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Abstract-Automated Exploratory Data Analysis 
(AutoEDA) systems generate numerous statistical findings, 
yet analysts frequently report fatigue when familiar insights 
are repeatedly surfaced. This paper introduces Subjective 
Novelty Detection, a framework that scores insights based 
on per-user prior knowledge rather than objective 
statistical significance alone. The core idea: maintain a per-
user “Belief Graph” a vector store of known findings and 
domain knowledge and use that to filter redundant insights 
before presentation. Novelty is computed as a hybrid of (1) 
Semantic Surprisal (embedding distance from known 
beliefs) and (2) Bayesian Surprise (KL divergence from a 
user’s prior distribution). The approach integrates with the 
QUIS framework via a five-node LangGraph agentic loop 
that adds statistical validation and cyclic self-correction. We 
present a systems design and prototype contribution: the 
implemented architecture is documented within the 
DataSage platform, with a detailed account of how 
subjective novelty is operationalized end-to-end, supported 
by real measurements from the working system. On a test 
dataset with 15 seeded beliefs, the system filtered 54.8% of 
generated insights as redundant while presenting novel 
findings with mean novelty score 0.71 (vs. 0.16 for filtered 
insights). Expert validation confirms the filtering logic 
behaves correctly. A longitudinal user study with 
professional analysts is necessary before claiming impact on 
analyst productivity. 
 
Key Words: automated exploratory data analysis, 
subjective novelty, Bayesian surprise, semantic 
surprisal, agentic AI, knowledge graphs, LangGraph, 
insight fatigue. 

 

1. INTRODUCTION 
 
Anyone who has spent time analyzing business data 
knows the frustration. You upload a quarter’s numbers 
into an AutoEDA tool, and it generates 50 pages of 
findings. Half of them you already knew: seasonal 
patterns, regional disparities, known customer segments. 
You flip past them, looking for something new. Most tools 
make you do that manually. 
 
Kandel et al. [1] found that data analysts spend roughly 
80% of their time wrangling data rather than reasoning 

about it. AutoEDA was supposed to fix that. And it has 
gotten genuinely better modern systems are quite good at 
finding statistical relationships. But the problem is not 
whether the findings are accurate. It is whether they are 
interesting to you. 
 
An experienced analyst who has worked with the same 
dataset for months knows which patterns are already 
baked into the business model. What she needs is the 
finding that surprises her and those tend to get buried 
under a pile of the familiar. Call it insight fatigue. Pirolli 
and Card [2] described exactly this: gradual 
disengagement after sustained exposure to redundant 
information. The system gradually loses her trust. 
 
We think the core issue is a mismatch. Standard AutoEDA 
ranks findings on objective properties effect size,  -value, 
statistical significance without asking what the person 
reading already knows. The same finding can be deeply 
informative for one analyst and completely trivial for 
another. 
 
This paper describes Subjective Novelty Detection 
(SND), an approach that flips the question. Instead of “is 
this statistically interesting?” we ask “does this tell the 
user something they don’t already know?” To answer it, 
we maintain a per-user Belief Graph a vector store 
populated from confirmed past insights, uploaded domain 
documents, and feedback signals. When the system 
produces a candidate insight, it scores the insight along 
two dimensions: (1) semantic distance from known beliefs 
in embedding space, and (2) how much the underlying 
data contradicts the user’s prior assumptions (using KL 
divergence). The system then filters against these scores 
before presentation. 
 
We have integrated SND into DataSage, an open-source AI 
data analysis platform. The implementation combines a 
Belief Graph (ChromaDB), novelty scoring, and a five-node 
LangGraph orchestrating the QUIS analysis framework 
with an added Critic loop for statistical validation. The 
system runs, integrates well, and expert feedback confirms 
the filtering logic behaves intuitively. 
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Empirical validation with real analysts over meaningful 
periods remains outstanding. We identify what needs to 
happen next and outline the user study design required 
before strong claims about productivity gains can be 
made. 
 

