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Abstract

Ensuring sustainability in the agri-food sector requires comprehensive data analysis. This
study examines missing data patterns in a large-scale survey of Italian agri-food compa-
nies within the Italian National Research Center for Technology in Agriculture (Agritech),
focusing on sustainability variables. The underlying idea is that failure to report a value
for these variables indicates low attention to sustainability. We employ graphical Ising
models to infer the conditional independence structure among missingness indicators and
fully observed farm characteristics, which are modeled as binary variables. The graph
structure is selected through node-wise logistic regressions with variable selection based
on a backward stepwise procedure guided by the Bayesian Information Criterion (BIC).
This approach enables the recovery of sparse and interpretable graphs while controlling
for model complexity. We are not interested in causal relationships between missingness
indicators and fully observed variables; rather, our focus is on the dependence structure
among these variables. The method is applied to the Agritech data, yielding both a national
graph and macro-regional graphs, as well as differential networks that highlight structural
differences between each macro-region and the national graph. These results provide new
insights into systematic patterns of missing data, offering a rigorous framework for im-
proving data quality in terms of completeness and reliability.

Keywords Agri-food sustainability - Graph learning - Ising graphical models - Missing
data

1 Introduction

The sustainability of agri-food systems is increasingly assessed through composite sets
of social, environmental, and economic indicators. International policy frameworks, most
prominently the European Green Deal (European Commission, 2019) and the UN 2030
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Agenda (United Nations, 2015), have accelerated the diffusion of indicator-based assess-
ment and disclosure along agri-food value chains. Within this policy framework, the Italian
Agritech Center (PNRR, 2022-2026) coordinates universities and research institutes through
a hub-and-spoke structure to align measurement practices with European and international
standards and to develop an integrated platform for data collection and analysis. Our study
is embedded in these activities, contributing an indicator-quality perspective focused on the
structure of non-response in sustainability surveys.

Sustainability assessment is best framed within the debate on how indicator systems can
capture the multidimensional nature of the phenomenon. A consistent stream of research
argues that the environmental, economic and social pillars should be assessed jointly and
complemented by governance, traceability, and disclosure mechanisms. These elements
shape the credibility of the resulting measures (Grimm, 2025; Liu et al., 2024). Indicator
sets that make interdependencies explicit improve comparability between heterogeneous
firms, while also remaining sensitive to managerial logics and territorial constraints (Gallo
et al., 2021; Poponi et al., 2022). Traceability systems, in particular, operate simultaneously
as verification channels and as observable proxies for process control. Their prominence
has been documented for both companies and consumers (Betti et al., 2024; Tessitore et al.,
2022). From this point of view, sustainability cannot be collapsed into a single bundle of
technical indicators. Rather, it calls for a comprehensive framework in which dimensions
are connected and assessed jointly (Betti et al., 2025). In addition to multidimensionality,
heterogeneity is a defining characteristic of the agri—food sector. Production chains differ
in biological cycles, quality conventions, and market structures, all of which shape the type
and salience of sustainability indicators (Banterle et al., 2006; Mania et al., 2018). Territorial
variations are equally consequential: infrastructural endowments, regulatory environments,
and market access alter the feasibility, costs, and verification of sustainable practices. Treat-
ing territorial differentiation as analytically primary reduces the risk of conflating structur-
ally distinct contexts and provides a substantive rationale for selecting separate network
representations at the macro-regional level (Betti et al., 2024).

To investigate these issues, a national survey of Italian agri-food enterprises was con-
ducted in 2024 using CATI/CAWI interviews with stratified sampling across Italian regions,
following established approaches in the sustainability literature (Do Canto et al., 2021;
Grimm et al., 2016; Ledn Bravo et al., 2021). The questionnaire covered more than 120
items, namely demographic and structural items and a broad set of sustainability prac-
tices that combine social, environmental, biodiversity, and economic domains. A common
issue in such surveys, which gather extensive quantitative data, is the presence of missing
responses. We are not interested in the non-response mechanism, nor do we assume any
specific missingness mechanism affecting the values of variables with missing data. Instead,
we focus solely on the presence or absence of missing records within the subset of selected
variables. Early diagnostics showed heterogeneous missingness: resource-intensive items
displayed much higher non-response than structural descriptors, motivating a closer, sys-
tem-level look at how missingness co-varies across items. Rather than treating missing data
as a limitation to be repaired ex post, we take a different perspective in which systematic
missingness is itself substantive, potentially reflecting salience, feasibility, or sensitivity
of sustainability items. Accordingly, our goal is to treat item non-responses as an informa-
tive signal and to examine whether systematic missingness in specific sustainability aspects
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helps identify groups of similar firms with different propensities to engage with, or report
on, sustainability dimensions. Our proposal relates to the framework of missingness graph
models (Mohan & Pearl, 2021), which assume a known causal graph, i.e., a known causal
relationship between observed variables and missingness indicators. However, unlike causal
uses of such graphs, we do not impose any a priori structure or attempt to identify causal
effects. Instead, we aim to infer from data the conditional independence structure among
missingness indicators and fully observed firm characteristics, using it as an indication of a
firm’s attention to sustainability.

We consider the class of the Ising graphical model (Ising, 1925), an undirected graphi-
cal model for binary variables. This model was originally introduced by Ising (1925) to
describe interactions among states in ferromagnetic solid materials. Here, we are on the
special case of the Ising model called graphical Ising model discussed by Ravikumar et al.
(2010), which is a parsimonious model for sets of binary variables. Exploiting the equiv-
alence of the Ising graphical model to node-wise logistic regressions (Ravikumar et al.,
2010), on the basis of a simulation study conducted to compare widely adopted estimation
strategies, we select the graph structure via a BIC-guided backward stepwise selection. This
approach allows us to analyze how the missingness indicators related to sustainability are
associated with firm characteristics. In addition, we can provide the same analysis for dif-
ferent populations. Interestingly, we select (i) a national graphical model summarizing the
structure of non-response across the full sample and (ii) macro-regional networks to capture
territorial differentiation. A significant by-product of this analysis is given by the differential
graphs, able to highlight the difference between the local and the national graph, in terms
of added or missing edges. This multi-group design recognizes the heterogeneity of Italian
agri-food systems and the territorial embeddedness of sustainability practices and reporting
frictions.

