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ABSTRACT:

Trust in science varies globally, influenced by historical marginalization, economic disparity, and sociocultural
dissonance. Political polarization, particularly from neo-right-conservatives, exacerbates skepticism towards
science, impacting consensus-building and policy rationale. While regional institutions often garner greater trust
due to perceived authenticity, the integrity of science communication faces threats from artificial intelligence,
necessitating new verification and accountability mechanisms. The framework of the study aims to trace the
genesis of denudation of scientific credibility by exploring the interplay between various manifestations of
information shared and the veracity of societal perceptions and after careful analysis, proposes a multilayered
framework to reestablish trust, particularly in health-related contexts.

Key Words: Misinformation and Disinformation, Scientific Literacy, Health Communication, Global Health
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INTRODUCTION:

In his seminal work “The world of or making”, Nicholas Onuf (1989) put forward that  Reality” is not made but
constructed by the relative social and cultural interactions. Structures are tangible and stable, but they only have
meaning when human gives them meaning together. They’re not separate entities, but part of human thinking
process. The meanings stamped to the structures, in turn guide human actions. Trust is one such construct which
is both a function and outcome of credence. With the evolution of human life and society, the modalities of natural
enquiries have undergone a multiple paradigm shifts. With the Rational intellectual Revolution- ‘Renaissance’ in
15th century and later Enlightenment, the doctrinal regime of imperialism - ““ Science” triumphed over the wishful
thinking paradigm of “ Philosophy’. Subsequently, the behavioral revolution in the later part of 20th century,
gave science, the much desired , giant propulsion, so as to crown itself as the numero uno of the epistemic
network. Science with its objective character, was a culmination of experiments, observable facts with generalised
theory, immune to falsification, thus an elite sphere with system constraints of laboratories and journals. But, as
reformation, improvisation- the midwifery of a metamorphosis have been very much innate to human nature, the
hegemony and unquestioned obligation to science in common discourses have been put into test, with the
injection and prevalence of novelties of ideas, ideologies and more importantly, the very basic element called
Information”. Information is a very nuanced construct, prone to all possible maneuvers- more likely, a liquid, that
takes the shape of the container that holds it. The building blocks of information are dynamic, volatile, uncertain
and ambiguous, like the contemporary ecosystem, which is always in a state of flux. With the advent of
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Neoliberalism, the interdependency and integration of societies, economies, the states to construct a shared,
unified global community with the free flow of almost every aspects of the lives, the information has become
both a tool, leading to prosperity, as well as a dangerous contour leading to abyss. In the cob web world, thus,
infallibility has become a myth. Thus, Science, once regargded as an institutional constant, has now come under
the saber-rattling, emanating from the culmination of influences imparted by cultural, political, and
communicative forces, that eventually constructs, shapes and maneuvers the relative faith and trust in science
(Gauchat, 2012; Funk, Tyson, & Kennedy, 2020; Kennedy, Hefferon, & Funk, 2022). With information
being a tool at public disposal with insignificant cost, the perceptions, and thus the template and the framework
of judging and evaluating the preponderance of “Science” has been watered down with the influx of unavoidable
information streams, that possesses the very attribute of digital footprint. Thus, the sanctity of information- the
line of differentiation between “ Information”, * Misinformation” and “ Disinformation” has been blurred and
this, very fluidity stages the bigger question on the credibility of scientific discourses, thus, weathering and
subsequently eroding public trust on science.

One of the biggest arenas of construction, maintenance and circular dynamism of public trust in science is Public
health, having probably the most significant fanning amongst all other dimensions. Thus, this paper, examines
the volatile mechanics of trust in science through the lens of public health.