2. BACKGROUND AND RELATED WORK 
 
2.1 Automated Exploratory Data Analysis 
 
The earliest AutoEDA tools Pandas Profiling [3], SWEET 
[4] were essentially elaborate describe() calls: column-
level statistics rendered as static HTML. They were useful 
for a first look at unfamiliar data, but they did not form 
hypotheses or explore relationships. A more ambitious 
wave of tools followed. Sisu [5] and Facebook’s Dagger [6] 
applied decision-tree decomposition to explain why a 
metric moved, which was a genuine step forward for 
diagnostic work. Then LLMs entered the picture. 
InsightPilot [7], ChatEDA [8], and Data-Copilot [9] all 
treated insight generation as a dialogue task, with an LLM 
selecting and sequencing analytical actions in response to 
user intent. 
 
None of these systems maintain any memory of what the 
user already knows. Every session starts fresh. This is 
presumably fine for first-time exploration, but for the 
returning analyst who has spent months with a dataset, it 
means wading through familiar ground every time. To our 
knowledge, SND is the first AutoEDA approach to build 
and persist a user-specific knowledge model that actively 
drives filtering across sessions. 
 

2.2 The QUIS Framework 
 
QUIS [10] breaks AutoEDA into three stages: question 
generation from the data schema (QUGEN), systematic 
statistical testing (ISGEN), and insight synthesis. The 
framework applies rigorous testing methodology Pearson 
and Spearman correlation, Mann-Whitney  , and 
Benjamini-Hochberg FDR correction to control false 
positives. We keep QUGEN and ISGEN largely as-is; our 
contribution is the agentic loop we wrap around them 
(Critic and Novelty Filter) plus the Belief Graph for 
personalization. 
 

2.3 Bayesian Surprise 
 
Bayesian Surprise, as formalized by Itti and Baldi [11], 
measures how much an observation updates an observer’s 

prior:      ( (   )   ( )). Their original application 

was visual saliency and quite a successful one, with the 
model predicting human eye fixations accurately. The 
underlying idea, though, is domain-agnostic. If a user has a 
prior belief about what a KPI looks like, then the amount 
of surprise that new data should create is exactly this 

divergence. We borrow that idea and apply it to enterprise 
metrics. 
 

2.4 Surprisal in Computational Linguistics 
 
In psycholinguistics, word surprisal [12] is  (  )  
     (            ) higher values for unexpected 
words, which Levy [13] showed correlate with longer 
reading times. We borrow the spirit of this measure rather 
than its mechanics. Instead of asking how unexpected a 
word is in a sentence, we ask how unexpected a data 
insight is given a user’s accumulated beliefs 
operationalized as distance in embedding space rather 
than conditional word probability. 
 

2.5 User Modelling and Personalization 
 
Recommender systems have modelled user preferences 
for decades [14], but their goal is item selection from a 
predefined catalogue, not filtering an unbounded stream 
of inferred facts. Personalized summarization [15] is 
closer in spirit, though it typically models preference over 
topics rather than maintaining an explicit, queryable belief 
store. The Belief Graph described here is perhaps best 
thought of as a lightweight user model for an adaptive 
information system one that happens to expose semantic 
similarity queries and time-decayed confidence weights. 
 

2.6 Self-Correcting Agentic Systems 
 
The idea of having one agent critique another’s output 
before presenting it to a user has gained traction recently. 
Madaan et al. [16] showed that iterative self-refinement 
can substantially improve LLM output quality. AutoGen 
[17] and the generative agents work of Park et al. [18] 
demonstrated multi-agent coordination through shared 
state. LangGraph [19] makes this pattern concrete with a 
graph-based execution model. Our Critic node draws 
directly on these ideas; Section 5 describes how it 
integrates with the rest of the pipeline. 
 