The proposed methodology’s contribution to social indicator research is threefold.

1. Indicator fragility diagnostics. Graphs reveal tightly connected clusters among opera-
tional items (e.g., energy and water use, revenues), suggesting shared reporting frictions;
by contrast, several compliance/organizational items form localized neighborhoods,
and some social indicators (e.g., women in management) appear structurally isolated.

2. Territory aware risk mapping. Macro-regional graphs and their differentials uncover
shifts in dependencies, e.g. stronger social and environmental coupling in some areas,
or narrower neighborhoods for revenue reporting in others, informing targeted data-
quality interventions.

3. A replicable workflow. The proposed method provides a transparent and reproducible
diagnosis of missingness dependencies. Assuming that non-response signals lower sus-
tainability attention, it identifies systematic patterns across missing indicators and firm
attributes, informing survey design and data-quality assessment. These elements align
with recent discussions on multidimensional assessment, traceability, and governance
in agri-food sustainability (Betti et al., 2024; Grimm, 2025; Liu et al., 2024).

The remainder of the paper is organized as follows. Section 2 describes the survey data and

methodological approach. Section 3 reports national and macro-regional results, including
differential networks. Section 4 concludes with some final remarks.
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2 Dataset and Methods
2.1 Data

In this study, we analyze data from the survey conducted in 2024 within the Agritech Cen-
ter. The original dataset covers 3, 002 agri-food enterprises and includes more than 120
structured items covering demographic, economic, environmental, and organizational
dimensions. We focus on the core section of the questionnaire, which is concentrated on
sustainability-related practices and structural characteristics of enterprises. Before defining
the analytical sample, we carried out an exploratory assessment of missing data. The results,
reported in Table 1, highlight the heterogeneity of non-response across items: environmen-

Table 1 Distribution of missing Variable description Missing Miss-
values for the core variables ™) ing
and 'the ori gina‘l data‘ from the (%)
Agritech questionnaire Water consumption 1752 58.36
Gas consumption 871 29.01
Cultivated land area 843 28.08
Diesel consumption 842 28.05
Electricity consumption 770 25.65
Annual revenue 703 23.42
Uncultivated land area 659 21.95
Renewable energy produced 654 21.79
Employees from EU countries 642 21.39
Farms providing employee benefits 563 18.75
Farms employing people with disabilities 563 18.75
Forested land area 551 18.35
Farms receiving subsidies 357 11.89
Certification costs 332 11.06
Employees from not EU countries 261 8.69
Employees under 25 years old 237 7.89
Women in managerial positions 235 7.83
Farms with product certifications 210 7.00
Farms using fertilizers 210 7.00
Farms supplying school canteen 210 7.00
Farms with rainwater collection systems 210 7.00
Farms with organic matter reintroduction programs 210 7.00
Farms with hedgerows delimiting fields 210 7.00
Farms reporting soil organic matter percentage 210 7.00
Farms with ponds or similar water bodies 210 7.00
Seasonal employees 178 5.93
Female employees 162 5.40
Male employees 162 5.40
Total number of employees 130 433
Soil organic matter percentage 82 2.73
Average age of machinery 26 0.87
Number of agricultural machines 7 0.23
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tal and energy-related questions exhibit the highest proportions of missing values, whereas
structural variables show almost complete coverage.

Within the set of variables subject to missingness, we consider a subset of variables that
might be informative for sustainability. For each of these variables, we construct a binary
missing indicator (see subsequent (10)) to represent the presence or absence of a response.
The selected variables describe environmental, economic, social, and biodiversity domains.
They include one land-use indicator (cultivated land area) and four measures of resource
consumption within the atmospheric domain: electricity, gas, diesel, and water. Additional
indicators refer to biodiversity and social aspects, namely the presence of rainwater col-
lection systems and the share of women in managerial positions. Finally, two economic
variables, annual revenue and the presence of product certifications, are also considered.

The set of fully observed variables includes binary indicators describing key structural
and organizational characteristics of the firms. They identify whether the respondent is the
owner, the firm belongs to a consortium, operates as a society or an enterprise, is family-
owned, plays a production role in the agri-food chain, has invested in renewable energy
plants, and is specialized in the wine sector.

For the analytical sample, we first exclude enterprises with excessive item non-response;
among the remaining cases, we further remove those that did not report the year of foun-
dation, yielding a final sample of n = 2689 units, divided geographically into the macro
regions North (ny = 1019), Center (nc = 801) and South and Islands (ns = 869). The
year of foundation is dichotomized at the 85-th percentile of its distribution (2015) and
retained as a fully observed structural variable. Table 2 summarizes the final set of variables
used in the empirical analyzes.

Table 2 Final set of variables in- Dimension Variable Label
cluded in the empirical analyzes

Variables subject to missingness

Soil Cultivated land area Ml

Atmosphere Annual electricity consumption M2
Annual gas consumption M3
Annual diesel consumption M4
Annual water consumption M5

Biodiversity & Society Rainwater collection systems M6
Women in managerial positions M7

Economy Annual revenue M8
Product certification M9

Fully observed variables

Firm characteristics Owner as respondent Y1
Consortia membership Y2
Farm type (Society/enterprise) Y3
Family business Y4
Production role Y5
Investment in renewable power Y6
plants
Operates in wine sector Y7
Year of foundation (dichotomized Y8
at 2015)
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2.2 Methods

Graphical models are a class of multivariate models that study the conditional indepen-
dence structure among variables (Lauritzen, 1996) and represent these independencies via a
graph G. Let Xy = (X1,..., X,) denote p random variables, and let G = (V, E) be a graph
where each node j € V' corresponds to a random variable X ;. Graphs may be undirected,
directed, or mixed, according to the permitted edge type. For this study, we adopt undi-
rected graphical models, also called Markov Random fields or Networks. Consequently,
E contains only undirected edges and the variables are considered on equal footing, with
no a priori causal ordering. Conditional independence corresponds to the absence of an
edge between two nodes, and it is encoded by the Global, the Local, and the Pairwise Mar-
kov properties. For instance, the Pairwise Markov property states that if (j, k) ¢ E, then
X; AL X | Xy\gj,k)- Here Xy g5y is the set of variables in 7 excluding X; and Xj.
Now, let ne(j) = {k € V : (j, k) € E} denote the set of neighbors of a node j. The Local
Markov property states that each variable is independent of all the other variables, condi-
tional on its neighbors, that is X; 1L X\ ({;}une(5)) | Xne(j)- We refer to Lauritzen (1996)
for further details on undirected graphical models.

