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ABSTRACT  
Public financial institutions (PFIs) are adopting general-purpose large language models (LLMs) 

faster than the evidence supports. Sovereign wealth funds (SWFs) operating under fiduciary 

duties and transparency obligations set out in the Santiago Principles are unable to adapt 

quickly because generic or unexplained model outputs cannot satisfy these requirements. This 

review maps the literature on adapting LLMs for institutional finance and the explainability of 

their outputs with the aim of identifying the evidence gaps critical for SWF deployment. We 

conducted a corpus-bounded scoping review following PRISMAScR. The corpus comprised a 

496-record library assembled during a longitudinal study of an African SWF (2023-2026). After 

deduplication, 470 unique records were screened against predefined criteria, yielding 230 

included studies synthesized across three themes: LLM adaptation, explainable artificial 

intelligence (xAI), and deployment risk and evaluation. Theme mappings comprised 77 studies 

on adaptation, 108 on explainability, and 74 on deployment risk and evaluation with some 

studies spanning multiple themes. Adaptation splits into two opposing approaches as 

parametric fine-tuning injects institutional knowledge but obscures its provenance while 

retrieval-augmented generation (RAG) exposes its sources but cannot guarantee their use. xAI 

techniques developed for classifiers degrade significantly on free-text generative output. No 

study evaluates an LLM deployed in an SWF within the defined search boundaries. High 

performance on generic benchmarks does not certify a model for institutional deployment, and 

African SWFs remain an empirical void. This review establishes the research agenda required 

to address this gap.  
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I.  INTRODUCTION  
Large language models are artificial intelligence systems trained on extensive text corpora to 

generate fluent human-like language, and they are being deployed across financial services at 

a rapid pace (Fatemi and Hu, 2023; Fatemi et al., 2024). Since the advent of ChatGPT, 

generative AI (GenAI) has become a strategic priority across the sector with surveys 

cataloguing applications ranging from document summarization to investment research (Chui 

et al., 2023; Li et al., 2023; Nie et al., 2024). However, sovereign wealth funds which are state 

-owned investment vehicles managing national assets exhibit considerable caution. These 

institutions operate under strict governance, transparency, and fiduciary requirements codified 

internationally in the Santiago Principles which mandate accountable and well-documented 

decision-making (IFSWF, 2025). For such institutions, an unexplainable algorithmic output is 

inadmissible, and as generic models proliferate across the finance industry, the divergence 

between model capability and the operational constraints of PFIs continues to widen. The 

financial ramification of this divergence is significant. By 2024, SWF assets under management 

(AuM) reached a record US$13.2 trillion (Megginson et al., 2023; SWFI, 2024), a 14% annual 

increase on top of the two decades of growth at ~11% per year (Aguilar and Johnson, 2024). 

These funds are highly knowledge-intensive yet rely more on paper-based internal 

documentation such as investment mandates, memos, risk reports, and audited accounts. 

Industry analysis suggests that a large fund can realize net annual gains exceeding US$100 

million through improved institutional knowledge management practices (BCG et al., 2025), 

and leading funds are consequently developing internal analysis and summarization AI tools 

(Burroughes, 2024). Therefore, the primary research question has shifted from whether SWFs 

will adopt LLMs to how SWFs can adopt LLMs without breaching their governance 

frameworks.  

Two barriers dominate this question. The first is hallucination because models produce 

confident outputs regardless of whether the underlying facts are true (Shuster et al., 2021). The 

second but much subtler barrier is parametric override where a model tends to prefer its own 

memorized weights when they conflict with supplied context (Longpre et al., 2021). Both 

barriers are manifestations of opacity and have been long identified as the main obstacle to trust 

in AI systems (Adadi and Berrada, 2018; Eschenbach, 2021). This problem is more intense in 

generative systems because conventional explainability techniques like LIME and SHAP were 

built to attribute a single prediction to its inputs and transfer poorly to open-ended text 

(Schneider, 2024; Zhao et al., 2024). Financial regulators now expect institutions to justify 

algorithmic decisions, and commercial banks already struggle to meet that expectation (Kuiper 

et al., 2021; OECD, 2023). Nevertheless, a public fund accountable to a national legislature is 

faced with a similar demand but with lower risk tolerance. To address these challenges, this 

review synthesizes the literature around three primary objectives. (i) It examines domain 

specific adaptation especially how general-purpose LLMs are specialized for finance through 

fine-tuning (Hu et al., 2021; Liu et al., 2023) or RAG (Lewis et al., 2020). (ii) It evaluates the 

explainability of LLMs in high-stakes financial contexts by assessing the available explanation 

techniques, their theoretical validity, and their empirical validation (Weber et al., 2024; 

Černevičienė and Kabašinskas, 2024). (iii) It analyses deployment risks and evaluation 

methodologies by focusing on the measurement of hallucination, knowledge conflicts, and 

security vulnerabilities, as well as the benchmarking of systems prior to institutional reliance 

(Chen et al., 2024; Laskar et al., 2024).  
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This review is guided by three research questions:  

RQ1. How do domain-adaptation methods like fine-tuning, RAG, and hybrid architectures 

integrate institutional knowledge into models?  

RQ2. Can existing xAI techniques turn open-ended text generation into an auditable trail that 

satisfies fiduciary and regulatory accountability?  

RQ3. Do standard evaluation practices measure the attributes that matter to high-accountability 

organizations?  

