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Abstract 

Generative artificial intelligence is transforming enterprise platforms by extending automation into conversational 
assistance. Einstein GPT is a nascent form of generative CRM and platform-work augmentation within the Salesforce 
ecosystem. Nevertheless, peer-reviewed evidence on Einstein GPT in real-world enterprise settings has not been 
extensively studied. This review therefore draws on adjacent but highly relevant literature, such as AI-enabled CRM, 
enterprise AI adoption, low-code/no-code augmentation, and AI-assisted software engineering, to develop a Salesforce-
specific understanding of how generative AI can be used to facilitate platform work. The paper proposes a role-sensitive 
framework by integrating these fragmented streams of the needs, opportunities, and risks associated with Salesforce 
administrators and Salesforce developers. The common themes present throughout the literature reviewed are 
organizational readiness, governance, trust, workflow integration, low-code augmentation, and productivity support in 
the conditions of human supervision. The review also identifies major research gaps, including the lack of 
operationalized role-specific metrics, and the shortage of longitudinal evidence. The review argues that Einstein GPT 
should not be understood merely as a productivity feature, but as a socio-technical capability whose effectiveness 
depends on data quality, platform context, structured prompting, and governance architecture. The paper concludes 
with a research agenda outlining how Salesforce-native generative AI should be examined in future empirical studies.  

Keywords: Administrative Automation; Customer Relationship Management; Enterprise Generative AI; Low-Code 
Development; Salesforce; Software Engineering 

1. Introduction

Generative artificial intelligence has enabled enterprise software to move beyond traditional prediction and 
classification by supporting content generation, conversational assistance, contextual summarization, and decision 
support in everyday work. This shift has been characterized by information systems research as a particular step of 
digital transformation since generative models simultaneously affect knowledge work, interface design, organizational 
routine, and platform strategy [1]. Large language models represent a new layer of augmentation in the context of 
software engineering, both directly influencing coding tasks, documentation, testing, requirements work, and 
architectural reasoning, while also increasing risks related to correctness, security, traceability, and excessive 
dependence [2], [3]. In the realm of customer relationship management, artificial intelligence has gone beyond 
analytics-focused apps towards the formation of the larger capability of the organization, such as creating customer 
insight, personalizing services, and achieving operational orchestration [4]. Business and innovation research has also 
suggested that generative AI can transform innovation in the organization using diverse combinations of automation 
and augmentation instead of a straightforward replacement of tasks [5]. 
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This broader transformation provides the academic background for investigating Einstein GPT in practice. Peer-
reviewed studies specifically addressing Einstein GPT remain scarce, which itself highlights an important research gap. 
Consequently, a scientifically justifiable narrative of Einstein GPT must be constructed based on surrounding literature 
exploring AI-enabled CRM, AI-enabled service invention, low-code and no-code development, AI-enhanced software 
development, prompt guidelines, and AI adoption in the organization. Such an approach is methodologically appropriate 
since Salesforce work can hardly be classified within a single discipline. Salesforce administrators function as workflow 
architects, governance guardians, data custodians and internal communicators between business functions and 
platform functions. Salesforce developers engage in customization, integration, testing, deployment, and technical 
extension of platform logic. Given these two roles, generative AI influences them differently. Admin-oriented use cases 
normally focus on configuration support, formula support, workflow clarification, record synthesis, documentation, and 
adoption support. The developer-centred use cases focus on code generation, debugging, testing, API integration, and 
the acceleration of architecture. The available literature suggests that successful enterprise deployment requires 
consideration of augmentation as a socio-technical redesign rather than the mere insertion of tools [1][3][5]. 

The subject is also relevant since the CRM platforms occupy a high-stakes position within organizations. AI-generated 
outputs in such environments may influence customer communication, lead management, work recommendations, 
workflow suggestions, and knowledge retrieval. Existing scholarship in AI-enabled CRM has shown that value creation 
depends on data quality, organizational readiness, leadership support, employee acceptance, and customer-facing 
design decisions [4]. More recent literature suggests the need for ethics by design, involvement of the user, retraining 
routines and cross-functional coordination between business and technical groups to be successful in integration [17]. 
Simultaneously, the research on AI-enhanced software development suggests that increases in productivity are 
contingent upon the type of tasks and the nature of governance as well as human abilities to authenticate model results 
[18][19]. In Salesforce environments, this means that Einstein GPT cannot be perceived merely as a utility of enhancing 
productivity; it is an object of governance, a problem of change management, and a mechanism of building capabilities. 