For categorical variables, a model for the joint distribution of Xy is given by a hierarchical
log-linear model (Darroch et al., 1980). Denoting as Z the p-dimensional contingency table,
with cells ¢ = (¢1, . . ., tp) and probabilities p(¢), expected cell counts 1(¢) = np(e) satisfy

logu(t) = Y X)), Q)

aC{1,....,p}

where \%(.,) are interaction parameters of order |a|. In this setting, the conditional indepen-
dence X; 1L Xj, | Xy (4} holds whenever all interaction terms involving both j and & van-
ish. The saturated log-linear model corresponds to the complete graph, including interactions
of all orders up to p. Although conceptually appealing, this parameterization quickly becomes
infeasible in practice. The number of cells in Z grows exponentially with p, and even in the
binary case, the saturated log-linear model requires 2P parameters. As p increases, the contin-
gency table becomes extremely sparse, leading to unstable or undefined maximum likelihood
estimates (Banzato et al., 2025). This curse of dimensionality severely limits the applicability
of general log-linear models in high-dimensional survey data. To circumvent these difficul-
ties, one may restrict attention to models that retain only first and second-order interactions. A
natural choice in the binary case is the Ising graphical model (Ising, 1925; Ravikumar et al.,
2010). Let X; € {0,1} Vj=1,...,p, the joint distribution is specified as

P
P(Xy) o exp (Z 0;X; + Zt‘)ijij> ; 2

Jj=1 J<k

where X is a variable in Xy, §; its node-specific parameter and 60, = 0 if and only if
X; AL Xy | Xy g,k - This model can be seen as a special case of log-linear models where
only the two-way interaction terms are retained. As a result, the Ising graphical model

requires at most only ( 12) ) interaction parameters, providing a parsimonious but inter-

pretable representation of the dependence structure. However, direct likelihood-based
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estimation is computationally infeasible. The likelihood function is known only up to a
normalizing constant that involves a summation over all possible configurations of Xy, and
is therefore analytically intractable (Ravikumar et al., 2010).

To learn a sparse graph, we consider a node-wise regression approach to detect the neigh-
bor set of each variable (Ravikumar et al., 2010). Under sparsity of the graph and positivity
of the distribution assumptions, their estimation procedure consistently recovers each vari-
able neighborhood via the Local Markov Property. According to this procedure, for each
binary random variable X; € Xy  a logistic regression model is fitted treating X; as the
response variable and all other variables Xy\ ;;} as predictors

logit(P(Xji = 1[Xv\(51,6)) = Bjo + Bin Xui - - - Bii—1) X(5—1)e + B+ XG+1yi - - BinXpi  (3)

where 8; = (850, Bj1:- -5 Bi(j=1)> BiG+1) - - - Bjp) " is the vector of the regression coef-
ficients for the response X;, j = 1,...,p. The effectiveness of the node-wise selection
approach lies in the fact that 6, = 0 iff 8;;, = 0. Then, the conditional independence struc-
ture encoded by the Ising graphical model can be estimated by exploiting its equivalence
to a system of p logistic regressions (Ravikumar et al., 2010) of the kind shown in Eq. 3.

Several approaches have been proposed to learn the graph structure of an Ising model.
The most widely adopted methods are the eLasso (Van Borkulo et al., 2014), node-wise ¢;
-regularized logistic regression with model selection based on a K-fold cross-validation
(Hastie et al., 2009), node-wise stepwise backward logistic regression with model selection
based on the Bayesian Information Criterion (BIC), and node-wise logistic regression with
stability selection (Meinshausen & Biithlmann, 2010; Shah & Samworth, 2012).

In the eLasso (Van Borkulo et al., 2014), the estimation of the neighborhood set of a
node j is based on computing an ¢;-regularized logistic regression of X; on the rest of
the variables Xy (;}. The optimization procedure (Ravikumar et al., 2010) is performed
sequentially for each variable, and the regularized regression problem takes the form of the
following convex program

o~

Bj = grgﬂr;lin (B Xv 1) + AIBs T, 4)
j ERP—1

where A € R is a regularization parameter to be selected, and £(8; Xy\¢5}) is the rescaled
negative log-likelihood of the logistic regression model in (3). In the eLasso estimation pro-
cedure, the regularization parameter, determining the best set of neighbors, can be chosen
via the Extended Bayesian Information Criterion (EBIC) (Chen & Chen, 2008; Foygel et al.,
2010)

EBIC,, = —24(B;) + |E|log(n) + 2| E| log(p) (5)

where E(,/B?) denotes the maximized log-likelihood of a candidate model with parameter

estimate B;, |E| is the number of corresponding retained edges, and v € [0, 1] is a further
parameter related to the assumed sparsity level. The final estimated edge set E is determined

by applying the AND rule, i.e. an edge between nodes X ; and X, is included in Eifand only
if both the regression coefficients 5, and 8y are nonzero (Van Borkulo et al., 2014), that is

(k)€ E iff jeie(k) AND k€ ne()) (6)
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where ne(k) and ne(j) are the estimated neighborhood set of nodes & and j respectively.
Instead of relying on the EBIC for selecting the regularization parameter, a widely adopted
and theoretically grounded approach is represented by a K-fold cross-validation. The opti-
mal A can be determined using the one-standard-error rule (1-SE rule) (Hastie et al., 2009),
which selects the most parsimonious value of A within one standard error of the minimum
cross-validated error. The 1-SE rule takes a conservative stance, favoring sparser and more
stable solutions while maintaining comparable predictive adequacy.

As an alternative to /1 -regularized estimation, model selection can be performed using a
stepwise backward procedure guided by the BIC. For each node, the algorithm starts from
the saturated model including all possible predictors and proceeds iteratively by removing
one variable at a time whenever its exclusion leads to an improvement in the BIC value. The
elimination continues until no further improvement in the information criterion is achieved.
Since the estimation is performed separately for each node, the resulting neighborhoods are
not necessarily symmetric. To obtain the final estimated undirected graph, the individual
estimates are combined using the AND rule in (6).

