❡❝❝✐ó♥ ❞♦♥❞❡ ❡❧ t❡s✐st❛ ❞❡t❛❧❧❡ ♣❛r❛ ❝❛❞❛ ✉♥❛
❞❡ ❧❛s ♣✉❜❧✐❝❛❝✐♦♥❡s ❝✉á❧ ❤❛ s✐❞♦ s✉ ❝♦♥tr✐❜✉❝✐ó♥✳ ❊st❛ s❡❝❝✐ó♥ ❞❡❜❡rá ❡st❛r ❛✈❛❧❛❞❛ ♣♦r s✉ ❞✐r❡❝t♦r
❞❡ ❚❡s✐s✳ ❊❧ ❞♦❝✉♠❡♥t♦ ❝❡♥tr❛❧ ❞❡ ❧❛ ❚❡s✐s ❞❡❜❡ ✐♥❝❧✉✐r r❡❢❡r❡♥❝✐❛s ❡①♣❧í❝✐t❛s ❛ t♦❞❛s ❧❛s ♣✉❜❧✐❝❛❝✐♦♥❡s
❛♥❡①❛❞❛s ② ♣r❡s❡♥t❛r ✉♥❛ ❝♦♥❝❧✉s✐ó♥ q✉❡ ♠✉❡str❡ ❧❛ ❝♦❤❡r❡♥❝✐❛ ❞❡ ❞✐❝❤♦s tr❛❜❛❥♦s ❝♦♥ ❡❧ ❤✐❧♦ ❝♦♥❝❡♣t✉❛❧
② ♠❡t♦❞♦❧ó❣✐❝♦ ❞❡ ❧❛ t❡s✐s✳ ▲♦s ❛rtí❝✉❧♦s ♣r❡s❡♥t❛❞♦s ❡♥ ❧♦s ❛♥❡①♦s ♣♦❞rá♥ s❡r ❛rtí❝✉❧♦s ♣✉❜❧✐❝❛❞♦s✱
❛❝❡♣t❛❞♦s ♣❛r❛ ♣✉❜❧✐❝❛❝✐ó♥ ✭❡♥ ♣r❡♥s❛✮ ♦ ❡♥ r❡✈✐s✐ó♥✳✑
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❆ ♠✐s ❞✐r❡❝t♦r❡s✱ ❉r✳ ❉✐❡❣♦ ❍✳ ▼✐❧♦♥❡ ② ❉r❛✳ ●❡♦r❣✐♥❛ ❙t❡❣♠❛②❡r✱ ♣♦r ❝r❡❡r ❡♥ ♠í ② ❞❛r♠❡ ❧❛
❝♦♥✜❛♥③❛ ② ❧❛ ♦♣♦rt✉♥✐❞❛❞ ❞❡ ❢♦r♠❛r ♣❛rt❡ ❞❡ s✉ ❣r✉♣♦ ❞❡ ✐♥✈❡st✐❣❛❝✐ó♥✳ ❙✉ ❝♦♠♣r♦♠✐s♦ ♣♦r ❣✉✐❛r♠❡
❡♥ ❧♦s ♣r✐♠❡r♦s ♣❛s♦s ❞❡ ♠✐ ❝❛rr❡r❛ ❝✐❡♥tí✜❝❛✱ s✉ ♣❛❝✐❡♥❝✐❛✱ ❞❡❞✐❝❛❝✐ó♥ ② ♣❛s✐ó♥ ♣♦r s✉ tr❛❜❛❥♦ ♠❡ ❤❛♥
❡♥s❡ñ❛❞♦ q✉❡ ❡❧ é①✐t♦ ❡s ❧❛ ❝♦♥s❡❝✉❡♥❝✐❛ ❞❡ ❛♠❛r ❧♦ q✉❡ ✉♥♦ ❡❧✐❣❡ ❤❛❝❡r✳
❆ ♠✐s ❝♦♠♣❛ñ❡r♦s ② ❝♦❧❡❣❛s ❞❡❧ ■♥st✐t✉t♦ s✐♥❝✭✐✮✳ ▼ás ❛❧❧á ❞❡❧ ✈❛st♦ ❝♦♥♦❝✐♠✐❡♥t♦ té❝♥✐❝♦ ❝♦♠♣❛rt✐❞♦✱
❧❛s ❡①❝❡❧❡♥t❡s r❡❧❛❝✐♦♥❡s ❤✉♠❛♥❛s ♠❡ ❤❛♥ ♣❡r♠✐t✐❞♦ tr❛♥s✐t❛r ✉♥ ❝❛♠✐♥♦ ❛♠❡♥♦ ❞✉r❛♥t❡ ♠✐s ❛ñ♦s ❝♦♠♦
❞♦❝t♦r❛♥❞♦✳
❆ ♠✐s ♣❛❞r❡s ② ❤❡r♠❛♥❛ ♣♦r ❡❧ ❛♣♦②♦ ✐♥❝♦♥❞✐❝✐♦♥❛❧ q✉❡ ♠❡ ❤❛♥ ❞❛❞♦ ❞✉r❛♥t❡ t♦❞❛ ♠✐ ✈✐❞❛✱ ♠♦t✐✈á♥✲
❞♦♠❡ s✐❡♠♣r❡ ❛ ❞❛r ❧♦ ♠❡❥♦r ❞❡ ♠✐✳
❆ ❉✐♦s ♣♦r ❞❛r♠❡ ❡❧ ❞♦♥ ❞❡ ✈✐❞❛✳
❋✐♥❛❧♠❡♥t❡✱ q✉✐❡r♦ ❛❣r❛❞❡❝❡r ❛ ❧❛s s✐❣✉✐❡♥t❡s ✐♥st✐t✉❝✐♦♥❡s✿

s✐♥❝✭✐✮✿ ■♥st✐t✉t♦ ❞❡ ■♥✈❡st✐❣❛❝✐ó♥ ❡♥ ❙❡ñ❛❧❡s✱ ❙✐st❡♠❛s ❡ ■♥t❡❧✐❣❡♥❝✐❛ ❈♦♠♣✉t❛❝✐♦♥❛❧✳

❋❛❝✉❧t❛❞ ❞❡ ❈✐❡♥❝✐❛s ❍í❞r✐❝❛s ❞❡ ❧❛ ❯♥✐✈❡rs✐❞❛❞ ◆❛❝✐♦♥❛❧ ❞❡❧ ▲✐t♦r❛❧✳

❈❖◆■❈❊❚✿ ❈♦♥s❡❥♦ ◆❛❝✐♦♥❛❧ ❞❡ ■♥✈❡st✐❣❛❝✐♦♥❡s ❈✐❡♥tí✜❝❛s ② ❚é❝♥✐❝❛s✳

❏♦♥❛t❤❛♥ ❘❛❛❞
❙❛♥t❛ ❋❡✱ ❉✐❝✐❡♠❜r❡ ❞❡ ✷✵✷✶✳
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✶✳ ■♥tr♦❞✉❝❝✐ó♥ ✶

✶✳✶✳ ▼❡❞✐❞❛s ❞❡ ❝♦♠♣❧❡❥✐❞❛❞ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✶
✶✳✷✳ ❊①tr❛❝❝✐ó♥ ❞❡ ❝❛r❛❝t❡ríst✐❝❛s ❝♦♥ ❛♣r❡♥❞✐③❛❥❡ ♣r♦❢✉♥❞♦ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✸
✶✳✸✳ Pr❡❞✐❝❝✐ó♥ ❛✉t♦♠át✐❝❛ ❞❡ ♠✐❆❘◆ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✳ ✹
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❘❡s✉♠❡♥

❊❧ ❛♣r❡♥❞✐③❛❥❡ ♠❛q✉✐♥❛❧ ❤❛ t❡♥✐❞♦ ✉♥ ❣r❛♥ ❞❡s❛rr♦❧❧♦ ❡♥ ❧♦s ú❧t✐♠♦s ❛ñ♦s ② ❤❛ ♣❡r♠✐t✐❞♦ r❡s♦❧✈❡r
✉♥❛ ❣r❛♥ ❝❛♥t✐❞❛❞ ❞❡ ♣r♦❜❧❡♠❛s ❡♥ ❧❛s ♠ás ❞✐✈❡rs❛s ❞✐s❝✐♣❧✐♥❛s✳ ❙✐♥ ❡♠❜❛r❣♦✱ ❛ú♥ q✉❡❞❛♥ ❣r❛♥❞❡s
❞❡s❛❢í♦s✱ ❝♦♠♦ ❧♦ ❡s ❡❧ ❛♣r❡♥❞✐③❛❥❡ ❡♥ ❞❛t♦s ❝♦♥ ❛❧t♦ ❣r❛❞♦ ❞❡ ❞❡s❜❛❧❛♥❝❡ ❞❡ ❝❧❛s❡s ♦ ❝♦♥ ♠✉② ♣♦❝♦s
❞❛t♦s ❡t✐q✉❡t❛❞♦s✳ ❯♥ ❝❛s♦ ♣❛rt✐❝✉❧❛r ❞❡ ❛♣❧✐❝❛❝✐ó♥ ❞♦♥❞❡ s❡ ♣r❡s❡♥t❛♥ ❞❡s❛❢í♦s ❝♦♠♦ ❡st♦s ❡s ❡♥ ❧❛
♣r❡❞✐❝❝✐ó♥ ❝♦♠♣✉t❛❝✐♦♥❛❧ ❞❡ s❡❝✉❡♥❝✐❛s ❞❡ ♠✐❝r♦❆❘◆ ✭♠✐❆❘◆✮✳ ❊❧ ♠✐❆❘◆✱ t❛♠❜✐é♥ ❧❧❛♠❛❞♦ ♠✐❆❘◆
♠❛❞✉r♦✱ ❡s ✉♥❛ ♣❡q✉❡ñ❛ ♠♦❧é❝✉❧❛ ❞❡ á❝✐❞♦ r✐❜♦♥✉❝❧❡✐❝♦ ✭❆❘◆✮ ♥♦ ❝♦❞✐✜❝❛♥t❡ ❧❛ ❝✉❛❧ ♣✉❡❞❡ r❡❣✉❧❛r ❧❛
❡①♣r❡s✐ó♥ ❞❡ ❧♦s ❣❡♥❡s ❡♥ ❧❛ ❝é❧✉❧❛✳

❊♥ ❧♦s ú❧t✐♠♦s ❛ñ♦s✱ s❡ ❤❛ ❞❡s❛rr♦❧❧❛❞♦ ✉♥❛ ❣r❛♥ ❝❛♥t✐❞❛❞ ❞❡ ♠ét♦❞♦s q✉❡ ✐♥t❡♥t❛♥ ❞❡t❡❝t❛r ♥✉❡✲
✈♦s ♠✐❆❘◆ ✉t✐❧✐③❛♥❞♦ ✐♥❢♦r♠❛❝✐ó♥ ♣r✐♥❝✐♣❛❧♠❡♥t❡ ❞❡ s✉ ❡str✉❝t✉r❛✳ ❊❧ ♣r✐♠❡r ♣❛s♦ ❡♥ ❡st♦s ♠ét♦❞♦s
❣❡♥❡r❛❧♠❡♥t❡ ❝♦♥s✐st❡ ❡♥ ❡①tr❛❡r ❞❡❧ ❣❡♥♦♠❛ s✉❜❝❛❞❡♥❛s ❞❡ ♥✉❝❧❡ót✐❞♦s q✉❡ ❝✉♠♣❧❛♥ ❝♦♥ ❝✐❡rt♦s r❡✲
q✉❡r✐♠✐❡♥t♦s ❡str✉❝t✉r❛❧❡s✳ ❊♥ s❡❣✉♥❞♦ ❧✉❣❛r s❡ ❡①tr❛❡♥ ❝❛r❛❝t❡ríst✐❝❛s ♥✉♠ér✐❝❛s ❞❡ ❡st❛s s✉❜❝❛❞❡♥❛s✳
❋✐♥❛❧♠❡♥t❡ s❡ ✉t✐❧✐③❛ ❡❧ ❛♣r❡♥❞✐③❛❥❡ ♠❛q✉✐♥❛❧ ♣❛r❛ ♣r❡❞❡❝✐r ❝✉á❧❡s ❞❡ ❡st❛s s❡❝✉❡♥❝✐❛s ❞❡ ♥✉❝❧❡ót✐❞♦s
♣✉❡❞❡♥ ❝♦❞✐✜❝❛r ✉♥ ♠✐❆❘◆✳ ❊❧ ♣r✐♥❝✐♣❛❧ ✐♥❝♦♥✈❡♥✐❡♥t❡ ❞❡ ❡st♦s ♠ét♦❞♦s ❡s q✉❡ ✉t✐❧✐③❛♥ ❝❛r❛❝t❡ríst✐✲
❝❛s ❜❛s❛❞❛s ♣r✐♥❝✐♣❛❧♠❡♥t❡ ❡♥ ❧❛ ❡str✉❝t✉r❛ ❞❡❧ ♣r❡❝✉rs♦r ✭♣r❡✲♠✐❆❘◆✮ s✐♥ ✐♥❝❧✉✐r ❧❛ ✐♥❢♦r♠❛❝✐ó♥ ❞❡❧
♠✐❆❘◆ ♠❛❞✉r♦✱ q✉❡ s❡ ❡♥❝✉❡♥tr❛ ❝♦❞✐✜❝❛❞❛ ❡♥ ❢♦r♠❛ s❡❝✉❡♥❝✐❛❧✳ ❉❡ ❡st❛ ♠❛♥❡r❛✱ s❡ ♣✐❡r❞❡ ✐♥❢♦r♠❛✲
❝✐ó♥ ♠✉② ✈❛❧✐♦s❛ q✉❡ ♣♦❞rí❛ ✉t✐❧✐③❛rs❡ ♣❛r❛ ♠❡❥♦r❛r ❧❛ ♣r❡❞✐❝❝✐ó♥ ❞❡ ♥✉❡✈♦s ♣r❡✲♠✐❆❘◆ ② ❞✐s♠✐♥✉✐r ❛
s✉ ✈❡③ ❡❧ ♥ú♠❡r♦ ❞❡ ❢❛❧s♦s ♣♦s✐t✐✈♦s✳

▼ás r❡❝✐❡♥t❡♠❡♥t❡✱ ❡♥ ✈❛r✐♦s ❞♦♠✐♥✐♦s ❞❡ ❛♣❧✐❝❛❝✐ó♥ s❡ ♣r♦♣✉s✐❡r♦♥ ❧♦s ❡♥❢♦q✉❡s ❜❛s❛❞♦s ❡♥ ❛♣r❡♥✲
❞✐③❛❥❡ ♣r♦❢✉♥❞♦ ❝♦♠♦ ✉♥ ♠ét♦❞♦ ♣❛r❛ ❧❛ ❡①tr❛❝❝✐ó♥ ❛✉t♦♠át✐❝❛ ❞❡ ❝❛r❛❝t❡ríst✐❝❛s✳ ❙✐♥ ❡♠❜❛r❣♦✱ ést♦s
t✐❡♥❡♥ ❛ú♥ ✐♠♣♦rt❛♥t❡s ❧✐♠✐t❛❝✐♦♥❡s ♣rá❝t✐❝❛s ❝✉❛♥❞♦ ❞❡❜❡♥ ❛♣❧✐❝❛rs❡ ❛ t❛r❡❛s ❞❡ ♣r❡❞✐❝❝✐ó♥ r❡❛❧✳ ❊♥
♣r✐♠❡r ❧✉❣❛r r❡q✉✐❡r❡♥ ❞❡ ✉♥ ❡①t❡♥s♦ ♣r❡♣r♦❝❡s❛♠✐❡♥t♦ ❞❡ ❧♦s ❞❛t♦s✳ ❊♥ s❡❣✉♥❞♦ ❧✉❣❛r✱ ♣❛r❛ ❡❧ ❝❛s♦
❞❡ ♣r❡❞✐❝❝✐ó♥ ❞❡ ♣r❡✲♠✐❘◆❆ r❡q✉✐❡r❡♥ ❞❡❧ ✉s♦ ❞❡ ♠♦❞❡❧♦s ❡①t❡r♥♦s ♥♦ ♥❡✉r♦♥❛❧❡s ✭❝♦♠♦ ❘◆❆❢♦❧❞✮
♣❛r❛ ♣♦❞❡r r❡❛❧✐③❛r ❡❧ ❝á❧❝✉❧♦ ❞❡ ❧❛ ❡str✉❝t✉r❛ s❡❝✉♥❞❛r✐❛✳ ❋✐♥❛❧♠❡♥t❡✱ ❡①✐st❡ ❡❧ ❞❡s❛❢í♦ ❞❡ ❧✐❞✐❛r ❝♦♥
✉♥ ♥ú♠❡r♦ ❡s❝❛s♦ ❞❡ ❡❥❡♠♣❧♦s ❞❡ ♣r❡✲♠✐❆❘◆ ♣♦s✐t✐✈♦s ② ❝♦♥ ❡❧ ❛❧t♦ ❞❡s❜❛❧❛♥❝❡ ❞❡ ❝❧❛s❡s ✭q✉❡ ♣✉❡❞❡
❧❧❡❣❛r ❤❛st❛ ✶✿✶✻✵✳✵✵✵✮ ❡♥ ❧♦s ❣❡♥♦♠❛s ❝♦♠♣❧❡t♦s✳

P❛r❛ ♣❡r♠✐t✐r ❧❛ ♣r❡❞✐❝❝✐ó♥ ❞❡ ♥✉❡✈♦s ♠✐❆❘◆s ❡♥ ❣❡♥♦♠❛s ❝♦♠♣❧❡t♦s ❞✐s♠✐♥✉②❡♥❞♦ ❧❛ ❝❛♥t✐❞❛❞
❞❡ ❢❛❧s♦s ♣♦s✐t✐✈♦s✱ ❡♥ ❡st❛ t❡s✐s s❡ r❡❛❧✐③❛r♦♥ ❞♦s ❣r❛♥❞❡s ❛♣♦rt❡s✳ ❊♥ ♣r✐♠❡r ❧✉❣❛r✱ s❡ ❞❡s❛rr♦❧❧❛r♦♥
tr❡s ♥✉❡✈❛s ❝❛r❛❝t❡ríst✐❝❛s ❜❛s❛❞❛s ❡♥ ♠❡❞✐❞❛s ❞❡ ❝♦♠♣❧❡❥✐❞❛❞ ❞❡❧ ♠✐❆❘◆ ♠❛❞✉r♦✱ ❧❛s ❝✉❛❧❡s ♣❡r♠✐✲
t❡♥ r❡❞✉❝✐r s✐❣♥✐✜❝❛t✐✈❛♠❡♥t❡ ❡❧ ♥ú♠❡r♦ ❞❡ ❢❛❧s♦s ♣♦s✐t✐✈♦s ❡♥ ❧♦s ❝❧❛s✐✜❝❛❞♦r❡s✱ ♠❛♥t❡♥✐❡♥❞♦ ✉♥ ❛❧t♦
❞❡s❡♠♣❡ñ♦ ❛ú♥ ♣❛r❛ ❞❡s❜❛❧❛♥❝❡s ❡①tr❡♠♦s✳ ❊♥ s❡❣✉♥❞♦ ❧✉❣❛r✱ s❡ ❞❡s❛rr♦❧❧ó ❡❧ ♣r✐♠❡r ❛❧❣♦r✐t♠♦ ❞❡
❛♣r❡♥❞✐③❛❥❡ ♣r♦❢✉♥❞♦ ❞❡ ❡①tr❡♠♦ ❛ ❡①tr❡♠♦ ♣❛r❛ ❧❛ ♣r❡❞✐❝❝✐ó♥ ❞❡ ♣r❡✲♠✐❆❘◆s ❡♥ ❣❡♥♦♠❛s ❝♦♠♣❧❡t♦s✱
❡❧ ❝✉❛❧ ♥♦ r❡q✉✐❡r❡ ❞❡ ♥✐♥❣ú♥ ♣r❡✲♣r♦❝❡s❛♠✐❡♥t♦ ❞❡ ❧♦s ❞❛t♦s ♥✐ ❞❡ ♠♦❞❡❧♦s ❡①t❡r♥♦s ♣❛r❛ ❡❧ ❝á❧❝✉❧♦ ❞❡
❧❛ ❡str✉❝t✉r❛ s❡❝✉♥❞❛r✐❛✳ ❊st❡ ❛❧❣♦r✐t♠♦ ❢✉❡ r❡❛❧✐③❛❞♦ ❝♦♥ ❚r❛♥s❢♦r♠❡rs✱ ❡❧ ❝✉❛❧ ❡s ✉♥ ♥✉❡✈♦ ♠♦❞❡❧♦
❞❡ ❛♣r❡♥❞✐③❛❥❡ ♣r♦❢✉♥❞♦ ❜❛s❛❞♦ ❡♥ ♠❡❝❛♥✐s♠♦s ❞❡ ❛t❡♥❝✐ó♥✳ ❆sí✱ ❡s ♣♦s✐❜❧❡ ❡①tr❛❡r ❞❡ ♠❛♥❡r❛ ❛✉t♦✲
♠át✐❝❛ ❧❛ ✐♥❢♦r♠❛❝✐ó♥ ♥❡❝❡s❛r✐❛ ♣❛r❛ ❡st✐♠❛r ❧❛ ❡str✉❝t✉r❛ s❡❝✉♥❞❛r✐❛ ② ❧❛ ♠í♥✐♠❛ ❡♥❡r❣í❛ ❧✐❜r❡ ❞❡
❝❛❞❛ s❡❝✉❡♥❝✐❛✱ ♠❡❥♦r❛♥❞♦ ❧❛ ♣r❡❞✐❝❝✐ó♥ ❞❡ ♥✉❡✈♦s ♣r❡✲♠✐❆❘◆s ② ❞✐s♠✐♥✉②❡♥❞♦ ❧❛ ❝❛♥t✐❞❛❞ ❞❡ ❢❛❧s♦s
♣♦s✐t✐✈♦s ♣❛r❛ ❝❛s♦s ❞❡ ♣r❡❞✐❝❝✐ó♥ ❡♥ ❣❡♥♦♠❛s ❝♦♠♣❧❡t♦s✳

✈✐✐





❙❡❝❝✐ó♥ ✶

■♥tr♦❞✉❝❝✐ó♥

✶✳✶✳ ▼❡❞✐❞❛s ❞❡ ❝♦♠♣❧❡❥✐❞❛❞

❊♥ ❧❛s ú❧t✐♠❛s ❞é❝❛❞❛s ❡❧ ❞❡s❛rr♦❧❧♦ ❞❡ ♠❡❞✐❞❛s ❞❡ ❝♦♠♣❧❡❥✐❞❛❞ ✭▼❈✮ ❤❛♥ ♣❡r♠✐t✐❞♦ ❡❧ ❛♥á❧✐s✐s
❞❡ s✐st❡♠❛s ❝♦♠♣❧❡❥♦s q✉❡ ♥♦ ♣✉❡❞❡♥ s❡r ❢á❝✐❧♠❡♥t❡ ♠♦❞❡❧❛❞♦s✳ ❊st❛s ♠❡❞✐❞❛s ♣✉❡❞❡♥ ❡✈❛❧✉❛r ❧❛
❝♦♠♣❧❡❥✐❞❛❞ ❞❡ ✉♥ s✐st❡♠❛ ❛ ♣❛rt✐r ❞❡❧ ❛♥á❧✐s✐s ❞❡ ❧❛s s❡❝✉❡♥❝✐❛s t❡♠♣♦r❛❧❡s ♣r♦❞✉❝✐❞❛s ♣♦r ❧♦s ♠✐s♠♦s
●r❛ss❜❡r❣❡r ✭✶✾✾✶✮✳ ❆ ✜♥❛❧❡s ❞❡ ❧♦s ❛ñ♦s ✾✵✱ ❞✐❢❡r❡♥t❡s ❛✉t♦r❡s ✐♥tr♦❞✉❥❡r♦♥ ❡❧ ✉s♦ ❞❡ ❧❛s ▼❈ ♣❛r❛
❡❧ ❛♥á❧✐s✐s ② ❞❡t❡❝❝✐ó♥ ❞❡ ♣❛tr♦♥❡s ❡♥ s❡❝✉❡♥❝✐❛s ❜✐♦❧ó❣✐❝❛s ◆❛♥ ❛♥❞ ❆❞❥❡r♦❤ ✭✷✵✵✹✮❀ ❉✳ ●✉s❡✈ ❡t ❛❧✳

✭✶✾✾✾✮✳ ❉❡s❞❡ ❡♥t♦♥❝❡s✱ s❡ ❛❜♦r❞❛r♦♥ ❡①✐t♦s❛♠❡♥t❡ ❞✐st✐♥t♦s ♣r♦❜❧❡♠❛s ❜✐♦✐♥❢♦r♠át✐❝♦s ❝♦♥ ❡❧ ✉s♦ ❞❡
▼❈✳ ❯♥ ♣r♦❜❧❡♠❛ ❞❡ ❡s♣❡❝✐❛❧ ✐♥t❡rés ❡♥ ❜✐♦✐♥❢♦r♠át✐❝❛ ❡s ❡❧ ❞❡s❝✉❜r✐♠✐❡♥t♦ ❞❡ ♠✐❝r♦❆❘◆ ✭♠✐❆❘◆✮✳
❊❧ ♠✐❆❘◆✱ t❛♠❜✐é♥ ❧❧❛♠❛❞♦ ♠✐❆❘◆ ♠❛❞✉r♦✱ ❡s ✉♥❛ ♣❡q✉❡ñ❛ ♠♦❧é❝✉❧❛ ❞❡ ❆❘◆ ♥♦ ❝♦❞✐✜❝❛♥t❡ ❞❡
❛♣r♦①✐♠❛❞❛♠❡♥t❡ ✷✶ ♥✉❝❧❡ót✐❞♦s ❞❡ ❧❛r❣♦✱ q✉❡ r❡❣✉❧❛ ❧❛ ❡①♣r❡s✐ó♥ ❞❡ ❧♦s ❣❡♥❡s ❡♥ ❧❛ ❝é❧✉❧❛ ❇❛rt❡❧
✭✷✵✶✽✮✳ ❊st❛s ♠♦❧é❝✉❧❛s s❡ ❡♥❝✉❡♥tr❛♥ ❝♦❞✐✜❝❛❞❛s ❡♥ ❧♦s ♣r❡❝✉rs♦r❡s ❞❡ ♠✐❆❘◆ ✭♣r❡✲♠✐❆❘◆✮✱ q✉❡
s♦♥ s❡❝✉❡♥❝✐❛s ❞❡ ❛♣r♦①✐♠❛❞❛♠❡♥t❡ ✉♥♦s ✶✵✵ ♥✉❝❧❡ót✐❞♦s ❞❡ ❧❛r❣♦✳ ❊st♦s ♣r❡❝✉rs♦r❡s✱ ❧✉❡❣♦ ❞❡ s❡r
tr❛♥s❝r✐t♦s ❝♦♠♦ ❆❘◆✱ s❡ ♣❧✐❡❣❛♥ s♦❜r❡ sí ♠✐s♠♦s ❢♦r♠❛♥❞♦ ❡str✉❝t✉r❛s s❡❝✉♥❞❛r✐❛s ❞❡❧ t✐♣♦ t❛❧❧♦✲
❜✉❝❧❡✱ t❛♠❜✐é♥ ❧❧❛♠❛❞❛s ❤♦rq✉✐❧❧❛s ✭✈❡r ❋✐❣✉r❛ ✶✳✶✮✳ ❉❡❜✐❞♦ ❛ s✉ r♦❧ ❝❧❛✈❡ ❡♥ ❧❛ ♣r♦♠♦❝✐ó♥ ❡ ✐♥❤✐❜✐❝✐ó♥
❞❡ ❣❡♥❡s ② s✉ ✐♠♣♦rt❛♥❝✐❛ ❡♥ ❞✐✈❡rs❛s ❡♥❢❡r♠❡❞❛❞❡s✱ ❡❧ ❞❡s❝✉❜r✐♠✐❡♥t♦ ❞❡ ♥✉❡✈♦s ♣r❡✲♠✐❆❘◆s ❡s
❛❝t✉❛❧♠❡♥t❡ ❞❡ ❣r❛♥ ✐♥t❡rés ❈❤❡♥ ❡t ❛❧✳ ✭✷✵✶✽✮✳

P❛r❛ ❡♥❝♦♥tr❛r ♥✉❡✈♦s ♣r❡✲♠✐❆❘◆s s❡ ❡♥tr❡♥❛ ✉♥ ❝❧❛s✐✜❝❛❞♦r ❞❡ ♠♦❞♦ s✉♣❡r✈✐s❛❞♦ ❛ ♣❛rt✐r ❞❡
❝❛r❛❝t❡ríst✐❝❛s s❡❝✉❡♥❝✐❛❧❡s ② ❡str✉❝t✉r❛❧❡s ❡①tr❛í❞❛s ❞❡ ❧❛s s❡❝✉❡♥❝✐❛s ❞❡ ✉♥ ❣❡♥♦♠❛ ✭▲✐ ❡t ❛❧✳✱ ✷✵✶✵❀
❞❡ ❖◆ ▲♦♣❡s ❡t ❛❧✳✱ ✷✵✶✹❀ ❙❤✉❦❧❛ ❡t ❛❧✳✱ ✷✵✶✼✮✳ ❊♥ ❧❛ ❧✐t❡r❛t✉r❛ ❤❛♥ s✐❞♦ ♣r♦♣✉❡st♦s ✈❛r✐♦s ❝♦♥❥✉♥t♦s
❞❡ ❝❛r❛❝t❡ríst✐❝❛s ❞✐❢❡r❡♥t❡s✱ ❧♦s ❝✉❛❧❡s ♣r✐♥❝✐♣❛❧♠❡♥t❡ ❞❡s❝r✐❜❡♥ ✐♥❢♦r♠❛❝✐ó♥ ❞❡ ❧❛ ❡str✉❝t✉r❛ ❞❡ ✉♥
♣r❡✲♠✐❆❘◆✳ ➱st❛s s♦♥ ♠❛②♦r♠❡♥t❡ ✐♥s♣✐r❛❞❛s ❡♥ ❧❛ ❛❝❝✐ó♥ ❞❡ ❧❛ ❡♥③✐♠❛ ❉r♦s❤❛ ✭❞❡ ❖◆ ▲♦♣❡s ❡t ❛❧✳✱
✷✵✶✹✮✱ ❧❛ ❝✉❛❧ ♣✉❡❞❡ r❡❝♦♥♦❝❡r ❤♦rq✉✐❧❧❛s q✉❡ t❡♥❣❛♥ ♣r♦♣✐❡❞❛❞❡s ❡str✉❝t✉r❛❧❡s ❡s♣❡❝í✜❝❛s ❞❡ ✉♥ ♣r❡✲
♠✐❆❘◆✳ ❙✐♥ ❡♠❜❛r❣♦✱ ❛✉♥q✉❡ ❡st❛ ❡♥③✐♠❛ t♦♠❛ ✉♥ r♦❧ ♣r✐♥❝✐♣❛❧ ❡♥ ❧❛ s❡❧❡❝❝✐ó♥ ❞❡ ❛q✉❡❧❧❛s ❤♦rq✉✐❧❧❛s
♣r❡❝✉rs♦r❛s ❞❡ ♠✐❆❘◆s✱ ❧❛ ❡s♣❡❝✐✜❝✐❞❛❞ ❞❡ ❧♦s s✉❜s✐❣✉✐❡♥t❡s ♣r♦❝❡s♦s ♣✉❡❞❡ ✐♠♣♦♥❡r r❡str✐❝❝✐♦♥❡s
❛❞✐❝✐♦♥❛❧❡s ❛ ❛q✉❡❧❧❛s ❤♦rq✉✐❧❧❛s q✉❡ ❡✈❡♥t✉❛❧♠❡♥t❡ s❡ ❝♦♥✈❡rt✐rá♥ ❡♥ ♠✐❆❘◆ ♠❛❞✉r♦s ✭❇❛rt❡❧✱ ✷✵✶✽✮✳
❊♥ ❞✐❢❡r❡♥t❡s ❡st✉❞✐♦s s❡ ❤❛ ❡♥❝♦♥tr❛❞♦ q✉❡ ❧❛ s❡❧❡❝❝✐ó♥ ❞❡ ❧♦s ❆❘◆ ♠❡♥s❛❥❡r♦s q✉❡ s♦♥ ♦❜❥❡t✐✈♦ ❞❡
♠✐❆❘◆ s❡ ❞❡✜♥❡ ♣♦r ❧❛ s❡❝✉❡♥❝✐❛ ❞❡ s✉ ❝♦rr❡s♣♦♥❞✐❡♥t❡ ♠✐❆❘◆ ♠❛❞✉r♦ ✭❋r✐❡❞♠❛♥ ❡t ❛❧✳✱ ✷✵✵✾❀ ▲❡✇✐s
❡t ❛❧✳✱ ✷✵✵✺❀ ❇r❡♥♥❡❝❦❡ ❡t ❛❧✳✱ ✷✵✵✺❀ ❇❛rt❡❧✱ ✷✵✵✾✮✳ ❊s♣❡❝í✜❝❛♠❡♥t❡✱ ❡❧ ♠✐❆❘◆ ♠❛❞✉r♦ ❝♦♥t✐❡♥❡ ❞♦s
ár❡❛s ❞❡ ✉♥✐ó♥ ❝♦♥ ❧❛ s❡❝✉❡♥❝✐❛ ♦❜❥❡t✐✈♦ ❧❧❛♠❛❞❛s s❡♠✐❧❧❛ ② s✐t✐♦ ❝♦♠♣❧❡♠❡♥t❛r✐♦ ✭❋r✐❡❞♠❛♥ ❡t ❛❧✳✱
✷✵✵✾✮✳ ❉❛❞❛ ❧❛ ✐♠♣♦rt❛♥❝✐❛ q✉❡ t✐❡♥❡ ❧❛ s❡♠✐❧❧❛ ❡♥ ❧❛ ❢✉♥❝✐ó♥ ❞❡ ❧❛ s❡❝✉❡♥❝✐❛✱ ❧♦s ♠✐❆❘◆ ♠❛❞✉r♦s
q✉❡ ❝♦♠♣❛rt❡♥ ❧❛ ♠✐s♠❛ s❡♠✐❧❧❛ ♣✉❡❞❡♥ s❡r ❝❧❛s✐✜❝❛❞♦s ❡♥ ❣r✉♣♦s ❧❧❛♠❛❞♦s ❢❛♠✐❧✐❛s ❞❡ ♠✐❆❘◆ ✭▲❡✇✐s
❡t ❛❧✳✱ ✷✵✵✸✮✳

❉❛❞♦ ❡♥t♦♥❝❡s q✉❡ ❧❛ ✐♥❢♦r♠❛❝✐ó♥ ✐♠♣♦rt❛♥t❡ ❡stá ❝♦❞✐✜❝❛❞❛ ❡♥ ❧❛ r❡❣✐ó♥ ❞❡❧ ♠❛❞✉r♦ ❞❡ ✉♥ ♣r❡✲
♠✐❆❘◆✱ ❧❛ ❡str✉❝t✉r❛ s❡❝✉♥❞❛r✐❛ ❞❡❧ ♣r❡❝✉rs♦r ❡♥ sí ♠✐s♠❛ ♣♦❞rí❛ ♥♦ s❡r s✉✜❝✐❡♥t❡ ♣❛r❛ ❞✐❢❡r❡♥❝✐❛r
✉♥ ♣r❡✲♠✐❆❘◆ ✈❡r❞❛❞❡r♦ ❞❡ ♦tr❛s ❤♦rq✉✐❧❧❛s✳ ◆✉❡str❛ ❤✐♣ót❡s✐s ❡s q✉❡ ❧❛ ♣r✐♥❝✐♣❛❧ ❞✐✜❝✉❧t❛❞ ♣❛r❛
s❡♣❛r❛r ❛♠❜❛s ❝❧❛s❡s s❡ ❞❡❜❡ ❛ ❧❛ ♦♠✐s✐ó♥ ❞❡ ✐♥❢♦r♠❛❝✐ó♥ r❡❧❡✈❛♥t❡ s♦❜r❡ ❧❛ s❡❝✉❡♥❝✐❛ ❞❡❧ ♠✐❆❘◆
♠❛❞✉r♦ ❡♥ ❡❧ ♣r♦❝❡s♦ ❞❡ ❡①tr❛❝❝✐ó♥ ❞❡ ❝❛r❛❝t❡ríst✐❝❛s ❞❡ ❧♦s ♣r❡✲♠✐❆❘◆✳ ❊st❡ ❤❡❝❤♦ ❡s ❡s♣❡❝✐❛❧♠❡♥t❡
♥♦t❛❜❧❡ ❡♥ ❧❛ ♣r❡❞✐❝❝✐ó♥ ❞❡ ♥✉❡✈♦s ♣r❡❝✉rs♦r❡s✱ ❞♦♥❞❡ ❧❛s ❝❛r❛❝t❡ríst✐❝❛s s❡ ❡①tr❛❡♥ ♣r✐♥❝✐♣❛❧♠❡♥t❡ ❞❡
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✶✳✷✳ ❊①tr❛❝❝✐ó♥ ❞❡ ❝❛r❛❝t❡ríst✐❝❛s ❝♦♥ ❛♣r❡♥❞✐③❛❥❡ ♣r♦❢✉♥❞♦

❊♥ ✈❛r✐♦s ❞♦♠✐♥✐♦s ❜✐♦✐♥❢♦r♠át✐❝♦s ❡❧ ❣r❛♥ ❞❡s❛❢í♦ ❛❝t✉❛❧ ❡s ❡❧ ❞❡s❛rr♦❧❧♦ ❞❡ ♠ét♦❞♦s ❞❡ ❛♣r❡♥❞✐③❛❥❡
♠❛q✉✐♥❛❧ q✉❡ ♥♦ r❡q✉✐❡r❛♥ ♥✐♥❣ú♥ ♣r❡✲♣r♦❝❡s❛♠✐❡♥t♦ ❞❡ ❧❛ ❡♥tr❛❞❛✱ ❡s ❞❡❝✐r✱ ❧♦ q✉❡ s❡ s✉❡❧❡ ❞❡♥♦♠✐♥❛r
♠♦❞❡❧♦ ❞❡ ❡①tr❡♠♦ ❛ ❡①tr❡♠♦ ✭❚r✐❡✉ ❡t ❛❧✳✱ ✷✵✷✵❀ ❚s✉❜❛❦✐ ❡t ❛❧✳✱ ✷✵✶✽❀ ❈❤❛❛❜❛♥❡ ❡t ❛❧✳✱ ✷✵✶✾✮✳ ❊♥ ❡❧
❡s❝❡♥❛r✐♦ ❞❡ ♣r❡❞✐❝❝✐ó♥ ❞❡ ♣r❡✲♠✐❆❘◆s ❡♥ ❣❡♥♦♠❛s ❝♦♠♣❧❡t♦s✱ ❞✐❝❤♦ ♠ét♦❞♦ ❞❡❜❡rí❛ ♣♦❞❡r ❡♥tr❡♥❛rs❡
s♦❧♦ ❝♦♥ s❡❝✉❡♥❝✐❛s ❞❡ ❆❘◆ ❝r✉❞❛s ✭✉♥❛ ❞✐r❡❝t❛ ❝♦❞✐✜❝❛❝✐ó♥ ♥✉♠ér✐❝❛ ❞❡ ❧♦s ❛♠✐♥♦á❝✐❞♦s✮✱ ♣❛r❛ ❧✉❡❣♦
s❡r ❝❛♣❛③ ❞❡ r❡❝✐❜✐r ❡❧ ❣❡♥♦♠❛ ❝r✉❞♦ ❞❡ ❝✉❛❧q✉✐❡r ❡s♣❡❝✐❡ s✐♥ ❡①tr❛❝❝✐ó♥ ❞❡ ❝❛r❛❝t❡ríst✐❝❛s ♥✐ ❝á❧❝✉❧♦
❞❡ ❡str✉❝t✉r❛ s❡❝✉♥❞❛r✐❛✳ ❙✐♥ ❡♠❜❛r❣♦✱ ❞❛❞♦ q✉❡ ❡♥ t❛❧ ❡s❝❡♥❛r✐♦ ♥♦ ❡s ♣♦s✐❜❧❡ ❞❡s❝❛rt❛r ♣r❡✈✐❛♠❡♥t❡
❛q✉❡❧❧❛s s❡❝✉❡♥❝✐❛s q✉❡ ♥♦ s❡ ♣❧✐❡❣❛♥ ❝♦♠♦ ❤♦rq✉✐❧❧❛s ✭❧❛s q✉❡ ❞❡♥♦♠✐♥❛r❡♠♦s ♣❧❛♥❛s✮✱ ❡s ♥❡❝❡s❛r✐♦
✐♥❝♦r♣♦r❛r❧❛s t❛♠❜✐é♥ ❛❧ ❡♥tr❡♥❛♠✐❡♥t♦✳ Pr❡❝✐s❛♠❡♥t❡✱ ♣❛r❛ ❡✈✐t❛r ❝✉❛❧q✉✐❡r ♣❛s♦ ❞❡ ❧❛ ✐♥❣❡♥✐❡rí❛ ❞❡
❝❛r❛❝t❡ríst✐❝❛s✱ ❧❛ ❛♣❛r✐❝✐ó♥ ❞❡❧ ❛♣r❡♥❞✐③❛❥❡ ♣r♦❢✉♥❞♦ ✭❆P✮ ❤❛ ♣r♦✈✐st♦ ♠❡❥♦r❛s s✐❣♥✐✜❝❛t✐✈❛s ❡♥ ❡❧
❝❛♠♣♦ ❞❡ ❧❛ r❡♣r❡s❡♥t❛❝✐ó♥ ❛✉t♦♠át✐❝❛ ♣❛r❛ ❧❛ ✈✐s✐ó♥ ♣♦r ❝♦♠♣✉t❛❞♦r❛✱ ❡❧ r❡❝♦♥♦❝✐♠✐❡♥t♦ ❞❡ ✈♦③ ②
♠✉❝❤♦s ♦tr♦s ❞♦♠✐♥✐♦s ❞❡ ❛♣❧✐❝❛❝✐♦♥❡s ✭▲❡❈✉♥ ❡t ❛❧✳✱ ✷✵✶✺✮✳ ▲♦s ♠♦❞❡❧♦s ♣r♦❢✉♥❞♦s ♣✉❡❞❡♥ ❡①tr❛❡r
❛✉t♦♠át✐❝❛♠❡♥t❡ ❝❛r❛❝t❡ríst✐❝❛s r❡❧❡✈❛♥t❡s ♣♦r sí ♠✐s♠♦s✱ ❞✐r❡❝t❛♠❡♥t❡ ❛ ♣❛rt✐r ❞❡ ❞❛t♦s s✐♥ ♣r♦❝❡s❛r✱
♣♦r ❧♦ q✉❡ s❡ ❝♦♥s✐❞❡r❛♥ ❤♦② ❡♥ ❞í❛ ❡❧ ♠❡❥♦r ♣❛r❛❞✐❣♠❛ ❞❡ ❛♣r❡♥❞✐③❛❥❡ ♠❛q✉✐♥❛❧ ♣❛r❛ ❧❛ ♠❛②♦rí❛
❞❡ ❧❛s t❛r❡❛s ❞❡ ❝❧❛s✐✜❝❛❝✐ó♥ ✭❏✉rt③ ❡t ❛❧✳✱ ✷✵✶✼❀ ❇❡♥❣✐♦ ❡t ❛❧✳✱ ✷✵✶✸✮✳ ❊♥ ❜✐♦✐♥❢♦r♠át✐❝❛ ❡❧ ❆P ②❛
s❡ ❤❛ ✉t✐❧✐③❛❞♦ ♣❛r❛ ❧❛ ❡①tr❛❝❝✐ó♥✱ ✐❞❡♥t✐✜❝❛❝✐ó♥ ② ❝❧❛s✐✜❝❛❝✐ó♥ ❞❡ ❝❛r❛❝t❡ríst✐❝❛s ❞❡ ❆❘◆ ♣❡q✉❡ñ♦s
✭❩❤❡♥❣ ❡t ❛❧✳✱ ✷✵✶✾❀ ❆♠✐♥ ❡t ❛❧✳✱ ✷✵✶✾❀ ❩❡♥❣ ❡t ❛❧✳✱ ✷✵✶✻✮✳ ❆❞❡♠ás✱ ❡❧ ❆P ♣✉❡❞❡ ❞❡t❡❝t❛r ♠♦t✐✈♦s ❡♥
✉♥ ❝♦♥❥✉♥t♦ ❞❡ s❡❝✉❡♥❝✐❛s ❤♦♠ó❧♦❣❛s✱ q✉❡ ❧✉❡❣♦ s♦♥ ❧❛ ❝❧❛✈❡ ♣❛r❛ ❞✐st✐♥❣✉✐r ❡♥tr❡ ❞✐❢❡r❡♥t❡s t✐♣♦s ❞❡
❢❛♠✐❧✐❛s ❞❡ ♣r♦t❡í♥❛s ♦ ♣r❡❞❡❝✐r s✉ ❡str✉❝t✉r❛ ✭❙❡♦ ❡t ❛❧✳✱ ✷✵✶✽❀ ❙❡♥✐♦r ❡t ❛❧✳✱ ✷✵✷✵✮✳ ❊♥ ✭❊r❛s❧❛♥ ❡t ❛❧✳✱
✷✵✶✾✮ ❧♦s ❛✉t♦r❡s ❛♥❛❧✐③❛♥ ❧❛s ❧❛❣✉♥❛s ② ❧♦s ❞❡s❛❢í♦s ❞❡❧ ❆P ❡♥ ❣❡♥ó♠✐❝❛✱ ② ♠❡♥❝✐♦♥❛♥ ❧❛ ♥❡❝❡s✐❞❛❞ ❞❡
♠ás ❤❡rr❛♠✐❡♥t❛s ❜❛s❛❞❛s ❡♥ ❆P✱ ❝❛♣❛❝❡s ❞❡ ♠❛♥❡❥❛r ❡❧ ❡s❝❡♥❛r✐♦ r❡❛❧ ❞❡ t♦❞♦ ❡❧ ❣❡♥♦♠❛ ❝♦♥ ♠♦❞❡❧♦s
❝♦♠♣❧❡t♦s ❞❡ ❡①tr❡♠♦ ❛ ❡①tr❡♠♦✱ s✐♥ r❡q✉❡r✐r ♥✐♥❣ú♥ t✐♣♦ ❞❡ ♣r❡✲♣r♦❝❡s❛♠✐❡♥t♦ ♠❛♥✉❛❧ ♦ ✐♥❣❡♥✐❡rí❛
❞❡ ❝❛r❛❝t❡ríst✐❝❛s✳