Another cause of academic interest is that the Salesforce ecosystem is hybrid in nature. The platform has a combination 
of low-code configuration and pro-code extension. This architecture makes Salesforce an appropriate context in which 
to study generative artificial intelligence as admins and developers operate along a spectrum rather than within rigid 
occupational boundaries. Research on no-code AI indicates that AI may help reduce the divide between business and 
technical users by shortening iteration cycles and making complex operations more accessible [11]. Similar studies on 
ChatGPT-assisted low-code development suggest that generative models can make platforms more accessible and 
natural-language interaction can enable more intuitive configuration through conversational interfaces [12]. 
Meanwhile, the service research based on AI cautions against paradoxes in the areas of empathy, privacy, quality, trust 
and accountability in case of automation encountered by the customers [13]. These tensions are particularly relevant 
when generated text, recommendations, or automations are integrated into CRM systems containing confidential 
customer and operational information. 

There are a number of research gaps that are still evident. To start with, peer-reviewed data that examines the efficacy 
of Einstein GPT directly in live Salesforce settings remains limited. Second, literature available does not provide any 
distinction between the outcomes of admins and those of developers; nevertheless, the demands of roles vary 
significantly. Third, numerous studies address AI adoption at the organizational level but provide fewer role-level data 
points, such as configuration counts, change-failure rates, prompt-iteration overhead, formula accuracy, and 
governance workload. Fourth, customer-facing AI and software-engineering-focused AI are considered separately when 
Salesforce work is located in both of these realms in the same platform. Fifth, the existing literature is largely cross-
sectional or conceptual, thus they have not tackled longitudinal questions. These gaps limit both theoretical 
development and practical understanding. 

The review contributes to the available literature by developing a role-differentiated, Salesforce-specific analytical 
model of generative AI within enterprise platforms. The research findings of this study can be summarized in three 
parts: 

• This study provides an integrated synthesis of four previously disjointed research streams, namely AI-enabled 
CRM, adoption of enterprise-level generative AI, low-code/no-code augmentation, and AI-assisted software 
engineering into a unified platform-centric view. 

• It develops a novel role-sensitive framework where Salesforce administrators and Salesforce developers are 
analytically distinguished, with specific value creation, risk and governance needs at the task level. 

• It suggests a practice-derived, metrics-based assessment framework by translating conceptual insights into 
operationalizable variables (e.g., prompt iteration, formula accuracy, governance exception rates), which can 
be validated in enterprise practice in future studies. 
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All of these contributions lead to the shift of the discourse on general adoption of generative AI toward platform-specific, 
measurable, and contingent role understanding of enterprise AI augmentation. 

2. Literature Review  

Einstein GPT practice-related literature is scattered among four related streams: AI-enabled CRM, enterprise-level AI 
adoption, low-code and no-code augmentation, and generative AI in software engineering. Initial CRM-related research 
identified that artificial intelligence in CRM was not just a technical integration but a strategic-organizational change 
with the centralization of data, analytic routines, customer knowledge processes, and implementation governance [4]. 
Further adoption studies subsequently indicated that the influence of perceived usefulness, trust, and attitude has a 
material effect on organizational acceptance of AI integrated CRM systems [6]. This perspective was subsequently 
expanded in the later empirical literature of healthcare and B2B by demonstrating that AI-enabled CRM capability is 
linked with service innovation, relationship performance and broader sustainability outcomes in the presence of 
technical readiness and managerial support [7][10]. 

The second stream is concerned with internal CRM capability building. Sentiment analysis research has shown how AI 
can transform high-volume customer communication into decision-support insights, thus enhancing responsiveness 
and adaptive learning in CRM activities [9]. Subsequent research on AI-enabled CRM capability in healthcare found that 
the service innovation depends not only on the availability of AI tools but also on the interaction between AI capability 
and customer service flexibility [7]. It has been suggested that more recent CRM literature has focused on 
multidimensional integration models and has proposed data management, multichannel integration, service 
configuration, ethics by design, and continued retraining as key prerequisites for effective implementation of AI 
[17][20]. In the context of Salesforce, these results suggest that Einstein GPT-like capabilities are not to be examined as 
a type of detached text generation but a package of capabilities comprising data, workflow and governance 
infrastructure. 

