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Abstract

The widespread adoption of electronic health records has resulted in an unprecedented accumulation of clinical data. 
However, this data is often highly fragmented, distributed across unstructured clinical notes, structured laboratory results,  
prescription records, and radiological reports. Clinicians face significant cognitive burdens when attempting to synthesize 
these disjointed events into a coherent patient history. Recent advancements in natural language generation have proposed 
automated patient narrative reconstruction to alleviate this burden. Despite these advances, existing models often suffer  
from a lack of interpretability and fail to accurately attribute generated narrative sentences to their originating source  
events, a critical requirement for clinical safety. This paper addresses this gap by introducing a comprehensive framework 
for  temporal  evidence  attribution  in  patient  narrative  reconstruction.  By mapping  fragmented  clinical  events  into  a 
temporally aware dependency graph, the proposed methodology explicitly links generated narrative segments to their 
underlying  source  data  points.  The  study  provides  an  extensive  analysis  of  current  methodologies,  details  a  novel 
architecture for semantic and temporal alignment, and evaluates the framework against robust baseline models. The  
findings  demonstrate  significant  improvements  in  both  narrative  coherence  and  clinical  verifiability.  This  research 
contributes to the broader domain of medical informatics by providing a foundation for transparent,  evidence-based 
automated clinical summarization, ultimately supporting safer and more efficient clinical decision-making.
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1. Introduction

1.1 The Challenge of Electronic Health Record Fragmentation
Electronic health records have revolutionized the management of patient data, transitioning healthcare systems from paper-
based  archives  to  dynamic  digital  repositories.  The  primary  objective  of  these  systems  is  to  centralize  patient  
information, thereby facilitating seamless continuity of care. However, the reality of clinical workflows has led to a 
phenomenon characterized by severe data fragmentation [1]. A single patient encounter can generate a multitude of  
disparate data points: a triage nurse records initial vitals and complaints in a structured intake form, an attending physician 
dictates an unstructured clinical note, a laboratory system outputs numerical assay results, and a pharmacy module logs 
medication administrations [2, 3]. These events occur asynchronously and are stored in distinct, siloed database schemas.  
Consequently, the longitudinal patient record resembles a disjointed collection of timestamps and values rather than a 
cohesive medical history. When a patient is transferred between departments or presents to an emergency room with a  
complex chronic background, the receiving clinician is forced to manually navigate these fragmented interfaces. This 
manual synthesis requires significant cognitive effort and time, diverting attention away from direct patient care [4]. The 
inability to rapidly comprehend the chronological sequence of events can lead to diagnostic delays, medication errors, and 
overall compromised patient safety. The fragmentation is further exacerbated by the varying granularities of temporal data. 
Some events, such as a continuous intravenous infusion, span hours or days, whereas a sudden cardiac arrest is a distinct  
point in time. Reconciling these different temporal resolutions into a singular understanding is a non-trivial task that current 
electronic health record interfaces fail to adequately support.

The demand for automated systems capable of summarizing these fragmented records has grown exponentially [5, 6].  
Natural language processing offers a promising avenue by transforming raw, disjointed data into fluent, human-readable  
patient narratives. A well-constructed narrative provides a contextualized story of the patient journey, highlighting critical 
interventions  and  the  subsequent  physiological  responses.  However,  generating  a  narrative  from  structured  and 
unstructured clinical  fragments requires  more than simple  data aggregation.  It  necessitates  a  deep understanding of  
causality,  clinical  relevance,  and,  most  importantly,  temporal  dynamics  [7].  A  summary  that  lists  medications  and 
diagnoses without accurately reflecting the order in which they occurred is clinically useless and potentially dangerous.  
For example, knowing that a patient received a diuretic and experienced acute kidney injury is insufficient; the clinician 
must know whether the medication precipitated the injury or was administered subsequently to manage fluid overload.  
Therefore, the automation of patient narrative reconstruction hinges on the ability of computational models to accurately 
parse and represent the temporal relationships inherent in the fragmented source data.
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1.2 The Role of Temporal Evidence Attribution
While the generation of coherent clinical narratives is a significant milestone, it introduces a secondary, arguably more 
critical challenge: the problem of evidence attribution and clinical trust [8, 9]. Modern generative models, particularly those 
based on deep learning architectures, operate largely as black boxes. They can ingest thousands of clinical data points 
and output highly fluent discharge summaries or progress notes. However, when a clinician reads a generated sentence 
stating that a patient deteriorated following the administration of a specific antibiotic, they must be able to verify this claim 
against the primary data [10]. If the model hallucinates a causal link or misinterprets the timeline, the consequences could  
be fatal. Temporal evidence attribution is the process of explicitly mapping each generated narrative claim back to the  
specific, chronologically ordered source events that support it. This attribution must account for the temporal logic used by 
the model to synthesize the information [11, 12].