The global pandemic COVID-19 pandemic presented a reality check to the functionalities of public health
institutions. While the scientific advancements emerged as Samaritan with the life saving interventions in record
time frame, the popular obligation and adherence was not ubiquitous.(Polack et al., 2020; Baden et al., 2021;
Krammer, 2020) It witnessed fragmented and fractured trends across geographies and demographies, as opposed
to the earlier universal submission to the dictums of science, prevalent not more than a decade ago. The flow, the
medium, the very nature of crafting and most importantly the the sanity and sanctity of the contents played a
significant role in variation of the perceived value by the end consumer. Regardless of the intent and content, the
hygienic factors and perception about the constructs of the information value chain were enough to designate an
information as “True “ or “ False”- more precisely “ Information” or “ Misinformation’. This vicious cycle of
information flow acted as a prime disruptor. In some geographies, while it created a sense of emergency towards
the life saving measures, in others, it created a sense of pessimism and hesitations- aptly noticed in vaccine
hesitancy in global south countries (Loomba et al., 2021; Roozenbeek et al., 2020; Puri et al., 2020). Lazer
(2025) posits, a snowballing of negativity happens with misinformation in play. As information production is
almost free these days, and there is no visible firewalls to filter the information at the level of origin, the spread
results in attaining its ulterior objective- eroding the credibility of the institutions and authorities. The circular
nature of the feedback loop does the rest in accentuating the butterfly syndrome. (Lewandowsky et al., 2017;
van der Linden et al., 2020; Flynn, Nyhan, & Reifler, 2017). One notable case is India’s use of pre-recorded
public health messages played during phone calls after the onset of COVID-19. While such an approach is
scalable and low-cost, its effectiveness is questionable. Earlier studies on similar outreach strategies suggest that
passive information channels tend to produce lower engagement than more interactive approaches (Rice and
Atkin, 2001; Hornik, 2002). For instance, Sadish et al. (2021) observed that during the early months of the
COVID-19 pandemic in India, misinformation was still widespread. Their study suggests that pre-recorded voice
messages were less effective in reducing misinformation compared to active, personalized phone calls. However,
while interactive calls may yield better engagement, their implementation at scale presents significant challenges:
they are both expensive and logistically demanding (Barr and Hahn, 2004). Several such cases culminate to the
point that, the drivers of engagement, the “inputs for trust building” are still not clearly understood.

Trust in Science is a multidimensional construct with uneven distribution across segments. Historical
marginalization, economic disparity, and sociocultural dissonance have long shaped trust differentials (Freimuth
et al., 2001; Quinn et al., 2013; Jamison et al., 2019). As credence has become a major determinant of trust,
perceived values after having experience does play a pivotal role in shaping it. Global South Countries, especially
the peripheral countries, the less developed regions of the semi-peripheral countries, even in the marginalized
sections in the core countries often report less trust in science, partly due to continuous subjection to systemic
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marginalization or apartheid. Politics, political culture and the political organisations- all affirm to the broader
dimension called “ Authoritative allocation of Values/ Resources’. Thus, the very nature and the underlying
dynamics of each of these elements play a significant role in the percolation and subsequently, prevalence of
notions and consequently, structuring the public psyche. In the contemporary, global spectrum, the rise of Neo-
Rightist Conservatives, the core pivot they cling on to, spreads large scale skepticism regarding science, which
iIs a by product of rational inquiry and explorations. The consensus building process regarding a scientific study,
hits roadblock, there lies a possibility of it colliding with the policy rationale of the regime. The indoctrination
mechanisms , such as spewing negativities to demonize , refute and desecrate , and subsequently relinquish the
target idea, especially in the burning issues such as climate change, vaccination, and pandemic control (McCright
& Dunlap, 2011; Merkley, 2020; Hart & Nisbet, 2012). The partisan divide thus, has become a bolster to the
truncated and plummeting trajectory of public trust in science, though not resorting to uniformity across the
geographies. Exacerbated by strategic political narratives, the notion of neutrality, objectivity and factuality of
the scientific inquiries and findings are systematically wiped out, and in some cases of constrained realities, bent
in quirky methodologies, imposing intended value elements on them (Kreps & Kriner, 2020; Gauchat, 2015;
lyengar & Westwood, 2015). In global contexts, the institutional legitimacy often hinges on Power dyanamics-
Balance of power and Power differentials. In a a multilateral global politics, where there is rash to occupy the
global leader’s position, a Kindelberger trap is well observed. But, in some scenarios, the frantic war of Max-
Min tussle of power differentials, where two leading powers of the world- USA and China have been locked in.
WHO'’s credibility, for instance, was put under question, when perceived as aligned with opposing powers or elite
interests. Regional institutions on the other hand, despite being less resourced, garnered greater trust due to
perceived authenticity and representational legitimacy (Agostino & Arnaboldi, 2020; Makinde et al., 2021;
Abimbola et al., 2021). This underlines the principle that proximity and identity—~be they geographic, cultural,
or institutional- are core to building and maintaining trust (Siegrist, 2021; Gilson, 2003; Marmot, 2020). Galore
of interventions aim to bridge the digital divide by reaching both the information-rich and the information-poor,
so as to bring about a change in their trust for the scientific endeavors (Hilbert, 2011). However, despite a rise
in the supply of information, the demand-side behavior—how and why people choose to engage with the
information provided—remains poorly understood (Wilson, 1997; Case, 2002). Merely disseminating
information does not guarantee its consumption or intended impact. Furthermore, Dr. Emily Smith(2025)
underscores the power of humanized, empathetic engagement in science communication. Her platform, “Friendly
Neighbor Epidemiologist,” exemplifies how trust can be cultivated through relational storytelling and accessible
framing, especially in politicized or faith-based communities. Literature supports this approach: emotionally
resonant and narrative-based communication enhances credibility and retention among general audiences
(Dahlstrom, 2014; Green et al., 2018; Fancourt & Steptoe, 2022). Yet, the integrity of such communication
faces novel threats from artificial intelligence. These emergent technologies blur the boundaries between truth
and fiction, requiring science communicators and institutions to develop new verification and accountability
mechanisms (Guess et al., 2020; Broniatowski et al., 2018).

