WORKWISE SOLUTIONS
WHITE PAPER

Automating CIM Analysis at Scale

Architecture Patterns for Al Deal Screening in Private Equity

Dr. Leigh Coney

Founder & Principal Consultant, WorkWise Solutions

Q1 2026

workwisesolutions.org
Contact@workwisesolutions.org



WorkWise Solutions | Automating CIM Analysis at Scale

Abstract

A mid-market PE firm screening fifty to one hundred confidential information memoranda per
quarter spends 150 to 500 analyst hours on first-pass data extraction alone. This is not analysis
- it is structured data entry performed by professionals paid to think. Every hour an analyst
spends extracting revenue segments from a PDF table is an hour not spent interviewing
management teams, stress-testing assumptions, or developing the investment conviction that
drives fund returns.

This paper presents the engineering architecture behind production-grade CIM analysis
systems - from document ingestion through thesis-calibrated scoring - with the extraction
accuracy benchmarks, confidence scoring mechanisms, and security requirements that
separate demonstration prototypes from fiduciary-grade deployments. The four-stage
architecture described here compresses CIM analysis from four or more hours of human
processing to under fifteen minutes of machine processing followed by approximately one hour
of human review, representing a four-times or greater increase in deal flow capacity without
proportional headcount expansion. Drawing on published research in document understanding,
context window performance, and Al governance, the paper addresses the specific engineering
challenges of processing heterogeneous financial documents under fiduciary obligations with
zero-retention security requirements.

Keywords: CIM analysis, deal screening, Al architecture, document ingestion, data extraction, private
equity, investment committee, confidence scoring, zero-retention, fiduciary Al, deal flow, PE technology,
thesis alignment, memo automation
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1. Introduction: The Analyst Hours Problem

The math is straightforward. A mid-market PE firm evaluating fifty to one hundred CIMs per
quarter allocates three to five hours of analyst time per CIM for first-pass data extraction and
preliminary assessment. That is 150 to 500 hours per quarter - roughly one to three full-time
analysts - devoted to pulling revenue figures from PDF tables, mapping EBITDA adjustments
from footnotes, tabulating customer concentration data from narrative text, and assembling
these extractions into a format suitable for preliminary evaluation. None of this is analysis. It is
data entry performed by people whose training, compensation, and potential value to the firm
lies in thinking about businesses, not in transcribing information from one format to another.

The opportunity cost is substantial. Every hour spent extracting financial data from a CIM is an
hour not spent interviewing management teams, building proprietary market intelligence, stress-
testing assumptions with operating partners, or developing the kind of differentiated investment
conviction that separates top-quartile funds from the median. The analyst who could be
evaluating competitive dynamics or identifying value creation levers is instead copying numbers
from a scanned PDF into a spreadsheet. This is not a technology problem waiting for a solution.
It is a resource allocation failure that existing technology can address.

The economics have shifted decisively. The Stanford HAI Al Index Report 2025 documented
that Al inference costs dropped more than 280-fold in approximately eighteen months - from
$20 per million tokens to $0.07 per million tokens for GPT-3.5-equivalent performance (Stanford
HAI, 2025). This cost trajectory means that the compute required to process a 200-page CIM
through a multi-stage Al extraction pipeline now costs less than the coffee the analyst drinks
while doing the same work manually. The bottleneck is no longer cost. It is architecture.

Al-powered CIM analysis can compress the first-pass extraction and assessment process from
four or more hours to under fifteen minutes of machine processing followed by approximately
one hour of focused human review - a shift from extraction to verification, from data entry to
judgment. Production implementations have demonstrated four-times increases in deal flow
processing capacity without proportional headcount expansion. But this compression is only as
reliable as the architecture that produces it. A poorly designed system that hallucinates EBITDA
figures or silently misclassifies a revenue segment is worse than no system at all, because the
errors carry the apparent authority of a structured output.

This paper documents the architecture that makes CIM analysis automation reliable under
fiduciary conditions. The thesis is specific: the architecture of the CIM analysis system - not the
underlying Al model - determines whether the compression from hours to minutes is safe to
trust with investment decisions. The four-stage architecture described here - intelligent
document ingestion, multi-dimensional data extraction, thesis-calibrated scoring, and structured
memo synthesis - represents the engineering pattern that production PE deployments require.

