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Background: Surgeons can use wound photographs to monitor for surgical site infections (SSI). Mobile Health apps 
that allow patients to securely transmit photos to providers for remote wound surveillance are available, but this new 
patient generated data stream demands a new monitoring process. Crowdsourcing (employing internet users to 
rapidly perform discrete tasks) has potential as a scalable method for wound triage.  However, the ability of the crowd 
to assess and triage wound photographs is unknown. 
  
Methods: Ten case scenarios (6 SSI, 4 non-SSI), presented as 4-6 sequential days of surgical wound photographs 
and symptoms, were administered as a survey through Amazon Mechanical Turk, a global crowdsourcing platform. 
Participants provided demographics and prior experience with SSI. SSI was defined, but no additional diagnostic 
training was provided. For each scenario day, they indicated if they felt an SSI was present, level of confidence, and 
their triage recommendation for treatment or follow-up. Triage appropriateness was defined as escalation of care 
when SSI was suspected or non-escalation of care in the absence of SSI. SSI and non-SSI cases were analyzed to 
determine diagnostic accuracy and appropriateness of recommendations. 
  
Results: 1171 participants completed the survey within 6 hours. After quality control for survey completion, data from 
993 participants (3311 cases) were analyzed. 530 (53%) of participants were female, mean age was 35.5 years 
(SD±11.38), and 741 (74.6%) had prior experience with surgical wounds. Overall diagnostic accuracy was 34.6%; 
18.1% of SSIs and 59.6% of non-SSI were correctly identified. Personal history of SSI was associated with improved 
accuracy in both SSI (19.8% v 16.2%,p=0.037) and non-SSI cases (62.9% v 55.8%,p=0.008). Higher levels of 
confidence were associated with higher accuracy in non-SSI cases (OR 1.34 [1.28-1.43],p<0.001) and lower 
accuracy in SSI cases (OR 0.84 [0.80-0.86],p<0.001). Triage recommendations were correct in 52.8% of cases; 
45.7% of non-SSI cases were over-triaged and 57.6% of SSI cases were under-triaged. 
  
Conclusions: Crowdsourcing without training had poor performance in the detection of SSI using wound photography. 
More work is required to establish standards for wound image features of SSI to develop triage training tools before 
crowdsourcing can be employed for SSI surveillance.  



Introduction 
Surgical site infections (SSI) are the most common and costly healthcare associated infection in the US.[1] Between 
160,000 and 300,000 surgical patients suffer a SSI every year, extending their hospital stays approximately 7 – 11 
days and incurring a 2 – 11-fold increase in risk of mortality.[2–6] As post-operative stays shorten, more and more 
SSI now occur outside of the hospital, leaving the patient to diagnose wound concerns and seek appropriate 
treatment. Now up to 70% of SSI occur after the patient discharges from the hospital and before regular clinic follow 
up,[6–9] highlighting the need for improved outpatient wound surveillance.[2,10–12] Active wound surveillance has 
the potential to reduce SSI rates by up to 40%,[13,14] however no widely accepted system has been 
established.[12,15–18]  

The use of mobile technology to track a patient’s health is becoming increasingly popular.[19] The 
ubiquitous presence of smartphones with high quality cameras has made mobile health (mHealth) outpatient wound 
monitoring feasible[18,20–23] and allowed patients to share sufficient data for their provider to make meaningful 
clinical assessments. While patients do self-monitor their wounds, they are unreliable in diagnosing wound problems 
or infection.[24] Studies testing surgeon assessments of wound photos have shown high specificity, negative 
predictive values, and inter-rater agreeability, indicating that photography to be a suitable screening mechanism for 
SSI.[15,16,21,23] Implementation of such a system however, would require medical professionals to review daily 
images from all of their post-operative patients, a time consuming process that would quickly exhaust the surgeon’s 
resources and time. Alternatively, crowdsource populations may be used to monitor large volumes of surgical 
wounds; however, the ability of these non-medically trained populations to identify SSI has yet to be evaluated.  

The primary purpose of this study was to evaluate the ability of non-medically trained people to identify SSI 
through monitoring of serial wound photographs. Secondary goals included evaluating participant’s subsequent 
confidence in SSI diagnosis, triage aptitude, and timeliness of diagnosis. We hypothesize that non-medically trained 
people will provide suitable diagnostic sensitivity and specificity to be used for future SSI screening efforts.  