To address these intersecting challenges, this paper proposes a multidimensional model for restoring trust in
science.

This paper seeks to unpack and analyze the sources of friction that hinder user engagement with health
communication technologies, based on analysis drawn on a specialized data repository from India’s mobile health
(mHealth) program, which includes over 250 million call records. These calls were part of a large-scale maternal
health initiative aimed at improving health outcomes among socioeconomically disadvantaged pregnant women
in India.

DIGITAL HEALTH COMMUNICATION AND THE ROLE OF STRUCTURAL INEQUITY

Digital interventions, such as voice calls or text messages in maternal health programs, have the potential to
democratize access to health information. However, their effectiveness is moderated by digital literacy, gender
norms, and resource constraints (Warschauer, 2003; Hilbert, 2011). Marginalized women, particularly in
rural or low-income settings, may experience structural barriers that affect both access and engagement with such
services. This interaction between psychological readiness and systemic inequality can result in asymmetric
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responses to the same health communication intervention. For instance, individuals with similar access to a
mobile phone may still differ in their likelihood of engaging with health calls based on their perceived autonomy,
household dynamics, or prior experiences with healthcare. Therefore, in analyzing behavioral responses to health
shocks, it is important to not only account for the availability of information but also the contextual enablers
and barriers that shape its use. These include socioeconomic status, educational attainment, and geographic
disparities—all of which compound behavioral heterogeneity in information search.

In this chapter, analysis has been carried out, based on data from a mHealth program that disseminates maternal
health information via automated mobile voice messages through its Mitra program. These voice calls are
intended to overcome literacy barriers and reach women living in urban slums of Mumbai, many of whom face
both monetary and non-monetary constraints in accessing health information (Papp, Gogoi, & Campbell, 2013;
Scott et al., 2016).

mMiitra Service

mMitra, a free mobile voice calls service for enrolled women, provides critical healthcare information during
pregnancy. With the increasing mobile penetration in India, voice calls emerge as an economical and efficient
means of reaching women and families. Stage-based maternal messaging programs like Mitra have demonstrated
remarkable success in the m-Health domain (Peter et al., 2018). These programs have effectively enhanced
knowledge and utilization of antenatal care services within the m-Health framework (Watterson et al., 2015).
Messages that have been validated by the Federation of Obstetric and Gynaecological Society of India (FOGSI)
and the National Neonatology Forum (NNF), are transmitted through mMitra. Individualized voice messages of
60-120 seconds are presented with the following frequency: bi-weekly during pregnancy, daily for the first week
after childbirth, bi-weekly again until the third month of infancy, and weekly for months four to twelve. The
information transmitted in the calls is matched to the stage of a woman’s pregnancy. Calls are presented in the
time slot chosen by the women. Women can select to receive the calls in their mother tongue. A trained counselor
can be informed about a delivery, abortion, or change the phone number or time slot. To avail benefits of the
mMitra program (which primarily operates in urban slums of In the vicinity of Mumbai, a woman is required to
complete a comprehensive enrollment form and letter of acceptance (Appendix: Figures 3.6 and 3.7). The
enrollment form captures the following data: mobile phone number, phone owner, educational qualifications,
income range, preferred call time, language preference, pregnancy history, planned place of delivery (private or
government hospital), and any existing health issues. By 2020, 2.29 million women had enrolled in mMitra
program.The organization collaborates with 97 hospitals and has 40 non-profit partners. The baseline sample for
this chapter consists of demographic and call details of 116,449 women registered (identities were anonymized)
in the last six months of 2018 (control group). Their call details were captured from January 2019 to July 2019.
Additionally, 135,696 women registered in the last six months of 2019 (treatment group) had their call details
captured from January 2020 to July 2020. For analysis, only those women were included who provided
information on the following variables: phone ownership, enroliment channel, income range, age, and education.
The response variables are call duration percentage and call duration range classified into Green, Amber, and
Red zones. The variable descriptions are provided in Table 1.