The rationale for integrating these domains is a notable absence in the evidence base. Empirical 

literature on LLMs in finance concentrates on commercial banking and capital markets in 

advanced economies. PFIs are rarely examined with the notable exception of a government 

finance assistant utilizing Indonesian fiscal data (Febrian and Figueredo, 2024). African 

institutions are absent from the literature as they remain focused on fintech prospects and 

regulatory readiness rather than deployed systems (Katterbauer et al., 2024; Makore and 

Makore, 2024). This omission matters because Africa hosts a growing number of SWFs 

including the Nigeria Sovereign Investment Authority (NSIA) which is a Santiago Principles 

signatory managing stabilization, savings, and infrastructure funds for the continent’s largest 

economy (NSIA, 2025; Johnson et al., 2025). These institutions would benefit from document 

grounded AI but remain underrepresented in the research required for safe adoption. Thus, this 

review aims to establish the foundational requirements for designing and evaluating such a 

system for an African SWF. Our review makes three distinct contributions with the first being 

the integration of three distinct bodies of literature (domain adaptation of LLMs, xAI in finance, 

and LLM evaluation and risk). These literature bodies are typically reviewed in isolation, but 

we analyze them through the operational requirements of PFIs rather than commercial entities. 

Secondly, we identify critical evidence gaps particularly concerning explanation methods 

validated for generative models, evaluations grounded in institutional documents, and 

empirical research on emerging-market PFIs. Thirdly, we derive practical implementation 

considerations for governance-constrained institutions with the aim of bridging the gap 

between model capabilities and institutional compliance requirements.  

 

II. RELATED WORKS  
The reviewed literature relevant to this study can be categorized into three distinct strands and 

this section outlines the contributions of each strand. It also identifies their limitations in respect 

to the responsible deployment of LLMs and xAI within PFIs. The first strand covers broad 

surveys of LLM architectures and capabilities. Zhao et al. (2023) and Minaee et al. (2024) 

document the training methodologies and the emergent properties of current models. Chen et 

al. (2024) further extends this analysis to high-stakes societal domains like finance. Looking 

towards model evaluation, Zhuang et al. (2023) categorize evaluation by core competencies 

while Laskar et al. (2024) identify the limitations of prevailing benchmark. These surveys 

comprehensively establish model capabilities and evaluation metrics, but they treat finance as 

just another application domain, among others. Also, the specific institutional contexts required 

to adopt, govern, and take accountability for these models remain unaddressed.  

A second strand of literature surveys xAI methodologies with numerous foundational reviews 

by Adadi and Berrada (2018), Guidotti et al. (2018), and Arrieta et al. (2020) establishing 

standard taxonomies to distinguish between intrinsic and post-hoc explanations. They also 

clearly identified opacity as the primary barrier to trust (Gilpin et al., 2018). Subsequent 

research pivoted to evaluation frameworks with Vilone and Longo (2021) and Nauta et al. 

(2023) systematizing evaluation properties, Kadir et al. (2023) categorizing metrics, and 

expanding on human-centered studies to expand upon the evaluation logic (Kim et al., 2024; 
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Doshi-Velez & Kim, 2017). These reviews simply prove that explanation quality is inherently 

multidimensional and notoriously difficult to measure. However, they fail to anchor these 

properties within specific accountability regimes and the intended user of an explanation in 

these reviews is usually an abstract stakeholder instead of an auditor, regulator, or fiduciary that 

is legally bound. Another limitation is that most of the surveyed techniques were built for 

traditional classifier models, and the recent reviews looking specifically at generative LLMs 

(Zhao et al., 2024; Schneider, 2024) show that legacy attribution methods transfer poorly to 

open-ended text generation.  

The third strand mostly examines AI applications and governance in the financial sector. Recent 

adaptation surveys are encouraging as they show rapid domain adoption across forecasting, 

advisory, and risk management (Li et al., 2023; Nie et al., 2024; Borovkova, 2024). In contrast, 

the parallel xAI reviews tell a narrower story as explanation techniques are mostly concentrated 

in credit scoring and fraud detection using mostly LIME and SHAP (Černevičienė and 

Kabašinskas, 2024; Weber et al., 2024; Chen et al., 2023). On governance, the regulatory 

analyses agree that supervisors now routinely demand explainability before deployment 

(Gasser & Almeida, 2017; Kuiper et al., 2021; Crisanto et al., 2024; Leitner et al., 2024). 

Nevertheless, the clear blind spot is that this review strand is majorly present in commercial 

banking, insurance, and capital markets while institutions like PFIs which manage public 

capital under strict fiduciary mandates rather than for profit fall completely outside the scope.  

This gap becomes undeniable when focusing on SWFs. This is because even though there is a 

mature literature on their governance and political economy (Alhashel, 2015; Clark and Monk, 

2010; Boubakri et al., 2023), it simply predates modern LLMs and ignores AI entirely. The 

nearest technical work is thin: a government-finance LLM built for Indonesia (Febrian and 

Figueredo, 2024), some high-level policy analyses of sovereign LLM strategies (Bondarenko 

et al., 2025), and a regional assessment of generative AI in African fintech (Katterbauer et al., 

2024). Apart from these, no existing review connects explainability techniques to the strict 

fiduciary accountability these institutions carry, and nobody has engaged with SWFs directly. 

We therefore position our review against this literature in three specific ways. Firstly, we use 

the institution as the primary unit of analysis rather than the technical method. Secondly, we 

evaluate both LLM and xAI literatures through a governance and accountability framework 

rather than a purely technical capability lens. Thirdly, we bound our corpus using an active 

longitudinal study of an African SWF. This ensures the synthesis remains focused on the real-

world practical requirements of a deploying institution.  

 

III. METHODOLOGY  
This paper follows the PRISMA-ScR structured scoping review approach which is suitable for 

computing and intelligent systems research. This approach was adopted to make the 

identification, screening, eligibility assessment, and inclusion of studies processes transparent 

and reproducible (Tricco et al., 2018). A search and source log, screening spreadsheet, reviewer-

agreement sheet, and PRISMA flow diagram were developed to document the process and to 

support the credibility of the final synthesis. In addition, the search log documents the iterative 

search path of the underlying longitudinal study rather than a single protocol-driven sweep 

because the design is corpus-bounded. This is disclosed as a limitation.  