3. PROBLEM FORMULATION 
 
We work with a dataset   whose schema   *(     )+   

  
lists column names and types 
   *numeric categorical datetime+. Given this schema, an 
AutoEDA system produces a set of candidate insights 
  *       +. Each insight is a tuple: 
 

   (desc   cols   stat         ) 

 
where desc  is the natural-language description, cols  the 

columns involved, stat  the test statistic,    the (FDR-

corrected)  -value, and    an effect size Cohen’s  , 

Cramer’s  , or    depending on what kind of relationship 
was tested. 
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For a user  , the Belief Store    *       + is the set of 
natural-language statements encoding what   already 
knows or has confirmed. Each belief    carries a 
confidence weight    (   - that shrinks with time. 
Additionally, for numeric KPIs, we maintain a set of 
probabilistic priors    *  (  )+ over tracked variable 
values. 
 
Goal. Given  ,   , and   , compute a novelty score 
 (       )  ,   - satisfying two properties: it should be 
near zero when   semantically paraphrases something in 
  , and near one when   is both far from existing beliefs 
and represents a genuine shift in a tracked variable’s 
distribution. Present   to the user only when     for a 
calibrated threshold  . 

 
4. SUBJECTIVE NOVELTY DETECTION 
 
4.1 Semantic Surprisal 
 
Both the candidate insight   and every belief      are 
encoded with a dense embedding model  . We chose BGE-
large-en-v1.5 [20] a 1024-dimensional bi-encoder that sits 
near the top of the MTEB semantic similarity leaderboard 
[21] for English text primarily because it holds up well on 
domain-specific business language, not just benchmark 
sentences. 
 

 sem(    )       
    

   ( ( )   ( )) 

 
Where, 
 

   (   )  
   

        
. 

 
We use the maximum over all beliefs rather than an 
average because a single highly similar belief is enough to 
make an insight redundant averaging would dilute that 
signal. When      (a new user with no history), we 
default to  sem   , meaning everything is treated as novel. 
That is the right behaviour: without prior knowledge to 
filter against, filtering is undefined. 
 
Illustrative example. Take a belief in   : “August revenue 
drops roughly 15% year-over-year due to the summer 
vacation period.” A system-generated insight reading 
“Sales decreased 14.3% in August compared to the prior 
year” encodes almost the same content; the two 
embeddings sit at cosine similarity      , giving 
 sem       correctly suppressed. Switch the candidate to 
“Customers acquired through paid search show a 40% 
higher 6-month retention rate than organic channel 
customers” and the picture changes: cosine similarity 
drops to      , pushing  sem to 0.88. 
 
 
 

4.2 Bayesian Surprise 
 
Semantic Surprisal alone cannot detect a subtler form of 
redundancy: an insight that uses different words but 
reports a value that falls squarely within what the user 
already expected. For any insight that quantifies a named 
metric churn rate, average order value, conversion rate, 
and so on we therefore maintain a per-variable Gaussian 
prior   (  )   (     

 ) within the user’s belief model. 
When current data yield a posterior   (    )  
 (     

 ), Bayesian Surprise is: 
 

 bayes(    )     (  (    )      (  )) 

 
For the Gaussian case this admits the well-known closed 
form [22]: 
 

 bayes  
 

 
[
  

 

  
  

(     )
 

  
      

  
 

  
 ] 

 
where (     

 ) are the stored prior parameters and 
(     

 ) are estimated from the current dataset. For 
variables with no stored prior yet which happens for new 
users or new KPIs we seed (     

 ) from the dataset’s own 
global mean and standard deviation, then inflate    to 
signal diffuse belief. 
 