❘❡❝✐❡♥t❡♠❡♥t❡ s❡ ❤❛ ♣r♦♣✉❡st♦ ✉♥ ♠♦❞❡❧♦ ❜❛s❛❞♦ ❡♥ r❡❞❡s ♥❡✉r♦♥❛❧❡s ❝♦♥✈♦❧✉❝✐♦♥❛❧❡s ✭❈◆◆✮✱
❞❡♥♦♠✐♥❛❞♦ ❞❡❡♣▼✐r✱ ♣❛r❛ ❧❛ ❝❧❛s✐✜❝❛❝✐ó♥ ❞❡ ❢❛♠✐❧✐❛s ❞❡ ♠✐❆❘◆ ✭❚❛♥❣ ❛♥❞ ❙✉♥✱ ✷✵✶✾✮✳ ❆ ❞✐❢❡r❡♥❝✐❛
❞❡ ❧❛ ♠❛②♦rí❛ ❞❡ ❧❛s ❤❡rr❛♠✐❡♥t❛s ❞❡ ❝❧❛s✐✜❝❛❝✐ó♥ ❜✐♥❛r✐❛✱ ❡❧ ❡♥❢♦q✉❡ ❛q✉í ❡s ❝❧❛s✐✜❝❛r ❧❛s s❡❝✉❡♥❝✐❛s ❞❡
❡♥tr❛❞❛ ❡♥ ❞✐❢❡r❡♥t❡s ❢❛♠✐❧✐❛s ❞❡ ♠✐❆❘◆ ♣❛r❛ ✉♥❛ ❛♥♦t❛❝✐ó♥ ❞❡ ❢✉♥❝✐♦♥❡s ♠ás ❞❡t❛❧❧❛❞❛✳ ❊st❡ ♠♦❞❡❧♦
r❡❝✐❜❡ ❝♦♠♦ ❡♥tr❛❞❛ só❧♦ s❡❝✉❡♥❝✐❛s ❞❡ ❆❘◆ ✉t✐❧✐③❛♥❞♦ ✉♥ ❡sq✉❡♠❛ ❞❡ ❝♦❞✐✜❝❛❝✐ó♥ ❞❡ ❝❡r♦s ② ✉♥♦s ✭♦♥❡✲
❤♦t✲❡♥❝♦❞✐♥❣✮✳ ❆sí✱ ❝♦♥✈✐❡rt❡ ✉♥❛ s❡❝✉❡♥❝✐❛ ❞❡ ❆❘◆ ❡♥ ✉♥❛ ♠❛tr✐③ ❛ ❧❛ ❡♥tr❛❞❛ ❞❡ ❧❛ r❡❞✱ ❝♦❞✐✜❝❛♥❞♦
❞❡ ❡st❛ ♠❛♥❡r❛ ❧♦s ✹ t✐♣♦s ❞❡ ♥✉❝❧❡ót✐❞♦s ❡♥ ❧❛ s❡❝✉❡♥❝✐❛✳ ❊❧ ♠♦❞❡❧♦ ❞❡ ❈◆◆ ❝♦♥t✐❡♥❡ ❞♦s ❝❛♣❛s
❝♦♥✈♦❧✉❝✐♦♥❛❧❡s✱ s❡❣✉✐❞❛s ❞❡ ❝❛♣❛s ❞❡ ♣♦♦❧✐♥❣ ② tr❡s ❝❛♣❛s ❝♦♠♣❧❡t❛♠❡♥t❡ ❝♦♥❡❝t❛❞❛s ❝♦♥ ❞r♦♣♦✉t✳
❊♥ ✭❇✉❣♥♦♥ ❡t ❛❧✳✱ ✷✵✷✵❛✮ s❡ ❞❡♠♦stró q✉❡ ❡❧ r❡♥❞✐♠✐❡♥t♦ ❞❡ ❞❡❡♣▼✐r✱ ✉t✐❧✐③❛❞♦ ❡♥ ♣r❡❞✐❝❝✐ó♥ ❞❡ ♣r❡✲
♠✐❘◆❆✱ ❡st❛❜❛ ♣♦r ❞❡❜❛❥♦ ❞❡ ❧♦s ♠♦❞❡❧♦s ♣r♦❢✉♥❞♦s q✉❡ ✉t✐❧✐③❛♥ t❛♠❜✐é♥ ❧❛ ❡str✉❝t✉r❛ s❡❝✉♥❞❛r✐❛
♣r❡❞✐❝❤❛ ❝♦♠♦ ❡♥tr❛❞❛✱ ❝♦♠♦ ❞❡❡♣▼✐❘●❡♥❡ ✭P❛r❦ ❡t ❛❧✳✱ ✷✵✶✼✮✳ ❙✐♥ ❡♠❜❛r❣♦✱ ❞❡❡♣▼✐r ❡s ✉♥ ♣❛s♦
✐♠♣♦rt❛♥t❡ ❤❛❝✐❛ ♠♦❞❡❧♦s t♦t❛❧♠❡♥t❡ ❡♥tr❡♥❛❜❧❡s ❛ ♣❛rt✐r ❞❡ s❡❝✉❡♥❝✐❛s ❣❡♥ó♠✐❝❛s s✐♥ ♣r♦❝❡s❛r ② ✉♥
♣✉♥t♦ ❞❡ ♣❛rt✐❞❛ ♣❛r❛ ❧♦❣r❛r ♠♦❞❡❧♦s ❞❡ ❡①tr❡♠♦ ❛ ❡①tr❡♠♦✱ ❝♦♥ ❡❧ ♣♦t❡♥❝✐❛❧ ❞❡ s✉♣❡r❛r ❛ ♦tr♦s
❡♥❢♦q✉❡s ❣r❛❝✐❛s ❛ ❧❛ ❝❛♣❛❝✐❞❛❞ ❞❡ ❡①tr❛❡r ❧❛s ❝❛r❛❝t❡ríst✐❝❛s ❛✉t♦♠át✐❝❛♠❡♥t❡✳

❈♦♠♦ ❛❧t❡r♥❛t✐✈❛ ♣❛r❛ ♠❡❥♦r❛r ❧♦s ♠♦❞❡❧♦s ❆P ❡♥ ❧❛ ❡①tr❛❝❝✐ó♥ ❛✉t♦♠át✐❝❛ ❞❡ ❝❛r❛❝t❡ríst✐❝❛s✱ ❧♦s
♠♦❞❡❧♦s ❞❡♥♦♠✐♥❛❞♦s ❚r❛♥s❢♦r♠❡rs ❤❛♥ ❛♣❛r❡❝✐❞♦ ♠✉② r❡❝✐❡♥t❡♠❡♥t❡✱ ♣r♦✈❡♥✐❡♥t❡s ❞❡❧ ❞♦♠✐♥✐♦ ❞❡❧
♣r♦❝❡s❛♠✐❡♥t♦ ❞❡❧ ❧❡♥❣✉❛❥❡ ♥❛t✉r❛❧ ✭❉❡✈❧✐♥ ❡t ❛❧✳✱ ✷✵✶✽❛❀ ❱❛s✇❛♥✐ ❡t ❛❧✳✱ ✷✵✶✼✮✳ ▲♦s ❚r❛♥s❢♦r♠❡rs s♦♥
r❡❞❡s ♣r♦❢✉♥❞❛s ❝♦♥ ♠❡❝❛♥✐s♠♦s ❞❡ ❛✉t♦✲❛t❡♥❝✐ó♥ ❡♥ ❝❛❞❛ ❝❛♣❛✱ ❧♦ q✉❡ ♣❡r♠✐t❡ ♦❜t❡♥❡r ✈❛r✐❛s ♠❡❥♦r❛s
❝♦♥ r❡s♣❡❝t♦ ❛ ❧♦s ♠♦❞❡❧♦s r❡❝✉rr❡♥t❡s ② ❝♦♥✈♦❧✉❝✐♦♥❛❧❡s ✭❉♦s♦✈✐ts❦✐② ❡t ❛❧✳✱ ✷✵✷✵✮✳ P♦r ✉♥ ❧❛❞♦✱ ❡❧ ✢✉❥♦
❞❡ ✐♥❢♦r♠❛❝✐ó♥ s❡ ♣❛r❛❧❡❧✐③❛✱ ❡♥ ❧✉❣❛r ❞❡ r❡❛❧✐③❛rs❡ ❞❡ ❢♦r♠❛ s❡❝✉❡♥❝✐❛❧ ❝♦♠♦ ❡♥ ❧❛s r❡❞❡s r❡❝✉rr❡♥t❡s✳
P♦r ♦tr♦ ❧❛❞♦✱ ❛ ❞✐❢❡r❡♥❝✐❛ ❞❡ ❧❛s r❡❞❡s ❝♦♥✈♦❧✉❝✐♦♥❛❧❡s q✉❡ tr❛❜❛❥❛♥ ❝♦♥ ✉♥❛ ✈✐s✐ó♥ ❧♦❝❛❧ ② r❡q✉✐❡r❡♥
❞❡ ♠✉❝❤❛s ❝❛♣❛s ♣❛r❛ ♦❜t❡♥❡r ✉♥❛ ✈✐s✐ó♥ ❣❧♦❜❛❧✱ ❧♦s ♠❡❝❛♥✐s♠♦s ❞❡ ❛t❡♥❝✐ó♥ ♣❡r♠✐t❡♥ ❡❧ ❛♥á❧✐s✐s ❞❡
s❡❝✉❡♥❝✐❛s ♠ás ❧❛r❣❛s s✐♥ ♣❡r❞❡r ✐♥❢♦r♠❛❝✐ó♥ ❞❡ ❝♦♥t❡①t♦ ② ♠❛♥t❡♥✐❡♥❞♦ ✉♥❛ ✈✐s✐ó♥ ❣❧♦❜❛❧ ❞❡ ❧❛ ❡♥tr❛❞❛
❡♥ ❝❛❞❛ ❝❛♣❛ ❣r❛❝✐❛s ❛ s✉s ❝♦♥❡①✐♦♥❡s ♣✉♥t♦ ❛ ♣✉♥t♦ ✭❱❛s✇❛♥✐ ❡t ❛❧✳✱ ✷✵✶✼✮✳ ❊st❛s ❝❛r❛❝t❡ríst✐❝❛s ❞❡
❧♦s ❚r❛♥s❢♦r♠❡rs ❧❡s ♣✉❡❞❡♥ ♣❡r♠✐t✐r ❛♣r❡♥❞❡r r❡❧❛❝✐♦♥❡s ❡♥tr❡ t♦❞♦s ❧♦s ♥✉❝❧❡ót✐❞♦s ❞❡♥tr♦ ❞❡ ✉♥❛
s❡❝✉❡♥❝✐❛ ❡♥ ❢♦r♠❛ ❞❡ ❤♦rq✉✐❧❧❛✱ ♣✉❞✐❡♥❞♦ ❛sí ♠♦❞❡❧❛r s✉ ❡str✉❝t✉r❛ s❡❝✉♥❞❛r✐❛✳ ❉❡ ❡st❛ ♠❛♥❡r❛✱ ❡s
♣♦s✐❜❧❡ ❞❡s❛rr♦❧❧❛r ✉♥ ♠♦❞❡❧♦ ❞❡ ❛♣r❡♥❞✐③❛❥❡ ♣r♦❢✉♥❞♦ ❝❛♣❛③ ❞❡ ❡①tr❛❡r ✐♥❢♦r♠❛❝✐ó♥ só❧♦ ❛ ♣❛rt✐r ❞❡
❧❛ s❡❝✉❡♥❝✐❛ ❞❡ ❆❘◆✱ s✐♥ ♥✐♥❣ú♥ ♣r❡♣r♦❝❡s❛♠✐❡♥t♦ ❞❡ ❞❛t♦s✳

P♦r ❧♦ t❛♥t♦✱ ❡♥ ❧❛ s❡❣✉♥❞❛ ♣❛rt❡ ❞❡ ❡st❛ t❡s✐s ❜✉s❝❛♠♦s ❛♥❛❧✐③❛r ❞✐r❡❝t❛♠❡♥t❡ ❡❧ ❆❉◆ ❝♦♥ ❤❡✲
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rr❛♠✐❡♥t❛s ❞❡ ♣r♦❝❡s❛♠✐❡♥t♦ ❞❡❧ ❧❡♥❣✉❛❥❡ ♥❛t✉r❛❧ ✭P▲◆✮ ② ❛♣r❡♥❞✐③❛❥❡ ♣r♦❢✉♥❞♦✳ ❊st❡ ❡♥❢♦q✉❡ ❡stá
♦r✐❡♥t❛❞♦ ❛ ♣♦❞❡r ❝❧❛s✐✜❝❛r ✉♥ ❝❛♥❞✐❞❛t♦ ❛ ♠✐❆❘◆ s♦❧♦ ❛ ♣❛rt✐r ❞❡ s✉ s❡❝✉❡♥❝✐❛ ② s✉ ❝♦♥t❡①t♦ ❡♥ ❡❧
❣❡♥♦♠❛ s✐♥ ✉t✐❧✐③❛r ♥✐♥❣ú♥ ♣r❡✲♣r♦❝❡s❛♠✐❡♥t♦ ♥✐ ❡①tr❛❝❝✐ó♥ ❞❡ ❝❛r❛❝t❡ríst✐❝❛s✳ ❆sí✱ ❡♥ ❡st❛ ❡t❛♣❛ s❡
❞❡s❛rr♦❧❧❛r♦♥ ❛rq✉✐t❡❝t✉r❛s ♣r♦❢✉♥❞❛s ❜❛s❛❞❛s ❡♥ ❚r❛♥s❢♦r♠❡rs ② ♠❡❝❛♥✐s♠♦s ❞❡ ❛t❡♥❝✐ó♥✱ ❞❛❞♦ q✉❡
ést❛s ❤❛♥ ♠♦str❛❞♦ s❡r ❝❛♣❛❝❡s ❞❡ ❛♥❛❧✐③❛r ❣r❛♥❞❡s ❝♦♥t❡①t♦s ❡♥ ♣r♦❜❧❡♠❛s ❞❡ P▲◆ ✭❱❛s✇❛♥✐ ❡t ❛❧✳✱
✷✵✶✼✮✳ ❉❡ ❡st❛ ♠❛♥❡r❛✱ s❡ ❜✉s❝❛ ❡❧✐♠✐♥❛r ❡❧ s❡s❣♦ ♣r♦❞✉❝✐❞♦ ♣♦r ❧❛s ❡str✉❝t✉r❛s ②❛ ❝♦♥♦❝✐❞❛s ❞❡ t✐♣♦
❤♦rq✉✐❧❧❛ ② ♣❡r♠✐t✐r ❧❛ ❞❡t❡❝❝✐ó♥ ❞❡ ♥✉❡✈♦s ❝❛♥❞✐❞❛t♦s q✉❡ ♥♦ ♣❡rt❡♥❡③❝❛♥ ❛ ❧❛s ❢❛♠✐❧✐❛s ②❛ ❝♦♥♦❝✐❞❛s
❞❡ ♠✐❆❘◆s✳

✶✳✸✳ Pr❡❞✐❝❝✐ó♥ ❛✉t♦♠át✐❝❛ ❞❡ ♠✐❆❘◆

▲❛s té❝♥✐❝❛s ❡①♣❡r✐♠❡♥t❛❧❡s ♣❛r❛ ❧❛ ♣r❡❞✐❝❝✐ó♥ ❞❡ ♣r❡✲♠✐❆❘◆s ✐♥✈♦❧✉❝r❛♥ ❞✐❢❡r❡♥t❡s ❞✐✜❝✉❧t❛❞❡s
t❡❝♥♦❧ó❣✐❝❛s ② ♣rá❝t✐❝❛s✱ ♣♦r ❧♦ ❝✉❛❧ ❧♦s ♠ét♦❞♦s ❝♦♠♣✉t❛❝✐♦♥❛❧❡s ❤❛♥ ✐❞♦ ♦❝✉♣❛♥❞♦ ✉♥ r♦❧ ❝❛❞❛ ✈❡③
♠ás ♣r❡♣♦♥❞❡r❛♥t❡ ❡♥ ❧♦s ú❧t✐♠♦s ✶✵ ❛ñ♦s✳ ❙✐♥ ❡♠❜❛r❣♦✱ ② ❛ ♣❡s❛r ❞❡ ❧♦s ❡s❢✉❡r③♦s ❞❡ ❧❛ ❝♦♠✉♥✐❞❛❞
❝✐❡♥tí✜❝❛✱ ❧♦s ♠ét♦❞♦s ❝♦♠♣✉t❛❝✐♦♥❛❧❡s ♣r♦♣✉❡st♦s ❛ú♥ t✐❡♥❡♥ ♠✉❝❤♦s ❞❡s❛❢í♦s ♣♦r r❡s♦❧✈❡r ❙t❡❣♠❛②❡r
❡t ❛❧✳ ✭✷✵✶✽✮✳ ❊st♦ ❡s ❞❡❜✐❞♦ ❛ ❧❛ ❣r❛♥ ❝❛♥t✐❞❛❞ ❞❡ ❢❛❧s♦s ♣♦s✐t✐✈♦s ❣❡♥❡r❛❞♦s ♣♦r ❧♦s ❝❧❛s✐✜❝❛❞♦r❡s
❞❡❧ ❡st❛❞♦ ❞❡❧ ❛rt❡✱ ❧♦ q✉❡ ❤❛❝❡ ✐♠♣rá❝t✐❝❛ s✉ ❛♣❧✐❝❛❝✐ó♥✳ ❊♥ ❣❡♥❡r❛❧ ❤❛② tr❡s ❣r❛♥❞❡s ✐♥❝♦♥✈❡♥✐❡♥t❡s
❝♦♥ ❧♦s ❡♥❢♦q✉❡s ❛♣❧✐❝❛❞♦s ❤❛st❛ ❡❧ ♠♦♠❡♥t♦✳ ❊♥ ♣r✐♠❡r ❧✉❣❛r✱ ❡①✐st❡ ✉♥ ❢✉❡rt❡ ❞❡s❜❛❧❛♥❝❡ ❞❡ ❞❛t♦s
❡♥ ❡❧ ❝♦♥❥✉♥t♦ ❞❡ ❡♥tr❡♥❛♠✐❡♥t♦✱ ❧♦ q✉❡ ♣r♦❞✉❝❡ ✉♥ s❡s❣♦ ❤❛❝✐❛ ❧❛ ❝❧❛s❡ ♠❛②♦r✐t❛r✐❛ ✭❝❧❛s❡ ♥❡❣❛t✐✈❛✮✱
❣❡♥❡r❛♥❞♦ ✉♥❛ ❞✐s♠✐♥✉❝✐ó♥ ❞❡ ❧❛ ♣r❡❝✐s✐ó♥✱ ❝♦♥ ♠✉❝❤♦s ❢❛❧s♦s ♣♦s✐t✐✈♦s ❞❡ ❧❛ ❝❧❛s❡ ♠✐♥♦r✐t❛r✐❛ ✭❝❧❛✲
s❡ ♣♦s✐t✐✈❛✱ ❧♦s ♣r❡✲♠✐❆❘◆s ❝♦♥♦❝✐❞♦s✮✭❇✉❣♥♦♥ ❡t ❛❧✳✱ ✷✵✷✵❜✮✳ ❊♥ s❡❣✉♥❞♦ ❧✉❣❛r✱ ❧❛ ♠❛②♦rí❛ ❞❡ ❧❛s
❝❛r❛❝t❡ríst✐❝❛s ❡①tr❛í❞❛s ❞❡ ❧♦s ♣r❡❝✉rs♦r❡s s♦♥ ❝❛❧❝✉❧❛❞❛s ❡♥ ❢✉♥❝✐ó♥ ❞❡ ❧❛ ❡str✉❝t✉r❛ ❞❡ ✉♥♦s ♣♦❝♦s
❡❥❡♠♣❧♦s ♣♦s✐t✐✈♦s✱ ❣❡♥❡r❛♥❞♦ ❛sí ✉♥ s❡s❣♦ ❡♥ ❡❧ ❝❧❛s✐✜❝❛❞♦r ❤❛❝✐❛ ✉♥❛s ♣♦❝❛s ❢❛♠✐❧✐❛s ❞❡ ♣r❡❝✉rs♦r❡s
❝♦♥ ❡str✉❝t✉r❛s ❝♦♥♦❝✐❞❛s✳ ❊♥ t❡r❝❡r ❧✉❣❛r✱ ❛❧ ✉t✐❧✐③❛r só❧♦ ❝❛r❛❝t❡ríst✐❝❛s ❡str✉❝t✉r❛❧❡s s❡ ♣✐❡r❞❡ ✐♥❢♦r✲
♠❛❝✐ó♥ ✈❛❧✐♦s❛ ❛❧♠❛❝❡♥❛❞❛ ❡♥ ❧❛ ♠♦❧é❝✉❧❛ ❞❡❧ ♠✐❆❘◆ ♠❛❞✉r♦✱ ❝♦❞✐✜❝❛❞❛ ❞❡ ♠❛♥❡r❛ s❡❝✉❡♥❝✐❛❧✳ P♦r
❧♦ t❛♥t♦✱ ❡s ❢✉♥❞❛♠❡♥t❛❧ ♣♦❞❡r ❞❡s❛rr♦❧❧❛r ♥✉❡✈♦s ♠ét♦❞♦s ❝♦♠♣✉t❛❝✐♦♥❛❧❡s q✉❡ ♣✉❡❞❛♥ ❝❛♣t✉r❛r ②
r❡♣r❡s❡♥t❛r ♠❡❥♦r ❡st❛ ✐♥❢♦r♠❛❝✐ó♥ s❡❝✉❡♥❝✐❛❧✱ ❝♦♥ ❡s♣❡❝✐❛❧ ✐♥t❡rés ❡♥ ❧❛s r❡❣✐♦♥❡s ❝❧❛✈❡ ❞❡ ❧❛ s❡❝✉❡♥❝✐❛✳

❆❝t✉❛❧♠❡♥t❡ ❡①✐st❡♥ ❞✐st✐♥t♦s ♠ét♦❞♦s ❞❡ ✐❞❡♥t✐✜❝❛❝✐ó♥ ❞❡ ♠✐❆❘◆s✱ ❧♦s ❝✉❛❧❡s s❡ ♣✉❡❞❡♥ ❝❧❛s✐✜❝❛r
❝♦♠♦✿ ✐✮ ❡♥❢♦q✉❡s ❡①♣❡r✐♠❡♥t❛❧❡s ♠❡❞✐❛♥t❡ s❡❝✉❡♥❝✐❛♠✐❡♥t♦❀ ✐✐✮ ♠ét♦❞♦s ❝♦♠♣❛r❛t✐✈♦s ❜❛s❛❞♦s ❡♥ ❧❛
❝♦♥s❡r✈❛❝✐ó♥❀ ② ✐✐✐✮ ♠ét♦❞♦s ❜❛s❛❞♦s ❡♥ ❛♣r❡♥❞✐③❛❥❡ ♠❛q✉✐♥❛❧ ✭❑❧❡❢t♦❣✐❛♥♥✐s ❡t ❛❧✳✱ ✷✵✶✸✮✳ ▲♦s ❞♦s
♣r✐♠❡r♦s ♠ét♦❞♦s r❡q✉✐❡r❡♥ ❞❡ ❡①♣❡r✐♠❡♥t♦s ❞❡ ❧❛❜♦r❛t♦r✐♦✱ ❡♥ ❞♦♥❞❡ ❧❛ ✐❞❡♥t✐✜❝❛❝✐ó♥ ❡stá ♣r✐♥❝✐♣❛❧✲
♠❡♥t❡ ❜❛s❛❞❛ ❡♥ ♠✐❆❘◆s q✉❡ s❡ ❡①♣r❡s❛♥ ❞❡ ❢♦r♠❛ ❛❜✉♥❞❛♥t❡ ② q✉❡ s♦♥ ❡s♣❡❝í✜❝♦s ❞❡ ✉♥❛ ❡s♣❡❝✐❡
② ❞❡ ❝♦♥❞✐❝✐♦♥❡s ❡①♣❡r✐♠❡♥t❛❧❡s ♣❛rt✐❝✉❧❛r❡s✳ ❊♥ ❝♦♠♣❛r❛❝✐ó♥✱ ❧♦s ♠ét♦❞♦s ❝♦♠♣✉t❛❝✐♦♥❛❧❡s ❜❛s❛❞♦s
❡♥ ❛♣r❡♥❞✐③❛❥❡ ♠❛q✉✐♥❛❧ ♣❡r♠✐t❡♥ ❤❛❝❡r ♣r❡❞✐❝❝✐♦♥❡s ❡♥tr❡ ❞✐st✐♥t❛s ❡s♣❡❝✐❡s s✐♥ r❡q✉❡r✐r ❞❡ ❝♦st♦s♦s
❡①♣❡r✐♠❡♥t♦s ❞❡ ❧❛❜♦r❛t♦r✐♦ ❈❤❡♥ ❡t ❛❧✳ ✭✷✵✶✽✮✳ ❊♥ ❧♦s ♠ét♦❞♦s ❝♦♠♣✉t❛❝✐♦♥❛❧❡s ❜ás✐❝❛♠❡♥t❡ s❡ ❝♦✲
♠✐❡♥③❛ ❡①tr❛②❡♥❞♦ ❞❡❧ ❣❡♥♦♠❛ ❝❛❞❡♥❛s q✉❡ ❛❧ ♣❧❡❣❛rs❡ t❡♥❣❛♥ ✉♥❛ ❡str✉❝t✉r❛ ② ❧♦♥❣✐t✉❞ s✐♠✐❧❛r ❛ ✉♥
♣r❡✲♠✐❆❘◆ ❝♦♥♦❝✐❞♦✳ ▲✉❡❣♦ s❡ ❡①tr❛❡♥ ❝❛r❛❝t❡ríst✐❝❛s ❞❡ s✉ s❡❝✉❡♥❝✐❛ ② ❡str✉❝t✉r❛ ♣❛r❛ q✉❡ ♣✉❡❞❛♥
❝♦❞✐✜❝❛rs❡ ♥✉♠ér✐❝❛♠❡♥t❡ ② s❡ ❧❛s ❡♥✈í❛ ❛ ✉♥ ❛❧❣♦r✐t♠♦ ❞❡ ❛♣r❡♥❞✐③❛❥❡ ♠❛q✉✐♥❛❧ s✉♣❡r✈✐s❛❞♦ q✉❡
❢✉❡ ❡♥tr❡♥❛❞♦ ❝♦♥ s❡❝✉❡♥❝✐❛s ❝♦♥♦❝✐❞❛s ♣♦s✐t✐✈❛s ② ♥❡❣❛t✐✈❛s✱ ❡❧ ❝✉❛❧ ❞❡t❡r♠✐♥❛rá s✐ ❧❛s s❡❝✉❡♥❝✐❛s ❛
❝❧❛s✐✜❝❛r s♦♥ ♣r♦❜❛❜❧❡s ♥✉❡✈♦s ♣r❡✲♠✐❆❘◆s ♦ ♥♦✳

✶✳✹✳ ❖❜❥❡t✐✈♦ ❣❡♥❡r❛❧

❊❧ ♦❜❥❡t✐✈♦ ❣❡♥❡r❛❧ ❞❡ ❡st❛ t❡s✐s ❡s ❡❧ ❞❡s❛rr♦❧❧♦ ❞❡ ♥✉❡✈♦s ❡♥❢♦q✉❡s ♣❛r❛ ❧❛ ❡①tr❛❝❝✐ó♥ ❛✉t♦♠át✐❝❛
❞❡ ❝❛r❛❝t❡ríst✐❝❛s ♣❛r❛ s❡❝✉❡♥❝✐❛s ❞❡ ❆❘◆✱ ❞❡ ♠♦❞♦ t❛❧ ❞❡ ♠❡❥♦r❛r s✐❣♥✐✜❝❛t✐✈❛♠❡♥t❡ ❧❛s t❛s❛s ❞❡
♣r❡❞✐❝❝✐ó♥ ❞❡ ❧♦s ❝❧❛s✐✜❝❛❞♦r❡s ❞❡ s❡❝✉❡♥❝✐❛s ❞❡ ♣r❡✲♠✐❆❘◆s✳

✶✳✺✳ ❖❜❥❡t✐✈♦s ❡s♣❡❝í✜❝♦s

❆ ❝♦♥t✐♥✉❛❝✐ó♥ s❡ ❞❡t❛❧❧❛♥ ❧♦s ♦❜❥❡t✐✈♦s ❡s♣❡❝í✜❝♦s ❞❡ ❧❛ ♣r❡s❡♥t❡ ✐♥✈❡st✐❣❛❝✐ó♥✿

❉❡s❛rr♦❧❧❛r ♥✉❡✈♦s ❛❧❣♦r✐t♠♦s ♣❛r❛ ❡①tr❛❝❝✐ó♥ ❛✉t♦♠át✐❝❛ ❞❡ ❝❛r❛❝t❡ríst✐❝❛s✱ q✉❡ ❝♦♥t❡♠♣❧❡♥ ❧❛
❞✐st❛♥❝✐❛ ❞❡ ❡❞✐❝✐ó♥ ❞❡ ❧❛s ♣❛rt❡s ❞❡❧ ♠❛❞✉r♦ ❞❡ ✉♥ ♠✐❆❘◆✳



✶✳✺✳ ❖❇❏❊❚■❱❖❙ ❊❙P❊❈❮❋■❈❖❙ ✺

❉❡s❛rr♦❧❧❛r ♥✉❡✈♦s ❛❧❣♦r✐t♠♦s ♣❛r❛ ❡①tr❛❝❝✐ó♥ ❛✉t♦♠át✐❝❛ ❞❡ ❝❛r❛❝t❡ríst✐❝❛s✱ q✉❡ ❝♦♥t❡♠♣❧❡♥ ❧❛
❡♥tr♦♣í❛ ❝♦♠♦ ♠❡❞✐❞❛ ❞❡ ❛❧❡❛t♦r✐❡❞❛❞ ❞❡❧ ♠❛❞✉r♦ ❞❡ ✉♥ ♠✐❆❘◆✳

❉❡s❛rr♦❧❧❛r ♥✉❡✈♦s ❛❧❣♦r✐t♠♦s ♣❛r❛ ❡①tr❛❝❝✐ó♥ ❛✉t♦♠át✐❝❛ ❞❡ ❝❛r❛❝t❡ríst✐❝❛s✱ q✉❡ ❝♦♥t❡♠♣❧❡♥ ❧❛
❝r❡❛❝✐ó♥ ❞❡ ❞✐❝❝✐♦♥❛r✐♦s ❛✉t♦♠át✐❝♦s ❝♦♠♦ ♠❡❞✐❞❛ ❞❡ ❝♦♠♣❧❡❥✐❞❛❞ ❞❡❧ ♠❛❞✉r♦ ❞❡ ✉♥ ♠✐❆❘◆✳

❉❡s❛rr♦❧❧❛r ♥✉❡✈♦s ❛❧❣♦r✐t♠♦s ❞❡ ♣r❡❞✐❝❝✐ó♥ ❜❛s❛❞♦s ❡♥ ❛♣r❡♥❞✐③❛❥❡ ♣r♦❢✉♥❞♦✱ q✉❡ ❝♦♥t❡♠♣❧❡♥ ❧❛
✐♥❢♦r♠❛❝✐ó♥ ❞❡❧ ❝♦♥t❡①t♦ ❞❡ ❧♦s ♣r❡✲♠✐❆❘◆ ❡♥ ❡❧ ❣❡♥♦♠❛✳

❊✈❛❧✉❛r ❧♦s ❛❧❣♦r✐t♠♦s ❞❡s❛rr♦❧❧❛❞♦s ✐♥❝❧✉②❡♥❞♦ ❧❛ ♣r❡❞✐❝t✐✈✐❞❛❞ ♣♦s✐t✐✈❛✱ ♣❛r❛ ❝♦♥s✐❞❡r❛r ❡❧ ✐♠✲
♣❛❝t♦ ❞❡ ❧♦s ❢❛❧s♦s ♣♦s✐t✐✈♦s ❡♥ ❛❧t♦ ❞❡s❜❛❧❛♥❝❡✳

❆♣❧✐❝❛r ❧♦s ♠♦❞❡❧♦s ② ❛❧❣♦r✐t♠♦s q✉❡ s❡ ❞❡s❛rr♦❧❧❡♥ ❡♥ ❡❧ ❝❛♠♣♦ ❞❡ ❧❛ ❜✐♦✐♥❢♦r♠át✐❝❛✱ ❡♥ ♣❛rt✐❝✉❧❛r
♣❛r❛ ❧❛ ♣r❡❞✐❝❝✐ó♥✴❝❧❛s✐✜❝❛❝✐ó♥ ❞❡ ♥✉❡✈♦s ♣r❡✲♠✐❆❘◆ ❡♥ ❡❧ ❣❡♥♦♠❛ ❤✉♠❛♥♦✳

❱❛❧✐❞❛r ❧❛s ♣r♦♣✉❡st❛s ❝♦♥ ❞❛t♦s r❡❛❧❡s ❛ tr❛✈és ❞❡❧ tr❛❜❛❥♦ ♠✉❧t✐❞✐s❝✐♣❧✐♥❛r✐♦✳







✽ ❙❊❈❈■Ó◆ ✷✳ ▼➱❚❖❉❖❙ P❘❖P❯❊❙❚❖❙

❆❧❣♦r✐t♠♦ ✶✿ ❉✐st❛♥❝✐❛ ❞❡ ▲❡✈❡♥s❤t❡✐♥
❊♥tr❛❞❛✿ ① ✱ ② ❝❛❞❡♥❛ ❞❡ ❝❛r❛❝t❡r❡s ❞❡❧ ❆❘◆
❙❛❧✐❞❛ ✿ L ❉✐st❛♥❝✐❛ ❞❡ ▲❡✈❡♥s❤t❡✐♥

✶ s✐ |①||②| = 0 ❡♥t♦♥❝❡s

✷ L← máx{|① |, |② |}

✸ ❡♥ ♦tr♦ ❝❛s♦

✹ di,0 ← i ∀i
✺ d0,j ← j ∀j
✻ ♣❛r❛ i← 1 ❛ |①| ❤❛❝❡r
✼ ♣❛r❛ j ← 1 ❛ |②| ❤❛❝❡r
✽ c← 1− δ(xi, yj)
✾ di,j ← mı́n {di−1,j + 1, di,j−1 + 1, di−1,j−1 + c}

✶✵ L←− d|① |,|② | − ||① | − |② ||

✶✶ ❞❡✈♦❧✈❡r L

✉t✐❧✐③❛♥ s❡❝✉❡♥❝✐❛s ♣♦s✐t✐✈❛s ♦❜t❡♥✐❞❛s ❞❡ ❧❛ ❜❛s❡ ❞❡ ❞❛t♦s ▼✐r❇❛s❡✶ ② ✉♥ ❝♦♥❥✉♥t♦ ❞❡ ❝❛s♦s ♥❡❣❛t✐✈♦s
❣❡♥❡r❛❧♠❡♥t❡ ❝♦♥❢♦r♠❛❞♦ ♣♦r s❡❝✉❡♥❝✐❛s q✉❡ t✐❡♥❡♥ ✉♥❛ ❡str✉❝t✉r❛ ❞❡ t✐♣♦ ❤♦rq✉✐❧❧❛ ♣❡r♦ s❡ ❡♥❝✉❡♥tr❛♥
❡♥ r❡❣✐♦♥❡s ❞❡❧ ❣❡♥♦♠❛ q✉❡ s♦♥ ❝♦❞✐✜❝❛♥t❡s ❞❡ ♣r♦t❡í♥❛s✳

❊♥ ❡st❛ ♣r✐♠❡r❛ ♣❛rt❡ ❞❡ ❧❛ t❡s✐s s❡ ❤✐❝✐❡r♦♥ ❛♣♦rt❡s ❛ ❧❛ ❡t❛♣❛ ❞❡ ❡①tr❛❝❝✐ó♥ ❞❡ ❝❛r❛❝t❡ríst✐❝❛s✱
✐♥❝♦r♣♦r❛♥❞♦ ✐♥❢♦r♠❛❝✐ó♥ ❞❡ ❧❛ ③♦♥❛ ❞❡ ❧❛ ❤♦rq✉✐❧❧❛ q✉❡ ❝♦❞✐✜❝❛ ❡❧ ♠✐❆❘◆ ♠❛❞✉r♦✱ ❧♦ ❝✉❛❧ ♣✉❡❞❡
❝♦♠♣❧❡♠❡♥t❛r ❧❛ ✐♥❢♦r♠❛❝✐ó♥ ❞❡ ❧❛ ❡str✉❝t✉r❛✱ ♣❡r♠✐t✐❡♥❞♦ ❛sí ♠❡❥♦r❛r ❧❛ ♣r❡❝✐s✐ó♥ ❡♥ ❧❛ ♣r❡❞✐❝❝✐ó♥ ❞❡
♥✉❡✈♦s ♣r❡✲♠✐❆❘◆s✳ ❉❡❜✐❞♦ ❛ q✉❡ ❧❛ ✐♥❢♦r♠❛❝✐ó♥ ❛❧♠❛❝❡♥❛❞❛ ❡♥ ❡❧ ♠✐❆❘◆ ♠❛❞✉r♦ ❡s s❡❝✉❡♥❝✐❛❧ ② ♥♦
❡str✉❝t✉r❛❧✱ s❡ ♣r♦♣✉s✐❡r♦♥ ♥✉❡✈❛s ♠❡❞✐❞❛s ♣❛r❛ ❝❛♣t✉r❛r✱ ♥♦ s♦❧♦ ❧❛ ♣r♦♣♦r❝✐ó♥ ❞❡ ❧♦s ♥✉❝❧❡ót✐❞♦s✱ s✐♥♦
t❛♠❜✐é♥ ❡❧ ♦r❞❡♥ ❡♥ ❡❧ q✉❡ ❧♦s ♠✐s♠♦s ❡stá♥ ❞✐s♣✉❡st♦s✳ P❛r❛ t❛❧ ✜♥✱ s❡ r❡❝✉rr✐ó ❛ ♠❡❞✐❞❛s ✉t✐❧✐③❛❞❛s ❡♥
t❡♦rí❛ ❞❡ ❧❛ ✐♥❢♦r♠❛❝✐ó♥ ② ❛❧✐♥❡❛♠✐❡♥t♦ ❞❡ s❡❝✉❡♥❝✐❛s✱ t❛❧❡s ❝♦♠♦ ❧❛ ❞✐st❛♥❝✐❛ ❞❡ ▲❡✈❡♥s❤t❡✐♥✱ ❡♥tr♦♣í❛
❞❡ ♣❡r♠✉t❛❝✐ó♥ ② ❧❛ ❝♦♠♣❧❡❥✐❞❛❞ ❞❡ ▲❡♠♣❡❧✲❩✐✈✳

✷✳✶✳✶✳ ❉✐st❛♥❝✐❛ ❞❡ ▲❡✈❡♥s❤t❡✐♥

▲❛ ❞✐st❛♥❝✐❛ ❞❡ ▲❡✈❡♥s❤t❡✐♥ ✭❉▲✮✱ L✱ t❛♠❜✐é♥ ❝♦♥♦❝✐❞❛ ❝♦♠♦ ❞✐st❛♥❝✐❛ ❞❡ ❡❞✐❝✐ó♥ ❡♥tr❡ ❝❛❞❡♥❛s✱
s❡ ❞❡✜♥❡ ❝♦♠♦ ❡❧ ♠í♥✐♠♦ ♥ú♠❡r♦ ❞❡ ♦♣❡r❛❝✐♦♥❡s ✭✐♥s❡r❝✐ó♥✱ ❡❧✐♠✐♥❛❝✐ó♥ ②✴♦ s✉st✐t✉❝✐ó♥✮ r❡q✉❡r✐❞❛s
♣❛r❛ tr❛♥s❢♦r♠❛r ✉♥❛ ❝❛❞❡♥❛ ❡♥ ♦tr❛ ✭▲❡✈❡♥s❤t❡✐♥✱ ✶✾✻✻✮✳ ❊st❛ ❞✐st❛♥❝✐❛ ❡♥tr❡ ❞♦s ❝❛❞❡♥❛s ① ❡ ② ✱ ❞❡
❧❛r❣♦s ⑤① ⑤ ❡ ⑤② ⑤✱ ♣✉❡❞❡ s❡r ❝❛❧❝✉❧❛❞❛ ♠❡❞✐❛♥t❡ ❡❧ ❆❧❣♦r✐t♠♦ ✶✳