Methods 
We administered three web-based surveys containing patient scenarios with daily symptoms and photographs of 
wounds. Scenarios were presented as if a family member or friend recovering from surgery had called the participant 
with report of symptoms and an accompanying photograph. Based on this information, participants were asked to 
assess for the presence of a SSI. Participants were also asked to report their confidence in this assessment, and 
their advice to the patient on seeking treatment (i.e., management/ triage recommendation). This study was approved 
by the University of Washington Institutional Review Board and electronic consent was obtained from all participants.  

 

Participants 
Survey participants were recruited via Amazon’s Mechanical Turk (mTurk) platform (www.mturk.com). mTurk is a 
crowdsourcing Internet marketplace, consisting of a large group of users who complete un-automatable tasks for 
payment, such as surveys, transcription, or data processing. Human Intelligence Tasks (HIT) were created directing 
participants to our study consent, study instructions, and a subsequent survey. General demographics of mTurk 
users are well described.[25,26] For our purposes, we collected additional information on participant’s age, sex, race, 
education level, and experience with surgery as a patient or caregiver. Participants were compensated $2.00 for 
completion of the survey. Participants were not permitted to repeat the same survey more than once. 
 

Survey Design 
Three surveys were created, each with 3-4 unique patient scenarios. Scenarios were comprised of data extracted 
from a surgical wound photo database of hospitalized post-operative patients derived from a prior prospective cohort 
study dataset.[27] This database included daily photographs and logged symptoms of surgical wounds, including 
assessments of SSI using CDC criteria.[28] Clinical data and photographs were reviewed by physician and surgeon 
study personnel to ensure scenarios clearly represented the diagnosed outcome. Of the 10 total cases, 6 cases 
depicted wounds with SSI and 4 did not. Each scenario introduced a patient, their age, basic medical history, limited 
vital signs, and the procedure they had undergone. Wound photographs were displayed in a chronologic order. 



Symptoms, including presence of fevers and wound drainage quality and quantity were listed with each daily 
photograph. Each case scenario contained between 4 and 6 days of information. (Table 1) This survey design was 
meant to replicate the data available to be shared by a person recovering at home after surgery. Participants were 
asked to indicate if the person pictured had a “surgical site infection” (yes/no) with each photograph, their confidence 
in this diagnosis (scale of 0-10, 0= “least confident” to 10= “most confident”), and their recommendation to the patient 
based on this assessment. Management recommendation options ranged from “Look at the wound again tomorrow” 
to “Go to the nearest Emergency Department” (Figure 1). Respondents could not go back to review previous photos 
or change prior answers based on additional data. After an SSI diagnosis was made, that particular scenario ended 
and the next scenario was started. (Figure 2) Surveys included simple quality-control questions to ensure participants 
were attentively completing the survey and providing quality survey responses. Incorrect answers to these quality-
control questions resulted in that participant’s responses being discarded. 
 
Table 1: Survey Case Scenarios 

         

Case 
Number 

Age Gender Wound 
Classification 

Overweight Smoking DM Fevers Wound 
drainage 

SSI Cases 

1 (247) 64 M Clean-cont + - - + serous 
2 (304) 71 F Clean-cont - + - + - 
3 (346) 69 M Clean-cont - + - - - 
4 (201) 55 F Clean-cont - + - + purulent 
5 (412) 34 F Clean - - - + - 
6 (299) 69 M Clean-cont - - - - serous 
         
Non-SSI Cases 

1 (75) 79 M Clean + - + - - 
2 (853) 45 M Clean-cont - - - - serous 
3 (65) 78 M Clean-cont - - - + - 
4 (370) 53 F Clean + - - - serous 

 

 
Figure 1: Example Survey  



 
 
 
Figure 2: Survey Case Scenario Design. Green “No” and “Yes” indicate correct responses while, red “No” and 
“Yes” indicate incorrect responses.  
 