Table 1
Variable Definitions and Construction
Variable Type| Variable Name Definition / Construction
Dependent Call Duration If the call is picked up, calculated as: (Call Duration / Call
Variable Percentage Length) * 100
Call Duration Categorized into zones: Red (<33%), Amber (33%—-66%),
Range Green (>66%)
Independent Covid Dummy Coded as 1 if call date is April 2020 onwards (during

Variable lockdown), 0 otherwise
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Treatment Coded as 1 if woman was called between Jan 2020-July
Group 2020, 0 if Jan 2019—-July 2019
Husband Phone |Coded as 1 if the phone is registered in husband’s name, O if
Owner registered in woman’s name
Enrolled via Coded as 1 if enrolled through community channel, O if
Community enrolled during hospital visit
Coded as 1 if woman's household income is in bottom half of
Lower Income .
the sample, O otherwise

(Source: Author’s Compilation)

COVID-19 IN INDIA

In India, the first case of COVID-19 was reported on January 30, 2020. On March 4, 2020, 22 new cases were
diagnosed, and the total number of patients reached 107 by March 15. On March 22, the Government of India
announced a strict lockdown. The 68-day, four-phase lockdown commenced on March 24 and concluded on May
31, 2020, to combat COVID-19. This lockdown was arguably necessary for the world’s second-largest nation,
with a population of 1.38 billion people. A complete shutdown may have effectively managed the spread of
COVID-19, as India had only recorded 131,868 confirmed cases and 3,867 related deaths as of May 24, 2020.
On January 2021, the number of positive cases surpassed 10.6 million, leading to an devastating second wave
following the initial wave. Recent research indicates that the impact of COVID-19 in India exhibits significant
interstate heterogeneity. Factors contributing to this heterogeneity include income, gender, multi-morbidity,
urbanization, lockdown and unlock phases, weather conditions such as temperature and rainfall, and the retail
price of wheat (Imaiet al., 2021). Except for essential facilities, most of India was closed during the 2020
lockdown. This episode presented multiple challenges to the already strained healthcare system. On the one hand,
it led to an increasing disease burden among patients; on the other hand, regular healthcare was disrupted,
resulting in the deaths of otherwise high-risk patients. Less-privileged individuals were severely affected by this
calamity. Limited data exists on health information, beliefs, and behaviors globally that may indicate varying
exposure to COVID-19 risk (Alsanetal., 2020). In this chapter, dataset of M-Health has been utilized to examine
how during lockdown, women engaged with technology, as measured in our earlier stated outcome variables.

HYPOTHESIZED PATHWAYS

Building on the theoretical models discussed, several behavioral pathways are hypothesized to explain how
individuals may respond to health information during a pandemic. First, the increased salience of health risks
brought about by the COVID-19 crisis is expected to heighten individuals *perception of the severity and personal
relevance of maternal health concerns. This heightened awareness is likely to enhance attentiveness to health-
related information, particularly among vulnerable populations such as pregnant women. Second, fear-driven
engagement may occur, whereby the urgency and emotional intensity of the pandemic stimulate greater
compliance with health advice, especially when delivered through accessible channels such as mobile phone
calls.

However, these effects may not be sustained indefinitely. A third pathway, diminishing returns, suggests that
repeated exposure to similar health messages can lead to emotional fatigue and habituation. Over time, the novelty
and perceived urgency of the messages may wane, reducing their overall effectiveness unless the content or
delivery method is adapted to maintain interest and relevance. Finally, a differential impact is expected across
various subgroups due to structural inequities and digital barriers. Access to mobile technology, digital literacy,
and socio-cultural norms may significantly moderate individuals' responses, leading to heterogeneous effects
even in the face of a uniform health shock. These pathways collectively provide a nuanced understanding of how
psychological and contextual factors interact to shape health information engagement during crises.
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Table 2 summarizes the behavioral pathways hypothesized to influence individual responses to health
information during the COVID-19 pandemic, along with key mechanisms and moderating factors:

Table 2
Behavioral Pathways
Behavioral Description Key Mechanism Moderating Factors
Pathway
Heightened perception of L .
. Increased cognitive |Pregnancy status, prior
Salience of maternal health relevance due . o
: ) . attention and health knowledge, crisis
Health Risks [to pandemic-related risk i
message relevance proximity
awareness
. Emotional urgency drives Affective arousal ~ [Trust in source, perceived
Fear-Driven . . . - L X
short-term compliance with  |and risk-avoidance |credibility, emotional
Engagement - b
health messages behavior vulnerability
Diminishing Repegted exposure leads to Desensitization and Message_ repetition, _Iack of
emotional fatigue or message personalization, static
Returns L . reduced novelty
habituation over time content formats
. . Structural and digital Contextual Phone ownership, digital
Differential . . . .
Impact inequities shape uneven constraints an_d Iltefacy, gend_er norms,
engagement across subgroups access limitations  |socioeconomic status

(Source: Author’s Compilation)

This framework highlights that while digital health communication can be powerful during crises, its impact is
neither uniform nor linear. Tailored strategies must account for these behavioral trajectories and the socio-
technological environment in which messages are received.

IMPACT OF THE LOCKDOWN ON TECHNOLOGY ENGAGEMENT:

Understanding the heterogeneity in women’s engagement with mobile-based health interventions during the
COVID-19 lockdown requires a behavioral and structural analysis. This section theorizes how three key
dimensions—phone ownership, enrollment method, and household income—interact with an exogenous health
shock to shape technology engagement among pregnant women.

First, phone ownership plays a critical role in determining access and autonomy in digital health interactions.
Women who do not own their phones but rely on their husbands or neighbors to access calls may face structural
constraints, yet the infrequent or limited access might heighten the perceived value of such communication. The
theory of scarcity-induced salience (Shah, Mullainathan, & Shafir, 2012) suggests that when access to a
resource is constrained, individuals are more likely to prioritize and intensely engage with it when available.
Hence, women who rely on a third party to access health calls may listen more attentively during the limited
opportunities they have, possibly explaining their higher call engagement during the lockdown period.

Second, the method of enroliment-through community channels versus hospital settings—reflects the degree of
embeddedness in trusted local networks. Social capital theory (Coleman, 1988; Putnam, 2000) posits that
individuals embedded within cohesive networks are more likely to trust and act on information transmitted
through those channels. Community-based enrollment may not only provide women with a sense of familiarity
and trust in the system but may also involve ongoing interpersonal reinforcement from community health
workers. Such contextual anchoring could lead to increased attentiveness to mobile health messages, especially
during crisis periods when external sources of support are limited.
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Third, income level influences the perceived utility and marginal value of digital interventions. Contrary to
conventional expectations that higher income correlates with greater technological adoption (van Dijk, 2006),
the study finds that women from lower-income households engage more with health calls. This counterintuitive
finding can be interpreted through the lens of uses and gratifications theory (Katz, Blumler, & Gurevitch,
1973), which emphasizes that individuals are more likely to engage with media that fulfills specific and unmet
informational needs. For lower-income women, programs like mMitra may be their sole reliable source of
maternal health information, thereby elevating the utility of every interaction. In contrast, wealthier women may
have access to alternate, potentially overlapping sources, reducing their reliance on any single channel. Table 3
encapsulates the key dimensions and their theorized impact on women’s engagement with mobile-based health
interventions during the COVID-19 lockdown.

Table 3

Key Dimensions and impact

Dimension Key Factor Impact on Engagement

Women with limited access may engage more
attentively due to the heightened salience of rare
opportunities.

ACCesSs via own Vvs.

Phone Ownership shared phone

Enrollment Community vs. Community-based enrollment fosters trust and
Method hospital enrollment|continuity, increasing attentiveness during crises.
Low vs. high Lower-income women show higher engagement as the

Household Income|. . . i ) .
income intervention fulfills unmet informational needs.

(Source: Author’s Compilation)
The Summary Statistics for Treatment Group (Jan 2020 — July 2020) is presented herewith in the following
Tables- Table 4.
Table 4
Summary statistics

January 2020 to March 2020 N Mean | S. Dev. Min. Max.
Call Duration (%) 4,02,809 45.464  33.686 0 100
Green 4,02,809 0.358 0.479 0 1
Amber 4,02,809 0.224 0.417 0 1
Red 4,02,809 0.416 0.493 0 1
Husband Phone Owner 3,54,512 0.255 0.436 0 1
Enrolled via Community 3,54,512 0.640 0.479 0 1
Low Income 3,54,512 0.536 0.498 0 1
April 2020 to July 2020 N Mean | S. Dev. | Min. Max.
Call Duration (%) 4,54,448 43.688| 33.966 0 100
Green 4,54,448 0.332] 0.470 0 1
Amber 4,54,448 0.228 0.419 0 1
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Red 4,54,448 0.439 0.496 0 1
Husband Phone Owner 4,10,415 0.255 0.436 0 1
Enrolled via Community 4,10,415 0.630 0.482 0 1
Low Income 4,10,415 0.536] 0.498 0 1

(Source: Author’s Compilation)

Here’s a breakdown of key trends from the summary statistics table comparing the Treatment Group before
(Jan—Mar 2020) and during (Apr—Jul 2020) the COVID-19 lockdown, presented in Table 5.