Despite the use of regularization and model selection criteria, node-wise estimation may
yield unstable graphs, as small data perturbations may alter the set of selected edges. To
improve the robustness and reliability of the graph estimation procedure, Meinshausen and
Biihlmann (2010) propose, for Gaussian graphical models, a node-wise lasso procedure with
a stability selection step, which can be easily adapted to the case of graphical Ising models.
This method combines ¢; -regularized logistic regressions with subsampling to enhance the
stability of the estimated graphical structure, controlling for the expected number of falsely
selected variables, i.e., the per-family error rate (PFER). Now, let nAej\4( 7) denote the set of
selected neighbors of a given node obtained from a lasso regression with regularization
parameter A € R™ on a random subsample A C {1,...,n} of size [n/2] drawn without
replacement, where |-| denotes the floor operator, which returns the largest integer less
than or equal to the quantity in brackets. Data are repeatedly perturbed through subsam-

pling, and only variables with a high selection probability will be retained. Let Hi(K ),

j =1,...,p, be the probability distribution induced by subsampling that a subset of vari-

ables K C Xy (5} is included in the selected set nAei“( 7). Then, for a set A of values for the
regularization parameter A, the set of stable neighbors is defined as

ﬁéStable(j) _ {K . I}}gf\( ﬁg\(K) > T}a (7)

where 7 € (0, 1) is cut-off parameter related to stability. Under certain assumptions, Mein-
shausen and Biithlmann (2010) derived the upper bound of the per-family error rate

1 2
PFER < Iy
2r—1 p

®)

where g, is the expected number of selected variables across regularization levels. The
node-wise lasso with stability selection proceeds by repeatedly drawing random subsamples
without replacement, applying the node-wise lasso to each subsample, recording the fre-
quency with which each potential edge is selected, and retaining only those edges with
selection probability greater than 7. The AND rule in (6) is then applied across nodes.
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Shah and Samworth (2012) extends the stability selection procedure by Meinshausen and
Biihlmann (2010), proposing a complementary pairs stability selection (CPSS) procedure,
that modifies the subsampling scheme to form complementary pairs of disjoint subsamples.
Specifically, let {(Aap—1,Agp) : b=1,..., B} denote B complementary pairs of disjoint
subsamples of size |n/2 . The node-wise lasso is applied independently to each subsample.
Denoting with ﬁ% (X)) the proportion of times the variable X, is selected for the response
X across the 2B samples, the estimated neighbor set is

RCPSS () 1= (X, - ﬁ{B(Xk.) > 7}, )

where 7 € [0, 1], again, a cut-off parameter related to stability. Shah and Samworth (2012)
proved that for 7 € (%, 1] the PFER is also bounded with no need of Meinshausen and Biih-
Imann (2010) assumptions.

Brusco et al. Brusco et al. (2023), in their simulation study, showed that the stepwise
node-wise regression combined with the BIC attains accuracy comparable to that obtained
with the eLasso using BIC or EBIC selection criteria, while exhibiting higher specificity
and slightly lower sensitivity for smaller samples (n = 250, 500), and being computation-
ally more efficient for moderate to large sample sizes (n > 1000). To complement these
findings, we performed an ad hoc simulation study to compare the alternative estimation
procedures in a setting similar to ours. Since the underlying graph in our application is
expected to be relatively dense, we designed the comparison to include scenarios with
different levels of sparsity while keeping the same sample size (n = 2689) and the same
number of binary variables (p = 17). Simulation results, reported extensively in Appendix
A, indicate that the backward stepwise node-wise logistic regression guided by the BIC
consistently achieves high accuracy and strong specificity across all simulated scenarios.
In scenarios with lower and moderate sparsity, alternative methods occasionally exhibited
higher sensitivity, whereas the stepwise BIC approach provides the highest accuracy among
the methods. Based on the simulation results, the backward stepwise BIC-guided node-wise
estimation was selected for the empirical analysis, as it ensures stable and interpretable
structure learning given the sample size and dimensionality considered in this study.

3 Results

Since the underlying network is not expected to be highly sparse, the backward stepwise
node-wise logistic regression guided by the BIC is employed, following the simulation evi-
dence in Appendix A. We consider the data matrix Xy = {Y1,...,Ys, My,..., Mo}, where
Y ={Y1,...,Ys} is the set of fully observed variables and M = {M;, ..., Mg} is the set
of binary missing indicators (see Table 2). Each binary missing indicator M; = (M;;)?_;
is specified as

_ J 1, if X; is missing for unit ¢
M;ji = { 0, otherwise (10)

forallj ={1,...,9} € Mand ¢ = 1,...,n. In what follows, we report the graphs selected
for the Agritech dataset at both the national and macro-regional levels. To make comparisons
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across macro-regions easier, we use the same layout for all graphs. Appendix B provides
alternative visualizations with an ad hoc node arrangement that makes the relevant condi-
tional independencies more apparent. The same appendix also lists all local and selected
global conditional independence statements implied by the graphs, and the stability checks.

To facilitate reading of the selected graphs, we briefly recall the three Markov properties.
The pairwise property states that two variables whose nodes are not connected are condi-
tionally independent given all remaining variables. The local property states that each vari-
able is independent of all non-neighbors given its neighbors. The global property asserts that
if a subset of nodes S separates the subsets of nodes 4 and B (i.e., every path from a node 4
to a node in B needs to pass through a node in S), then the variables in 4 are independent of
the variables in B given those in S. These conditional independence statements are encoded
by the graph and hold simultaneously. They pertain to the joint distribution and to every
marginal and conditional distribution implied by the model.