SSI Cases 



 
 
Non-SSI Cases 

 

 
Data Collection 
Surveys were administered and data managed using REDCap electronic data capture tools hosted at the University 
of Washington. REDCap (redcap.iths.org) is a secure, web-based application designed to support data capture for 
research studies.[29] Three study HITs, each directing to one of the three surveys, were launched midweek to 
optimize response rate. Eligible mTurk users were selected and opened each HIT through the Amazon mTurk 
platform. HITs provided a brief description of the survey task before linking to the REDCap survey. The REDCap 
survey presented a participant consent form before reviewing survey instructions and proceeding to the patient case 
scenarios. No other participant recruitment was utilized. Surveys were launched at various times throughout the week 
to capture a variety of participants. Data was downloaded and converted for analysis in Stata (Stata v14.1, StataCorp 
College Station, TX).  
 

Study Definitions 
The day of SSI diagnosis was recorded in the original dataset as the day that treatment for SSI was begun (either the 
day antibiotics were started or the surgical wound was reopened, whichever occurred first); this served as our gold 
standard for SSI diagnosis. Participant diagnosis of SSI was considered correct if it was indicated on the day or day 
before the gold-standard diagnosis. An incorrect diagnosis of SSI was defined as a diagnosis made prior to those two 
days (“early”) in an SSI scenario, or a diagnosis at any time in a non-SSI scenario.  In regards to management, 
under-triage was defined as failure to give a recommendation to seek additional evaluation in clinic or the nearest 
Emergency Department for cases of SSI. Over-triage of non-SSI cases or early escalation of care of SSI cases was 
defined as not receiving a recommendation to look at the wound tomorrow or call the primary care provider for 
advice.  
 

Analysis  
Participant demographics were summarized using counts and percentages for categorical data, and means and 
standard deviations for normally-distributed continuous data. Overall and subgroup diagnostic accuracy were 
represented using percentages of correct responses. Diagnostic accuracy, confidence, and management 
recommendations were compared by scenario type (SSI vs non-SSI) using Student’s t-test and ANOVA.  Association 



between confidence level and accuracy was performed using univariate regression. P-values of 0.05 or less were 
considered significant. All analysis was completed using Stata v14.1.  

Results 
A total of 1171 participants consented and completed the surveys. One hundred seventy-eight (15.2%) participants 
incorrectly answered quality-control questions resulting in their survey responses being excluded, leaving 993 
participants and 3311 cases for further analysis. Survey completion times averaged 91.6 seconds (SD±89.4) per 
participant, and data collection was completed within 6 hours of survey launch. Fifty-three percent (520) of 
participants were female, with an average age of 35.5 years (SD±11.38). Four hundred fifty-two (45.5%) of the 
participants had graduated college and 109 (11%) had advanced degrees. Approximately half of participants reported 
experience as a surgical patient (533, 53.7%), or as a caregiver to a family member or friend while recovering from 
surgery (526, 56.4%). Six percent (60) were healthcare workers. (Table 2). 
 
Table 2: Demographics 

  

Total participants 993 

Mean time to complete survey (seconds) 91.6 (SD±89.4) 
  

Mean age (years) 35.5 (SD±11.38) 