Table 5
Engagement Trends: Call Duration and Zones

. Before (Jan— | During (Apr-Jul
Metric Mar 2020) 2020) Trend
Call Duration (%) 45 46 43.69 3"9h.t decrease in average call
uration

Green Zone 35.8% 3320 Drop in high engagement (attentive
users)

Amber Zone 22 4% 99 8% Small increase in moderate
engagement

Red Zone 41.6% 43.9% Noticeable rise in low engagement

(Source: Author’s Compilation)
Interpretation of Table 5: Despite the expected heightened health awareness during COVID-19, overall call
engagement declined slightly. The Red Zone (low engagement) expanded, while the Green Zone (high
engagement) shrank, suggesting growing disengagement or emotional fatigue.

Table 6
Structural Characteristics Trends
Variable Before (Jan—Mar 2020) | During (Apr-Jul 2020) Trend
Husband Phone 25.5% 25.5% No change
Owner
. Slight decline in
Enrolled via 64.0% 63.0% community-based
Community
enrollment
Low Income 53.6% 53.6% No change

(Source: Author’s Compilation)
Interpretation of Table 6: Structural demographics remained stable, meaning that behavioral changes observed
are not due to a compositional shift in the population, but likely reflect actual response to the lockdown
environment.
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The key behavioral insights:

Insights from the analysis suggest several patterns in engagement. The slight drop in call engagement over time
may reflect habituation or message fatigue, which aligns with the diminishing returns hypothesis in behavioral
responses. This implies that while initial engagement may be high, sustained interaction tends to decrease as users
become accustomed to the messaging. Interestingly, structural indicators such as phone ownership and income
remained stable, indicating that the observed shifts in engagement are primarily behavioral rather than
demographic. Additionally, the increase in Red Zone engagement during a crisis suggests a form of behavioral
stickiness, where users, particularly those with low engagement, show a tendency to remain at the lower levels
of tech interaction. This could point to underlying barriers that prevent upward mobility in tech engagement,
highlighting the challenges faced by users in transitioning to higher levels of interaction, especially during times
of crisis.

BEHAVIORAL STICKINESS AND TRANSITION IN TECHNOLOGY ENGAGEMENT

This section delves deeper into the study of how women transitioned from low to high engagement with
technology, and more importantly, which groups of women exhibited a lower likelihood of switching, thereby
demonstrating stickiness in behavior. The analysis of technology engagement patterns among pregnant women
during the COVID-19 lockdown reveals important behavioral insights into persistence and transition dynamics
at the intensive margin of digital health interaction. Drawing upon the engagement classification framework
developed by Collins et al. (2014) and Clay-Williams et al. (2019), call duration- a proxy for digital
engagement—is segmented into three zones: Red (low engagement, <33% of the call heard), Amber (moderate
engagement, 33-66%), and Green (high engagement, >66%). Here is the methodology for measuring call
duration. Firstly, the call duration recorded by the Control Centre of mMitra, commences only after the pregnant
female accepts the call. The measurement of call duration occurs only when the listener picks up the call initiated
by mMitra through the Mitra program and excludes the call alert duration that may precede it. Therefore, the call
alert tone of the COVID-19 message is not included in the call duration calculations. These categories allow for
a more granular understanding of user behavior that moves beyond binary or average-based analyses of digital
interaction. Studies indicate a statistically significant increase of 3.60 percentage points in Green zone
engagement among the treatment group- i.e., women exposed to the COVID-19 lockdown shock- relative to the
control group. This positive shift suggests a behavioral transition toward more attentive and consistent interaction
with mobile health content during the public health emergency. Simultaneously, a 3.1 percentage point decline
in the Amber zone is observed and a marginal 0.5 percentage point decrease in the Red zone, implying that the
transition was largely from moderate to high engagement, rather than from low to high. This asymmetric shift
reveals the presence of behavioral stickiness in the Red zone: women who initially exhibited low engagement
were less likely to transition out of this category, even in the face of an external crisis that increased health-related
uncertainty and urgency.