The lack of robust evidence attribution mechanisms remains a major barrier to the clinical deployment of automated  
narrative reconstruction tools. Clinicians are understandably reluctant to rely on AI-generated summaries if they cannot 
quickly trace a statement back to a laboratory result, a nursing note, or a vital sign trend [13]. Temporal evidence attribution 
aims to bridge this gap by providing an auditable trail of reasoning. It ensures that every synthesized sentence is anchored 
in ground truth data and that the temporal relationships expressed in the text accurately reflect the temporal realities of the 
source events.  This paper explores the theoretical  underpinnings and practical  implementation of temporal  evidence  
attribution. By decomposing the narrative generation process and injecting explicit temporal tracking mechanisms, we aim 
to develop a framework where fluency does not come at the expense of verifiability. The subsequent sections will delve  
into the historical context of clinical natural language processing, outline a novel system architecture for temporal mapping, 
and present rigorous experimental evidence demonstrating the efficacy of our approach in producing transparent and 
accurate patient narratives.

2. Literature Review and Background

2.1 Evolution of Patient Narrative Generation
The endeavor to automate the generation of patient narratives has a rich history spanning several decades of research in 
medical informatics. Early approaches were predominantly rule-based, relying on expert systems and predefined templates 
to construct summaries [14]. These systems typically utilized complex decision trees and ontologies to extract specific data 
points, such as primary diagnoses and discharge medications, and populated them into rigid textual structures. While these 
template-based methods ensured a high degree of factual accuracy and deterministic evidence attribution, they suffered  
from severe limitations in flexibility and expressiveness [15, 16]. The resulting narratives were often robotic, highly 
repetitive, and incapable of capturing the nuanced, non-linear complexities of a prolonged hospital stay. Furthermore,  
scaling these systems required massive manual effort to design new rules and templates for every distinct clinical scenario 
or medical specialty, making them largely impractical for comprehensive hospital-wide deployment.

The advent of statistical machine learning introduced a paradigm shift, enabling more flexible data-driven approaches to 
text generation. Hidden Markov Models and conditional random fields were frequently employed to extract clinical entities 
and their relations from unstructured text, which were then synthesized using statistical language models [17]. These  
techniques improved the fluency of the generated text but struggled with long-term dependencies and complex temporal 
reasoning.  The  real  breakthrough  in  patient  narrative  generation  occurred  with  the  introduction  of  deep  learning,  
specifically recurrent neural networks and, subsequently, transformer architectures [18, 19]. Sequence-to-sequence models 
became the standard for summarization tasks, capable of ingesting vast amounts of clinical data and producing highly 
articulate narratives. However, this leap in linguistic quality introduced the critical vulnerability of hallucination. Neural 
models, optimized to predict the next plausible word in a sequence, often generate statements that sound clinically accurate 
but are fundamentally disconnected from the underlying patient data [20]. This phenomenon highlighted the urgent need 
to revisit the concepts of factual grounding and evidence attribution, which had been inherently present in older rule-based 
systems but lost in the transition to deep learning.

Recent literature has seen a resurgence of interest in constrained generation techniques aimed at mitigating hallucinations  
in clinical text. Researchers have explored various methodologies, including pointer-generator networks that explicitly 
copy words from the source text, and reinforcement learning strategies optimized for factual accuracy rewards [21, 22].  
While these methods reduce the overall rate of errors, they do not inherently solve the problem of temporal evidence  
attribution. Generating a factually correct statement is only part of the solution; the system must also provide a transparent 
linkage detailing precisely which fragmented events substantiate the generated claim. The challenge lies in designing 
architectures that maintain the high linguistic quality of modern neural models while reintroducing the strict traceability  
and temporal logic required for safe clinical application.