Gender (% female) 53.4%  

Education level 
 

Some high school 1.2% 

High school graduate 42.3% 

College graduate 45.5% 

Master's degree 8.2% 

Doctoral degree 2.8% 

Race 
 

Asian 12.6% 

Black 6.8% 

Caucasian/ White 71.4% 

Hawaiian/ Pacific Islander 0.1% 

Hispanic/ Latino 7.8% 

Native America/ First Nation 1.2% 

Declined to answer 0.2% 
  

Surgery experience 
 

Personal history of surgery 53.7% 

Has cared for family member/friend 
recovering from surgery 

56.4% 

Personal history of SSI 5.5% 

Has cared for family member/friend with SSI 21.1% 
  

Healthcare Professionals 6.0% 

Physician 0.5% 

Registered nurse 1.1% 

Physician assistant 0.2% 



Nurse Practitioner 0.1% 

Student 1.1% 

Other 3.0% 

 
 Overall diagnostic accuracy for correctly identifying SSI was 34.6%. In SSI cases, 18.1% made a correct 
and timely diagnosis. 39% diagnosed SSI too early, and 42.9% failed to diagnose SSI throughout the scenario. In 
non-SSI cases, 40.4% incorrectly diagnosed an SSI. Subgroup analysis revealed statistically higher diagnostic 
accuracy for participants with a personal history of surgery for both SSI and non-SSI scenarios and history of having 
cared for a family member or friend recovering from surgery in non-SSI scenarios. However, no difference in 
diagnostic accuracy was observed between education or being a healthcare professional. (Table 3)  
 Incorrect diagnosis in SSI cases were made with more confidence than correct diagnosis (7.3 vs 5.8, 
p<0.001). In non-SSI cases, confidence levels were higher in those correctly determining no infection was present 
(7.2 vs 5.8, p<0.001). Subgroup analysis indicated that participants with more experience (personal history of 
surgery, history as a caregiver, or medical professional) reported higher confidence levels across both case types, 
regardless of their diagnosis being correct or incorrect (Table 4a). Increasing confidence levels were not associated 
with improved diagnostic accuracy in the SSI scenarios (OR 0.84 95%CI 0.80-0.86, p<0.001) however increased 
confidence was associated with improved accuracy in the non-SSI scenarios (OR 1.34 95%CI 1.28-1.43, p<0.001). 
(Table 4b-c and Figures 3a-b) 
 
Table 3: Diagnostic accuracy; overall and among subgroups   

SSI scenarios  Non-SSI scenarios  

Overall  18.1% 
 

59.6% 
 

     

Education level 
    

Some high school 25.0% 
 

55.6% 
 

High school graduate 18.7% 
 

58.4% 
 

College graduate 17.7% 
 

61.9% 
 

Master's degree 14.7% 
 

57.9% 
 

Doctoral degree 23.6% p=0.522 47.4% p=0.374 
     

Surgery experience 
    

Personal history of surgery 19.8% 
 

62.9% 
 

No history of surgery 16.2% p=0.037 55.8% p=0.008 

Has cared for family 
member/friend recovering from 
surgery 

18.5% 
 

61.2% 
 

No history as a caregiver 17.6% p=0.591 57.4% p=0.165 
     

Healthcare professional  19.0% 
 

52.4% 
 

Non-healthcare professional 18.1% p=0.806 60.1% p=0.166 

 
 
Table 4a: Reported confidence levels; correct vs incorrect responses (mean on scale 0-10)  

SSI scenarios 
 

Non-SSI scenarios 

 Correct Diagnosis Incorrect Diagnosis  Correct Diagnosis Incorrect Diagnosis 

Overall  5.8 (SD±2.1) 7.3 (SD±2.2) p<0.001 7.2 (SD±2.1) 5.8 (SD±2.1) p<0.001 
       

Surgery experience 
      



Personal history of surgery 5.8 (SD±2.1) 6.8 (SD±2.2) p<0.001 7.4 (SD±2.0) 5.7 (SD±2.1) p<0.001 

No history of surgery 5.8 (SD±2.0) 6.5 (SD±2.3) p=0.001 7.1 (SD±2.2) 5.9 (SD±2.1) p<0.001 
       

Has cared for family 

member/friend 

recovering from 

surgery 

5.5 (SD±1.9) 6.8 (SD±2.2) p<0.001 7.5 (SD±1.9) 5.8 (SD±2.1) p<0.001 

No history as a caregiver 6.2 (SD±2.2) 6.5 (SD±2.7) p=0.146 6.9 (SD±2.3) 5.8 (SD±2.2) p<0.001 
       

Healthcare professional  6.1 (SD±1.9) 7.2 (SD±2.0) p=0.018 8.2 (SD±1.5) 6.5 (SD±2.1) p<0.001 

Non healthcare professional 5.8 (SD±2.1) 6.6 (SD±2.2) p<0.001 7.2 (SD±2.1) 5.8 (SD±2.1) p<0.001 

 
 
Table 4b: Accuracy by reported confidence  

Reported 
Confidence  

SSI scenarios 
 

Non-SSI scenarios 

0 12.5% (±24.3)  33.3% (±41.3) 

1 33.3% (±18.1)  40.0% (±22.0) 

2 22.4% (±10.8)  41.2% (±16.8) 

3 28.1% (±8.0)  40.9% (±12.0) 

4 18.0% (±6.4)  36.6% (±10.5) 

5 29.1% (±5.6)  40.1% (±7.2) 

6 20.0% (±4.1)  50.0% (±6.9) 

7 18.0% (±4.2)  63.6% (±6.4) 

8 13.3% (±4.1)  68.8% (±6.5) 

9 9.0% (±3.7)  82.3% (±5.7) 

