Predictors of Inter-Hospital Transfer from a Secondary-Level Hospital in Trincomalee District, Sri Lanka
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ABSTRACT 

	
Background: Inter-hospital transfers from secondary-level hospitals are often driven by patient severity and limited access to specialized care. Identifying key predictors in Trincomalee District, Sri Lanka, is essential to improve referral efficiency and patient outcomes.
Aims: To identify demographic, clinical, and institutional factors associated with inter-hospital transfer from a secondary-level public hospital in Sri Lanka and to develop a practical predictive model for administrative decision-making.
Study design: Retrospective observational study with supplementary qualitative inquiry.
Place and Duration of Study: Base Hospital Kanthale, Trincomalee District, Sri Lanka, using records of patients admitted from January 2025 to April 2025.
Methodology: Secondary data were extracted for 357 adult patients aged 16 years and above using a structured checklist. Patients with pre-arranged referral plans and those requiring immediate resuscitation and intubation were excluded. Variables covered demographic factors, clinical status, and institutional service availability. Semi-structured interviews with the medical administrator and clinicians involved in acute care were used to contextualize transfer decisions. Descriptive statistics, chi-square testing, analysis of variance, and multivariable logistic regression were used. Predictive performance was assessed using accuracy, precision, recall, and F1 score.
Results: Of 357 patients, 79 (22.0%) were transferred to a higher level of care. Mean age was 49.8 years, and 53.3% were male. Pulse rate differed significantly between transferred and non-transferred groups (P = .023). Significant categorical associations were found for level of consciousness (P = .003), specialist-related service availability (P < .001), CT/MRI availability (P < .001), and day of admission (P < .001). In the adjusted model, semi-conscious state (OR 0.26, P = .044), specialist-related service constraint (OR 1032.45, approximate 95% CI 126.08–8459.79; P < .001), CT/MRI-related constraint (OR 10.69, P < .001), and admission on public holidays (OR 50.98, P < .001) were significant predictors. Model accuracy was 91.3%, while precision, recall, and F1 score were each 80.3%.
Conclusion: Inter-hospital transfer was driven mainly by institutional constraints rather than demographic characteristics alone. Limited specialist coverage, restricted access to advanced imaging, and service pressure during public holidays were major determinants. The predictive model may support better resource allocation and more rational transfer decisions.
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Abbreviations Table:
	Abbreviations
	Full form

	
CT
	Computed Tomography

	ICU
	Intensive Care Unit 

	MRI

	Magnetic Resonance Imaging 

	NEWS2
	National Early Warning Score 2 


1. INTRODUCTION 


Inter-hospital transfer is an essential component of tiered health systems because it connects patients presenting to lower-level institutions with services that are not available locally (Kulshrestha and Singh, 2016). Ideally, transfer supports continuity of care and protects patient safety by enabling timely access to definitive treatment (Wright et al., 2024). In practice, however, transfer decisions are often made under clinical uncertainty and within operational constraints such as staff shortages, limited diagnostic facilities, and uneven specialist availability (Wright et al., 2024). Unnecessary transfers may increase transport-related risk, cost, and disruption for patients and families, whereas delayed transfers may worsen clinical outcomes (Kulshrestha and Singh, 2016).
These concerns are especially relevant in Sri Lanka, where public healthcare is provided free at the point of delivery and organized through a hierarchical network of institutions (Gamage et al., 2024). Secondary-level hospitals provide a broad range of inpatient and emergency services, but they do not possess the full specialist and diagnostic capacity available in tertiary hospitals (Annual Health Bulletin, 2022). As a result, transfers are common and often clinically necessary. However, repeated transfers driven by avoidable institutional barriers may overload referral hospitals, increase administrative burden, and fragment continuity of care (Bosk et al., 2011).
The referral pathway in Sri Lanka is therefore both a clinical and a managerial issue. Each transfer involves not only bedside clinical decision-making but also transport, staff time, inter-facility communication, and patient movement between institutions (Kulshrestha and Singh, 2016). Recent systematic review evidence has highlighted persistent communication challenges during interfacility transfer, especially in rural and remote settings, reinforcing the importance of accurate and timely information exchange in safe transfer processes (Galatzan et al., 2024). For this reason, understanding why patients are transferred is important for both quality of care and health system efficiency. A predictive approach may help distinguish unavoidable transfers from those driven by potentially modifiable institutional weaknesses (Pozzi et al., 2016).
Previous studies have shown that transfer decisions are influenced by demographic characteristics, acute clinical condition, disease profile, and institutional readiness (Fernandes-Taylor et al., 2021). Other studies have emphasized the importance of specialist availability, access to advanced diagnostics, and the quality of transfer processes in shaping transfer outcomes (Wright et al., 2024). Temporal factors such as holidays and after-hours service gaps may also affect transfer practices (Moore III et al., 2023). Despite this, evidence from Sri Lanka remains limited, particularly on how routinely available clinical and institutional data can be combined into a practical predictive tool for hospital management.
Base Hospital Kanthale is a secondary-level government hospital serving a mixed, largely rural population in the Trincomalee District. Practical experience in such settings suggests that inter-hospital transfer is frequently influenced by limited specialist coverage, restricted access to CT/MRI facilities, and reduced service availability during holidays. This study was therefore undertaken to identify the demographic, clinical, and institutional factors associated with inter-hospital transfer from Base Hospital Kanthale and to develop a predictive model to support more rational administrative planning.