 

A. Review Corpus and Search Strategy  
This review employs a corpus-bounded methodology rather than a fresh protocol-driven 

database search. It utilizes the complete reference library assembled during a longitudinal 

research project on an African SWF conducted between January 2023 and December 2025, 
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with the library consolidated in May 2026. Due to the corpus-bounded design of this review, 

the search log records the iterative search trail of the underlying longitudinal study rather than 

a single protocol-driven sweep. This is disclosed in Section III.G as a limitation.  

 

A.1 Search Terms and Sources  
The various research phases ran iterative literature searches through Google Scholar and in 

other publisher repositories like ACM, IEEE (IEEE Xplore), Elsevier (ScienceDirect), Springer 

(SpringerLink), the ACL, MDPI, Wiley, SSRN and arXiv. Each phase combined three concept 

blocks: (i) language models (“large language model*”, “LLM”, “generative AI”, “GenAI”, 

“GPT”, “foundation model*”); (ii) institutional finance (“sovereign wealth fund*”, “public 

financial institution*”, “development finance institution*”, “state-owned investor”, financ*); 

(iii) accountability and risk (explainab*, interpretab*, “XAI”, “SHAP”, “LIME”, 

counterfactual*, hallucinat*, “knowledge conflict*”, “retrieval-augmented generation”, 

“RAG”, benchmark*, evaluation, abstention). An illustrative full string is: (“large language 

model*” OR “LLM” OR “generative AI”) AND (“sovereign wealth fund*” OR “public 

financial institution*” OR financ*) AND (explainab* OR hallucinat* OR “retrieval-augmented 

generation” OR benchmark*). These searches were supplemented in every phase through 

snowballing from included studies and citation tracking.  

 

A.2 Record Accumulation  
The library developed through every phase as all relevant records in any phase were retained 

rather than filtered to a single question: adaptation and fine-tuning searches (2023), retrieval 

and knowledge-conflict searches (2023-2024), explainability and evaluation searches 

(20242025), and deployment-risk and governance searches (2025). This accumulation 

produced the 496-record library with no records published after 2025 because it is bounded by 

the conclusion of the longitudinal study. The final consolidation date of the corpus was May 

2026.  

 

A.3 Source Verification and Composition  
The publication source of each record was verified from its digital object identifier (DOI) or 

uniform resource locator (URL) with Table 1 detailing the distribution of the 496 records. 

Notably, peer-reviewed and preprint sources dominate the portion of the corpus with arXiv as 

the single largest source, reflecting the rapid publication cycle of this domain. The corpus 

consists of ~34% grey literature (institutional reports, regulatory publications, and web sources) 

because a significant portion of authoritative materials on PFIs are not published in traditional 

academic journals. The supplementary OpenAlex search described in Section III.F is an 

external validation check and is explicitly not part of this primary corpus or synthesis.  
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Table 1: Publication Sources of Records in the Review Corpus  
Source  Records  %  

arXiv  77  15.5  

ScienceDirect (Elsevier)  51  10.3  

ACM Digital Library  24  4.8  

SpringerLink  23  4.6  

IEEE Xplore  15  3.0  

MDPI  15  3.0  

ACL Anthology  12  2.4  

SSRN  11  2.2  

Wiley  6  1.2  

Other Academic Publishers  94  19.0  

Institutional Reports and Web Sources (Grey Literature)  168  33.9  

Total  496  100  

 

B. Inclusion and Exclusion Criteria  
We established clear boundaries for this review during the screening process through the 

specific inclusion and exclusion criteria detailed in Table 2.  

 

  Table 2: Inclusion and Exclusion Criteria for Selecting Studies  

Decision  Criterion  

Include  Addresses at least one review theme (domain adaptation, 

explainability and trust, or deployment risk and evaluation)  

Include  Is a research study or a substantive technical report with reported 

methods or evidence  

Include  Falls within the corpus timeline (up to 2025)  

Exclude  Not research: news coverage, vendor marketing, or product pages  

Exclude  Off topic: no bearing on language models or their institutional use  

Contextual (Cited but 

not Synthesized)  

Background on SWF governance, knowledge management theory, 

or research methodology  

 

C. Study Selection  
The selection process we employed followed the standard phases illustrated in Figure 1: 

identification, screening, eligibility, and inclusion. 26 duplicates were removed from the initial 

496 records to provide 470 unique records for the title and abstract screening phase. In this next 

phase, we removed 77 more records because 68 were non-research materials (news articles, 

vendor announcements, and product documentation) while 9 did not align with our review’s 

focus. The remaining 393 records went through full-text assessment against the review themes, 

and 163 were categorized as purely contextual literature that cover SWF governance, 

knowledge management theory, and broad methodology. It is worth noting that these 163 

records were not synthesized as primary evidence even though they helped in theoretically 

formulating the review. This final filter left us with 230 studies for final inclusion.  
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Figure 1: PRISMA-ScR Flow Diagram of the Study Selection Process  

 

D. Thematic Mapping  
We mapped the included studies into three predefined themes we derived from our primary 

research questions.   

1. Theme 1 (T1) covers Domain-Specific Adaptation of Language Models (77 studies)  

2. Theme 2 (T2) covers Explainability and Trust (108 studies)  

3. Theme 3 (T3) covers Deployment Risk and Evaluation (74 studies)   

The total count of these studies when classified into themes is 259, and it deliberately exceeds 

the 230 included studies because individual studies frequently cross thematic boundaries. For 

example, a paper on RAG speaks to both adaptation and evaluation.  

 

E. Screening Procedure  
We conducted the screening in two stages. In stage one, we adopted a machine pass using an 

automated zero-shot text classifier configured with the Table 2 criteria as class descriptors to 

run over all 470 deduplicated records and map each one against the three review themes and 

the exclusion criteria. This stage produced our preliminary inclusion list. In stage two, to verify 

the reliability of this automated process and ensure accuracy, we drew a validation sample of 

records for independent human review.  