P❛r❛ ❝❛❧❝✉❧❛r L ❝♦♠♦ ✉♥❛ ❝❛r❛❝t❡ríst✐❝❛ ♣❛r❛ ❝❛❞❛ ❤♦rq✉✐❧❧❛ ② ❞❛❞♦ q✉❡ L ❡s ✉♥❛ ❞✐st❛♥❝✐❛ ❡♥tr❡
❞♦s ❡❧❡♠❡♥t♦s✱ ❡s ♥❡❝❡s❛r✐♦ t❡♥❡r ✉♥ ❝♦♥❥✉♥t♦ ❞❡ r❡❢❡r❡♥❝✐❛ ♣❛r❛ r❡❛❧✐③❛r ❧❛ ❝♦♠♣❛r❛❝✐ó♥✳ ❙❡❛ A ❡❧
❝♦♥❥✉♥t♦ ❝♦♥ ❧♦s ♠✐❆❘◆s ♠❛❞✉r♦s ✭❝❧❛s❡ ♣♦s✐t✐✈❛ ❞❡ r❡❢❡r❡♥❝✐❛✮ ❛k✳ ❙❡❛ ❛ℓ ✉♥ ❡❧❡♠❡♥t♦ ❞❡ A ♣❛r❛ ❡❧
❝✉❛❧ s❡ ❞❡s❡❛ ♦❜t❡♥❡r L✳ ❊♥t♦♥❝❡s✱ ❧❛ ♠❡❞✐❛♥❛ ❞❡ ❧❛ ❞✐st❛♥❝✐❛ ❞❡ ❛l ❛ t♦❞♦s ❧♦s ♦tr♦s ❡❧❡♠❡♥t♦s ❞❡❧
❝♦♥❥✉♥t♦ ♣✉❡❞❡ s❡r ✉♥❛ ❝❛r❛❝t❡ríst✐❝❛ ❞❡ ❛l✱ ❡st♦ ❡s

LA\❛ℓ
(❛ℓ) = med∀k 6=ℓ{❛k,❛ℓ}, ✭✷✳✶✮

❞♦♥❞❡ A \ ❛ℓ ❡s ❡❧ ❝♦♥❥✉♥t♦ A s✐♥ ❡❧ ❡❧❡♠❡♥t♦ aℓ✳
❉❡❜✐❞♦ ❛ q✉❡ ❝❛❞❛ ❝❛♥❞✐❞❛t♦ ♣✉❡❞❡ t❡♥❡r s✉ ♠❛❞✉r♦ ❝♦❞✐✜❝❛❞♦ ❡♥ ❞♦s r❡❣✐♦♥❡s ❞✐st✐♥t❛s ❞❡ ❧❛

❤♦rq✉✐❧❧❛ ✭✺♣ ② ✸♣✮✱ ❡s ♥❡❝❡s❛r✐♦ ❡①tr❛❡r ❞♦s ❝❛❞❡♥❛s ❛
5p
ℓ ② ❛

3p
ℓ ✳ ❊st♦ s❡ ♣✉❡❞❡ ❧♦❣r❛r ❝♦♥ ❧❛s ❞♦s

♠❡❞✐❞❛s ❞❡ ❝❛❞❛ ❛ℓ✱ ❝♦♥s✐❞❡r❛♥❞♦ ❝♦♠♦ ✈❛❧♦r ✜♥❛❧ ❛

L(❛ℓ) = máx{LA\❛ℓ
(❛5p

ℓ ), LA\❛ℓ
(❛3p

ℓ )}. ✭✷✳✷✮

✶❤tt♣✿✴✴✇✇✇✳♠✐r❜❛s❡✳♦r❣✴



✷✳✶✳ ▼❊❉■❉❆❙ ❉❊ ❈❖▼P▲❊❏■❉❆❉ ❉❊▲ ▼■❆❘◆ ▼❆❉❯❘❖ ✾

✷✳✶✳✷✳ ❊♥tr♦♣í❛ ❞❡ ♣❡r♠✉t❛❝✐ó♥

▲❛ ❡♥tr♦♣í❛ ❞❡ ❙❤❛♥♥♦♥ ❡s ❛♠♣❧✐❛♠❡♥t❡ ✉t✐❧✐③❛❞❛ ♣❛r❛ ♠❡❞✐r ❧❛ ❛❧❡❛t♦r✐❡❞❛❞ ❞❡ ✉♥❛ s❡❝✉❡♥❝✐❛✳
❊❧ ✐♥❝♦♥✈❡♥✐❡♥t❡ ❞❡ ❡st❡ ❡♥❢♦q✉❡ ❝✉❛♥❞♦ s❡ ❛♥❛❧✐③❛♥ s❡❝✉❡♥❝✐❛s ❞❡ ♠✐❆❘◆s ❡s q✉❡ ❧❛ ✐♥❢♦r♠❛❝✐ó♥
❞❡❧ ♦r❞❡♥ ❡♥ ❡❧ q✉❡ s❡ ❞✐s♣♦♥❡♥ ❧♦s ♥✉❝❧❡ót✐❞♦s s❡ ♣✐❡r❞❡ ❛❧ ❝❛❧❝✉❧❛rs❡ ❧❛s ❢r❡❝✉❡♥❝✐❛s r❡❧❛t✐✈❛s✳ P❛r❛
r❡s♦❧✈❡r ❡st♦✱ ❡♥ ✭❇❛♥❞t ❛♥❞ P♦♠♣❡✱ ✷✵✵✷✮ ♣r♦♣✉s✐❡r♦♥ ✉♥❛ ♥✉❡✈❛ ❝♦❞✐✜❝❛❝✐ó♥ ❜❛s❛❞❛ ❡♥ ❧♦s ♣❛tr♦♥❡s
❞❡ ♣❡r♠✉t❛❝✐♦♥❡s ❞❡ ✉♥❛ s❡❝✉❡♥❝✐❛✱ ❞♦♥❞❡ ❧❛ ❡♥tr♦♣í❛ ❡s ❡st✐♠❛❞❛ ❛ ♣❛rt✐r ❞❡ ❧❛s ❢r❡❝✉❡♥❝✐❛s r❡❧❛t✐✈❛s
❞❡ ❡s♦s ♣❛tr♦♥❡s✳ ▲❛ ♠❡❞✐❞❛ ❢✉❡ ❧❧❛♠❛❞❛ ❡♥tr♦♣í❛ ❞❡ ♣❡r♠✉t❛❝✐ó♥ ✭❊P✮✳ ❊♥ ❡st❡ ❝❛s♦✱ ❧❛ ❞✐str✐❜✉❝✐ó♥
❞❡ ♣r♦❜❛❜✐❧✐❞❛❞ ❞❡ ① ❢✉❡ r❡❡♠♣❧❛③❛❞❛ ♣♦r ❧❛s ❢r❡❝✉❡♥❝✐❛s r❡❧❛t✐✈❛s pπ ❞❡ t♦❞♦s ❧♦s ♣♦s✐❜❧❡s ♣❛tr♦♥❡s π
q✉❡ ♣✉❡❞❡♥ s❡r ❡♥❝♦♥tr❛❞♦s ❡♥ ①✳ ❆sí✱ ❝✉❛♥❞♦ tr❛❜❛❥❛♠♦s ❝♦♥ ❊P ❡s ♥❡❝❡s❛r✐♦ ❞❡✜♥✐r ♣r❡✈✐❛♠❡♥t❡ ❧❛
❧♦♥❣✐t✉❞ ❞❡ ❧♦s ♣❛tr♦♥❡s ❛ s❡r ♣❡r♠✉t❛❞♦s✱ ❧♦ q✉❡ s❡ ❞❡♥♦♠✐♥❛ ♦r❞❡♥✱ N ✳ ❯♥❛ ✈❡③ ❞❡✜♥✐❞♦ ❡❧ ♦r❞❡♥ s❡
♣✉❡❞❡♥ ♦❜t❡♥❡r N ! ♣❛tr♦♥❡s π ❞❡ ❧❛r❣♦ N ✳ P♦r ❡❥❡♠♣❧♦✱ s❡❧❡❝❝✐♦♥❛♥❞♦ N = 3✱ s❡ ♦❜t✐❡♥❡♥ ✻ ♣❛tr♦♥❡s
❞✐st✐♥t♦s✿ ✭✶✱✷✱✸✮ ✭✶✱✸✱✷✮ ✭✷✱✶✱✸✮ ✭✸✱✷✱✶✮ ✭✸✱✶✱✷✮ ✭✷✱✸✱✶✮✳ ❙✐ s❡ ❝❛❧❝✉❧❛♥ ❧❛s ❢r❡❝✉❡♥❝✐❛s ❞❡ ❡s♦s ♣❛tr♦♥❡s ❡♥
①✱ ❡♥t♦♥❝❡s ❧❛ ❝♦rr❡s♣♦♥❞✐❡♥t❡ ❊P ♣✉❡❞❡ s❡r ❡st✐♠❛❞❛ ❝♦♠♦

EPN (①) = −

N !
∑

i=1

pπi
· log2(pπi

). ✭✷✳✸✮

✷✳✶✳✸✳ ❈♦♠♣❧❡❥✐❞❛❞ ❞❡ ▲❡♠♣❡❧✲❩✐✈

❊❧ ❛❧❣♦r✐t♠♦ ❞❡ ▲❡♠♣❡❧✲❩✐✈ ♣❡r♠✐t❡ ❡❧ ❝á❧❝✉❧♦ ❞❡ ❧❛ ❝♦♠♣❧❡❥✐❞❛❞ ❞❡ ✉♥❛ s❡❝✉❡♥❝✐❛ ✜♥✐t❛ ❜❛s❛❞❛ ❡♥
❡❧ ❛♥á❧✐s✐s ❞❡ s✉ ✧♣r♦❝❡s♦ ❞❡ ♣r♦❞✉❝❝✐ó♥✧✭❩✐✈ ❛♥❞ ▲❡♠♣❡❧✱ ✶✾✼✽✮✳ ❇❛❥♦ ❧❛ ❤✐♣ót❡s✐s ❞❡ q✉❡ ❧❛ s❡❝✉❡♥❝✐❛
❞❡ ✉♥ ♠❛❞✉r♦ ❞❡❜❡ ❡st❛r ❝♦♥t❡♥✐❞❛ ❡♥ ✉♥ ❞✐❝❝✐♦♥❛r✐♦ ② ❝♦❞✐✜❝❛❞❛ s♦❧♦ ♣♦r ✧♣❛❧❛❜r❛s✧ ❡s♣❡❝í✜❝❛s✱ s❡
❡s♣❡r❛ q✉❡ ❧♦s ❝❛♥❞✐❞❛t♦s q✉❡ ❝♦❞✐✜❝❛♥ ♠✐❆❘◆s t❡♥❣❛♥ ✉♥ ❞✐❝❝✐♦♥❛r✐♦ ♠ás ♣❡q✉❡ñ♦ q✉❡ ❧♦s ❝❛♥❞✐❞❛t♦s
q✉❡ ♥♦ ❧♦ t✐❡♥❡♥✳

❙❡❛ ❛ ✉♥❛ s❡❝✉❡♥❝✐❛ ❞❡ ❆❘◆✱ ❡♥ ❧❛ q✉❡ s❡ ♣✉❡❞❡♥ ❛❧t❡r♥❛r ✹ ♥✉❝❧❡ót✐❞♦s ❞✐❢❡r❡♥t❡s✳ ❉❡✜♥✐♠♦s ❛(i, j)
❝♦♠♦ ✉♥❛ s✉❜s❡❝✉❡♥❝✐❛ ❞❡ ❛ q✉❡ s❡ ❝♦♠♣♦♥❡ ❞❡ ❧♦s ❡❧❡♠❡♥t♦s q✉❡ s❡ ❡♥❝✉❡♥tr❛♥ ❡♥tr❡ ❧♦s í♥❞✐❝❡s ✐

② ❥✳ ❉❡❝✐♠♦s q✉❡ ❛ ❡s r❡♣r♦❞✉❝✐❜❧❡ ❞❡s❞❡ ❛(1, j)✱ s✐ ❛(j + 1, |❛ |) ❡s ✉♥❛ s✉❜✲♣❛❧❛❜r❛ ❞❡ ❛ q✉❡ ❡stá
❝♦♥t❡♥✐❞❛ ❡♥ ❛(1, j)✳ ▲✉❡❣♦✱ ❞❡❝✐♠♦s q✉❡ ❛ ❡s ♣r♦❞✉❝✐❜❧❡ ❛ ♣❛rt✐r ❞❡ ❛(1, j) s✐ s❡ ♦❜t✐❡♥❡ ❛❣r❡❣❛♥❞♦
❛❧ ✜♥❛❧ ❞❡ ❧❛ s❡❝✉❡♥❝✐❛ ❛ ✉♥ ♥✉❡✈♦ ❡❧❡♠❡♥t♦ q✉❡ ♥♦ ♣✉❡❞❡ ♦❜t❡♥❡rs❡ ❛ ♣❛rt✐r ❞❡ ❧❛ r❡♣r♦❞✉❝❝✐ó♥ ❞❡
❛(1, j)✳ ❊♥ ♦tr❛s ♣❛❧❛❜r❛s✱ s❡ ♣✉❡❞❡ ♦❜t❡♥❡r ✉♥❛ ❝❛❞❡♥❛ ❛ ❛ ♣❛rt✐r ❞❡ ❧❛ ❡①t❡♥s✐ó♥ ❞❡ ❝❛❞❡♥❛s ♠ás
♣❡q✉❡ñ❛s ♠❡❞✐❛♥t❡ ❞♦s ♣r♦❝❡s♦s✿ r❡♣r♦❞✉❝❝✐ó♥✱ ❝✉❛♥❞♦ ❧❛ ❡①t❡♥s✐ó♥ s❡ r❡❛❧✐③❛ ❝♦♣✐❛♥❞♦ ✉♥❛ s✉❜❝❛❞❡♥❛
❞❡ ❧❛ ❝❛❞❡♥❛ ♠ás ♣❡q✉❡ñ❛❀ ♦ ♣r♦❞✉❝❝✐ó♥✱ ❝✉❛♥❞♦ ❧❛ ❡①t❡♥s✐ó♥ s❡ r❡❛❧✐③❛ ♠❡❞✐❛♥t❡ ✉♥❛ ♥✉❡✈❛ s✉❜❝❛❞❡♥❛
q✉❡ ♥♦ ❡stá ❝♦♥t❡♥✐❞❛ ❡♥ ❧❛ ❝❛❞❡♥❛ ✐♥✐❝✐❛❧✳

❙✐ ❝♦♥❝❛t❡♥❛♠♦s t♦❞♦s ❧♦s ♣r♦❝❡s♦s ♣♦r ❧♦s ❝✉❛❧❡s s❡ ♣✉❡❞❡ ❢♦r♠❛r ❧❛ ❝❛❞❡♥❛ ❛ ✱ s❡ ♦❜t✐❡♥❡ ❧❛
❤✐st♦r✐❛ ❞❡ s✉ ❝♦♥str✉❝❝✐ó♥✱ H(❛)✳ ❆sí✱ s✐ ❝♦♥s✐❞❡r❛♠♦s ❝❛❞❛ ♣❛s♦ ❞❡❧ ♣r♦❝❡s♦ ❝♦♠♦ r❡♣r♦❞✉❝❝✐ó♥ ♦
♣r♦❞✉❝❝✐ó♥✱ ❛ ♣✉❡❞❡ ❛♥❛❧✐③❛rs❡ ❝♦♠♦ ✉♥ ♣r♦❝❡s♦ ❞❡ z ♣❛s♦s H(❛) = H1(❛)H2(❛)...Hz(❛)✳ ❊♥t♦♥❝❡s✱
s❡❛ |H(❛)| ❡❧ ♥ú♠❡r♦ ❞❡ ♣❛s♦s ❡♥ H(❛)✱ ❧❛ ❝♦♠♣❧❡❥✐❞❛❞ ❞❡ ▲❡♠♣❡❧✲❩✐✈ ❞❡ ✉♥❛ s❡❝✉❡♥❝✐❛ ❛ s❡ ❞❡✜♥❡
❝♦♠♦ lz(❛) = mı́n{|H(❛)|}✱ ❝♦♥ r❡s♣❡❝t♦ ❛ t♦❞❛s ❧❛s ❤✐st♦r✐❛s ♣♦s✐❜❧❡s ❞❡ ❛ ✳ ▲✉❡❣♦✱ ♣❛r❛ ♦❜t❡♥❡r ✉♥❛
♠❡❞✐❞❛ q✉❡ s❡❛ ✐♥❞❡♣❡♥❞✐❡♥t❡ ❞❡ ❧❛ ❧♦♥❣✐t✉❞ ❞❡ ❛ ✱ s❡ ♣✉❡❞❡ ❤❛❝❡r

LZ(❛) =
lz(❛) log4 |❛|

|❛|
✭✷✳✹✮

❞♦♥❞❡ ✹ ❡♥ ❧❛ ❜❛s❡ ❞❡❧ ❧♦❣❛r✐t♠♦ r❡♣r❡s❡♥t❛ ❡❧ ♥ú♠❡r♦ ❞❡ ♥✉❝❧❡ót✐❞♦s ♣♦s✐❜❧❡s✳

✷✳✶✳✹✳ Pr❡❞✐❝❝✐ó♥ ❞❡ ♣r❡✲♠✐❆❘◆ ❝♦♥ ❧❛s ❝❛r❛❝t❡ríst✐❝❛s ♣r♦♣✉❡st❛s

P❛r❛ ♣r♦❜❛r ❧❛s ❝❛r❛❝t❡ríst✐❝❛s ♣r♦♣✉❡st❛s ❡♥ ✉♥❛ t❛r❡❛ ❞❡ ♣r❡❞✐❝❝✐ó♥ r❡❛❧ s❡ r❡❛❧✐③ó ✉♥ ❡♥tr❡♥❛✲
♠✐❡♥t♦ ❞❡ t✐♣♦ s✉♣❡r✈✐s❛❞♦ ❝♦♥ ❞✐st✐♥t♦s ❝❧❛s✐✜❝❛❞♦r❡s✱ ❞❡ ❢♦r♠❛ ❞❡ ✈❛❧✐❞❛r q✉❡ ❧❛s ❝❛r❛❝t❡ríst✐❝❛s
♣r♦♣✉❡st❛s s♦♥ út✐❧❡s ♠ás ❛❧❧á ❞❡❧ ❝❧❛s✐✜❝❛❞♦r ✉t✐❧✐③❛❞♦✳ ❈♦♥ ❡st❡ ✜♥ s❡ ✉t✐❧✐③❛r♦♥ ◆❛✐✈❡ ❇❛②❡s ✭◆❇✮✱
❘❛♥❞♦♠ ❋♦r❡st ✭❘❋✮✱ ❦✲♥❡❛r❡st ♥❡✐❣❤❜♦r ✭❑◆◆✮ ② ❉❡❡♣ ❇❡❧✐❡❢ ◆❡t✇♦r❦ ✭❉❇◆✮ ✭❍✐♥t♦♥ ❡t ❛❧✳✱ ✷✵✵✻✮✳
❊st♦s ❝❧❛s✐✜❝❛❞♦r❡s ❢✉❡r♦♥ ❡❧❡❣✐❞♦s ❞❡❜✐❞♦ ❛ q✉❡ ❡❧❧♦s ❤❛♥ ♠♦str❛❞♦ ❧♦s ♠❡❥♦r❡s ❞❡s❡♠♣❡ñ♦s ❡♥ ✉♥
r❡❝✐❡♥t❡ tr❛❜❛❥♦ ❡♥ ♣r❡❞✐❝❝✐ó♥ ❞❡ ♣r❡✲♠✐❆❘◆s ✭❙t❡❣♠❛②❡r ❡t ❛❧✳✱ ✷✵✶✽✮✳

❋✐♥❛❧♠❡♥t❡✱ ❤❛② q✉❡ ♥♦t❛r q✉❡ ❞❡❜✐❞♦ ❛ q✉❡ ❧❛ ❝❧❛s❡ ♣♦s✐t✐✈❛ s♦❧♦ ❝✉❡♥t❛ ❝♦♥ ✉♥♦s ♣♦❝♦s ♠✐❧❡s ❞❡
❡❥❡♠♣❧♦s ❡t✐q✉❡t❛❞♦s ❝♦♥tr❛ ✈❛r✐❛s ❞❡❝❡♥❛s ❞❡ ♠✐❧❡s ❞❡ ❡❥❡♠♣❧♦s ❞❡ ❧❛ ❝❧❛s❡ ♥❡❣❛t✐✈❛✱ ❡❧ ❝♦♥❥✉♥t♦ ❞❡
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♣✉❡st❛s✱ ❧❛s ❝✉❛❧❡s t✐❡♥❡♥ ✉♥❛ ❧♦♥❣✐t✉❞ L ② ✉♥ ♣❛s♦ s✳ ▲✉❡❣♦✱ ❝❛❞❛ s❡❝✉❡♥❝✐❛ s❡ r❡♣r❡s❡♥t❛ ❝♦♠♦ ✉♥
t❡♥s♦r ❞❡ ❝❡r♦s ② ✉♥♦s ✭♦♥❡✲❤♦t ❡♥❝♦❞✐♥❣✮ ❞❡ L× 4✱ ❞♦♥❞❡ ❝❛❞❛ ❝♦❧✉♠♥❛ r❡♣r❡s❡♥t❛ ✉♥♦ ❞❡ ❧♦s ❝✉❛tr♦
♥✉❝❧❡ót✐❞♦s ♣♦s✐❜❧❡s ✭❆✱ ❈✱ ●✱ ❯✮ ❡♥ ❝❛❞❛ ♣♦s✐❝✐ó♥✳ ▼✐❘❡✷❡ ♣r♦❝❡s❛ ❡st❛ ❡♥tr❛❞❛ ❝♦♥ tr❡s ♠♦❞❡❧♦s
♣r♦❢✉♥❞♦s ✐♥t❡r♥♦s✱ ❝♦♠♦ s❡ ♠✉❡str❛ ❡♥ ❧❛ ❋✐❣✉r❛ ✷✳✷✿ Pr❡❞✐❝❝✐ó♥ ❞❡ ❊str✉❝t✉r❛ ✭❆✮✱ ❊st✐♠❛❝✐ó♥ ❞❡
▼❊▲ ✭❇✮ ② ❈❧❛s✐✜❝❛❞♦r ❞❡ ♣r❡✲♠✐❆❘◆ ✭❈✮✳ ▲❛ ✜❣✉r❛ ♠✉❡str❛ ❡❧ ♠♦❞❡❧♦ ♠✐❘❡✷❡ ❝♦♠♣❧❡t♦✱ ❞♦♥❞❡
❧❛s ❡♥tr❛❞❛s✴s❛❧✐❞❛s ❞❡ ❝❛❞❛ s✉❜♠♦❞❡❧♦ s❡ ♠✉❡str❛♥ ❝♦♥ ♥ú♠❡r♦s ② ❧♦s ❞❡t❛❧❧❡s ❞❡ ❝❛❞❛ ❛rq✉✐t❡❝t✉r❛
♥❡✉r♦♥❛❧ s❡ ♠✉❡str❛♥ ✐♥♠❡❞✐❛t❛♠❡♥t❡ ❛ ❝♦♥t✐♥✉❛❝✐ó♥✳ ❊❧ ♣r✐♠❡r ♠♦❞❡❧♦ ♣❡r♠✐t❡ ♦❜t❡♥❡r ❧❛ ❡str✉❝t✉r❛
s❡❝✉♥❞❛r✐❛ ❛ ♣❛rt✐r ❞❡ ✉♥❛ s❡❝✉❡♥❝✐❛ ❞❡ ❡♥tr❛❞❛ ❞❡ ❆❘◆✳ ❊❧ ♠♦❞❡❧♦ ❞❡ ❡st✐♠❛❝✐ó♥ ❞❡ ❧❛ ♠í♥✐♠❛ ❡♥❡r✲
❣í❛ ❧✐❜r❡ ❞❡❧ ♣❧❡❣❛❞♦ ✭▼❊▲✮ ❡st✐♠❛ ❡st❛ ❝❛♥t✐❞❛❞ ❛ ♣❛rt✐r ❞❡ ✉♥❛ s❡❝✉❡♥❝✐❛ ❞❡ ❆❘◆ ❞❡ ❡♥tr❛❞❛ ② s✉
❡str✉❝t✉r❛ s❡❝✉♥❞❛r✐❛ ❝♦rr❡s♣♦♥❞✐❡♥t❡✳ ❋✐♥❛❧♠❡♥t❡✱ ❡❧ ú❧t✐♠♦ ♠♦❞❡❧♦ ♣r♦❢✉♥❞♦ r❡❛❧✐③❛ ❧❛ ❝❧❛s✐✜❝❛❝✐ó♥
❞❡ ❧❛ s❡❝✉❡♥❝✐❛ ❞❡ ❡♥tr❛❞❛✳

✷✳✷✳✶✳ Pr❡❞✐❝❝✐ó♥ ❛✉t♦♠át✐❝❛ ❞❡ ❡str✉❝t✉r❛s ❞❡ ❆❘◆

❊❧ ♠♦❞❡❧♦ ❞❡ ♣r❡❞✐❝❝✐ó♥ ❞❡ ❡str✉❝t✉r❛ ✭❋✐❣✉r❛ ✷✳✷❆✮ ❛♣r❡♥❞❡ ❛ ❡st✐♠❛r ❧❛ ❡str✉❝t✉r❛ s❡❝✉♥❞❛r✐❛
❛ ♣❛rt✐r ❞❡ ✉♥❛ s❡❝✉❡♥❝✐❛ ❞❡ ❆❘◆✳ ❆q✉í✱ ❡❧ t❡♥s♦r ✶ ❡♥tr❛ ❡♥ ✉♥❛ r❡❞ ♥❡✉r♦♥❛❧ ❝♦♥✈♦❧✉❝✐♦♥❛❧ ❞❡ tr❡s
❡t❛♣❛s✱ ❝❛❞❛ ✉♥❛ ❝♦♥ ❜❧♦q✉❡s ❞❡ ✐❞❡♥t✐❞❛❞✳ ❈❛❞❛ ✉♥♦ ❞❡ ❡st♦s ❜❧♦q✉❡s ❞❡ ✐❞❡♥t✐❞❛❞ s❡ ❝♦♠♣♦♥❡ ❞❡ ❞♦s
❢✉♥❝✐♦♥❡s ❞❡ ❛❝t✐✈❛❝✐ó♥✱ ❞♦s ❝❛♣❛s ❞❡ ♥♦r♠❛❧✐③❛❝✐ó♥ ♣♦r ❧♦t❡s✱ ❞♦s ❝❛♣❛s ❝♦♥✈♦❧✉❝✐♦♥❛❧❡s ✉♥✐❞✐♠❡♥s✐♦✲
♥❛❧❡s ❞❡ ❧❛r❣♦ L ② wA ✜❧tr♦s ❝♦♥ ❝♦♥❡①✐♦♥❡s ❞❡ ✐❞❡♥t✐❞❛❞ ✭❍❡ ❡t ❛❧✳✱ ✷✵✶✻✮✳ ▲❛ ❢✉♥❝✐ó♥ ♣r✐♥❝✐♣❛❧ ❞❡ ❡st❛
♣❛rt❡ ❞❡❧ ♠♦❞❡❧♦ ❡s ❡①tr❛❡r ❛✉t♦♠át✐❝❛♠❡♥t❡ ♠♦t✐✈♦s ❞❡ ❧❛ s❡❝✉❡♥❝✐❛ ❞❡ ❡♥tr❛❞❛ ② ❛✉♠❡♥t❛r ❡❧ ♥ú♠❡r♦
❞❡ ❝❛r❛❝t❡ríst✐❝❛s ♣❛r❛ ♣❡r♠✐t✐r ✉♥ ♣r♦❝❡s❛♠✐❡♥t♦ rá♣✐❞♦ ❡♥ ❧❛s s✐❣✉✐❡♥t❡s ❝❛♣❛s ❞❡ ❛t❡♥❝✐ó♥ ✭❱❛s✇❛♥✐
❡t ❛❧✳✱ ✷✵✶✼✮✳ ❊♥ ❧❛ s❛❧✐❞❛ ❞❡ ❧❛ ❈◆◆ s❡ ❛❣r❡❣❛ ❧❛ s❡ñ❛❧ ❞❡ ❝♦❞✐✜❝❛❝✐ó♥ ❞❡ ♣♦s✐❝✐ó♥ ❛ ❝❛❞❛ ❡♠❜❡❞❞✐♥❣
✭❱❛s✇❛♥✐ ❡t ❛❧✳✱ ✷✵✶✼✮✳ ▲✉❡❣♦✱ ❤❛② ✉♥❛ ♣✐❧❛ ❞❡ s❡✐s ❝♦❞✐✜❝❛❞♦r❡s ❞❡ t✐♣♦ ❚r❛♥s❢♦r♠❡r ✭❉❡✈❧✐♥ ❡t ❛❧✳✱
✷✵✶✽❜✮✳ ❊♥ ❡st❛ ♣❛rt❡ ❞❡❧ ♠♦❞❡❧♦✱ ❝❛❞❛ ❝❛♣❛ ❞❡ ❡♥❝♦❞❡r s❡ ❝♦♠♣♦♥❡ ❞❡ wA ❝❛r❛❝t❡ríst✐❝❛s ❞❡ ❡♥tr❛❞❛✱
hA ❝❛❜❡③❛❧❡s ② nA ♥❡✉r♦♥❛s ❡♥ ❧❛s ❝❛♣❛s ♦❝✉❧t❛s ❞❡ ❝❛❞❛ r❡❞ ❝♦♥ ♣r♦♣❛❣❛❝✐ó♥ ❤❛❝✐❛ ❛❞❡❧❛♥t❡✱ ❞♦♥❞❡
❡❧ ♥ú♠❡r♦ ❞❡ ♥❡✉r♦♥❛s ♦❝✉❧t❛s s❡ ❡st❛❜❧❡❝❡ ❡♥ nA = 4wA ❝♦♠♦ s❡ s✉❣✐❡r❡ ❡♥ ✭❱❛s✇❛♥✐ ❡t ❛❧✳✱ ✷✵✶✼✮✳
▲❛ ❢✉♥❝✐ó♥ ❞❡ ❡st❡ ❡♥❝♦❞❡r ❡s✱ ❛ tr❛✈és ❞❡ s✉s ♠❡❝❛♥✐s♠♦s ❞❡ ❛t❡♥❝✐ó♥✱ ♠♦❞❡❧❛r ❧❛ ♠❛tr✐③ ❞❡ ❝♦♥t❛❝t♦
❞❡ ❝❛❞❛ ♥✉❝❧❡ót✐❞♦ ❡♥ ❧❛ s❡❝✉❡♥❝✐❛ ❞❡ ❡♥tr❛❞❛✱ ♣✉❞✐❡♥❞♦ ❛sí ❡st✐♠❛r s✉ ❡str✉❝t✉r❛ s❡❝✉♥❞❛r✐❛✳ ❋✐♥❛❧✲
♠❡♥t❡✱ ❞❡s♣✉és ❞❡❧ ❡♥❝♦❞❡r ❤❛② ✉♥ ♣❡r❝❡♣tró♥ ♠✉❧t✐❝❛♣❛ ❞❡ ✸ ❝❛♣❛s✱ ❡♥ ❞♦♥❞❡ s❡ ✉t✐❧✐③❛♥ ❢✉♥❝✐♦♥❡s ❞❡
❛❝t✐✈❛❝✐ó♥ ✉♥✐❞❛❞ ❧✐♥❡❛❧ ❡①♣♦♥❡♥❝✐❛❧ ✭❯▲❊✮ ❡♥ ❧❛s ❝❛♣❛s ♦❝✉❧t❛s ② ❢✉♥❝✐♦♥❡s t❛♥❣❡♥t❡s ❤✐♣❡r❜ó❧✐❝❛s ❡♥
❧❛ s❛❧✐❞❛✳

✷✳✷✳✷✳ ❊st✐♠❛❝✐ó♥ ❞❡ ❧❛ ❡♥❡r❣í❛ ❧✐❜r❡ ♠í♥✐♠❛

❊❧ s❡❣✉♥❞♦ ♠♦❞❡❧♦ ✭❋✐❣✉r❛ ✷✳✷❇✮ t✐❡♥❡ ❝♦♠♦ ♦❜❥❡t✐✈♦ ❡st✐♠❛r ❡❧ ▼❊▲ ❛ ♣❛rt✐r ❞❡ ❧❛ s❡❝✉❡♥❝✐❛
❞❡ ❡♥tr❛❞❛ ② s✉ ❡str✉❝t✉r❛ s❡❝✉♥❞❛r✐❛✳ ❘❡❝✐❜❡ ❧❛s ❡♥tr❛❞❛s ✶ ② ✷✱ ❧❛s ❝♦♥❝❛t❡♥❛ ② ♦❜t✐❡♥❡ ✉♥ t❡♥s♦r
5 × L s✐❡♥❞♦ ❧❛ q✉✐♥t❛ ✜❧❛ ❧❛ ❡str✉❝t✉r❛ s❡❝✉♥❞❛r✐❛ ♣r❡❞✐❝❤❛ ♣❛r❛ ❧❛ s❡❝✉❡♥❝✐❛ ❞❡ ❡♥tr❛❞❛✳ ❊❧ ♠♦❞❡❧♦
s❡ ❝♦♠♣♦♥❡ ❞❡ ✉♥❛ ❈◆◆ ❞❡ ✸ ❡t❛♣❛s✱ ❝❛❞❛ ✉♥❛ ❝♦♠♣✉❡st❛ ♣♦r ✉♥ ❜❧♦q✉❡ ❞❡ ✐❞❡♥t✐❞❛❞ ② ✉♥❛ ❝❛♣❛
❞❡ ♣♦♦❧✐♥❣ ❛♣✐❧❛❞❛✳ ❉❡❜✐❞♦ ❛❧ ♣♦♦❧✐♥❣✱ ❞❡s♣✉és ❞❡ ❝❛❞❛ ❡t❛♣❛ ❧❛ ❧♦♥❣✐t✉❞ ❞❡❧ t❡♥s♦r ❞❡ ❡♥tr❛❞❛ s❡
r❡❞✉❝❡ ❡♥ ✉♥ ❢❛❝t♦r ❞❡ ✷✳ ❊♥ ❝❛❞❛ ❜❧♦q✉❡ ❞❡ ✐❞❡♥t✐❞❛❞ ❧❛s ❝❛♣❛s ❝♦♥✈♦❧✉❝✐♦♥❛❧❡s ✉♥✐❞✐♠❡♥s✐♦♥❛❧❡s
❡stá♥ ❢♦r♠❛❞❛s ♣♦r wB ✜❧tr♦s ② ♣♦s❡❡♥ ✉♥❛ ❞✐♠❡♥s✐ó♥ ❞❡ s❛❧✐❞❛ wB × L/(2C)✱ ❞♦♥❞❡ C ❡s ❡❧ ♥ú♠❡r♦
❞❡ ❡t❛♣❛✳ ❋✐♥❛❧♠❡♥t❡✱ ❧✉❡❣♦ ❞❡ ❛♣❧❛♥❛r ❡❧ t❡♥s♦r ❤❛② ✉♥ ♣❡r❝❡♣tró♥ ♠✉❧t✐❝❛♣❛ ❞❡ ✸ ❝❛♣❛s ❞♦♥❞❡ ❝❛❞❛
✉♥❛ ❞❡ ❡st❛s t✐❡♥❡ ❢✉♥❝✐♦♥❡s ❞❡ ♥♦r♠❛❧✐③❛❝✐ó♥ ♣♦r ❧♦t❡s ② ❛❝t✐✈❛❝✐ó♥ ❯▲❊✳ P❛r❛ ❡❧ ❡♥tr❡♥❛♠✐❡♥t♦ s❡
✉t✐❧✐③ó ❡❧ ❡rr♦r ❝✉❛❞rát✐❝♦ ♠❡❞✐♦✱ ❝♦♠♦ ❧❛ ❢✉♥❝✐ó♥ ❞❡ ❡rr♦r ❡♥tr❡ ❝❛❞❛ ✈❛❧♦r ❞❡ s❛❧✐❞❛ ♣r❡❞✐❝❤♦ ② s✉
✈❛❧♦r ❞❡ ▼❊▲ ❞❡ r❡❢❡r❡♥❝✐❛✳ ▲❛ s❛❧✐❞❛ ❞❡ ❡st❛ ❈◆◆ ❡s ✸✱ ❡❧ ▼❊▲ ❡st✐♠❛❞♦ ♣❛r❛ ❧❛ s❡❝✉❡♥❝✐❛✳

✷✳✷✳✸✳ ▼♦❞❡❧♦ ♣❛r❛ ❝❧❛s✐✜❝❛❝✐ó♥ ❞❡ ♣r❡✲♠✐❆❘◆

❊❧ ♠♦❞❡❧♦ ❝❧❛s✐✜❝❛❞♦r ❞❡ ♣r❡✲♠✐❆❘◆ ✭❋✐❣✉r❛ ✷✳✷❈✮ ❝❧❛s✐✜❝❛ ❧❛ s❡❝✉❡♥❝✐❛ ❞❡ ❡♥tr❛❞❛ ✶✱ ❝♦♥ s✉
❡str✉❝t✉r❛ s❡❝✉♥❞❛r✐❛ ✷ ② ❡❧ ▼❊▲ ❡st✐♠❛❞♦ ✸✳ ❊st❡ ♠♦❞❡❧♦ t✐❡♥❡ ✉♥❛ ❈◆◆ ❞❡ ✹ ❡t❛♣❛s✱ ❝❛❞❛ ✉♥❛
❝♦♠♣✉❡st❛ ♣♦r tr❡s ❜❧♦q✉❡s ❞❡ ✐❞❡♥t✐❞❛❞ ❝♦♥ wC ✜❧tr♦s ② ✉♥❛ ❝❛♣❛ ❞❡ ♣♦♦❧✐♥❣ ❛♣✐❧❛❞❛✳ ▲✉❡❣♦✱ ❤❛② ✉♥❛
♣✐❧❛ ❞❡ tr❡s ❝♦❞✐✜❝❛❞♦r❡s ❞❡ t✐♣♦ ❚r❛♥s❢♦r♠❡rs✳ ❈❛❞❛ ❝❛♣❛ ❞❡ ❝♦❞✐✜❝❛❞♦r t✐❡♥❡ wC ❝❛r❛❝t❡ríst✐❝❛s ❞❡
❡♥tr❛❞❛✱ hC ❝❛❜❡③❛s ② nC ♥❡✉r♦♥❛s ❡♥ ❧❛s ❝❛♣❛s ♦❝✉❧t❛s ❞❡ ❝❛❞❛ r❡❞ ❞❡ ♣r♦♣❛❣❛❝✐ó♥ ❤❛❝✐❛ ❛❞❡❧❛♥t❡✳ ❙✉
❢✉♥❝✐ó♥ ❡s ❝♦❞✐✜❝❛r ❧❛ ✐♥❢♦r♠❛❝✐ó♥ s❡❝✉❡♥❝✐❛❧ ❞❡ ❧❛ ❡♥tr❛❞❛✱ ♠♦❞❡❧❛♥❞♦ ❛sí ❧❛ ❞❡♣❡♥❞❡♥❝✐❛ ❡♥tr❡ ❝❛❞❛
♥✉❝❧❡ót✐❞♦ ❞❡ ❢♦r♠❛ ❣❧♦❜❛❧✳ ❉❡s♣✉és ❞❡❧ ❝♦❞✐✜❝❛❞♦r✱ ❡❧ t❡♥s♦r ❞❡ s❛❧✐❞❛ ❝♦♥ ❞✐♠❡♥s✐ó♥ wC × L/16 s❡



✶✷ ❙❊❈❈■Ó◆ ✷✳ ▼➱❚❖❉❖❙ P❘❖P❯❊❙❚❖❙

❛♣❧❛♥❛ ② ❝♦♥❝❛t❡♥❛ ❝♦♥ ❧❛ s❛❧✐❞❛ ❞❡❧ ♠♦❞❡❧♦ ▼❊▲ ✸✳ ❊st♦ ♣❛s❛ ❛ ✉♥ ♣❡r❝❡♣tró♥ ♠✉❧t✐❝❛♣❛ ❞❡ ✹ ❝❛♣❛s✱
❢✉♥❝✐♦♥❡s ❞❡ ❛❝t✐✈❛❝✐ó♥ ❞❡ ❯▲❊✱ ♥♦r♠❛❧✐③❛❝✐ó♥ ❞❡ ❧♦t❡s ② ❞r♦♣✲♦✉t✳ ❋✐♥❛❧♠❡♥t❡✱ ✉♥❛ ❝❛♣❛ s♦❢t♠❛①
❡♥ ❧❛ s❛❧✐❞❛ ♣r❡❞✐❝❡ ❧❛ ❝❧❛s❡ ❝♦rr❡s♣♦♥❞✐❡♥t❡ ✹ ♣❛r❛ ❧❛ s❡❝✉❡♥❝✐❛ ❞❡ ❡♥tr❛❞❛✳ ❉❛❞♦ q✉❡ ♠✐❘❡✷❡ ❡stá
❝♦♠♣✉❡st♦ ♣♦r tr❡s ♠♦❞❡❧♦s ❡♥ ❝❛s❝❛❞❛✱ s❡ r❡❛❧✐③ó ✉♥ ❡♥tr❡♥❛♠✐❡♥t♦ ❞❡ ✸ ❡t❛♣❛s✱ ❞♦♥❞❡ ❧❛ s❛❧✐❞❛ ❞❡
❝❛❞❛ ♠♦❞❡❧♦ ❢✉❡ ❧❛ ❡♥tr❛❞❛ ❞❡❧ s✐❣✉✐❡♥t❡✳



❙❡❝❝✐ó♥ ✸

❘❡s✉❧t❛❞♦s

✸✳✶✳ ▼❡❞✐❞❛s ❞❡ ❝♦♠♣❧❡❥✐❞❛❞ ❞❡❧ ♠✐❆❘◆ ♠❛❞✉r♦

✸✳✶✳✶✳ ❉❛t♦s

P❛r❛ ❡❧ ❡st✉❞✐♦ ❞❡ ❧❛s ♥✉❡✈❛s ♠❡❞✐❞❛s ❞❡ ❝♦♠♣❧❡❥✐❞❛❞ s❡ ❝r❡❛r♦♥ ❝♦♥❥✉♥t♦s ❞❡ ❞❛t♦s ❝♦♥ ❞✐❢❡r❡♥t❡s
❞❡s❜❛❧❛♥❝❡ ❞❡ ❝❧❛s❡s✱ ♣r♦❜❛♥❞♦ ♣r❡❞✐❝t♦r❡s ❞❡ ♣r❡✲♠✐❆❘◆ ❝♦♥ ② s✐♥ ❧❛s ♠❡❞✐❞❛s ♣r♦♣✉❡st❛s✳ P❛r❛
❡st♦ ❤❡♠♦s ✉t✐❧✐③❛❞♦ ✉♥ ❝♦♥❥✉♥t♦ ❞❡ ❞❛t♦s ♣ú❜❧✐❝♦s ❞✐s♣♦♥✐❜❧❡ ✭●✉❞②➧ ❡t ❛❧✳✱ ✷✵✶✸✮✱ q✉❡ ♣r♦♣♦r❝✐♦♥❛
❡❥❡♠♣❧♦s ♥❡❣❛t✐✈♦s ② ♣♦s✐t✐✈♦s ❞❡ t♦❞♦s ❧♦s ♣r❡✲♠✐❘◆❆ ❝♦♥♦❝✐❞♦s ❡♥ ♠✐❘❇❛s❡ ♣❛r❛ ❍♦♠♦ s❛♣✐❡♥s