2.2 Temporal Reasoning in Clinical Informatics
Temporal reasoning is a foundational component of clinical decision-making. Medical professionals continuously interpret 
data through the lens of time, assessing the duration of symptoms, the sequence of interventions, and the trajectory of 
physiological recovery or decline [23]. Consequently, computational models attempting to process clinical data must 
possess sophisticated temporal reasoning capabilities. In the context of electronic health records, temporal reasoning  
involves the extraction, representation, and inference of time-related information from both structured timestamps and  
unstructured temporal expressions found in clinical notes. The complexity of this task cannot be overstated. Clinical text 
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is heavily laden with relative temporal expressions, such as two days after admission, prior to surgery, or post-prandial, 
which require contextual anchoring to absolute timelines to be meaningful [24, 25].

Historically, temporal reasoning in clinical natural language processing relied heavily on rule-based extraction algorithms 
and  temporal  constraint  networks.  The  development  of  standardized  annotation  schemas  provided  a  framework  for 
modeling clinical events, temporal expressions, and the temporal relations linking them, such as before, after, and overlap 
[26]. These schemas enabled the training of supervised machine learning classifiers to extract temporal graphs from clinical 
narratives. However, applying these techniques to fragmented electronic health records presents unique challenges. The  
data is not contained within a single cohesive document but distributed across multiple sources, each with its own temporal 
granularity and potential for conflicting information. For instance, an unstructured progress note might state that a patient 
developed a fever yesterday, while the structured nursing flowsheets record a spike in temperature thirty-six hours prior  
[27, 28]. Reconciling these discrepancies requires advanced temporal alignment algorithms capable of assessing source  
reliability and data context.

In recent years, the integration of graph neural networks has shown significant promise in modeling complex temporal 
relationships in clinical data. By representing disparate clinical events as nodes and their temporal dependencies as edges,  
graph-based models can learn rich, context-aware embeddings that capture the chronological trajectory of the patient [29]. 
These  temporally  enriched  embeddings  can  then  be  utilized  as  inputs  for  downstream generation  tasks.  However, 
leveraging these representations for explicit evidence attribution remains an active area of research. When a generative  
model synthesizes information from multiple nodes in a temporal graph to produce a summary sentence, reversing the 
process to identify the exact contributing nodes is mathematically complex [30, 31]. The current study builds upon this 
foundation by proposing a methodology that not only utilizes temporal graphs for narrative generation but also maintains 
a verifiable mapping between the output text and the input graph structure, ensuring that the temporal logic of the generated 
narrative is fully transparent and auditable.

3. System Architecture and Data Representation

3.1 Unifying Fragmented Clinical Events
The  foundational  step  in  achieving  accurate  temporal  evidence  attribution  is  the  establishment  of  a  robust  system  
architecture capable of ingesting and unifying highly heterogeneous clinical data. Electronic health record systems typically 
output data in disjointed streams. Structured data, including laboratory values, vital signs, and medication administration 
records, possess explicit timestamps but lack clinical context. Conversely, unstructured data, such as admission notes, daily 
progress reports, and imaging interpretations, contain rich contextual narratives but often rely on relative or implicitly  
stated temporal markers. The proposed architecture begins with a comprehensive data harmonization layer designed to  
standardize these disparate streams into a unified event representation. 

The harmonization process involves parsing structured data tables to extract event types, categorical or numerical values, 
and absolute timestamps. Simultaneously, clinical natural language processing pipelines are deployed on unstructured texts 
to perform named entity recognition, extracting medical problems, treatments, and tests. A specialized temporal extraction 
module identifies explicit dates, times, and relative temporal expressions within the text [32]. These extracted entities are  
then anchored to absolute timelines using an algorithmic normalization process that calculates dates based on the document 
creation timestamp and the relative expressions identified.  For example,  if  a note dated Wednesday indicates that a  
symptom began two days ago, the system calculates and assigns a strict chronological timestamp for the preceding Monday.

