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» Abstract. The aim of this research was to develop a predictive model for agricultural investment success in Algeria’s
semi-arid cereal farming systems, with the view to guiding governmental policies on loan and subsidy allocation.
The research focused on semi-arid regions, where cereal farming was fundamental for food security and strategic
agricultural investment was crucial for enhancing outcomes and farm resilience. Utilising survey data from 198 farms
in Setif-Algeria, it was built seven composite asset dimensions and established farm typologies via multiple variate
analysis. A binary logistic regression model was developed to predict agricultural investment success. The logistic
regression model demonstrated a practical overall classification accuracy of 79.8%, with a R? of 0.358 and R? of 0.486.
Results indicated that “Technical Asset” was the strongest positive predictor of success (B=0.728, OR=2.072, p=0.002).
Some composite assets such as “Diversity of Farming”, “Connectivity”, and “Performance” were found to negatively
predict investment success, suggesting complex dynamics such as over-diversification or higher-risk schemes by well-
resourced farms. The results confirmed substantial structural differences between farm types, with large-scale farms
demonstrating significantly higher levels of biophysical, human, and diversification assets, reflecting stronger resource
capacity and adaptive potential. The developed predictive model showed strong explanatory and classification
performance, confirming the key role of technical capacity as a decisive factor in achieving successful investment
outcomes. The research gave a practical predictive framework for policymakers, enabling data-driven decisions to
optimise resource distribution, reduce the risks associated with public financing and ultimately foster more successful
agricultural investments, thereby strengthening sustainable cereal cropping and food security. These findings provided
policymakers with a data-driven screening tool to optimise the allocation of agricultural subsidies and loans, directly
strengthening food security in semi-arid regions
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» Introduction

In Algeria, cereal production formed the base of national
food security and was a core element of its sovereignty.
This staple crop was deeply rooted in the Algerian diet
and agricultural heritage, serving not only as a vital caloric
source for the population but also as a key economic and
social engine for rural communities. C. Baghdad (2022)
documented how the Algerian agricultural sector re-
mained structurally constrained by its limited contribu-
tion to economic diversification, with cereal farming si-
multaneously representing both a development priority
and a vulnerability, given its heavy dependence on rainfall
and public subsidies. Achieving self-sufficiency in cereal

productivity was therefore a paramount national objec-
tive, aiming to reduce reliance on unpredictable inter-
national markets and to protect the country from global
price fluctuations and supply chain disruptions. Algeria’s
food security remained approximately 70% dependent
on cereal imports, with food imports providing for near-
ly 75% of the population’s needs (Tanchum, 2021). This
structural import dependency exposed the country to
significant geopolitical and economic risks, making food
autonomy crucial for ensuring socio-economic stability
and preserving decision-making independence amidst
climatic and political uncertainties.
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However, the vast semi-arid regions of Algeria faced
significant challenges to sustainable cereal production.
C. Ingrao et al. (2023) identified irregular rainfall patterns
and substantial water scarcity as the primary biophysical
constraints on agricultural productivity in dryland sys-
tems, noting that competition over freshwater resources
between agricultural and non-agricultural users was in-
tensifying across the Mediterranean and North African
regions. S. Sharma et al. (2025) noted that this was com-
pounded by the fact that agricultural water consumption
already accounted for a disproportionately large share of
total freshwater use, placing mounting pressure on al-
ready depleted water systems. B. Golla (2021) emphasised
that frequent droughts further exacerbated the incidence
of crop failure and rural poverty, particularly among small-
holder farmers with limited adaptive capacity. A.R. Dz-
vene et al. (2025) conducted a comprehensive scoping
review of climate change challenges in arid and semi-arid
agri-food systems, concluding that the convergence of er-
ratic weather patterns, urban encroachment onto agricul-
tural land, and degraded soil conditions was progressively
undermining the productive potential of dryland farming
across Africa and the Mediterranean basin.