A third stream covers no-code and low-code environments which are particularly important to Salesforce admins. No-
code AI research suggests that systems such as Einstein GPT have the potential to accelerate development and 
configuration processes [11]. A study of low-code development with ChatGPT using a focus-group approach indicated 
that natural-language interaction would make visual platforms more similar to no-code behaviour and change the non-
expert interaction with software-configuration [12]. These findings are important for Salesforce administration because 
most of the administration duties consist of declarative logic, metadata interpretation, automations, report 
development, and report documentation. AI can be used in all these tasks, but the literature explains that 
democratization of capabilities must be balanced against risks related to hidden complexity and significant loss of 
transparency [11][12]. 

The fourth stream is devoted to software engineering and is the most relevant stream for Salesforce developers. IEEE 
Software scholarship has described large language models (LLMs) as helpful in coding and software lifecycle activities 
and cautioned that accuracy, explainability, and validation will always be critical [2][3]. This view was summarized in a 
large research-agenda article in Software: Practice and Experience which mapped opportunities and research questions 
across development tasks, artifacts, and the issues of governance [19]. One Information and Software Technology 
qualitative study determined that generative AI can be used to enhance the productivity of development teams, but 
effective adoption requires alignment with routines, objectives, and these organizational practices [20]. All these studies 
imply that generative AI has the potential to accelerate Apex development, integration scaffolding, testing support, and 
documentation, but only when human inspection, platform limitations, and enterprise governance are of good quality. 

The more recent generative AI literature provides a significant organizational dimension. According to business 
research, companies vary with these important aspects in their readiness, leadership, and ability to change in their 
adoption of generative AI [14][15][18]. A prompt-protocol experiment confirmed that prompting can be effectively used 
to help human and AI knowledge to construct knowledge more effectively, meaning that the quality of output can be 
influenced by interaction design, but not solely by the model capability [16]. The customer service research of 
generative AI-based customer service has also identified the paradoxes of personalization and intrusiveness, excellence 
and empathy, power and powerlessness [13]. In Salesforce work, these findings suggest that Einstein GPT practices 
should be carefully governed through role-based controls, output-review procedures, and structured change-
management design. 
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Table 1 Summary of key findings 

Ref Focus Key Findings 

[6] AI-CRM adoption in 
organizations 

Perceived usefulness, trust, and attitude shape adoption of AI-integrated 
CRM systems. 

[7] AI-enabled CRM capability in 
healthcare 

AI-CRM capability supports service innovation, with customer service 
flexibility as an important link. 

[8] Organizational adoption 
framework for AI-CRM 

Hybrid fuzzy model highlights technology, human, organization, 
environment, and cost dimensions. 

[9] Sentiment analysis in CRM Incremental learning improves customer-text interpretation for CRM 
decision support. 

[10] B2B technology readiness and AI-
CRM capability 

Technology readiness and ICT capability strengthen AI-CRM capability 
and relationship performance. 

[11] No-code AI and MLOps No-code AI can reduce the divide between business and technical 
specialists while accelerating iteration. 

[12] Low-code with ChatGPT Natural-language interaction can push low-code platforms toward more 
intuitive no-code behaviour. 

[13] GenAI customer service 
paradoxes 

Efficiency and personalization gains coexist with trust, empathy, privacy, 
and vulnerability tensions. 

[14] GenAI in SMEs Successful deployment depends on employee competence, leadership, 
culture, collaboration, and external relationships. 

[15] B2B GenAI adoption Need for uniqueness, completeness, and convenience promote adoption, 
while overload and deceptiveness reduce it. 

[16] Prompt protocol for human–AI 
work 

Structured prompting improves knowledge co-construction and practical 
interaction quality. 

[17] AI-CRM integration framework Successful AI-CRM integration requires data centralization, ethics by 
design, retraining, and user involvement. 