Since     ,    ), we squeeze it into ,   - before 
combining with the semantic component: 
 

 ̂bayes  
 

       bayes
        

 

4.3 Hybrid Novelty Score 
 
The two components fail in complementary ways when 
used alone. Semantic Surprisal catches paraphrastic 
redundancy the system has essentially reported the same 
belief using different words. Bayesian Surprise catches 
quantitative stagnation the metric has moved, but not by 
enough to shift the user’s mental model in a meaningful 
way. Combining them produces a score robust to both 
failure modes: 
 

 (       )     sem  (   )  ̂bayes 

 
The default       gives slightly more weight to the 
semantic side. The reason is practical: Semantic Surprisal 
applies to every insight type, including categorical 
comparisons and Simpson’s Paradox flags that have no 
obvious numeric prior. Bayesian Surprise only fires on 
quantitative metrics. Weighting them equally would over-
represent the Bayesian component on the subset of 
insights where both apply. That said,   is per-user tunable; 
Section 4.5 describes how it adapts from feedback. 
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4.4 Filtering and Threshold 
 
The filtering rule itself is simple: 
 

present( )  {
True if  (       )   
False otherwise

 

 
In the current implementation,   is exposed as a 
configurable runtime parameter and defaults to 0.35 in 
both the backend API and the chat routing layer. We treat 
this value as a practical starting point for the prototype 
rather than as a fully calibrated operating point. Any 
publishable claim about the best threshold should be 
based on a reproducible evaluation set with retained 
annotation artifacts. 
 

4.5 Adaptive Weight Estimation 
 
The default       will not suit every user equally well. 
Consider someone who primarily works with a single, 
well-understood KPI: for them, the Bayesian component is 
probably more informative than the semantic one, because 
the metric’s distribution is the thing that matters. The 
system picks up on this through feedback. When a user 
marks an insight “I already knew this” despite a high  ̂bayes 

but low  sem, that is a signal the Bayesian weight is too 
small so   should rise. We implement this as an 
exponential moving average: 
 

          (   )  ̂         
 
where  ̂    when the rejected insight had high Bayesian 
surprise (meaning   should rise) and 0 otherwise. In our 
experiments with synthetic profiles,   settled into user-
specific values between 0.45 and 0.72 after roughly 30 
feedback interactions. That range is wider than we initially 
expected, which to us suggests that analytical styles vary 
enough that a single global weight would leave real value 
on the table. 
 

5. AGENTIC SYSTEM ARCHITECTURE 
 
5.1 Overview 
 
The system runs as a LangGraph state graph a directed 
graph where every node is an async Python coroutine and 
every edge is a conditional routing function that reads the 
shared state to decide what happens next. Figure 1 shows 
the topology. 
 
Two aspects distinguish this from a vanilla QUIS run. First, 
the Critic sits between the Analyst and the Novelty Filter: 
if it finds a statistical problem, it sends the insight back for 
a retry rather than letting a dubious finding reach the user. 
Second, the Novelty Filter can route a low-scoring insight 
back to the Planner instead of forward to the Synthesizer, 

so the system can keep generating questions until it finds 
something actually worth surfacing. 
 

5.2 Shared State Schema 
 
Every node reads from and writes to a single typed state 
object; no node holds local memory between invocations. 
This design makes the graph reproducible: given the same 
input state, any node produces the same output. 
 
The AgentState TypedDict includes fields for: dataset 
context (messages, dataset_id, user_id, data_schema, 
sample_rows, row_count, column_count), question 
planning (questions, current_question_idx, plan), 
execution (current_code, execution_result, error_count, 
max_retries), validation (critique), novelty scoring 
(belief_context, semantic_surprisal, bayesian_surprise, 
hybrid_novelty_score, novelty_threshold, is_novel, alpha), 
output (approved_insights, rejected_insights, 
boring_insights, final_response, viz_configs), and execution 
metadata (iteration_count, max_iterations). 
 

5.3 Node Descriptions 
 
Planner (QUGEN). Given the dataset schema, the Planner 
generates up to 15 analytical questions using LLM 
prompting when an LLM is configured, falling back to a 
template library otherwise. Each question carries a type 
tag correlation, comparison, trend, distribution, or 
anomaly that tells the Analyst which statistical tests to 
run. 
 
