
This study aimed to quantify the time savings achieved by using the Laser AI workflow for extracting tables, compared with the 

conventional manual extraction process in Excel during Health Economics and Outcomes Research (HEOR) systematic reviews. 

The study also aimed to assess the frequency and types of errors occuring during extraction with both methods .

HEOR generates a rapidly growing body of evidence to inform reimbursement and policy decisions. These reports are 

increasingly produced under tight timelines and there is a growing demand for creating rapid reviews. Much of the key evidence 

is reported in complex tables, extraction of which is error-prone and time consuming process because of the density of 

numerical values and the risk of transcription errors, despite quality-control checks.


Artificial intelligence (AI) offers an opportunity to accelerate and streamline review process by automating repetitive manual 

tasks in systematic reviews. AI tools are increasingly accepted and adopted in systematic reviews, mainly during the searching 

and study selection [1]. Moreover, national HTA agencies have already started to use AI in literature reviews and have formulated 

guidelines. [2,3] 


One aspect of the review that still raises questions regarding the use of AI is data extraction. Currently, AI-supported data 

extraction is not considered to be reliable support [1]. Therefore there is a growing number of solutions being tested to improve 

the quality of data extraction, including data from tables, which contain a lot of HEOR data.


Laser AI table extraction module uses vision models to analyze the document, find the table location and extract the table’s 

structure and content. The workflow for semi-automated approach for table extraction consists of several stages [Fig 1]: 


AI-driven table recognition


Human mapping to the Data Extraction Form (DEF)


AI-driven extraction into the DEF


Human validation 

[Fig 1]

Verify extracted 
data

PDF with 
Tables

Map data to 
the DEF

Extract data 
to DEF

Recognize 
structure (cells)

Nine tables representing diverse HEOR-related data types: (costs, resource use, treatment patterns, utilities, cost-effectiveness 

results, epidemiology, population characteristics and transition probabilities for clinical and safety outcomes [4-12]) were 

purposefully sampled from published studies. Three reviewers of differing experience extracted each table once with Laser AI 

and, in a separate session, once with Microsoft Excel. Table-reviewer assignments were alternated to avoid learning effects. 

Table-level extraction time was recorded. Per-cell extraction speed (seconds/value) was calculated post-hoc by dividing table 

time by value count. To determine whether AI-supported extraction performance varied according to domain knowledge and 

tool experience we conducted a subgroup analysis based on two independent factors [Fig 2]: HEOR domain expertise (Senior vs 

Junior), Tool familiarity (Expert vs Junior).



After the extraction stage, quality assurance (QA) of the extracted data was also performed. For Laser AI, a dedicated QA 

module was used, while in Excel the results extracted to the sheet were compared with the data in the original publication.

[Fig 3]
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We stratified results by both HEOR expertise and familiarity with the extraction tool [Fig 4]:


Senior HEOR + Expert Tool users achieved the largest efficiency gain (–72%).


Junior HEOR + Expert Tool users showed minimal improvement (–9%).


Junior HEOR + Junior Tool users still benefited substantially (–40%).


This indicates that tool expertise is a major factor in addition to domain expertise. AI extraction offers the greatest time savings 

when reviewers are both domain experts and skilled in tool use, but even less-experienced reviewers see significant benefit.

Time saving vs. Rewiever experience [Fig 4]
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A QA review of the extracted values revealed errors in the data extracted using both Laser AI and Microsoft Excel. In the Becerra 

2015 table[5], missing minus signs for negative values were observed in both Laser AI (five instances) and Excel (two instances). 

In the largest table (Boeckxstaens 2024[6]), typographical errors were detected in both workflows; additionally, in Laser AI 

extraction one data row was omitted and values from two adjacent rows were misaligned into incorrect fields. Similarly, during 

Excel extraction, one data row was omitted in the Nieto 2022[8] table, and in the King 2024[9] table values from one row were 

shifted upward by one row.  Interestingly, error patterns appeared to be driven more by the complexity of the table itself than by 

the extraction tool.

Small sample size - the study only used 9 tables (one table per each data type) which may not be a large enough sample to 

generalize the findings to all types of tables in HEOR systematic review.


Due to small sample size (9 tabels) only qualitative QA was performed - This experiment doesn't quantify or systematically 

analyze the specific features of table complexity that contribute to errors, making it difficult to pinpoint the exact causes.


Given the small sample size and small number of reviewers, subgroup differences should be interpreted with caution; the 

relative impact of HEOR expertise and tool familiarity on efficiency gains cannot be reliably quantified.

This is the first known project to evaluate how AI can support data extraction from tables in HEOR reviews. 


An AI-assisted extraction halved the time required to collect tabular HEOR data while completeness and error rates were 

comparable to the manual approach, demonstrating clear operational benefits for systematic review teams.  


Future work will audit accuracy and explore learning-curves. As we transition toward a fully automated extraction process, we 

anticipate further improvements in time savings and efficiency.
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First study to quantify AI-supported data extraction from HEOR tables.


Laser AI reduced extraction time by ~50% while maintaining comparable accuracy to manual methods

Reduction of median extraction time per table 50%

Absolute time savings per table 10:15 min

Per-cell extraction time improvement 50%

Senior reviewers with HEOR expertise achieved the largest time savings with Laser AI ( 71.9% faster than Excel).


Error patterns were table-dependent rather than tool-dependent.
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