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Çàäà÷à îöåíêè ýôôåêòà ëå÷åíèÿ

Íàáëþäåíèÿ â äâóõ ãðóïïàõ: êîíòðîëüíàÿ (control) è
ïîñëå ëå÷åíèÿ (treatment)

Êîíòðîëüíàÿ ãðóïïà: äàòàñåò
D0 = {(x0i , y 0

i ,Ti = 0)}ci=1, yi ∈ R - íàáëþäåíèå (âðåìÿ
äî ðåìèññèè).

Ëå÷åííàÿ ãðóïïà: äàòàñåò D1 = {(x1j , y 1
j ,Tj)}tj=1,

T ∈ {1, ...,m} - äîçà âîçäåéñòâèÿ
Öåëü: ïîñòðîèòü ìîäåëü è îáó÷èòü åå íà D0 è D1,
÷òîáû äëÿ íîâîãî ïàöèåíòà x îöåíèòü ýôôåêò ëå÷åíèÿ
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Ïîêàçàòåëè ýôôåêòà ëå÷åíèÿ

Ñðåäíèé ýôôåêò ëå÷åíèÿ (ATE - Average Treatment
E�ect):

ATE = EP(X )[Y1 − Y0]

Èíäèâèäóàëüíûé ýôôåêò ëå÷åíèÿ (CATE -
Conditional Average Treatment E�ect):

τ(x) = E[Y1 − Y0 | X = x]

çäåñü ìàò.îæ. áåðåòñÿ ïî ðàñïðåäåëåíèþ
ïîòåíöèàëüíûõ èñõîäîâ âíóòðè ôèêñèðîâàííîé
ïîäãðóïïû X = x

Âåðîÿòíîñòü ïîëîæèòåëüíîãî ëå÷åíèÿ (IPTB -
Individual Probability of Treatment Bene�t):

Ψ(x) = Pr (Y1 > Y0 | X = x)
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Èëëþñòðàöèÿ çàäà÷è îöåíêè ýôôåêòà ëå÷åíèÿ
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Ïðîáëåìà îöåíêè ýôôåêòà ëå÷åíèÿ

Ãëàâíàÿ ïðîáëåìà: ìû íèêîãäà íå âèäèì
èíäèâèäóàëüíûé ýôôåêò ëå÷åíèÿ:

Äëÿ îäíîãî ÷åëîâåêà ìû çíàåì ëèáî åãî ðåçóëüòàò ñ
ëå÷åíèåì, ëèáî áåç íåãî � íî íå îáà îäíîâðåìåííî
Ýòî ôóíäàìåíòàëüíàÿ ïðîáëåìà
ïðè÷èííî-ñëåäñòâåííîãî âûâîäà (causal e�ect).
CATE - ýòî ðàçíèöà Y1 − Y0 äëÿ êîíêðåòíîãî
÷åëîâåêà ñ ïðèçíàêàìè x, íî Y1 è Y0 íèêîãäà íå
âñòðå÷àþòñÿ â äàííûõ âìåñòå.
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Ôàêòè÷åñêèå è êîíòðôàêòè÷åñêèå äàííûå

Ïàöèåíò ïðèíÿë íîâîå ëåêàðñòâî è ÷åðåç íåäåëþ
âûçäîðîâåë

Ôàêòè÷åñêèå äàííûå (íàáëþäàåìûé èñõîä): îí
âûçäîðîâåë ïîñëå ïðèåìà ëåêàðñòâà
Êîíòðôàêòè÷åñêèå äàííûå (íåíàáëþäàåìûé

èñõîä): ýòî åãî ñîñòîÿíèå, åñëè áû îí íå ïðèíèìàë
ëåêàðñòâî

Âàðèàíòû êîíòðôàêòà:

Îí áû âñå ðàâíî âûçäîðîâåë, íàïðèìåð, áåç ëåêàðñòâà

Âûâîä: Ëåêàðñòâî íå áûëî ïðè÷èíîé âûçäîðîâëåíèÿ

Îí áû íå âûçäîðîâåë

Âûâîä: Ëåêàðñòâî, âåðîÿòíî, áûëî ïðè÷èíîé
âûçäîðîâëåíèÿ (èñòèííûé ýôôåêò).
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Çà÷åì çíàòü ôàêòè÷åñêèå è êîíòðôàêòè÷åñêèå

äàííûå?

Áåç êîíòðôàêòà (counterfactual) íåëüçÿ îòëè÷èòü
ïðè÷èíó îò ñîâïàäåíèÿ, åñòåñòâåííîãî õîäà ñîáûòèé
èëè ýôôåêòà ÷åãî-òî äðóãîãî

Ôàêò ïîêàçûâàåò, ÷òî ïðîèçîøëî

Êîíòðôàêò ïîêàçûâàåò, áëàãîäàðÿ ÷åìó ýòî ïðîèçîøëî

Ïðè÷èííîñòü - ýòî âñåãäà ñðàâíåíèå ôàêòà ñ òåì, ÷åãî
íå áûëî, íî ÷òî ìîãëî áû áûòü
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Treatment e�ect è Causal e�ect (íåáîëüøîå

îòñòóïëåíèå)

Ýôôåêò ëå÷åíèÿ - ýòî ñðàâíåíèå òîãî, ÷òî ñëó÷èëîñü ñ

ãðóïïîé, ïîëó÷èâøåé ëåêàðñòâî, è ñ ãðóïïîé, êîòîðàÿ åãî

íå ïîëó÷èëà (ýòî ïðèáëèæåíèå ê êîíòðôàêòó).

Â Causal E�ect âìåñòî ïàññèâíîãî íàáëþäåíèÿ ìû äåëàåì

èíòåðâåíöèþ - îïåðàòîð do(X ).
T → X , Y - èñõîä, Z è M - ïîñðåäíèêè (mediators)
èëè ñîïóòñòâóþùèå ôàêòîðû
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×òî îçíà÷àåò "äåëàåì èíòåðâåíöèþ do(X)"?

Ýòî îçíà÷àåò: ìû ïðèíóäèòåëüíî çàäàåì çíà÷åíèå X ,
ðàçðûâàÿ âñå åñòåñòâåííûå ñâÿçè, êîòîðûå íà íåãî
âëèÿþò.

È ñìîòðèì íà ðàñïðåäåëåíèå èñõîäà:
P(Y | do(X = x)) - âåðîÿòíîñòü Y ïðè óñëîâèè, ÷òî
ìû íàñèëüíî óñòàíîâèëè X = x .

Ñìûñë: Causal E�ect - ýòî âëèÿíèå ËÞÁÎÃÎ
âìåøàòåëüñòâà íà ËÞÁÓÞ ïåðåìåííóþ â ëþáîé
ñëîæíîé ñèñòåìå, à íå òîëüêî �òàáëåòêà vs ïëàöåáî�
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Ïðèìåð èíòåðâåíöèè

P(øòîðì | áàðîìåòð íèçêèé) âûñîêàÿ: íàáëþäàÿ
íèçêèé áàðîìåòð, ìû ïðåäñêàçûâàåì øòîðì.

P(øòîðì | do(áàðîìåòð íèçêèé)) = P(øòîðì): åñëè
ïðèíóäèòåëüíî ïåðåâåñòè ñòðåëêó áàðîìåòðà, ïîãîäà
íå èçìåíèòñÿ. Íàáëþäåíèå èñïîëüçóåò êîððåëÿöèþ
÷åðåç îáùóþ ïðè÷èíó (äàâëåíèå), à èíòåðâåíöèÿ åå
ðàçðóøàåò.

M íà ãðàôå � ýòî ¾ïåðåäàò÷èê¿ âëèÿíèÿ X íà Y . Îí
ïîêàçûâàåò, êàê èìåííî X âûçûâàåò Y

Ëåêàðñòâî (X ), àðòåð-å äàâë-å (M), ðèñê èíñóëüòà (Y ): X
ñíèæàåò Y ÷åðåç ñíèæåíèå äàâëåíèÿ M
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×òî îçíà÷àåò "ðàçðåçàåì ñâÿçè èëè ãðàô"?

Â ó ïåðåìåííîé X áûëè åñòåñòâåííûå ïðè÷èíû,
íàïðèìåð, Z (áîëåçíåííîñòü, ðåêîìåíäàöèè âðà÷à).

do(X ) óäàëÿåò âñå âõîäÿùèå ñòðåëêè â X (ïåðåñòàåì
ó÷èòûâàòü, ïî÷åìó ïàöèåíò ïðèíÿë ëåêàðñòâî).

Ôèêñèðóåì X = 1 (ïðèíÿë) èëè X = 0 (íå ïðèíÿë)
èñêóññòâåííî.

Ñìîòðèì, êàê ýòî ìåíÿåò Y , óæå áåç âëèÿíèÿ
ïîñòîðîííèõ ôàêòîðîâ.

Ýòèì óñòðàíÿåì èñêàæåíèÿ (confounding), èìèòèðóÿ
ðàíäîìèçèðîâàííûé ýêñïåðèìåíò.
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Treatment e�ect è Causal e�ect

Ñíèæàåò ëè ïðåïàðàò ðèñê èíñóëüòà, è êàê èìåííî?