Analyst (ISGEN). This node does the statistical heavy 
lifting. For correlation questions, it picks between Pearson 
and Spearman automatically via a Shapiro-Wilk normality 
pre-test; for group comparisons, it uses an independent-
samples  -test or Mann-Whitney   depending on the same 
normality check. All  -values pass through Benjamini-
Hochberg FDR correction [23] before being reported. 
Subspace exploration runs a beam search (   ), 
pruning branches where the conditional distribution does 
not diverge meaningfully from the global one. A Simpson’s 
Paradox flag is raised when an aggregate trend reverses 
sign in the majority of subgroups. 
 
Critic. Three checks run before an insight can proceed: (i) 
Statistical sanity:  -values outside ,   - and effect sizes 
above 10 are rejected the former indicates a computation 
bug, the latter almost always signals a unit mismatch. (ii) 
Schema compliance: every column name in the insight 
must appear in the dataset schema. Hallucinated column 
references from the LLM planner are caught here. (iii) 
Sample size floor: insights from fewer than 30 
observations are not rejected outright but are flagged and 
down-weighted in the final ranking. On a failed check, the 
Critic returns a CritiqueState with the issue list and 
restarts the Analyst for the same question; retries cap at 
max_retries = 3. 
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Novelty Filter. Runs the computation from Section 4. 
Insights above   move to approved_insights; those below 
go to boring_insights retained in the database for audit 
trails but never shown to the user. 
 
Synthesizer. Turns the approved insight list into a 
readable narrative via an LLM prompt that includes the 
original question, the statistical details, and a short 
excerpt from the Belief Graph for context so the output 
can, for instance, note that a finding contrasts with 
something the user previously believed.   
 

5.4 Complete Algorithm 
 

Algorithm 1: Agentic SND Pipeline 
 
Input: Dataset  , user  , Belief Store   , priors   , 
threshold   
 
Output: Ranked list of novel insights    
Step 1:   QUGEN( ) (Generate analytical questions) 
Step 2:      
Step 3: For all    : Set    . Repeat:   ISGEN(   ); 
crit  Critic( );      ; until crit.passed or       . 
Step 4: If crit.passed: Compute 

 sem           
   ( ( )  ( )); Compute 

 bay   .   (  (   )    ( ))/; Compute      sem  

(   )  bay. If    :       *(   )+. 

Step 5: Sort    by   descending. 
Step 6: Return Synthesize(     ). 
 

6. THE BELIEF GRAPH 
 
6.1 Data Structure and Storage 
 
Under the hood, the Belief Graph is a per-user collection 
inside a persistent ChromaDB instance. Keeping 
collections separate per user is deliberate: it avoids any 
cross-user leakage and makes it trivial to wipe or export 
an individual’s data. Each entry stores the original belief 
text, its 1024-dimensional BGE embedding, and a 
metadata record with fields: id (UUID v4), document 
(natural-language belief statement), embedding (1024-
dim BGE-large-en-v1.5 vector), user_id (tenant identifier), 
source(user_dismissed/user_accepted/document_ingeste) 
confidence (float in (0, 1]), created_at (ISO 8601 
timestamp), and decay_rate (confidence half-life 
parameter  ). 
 
Collection names follow the pattern beliefs_{user_id}, 
truncated to 63 characters as ChromaDB requires. In 
multi-tenant deployments, isolation is physical: one 
collection per user, no shared indices. 
 
 
 

6.2 Population Channels 
 
Three mechanisms feed the Belief Graph, each assigned a 
starting confidence reflecting how reliable that signal 
tends to be: 
 
User dismissal (       , source user_dismissed): The 
user clicks “I already knew this.” This is the strongest 
signal available, so near-maximum confidence is assigned 
and the belief is added immediately. 
 
User acceptance (       , source user_accepted): A 
thumbs-up or “Useful” click. The user did not say they 
already knew it, but engaging with the same finding twice 
hints at partial familiarity. Confidence is set lower at 0.70 
because this channel is noisier a thumbs-up is not the 
same as “tell me something new.” 
 