There are three trends that are found throughout the literature reviewed. To begin with, enterprise value is not as much 
about access to the generative models as it is about the capability of the organization to establish complementary 
capabilities related to data, workflows, and oversight. Second, augmentation is best implemented when AI is part and 
parcel of established routines, metadata patterns and decision situations instead of coming forth as a separate tool. 
Third, leadership support, organizational trust, and governance discipline are key conditions of effectiveness. Despite 
the fact that not much direct peer-reviewed evidence exists on Einstein GPT, the surrounding literature provides a 
sufficiently consistent basis for interpreting how such systems may function in Salesforce environments in terms of 
interpretation in practice.  

This review adopts a structured narrative review approach. Relevant peer-reviewed studies were identified from 
databases such as Scopus, Web of Science, and Google Scholar using combinations of terms including ‘Einstein GPT’, 
‘Salesforce’, ‘generative AI’, ‘AI-enabled CRM’, ‘low-code’, ‘no-code’, and ‘AI-assisted software engineering’. Because 
direct peer-reviewed work on Einstein GPT remains limited, adjacent literatures were included where they provided 
conceptually relevant evidence for Salesforce-related administrative and development contexts. Studies were selected 
based on relevance to enterprise AI use, CRM capability, low-code augmentation, software engineering support, 
governance, and human-AI interaction. 

3. Conceptual and Methodological Foundations 

Several theoretical lenses are frequently used in this literature. Dynamic capability theory is well known in the CRM 
literature since the adoption of AI is hardly discussed as a single investment, but rather an organizational ability to 
sense, seize, and reconfigure resources in reaction to market and customer alteration [10][17]. Resource-based 
reasoning is also represented in the literature where AI-enabled CRM capability is considered a strategic resource, 
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particularly with the aid of data quality, process adaptability, and managerial functionality [7]. Technology-adoption 
theories also remain influential. Reports of AI-CRM adoption are based on constructs of usefulness, trust, attitude, and 
behavioural intention [6], and general studies of AI adoption adopt organizational readiness, leadership, and 
environmental pressure to predict paths of adoption [14][15]. In the case of Salesforce practice, these structures imply 
that the evaluation of Einstein GPT can be regarded as the capability-enabler whose value depends on organizational 
complements instead of independent model effectiveness. 

Another significant conceptual background is known as socio-technical thinking. Studies on AI application in retail and 
software engineering emphasize the fact that technical success does not necessarily translate into the value of the 
organization when the routines, skills, incentives, review practices, or governance structures are not altered [18][20]. 
The study of innovation using generative AI on Business Horizons also includes the concept of innovations in business 
as being based on automation and augmentation as two variations, which shifts the analysis outside of the reductionist 
accounts of replacement [5]. Prompt-protocol scholarship also includes a micro-level mechanism demonstrating that 
the design of human-AI interaction affects the quality of output and knowledge co-construction [16]. In a Salesforce 
context, this implies that prompt structures, approval paths, escalation rules, and metadata configuration are not 
peripheral elements; all of them are components of the machine that generates value or danger. 

Methodological approaches in the field are diverse but uneven. Survey-based design and structural equation modelling 
have commonly been applied in CRM adoption studies to evaluate the relationships between the variables of readiness, 
capability, performance and acceptance [6][7][10][15]. The designs are helpful to explore the mediating and 
moderating effects, but they do not represent contextual complexity and their evolution after adoption. Qualitative and 
mixed-method research are more explanatory. The capability study of AI-CRM in healthcare synthesized evidence at the 
case level and applied a quantitative model [7], while the software-engineering investigation by Banh et al. [20] used 
qualitative inquiry to identify opportunities and barriers related to organizational integration. Dastjerdi and colleagues 
used logic in fuzzy decision-making research that applied a DEMATEL-style model to visualize interdependencies 
between variables of adoption [8]. The approaches are especially applicable to enterprise platforms since platform 
outputs arise from interactions among technical, organizational and environmental circumstances and not independent 
variables. 

Exploratory and design-oriented methodologies are used in low-code and no-code studies. No-code AI research is 
frequently abstract and managerial [11], but the ChatGPT-low-code article involves focus-group evidence to study 
usability and perceived transformation of platform interaction [12]. Software engineering research encompasses 
conceptual agendas [19], practice-oriented analysis [2][3], and qualitative research of organizational integration [20]. 
This diversity comes in handy since Einstein GPT in action falls at the nexus of human-centred working process 
structure, platform engineering, and organizational governance. However, there is one obvious drawback: there is not 
much research that provides longitudinal field data on enterprise systems, where administrators and developers can 
be followed over time. 