3.1 National Level Graphical Model

We first select the graph structure at the national level (Fig. 1, selected adjacency matrix
is reported in Appendix B). Three features stand out. First, the missingness indicator for
women in managerial positions (M7) appears as a singleton in the national graph, suggest-
ing that non-response on this item follows a distinct mechanism that is not aligned with the
other missingness patterns captured by the model. Second, two compliance-related items,
rainwater collection systems (M6) and product certification (M9), form a self-contained pair
that is disconnected from the rest of the network. This indicates a circumscribed compli-
ance-related non-response mechanism that is largely unrelated to both firm characteristics
and other sustainability items. Notably, this separation persists across all macro-regional
graphs (Section 3.2). Third, the missingness indicators related to the atmospheric/techni-
cal domain, electricity (M2), gas (M3), diesel (M4), and water consumption (M5), form
a densely connected block, and annual revenue (M8) is closely tied to this same block.
This configuration suggests that non-response for these items tends to co-occur, consistent
with a shared reporting burden for technical, infrastructural, and economic quantities. Links

Fig. 1 Selected graphical model at
national level

@ Springer



Graphical Ising Models for Missing Data Patterns Detection in... Page 11 0of 28 40

between this technical block and fully observed firm characteristics are concentrated on a
small set of bridging variables, such as respondent role and a few structural firm attributes,
rather than being broadly distributed across all firm descriptors.

Overall, Figure 1 supports the view that item non-response is structured and domain-spe-
cific. A cohesive technical/economic missingness component, a narrow compliance compo-
nent, and an idiosyncratic mechanism for the social indicator M7. This modular structure
suggests that multiple non-response processes coexist in the survey, rather than a single
uniform missingness mechanism.

Summarizing, the most interesting conditional independencies implied by the selected
graphs are the following.

- M7 1 Xy\(um

— (M6, M9) 1L X\ {mr6,019)

_(M2,M3,M4,M5) 1L (Y2,Y3,Y5,Y7,Y8) | (M1, M8,Y1,Y4,YG6)
~(M2,M4,M5,M8) 1L (Y2,Y3,Y7,Y8) | (M1, M3,Y1,Y4,Y5 Y6)

_ M1 AL (M2, M3, M5, M6, M7, M8, M9,Y?2,Y3,Y4,Y6,Y8) | (M4,Y1,Y5,Y7)
~(M1,M4,M8) 1L (Y2,Y3,Y4,Y8) | (M2, M3, M5,Y1,Y5 Y6,Y7)

See Appendix B, Table 4) for other conditional independence statements.
3.2 Macro-Regional Level Graphical Models

In this section, we discuss the selected graphs at macro-regional level. For completeness, we also
report the differential network of the macro-regional specific graphs and the national graph. In
these differential networks, only the differences in the graph structure are reported to highlight
macro-regional specific behavior in terms of conditional dependencies and independencies.

We replicate the analysis at the macro-regional level (North, Center, South and Islands).
Figure 2 reports the selected graphs and the corresponding differential networks relative
to the national graph. Appendix B reports adjacency matrices and the implied conditional
independencies (Tables 5, 6 and 7). Below, we emphasize what is stable across territories
and what changes.

Two patterns are remarkably stable. Across all macro-regions, the compliance pair (M6,
M9) remains separated from the rest of the variables, and the atmospheric/technical miss-
ingness indicators (M2—MS5) remain tightly interconnected, indicating persistent co-miss-
ingness for technical items. Territorial differences mainly concern where the social indicator
M7 attaches, how strongly annual revenue missingness (M8) is embedded in the technical
block, and which firm characteristics serve as bridges between missingness and observed
firm attributes.

3.2.1 North Macro-Region
The selected network for the North, depicted in Fig. 2 (al), is sparser than the national graph,
with a clearer separation between the technical missingness block and the fully observed

firm characteristics (see the differential network in Fig. 2 (b1)). The compliance pair (M6,
M9) remains isolated.
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(b1) (b2) (b3)

Fig. 2 Selected graphical models for (al) North, (a2) Center, and (a3) South and Islands macro-regions.
Differential networks for the (b1l) North, (b2) Center, and (b3) South and Islands macro-regions. In each
differential network, blue edges indicate links present in the macro-regional graph but absent at the national
level, whereas red edges indicate links absent in the macro-regional graph but present in the national graph

A notable macro-regional feature concerns the social indicator, M7, that is no longer
isolated and connects to missingness in gas consumption (M3). This suggests that social
non-response in the North is more closely aligned with the technical reporting dimension
than at the national level. Once energy-related items and ownership structure are taken into
account, the non-response on the environmental and social indicators (M3, M5, M7) reflects
a self-contained reporting mechanism. Annual revenue missingness (M8) shows a more
restricted neighborhood than in the national graph, consistent with a more narrowly defined
economic reporting mechanism in the North. Overall, the differential network (Fig. 2 (b1))
indicates that several links involving organizational variables, for instance, the firm’s pro-
duction role, weaken or disappear, while the technical block remains the dominant structure
governing non-response.

We report here in detail some conditional independence statements and refer to Appendix
B Table 5.

- M7 1 X\ g7y | M3

— (M6, M9) 1L X\ {amr6,09)

(M2, M3, M4, M5, M7, M8) 1L (Y2,Y3,Y5,YT,Y8 M1)| (Y1,Y4,Y6)

_ M1 AL (M2, M3, M4, M5, M6, M7, M8, M9,Y2,Y3,Y4,Y6,Y8) | (Y1,Y5,Y7)
_ M8 AL (M1, M3, M5, M6, M7, M9,Y1,Y2,Y3,Y4, Y5 YT,Y8) | (M2, M4,Y6)
— (M3,M5,M7) 1L (M1, M6,M8,M9,Y1,Y2, Y3, Y5Y6,Y7,Y8)| (M2, M4,Y4)
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3.2.2 Center Macro-Region

Regarding the macro-region Center, the selected network, as shown in Fig. 2 (a2), con-
firms several conditional independencies that are present at the national level, with an iso-
lated compliance pair (M6, M9) and a strongly interconnected atmospheric/technical block.
However, the Center exhibits a stronger coupling between social and environmental miss-
ingness: the social indicator M7 attaches to the technical domain via water consumption
missingness (M5). In addition, annual revenue missingness (MS) is linked to a small set
of technical and organizational variables, suggesting a clearer bridge between economic
reporting difficulties and specific aspects of firm organization. Compared with the national
graph, the respondent role shows a reduced centrality in shaping missingness patterns, while
new links emerge among the missingness indicators themselves, pointing to a more inter-
nally structured environmental-social reporting mechanism in the Center.