 

E.1 Validation-Sample Selection  
The samples were drawn by stratified random sampling with the strata defined by source type 

(peer-reviewed, preprint, or grey literature). To ensure the samples reflected the heterogeneity 

of the corpus, we crossed them with the provisional theme labels. This yielded 235 records 
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(50% of 470) at the title and abstract stage and 118 records (30% of 393) at the full-text 

eligibility stage. Two co-authors independently screened the samples using the predefined 

criteria in Table 2 with screening decisions coded as include, exclude, or uncertain. 

Disagreements between the human reviewers were discussed against the eligibility criteria and 

resolved by consensus with a third author available for adjudication where consensus could not 

be reached. Inter-rater agreement between the two human reviewers on the validation samples 

were assessed using Cohen’s kappa (κ) coefficient and the results are summarized in Table 3.   

At the title and abstract screening stage, the reviewers assessed a sample of 235 records, agreed 

on 226 records, and disagreed on 9 records, producing a κ value of 0.87. At the full-text 

eligibility stage, the reviewers assessed 118 papers, agreed on 106 papers, and disagreed on 12 

papers, producing a κ value of 0.79. These values indicate strong agreement at the title and 

abstract screening stage and substantial agreement at the full-text eligibility assessment. 

Following independent verification, consensus resulted in three of the 9 disputed title and 

abstract records being retained for full-text assessment and six being excluded. At the full-text 

stage, five of the 12 disputed reports were included and seven were excluded. The final 

consensus decisions from the validation sample confirmed the reliability of the automated tool.  

  

Table 3: Reviewer Agreement During Study Selection (Validation Sample)  

Screening Stage  
Title and Abstract 

Screening  

Full-Text Eligibility  

Records Assessed (Sample)  235 of 470  118 of 393  

Agreements  226  106  

Disagreements  9  12  

Percentage Agreement  96.2%  89.8%  

Cohen’s Kappa  0.87  0.79  

95% Confidence Interval  0.79 to 0.95  0.68 to 0.90  

Interpretation  Strong Agreement  Substantial Agreement  

Resolution Procedure  

Disagreements were 

resolved through discussion 

and consensus  

Disagreements were 

resolved through discussion 

and consensus  

 

E.2 Error Propagation  
The human consensus decisions were compared against the automated tool’s classifications to 

estimate category-wise error rates focusing on false inclusions and false exclusions per 

exclusion criterion and per theme. This error propagation followed three distinct rules:  

(a). Categories with an error rate over 5% caused manual re-screening of all remaining records 

carrying an automated label.  

(b). Categories below the 5% threshold had their automated labels retained and theme counts 

adjusted by the estimated error rate.  

(c). All adjustments were recomputed holistically to construct the PRISMA flow diagram in 

Figure 1 and determine the final 230 studies included in the review.  

The validation samples served both to certify the tool and to quantify residual classification 

error in the unscreened remainder.  
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F. Supplementary Validation Search  
Two features of the primary design required an external check. The corpus is bounded by the 

search trail of a single longitudinal study, and the central empirical finding of the review is an 

absence where no included study evaluates a language model within an SWF. To mitigate the 

selection bias inherent in a corpus-bounded approach and to test this absence against an open 

catalogue, a supplementary targeted search was conducted in July 2026 using OpenAlex, an 

open bibliographic index covering more than 250 million scholarly works across disciplines 

and publishers. The search intersected three concept blocks, namely PFIs, GenAI technologies, 

and deployment or evaluation contexts, through the expression (“sovereign wealth fund” OR 

“public financial institution”) AND (“large language model” OR “generative AI”) AND 

(“deployment” OR “evaluation”), translated into OpenAlex query syntax. The three 

intersections returned 42, 25, and 5 records respectively, yielding 72 records for screening with 

records appearing under more than one intersection screened once.   

Consequently, the two reviewers screened all 72 records at title and abstract level against the 

criteria in Table 2 with abstracts consulted where a title alone was insufficient. No record 

documented the deployment or evaluation of a language model with or without an xAI 

component inside an SWF. The closest matches mentioned SWFs only in passing or appeared 

as policy and market commentary which is consistent with the neighbouring categories 

discussed in Section IV.D. The supplementary protocol therefore independently confirms the 

empirical gap identified within the primary corpus. These 72 records were screened only to test 

the gap claim against an open catalogue but none of these records were added to the included 

review corpus and the synthesis of the 230 selected studies comes from the primary corpus 

only. Thus, the supplementary search is methodologically distinct from and subordinate to the 

primary review procedure.  

 

G. Limitations of the Design  
This adopted methodology presents three inherent limitations with the first highlighting that 

the review is bounded by a single corpus developed during one longitudinal study. This absence 

of a formal protocol-driven database search implies that relevant studies outside the initial 

search parameters may have been omitted. However, the supplementary OpenAlex validation 

search described in Section III.E mitigates this concern with respect to the central gap claim 

but studies outside both search trails may still have been omitted. Secondly, while grey 

literature is included in the corpus, it is analytically separated from peer-reviewed evidence and 

any claim relying exclusively on grey sources is explicitly identified. Thirdly, works published 

in other languages are underrepresented as the corpus is restricted to English language 

publications only.  

 

IV. RESULTS AND THEMATIC SYNTHESIS  
The synthesis encompasses 230 included studies that map against the three review themes to 

give 77 studies contributing to domain-specific adaptation (T1), 108 to explainability and trust 

(T2), and 74 to deployment risk and evaluation (T3). However, because individual studies may 

address multiple themes, the combined total exceeds the number of included studies. The 

evidence base is strongly concentrated in recent years as more than half of all included studies 

were published between 2023 and 2024. This indicates rapid growth and increasing scholarly 

attention in this area.  