Agricultural investment in such environments was
therefore both urgent and inherently complex. R.B. Pick-
son et al. (2024) demonstrated that in developing agri-
cultural economies, private and public investment in
farming activities can serve as a powerful mechanism for
enhancing productivity and building long-term rural re-
silience, but only when investment decisions were aligned
with the specific resource endowments and constraints
of target farming systems. In semi-arid smallholder con-
texts across North Africa, the success of agricultural in-
vestments was strongly conditioned by pre-existing farm
asset structures, institutional support, and access to tech-
nical knowledge; factors that vary considerably across
farm types and agroecological zones. Despite these in-
herent constraints, semi-arid lands also offered genu-
ine prospects. Their vast area provided a foundation for
large-scale cereal cultivation, and with strategic invest-
ments in climate-resilient farming practices, these zones
possessed the capacity to boost national food reserves
and reduced Algeria’s chronic dependency on cereal im-
ports. PK. Thornton et al. (2018) demonstrated that in wa-
ter-scarce environments, the interaction between human
capital (knowledge and skills), social capital (networks
and institutions), and natural capital (land and water re-
sources) created synergistic effects that significantly in-
fluenced investment outcomes. R.B. Pickson et al. (2024)
demonstrated that agricultural investment was a crucial
catalyst for sustainable development, not only generating
employment and improving rural infrastructure but also
driving technology adoption and increasing agricultural
productivity. Their cross-regional analysis showed that
targeted private-sector investment, when complemented
by strong institutional support, yields the most sustained
improvements in food security outcomes.

However, agricultural investments in such environ-
ments carry risks and should be supported. For govern-
mental bodies and financial institutions, making informed
agricultural investment decisions was crucial but com-
plex (Blandford, 2007). The ability to predict investment
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success ex-ante was a critical missing link for efficient
resource allocation and effective policy design, as evi-
dence-based agricultural policies require careful scientific
knowledge transfer in governmental processes (El Ben-
ni et al., 2023). Academic work frequently examined iso-
lated factors influencing agricultural performance, such
as credit access or farmer education. Based on this theo-
retical framework, the study hypothesises that farms with
higher composite asset scores across multiple dimensions
will demonstrate significantly greater agricultural invest-
ment success compared to farms with concentrated asset
portfolios, and that the interaction between human and
technical asset dimensions will have a stronger predictive
effect on investment outcomes. This study aimed to devel-
op a predictive model of agricultural investment success
in semi-arid Algerian cereal farming using a multi-dimen-
sional asset-based approach. Specifically, the objectives
were: 1) to construct seven composite asset dimensions
capturing the key resource and capability profiles of ce-
real farms in Setif province; 2) to establish farm typolo-
gies based on these asset dimensions using multivariate
analysis; 3) to develop a binary logistic regression model
predicting investment success and identifying the most
influential asset predictors

» Materials and methods

Study area, sample, and data collection

The study was conducted in the Setif province of Algeria,
located on the high plateaus of the Northeastern part of
Algeria, a region strategically vital for national cereal pro-
duction in spite of its thought semi-arid climate. Setif
province was characterised by an average annual rainfall
of 458 mm (Rouabhi et al., 2019) with significant inter-an-
nual variability. Its agricultural landscape was dominat-
ed by rainfed cereal cultivation, primarily durum wheat,
combined with some livestock breeding. Figure 1 illustrat-
ed the geographical distribution of the seven municipali-
ties: Ain Sebt, Maouia, Dehamcha, Beni Aziz, Guelta Zer-
ga, El Eulma, and Bazer Sakra; from which the 198 farms
were sampled. The sampled municipalities were clustered
in two distinct geographical zones, reflecting potential
variations in agro-ecological conditions and agricultural
practices. The Northern cluster included Ain Sebt, Mao-
uia, Dehamcha, and Beni Aziz. This cluster might exhib-
it different climatic and topographic characteristics with
mountainous reliefs indicating a small scall farming. The
Southern cluster comprised Guelta Zerga, El Eulma, and
Bazer Sakran municipalities. The proximity of these mu-
nicipalities suggested a shared agro-ecological zone, char-
acterised by vast plains conducive to large-scale cereal
production. The distinct grouping of these municipalities
allowed the study to capture potential regional variations
in farm asset endowments and investment behaviours,
which might be influenced by localised environmental
conditions. This geographical distribution ensured that
the sample reflected the heterogeneity of farming systems
within the broader semi-arid cereal-producing landscape
in Setif. A structured survey was run to a randomly select-
ed sample of 198 farms primarily engaged in cereal pro-
duction. The sampling frame was derived from the Sétif
Provincial Agricultural Directorate registry of active farms
(Setif province, n.d.), ensuring a diverse representation of
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farm sizes and operational characteristics. The data col-
lection was conducted in April-May 2021. A limitation of
this study lain in the fact that this period corresponded to
a key stage in the agricultural cycle, when farmers were
actively engaged in production activities and were able
to provide accurate and up-to-date information on farm
operations and investment decisions. The data collection

instrument was a comprehensive questionnaire compris-
ing 56 questions across seven main sections, including
socio-demographic characteristics, farm structure and
land tenure, technical practices and equipment, access to
information and connectivity networks, performance in-
dicators, and details on agricultural investment activities
(including type, and perceived success or failure).
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Figure 1. Map of sampled municipalities in Sétif province, Algeria