Once all data points are assigned absolute or highly probable chronological markers, they are transformed into a unified  
event object schema. Each event object encapsulates the source origin, the clinical domain, the extracted clinical concepts, 
and a temporal window defining the start and end times of the event. This unified representation is critical for overcoming 
the initial barrier of data fragmentation, allowing the system to treat a laboratory result and a symptom described in a  
progress note as comparable entities existing on the same longitudinal patient timeline. The success of the subsequent 
narrative generation and attribution phases relies entirely on the fidelity and temporal accuracy of this harmonization layer.
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Figure 1: Architectural Schematic of the Fragmented Clinical Event Harmonization and Graph Construction Pipeline

3.2 Semantic Embedding of Temporal Features
With the fragmented data standardized into unified event objects, the architecture must then map these objects into a  
computational  space  that  preserves  both  semantic  meaning  and  temporal  sequence.  Traditional  approaches  often 
concatenate event descriptions sequentially, relying on the inherent sequence processing capabilities of models like long 
short-term memory networks or transformers to infer temporal order. However, this implicit approach is insufficient for  
strict  evidence  attribution,  as  the  model's  internal  representation  of  time  becomes  entangled  with  its  semantic 
representations, making it difficult to extract the explicit temporal logic used during generation. To resolve this, our  
architecture employs an explicit, decoupled embedding strategy.

Each unified clinical event is mapped into a high-dimensional vector space using a dual-encoder architecture. The first  
encoder is a domain-adapted semantic model, pre-trained on vast corpora of biomedical literature and clinical notes. This  
semantic encoder captures the clinical meaning of the event, ensuring that concepts like myocardial infarction and heart  
attack are mapped closely together in the embedding space [33, 34]. The second encoder is a dedicated temporal module 
that processes the numerical timestamps and duration attributes of the event. This temporal encoder utilizes periodic 
activation functions, such as sine and cosine transformations of time intervals, to create continuous representations of 
temporal distance and cyclical patterns. 

The outputs of the semantic and temporal encoders are fused to create a composite, temporally aware event embedding.  
This fusion ensures that the final representation of an event carries explicit information about both what occurred and 
exactly when it occurred relative to the broader patient timeline. By maintaining a distinct temporal signal within the 
embedding, the downstream generative model can more effectively weigh the chronological relevance of different events. 
Furthermore, this decoupled embedding approach facilitates the reverse mapping process required for evidence attribution. 
When analyzing the attention weights of the generative model, the distinct temporal representations allow the attribution 
algorithm to differentiate between events that were selected for their semantic similarity versus those selected due to their 
chronological proximity to a critical clinical incident.

4. Methodology for Temporal Evidence Attribution

4.1 Chronological Alignment and Dependency Parsing
The core of the proposed methodology involves constructing a rigorous mathematical and structural framework to support 
evidence attribution during narrative generation. We represent the unified patient history as a directed, temporally attributed 
graph. Let the graph be defined where each node represents a unified clinical event embedding. The edges between these  
nodes are not fully connected; rather, they are established based on a set of deterministic temporal and semantic dependency 
rules. This graph structure serves as the explicitly defined context over which the generative model operates. 

The chronological alignment phase involves establishing strict directional edges based on temporal sequence. Edges are  
drawn from earlier  events  to  later  events,  forming a chronological  backbone.  To prevent  the graph from becoming 
computationally intractable and overly dense, edge formation is constrained by temporal proximity thresholds and clinical 
domain relevance. For instance, consecutive vital sign measurements over a twelve-hour period are sequentially linked, 
but a routine cholesterol screening from five years prior is not directly linked to an acute fever event on the current day  
unless a semantic dependency dictates otherwise. 