✭✶✳✹✵✻ ♣♦s✐t✐✈♦s ② ✽✶✳✷✷✽ ♥❡❣❛t✐✈♦s✮✳ ▲❛s ❝❛r❛❝t❡ríst✐❝❛s ❡stá♥❞❛r s♦♥ ❧❛s ✉t✐❧✐③❛❞❛s ❡♥ ❧♦s tr❛❜❛❥♦s
♠ás ❝✐t❛❞♦s ✭❙t❡❣♠❛②❡r ❡t ❛❧✳✱ ✷✵✶✽❀ ❏✐❛♥❣ ❡t ❛❧✳✱ ✷✵✵✼❀ ●✉❞②➧ ❡t ❛❧✳✱ ✷✵✶✸❀ ❇❛t✉✇✐t❛ ❛♥❞ P❛❧❛❞❡✱
✷✵✵✾✮✳ ▲❛s ♣r♦♣♦r❝✐♦♥❡s ✈❛r✐❛❜❧❡s ❞❡ ❝❛s♦s ❞❡ ❝❛❞❛ ❝❧❛s❡ ♣❡r♠✐t❡ ❡✈❛❧✉❛r ❧❛ r♦❜✉st❡③ ❞❡ ❧❛s ♥✉❡✈❛s
❝❛r❛❝t❡ríst✐❝❛s ❡♥ s✐t✉❛❝✐♦♥❡s ♠ás ❝❡r❝❛♥❛s ❛ ❧❛s ❡♥❝♦♥tr❛❞❛s ❡♥ ✉♥ ❣❡♥♦♠❛ r❡❛❧✱ ❞♦♥❞❡ ❡❧ ♥ú♠❡r♦ ❞❡
♠✐❆❘◆s ♣♦s✐t✐✈♦s ❝♦♥♦❝✐❞♦s ❡s ♠✉② ❜❛❥♦ ❝♦♥ r❡s♣❡❝t♦ ❛❧ ♥ú♠❡r♦ ❞❡ ❤♦rq✉✐❧❧❛s s✐♥ ♠✐❆❘◆ ❡♥ ❡❧ r❡st♦
❞❡ ✉♥ ❣❡♥♦♠❛ ❝♦♠♣❧❡t♦✳ ❈♦♥ ❡st❡ ✜♥✱ s❡ ❣❡♥❡r❛r♦♥ ❝♦♥❥✉♥t♦s ❞❡ ❞❛t♦s ♠❡❞✐❛♥t❡ ✉♥ ♠✉❡str❡♦ ❛❧❡❛t♦r✐♦
❞❡s❞❡ ✶✿✺✵✵ ✭✶ ♣♦s✐t✐✈♦ ❡♥ ✺✵✵ ♥❡❣❛t✐✈♦s✮ ❤❛st❛ ✉♥ ❞❡s❜❛❧❛♥❝❡ ❡①tr❡♠♦ ❞❡ ✶✿✶✵✳✵✵✵✳

✸✳✶✳✷✳ ▼❡❞✐❞❛s ❞❡ ❞❡s❡♠♣❡ñ♦

P❛r❛ r❡♣♦rt❛r ❧♦s r❡s✉❧t❛❞♦s s❡ ✉t✐❧✐③❛r♦♥ ❧❛s ♠❡❞✐❞❛s ❞❡

❙❡♥s✐❜✐❧✐❞❛❞ s+ =
TP

TP + FN
✱ Pr❡❝✐s✐ó♥ p =

TP

TP + FP
✱

❊s♣❡❝✐✜❝✐❞❛❞ s− =
TN

TN + FP
✱ ❋✲s❝♦r❡ F1 = 2

s+ p

p+ s−
✱

❈♦❡✜❝✐❡♥t❡ ❞❡ ❝♦rr❡❧❛❝✐ó♥ ❞❡ ▼❛tt❤❡✇

CCM =
TP × TN − FP × FN

√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
✱

❈♦❡✜❝✐❡♥t❡ ❑❛♣♣❛

κ =
a− ac
1− ac

,

❉♦♥❞❡ ❚P✱ ❚◆✱ ❋P ② ❋◆ s♦♥ ❡❧ ♥ú♠❡r♦ ❞❡ ✈❡r❞❛❞❡r♦s ♣♦s✐t✐✈♦s✱ ✈❡r❞❛❞❡r♦s ♥❡❣❛t✐✈♦s✱ ❢❛❧s♦s ♣♦s✐t✐✈♦s
② ❢❛❧s♦s ♥❡❣❛t✐✈♦s✱ r❡s♣❡❝t✐✈❛♠❡♥t❡✳ T ❡s ❡❧ ♥ú♠❡r♦ t♦t❛❧ ❞❡ ♦❜s❡r✈❛❝✐♦♥❡s❀ a = (TP + TN)/T ❡s ❡❧
♥ú♠❡r♦ ❞❡ ❛❝✐❡rt♦s ❡stá♥❞❛r ② ac ❡s ❡❧ ♥ú♠❡r♦ ❞❡ ❛❝✐❡rt♦s ♣♦r ❛③❛r✱ ❡s ❞❡❝✐r✱ ❡❧ ♣r♦♣♦r❝✐♦♥❛❞♦ ♣♦r ✉♥
❝❧❛s✐✜❝❛❞♦r q✉❡ ❛s✐❣♥❛ ❛❧❡❛t♦r✐❛♠❡♥t❡ ✉♥❛ ❡t✐q✉❡t❛ ♣♦s✐t✐✈❛ ♦ ♥❡❣❛t✐✈❛ ❛ ❝❛❞❛ ♠✉❡str❛✳

✶✸



✶✹ ❙❊❈❈■Ó◆ ✸✳ ❘❊❙❯▲❚❆❉❖❙

✸✳✶✳✸✳ ❈♦♥✜❣✉r❛❝✐ó♥ ❡①♣❡r✐♠❡♥t❛❧

P❛r❛ ❝❛❧❝✉❧❛r ❧❛s ❝❛r❛❝t❡ríst✐❝❛s s❡ ♣r❡❞✐❥♦ ❧❛ ❡str✉❝t✉r❛ s❡❝✉♥❞❛r✐❛ ❞❡ t♦❞❛s ❧❛s s❡❝✉❡♥❝✐❛s ✭♣♦s✐t✐✈❛s
② ♥❡❣❛t✐✈❛s✮ ❝♦♥ ❘◆❆❢♦❧❞ ✭▲♦r❡♥③ ❡t ❛❧✳✱ ✷✵✶✶✮✱ ❝♦♥ ✸✼◦❈ ② ❡❧ r❡st♦ ❞❡ ♣❛rá♠❡tr♦s ♣♦r ♦♠✐s✐ó♥✳
❉❡s♣✉és ❞❡ ❡s♦✱ s❡ ❡①tr❛❥❡r♦♥ ❧❛s ❝❛❞❡♥❛s ✺♣ ② ✸♣ ❝♦rt❛♥❞♦ ❡♥ ✹✵ ♥t ❛ ♣❛rt✐r ❞❡❧ ❜✉❝❧❡ t❡r♠✐♥❛❧✳ ❉❡
❡st❛ ❢♦r♠❛ ♥♦ s❡ r❡q✉✐❡r❡ ❧❛ ♣♦s✐❝✐ó♥ ❡s♣❡❝í✜❝❛ ❞❡❧ ♠✐❆❘◆ ♠❛❞✉r♦ ❞❡♥tr♦ ❞❡ ❧❛ ❝❛❞❡♥❛ ② ❡s ♣♦s✐❜❧❡
❝❛❧❝✉❧❛r ❧❛s ❝❛r❛❝t❡ríst✐❝❛s s✐♥ ♥✐♥❣✉♥❛ ✐♥❢♦r♠❛❝✐ó♥ ❛❞✐❝✐♦♥❛❧ ♣❛r❛ ❤♦rq✉✐❧❧❛s ❞❡s❝♦♥♦❝✐❞❛s✳ ❊st♦ ❡s
✐♠♣♦rt❛♥t❡ ♣♦rq✉❡ s❡ ♣✉❡❞❡♥ ❣❡♥❡r❛r ❞✐❢❡r❡♥t❡s ♠✐❆❘◆ ♠❛❞✉r♦s ❛ ♣❛rt✐r ❞❡ ❧❛ ♠✐s♠❛ ❝❛❞❡♥❛ ✭✐s♦✲
♠✐❘s✮ ❞❡♣❡♥❞✐❡♥❞♦ ❞❡ ❧❛ ♣♦s✐❝✐ó♥ ❞❡❧ ❝♦rt❡ ✭❇❛rt❡❧✱ ✷✵✶✽✮✳

❊❧ r❡♥❞✐♠✐❡♥t♦ ❡♥ ❝❛❞❛ ❡①♣❡r✐♠❡♥t♦ s❡ ✐♥❢♦r♠❛ ❝♦♠♦ ❡❧ ✈❛❧♦r ♣r♦♠❡❞✐♦ ❞❡ ✽ ♣❛rt✐❝✐♦♥❡s ♣❛r❛ ❧♦s
❞❡s❜❛❧❛♥❝❡s ❞❡ ✶✿✺✵✵ ❛ ✶✿✶✳✵✵✵✱ ② ✹ ♣❛rt✐❝✐♦♥❡s ♣❛r❛ ❧♦s ❞❡s❜❛❧❛♥❝❡s ❞❡ ✶✿ ✶✳✺✵✵ ❛ ✶✿✶✵✳✵✵✵✱ s✐❡♠♣r❡
✉s❛♥❞♦ s♦❧♦ ❧❛ ♣❛rt✐❝✐ó♥ ❞❡ ♣r✉❡❜❛ ♣❛r❛ ♠❡❞✐r ❧♦s ❞❡s❡♠♣❡ñ♦s✳ ▲❛ ❞✐❢❡r❡♥❝✐❛ ❡♥ ❡❧ ♥ú♠❡r♦ ❞❡ ♣❛rt✐❝✐♦♥❡s
s❡❧❡❝❝✐♦♥❛❞❛s ♣❛r❛ ❝❛❞❛ ❝❛s♦ s❡ ❞❡❜❡ ❛ ❧❛ ❞✐s♠✐♥✉❝✐ó♥ ❞❡❧ ♥ú♠❡r♦ ❞❡ ♣♦s✐t✐✈♦s ❝✉❛♥❞♦ ❛✉♠❡♥t❛ ❡❧
❞❡s❜❛❧❛♥❝❡✳ P❛r❛ ❡✈❛❧✉❛r s✐ ❡①✐st❡ ✉♥❛ ❞✐❢❡r❡♥❝✐❛ ❡st❛❞íst✐❝❛♠❡♥t❡ s✐❣♥✐✜❝❛t✐✈❛ ❡♥ ❡❧ ❞❡s❡♠♣❡ñ♦ ❞❡ ❧♦s
❝♦♥❥✉♥t♦s ❞❡ ❝❛r❛❝t❡ríst✐❝❛s ♣r♦♣✉❡st♦s✱ s❡ r❡❛❧✐③ó ❧❛ ♣r✉❡❜❛ ❞❡ ❋r✐❡❞♠❛♥ ♣❛r❛ ❧❛ ♠❡❞✐❞❛ F1 ❝♦♥ ✉♥
♥✐✈❡❧ ❞❡ s✐❣♥✐✜❝❛♥❝✐❛ ❞❡ α = 0,01✳ ❋✐♥❛❧♠❡♥t❡✱ ♣❛r❛ ❡✈❛❧✉❛r q✉é ❝❛r❛❝t❡ríst✐❝❛s t✐❡♥❡♥ ❞❡s❡♠♣❡ñ♦s
❡st❛❞íst✐❝❛♠❡♥t❡ ❞✐❢❡r❡♥t❡s✱ s❡ ✉t✐❧✐③ó ❧❛ ♣r✉❡❜❛ ♣♦st✲❤♦❝ ❞❡ ◆❡♠❡♥②✐ ✭❉❡♠➨❛r✱ ✷✵✵✻✮✳

▲❛ ❉▲ ❞❡❜❡ ❝❛❧❝✉❧❛rs❡ t❡♥✐❡♥❞♦ ❡♥ ❝✉❡♥t❛ q✉❡ ❡❧ ❝♦♥❥✉♥t♦ ❞❡ r❡❢❡r❡♥❝✐❛ ✭❧♦s ♣r❡✲♠✐❆❘◆ ♣♦s✐t✐✲
✈♦s✮ ❝❛♠❜✐❛ ❝♦♥ ❝❛❞❛ ♣❛rt✐❝✐ó♥ ❞❡ ❡♥tr❡♥❛♠✐❡♥t♦✳ P♦r ❧♦ t❛♥t♦✱ s♦❧♦ s❡ ✉t✐❧✐③❛♥ ❧♦s ♠✐❆❘◆ ♠❛❞✉r♦s
q✉❡ s❡ ❡♥❝✉❡♥tr❛♥ ❡♥ ❝❛❞❛ ❝♦♥❥✉♥t♦ ❞❡ ❡♥tr❡♥❛♠✐❡♥t♦ A ❞❡ ❝❛❞❛ ♣❛rt✐❝✐ó♥ ❞❡ ❡♥tr❡♥❛♠✐❡♥t♦ ❝♦✲
rr❡s♣♦♥❞✐❡♥t❡✱ ❡✈✐t❛♥❞♦ ❛sí ✐♥tr♦❞✉❝✐r ✐♥❢♦r♠❛❝✐ó♥ ❛ ♣r✐♦r✐ ❞❡❧ r❡s♣❡❝t✐✈♦ ❝♦♥❥✉♥t♦ ❞❡ ♣r✉❡❜❛✳ P❛r❛
❧❛s s❡❝✉❡♥❝✐❛s ❞❡ ❡♥tr❡♥❛♠✐❡♥t♦ ❧❛ ❞✐st❛♥❝✐❛ ❞❡ ❝❛❞❛ ♠✉❡str❛ ❞❡ ❡♥tr❡♥❛♠✐❡♥t♦ ❛ℓ ∈ A s❡ ❝❛❧❝✉❧❛
❝♦♠♦ LAr❛ℓ

(❛ℓ) = máx{LAr❛ℓ
(❛5p

ℓ ), LAr❛ℓ
(❛3p

ℓ )}✳ ❊♥ ❡❧ ❝❛s♦ ❞❡ ❧❛s ♠✉❡str❛s ❞❡ ♣r✉❡❜❛ tℓ✱ t♦❞❛s
❧❛s s❡❝✉❡♥❝✐❛s ❞❡❧ ❝♦♥❥✉♥t♦ ❞❡ ❡♥tr❡♥❛♠✐❡♥t♦ ♣✉❡❞❡♥ s❡r ✉s❛❞❛s ② ❧❛ ❝❛r❛❝t❡ríst✐❝❛ s❡ ❝❛❧❝✉❧❛ ❝♦♠♦
LA(tℓ) = máx{LA(t

5p
ℓ ), LA(t

3p
ℓ )}✳

P❛r❛ ❡❧ ❝á❧❝✉❧♦ ❞❡ ❊P s❡ s❡❧❡❝❝✐♦♥ó N = 2 ♣♦rq✉❡ ❡st❡ ✈❛❧♦r ♠♦stró ❡❧ ♠❡❥♦r ❞❡s❡♠♣❡ñ♦ ❡♥ ❧❛s
♣r✉❡❜❛s ♣r❡❧✐♠✐♥❛r❡s✳ ❈♦❞✐✜❝❛♠♦s ❝❛❞❛ ♥✉❝❧❡ót✐❞♦ ❆✱ ❈✱ ●✱ ❯ ❝♦♥ ✉♥ ♥ú♠❡r♦ ❡♥t❡r♦ ❞❡ ✶ ❛ ✹ s❡❣ú♥
s✉s ❢r❡❝✉❡♥❝✐❛s r❡❧❛t✐✈❛s ❡♥ ❧❛s s❡❝✉❡♥❝✐❛s✳ P❛r❛ ❝♦♠❜✐♥❛r ❧❛ ✐♥❢♦r♠❛❝✐ó♥ ❞❡ ❛♠❜❛s ❝❛❞❡♥❛s ✸♣ ② ✺♣✱
❝❛❧❝✉❧❛♠♦s ❊P ♣❛r❛ ❝❛❞❛ ✉♥❛ ② s❡❧❡❝❝✐♦♥❛♠♦s ❧❛ ♠ás ♣❡q✉❡ñ❛✳ ❊s ❞❡❝✐r✱ ❡❧ ❊P ❞❡ ♦r❞❡♥ ✷ ❞❡ ❝❛❞❛
❝❛♥❞✐❞❛t♦ ❞❡ ♣r✉❡❜❛ t s❡ ❝❛❧❝✉❧ó ❝♦♠♦ EP2(t) = min{EP2(t

5p), EP2(t
3p)}✳ ❉❡ ❧❛ ♠✐s♠❛ ♠❛♥❡r❛✱ ❧❛

▲❩ ❞❡ ❝❛❞❛ ❝❛♥❞✐❞❛t♦ ❞❡ ♣r✉❡❜❛ t s❡ ❝❛❧❝✉❧ó ❝♦♠♦ LZ(t) = min{LZ(t5p), LZ(t3p)}✳

✸✳✶✳✹✳ ❘❡s✉❧t❛❞♦s ❞❡ ❝❧❛s✐✜❝❛❝✐ó♥

▲❛s ❚❛❜❧❛s ✸✳✶ ❛ ✸✳✹ ♣r❡s❡♥t❛♥ ❧♦s r❡s✉❧t❛❞♦s ♣❛r❛ ❝❛❞❛ ♥✉❡✈❛ ❝❛r❛❝t❡ríst✐❝❛ ② ❧❛s ❝❛r❛❝t❡ríst✐❝❛s
❡stá♥❞❛r ✭❈❊✮✱ ♣❛r❛ ❧♦s ❝❧❛s✐✜❝❛❞♦r❡s ◆❇✱ ❘❋✱ ❑◆◆ ② ❉❇◆✱ r❡s♣❡❝t✐✈❛♠❡♥t❡✳ ❊♥ ❝❛❞❛ ✜❧❛✱ s❡ ✐♥❢♦r♠❛
❡❧ ❞❡s❡♠♣❡ñ♦ ❞❡ ❝❛❞❛ ❝❧❛s✐✜❝❛❞♦r ♣❛r❛ ✉♥ ❞❡s❜❛❧❛♥❝❡ ❞❛❞♦✱ ♣❛r❛ t♦❞❛s ❧❛s ❝❛r❛❝t❡ríst✐❝❛s✱ ❞❡ ❛❝✉❡r❞♦
❝♦♥ CCM ✱ κ ② F1✳ ❊❧ ♠❡❥♦r r❡♥❞✐♠✐❡♥t♦ ♣❛r❛ ❝❛❞❛ ❞❡s❜❛❧❛♥❝❡ ② ❝❛❞❛ ♠❡❞✐❞❛ s❡ ♠✉❡str❛ ❡♥ ♥❡❣r✐t❛✳

▲❛ ❚❛❜❧❛ ✸✳✶ ♠✉❡str❛ q✉❡✱ ♣❛r❛ ◆❇ ❝♦♥ ❧❛ ❉▲ ✈❡rs✉s ❧❛s ❈❊✱ ❧❛s ♠❡❞✐❞❛s ❞❡ ❞❡s❡♠♣❡ñ♦ r❡✢❡❥❛♥
♠❡❥♦r❛s ❝♦♥s✐st❡♥t❡s ♣❛r❛ t♦❞♦s ❧♦s ❞❡s❜❛❧❛♥❝❡s✳ ❊♥ ♣❛rt✐❝✉❧❛r✱ ❝✉❛♥❞♦ s❡ ✉t✐❧✐③❛ ❧❛ ❉▲ ❡st❡ ❝❧❛s✐✜❝❛❞♦r
♦❜t✉✈♦ ❧♦s ♠❡❥♦r❡s ❞❡s❡♠♣❡ñ♦s ♣❛r❛ t♦❞♦s ❧♦s ❞❡s❜❛❧❛♥❝❡s✳ P❛r❛ ❡❧ ❝❛s♦ ❡♥ ❡❧ q✉❡ s❡ ✉t✐❧✐③❛ ❧❛ ❊P✱ s❡
❡♥❝✉❡♥tr❛♥ ♠❡❥♦r❛s ❝♦♥ r❡s♣❡❝t♦ ❛ ❧❛s ❈❊ ♣❛r❛ t♦❞❛s ❧❛s ♠❡❞✐❞❛s ❡①❝❡♣t♦ ♣❛r❛ ❧♦s ❞❡s❜❛❧❛♥❝❡s ❞❡
✶✿✷✳✵✵✵ ② ✶✿✹✳✵✵✵✱ ❞♦♥❞❡ ❡❧ ❞❡s❡♠♣❡ñ♦ s✐❣✉❡ s✐❡♥❞♦ ❡❧ ♠✐s♠♦✳ ❊♥ ❡❧ ❝❛s♦ ❞❡ ❧❛ ▲❩ s❡ ♦❜s❡r✈❛ ❡❧ ♠✐s♠♦
❝♦♠♣♦rt❛♠✐❡♥t♦ q✉❡ ♣❛r❛ ❊P✳

❊♥ ❧❛ ❚❛❜❧❛ ✸✳✷✱ ❛❧ ❛♥❛❧✐③❛r ❡❧ r❡♥❞✐♠✐❡♥t♦ ❞❡ ❘❋ ❝♦♥ ❧❛s ♥✉❡✈❛s ❝❛r❛❝t❡ríst✐❝❛s✱ ❧❛s tr❡s ♠❡❞✐❞❛s
❞❡ ❞❡s❡♠♣❡ñ♦ ♠✉❡str❛♥ r❡s✉❧t❛❞♦s ❝♦♥s✐st❡♥t❡s✱ ❡s ❞❡❝✐r✱ ♠❡❥♦r❛♥ ❡❧ r❡♥❞✐♠✐❡♥t♦ ❞❡❧ ❝❧❛s✐✜❝❛❞♦r ❡♥
r❡❧❛❝✐ó♥ ❛ ❈❊ s♦❧♦✳ ❉❡s❞❡ ✶✿✽✳✵✵✵ ❡♥ ❛❞❡❧❛♥t❡ t♦❞❛s ❧❛s ♠❡❞✐❞❛s ♠✉❡str❛♥ q✉❡ ❡st❡ ❝❧❛s✐✜❝❛❞♦r s❡ ✈❡
♠✉② ❛❢❡❝t❛❞♦ ♣♦r ❡❧ ❞❡s❜❛❧❛♥❝❡✳ ❉❡❧ ❛♥á❧✐s✐s ❞❡ ❡st❛ t❛❜❧❛ ❞❡ ❢♦r♠❛ ❣❡♥❡r❛❧✱ s❡ ♣✉❡❞❡ ♦❜s❡r✈❛r q✉❡
❧♦s ♠❡❥♦r❡s r❡s✉❧t❛❞♦s ♣❛r❛ ❝❛❞❛ ❞❡s❜❛❧❛♥❝❡ s❡ ❞✐str✐❜✉②❡♥ ❡♥tr❡ ❧❛s tr❡s ❝❛r❛❝t❡ríst✐❝❛s✱ ♣❡r♦ s✐❡♠♣r❡
s✉♣❡r❛♥❞♦ ❧❛ ❈❊ ❡♥ t♦❞♦s ❧♦s ❝❛s♦s ② ♠❡❞✐❞❛s✳

▲❛ ❚❛❜❧❛ ✸✳✸ ♠✉❡str❛ ❡❧ ❞❡s❡♠♣❡ñ♦ ❞❡❧ ❝❧❛s✐✜❝❛❞♦r ❑◆◆ ❝♦♥ ❧❛ ❉▲ ✈❡rs✉s ❧❛s ❈❊✳ ❙❡ ♣✉❡❞❡ ✈❡r
❛q✉í✱ ♥✉❡✈❛♠❡♥t❡✱ q✉❡ ❤❛② ✉♥❛ ♠❡❥♦r❛ ❡♥ ❡❧ ❞❡s❡♠♣❡ñ♦ ❛❧ ✐♥❝♦r♣♦r❛r ❧❛ ❉▲ ♣❛r❛ ❞❡s❜❛❧❛♥❝❡s ♠❡♥♦r❡s
❛ ✶✿✽✳✵✵✵✳ ▲❛ ú♥✐❝❛ ❡①❝❡♣❝✐ó♥ ❡s ♣❛r❛ ❡❧ ❞❡s❜❛❧❛♥❝❡ ❞❡ ✶✿✹✳✵✵✵✱ ❞♦♥❞❡ s♦❧♦ ❡❧ F1 ♠✉❡str❛ ✉♥❛ ♠❡❥♦r❛
❡♥ ❡❧ ❞❡s❡♠♣❡ñ♦ ❞❡❧ ❝❧❛s✐✜❝❛❞♦r✱ ♠✐❡♥tr❛s q✉❡ ❧❛s ♦tr❛s ♠❡❞✐❞❛s ♠✉❡str❛♥ ❡❧ ♠✐s♠♦ r❡s✉❧t❛❞♦ q✉❡ ❧❛s
❈❊ s♦❧❛s✳ ▲❛s ♦tr❛s ❞♦s ❝❛r❛❝t❡ríst✐❝❛s ♠❡❥♦r❛♥ ❧❛s ❈❊✱ ♣❡r♦ s♦❧♦ ❧✐❣❡r❛♠❡♥t❡ ② ♣❛r❛ ❛❧❣✉♥♦s ❝❛s♦s✳ ❊♥
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❞❡s❜❛❧❛♥❝❡ CCM κ F1 CCM κ F1 CCM κ F1 CCM κ F1
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❚❛❜❧❛ ✸✳✶✿ ❘❡s✉❧t❛❞♦s ❞❡ ❝❧❛s✐✜❝❛❝✐ó♥ ❞❡ ◆❛✐✈❡ ❇❛②❡s ♣❛r❛ ❧❛s ❝❛r❛❝t❡ríst✐❝❛s ❡stá♥❞❛r ✭❈❊✮✱ ❞✐st❛♥❝✐❛
❞❡ ▲❡✈❡♥s❤t❡✐♥ ✭❉▲✮✱ ❡♥tr♦♣í❛ ❞❡ ♣❡r♠✉t❛❝✐ó♥ ✭❊P✮ ② ▲❡♠♣❡❧✲❩✐✈ ✭▲❩✮✳ ❘❡s✉❧t❛❞♦s r❡♣♦rt❛❞♦s ❝♦♥
❝♦❡✜❝✐❡♥t❡ ❞❡ ❝♦rr❡❧❛❝✐ó♥ ❞❡ ▼❛tt❤❡✇ ✭CCM✮✱ ❝♦❡✜❝✐❡♥t❡ ❑❛♣♣❛ ✭κ✮ ② F1 s❝♦r❡✳

❚❛s❛ ❞❡ ❈❊ ❈❊✰❉▲ ❈❊✰❊P ❈❊✰▲❩

❞❡s❜❛❧❛♥❝❡ CCM κ F1 CCM κ F1 CCM κ F1 CCM κ F1
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❞♦s ❝♦♥ ❝♦❡✜❝✐❡♥t❡ ❞❡ ❝♦rr❡❧❛❝✐ó♥ ❞❡ ▼❛tt❤❡✇ ✭CCM✮✱ ❝♦❡✜❝✐❡♥t❡ ❑❛♣♣❛ ✭κ✮ ② F1 s❝♦r❡✳

❝❛s♦s ♣♦s✐t✐✈♦s ❝♦♠♦ ♣❛rt❡ ❞❡ ❧❛ ❝❧❛s❡ ♠❛②♦r✐t❛r✐❛ ✭❝❧❛s❡ ♥❡❣❛t✐✈❛✮✳ ❚❛♠❜✐é♥ s❡ ♦❜s❡r✈❛ q✉❡ ❉◆◆ ❧♦❣ró
❧♦s ♠❡❥♦r❡s ❞❡s❡♠♣❡ñ♦s ♣❛r❛ t♦❞♦s ❧♦s ❞❡s❜❛❧❛♥❝❡s ② t♦❞❛s ❧❛s ❝❛r❛❝t❡ríst✐❝❛s ♣r♦♣✉❡st❛s✱ ❞❡♠♦str❛♥❞♦
❛❞❡♠ás q✉❡ ❡st❛s ♠❡❥♦r❛s s❡ r❡✢❡❥❛♥ ✐❣✉❛❧♠❡♥t❡ ❡♥ ❧❛s tr❡s ♠❡❞✐❞❛s ❞❡ ❞❡s❡♠♣❡ñ♦ r❡♣♦rt❛❞❛s✳ P♦r
❡st❡ ♠♦t✐✈♦✱ ❡♥ ❡❧ r❡st♦ ❞❡ ❡st❛ s❡❝❝✐ó♥✱ só❧♦ s❡ ✉t✐❧✐③❛rá ❡st❡ ❝❧❛s✐✜❝❛❞♦r ♣❛r❛ ❡❧ ❛♥á❧✐s✐s ❞❡t❛❧❧❛❞♦ ❞❡❧
❝♦♠♣♦rt❛♠✐❡♥t♦ ❞❡ ❧❛s ❝❛r❛❝t❡ríst✐❝❛s ♣r♦♣✉❡st❛s✳ ❆❞❡♠ás✱ ❞❡❜✐❞♦ ❛ q✉❡ ❧❛s tr❡s ♠❡❞✐❞❛s r❡♣♦rt❛♥ ✉♥
❝♦♠♣♦rt❛♠✐❡♥t♦ s✐♠✐❧❛r✱ ❛ ♣❛rt✐r ❞❡ ❛❤♦r❛ s❡ ✉t✐❧✐③❛rá s♦❧❛♠❡♥t❡ F1✳

✸✳✶✳✺✳ ❉❡s❡♠♣❡ñ♦ ❞❡t❛❧❧❛❞♦ ❞❡ ❧❛s ♥✉❡✈❛s ❝❛r❛❝t❡ríst✐❝❛s

▲❛ ❋✐❣✉r❛ ✸✳✶ ♠✉❡str❛ ✉♥ ❛♥á❧✐s✐s ❞❡t❛❧❧❛❞♦ ❞❡ ❧♦s r❡s✉❧t❛❞♦s ❞❡ ❧❛ ❝❧❛s✐✜❝❛❝✐ó♥ ♣❛r❛ ❝❛❞❛ ✉♥❛ ❞❡ ❧❛s
♥✉❡✈❛s ❝❛r❛❝t❡ríst✐❝❛s ♣r♦♣✉❡st❛s ② ❧❛s ❈❊✱ ❝♦♥ ✉♥❛ ❉❇◆ ❝♦♠♦ ❝❧❛s✐✜❝❛❞♦r✳ ❊❧ ❡❥❡ ❤♦r✐③♦♥t❛❧ ♠✉❡str❛
❡❧ ♥✐✈❡❧ ❞❡ ❞❡s❜❛❧❛♥❝❡ ❡♥tr❡ ❝❧❛s❡s✱ ♠✐❡♥tr❛s q✉❡ ❡❧ ❡❥❡ ✈❡rt✐❝❛❧ ♠✉❡str❛ ❧❛ s❡♥s✐❜✐❧✐❞❛❞ s+✱ ♣r❡❝✐s✐ó♥ p
② F1✱ ❡♥ ❧❛s ❋✐❣✉r❛s ✸✳✶❛✱ ✸✳✶❜ ② ✸✳✶❝✱ r❡s♣❡❝t✐✈❛♠❡♥t❡✳

▲❛ ❋✐❣✉r❛ ✸✳✶ ♠✉❡str❛ ❝❧❛r❛♠❡♥t❡ ❝ó♠♦ ❡❧ ❝❧❛s✐✜❝❛❞♦r ❉❇◆ ❡s ❝❛♣❛③ ❞❡ ♠❛♥t❡♥❡r ✉♥ ❜✉❡♥ ❞❡s❡♠♣❡✲
ñ♦ ❝✉❛♥❞♦ s❡ ✐♥❝r❡♠❡♥t❛ ❡❧ ❞❡s❜❛❧❛♥❝❡✱ ❡ ✐♥❝❧✉s♦ ❛✉♠❡♥t❛r t❛♥t♦ s+ ✭❋✐❣✉r❛ ✸✳✶❛✮ ❝♦♠♦ p ✭❋✐❣✉r❛ ✸✳✶❜✮
❝✉❛♥❞♦ s❡ ✉t✐❧✐③❛ ❧❛ ♥✉❡✈❛ ❝❛r❛❝t❡ríst✐❝❛ ❉▲✳ ❊st❡ ❡s ✉♥ r❡s✉❧t❛❞♦ ♥♦t❛❜❧❡✱ q✉❡ t✐❡♥❡ ✉♥ ✐♠♣❛❝t♦ ❞✐r❡❝t♦
❡♥ ❡❧ ❜✉❡♥ ❞❡s❡♠♣❡ñ♦ ❞❡ ❉❇◆ ❝♦♥ ❉▲ ❡♥ F1✳ ❊♥ ❧❛ ❋✐❣✉r❛ ✸✳✶❝✱ ❛❧ ❛♥❛❧✐③❛r ❡❧ ❞❡s❡♠♣❡ñ♦ ❞❡ ❉❇◆ ❝♦♥
❈❊ r❡s♣❡❝t♦ ❛ ❧❛ ❉▲✱ s❡ ♦❜s❡r✈❛ q✉❡ F1 ❡s s✐❣♥✐✜❝❛t✐✈❛♠❡♥t❡ ♠❛②♦r ♣❛r❛ t♦❞♦s ❧♦s ❞❡s❜❛❧❛♥❝❡s ❝✉❛♥❞♦
s❡ ✉t✐❧✐③❛ ❧❛ ♥✉❡✈❛ ❝❛r❛❝t❡ríst✐❝❛ ❉▲✳ P♦r ❡❥❡♠♣❧♦✱ s❡ ♣✉❡❞❡ ✈❡r q✉❡ ♣❛r❛ ❧♦s ❞❡s❜❛❧❛♥❝❡s ❡♥tr❡ ✶✿✺✵✵ ②
✶✿✶✵✳✵✵✵✱ F1 ❝♦♥ ❈❊ ❞❡s❝✐❡♥❞❡ ❞❡ ❝❛s✐ ❡❧ ✼✵✪ ❛ ❛❧r❡❞❡❞♦r ❞❡❧ ✷✵✪✳ ❊♥ ❡st❡ ♠✐s♠♦ r❛♥❣♦ ❞❡ ❞❡s❜❛❧❛♥❝❡✱
s✐♥ ❡♠❜❛r❣♦✱ ❉❇◆ ❝♦♥ ❧❛ ❉▲ s✉❜❡ ❤❛st❛ ❝❛s✐ ❡❧ ✽✵✪✳ ❚❛♠❜✐é♥ s❡ ♣✉❡❞❡ ♥♦t❛r q✉❡ ❧❛ ♣r❡❝✐s✐ó♥ ❞❡❧
❝❧❛s✐✜❝❛❞♦r ❛✉♠❡♥t❛ ♠✉❝❤♦ ❝♦♥ ❧❛ ✐♥❝♦r♣♦r❛❝✐ó♥ ❞❡ ❧❛ ❉▲ ❤❛st❛ ✉♥ ♥✐✈❡❧ ♠✉② ❛❧t♦ ✭s✉♣❡r✐♦r ❛❧ ✾✵✪✮
❡♥ ❡❧ ♠❛②♦r ❞❡s❜❛❧❛♥❝❡ ❛q✉í ❡st✉❞✐❛❞♦ ✭✶✿✶✵✳✵✵✵✮✳ ❊st❡ ❡s ✉♥ r❡s✉❧t❛❞♦ ♠✉② ✐♠♣♦rt❛♥t❡ ❡♥ tér♠✐♥♦s
♣rá❝t✐❝♦s✱ ❡s♣❡❝✐❛❧♠❡♥t❡ ♣❛r❛ ❧♦s ❞❡s❜❛❧❛♥❝❡s ♠ás ❝❡r❝❛♥♦s ❛ ❧♦s ❝❛s♦s r❡❛❧❡s ❡♥ ❧♦s q✉❡ s❡ ✉t✐❧✐③❛♥
❞❛t♦s ❞❡ ✉♥ ❣❡♥♦♠❛ ❝♦♠♣❧❡t♦✱ ♣♦rq✉❡ ❛s❡❣✉r❛ r❡❞✉❝✐r ♥♦t❛❜❧❡♠❡♥t❡ ❧❛ ❝❛♥t✐❞❛❞ ❞❡ ❢❛❧s♦s ♣♦s✐t✐✈♦s✳
❉❡❜✐❞♦ ❛❧ ❤❡❝❤♦ q✉❡✱ ❡♥ tér♠✐♥♦s ❣❡♥❡r❛❧❡s✱ s+ t❛♠❜✐é♥ ♠❡❥♦r❛ ❝✉❛♥❞♦ s❡ ✉t✐❧✐③❛ ❧❛ ❉▲✱ ❧❛ F1 ❝r❡❝❡
♣❛r❛ t♦❞♦s ❧♦s ❝❛s♦s ❛ ♠❡❞✐❞❛ q✉❡ s❡ ✐♥❝r❡♠❡♥t❛ ❡❧ ❞❡s❜❛❧❛♥❝❡✳ ❊st♦ ❡s ♠✉② ✐♥t❡r❡s❛♥t❡ ②❛ q✉❡ ❧❛
❝❛♣❛❝✐❞❛❞ ❞❡ ❡✈✐t❛r ❢❛❧s♦s ♣♦s✐t✐✈♦s ♣❛r❡❝❡ s❡r r♦❜✉st❛ ❛❧ ❞❡s❜❛❧❛♥❝❡ ② ❛❧ t❛♠❛ñ♦ ❞❡❧ ❝♦♥❥✉♥t♦ ♣♦s✐t✐✈♦✱
s✐♥ ♣♦r ❡❧❧♦ ✐♥✢✉✐r ❡♥ ❧❛ ❞❡t❡❝❝✐ó♥ ❞❡ ❝❛s♦s ♣♦s✐t✐✈♦s✳ ❆❧ ❛♥❛❧✐③❛r t♦❞❛s ❧❛s ✜❣✉r❛s ❞❡ ♠❛♥❡r❛ ❣❧♦❜❛❧✱ s❡
♦❜s❡r✈❛ ✉♥❛ ♠❡❥♦r❛ ❞❡ ❧❛ ❉▲ ❝♦♥ r❡s♣❡❝t♦ ❛ ❧❛s ❈❊ ♣❛r❛ t♦❞❛s ❧❛s ♠❡❞✐❞❛s✱ ❧♦ ❝✉❛❧ ♣r❡s❡♥t❛ ✉♥❛ ❝❧❛r❛
t❡♥❞❡♥❝✐❛ ❛ ❝r❡❝❡r ❛ ♠❡❞✐❞❛ q✉❡ s❡ ✐♥❝r❡♠❡♥t❛ ❡❧ ❞❡s❜❛❧❛♥❝❡✳ P♦r ♦tr♦ ❧❛❞♦✱ ❧❛s ♦tr❛s ❝❛r❛❝t❡ríst✐❝❛s
t✐❡♥❡♥ ✉♥ r❡♥❞✐♠✐❡♥t♦ ♠ás ✈❛r✐❛❜❧❡✳ ❊♥ r❡s✉♠❡♥✱ s❡ ♣✉❡❞❡ ❛✜r♠❛r q✉❡ s❡ ♦❜t✐❡♥❡ ✉♥❛ ♠❡❥♦r❛ ♠✉②
✐♠♣♦rt❛♥t❡ ❡♥ ❡❧ ❞❡s❡♠♣❡ñ♦ ❝✉❛♥❞♦ s❡ ✉t✐❧✐③❛ ❧❛ ❉▲ ❡♥ ❡❧ ❝♦♥❥✉♥t♦ ❞❡ ❝❛r❛❝t❡ríst✐❝❛s✱ ✐♥❝❧✉s♦ ♣❛r❛ ❡❧
❝❛s♦ ❞❡❧ ❞❡s❜❛❧❛♥❝❡ ♠ás ❛❧t♦✳

P❛r❛ ❉❇◆ ❝♦♥ ❧❛ ❊P s❡ ♦❜s❡r✈❛ ✉♥❛ ♠❡❥♦r❛ ♣❛r❛ F1 ❞❡ ❛♣r♦①✐♠❛❞❛♠❡♥t❡ ✉♥ ✶✵✪ s♦❧♦ ♣❛r❛ ❡❧
♠❛②♦r ❞❡s❜❛❧❛♥❝❡✱ ❡♥ ❞♦♥❞❡ F1 ❡s ❝❛s✐ ✸✵✪ ❝♦♥ ❧❛s ❈❊ ② ❝❛s✐ ✹✵✪ ❝✉❛♥❞♦ t❛♠❜✐é♥ s❡ ✉s❛ ❧❛ ❊P✳ ▲❛
♠❡❥♦r❛ ♠ás ✐♠♣♦rt❛♥t❡ ② ♥♦t❛❜❧❡ s❡ ♦❜s❡r✈❛ ❡♥ p ♣❛r❛ ✶✿✶✵✳✵✵✵✱ ❡♥ ❞♦♥❞❡ ❞✐❝❤❛ ♠❡❞✐❞❛ s✉❜❡ ❞❡❧ ✸✵✪
❛ ♠ás ❞❡❧ ✹✺✪✳ ❊st♦ s✉❣✐❡r❡ q✉❡ ❡st❛ ❝❛r❛❝t❡ríst✐❝❛ ♣✉❡❞❡ r❡❞✉❝✐r ❡❢❡❝t✐✈❛♠❡♥t❡ ❧♦s ❢❛❧s♦s ♣♦s✐t✐✈♦s✱
❧♦❣r❛♥❞♦ ✉♥❛ ♠❡❥♦r❛ ❞❡ ❧❛ ♣r❡❝✐s✐ó♥ ♣❛r❛ ♣r♦❜❧❡♠❛s ❡♥ ❞♦♥❞❡ s❡ ❡♥❝✉❡♥tr❡ ✉♥ ❛❧t♦ ❞❡s❜❛❧❛♥❝❡✳ ❊♥
r❡s✉♠❡♥✱ s❡ ♣✉❡❞❡ ❛✜r♠❛r q✉❡ ❧❛ ❊P s♦❧♦ ♣✉❡❞❡ ♠❡❥♦r❛r ❡❧ r❡♥❞✐♠✐❡♥t♦ ❞❡ ❧❛s ❉❇◆ ♣❛r❛ ❧♦s ❝❛s♦s ❞❡
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❉❡s❜❛❧❛♥❝❡ ❈❊ ❉▲ ❊P ▲❩ ❉▲✰❊P ❉▲✰▲❩ ❊P✰▲❩ ❚♦❞❛s
✶✿✺✵✵ ✻✾✱✺✵ ✼✶✱✹✹ ✼✵✱✻✺ ✻✾✱✸✹ ✼✶✱✸✾ ✼✶✱✻✽ ✻✽✱✾✻ ✼✶✱✺✵
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✶✿✻✳✵✵✵ ✷✾✱✷✾ ✺✼✱✾✷ ✷✻✱✼✾ ✸✽✱✶✵ ✻✶✱✻✼ ✺✼✱✾✷ ✷✾✱✶✼ ✺✻✱✼✾
✶✿✽✳✵✵✵ ✸✷✱✺✵ ✼✼✱✺✵ ✷✼✱✸✻ ✸✷✱✺✵ ✼✼✱✺✵ ✽✺✱✵✵ ✸✻✱✻✼ ✼✼✱✺✵
✶✿✶✵✳✵✵✵ ✷✼✱✼✽ ✼✽✱✸✸ ✸✾✱✶✼ ✹✸✱✸✸ ✻✷✱✺✵ ✼✵✱✵✵ ✹✵✱✹✽ ✺✹✱✶✼

❚❛❜❧❛ ✸✳✺✿ ❘❡s✉❧t❛❞♦s ❞❡ F1 ♣❛r❛ ❞✐❢❡r❡♥t❡s ❝♦♠❜✐♥❛❝✐♦♥❡s ❞❡ ❧❛ ❞✐st❛♥❝✐❛ ❞❡ ▲❡✈❡♥s❤t❡✐♥ ✭❉▲✮✱ ❡♥tr♦♣í❛
❞❡ ♣❡r♠✉t❛❝✐ó♥ ✭❊P✮ ② ❝♦♠♣❧❡❥✐❞❛❞ ❞❡ ▲❡♠♣❡❧✲❩✐✈ ✭▲❩✮ ❝♦♥ ❉❇◆✳ ❊♥ ♥❡❣r✐t❛ s❡ ♣r❡s❡♥t❛♥ ❧♦s ♠❡❥♦r❡s
r❡s✉❧t❛❞♦s ♣❛r❛ ❝❛❞❛ ♣❛♥❡❧ ❞❡ ❧❛ t❛❜❧❛✱ ✐♥❞✐✈✐❞✉❛❧ ✭✐③q✮ ② ❝♦♠❜✐♥❛❞♦ ✭❞❡r✮✳