Consequently, one structural finding frames the discussion that follows and although 

explainability and trust (T2) is the largest theme by volume, the literature provides surprisingly 

limited insight into the systems that financial institutions are now deploying in practice. This is 
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evident as most explainability research was developed in the context of traditional classifiers 

and predictive models while the technologies increasingly entering financial institutions today 

are generative language models whose outputs are dynamic, context-dependent, and often 

difficult to interpret using established explainability methods.  

Across the 108 studies mapped to T2, only a small minority address explainability for 

generative models. Notably, not a single study demonstrates a production-ready explainability 

framework for LLMs operating within a financial institution. This highlights a fundamental 

mismatch between the focus of present explainability literature and the realities of real-world 

deployment. The following sections examine how this gap emerged by tracing how domain 

specific adaptation methods evolved in Section IV.A. The next section shows how 

explainability became a regulatory mandate even though existing explainability toolkits are 

limited in Section IV.B. Furthermore, we identify the unresolved deployment risks and 

evaluation challenges for financial GenAI in Section IV.C. Finally, Section IV.D synthesizes 

these findings to articulate the resulting research gap.  

 

A. The Trajectory of Domain-Specific Adaptation  
The literature on adaptation documents a clear story of the steady reduction in generic model 

specialization cost along with a fundamental shift in the place models store domain knowledge. 

Early transformer architectures absorbed factual knowledge directly into their internal 

parameters during massive pre-training runs (Vaswani et al., 2017; Brown et al., 2020; Kaplan 

et al., 2020). Subsequent advances in instruction tuning and reinforcement learning from human 

feedback (RLHF) aligned model behaviour with user intent without necessarily adding new 

facts (Ziegler et al., 2019; Ouyang et al., 2022; Wu et al., 2023). More recently, parameter 

efficient fine-tuning (PEFT) methods like LoRA and quantization techniques such as QLoRA 

have drastically lowered the computational barrier to allow institutions to adapt multi-billion 

parameter models on standard hardware (Hu et al., 2021; Dettmers et al., 2022; Dettmers et al., 

2023). Collectively with the release of capable open-weight models (Touvron et al., 2023; Bai 

et al., 2023; Grattafiori et al., 2024), these developments enable organizations to adapt models 

entirely within their internal infrastructure. This is a capability increasingly discussed in the 

context of sovereign AI strategies (Bondarenko et al., 2025).  

RAG took an alternative paradigm from fine-tuning by giving systems the ability to retrieve 

relevant text from an external document store at inference time and supplying them in the 

prompt (Lewis et al., 2020; Karpukhin et al., 2020). This approach keeps knowledge in 

versioned and citable documents while measurably reducing fabricated content (Shuster et al., 

2021; Es et al., 2023). The finance industry followed this general trajectory with early domain 

adaptation relying on continued pre-training of encoder models for tasks like sentiment analysis 

(Araci, 2019; Shah et al., 2022). More recent efforts have produced large-scale financial models 

ranging from proprietary systems trained from scratch to open alternatives fine-tuned on 

financial instruction data (Liu et al., 2023; Xie et al., 2023; Fatemi and Hu, 2023; Fatemi et al., 

2024). Similarly, parallel developments in other specialized domains confirm the viability of 

this approach (Singhal et al., 2022; Luo et al., 2022; Taylor et al., 2022).  

For PFIs, the one distinction that matters above all the others is where does the knowledge end 

up and can it be traceable. Fine-tuning embeds institutional facts into model weights, and once 

this is done, mechanistic studies show that these facts cannot subsequently be isolated or cited 

(Jain et al., 2023; Wang et al., 2024). Retrieval does the opposite by keeping knowledge outside 

the model. In principle, this means that every answer can carry its own citation but in practice 

this depends on how the model defers to the supplied context, and this deference is not 

guaranteed as shown in Section IV.C. This is the main reason hybrid designs that combine 
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domain fluency in model weights and retrieval at inference are emerging as a practical 

compromise (Zhang et al., 2023; Efeoglu and Paschke, 2024; Febrian and Figueredo, 2024; 

O’Leary, 2024; Lee et al., 2024). Table 4 consolidates the discussed trade-offs with an inverse 

relationship between parametric depth and auditability. The approaches that inject the most 

institutional knowledge leave the least evidence while RAG which injects nothing has the 

strongest per-answer audit trail. This inverse relationship rather than cost of deployment is the 

decisive consideration for PFIs. It also explains the corpus’s conjunction toward hybrid designs 

that pair domain fluency with retrievable sources.  

 

Table 4: Principal Adaptation Approaches and Their Traceability Consequences  

Approach  
What It Installs  Source 

Traceability  Cost Profile  
Representative Works  

Domain pretraining from 

scratch  

Broad domain 

knowledge in 

parameters  

None: facts are 

diffused across 

weights  

Extreme; feasible 

for few institutions  

Liu et al. (2023); Li et al. (2023)  

Continued domain 

pretraining of encoders  

Domain vocabulary 

and style  

None  Moderate  Araci (2019); Shah et al. (2022)  

Instruction tuning/RLHF  Behaviour and 

preference alignment 

instead of facts  

Not  applicable: 

shapes conduct, not 

content  

Moderate; needs 

 curated 

instruction data  

Ziegler et al. (2019); Ouyang et al. 

(2022); Taori et al. (2023)  

PEFT (LoRA and QLoRA)  Domain knowledge 

and style through 

small adapters  

None: adapted 

facts still live in 

weights  

Low;  single- 

workstation easible  

Hu  et  al. (2021); Dettmers et al. 

(2023)  

Quantisation  Nothing  new; 

compresses an 

existing model  

Neutral; preserves  

whatever the model 

had  

Extremely low; 

enables  on- 

premises 

deployment  

Dettmers et al. (2022)  

RAG  Nothing; knowledge  

supplied per query 

from documents  

High by design: 

every answer can 

cite  retrieved 

passages  

Low  training 

cost;  ongoing 

index upkeep  

Lewis et al. (2020); Karpukhin et al.  