Interestingly, missingness in women in managerial positions (M7), gas (M3), and water
(MS5) are jointly independent of the whole set of firm characteristics once electricity (M2),
diesel (M4), and annual revenue (MS8) are controlled, indicating an autonomous environ-
mental-social response mechanism. Missingness in cultivated land area (M1), together with
electricity (M2) and diesel (M4), appears to be jointly independent of certain firms char-
acteristics one conditioning on their neighbors set, suggesting that land-related reporting
is primarily explained by energy and size effects. Finally, firm age (Y8) and investment in
renewable power plants (Y6) are jointly independent from the rest of the variables once
electricity (M2) and consortia membership (Y2) are accounted for, highlighting that tech-
nological modernization and organizational maturity represent distinct aspects, weakly con-
nected to the main non-response mechanisms.

Annual revenue (M8) depends on electricity (M2), water (M5), and production role (Y5),
reflecting a more restricted neighborhood set than in the national graph. This suggests that
for the Center, economic reporting difficulties may be more closely related to technical
rather than structural aspects. Compared to the national graph (see Fig. 2 (b2)), the Center
exhibits a denser set of connections between social and environmental missingness indica-
tors, alongside a weaker role of the respondent type (Y1), year of foundation (Y8), and
investment in renewable power plants (Y 6) in shaping organizational dependencies. Overall,
the differential graph highlights new edges between social and environmental non-response
indicators, as well as the reduced role of firm characteristics in shaping dependencies.

In summary, in the central macro-region, social and environmental missingness indica-
tors show a stronger interdependence. The atmospheric domain indicators structure remains
densely connected, while M8 is linked to M2, M5, and Y5, indicating a bridge between tech-
nical reporting and firm characteristics. Respondent role (Y1), a strong hub at the national
level, is here connected only to the firm structure (Y3, Y4) and soil-related indicator (M1).
Accordingly, the key conditional independence statements are as follows.

- M7 1L Xy qar7,msy | M5
(M6, M9) 1L Xy (ar6,1m9}
(M2, M3, M4, M5, M7, M8) 1L (Y1,Y2,Y3,Y4,Y5 Y6,Y7) | (M1,Y5,Y8)
~ (M3, M5,M7) 1L Y | (M2, M4, M8)
(M1, M2, M4) 1L (Y3,Y4,Y6,YT) | (M3, M5, M8,Y1,Y2,Y5,Y8)
(Y6,Y8) UL Xon (yoysarzyay | (M2,Y2)
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— M8 AL (M1,M3,M4,M6,M7,M9,Y1,Y2, Y3, Y4, Y5 Y7,Y8)| (M2, M5, Y6)
3.2.3 South and Islands Macro-Region

The selected graph for the South and Islands macro-region, shown in Fig. 2 (a3), empha-
sizes a more modular structure. The social missingness indicator M7 again appears as an
isolated node, and the compliance pair (M6, M9) remains disjoint from the rest of the sys-
tem. The atmospheric/technical missingness block remains cohesive, but it becomes more
sharply separated from firm characteristics, with respondent role acting as the main bridge
between technical missingness and the remainder of the graph. Missingness in cultivated
land area (M1) is primarily associated with firm attributes in this macro-region, rather than
being embedded in the technical missingness block.

The structure of conditional independencies among electricity (M2), gas (M3), diesel
(M4), and water (M5) consumption remains the same, while annual revenue (M8) presents a
smaller neighborhood set. Interestingly, the set of variables formed by (M2, M3, M4, M5, M8)
appears to be jointly independent of the rest of the variables once conditioning on the respon-
dent role (Y1). This suggests the importance of the respondent type in this macro-region.

In summary, for the South and Islands, the selected network reveals clearer separa-
tion between domains, with a territorial configuration in which technical, compliance, and
organizational components operate through more distinct, weakly connected non-response
mechanisms (see Fig. 2 (b3)). The key conditional independence statements are as follows.
See Appendix B Table 7.

- M7 1 Xy\(um

— (M6, M9) 1L X\ {m6,0m9)

- (M2,M3,M4,M5,M8) 1L (M1,M6,M7,M9,Y2,Y3,Y4,Y5Y6,Y7Y8) | (Y1)
_ M1 AL (M2, M3, M4, M5, M6, M7, M8, M9,Y2,Y3,Y4,Y6) | (Y1,Y5,Y7,Y8)

4 Conclusions

Motivated by the idea that systematic non-response reflects structured signals rather than mere
noise, this study analyzed the missingness mechanism of a large-scale survey conducted in 2024
within the Agritech National research center. Our focus on sustainability supposes that non-
responses to specific questions can be driven by different attitudes towards sustainability. We
treat item non-responses as binary indicators and model their conditional independencies, along
with fully observed firm attributes, using undirected (non-causal) Ising graphical models. We
view non-response patterns as an indirect signal of firm-level propensity toward sustainability.

Unlike approaches that assume a known missingness graph or aim for causal identifica-
tion (Mohan & Pearl, 2021), we adopt an undirected Ising graphical model and infer the
graph from the data to explore conditional associations, and assess how the missingness
mechanism is related to attitudes towards sustainability. Estimation and graph selection use
node-wise logistic regressions with BIC-guided backward selection to learn the graph struc-
ture, without assuming sparsity. The approach is grounded in recent contributions to graph
structural learning (Maathuis et al., 2018; Ravikumar et al., 2010; Roverato, 2017; Van
Borkulo et al., 2014) and is validated through a Monte Carlo study.
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We first estimate our model at the national level and then replicate the analysis consider-
ing three Italian macro-regions: North, Center, and South and Islands. At all levels, missing-
ness in atmospheric indicators (electricity, gas, diesel, and water consumption) turned out
to be strongly interconnected. Interestingly, missingness indicators in compliance variables,
such as rainwater collection and product certification, are jointly independent of the other
variables. Non-response indicator on the presence of women in managerial roles appears in
general as a singleton, that is, it is both marginally and conditionally independent of all the
other variables. Consequently, allowing for macro-regional specificities, three distinct pat-
terns seem to link sustainability and missingness indicators. The first concerns atmospheric/
environmental sustainability (such as power and water consumption), which is linked to
power and water consumption and relates to economic return, and is connected to some firm
characteristics. The second pattern concerns active sustainability behaviors, such as aware-
ness of a firm’s certifications. The third pattern pertains to social sustainability and attitudes
toward gender equity in managerial roles. These last two patterns appear to be disjoint from
each other and from the other characteristics. These three distinct non-response patterns,
environmental, behavioral, and social, suggest that sustainability is a multifaceted phenom-
enon, characterized by different association structures with firm characteristics.