2. The Four-Stage CIM Analysis Architecture
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The architecture described below is not a single-model, single-pass system. A single large
language model processing an entire CIM in one context window will produce degraded results -
the NoLiMa benchmark demonstrated that model performance drops precipitously as context
length increases, with most models losing more than half their baseline accuracy at 32,000
tokens on tasks requiring non-literal reasoning (Modarressi et al., 2025). A typical CIM contains
80,000 to 200,000 tokens. Processing it in a single pass is an architectural choice that prioritizes
simplicity over reliability.

The four-stage architecture decomposes CIM analysis into sequential, specialized processing
stages, each operating within manageable context windows and producing structured outputs
that flow to the next stage. This decomposition directly addresses the context degradation
problem while enabling confidence scoring, cross-verification, and human escalation at each
stage.

2.1 Stage 1: Intelligent Document Ingestion

The first stage handles the most underestimated challenge in CIM automation: the documents
themselves. ClMs arrive in diverse formats - native PDF, scanned PDF, Word documents,
PowerPoint presentations, and occasionally as collections of mixed-format files within a virtual
data room. A CIM from a bulge-bracket advisor is professionally typeset with consistent
formatting and machine-readable text. A CIM from a boutique advisor may be a scanned
document with handwritten annotations, inconsistent page numbering, and financial tables
rendered as images rather than structured data.

The ingestion stage must handle all of these without manual configuration. The processing
pipeline includes format detection and normalization (converting all inputs to a standardized
processing format), OCR with layout analysis for scanned documents (critical for older CIMs
and documents with tables, charts, or mixed text/image content), document classification that
automatically identifies CIM sections (executive summary, business overview, financial
overview, market analysis, management team, risk factors, transaction overview), and structure
mapping that builds a document schema before extraction begins - identifying which pages
contain financial tables, where the management bios appear, and how exhibits relate to the
main text.

The output of Stage 1 is not extracted data. It is a structured map of the document: a schema
that tells downstream stages where to find specific types of information and how the document
is organized. This separation of structure mapping from data extraction is a critical architectural
choice - it allows the extraction stage to focus its context window on specific document sections
rather than processing the entire CIM as an undifferentiated text block.

2.2 Stage 2: Multi-Dimensional Data Extraction

The extraction stage operates on the document schema produced by Stage 1, processing each
section within a focused context window appropriate to its content type. The system extracts
over 200 data points per CIM, organized across five dimensions:
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Financial. Revenue breakdown by segment, EBITDA and adjusted EBITDA with explicit
identification of add-backs, margin trends over the available historical period, capital
expenditure requirements (maintenance versus growth), working capital dynamics, and debt
structure including covenant details where available.

Operational. Customer concentration metrics (top 5, top 10, top 20 percentages), employee
count and turnover indicators, facility utilization and capacity constraints, supply chain
dependencies, and technology infrastructure characteristics.

Market. Total addressable market and serviceable addressable market estimates, competitive
positioning analysis, regulatory environment and pending regulatory changes, industry growth
rates and cyclicality indicators, and technology disruption exposure.

Management. Team biographies with tenure at company and in industry, compensation
structure where disclosed, equity incentive arrangements, key person dependencies, and
organizational gaps.

Deal. Valuation expectations or guidance, proposed transaction structure, key terms and
conditions, timeline and process details, and advisor information.

A critical engineering detail: extraction from tables, narrative prose, and footnotes each requires
different processing approaches. A revenue figure in a formatted table is extracted differently
from the same figure mentioned in a narrative paragraph, which is extracted differently from an
adjustment described in a footnote. The system must recognize and apply the appropriate
extraction method for each context. Equally important, when the executive summary states one
revenue figure and the financial appendix shows another, the system must flag the discrepancy
rather than silently choosing one. Contradiction detection is not a feature - it is a fiduciary
requirement.

2.3 Stage 3: Thesis-Calibrated Scoring

Raw extraction without evaluation produces a database, not a decision. The scoring stage
evaluates extracted data against the fund's specific investment criteria - not a generic
assessment of company quality, but a calibrated evaluation of fit with the fund's particular
thesis, strategy, and requirements.

Scoring criteria are configurable per fund and per strategy. A growth equity fund evaluates
revenue growth trajectory, market size, and competitive differentiation. A distressed debt fund
evaluates asset coverage, covenant structures, and downside protection. A lower middle market
buyout fund evaluates EBITDA stability, customer diversification, and management team depth.
The same CIM, processed through the same extraction pipeline, may score very differently
against these different criteria - and it should, because what constitutes an attractive opportunity
varies fundamentally across strategies.