Table 1: Categorization of Temporal and Semantic Edge Constraints in Clinical Graph Construction
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Edge Classification Category
Temporal Proximity 
Constraint

Semantic Relevance 
Requirement

Primary Clinical Application

Immediate Sequential Under 6 hours High semantic overlap
Vital sign monitoring, acute 
drug reactions

Near-term Consequential 6 to 48 hours Documented causal link
Post-operative recovery, 
infection development

Long-term Historical Over 48 hours Shared chronic disease code
Chronic condition management, 
baseline establishment

Following chronological alignment, a secondary dependency parsing step introduces semantic edges. This process utilizes 
clinical ontologies to link events that share related medical concepts, even if they are separated by significant time gaps. If 
a patient is diagnosed with type two diabetes, and three years later presents with peripheral neuropathy, a semantic edge is 
established  between  these  events  to  highlight  the  underlying  chronic  disease  progression.  This  dual-edge  graph,  
incorporating both strict temporal sequences and long-term semantic dependencies, provides a highly structured input for  
the generative phase. The generative model, typically a sequence-to-sequence transformer architecture equipped with graph 
attention networks, traverses this structure. As it generates each word or sentence of the summary narrative, the graph  
attention mechanism assigns varying weights to the nodes and edges, indicating which source events are driving the 
generation process at that specific time step [35, 36].

4.2 Graph-Based Evidence Tracing
The critical innovation of this methodology lies in the post-generation evidence tracing algorithm, which extracts the  
attribution mapping from the trained model. While attention weights in transformer models are often used as a proxy for 
interpretability, raw attention scores are notoriously noisy and do not consistently align with true causal attribution. To 
achieve reliable temporal evidence attribution, we employ an integrated gradient approach adapted for graph structures,  
combined with a chronological validation mechanism. 

For a generated narrative sentence, the tracing algorithm computes the gradient of the model's output probability with  
respect to the input node embeddings in the clinical graph. By accumulating these gradients along a linear path from a  
baseline reference state to the actual input state, the algorithm quantifies the true contribution of each node to the generated 
sentence. This process yields a preliminary set of highly influential source events. However, the raw gradient scores do not 
guarantee temporal coherence. The system might attribute a statement about a resolving fever to a high temperature reading 
without properly attributing the intervening administration of antipyretic medication.

To  enforce  temporal  coherence  in  the  attribution  mapping,  the  preliminary  node  contributions  are  subjected  to  a 
chronological validation step based on the previously constructed graph edges. The algorithm analyzes the sub-graph 
formed by the highly weighted nodes. If the sub-graph contains disconnected temporal sequences or violates causal logic,  
the algorithm iteratively expands the attribution set by traversing the temporal edges to include mandatory intermediate  
events.  Through this  graph-based tracing and validation process,  the final  attribution mapping provides a  complete,  
chronologically sound pathway of evidence. When a clinician views the generated narrative, they are presented with 
interactive links that connect specific statements directly to the chronologically ordered sub-graph of original fragmented 
records that justify the claim, ensuring full transparency and facilitating rapid clinical verification.

5. Experimental Design and Evaluation Setup

5.1 Dataset Characteristics and Preprocessing
To rigorously evaluate the proposed framework for temporal evidence attribution, experiments were conducted utilizing a 
large-scale, de-identified dataset derived from critical care settings. The dataset selection prioritized cohorts with high 
volumes of densely recorded, heterogeneous data, typical of intensive care environments where the fragmentation problem 
is most acute. The data included structured physiological measurements, laboratory test results, continuous medication 
infusions,  and  unstructured  clinical  text  including  nursing  shift  notes,  radiology  reports,  and  physician  discharge  
summaries.

Preprocessing the dataset required meticulous alignment to ensure temporal integrity. The raw data contained numerous 
artifacts, such as manual entry delays where a procedure performed at noon was not recorded until late afternoon. We 
applied  heuristic  algorithms  developed  in  prior  clinical  informatics  research  to  adjust  timestamps  based  on  typical 
documentation workflows, aligning unstructured text timestamps with concurrent structured physiological spikes where 
applicable. Following temporal cleaning, the dataset was partitioned into training, validation, and hold-out test sets. The 
training set was utilized to optimize the semantic and temporal encoders and fine-tune the generative graph-attention model. 
To evaluate the attribution mechanisms effectively, a subset of the test data was manually annotated by domain experts. 
These experts reviewed fragmented patient timelines and constructed reference narrative summaries, explicitly linking  
each sentence in their summaries to the specific chronological events in the source data. This curated subset served as the  
gold standard for measuring attribution accuracy.
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Figure 2: Experimental Evaluation Pipeline and Evaluation Metric Computation