❧✉❣❛r✱ ❧❛ ❉▲ ❡s ❧❛ ❝❛r❛❝t❡ríst✐❝❛ q✉❡ t✐❡♥❡ ❡❧ ♠❡❥♦r ❞❡s❡♠♣❡ñ♦ ✐♥❞✐✈✐❞✉❛❧✳ ❊♥ s❡❣✉♥❞♦ ❧✉❣❛r✱ ❛✉♥q✉❡
❧❛s ❝❛r❛❝t❡ríst✐❝❛s ❊P ② ▲❩ ♠❡❥♦r❛♥ ✐♥❞✐✈✐❞✉❛❧♠❡♥t❡ ❧♦s r❡s✉❧t❛❞♦s ❞❡❧ ❝❧❛s✐✜❝❛❞♦r ❉❇◆✱ s✉s ❝♦♥tr✐❜✉✲
❝✐♦♥❡s t✐❡♥❡♥ ♠ás ✐♠♣❛❝t♦ ❝✉❛♥❞♦ s❡ ❝♦♠❜✐♥❛♥✳ P♦r ❡❧❧♦ s❡ ♣✉❡❞❡ ❞❡❝✐r q✉❡ ❧❛s ♥✉❡✈❛s ❝❛r❛❝t❡ríst✐❝❛s
♣r❡s❡♥t❛❞❛s ❡♥ ❡st❛ t❡s✐s ❛♣♦rt❛♥ ✐♥❢♦r♠❛❝✐ó♥ ❞❡ ❢♦r♠❛ ❝♦♠♣❧❡♠❡♥t❛r✐❛ ❡♥tr❡ ❡❧❧❛s✳

P❛r❛ ❡✈❛❧✉❛r ❧❛ s✐❣♥✐✜❝❛♥❝✐❛ ❡st❛❞íst✐❝❛ ❞❡ ❧♦s r❡s✉❧t❛❞♦s s❡ r❡❛❧✐③ó ❧❛ ♣r✉❡❜❛ ❞❡ ❋r✐❡❞♠❛♥ ♣❛r❛ F1✱
r❡s✉❧t❛♥❞♦ ✉♥ ✈❛❧♦r ♣ ❞❡ ✷✳✺✼✹✽❊✲✵✺ ✭α = 0,01✮✱ ❡❧ ❝✉❛❧ ✐♥❞✐❝❛ q✉❡ ❡①✐st❡ ✉♥❛ ❞✐❢❡r❡♥❝✐❛ ❡st❛❞íst✐❝❛♠❡♥t❡
s✐❣♥✐✜❝❛t✐✈❛ ❡♥tr❡ ❧♦s r❡s✉❧t❛❞♦s✳ ▲✉❡❣♦✱ s❡ r❡❛❧✐③ó ❧❛ ♣r✉❡❜❛ ♣♦st✲❤♦❝ ❞❡ ◆❡♠❡♥②✐ ♣❛r❛ F1✳ ❊st❛ ♣r✉❡❜❛
♠♦stró q✉❡ ❡♥tr❡ ❉▲ ② ❉▲ ✰ ❊P ✰ ▲❩✱ ❡❧ ♣r✐♠❡r ❣r✉♣♦✱ ② ▲❩✱ ❧❛ ❊P ② ❧❛s ❈❊✱ ❡❧ s❡❣✉♥❞♦ ❣r✉♣♦✱
❤❛② ✉♥❛ ❞✐❢❡r❡♥❝✐❛ ❡st❛❞íst✐❝❛♠❡♥t❡ s✐❣♥✐✜❝❛t✐✈❛✳ ❉❡ ❡st❛ ♠❛♥❡r❛✱ ❧♦s r❡s✉❧t❛❞♦s ♦❜t❡♥✐❞♦s ✐♥❞✐❝❛♥ q✉❡
❧❛ ❉▲ ② ❧❛ ❝♦♠❜✐♥❛❝✐ó♥ ❉▲ ✰ ❊P ✰ ▲❩ s♦♥ ❧❛s ♠❡❥♦r❡s ❝❛r❛❝t❡ríst✐❝❛s✱ ❡♥ ❝♦♠♣❛r❛❝✐ó♥ ❝♦♥ ❧❛s ❈❊✱
▲❩ ② ❧❛ ❊P ♣♦r s❡♣❛r❛❞♦✳ ❙✐♥ ❡♠❜❛r❣♦✱ ♥♦ s❡ ❡♥❝♦♥tró ✉♥❛ ❞✐❢❡r❡♥❝✐❛ ❡st❛❞íst✐❝❛♠❡♥t❡ s✐❣♥✐✜❝❛t✐✈❛
❡♥tr❡ ❉▲ ② ❉▲ ✰ ❊P ✰ ▲❩✳ ❆❞❡♠ás✱ ❞❡❜✐❞♦ ❛❧ ❤❡❝❤♦ ❞❡ q✉❡ ❤❛② ♠✉② ♣♦❝❛s ♠✉❡str❛s ♣♦s✐t✐✈❛s ❡♥ ❧❛s
♣❛rt✐❝✐♦♥❡s ❞❡ ♣r✉❡❜❛ ♣❛r❛ ❧♦s ❞❡s❜❛❧❛♥❝❡s ♠ás ❛❧t♦s✱ s❡ r❡♣✐t✐ó ❡❧ ❡①♣❡r✐♠❡♥t♦ ✶✵ ✈❡❝❡s ❝♦♥ ❞✐❢❡r❡♥t❡s
♠✉❡str❡♦s ❞❡ ❧♦s ❡❥❡♠♣❧♦s ♣♦s✐t✐✈♦s ♣❛r❛ ❡❧ ❝❛s♦ ❞❡ ❧❛ ❉▲ ✈❡rs✉s ❧❛s ❈❊ ❝♦♥ ❧❛ ❉❇◆ ♣❛r❛ ❡❧ ❞❡s❜❛❧❛♥❝❡
❞❡ ✶✿✶✵✳✵✵✵✳ ❉❡ ❡st❛ ♠❛♥❡r❛✱ s❡ ♦❜t✉✈♦ ✉♥❛ ♠❡❞✐❛♥❛ ♣❛r❛ F1 ❞❡ ✻✻✱✻✼✪ ② ✸✵✱✾✺✪✱ ♣❛r❛ ❧❛ ❉▲ ② ❧❛s
❈❊ r❡s♣❡❝t✐✈❛♠❡♥t❡✳ ❙❡ r❡❛❧✐③ó ✉♥❛ ♣r✉❡❜❛ ❞❡ r❛♥❣♦ ❝♦♥ s✐❣♥♦ ❞❡ ❲✐❧❝♦①♦♥ ❛ ❡st❛s ✹✵ ♣❛rt✐❝✐♦♥❡s ❞❡
♣r✉❡❜❛ ② s❡ ♦❜t✉✈♦ ✉♥❛ ♣ ❁✻✳✷✵✷✽❊✲✵✺✳

✸✳✶✳✼✳ ❉✐s❝✉s✐ó♥

❯♥ ♣✉♥t♦ ✐♥t❡r❡s❛♥t❡ ♣❛r❛ ❞✐s❝✉t✐r ❡s ♣♦r q✉é ❧❛ ❊P ② ▲❩ ✐♥❞✐✈✐❞✉❛❧♠❡♥t❡ ♥♦ ❤❛♥ ♠♦str❛❞♦ ✉♥
❝♦♠♣♦rt❛♠✐❡♥t♦ r♦❜✉st♦ ❛❧ ✐♥❝r❡♠❡♥t❛rs❡ ❡❧ ❞❡s❜❛❧❛♥❝❡✳ ❙✐♥ ❡♠❜❛r❣♦✱ ❝✉❛♥❞♦ s❡ ❝♦♠❜✐♥❛♥ ❝♦♥ ❧❛ ❉▲✱
s❡ ❡♥❝♦♥tró q✉❡ ❡st❛s r❡❛❧♠❡♥t❡ ❛②✉❞❛♥ ❛ ♠❡❥♦r❛r ❧❛ r♦❜✉st❡③ ❛❧ ❞❡s❜❛❧❛♥❝❡✳ ❊st❡ ❝♦♠♣♦rt❛♠✐❡♥t♦
s✉❣✐❡r❡ q✉❡ ❧❛ ❊P ② ❧❛ ❝♦♠♣❧❡❥✐❞❛❞ ❞❡ ▲❩ ♣✉❡❞❡♥ ❝❛♣t✉r❛r ✐♥❢♦r♠❛❝✐ó♥ út✐❧ ❞❡ ❧♦s ♠✐❆❘◆ ♠❛❞✉r♦s✱
♣❡r♦ ❞❡❜✐❞♦ ❛ s✉ ❧♦♥❣✐t✉❞ ♣❡q✉❡ñ❛ ♥♦ ❧❡s ❡s ♣♦s✐❜❧❡ ♦❜t❡♥❡r ✈❛❧♦r❡s s✉✜❝✐❡♥t❡♠❡♥t❡ ❞✐s❝r✐♠✐♥❛t✐✈♦s✱
♣♦r sí ♠✐s♠❛s✱ s❡♣❛r❛❞❛♠❡♥t❡✳ ❙✐♥ ❡♠❜❛r❣♦✱ ❡st❛s s♦♥ ♠ás ❞✐s❝r✐♠✐♥❛t✐✈❛s ❝✉❛♥❞♦ s❡ ❝♦♠❜✐♥❛♥ ❝♦♥ ❧❛
❉▲✱ ❞❡❜✐❞♦ ❛ q✉❡ ❡st❛ ❝❛r❛❝t❡ríst✐❝❛ ♥♦ ❞❡♣❡♥❞❡ ❞❡ ❧❛ ❧♦♥❣✐t✉❞ ❞❡ ❧❛ s❡❝✉❡♥❝✐❛ ❡♥ sí ♠✐s♠❛✱ s✐♥♦ ❞❡ ❧❛
❞✐st❛♥❝✐❛ ❛❧ ❝♦♥❥✉♥t♦ ❞❡ r❡❢❡r❡♥❝✐❛ ❝♦♠♣❧❡t♦✱ ❝♦♠♦ s❡ ❡①♣❧✐❝ó ❛♥t❡r✐♦r♠❡♥t❡✳ P♦r ❡st❡ ♠♦t✐✈♦✱ ❝✉❛♥❞♦
s❡ ❝♦♠❜✐♥❛♥ t♦❞❛s ❧❛s ❝❛r❛❝t❡ríst✐❝❛s s❡ ♦❜s❡r✈❛ ✉♥ ♣r❡❞♦♠✐♥✐♦ ❞❡ ❧❛ ❉▲ s♦❜r❡ ❧❛ ❊P ② ▲❩✱ ❛✉♥q✉❡
❧❛ ✐♥❝❧✉s✐ó♥ ❞❡ ❡st❛s ú❧t✐♠❛s s✐❣✉❡ ❛♣♦rt❛♥❞♦ ❛❧❣✉♥❛ ✐♥❢♦r♠❛❝✐ó♥ ❞✐s❝r✐♠✐♥❛t✐✈❛✳ P♦r ❡❥❡♠♣❧♦✱ ♣❛r❛
✉♥ ❞❡s❜❛❧❛♥❝❡ ❞❡ ✶✿✷✳✵✵✵✱ ❧❛ ❧í♥❡❛ ❞❡ ❜❛s❡ F1 ♣r♦♣♦r❝✐♦♥❛❞❛ ♣♦r ❧❛s ❈❊ ❡s ✹✾✱✺✺✪✱ ❧❛ ❉▲ ❧❛ ♠❡❥♦r❛
❤❛st❛ ✻✷✱✷✷✪ ♣❡r♦ ❧❛ ❊P ② ▲❩ s♦♥ ❧✐❣❡r❛♠❡♥t❡ ♠❡❥♦r❡s q✉❡ ❧❛s ❈❊✳ ❆sí✱ ❡❧ ✻✺✱✸✹✪ ❞❡ ❉▲✰❊P✰▲❩
❡stá ❝❧❛r❛♠❡♥t❡ ❞♦♠✐♥❛❞♦ ♣♦r ❧❛ ❉▲✳ P♦r ♦tr♦ ❧❛❞♦✱ ❧♦s ♠❡❥♦r❡s r❡s✉❧t❛❞♦s ❞❡ ❧❛ ❝❛r❛❝t❡ríst✐❝❛ ❞❡ ❧❛
❞✐st❛♥❝✐❛ ❞❡ ▲❡✈❡♥s❤t❡✐♥ s❡ ♣✉❡❞❡♥ ❡①♣❧✐❝❛r ❡♥ ❜❛s❡ ❛❧ ❤❡❝❤♦ ❞❡ q✉❡ ❡st❛ s❡ ❝❛❧❝✉❧❛ r❡s♣❡❝t♦ ❛ ✉♥
❝♦♥❥✉♥t♦ ❡①t❡r♥♦ ❞❡ ♣r❡✲♠✐❆❘◆s✳ ❊♥ ❝❛♠❜✐♦✱ ❧❛ ❡♥tr♦♣í❛ ❞❡ ♣❡r♠✉t❛❝✐ó♥ ② ❧❛ ❝♦♠♣❧❡❥✐❞❛❞ ❞❡ ▲❡♠♣❡❧✲
❩✐✈ s❡ ❝❛❧❝✉❧❛♥ só❧♦ ❝♦♥ ✐♥❢♦r♠❛❝✐ó♥ ♣❡rt❡♥❡❝✐❡♥t❡ ❛ ❧❛ ♣r♦♣✐❛ s❡❝✉❡♥❝✐❛✳ ❊s ❞❡❝✐r✱ ❧❛ ❉▲ ♣❡r♠✐t❡ t❡♥❡r
✉♥❛ ♠❡❞✐❞❛ ♠ás ♣r❡❝✐s❛ ② ✉♥ s❡♥t✐❞♦ r❡♣r❡s❡♥t❛t✐✈♦ ❞❡ ♣❡rt❡♥❡♥❝✐❛ ❛ ❧❛ ❝❧❛s❡ ♣♦s✐t✐✈❛✱ ❞❛❞♦ q✉❡ ❧❛
❉❧ ❡s ✉♥❛ ❞✐st❛♥❝✐❛ ❛ ✉♥ ❝♦♥❥✉♥t♦ ❞❡ r❡❢❡r❡♥❝✐❛ ❞❡ ♠✐❆❘◆s✳ ❉❡s❞❡ ♦tr♦ ♣✉♥t♦ ❞❡ ✈✐st❛✱ ❡st♦ s✉❣✐❡r❡
q✉❡ ❡❧ ♠✐❆❘◆ ♠❛❞✉r♦ ❝♦♥t✐❡♥❡ ❝✐❡rt❛s ❡str✉❝t✉r❛s s✐♥tá❝t✐❝❛s q✉❡ ❣✉í❛♥ s✉ ❢✉♥❝✐♦♥❛♠✐❡♥t♦✱ ❡✈✐t❛♥❞♦
❛sí ❝✉❛❧q✉✐❡r ♠✉t❛❝✐ó♥ ❛❧❡❛t♦r✐❛ q✉❡ ❧♦ ♠♦❞✐✜q✉❡✳ P♦r ❧♦ t❛♥t♦✱ ❛❧ ❝♦♠❜✐♥❛r ❧❛ ✐♥❢♦r♠❛❝✐ó♥ ❞❡ ❧❛
♠❡❞✐❛♥❛ ❞❡ ❧❛ ❞✐st❛♥❝✐❛ ♣❛r❛ ✉♥ ❝❛♥❞✐❞❛t♦ ✭❉▲✮✱ ❥✉♥t♦ ❝♦♥ ❧❛ ✐♥❢♦r♠❛❝✐ó♥ ❞❡ s✉ ❛❧❡❛t♦r✐❡❞❛❞ ✭❊P✮
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✸✳✷✳ Pr❡❞✐❝❝✐ó♥ ❞❡ ♣r❡✲♠✐❆❘◆ ❝♦♥ ❛♣r❡♥❞✐③❛❥❡ ♣r♦❢✉♥❞♦

✸✳✷✳✶✳ ❉❛t♦s

❊♥ ❡st♦s ❡①♣❡r✐♠❡♥t♦s s❡ ✉t✐❧✐③❛r♦♥ ❞❛t♦s ❞❡ t♦❞♦ ❡❧ ❣❡♥♦♠❛ ❞❡ ❍♦♠♦ s❛♣✐❡♥s✶✳ P❛r❛ ❡♥tr❡♥❛r ❡❧
♣r✐♠❡r ♠♦❞❡❧♦ ✭♣r❡❞✐❝❝✐ó♥ ❞❡ ❡str✉❝t✉r❛ s❡❝✉♥❞❛r✐❛✮✱ s❡ ✉t✐❧✐③❛r♦♥ t♦❞♦s ❧♦s ♣r❡✲♠✐❆❘◆s ❞❡ ♠❡t❛③♦♦s
✭✷✸✳✶✼✽✮ ♦❜t❡♥✐❞♦s ❞❡ ♠✐r❇❛s❡ ✈✳✷✷✱ ❡①❝❧✉②❡♥❞♦ ❍✳ s❛♣✐❡♥s✱ ② s❡ ❡①tr❛❥❡r♦♥ ✷✳✵✵✵✳✵✵✵ ❞❡ ♣s❡✉❞♦✲
❤♦rq✉✐❧❧❛s ❞❡❧ ❣❡♥♦♠❛ ❝♦♥ ❍❡①tr❛❝t♦❘ ✭❨♦♥❡s ❡t ❛❧✳✱ ✷✵✷✵✮✳ ▲❛ s❛❧✐❞❛ ❞❡ r❡❢❡r❡♥❝✐❛ ♣❛r❛ ❝❛❞❛ s❡❝✉❡♥❝✐❛
❞❡ ❡♥tr❛❞❛ ❡s s✉ ❝♦rr❡s♣♦♥❞✐❡♥t❡ ❡str✉❝t✉r❛ s❡❝✉♥❞❛r✐❛ ♣r❡❞✐❝❤❛ ❝♦♥ ❘◆❆❢♦❧❞ ✭❍♦❢❛❝❦❡r✱ ✷✵✵✸✮✱ ❛ ✉♥❛
t❡♠♣❡r❛t✉r❛ ❞❡ ✸✼◦❈✳ P❛r❛ ❡♥tr❡♥❛r ❡❧ ♠♦❞❡❧♦ ♣r♦❢✉♥❞♦ q✉❡ ❡st✐♠❛ ❧❛ ▼❊▲ s❡ r❡q✉✐❡r❡ ❧❛ ❡str✉❝t✉r❛
s❡❝✉♥❞❛r✐❛ ♣r❡❞✐❝❤❛ ♣♦r ❡❧ ♣r✐♠❡r ♠♦❞❡❧♦ ② s✉ r❡s♣❡❝t✐✈❛ s❡❝✉❡♥❝✐❛ ❞❡ ❡♥tr❛❞❛ ❞❡ ❆❘◆✳ ▲❛ s❛❧✐❞❛
❞❡s❡❛❞❛ ❛q✉í ❢✉❡ ❡❧ ✈❛❧♦r ❞❡ ▼❊▲ ♣r❡❞✐❝❤♦ ♣♦r ❘◆❆❢♦❧❞ ♥♦r♠❛❧✐③❛❞♦ ♣♦r ❧❛ ❧♦♥❣✐t✉❞ ❞❡ ❧❛ s❡❝✉❡♥❝✐❛✳
P❛r❛ ❡st❡ ♠♦❞❡❧♦ s❡ ✉t✐❧✐③❛r♦♥ ✷✸✳✶✼✽ ♣r❡✲♠✐❆❘◆s ❞❡ ♠❡t❛③♦♦s ✭❡①❝❧✉②❡♥❞♦ ❍✳ s❛♣✐❡♥s✮✳ ❆❞❡♠ás✱ s❡
❡①tr❛❥❡r♦♥ ❛❧❡❛t♦r✐❛♠❡♥t❡ ❞❡❧ ❣❡♥♦♠❛ ✹✽✳✵✵✵ ♣s❡✉❞♦✲❤♦rq✉✐❧❧❛s ♦❜t❡♥✐❞❛s ❝♦♥ ❍❡①tr❛❝t♦❘ ② ✹✽✳✵✵✵
s❡❝✉❡♥❝✐❛s q✉❡ ♥♦ ❢♦r♠❛❜❛♥ ❤♦rq✉✐❧❧❛s ✭♣❧❛♥❛s✮✳ P❛r❛ ❧❛ ❡t❛♣❛ ❞❡ ♣r✉❡❜❛ ❞❡❧ ♠♦❞❡❧♦ ❝♦♠♣❧❡t♦ ❧❛s
s❡❝✉❡♥❝✐❛s ❞❡ ❡♥tr❛❞❛ ❢✉❡r♦♥ ♦❜t❡♥✐❞❛s ♠❡❞✐❛♥t❡ ✉♥ ❡s❝❛♥❡♦ ② ❝♦rt❡ ❞❡ ❝❛❞❛ ❝r♦♠♦s♦♠❛ ❝♦♥ ✈❡♥t❛♥❛s
s✉♣❡r♣✉❡st❛s ✭❧♦♥❣✐t✉❞ ✶✵✵ ♥t✱ ♣❛s♦ ✷✵ ♥t✮✳

✸✳✷✳✷✳ ▼❡❞✐❞❛s ❞❡ ❞❡s❡♠♣❡ñ♦

❊❧ ❞❡s❡♠♣❡ñ♦ ❞❡ ❧♦s ♠ét♦❞♦s ❡s r❡♣♦rt❛❞♦ ❝♦♥ ❧❛s ♠étr✐❝❛s ❞❡ ❡✈❛❧✉❛❝✐ó♥ ❞❡ s❡♥s✐❜✐❧✐❞❛❞ ✭s+✮✱
♣r❡❝✐s✐ó♥ ✭p✮ ② F1✳ ❊st❛s ♠❡❞✐❞❛s ❛❞❡♠ás ❢✉❡r♦♥ ✉s❛❞❛s ♣❛r❛ ♦❜t❡♥❡r ❧❛s ❝✉r✈❛s ❞❡ ♣r❡❝✐s✐ó♥✲s❡♥s✐❜✐❧✐❞❛❞
✭P❘❈✮✱ ❧❛ ❝✉❛❧ ❡s ✉♥ ❜✉❡♥ ✐♥❞✐❝❛❞♦r ❞❡❧ ❞❡s❡♠♣❡ñ♦ ❣❧♦❜❛❧ ❞❡ ✉♥ ❝❧❛s✐✜❝❛❞♦r✳ ❈♦♠♦ s❡ ❤❛ ♠♦str❛❞♦
❡♥ ✭❙❛✐t♦ ❡t ❛❧✳✱ ✷✵✶✺✮✱ ❡st❛ ♠❡❞✐❞❛ s❡ ♣r❡✜❡r❡ ♣♦r s♦❜r❡ ❧❛ ❝❧ás✐❝❛ ❝✉r✈❛ ❝❛r❛❝t❡ríst✐❝❛ ♦♣❡r❛t✐✈❛ ❞❡❧
r❡❝❡♣t♦r ✭❘❖❈✮ ♣❛r❛ ❡✈❛❧✉❛r ✉♥ ❝❧❛s✐✜❝❛❞♦r ❜✐♥❛r✐♦ ❡♥ ❞❛t♦s ❛❧t❛♠❡♥t❡ ❞❡s❜❛❧❛♥❝❡❛❞♦s✳ ❊❧ ár❡❛ ❞❡❜❛❥♦
❞❡ ❧❛ ❝✉r✈❛ ❞❡ ♣r❡❝✐s✐ó♥✲s❡♥s✐❜✐❧✐❞❛❞ ✭❆❯❈P❘✮✱ ❧❛ ❝✉❛❧ ❡s ✉♥ s✐♠♣❧❡ r❡s✉♠❡♥ ♥✉♠ér✐❝♦ ❞❡ ❧❛ ✐♥❢♦r♠❛❝✐ó♥
❡♥ ❧❛ ❝✉r✈❛✱ s❡rá r❡♣♦rt❛❞❛ ❝♦♠♦ ✉♥❛ ♠❡❞✐❞❛ ❣❧♦❜❛❧ ❛❝❡r❝❛ ❞❡ t♦❞♦s ❧♦s ♣♦s✐❜❧❡s ✉♠❜r❛❧❡s ❞❡ s❛❧✐❞❛
❝♦♠♣✉t❛❞♦s ❡♥ ❡❧ ♠♦❞❡❧♦✳

✸✳✷✳✸✳ ❈♦♠♣❛r❛❝✐ó♥ ❝♦♥ ❡❧ ❡st❛❞♦ ❞❡❧ ❛rt❡

P❛r❛ ♠♦str❛r ♠❡❥♦r ❧❛ ❝❛♣❛❝✐❞❛❞ ❞❡ ❣❡♥❡r❛❧✐③❛❝✐ó♥ ❞❡ ♥✉❡str♦ ♠♦❞❡❧♦✱ s❡ r❡❛❧✐③ó ✉♥❛ ❝♦♠♣❛r❛❝✐ó♥
❞❡ ♣r❡❞✐❝❝✐♦♥❡s ❝♦♥ ✈❛❧✐❞❛❝✐ó♥ ❝r✉③❛❞❛ ♣❛r❛ ❡❧ ❝r♦♠♦s♦♠❛ ✶ ❞❡ ❍✳ s❛♣✐❡♥s✳ ▲♦s ❞❛t♦s ❞❡ ❡♥tr❡♥❛♠✐❡♥t♦
✐♥❝❧✉②❡r♦♥ t♦❞♦s ❧♦s ♣♦s✐t✐✈♦s ✭✶✺✻ ♣r❡✲♠✐❆❘◆ ❝♦♥♦❝✐❞♦s✮ ❡♥ ❡❧ ❝r♦♠♦s♦♠❛ ✶ ② ❡❧ r❡st♦ ❞❡ ❧❛s s❡❝✉❡♥✲
❝✐❛s ❞❡❧ ❝r♦♠♦s♦♠❛ ✶ ✭♠ás ❞❡ ✷✹✳✵✵✵✳✵✵✵✮✱ ❞✐✈✐❞✐❞♦s ❡♥ ✹ ♣❛rt✐❝✐♦♥❡s ♣❛r❛ ❡♥tr❡♥❛♠✐❡♥t♦ ② ♣r✉❡❜❛✳
❈♦♠♣❛r❛♠♦s ❡❧ r❡♥❞✐♠✐❡♥t♦ ♦❜t❡♥✐❞♦ ❝♦♥ ♠✐❘❡✷❡ ♣❛r❛ ❡st❛ t❛r❡❛ ❝♦♥ ❡❧ ♠♦❞❡❧♦ ❞❡ ♣r❡❞✐❝❝✐ó♥ ❞❡ ♣r❡✲
♠✐❆❘◆s ♣r♦♣✉❡st♦ ♠ás r❡❝✐❡♥t❡♠❡♥t❡✱ ❞❡❡♣▼✐r ✭❚❛♥❣ ❛♥❞ ❙✉♥✱ ✷✵✶✾✮✱ q✉❡ t❛♠❜✐é♥ r❡❝✐❜❡ s❡❝✉❡♥❝✐❛s
❞❡ ❡♥tr❛❞❛ s✐♥ ♣r♦❝❡s❛r✳

▲♦s r❡s✉❧t❛❞♦s s❡ ♠✉❡str❛♥ ❡♥ ❧❛ ❚❛❜❧❛ ✸✳✻✱ q✉❡ ✐♥❢♦r♠❛ ❧♦s r❡s✉❧t❛❞♦s ❞❡ ❝❛❞❛ ♣❛rt✐❝✐ó♥ ❡♥ ❧❛s
✜❧❛s✱ ② s+✱ p ② F1 ❡♥ ❧❛s ❝♦❧✉♠♥❛s ♣❛r❛ ❝❛❞❛ ♠ét♦❞♦✳ ❊♥ ❝✉❛♥t♦ ❛ s+✱ ❛♠❜♦s ♠ét♦❞♦s t✐❡♥❡♥ ❜✉❡♥♦s
r❡s✉❧t❛❞♦s✱ s✐❡♥❞♦ ❞❡❡♣▼✐r ❧✐❣❡r❛♠❡♥t❡ ♠❡❥♦r ❡♥ ♣r♦♠❡❞✐♦✳ ❊♥ ❝❛♠❜✐♦✱ ❧❛ ♣r❡❝✐s✐ó♥ ❞❡ ♠✐❘❡✷❡ ❡s
s✐❡♠♣r❡ s✉♣❡r✐♦r✱ ♣❛r❛ t♦❞❛s ❧❛s ♣❛rt✐❝✐♦♥❡s ✳ ❊s ♠✉② ♥♦t❛❜❧❡ ❛q✉í q✉❡ ❡❧ r❡♥❞✐♠✐❡♥t♦ ❞❡ ♠✐❘❡✷❡ ❡s ❞❡
✉♥ ♦r❞❡♥ ❞❡ ♠❛❣♥✐t✉❞ ♠ás ❛❧t♦ q✉❡ ❡❧ ❞❡ ❞❡❡♣▼✐r✳ ❊st♦ s❡ r❡✢❡❥❛ ♣r❡❝✐s❛♠❡♥t❡ ❡♥ F1✱ ❞♦♥❞❡ ♠✐❘❡✷❡ ❡s
s✐❡♠♣r❡ s✉♣❡r✐♦r ❛ ❞❡❡♣▼✐r✱ ❡♥ t♦❞♦s ❧♦s ❝❛s♦s ❝♦♥ ✉♥ ♦r❞❡♥ ❞❡ ♠❛❣♥✐t✉❞ ❞❡ ❞✐❢❡r❡♥❝✐❛✳ ❊st♦ s❡ ❞❡❜❡ ❛❧
❤❡❝❤♦ ❞❡ q✉❡ ♠✐❘❡✷❡ ♣✉❡❞❡ ♠♦❞❡❧❛r ❡✜❝❛③♠❡♥t❡ ❧❛ ❡str✉❝t✉r❛ s❡❝✉♥❞❛r✐❛ ❞❡ ❧❛ s❡❝✉❡♥❝✐❛ ❞❡ ❆❘◆✱ ❧♦
q✉❡ ❡s ❝❧❛✈❡ ♣❛r❛ ✜❧tr❛r ❢❛❧s♦s ♣♦s✐t✐✈♦s✳ ❉❡ ❡st❡ ♠♦❞♦✱ ❡❧ ♠♦❞❡❧♦ ♣✉❡❞❡ ♠❡❥♦r❛r p s✐♥ ✉♥❛ ❝❛í❞❛ ❡♥ s+✱
❛✉♠❡♥t❛♥❞♦ ❛sí ❡❧ F1 ❣❧♦❜❛❧✳ ❈❛❜❡ s❡ñ❛❧❛r q✉❡ ❡st♦s r❡s✉❧t❛❞♦s s❡ ♦❜t✉✈✐❡r♦♥ ❡♥ ❡❧ ❝♦♥t❡①t♦ ❞❡❧ ❛❧t♦
❞❡s❜❛❧❛♥❝❡ ❞❡ ✉♥ ❝r♦♠♦s♦♠❛ ✭✶✺✻ ♠✉❡str❛s ♣♦s✐t✐✈❛s ❢r❡♥t❡ ❛ ✷✹✳✵✵✵✳✵✵✵ ❞❡ ♠✉❡str❛s ♥❡❣❛t✐✈❛s✮✱ ❧♦
q✉❡ s✉❣✐❡r❡ q✉❡ ❡❧ r❡♥❞✐♠✐❡♥t♦ ❞❡ ♠✐❘❡✷❡ ❡♥ ✉♥ ❡s❝❡♥❛r✐♦ ❞❡ ❣❡♥♦♠❛ ❝♦♠♣❧❡t♦ s❡❣✉✐rá s✐❡♥❞♦ s✉♣❡r✐♦r
❛ ❞❡❡♣▼✐r✳

✶❤tt♣✿✴✴❢t♣✳❡♥s❡♠❜❧✳♦r❣✴



✸✳✷✳ P❘❊❉■❈❈■Ó◆ ❉❊ P❘❊✲▼■❆❘◆ ❈❖◆ ❆P❘❊◆❉■❩❆❏❊ P❘❖❋❯◆❉❖ ✷✶

P❛rt✐❝✐ó♥
s+ p F1

♠✐❘❡✷❡ ❞❡❡♣▼✐r ♠✐❘❡✷❡ ❞❡❡♣▼✐r ♠✐❘❡✷❡ ❞❡❡♣▼✐r
✶ ✵✱✵✶✸✵ ✵✱✵✷✺✵ ✵✱✵✵✷✵ ✵✱✵✵✵✷ ✵✱✵✵✸✵ ✵✱✵✵✵✺
✷ ✵✱✵✶✸✵ ✵✱✵✶✸✵ ✵✱✵✵✷✵ ✵✱✵✵✵✹ ✵✱✵✵✹✵ ✵✱✵✵✵✽
✸ ✵✱✵✸✽✵ ✵✱✵✶✸✵ ✵✱✵✵✶✵ ✵✱✵✵✵✻ ✵✱✵✵✷✵ ✵✱✵✵✶✷
✹ ✵✱✵✶✸✵ ✵✱✶✶✺✵ ✵✱✵✶✶✵ ✵✱✵✵✵✺ ✵✱✵✶✷✵ ✵✱✵✵✶✶

Pr♦♠❡❞✐♦ ✵✱✵✶✾✸ ✵✱✵✹✶✺ ✵✱✵✵✹✵ ✵✱✵✵✵✹ ✵✱✵✵✺✷ ✵✱✵✵✵✾

❚❛❜❧❛ ✸✳✻✿ ❈♦♠♣❛r❛❝✐ó♥ ❞❡ ❞❡s❡♠♣❡ñ♦ ♣❛r❛ ♠✐❘❡✷❡ ② ❞❡❡♣▼✐r ❡♥ ✈❛❧✐❞❛❝✐ó♥ ❝r✉③❛❞❛ ♣❛r❛ ❧❛ ♣r❡❞✐❝❝✐ó♥
❞❡ ♣r❡✲♠✐❆❘◆s ❡♥ ❡❧ ❝r♦♠♦s♦♠❛ ✶ ❞❡ ❍✳ s❛♣✐❡♥s✳

✸✳✷✳✹✳ Pr❡❞✐❝❝✐ó♥ ❞❡ ♣r❡✲♠✐❆❘◆s ❤✉♠❛♥♦s ❛❣r❡❣❛❞♦s ❛ ♠✐❘❇❛s❡ ❡♥ ❡❧ ❢✉✲
t✉r♦

P❛r❛ ♣r♦❜❛r ❡❧ r❡♥❞✐♠✐❡♥t♦ ❞❡ ♠✐❘❡✷❡ ❡♥ ✉♥ ❡s❝❡♥❛r✐♦ ❛ú♥ ♠ás r❡❛❧✐st❛✱ ❡❧ ❝✉❛❧ ✐♠♣❧✐❝❛ ❧❛ ♣r❡❞✐❝❝✐ó♥
❞❡ ♥✉❡✈♦s ♣r❡✲♠✐❆❘◆ ❡♥ ❡❧ ❢✉t✉r♦✱ ❡♥tr❡♥❛♠♦s ❡❧ ♠♦❞❡❧♦ ❝♦♥ ✉♥ ❝♦♥❥✉♥t♦ ❞❡ ❞❛t♦s ❞❡ ♣r❡✲♠✐❆❘◆s
❤✉♠❛♥♦s ❞❡ ♠✐❘❇❛s❡ ✈✶✼ ✭✷✵✶✶✮ ② ❧✉❡❣♦ ❧♦ ♣r♦❜❛♠♦s ❝♦♥ ❧♦s ♣r❡✲♠✐❆❘◆s ❤✉♠❛♥♦s ✐♥tr♦❞✉❝✐❞♦s
♣♦st❡r✐♦r♠❡♥t❡ ❡♥ ♠✐❘❇❛s❡ ✈✷✶ ✭✷✵✶✹✮✳ ❊❧ ❝♦♥❥✉♥t♦ ❞❡ ❡♥tr❡♥❛♠✐❡♥t♦ t✉✈♦ ✶✳✽✺✹ s❡❝✉❡♥❝✐❛s ♣♦s✐t✐✈❛s✱
✽✼✳✺✵✵ ♥❡❣❛t✐✈❛s ② ✼✽✼✳✺✵✵ ♣❧❛♥❛s✱ ❡st❛♥❞♦ ❡❧ ❝♦♥❥✉♥t♦ ❞❡ ♣r✉❡❜❛ ❝♦♠♣✉❡st♦ ♣♦r ✷✼ s❡❝✉❡♥❝✐❛s ♣♦s✐t✐✈❛s✱
✶✷✳✺✵✵ ♥❡❣❛t✐✈❛s ② ✶✶✷✳✺✵✵ ♣❧❛♥❛s✳ ▲❛s ❝✉r✈❛s P❘ s❡ ♠✉❡str❛♥ ❡♥ ❧❛ ❋✐❣✉r❛ ✸✳✸ ♣❛r❛ ❛♠❜♦s ♠♦❞❡❧♦s
❡♥ ❞✐❢❡r❡♥t❡s ❝♦❧♦r❡s✳ ❙❡ ♣✉❡❞❡ ✈❡r q✉❡ ♠✐❘❡✷❡ ✭❧í♥❡❛ ❛③✉❧✮ ❛❧❝❛♥③ó ❧♦s ♠❡❥♦r❡s r❡s✉❧t❛❞♦s✱ ❝♦♥ ✉♥
❆❯❈P❘= 0, 17✳ ❊❧ ♠ét♦❞♦ ❞❡❡♣▼✐r ✭❧í♥❡❛ ♥❛r❛♥❥❛✮ ♦❜t✉✈♦ ✉♥ ❆❯❈P❘= 0, 08✱ ♠❡♥♦s ❞❡ ❧❛ ♠✐t❛❞
q✉❡ ♠✐❘❡✷❡✳ ❈❛❜❡ s❡ñ❛❧❛r q✉❡ ♣❛r❛ ❧❛ ♠✐s♠❛ s❡♥s✐❜✐❧✐❞❛❞ ❡♥ ❛♠❜♦s ♠ét♦❞♦s ✭♣♦r ❡❥❡♠♣❧♦✱ s = 0,20✮✱
♠✐❡♥tr❛s q✉❡ ♠✐❘❡✷❡ ♦❜t✐❡♥❡ ✉♥❛ F1 = 0, 26 ❝♦♥ ✶✶ ❋P✱ ❞❡❡♣▼✐r t✐❡♥❡ ✉♥❛ F1 = 0, 08 ❝♦♥ ✶✶✸ ❋P ✭♠ás
❞❡ ✶✵ ✈❡❝❡s✮✳ ❊st♦ ❡s ❞❡ ❣r❛♥ ✐♠♣♦rt❛♥❝✐❛ ❡♥ ❡❧ ❞♦♠✐♥✐♦ ❞❡ ❛♣❧✐❝❛❝✐ó♥✱ ❞♦♥❞❡ sí ♣❛r❛ ❧❛ ♠✐s♠❛ t❛s❛
❞❡ ❚P s❡ ♦❜t✐❡♥❡ ✉♥ ❣r❛♥ ♥ú♠❡r♦ ❞❡ ♥✉❡✈♦s ❝❛♥❞✐❞❛t♦s ❛ ♣r❡✲♠✐❆❘◆✱ ❞❡❧ ♦r❞❡♥ ❞❡ ❝✐❡♥t♦s ♦ ♠✐❧❡s✱
s❡rá ❝❛s✐ ✐♠♣♦s✐❜❧❡ ✈❛❧✐❞❛r❧♦s ❡①♣❡r✐♠❡♥t❛❧♠❡♥t❡ ❡♥ ❡❧ ❧❛❜♦r❛t♦r✐♦ ❜✐♦❧ó❣✐❝♦ ♣❛r❛ ❞❡s❝✉❜r✐r ❝✉á❧❡s ❞❡
❡❧❧♦s s♦♥ ♣r❡✲♠✐❆❘◆s r❡❛❧❡s✳ P♦r ❧♦ t❛♥t♦✱ s✐❡♠♣r❡ ❡s ♣r❡❢❡r✐❜❧❡ q✉❡ ❧❛ ♣r❡❞✐❝❝✐ó♥ ❝♦♥t❡♥❣❛ ✉♥ ♥ú♠❡r♦
♠❡♥♦r ❞❡ ❜✉❡♥♦s ❝❛♥❞✐❞❛t♦s✱ ❡s ❞❡❝✐r ✉♥❛ ♠❡❥♦r ♣r❡❝✐s✐ó♥ ❞❛❞♦ ❡❧ ❛❧t♦ ❞❡s❜❛❧❛♥❝❡✳ ❊st♦s r❡s✉❧t❛❞♦s
♠✉❡str❛♥ q✉❡ ♠✐❘❡✷❡ ❡s ❡✜❝❛③ ♣❛r❛ ❧❛ ♣r❡❞✐❝❝✐ó♥ ② ❡❧ ❞❡s❝✉❜r✐♠✐❡♥t♦ ❞❡ ❢✉t✉r♦s ♣r❡✲♠✐❆❘◆✳

✸✳✷✳✺✳ ❉❡s❝✉❜r✐♠✐❡♥t♦ ❞❡ ♣r❡✲♠✐❆❘◆s ❡♥ ❡❧ ❣❡♥♦♠❛ ❝♦♠♣❧❡t♦ ❞❡ ✉♥❛ ♥✉❡✲
✈❛ ❡s♣❡❝✐❡

❋✐♥❛❧♠❡♥t❡✱ s❡ ♣r♦❜ó ♠✐❘❡✷❡ ❡♥ ❧❛ t❛r❡❛ ♠ás r❡❛❧✐st❛ ❞❡ ❞❡s❝✉❜r✐r ♥✉❡✈♦s ♣r❡✲♠✐❆❘◆ ❡♥ ✉♥❛ ♥✉❡✲
✈❛ ❡s♣❡❝✐❡✳ ❊❧ ♠♦❞❡❧♦ ❞❡ ♣r❡❞✐❝❝✐ó♥ ❞❡ ❡str✉❝t✉r❛ s❡ ❡♥tr❡♥ó ❝♦♥ t♦❞♦s ❧♦s ♣r❡✲♠✐❆❘◆s ❞❡ ♠❡t❛③♦♦s
❝♦♥♦❝✐❞♦s✱ ❡①❝❧✉②❡♥❞♦ ❍✳ s❛♣✐❡♥s ✭✷✸✳✵✹✽ s❡❝✉❡♥❝✐❛s✮ ② ♠✉❡str❛s ♥❡❣❛t✐✈❛s ❞❡ ❛♥✐♠❛❧❡s ✭✷✳✵✵✵✳✵✵✵ ❞❡
❤♦rq✉✐❧❧❛s ❡♥ t♦t❛❧ ❞❡ ❆♥♦♣❤❡❧❡s ❣❛♠❜✐❛❡✱ ❉r♦s♦♣❤✐❧❛ ♠❡❧❛♥♦❣❛st❡r ② ❈❛❡♥♦r❤❛❜❞✐t✐s ❡❧❡❣❛♥s✮ ✭❇✉❣♥♦♥
❡t ❛❧✳✱ ✷✵✷✵❛✮✳ ❊❧ ♠♦❞❡❧♦ ♣❛r❛ ❧❛ ❡st✐♠❛❝✐ó♥ ❞❡ ❧❛ ▼❊▲ s❡ ❡♥tr❡♥ó ❝♦♥ t♦❞♦s ❧♦s ♣r❡✲♠✐❆❘◆s ❞❡ ♠❡t❛✲
③♦♦s ❝♦♥♦❝✐❞♦s ❡①❝❧✉②❡♥❞♦ ❍✳ s❛♣✐❡♥s✱ ✹✽✳✵✵✵ ♣s❡✉❞♦✲❤♦rq✉✐❧❧❛s ② ✹✽✳✵✵✵ s❡❝✉❡♥❝✐❛s ♣❧❛♥❛s ❡①tr❛í❞❛s ❛❧
❛③❛r ❞❡ ❆♥♦♣❤❡❧❡s ❣❛♠❜✐❛❡✱ ❉r♦s♦♣❤✐❧❛ ♠❡❧❛♥♦❣❛st❡r ② ❈❛❡♥♦r❤❛❜❞✐t✐s ❡❧❡❣❛♥s✳ ❊❧ ♠♦❞❡❧♦ ❝❧❛s✐✜❝❛❞♦r
❞❡ ♣r❡✲♠✐❆❘◆s s❡ ❡♥tr❡♥ó ❝♦♥ t♦❞♦s ❧♦s ♣r❡✲♠✐❆❘◆s ❞❡ ♠❡t❛③♦♦s ❝♦♥♦❝✐❞♦s✱ ❡①❝❧✉②❡♥❞♦ ❍✳ s❛♣✐❡♥s