Ãðàô îòâå÷àåò íà âîïðîñû: ðàáîòàåò ëè ïðåïàðàò
âîîáùå (total e�ect), çà ñ÷åò êàêîãî ìåõàíèçìà
(íåïðÿìîé ýôôåêò ÷åðåç M è ïðÿìîé ýôôåêò áåç M).
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Treatment e�ect è Uplift Modeling

Treatment E�ect îòâå÷àåò íà âîïðîñ: �Íà ñêîëüêî èìåííî
èçìåíèòñÿ âûðó÷êà/çäîðîâüå ýòîãî êîíêðåòíîãî
ïîêóïàòåëÿ/ïàöèåíòà, åñëè ìû äàäèì åìó
ñêèäêó/ëåêàðñòâî?�
�Êàêèì áóäåò Y, åñëè ÿ ïðèìåíþ ëå÷åíèå Ò ê îáúåêòó ñ
ïðèçíàêàìè X?�
Uplift Modeling:�Êîìó èç 10 ìèëëèîíîâ êëèåíòîâ ìû
îòïðàâèì ïðîìîêîä, ÷òîáû ìàêñèìèçèðîâàòü ÷èñòûé äîõîä
ìàðêåòèíãîâîãî êàíàëà?�
�Íà ñêîëüêî èçìåíèòñÿ Y èñêëþ÷èòåëüíî èç-çà òîãî, ÷òî ÿ
ïðèìåíèë ëå÷åíèå?�
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Ñëåäñòâèÿ ôóíäàìåíòàëüíîé ïðîáëåìû

Ëå÷åíèå îáû÷íî ïîëó÷àþò íå ñëó÷àéíî (òÿæåëûå
ïàöèåíòû ëå÷àòñÿ ÷àùå).

Åñëè ñðàâíèòü ñðåäíèå ó âûëå÷åííûõ è íåâûëå÷åííûõ,
òî îöåíèâàåòñÿ íå ýôôåêò ëå÷åíèÿ, à ðàçíèöà â
ñîñòîÿíèè äî ëå÷åíèÿ:

E[Y1 | X = x]− E[Y0 | X = x] 6= τ(x)
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Ïðîáëåìà ñêðûòûõ êîíôàóíäåðîâ (Unobserved

Confounder)

Êîíôàóíäåð (ñïóòûâàþùàÿ ïåðåìåííàÿ) - ýòî
ôàêòîð, êîòîðûé âëèÿåò îäíîâðåìåííî íà ïðè÷èíó è
íà ñëåäñòâèå, èç-çà ÷åãî âîçíèêàåò ëîæíàÿ ñâÿçü
ìåæäó íèìè

Ñêðûòûé êîíôàóíäåð - ýòî ïåðåìåííàÿ U , êîòîðàÿ
îäíîâðåìåííî âëèÿåò:

1 Íà òî, ïîëó÷èò ëè ÷åëîâåê ëå÷åíèå T
2 Íà èñõîä áîëåçíè Y1 or Y0

Ïåðåìåííîé U íåò â äàòàñåòå, ìû åå íå çíàåì, íå
èçìåðÿëè, ìîäåëü åå íå âèäèò
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Ïðîáëåìà ñêðûòûõ êîíôàóíäåðîâ (ïðèìåð)

Óâåëè÷èâàåò ëè ïðèåì âèòàìèíîâ (T ) ïðîäóêòèâíîñòü
ñîòðóäíèêîâ (Y )
Ãðóïïà À ïðèíèìàåò âèòàìèíû êàæäûé äåíü.
Ãðóïïà Á íå ïðèíèìàåò âèòàìèíû.
Ñîáèðàåì äàííûå è âèäèì: ñðåäíÿÿ ïðîäóêòèâíîñòü â
ãðóïïå À âûøå, ÷åì â ãðóïïå Á.
Âûâîä: âèòàìèíû ïîâûøàþò ïðîäóêòèâíîñòü!!!
Íî åñòü ñêðûòûé ôàêòîð U - óðîâåíü äèñöèïëèíû
Âëèÿíèå U :

íà ëå÷åíèå T : T ðàñòåò - äèñöèïëèíèðîâàííûå íå
çàáûâàþò ïèòü âèòàìèíû
íà èñõîä Y : Y ðàñòåò - äèñöèïëèíèðîâàííûå íå
îïàçäûâàþò, ïðîäóêòèâíîñòü ðàñòåò è áåç âèòàìèíîâ

Â èòîãå ìîäåëü óâèäèò: Èñòèííàÿ ïðè÷èíà ýôôåêòà -
ýòî ñêðûòûé ôàêòîð U
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Óñëîâèÿ äëÿ îöåíêè CATE

×òîáû îöåíèòü τ(x) íóæíî ñðàâíèòü ãðóïïû. Íî êàê
óçíàòü, ÷òî ðàçëè÷èå ìåæäó ãðóïïàìè âûçâàíà
ëå÷åíèåì, à íå èçíà÷àëüíûìè ðàçëè÷èÿìè ëþäåé?

Óñëîâèå Ignorability / Unconfoundedness: â
íàáëþäàåìûõ äàííûõ ëå÷åíèå äîëæíî âàðüèðîâàòüñÿ
ñëó÷àéíûì îáðàçîì îòíîñèòåëüíî íåíàáëþäàåìûõ
ôàêòîðîâ:

(Y1,Y0) ⊥ T | X

Y1,Y0 ñòàòèñòè÷åñêè íå çàâèñÿò îò ôàêòè÷åñêè
íàçíà÷åííîãî ëå÷åíèÿ T ïðè óñëîâèè íàáëþäàåìûõ
ïðèçàêîâ X
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Óñëîâèå Ignorability / Unconfoundedness äðóãèìè

ñëîâàìè

(Y1,Y0) ⊥ T | X

Åñëè çàôèêñèðîâàòü ïðèçíàêè ïàöèåíòà X , òî çíàíèå
òîãî, ïîëó÷èë ëè îí ëå÷åíèå T = 1 èëè íåò T = 0, íå
äàåò íàì íèêàêîé äîï. èíôîðìàöèè î òîì, êàêèìè
áûëè áû åãî ïîòåíöèàëüíûå èñõîäû Y1 è Y0

Åñëè óñëîâèå íàðóøàåòñÿ (íàïðèìåð, ëå÷åíèå
íàçíà÷àþò òîëüêî òÿæåëûì áîëüíûì), òî, ñðàâíèâàÿ
âûæèâàåìîñòü, ïîëó÷èì ñìåùåííóþ îöåíêó
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Óñëîâèå Ignorability / Unconfoundedness
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Propensity score

Ñêëîííîñòü (propensity score)
e(x) = P(T = 1 | X = x)

Óñëîâèå ïåðåêðûòèÿ (Overlap): ∀x, 0 < e(x) < 1.

Óñëîâíàÿ íåçàâèñèìîñòü èëè èäåíòèôèêàöèÿ
ýôôåêòà: âûïîëíÿåòñÿ óñëîâèå ïåðåêðûòèÿ è
unconfoundedness, CATE âûðàæàåòñÿ êàê:

E[Y1 − Y0 | X = x] = E[Y | T = 1,X = x]

−E[Y | T = 0,X = x]

Åñëè ëå÷åíèå íå âàðüèðóåòñÿ (ñêàæåì, T = 1 äëÿ âñåõ
x), òî E[Y | T = 0,X = x] íå îïðåäåëåíî. Ýôôåêò
ìàòåìàòè÷åñêè íå èäåíòèôèöèðóåì.
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×òî äåëàåò propensity score?

Áàëàíñèðîâêà: èñïîëüçóåòñÿ
e(x) = P(T = 1 | X = x)
Y - ôàêòè÷åñêèé íàáëþäàåìûé èñõîä:
Y = T · Y1 + (1− T ) · Y0

Âèäèì òîëüêî îäèí èç äâóõ èñõîäîâ
Ââîäèì âåñîâóþ ïåðåìåííóþ w(T , x) = T

e(x)
+ (1−T )

1−e(x)

Óòâåðæäåíèå: Åñëè e(x) ∈ (0, 1) èçâåñòíà, òî äëÿ
âçâåøåííîé ïî IPW âûáîðêå

E
[
T · Y
e(x)

| X = x

]
= E [Y1 | X = x]

E
[

(1− T ) · Y
1− e(x)

| X = x

]
= E [Y0 | X = x]
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Åùå ïðî propensity score

Îöåíêà CATE (Inverse Propensity Weighting (IPW)):

τ̂(x) = E
[
T · Y
e(x)

+
(1− T ) · Y

1− e(x)
| X = x

]
Äëÿ êàæäîãî íàáîðà ïðèçíàêîâ X äîëæíû
ñóùåñòâîâàòü îáà âàðèàíòà (è ñ ëå÷åíèåì, è áåç)

Íþàíñ: Îöåíêà τ̂(x) êîððåêòíà òîëüêî ïðè n→∞ è
êîãäà e(x) èçâåñòíà òî÷íî

Èñïîëüçóÿ e(x) êàê âåñ, ìû �îáìàíûâàåì�ñòàòèñòèêó, äåëàÿ
ãðóïïû ëå÷åíûõ è íåëå÷åíûõ ìàêñèìàëüíî ïîõîæèìè,
÷òîáû ïîòîì ÷åñòíî ñðàâíèòü èõ èñõîäû
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Òåîðåìà Ðîçåíáàóìà-Ðóáèíà