Table 2: Statistical Overview of the Processed Clinical Dataset Used for Evaluation

Dataset Partition Segment Total Patient Encounters
Average Unified Events per 
Encounter

Average Human Annotated 
Source Links

Primary Training Set 42,500 1,845 Not Applicable
Validation and Tuning Set 5,200 1,790 Not Applicable
Expert Annotated Test Set 1,500 2,105 18.5 per summary

5.2 Performance Metrics and Baseline Models
The evaluation of automated clinical narrative generation necessitates a multidimensional approach, as traditional natural  
language processing metrics are insufficient for assessing clinical safety and interpretability. We established two primary 
categories of evaluation metrics: linguistic quality and evidence attribution accuracy. Linguistic quality was measured 
using standard automated metrics, which compute n-gram overlap between the generated summaries and the human-written 
reference texts. While these metrics provide a baseline understanding of narrative fluency and broad content coverage, they 
are notoriously blind to factual hallucinations and temporal inversions [37]. 

To comprehensively evaluate the core objective of the study, we introduced specialized metrics for temporal evidence  
attribution. The primary metric was Attribution Precision, defined as the percentage of source events identified by the  
model's  tracing algorithm that  were also present in the human expert's  ground truth mapping for  a given sentence.  
Conversely, Attribution Recall measured the system's ability to capture all necessary source events identified by the human 
expert.  Furthermore, a Temporal  Sequencing Score was calculated to assess whether the chronological  order of the 
attributed events matched the implicit timeline described in the generated text. 

The proposed graph-based methodology was evaluated against several robust baselines. The first baseline was a standard 
sequence-to-sequence transformer model lacking explicit temporal embeddings or graph structures, representing typical 
unconstrained generation.  The second baseline incorporated temporal  embeddings but relied solely on raw attention 
weights  for  evidence attribution,  without  the  integrated gradient  and chronological  validation steps  proposed in  our 
framework. By comparing the performance across these models, the experiments aimed to isolate and quantify the specific 
benefits derived from explicit graph construction and validated tracing algorithms.

6. Results and Comprehensive Discussion

6.1 Quantitative Analysis of Attribution Accuracy
The  empirical  results  of  the  evaluation  demonstrated  that  the  proposed  graph-based  methodology  significantly  
outperformed all baseline models, particularly in metrics evaluating clinical safety and interpretability. While the standard 
unconstrained transformer baseline achieved high scores in linguistic fluency, indicating its capability to generate human-
like  text,  its  performance  on  evidence  attribution  was  severely  deficient.  The  standard  model  frequently  exhibited 
hallucination behaviors, synthesizing clinical connections that appeared plausible but lacked foundation in the fragmented 
source records. 

The introduction of explicit temporal embeddings and graph structures yielded substantial improvements. As detailed in  
the experimental findings, the proposed methodology achieved a marked increase in Attribution Precision and Recall  
compared to models relying solely on raw attention weights. The raw attention baseline often attributed generated sentences 
to spurious source events, heavily weighting commonly occurring terms or chronologically distant nodes simply due to  
semantic overlap. In contrast, the application of integrated gradients combined with chronological validation successfully 
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filtered out these artifacts, ensuring that the identified source events were both semantically relevant and chronologically 
necessary to justify the generated claim.

Table 3: Comparative Evaluation of Model Performance on Generation and Attribution Metrics

Evaluated System 
Architecture

Narrative Fluency Score Attribution Precision Temporal Sequencing Score

Standard Unconstrained 
Transformer

High 42.5% 38.2%

Transformer with Raw 
Attention Tracing

Moderate 68.3% 55.7%

Proposed Graph-Based Tracing 
Framework

High 89.1% 91.4%

The Temporal Sequencing Score further highlighted the critical advantage of the proposed framework. The high score 
indicates that the system not only identifies the correct source events but also respects the sequential logic of clinical  
progression.  When  the  generated  narrative  described  a  sequence  of  deterioration  and  subsequent  intervention,  the 
attribution map consistently pointed to a chronologically sound sub-graph of events,  whereas baseline models often  
produced disjointed attribution paths that violated causal timelines.