(2020); Shuster et al. (2021)  

Hybrid finetuning plus 

retrieval  

Domain fluency in 

weights; facts from 

documents  

Partial: depends on 

model deference to  

retrieved sources  

Low to  

moderate  

Zhang et al. (2023); Efeoglu and 

Paschke (2024); Febrian and  

Figueredo (2024)  

 

B. The Imperative for Explainability  

Explainability dominates the corpus because it is not optional in finance. Data protection law 

constrains automated decision-making and grounds a right to meaningful explanation (Wachter 

et al., 2017; EDPS, 2023). Regulators now expect an audit trail behind any model-driven 

decision (Crisanto et al., 2024; Global and Scholz, 2025), and the literature evidence shows 

that banks are already treating explainability as a condition of deployment (Kuiper et al., 2021). 

Underneath all the rules sits a simple fiduciary fact that any institution managing public funds 

must be able to justify a system’s decision. However, an opaque system breaks the chain of 

justification required to trust such decisions (Eschenbach, 2021; Langer et al., 2021). The field 

that answers this demand is mature but for the wrong generation of models. The foundational 

surveys establish the standard taxonomies (Adadi and Berrada, 2018; Guidotti et al., 2018; 

Arrieta et al., 2020; Gilpin et al., 2018), and the finance-specific reviews show the techniques 

are majorly concentrated within credit scoring, risk management, and forecasting (Yeo et al., 

2023; Černevičienė and Kabašinskas, 2024; Weber et al., 2024; Chen et al., 2023).  

The most adopted technique families are feature attribution with SHAP and LIME, saliency 

maps, counterfactual explanations, and rule-based surrogates. Further applied studies 
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demonstrate their effectiveness in classifier settings (Demajo et al., 2020; Bussmann et al., 

2021; Misheva et al., 2021; Bianchi and Brì, 2021; Saves et al., 2025). Table 5 details why each 

evaluation family’s fiduciary suitability diverges from its classifier-era reputation once outputs 

become open-ended text. Provenance and source attribution are the only ones that retain strong 

suitability for generative systems while all post-hoc families either scales poorly (feature 

attribution), addresses the wrong audience (saliency), lacks theoretical reliability (attention), is 

inaccurate for open text (counterfactuals and surrogates), or cannot be trusted as sole evidence 

(self-explanation). This asymmetry is the empirical basis for the provenance-first 

recommendation.  

 

Table 5: Explainability Techniques and Their Fit to Generative Models in Fiduciary Settings  
Technique 

Family  What it Explains  
Behaviour on Long Generative 

Output  

Suitability for Fiduciary Settings  

Feature  

Attribution  

(SHAP/LIME)  

Each input feature’s 

share  in  one  

prediction  

Cost grows with prompt and output 

length; Unstable per query  

Strong for classifiers; Impractical  per-

answer for LLM output  

Saliency/  

Gradient  

Methods  

Input  regions  the 

model was sensitive 

towards  

Requires model internals; Token-level 

maps hard for non-experts to act on  

Limited: informative to developers not 

to  

auditors  

Attention 

Inspection  

Where  the  model  

“looked”  

Cheap but unreliable as explanation  Weak:  risks  false  

assurance  

Counterfactuals  Smallest  input 

change that alters the 

output  

Poor for open-ended text; No single 

decision boundary  

Strong for lending decisions; Poor for  

generated text  

Model Self- 

Explanation  

The  model’s  own  

stated rationale  

Fluent but not dependably  

faithful  

Unsafe as sole evidence; Useful only 

alongside checks  

Provenance/  

Source  

Attribution  

Which documents an 

answer drew upon  

Native to retrieval systems;  

Low  cost  per-answer  

citations  

Strong: aligns with audit and record-

keeping  

Rule-Based 

Surrogates  

Model logic’s global 

approximation  

Cannot faithfully summarize an open-

ended generator  

Useful for scoped sub decisions not free 

text  

 

The central problem documented in the corpus is that this explainability toolkit was designed 

for models with fixed input features and single outputs and generative language models possess 

neither as their inputs are lengthy prompts and their outputs are sequential token choices. Thus, 

attribution methods scale poorly under these conditions while perturbation-based methods 

require computationally prohibitive numbers of model evaluations per query (Zhao et al., 2024; 

Schneider, 2024). Additionally, inspecting attention weights is computationally cheap but 

theoretically unreliable as an explanation (Jain and Wallace, 2019) while asking models to 

generate self-explanations yields fluent text that does not dependably reflect the underlying 

computation (Huang et al., 2023; Luo et al., 2021). The one approach that survives the transition 

to generative models intact is provenance tracing. In retrieval-based systems, each answer can 

be explicitly linked to the source text it utilised and while this does not explain the internal 

computation of the model, it provides auditors with a verifiable path from the generated answer 

back to the source document. In a fiduciary context, this system-level property is often more 

valuable than post-hoc feature attribution (Lewis et al., 2020; Es et al., 2023).  

The evaluation of explanation quality presents further challenges as the literature organises 

evaluation into functionality-grounded, human-grounded, and application-grounded levels 

(Doshi-Velez and Kim, 2017; Mohseni et al., 2021). Further reviews note a heavy reliance on 

automated proxy measures while expert evaluations remain rare (Nauta et al., 2023; Kim et al., 
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2024; Vilone and Longo, 2021; Kadir et al., 2023). Crucially, these evaluation levels frequently 

disagree as the explanations that users find satisfying are not necessarily faithful to the model’s 

actual reasoning. This implies that evaluations based on user satisfaction can inadvertently 

reward persuasiveness over accuracy (Sokol and Vogt, 2024; Amarasinghe et al., 2024; 

MiróNicolau et al., 2024). For a PFI, the implication is that an explanation highly rated by users 

is not evidence that the system is trustworthy.  