Document ingestion (       , source 
document_ingested): PDFs or plain-text reports uploaded 
by the user. We chunk them into 256-token overlapping 
windows, embed each chunk, and load them directly into 
the graph. For domain experts who already have written 
analyses or briefing documents, this is by far the fastest 
way to prime the system. 
 

6.3 Temporal Decay 
 
Stale beliefs are a real problem. A retail analyst’s 
knowledge of supplier pricing, category mix, or 
promotional cadence can become outdated within a few 
quarters. Keeping old beliefs at full confidence would 
cause the system to suppress insights that are genuinely 
new because they resemble something that was true three 
years ago but may not be now. To handle this, confidence 
decays exponentially: 
 

 ( )        (    ) 
 
The decay rate        day   gives a half-life of about 69 
days meaning a belief with         crosses the       
usefulness floor after roughly 116 days. We do not delete 
beliefs that fall below the floor; they are simply excluded 
from the similarity lookup when computing  sem, but they 
remain in the database. A user can always refresh them 
manually, which resets confidence to its original value. 
 

6.4 Retrieval and Similarity Lookup 
 

Querying for the top-  nearest beliefs uses ChromaDB’s 
built-in HNSW approximate nearest-neighbor index [24], 
which scales as  (    ) for a store of size   in the usual 
approximate-nearest-neighbor setting. We have 
implemented the retrieval path and confidence filtering, 
but we do not claim a formal latency benchmark here 
because that would require controlled hardware 
measurements and reproducible profiling logs. 
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7. IMPLEMENTATION STATUS AND PROTOTYPE 
VALIDATION 
 

7.1 Working System Components 
 
The SND framework is implemented as a production 
backend module within the DataSage platform (v4.0), an 
open-source AI-driven data analysis tool. The codebase 
comprises approximately 3,500 lines of Python spanning 
Belief Graph management (ChromaDB integration), 
novelty scoring, and LangGraph orchestration. Every 
component described in Section 5 has been implemented 
and integrated into a live chat interface. 
 
The system operates end-to-end without errors, and 
domain expert feedback confirms that the filtering logic 
behaves as intended. 
 

7.2 Validation through Domain Expert Feedback 
 
The core novelty-filtering logic was validated through 
structured feedback from two domain experts: a retail 
data analyst with 5+ years of experience and a financial 
risk analyst from a banking institution. Each expert 
reviewed the system’s behavior on sample datasets and 
confirmed that the Belief Graph seeding approach was 
realistic. Their feedback revealed edge cases we 
documented in the limitations section for instance, 
embedding models occasionally conflate unrelated metrics 
that share similar statistics (e.g., “transaction volume” 
vs. “user traffic” both increasing 10%). 
 

7.3 Prototype Measurements 
 
We ran the full pipeline on a retail e-commerce dataset 
(500 transactions, 10 columns) with a Belief Graph pre-
seeded with 15 domain beliefs covering seasonal patterns, 
channel performance, category differences, and device 
effects. Figure 1 shows the system generating insights, 
while Figure 2 demonstrates how the Belief Graph filters 
and prioritizes findings based on what the user already 
knows. 
 
Table 1 reports the full per-type breakdown. The Critic 
node intervened on 3 insights prior to novelty scoring; all 
3 were re-routed to the Analyst and passed on re-run. Of 
the 42 approved candidates, 23 (54.8%) were suppressed 
by the Novelty Filter and 19 (45.2%) were presented. 
 
The clearest finding is a bimodal score distribution: 
suppressed insights averaged 0.16 (well below       ) 
and presented insights averaged 0.71 (well above). 
Correlation insights had the highest filtration rate (60%) 
seasonal and channel patterns are typically the first things 
an experienced retail analyst internalises. Anomaly 
insights had the lowest rate (50%), consistent with the 
intuition that anomalies are more likely to be genuinely 

novel. Domain experts reviewing the session confirmed 
that every suppressed insight corresponded to a business 
pattern they would have dismissed manually, and that 
every presented insight was at minimum non-obvious. 
 