✭✷✸✳✵✹✽✮✱ ② ♠✉❡str❛s ♥❡❣❛t✐✈❛s ❞❡ ❛♥✐♠❛❧❡s ✭✶✳✵✵✵✳✵✵✵ ❡♥ t♦t❛❧ ❞❡ ❆♥♦♣❤❡❧❡s ❣❛♠❜✐❛❡✱ ❉r♦s♦♣❤✐❧❛ ♠❡✲

❧❛♥♦❣❛st❡r ② ❈❛❡♥♦r❤❛❜❞✐t✐s ❡❧❡❣❛♥s✿ ✶✵✵✳✵✵✵ ❤♦rq✉✐❧❧❛s ② ✾✵✵✳✵✵✵ ♣❧❛♥❛s✮✳ ▲❛ t❛r❡❛ ❝♦♥s✐stí❛ ❡♥ ❡❧
❞❡s❝✉❜r✐♠✐❡♥t♦ ❞❡ t♦❞♦s ❧♦s ♣r❡✲♠✐❆❘◆s ❞❡❧ ❣❡♥♦♠❛ ❤✉♠❛♥♦✱ ❝♦♠♦ s✐ s❡ tr❛t❛r❛ ❞❡ ✉♥❛ ♥✉❡✈❛ ❡s♣❡❝✐❡
❞❡s❝✉❜✐❡rt❛ r❡❝✐❡♥t❡♠❡♥t❡✳ P♦r ❧♦ t❛♥t♦✱ ♣❛r❛ ❧❛ ♣r✉❡❜❛ t♦❞❛s ❧❛s s❡❝✉❡♥❝✐❛s ❞❡♥tr♦ ❞❡ ❝❛❞❛ ❝r♦♠♦s♦♠❛
q✉❡ ❝♦♥t✐❡♥❡♥ ✉♥ ♣r❡✲♠✐❆❘◆ ❝♦♥♦❝✐❞♦✱ ❞❡ ❛❝✉❡r❞♦ ❝♦♥ ❧❛s ♣♦s✐❝✐♦♥❡s ❞❡s❝r✐t❛s ❡♥ ♠✐❘❇❛s❡ ✈✷✷✱ s❡
✉s❛r♦♥ ❝♦♠♦ ❝❧❛s❡ ♣♦s✐t✐✈❛✱ ② ❧❛s ♥❡❣❛t✐✈❛s ❢✉❡r♦♥ t♦❞❛s ❧❛s s❡❝✉❡♥❝✐❛s ❝♦rr❡s♣♦♥❞✐❡♥t❡s ❛❧ r❡st♦ ❞❡❧
❝r♦♠♦s♦♠❛✳

▲♦s r❡s✉❧t❛❞♦s s❡ ♣r❡s❡♥t❛♥ ❡♥ ❧❛ ❚❛❜❧❛ ✸✳✼✳ ▲❛ ♣r✐♠❡r❛ ❝♦❧✉♠♥❛ ✐♥❞✐❝❛ ❡❧ ❝r♦♠♦s♦♠❛ ② ❧❛ s❡❣✉♥❞❛
② t❡r❝❡r❛ ❝♦❧✉♠♥❛ ❡❧ ♥ú♠❡r♦ ❞❡ ❡❥❡♠♣❧♦s ♣♦s✐t✐✈♦s ② ♥❡❣❛t✐✈♦s ❡♥ ❡s❡ ❝r♦♠♦s♦♠❛✱ r❡s♣❡❝t✐✈❛♠❡♥t❡✳
▲✉❡❣♦✱ ❡❧ r❡♥❞✐♠✐❡♥t♦ ❞❡ ❝❛❞❛ ♠ét♦❞♦ s❡ ✐♥❢♦r♠❛ ❝♦♥ s+✱ p✱ F1✱ ❆❯❘❖❈ ② ❆❯❈P❘✳ ❋✐♥❛❧♠❡♥t❡✱
❧❛ ú❧t✐♠❛ ✜❧❛ ✐♥❞✐❝❛ ❡❧ ❞❡s❡♠♣❡ñ♦ ✜♥❛❧ ♠❡❞✐❞♦ ❡♥ ❡❧ ❣❡♥♦♠❛ ❤✉♠❛♥♦ ❝♦♠♣❧❡t♦✳ ❈❛❜❡ ❞❡st❛❝❛r ❡❧
❛❧t♦ ❞❡s❜❛❧❛♥❝❡ ❞❡ ❝❧❛s❡s q✉❡ ❡①✐st❡ ❡♥ ❝❛❞❛ ❝r♦♠♦s♦♠❛✳ P♦r ❡❥❡♠♣❧♦✱ ❡♥ ❡❧ ❝r♦♠♦s♦♠❛ ✶ ❤❛② ✶✺✻





✸✳✷✳ P❘❊❉■❈❈■Ó◆ ❉❊ P❘❊✲▼■❆❘◆ ❈❖◆ ❆P❘❊◆❉■❩❆❏❊ P❘❖❋❯◆❉❖ ✷✸

❈r♠ P♦s ◆❡❣❛t✐✈♦s
❞❡❡♣▼✐r ♠✐❘❡✷❡

s+ p F1 ❆❯❘❖❈ ❆❯P❘❈ s+ p F1 ❆❯❘❖❈ ❆❯P❘❈
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❚❛❜❧❛ ✸✳✼✿ ❈♦♠♣❛r❛❝✐ó♥ ❞❡ ❞❡s❡♠♣❡ñ♦s ♣❛r❛ ❧❛ ♣r❡❞✐❝❝✐ó♥ ❞❡ ♣r❡✲♠✐❆❘◆s ❡♥ ❡❧ ❣❡♥♦♠❛ ❞❡ ❍✳ s❛♣✐❡♥s✳
❙❡ ❞❡t❛❧❧❛♥ ❧❛s ♠❡❞✐❞❛s ♣❛r❛ ❝❛❞❛ ❝r♦♠♦s♦♠❛ ✭❝r♠✮ ② ❡❧ ❣❡♥♦♠❛ ❝♦♠♣❧❡t♦ ✭✜❧❛ ❚♦❞♦s✮

♠ét♦❞♦s✳ P❛r❛ s❡♥s✐❜✐❧✐❞❛❞❡s ♠ás ❛❧t❛s ✭s+ > 0, 6✮✱ ♠✐❘❡✷❡ s❡ ❝♦♠♣♦rt❛ ✐❣✉❛❧ q✉❡ ❞❡❡♣▼✐❘●❡♥❡ ②
♠✉❝❤♦ ♠❡❥♦r q✉❡ ❞❡❡♣▼✐r✳ ❙✐♥ ❡♠❜❛r❣♦✱ ❡st❛ ♣❛rt❡ ❞❡ ❧❛ ❝✉r✈❛ P❘ t✐❡♥❡ ✉♥❛ ✉t✐❧✐❞❛❞ ♣rá❝t✐❝❛ ♠✉②
❧✐♠✐t❛❞❛✱ ❞❡❜✐❞♦ ❛❧ ❣r❛♥ ♥ú♠❡r♦ ❞❡ ❢❛❧s♦s ♣♦s✐t✐✈♦s ❣❡♥❡r❛❞♦s ❡♥ ❡st❡ ❡s❝❡♥❛r✐♦ ❛❧t❛♠❡♥t❡ ❞❡s❜❛❧❛♥❝❡❛✲
❞♦✳ ❈❛❜❡ ♠❡♥❝✐♦♥❛r q✉❡ ❡st❡ r❡♥❞✐♠✐❡♥t♦ ♣❛r❛ ♠✐❘❡✷❡ s❡ ♦❜t✐❡♥❡ s✐♥ r❡q✉❡r✐r ♠ás ✐♥❢♦r♠❛❝✐ó♥ q✉❡ ❧❛
s❡❝✉❡♥❝✐❛ ❞❡ ❆❘◆ s✐♥ ♣r♦❝❡s❛r✳ ❙♦r♣r❡♥❞❡♥t❡♠❡♥t❡✱ ❡♥ ❡st❡ ❡①♣❡r✐♠❡♥t♦ ❡❧ ❆❯❈P❘ t♦t❛❧ ♣❛r❛ ♠✐❘❡✷❡
❡s ❞❡ ✵✱✶✷✸✶✸✱ ♠ás ❞❡ ✶✵✵ ✈❡❝❡s ♠❛②♦r ❛❧ ♠❡❥♦r ❞❡ ❧♦s ♦tr♦s ♠ét♦❞♦s✳

❊st♦s r❡s✉❧t❛❞♦s ✐♥❞✐❝❛♥ q✉❡ ♠✐❘❡✷❡ ♣✉❡❞❡ ✉s❛rs❡ ❞❡ ♠❛♥❡r❛ ❝♦♥✜❛❜❧❡ ♣❛r❛ ❡❧ ❞❡s❝✉❜r✐♠✐❡♥t♦ ❞❡
♥✉❡✈♦s ♣r❡✲♠✐❆❘◆s ❡♥ ✉♥ ❣❡♥♦♠❛ ❝♦♠♣❧❡t♦✱ ❝♦♥ ❧❛ ♠❡❥♦r s❡♥s✐❜✐❧✐❞❛❞ ② ♣r❡❝✐s✐ó♥ ❡♥ ❡st❡ ❡s❝❡♥❛r✐♦
❞❡ ❛❧t♦ ❞❡s❜❛❧❛♥❝❡✳ ❊s ❞❡❝✐r✱ ✉t✐❧✐③❛♥❞♦ ✉♥ ♥ú♠❡r♦ ♠✉② ❜❛❥♦ ❞❡ ❡❥❡♠♣❧♦s ♣♦s✐t✐✈♦s ❡♥ ❡❧ ❛♣r❡♥❞✐③❛❥❡
♣❛r❛ ❡❧ ❞❡s❝✉❜r✐♠✐❡♥t♦ ❞❡ ♥✉❡✈♦s ❝❛♥❞✐❞❛t♦s✳ ❊st♦ ❝♦♥✈✐❡rt❡ ❛ ♠✐❘❡✷❡ ❡♥ ❡❧ ♣r✐♠❡r ♠♦❞❡❧♦ ❝♦♠♣❧❡t♦
❞❡ ❛♣r❡♥❞✐③❛❥❡ ♣r♦❢✉♥❞♦ ❞❡ ❡①tr❡♠♦ ❛ ❡①tr❡♠♦✱ ❜❛s❛❞♦ ❡♥ ❚r❛♥s❢♦r♠❡rs✱ ❝♦♥ r❡s✉❧t❛❞♦s ❝♦♠♣❡t✐t✐✈♦s
♣❛r❛ ❧❛ t❛r❡❛ ❞❡ ♣r❡❞✐❝❝✐ó♥ ❞❡ ♣r❡✲♠✐❆❘◆ ❡♥ ❣❡♥♦♠❛s ❝♦♠♣❧❡t♦s✳





❙❡❝❝✐ó♥ ✹

❈♦♥❝❧✉s✐♦♥❡s

❊♥ ❡st❛ t❡s✐s ❞♦❝t♦r❛❧ s❡ ❞❡s❛rr♦❧❧❛r♦♥ tr❡s ♥✉❡✈❛s ❝❛r❛❝t❡ríst✐❝❛s ❜❛s❛❞❛s ❡♥ ♠❡❞✐❞❛s ❞❡ ❝♦♠♣❧❡❥✐✲
❞❛❞ ♣❛r❛ ❧❛ ♣r❡❞✐❝❝✐ó♥ ❞❡ ♣r❡✲♠✐❆❘◆✳ ▲❛ ♣r✐♥❝✐♣❛❧ ♠♦t✐✈❛❝✐ó♥ ❢✉❡ ❧❛ ❞❡ ❡①tr❛❡r ✐♥❢♦r♠❛❝✐ó♥ ❝♦❞✐✜❝❛❞❛
❛ ♥✐✈❡❧ s❡❝✉❡♥❝✐❛❧ ❡♥ ❡❧ ♠✐❆❘◆ ♠❛❞✉r♦✳ ▲♦s r❡s✉❧t❛❞♦s ♠♦str❛r♦♥ q✉❡ ❧❛ ✐♥❝♦r♣♦r❛❝✐ó♥ ❞❡ ❧❛s ♠❡❞✐❞❛s
♣r♦♣✉❡st❛s ❞❡❧ ♠✐❆❘◆ ♠❛❞✉r♦ ♣r♦♣♦r❝✐♦♥❛♥ ✉♥ ❛❧t♦ ♣♦❞❡r ❞✐s❝r✐♠✐♥❛t✐✈♦✳ ❊s♣❡❝✐❛❧♠❡♥t❡✱ ❧❛ ❞✐st❛♥✲
❝✐❛ ❞❡ ▲❡✈❡♥s❤t❡✐♥ ♣r♦♣✉❡st❛ ❤❛ ❞❡♠♦str❛❞♦ t❡♥❡r ❡❧ ♠❡❥♦r r❡♥❞✐♠✐❡♥t♦ ♣❛r❛ t♦❞♦s ❧♦s ❞❡s❜❛❧❛♥❝❡s✳
❆❞❡♠ás✱ ❧❛s ❝❛r❛❝t❡ríst✐❝❛s ♣r♦♣✉❡st❛s ❜❛s❛❞❛s ❡♥ ❧❛ ❡♥tr♦♣í❛ ❞❡ ♣❡r♠✉t❛❝✐ó♥ ② ❧❛ ❝♦♠♣❧❡❥✐❞❛❞ ❞❡
▲❡♠♣❡❧✲❩✐✈ ♠♦str❛r♦♥ ❧♦s ♠❡❥♦r❡s ❞❡s❡♠♣❡ñ♦s ❡♥ ❛❧t♦s ❞❡s❜❛❧❛♥❝❡s ❝✉❛♥❞♦ s❡ ❝♦♠❜✐♥❛r♦♥ ❝♦♥ ❧❛ ❞✐s✲
t❛♥❝✐❛ ❞❡ ▲❡✈❡♥s❤t❡✐♥✳

▲♦s ♠❡❥♦r❡s r❡s✉❧t❛❞♦s ❞❡ ❧❛ ❞✐st❛♥❝✐❛ ❞❡ ▲❡✈❡♥s❤t❡✐♥ s❡ ❞❡❜❡♥ ❛ q✉❡ ❡st❛ ❝❛r❛❝t❡ríst✐❝❛ ❡s ✉♥❛
♠❡❞✐❞❛ ♣❛r❛ ✉♥ ❝♦♥❥✉♥t♦ ❞❡ r❡❢❡r❡♥❝✐❛ ❞❡ ♠✐❆❘◆✱ ❧♦ q✉❡ ♣❡r♠✐t❡ ♠❡❞✐r ❝♦♥ ♠❛②♦r ♣r❡❝✐s✐ó♥ ❧❛ ♣❡r✲
t❡♥❡♥❝✐❛ ❞❡ ❝✉❛❧q✉✐❡r s❡❝✉❡♥❝✐❛ ❛ ❧❛ ❝❧❛s❡ ♣♦s✐t✐✈❛✳ ❊st❛ ❝❛r❛❝t❡ríst✐❝❛ ❤❛ ♣r♦♣♦r❝✐♦♥❛❞♦ ✉♥❛ ♣r❡❝✐s✐ó♥
♠✉② ❛❧t❛ ❡♥ ❧♦s ❝❧❛s✐✜❝❛❞♦r❡s ❡✈❛❧✉❛❞♦s✱ ❧♦ ❝✉❛❧ ❡s ✉♥❛ ❞❡ ❧❛s ❝♦♥tr✐❜✉❝✐♦♥❡s ♠ás ✐♠♣♦rt❛♥t❡s ❞❡ ❡st❛
t❡s✐s✱ ❞❡❜✐❞♦ ❛ q✉❡ ❧❛ ♠❛②♦rí❛ ❞❡ ❧♦s ❛❧❣♦r✐t♠♦s ❞✐s♣♦♥✐❜❧❡s t✐❡♥❡♥ ✉♥❛ t❛s❛ ♠✉② ❛❧t❛ ❞❡ ❢❛❧s♦s ♣♦s✐t✐✈♦s✳
❆❞❡♠ás✱ ❤❛ ♠♦str❛❞♦ r♦❜✉st❡③ ❛❧ ❞❡s❜❛❧❛♥❝❡✱ ♠❡❥♦r❛♥❞♦ ❧❛s ♣r❡❞✐❝❝✐♦♥❡s ✐♥❝❧✉s♦ ❡♥ ❧♦s ❡s❝❡♥❛r✐♦s ♠ás
❛❞✈❡rs♦s✳ ❆sí✱ s❡ ❞❡♠♦stró q✉❡ ❧❛ ✐♥❝❧✉s✐ó♥ ❞❡ ✉♥❛ ú♥✐❝❛ ❝❛r❛❝t❡ríst✐❝❛ ❞❡❧ ♠✐❆❘◆ ♠❛❞✉r♦ ❜❛s❛❞❛ ❡♥ ❧❛
❞✐st❛♥❝✐❛ ❞❡ ▲❡✈❡♥s❤t❡✐♥✱ ♣✉❡❞❡ ♠❡❥♦r❛r ❤❛st❛ tr❡s ✈❡❝❡s ❡❧ ❞❡s❡♠♣❡ñ♦ ❡♥ tér♠✐♥♦s ❞❡ F1✱ ♠❛♥t❡♥✐❡♥❞♦
❧❛ ♣r❡❝✐s✐ó♥ ❡♥ ✉♥ ✾✵✪ ❛ú♥ ♣❛r❛ ❞❡s❜❛❧❛♥❝❡s ❞❡ ✶✿✶✵✵✵✵✳

❆❞❡♠ás✱ s❡ ❞❡s❛rr♦❧❧ó ♠✐❘❡✷❡✱ ❡❧ ♣r✐♠❡r ❛❧❣♦r✐t♠♦ ❡♥❞✲t♦✲❡♥❞ ❞❡ ♣r❡❞✐❝❝✐ó♥ ❞❡ ♣r❡✲♠✐❆❘◆s ❡♥
❣❡♥♦♠❛s ❝r✉❞♦s ✉t✐❧✐③❛♥❞♦ té❝♥✐❝❛s ❞❡ ❛♣r❡♥❞✐③❛❥❡ ♣r♦❢✉♥❞♦ ② ♣r♦❝❡s❛♠✐❡♥t♦ ❞❡❧ ❧❡♥❣✉❛❥❡ ♥❛t✉r❛❧✳
❊st❡ ♠♦❞❡❧♦ t✐❡♥❡ ❞♦s ❣r❛♥❞❡s ✈❡♥t❛❥❛s s♦❜r❡ ❧♦s ♦tr♦s ♠ét♦❞♦s ❡①✐st❡♥t❡s✳ P♦r ✉♥ ❧❛❞♦✱ ❡s ❝❛♣❛③ ❞❡
r❡❝✐❜✐r ❞❛t♦s ❞❡ t♦❞♦ ❡❧ ❣❡♥♦♠❛ s✐♥ ♥✐♥❣ú♥ ♣r❡♣r♦❝❡s❛♠✐❡♥t♦ ♦ ♣r❡❞✐❝❝✐ó♥ ❞❡ ❡str✉❝t✉r❛ s❡❝✉♥❞❛r✐❛✳ ❆sí✱
❡s ♣♦s✐❜❧❡ ♠✐♥✐♠✐③❛r ❡❧ ✐♠♣❛❝t♦ ❞❡ ❧❛s ❞❡❝✐s✐♦♥❡s ❤✉♠❛♥❛s ❡♥ ❧❛ ❡t❛♣❛ ❞❡ ❡①tr❛❝❝✐ó♥ ❞❡ ❝❛r❛❝t❡ríst✐❝❛s✱
♠❡❥♦r❛♥❞♦ ❧❛ r❡♣r♦❞✉❝✐❜✐❧✐❞❛❞ ② r❡♣❧✐❝❛❜✐❧✐❞❛❞ ❞❡ ❧♦s r❡s✉❧t❛❞♦s✳ P♦r ♦tr♦ ❧❛❞♦✱ ♠✐❘❡✷❡ ♣✉❡❞❡ ✐❞❡♥t✐✜❝❛r
t♦❞❛s ❧❛s s❡❝✉❡♥❝✐❛s ❞❡ ♣r❡✲♠✐❆❘◆ ❞❡♥tr♦ ❞❡ ✉♥ ❣❡♥♦♠❛ ❝♦♥ ✉♥❛ ♠✉② ❛❧t❛ ♣r❡❝✐s✐ó♥ ② s❡♥s✐❜✐❧✐❞❛❞✳
❆❞❡♠ás✱ s❡ ❤❛ ❞❡♠♦str❛❞♦ q✉❡ ❡s ♠✉② ♣♦❝♦ ❛❢❡❝t❛❞♦ ♣♦r ❡❧ ❛❧t♦ ❞❡s❜❛❧❛♥❝❡ ❞❡ ❝❧❛s❡s q✉❡ ❡①✐st❡ ❞❡♥tr♦
❞❡ ✉♥ ❣❡♥♦♠❛ ❝♦♠♣❧❡t♦✱ ❡♥tr❡ ❧♦s ♣♦s✐❜❧❡s ♥✉❡✈♦s ♣r❡✲♠✐❆❘◆ ② ❧❛ ❡♥♦r♠❡ ❝❛♥t✐❞❛❞ ❞❡ s❡❝✉❡♥❝✐❛s
♥❡❣❛t✐✈❛s✳ ❆sí✱ ❡♥ ❧♦s ❡①♣❡r✐♠❡♥t♦s r❡❛❧✐③❛❞♦s ❝♦♥ ❡❧ ❣❡♥♦♠❛ ❤✉♠❛♥♦ s❡ ♣✉❞♦ ❞❡s❝✉❜r✐r ❞❡ ♠❛♥❡r❛
❡❢❡❝t✐✈❛ ♥✉❡✈♦s ♣r❡✲♠✐❆❘◆✳

✷✺
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P✉❜❧✐❝❛❝✐♦♥❡s

❆ ❝♦♥t✐♥✉❛❝✐ó♥ s❡ ❧✐st❛♥ t♦❞♦s ❧♦s tr❛❜❛❥♦s r❡❧❛❝✐♦♥❛❞♦s ❝♦♥ ❧❛ ♣r❡❞✐❝❝✐ó♥ ❞❡ ♠✐❝r♦❆❘◆ ❡♥ ❧♦s q✉❡
s❡ ♣❛rt✐❝✐♣ó ❞✉r❛♥t❡ ❡❧ ❞❡s❛rr♦❧❧♦ ❞❡❧ ❞♦❝t♦r❛❞♦✳

P✉❜❧✐❝❛❝✐♦♥❡s ❡♥ r❡✈✐st❛s

❙t❡❣♠❛②❡r ●✳✱ ❉✐ P❡rs✐❛ ▲✳❊✳✱ ❘✉❜✐♦❧♦ ▼✳✱ ●❡r❛r❞ ▼✳✱ P✐✈✐❞♦r✐ ▼✳✱ ❨♦♥❡s ❈✳✱ ❇✉❣♥♦♥ ▲✳❆✳✱
❘♦❞r✐❣✉❡③ ❚✳✱ ❘❛❛❞ ❏✳✱ ▼✐❧♦♥❡ ❉✳❍✳ Pr❡❞✐❝t✐♥❣ ♥♦✈❡❧ ♠✐❝r♦❘◆❆s✿ ❛ ❝♦♠♣r❡❤❡♥s✐✈❡ ❝♦♠♣❛r✐s♦♥
♦❢ ♠❛❝❤✐♥❡ ❧❡❛r♥✐♥❣ ❛♣♣r♦❛❝❤❡s✳ ❇r✐❡✜♥❣s ✐♥ ❜✐♦✐♥❢♦r♠❛t✐❝s ✷✵✭✶✮✱ ✶✻✵✼✲✶✻✷✵ ✭■❋ ✾✱✶✵✶✮ ✭✷✵✶✽✮✳

❇✉❣♥♦♥ ▲✳❆✳✱ ❨♦♥❡s ❈✳✱ ❘❛❛❞ ❏✳✱ ▼✐❧♦♥❡ ❉✳❍✳✱ ❙t❡❣♠❛②❡r ●✳ ●❡♥♦♠❡✲✇✐❞❡ ❤❛✐r♣✐♥s ❞❛t❛s❡ts ♦❢
❛♥✐♠❛❧s ❛♥❞ ♣❧❛♥ts ❢♦r ♥♦✈❡❧ ♠✐❘◆❆ ♣r❡❞✐❝t✐♦♥✳ ❉❛t❛ ✐♥ ❜r✐❡❢ ✷✺✭✽✮✱ ✶✵✹✷✵✾ ✭■❋ ✶✱✶✸✮ ✭✷✵✶✾✮

❘❛❛❞✱ ❏✳✱ ❙t❡❣♠❛②❡r✱ ●✳✱ ✫ ▼✐❧♦♥❡✱ ❉✳ ❍✳ ❈♦♠♣❧❡①✐t② ♠❡❛s✉r❡s ♦❢ t❤❡ ♠❛t✉r❡ ♠✐❘◆❆ ❢♦r
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tr❛♥s❢♦r♠❡rs ❢♦r ❧❛♥❣✉❛❣❡ ✉♥❞❡rst❛♥❞✐♥❣✳ ❛r❳✐✈ ♣r❡♣r✐♥t ❛r❳✐✈✿✶✽✶✵✳✵✹✽✵✺ ✳

✷✾
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❉✐♥❣✱ ❏✳ ❡t ❛❧✳ ✭✷✵✶✵✮✳ ▼✐❘❡♥❙❱▼✿ t♦✇❛r❞s ❜❡tt❡r ♣r❡❞✐❝t✐♦♥ ♦❢ ♠✐❝r♦❘◆❆ ♣r❡❝✉rs♦rs ✉s✐♥❣ ❛♥ ❡♥s❡♠❜❧❡
❙❱▼ ❝❧❛ss✐✜❡r ✇✐t❤ ♠✉❧t✐✲❧♦♦♣ ❢❡❛t✉r❡s✳ ❇▼❈ ❜✐♦✐♥❢♦r♠❛t✐❝s✱ ✶✶✭✶✶✮✱ ❙✶✶✳

❉♦s♦✈✐ts❦✐②✱ ❆✳ ❡t ❛❧✳ ✭✷✵✷✵✮✳ ❆♥ ✐♠❛❣❡ ✐s ✇♦rt❤ ✶✻①✶✻ ✇♦r❞s✿ ❚r❛♥s❢♦r♠❡rs ❢♦r ✐♠❛❣❡ r❡❝♦❣♥✐t✐♦♥ ❛t
s❝❛❧❡✳

❊r❛s❧❛♥✱ ●✳ ❡t ❛❧✳ ✭✷✵✶✾✮✳ ❉❡❡♣ ❧❡❛r♥✐♥❣✿ ♥❡✇ ❝♦♠♣✉t❛t✐♦♥❛❧ ♠♦❞❡❧❧✐♥❣ t❡❝❤♥✐q✉❡s ❢♦r ❣❡♥♦♠✐❝s✳ ◆❛t✉r❡
❘❡✈✐❡✇s ●❡♥❡t✐❝s✱ ✷✵✭✼✮✱ ✸✽✾✕✹✵✸✳

❋r✐❡❞♠❛♥✱ ❘✳ ❈✳ ❡t ❛❧✳ ✭✷✵✵✾✮✳ ▼♦st ♠❛♠♠❛❧✐❛♥ ♠❘◆❆s ❛r❡ ❝♦♥s❡r✈❡❞ t❛r❣❡ts ♦❢ ♠✐❝r♦r♥❛s✳ ●❡♥♦♠❡

r❡s❡❛r❝❤✱ ✶✾✭✶✮✱ ✾✷✕✶✵✺✳

●r❛ss❜❡r❣❡r✱ P✳ ✭✶✾✾✶✮✳ ■♥❢♦r♠❛t✐♦♥ ❛♥❞ ❝♦♠♣❧❡①✐t② ♠❡❛s✉r❡s ✐♥ ❞②♥❛♠✐❝❛❧ s②st❡♠s✳ ■♥ ■♥❢♦r♠❛t✐♦♥

❞②♥❛♠✐❝s✱ ♣❛❣❡s ✶✺✕✸✸✳ ❙♣r✐♥❣❡r✳

●✉❞②➧✱ ❆✳ ❡t ❛❧✳ ✭✷✵✶✸✮✳ ❍✉♥t▼✐✿ ❛♥ ❡✣❝✐❡♥t ❛♥❞ t❛①♦♥✲s♣❡❝✐✜❝ ❛♣♣r♦❛❝❤ ✐♥ ♣r❡✲♠✐❘◆❆ ✐❞❡♥t✐✜❝❛t✐♦♥✳
❇▼❈ ❜✐♦✐♥❢♦r♠❛t✐❝s✱ ✶✹✭✶✮✱ ✽✸✳

❍❡✱ ❑✳ ❡t ❛❧✳ ✭✷✵✶✻✮✳ ■❞❡♥t✐t② ♠❛♣♣✐♥❣s ✐♥ ❞❡❡♣ r❡s✐❞✉❛❧ ♥❡t✇♦r❦s✳ ■♥ ❇✳ ▲❡✐❜❡✱ ❏✳ ▼❛t❛s✱ ◆✳ ❙❡❜❡✱ ❛♥❞
▼✳ ❲❡❧❧✐♥❣✱ ❡❞✐t♦rs✱ ❈♦♠♣✉t❡r ❱✐s✐♦♥ ✕ ❊❈❈❱ ✷✵✶✻ ✱ ♣❛❣❡s ✻✸✵✕✻✹✺✱ ❈❤❛♠✳ ❙♣r✐♥❣❡r ■♥t❡r♥❛t✐♦♥❛❧
P✉❜❧✐s❤✐♥❣✳

❍❡rt❡❧✱ ❏✳ ❛♥❞ ❙t❛❞❧❡r✱ P✳ ❋✳ ✭✷✵✵✻✮✳ ❍❛✐r♣✐♥s ✐♥ ❛ ❤❛②st❛❝❦✿ r❡❝♦❣♥✐③✐♥❣ ♠✐❝r♦❘◆❆ ♣r❡❝✉rs♦rs ✐♥
❝♦♠♣❛r❛t✐✈❡ ❣❡♥♦♠✐❝s ❞❛t❛✳ ❇✐♦✐♥❢♦r♠❛t✐❝s✱ ✷✷✭✶✹✮✱ ❡✶✾✼✕❡✷✵✷✳

❍✐♥t♦♥✱ ●✳ ❊✳✱ ❖s✐♥❞❡r♦✱ ❙✳✱ ❛♥❞ ❚❡❤✱ ❨✳✲❲✳ ✭✷✵✵✻✮✳ ❆ ❢❛st ❧❡❛r♥✐♥❣ ❛❧❣♦r✐t❤♠ ❢♦r ❞❡❡♣ ❜❡❧✐❡❢ ♥❡ts✳
◆❡✉r❛❧ ❝♦♠♣✉t❛t✐♦♥✱ ✶✽✭✼✮✱ ✶✺✷✼✕✶✺✺✹✳

❍♦❢❛❝❦❡r✱ ■✳ ▲✳ ✭✷✵✵✸✮✳ ❱✐❡♥♥❛ r♥❛ s❡❝♦♥❞❛r② str✉❝t✉r❡ s❡r✈❡r✳ ◆✉❝❧❡✐❝ ❛❝✐❞s r❡s❡❛r❝❤✱ ✸✶✭✶✸✮✱ ✸✹✷✾✕
✸✹✸✶✳

❏✐❛♥❣✱ P✳ ❡t ❛❧✳ ✭✷✵✵✼✮✳ ▼✐Pr❡❞✿ ❝❧❛ss✐✜❝❛t✐♦♥ ♦❢ r❡❛❧ ❛♥❞ ♣s❡✉❞♦ ♠✐❝r♦❘◆❆ ♣r❡❝✉rs♦rs ✉s✐♥❣ r❛♥❞♦♠
❢♦r❡st ♣r❡❞✐❝t✐♦♥ ♠♦❞❡❧ ✇✐t❤ ❝♦♠❜✐♥❡❞ ❢❡❛t✉r❡s✳ ◆✉❝❧❡✐❝ ❛❝✐❞s r❡s❡❛r❝❤✱ ✸✺✭s✉♣♣❧❴✷✮✱ ❲✸✸✾✕❲✸✹✹✳

❏✉rt③✱ ❱✳ ■✳ ❡t ❛❧✳ ✭✷✵✶✼✮✳ ❆♥ ✐♥tr♦❞✉❝t✐♦♥ t♦ ❞❡❡♣ ❧❡❛r♥✐♥❣ ♦♥ ❜✐♦❧♦❣✐❝❛❧ s❡q✉❡♥❝❡ ❞❛t❛✿ ❡①❛♠♣❧❡s ❛♥❞
s♦❧✉t✐♦♥s✳ ❇✐♦✐♥❢♦r♠❛t✐❝s✱ ✸✸✭✷✷✮✱ ✸✻✽✺✕✸✻✾✵✳

❑❧❡❢t♦❣✐❛♥♥✐s✱ ❉✳✱ ❑♦r✜❛t✐✱ ❆✳✱ ❚❤❡♦✜❧❛t♦s✱ ❑✳✱ ▲✐❦♦t❤❛♥❛ss✐s✱ ❙✳✱ ❚s❛❦❛❧✐❞✐s✱ ❆✳✱ ❛♥❞ ▼❛✈r♦✉❞✐✱ ❙✳
✭✷✵✶✸✮✳ ❲❤❡r❡ ✇❡ st❛♥❞✱ ✇❤❡r❡ ✇❡ ❛r❡ ♠♦✈✐♥❣✿ s✉r✈❡②✐♥❣ ❝♦♠♣✉t❛t✐♦♥❛❧ t❡❝❤♥✐q✉❡s ❢♦r ✐❞❡♥t✐❢②✐♥❣
♠✐r♥❛ ❣❡♥❡s ❛♥❞ ✉♥❝♦✈❡r✐♥❣ t❤❡✐r r❡❣✉❧❛t♦r② r♦❧❡✳ ❏♦✉r♥❛❧ ♦❢ ❜✐♦♠❡❞✐❝❛❧ ✐♥❢♦r♠❛t✐❝s✱ ✹✻✭✸✮✱ ✺✻✸✕✺✼✸✳

▲❛ss♠❛♥♥✱ ❚✳ ❛♥❞ ❙♦♥♥❤❛♠♠❡r✱ ❊✳ ▲✳ ✭✷✵✵✺✮✳ ❑❛❧✐❣♥✕❛♥ ❛❝❝✉r❛t❡ ❛♥❞ ❢❛st ♠✉❧t✐♣❧❡ s❡q✉❡♥❝❡ ❛❧✐❣♥♠❡♥t
❛❧❣♦r✐t❤♠✳ ❇▼❈ ❜✐♦✐♥❢♦r♠❛t✐❝s✱ ✻✭✶✮✱ ✷✾✽✳

▲❡❈✉♥✱ ❨✳ ❡t ❛❧✳ ✭✷✵✶✺✮✳ ❉❡❡♣ ❧❡❛r♥✐♥❣✳ ◆❛t✉r❡✱ ✺✷✶✭✼✺✺✸✮✱ ✹✸✻✕✹✹✹✳

▲❡✈❡♥s❤t❡✐♥✱ ❱✳ ■✳ ✭✶✾✻✻✮✳ ❇✐♥❛r② ❝♦❞❡s ❝❛♣❛❜❧❡ ♦❢ ❝♦rr❡❝t✐♥❣ ❞❡❧❡t✐♦♥s✱ ✐♥s❡rt✐♦♥s✱ ❛♥❞ r❡✈❡rs❛❧s✳ ■♥
❙♦✈✐❡t ♣❤②s✐❝s ❞♦❦❧❛❞② ✱ ✈♦❧✉♠❡ ✶✵✱ ♣❛❣❡s ✼✵✼✕✼✶✵✳

▲❡✇✐s✱ ❇✳ P✳ ❡t ❛❧✳ ✭✷✵✵✸✮✳ Pr❡❞✐❝t✐♦♥ ♦❢ ♠❛♠♠❛❧✐❛♥ ♠✐❝r♦❘◆❆ t❛r❣❡ts✳ ❈❡❧❧ ✱ ✶✶✺✭✼✮✱ ✼✽✼✕✼✾✽✳

▲❡✇✐s✱ ❇✳ P✳ ❡t ❛❧✳ ✭✷✵✵✺✮✳ ❈♦♥s❡r✈❡❞ s❡❡❞ ♣❛✐r✐♥❣✱ ♦❢t❡♥ ✢❛♥❦❡❞ ❜② ❛❞❡♥♦s✐♥❡s✱ ✐♥❞✐❝❛t❡s t❤❛t t❤♦✉s❛♥❞s
♦❢ ❤✉♠❛♥ ❣❡♥❡s ❛r❡ ♠✐❝r♦❘◆❆ t❛r❣❡ts✳ ❝❡❧❧ ✱ ✶✷✵✭✶✮✱ ✶✺✕✷✵✳

▲✐✱ ▲✳ ❡t ❛❧✳ ✭✷✵✶✵✮✳ ❈♦♠♣✉t❛t✐♦♥❛❧ ❛♣♣r♦❛❝❤❡s ❢♦r ♠✐❝r♦❘◆❆ st✉❞✐❡s✿ ❛ r❡✈✐❡✇✳ ▼❛♠♠❛❧✐❛♥ ●❡♥♦♠❡✱
✷✶✭✶✲✷✮✱ ✶✕✶✷✳

▲♦r❡♥③✱ ❘✳ ❡t ❛❧✳ ✭✷✵✶✶✮✳ ❱✐❡♥♥❛❘◆❆ ♣❛❝❦❛❣❡ ✷✳✵✳ ❆❧❣♦r✐t❤♠s ❢♦r ▼♦❧❡❝✉❧❛r ❇✐♦❧♦❣② ✱ ✻✭✶✮✱ ✷✻✳

▼❛t❤❡❧✐❡r✱ ❆✳ ❛♥❞ ❈❛r❜♦♥❡✱ ❆✳ ✭✷✵✶✵✮✳ ▼■❘❡◆❆✿ ✜♥❞✐♥❣ ♠✐❝r♦❘◆❆s ✇✐t❤ ❤✐❣❤ ❛❝❝✉r❛❝② ❛♥❞ ♥♦
❧❡❛r♥✐♥❣ ❛t ❣❡♥♦♠❡ s❝❛❧❡ ❛♥❞ ❢r♦♠ ❞❡❡♣ s❡q✉❡♥❝✐♥❣ ❞❛t❛✳ ❇✐♦✐♥❢♦r♠❛t✐❝s✱ ✷✻✭✶✽✮✱ ✷✷✷✻✕✷✷✸✹✳
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◆❛♥✱ ❋✳ ❛♥❞ ❆❞❥❡r♦❤✱ ❉✳ ✭✷✵✵✹✮✳ ❖♥ ❝♦♠♣❧❡①✐t② ♠❡❛s✉r❡s ❢♦r ❜✐♦❧♦❣✐❝❛❧ s❡q✉❡♥❝❡s✳ ♣❛❣❡s ✺✷✷✕ ✺✷✻✳

◆❣✱ ❑✳ ▲✳ ❙✳ ❛♥❞ ▼✐s❤r❛✱ ❙✳ ❑✳ ✭✷✵✵✼✮✳ ❉❡ ♥♦✈♦ ❙❱▼ ❝❧❛ss✐✜❝❛t✐♦♥ ♦❢ ♣r❡❝✉rs♦r ♠✐❝r♦❘◆❆s ❢r♦♠
❣❡♥♦♠✐❝ ♣s❡✉❞♦ ❤❛✐r♣✐♥s ✉s✐♥❣ ❣❧♦❜❛❧ ❛♥❞ ✐♥tr✐♥s✐❝ ❢♦❧❞✐♥❣ ♠❡❛s✉r❡s✳ ❇✐♦✐♥❢♦r♠❛t✐❝s✱ ✷✸✭✶✶✮✱ ✶✸✷✶✕
✶✸✸✵✳

P❛r❦✱ ❙✳ ❡t ❛❧✳ ✭✷✵✶✼✮✳ ❉❡❡♣ r❡❝✉rr❡♥t ♥❡✉r❛❧ ♥❡t✇♦r❦✲❜❛s❡❞ ✐❞❡♥t✐✜❝❛t✐♦♥ ♦❢ ♣r❡❝✉rs♦r ♠✐❝r♦r♥❛s✳ ■♥
Pr♦❝❡❡❞✐♥❣s ♦❢ t❤❡ ✸✶st ■♥t❡r♥❛t✐♦♥❛❧ ❈♦♥❢❡r❡♥❝❡ ♦♥ ◆❡✉r❛❧ ■♥❢♦r♠❛t✐♦♥ Pr♦❝❡ss✐♥❣ ❙②st❡♠s✱ ♣❛❣❡s
✷✽✾✺✕✷✾✵✹✳
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Abstract

Motivation: The discovery of microRNA (miRNA) in the last decade has certainly changed
the understanding of gene regulation in the cell. Although a large number of algorithms with
different features have been proposed, they still predict an impractical amount of false positives.
Most of the proposed features are based on the structure of precursors of the miRNA (pre-miRNA)
only, not considering the important and relevant information contained in the mature miRNA. Such
new kind of features could certainly improve the performance of the predictors of new miRNAs.

Results: This paper presents three new features that are based on the sequence information
contained in the mature miRNA. We will show how these new features, when used by a classical
supervised machine learning approach as well as by more recent proposals based on deep learning,
improve the prediction performance in a significant way. Moreover, several experimental conditions
were defined and tested in order to evaluate the novel features impact in situations close to genome-
wide analysis. The results show that the incorporation of new features based on the mature miRNA
allow to improve the detection of new miRNAs independently of the classifier used. The source code
is freely available for academic use under GPL license at https://sourceforge.net/projects/

sourcesinc/files/cplxmirna/.

keywords: microRNA, Feature extraction

1 Introduction

In the recent decades, the discovery of new non-coding RNA molecules has changed the understanding
of gene regulation in the cell. One of those molecules that caught most of the attention of the scientific
community has been the microRNA (miRNA), due to its importance in the promotion or inhibition
of several diseases (Bartel, 2004; Takahashi et al., 2015). The miRNAs are small RNA molecules,
approximately 21 bases long, which regulate gene expression in animal and plant cells through post-
transcriptional control (Bartel, 2004). Given their proven role in promoting or inhibiting genes, the
discovery of more miRNAs is of high interest today. Up to date, there are 38,589 miRNAs in miRBase
v221. Small RNA deep sequencing datasets have been used in order to support their validity. The
read mapping patterns provided strong support for between 20% to 65% (depending on the species)
microRNA annotations (Kozomara et al., 2019). It is expected that the number of miRNAs continues
growing. In fact, it has been increasing with every new release of miRBase: in v19 there were 25,141
and 30,582 in v21.