Åñëè ñðàâíèòü äâóõ ëþäåé ñ îäèíàêîâûì e(x), òî
ðàñïðåäåëåíèå âñåõ èõ ïðèçíàêîâ X (âîçðàñò, ïîë,
áîëåçíè) â ñðåäíåì îäèíàêîâî

Òåîðåìà Ðîçåíáàóìà-Ðóáèíà (Rosenbaum & Rubin,
1983): Åñëè âûïîëíåíî óñëîâèå èãíîðèðóåìîñòè
(Unconfoundedness / Ignorability) è óñëîâèå ïåðåêðûòèÿ
(Overlap), òî ñïðàâåäëèâî: Y1,Y0 ⊥ T | e(X )

e(x) ÿâëÿåòñÿ �äîñòàòî÷íîé ñòàòèñòèêîé� äëÿ
áàëàíñèðîâêè âñåõ íàáëþäàåìûõ ïðèçíàêîâ X

Åñëè óðàâíÿëè ãðóïïû ëå÷åíûõ è íåëå÷åíûõ ïî e(x),
òî ýòî ýêâèâàëåíòíî òîìó, ÷òî óðàâíÿëè èõ ïî âñåì
ïðèçíàêàì X (âîçðàñòó, ïîëó, áîëåçíÿì è ò.ä.)
îäíîâðåìåííî
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Î òåîðåìå Ðîçåíáàóìà-Ðóáèíà (1)

Âëèÿíèå ïðåïàðàòà À (T ) íà äàâëåíèå (Y )

Â äàòàñåòå 1000 ïàöèåíòîâ ñ ïðèçíàêàìè X =(Âîçð.,
Âåñ, Óðîâåíü õîëåñòåðèíà, Íàñëåä-òü)

Êîíòðîëèðîâàòü X - çíà÷èò ñðàâíèâàòü ïàöèåíòîâ
ñòðîãî îäèíàêîâûõ ïî ÂÑÅÌ 4 ïðèçíàêàì

Äâîå ìóæ÷èí: 45 ëåò, âåñ 80 êã, õîëåñòåðèí 6.0,
íàñëåä-òü åñòü. Îäíîìó äàëè À, âòîðîìó - íåò

Ñðàâíèâàåì èõ äàâëåíèÿ è ãîâîðèì: ¾À äàåò ýôôåêò
äëÿ ýòîé ãðóïïû¿

Åñëè ïðèçíàêîâ 4, ýòî ëåãêî. Íî åñëè èõ 100, òî íàéòè
äâóõ ÷åëîâåê ñ îäèíàêîâûìè 100 ïðèçíàêàìè
ïðàêòè÷åñêè íåâîçìîæíî
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Î òåîðåìå Ðîçåíáàóìà-Ðóáèíà (2)

Òåïåðü ìîæíî íå ñìîòðåòü íà ïðèçíàêè, à òîëüêî íà
îäíî ÷èñëî - e(x)

Äîïóñòèì, îáó÷èëè ìîäåëü è âûÿñíèëè, ÷òî äëÿ
ïàöèåíòîâ ñ íàáîðîì ïðèçíàêîâ (45 ëåò, 80 êã,
õîëåñòåðèí 6.0, íàñëåä-òü) âåðîÿòíîñòü ïîëó÷èòü
ëå÷åíèå ñîñòàâëÿåò e(x) = 0.75

Òåïåðü íàõîäèì äðóãîãî ïàöèåíòà, ó êîòîðîãî
ñîâåðøåííî äðóãèå ïðèçíàêè (60 ëåò, 100 êã,
õîëåñòåðèí 4.0, áåç íàñëåäñòâåííîñòè), ÍÎ ... ó íåãî
òîæå e(x) = 0.75
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×òî îá ýòîì ãîâîðèò òåîðåìà

Ðîçåíáàóìà-Ðóáèíà

Åñëè íàáðàòü 1000 ïàöèåíòîâ ñî ñêëîííîñòüþ 0.75, òî
ñðåäè íèõ îêàæåòñÿ ïðèìåðíî ðàâíîå êîëè÷åñòâî
ñòàðûõ è ìîëîäûõ, êóðÿùèõ è íåêóðÿùèõ. Óñðåäíèâ èõ
ðåçóëüòàòû, ïîëó÷èì òîò æå îòâåò, êàê åñëè áû
ñðàâíèâàëè èäåàëüíûõ �áëèçíåöîâ�

Åñëè ó äâóõ ëþäåé îäèíàêîâûé øàíñ ïîëó÷èòü
ëå÷åíèå, çíà÷èò ëîãèêà íàçíà÷åíèÿ ëå÷åíèÿ äëÿ íèõ
áûëà îäèíàêîâîé. À ðàç ëîãèêà áûëà îäèíàêîâîé,
çíà÷èò èõ ñîâîêóïíûå õàðàêòåðèñòèêè (âîçðàñò, âåñ,
áîëåçíè) â ñðåäíåì óðàâíîâåøåíû
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Ìåòà-ìîäåëè îöåíêè CATE

Ìåòà-ìîäåëè (meta-learners) - ñåìåéñòâî
àëãîðèòìîâ, êîòîðûå ðåøàþò çàäà÷ó îöåíêè CATE
ïóòåì äåêîìïîçèöèè åå íà íåñêîëüêî áîëåå ïðîñòûõ
ïîäçàäà÷, êàæäàÿ èç êîòîðûõ ðåøàåòñÿ ñòàíäàðòíûìè
ìåòîäàìè îáó÷åíèÿ ñ ó÷èòåëåì.

Â êà÷åñòâå áàçîâûõ ìîäåëåé ìîæíî èñïîëüçîâàòü
ëþáîé àëãîðèòì ìàøèííîãî îáó÷åíèÿ: îò ëèíåéíîé
ðåãðåññèè äî ãðàäèåíòíîãî áóñòèíãà èëè íåéðîñåòåé
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Ìåòà-ìîäåëè (S-learner)

Kunzel, S.R. et al. Metalearners for estimating heterogeneous treatment e�ects

using machine learning. 2019

Îáó÷àåòñÿ îäíà ìîäåëü ðåãðåññèè íà âñåì äàòàñåòå,
ëå÷åíèå T âêëþ÷àåòñÿ êàê åùå îäèí ïðèçíàê íàðÿäó ñ
ïðèçíàêàìè X : µ(X ,T ) = E[Y | X ,T ]

Òîãäà τ(x) = µ(x, 1)− µ(x, 0)
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Ìåòà-ìîäåëè (T-learner)

Kunzel, S.R. et al. Metalearners for estimating heterogeneous treatment e�ects

using machine learning. 2019

Îáó÷àþòñÿ äâå îòäåëüíûå ìîäåëè: µ0(x) íà controls è
µ1(x) íà treatments

Òîãäà τ(x) = µ1(x)− µ0(x)
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Ìåòà-ìîäåëè (X-learner)

Kunzel, S.R. et al. Metalearners for estimating heterogeneous treatment e�ects

using machine learning. 2019

X-learner (Cross-learner): îáó÷àþòñÿ äâå ìîäåëè: µ0(x)
è µ1(x)

Ñòðîÿòñÿ ïñåâäî-ýôôåêòû:

D0
i = µ1(xi )− yi (÷òî áûëî áû, åñëè áû êîíòðîëüíûé

ïîëó÷èë ëå÷åíèå)
D1
i = yi − µ0(xi ) (÷òî áûëî áû, åñëè áû ëå÷åííûé íå

ïîëó÷èë ëå÷åíèå)

Îáó÷àþòñÿ ìîäåëè τ0(x) è τ1(x) íà (xi ,D0
i ) è (xi ,D1

i )

Ôèíàëüíàÿ îöåíêà - âçâåøåííàÿ êîìáèíàöèÿ:

τ(x) = e(x) · τ0(x) + (1− e(x)) · τ1(x)
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Èëëþñòðàöèÿ X-learner



Îñíîâíûå ïîíÿòèÿ Ìåòà-ìîäåëè Àíàëèç âûæèâàåìîñòè Äèí.ðåæèì

Ìåòà-ìîäåëè (R-learner, Residual learner)

A General Method for Estimating Heterogeneous Treatment E�ects using

Residuals (Nie & Wager, 2018)

Äàííûå D äåëÿòñÿ íà äâå ÷àñòè D1 (äëÿ îáó÷åíèÿ
âñïîìîãàòåëüíûõ ìîäåëåé) è D2 (äëÿ îáó÷åíèÿ
ôèíàëüíîé ìîäåëè CATE)

Äàòàñåò D1:

Îáó÷àåòñÿ ìîäåëü: µ(x) = E[Y | X = x] äëÿ
ïðåäñêàçàíèÿ èñõîäà ïî ïðèçíàêàì
Îáó÷àåòñÿ ìîäåëü: e(x) = P(T = 1 | X = x) äëÿ
ïðåäñêàçàíèÿ ñêëîííîñòè
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R-learner, âòîðîé ýòàï àëãîðèòìà

Äàòàñåò D2:

Âû÷èñëÿþòñÿ îñòàòêè:

RY (xi ) = yi − µ(xi ) - îñòàòîê èñõîäà
RT (xi ) = Ti − e(xi ) - îñòàòîê ëå÷åíèÿ

Â îñòàòêå RY (x) ñîäåðæèòñÿ ýôôåêò ëå÷åíèÿ
íåçàâèñèìî îò ëå÷åíèÿ

Îñòàòîê RT (x) ãîâîðèò, íàñêîëüêî ðåøåíèå î ëå÷åíèè
äëÿ äàííîãî ÷åëîâåêà áûëî �íåîáúÿñíèìî� åãî
ïðèçíàêàìè.