The five-linked-layer conceptual framework below summarizes the domain while abstracting away from the detailed 
behaviours of prompting, grounding, and platform-specific work activities. These relationships can be summarized 
through five layers: enterprise data and metadata, generative AI grounding and prompting, platform work activities, 
governance and human oversight, and organizational outcomes. The framework represents recurring patterns 
identified across the literature and explains the manner through which Einstein GPT-like capabilities have the potential 
to shape Salesforce management and development. 
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Figure 1 Conceptual Framework of the Research Domain 

Figure 1 is the logic of augmentation as obtained in the literature. Data and metadata provide context, which is processed 
through the generative layer to produce actionable outputs, admins, developers, and end users interact with these 
outputs in their work, governance restricts use, and organizational outcomes are accepted through validated workflow 
integration and not through automatic replacement [5][16]. 

4. Discussion  

A central finding across the reviewed literature is that generative AI creates value primarily through targeted 
augmentation of workflow bottlenecks rather than through wholesale automation. In CRM contexts, this value appears 
as improved customer insight, responsiveness, and decision support [7][9][17]. In software engineering, it appears in 
accelerated coding, documentation, and routine development support [18][20]. In low-code and no-code settings, it 
appears in easier interaction with platform logic and faster configuration work [11][12]. Applied to Salesforce, these 
findings suggest that Einstein GPT is likely to be most beneficial in repetitive, documentation-heavy, and interpretation-
intensive tasks, but only where human validation remains firmly in place.  

The second significant finding concerns the conditions of adoption. The acceptance of AI-based CRM is determined by 
trust, usefulness, and attitude [6]. B2B evidence contributes technology readiness and ICT capability as other significant 
antecedents of AI-CRM capability [10]. Competence, leadership, and change capacity are also viewed as critical elements 
in organizational studies of generative AI [14][15][18]. In the context of Einstein GPT, this suggests that the central 
challenge is not simply deploying a feature, but establishing the organizational readiness needed to use it effectively. It 
is possible that a Salesforce team can be highly platform-sophisticated, and yet not perform well with generative AI, 
when the AI literacy, the discipline of reviews, and the structure of governance are ineffective. Conversely, even 
organizations with modest technical sophistication may still derive significant value if AI is integrated into transparent 
use cases, grounded data contexts, and role-specific guardrails. 

The third outcome is related to the structural appropriateness of low-code environments. Reports on no-code AI and 
ChatGPT-assisted low-code development suggest that natural-language mediation may reduce the effort required to 
introduce and modify digital workflows [11][12]. This is especially important in Salesforce terminology since the 
configuration effort frequently entails formula creation, flow logic, permission logic, report building, and release 
documentation. Generative AI has the potential to reduce friction in every category of tasks. Nevertheless, according to 
the same studies, the low-code democratization can also hide architectural dependencies and technical debt as well as 
the governance risks [11][12]. Thus, Einstein GPT-like assistance may increase speed and, at the same time, may 
increase dependence on architectural review and metadata discipline. 

A fourth finding concerns prompt quality and interaction design. Prompt-protocol research by Robertson et al. suggests 
that knowledge co-construction improves when human–AI interaction is structured [16]. This result is practically 
significant to Salesforce admins and developers since much enterprise AI failure is not due to model limitations alone, 
but to the use of vague or poorly specified prompts, lack of grounding, or context. In Salesforce environments, prompt 
quality is likely to depend on explicit object names, field logic, business rules, validation requirements, target personas, 
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and governance constraints. One practical implication is that prompt design should be institutionalized as an 
organizational competency rather than treated as an individual improvisational skill. Such an argument is also related 
to the fact that Ozkaya argues that AI-enhanced development ought to be adjusted to the process and not an isolated 
experiment [2][3]. 

A fifth result concerns risk. Cost reduction and personalization may co-exist with other privacy tensions, lower empathy, 
frustration, and new vulnerabilities, according to the literature on the paradoxes of generative AI as a customer service 
employee [13]. Software-engineering literature introduces issues of correctness, overconfidence, and compatibility 
with existing development practices [2][18][20]. Ethics by design, retraining and user participation have emerged as 
requirements in the deployment of CRM integration frameworks [17]. In the case of Einstein GPT, these strands 
collectively signal that any form of generated summary, customer-facing text, recommendation, or generated code 
suggestions should not be adopted without careful validation. In Salesforce, risk is also enhanced due to the speed at 
which the erroneous results can spread through the customer processes, records, automations and integrations. 
Enterprise value is thus reliant on a two-root architecture of augmentation and oversight. 