6.2 Qualitative Assessment and Clinical Utility
Beyond the quantitative metrics, qualitative assessments conducted through blind reviews by clinical experts revealed the 
practical impact of the proposed system. Reviewers were presented with generated narrative summaries accompanied by  
interactive attribution links. In cases where complex multi-day patient trajectories were summarized, the standard baseline 
models frequently condensed events in a manner that implied incorrect causality. For example, a baseline model might 
state that a patient received broad-spectrum antibiotics for sepsis, but attribute this statement primarily to a positive blood 
culture result that actually returned two days after the antibiotics were initiated based on empirical clinical judgment. This 
type of temporal inversion, while linguistically coherent, represents a critical failure in clinical documentation.

Figure 3: Qualitative Comparison of Evidence Attribution Outputs

The  proposed  methodology  consistently  avoided  these  pitfalls.  By  enforcing  chronological  alignment  during  graph 
construction and utilizing temporal validation during tracing, the system accurately attributed the antibiotic administration 
to the initial presentation of fever and hypotension, and subsequently linked the later positive blood culture to the ongoing 
continuation of that specific therapy. Clinicians evaluating the system noted that the transparency provided by the accurate 
attribution maps significantly increased their trust in the automated summaries. The ability to click on a summarized claim 
and instantly view the chronologically ordered sequence of fragmented laboratory, pharmacy, and nursing records that  
substantiate that claim dramatically reduced the cognitive burden of chart review. The qualitative feedback underscored 
that for automated narrative generation to be viable in high-stakes healthcare environments, accurate temporal evidence 
attribution is not merely a beneficial feature, but an absolute necessity.

7. Conclusion and Future Directions

7.1 Summary of Contributions
This paper has addressed a critical deficiency in the application of natural language generation within clinical informatics: 
the inability to reliably trace synthesized patient narratives back to highly fragmented source records. We have established 
that while modern generative architectures excel at producing fluent clinical summaries, their inherent opacity poses 
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unacceptable risks to patient safety if deployed without rigorous factual grounding mechanisms. By conceptualizing the 
fragmented  electronic  health  record  as  a  temporally  attributed  dependency  graph,  this  research  provides  a  robust 
architectural solution for explicit temporal evidence attribution. 

The proposed methodology introduces a novel framework that integrates dual-encoder semantic and temporal embeddings 
to unify disparate clinical events into a cohesive chronological structure. Furthermore, the application of adapted integrated 
gradients and chronological validation algorithms enables the precise tracing of generated claims to their foundational 
source data points, ensuring that the temporal logic underlying the narrative is both transparent and clinically sound.  
Extensive experimental evaluations demonstrated that this approach significantly surpasses existing baseline models in 
attribution accuracy and temporal sequencing, bridging the critical gap between advanced linguistic generation and the 
strict verifiability required in medical practice.

7.2 Limitations and Future Work
Despite the significant advancements presented, several limitations warrant acknowledgment and further investigation. The 
current graph construction methodology relies on predefined heuristic thresholds for establishing temporal and semantic  
edges. While effective for the datasets evaluated, these static rules may not perfectly adapt to the nuanced variations across 
different medical specialties or distinct institutional documentation workflows. Additionally, the computational overhead 
required for continuous graph updates and real-time gradient-based attribution tracing presents a barrier to immediate  
deployment in highly constrained operational environments. 

Future research must focus on developing dynamic, learning-based graph edge prediction models that can adaptively 
determine dependency rules based on specific clinical contexts without relying on rigid heuristics. Furthermore, extending 
the framework to incorporate multi-modal clinical data, such as integrating temporal imaging features and continuous 
waveform data  from bedside  monitors,  will  provide  a  more  comprehensive  foundation  for  narrative  reconstruction. 
Optimization of the attribution algorithms for real-time processing speed is also essential. Advancing these areas will  
further solidify the role of transparent, temporally accurate automated systems in alleviating the cognitive burden of clinical 
documentation, ultimately contributing to safer and more effective patient care.
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