Source: developed by the author

Variables of operationalisation

and composite dimension descriptions

The primary dependent variable, “Agricultural Invest-
ment Outcome”, was operationalised as a binary variable.
It was coded as “Success” (1) if the farmer reported hav-
ing undertaken an agricultural investment and perceived
it as having met or exceeded expectations, and “Failure”
(0) if the investment was undertaken but perceived as
having failed to meet expectations or resulted in a loss.
Only farms that reported agricultural investment activity
(n=84) were included in the predictive modelling phase,
focusing the analysis solely on the determinants of suc-
cess among investing farms. Seven independent com-
posite metrics (assets) were systematically constructed to
capture distinct dimensions of farm resources and capa-
bilities. Each composite was formed by aggregating rele-
vant standardised individual variables from the survey,
ensuring conceptual coherence and equal weighting of
underlying components. The “Biophysical Asset” aggre-
gated land area and livestock holdings to reflect the farm’s
natural productive base. The “Human Asset” combined
education, training, and labour variables to represent the
household’s knowledge and management capacity. The
“Diversity Asset” aggregated indicators of engagement in
multiple productive activities, reflecting the degree of in-
come diversification. The “Connectivity Asset” captured
institutional integration through variables measuring
access to advisory services, administrative relationships,
and associative membership. The “Technical Asset” re-
flected agronomic sophistication, drawing on variables
related to soil preparation, fertilisation, crop rotation, and
equipment mastery. The “Performance Asset” aggregated
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yield, economic outcomes, and resource potential indica-
tors to represent baseline farm viability. Finally, the “Con-
straint Asset” combined variables related to water deficit,
soil degradation, land fragmentation, and tenure issues to
quantify the structural risk burden faced by each farm. To-
gether, these seven composites form the independent var-
iable set used in the multivariate analyses and the binary
logistic regression model.

Given the mixed nature of the dataset, a general over-
view of descriptive statistics and t-test comparisons were
done to highlight the most important bodies of variation.
A standard Principal Component Analysis (PCA) was
performed on 198 farms. Then a Mixed Factorial Analy-
sis (MFA) was conducted on 84 farms having invested in
a new agricultural activity. MFA was suited for analysing
datasets containing both quantitative and qualitative
variables organised into distinct groups. Finally, a binary
logistic regression model was developed with the binary
Agricultural Investment Outcome (Success/Failure) as the
dependent variable with the 7 composite metrics as inde-
pendent variables. This model was selected for its suitabil-
ity in modeling dichotomous outcomes and its capacity to
produce interpretable Odds Ratios (OR) quantifying each
asset’s contribution to success probability. Model fit was
assessed using the Hosmer Lemeshow (HL) test, where
a non-significant result (p >0.05) indicated adequate fit,
while predictive performance was evaluated through
overall classification accuracy, and pseudo-R? coefficients
(Cox & Snell, 1989; Nagelkerke, 1991). The study was con-
ducted in accordance with the norms of The Declaration
of Helsinki (2013), statistical analyses were done by the
free RStudio software V.2024.12.1.




» Results and Discussion

Composite means by region and investment level.
Multivariate analysis and farm typology

The comparative analysis of composite asset means re-
vealed distinct profiles among farms, influenced by their
regional location and tendency to invest. Farms in El Eul-
ma, Guelta Zerga and Bazer Sakra municipalities with large
scale farming showed significantly superior “Biophysical
Assets” (average 81.07 vs. 18.80, p <0.001) compared to
those in small scale farming, in Ain Sebt, Beni Aziz, Deham-
cha and Maaouia municipalities, generally characterised
by a mountainous landscape (Table 1). This substantial dif-
ference underscored the intrinsic advantages of peri-urban
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zones, likely benefiting from more fertile lands and better
water access, crucial for cereal production in semi-arid. Si-
multaneously, “Diversity Asset” score was higher in large-
scale farming (average 3.17 vs. 1.72, p<0.001), suggesting
greater engagement in diverse agricultural activities, which
can enhance resilience (Nicol et al., 2015). “Human Asset”
also showed a significant advantage for large-scale farm-
ing (average 12.71 vs. 10.01, p<0.01), indicating potentially
higher education or more skilled labour. However, “Con-
nectivity Asset”, “Technical Asset”, “Performance Asset”,
and “Constraint Asset” do not significantly differentiate
these two regional farm types, implying these attributes
might be shaped by factors beyond geographical scale.