The scoring framework distinguishes between hard disqualifiers and weighted preferences.
Hard disqualifiers are binary pass/fail criteria: if the company's EBITDA is below the fund's
minimum threshold, the opportunity fails regardless of how well it scores on other dimensions.
Weighted preferences are scored on a spectrum: customer concentration of 30% in the top
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customer is less attractive than 15%, but neither automatically disqualifies the opportunity. The
output is a ranked deal list with clear categorization - pass, fail, or review - accompanied by
detailed scoring justification for each dimension.

Key insight: scoring must reflect your thesis, not a generic 'good company' evaluation. What
is attractive to a growth equity fund is fundamentally different from what is attractive to a
distressed debt fund. A system that scores both the same way is not a screening tool - it is
a summarizer that adds no analytical value.

2.4 Stage 4: Structured Memo Synthesis

The final stage synthesizes outputs from the preceding three stages into a standardized
preliminary investment committee memorandum. The memo includes an executive summary
with thesis alignment assessment, a financial overview with key metrics highlighted against fund
criteria, a risk assessment identifying the most material concerns, a competitive positioning
analysis, and recommended next steps with specific questions for management meetings or
additional diligence.

Every data point in the memo carries a confidence score derived from the extraction stage:

High confidence (above 0.85). The extracted data point is presented directly in the memo. The
source page and location are recorded in the audit trail and available on request, but no
mandatory verification flag appears in the memo itself.

Medium confidence (0.60 to 0.85). The data point is presented with an explicit source
reference - the specific page number, table, or paragraph from which it was extracted - enabling
the reviewing analyst to verify the extraction with a single click rather than searching the full
document.

Low confidence (below 0.60). The data point is flagged for mandatory analyst verification. The
memo presents what the system extracted, where it found the information, and why confidence
is low (ambiguous source text, contradictory information across sections, or poor source
document quality). The analyst is asked to verify this specific extraction, not to re-read the entire
section.

The memo also includes a standalone red flag report - a dedicated section highlighting concerns
that warrant attention regardless of the overall scoring outcome. These include customer
concentration above fund thresholds, declining margin trends, regulatory exposure,
management team gaps, and any contradictions or anomalies detected during extraction. The
red flag report ensures that material concerns are not buried within a positive-scoring memo's
narrative.

3. Extraction Accuracy: The Fiduciary Standard

3.1 What "Accurate™ Means for CIM Analysis

workwisesolutions.org | Q1 2026 | Page 7



WorkWise Solutions | Automating CIM Analysis at Scale

Accuracy in CIM extraction is not a single metric. It is a multi-dimensional assessment that must
be evaluated along three distinct axes, each of which can fail independently.

Dimension 1: Data extraction accuracy. Did the system correctly pull the revenue figure from
the table? This is the most straightforward dimension and the one most commonly tested.
Modern Al systems achieve high accuracy on structured data extraction from well-formatted
documents - 95% or higher on clean, natively digital PDFs. The challenge is that this dimension
alone is insufficient for fiduciary-grade deployment.

Dimension 2: Contextual accuracy. Did the system correctly interpret what it extracted? A
revenue figure extracted accurately from a table may still be misinterpreted if the system fails to
recognize that the table shows pro forma rather than actual results, or that an EBITDA figure
includes specific add-backs described only in footnotes. Contextual accuracy requires the
system to understand not just the numbers but their meaning within the document's analytical
framework.

Dimension 3: Completeness. Did the system find all instances of the relevant data? A CIM
may present revenue in an executive summary table, a detailed financial section, and an
appendix exhibit - each potentially showing different figures for different periods or under
different assumptions. A system that extracts from the summary table but misses the detailed
breakdowns in the appendix has produced an accurate but incomplete extraction that may lead
to a materially different assessment of the business.

A system can achieve 99% accuracy on Dimension 1 while failing on Dimension 2 - and this
failure mode is more dangerous than a visible extraction error because it produces outputs that
look correct, carry high confidence scores, and embed analytical mistakes that propagate into
investment decisions. The architecture must address all three dimensions, not just the easiest to
measure.