10 8.3% (±3.9)  80.6% (±6.6) 

 
 
Table 4c: Accuracy by confidence cut-offs 

Reported Confidence  SSI scenarios 
 

Non-SSI scenarios 
 

Greater than 6 14.8% 
 

67.9% 
 

Less than 6 25.7% P<0.001 39.5% P<0.001 
     

Greater than 7 12.9% 
 

72.7% 
 

Less than 7 23.6% P<0.001 43.1% P<0.001 
     

Greater than 8 10.4% 
 

76.6% 
 

Less than 8 22.2% P<0.001 48.7% P<0.001 
     

Greater than 9 8.7% 
 

81.5% 
 

Less than 9 20.7% P<0.001 52.7% P<0.001 

 
 
Figure 3a: SSI Cases: Accuracy (%) vs Confidence level (0-10) 



 
 
Figure 3b: Non-SSI Cases: Accuracy (%) vs Confidence level (0-10) 

 
 

Overall, appropriate triage was recommended 27.4% of all cases; 32.9% correct in SSI cases and 19.0% 
correct in non-SSI cases. Over-triage occurred in 45.7% of non-SSI cases and under-triage in 57.6% of SSI cases 
regardless of correct diagnosis. (Table 5a) Healthcare professionals had on average higher proportion of over-
triaging and under-triaging as compared to non-healthcare professionals (58.3% vs 44.8%, p=0.016 over-triage, 
64.7% vs 57.1%, p=0.11 under-triage). A personal history of surgery was associated with lower occurrence of over-
triaging (43.1% vs 48.6%, p=0.045). Early escalation of care specific to the SSI cases, such as presenting to clinic or 
the Emergency Room more than 2 days before the correct time of SSI diagnosis, was recommended by 42.6% of 
participants, being least common among non-healthcare professionals (41.8% vs 56.0%, p=0.003).   

Management recommendation concordance with diagnosis (i.e. the correct management recommendation 
for the participant indicated diagnosis) was correct 50.7% of the time. Over all cases regardless of true diagnosis, the 
appropriate level of management was recommended in 50.3% of cases given a SSI diagnosis, and 51.1% of cases 
not given an SSI diagnosis. Management recommendation concordance to the given diagnosis was no different 
among those with a personal history of surgery, experience as a caretaker, or medical professionals. (Table 5b) 
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Table 5a: Management Recommendations  
Undertreatment of SSI Overtreatment of Non-SSI Overtreatment of SSI 

Overall 57.6% 
 

45.7% 
 

42.6% 
 

       

Surgery experience  
     

Personal history of surgery 57.8% 
 

43.1% 
 

40.8% 
 

No history of surgery 57.3% p=0.844 48.6% p=0.045 44.8% p=0.072 
       

Has cared for family member/friend 
recovering from surgery 

57.2% 
 

44.6% 
 

41.9% 
 

No history as a caregiver 58.0% p=0.694 47.1% p=0.356 43.6% p=0.440 
       

Healthcare professional  64.7% 
 

58.3% 
 

56.0% 
 

Non-healthcare professional 57.1% p=0.110 44.8% p=0.016 41.8% p=0.003 

 
 
Table 5b: Management recommendation concordance: participant treatment recommendation appropriateness 
for their reported diagnosis  

Any diagnosis  SSI diagnosed SSI not diagnosed 

Overall 50.7% 
 

 50.3% 
 

51.1% 
 

   
 

    

Surgery experience 
  

 
    

Personal history of surgery 51.0% 
 

 51.6% 
 

50.5% 
 

No history of surgery 50.4% p=0.708  49.0% p=0.292 51.8% p=0.595 
   

 
    

Has cared for family member/friend 
recovering from surgery 

51.0% 
 

 51.5% 
 

50.5% 
 

No history as a caregiver 50.3% p=0.687  48.8% p=0.275 51.8% p=0.602 
   

 
    

Healthcare professional  49.0% 
 

 50.0% 
 

41.9% 
 

Non-healthcare professional 50.8% p=0.618  54.4% p=0.370 51.6% p=0.080 

 