Table 1. Scores of composite assets by region and t-test equality of means

Biophycal = Human

Diversity Connectivity Technical Performance Constraint

Ain sebt 16.29 10.29 2.07 4.14 7.93 41.29 4.78
Beni aziz 21.75 9.67 2.30 3.87 6.77 37.80 5.99
S‘;;?&Siﬁzle Dehamcha 20.15 8.33 1.52 3.50 7.35 39.22 4.70
Maouia 17.00 11.78 1.00 4.56 7.56 30.33 3.92
Average 18.80 10.01 1.72 4.02 7.40 37.16 4.85
El-Eulma 63.51 14.74 2.53 3.74 8.21 31.32 6.91
Guelta-Zerga |  90.25 10.65 2.96 3.70 7.93 32.63 9.62
L?;%fnﬁflfgle Bazer-Sakra | 89.45 12.74 4.03 3.82 7.38 47.21 5.37
Average 81.07 12.71 3.17 3.75 7.84 37.05 7.30
Sig. (2-tailed) ok ** ok ns ns ns *
No 51.46 10.34 2.02 3.82 7.67 35.04 5.47
Investment Yes 53.45 11.26 3.16 3.71 7.36 41.47 7.46
undertaking
Sig. (2-tailed) ns ns *K ns ns Fokk ns

Note: levels of significance — *: p<0.05, **: p<0.01, ***: p<0.001, ns — not significant

Source: developed by the author

When examining farms according to whether or not
they have undertaken (Yes/No), the “Diversity Asset”
emerged as a highly significant discriminator, with invest-
ing farms demonstrating higher diversification (average
3.16 vs. 2.02 for non-investors, p <0.001). Diversification
acts as a safety shield, particularly for small farms, by en-
suring self-sufficiency and reducing reliance on single
crops or livestock (Kurdys$-Kujawska, 2016). This reinforced
the notion that diversified income streams provided the
financial stability necessary to undertake new invest-
ments. Similarly, “Performance Asset” was significantly
higher among investing farms (average 41.47 vs. 35.04 for
non-investors, p <0.001), indicating that current econom-
ic success and productivity were strong enablers of future

investment. Z. Ahmadirad (2024) noted that the integration
of technology and financial innovations was reshaping in-
vestment landscapes and became a critical factor in future
investment decisions. The other composites, including
“Biophysical Asset”, “Human Asset”, “Connectivity Asset”,
“Technical Asset”, and “Constraint Asset”, do not show sig-
nificant differences between investing and non-investing
farms, suggesting that, although important, they were not
the main distinguishing factors in the decision to invest
or not. PCA was conducted on the seven composite asset
dimensions to identify underlying patterns and reduce
data dimensionality. The eigenvalues indicated that the
first three dimensions were the most significant, with ei-
genvalues of 2.397, 1.517, and 1.035, respectively (Table 2).

Table 2. PCA eigenvalues, variance explained, and the quality representativenee of the most important dimensions

E Dimension 1 Dimension 2 Dimension 3

2.397 1.517 1.035

% of variance 34.24 21.67 14.79

Cumulative % of var 34.24 55.91 70.70
Asset loading ctr cos, loading ctr cos, loading ctr cos,
Biophysical 0.53 11.57 0.28 0.613 24.73 0.37 0.02 0.03 0.00
Human 0.759 24.04 0.58 -0.14 1.39 0.02 0.23 5.04 0.05
Diversity 0.51 10.96 0.26 0.698 32.07 0.49 -0.01 0.01 0.00
Connectivity 0.834 29.01 0.69 -0.32 7.15 0.11 0.01 0.02 0.00
Technical 0.754 23.74 0.57 -0.32 6.81 0.10 -0.13 1.55 0.02
Performance -0.01 0.00 0.00 0.53 18.41 0.28 -0.584 32.99 0.34
Constraint -0.13 0.68 0.02 0.38 9.42 0.14 0.790 60.36 0.62

Note: ctr — % of contribution, cos, — representativeness quality

Source: developed by the author
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Cumulatively, these three dimensions explained
70.70% of the total variance. This significant cumulative
variance indicated that a three-dimensional model ef-
fectively captures the primary data structure, allowing
for a parsimonious summary of the asset relationships.
This reduction was crucial for establishing robust farm
typologies, as it focused on the most relevant aspects of
farm asset profiles (Jolliffe, 2002). Dimension 1 (34.24%
of variance) was primarily defined by high positive
loadings from “Connectivity Asset” (0.834), “Human
Asset” (0.759), and “Technical Asset” (0.754). This di-
mension can be interpreted as a “Technical-Connec-
tivity Capacity” factor, highlighting farms with strong
social integration and technical adoption. Dimension
2 (21.7% of variance) was strongly associated with “Di-
versity Asset” (0.698) and “Biophysical Asset” (0.613),