3.2 Benchmarking Against Human Analysts

The appropriate benchmark for CIM extraction accuracy is not perfection but human analyst
performance on the same task. The recommended implementation approach is to test the Al
system against human analyst extractions on the same set of historical CIMs - ideally thirty to
fifty CIMs spanning different advisors, industries, and document quality levels.

The expected findings, based on production deployments: Al matches or exceeds human
accuracy on structured data extraction (tables, clearly formatted figures, labeled data) and
typically outperforms humans on completeness (identifying all instances of a metric across a
long document, including appendices and footnotes that human analysts may skim). Humans
outperform on nuanced interpretation - assessing management quality signals from biographical
descriptions, evaluating the credibility of market sizing assumptions, and identifying competitive
positioning subtleties that require industry expertise.

The implication is that the hybrid of Al extraction and human interpretation is stronger than
either alone. Al handles the extraction work where it excels - comprehensive, consistent,
untiring processing of structured data across long documents. Humans handle the interpretation
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work where they excel - judgment, pattern recognition from experience, and the contextual
understanding that comes from years of evaluating businesses. The architecture described in
this paper is designed to enable this hybrid, not to replace human judgment.

3.3 The Confidence Calibration Problem

A confidence score is only useful if it is well-calibrated: an extraction tagged with 85%
confidence should be correct approximately 85% of the time. Poorly calibrated confidence
creates a more insidious problem than no confidence scoring at all, because it generates a false
sense of security - the analyst trusts the high-confidence extractions without verification, not
realizing that the confidence scores overstate actual accuracy.

The calibration problem is particularly acute in CIM analysis because document quality varies
dramatically. A confidence model calibrated on high-quality, natively digital CIMs from major
advisors may produce overconfident scores when applied to scanned documents from boutique
advisors. Regular calibration testing - comparing confidence scores against actual accuracy on
known-answer sets, stratified by document quality and source type - is essential for maintaining
the trust relationship between the system and its human users. For a detailed treatment of how
uncalibrated confidence interacts with automation complacency in financial decision contexts,
see Coney (2025).

4. Security Architecture for Deal Flow Data

4.1 Zero Data Retention

CIMs contain the most sensitive pre-transaction data in private equity: proprietary financial
details, strategic plans, customer lists, competitive intelligence, and management compensation
- all protected by non-disclosure agreements and fiduciary obligations. The security architecture
for processing this data must be designed with a zero-retention principle: CIM content exists
only in the processing layer during active analysis and is automatically purged upon task
completion.

In practice, this means that no CIM text, extracted data, or intermediate processing artifacts are
stored, cached, or logged by the processing infrastructure. The audit trail records metadata -
what was processed, when, by whom, what outputs were generated, and what confidence
scores were assigned - but not the source content itself. The output (the structured memo and
scoring) is delivered to the firm's own systems, where it is subject to the firm's own data
governance policies. The processing infrastructure retains nothing.

4.2 Private Cloud Deployment

Multi-tenant SaaS architectures - where multiple firms' data flows through shared processing
infrastructure - are fundamentally incompatible with the confidentiality requirements of PE deal
flow. A CIM processing system must be deployed within the firm's own cloud environment or in
a dedicated, single-tenant instance that is air-gapped from other deployments. No lateral data
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access between client instances is permissible, and the firm must retain full control over the
encryption keys, access policies, and audit mechanisms governing the processing environment.

4.3 Model Training Isolation

CIM content must never contribute to model training or fine-tuning. The system improves
through architecture updates, prompt engineering refinements, extraction pipeline adjustments,
and confidence calibration - not through learning from the firm's deal data. This distinction is
non-negotiable for fiduciary compliance. A system that becomes more accurate by incorporating
patterns from previously processed CIMs has, by definition, retained information from those
CIMs in its model weights - a violation of the zero-retention principle and a potential
confidentiality breach.

4.4 Compliance and Audit

The complete processing pipeline must achieve SOC 2 Type Il compliance - not just the entry
point, but every stage through which CIM data flows, including the document ingestion layer, the
extraction processing infrastructure, the scoring engine, and the memo generation system. Audit
trails must be immutable: a complete record of who processed what, when, through which
pipeline version, with what confidence scores, and what outputs were delivered. These audit
logs must be exportable in formats suitable for LP reporting, regulatory review, and internal
compliance monitoring.