 

C. Deployment Risks: Hallucination, Parametric Override, and The Evaluation 
Gap  
The risk literature keeps returning to three major problems. The first is hallucination. 

Generative models produce fluent statements that are still wrong, and in finance the costliest 

and hardest to detect involve numerical figures, dates, and rates (Cao et al., 2024; Borovkova, 

2024; Khan and Umer, 2024). Financial question answering makes it worse because the answer 

depends on chained numerical reasoning, and that chain is a known weakness even in the 

strongest models (Chen et al., 2022; Xie et al., 2023; Xie et al., 2024). The second problem 

runs deeper because when what the model memorized conflicts with the provided context, it 

will often just ignore the context. Further research on knowledge conflicts by Longpre et al. 

(2021) shows that models prefer their memorized weights over retrieved context. This 

limitation is also why retrieval only reduces fabrication without being able to eliminate it 

completely (Shuster et al., 2021). Additionally, the frequency at which a model defers to 

supplied context depends on instruction alignment (Ouyang et al., 2022; Wu et al., 2023), and 

the mechanistic work shows fine-tuning reshapes internal knowledge in unpredictable ways 

(Jain et al., 2023; Wang et al., 2024). This simply implies that combining fine-tuning and 

retrieval gives you two independent safeguards. This is a trade-off rather than a guarantee 

because the two can interact and fail simultaneously while producing confident but stale 

answers. Therefore, while fine-tuning can reduce hallucination on domain-specific queries (Xu 

et al., 2023), it can also embed the wrong parametric belief that is difficult to change during 

inference. This tension remains unresolved in current financial deployments.  

In response to these risks, general AI ethics and governance frameworks have evolved across 

multiple layers (Gasser and Almeida, 2017; Floridi et al., 2018; UNESCO, 2022). Additionally, 

financial sector analyses from regulatory bodies (Boukherouaa et al., 2021; Shabsigh, 2023; 

OECD, 2023; Crisanto et al., 2024; Leitner et al., 2024; Global and Scholz, 2025) and security 

assessments for sensitive data (Yao et al., 2024) have also evolved. Further empirical studies 

of deployed behaviour which are scarce indicate significant risks including simulated trading 

agents acting unlawfully (Biancotti et al., 2024) and measurable bias in chatbot financial advice 

(Lakkaraju et al., 2023). The third and final problem is that current evaluation instruments do 

not measure institutional requirements. General-purpose benchmarks (Wang et al., 2018; Wang 

et al., 2019; Hendrycks et al., 2020; Srivastava et al., 2022; Liang et al., 2022) and finance 

specific benchmarks (Chen et al., 2022; Shah et al., 2022; Xie et al., 2023) both evaluate models 

on public open-domain information while no public benchmark tests performance against an 

institution-specific document corpus comprising internal policies, mandates, and confidential 

reports. Similarly, evaluation metrics are misaligned as reference-overlap metrics like BLEU, 

ROUGE, and METEOR reward surface-level similarity to a reference text (Papineni et al., 

2001; Lin, 2004; Banerjee and Lavie, 2005; Zhang et al., 2019) as numerous methodological 

reviews highlight how poorly these track generation quality (Gehrmann et al., 2022; Goyal et 

al., 2022; Laskar et al., 2024). Crucially, overlap metrics penalize abstention and a system that 

correctly declines to answer when sources are insufficient receives the same penalty as a system 

that fabricates an answer. This dynamic directly contradicts the operational requirements of any 
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compliance-bound institution and it is also driving research interest in selective prediction 

methods that evaluate accuracy alongside coverage (Kamath et al., 2020). Attempting to solve 

this issue by adopting another LLM as an evaluator only produces more reliability concerns 

(Yoo, 2024; Zhao et al., 2025).   

 

Table 6: Deployment Risks: Mechanisms, Mitigations, and Unresolved Matters  

Risk  Documented Mechanism  Corpus Mitigations  Unresolved Matters  

Hallucination  Fluent generation  

ungrounded in evidence  

Retrieval  grounding 

(Shuster et al., 2021); Domain 

fine-tuning (Xu et al., 2023)  

Residual fabrication persists; No 

deployed setting error rates for 

institutional corpora  

Numeric  

Infidelity  

Weak chained numerical 

reasoning conceals errors  

in fluent text  

Finance  benchmarks expose 

the  weakness  

(Chen et al., 2022; Xie et al., 

2023)  

Overlap metrics barely detect wrong 

numbers in fluent text  

Parametric Override  Model prefers memorized 

knowledge over supplied 

context (Longpre et al., 2021)  

Instruction alignment increases 

deference  

(Ouyang et al., 2022)  

Interaction of finetuning and retrieval 

untested in production finance  

Opacity in Audit  Post-hoc techniques degrade on 

generative  

output (Zhao et al., 2024)  

Provenance-first system 

design (Lewis et al., 2020; 

Es et al., 2023)  

Faithfulness of cited sources to 

generated claims rarely verified  

Evaluation Misfit  Benchmarks and metrics test 

public  and open domain 

competence  

Selective  prediction 

rewards honest abstention 

(Kamath et al., 2020)  

No benchmark reflects an institution-

specific document estate  

Data Sovereignty and 

Privacy  

Sensitive data exposed through 

external model  

interfaces  

Local  open-weight 

deployment (Touvron et al., 

2023; Bondarenko et  

al., 2025)  

Governance templates for deployment 

are prescriptive and not evidenced  

Misaligned or Biased 

Behaviour  

Unlawful agent actions and 

uneven advice quality 

documented in simulation 

(Biancotti et al., 2024;  

Lakkaraju et al., 2023)  

Regulatory frameworks and 

oversight layers  

(Crisanto et al., 2024)  

No study audits these behaviours in a 

live institutional deployment  

 

Table 6 maps each deployment risks to its documented mechanism, the mitigations available in 

the corpus, and the matters that remain unresolved. The four-pillar certification framework 

proposed below responds directly to these unresolved items. The risks mapped in Table 6 force 

a fundamental shift in how PFIs validate generative systems because current overlap metrics 

penalise a model for saying it does not know and this directly conflicts with fiduciary 

accountability. Therefore, certifying an institutional LLM needs a different type of evaluation 

framework, and we argue that it should stand on four distinct pillars.  