suggesting a “Resource and Diversification” factor. This
indicated that farms with better resources often pursue
a wider range of activities. Dimension 3 (14.79% of var-
iance) was dominated by “Constraint Asset” (0.790) and
“Performance Asset” (-0.584). This factor differentiated
farms based on their ability to manage limitations and
achieve economic results, where higher constraints were
inversely related to performance. Other asset categories
have minimal influence on this dimension, indicating
that it isolated the trade-off between performance and
constraint assets. The biplot visually confirmed these
relationships, showing clear groupings of variables
along these principal axes, where three distinct varia-
ble clusters emerge. Constraint and performance assets
followed a third dimension, represented on the two-di-
mensional biplot (Fig. 2).
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Figure 2. PCA factorial map showing the contribution of composite dimensions

Source: developed by the author

The clear variable separation with distinct contri-
bution patterns validated the PCA approach, though the
55.9% explained variance suggested additional compo-
nents might enhance comprehensive analysis.

Mixed factorial analysis investment activities

and outcomes

The two MFA factor maps provided insightful visualis-
ations of how different agricultural investment activ-
ities and investment outcomes (success/failure) were
positioned within the multidimensional space of farm
characteristics. From the Figure 3, “Activity Investment”
illustrated the centroids of various newly invested ag-
ricultural activities, while the right plot, displayed the
centroids for investment success and failure. The shared
dimensional axes (Dim. 1: 18.6% variance; Dim. 2: 14.1%
variance) allowed for direct comparison and interpreta-
tion of associations. In the “Activity Investment” map,
“Poultry” and “Cow Breeding” activities were positioned
in the upper-left quadrant, suggesting they were asso-
ciated with certain basic farm characteristics captured
by negative Dim. 1 and positive Dim. 2. Conversely,
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“Fruit Plantation” and “Sheep Breeding” were located
in the right-hand side. “Market Garden”, “Beekeeping”,
and “Services” appeared closer to the centre, implying
they were broadly distributed across farms. This spatial
arrangement helped identify distinct investment pro-
files among farms. The “Invest” map clearly separated
“Failure” and “Success” outcomes. “Failure” was pre-
dominantly located in the upper-left quadrant, align-
ing spatially with “Poultry” from the activity map. This
visual overlap suggested a potential association: “Poul-
try” investments were predominantly associated with
“Failure”, accounting for 53% of all reported investment
failures. This suggested that poultry farming might pres-
ent significant challenges or higher risks for farmers in
this context. S.U. Khan et al. (2023) that the productivity
and profitability of poultry farms in Algeria were influ-
enced by several interrelated factors, including disease
prevention and optimal breeding practices. However,
the bovine breeding faces several challenges, including
environmental degradation, and resource constraints.
Desertification was a significant issue affecting nearly
80% of Algeria’s agricultural land, leading to a scarcity of




forage resources and declining farming activities (Daou-
di et al, 2010). Also, financial constraints and lack of
technical knowledge were barriers to adopting sustain-
able practices (Yulianti et al, 2024). On the other side
of the plot, “Success” centroid was located in the low-
er-right quadrant, suggesting a positive association with
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market-gardening, representing 40% of all successful in-
vestments. However, cow breeding contributed to both
failure (31%) and success (23%), implying it’s a high-
risk, high-reward activity, for this purpose farmers tend
to employ traditional extensive grazing systems, which
helped to improve farm’s incomes (Table 3).
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Figure 3. MFA factorial map
Notes: each dot represents an individual farm. In the left panel, dot colours indicate the type of agricultural activity
invested in (blue: “Poultry”; orange: “Beekeeping”, etc.). In the right panel, colours reflect investment outcome centroids
(pink: “Success”; green: “Failure”). Farm positions along Dim. 1 (18.6% of variance) and Dim. 2 (14.1% of variance) reflect

their composite asset profiles
Source: developed by the author

Table 3. Distribution of Agricultural Investment output by farming activity, %

Activity investment
Invest Beekeeping | Cow breeding | Fruit plantation | Market-gardening | Poultry | Services | Sheep breeding | Total
output Failure 3 31 0 6 53 6 0 100
Success 0 23 15 40 6 6 10 100

Source: based on R. Meziane et al. (2024)