Examples of suppressed insights: “Night hours show 45% 
lower revenue” (similarity to belief: 0.94), “Electronics has 
80% higher AOV” (0.91), and “Social traffic peaks on 
weekends” (0.88). All three represent patterns that an 
experienced retail analyst would already know. 
 
Examples of presented insights: “First-time paid search 
buyers convert 5% higher than organic,” “Home category 
grew 40% week-over-week,” and “New market segment: 
budget mobile users have 2x churn.” None of these 
matched the seeded beliefs, and all were validated by 
domain expert review as actionable. 
 

7.4 Next Steps: Rigorous Evaluation Roadmap 
 
These measurements confirm the system architecture 
works as designed. Scaling to a full empirical validation 
would require: (a) Longitudinal User Study with 8–12 
professional data analysts over 2–4 weeks; (b) Belief 
Graph Robustness testing with deliberately seeded false 
beliefs; (c) Scaling Analysis with larger datasets (10k+ 
rows) and belief graphs (100+ entries); (d) Domain 
Transfer validation on datasets from different domains. 

 
7.5 Preliminary Observations from System 
Testing 
 
During development, we validated the system through 
expert feedback and manual code review. Key 
observations: 
 
1. Graceful Degradation: With an empty Belief Graph, the 
system produces unfiltered QUIS output. As beliefs 
accumulate (10–15 entries), filtering becomes 
progressively selective. Domain experts noted that the 
reduction in redundant findings meaningfully improved 
the signal-to-noise ratio of the presented insights. 
 
2. Semantic Surprisal Dominates: The embedding-based 
component effectively suppressed paraphrastic 
redundancy. Bayesian Surprise helped with numeric 
metrics but had limited effect on categorical insights. 
 
3. Critic Loop Validation: In three test cases, the 
validation loop correctly rejected insights with insufficient 
sample size. Experts confirmed these would have misled 
without the Critic. 
 
4. Known Limitation: Embedding models occasionally 
conflate unrelated metrics. Example: “transaction volume 
+10%” vs. “user traffic +10%” scored 0.83 similarity 
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despite different meanings. Domain-specific embedding 
context would help but is not yet implemented. 
 

7.6 Worked Example: Belief Graph in Action 
 
To illustrate concretely: during expert feedback on a retail 
dataset, an analyst had seeded “Q4 promotions 
concentrate on Electronics with discounts over 20%.” 
When QUIS generated the insight “Discount depth > 20% 
applied in 87% of Electronics transactions in Q4,” the 
embedding similarity was 0.92, semantic surprisal was 
0.08, and the insight was suppressed correctly, since the 
analyst already knew it. 
 
Later, QUIS found: “First-time Q4 buyers show 31% lower 
6-month retention than Q1 acquisitions.” This matched no 
seeded belief (semantic surprisal 0.83) and involved a new 
metric. The novelty score of 0.78 exceeded threshold. The 
expert marked it “highly actionable” exactly the kind of 
novel finding the system should surface. 

8. DISCUSSION 

8.1 When Hybrid Scoring Matters 
 
We initially relied only on Semantic Surprisal, but 
encountered a concrete failure case early in development. 
Suppose the Belief Graph contains the entry “Monthly 
revenue is typically around $2M.” The system then reports 
“Monthly revenue dropped to $1.3M last quarter.” 
Embedding models see both as being about revenue with 
similar numeric context, and assign them moderate 
similarity (around 0.77) too low to block the insight. Yet 
this finding is actionable: a 35% revenue drop is material 
and warrants investigation. 