This behavioral inertia resonates with longstanding findings in behavioral economics and decision theory.
Samuelson and Zeckhauser (1988) introduced the concept of status quo bias, highlighting how individuals tend
to favor existing conditions and are resistant to change. This phenomenon has been further validated in health
behavior literature, where deeply entrenched routines, limited self-efficacy, and competing life demands often
prevent individuals from adopting beneficial health behaviors (Kahneman et al., 1991; Thaler & Sunstein,
2008). In the context of digital health, Venkatesh et al. (2003) emphasize that technology adoption is influenced
not just by perceived usefulness but also by social influence and facilitating conditions—factors that may be
lacking in low-income or patriarchal household contexts, especially for pregnant women.

The concept of "stickiness™ also aligns with findings from the literature on information-seeking behavior and
digital literacy. Van Deursen and van Dijk (2014) argue that disparities in digital skills contribute to unequal
engagement with online health resources, a gap that is particularly pronounced in socioeconomically
disadvantaged populations. In the Indian context, studies such as those by Sarkar et al. (2020) and Sharma et
al. (2021) have highlighted how cultural norms, digital exclusion, and time poverty among women act as
structural barriers to m-health adoption, even when the technological infrastructure is in place. Moreover,
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research by Mehrotra et al. (2022) on mobile health messaging in rural India has shown that passive engagement
(such as merely receiving a message) is far more common than active listening or interaction, emphasizing the
challenges of behavioral transformation in such environments.

These findings contribute to this growing body of literature by demonstrating that while moderate users (Amber
zone) exhibit upward mobility in engagement intensity, those at the lower end of the spectrum (Red zone) remain
largely unaffected by external shocks such as the pandemic. This has significant implications for digital health
interventions: one-size-fits-all approaches may fail to activate low-engagement users, necessitating more
personalized and context-sensitive nudges. For instance, incorporating behavioral cues like social proof,
reminders, or even gamified incentives- approaches recommended by Milkman et al. (2021)- could potentially
overcome inertia among disengaged users.

In response to varying levels of digital engagement among women during public health interventions, this
framework categorizes users into three distinct segments—Red, Amber, and Green zones—»based on behavioral
traits and contextual factors. Each segment reflects unique challenges and opportunities that inform targeted
strategies for improving engagement with mobile health content. By aligning interventions with the specific needs
and capacities of each group, this approach aims to enhance digital inclusion, promote sustained usage, and drive
meaningful health outcomes. Table 7 provides a comprehensive details.

Table 7
Segmented Engagement Strategy Framework
User Behavioral Traits Contextual Factors Recommended Strategy
Segment
Low engagement, Shared phone access, |Personalized nudges, gamified
Red Zone |resistant to change, low [time poverty, low trust, content, social proof messaging,
digital self-efficacy patriarchal norms CHW-facilitated engagement
Moderate engagement, |Partial autonomy, some Reminder systems, milestone-
Amber ; . e . ; .
7 upwardly mobile, digital familiarity, based incentives, community-
one . : S .
receptive to cues mixed access reliability |based peer influence
High engagement, Own phone, higher trust|Advanced content, self-tracking
Green . o
Zone autonomous, consistent |in dl_gltal systems, tools,_feedback Iqqps, advocacy
users relatively empowered roles in communities

(Source: Author’s Compilation)

In sum, the evidence suggests that behavioral change in technology engagement is not uniform across users, and
that existing disparities can become more entrenched without targeted intervention. By identifying the persistent
Red zone as a site of behavioral stickiness, our study calls for nuanced program designs that take into account
user segmentation, motivational asymmetries, and contextual limitations in digital health access and usage.

SEGMENTATION-BASED STRATEGIES IN DIGITAL HEALTH:

A segmentation-based approach to digital health strategy emphasizes the necessity of designing interventions that
are attuned to both behavioral tendencies and contextual disparities, especially in low-resource and socio-
culturally complex settings. Rather than relying on uniform outreach models, segmentation recognizes that
users—such as pregnant women enrolled in mobile health programs like mMitra—vary significantly in their
engagement levels, technological access, and motivational readiness. This variability calls for differentiated
strategies that address the unique needs of each subgroup. For instance, low-engagement users in the Red zone
often experience structural barriers such as shared phone ownership, digital illiteracy, and household-level
constraints rooted in patriarchal norms (Sarkar et al., 2020; Sharma et al., 2021). These women may also face
behavioral inertia, consistent with the status quo bias (Samuelson & Zeckhauser, 1988), and require tailored
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interventions like gamified reminders, simplified audio content, and community health worker (CHW) mediation
to facilitate behavioral activation (Milkman et al., 2021).