To identify the asset dimensions most predictive of in-
vestment success, a binary logistic regression model was
applied to 84 farms that had undertaken an agricultural
investment. The model demonstrated strong explanatory
and predictive power. Prediction model showed enhanced
explanatory power with R? of 0.358 and R? of 0.486, indicat-
ing that approximately 36-49% of variance in investment
success was explained by the predictors (Cox & Snell, 1989;
Nagelkerke, 1991). The HL test (x*=6.035, p =0.643) indi-
cated excellent model fit, confirming that the logistic re-
gression assumptions were adequately met. The predictive

capability of binary logistic regression in classification ac-
curacy was model selection, and data quality. The classifi-
cation accuracy of 79.8% demonstrated strong predictive
capability, with impressive sensitivity for successful in-
vestments (92.3% correctly classified) compared to mod-
erate specificity for failures (59.4%) (Table 4). This pattern
suggested the model was especially effective at identifying
successful investments, which was valuable for investment
decision-making. Logistic regression was noted for its ro-
bustness to linear dependencies and scaling issues, which
can enhance accuracy without extensive pre-processing.

Table 4. Classification model of the predicted investment output, %

Predicted
Observed Investment output
- Percentage correct
Failure Success
Investment Faﬂure 19 13 59.4
output Success 4 48 92.3
Overall percentage 79.8

Source: based on P. Komarek & A. Moore (2005)
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From the binary logistic regression-built model,
“Technical Asset” emerged as the strongest positive pre-
dictor (B =0.728, p =0.002, OR = 2.072), indicating that
investments with higher farm technical skills were over
twice as likely to succeed. This finding strongly aligned
with contemporary research on technical innovation driv-
ing superior investment returns and competitive advan-
tages (Brynjolfsson & McAfee, 2014). However, “Diversity
Asset” showed a significant negative effect on investment
success (B=-0.521, p=0.027, OR=0.594). This suggested

that diversification may reduce success probability by ap-
proximately 41%. This counterintuitive finding contested
traditional portfolio theory but may reflect over-diversifi-
cation penalties or focus benefits in specific investment
contexts (Goetzmann & Kumar, 2008). While diversifica-
tion mitigated risk and provided alternative income, ex-
cessive engagement in too many activities might dilute
management focus, spread resources too sparsely, and
prevent the specialisation needed for high returns in any
single project (Table 5).

Table 5. Binary logistic regression-built model for predicting investment success

95% C.I. for OR
Assets B Significance
OR Lower Upper

Biophycal 0.011 0.124 1.011 0.997 1.025
Human 0.016 0.775 1.016 0911 1.134
Diversity -0.521 0.027 0.594 0.375 0.941
Connectivity -0.745 0.034 0.475 0.238 0.946
Technical 0.728 0.002 2.072 1.319 3.254
Performance -0.073 0.005 0.929 0.883 0.978
Constraint 0.056 0.101 1.057 0.989 1.130

Constant 1.608 0.319 4.992 - -

Note: B — unstandardised logistic regression coefficient; OR — Odds Ratio; 95% C.I. — 95% confidence interval for OR

(lower and upper bounds)
Source: developed by the author

“Connectivity Asset” emerged as another significant
negative predictor (B=-0.745, p=0.034, OR =0.475), this
finding contradicted network theory expectations, but
may reflect information overload, decision complexity, or
systemic risk exposure in highly connected systems (Bat-
tiston et al., 2012). The substantial negative coefficient
indicated that each unit increase in connectivity reduces
success odded by approximately 53%. A negative associ-
ation with success might imply that high interconnect-
edness exposed farmers to information overload or even
herd mentality, leading them to invest in popular but po-
tentially unsuitable projects without thorough individual
farm assessment. Alternatively, a strong reliance on exter-
nal networks might reduce internal innovation or critical
evaluation of investment opportunities.