Table 2 Comparison of Methodological Approaches  

Ref Method / Approach Strengths Limitations 

[6] Survey-based adoption 
modelling 

Clear antecedent testing for trust and 
usefulness 

Limited process depth 

[7] Mixed-method design with PLS-
SEM 

Connects qualitative capability formation 
with outcome testing 

Sector-specific context 

[8] Hybrid fuzzy decision-making Captures interdependencies among 
adoption variables 

Limited behavioural 
granularity 

[10] Survey-based capability 
modelling 

Tests mediation and moderation effects Cross-sectional design 

[11] Conceptual/managerial analysis Strong strategic framing for no-code AI Limited field validation 

[12] Focus-group study Rich insight into low-code interaction 
change 

Small-scale exploratory 
setting 

[16] Prompt protocol framework Practical relevance for human–AI 
interaction 

Limited platform-specific 
testing 

[18] Research-agenda review Broad mapping of software-engineering 
opportunities and risks 

Not platform-specific 

[19] Qualitative grounded-theory 
interviews 

Strong process insight into organizational 
integration 

Limited quantitative 
outcome metrics 

[17] Qualitative framework-building Rich integration guidance for AI-CRM 
deployment 

Limited longitudinal 
evidence 

 

Table 3 Comparison of Reported Outcomes  

Ref System / Method Key Metric Outcome 

[7] AI-enabled CRM capability Service innovation Positive relationship identified 

[9] Incremental sentiment 
analysis 

Customer-text 
interpretation 

Improved adaptive CRM learning 

[10] AI-CRM in B2B firms Relationship performance Positive effect reported 

[11] No-code AI with MLOps Iteration speed Faster business–technology coordination 

[12] Low-code with ChatGPT Configuration accessibility More intuitive platform interaction 

[13] GenAI customer service Quality/trust trade-off Benefits accompanied by paradoxes 
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[15] B2B GenAI adoption Firm performance Adoption intention linked with performance 
gains 

[16] Prompt protocol Knowledge co-
construction 

Structured prompts improve interaction quality 

[19] GenAI in software 
engineering 

Team productivity Productivity opportunities with integration 
barriers 

[17] AI-CRM integration 
framework 

Implementation success Success depends on data, ethics, retraining, and 
users 

Figure 2 summarizes the publication trend across the studies included in this review: the sudden increase in peer-
reviewed attention since 2023. The figure illustrates the number of publications across the reviewed studies of the 
references consulted to complete the current review and shows how rapidly the field shifted from foundational AI-CRM 
research to the level of generating AI, low-code augmentation, and AI-enhanced software engineering. 

 

Figure 2 Graph Illustrating a Major Trend Across Studies 

Figure 2 suggests an upward trend when considering the shift in the analysis of AI-CRM and organizational adoptions 
to explicit generative AI work after 2023 [4][11][13][18][19]. This trend can be used to understand why there has been 
limited direct evidence of Einstein GPT and adjacent evidence has grown exponentially. 

A further analysis of the findings shows that the literature suggests that Einstein GPT-like systems may offer practical 
value in five recurrent areas. The first is knowledge compression: condensing records, cases, past interactions, and 
technical situations to enable faster decision-making [9][17]. The second is configuration acceleration: assisting the 
admins to write formulas, automation logic, permissions reasoning, or documentation [11][12]. The third one is 
augmentation of development: providing code writing, testing, and documentation to developers [2][18][20]. The 
fourth is service innovation: increasing responsiveness and personalization based on CRM signals [7][13]. The fifth one 
is organizational learning: systematization of timely patterns, periodic reviews and control systems that enhance 
performance in the future [16][18]. Taken together, these areas outline a plausible practice-oriented model of Einstein 
GPT use, even though product-specific peer-reviewed evidence remains limited.  

