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Operating room (OR) workflow disruptions (FDs) 
are associated with increased team stress, 
prolonged procedures, and elevated error rates. 
We introduce the concept of disruption cascades—
sequences of escalating events—classified into 
three mechanisms: random occurrences (which do 
not constitute a cascade), common-cause triggers, 
and concatenating “domino effects.” This study 
investigates the presence of these mechanisms 
and evaluates the ability of artificial intelligence (AI) 
to detect disruption cascades compared to human 
experts.

Flow disruptions from sixteen surgical cases were 
manually reviewed by a human expert using 
custom labeling software to identify disruption 
cascades. ChatGPT-4 was used to assess AI’s 
ability to detect cascades and measure interrater 
reliability.
Common-Cause Cascade Example 1 (case time in 
minutes):
• 0.67 – Environment: Doors remained open due to 
malfunction with the automatic closing process
• 8.28 – Environment: Before leaving, CN1 manually closed 
the doors using a button located at the top of the door
• 205.83 – Environment: Doors had to be held open by the PA 
and Res since they weren’t working so CN3 could wheel in 
bed

Common-Cause Cascade Example 2:
• 0.93 – Environment: OR doors won’t auto close
• 506.67 – Environment: OR doors got stuck open

Common-Cause Cascade Example 3:
• 38.27 – Environment: ST2 was moving vision cart but a wire 
was stuck.
• 38.95 – Environment: ST2 adjusting wires on vision cart.
• 40.42 – Environment: ST2 taping wires to floor.
• 240.75 – Environment: CN1 had some trouble moving the 
vision cart back because of wires.

Domino-effect Cascade Example:
• 101.42 – Equipment Failure: clip that they loaded was broken
• 101.42 – Coordination: CN was going to OR4 to get a new 
clip because they didn’t have them ready on this floor
• 103.62 – Surgical Task Considerations: surg decided not to 
use clip after all
• 107.65 – Coordination: external person came in with new 
clips to replace broken one

ABSTRACT

Interrater reliability between the human 
expert and ChatGPT-4 was moderate 
(Cohen’s Kappa = 0.63, p < 10⁻⁵). Among 
1,631 FDs, 152 cascades were identified. 
Approximately two-thirds of disruptions were 
random (non-cascading). The overall FD 
rate was 0.43/min, varying by the cascade 
type in-progress: 0.33/min outside 
cascades, 0.77/min during domino 
cascades (0.46/min from domino cascade 
members), and 0.46/min during common-
cause cascades (0.04/min from common-
cause cascade members). Random 
disruptions continued during cascades, 
compounding their effects.

All three disruption mechanisms—random, 
common-cause, and domino—were observed. 
Common-cause cascades stem from persistent 
environmental factors and tend to be low-rate but 
long-duration. Domino cascades are high-rate and 
short-duration. Random disruptions occur across 
all states, compounding overall disruption. The 
moderate agreement between human and AI 
detection suggests that automated tools may 
support early identification of error-prone states 
and enhance proactive surgical safety strategies.

This study finds that surgical flow disruptions (FDs) 
often occur in interconnected cascades, not just as 
isolated events. Of the 1,631 FDs observed, about 
one-third were part of cascades, especially those 
involving coordination and patient factors. Short, 
intense domino cascades and longer, persistent 
common-cause cascades suggest distinct 
mechanisms of disruption. While single FDs may 
not impact outcomes, their accumulation is linked 
to increased surgical errors. Targeting cascade 
triggers, rather than eliminating all disruptions, may 
improve safety. Though limited by sample size and 
observer subjectivity, future use of OR “black-box” 
technology and machine learning could enhance 
precision and support broader applications in 
safety research.

Figure 1. Distribution of Cascade Coverage and 
Disruption Frequency Across Surgical Cases

Table. Cascade rates by condition.
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