Îáó÷àåòñÿ ìîäåëü, ìèíèìèçèðóþùàÿ:

τ(x) = arg min
τ∈F

1

n2

n2∑
i=1

(RY (xi)− τ(xi) · RT (xi))2 + Ω(τ)
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Ìåòà-ìîäåëè (DR-learner)

Kennedy, E.H., 2023. Towards optimal doubly robust estimation of

heterogeneous causal e�ects // Electronic Journal of Statistics

Doubly Robust-learner: äàííûå äåëÿòñÿ íà 2 ÷àñòè.

Íà ïåðâîé ÷àñòè îáó÷àþòñÿ

µi(x) = E[Y | T = i ,X = x], i ∈ {0, 1}
e(x) = P(T = 1 | X = x)

Äëÿ êàæäîãî ýëåìåíòà x èç âòîðîé ÷àñòè âû÷èñëÿåòñÿ
ïñåâäî-èñõîä ψ(x)

ψ(x) = µ1(x)−µ0(x)+
T (y − µ1(x))

e(x)
−(1− T ) (y − µ0(x))

1− e(x)

Ïåðâàÿ ÷àñòü µ1(x)− µ0(x) - íàèâíàÿ îöåíêà CATE,
âòîðàÿ ÷àñòü - ïîïðàâêà
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Ôóíêöèÿ ïîìåõ (nuisance function)

Çàòåì ìîäåëü (áóñòèíã, íåéðîñåòü è ò.ä.) îáó÷àåòñÿ
ïðåäñêàçûâàòü

τ(x) = E[ψ(x) | X = x]

Â DR-learner èñïîëüçóþòñÿ äâå ôóíêöèè ïîìåõ:

Propensity Score: e(x) = P(T = 1 | X = x)
Ôóíêöèè ðåãðåññèè (Outcome Regression Model):

µi (x) = E[Y | T ,X = x], i ∈ {0, 1}

Íåéìàíîâñêàÿ îðòîãîíàëüíîñòü (Neyman
Orthogonality)
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Êàê îáó÷èòü propensity score

Ýòî çàäà÷à áèíàðíîé êëàññèôèêàöèè, ãäå
ïðåäñêàçûâàåòñÿ âåðîÿòíîñòü ïîëó÷åíèÿ ëå÷åíèÿ
T = 1 ïî ïðèçíàêàì x

Îòëè÷èå îò îáû÷íîé êëàññèôèêàöèè: íå èíòåðåñóåò
òî÷íîñòü ïðåäñêàçàíèÿ ñàìà ïî ñåáå, ò.å. íóæíà íå
ìîäåëü, êîòîðàÿ ëó÷øå âñåõ óãàäàåò, êòî ïîëó÷èë
ëå÷åíèå, à ìîäåëü, êîòîðàÿ ïðàâèëüíî âûäàñò
âåðîÿòíîñòè (êàëèáðîâêà)

×àñòî èñïîëüçóþò ëîãèñòè÷åñêóþ ðåãðåññèþ ñ
ðåãóëÿðèçàöèåé êàê áàçîâóþ ìîäåëü
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TARNet

Treatment-Agnostic Representation Network (TARNet)

U. Shalit, F.D. Johansson, D. Sontag, Estimating individual treatment e�ect:

generalization bounds and algorithms // Proc. of ICML, 2017
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DragonNet

Íåéðîñåòü ñ òðåìÿ �ãîëîâàìè�: äëÿ ïðîãíîçà èñõîäà
áåç ëå÷åíèÿ (h0), äëÿ ïðîãíîçà èñõîäà ñ ëå÷åíèåì
(h1), äëÿ ïðîãíîçà ñêëîííîñòè (g).

C. Shi, D. Blei, V. Veitch. Adapting neural networks for the estimation of treatment

e�ects // Advances in NIPS, 2019.

Model parameters θ are trained with loss:

L =
1

n

n∑
i=1

[(
Q̂(ti , xi , θ)− yi

)2
+ αCE (ĝ(xi , θ), ti)

]
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VCNet (1)

VCNet (Varying Coe�cient Neural Network)
ðåøàåò çàäà÷ó îöåíêó ýôôåêòà, êîãäà ëå÷åíèå
ÿâëÿåòñÿ íåïðåðûâíûì (íàïðèìåð, ðàçíàÿ äîçà)

VCNet îáó÷àåò åäèíóþ íåéðîñåòü, ãäå âåñà ñåòè
ÿâëÿþòñÿ ôóíêöèåé îò äîçû ëå÷åíèÿ.

L. Nie et al. A VCNet and Functional Targeted Regularization For Learning Causal

E�ects of Continuous Treatments // arXiv:2103.07861, 2021.
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VCNet (2)

Ìîäåëü îáó÷àåòñÿ ñ ôóíêöèåé ïîòåðü:

L =
1

n

n∑
i=1

[
(µ(ti , xi)− yi)

2 +
α

n
log (π(ti | xi))

]
Äëÿ ðàçíûõ äîç t èñïîëüçóåòñÿ îäíà è òà æå
íåéðîñåòü, íî ñ ðàçíûìè ñïåöèàëüíî âû÷èñëÿåìûìè
âåñàìè θ(t).

×òîáû âåñà ìåíÿëèñü ïëàâíî, â VCNet îíè çàäàþòñÿ ñ
ïîìîùüþ ìàòåìàòè÷åñêèõ ñïëàéíîâ

π(t | x) - ýòî îáîáùåííàÿ ñêëîííîñòü (generalized
propensity score): äëÿ íåïðåðûâíîãî ëå÷åíèÿ ýòî
óñëîâíàÿ ïëîòíîñòü âåðîÿòíîñòè ïîëó÷èòü êîíêðåòíóþ
äîçó t ïðè äàííûõ ïðèçíàêàõ x

Êàê ðåàëèçîâàòü π(t | x)?
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VCNet (ìîäåëè äëÿ îáîáùåííîé ñêëîííîñòè)

Ïàðàìåòðè÷åñêàÿ ìîäåëü (íîðìàëüíîå
ðàñïðåäåëåíèå): T | X ∼ N (µπ(x), σ2

π(x))

Ãîëîâà ïðåäñêàçûâàåò 2 ïàðàìåòðà µπ(x), σ2π(x), à π -
ïëîòíîñòü ñ ýòèìè ïàðàìåòðàìè

Ñìåñü ãàóññèàí (Gaussian Mixture)

Íåïàðàìåòðè÷åñêèé (îöåíêà ïëîòíîñòè ÿäðîì)

Îáó÷åíèå - Maximum Likelihood (äëÿ êàæäîãî îáúåêòà
èçâåñòíà åãî äîçà ti)

Lπ =
n∑

i=1

log (π(ti | xi))
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Ìîäåëü TNW-CATE

TNW-CATE(Trainable Nadaraya-Watson regression for

CATE)

Êîíòðîëüíûå ïàöèåíòû C = {(x1, y1), ..., (xc , yc)}
Äëÿ êàæäîãî i èç {1, ..., c} îïðåäåëèì N ïîäìí-â Ci ,r ,
r = 1, ...,N , èç n ñëó÷-õ ïðèìåðîâ èç C\(xi , yi):

Ci ,r = {(x(r)1 , y
(r)
1 ), ..., (x(r)n , y (r)

n )}, r = 1, ...,N

Êàæäîå ïîäìí-âî Ci ,r ñ (xi , yi) îáðàçóåò îáó÷àþùèé
ïðèìåð äëÿ êîíòðîëüíîé ñåòè:

a(r)i =
(
x(r)1 , ..., x(r)n , xi , y

(r)
1 , ..., y (r)

n , yi
)

Òî æå ñàìîå ìîæíî ñäåëàòü äëÿ ëå÷. ïàöèåíòîâ

Konstantinov A.V., Kirpichenko S.R., Utkin L.V. Heterogeneous treatment e�ect with

trained kernels of the Nadaraya�Watson regression // Algorithms. 2023
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Ðåãðåññèÿ Íàäàðàÿ-Óîòñîíà

ỹ
(r)
i = g0(xi) =

n∑
j=1

α(xi , x
(r)
j )y

(k)
j ,

h̃
(s)
j = g1(zj) =

n∑
j=1

δ(zj , z
(s)
i )h

(s)
j

Âåñà âíèìàíèÿ:

α(xi , x
(r)
j ) =

K
(
xi , x

(r)
j

)
∑n

k=1 K
(
xi , x

(r)
k

) , δ(zj , z
(s)
i ) =

K
(
zj , z

(s)
i

)
∑m

k=1 K
(
zj , z

(s)
k

)
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Ìîäåëü TNW-CATE
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Îñîáåííîñòè TNW-CATE

Èñïîëüçóåò ðåãðåññèþ Íàäàðàÿ-Óîòñîíà, ãäå
îáó÷àåìûå âåñà âíèìàíèÿ ðåàëèçóþòñÿ â âèäå
íåéðîííûõ ñåòåé

Ïðåäïîëàãàåòñÿ, ÷òî îáëàñòè âåêòîðîâ ïðèçíàêîâ èç
ãðóïï êîíòðîëüíûõ è ëå÷åííûõ ïàöèåíòîâ àíàëîãè÷íû,
Ýòî äåëàåò ìîäåëü àíàëîãè÷íîé ìîäåëè transfer
learning