To strengthen the practical applicability of the review, an illustrative (non-empirical) pilot scenario is presented to 
demonstrate how Einstein GPT-like functions can be implemented in a regulated Salesforce setting. Consider a mid-
sized B2B services firm implementing Einstein GPT support for two role groups over a 12-week pilot period. The pilot 
involves Salesforce administrators and Salesforce developers. For administrators, the tool is used for formula writing, 
flow-logic suggestions, report-description drafting, and support-case summarization. For developers, the tool is applied 
to Apex scaffolding, test-class suggestions, integration documentation and debug help. Here, human inspection, role-
based authorization, and audit trails apply to all outputs. Evaluation would not rely solely on perceived usefulness, but 
also on operational measures like accuracy of the formula, the number of iterations before getting usable output, time 
of configuration work completion, developer rework rate, contribution to test coverage, documentation turnaround 
time and exception ratio on governance review. 



International Journal of Science and Research Archive, 2026, 19(01), 612-623 

620 

Although hypothetical, this scenario translates the surrounding literature into a realistic enterprise context and 
demonstrates how Einstein GPT can be tested without supposing that productivity improvements at the platform level 
necessarily result merely from access to the model. That situation also reflects the key thesis of the present review 
namely, that value is created when the generative AI is situated in platform context, limited by governance and evaluated 
based on role specific performance and not generic adoption claims alone. 

Figure 3 presents the relationships among the key variables identified across the reviewed literature. It explains that 
governance, prompt design, and data quality mediate the effects of model access rather than model output directly 
resulting in productivity.  

 

Figure 3 Diagram Showing Relationships Between Key Variables 

The conclusion reflected in figure 3 is common to the literature: AI outputs can be used as effective value only when 
there is a combination of data quality, prompt structure, governance, and workflow fit [6][7][13][16][17][20]. This is 
particularly so when it comes to Salesforce, where some generated content can communicate with customer records, 
business logic, and scale-based automations. 

Figure 4 provides a visual synthesis of the major research components relevant to Salesforce administrators and 
developers. The model integrates the literature into a stratified perspective of where Einstein GPT-like capabilities will 
produce most value and where most controls are needed through reviews. 

 

Figure 4 Visual Summary Model of Major Research Components 
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Figure 4 synthesizes another key theme from the review: generative AI can be practically applied in the context of 
Salesforce working when platform data, role-specific assistance, and governance controls are combined into a single 
working model. It is then socio-technical, layered, and review-intensive as opposed to automatic [5][16][17][18][20]. 

5. Future Directions  

Future research requires substantially more empirical work on Einstein GPT and similar Salesforce-native generative 
assistants. At present, the strongest peer-reviewed evidence comes from adjacent literatures rather than from direct 
product-specific field evaluation. This poses a practical dilemma both to the scholars and managers in that platform 
claims cannot as yet be equated with effective longitudinal data regarding the productivity of the administration, 
productivity of the developer, quality of the release, quality of the metadata or downstream customer results. Field 
research in enterprise Salesforce environments ought to consequently monitor role-specific metrics over time rather 
than relying solely on adoption intention or organization-level indicators [6][17][18][20]. 

A key priority for future empirical research is the development of role-specific evaluation measures that move beyond 
generic adoption intention and organization-level performance claims. Interactions between administrators, 
developers, and generative AI in the Salesforce contexts are materially different and thus should be evaluated using 
role-specific metrics of value, quality, and risk. The role level should then separate productivity, accuracy, rework, 
governance burden and downstream business effects into the future because this way, Einstein GPT-like systems can 
be evaluated with higher levels of analytical clarity.  

Table 4 Proposed role-specific evaluation metrics for future empirical studies of Einstein GPT in Salesforce 
environments  

Role Metric Operational definition Possible data source 

Salesforce 
Administrator 

Formula accuracy rate Percentage of AI-generated formulas or 
declarative expressions accepted without 
substantive correction 

Validation logs, expert 
review 

Salesforce 
Administrator 

Flow configuration 
completion time 

Time required to build or modify a flow with 
and without AI support 

Task logs, pilot study 
timing 

Salesforce 
Administrator 

Prompt iteration 
count 

Number of prompts needed before a usable 
output is produced 

Prompt history, 
session logs 

Salesforce 
Administrator 

Documentation 
turnaround time 

Time taken to produce release notes, field 
descriptions, or admin documentation 

Project records 

Salesforce 
Administrator 

Governance exception 
rate 

Number of AI-assisted outputs flagged for 
policy, permission, or compliance concerns 