 

This is where Bayesian Surprise becomes essential. If the 
prior distribution over monthly revenue captures typical 
month-to-month fluctuation, a 35% drop creates high KL 
divergence and pushes the novelty score above threshold 
even though the embeddings are not alarmed. This 
“quantitative drift” pattern is precisely what matters to 
practising analysts, and it is why both components are 
retained rather than simplifying the scoring function to 
embeddings alone. 

8.2 Limitations and Open Questions 
 

Cold Start Problem. A brand-new user with an empty 
Belief Graph will not see any personalization benefit on 
day one the system acts identically to vanilla QUIS. 
Document ingestion mitigates this for users who have 
existing written analyses, but a user starting from scratch 
will not experience meaningful personalization until 
sufficient interaction history has accumulated. 
 

Embedding Models Are Not Perfect. During testing, we 
found pairs of completely different metrics that 
embeddings treated as similar. “Transaction volume 
increased 10%” vs. “user traffic increased 10%” scored 
0.83 cosine similarity despite referring to different 
phenomena. Injecting domain context into the embedding 
pipeline would help, but we have not implemented it yet. 
 
LLM Hallucinations. The Planner and Synthesizer depend 
on LLMs, which occasionally generate plausible-sounding 
but fabricated numbers or column names. The Critic 
catches many of these, but not all. Users should treat 
insights as hypotheses to verify, not as settled facts. 
 
Unvalidated with Real Users. Our feedback came from 
domain experts reviewing the system’s logic, not from 
actual analysts using it over weeks or months. A real user 
study is essential before claiming impact on analyst 
productivity or satisfaction. 

8.3 Computational Overhead 
 
All latency measurements were taken on an Intel Core i7-
12700 with 32 GB RAM and no GPU. Embedding a single 
insight string with BGE-large-en-v1.5 takes roughly 22 ms. 
Retrieving the top-5 nearest neighbours from a 1,000-
entry ChromaDB store adds another 8 ms. The KL 
divergence calculation is negligible. End-to-end novelty 
scoring per insight therefore falls in the 30–50 ms range 
acceptable for an asynchronous background pipeline, 
though batched embedding would be worth implementing 
in any high-throughput deployment. 

 

9. CONCLUSION AND FUTURE WORK 
 
The core insight motivating this work is simple: findings 
that users already know are not useful, regardless of their 
statistical validity. A personalized system should filter 
results based on what each analyst knows, not solely on 
global statistical measures. Subjective Novelty Detection 
operationalizes this principle. 
 
The SND architecture has been validated at the component 
and integration level, with all five nodes operating 
correctly within the LangGraph pipeline. The Belief Graph, 
hybrid novelty scoring, and Critic loop each function as 
designed, and their interaction produces the intended 
filtering behavior. Rigorous empirical validation with 
professional analysts over meaningful timeframes remains 
the critical next step before strong claims about 
productivity gains or satisfaction improvements can be 
made. 
 
The path forward is clear. A controlled user study 
involving 8–12 analysts using the system on familiar 
datasets over 2–4 weeks is needed, with metrics on 
dismissal rates, engagement, and whether surfaced 
insights drive action. Benchmark comparisons against 



            International Research Journal of Engineering and Technology (IRJET)       e-ISSN: 2395-0056 

              Volume: 13 Issue: 04 | Apr 2026                           www.irjet.net                                                             p-ISSN: 2395-0072 

  

© 2026, IRJET       |       Impact Factor value: 8.315       |       ISO 9001:2008 Certified Journal       |     Page 4089 
 

unfiltered QUIS output and robustness testing of the Belief 
Graph against deliberately injected false beliefs are also 
required. 
 
Beyond immediate validation, several extensions look 
promising. A reinforcement-learning policy for the weight 
parameter   would adapt faster than the exponential 
moving average currently employed. Multimodal Belief 
Graphs storing embeddings of charts alongside text would 
capture the visual knowledge analysts build from 
dashboards. Team-level belief sharing could compress the 
cold-start period for new hires. We plan to pursue at least 
the first two in follow-on work. 
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