In our analysis, we estimate the graph structure for each of the three macro-regions inde-
pendently, refraining from imposing any structural similarity across macro-regions. When
the identification of a shared or partially shared structure is of primary interest, the three
graphs can instead be estimated jointly using multiple-graph models that allow for borrowing
of information across groups. For Bayesian formulations of joint graph learning, see Avalos-
Pacheco et al. (2025).

Importantly for a correct interpretation, we reiterate that our approach is intended to
characterize patterns of reporting behavior related to the sustainability dimensions covered
by the questionnaire. This should not be read as a claim about the underlying missingness
generating mechanism for the values of variables with missing data. Accordingly, the pro-
posed approach is not intended to identify a missingness mechanism in the formal sense
(MCAR/MAR/MNAR) or to guide for multiple imputation, which concerns the missing
values themselves rather than the missingness indicators.

Appendix A Simulation Study

The simulation study was conducted to identify the most appropriate selection procedure
for the empirical analysis, in a controlled setting calibrated to the empirical problem size
(n = 2689, p = 17). Three sparsity scenarios were considered, defined relative to the refer-
ence edge probability 7 = 2/(p — 1) = 0.125: high 7 = 0.0625, moderate 7 = 0.125, and
low m = 0.1875 sparsity levels. For each sparsity scenario, a single undirected ground-truth
random graph was generated using the R package huge, which allows the generation of
data from a multivariate normal distribution (0, ) with different graph structures. The
resulting ground-truth graphs corresponding to the three sparsity levels are shown in Fig. 3.

Denoting by 3; the variance—covariance matrix associated with the ground-truth graph,
we then performed 100 Monte Carlo replications in which data were sampled from a mul-
tivariate normal distribution A, (0,3,,;) and subsequently dichotomized by thresholding
each variable at zero to obtain binary observations.
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For each replication, the network structure was selected using the alternative estima-
tion strategies described in Section 2.2: i) node-wise ¢, -regularized logistic regression with
model selection based on the EBIC (IsingFit & EBIC); ii) node-wise ¢;-regularized logistic
regression with the regularization parameter A selected by 10-fold cross-validation using the
1-SE rule (Lasso & CV); iii) node-wise ¢;-regularized logistic regression combined with
stability selection (Lasso & SS); iv) node-wise ¢1-regularized logistic regression combined
with complementary pairs stability selection (Lasso & CPSS); and v) node-wise stepwise
backward logistic regression with model selection based on the BIC (Stepwise & BIC).
Specifically, the first strategy was implemented via the R package IsingFit with the tun-
ing parameter set to v = 0.25, as recommended by Van Borkulo et al. (2014). Strategies iii)
and iv) were implemented through the R package stabs with parameter choices following
the theoretical frameworks proposed by Meinshausen and Bithlmann (2010) and Shah and
Samworth (2012) respectively. Subsampling was performed without replacement on half-
size samples |n/2] with B = 100 resampling replicates under the subsampling scheme of
Meinshausen and Bithlmann (2010) and B = 50 under the CPSS variant. Following the rec-
ommendations of these authors, the selection probability threshold was fixed at 7 = 0.75,
the per-family error rate was controlled at PF'ER,,,,, = 1 providing a conservative upper
bound on the expected number of falsely selected edges.

Performance is summarized with standard metrics: sensitivity, specificity, and accuracy
calculated as

Sensitivity = __TP 11
ensitivity = TP PN (11)
TN
ity — — Y
Specificity TN - FP (12)
TP +TN
Accuracy = + (13)

TP + FP + TN + FN

where TP, FP, TN, and FN denote, respectively, the number of true positives, that is, the
number of true arcs correctly selected as present, false positives, true negatives, and false
negatives.

@ .7/

y N " Y
x11 ww (x8) x)

- @) ’Eg),/.v/ ‘wa/
(a) low (b) moderate (c) high

Fig.3 True graph structures used in the simulation study under the three sparsity levels: (a) low, (b) mod-
erate, and (c¢) high sparsity. Each graph represents the ground-truth conditional independence structure
corresponding to the specified edge probability
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Across the three sparsity scenarios, as reported in Table 3, all selection strategies exhib-
ited satisfactory overall performance, with accuracy levels remaining high throughout.
However, distinct patterns emerged across the methods, reflecting the inherent trade-off
between sparsity control and edge recovery. In the low-sparsity scenario, Stepwise & BIC,
Lasso & CV, and IsingFit & EBIC methods achieved high accuracy and perfect sensitiv-
ity, albeit at the cost of slightly reduced specificity. In contrast, stability-based procedures
(Stability & SS and Stability & CPSS) produced more conservative graphs, characterized
by nearly perfect specificity but markedly lower sensitivity, consistent with the theoretical
rationale of stability selection, which prioritizes controlling false positives over detecting
weaker connections. As sparsity increased, moving to the moderate and high sparsity sce-
narios, differences among methods became less pronounced, and all approaches achieved
very high accuracy and specificity. In the high-sparsity setting, the Stability & CPSS method
proves to be the best in terms of accuracy, while Lasso & CV and Stepwise & BIC per-
formed comparably, providing accurate and stable estimates of the underlying structure.
Taking into account these results, and since the empirical phenomenon under investiga-
tion is not expected to be excessively sparse, the Stepwise & BIC selection approach was
selected for the empirical analysis.