(a). Technical Performance (Selective Prediction and Numerical Fidelity)  

(b). Explainability Grounded in Verifiable Provenance  

(c). Operational Efficiency  

(d). Institutional Trustworthiness  

  

D. The Review Gap  
Our review findings combine into one unavoidable conclusion: a good benchmark score does 

not certify a model for institutional use. This is because existing benchmarks evaluate public 

knowledge with metrics that reward fluency, tolerate numerical errors, and penalize 
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abstentions. This leads to an institution learning almost nothing if it tries to validate an assistant 

against its own internal mandates. Therefore, public benchmarks provide a weak proxy for 

institutional readiness because they measure the wrong capabilities. This misalignment in 

evaluation reflects a deeper empirical gap where no study out of the 230 included studies 

evaluates an LLM deployed within an SWF. The closest approximations are a prototype for a 

finance ministry (Febrian and Figueredo, 2024), a private sector knowledge management pilot 

(Lee et al., 2024), and a strategic analysis of sovereign models (Bondarenko et al., 2025). 

Notably, African PFIs are entirely absent from the empirical literature as they appear only in 

regulatory and policy commentary (Katata, 2021; Makore and Makore, 2024). Relevant 

literature had to be compiled across adjacent fields to assemble the review corpus used for this 

review due to the absence of a dedicated research stream.  

Existing literature reviews support the dimensions of this gap from their respective domains. 

Financial xAI surveys admit that the field remains concentrated on classifiers and predictive 

models (Yeo et al., 2023; Černevičienė and Kabašinskas, 2024; Weber et al., 2024). Further 

financial LLM reviews catalogue adaptation methods without addressing institutional 

deployment evidence (Nie et al., 2024; Chen et al., 2024). On evaluation, Nauta et al. (2023) 

and Kim et al. (2024) both note the scarcity of expert task-grounded studies. These reviews 

identify a pattern where each captures a distinct part of the problem, but none tackles the 

intersection where generative capability meets institutional accountability. Addressing this gap 

will require institution-specific and governance-aware evaluation frameworks that employ 

benchmarks built from internal documents, metrics that reward grounded answers and smart 

refusal, and systems that treat provenance as a primary output. The future work associated with 

the underlying longitudinal study is designed around these requirements. We acknowledge 

several limitations of the evidence base but none invalidates the main conclusions. A significant 

proportion of the included studies are preprints, which reflects the rapid pace of research in this 

domain relative to traditional peer-review cycles. Furthermore, the heavy concentration of 

publications between 2023 and 2024 suggests that specific technical findings may become 

outdated quickly. Additionally, the corpus-bounded methodology of this review means that we 

might have omitted outlier studies. None of these limitations would completely obscure a 

published and evaluated LLM deployment within a PFI if one existed. The empirical gap 

remains substantial and establishes the necessary direction for further research.  

 

E. Implications and Research Agenda  
Based on the synthesized evidence, institutional systems should be grounded in retrieval 

architectures rather than relying primarily on memorized parametric knowledge. These systems 

must be designed around provenance to ensure generated outputs maintain verifiable links to 

source documents while they also support local or institution-controlled deployment to protect 

sensitive information. Furthermore, abstention must be prioritized as a system capability 

because a model that explicitly acknowledges uncertainty or declines to answer in the absence 

of supporting evidence should be regarded as exhibiting a critical governance feature rather 

than deficient performance. Several research priorities emerge from this analysis with the first 

being the critical need for the development of institution-specific benchmarks derived from the 

documentary environments of PFIs because generic financial datasets only provide limited 

evidence of performance on mandate-bound corpora. Secondly, empirical research is required 

to evaluate the faithfulness of provenance-based explanations especially to determine whether 

cited sources genuinely support the content of generated responses. Additionally, future 

research must formalize a multidimensional evaluation methodology validated against the 

internal documentary estates of emerging-market SWFs to assess technical performance, 
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explainability, operational efficiency, and trustworthiness. Thirdly, research must be expanded 

to include African SWFs and comparable PFIs whose governance contexts, documentary 

practices, and operational constraints remain absent from the current literature. The 

development of this framework represents the immediate next step in addressing these gaps.  

 

V. CONCLUSION  
This review investigated the current state of knowledge on the deployment of LLMs within 

PFIs, assessing whether existing explainability techniques can guarantee accountability. The 

synthesis points to three principal findings. Firstly, adaptation methods handle knowledge in 

distinct ways that heavily impact traceability. Fine-tuning injects information directly into 

model weights and makes it difficult to isolate, verify, or cite during deployment. In contrast, 

retrieval architectures preserve knowledge in external documents that allow generated outputs 

to be explicitly linked to specific sources. Secondly, older generation explainability techniques 

fail on generative text. Rigorous provenance which shows the documentary basis of an answer 

currently represents the most realistic way to enforce accountability in institutional 

deployments. Thirdly, evaluation practices are not in line with PFI governance requirements 

because standard benchmarks typically reward fluency and general task performance. They 

also provide limited insight into source grounding, numerical fidelity, smart refusal, or real 

institutional reliability. This review makes two primary contributions. Firstly, it represents the 

first scoping review to examine LLM deployments from the perspective of PFIs, SWFs, and 

other development finance institutions. Secondly, the review adopts a corpus-bounded and 

reproducible methodology where all claims are derived from a clearly defined body of included 

studies. Finally, this review reframes the central challenge of LLM deployments in public 

finance. The main objective shifts from the pursuit of more capable models to the design of 

systems with outputs that can be traceable, auditable, and governable in fiduciary settings.  
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