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2 Preliminaries & Problem Formulation
2.1 Observational Causal Inerence
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Figure 1: Overview of the use of PU learning as a preparatory step for causal estimation tasks that lack control groups.
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3 Methodology & Experimentation
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3.2 Experimental setups & data
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Figure 2: The causal graph Gg;,, serves as the data-generating
process for both linear and non-linear simulations.
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# Positives # Unlabeled

Evaluation Metrics

Dataset PU method Feature Set (true treated) # Spies controls  treated # Selected # Non-selected Control Control Contamination Treated
# Controls # Treated # Controls # Treated Recall  Precision Rate Leakage
1 1 11 1
SPY z ‘ ! .
. X 11 1 4 1
Linear 7 4 () 4 14 4 14 : ’
SPY+iSVM X 14 1 1
z 1 1 11 1
Non-li . X 1 4 1 “ ! 1 !
on-linear SPYSSYM 7z ) 11 1 141 1 1
+i X 44 4 1 1
7 1
) SPY % 4 4 1 4
Sowing z ) 11 1 4 1 1 4
SPY+iSVM X - 1 4
7z 4 4 4
sPY o ) 1 4 4
Fertilization z ) 1 1 4
SPY+iSVM % 1 1 4

Table 1: Summary of control group selection using SPY and SPY+iSVM across four datasets (Linear, Non-linear, Sowing,
Fertilization), evaluated with feature sets Z (adjustment set) and X (the most informative variables set about treatment).
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Tsoumas et al.

Causal Effect Estimation Methods

Dataset Control Units (treated, control) true effect PU Feature Set Linear Regression IPS weighting Matching T-Learner(RF)
ATE CI p-value ATE CI p-value ATE CI p-value ATE CI p-value
real controls (4 ) ®» rm 4 (44 ) 4 (414 ) 1 ( 141 1 4 ( 411)
SPY ( ) z 1 14) 1Q 411) 1 1( 4 ) 1 (1 )
Linear (4 414) X ( 1 ) 1( ) 1 ( ) 1 (4 )
. ( 14) z (1 ) 1114 ) 1 ( 4 ) 1 (141
SPY+iSVM (w4 4 9 X 1) T ) 1 4 ) 1 1 ( )
realcontrols ( 4 ) » rm 1 ( 14 ( 1 ) 1 (1 ) 1 (4 1 11)
SPY a ) zZ ( 1.4 ) (41 1 ) 1 (4 ) 1 1 1)
Non-linear (1 4 X 4 (1 ) (4 ) 1 1 ( ) 1 4 (1 1)
. 1) Z ' ( ) 4 ( 4) 1 o) 1 4
SPY+SVM (1 4) X 1 1 ( 14 1 (44 1 ) 1 (11 )
real controls ( 11) 4 (1 ) 41 (1 1) 1 44 @ ) (1 ) 4
SPY (1 ) zZ 11 (4 ) 1 (4 1 4 1 “ o (1) (14 )
Sowing (14 14) ”S X (1) noa 1) (41 ) (o)
. (4 4 1 (4 ) ( 4 (14 ) 1 ( )
SPHSVML () X « (1) « 0 « 0 1 o
realcontrols (4 ) » rm 11 ( ) 11 ( 4 4) ( 4 ) 114 (441 )
SPY « ) z ( ) 1 (1 4 1) 4 1T (11 4) 1 (1411 4)
Ferilization (%) 71 X (1 o4 (o4 1 « (1 ) 4 a4 ( 1)
. (4 ) A z 1 ( 1) 11 ( 14 1 (4 14) 1 4 ( 11)
SPY+iSVM (19 X 1 ( ) 1 (4 1) 4 4 ) 1 (1 14

Table 2: Effect estimation using treated units and (i) real control, (ii) retrieved reliable controls under various PU learning

methods, feature sets, and ATE estimation techniques.
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Figure 3: Propensity scores of 4 different combinations on linear experimental dataset

Sowing | Fertilization
Feature(s) name Variable/Vertex Source Set | Feature(s) name Variable/Vertex Source Set
o T vs  vg s rsow S Ly ~ Tas v ot ow( ) w
» » rw»z  » s per Sw e awpr oy m ( ey ‘)“ »
o s s
s s g S wmosar ms  wg Sww e _ s_ o E “) M
- v s oW sar wow
movs mowse w v Tws prpr s » s sw_rwpz  _x T Y Swow
. S wm sar
vomow Tps g row » S sams w osar w » ( ; N N
5 (ST 4 Py I »r s{ wss s_uss s S Ors x s( S Or aps
* 6 mr 6 »r P T4} s s PStwm P
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s» s s sw rs & »
. N Treatment v 1 N st |t T T Treatment Y ozr wmmw T
» (sown on recommended or not date) " » (apply or not fertilizer) »
1 Outcome J— . . . 2 . Outcome Sw v
(Yield) » -re -7 (produced biomass proxy for 2023-05-01 - 2023-06-30)

Table 3: Variables used for causal modeling in the sowing and fertilization case studies, categorized by their role (Z: adjustment
set, X: features set, T: treatment, Y: outcome) and source.
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Figure 4: Propensity scores of 4 different combinations on non-linear experimental dataset
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Figure 5: Propensity scores of 4 different combinations on experimental dataset regarding optimal sowing
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Figure 6: Propensity scores of 4 different combinations on experimental dataset regarding digestate fertilization application
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Figure 7: Interpretability and Model Comparison via SVM Coefficient Slope Chart for linear dataset
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Figure 8: Interpretability and Model Comparison via SVM Coefficient Slope Chart for non-linear dataset
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Figure 9: Interpretability and Model Comparison via SVM Coefficient Slope Chart for dataset regarding optimal sowing
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Figure 10: Interpretability and Model Comparison via SVM Coeflicient Slope Chart for dataset regarding digestate fertilization

application
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