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AHoTalifn

Y pobomi docriodceno eniue ioenmugixosanocmi npuyuUHHOT MOOeNi HA pe3yabmamu GIOHOGNEHHS NPONYUJeHUX
OaHux ma OyiH6anHs npuduHHuUX eghexmis. Ilposedeno cepito 0OYUCTIOBANLHUX EKCNEPUMEHMIE 13 BUKOPUCTHANWHAM
KIACUYHUX MemoOi8 IMIYymayii ma CmpyKmypHUX NpUduHHuUx mooeieu. Pozenanymo sk iOenmuixosani, max i
Heldenmu@iko8ani noCmMaHosKu 3a0a4 y cenci meopii NPUYUHHO20 usedenst . Ompumani pes3yibmamu y32004CyiombCs
3 MeopemutHuUMU NOJIONCEHHIMU NPUHUHHO20 AHANI3Y MA NOKA3YI0Mb, WO 34 6I0CYMHOCHI I0eHmMuUikoeanocmi
O0OHAKOBI CNOCMEePedCYB8aHi OAHL MONCYMb BIONOSLOAMU PIZHUM NOBHUM MOOCSIM, U0 NPU3E00UMb 00 HeOOHOZHAYHOCII
nio wac 6iOHOGAEHHs NPONYWEHUX 3HAUCeHb MA IHMePNpemayii NPUYUHHUX 36 513K16.

Koarouosi ciioBa: npuynHHMEN aHai3, NporyiieHi AaHi, izeHTudikoanictb, MNAR, npuunnHHMiA edeKT, TaTeHTHUI
KoH(ayH/ep, IMITyTallis.

Abstract

This paper investigates the influence of causal model identifiability on missing data recovery and causal effect
estimation. A series of computational experiments using classical imputation methods and structural causal models was
conducted. Both identifiable and non-identifiable settings were analyzed within the framework of causal inference theory.
The results obtained are consistent with established theoretical principles of causal analysis and illustrate that identical
observable data may correspond to different complete-data models, leading to ambiguity in missing value reconstruction
and causal interpretation [1, 3, 9].
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Introduction

Missing data recovery is a fundamental task in statistical analysis, machine learning, and data science. A
wide range of imputation methods are employed for this purpose, including mean substitution, regression
imputation, and k-nearest neighbor algorithms [1, 2]. In most applied studies, the primary focus is on algorithm
selection and recovery accuracy.

At the same time, within the framework of causal analysis, the property of identifiability plays a critical
role. A model or causal parameter is considered identifiable if it can be uniquely determined from observational
data given the accepted assumptions [3, 4]. In the absence of identifiability, multiple different models may be
equally consistent with the observations yet lead to different conclusions regarding missing values or causal
relationships [3, 5].

In particular, the missing data problem can be interpreted as a causal inference task with hidden variables,
where the missingness mechanism (MAR/MNAR) determines the possibility of identification [1, 8, 10].

The aim of this work is to experimentally investigate the influence of identifiability on the feasibility of
missing data recovery and causal effect estimation.

Research Results

A series of computational experiments was conducted with samples of N=2000 observations and 30
independent replications of each experiment. Situations corresponding to both identifiable and non-identifiable
causal models were considered within the framework of structural causal models (SCM) [3, 7].

Figure 1 presents a summary of the obtained results.

The first panel illustrates the MAR (Missing At Random) missingness mechanism within Rubin’s
formalism [1]. For this scenario, regression imputation yielded a mean error of MSE =0.52140.020, and the
k-NN method yielded MSE = 0.634+0.026. The low variance of estimates across independent runs indicates
the existence of a practically unique solution under the given identifiability assumptions regarding the
missingness mechanism [1, 10].

The second panel illustrates the MNAR (Missing Not At Random) case, which in general is non-identifiable
without additional assumptions [1, 8]. Two different complete data distributions were constructed that
generated statistically indistinguishable observed samples. The Kolmogorov—-Smirnov test detected no



differences between the observable distributions (p =1.00), yet the Jensen—Shannon divergence between the
corresponding hidden parts of the distributions was JSD =(0.388. This is consistent with the fact that different
complete-data models can be empirically equivalent [3, 9].

The third panel addresses the effect of a latent confounder in structural causal models [3, 7]. Two models
with different true causal effects (o= 0.5 and o= 0.0) but the same joint distribution of observed variables were
examined. Despite the difference in true effects, the linear regression coefficient estimates were statistically
indistinguishable (0.745+0.019 vs. 0.748+0.016, p=0.536), demonstrating the non-identifiability of causal
effects in the presence of hidden variables [3, 5].

The right panel provides an example of the causal direction identification problem for linear Gaussian
structural models. It is known that such models are often statistically equivalent in both causal directions [7].
The log-likelihood difference between the X—Y and Y—X models was ALL ~6-107'%, which is practically
zero and consistent with the theoretical model-equivalence result in the Gaussian case [7].

A. MAR Mechanism — Unique Recovery Solution B. MNAR Mechanism — Identical Y_obs, Divergent Y_miss
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C. Latent Confounder — Identical OLS, Different True Effects D. Causal Direction — Identical Joint Distribution, Two SEMs

Figure 1 — Examples of identifiable and non-identifiable problems of data recovery and causal analysis
Taken together, these results demonstrate that the complexity of the recovery task is determined not only
by the choice of algorithm, but also by the structural properties of the causal model and identifiability
conditions [3, 4, 9].

Conclusions

The conducted study demonstrates the consistency of computational experiment results with the theoretical
principles of causal analysis regarding the role of identifiability [3, 4].

For identifiable problems, stable missing data recovery results with low inter-run variability are observed
[1, 2]. For non-identifiable problems, the existence of multiple models that are equally consistent with the
observed data but correspond to different complete distributions or different causal interpretations is shown
[3, 9]

The obtained results do not indicate the superiority or inferiority of specific imputation algorithms, but
rather illustrate the fundamental role of identifiability conditions in missing data recovery and causal effect



estimation. Therefore, the analysis of model assumptions and verification of identifiability is a critically
important step in building causal models [3, 4, 10].
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