Moderate users in the Amber zone represent a more responsive segment that may already exhibit tentative
engagement but lack the consistent behavioral reinforcement needed for long-term adherence. For this group,
strategies such as milestone-based incentives, peer-driven motivation, and timely cues through SMS or IVR
(interactive voice response) systems can effectively shift behavior upward, especially during crises when
motivation to seek health information increases (Muralidharan et al., 2022). Meanwhile, high-engagement
users in the Green zone, who show consistent and autonomous interaction with digital content, may benefit from
advanced features such as personalized health tracking, anticipatory guidance, or feedback loops that enhance the
perceived usefulness of continued participation (Venkatesh et al., 2003; Zhang et al., 2023). These users can
also be mobilized as peer advocates to promote digital health norms within their communities, leveraging social
proof to influence the behaviors of less-engaged users.

Recent global health literature supports this precision-targeted approach, arguing that “digital inclusion” must
go beyond infrastructure deployment and encompass behavioral and social enablement strategies (ITU,
2023; World Bank, 2022). Furthermore, research by Mehrotra et al. (2022) and Singh et al. (2023) in rural
and urban India has demonstrated that active listening and interactive response rates remain low among
disadvantaged groups, even when mobile access is provided—underscoring the critical role of engagement
design and message relevance. Thus, segmentation-based strategies not only enhance the efficiency and equity
of digital health interventions but also serve as a foundational principle in advancing digital public goods that
are truly inclusive, context-aware, and behaviorally effective. Here’s a concise table outlining Segmentation-
Based Digital Health Strategies that are responsive to contextual and behavioral diversity

Table 8
Human-Centered Design Principles for Enhancing mHealth Engagement
Design Principle Application

Behavioral Tailor message type, frequency, and tone to user engagement history and
Personalization motivational profile
Contextual Adapt content to local dialects, cultural practices, and household
Tailoring dynamics
Multi-Channel Use a mix of voice calls, SMS, community worker follow-ups, and in-
Support person reinforcement
Digital Skill Provide tutorials, CHW-led phone use demonstrations, and family
Building sensitization sessions
Incentivized Introduce rewards for consistent listening, milestone completions, or
Engagement referral-based engagement

(Source: Author’s Compilation)
This framework outlines five key design principles aimed at increasing the effectiveness and inclusivity of mobile
health (mHealth) interventions. By aligning digital strategies with users *behaviors, cultural contexts, and access
realities, these principles foster sustained engagement, build digital confidence, and create pathways for
meaningful participation in health systems. This approach helps digital health programs like mMitra move
beyond “broadcast” models into precision engagement—boosting effectiveness while accounting for real-world
disparities.
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CONCLUSION:

Mobile devices with digitization have emerged as a potent policy instrument for information dissemination due
to their widespread availability and low cost, even in developing nations. However, while the supply side of
technology engagement has garnered significant attention, the demand side remains relatively under-researched
and comprehended. Recent research has explored various nudges that influence technology adoption (Breza et
al., 2021; Ghose et al., 2021; Siddique et al., 2020; Banerjee et al., 2020). Nevertheless, there exists a gap in
understanding how diverse factors, both economic and non-economic, impact the intensive margin of
engagement.

This chapter addresses this challenge within the Indian context by utilizing a unique organizational dataset from
enrolled users of mMitra, an Indian non-profit organization that delivers timely informational calls via mobile
phones to less privileged pregnant women in the Mumbai metropolitan area through its Mitra program. Listening
to the voice messages may entail both monetary and non-monetary costs for the target group of women. It posits
that technology engagement is influenced by factors such as ownership, the accessibility of various information
channels, and the income effect. Earlier studies initially established that, compared to the previous year, there has
been a substantial increase in technology engagement among pregnant women during the COVID-19 lockdown
that India imposed. Studies related to this chapter indicates a 1.53 percentage point increase in the treatment
group’s call duration percentage over the baseline period. In contrast to the control group, the studies examined
the factors influencing the choice of technology engagement. For this purpose, focus was imparted on the 2020
cohort to explore the three factors potentially influencing technology engagement. It was found that ownership,
enrollment channel, and monthly income play a significantly important role in inducing technology engagement.
While the level of engagement increases, a follow-up question is whether the average effect is the same for all
women. Thus, the chapter complement the above analysis with call duration ranges to characterize women’s
switch from one range to another. This analysis shows that women who were not listening to the calls before the
exogenous shock respond minimally post the shock. However, the women who had spent even a moderate amount
of time listening to the calls before the shock significantly increased their engagement, driving the overall increase
in engagement.
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