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Abstract

Discretized Impact Assessments requires at least two points of data to establish a change.
The monitoring process establishes this change over baseline spread across time and space which
is often complex for the impact pathways in socio-environmental interactions.

This paper aims to simplify and understand these impact pathways using consumption
vectors in order to build a comprehensive foundation for evidence collection. We use machine
deep learning based TabNet architecture to analyze and GIS based methods to spatialize the
impacts of linear infrastructure projects over one timeline. The resultant impact scenarios
deconstruct context specific issues subject to different starting point in the development phases.
Using Char Dham Mahamarg Project (Uttarakhand, India) as a case study, this paper thus,
explores the scope of impact assessment planning for data sourcing and ways to operationalize it
in the field.

The results suggests that the approach is successful in extrapolating nonlinearity of the
impact pathways of linear infrastructures across development intervention. Incorporating these
insights in developing scenarios show an in depth understanding of the impacts which can be
drawn to the household levels.

Key Words: Consumption Pathways, Development, Field Visualization, Linear

Infrastructures, TabNet.
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Introduction

Impact Assessments were evolutionary conceived to bring out the intricated associations that
exist within bio-physical and social systems. The procedure of conducting these studies is highly
determined by the regional regulations which prioritizes template formats of assessments as a
way to fasten the process of getting clearances from regulators. This leads to dynamic and multi-
scalar impacts of linear infrastructure projects in ecologically fragile and culturally significant
regions being inadequately understood, particularly in countries like India where development
imperatives often outpace assessment mechanisms. This has been seen in many cases which
resulted in environmental resistance from civil society and further politicization of the
intervention initially sought.

Traditional frameworks for impact assessment (IA) tend to adopt a reductionist view, privileging
either environmental or economic outcomes while largely externalizing the social and temporal
dimensions of change (Penadés-Pla et al., 2020; Woldesenbet et al., 2024). These assessments
typically rely on static before-and-after comparisons, failing to capture the nonlinearity and
spatial fragmentation of impacts across the life cycle of infrastructure interventions (Zhang et al.,
2021).

This paper examines the Char Dham Expressway Project in Uttarakhand, a Himalayan state in
northern India, which aims to upgrade a 900-km single-lane pilgrimage route into a two-lane all-
weather highway connecting four sacred Hindu shrines. The project’s justification spans spiritual
tourism, strategic defense, and regional development. It traverses altitudes from 800 to over 3500
meters, cutting through diverse ecological zones and settlements, from river valley towns to

near-abandoned ridge-top villages. This varied terrain is marked by unconsolidated rock and
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debris, steep gradients, and active seismicity—conditions highly prone to landslides and slope
failures (Nguyen et al., 2024). The study is focused specifically on Uttarkashi and Rudraprayag
districts, both bordering China and deeply embedded in geopolitical concerns. The region is
economically dependent on seasonal tourism, and socio-environmentally entangled in challenges
of uneven resource distribution, cultural marginalization, and increasing ecological
vulnerabilities (Mambiravana & Umejesi, 2023). Fieldwork conducted across three development
clusters—spanning acquisition and alignment, construction activity, and early maintenance
phases—captured over 400 samples of household and settlement-level data. Within this
empirical context, the research critiques how the Indian IA system suffers from both the
aggregation and attribution problem: either overgeneralizing complex, context-specific realities
or assigning impact causes without clarity or accountability (Chang et al., 2023). Moreover,
prevailing frameworks rarely account for cumulative and time-lagged effects. Regulatory
procedures, such as geotechnical surveys and land acquisition measurements, are often mistaken
as comprehensive assessments (Afroosheh & Askari, 2024). Consequently, social values, local
acceptance, and contextual interpretations of risk and benefit remain peripheral to the evaluation
process (Vitali et al., 2023).
The rationale for this research lies in addressing the methodological limitations of traditional
impact assessments when applied to dynamic infrastructure developments. Existing models fail
to capture micro-level changes and nonlinear pathways, often leading to under-representation of
ground realities in decision-making processes. To address these limitations, this paper proposes
an integrated modeling approach using TabNet, a deep learning architecture that performs well

on tabular data and offers interpretability in complex classification tasks (Arik & Pfister, 2019).
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By leveraging consumption vectors—data representations that track changes in household-level
behaviors, livelihoods, and access to resources—the study aims to uncover latent patterns in how
impacts evolve across space and time. Spatial visualization through GIS techniques complements
the model by contextualizing impact trajectories within geographies of terrain, habitation, and
infrastructure (Oshri et al., 2018).
The primary contribution of this research lies in reconceptualizing IA as a temporally dynamic
and socially embedded process, especially within the infrastructural politics of fragile
borderlands. The intersection of development, defense, and divinity in the Char Dham project
exemplifies how national agendas impose a standardized logic onto highly localized contexts,
often at the cost of ecological stability and cultural continuity. This work seeks to identify which
variables are most responsive to developmental interventions and how these can be
systematically incorporated into scenario-based assessments for more grounded and anticipatory

planning.