“Performance Asset” showed a small but significant
negative effect (B=-0.073, p=0.005, OR=0.929) on the in-
vestment success. A negative link to investment success
could be due to already high-performing farms undertak-
ing riskier, more ambitious investments. These ventures,
while having higher potential returns, also inherently
carry a greater chance of absolute failure. Investors of-
ten overestimate their knowledge and abilities, leading to
risky decisions without adequate information (Xie, 2024).
Such farms might be leveraging their strong performance
to experiment with novel or large-scale projects, which
were not guaranteed successes. This complex interplay
highlighted that the factors driving the ability to invest
were distinct from those guaranteeing investment suc-
cess. This finding resonated with data of J. Lakonishok et
al. (1994), who suggested that performance chasing can
lead to suboptimal outcomes. The remaining assets — bi-
ophysical, human, and constraint showed non-signifi-
cant effects, though their inclusion contributed to overall
model performance.
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Indeed, wunderstanding agricultural investment
through the lens of farm assets had become an increasing-
ly prominent area of inquiry, within smallholder farming
contexts. The theoretical foundation of this approach trac-
es back to the sustainable livelihood’s framework intro-
duced by E Ellis (2000), which conceptualised agricultural
outcomes as products of the dynamic interplay among dif-
ferent capital assets. R. Chambers & G.R. Conway (1992)
further advanced this thinking by demonstrating that
adaptive capacity in farming systems was shaped not by
financial resources alone, but by the full spectrum of live-
lihood assets available to farm households. Complement-
ing this view, A. Sen (2001) argued through the capability
approach that what ultimately determined agricultural
outcomes was the farmer’s ability to translate available
assets into productive action. Subsequent empirical work
had reinforced and extended these theoretical founda-
tions. A. Bebbington (1999) showed that households man-
aging diverse asset portfolios tend to display stronger re-
silience and a greater capacity for investment. Building on
this, A. Khatri-Chhetri et al. (2017) provided more recent
evidence that farms characterised by well-balanced as-
set endowments were better positioned to embrace new
technologies and realise higher returns on their invest-
ments. Together, these studies lend robust support to a
multi-dimensional understanding of agricultural invest-
ment success. Despite this growing body of knowledge, a
significant gap remained. As E Rosa et al. (2019) observed,
farmers typically construct their production plans under
conditions of incomplete information, which introduced
systematic biases into decision-making. In summary, in-
vestment success was driven by technical competency,
while diversification, connectivity, and current perfor-
mance paradoxically reducd success odds. These findings
contest simplistic assumptions about asset endowments




and highlight the complexity of investment dynamics in
resource-constrained environments.

» Conclusions

Study underscored the critical importance of strategic agri-
cultural investment for enhancing food security in Algeria’s
semi-arid cereal farming regions, where understanding the
drivers of successful investment was paramount for nation-
al resilience. This research developed a robust predictive
model based on seven composite asset dimensions, offer-
ing a practical framework for evidence-based agricultural
policy design. The binary logistic regression model demon-
strated strong predictive performance, achieving an over-
all classification accuracy of 79.8%, with a R? of 0.486, the
model explains nearly half of the variance in investment
outcomes. The HL test confirmed excellent goodness of fit
(x?=6.035), validating the reliability of the model’s predic-
tions across the full range of estimated probabilities. The
model’s results revealed that a farm’s “Technical Asset” was
the strongest and most significant positive predictor of in-
vestment success (OR =2.072, p =0.002), confirming that
farms with higher technical competency were more than
twice as likely to achieve successful outcomes. Three asset
dimensions exert significant negative effects: “Diversity As-
set” (OR=0.594, p=0.027), “Connectivity Asset” (OR=0.475,

» References
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p=0.034), and “Performance Asset” (OR=0.929, p=0.005).
These counterintuitive findings suggested that over-diver-
sification, information overload from extensive networks,
and risk-seeking behaviour among already high-perform-
ing farms may collectively undermine investment success.
These insights offered a powerful tool for governmental
policies, enabling a shift from reactive support to proactive,
evidence-based allocation of loans and subsidies. By target-
ing farms with asset profiles associated with higher success
probability, policymakers can optimise public spending
and directly contribute to sustainable cereal production.
The study acknowledged limitations related to its cross-sec-
tional design and regional scope. Future research should
prioritise longitudinal studies and broader geographical
coverage to refine and generalise the predictive framework.
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MporHo3syBaHHSA YCNiLWWHOCTIi arpapHMX iHBeCTULiN
Yy HaniBnocyLw/UMBUX perioHax AJXupy:
iHCTPYMEHT NONiTUKM Ha OCHOBI aKTUBIB

Amap Pyaa6bi

[oKTop arpoHoMii, AOLEeHT
YHiBepcuteT OepxaTta Abbaca CeTid 1
19137, kamnyc Enb bes, M. CeTid, ArmKkunp
https://orcid.org/0000-0001-6226-662X