Â òåñòîâîì ðåæèìå äëÿ íîâîãî x ñåòü íå îáó÷àåòñÿ.
Ìíîæåñòâà c ïàð (x, x1), ..., (x, xc) è t pairs
(x, z1), ..., (x, zt) ïîäàþòñÿ íà âõîä ñåòè è âû÷èñëÿþòñÿ
âåñà âíèìàíèÿ â ðåãðåññèè Íàäàðàÿ-Óîòñîíà.
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Âåðîÿòíîñòü ïîëîæèòåëüíîãî ëå÷åíèÿ (IPTB)

Individual Probability of Treatment Bene�t
(IPTB):

Ψ(x) = Pr (Y1 > Y0 | X = x)

Ïðè óñëîâèè exchangeability è positivity, äàííûå èìåþò
óñëîâíûå ìàðãèíàëüíûå ðàñïðåäåëåíèÿ
F1(t | x) = Pr{Y1 ≤ t | X = x} è
F0(t | x) = Pr{Y0 ≤ t | X = x}
Íî ñîâìåñòíîå ðàñïðåäåëåíèå íå èçâåñòíî. Åãî ìîæíî
ïðåäñòàâèòü, èñïîëüçóÿ êîïóëó:
F0,1(y0, y1 | x) = Cθ,x (F0(t | x),F1(t | x))

Èñïîëüçóåì C (u, v) = u · v
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×òî ïðåäëàãàåòñÿ

Ïðåäëàãàåì òðþê: áåðåì (zi , hi) è (xj , yj) èç äâóõ
ðàçëè÷íûõ ãðóïï

äëÿ êàæäîé ïàðû îïðåäåëÿòü ýôôåêò ëå÷åíèÿ
(ïñåâäî-ìåòêè) ∆ij = hi − yj

Òîãäà çàäà÷à îïðåäåëèòü âåðîÿòíîñòü

p+(z, x) = Pr{∆ > 0 | Z = z,X = x}

èñïîëüçóÿ âñå ïàðû (zi , hi) è (xj , yj).
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×òî ïðåäëàãàåòñÿ
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Ðåøåíèå - ìåõàíèçì âíèìàíèÿ

Ðàññìàòðèâàåòñÿ çàäà÷à áèíàðíîé êëàññèôèêàöèè ñ
âåðîÿòíîñòÿìè

p+(z, x) =
∑

(l ,k)∈R+∪R−

a((z, x), (zl , xk)) · 1[∆lk > 0]

=
∑

(i ,j)∈R+

a((z, x), (zi , xj)) · 1

+
∑

(r ,s)∈R−

a((z, x), (zr , xs)) · 0

è ∑
(r ,s)∈R+∪R−

a((z, x), (zr , xs)) = 1
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Âåñà âíèìàíèÿ

Âåñà âíèìàíèÿ:

a((z, x), (zi , xj)) =
K ((z, x), (zi , xj))∑

(r ,s)∈R+∪R− K ((z, x), (zr , xs))

Äëÿ ãàóññîâà ÿäðà:

a((z, x), (zi , xj)) = softmax

(
−‖(z, x)− (zi , xj)‖2

τ

)
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Îáó÷åíèå ìîäåëè

Ôóíêöèÿ ïîòåðü

L(p |WQ ,WK ) = −
∑

(i ,j)∈R+

log
(
p+(zi , xj)

)
−

∑
(i ,j)∈R−

log
(
1− p+(zi , xj)

)
+ η

(
‖WQ‖2 + ‖WK‖2

)
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Îñîáåííîñòè ìîäåëè

Ìîäåëü îáõîäèò ïðîáëåìó îòñóòñòâèÿ
êîíòðôàêòè÷åñêèõ äàííûõ äëÿ îäíîãî ïàöèåíòà çà
ñ÷åò ôîðìèðîâàíèÿ ïàð íàáëþäåíèé è îöåíêè
ðàçíîñòè èõ èñõîäîâ ∆ij .

Ïîäõîä ýôôåêòèâåí â óñëîâèÿõ ìàëîãî ÷èñëà
ïðèìåðîâ â ëå÷åííîé ãðóïïå è çàäåéñòâóåò âñå
âîçìîæíûå ïàðû îáúåêòîâ äëÿ îáó÷åíèÿ.

Âåñà âíèìàíèÿ ïîçâîëÿþò ìîäåëè àäàïòèâíî
îöåíèâàòü âêëàä ðàçëè÷íûõ ïàð îáúåêòîâ â
çàâèñèìîñòè îò èõ ñõîæåñòè.
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Àíàëèç âûæèâàåìîñòè (Survival Analysis)

Àíàëèç âûæèâàåìîñòè ÿâëÿåòñÿ èíñòðóìåíòîì äëÿ
ìîäåë-ÿ äàííûõ òèïà �âðåìÿ äî íàñòóïëåíèÿ ñîáûòèÿ�.

Öåíçóðèðîâàííûå íàáëþäåíèÿ � ýòî ñëó÷àè, â
êîòîðûõ èçâåñòíî, ÷òî èíòåðåñóþùåå íàñ ñîáûòèå íå
ïðîèçîøëî â òå÷åíèå îïðåäåëåííîãî ïåðèîäà âðåìåíè,
îäíàêî òî÷íîå âðåìÿ åãî íàñòóïëåíèÿ îñòàåòñÿ
íåèçâåñòíûì.
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Ýëåìåíòû àíàëèçà âûæèâàåìîñòè (1)

Äàòàñåò: A = {(x1, δ1,T1), ..., (xN , δN ,TN)}. xi ∈ Rd ;

Âðåìÿ Ti ñîîòâåòñòâóåò îäíîìó èç äâóõ òèïîâ
íàáëþäåíèé çà ñîáûòèåì (íåöåíçóðèðîâàííîìó è
öåíçóðèðîâàííîìó);

Èíäèêàð öåíçóðèðîâàíèÿ δ = 1 äëÿ
íåöåíçóðèðîâàííûõ ñîáûòèé; 0 - äëÿ
öåíçóðèðîâàííûõ.

Öåëü: Ìîäåëü âûæèâàåìîñòè îáó÷àåòñÿ íà A, ÷òîáû
ïðåäñêàçûâàòü âåðîÿòíîñòíûå õàð-êè äëÿ íîâîãî
âåêòîðà x.
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Ýëåìåíòû àíàëèçà âûæèâàåìîñòè (2)

Ôóíêöèÿ âûæèâàåìîñòè (SF) S(t | x) = Pr{T > t | x}
- âåðîÿòíîñòü äîæèòèÿ äî t

Ôóíêöèÿ ðèñêà λ(t | x) = − d
dt

ln S(t | x) èíòåíñèâíîñòü
íàñòóïëåíèÿ ñîáûòèÿ â ìîìåíò t ïðè óñëîâèè, ÷òî äî
t ñîáûòèå íå ïðîèçîøëî

Êóìóëÿòèâíàÿ ôóíêöèÿ ðèñêà H(t | x) =
∫ t

0
λ(r | x)dr ,

H(t | x) = − ln (S(t | x))
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Ìîäåëè âûæèâàåìîñòè
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Êàê ñðàâíèâàòü ìîäåëè âûæèâàåìîñòè

C-index (Harrell et al. 1982) îöåíèâàåò âåðîÿòíîñòü,
÷òî ïðåäñêàçàííûå îæèäàåìûå âðåìåíà ñîáûòèé ïàðû
ïðèìåðîâ ïðàâèëüíî ðàíæèðîâàíû

C =

∑
(i ,j)∈J 1[T̂i < T̂j ]∑

(i ,j)∈J 1

Integrated Brier Score (IBS) îïðåäåëÿåòñÿ êàê:

IBS =
1

tmax

∫ tmax

0

E
[(

1 (Tnew > t)− Ŝ(t | xnew )
)2]

dt
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Òèïû ìîäåëåé âûæèâàåìîñòè

1 Ïàðàìåòðè÷åñêèå: èçâåñòíû çàêîíû ðàñïðåäåëåíèé

2 Íåïàðàìåòðè÷åñêèå: ìîäåëü Êàïëàíà-Ìåéåðà
(áåçóñëîâíàÿ), îöåíêà Áåðàíà (óñëîâíàÿ)

3 Ïîëóïàðàìåòðè÷åñêèå: ìîäåëü Êîêñà

H(t|x,b) = H0(t) exp
(
bTx

)
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Ñóùåñòâóþùèå ìîäåëè

Ñëó÷àéíûé ëåñ âûæèâàåìîñòè RSF (Ishwaran, Kogalur
2007); GBM Cox (Ridgeway 1999); GBM AFT (Barnwal
et al. 2022)

Survival neural networks (Chen et al., 2024)

Survival transformers (Arroyo et al. 2024, Hu et al. 2021,
Li et al. 2022, Zhang et al. 2025)
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Îöåíêà Áåðàíà (Beran estimator)

Ïóñòü t1 < t2 < ... < tn - óïîðÿäî÷åííàÿ ïîñëåä-òü âðåìåí,

S(t | x) =
∏
ti≤t

{
1− α(x, xi)

1−
∑i−1

j=1 α(x, xj)