Methodology

The Study utilizes the data from 456 households spread evenly across three development clusters
which shows distinct characteristic of the phase of development at the time of data collection.
From a detailed questionnaire across nine themes, five objective themes on demography, social
status, economic status, assets ownerships, status and aspiration to migrate formed basic data.
We used 49 variables and preprocessed them based on contextualized weighted values to arrive

at ranged capabilities scores (0 being no capability while 1 being most capability). The data
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variables carried themes from Economic, Health and Education, Land, Social Assets, Social
Status and Welfare Services.
To analyze this dataset, we used Google® Tab Net, a nascent hybrid model as a way to integrate
dimensions of development. The paper builds up from core concepts of transformers —
architectures that process data in one go, fundamentally differing from how an RNN would
work. And it applies to data structures with tabular formats where socio-economic data comes in.
Two studies [Arik, S. O., & Pfister, T. (2021), Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit,
J., Jones, L., Gomez, A.N., Kaiser, L., Polosukhin, I. (2023)] brought out the use and
applications of architectural mechanism of Gated Linear Units for the output.tasks of
classification and regression problems. It integrated decision tree framework with neural
networks to balance out interpretation with scaling. Here the model is tested for the relative
capabilities held within each household sampled.
From input data, important features are extracted and numerous decisions are made until no more
value can be generated. It shows which features that are most influential in the model. We
utilize the model for regression task where factor relationships of the variables across the clusters

have been established. Below is the Model Workflow.
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Fig. 1: TabNet Model Reasoning Chart Flow.

Results and Discussion

The data variables carried themes from Economic, Health and Education, Land, Social Assets,
Social Status and Welfare Services. The variables like Food Security [Sac1] [Fig.2] showed the
most influence in the model, meaning, in between cluster changes, there are likely differences in
the manner people rely on rations for their nutritional upkeep. Likewise, development spillovers
may be seen in terms of ownership of material assets, the housing structures, medium of cooking,
a change in ownership of traditional goods like livestock (cow and buffaloes). On the other hand,
having a car or bicycle in the house doesn’t contribute significantly, or the availability and
accessibility to electricity or the language. Social status and welfare services as an aggregate
thematic block show maximum effect across the clusters among the households surveyed
followed by the ownership of material assets. However, this discounts the importance of the

theme areas. For instance, on the accounts of health access, all the samples irrespective of cluster
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has low access since the nearest hospital with good tertiary care in 5 hours away in the state
headquarter. Likewise, the region has low aspirational employability, low transitioning of

women to jobs even after high education.

TabNet: Global Feature Ranking

0.00 0.01 0.02 0.03 0.04 0.05
Global Importance

Fig. 2: Feature Importance in the Model.

The model gave a test accuracy of 0.83 per cent (Fig. 3) with a random split of 0.2 with Entmax

gradient activation. The Entmax function generalizes the softmax and sparsemax activations,
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allowing for sparse output probabilities (some exact zeros), making it suitable for interpretable

models like TabNet (Peters M E., et al. (2019).

The Entmax transformation with parameter v £ ll, 2] is defined as:

Entmax,{z} = arg max ({p,z) — H.(p})
peAd

Where:
o 2z € B is the input vector
o AR ={pecR¥:p >0, Eil p; = 1} is the probability simplex

+  H,{p) is the Tsallis a-entropy:

Hu(p} = ﬁ (1 - ZP?)

Special cases:
+ a =1 - Softmax
+ @ = 2 — Sparsemax

+ o = 1.5 — Entmax 1.5 {commonly used in TabNet)

Precision Recall F1 Score Support
Cluster 1 0.77 0.75 0.76 31
Cluster 2 0.85 0.76 0.80 28
Cluster 3 0.83 0.77 0.78 30
Accuracy 0.83 89
Macro Av. 0.81 0.76 0.79 89
Weighted Av. 0.81 0.76 0.79 89

Overall Test Accuracy: 0.82697

Fig. 3: Model Accuracy for Impact transition (Indicators) Across the Clusters
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It shows promise in explaining socio-economic data sets with varied data structures. However,
the model robustness is likely to improve as more data points are added. As this was a
demonstration test for use for development agencies, it is likely to nudge the agencies to choose
data driven decision making. However, there is a need to integrate other data structures like,
qualitative interviews, focused group discussions. Also, the contextuality warrants an integration
of disaster data and climatic parameters which is likely to follow after this.
The variables like Food Security showed the most influence in the model, meaning, in between
cluster changes, there are likely differences in the manner people rely on rations for their
nutritional upkeep. Likewise, development spillovers may be seen in terms of ownership of
material assets, the housing structures, medium of cooking, a change in ownership of traditional
goods like livestock (cow and buffaloes). On the other hand, having a car or bicycle in the house
doesn’t contribute significantly, or the availability and accessibility to electricity or the language.
Social status and welfare services as an aggregate thematic block show maximum effect across
the clusters among the households surveyed followed by the ownership of material assets.
However, this discounts the importance of the theme areas. For instance, on the accounts of
health access, all the samples irrespective of cluster has low access since the nearest hospital
with good tertiary care in 5 hours away in the state headquarter. Likewise, the region has low
aspirational employability, low transitioning of women to jobs even after high education.
There is a need to integrate other data structures like, qualitative interviews, focused group
discussions. Also, the contextuality warrants an integration of disaster data and climatic
parameters which is likely to follow after this. As a contribution, this study does serve purpose

for policy makers in identification of existing differences in the society. As we say, impact
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affects differently both in terms of benefits and burdens. Over a period of time, projects with
longer gestation period can utilize the model in monitoring and evaluation and of course micro
level policies could be sought not only to serve as a reference documents, but building over it.

Further this study helps into identifying the cross thematic variables and their couplings.

Conclusion

This study shows dimensional interactions in between indicators of development at a household
level. By using TabNet as a model for integration, the framework explains cross thematic
interaction among the 49 indicators. Using EntMax activation, the model explains the resonance
between the social and economic themes which establish quantitative coupling signaling an
overall change in the status of vulnerabilities of the households surveyed. Further, this approach
proves handy in explaining impact transition in non-longitudinal data sets. In addition to the case
study methodology this compliments the spatial explanations of impacts of development in the

field.
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