» AHoTauif. MeToIo I[bOT0 JOC/IiIyKEHHS OYJI0 pO3POOUTH MPOTHOCTUYHY MOJIEJIh YCIIIITHOCTI arpapHUX iIHBECTHUIII
B HaNiBIOCYIIJUBUX 3€pPHOBUX TOCIOAAPCTBAX AJIKUPY 3 METOIO CIIPUSHHS PO3poOIli ypsAIOBUX MOJITUK MO0
posmoniny KpenutiB i cydcuniii. ocsimkeHHs: Oy/I0 30Cepe’keHO Ha HaMiBIOCYILIMBUX PETiOHAX, e 3epHOBE
TOCIIOAPCTBO OY/JI0 OCHOBOIO IIPONOBOJIBYOI Oe3IeKH, a CTpareridyHi arpapHi iHBeCcTHINl cTaqu BasKJIUBUMU
JJIs TIOJINIIEHHsT pe3y/brariB i HmigBWINEHHS CTifiKocTi rocmomapcTB. BukopucToByIOUM maHi onuTyBaHHS 198
¢epmepcbrux rocnonapcTB y CeTidi (Amkup), 6710 CTBOPEHO CiM CKJIaIeHUX BUMipiB aKTUBIB i BU3HAUEHO TUIIU
TOCHOAPCTB 3a JIONOMOroi0 O6araToBUMIpHOTO aHaJidy. JJisi MpOTrHO3yBaHHS YCIIIIHOCTI arpapHUX iHBECTULii
Oysia pospobJsieHa Mojesib O6iHapHOI JsoricTuyHOI perpecii. Monesb JorictuuHoi perpecii Iokasasna MPaKTAYHY
3arajbHy TOYHICTh Kjaacudikanii 79,8 %, 3 R?=0,358 ta R?=0,486. Pe3ynbraTu nokasany, 1o «TexHiyauil akTuB» OyB
HaANCUJIBHIIINM ITO3UTUBHUM IIpefuKTOpoM ycmixy (B =0,728, OR=2,072, p=0,002). [leski ckjaneHi akTUBY, Taki
AR «PisHOMaHIiTHICTE depMepcTBa», «3B’A30K» Ta «I[IPOAYKTUBHICTE», BUSABHUINCA HETaTUBHUMH IIPEIUKTOPaMU
ycnixy iHBecTHIIi#, 110 BKa3yBaso HA CKJIAHI AMHAMIKM, Taki ik HagMipHa AuBepcudikamis abo BUIIi pU3UKHA B
rocnoapcTBax 3 OinpmMMU pecypcaMu. Pe3dysnbratv MiATBEPAWJIN 3HAYHI CTPYKTYPHi BiAMiHHOCTI Misk TUIaMu
rOCIOJApCTB, IPU IbOMY BeJIMKi FOCIOJapCcTBa IPOLeMOHCTPYBAJIM 3HAYHO BUIIi piBHI 6i0(hi3nyHUX, JTIOICHKUX i
nuBepcuikaiifHuX aKTUBIB, 10 BigobOpaskaso OiTbITy pecypcHy 06a3y Ta aganTaliiHui moTeHIian. Po3pobiena
MIPOTHOCTUYHA MOJIeJIb II0Ka3ajsia BHUCOKY MOSICHIOBAJIIbHY Ta KJacu@ikamiiiHy egeKTUBHICTh, MiATBEPIKYIOUN
KJIIOYOBY POJIb TEXHIYHOI CIPOMOSKHOCTI AK BHpIMIaabHOrO (haKkTOpy ST AOCATHEHHS YCHiXy iHBECTHIITHHUX
pesyabrariB. JloCTiPKeHHS Halaa0 MPAaKTUYHY IPOTHOCTUYHY OCHOBY JJIs1 PO3POOHUKIB MOJIITUKH, 110 JO3BOJIUIIO
npuiiMaTé pillleHHs Ha OCHOBi JaHUX AJIs ONTHMI3allil po3NOIily pecypciB, 3HUKEHHsI PU3UKIB, IIOB’'SI3aHUX 3
JepskaBHUM (piHAaHCYyBaHHSIM, Ta B KiHI[€BOMY HiJICYMKY CHpUSIHHSI YCHIIIHIIIMM arpapHUM iHBECTHILisIM, III0
3MIITHIOBAJIA CTAJIMI PO3BUTOK 3€PHOBUX KYJIBTYD Ta IIPOIOBOJIBYY Oe3drnekry. Li pesyssraTy Hagaayu po3poOHUKaM
TIOJIITUKY iIHCTPYMEHT [T BitO 0Py TaHMX, 1110 O TUMi3yBaB PO3IIO/IiJl arpapHUX CyOCHIiH Ta KpeINTiB, 6e311ocepegHbO
3MIITHIOIOYH IIPOAOBOJIEYY O€3IeKy B HaIliBIIOCYIIITIMBHX PETioHax

» Knto4oBi cnoBa: npoioBoJibya Oe3eKa; TUIIOJIOTis FOCIoAapCTB; arpapHa MO THKA; TPOrHOCTHYHE MOJIETIOBAHHST;
HaNiBIOCYLJIUBI perionu
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