}δi

α(x, xi) =
K (x, xi)∑n
j=1 K (x, xj)

Åñëè ãàóññîâî ÿäðî, òî

α(x, xi) = softmax

(
−‖x− xi‖2

τ

)
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CATE è àíàëèç âûæèâàåìîñòè

Ïðîáëåìà îöåíêè CATE: öåëåâàÿ ïåðåìåííàÿ - âðåìÿ
äî ñîáûòèÿ

Îïðåäåëåíèÿ CATE â àíàëèçå âûæèâàåìîñòè:

Ðàçíîñòü îæèäàåìûõ âðåìåí äî ñîáûòèé:

τ(x) = E {T1 − T0 | X = x}

Ðàçíîñòü ôóíêöèé âûæèâàåìîñòè:

τ(t, x) = S1(t | x)− S0(t | x)

Îòíîøåíèå ðèñêîâ:

τ(t, x) = h1(t | x)/h0(t | x)
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BENK: A new CATE model (training)

Idea: network representation of kernels in the Beran model

Kirpichenko S.R., Utkin L.V., Konstantinov A.V., Muliukha V.A. BENK: The Beran

Estimator with Neural Kernels for Estimating the Heterogeneous Treatment E�ect //

Algorithms. 2024
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BENK: A new CATE model (inference)

Inference for vector z :
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Surv-IPTB

D0 = {(xi , yi , ξi)}ci=1 , D1 = {(zj , hj , δj)}tj=1

Ψ(x) = Pr (H∗ > Y ∗ | X = x)

Ïðè óñëîâèè exchangeability è positivity, äàííûå îïðåäåëÿþò

ìàðãèíàëüíûå ðàñï-ÿ

FH∗(t | x) = Pr{H∗ ≤ t | X = x}
FY ∗(t | x) = Pr{Y ∗ ≤ t | X = x}

Ñîâìåñòíîå ðàñïðåäåëåíèå íå îïðåäåëåíî, íî ìîæåò áûòü

ïðåäñòàâëåíà ÷åðåç êîïóëó (copula) Cθ,x:

FH∗,Y ∗(h, y | x) = Cθ,x (FH∗(h | x),FY ∗(y | x))

Äëÿ ïàð èñïîëüçóåì íåçàâèñèìóþ êîïóëó C (u, v) = u · v .
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Ñëó÷àè ïîëîæèòåëüíîãî ýôôåêòà
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Ðàñïðåäåëåíèå âåðîÿòíîñòåé èíòåðâàëîâ
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Èñêîìàÿ âåðîÿòíîñòü

p+(z, x) =
∑

(i ,j)∈R+

a(z, x, zi , xj) · 1 +
∑

(l ,k)∈T +

a(z, x, zl , xk) · 1

+
∑

(v ,w)∈T −

a(z, x, zv , xw ) · [0, 1]

+
∑

(r ,s)∈C+
a(z, x, zr , xs) · [0, 1]

Âåñà âíèìàíèÿ:

a(z, x, zi , xj) =
K (z, zi) · K (x, xj)∑

(r ,s)∈G K (z, zr ) · K (x, xs)
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Soft ìåòêè

p+(z, x) =
∑

(i ,j)∈R+∪T +

a(z, x, zi , xj)+
∑

(r ,s)∈T −∪C+
a(z, x, zr , xs)·π(r ,s)

φi ,j = Pr {H∗ ≥ yj | H∗ > hi} =
S1(yj)

S1(hi)

ρi ,j = Pr {yj ≤ Y ∗ ≤ hi | Y ∗ ≥ yj} =
S0(yj)− S0(hi)

S0(yj)
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Ôóíêöèè ïîòåðü

L(R+ ∪ T +) = −
∑

(i ,j)∈R+∪T +

log
(
p+(zi , xj)

)
,

L(R− ∪ S−) = −
∑

(i ,j)∈R−∪S−
log
(
p−(zi , xj)

)
,

L(T −) = −
∑

(r ,s)∈T −

φrs log
(
p+(zr , xs)

)
,

L(C+) = −
∑

(r ,s)∈C+
ρrs log

(
p+(zr , xs)

)
,
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Ôóíêöèè ïîòåðü

L(Q−) = −
∑

(r ,s)∈Q−

(1− φrs) log
(
p−(zr , xs)

)
,

L(C−) = −
∑

(r ,s)∈C−
(1− ρrs) log

(
p−(zr , xs)

)
,

Ðåãóëÿðèçâöèè

L(W) = ‖WQ‖2 + ‖WK‖2,

L(π) =
∑

(r ,s)∈T −∪C+
π(r ,s) log

(
π(r ,s)

)
,
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Îò ñòàòè÷åñêîãî ëå÷åíèÿ ê äèíàìè÷åñêèì

ñòðàòåãèÿì

CATE îòâå÷àåò íà âîïðîñ: �×òî ëó÷øå: ïðåïàðàò À
èëè Á?�

Îäíàêî â ðåàëüíîñòè âðà÷è ïðèíèìàþò ðåøåíèÿ
ïîñëåäîâàòåëüíî, àäàïòèðóÿ òåðàïèþ ïîä
èçìåíÿþùååñÿ ñîñòîÿíèå ïàöèåíòà

Ôîðìàëüíàÿ ïîñòàíîâêà:

âðåìÿ: t = 0, ...,T
ñîñòîÿíèå: L(t) - âåêòîð ïîêàçàòåëåé ïàöèåíòà
(àíàëèçû, ñèìïòîìû) íà ìîìåíò âðåìåíè t
äåéñòâèå: A(t) - íàçíà÷åííîå ëå÷åíèå â ìîìåíò t.
èñõîä: Y - ôèíàëüíûé ðåçóëüòàò (íàïðèìåð,
âûæèâàåìîñòü)
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Öåëü

Öåëü: Îöåíèòü ýôôåêò íå îäíîãî ñòàòè÷íîãî
äåéñòâèÿ, à âñåé ïîñëåäîâàòåëüíîñòè ðåøåíèé
(äèíàìè÷åñêîãî ðåæèìà ëå÷åíèÿ) èëè îöåíèòü ýôôåêò

âñåé èñòîðèè ëå÷åíèÿ Ã(T ) = (A(0), ...,A(T )) íà Y

Íàïðèìåð, ìû õîòèì ñðàâíèòü äâå ñòðàòåãèè:

Íà÷èíàòü òåðàïèþ, åñëè L(t) < 200 (Ñòðàòåãèÿ d1)
Íà÷èíàòü òåðàïèþ, åñëè L(t) < 350 (Ñòðàòåãèÿ d2)

Ñëîæíîñòü: ðåøåíèå î ëå÷åíèè A(t) çàâèñèò îò

ïðåäûäóùåãî ñîñòîÿíèÿ L(t), êîòîðîå ñàìî çàâèñèò îò

ïðîøëîãî ëå÷åíèÿ. Ýòî ñîçäàåò âðåìåííîå ñìåøåíèå

(time-varying confounding)
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Ìåòîä: äèíàìè÷åñêàÿ ðåãðåññèÿ

Äèíàìè÷åñêèå ðåãðåñ. ìîäåëè îöåíèâàþò ýôôåêò,
�çàìîðàæèâàÿ� ñîñòîÿíèå ïàöèåíòà. Îòâåò íà âîïðîñ:
�Åñëè ó äâóõ ïàöèåíòîâ îäèíàêîâûé óðîâåíü ñàõàðà
(L(t)), êàê ïîâëèÿåò íàçíà÷åíèå èíñóëèíà íà èñõîä?�

Ìîäåëü äëÿ èñõîäà Y íà îñíîâå èñòîðèè ëå÷åíèÿ è
òåêóùåãî ñîñòîÿíèÿ:

E[Y | x,A(t), L(t)] = β0 +β1 ·x+β2 ·A(t) +γ ·A(t) ·L(t)

β1 = (β1,1, ..., β1,d), x = (x1, ..., xd)
T - ïðèçíàêè

β2 - ýôôåêò ëå÷åíèÿ ïðè L(t) = 0: êàê èçìåíèòñÿ
èñõîä Y ïðè ëå÷åíèè A(t) = 1 ïî ñðàâíåíèþ ñ
A(t) = 0 ïðè óñëîâèè L(t) = 0 (áàçîâûé ýôôåêò)
γ - äèí. ýôôåêò: êàê èçìåíÿåòñÿ ýô-òü ëå÷åíèÿ îò
òÿæåñòè ñîñòîÿíèÿ ïàöèåíòà
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Âåñà ïàöèåíòîâ (1)

Äëÿ êîððåêòíîé îöåíêè âåñà ïàöèåíòîâ ïåðåñ÷èòûâàþòñÿ ñ

ïîìîùüþ îáðàòíîé âåð-òè íàçíà÷åíèÿ ëå÷åíèÿ (IPW):

Âåñ(t) = 1/P(A(t) |èñòîðèÿ_ ïàöèåíòà)

Èñòîðèÿ_ ïàöèåíòà = {V , L(0),A(0), L(1), ..., L(t)}
Ñòðîèì ìîäåëü (ëîã.ðåãð.), êîòîðàÿ âûäàåò ÷èñëî â [0,1]

Âðà÷ ðåøàåò, íàçíà÷àòü ëè èíñóëèí (A(t) = 1) èëè íåò

(A(t) = 0). Ïî èñòîðèè ïàöèåíòà:

Ïàö.1: ñàõàð 15 ììîëü/ë è îí äèàáåòèê 10 ëåò, âåð-òü
íàçíà÷åíèÿ èíñóëèíà 0.95
Ïàö.2: ñàõàð 5.5 ììîëü/ë è îí ïðèøåë ñ ëåãêèì
ïðåääèàáåòîì, âåð-òü íàçíà÷åíèÿ èíñóëèíà 0.05
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Âåñà ïàöèåíòîâ (2)

Åñëè ìîäåëü ãîâîðèò, ÷òî íàçíà÷åíèå èíñóëèíà Ïàö.1 áûëî

ïðåäñêàçóåìî (0.95), òî åãî âåñ áóäåò 1/0.95 ≈ 1.05. Ïàö.
1 ïîëó÷àåò íåáîëüøîé âåñ, ò.ê. îí �òèïè÷íûé� äëÿ ñâîåé

ãðóïïû

Åñëè ìîäåëü ãîâîðèò, ÷òî íàçíà÷åíèå èíñóëèíà Ïàö. 2

áûëî ìàëîâåðîÿòíî (0.05), òî åãî âåñ áóäåò 1/0.05 = 20.
Ïàö. 2 ïîëó÷àåò áîëüøîé âåñ, ò.ê.îí �ðåäêèé ñëó÷àé�

(ïîëó÷èë èíñóëèí, õîòÿ ïî âñåì ïðèçíàêàì íå äîëæåí áûë

åãî ïîëó÷èòü)

Òàêèì îáðàçîì: Âåñ(t) ïîêàçûâàåò, íàñêîëüêî

�óäèâèòåëüíî�äëÿ ñòàòèñòèêè áûëî ðåøåíèå âðà÷à
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À ãäå âðåìÿ?

Ìîäåëü ñìîòðèò íà âñþ öåïî÷êó äåéñòâèé:

E[Y | x,A(T )] = β0 + β1 · x +
T∑
i=1

β2(t) · A(t)

+
T∑
i=1

γ(t) · A(t) · L(t)

Ìîäåëü ñóììèðóåò ýôôåêò êàæäîãî ïðèåìà ëåêàðñòâà
â êàæäûé ìåñÿö t.

Êîýôôèöèåíòû çàâèñÿò îò âðåìåíè, íàïðèìåð:

β2(t = 1) = −2 (â 1-é ìåñÿö ëå÷åíèå ñíèæàåò ðèñê)
β2(t = 6) = 0.5 (íà 6-é ìåñÿö ëå÷åíèå óæå íà÷èíàåò
âðåäèòü èç-çà ïîáî÷. ýôôåêòîâ)
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Èíòåðïðåòàöèÿ êîýôôèöèåíòîâ

β0 + β1 · x - áàçîâûé ýôôåêò∑T
i=1 β2(t) · A(t) - ýôôåêò ñàìîãî ëå÷åíèÿ∑T
i=1 γ(t) · A(t) · L(t) - äèíàìè÷. ýôôåêò

(ëå÷åíèå×ñîñòîÿíèå)
γ(t) ïîêàçûâàþò, êàê ñîñòîÿíèå ïàö-òà â ìîìåíò
ëå÷åíèÿ ìîäèôèöèðóåò ýôôåêò ýòîãî ëå÷åíèÿ

γ(t) < 0, òî ëå÷åíèå ýôô-íåå äëÿ ïàö-òîâ ñ âûñîêèì
L(t) (íàïðèìåð, âûñîêèé ñàõàð - ëå÷åíèå ñíèæàåò åãî

ñèëüíåå)

γ(t) > 0, òî ëå÷åíèå âðåäèò ïàöèåíòàì ñ âûñîêèì L(t)
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Q-Learning

Ïîèñê îïòèìàëüíîé ñòðàòåãèè ÷åðåç �îáðàòíóþ
èíäóêöèþ�

Åñëè äèíàìè÷åñêàÿ ðåãðåññèÿ îöåíèâàåò ýôôåêò
ïðàâèëà, òî Q-Learning èùåò îïòèìàëüíîå ïðàâèëî,
ìàêñèìèçèðóþùåå äîëãîñðî÷íûé âûèãðûø (èñõîä).
Îí ðàáîòàåò ñ êîíöà, èñïîëüçóÿ �ïñåâäî-èñõîäû�
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Q-Learning - àëãîðèòì

1. Øàã 2 (ïîñëåäíèé): Ñòðîèì ðåãðåññèþ,
ïðåäñêàçûâàþùóþ èñõîä Y íà îñíîâå èñòîðèè H2 è
ëå÷åíèÿ A2:

Q2(H2,A2) = β2H2,0 + ψ2 · A2

ψ2 - ýôôåêò ëå÷åíèÿ íà ïîñëåäíåì øàãå
H2,0 - ýòî âåêòîð ïðèçíàêîâ, ïîëó÷åííûõ èç èñòîðèè
ïàöèåíòà H2, íî áåç ó÷åòà ïåðåìåííîé ëå÷åíèÿ, ò.å.

β2H2,0 = β20 + β21x1 + ... + β2kxk ,

2. Ðàñ÷åò ïñåâäî-èñõîäà: Äëÿ êàæäîãî ïàöèåíòà
âû÷èñëÿåì, êàêîé ðåçóëüòàò îí ìîã áû èìåòü, åñëè áû íà
âòîðîì øàãå âûáðàë ëó÷øåå ëå÷åíèå:

Ỹ1 = max(Q2(H2,A2 = 0), Q2(H2,A2 = 1))
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Q-Learning - àëãîðèòì è èòîã

3. Øàã 1: Còðîèì ìîäåëü äëÿ Øàãà 1, ãäå ïðåäñêàçûâàåì
óæå íå Y , à âû÷èñëåííûé Ỹ1:

Q1(H1,A1) = β1H1,0 + ψ1 · A1

Ðåçóëüòàò: Íà îñíîâå ïîëó÷åííûõ êîýôôèöèåíòîâ ìîæåì
ñêàçàòü:
�Íàçíà÷àé ëåêàðñòâî ñåé÷àñ, åñëè Q1(A1 = 1) > Q1(A1 = 0)�.
Â Q-learning H(t) âñÿ èíôîðìàöèÿ, äîñòóïíàÿ äî
íàçíà÷åíèÿ ëå÷åíèÿ â ìîìåíò âðåìåíè t:

H(t) = {V , L(0),A(0), L(1),A(1), ..., L(t)}

çäåñü åñòü L(t) (òåêóùåå ñîñòîÿíèå, êîòîðîå âðà÷ âèäèò
ïðÿìî ñåé÷àñ), íî íåò A(t)
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Q-Learning - èòîã àëãîðèòìà

Ïðàâèëî: Íà îñíîâå ïîëó÷åííûõ êîýôôèöèåíòîâ ìîæåì
ñêàçàòü:
�Íàçíà÷àé ëåêàðñòâî ñåé÷àñ, åñëè
Q1(A1 = 1) > Q1(A1 = 0)�.
Â Q-learning H(t) - âñÿ èíôîðìàöèÿ, äîñòóïíàÿ äî
íàçíà÷åíèÿ ëå÷åíèÿ â ìîìåíò âðåìåíè t:

H(t) = {V , L(0),A(0), L(1),A(1), ..., L(t)}

çäåñü åñòü L(t) (òåêóùåå ñîñòîÿíèå, êîòîðîå âðà÷ âèäèò
ïðÿìî ñåé÷àñ), íî íåò A(t)
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Q-Learning, êîãäà ìíîãî ýòàïîâ

Äëÿ ëþáîãî øàãà t = 0, 1, ...,T Q-ôóíêöèÿ îïðåäåëÿåòñÿ
êàê:

Qt(H(t),A(t)) = E
[
Yt+1 + max

a
Qt+1(H(t + 1), a) | H(t),A(t)

]
H(t) - èñòîðèÿ äî íàçíà÷åíèÿ ëå÷åíèÿ íà øàãå t
A(t) - ëå÷åíèå, íàçíà÷åííîå íà øàãå t
Yt+1 - íàãðàäà (èëè èçìåíåíèå ñîñòîÿíèÿ) ìåæäó øàãàìè t
è t + 1 (îáû÷íî ýòî óëó÷øåíèå ñîñòîÿíèÿ èëè îòñðî÷êà
ïëîõîãî ñîáûòèÿ)
maxa - ìàêñèìóì ïî âñåì âîçìîæíûì âàðèàíòàì ëå÷åíèÿ
íà ñëåäóþùåì øàãå
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Q-Learning â îáùåì âèäå

Íà ïîñëåäíåì øàãå T ðåêóðñèÿ îñòàíàâëèâàåòñÿ, è
Q-ôóíêöèÿ îïðåäåëÿåòñÿ êàê ïðîñòîå îæèäàíèå
ôèíàëüíîãî èñõîäà:

QT (H(T ),A(T )) = E[Y | H(T ),A(T )]

Y - èòîãîâûé ðåçóëüòàò (íàïðèìåð, âûæèâàåìîñòü).