Discussion 
Surgical site infections are a leading cause of post-operative morbidity and mortality in the United States, 

affecting up to 300,000 people annually and incurring up to $10 billion in healthcare expenditures. Post-operative 
wound monitoring is increasingly difficult to accomplish given the trend towards shorter hospital stays and no 
established post-discharge wound surveillance system. One solution currently being explored is the use of wound 
photographs to help link objective data from a patient’s outpatient recovery to provider evaluation. Large scale 
implementation of such a photographic surveillance program would generate a new patient-generated health 
datastream, creating a new demand for surgical outpatient care monitoring and potentially overwhelming an 
established healthcare system designed for in-person evaluations. Even with increasing use of telemedicine, no 
standards have been developed for the remote evaluation of surgical wounds for evidence of infection. Regardless of 
the method of post-discharge evaluation by surgical care providers, the standard for escalating post-discharge 
surgical care still relies on the patient’s (or caregiver’s) ability to recognize an evolving problem and initiate contact, 
typically via telephone triage or direct in-person evaluation through an unscheduled clinic or emergency room visit. 



As such, the feasibility of SSI detection by lay people with various levels of prior experience with SSI is a relevant 
problem.  

This study is the first to investigate photographic wound evaluation utilizing crowdsourcing. These findings 
demonstrated a poor ability of untrained crowds to diagnose SSI using photos, with a sensitivity and specificity of 
18.1% and 59.6%, respectively. Aside from those with a prior personal history of SSI, none of the subpopulations 
analyzed were observed to have improved diagnostic accuracy and no subpopulation had a diagnostic accuracy 
greater than 50%. This suggests experience with surgical wounds did not confer an improved ability of non-
healthcare professionals to diagnose SSI using photographic findings. This study also observed no difference in the 
diagnostic accuracy between self-reported healthcare professions and non-healthcare professions. Sanger et al. 
demonstrated a diagnostic accuracy of 76% among SSI experts, compared to the 34.6% demonstrated here.[30]  
Future studies may help to evaluate how non-expert surgeons will perform on such tasks as little is known how other 
front-line practitioners, such as ER physicians, Family Physicians, and others will be able to utilize wound 
photography for triage or diagnosis. Further large scale studies of surgeons and other medical professionals are 
required.    
 These results must be interpreted with the structure of our survey in mind. Typically, sensitivities and 
specificities are calculated for a two-option question (i.e. disease or no disease) and compared against 50% odds of 
being correct. As participants were asked to evaluate multiple days of a patient’s wound, the reported sensitivity and 
specificity must be compared against the complex probability of arriving at the correct answer by chance (i.e. random 
guessing).  If these surveys were answered in a random fashion we would expect an overall diagnostic accuracy (i.e. 
the chance of arriving at the correct answer after randomly guessing) of 6.24% with a sensitivity and specificity of 
8.55% and 2.74%, respectively. Comparing this to our diagnostic accuracy result of 34.6% and sensitivity and 
specificity of 18.1% and 59.6%, reveals that participants performed much better than random guesses. Regardless, a 
sensitivity of only 18.1% means that over 80% of SSI cases failed to be detected; an unacceptable level for use in 
clinical practice. While our analysis classified “early” diagnosis of SSI as incorrect, one could consider including these 
as correctly identifying patients with SSI as doing so would ensure additional evaluation. By expanding our analysis 
to include the “early” diagnoses as correct, the sensitivity increases to 57%. While this is greatly improved, it still does 
not provide the level of accuracy needed for such a screening activity.    
 The use of wound photography to monitor for SSI has been explored with several inpatient studies of 
vascular[21,23,31] and abdominal surgery[16] patients.  All studies compared physician wound evaluation at bedside 
to physician-generated photographs, finding moderate agreement (65-76%) in the diagnosis of SSI between the two 
methods, and sensitivities and specificities ranging 42-71% and 65-97%, respectively. While these figures are 
significantly higher than those observed in this study, the subgroup of medical professional in this study did equally 
poorly. The authors of prior wound photography studies mention the importance of training physicians on using 
photographs to diagnosis SSIs. The participants in this study did not receive any such training past the simple 
definitions of a SSI, likely contributing to the observed poor performance. Other crowdsourcing studies have 
demonstrated the use of non-medical professionals to review medical data and images after simple training didactic. 
Lendvay et al.[32] demonstrated that non-medical professionals could be trained to view pathology slides to diagnose 
bladder cancer with an accuracy of 92%. Likewise, crowdsourcing has been used for assessment of surgical 
technique,[33,34] electrocardiogram interpretation,[35] fundus exam,[36] and assessing for tumor markers.[37] 
Further investigation is needed to determine what elements are required in a training curriculum for non-medical 
professionals to achieve adequate diagnostic performance pertaining to SSI.  