In a genome, the miRNAs are stored inside precursors that allow their recognition (Bartel, 2004).
Precursors of miRNAs (pre-miRNAs) are molecules of 100 bases long approximately, which have a
stem-loop structure. Experimental methods for detecting pre-miRNAs can be performed with different
techniques, such as quantitative real-time PCR (qPCR), microarray and deep sequencing. These
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techniques present some practical difficulties when evaluating a large number of candidates. First,
both qPCR and microarray suffer from low specificity and need extensive normalization (Baker, 2010;
Dong et al., 2013). In addition, prior knowledge is needed for the design of primers for qPCR and
target sequences for microarrays, which does not allow finding novel pre-miRNAs (Pritchard et al.,
2012). In the case of deep sequencing, prior knowledge is not necessary but this technique is hampered
by the need of extensive downstream computational analysis (Demirci et al., 2017). Due to these
technical and practical difficulties in detecting pre-miRNAs, computational methods have been playing
an increasingly important role for their prediction (Li et al., 2010; de ON Lopes et al., 2014).

Among computational methods, two main prediction strategies can be considered: rule-based (RB)
and machine learning (ML) based algorithms. RB algorithms evaluate measures of each sequence
against reference values obtained from known pre-miRNAs. Two examples of RB tools are (Mathelier
and Carbone, 2010; Friedländer et al., 2011). ML based algorithms require a training step on fea-
tures calculated from known pre-miRNAs and a negative set. Several RB and ML based tools were
revised in (Bortolomeazzi et al., 2017). The adjustment of parameters for each methods can be done
automatically (by grid search or learnt from data) or manually. For example, if a given distance is
calculated among sequences, a threshold must be set. If the prediction method is used with other
data (for example, a newer version of miRBase), this threshold will have to be manually adjusted
again. Instead, a threshold (or any other parameter) that can be automatically learnt according to
data distribution, as in ML, could be used with these and with other newer data, without requiring
a manual readjustment by an expert. A large number of approaches based on ML have emerged re-
cently, for example with random forests (Vitsios et al., 2017), support vector machines (Tseng et al.,
2017), graph based semi-supervised learning model (Yones et al., 2018), and deep neural architectures
(Bugnon et al., 2019). Most of them propose novel ML models using a standard feature extraction.
Differently, in this work we will propose novel features and will test them with standard ML classifiers.
Many reviews have analysed the advantages of ML tools. For example (Chen et al., 2018) reviews 20
miRNA bioinformatics tools published before 2018, where 11 out of 20 are ML-based. It concluded
that classic ML methods, such as support vector machines, are still popularly used in the miRNA
field, while novel and more advanced deep learning methods are beginning to appear. In (Stegmayer
et al., 2018), 29 pre-miRNA ML-based prediction tools published in the last 10 years are included.
(Morgado and Johannes, 2017), affirmed that ML models can capture more general features that other
approaches, which allows them to better detect miRNA sequences and precursors, even those with low
similarity to the reference set. In (Liu, 2017) is analyzed in detail a web-server that can construct a
very large variety of ML predictors for miRNAs. It is based on the fact that ML learning techniques are
playing key roles in this field nowadays, but they can be cumbersome to build and use. Thus, this web
server has been proposed to automatically complete the main steps for constructing a ML-predictor.
A recent study (Demirci et al., 2017) has shown that the computational prediction of pre-miRNAs is
yet far-away from being satisfactory solved.

In order to find new candidates for pre-miRNA, structural and sequence characteristics of hairpins
in a genome have to be extracted to train an ML classifier (Li et al., 2010; de ON Lopes et al., 2014;
Shukla et al., 2017). In the literature, many different features sets have been proposed, which mostly
describe information of the structure of the pre-miRNA inspired by the action of Drosha (de ON Lopes
et al., 2014). However, although the microprocessor can takes a leading role in choosing which RNA
precursors encode a miRNA, the specificity of the subsequent processes can impose additional re-
strictions on those hairpins that will eventually become mature miRNA (Bartel, 2018). In addition, in
different studies it has been found that the selectivity of the miRNA for the target mRNA is defined by
the sequence of the corresponding mature miRNA (Friedman et al., 2009; Lewis et al., 2005; Brennecke
et al., 2005; Bartel, 2009). Specifically, the mature miRNA contains two areas of union with the target
sequence called seed and complementary site (Friedman et al., 2009). Due to the importance that the
seed has in the sequence function, the mature miRNAs can be classified on the basis of the presence of
identical seed sequences into groups called miRNA families (Lewis et al., 2003). In fact, some authors
have proposed automatic classifiers for miRNAs families (Zou et al., 2014). Therefore, given that im-
portant information is codified in the mature region, the secondary structure of the precursor by itself
might not be sufficient to differentiate a true pre-miRNA from other hairpins. Our hypothesis is that
the main difficulty in separating both classes is due to the omission of relevant information regard-
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ing the mature miRNA sequence in the description (feature extraction process) of the pre-miRNAs.
This fact is especially notable in the prediction of novel precursors, where the features are extracted
mainly from the sequences structure. A typical example of this kind of standard features (SF) is the
triplets representation (Xue et al., 2005), which considers the structural composition of three adjacent
nucleotides and the middle base to build a vector with 32 elements. Other examples are the number of
internal loops and their length (Yousef et al., 2006), the z-score of the minimum free energy (Hertel and
Stadler, 2006), the dinucleotide proportion (Batuwita and Palade, 2009), base pair proportion, G+C
content in the terminal loop (de ON Lopes et al., 2014), Shannon’s entropy (zQ), base pair propensity
(zP) (Ng and Mishra, 2007) and base pair distance (zD) (Ding et al., 2010). Although many features
have been proposed, those are mostly based on the secondary structure of pre-miRNA or the relative
frequencies of dinucleotides, trinucleotides and motifs in these sequences (de ON Lopes et al., 2014;
Yones et al., 2015). These features have been performing quite well on current classifiers (Stegmayer
et al., 2018). However, it can be stated that these SF do not allow to represent nor to preserve the
information regarding the order in which these triads and motifs are present in the sequence, losing
valuable information regarding the coding of the mature miRNA within a sequence itself.
In this work, we propose three new features that take particularly into account the order in which
the nucleotides are presented in the mature miRNA, which can effectively improve the sequence rep-
resentation. We will show how these novel features can improve the prediction of novel pre-miRNAs,
independently of the classifier. One of the proposed features is based on the Levenshtein distance.
The rationale behind it is that candidate sequences to be new miRNAs should be very similar in the
region encoding the mature, and Levenshtein distance can measure it in terms of nucleotides editions.
This distance has been used in other areas of bioinformatics like sequence alignment, and also to
estimate the proximity between sequences (Zytnicki et al., 2008; Lassmann and Sonnhammer, 2005;
Billoud et al., 2013). The first algorithm for global alignment was proposed as a modification of the
Levenshtein distance (Needleman and Wunsch, 1970), where the problem was formulated in terms of
maximizing the similarity between sequences. Subsequently, different approaches appeared such as
local and semi-global alignment. The local alignment seeks to align dissimilar sequences that contain
small regions of similarity in large contexts (Polyanovsky et al., 2011). The semi-global alignments are
used to align short sequences with large sequences, through a global alignment of the first and a local
alignment of the second one (Brudno et al., 2003). However, the reason why the Levenshtein distance
was chosen in our work is for obtaining a numerical measure to better quantify the distance (and not
maximizing the similarity) between two short sequences (mature miRNAs). Therefore, due to the con-
servation and the evolution of miRNAs (Wheeler et al., 2009), we will show how the chains that codify
the mature miRNA of possible pre-miRNA sequences are closer in this space than those that do not
encode miRNAs. This way it is possible to calculate, for each candidate sequence, a distance to labeled
pre-miRNAs in order to evaluate how close each candidate is to these pre-miRNA samples. Differently
from (Mathelier and Carbone, 2010), where the Levenshtein distance is used as a direct calculation
of the edition errors with a threshold for eliminating sequences as a first step of the processing, in
our work we build a statistic that can estimate the belonging of the candidate sequence to the set of
positive class examples. This way, the Levenshtein distance as a feature is more general and applicable
to any species, and can be used by any classifier. The second and third proposed features were inspired,
from the point of view of the information theory, considering the randomness of a sequence that would
encode a mature miRNA in the hairpin. In addition, it is known that certain mature regions have
specific motifs that define their functionality and the belonging to a specific miRNA family (Bartel,
2018, 2009). In order to quantify this fact, we propose a permutation entropy (Bandt and Pompe,
2002) feature and a measure of the Lempel-Ziv complexity (Ziv and Lempel, 1978) of the sequences.
We have measured the performance of these new features when used by classical supervised machine
learning approaches such as Naive Bayes (NB), Random Forest (RF), k-nearest neighbor (KNN) and
more recent proposals based on deep neural networks (DNN).
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2 Novel features based on complexity measures

2.1 Levenshtein distance

During evolution, many miRNAs were mostly preserved among different species, sometimes suffering
modifications that resulted in new miRNAs. Despite these modifications over time, the preservation
of specific sequences such as the seeds of mature miRNAs has been studied, defining functionality as
well as the belonging to a specific family (Bartel, 2018). This leads us to believe that the sequences
that can be candidates to new pre-miRNAs should be very similar in the region encoding a mature.
In other words, as a result of evolution, one would expect to have a small nucleotide edit distance in
those sequences that can effectively encode miRNAs.

The Levenshtein distance, L, also known as edit distance between strings, is defined as the minimum
number of operations (insertions, deletions or substitutions) required to transform one string into
another one (Levenshtein, 1966). This distance between two strings x and y, of lengths |x| and |y|,
can be calculated according to Algorithm 1. The algorithm begins verifying that both chains have a
length greater than zero (line 1). If either of the two does not satisfy the condition, the algorithm
returns the length of the other chain (line 2), that is, the number of insertions necessary to build it
from an empty chain. If both chains satisfy the previous condition, a matrix D of |x| + 1 rows and |y|
+ 1 columns is created where the first row is initialized with values from 0 to |x|, and the first column
from 0 to |y| (lines 4 and 5). Then for each element di,j in the matrix D, it is verified if xi is equal to
yj . If this equality is satisfied, no editing operation is required. Otherwise, since one string chain can
be obtained in different ways from the other one, we want to find the strings that require the fewest
editing operations in relation to the other one(that is, the minimum edit distance between them). For
this purpose, the minimum value of the three possible string operations is obtained in line 9, where
the di−1,j + 1, di,j−1 + 1 and di−1,j−1 + c corresponding to the operations of insertion, deletion and
substitution, respectively. The variable c corresponds to a substitution cost. It is calculated in line
8, where δ(xi, yj) is the Dirac delta. The cost c is equal to 0 when both characters are equal, and 1
otherwise. It must be noted that for insertion and deletion, cost is always 1. Finally, the value found in
last element of D, d|x|,|y|, is assigned as the Levenshtein distance between the analyzed chains (line 10).
Since this measure adds insertion steps when two chains have different lengths, it is necessary to define
a way to be able to compare the distances between pairs of candidates, regardless their individual
lengths are different. That is why in line 10 each distance is adjusted by subtracting the absolute
difference of the lengths of the strings under analysis.

In order to be able to calculate L as a feature for each hairpin sequence, and since L is a distance
between two elements, it is necessary to have a reference set for comparison. Let be A the set with
the miRNA matures ak. Let aℓ an element of A for which we wants to obtain the L feature. Then,
the median of the distance of aℓ to all the other elements of the set can be as feature of aℓ, that is

LAraℓ
(aℓ) = med∀k 6=ℓ{ak,aℓ}, (1)

where Araℓ is the set A without the element aℓ. Then, each candidate can have its mature coding in
different regions (5p or 3p), it is necessary to extract two chains a

5p
ℓ and a

3p
ℓ . Thus, two L measures

for each aℓ are obtained and the maximum edit value between both LAraℓ
(a5p

ℓ ) and LAraℓ
(a3p

ℓ ) is
selected as the final L(aℓ). That is, the L feature is not based on the distance to the primary mature
strand alone, but also to its corresponding complementary star strand as well. When the distance with
respect to both strands is calculated, selecting afterwards the maximum, both strands must comply
with a certain minimum distance to the known miRNAs so that the L feature evidences a miRNA.
That is to say, this way, none of the two strands has an excessive distance to the known pre-miRNAs.

2.2 Permutation entropy

The section in the hairpin that encodes the mature miRNA contains specific patterns of the nucleotides
order in its seed and in its complementary region (Friedman et al., 2009; Lewis et al., 2005; Bartel,
2009). Thus, it can be expected that pre-miRNAs have less randomness in that section than any other
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Algorithm 1: Levenshtein distance

Input : x , y RNA sequence strings
Output: L Levenshtein distance

1 if |x||y| = 0 then

2 L← max{|x |, |y |}

3 else

4 di,0 ← i ∀i
5 d0,j ← j ∀j
6 for i← 1 to |x| do

7 for j ← 1 to |y| do

8 c← 1− δ(xi, yj)
9 di,j ← min {di−1,j + 1, di,j−1 + 1, di−1,j−1 + c}

10 L←− d|x |,|y | − ||x | − |y ||

11 return L

sequences. Therefore, a measure capable of quantifying such randomness in sequence patterns could
be useful to detect the true pre-miRNAs.

The Shannon entropy is widely used to measure the randomness of a sequence: the more random,
the larger the entropy (Shannon, 2001). The drawback of this approach when analyzing miRNA
sequences is that the information of the internal order of the nucleotides is lost when calculating
the relative frequencies. To solve this, Bandt and Pompe in (Bandt and Pompe, 2002) proposed a
new coding based on permutation patterns in the sequence, where the entropy is estimated from the
relative frequencies of these patterns. The measure was called permutation entropy (PE). In this case,
the probability distribution of x was replaced by the relative frequencies pπ of all possible patterns π

that can be found within x.
When working with PE, it is necessary to previously choose the length of the patterns to be

permuted. This parameter is called order N . Thus, defined the order, N ! patterns π of length N are
obtained. For example, selecting N = 3, then 6 possible patterns are possible: (1,2,3) (1,3,2) (2,1,3)
(3,2,1) (3,1,2) (2,3,1). If the frequencies of these patterns are calculated in x, then the corresponding
PE can be estimated as

PEN (x) = −

N !
∑

i=1

pπi
· log2(pπi

), (2)

When N is too small, relevant information from the system dynamics cannot be captured. On
the other hand, if N is very large, the sequence will require a longer length in order to obtain a good
estimation of the probability of each pattern. Therefore, as a practical rule (Bandt and Pompe, 2002),
N must be selected in such a way that N ! ≪ |x |. In the case of RNA sequences, they are encoded
in an alphabet of 4 nucleotides that can form different combinations. In order to analyze as many
combinations as possible, and due to the fact that the mature sequences have an approximate length
of 25 nt, N should be just 2 or 3.

2.3 Lempel-ziv complexity

When observing the specificity of the mature sequence with respect to its corresponding target mRNA,
from an information theory point of view, there must be syntactic rules that avoid any random mutation
to modify their function. In other words, the coding of a mature sequence should be contained
in a ’dictionary’, so that more complex combinations of nucleotides are constructed from simpler
combinations. Since the sequence of a mature must be encoded only by specific ’words’, it is expected
for those candidates that encode miRNA to have a smaller dictionary than those candidates that do
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not. Therefore, it could be very useful to have a measure to quantify this complexity in a sequence of
nucleotides.

The Lempel-Ziv (LZ) algorithm allows the calculation of such complexity in a finite sequence based
on the analysis of its "production process" (Lempel and Ziv, 1976). Let a be a RNA sequence, which is
composed of the 4 nucleotides. We define a(i,j ) as a subsequence of a that is composed of the elements
that are between the indices i and j. We say that a is reproducible from a(1, j ), if a(j+1, |a|) is a
sub-word of a that is contained in a(1, j ). Then, we say that a is producible from a(1, j ), if we add
a new element at the end of the sequence a that cannot be obtained by reproducing a(1, j ). In other
words, a chain a can be obtained from the extension of smaller chains by two processes: reproduction
(when the extension is done by copying a substring of the smallest chain) or production (when the
extension is done by a new substring that is not contained in the initial chain). For example, given the
sequence ACACCA, we can obtain the dictionary A | C | AC | CA. Then, the sequence ACACCACAA
is obtained by production when adding a new substring CAA that is not contained in the dictionary.
However, the chain ACACCAAC is obtained from the original sequence ACACCA by reproduction of
AC element.

If we concatenate all the processes by which the chain a can be formed, the history of its con-
struction H(a), is obtained. With this history, we can measure the complexity of such construction
as the number of steps necessary to generate it. In addition, since it is possible to obtain a chain from
another one in different ways, we are interested in finding the history that has the minimum necessary
number of steps. If we consider each step of the process as reproduction or production, then a can be
analyzed as a process of z steps H(a) = H1(a)H2(a)...Hz(a) with h0 ≡ 0.

Then, let |H(a)| be the number of steps in H(a). The Lempel-Ziv complexity of a sequence a is
thus defined as lz(a) = min{|H(a)|}, regarding all the histories of a . Then, to obtain a measure that
is independent of the length of a ,

LZ(a) =
lz(a) log4 |a|

|a|
, (3)

where 4 in the base of the logarithm represents the number of nucleotides.

3 Materials, measures and experimental setup

3.1 Datasets

For this study we have created a number of datasets of varying ratios of class imbalance, testing pre-
miRNA predictors with and without the proposed new features. We have used an already available
public dataset (Gudyś et al., 2013), which provides negative and positive samples of all known pre-
miRNAs in miRBase (Kozomara and Griffiths-Jones, 2010) for Homo sapiens (1,406 positives and
81,228 negatives). The standard features are those used in the mostly cited works (see details in the
Supplementary Material) (Stegmayer et al., 2018; Jiang et al., 2007; Gudyś et al., 2013; Batuwita and
Palade, 2009). The varying ratios of class imbalance allows to evaluate the robustness of the new
features in situations closer to those found in a real genome, where the number of positive miRNAs is
very low with respect to the number of hairpins without miRNA in the rest of a complete genome. For
this purpose, datasets were generated by random sampling from 1:500 (1 positive in 500 negatives) to
a very high imbalance 1:10,000 (1 positive in 10,000 negatives).

3.2 Performance measures

For performance evaluation, the following standard measures have been used

Recall s+ =
TP

TP + FN
, Precision p =

TP

TP + FP
,

Specificity s− =
TN

TN + FP
, F-measure F1 = 2

s+ p

p+ s−
,
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Matthew correlation coefficient

MCC =
TP × TN − FP × FN

√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)
,

Kappa coefficient

κ =
a− ac
1− ac

,

where TP, TN, FP and FN are true positives, true negatives, false positives and false negatives,
respectively; N is the total number of observations; a = (TP + TN)/N is the standard accuracy and
ac is the accuracy by chance, that is, the one provided by a classifier assigning randomly a positive or
negative label to each sample.

The true positives rate is measured with s+, while the true negatives rate is measured with s−.
The precision p is key to evaluate the performance of a classifier in the context of large imbalances due
to the impact of false positives. Although only a small fraction of the negatives are misclassified, it
becomes a large number in comparison to the number of positives. This detail is fundamental when a
realistic scenario is considered, where biologists need only a small set of candidates. Thus, F1 becomes
the best measure to compare classification methods in large class imbalances, combining s+ and p

through the harmonic mean. Furthermore, we used two more combined measures, MCC and κ, which
are also used for imbalanced datasets.

3.3 Experimental setup

To calculate the features, the secondary structure of all sequences (positives and negatives) was pre-
dicted with RNAfold (Lorenz et al., 2011), with 37◦C and the remaining parameters by default. After
that, the 5p and 3p chains were extracted with 40 nt length from the terminal loop. In this way, the
specific position of the mature miRNA within the chain is not required. Thus, it is possible to calcu-
late the feature without any additional information for unknown hairpins. This is important because
different iso-miRs of the same chain can be generated depending on the position of the cut (Bartel,
2018).

The performance in each experiment is reported as the average value of 8 folds for the imbalances
from 1:500 to 1:1,000, and 4 folds for the imbalances from 1:1,500 to 1:10,000, using the test partition
only. This difference in the number of folds selected for each case is due to the decrease in the
number of positives when the imbalance increases. To assess whether there is a statistically significant
difference in the performance of the proposed sets of features, the Friedman test was performed for the
F1 measure with a significance level of α = 0.01. Finally, to evaluate which features have statistically
different performances, the Nemenyi post-hoc test was used (Demšar, 2006).

The LD feature must be calculated taking into account that the reference set (the positive pre-
miRNAs) changes with each training partition. Therefore, only the mature miRNAs found in each
training set A of each corresponding fold are used, thus avoiding introducing a-priori information from
the corresponding test set. For the training sequences, the distance of each training sample aℓ ∈ A is
calculated as LAraℓ

(aℓ) = max{LAraℓ
(a5p

ℓ ), LAraℓ
(a3p

ℓ )}. In the case of the test samples tℓ, all the

sequences in the train set can be used and the feature is calculated as LA(tℓ) = max{LA(t
5p
ℓ ), LA(t

3p
ℓ )}.

For the PE calculation, we selected N = 2 because this value showed the best performance in
preliminary tests. We codified each nucleotide A, C, G, U with an integer from 1 to 4 according to
its relative frequencies in the sequences. To combine the information from both chains 3p and 5p,
we calculated PE for each one and selected the smallest one. That is, the PE of order 2 of each test
candidate t is calculated as PE2(t) = min{PE2(t

5p), PE2(t
3p)}. In the same way the LZ of each test

candidate t was calculated as LZ(t) = min{LZ(t5p), LZ(t3p)}.
These new features were tested with Naive Bayes (NB), Random Forest (RF), k-nearest neighbor

(KNN) and Deep Neural Network (DNN) classifiers. These classifiers have been chosen because they
have provided the best performances in a very recent review study on pre-miRNA prediction approaches
(Stegmayer et al., 2018).
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Figure 1: Results of deep neural networks (DNN) with standard features (SF), Levenshtein distance
(LD), permutation entropy (PE) and Lempel-Ziv (LZ). a) Sensibility, s+; b) Precision, p; c) F1 score.

NB classifiers are a family of probabilistic classifiers based on applying Bayes theorem (Webb, 2002)
with strong assumptions of independence between the features. It calculates the probability that a
given example belongs to a certain class, under the assumption that the features are conditionally
independent given the class. A NB classifier can be seen as a probability function that assigns,
to an unknown input z, a class label y(z), which is proportional to the product of the prior p(yj)
and the conditional probability p(zj |yj). Gaussian distributions were used to train this model in
our experiments. RF is an ensemble of decision trees (Breiman, 2001). A decision tree classifier is
composed by a number of nodes starting from a root node. At each node, the training set is split
into two non overlapping sets: for a selected feature, a threshold is chosen such that the sample is
assigned to some set (Breiman, 2001). The tree is grown until a maximum depth. For the prediction of
a new case, it is pushed down the tree and assigned the label of a terminal node. To avoid overfitting,
bootstrap-aggregated (bagged) is used by combining the results of many trees. The final decision for
an unknown input vector is made by taking the majority vote of the trees in the ensemble. We used
100 trees for all cases.
KNN is a method that stores all the training examples as the classification model, without building
a parametric model. All computation occurs at testing time (without training). It does not fit a
model to the data. KNN just looks for the k nearest neighbors in all the training dataset at testing
time, and classifies according to the majority class of the neighbors (Webb, 2002). Therefore, the only
parameter that needs to be set is the number of neighbors k. Euclidean distance was used with k = 1
for imbalances ratio less than 1:1,500 and k = 3 for the other ones.
A DNN can be built from several feedforward layers of nonlinear neurons. Layers that are commonly
used in deep learning include latent variables organized layer-wise in deep generative models such as
the restricted Boltzmann machines (RBM) (Fischer and Igel, 2012). After the unsupervised stage to
train each RBM layer, a supervised training is applied to the full network. Therefore, this model uses
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a hybrid learning approach. In this work, we used a network with 3 hidden layers and an output
layer of 2 neurons. For imbalance of 1:500: 256, 128 and 16 neurons were used in each layer. For the
second imbalance, 1:1,000: 256, 128, and 128 neurons were used in each layer. For the other cases:
256, 256, and 64 neurons were used for each layer. In all cases, the network was trained with cross
entropy function and a batch size of 16. The optimization of these hyperparameter was done following
(Stegmayer et al., 2018).

4 Results and discussion

4.1 Classifiers and measures

Tables 1 to 4 present the results for each proposed new feature and the standard features (SF), for
NB, RF, KNN and DNN classifiers, respectively. In each row, the performance of each classifier on a
given imbalance, for all features, is reported according to MCC, κ and F1. The best performance for
each imbalance ratio and each measure is shown in bold.
Table 1 shows that, for NB with LD versus SF, the performance measures reflect consistently im-
provements for all imbalances. In particular, when LD are used, this classifier obtained the best
rates in all imbalance cases. For the case where PE is used, improvements with respect to SF
are found for all measures except for the imbalances of 1:2,000 and 1:4,000, where the performance re-
mains the same. In the case of LZ, the same behavior is observed as in PE. In Table 2, when analyzing
RF performance with the new features, all three performance measures show consistent results, that
is, they improve the classifier performance in relation to SF alone. From 1:8,000 and on, all measures
show that this classifier is highly affected by the imbalance. From the analysis of this table in a gen-
eral way, it can be observed that the best results for each imbalance are distributed among the three
features, but always exceeding SF in all cases and measures.
Table 3 shows KNN with LD versus SF. It can be seen here, again, that there is an improvement in
performance when incorporating LD for imbalances less than 1:8,000. The only exception is for the
imbalance of 1:4,000, where only F1 shows an improvement in the classifier performance, while the
other measures show the same result than SF alone. The other two features improve SF but only
slightly and in some cases. At the highest imbalance point, KNN has an extremely poor performance,
which is reflected by all measures. In Table 4, when analyzing the performance of DNN with LD versus
SF, a significant improvement is observed in all the three measures and for all imbalances when the
new LD feature is added to SF. For the case PE versus SF, it is observed that MCC and κ show
improvements for the imbalances larger than 1:6,000. With F1 the same improvement is found for all
cases.
Finally, after a comprehensive analysis of all four tables in this section, it can be stated that, overall,
improvements can be observed by all performance measures, consistently, and independently of the
classifier used. It can be seen that RF and KNN show values equal to zero (or MCC of -1.0) for the
largest imbalances. This is due to the bias generated by the a-priori probabilities of the classes, which
causes the classifier to label the positive cases as part of the majority class (negative class). It is also
observed that DNN achieved the highest performances for all imbalances and all features proposed,
furthermore showing that these improvements are equally reflected by the three performance measures
reported . For this reason, in the rest of this study, only this classifier will be used for the detailed
analysis of the behavior of the proposed features. In addition, due to the fact that the three measures
report a similar behavior, F1 will be used from now on.

4.2 Detailed performance of novel features

Figure 1 shows a detailed analysis of the classification results for each of the new proposed features
and SF, with DNN as classifier. The horizontal axis shows the imbalance ratio, while the vertical axis
shows s+, p and F1, in Figures 1a, 1b and 1c, respectively. For more detailed information regarding
the scores see Tables S1 to S4 (Supplementary Material). Since s− has shown to be very close to
100% in all imbalances and for all features, it has not been included in the figure. This has happened
because due to the high class imbalance, the negative class is the majority one and the easiest to
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Imbalance SF SF+LD SF+PE SF+LZ

ratio MCC κ F1 MCC κ F1 MCC κ F1 MCC κ F1

1:500 0.314 0.197 0.200 0.324 0.207 0.210 0.315 0.198 0.201 0.317 0.199 0.202
1:1,000 0.223 0.107 0.111 0.234 0.115 0.119 0.227 0.109 0.113 0.224 0.108 0.111
1:2,000 0.180 0.066 0.067 0.184 0.069 0.071 0.179 0.065 0.067 0.179 0.065 0.067
1:4,000 0.166 0.056 0.058 0.180 0.066 0.067 0.166 0.056 0.058 0.167 0.057 0.058
1:6,000 0.142 0.040 0.044 0.164 0.052 0.057 0.146 0.042 0.046 0.143 0.040 0.044
1:8,000 0.143 0.040 0.041 0.178 0.061 0.063 0.145 0.041 0.043 0.146 0.042 0.044
1:10,000 0.130 0.038 0.041 0.153 0.052 0.061 0.134 0.040 0.043 0.134 0.040 0.042

Table 1: Naive Bayes classification results for standard features (SF), Levenshtein distance (LD),
permutation entropy (PE) and Lempel-Ziv (LZ). Results reported with Matthew correlation coefficient
(MCC), Kappa coefficient (κ) and F1 score.

Imbalance SF SF+LD SF+PE SF+LZ

ratio MCC κ F1 MCC κ F1 MCC κ F1 MCC κ F1

1:500 0.650 0.630 0.633 0.664 0.646 0.646 0.664 0.646 0.646 0.682 0.666 0.654

1:1,000 0.602 0.532 0.510 0.612 0.545 0.526 0.498 0.456 0.453 0.591 0.518 0.492
1:2,000 0.418 0.298 0.279 0.500 0.400 0.372 0.447 0.333 0.311 0.500 0.400 0.380

1:4,000 0.447 0.333 0.266 0.387 0.261 0.208 0.500 0.400 0.339 0.387 0.261 0.194
1:6,000 -1.000 0.000 0.000 0.289 0.154 0.125 -1.000 0.000 0.000 -1.000 0.000 0.000
1:8,000 -1.000 0.000 0.000 -1.000 0.000 0.000 -1.000 0.000 0.000 -1.000 0.000 0.000
1:10,000 -1.000 0.000 0.000 -1.000 0.000 0.000 -1.000 0.000 0.000 -1.000 0.000 0.000

Table 2: Random Forest classification results for standard features (SF), Levenshtein distance (LD),
permutation entropy (PE) and Lempel-Ziv (LZ). Results reported with Matthew correlation coefficient
(MCC), Kappa coefficient (κ) and F1 score.

detect, independently of the features employed.
Figure 1 clearly shows how the DNN classifier is capable of maintaining performance at increasing
imbalances, and even increasing both s+ (Figure 1a) and p (Figure 1b) when the new LD feature is
used. This is a remarkable result, which has a direct impact in the impressive good performance of
DNN with LD in F1. In Figure 1c, when analyzing the performance of DNN with SF versus LD, it is
observed that F1 is significantly higher for all the imbalances when the new LD feature is used. For
example, it can be seen that for the imbalances between 1:500 and 1:10,000, F1 with SF goes down
from almost 70% to around 20%. In this same imbalance range, however, DNN with LD goes up to
almost 80%. It can also be noticed that the precision of the classifier increases very much with the
incorporation of LD up to a very high level (higher than 90%) at the highest imbalance here studied.
This is a very important result in practical terms, especially for imbalances closer to real cases where
genome-wide data is used, because it assures to reduce remarkably the amount of false positives. Due
to the fact that, in general terms, s+ is also improved when LD is used, the F1 increases in all cases
as the imbalance increases. This is very interesting, since the ability to avoid false positives seems to
be robust to the imbalance and the size of the positive set, without thereby influencing the detection
of positives cases. When analyzing all the figures in a global way, an improvement of LD with respect
to SF is observed for all the measures, which presents a clear trend to increase as the imbalance
increases. The other features have more variable performance. In summary, it can be affirmed that a
very important improvement in performance is obtained when using LD in the feature set, even at the
highest imbalance.

An interesting point to discuss here is why LD shows such a robust behavior to imbalance. Gen-
erally, the algorithms for pre-miRNA prediction use public databases for training, which generates a
bias towards previously known pre-miRNAs. Given that most of them have a stem-loop structure, and
most of the features are based on that structure, with these standard features it is difficult to recognize
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Imbalance SF SF+LD SF+PE SF+LZ

ratio MCC κ F1 MCC κ F1 MCC κ F1 MCC κ F1

1:500 0.531 0.530 0.527 0.568 0.568 0.574 0.531 0.530 0.531 0.531 0.530 0.531
1:1,000 0.421 0.421 0.411 0.441 0.441 0.447 0.421 0.421 0.414 0.409 0.409 0.419
1:2,000 0.399 0.373 0.383 0.494 0.476 0.478 0.372 0.345 0.356 0.448 0.426 0.414
1:4,000 0.592 0.518 0.451 0.592 0.518 0.476 0.404 0.400 0.442 0.592 0.518 0.451
1:6,000 0.408 0.286 0.250 0.577 0.500 0.367 0.408 0.286 0.225 0.408 0.286 0.225
1:8,000 0.354 0.222 0.167 0.354 0.222 0.167 0.354 0.222 0.167 0.354 0.222 0.167
1:10,000 -1.000 0.000 0.000 -1.000 0.000 0.000 -1.000 0.000 0.000 -1.000 0.000 0.000

Table 3: K-nearest neigbor classification results for standard features (SF), Levenshtein distance (LD),
permutation entropy (PE) and Lempel-Ziv (LZ). Results reported with Matthew correlation coefficient
(MCC), Kappa coefficient (κ) and F1 score.

Imbalance SF SF+LD SF+PE SF+LZ

ratio MCC κ F1 MCC κ F1 MCC κ F1 MCC κ F1

1:500 0.704 0.702 0.695 0.725 0.724 0.714 0.697 0.697 0.707 0.704 0.702 0.693
1:1,000 0.499 0.492 0.488 0.544 0.508 0.493 0.472 0.451 0.453 0.483 0.464 0.461
1:2,000 0.508 0.506 0.496 0.617 0.617 0.622 0.506 0.490 0.548 0.495 0.494 0.483
1:4,000 0.564 0.564 0.603 0.699 0.698 0.708 0.600 0.600 0.611 0.699 0.698 0.648
1:6,000 0.400 0.400 0.293 0.764 0.737 0.579 0.333 0.333 0.268 0.463 0.461 0.381
1:8,000 0.320 0.316 0.325 0.935 0.933 0.775 0.408 0.400 0.274 0.408 0.400 0.325
1:10,000 0.320 0.316 0.278 0.866 0.857 0.783 0.612 0.545 0.392 0.612 0.545 0.433

Table 4: Deep neural networks classification results for standard features (SF), Levenshtein distance
(LD), permutation entropy (PE) and Lempel-Ziv (LZ). Results reported with Matthew correlation
coefficient (MCC), Kappa coefficient (κ) and F1 score.

possible new miRNAs that differ from the canonical ones. However, the inclusion of a sequence feature
such as LD, calculated from the mature miRNA, is disruptive in this sense because it allows to take
into account different information from the candidates, not related nor biased towards the structure
alone. Thus, in a different space, generated by the novel features, the distances are different and
the sequences that were not close according to standard features can be near now in the new space
generated with the information of the mature miRNA. A second argument is that LD is not calculated
only with the information of each candidate, but it is a distance of each sequence with respect to the
whole reference set. A third point of view is that it can be said that this feature could be capable of
obtaining a large robustness in front of candidates sequences that may have a more recent structure.
This would be due to the incorporation of mature information that is complementary to the structure
of each candidate. Thus, it could be possible to find new pre-miRNAs that differ from the canonical
pre-miRNAs. One last interesting point to discuss is whether LD results can be biased towards larger
miRNAs classes or families. Since in Eq. (1) LD is calculated as a statistic of the distances to each
mature miRNAs of the training set, the choice of this statistic was not trivial. Firstly, the minimum
has been chosen in order to avoid a possible bias towards the most numerous families. However, the
results obtained showed a wide overlap of both classes, because the minimum considers only the most
similar sequence. In contrast, the median is a more informative statistic because it uses the complete
training set of known miRNAs. Thus, class distributions were shown to be more separated (see Figure
S1 in the Supplementary Material).

For DNN with PE it is observed that F1 is being improved in approximately a 10%, only at the
largest imbalance here analyzed, where F1 is almost 30% with SF, and almost 40% when PE is also
used. The most important and remarkable improvement is observed in p at 1:10,000, where from
around 30% it goes up to more than 45%. This suggests that this feature can effectively reduce the
false positives, achieving an improvement of precision in very large imbalanced problems. In summary,
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IR SF LD PE LZ LD+PE LD+LZ PE+LZ ALL
1:500 69.50 71.44 70.65 69.34 71.39 71.68 68.96 71.50

1:1,000 48.81 49.33 45.33 46.05 49.26 48.71 52.85 53.85

1:2,000 49.55 62.22 54.82 48.29 63.21 57.72 53.33 65.34

1:4,000 60.28 70.78 61.11 64.81 78.28 73.33 64.95 71.89
1:6,000 29.29 57.92 26.79 38.10 61.67 57.92 29.17 56.79
1:8,000 32.50 77.50 27.36 32.50 77.50 85.00 36.67 77.50
1:10,000 27.78 78.33 39.17 43.33 62.50 70.00 40.48 54.17

Table 5: F1 results for different combinations of Levenshtein distance (LD), permutation entropy (PE)
and Lempel-Ziv (LZ) with deep neural networks. Best results in bold for each table panel, individual
(left) and combined (right) features.

it can be stated that PE can only improve the performance of DNNs just for highly imbalanced cases.
In the case of LZ, when analyzing the performance of DNN with SF, versus DNN with the incor-

poration of LZ, it is observed that F1 is superior for the largest imbalance. It can also be seen that the
improvement of F1 is due to by a slightly improvement of p and s+. That is, LZ can probably serve
to avoid false positives, especially when a negative class is extremely large with respect to the positive
class. It can be stated, in summary, that LZ can have the capacity to improve the performance of a
DNN for high imbalances, mainly thanks to the improvement of p.

4.3 Global performance of novel features

Table 5 shows the results with different combinations of the proposed features for DNN. In each row F1

can be observed for the different sets of features, for each imbalance. It can be seen that LD improves
the performance of the classifier in all cases, even for very high imbalances (1:10,000). Instead, LZ and
PE individually do not improve the DNN performance. F1 in those cases remains the same or quite
similar to the SF case. Observing the different combinations of features for DNN, it can be noticed
that F1 improves for all cases in LD+PE with respect to SF. In addition, for the case of 1:2,000,
1:4,000 and 1:6,000, LD+PE combined achieve a larger performance than when used separately. For
LD+LZ, F1 improves in all cases with respect to SF (except for 1:1,000, where it remains almost the
same). Furthermore, for the cases of 1:4,000 and 1:8,000, LD+LZ overcome the performance of the
features used separately. In the case of PE+LZ, it is observed that F1 mostly remains the same, or
improves only slightly in some cases. Finally, analyzing the behavior of the combination of all the
features together, it can be stated that F1 improved in all cases.
Table 5 shows, in a more global way, two key and complementary results. In the first place, that
LD is the feature that has the best individual performance. Secondly, although the features PE and
LZ individually improve the results for DNN classifier, their contributions have more impact when
combined. For this reason, it can be said that the novel features presented in this work provide
complementary information.
In order to evaluate the statistical significance of the results, the Friedman test for F1 was performed,
resulting in a p-value of 2.5748E-05 (α = 0.01), which indicates that there is a statistically significant
difference between the scores. Then, the Nemenyi post-hoc test for F1 was performed. This statistical
analysis clearly indicates that the results obtained for LD and the combination LD+PE+LZ are the
best features, in comparison to SF, LZ and PE alone. The post-hoc test showed that there are no
statistically significant difference between LD and LD+PE+LZ, as it also showed that there are no
statistically significant difference between LZ, PE and SF. Thus, the difference between these two
groups of features is statistically significant. Furthermore, due to the fact that there were very few
positive samples in the test partitions of the highest imbalances, we have repeated the experiment
10 times with different samplings of positives in the case of LD versus SF with DNN for imbalance
1:10,000. A median F1 of 66.67% and 30.95% were obtained, for LD and SF respectively. A Wilcoxon
signed-rank test test was applied to these 40 test partitions and a p < 6.2028E-05 was obtained.
An interesting point to further discuss is why PE and LZ individually have not shown a robust behavior
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for increasing imbalances. However, when combined with LD, it has been found that those actually help
improving the robustness to imbalance. This behavior suggests that these features can capture useful
information from the mature, but due to its short length it is not possible to obtain values discriminative
enough, by themselves, separately. However, they are more discriminative when combined with LD,
because this feature does not depend on the length of the sequence itself, but on the distance to
the whole reference set, as explained before. For this reason, when all the features are combined,
a predominance of LD over PE and LZ is observed, although the inclusion of the latter continues
to provide some discriminative information. For example, for imbalance 1:2,000, the baseline F1

provided by SF is 49.55%, LD improves it up to 62.22% but PE and LZ are just slightly better
than SF. Thus, the 65.34% of ALL is clearly dominated by LD. On the other hand, the best results
of the Levenshtein distance feature can be explained based to the fact that this feature is calculated
according to an external/outside set of pre-miRNAs. Instead, permutation entropy and Lempel-Ziv
complexity are individual features, calculated with information within each sequence by itself. LD
allows having a more accurate measure and representative sense of belonging to the positive class,
since LD is a distance to a reference set of miRNAs. From another point of view, this suggests that
the mature contains certain syntactic structures that guide its functioning, thus avoiding any random
mutation to modify it. Therefore, by combining the information of the median distance of a candidate
(LD), together with the information of its randomness (PE) and its complexity (LZ), we are restricting
the number of candidate sequences just to the possible combinations of nucleotides that can allow small
changes, with a defined complexity.

5 Conclusions

In the prediction of novel pre-miRNAs a large number of structural features have been proposed in
order to improve the efficiency in the separation of the positive and negative classes. However, the de-
tained performance is highly dependent on the imbalance, generating a large number of false positives.
In this work, a set of new features based on the sequence information of the mature miRNA was pro-
posed, which improve the performance independently of the classifier, decreasing the number of false
positives for high imbalances. The results showed that the incorporation of the proposed measures
in the mature miRNA provides a high discriminative power. Especially, the proposed Levenshtein
distance has shown to have the best performance for all the imbalances. In addition, the proposed fea-
tures based in permutation entropy and Lempel-Ziv complexity showed the best performances in high
imbalances when combined with Levenshtein distance. The best results of the Levenshtein distance
can be explained because it is a measure to a reference set of miRNAs, which allows measuring more
accurately the belonging of any sequence to the positive class. This feature has provided very high
precision to the classifiers evaluated, which is one of the most important contributions of our work,
because most available algorithms have a very large rate of false positives. Moreover, it has shown
robustness to the imbalance, improving predictions even in large imbalance scenarios. In a future
work it would be interesting to introduce the probability of mutation of each nucleotide as different
penalties in the Levenshtein distance. Another important conclusion of this study is that, although for
all classifiers the inclusion of the new features improved their performance, the deep neural networks
was the best one to relate the structural and sequence information of each pre-miRNA.
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Supplementary Material

Complexity measures of the mature miRNA for improving

pre-miRNAs prediction

J. Raad, G. Stegmayer and D. H. Milone

Research Institute for Signals, Systems and Computational Intelligence, sinc(i), FICH-UNL, CONICET,
Santa Fe, Argentina.

1 List of standard features

• Content of guanine and cytosine C +Gcontent (Hertel and Stadler, 2006):

C +Gcontent =
C +G

G+ C + U +A
where G, C, A and U represents the count of each base found in the sequence.

• Minimum free energy (MFE) (Zuker and Stiegler, 1981): the estimated energy that one sequence
frees when folded into the most stable secondary structure.

• Normalized minimum free energy of folding (dG) (Hofacker, 2003):

dG =
MFE

G+ C + U +A

• MFE Index 1 (MFEI1) (Hofacker, 2003):

MFEI1 =
MFE

C +Gcontent

• MFE Index 2 (MFEI2) (Hofacker, 2003):

MFEI2 =
MFE

Nstems

where Nstems is the number of stems in the secondary structure.

• The normalized Shannon entropy (dQ) (Freyhult et al., 2005):

dQ =
1

l

∑

i<j

pij log2 pij

where pij is the probability that the nucleotide i forms a pair with the nucleotide j and l is the
sequence length (McCaskill, 1990).