Audit logs 

Salesforce 
Administrator 

Rework rate Share of AI-assisted admin outputs requiring 
later correction 

Change records, 
version history 

Salesforce 
Developer 

Code acceptance rate Percentage of AI-generated code snippets 
retained after review 

Repository 
comparison, reviewer 
logs 

Salesforce 
Developer 

Debugging efficiency Reduction in time required to identify and 
resolve issues using AI support 

Ticket logs, issue 
tracking 

Salesforce 
Developer 

Test support 
usefulness 

Extent to which AI-generated test classes or 
test suggestions reduce manual effort 

Developer survey + 
repository analysis 

Salesforce 
Developer 

Post-deployment 
defect rate 

Number of defects associated with AI-assisted 
development outputs after release 

Incident logs, QA 
records 

Salesforce 
Developer 

Documentation 
completeness 

Quality and completeness of AI-assisted 
technical documentation 

Expert rubric, peer 
review 

Salesforce 
Developer 

Review burden Time spent validating, correcting, or rejecting 
AI-generated outputs 

Developer diaries, 
time logs 
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Cross-role Trust in output Perceived confidence in AI outputs under real 
work conditions 

Survey instruments 

Cross-role Workflow fit Degree to which AI support integrates into 
existing platform routines 

Interviews, 
observational data 

Cross-role Governance overhead Additional compliance, audit, and review 
effort created by AI use 

Audit logs, manager 
interviews 

The second priority is methodological improvement. Multi-method longitudinal designs, which would integrate system 
logs, workflow metrics, developer and administrator diaries, audit records, and customer-service results, would be 
beneficial to the field. The survey-based models remain useful, but after deployment, such models simply cannot tell 
about the pattern of prompt, the change in the behaviour of the reviews, and the distribution of the burden of 
governance. Such mixed-method designs have been used previously in AI-CRM and software-engineering research, 
which provide a more powerful avenue since these hybrids are able to model both mechanism and outcome 
[7][8][19][20]. 

The third direction would be about governance and grounding. Future studies can consider the effect of metadata-
constrained prompting, grounded retrieval, permission-constrained generation, and audit-log generation on the 
reliability of output on enterprise platforms. The existing body of literature is firmly indicative that trust, ethics by 
design, and structured prompting are issues that are relevant [13][16][17]. However, platform-specific evidence is 
underdeveloped. This research is particularly appropriate to Salesforce environments since the rich grounding 
mechanisms can be developed using metadata, object structure, permissions and workflow definitions to form a 
rigorous testbed. 

A fourth priority is interdisciplinary research. Current explanations remain partial across information systems, 
marketing, software engineering, and human-computer interaction. In practice, Einstein GPT is situated at the 
intersection of customer service, platform governance, workflow design, low-code logic, and developer tooling. Future 
research must, then, relate CRM value-creation models with software-engineering productivity research and prompt-
interaction studies. This type of integration would create more accurate platform-based generative AI than are available 
today.  

6. Conclusion  

This review positions Einstein GPT as a platform-embedded socio-technical capability rather than a standalone 
productivity tool. The paper synthesizes evidence from the CRM, software-engineering, and generative-AI adoption 
literature to show that enterprise value emerges from the alignment of generative models with platform processes, 
governance structures, and role-specific discipline. 

One of the most important contributions of this work is the ability to point out the fact that Salesforce administrators 
and developers operate in different domains of value creation, which require different evaluation frameworks, controls, 
and performance measurements. This role-sensitive perspective questions the generalized assertions of AI productivity 
and instead advocates for contextual, task-level evaluation of augmentation outcomes. 

The results also indicate successful implementation depends not only on model capability but also on organizational 
readiness, structured prompting and governance discipline, highlighting the importance of a structured augmentation 
architecture. 

Regardless of these pieces of knowledge, the lack of longitudinal and product-specific empirical studies remains a 
significant limitation in the field. Future studies should thus focus more on field-based, multi-method studies that will 
capture platform dynamics in the real world especially through operational metrics as well as workflow-level 
observations. 

To sum up, Einstein GPT represents not just a technological shift but a reconfiguration of enterprise work practices, the 
success of which depends on the effective integration of generative AI into structured, governed, and role-sensitive 
platform ecosystems.  
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