Q-ôóíêöèÿ íà øàãå t:

Qt(H(t),A(t)) = E
[
Rt + max

at+1

maxQt+1(H(t + 1), at+1) | H(t),A(t)

]
Rt - íåïîñðåäñòâåííàÿ íàãðàäà çà äåéñòâèå A(t)
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Q-Learning, ëèíåéíàÿ àïïðîêñèìàöèÿ

Äëÿ êàæäîãî øàãà t àïïðîêñèìèðóåì Q-ôóíêöèþ
ëèíåéíîé ðåãðåññèåé:

Qt(H(t),A(t)) = βtHt,0 + (ψt · Ht,1) · A(t)

Ht,0 - áàçîâûå ïðèçíàêè (ñîñòîÿíèÿ) íà øàãå t
Ht,1 - ïðèçíàêè, ñ êîòîðûìè ëå÷åíèå âçàèìîäåéñòâóåò
(îáû÷íî ýòî æå ñîñòîÿíèå)
βt è ψt - êîýôôèöèåíòû, êîòîðûå îöåíèâàåì îòäåëüíî
äëÿ êàæäîãî øàãà
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Q-Learning, àëãîðèòì äëÿ T+1 øàãîâ

Äëÿ t = T ,T − 1, ..., 0:

1 Åñëè t = T , öåëåâàÿ ïåðåìåííàÿ - Y (ðåàëüíûé
èñõîä).

2 Åñëè t < T , öåëåâàÿ ïåðåìåííàÿ -

Ỹt = max
a

Qt+1(H(t + 1), a)

3 Ñòðîèì ðåãðåññèþ:

targett = βtHt,0 + (ψt · Ht,1) · A(t) + εt

4 Íàõîäèì βt è ψt ìåòîäîì íàèìåíüøèõ êâàäðàòîâ
5 Ïåðåõîäèì ê ñëåäóþùåìó t (â îáðàòíîì ïîðÿäêå)
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Q-Learning, ïðèìåð (1)

Áîëåçíü: Ðàê ìîëî÷íîé æåëåçû

Èñõîä: Ðàçìåð îïóõîëè ÷åðåç 9 ìåñÿöåâ. Ìåíüøå -
ëó÷øå

Òðè ýòàïà ëå÷åíèÿ (êàæäûå 3 ìåñÿöà):

t=0 (0 ìåñ): Äèàãíîñòèêà. Èçìåðÿåì ðàçìåð îïóõîëè
L(0). Ðåøåíèå: íàçíà÷àòü ëè õèìèþ A(0) ∈ {0, 1}
t=1 (3 ìåñ): Èçìåðÿåì L(1). Ðåøåíèå: A(1)
(ïðîäîëæàòü õèìèþ èëè íåò)
t=2 (6 ìåñ): Èçìåðÿåì L(2). Ðåøåíèå: A(2) (õèìèþ
èëè íåò)
t=3 (9 ìåñ): Ôèíàëüíûé ðàçìåð îïóõîëè Y .
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Q-Learning, ïðèìåð (2)

Äàííûå ïàöèåíòêè M
t=0 L(0) (ðàçìåð îïóõîëè) 45 ìì

t=0 A(0) (õèìèîòåðàïèÿ?) 1 (äà)

t=1 L(1) 35 ìì

t=1 A(1) 1 (äà)

t=2 L(2) 25 ìì

t=2 A(2) 0 (íåò, ïåðåøëè íà ãîðìîíû)

t=3 Y(ôèíàëüíûé ðàçìåð) 28 ìì
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Q-Learning, ïðèìåð (3)

Øàã 1. Îöåíêà Q-ôóíêöèè äëÿ t = 2 (ôèíàë)

Îáó÷àåì ìîäåëü íà ïàöèåíòàõ, äîñòèãøèõ ñîñòîÿíèå 2:

Y = β20 + β21 · L(2) + ψ2 · A(2) + ε2

Ïîñëå îáó÷åíèÿ: β20 = 5, β21 = 0.8, ψ2 = −6

Äëÿ ïàöèåíòà M ñ L(2) = 25:

Q2(H2,A2 = 0) = 5 + 0.8 · 25 + (−6) · 0 = 25

Q2(H2,A2 = 1) = 5 + 0.8 · 25 + (−6) · 1 = 19

target1 = min(Q2(·, 0),Q2(·, 1)) = min(25, 19) = 19

Èíòåðïðåòàöèÿ: Åñëè áû íà ýòàïå 2 ïðîäîëæèëè õèìèþ,

òî ê 9-ìó ìåñÿöó ðàçìåð îïóõîëè ìîã áû ñòàòü 19 ìì
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Q-Learning, ïðèìåð (4)

Step 2. Îöåíêà ìîäåëè äëÿ t = 1

Èñïîëüçóåì target1 êàê âûõîä:

target1 = β10 + β11 · L(1) + ψ1 · A(1) + ε1

Äëÿ ïàöèåíòà M ñ L(1) = 35,A(1) = 1:

19 = β10 + β11 · 35 + ψ1 · 1 + ε1

Ïîñëå îáó÷åíèÿ: β10 = 2, β11 = 0.5, ψ1 = −4

Ïðåäñêàçàíèå ìîäåëè äëÿ ïàöèåíòêè M:

Ỹ = 2 + 0.5 · 35 + (−4) · 1 = 15.5

Îøèáêà: ε1 = target1 − Ỹ = 19− 15.5 = 3.5
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Q-Learning, ïðèìåð (5)

Øàã 3. Âû÷èñëåíèå target0äëÿ t = 0

Ïîäñòàâëÿåì îáà âàðèàíòà ëå÷åíèÿ íà ýòàïå 1 äëÿ

ïàöèåíòêè M:

Q1(H1,A1 = 0) = 2 + 0.5 · 35 + (−4) · 0 = 19.5

Q1(H1,A1 = 1) = 2 + 0.5 · 35 + (−4) · 1 = 15.5

Áåðåì ìèíèìóì (ò.ê. ìåíüøèé ðàçìåð îïóõîëè ëó÷øå):

target0 = min(19.5, 15.5) = 15.5

Èíòåðïðåòàöèÿ: Åñëè áû ìû íà÷àëè õèìèîòåðàïèþ ñ

ñàìîãî íà÷àëà è ïðîäîëæèëè åå íà ýòàïå 1, òî ê 9 ìåñÿöàì

ðàçìåð îïóõîëè ìîã áû ñòàòü 15.5 ìì
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Q-Learning, ïðèìåð (6)

Øàã 4. Îöåíêà ìîäåëè äëÿ t = 0:

target0 = β00 + β01 · L(0) + ψ0 · A(0) + ε0

Äëÿ ïàöèåíòêè M ñ L(0) = 45,A(0) = 1:

15.5 = β00 + β01 · 45 + ψ0 · 1 + ε0

Ïîñëå îáó÷åíèÿ: β00 = 1, β01 = 0.3, ψ0 = −2

Ïðåäñêàçàíèå:

Ỹ = 1 + 0.3 · 45 + (−2) · 1 = 12.5

Îøèáêà:

ε0 = target0 − Ỹ = 15.5− 12.5 = 3.0
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Q-Learning, ïðèìåð (7)

Ðåçóëüòàòû äëÿ ïàöèåíòêè M
t targett Êàê ïîëó÷åí Ïðåäñêàçàíèå Îøèáêà

εt
t = 2 Y = 28 Actual tumor size - -
t = 1 19 min(Q2(0),Q2(1)) 15.5 3.5
t = 0 15.5 min(Q1(0),Q1(1)) 12.5 3.0
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Q-Learning, ïðèìåð (8)

Ïðèìåíåíèå ê íîâîé ïàöèåíòêå

Ïóñòü íîâàÿ ïàöèåíòêà èìååò L(0) = 60 ìì.
Ïîäñòàâëÿåì â ìîäåëü äëÿ t = 0:

Q0(A0 = 0) = 1 + 0.3 · 60 + (−2) · 0 = 19

Q0(A0 = 1) = 1 + 0.3 · 60 + (−2) · 1 = 17

Òàê êàê 17 < 19, ðåêîìåíäóåì õèìèîòåðàïèþ íà
ñòàðòå
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Weighted Q-Learning

Ïðèìåíÿåòñÿ, ÷òîáû ñäåëàòü àëãîðèòì áîëåå óñòîé÷èâûì ê
èñêàæåíèÿì â íàáëþäàåìûõ äàííûõ

Äâîéíàÿ óñòîé÷èâîñòü (Double-Robustness):
âçâåñèòü êàæäîå íàáëþäåíèå ñ ïîìîùüþ îáðàòíîé
âåðîÿòíîñòè íàçíà÷åíèÿ ëå÷åíèÿ (Inverse Probability of
Treatment Weighting, IPTW)

Ïàöèåíòó ïðèñâàèâàåòñÿ âåñ 1/P(A(t) | Èñòîðèÿ) òàê,
÷òî �ðåäêèå� ñëó÷àè (ïàöèåíòû, êîòîðûå ïîëó÷èëè
íåñòàíäàðòíîå äëÿ ñåáÿ ëå÷åíèå) èìåþò áîëüøèé
âêëàä â îáó÷åíèå

Doubly-robust: (1) ìîäåëü íàéäåò ïðàâèëüíóþ
îïòèìàëüíóþ ñòðàòåãèþ ëå÷åíèÿ, äàæå åñëè îøèáëèñü
â ïîñòðîåíèè Q-ôóíêöèè; (2) îøèáêè â ìîäåëè âåñîâ
áóäóò êîìïåíñèðîâàíû, åñëè ìîäåëü èñõîäà âåðíà
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Ñïàñèáî çà âíèìàíèå

?
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