The confidence in diagnosis reported by participants in this study was higher for correct response in non-
SSI cases. Furthermore, increased reported confidence was associated with improved diagnostic accuracy in 
correctly identifying non-SSI cases, indicating a potential method to subdivide response data to improve the accuracy 
of ruling out a potential SSI. Unfortunately, level of confidence did not appear to be as useful in the SSI scenarios, 
with higher confidence levels associated with incorrect responses. Wirthlin et al.[21] evaluated physician’s diagnostic 
confidence in remote assessments of wounds, finding high reported certainty across all cases regardless of 
accuracy. This is consistent with our findings in that a participant’s confidence in their answer had no relation to the 
accuracy of diagnosis, and in the subgroup of healthcare professionals, was actually associated with poorer accuracy 
in SSI cases.  



Management recommendations were correct in only 27% of cases, with almost half of all non-SSI cases 
directed to seek treatment and 57% of SSI not directed to seek treatment. This is in contrast to prior research that 
demonstrated physicians making appropriate treatment recommendations in 66-92% of cases.[21] However, our 
findings indicated a large discordance between presumed diagnosis and management recommendation, with only 
50% of participant’s selected diagnoses receiving appropriate care, likely hindering the appropriateness of 
management recommendation. This likely represents a lack of knowledge of appropriate management for SSIs, that 
could possibly be improved with training didactics.  

Prior to drawing conclusions from this study, several limitations must be discussed. First, the quality of 
collected data is potentially biased due to our recruitment via Amazon Mechanical Turk. While quality control 
questions aimed to screen out unthoughtful responses, it is unclear how well these questions ensure participants give 
their full attention to the survey, as the average time to survey completion was less than 2minutes. The broad 
demographics of the mTurk population provides a good baseline generalizability of the study, however alternative 
recruitment populations varying in expertise may be better suited for our tasks. While our participants were younger 
than the general population, this group is a good representation of potential persons available to participate in 
crowdsourcing tasks. Second, most SSI scenarios had the wounds opened on the day the SSI diagnosis was made. 
As participants would recognize such a change in the wound photos, assessment and quantification of late 
diagnoses was not possible. Third, our photo database source included a majority of light-skinned patients, limiting 
the generalizability of our findings to decision making using photos of wounds of darker skin tones. Fourth, as most of 
the SSI scenarios had wounds opened the day after SSI diagnosis (thus indicating the diagnosis), we were only able 
to assess a missed diagnosis and could not quantify a delay in diagnosis. While this is sufficient in quantifying the 
occurrence of missed diagnosis, it did not allow assessment of the degree of delay in diagnosis. As the major 
concern of any surveillance system is missed diagnoses, information on the degree of delay would have added 
meaningful detail to our findings. Finally, the photos used were not patient generated and provide a less than 
pragmatic view of how an outpatient wound surveillance program would function. The differences between patient 
generated and physician generated photos are not known, however the quality of photo has been shown to not affect 
diagnostic accuracy.[23]  

Despite these limitations, this study highlights the possibility of using wound photography for outpatient SSI 
surveillance. Currently, the Center for Disease Control does not have defined criteria or guidelines for the use of 
wound photography to diagnose SSI. As the use of telemedicine and mHealth for post-operative care increases, in-
person clinical encounters may be augmented or replaced, and it is imperative that SSI evaluative standards are 
established. Expert consensus on specific wound photo features relevant to SSI is a starting place for future 
prospective evaluation of the role of serial wound photography in SSI monitoring and surveillance. Future 
crowdsource participants will benefit from photo based SSI criteria, allowing for directed training and educational 
programs on how to identify, diagnose and triage SSI. 

Conclusions 
This study suggests poor diagnostic accuracy for surgical site infection in the assessment of wound photographs by 
untrained people. While crowdsourcing is a promising method for analysis of large amounts of medical data, its use 
in monitoring photographs of post-operative wounds for signs of developing infection has yet to be validated. 
Additional work is needed to better understand how best to train and apply crowdsourcing for outpatient surveillance 
and detection of SSI.   
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