Table 3 Perf(l)rmgnce of alterna- Sparsity  Method Accuracy Sensitivity  Specificity
parsity EBIC (0.028) (0.000) (0.034)
os. For each metric, mean values
across 100 Monte Carlo replica- Lasso & CV 0912 1.000 0.893
tions are reported with standard (0.021) (0.000) (0.026)
deviations in parentheses Stability & SS  0.854 0.206 1.000
(0.008) (0.044) (0.000)
Stability & 0.891 0.408 0.999
CPSS (0.011) (0.059) (0.001)
Stepwise & 0.963 1.000 0.954
BIC (0.015) (0.000) (0.019)
moderate  IsingFit & 0.930 1.000 0.918
EBIC (0.025) (0.000) (0.030)
Lasso & CV  0.960 1.000 0.953
(0.017) (0.000) (0.020)
Stability & SS  0.904 0.347 1.000
(0.011) (0.072) (0.000)
Stability & 0.963 0.746 1.000
CPSS (0.005) (0.035) (0.001)
Stepwise & 0.972 1.000 0.967
BIC (0.012) (0.000) (0.014)
high IsingFit & 0.956 1.000 0.952
EBIC (0.014) (0.000) (0.016)
Lasso & CV  0.978 1.000 0.976
(0.012) (0.000) (0.014)
Stability & SS  0.960 0.510 1.000
(0.005) (0.064) (0.000)
Stability & 0.982 0.797 0.999
CPSS (0.007) (0.086) (0.003)
Stepwise & 0.979 1.000 0.977
BIC (0.010) (0.000) (0.011)
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Appendix B Supplementary Results

In this section, we provide supplementary results complementing Section 3. For each
selected graph, we report an alternative visualization of the selected network structure,
the corresponding adjacency matrix, and tables summarizing conditional independencies
according to the Local Markov property, along with a selection of the most relevant ones
according to the Global Markov property. The corresponding selected adjacency matrices
are denoted as A 1 for the national level, AC for the Center, A  for the North, and AS 1 for
the South and Islands macro-regional levels. Moreover, to assess the stability of the selected
graphs, we conducted a stability check. Specifically, for each territorial disaggregation, we
generated 1000 bootstrap resamples and re-estimated the graph using the nodewise stepwise
procedure. Table 8 reports the bootstrap mean accuracy, sensitivity, and specificity, with
standard deviations in parentheses, across the territorial levels.

Fig. 4 Different representation of
the national level selected graph

structure reported in Fig. 1. Blue
edges denote positive associa-

tions, red edges denote negative ( Y7 )
associations. Edges’ thickness "
corresponds to the strength of the

associations

M1 M2 M3 M4 M5 M6 M7 M8 M9 Y1 Y2 Y3 Y4 Y5 Y6 YT Y8

M1 /0 0 0 1 0 0 0 0 0 1 0 0 0 1 0 1 0

M2 0O 0 1 1 1 0 0 1 0 0 0 0 0 0 1 0 0

M3 0 1 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0

M4 1 1 1 0 1 0 0 1 0 1 0 0 0 0 0 0 0

M5 1] 0 1 1 1 0 0 0 1 0 0 0 0 1 0 0 0 0

M6 | 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0

M7 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

N M8 | 0 1 0 1 1 0 0 0 0 0 0 0 0 1 1 0 0
Anc= M9 | O 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0
Y1 1 0 0 1 0 0 0 0 0 0 0 1 1 0 1 0 1

Y21 0 0 0 0 0 0 0 0 0 0 0 1 0 0 0 1 1

Y31 0 0 0 0 0 0 0 0 0 1 1 0 1 0 0 1 0

Y4 0 0 0 0 1 0 0 0 0 1 0 1 0 0 0 0 1

Y5 1 0 0 0 0 0 0 1 0 0 0 0 0 0 0 1 0

Y6 | 0 1 0 0 0 0 0 1 0 1 0 0 0 0 0 0 1

Y7 1 0 0 0 0 0 0 0 0 0 1 1 0 1 0 0 1

Y8 \ 0 0 0 0 0 0 0 0 0 1 1 0 1 0 1 1 0

Fig.5 Adjacency matrix selected for the graph at the national level
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Fig. 6 Different representation of
the selected graph structure for
the North macro-region reported
in Fig. 2 (al). Blue edges denote
positive associations, red edges
denote negative associations.
Edges’ thickness corresponds to
the strength of the associations
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Fig. 7 Adjacency matrix selected for the graph of the North macro-region
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Fig. 8 Different representation of
the selected graph structure for
the Center macro-region reported
in Fig. 2 (a2). Blue edges denote
positive associations, red edges
denote negative associations.
Edges’ thickness corresponds to
the strength of the associations
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Fig. 9 Adjacency matrix selected for the graph of the Center macro-region
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Fig. 10 Different representation

of the selected graph structure @
for the South and Islands macro-

region reported in Fig. 2 (a3).

Blue edges denote positive @
associations, red edges denote

negative associations. Edges’ @

thickness corresponds to the
strength of the associations

M1 M2 M3 M4 M5 M6 M7 M8 M9 Y1 Y2 Y3 Y4 Y5 Y6 Y7 Y8
M1 /0 0 0 0 0 0 0 0 0 1 0 0 0 1 0 1 1
M2 0 0 1 1 1 0 0 1 0 0 0 0 0 0 0 0 0
M3 | 0 1 0 1 1 0 0 0 0 0 0 0 0 0 0 0 0
M4 0 1 1 0 1 0 0 1 0 1 0 0 0 0 0 0 0
M5 0 1 1 1 0 0 0 0 0 0 0 0 0 0 0 0 0
M6 | O 0 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0
M7 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
" M8 [ 0 1 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0
Asr= M9 | 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0
Y1 1 0 0 1 0 0 0 0 0 0 0 1 1 0 0 0 0
Y21 0 0 0 0 0 0 0 0 0 0 0 1 0 0 1 1 0
Y3] 0 0 0 0 0 0 0 0 0 1 1 0 1 0 0 0 0
Y41 0 0 0 0 0 0 0 0 0 1 0 1 0 0 0 0 0
Y5 | 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
Y6 | 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 1
Y7l 1 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0 0
Y8 \1 0 0 0 0 0 0 0 0 0 0 0 0 0 1 0 0

Fig. 11 Adjacency matrix selected for the graph of the South and Islands macro-region
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Tablt}a18 Stabil}iltyfofthe selected Territorial level Accuracy Sensitivity Specificity
graph across the four territo- National 0.93 (0.02) 0.82 (0.07) 0.95 (0.02)
rial disaggregation. For each

metric, mean values across 1000 North 0.92 (0.02) 0.86 (0.06) 0.94 (0.02)
bootstrap resamples are reported Center 0.93 (0.02) 0.87 (0.05) 0.95 (0.02)
with standard deviations in South & Islands 0.93 (0.02) 0.91 (0.06) 0.94 (0.02)

parentheses.
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