• The second (the Fielder) eigenvalue (dF ): An RNA secondary structure S, can be represented as
a tree-graph G, where vertices represent loops, and edges represent stems. The Laplacian matrix
L(G) is a mathematical representation of a tree-graph G. The second eigenvalue (dF ) of L(G)
measures the compactness of a tree-graph.
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• Z-score of adjusted base pair distance (zD): In order to calculate the normalized variants for
dD, a number of random sequences were generated for each original sequence in the dataset. For
each generated sequence, the stability is measured with the z-score (Bonnet et al., 2004), defined
as

zD =
dD − µdD

σdD
,

and

dD =
1

l

∑

i<j

pij(1− pij)

where dD is the adjusted base pair distance (Freyhult et al., 2005), µdD is the mean and σdD is
the standard deviation of the randomly generated population of sequences.

• Normalized Ensemble Free Energy (NEFE) (Hofacker, 2003): The probability of the structure

Sα is given by P (Sα) =
exp−Eα/RT

Z where Z =
∑

Sα∈S exp−Eα/RT , Eα is the free energy of Sα,

R = 8.31451Jmol−1K−1 is the molar gas constant, T is the temperature taken as 310.15K and
L the sequence length. Thus,

NEFE =
−RT ln(Z)

L

• The structural diversity (base pair distance) (Diversity) (Hofacker, 2003):

Diversity =
∑

i<j

pij(1− pij)

where pij is the probability of base i pair with base j.

• Energy difference (Diff) (Hofacker, 2003):

Diff =
|MFE − EFE|

L

• Structure entropy (dS) (Markham and Zuker, 2005):

dS = 1000 ·
∆H −∆G

T

where T is the hybridization temperature, ∆G is the free energy at 37◦C , ∆H is the enthalpy
and the factor of 1000 expresses dS in cal/mol/K. In addition, dS/L is the Normalized structure
entropy.

• MFE Index 3 (MEFI3) (Batuwita and Palade, 2009):

MFEI3 =
dG

Nloops

where dG is normalized minimum free energy, and Nloops is the number of loops in the secondary
structure.
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• MFE Index 4 (MFEI4) (Batuwita and Palade, 2009):

MFEI4 =
MFE

Nbp

where Nbp is the total number of base pairs in the secondary structure.

• Normalized base pair counts (Batuwita and Palade, 2009):

NBP =
|X − Y |

L
,

where |X − Y | is the number of (X − Y ) base pairs in the secondary structure, with (X − Y ) ∈
{(A− U), (G− C), (G− U)}.

• Average base pairs per stem (Batuwita and Palade, 2009):

AvgBPStem = Nbp/Nstems

• (X − Y )/Nstems (Batuwita and Palade, 2009), where (X − Y ) = |X − Y |/Nbp.

• tri A, tri U, tri G, and tri C (Gudyś et al., 2013): frequencies of secondary structure triplets
composed of three adjacent nucleotides and the middle nucleotide A(((, U(((, G(((, and C(((.

• Translation numeric (Gudyś et al., 2013): the maximal length of the amino acid string without
stop codons found in three reading frames

• Loops numeric (Gudyś et al., 2013): the cumulative size of internal loops found in the secondary
structure.

• Dustmasker numeric (Morgulis et al., 2006): a percentage of low complexity regions detected in
the sequence using Dustmasker.
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2 Supplementary tables

Imbalance SF SF+LD SF+PE SF+LZ

ratio s+ p s− F1 s+ p s− F1 s+ p s− F1 s+ p s− F1

1:500 89.38 11.26 98.61 20.00 90.00 11.87 98.68 20.97 89.38 11.33 98.62 20.10 90.00 11.39 98.62 20.22
1:1,000 87.50 5.91 98.60 11.06 88.75 6.37 98.69 11.87 88.75 6.04 98.61 11.30 87.50 5.93 98.61 11.10
1:2,000 95.00 3.47 98.69 6.70 95.00 3.67 98.76 7.06 95.00 3.45 98.68 6.65 95.00 3.45 98.68 6.66
1:4,000 95.00 2.98 99.22 5.78 95.00 3.45 99.34 6.65 95.00 2.99 99.22 5.80 95.00 3.00 99.23 5.81
1:6,000 100.00 2.23 99.29 4.35 100.00 2.93 99.47 5.68 100.00 2.34 99.33 4.56 100.00 2.27 99.30 4.43
1:8,000 100.00 2.10 99.53 4.12 100.00 3.27 99.70 6.33 100.00 2.21 99.54 4.33 100.00 2.23 99.55 4.36
1:10,000 87.50 2.10 99.56 4.08 87.50 3.17 99.69 6.10 87.50 2.21 99.59 4.30 87.50 2.18 99.59 4.24

Table S1: Classification results for each new feature and standard features with NB.

Imbalance SF SF+LD SF+PE SF+LZ

ratio s+ p s− F1 s+ p s− F1 s+ p s− F1 s+ p s− F1

1:500 50.62 86.48 99.98 63.3 52.50 86.35 99.98 64.60 52.50 85.87 99.98 64.55 55.00 82.99 99.98 65.41

1:1,000 36.25 87.08 100.00 50.99 37.50 88.75 100.00 52.62 32.50 76.88 99.99 45.30 35.00 85.00 100.00 49.23
1:2,000 17.50 70.83 100.00 27.88 25.00 83.33 100.00 37.18 20.00 72.92 100.00 31.14 25.00 83.33 100.00 38.00

1:4,000 20.00 50.00 100.00 26.59 15.00 41.67 100.00 20.83 25.00 54.17 100.00 33.93 15.00 37.50 100.00 19.44
1:6,000 0.00 0.00 100.00 0.00 8.33 25.00 100.00 12.50 0.00 0.00 100.00 0.00 0.00 0.00 100.00 0.00
1:8,000 0.00 0.00 100.00 0.00 0.00 0.00 100.00 0.00 0.00 0.00 100.00 0.00 0.00 0.00 100.00 0.00
1:10,000 0.00 0.00 100.00 0.00 0.00 0.00 100.00 0.00 0.00 0.00 100.00 0.00 0.00 0.00 100.00 0.00

Table S2: Classification results for each new feature and standard features with RF.

Imbalance SF SF+LD SF+PE SF+LZ

ratio s+ p s− F1 s+ p s− F1 s+ p s− F1 s+ p s− F1

1:500 50.62 55.66 99.92 52.71 55.62 60.41 99.92 57.39 50.62 56.88 99.92 53.13 50.62 56.48 99.92 53.11
1:1,000 40.00 43.08 99.95 41.05 42.50 47.84 99.95 44.70 40.00 44.14 99.95 41.39 41.25 44.83 99.94 41.87
1:2,000 27.50 66.67 99.99 38.32 37.50 68.96 99.99 47.76 25.00 66.67 99.99 35.58 32.50 57.86 99.99 41.37
1:4,000 35.00 76.67 100.00 45.12 35.00 83.33 100.00 47.62 35.00 75.00 99.99 44.21 35.00 76.67 100.00 45.12
1:6,000 16.67 50.00 100.00 25.00 33.33 41.67 100.00 36.67 16.67 37.50 100.00 22.50 16.67 37.50 100.00 22.50
1:8,000 12.50 25.00 100.00 16.67 12.50 25.00 100.00 16.67 12.50 25.00 100.00 16.67 12.50 25.00 100.00 16.67

1:10,000 00.00 00.00 00.00 00.00 00.00 00.00 00.00 00.00 00.00 00.00 00.00 00.00 00.00 00.00 00.00 00.00

Table S3: Classification results for each new feature and standard features with KNN.

Imbalance SF SF+LD SF+PE SF+LZ

ratio s+ p s− F1 s+ p s− F1 s+ p s− F1 s+ p s− F1

1:500 65.00 79.65 99.96 69.50 68.12 77.88 99.96 71.44 66.88 77.48 99.95 70.65 65.00 77.53 99.96 69.34
1:1,000 42.50 68.37 99.97 48.81 37.50 81.04 99.99 49.33 35.00 71.25 99.98 45.33 36.25 71.64 99.98 46.05
1:2,000 47.50 62.20 99.98 49.55 62.50 68.86 99.98 62.22 65.00 56.61 99.95 54.82 52.50 55.13 99.97 48.29
1:4,000 55.00 67.92 99.99 60.28 75.00 70.83 99.99 70.78 60.00 62.50 99.99 61.11 75.00 58.48 99.99 64.81
1:6,000 41.67 23.21 99.99 29.29 58.33 69.17 100.00 57.92 33.33 22.50 99.99 26.79 50.00 31.25 99.99 38.10
1:8,000 37.50 29.17 99.99 32.50 87.50 70.83 100.00 77.50 50.00 19.64 99.99 27.36 50.00 25.00 99.99 32.50
1:10,000 37.50 32.14 99.99 27.78 75.00 91.75 100.00 78.33 37.50 45.83 100.00 39.17 37.50 58.33 100.00 43.33

Table S4: Classification results for each new feature and standard features with DNN.
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miRe2e: a full end-to-end deep model based on Transformers

for prediction of pre-miRNAs from raw genome-wide data
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Santa Fe, Argentina.

Abstract

Motivation: MicroRNAs (miRNAs) are small RNA sequences with key roles in the regulation
of gene expression at post-transcriptional level in different species. Accurate prediction of novel
miRNAs is needed due to their importance in many biological processes and their associations with
complicated diseases in humans. Many machine learning approaches were proposed in the last
decade for this purpose, but requiring handcrafted features extraction in order to identify possible
de novo miRNAs. More recently, the emergence of deep learning has allowed the automatic feature
extraction, learning relevant representations by themselves. However, the state-of-art deep models
require complex pre-processing of the input sequences and prediction of their secondary structure in
order to reach an acceptable performance. Results: In this work we present miRe2e, the first full
end-to-end deep learning model for pre-miRNA prediction. This model is based on Transformers,
a neural architecture that uses attention mechanisms to infer global dependencies between inputs
and outputs. It is capable of receiving the raw genome-wide data as input, without any pre-
processing nor feature engineering. After a training stage with known pre-miRNAs, hairpin and
non-harpin sequences, it can identify all the pre-miRNA sequences within a genome. The model
has been validated through several experimental setups using the human genome, and it was
compared with state-of-the-art algorithms obtaining 10 times better performance.
Availability: Webdemo available at https://sinc.unl.edu.ar/web-demo/miRe2e/ and source code
available for download at https://github.com/sinc-lab/miRe2e
Contact: jraad@sinc.unl.edu.ar.
Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

MicroRNAs (miRNAs) can regulate genes, determine the genetic expression of cells, influence the state
of the tissues and promote or inhibit certain diseases and infections (Bartel, 2004). The discovery of new
miRNAs and their function is necessary for better understanding their roles in genes regulation. The
precursors of miRNAs (pre-miRNAs) generated during biogenesis have a well-known RNA secondary
structure, which has allowed the development of computational algorithms for their identification. The
pre-miRNAs typically exhibit a stem-loop structure, which are also known as hairpin, with few internal
loops or asymmetric bulges. However, a very large amount of hairpin-like structures can be found in
a genome, thus the discovery of truly pre-miRNAs remains a challenge.

For the prediction of pre-miRNAs, there is a large number of pipelines that use genomics data as
input for building a binary classifier based on machine learning (ML) (Stegmayer et al., 2018; Bugnon
et al., 2020). All of them need an intensive pre-processing of the raw genome: set a window length, go
through the genome and cut it into fixed sequences, calculate the corresponding secondary structure,
check that it forms a hairpin and discard those sequences that do not (named flats). Then, a large
number of handcrafted features are extracted from the harpins, such as the number of loops or the
minimum free energy when folding the secondary structure (MFE), among many others (de O. N. Lopes
et al., 2014; Yones et al., 2015; Raad et al., 2020). The MFE has proved to be one of the most important
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features for distinguishing pre-miRNAs (Bartel, 2004). This feature extraction step is highly dependent
on the manual selection of many parameters, and these human decisions in pre-processing can have an
impact in the prediction afterwards. The ML classifiers are then trained to learn those features from
positive (well-known pre-miRNAs deposited in miRBase) and negative class samples, for the discovery
of new pre-miRNAs in non-coding and non-repetitive regions of any genome.

In several bioinformatics domains, the big challenge today is the development of ML methods
without requiring any pre-processing of the input, that is, a so-called end-to-end model (Trieu et al.,
2020; Tsubaki et al., 2018; Chaabane et al., 2019). In the scenario of genome-wide pre-miRNAs
prediction, such a method should be able to be trained only with raw RNA sequences (no features), and
then be able to receive the raw genome of any species without any features extraction nor calculation
of secondary structure, to identify hairpin-like pieces of RNA highly likely to be novel pre-miRNAs.
However, since in such a scenario it is not possible to previously discard those sequences that do not
fold as hairpins (the flats), it is necessary to incorporate all them into the training. Precisely for
avoiding any feature engineering step, the emergence of deep learning (DL) has produced meaningful
improvements in the field of automatic representation for computer vision, speech recognition and
many other application domains (LeCun et al., 2015). Deep models can automatically extract relevant
features by themselves, directly from raw data, and those are considered today the best paradigm of
ML for most classification tasks (Jurtz et al., 2017; Bengio et al., 2013). DL has already been used for
small-RNA feature extraction, identification and classification (Zheng et al., 2019; Amin et al., 2019;
Zeng et al., 2016). In addition, DL can detect motifs in a set of homologous sequences, which are
then the key for distinguishing among different types of protein families or predict its structure (Seo
et al., 2018; Senior et al., 2020). In (Eraslan et al., 2019) authors analyze gaps and challenges for DL
in genomics, mentioning the need for more DL-based tools capable of handling the real genome-wide
scenario with full end-to-end models, without requiring any type of handcrafted pre-processing.

In this line of work, very recently a model based on convolutional neural networks (CNN), named
deepMir, has been proposed for classification of miRNA families (Tang and Sun, 2019). Differently
from most binary classification tools, the focus here is on classifying input sequences into different
miRNA families for more detailed function annotation. It receives as input only RNA sequences, using
a one-hot-encoding scheme to convert a RNA sequence of 1 × N nt into an 4 × N matrix to feed
the network, coding this way the 4 nucleotides types in the sequence. The CNN model contains two
convolutional layers, followed by max pooling layers and three fully connected layers with dropout. The
model is trained with pre-miRNAs from Rfam and mature miRNAs from miRBase. In (Bugnon et al.,
2020) it was shown that the performance of deepMir was below those deep models that use also the
predicted secondary structure as input, such as deepMiRGene (Park et al., 2017). However, deepMir
is an important step towards models fully trainable from raw genomic sequences and a starting point
for achieving end-to-end models, with the potential of outperforming other approaches thanks to the
capability of learning the features automatically. Nevertheless, it should be noted that deepMir has not
been designed nor tested for discovery of novel pre-miRNAs in a genome-wide scenario. Moreover, pure
CNNs have shown some limitations for the analysis of sequences, due to the locality of its convolutions
and the loss of long-term dependencies, requiring the stacking of several layers (Vaswani et al., 2017).

As an alternative to improve DL models in the automatic extraction of features, the Transformers
have appeared very recently, coming from the natural language processing domain (Devlin et al.,
2018; Vaswani et al., 2017). Transformers are deep networks with self-attention mechanisms in each
layer, which allows obtaining several improvements with respect to recurrent and convolutional models
(Dosovitskiy et al., 2020). On the one hand, the information flow is parallelized, instead of being done
sequentially as in recurrent networks. On the other hand, unlike convolutional networks that work with
a local vision and require many layers to obtain a global vision, the attention mechanisms allow the
analysis of longer sequences without losing context information, and maintaining a global vision of the
input in each layer, due to their point-to-point connections (Vaswani et al., 2017). These characteristics
of the Transformers allow learning relationships between all nucleotides within a hairpin like sequence,
thus being able to model its secondary structure. This way, it is possible to develop a deep learning
model capable of, only from the raw RNA sequence of a pre-miRNA, extracting information from its
secondary structure without any data preprocessing and engineered feature extraction.

In this work, we propose miRe2e, a full end-to-end deep learning model for pre-miRNA prediction
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based on Transformers and attention mechanisms. It is capable of receiving as input the sequences of
raw genome-wide data, without any pre-processing. After a training step with known and unlabeled
sequences, it can identify pre-miRNA sequences within a genome. This model automatically learns the
intrinsic structural characteristics of precursors of miRNAs from the raw data, without any feature
engineering. The proposal has been tested with several experimental setups with the human genome,
and compared with state-of-the-art algorithms.

2 Full end-to-end deep learning model

The miRe2e is a full end-to-end deep learning model based on Transformers. A Transformer is a
neural model architecture that relies on attention mechanisms to infer global dependencies between
input and output. Each Transformer is made up of layers of attention mechanisms and feedforward
networks (Vaswani et al., 2017). The attention mechanisms aim at finding relationships between each
pair of elements within a sequence (that is, between nucleotides in a genomic sequence) (Bahdanau
et al., 2015). To do this, a dot product is calculated between each pair of elements, thus obtaining a
score matrix. Then, softmax is applied to each row of the matrix, obtaining the weights associated
with the product of each nucleotide with the rest of the nucleotides in the sequence. For obtaining
the new vector associated with each nucleotide, a dot product is made between its weight vector, that
is the corresponding row of the score matrix, and the full sequence. Finally, an output sequence of
the same dimension as the input sequence is obtained, but where each nucleotide is weighted by its
importance in its context. In particular, several sets of these weights can be learnt to capture different
relationships in the sequence, giving rise to the so-called multihead attention (Vaswani et al., 2017).
In this case, instead of using a single large weights matrix, each nucleotide is projected in parallel into
a set of matrices of less dimension, which are called heads. The output of each head is concatenated
into a single vector, which is projected to obtain a single output. This allows the model to obtain
information from different subspaces, thus achieving a better representation for each nucleotide position
in the sequence.

Since the miRe2e is designed to work on genome-wide without any pre-processing, the input se-
quences are obtained through a scan and cut of the raw genome with overlapped windows, with a
window of length L and step s. Then, each sequence is represented as a L×4 one-hot-encoding tensor,
where each column represents one of the four possible nucleotides (A, C, G, U) at each position. The
miRe2e processes this input with 3 internal deep models, as depicted in Figure 1: the Structure Predic-
tion (A), the MFE Estimation (B) and the pre-miRNA Classifier (C). The figure shows the complete
miRe2e model, where the input/outputs of each model are shown with numbers and the details of
the neural architecture of each model are shown immediately below. The Structure Prediction model
allows obtaining the secondary structure from a RNA input sequence. The MFE Estimation model
calculates the MFE from an input RNA sequence and its corresponding secondary structure. Finally,
the last deep model performs the pre-miRNA classification.

The Structure Prediction model (Figure 1A) learns to estimate the secondary structure from a

RNA sequence. Here the one-hot-encoding tensor 1 enters a CNN of three stages, each one with
identity blocks. Each one of these identity blocks is made up of two activation functions, two batch
normalization layers, two one-dimensional convolutional layers of length L, and wA filters with identity
shortcut connections (He et al., 2016). The main function of this part of the model is to automatically
extract motifs from the input sequence and increase the number of features to allow a fast processing
in attention layers (Vaswani et al., 2017). At the output of the CNN, the positional encoding signal is
added to each embedding (Vaswani et al., 2017). Then, there is a stack of six Transformer encoders.
In this part of the model, each encoder layer is composed of wA input features, hA heads, and nA

neurons in the hidden layers of each feedforward network, where the number of hidden neurons is
set to nA = 4wA as suggested in (Vaswani et al., 2017). The function of this encoder is, through
its attention mechanisms, to model the contact matrix of each nucleotide in the input sequence, thus
being able to estimate its secondary structure. Finally, after the encoder there is a 3-layer multilayer
perceptron (MLP), ELU activation functions in the hidden layers and hyperbolic tangent functions at
the output are used. Since in Transformer encoders the output has the same dimension as the input
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between each predicted output value and its reference MFE value. The output of this CNN is the
estimated MFE 3 of the sequence.

The pre-miRNA Classifier model (Figure 1C) classifies the input sequence 1 , with its secondary

structure 2 and the estimated MFE 3 . This model has a 4-stage CNN, each made up of three
identity blocks with wC filters and a stacked pooling layer. Then, there is a stack of three Transformers
encoders. Each encoder layer has wC input features, hC heads and nC neurons in the hidden layers
of each feedforward network. Its function is to encode the sequential information of the input, thus
modeling the dependency between each nucleotide in a global way. After the encoder, the wC × L/16

output tensor is flattened and concatenated with the output of the MFE model 3 . After that, it
goes to a 4-layer MLP, hidden ELU activation functions, batch normalization and dropout. Finally, a
softmax layer at the output predicts the corresponding class for the input sequence 4 . Since miRe2e
is composed of three models in cascade, a 3-stage training was carried out, where the output of each
model was the input of the next one. More details about the miRe2e hyperparameters and training
can be found in the Supplementary Material.

3 Materials and Methods

3.1 Data

Genome-wide data of Homo sapiens1 was used in all the experiments (Bugnon et al., 2019). For training
the first model (secondary structure prediction), all the metazoan pre-miRNAs (23,178), excluding
H. sapiens, obtained from mirBase v.222 were used, and 2,000,000 pseudo-hairpins were extracted
from the genome with HextractoR (Yones et al., 2020). The target data for each input sample is its
corresponding secondary structure predicted with RNAfold (Hofacker, 2003), at a temperature of 37C.

For training the deep model that estimates the MFE, the secondary structure predicted by the first
model and its respective input RNA sequence are required. The desired output here was the RNAfold
predicted MFE value normalized by sequence length. For this model, 23,178 metazoan pre-miRNAs
(excluding H. sapiens) were used. In addition, 48,000 pseudo-hairpins obtained with HextractoR
and 48,000 sequences that did not form hairpins (flats) were randomly extracted from the genome.
For testing the complete model, the input sequences are obtained through a scan and cut of each
chromosome with overlapped windows (length 100 nt, step 20 nt).

3.2 Performance evaluation

The methods performance is reported with standard recall or sensitivity (s+), precision (p), and F1

evaluation metrics,

s+ =
TP

TP + FN
, p =

TP

TP + FP
, F1 = 2

s+ p

s+ + p
,

where TP, FP and FN are the number of true positives, false positives and false negatives, respectively.
The recall measures how good a classification method is for recognizing the TPs of the task. The
precision measures the relation between TPs and FPs. In a realistic scenario for practical applications,
precision is very important for datasets with high class imbalance, because FPs can be many more than
the TPs. Thus, considering the characteristics of the classification task under study, it is important
to take into account both sensitivity and precision. Therefore, F1 is used as a global comparative
measure. It should be noted here that in this scenario of such high class imbalance, very low values
can be expected from these measures. For example, if a predictor has only 1% of FP in a dataset with
1, 000 TP and 10, 000, 000 total sequences, the precision could be below 0.001. As a consequence, very
low values of F1 will be also observed. For performance evaluation and comparison with other methods,

1http://ftp.ensembl.org/
2http://www.mirbase.org/
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Fold
s+ p F1

miRe2e deepMir miRe2e deepMir miRe2e deepMir
1 0.0130 0.0250 0.0020 0.0002 0.0030 0.0005
2 0.0130 0.0130 0.0020 0.0004 0.0040 0.0008
3 0.0380 0.0130 0.0010 0.0006 0.0020 0.0012
4 0.0130 0.1150 0.0110 0.0005 0.0120 0.0011

Avg. 0.0193 0.0415 0.0040 0.0004 0.0052 0.0009

Table 1: Performance comparison of miRe2e and deepMir for the prediction of pre-miRNAs in the
chromosome 1 of H. sapiens.

a 4-fold stratified cross-validation strategy was used, that is, preserving the original percentage of each
class on each fold.

These measures were also used to obtain precision recall curves (PRC), which is a well-known in-
dicator for global performance of classifiers. It has been shown (Saito et al., 2015) that this measure
is preferred over the classical receiver operating characteristic (ROC) curve to assess binary classifiers
on highly imbalanced data. When there is a large class imbalance in a dataset, a classifier can reach a
good performance in terms of specificity (and sensitivity), but can perform poorly in providing good
quality candidates, with a large amount of false positives. A PRC can provide a better assessment of
performance because it also evaluates the fraction of true positives among the total positive predic-
tions. The area under the precision-recall curve (AUCPR), which is a single numeric summary of the
information, will also be reported as a global measure along all the possible output thresholds in the
compared models.

4 Results

4.1 Comparison with state-of-the-art methods

In order to show the better generalization capability of our model, a comparison of predictions in
cross-validation for the chromosome 1 of H. sapiens was done. Training data included all positives
(156 known pre-miRNAs) in chromosome 1 and the rest of the sequences of chromosome 1 (more than
24,000,000), divided into 4-folds for training and testing. We compared the performance obtained with
miRe2e for this task against the most recently proposed pre-miRNA prediction tool, deepMir (Tang
and Sun, 2019), which also receives raw input sequences (that is, without preprocessing and feature
extraction).

The results are shown in Table 1, which reports each fold results in the rows, and then s+, p and F1

for each method, respectively. Regarding s+, both methods have good results, being deepMir slightly
better on average. Instead, the precision of miRe2e is always the best one, in all folds. It is quite
remarkable here that the performance of miRe2e is one order of magnitude higher than deepMir. This
is precisely reflected by F1, where miRe2e is always superior to deepMir, in all cases with one order
of magnitude of difference. This is due to the fact that miRe2e can effectively model the secondary
structure of the RNA sequence, and since this information is key for filtering false positives. The
model can improve p without a drop in s+, thus increasing the global F1. It should be noted that
these significant results were obtained in the context of the high class imbalance of one chromosome
(156 positive versus 24,000,000 negative samples), which suggest that the performance of miRe2e in a
complete genome-wide scenario can be superior to deepMir.

4.2 Prediction of human pre-miRNAs added in the future in miRBase

To further test the performance of miRe2e in a more realistic scenario, involving the prediction of
novel pre-miRNAs in the future, we trained it on the human pre-miRNAs dataset from miRBase v17
(2011) and tested with the human pre-miRNAs introduced afterwards in miRBase v21 (2014). Thus,
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Chr Pos Negatives
deepMir miRe2e

s+ p F1 AUROC AUPRC s+ p F1 AUROC AUPRC
1 156 24,895,488 0.013 0.0020 0.0035 0.7115 0.00004 0.235 0.0040 0.0079 0.9439 0.11880

2 116 24,213,504 0.075 0.0002 0.0003 0.7081 0.00003 0.271 0.0038 0.0075 0.9640 0.13673

3 96 19,826,688 0.063 0.0001 0.0002 0.7024 0.00002 0.240 0.0043 0.0085 0.9623 0.12117

4 62 19,015,680 0.172 0.0000 0.0001 0.7442 0.00002 0.190 0.0025 0.0050 0.9724 0.09576

5 76 18,149,376 0.013 1.0000 0.0263 0.6978 0.01335 0.280 0.0045 0.0089 0.9585 0.14131

6 71 17,080,320 0.071 0.0001 0.0002 0.7885 0.00002 0.271 0.0043 0.0084 0.9771 0.13684

7 82 15,931,392 0.013 0.0004 0.0008 0.7880 0.00004 0.138 0.0019 0.0038 0.9537 0.06949

8 90 14,512,128 0.012 0.0030 0.0048 0.7488 0.00016 0.232 0.0044 0.0086 0.9196 0.11732

9 88 13,836,288 0.012 0.0014 0.0025 0.6767 0.00003 0.318 0.0056 0.0109 0.9580 0.16041

10 69 13,375,488 0.030 0.0001 0.0003 0.7041 0.00003 0.333 0.0044 0.0086 0.9676 0.16804

11 102 13,504,512 0.040 0.0004 0.0007 0.8100 0.00008 0.228 0.0042 0.0082 0.9669 0.11528

12 80 13,326,336 0.013 0.0526 0.0206 0.7694 0.01288 0.231 0.0042 0.0082 0.9382 0.11621

13 40 11,433,984 0.025 0.0000 0.0001 0.7227 0.00001 0.150 0.0027 0.0053 0.9581 0.07596

14 99 10,702,848 0.041 0.0004 0.0009 0.7364 0.00004 0.204 0.0061 0.0119 0.9726 0.10385

15 71 10,199,040 0.044 0.0002 0.0005 0.6519 0.00003 0.324 0.0066 0.0129 0.9564 0.16360

16 82 9,031,680 0.148 0.0003 0.0007 0.6709 0.00009 0.210 0.0035 0.0069 0.9427 0.10615

17 110 8,325,120 0.075 0.0002 0.0004 0.6709 0.00004 0.142 0.0028 0.0054 0.9501 0.07162

18 35 8,036,352 0.031 0.0001 0.0003 0.6778 0.00002 0.250 0.0040 0.0080 0.9430 0.12595

19 143 5,861,376 0.007 0.0014 0.0024 0.8321 0.00018 0.300 0.0077 0.0150 0.9661 0.15277

20 48 6,438,912 0.021 0.0024 0.0043 0.7646 0.02131 0.234 0.0034 0.0067 0.9727 0.11774

21 33 4,669,440 0.032 0.0067 0.0111 0.7025 0.03229 0.161 0.0034 0.0067 0.9610 0.08132

22 46 5,861,376 0.068 0.0002 0.0003 0.6272 0.00002 0.295 0.0038 0.0075 0.9412 0.14882

X 118 15,599,616 0.009 0.0013 0.0023 0.7605 0.00003 0.301 0.0096 0.0186 0.9741 0.15368

Y 4 5,720,064 0.250 0.0001 0.0003 0.5668 0.00002 0.500 0.0003 0.0006 0.7954 0.00010

Full 1,917 309,547,008 0.004 0.0003 0.0006 0.7117 0.00003 0.244 0.0043 0.0085 0.9595 0.12313

Table 2: Performance comparison of miRe2e and deepMir for the prediction of pre-miRNAs in the
genome of H. sapiens. Detailed measures for each chromosome (Chr) and the full genome (Full row).

very large class imbalance that exists in each chromosome. For example, in chromosome 1 there are
156 positives and more than 24 millions of negatives, that is, an imbalance ratio of about 1:160,000.
Even worse, in chromosome Y there are only 4 positives and more than 5 millions of negatives, making
the imbalance ratio up to 1:1,430,000. As stated in Section 3.2, in such scenarios very low values of F1

can be expected. Note that in this case, with just 1% of FP, the F1 drops below 0.0001, thus the global
measures of AUROC and AUPRC are an important complement for the analysis of these results.

The results shown in Table 2 indicate that, in spite of the very large class imbalance existing in each
chromosome, the miRe2e model has the best results in all cases. With respect to s+, miRe2e is twice
better than deepMir for all chromosomes. Regarding p, the precision is the best one, even one order of
magnitude higher in most cases. In particular, for chromosome 2, the miRe2e performance in precision
is 20 times better than deepMir. In the only case where deepMir has p = 1.00 (chromosome 5), it
should be noticed however that the corresponding sensitivity is s+ = 0.013 (in contrast to s+ = 0.280
for miRe2e). Although at this (s+, p) point deepMir maximizes F1, this is achieved at the cost of a
very low sensitivity. For F1 and AUROC measures, again, miRe2e clearly outperforms deepMir in all
chromosomes. Finally, regarding the best performance measure for this type of problems with very
large class imbalance, AUPRC, the best result for each chromosome is indicated in bold. As it can
easily be seen from the table, all best results correspond to miRe2e.

As a final comparison, not only with deep learning methods that use raw data but also with one of
the best current methods that uses the predicted secondary structure of the sequences, we have made
a full genome-wide experiment. Figure 3 shows the PR curves for the complete human genome (using
all sequences from all chromosomes), for miRe2e (raw data), deepMir (raw data) and deepMiRGene
(raw data + secondary structure). Although the last one is not a full end-to-end deep model, because
it uses the secondary structure predicted by an external non-neural model (RNAfold), it provides a
valid comparison with a state-of-the-art reference. In the top left of Figure 3 it can be clearly seen that
the best performance is for miRe2e, with the largest difference with respect to the other methods. At
the highest recalls (>0.6), miRe2e behaves equally to deepMiRGene and much better than deepMir.
However, note that this part of the PR curve is of very limited practical utility, given the high number
of false positives in this highly-imbalanced scenario. It should be mentioned that this high performance
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Supplementary Material

PyTorch1 was used to build and train the deep learning models. Our models were trained on a
Nvidia Titan V GPU with 12 Gb of RAM. The architecture of the neural models are detailed in the
following tables. We evaluated several loss functions, optimizers and learning rates on training data.
The selected loss functions were: Mean Square Error (MSE) for the Structure prediction model and the
MFE estimation model; and Focal loss (Lin et al., 2017) with α = 1.0 and γ = 4.0 for the pre-miRNA
classifier. The optimizer selected was Stochastic Gradient Descent (SGD) with Nesterov momentum
(Sutskever et al., 2013), and a learning rate of 10−3. More details about the architecture and learning
configuration can be obtained from the source code2.

1https://pytorch.org/
2https://github.com/sinc-lab/miRe2e
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Table 1: Structure predictor.

Layer (type) Output shape Param #
ReLU-1 [4, 100] 0
BatchNorm1d-2 [4, 100] 8
Conv1d-3 [111, 100] 1,443
ReLU-4 [111, 100] 0
BatchNorm1d-5 [111, 100] 222
Conv1d-6 [111, 100] 37,074
ReLU-7 [111, 100] 0
BatchNorm1d-8 [111, 100] 222
Conv1d-9 [111, 100] 37,074
ResNet-10 [111, 100] 0
ReLU-11 [111, 100] 0
BatchNorm1d-12 [111, 100] 222
Conv1d-13 [111, 100] 37,074
ReLU-14 [111, 100] 0
BatchNorm1d-15 [111, 100] 222
Conv1d-16 [111, 100] 37,074
ResNet-17 [111, 100] 0
ReLU-18 [111, 100] 0
BatchNorm1d-19 [111, 100] 222
Conv1d-20 [111, 100] 37,074
ReLU-21 [111, 100] 0
BatchNorm1d-22 [-1, 111, 100] 222
Conv1d-23 [111, 100] 37,074
ResNet-24 [111, 100] 0
EncoderStr-25 [111, 100] 0
MultiheadAttention-26 [[2, 222], [100, 100]] 0
Dropout-27 [2, 222] 0
LayerNorm-28 [2, 222] 444
Linear-29 [2, 888] 198,024
Dropout-30 [2, 888] 0
Linear-31 [2, 222] 197,358
Dropout-32 [2, 222] 0
LayerNorm-33 [2, 222] 444
TransformerEncoderLayer-34 [2, 222] 0
MultiheadAttention-35 [[2, 222], [100, 100]] 0
Dropout-36 [2, 222] 0
LayerNorm-37 [2, 222] 444
Linear-38 [2, 888] 198,024
Dropout-39 [2, 888] 0
Linear-40 [2, 222] 197,358
Dropout-41 [2, 222] 0
LayerNorm-42 [2, 222] 444
TransformerEncoderLayer-43 [2, 222] 0
MultiheadAttention-44 [[2, 222], [100, 100]] 0
Dropout-45 [2, 222] 0
LayerNorm-46 [2, 222] 444
Linear-47 [2, 888] 198,024
Dropout-48 [2, 888] 0
Linear-49 [2, 222] 197,358
Dropout-50 [2, 222] 0
LayerNorm-51 [2, 222] 444
TransformerEncoderLayer-52 [2, 222] 0
MultiheadAttention-53 [[2, 222], [100, 100]] 0
Dropout-54 [2, 222] 0
LayerNorm-55 [2, 222] 444
Linear-56 [2, 888] 198,024
Dropout-57 [2, 888] 0
Linear-58 [2, 222] 197,358
Dropout-59 [2, 222] 0
LayerNorm-60 [2, 222] 444
TransformerEncoderLayer-61 [2, 222] 0
MultiheadAttention-62 [[2, 222], [100, 100]] 0
Dropout-63 [2, 222] 0
LayerNorm-64 [2, 222] 444
Linear-65 [2, 888] 198,024
Dropout-66 [2, 888] 0
Linear-67 [2, 222] 197,358
Dropout-68 [2, 222] 0
LayerNorm-69 [2, 222] 444
TransformerEncoderLayer-70 [2, 222] 0
MultiheadAttention-71 [[2, 222], [100, 100]] 0
Dropout-72 [2, 222] 0
LayerNorm-73 [2, 222] 444
Linear-74 [2, 888] 198,024
Dropout-75 [2, 888] 0
Linear-76 [2, 222] 197,358
Dropout-77 [2, 222] 0
LayerNorm-78 [2, 222] 444
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TransformerEncoderLayer-79 [2, 222] 0
TransformerEncoder-80 [2, 222] 0
Dropout-81 [100, 222] 0
Linear-82 [100, 100] 22,300
ELU-83 [100, 100] 0
Dropout-84 [100, 100] 0
Linear-85 [100, 10] 1,010
ELU-86 [100, 10] 0
Linear-87 [100, 1] 11
Tanh-88 [100, 1] 0

Table 2: MFE estimation model.

Layer (type) Output shape Param #
ReLU-1 [5, 100] 0
BatchNorm1d-2 [5, 100] 10
Conv1d-3 [64, 100] 1,024
ReLU-4 [64, 100] 0
BatchNorm1d-5 [64, 100] 128
Conv1d-6 [64, 100] 12,352
ReLU-7 [64, 100] 0
BatchNorm1d-8 [64, 100] 128
Conv1d-9 [64, 100] 12,352
ResNet-10 [64, 100] 0
AvgPool1d-11 [64, 50] 0
ReLU-12 [64, 50] 0
BatchNorm1d-13 [64, 50] 128
Conv1d-14 [64, 50] 12,352
ReLU-15 [64, 50] 0
BatchNorm1d-16 [64, 50] 128
Conv1d-17 [64, 50] 12,352
ResNet-18 [64, 50] 0
AvgPool1d-19 [64, 25] 0
ReLU-20 [64, 25] 0
BatchNorm1d-21 [64, 25] 128
Conv1d-22 [64, 25] 12,352
ReLU-23 [64, 25] 0
BatchNorm1d-24 [64, 25] 128
Conv1d-25 [64, 25] 12,352
ResNet-26 [64, 25] 0
AvgPool1d-27 [64, 12] 0
Encoder-28 [64, 12] 0
Linear-29 [100] 76,900
ELU-30 [100] 0
BatchNorm1d-31 [100] 200
Linear-32 [30] 3,030
ELU-33 [30] 0
BatchNorm1d-34 [30] 60
Linear-35 [1] 31
ELU-36 [1] 0

Table 3: Pre-miRNA classifier.

Layer (type) Output shape Param #
ReLU-1 [5, 100] 0
BatchNorm1d-2 [5, 100] 10
Conv1d-3 [64, 100] 1,024
ReLU-4 [64, 100] 0
BatchNorm1d-5 [64, 100] 128
Conv1d-6 [64, 100] 12,352
ReLU-7 [64, 100] 0
BatchNorm1d-8 [64, 100] 128
Conv1d-9 [64, 100] 12,352
ResNet-10 [64, 100] 0
ReLU-11 [64, 100] 0
BatchNorm1d-12 [64, 100] 128
Conv1d-13 [64, 100] 12,352
ReLU-14 [64, 100] 0
BatchNorm1d-15 [64, 100] 128
Conv1d-16 [64, 100] 12,352
ResNet-17 [64, 100] 0
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ReLU-18 [64, 100] 0
BatchNorm1d-19 [64, 100] 128
Conv1d-20 [64, 100] 12,352
ReLU-21 [64, 100] 0
BatchNorm1d-22 [64, 100] 128
Conv1d-23 [64, 100] 12,352
ResNet-24 [64, 100] 0
AvgPool1d-25 [64, 50] 0
ReLU-26 [64, 50] 0
BatchNorm1d-27 [64, 50] 128
Conv1d-28 [64, 50] 12,352
ReLU-29 [64, 50] 0
BatchNorm1d-30 [64, 50] 128
Conv1d-31 [64, 50] 12,352
ResNet-32 [64, 50] 0
ReLU-33 [64, 50] 0
BatchNorm1d-34 [64, 50] 128
Conv1d-35 [64, 50] 12,352
ReLU-36 [64, 50] 0
BatchNorm1d-37 [64, 50] 128
Conv1d-38 [64, 50] 12,352
ResNet-39 [64, 50] 0
ReLU-40 [64, 50] 0
BatchNorm1d-41 [64, 50] 128
Conv1d-42 [64, 50] 12,352
ReLU-43 [64, 50] 0
BatchNorm1d-44 [64, 50] 128
Conv1d-45 [64, 50] 12,352
ResNet-46 [64, 50] 0
AvgPool1d-47 [64, 25] 0
ReLU-48 [64, 25] 0
BatchNorm1d-49 [64, 25] 128
Conv1d-50 [64, 25] 12,352
ReLU-51 [64, 25] 0
BatchNorm1d-52 [64, 25] 128
Conv1d-53 [64, 25] 12,352
ResNet-54 [64, 25] 0
ReLU-55 [64, 25] 0
BatchNorm1d-56 [64, 25] 128
Conv1d-57 [64, 25] 12,352
ReLU-58 [64, 25] 0
BatchNorm1d-59 [64, 25] 128
Conv1d-60 [64, 25] 12,352
ResNet-61 [64, 25] 0
ReLU-62 [64, 25] 0
BatchNorm1d-63 [64, 25] 128
Conv1d-64 [64, 25] 12,352
ReLU-65 [64, 25] 0
BatchNorm1d-66 [64, 25] 128
Conv1d-67 [64, 25] 12,352
ResNet-68 [64, 25] 0
AvgPool1d-69 [64, 12] 0
ReLU-70 [64, 12] 0
BatchNorm1d-71 [64, 12] 128
Conv1d-72 [64, 12] 12,352
ReLU-73 [64, 12] 0
BatchNorm1d-74 [64, 12] 128
Conv1d-75 [64, 12] 12,352
ResNet-76 [64, 12] 0
ReLU-77 [64, 12] 0
BatchNorm1d-78 [64, 12] 128
Conv1d-79 [64, 12] 12,352
ReLU-80 [64, 12] 0
BatchNorm1d-81 [64, 12] 128
Conv1d-82 [64, 12] 12,352
ResNet-83 [64, 12] 0
ReLU-84 [64, 12] 0
BatchNorm1d-85 [64, 12] 128
Conv1d-86 [64, 12] 12,352
ReLU-87 [64, 12] 0
BatchNorm1d-88 [64, 12] 128
Conv1d-89 [64, 12] 12,352
ResNet-90 [64, 12] 0
AvgPool1d-91 [64, 6] 0
Encoder-92 [64, 6] 0
PositionalEncoder-93 [6, 64] 0
MultiheadAttention-94 [[2, 64], [6, 6]] 0
Dropout-95 [2, 64] 0
LayerNorm-96 [2, 64] 128
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Linear-97 [2, 256] 16,64
Dropout-98 [2, 256] 0
Linear-99 [2, 64] 16,448
Dropout-100 [2, 64] 0
LayerNorm-101 [2, 64] 128
TransformerEncoderLayer-102 [2, 64] 0
MultiheadAttention-103 [[2, 64], [6, 6]] 0
Dropout-104 [2, 64] 0
LayerNorm-105 [2, 64] 128
Linear-106 [2, 256] 16,64
Dropout-107 [2, 256] 0
Linear-108 [2, 64] 16,448
Dropout-109 [2, 64] 0
LayerNorm-110 [2, 64] 128
TransformerEncoderLayer-111 [2, 64] 0
MultiheadAttention-112 [[2, 64], [6, 6]] 0
Dropout-113 [2, 64] 0
LayerNorm-114 [2, 64] 128
Linear-115 [2, 256] 16,64
Dropout-116 [2, 256] 0
Linear-117 [2, 64] 16,448
Dropout-118 [2, 64] 0
LayerNorm-119 [2, 64] 128
TransformerEncoderLayer-120 [2, 64] 0
TransformerEncoder-121 [2, 64] 0
BatchNorm1d-122 [385] 770
Linear-123 [1000] 386
ELU-124 [1000] 0
BatchNorm1d-125 [1000] 2
Dropout-126 [1000] 0
Linear-127 [1000] 1,001,000
Linear-128 [1000] 1,001,000
Linear-129 [2] 2,002
Softmax-130 [2] 0
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