5. Implementation Pathway

5.1 Phase 1: Discovery Sprint (2 Weeks)

The implementation begins with a focused two-week discovery sprint that accomplishes three
objectives. First, audit the current screening process: document how CIMs currently flow
through the firm, how many hours each stage consumes, where accuracy bottlenecks exist, and
what the current pass/advance/decline rates look like. Second, formalize investment criteria into
scoreable parameters: translate the fund's investment thesis from a narrative document into a
structured set of hard disqualifiers and weighted preferences that the scoring engine can
evaluate. Third, build a working prototype against five to ten historical CIMs - selected to
represent the range of document quality, advisor types, and deal types the firm typically
encounters.

5.2 Phase 2: Calibration (4-6 Weeks)

The calibration phase tests the system against thirty to fifty historical CIMs with known
outcomes - deals the firm evaluated, advanced or declined, and (where available) invested in
and has performance data on. The testing produces three deliverables: a benchmark
comparison of Al extraction accuracy against historical analyst extraction on the same
documents, a confidence calibration assessment that maps confidence scores against actual
accuracy rates, and a refined scoring model that incorporates deal team feedback on how well
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the system's thesis alignment scores match the team's actual assessment of the same
opportunities.

Calibration is not optional. A system deployed without calibration has unknown accuracy
characteristics and uncalibrated confidence scores - the exact conditions that produce the false
trust described in Section 3.3. The four to six weeks invested in calibration protect against errors
that could materially affect investment decisions.

5.3 Phase 3: Production Deployment

Production deployment begins with parallel running: every incoming CIM is processed by both
the Al system and the human analyst for the first four to six weeks. The parallel period serves
two purposes. It provides ongoing validation of extraction accuracy against human performance
on live (not historical) documents. And it builds analyst trust - the team sees how the system
performs on real deals, develops judgment about when to trust its outputs and when to verify,
and transitions gradually from extraction to review.

After the parallel period, the workflow shifts: the Al system handles extraction and preliminary
scoring, the analyst reviews the output with focused attention on medium- and low-confidence
extractions and on the interpretive judgments (management quality, competitive positioning,
thesis fit) that remain human domains. The analyst's role transforms from data extraction to
analytical review - a higher-value use of training and compensation.

5.4 Scaling Considerations

The four-stage architecture is designed for extensibility. Additional asset classes - private credit,
real estate, infrastructure - require extraction pipeline adjustments to accommodate different
document structures and data dimensions, but not architectural rebuilds. The ingestion, scoring,
and synthesis stages remain structurally the same; the extraction stage is reconfigured for the
new asset class's specific data requirements. Multi-fund deployment is similarly straightforward:
each fund receives its own scoring criteria configuration while sharing the extraction
infrastructure. A firm with a buyout fund, a growth equity fund, and a credit fund can process the
same CIM through all three scoring frameworks simultaneously, producing three independent
assessments from a single extraction pass.

6. Conclusion

CIM analysis automation is the most mature and immediately impactful Al application in PE deal
workflows. The technology to extract, structure, and evaluate CIM data at fiduciary-grade
accuracy exists today. The economics are compelling - the Stanford HAI 2025 data
documenting a 280-fold reduction in Al inference costs over eighteen months means that the
compute cost of processing a CIM is now ftrivial relative to the analyst time it replaces. The
bottleneck is not technology or cost. It is architecture.

The four-stage architecture presented in this paper - intelligent document ingestion, multi-
dimensional data extraction, thesis-calibrated scoring, and structured memo synthesis -
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represents the engineering pattern that separates production deployments from demonstration
prototypes. Each stage addresses a specific failure mode: ingestion handles document
heterogeneity; extraction operates within manageable context windows to avoid degradation;
scoring reflects the firm's actual investment thesis rather than generic quality metrics; and
synthesis produces outputs with confidence scores that enable targeted human review rather
than comprehensive re-verification.

The architecture is complemented by three requirements that are non-negotiable for fiduciary
deployment: extraction accuracy benchmarked against human analyst performance across
three dimensions (data accuracy, contextual accuracy, and completeness), confidence
calibration tested against known-answer sets stratified by document quality, and zero-retention
security that ensures CIM content never persists beyond active processing and never
contributes to model training.

The analyst's job is not to extract data from PDFs. It never was. Al finally makes it possible
for analysts to do what they were hired for: think.
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