2. Materials and Methods 


2.1 Study design 

This was a retrospective observational study supplemented by qualitative key informant interviews. 


2.2 Study setting

The study was conducted at Base Hospital Kanthale, a secondary-level public hospital in the Trincomalee District of Sri Lanka. The hospital provides general inpatient and emergency services and refers patients requiring advanced investigations, specialist input, or higher-dependency care to tertiary institutions.


2.3 Study population and eligibility

The quantitative component included adult patients aged 16 years and above who were admitted during three months from January 2025 to April 2025. Patients admitted with pre-arranged referral plans and those requiring immediate resuscitation and intubation were excluded.
The qualitative component consisted of semi-structured interviews with the medical administrator and clinicians involved in acute patient management. These interviews were used to explain the operational context of transfer decisions.


2.4 Sample size and study instruments

A total of 357 patient records were analyzed. Data were extracted from bed head tickets, admission registers, and transfer records using a structured Checklist on Patient Transfers developed through literature review and expert consultation. A specialist review in medicine, surgery, and anesthesiology supported Content validity. Elements of the National Early Warning Score 2 were used to capture clinical severity, while the checklist approach was informed by prior transport and handoff tools (Silva and Amante, 2015). 

2.5 Variables 

Variables were grouped into three domains. Demographic variables were age and sex. Clinical variables included level of consciousness, pulse rate, peripheral oxygen saturation, respiratory rate, temperature, and major comorbidities. Institutional variables included specialist availability, subspecialty availability, CT/MRI availability, ICU bed availability, day of admission, and time of admission. The outcome variable was transferred to the next level of care.
The interview guide was developed to explore issues not fully captured in the records, including reasons for transfer, service limitations, and possible improvements to transfer practice.

2.5.1 operational definitions 

Specialist-related service constraint was defined as the unavailability of the relevant specialist service required for ongoing management at the time of transfer decision-making. CT/MRI-related constraint was defined as the unavailability or inaccessibility of advanced imaging required for diagnosis or further management. These institutional variables were coded to reflect service constraints rather than routine service presence.

2.6 Data collection 

Quantitative data were extracted from routine hospital records by trained data collectors using the structured checklist. Qualitative data were collected separately by the principal investigator through semi-structured interviews after obtaining written informed consent for participation and audio recording.


2.7 Data analysis 

Descriptive statistics were used to summarize the study sample. Continuous variables were compared between transferred and non-transferred patients using analysis of variance, while categorical variables were assessed using chi-square tests. Multivariable logistic regression was then used to identify independent predictors of transfer, in line with methods applied in related transfer prediction studies (Kim et al., 2023). Model fit was assessed using omnibus test statistics and pseudo-R-squared values. Predictive performance was evaluated using accuracy, precision, recall, and F1 score. A train-test split approach was used to reduce overfitting and estimate model performance.


2.8 Ethical approval

The study documents indicate that ethical approval was obtained through Cardiff Metropolitan University and that institutional clearance was obtained from Base Hospital Kanthale before data collection. Patient data were anonymized before analysis, and confidentiality was maintained throughout the study. Individual patient consent for publication was not applicable because no identifiable patient information is presented. The exact ethics approval number should be inserted from the approval letter before submission.



3. results 


3.1 Characteristics of the study population

A total of 357 patient records were included. The mean age was 49.79 years (SD 22.45; range 16-90 years). Males accounted for 190 patients (53.3%) and females for 167 (46.7%). Seventy-nine patients (22.0%) were transferred to the next level of care, while 278 (78.0%) were not transferred.
Regarding consciousness status, 198 patients (55.3%) were conscious, 71 (20.0%) were semi-conscious, and 88 (24.7%) were unconscious. Diabetes was present at 36.3%, cardiac disease at 30.3%, respiratory disease at 32.7%, and kidney disease at 31.0%. Specialist availability was reported in 43.0% of cases, subspecialty availability at 53.0%, and CT/MRI availability at 36.7%. ICU bed availability was nearly absent. Admissions were most common on weekdays (44.3%), followed by public holidays (32.3%) and weekends (23.3%). Key baseline characteristics are summarized in Table 1.
Transferred patients were older on average than non-transferred patients (53.68 versus 48.69 years). They also had a higher mean pulse rate (82.20 versus 77.38 beats per minute) and slightly lower oxygen saturation (94.56% versus 95.59%).
The distribution of comorbidities showed that chronic disease was common in both transferred and non-transferred groups, but none of the individual comorbidity categories demonstrated a meaningful independent effect on transfer. This suggests that the immediate clinical picture and the hospital’s ability to respond to it may have been more important than background disease status alone.

Table 1. Selected baseline characteristics of the study population

	Characteristics
	Value

	
Total sample 
	357

	Transferred patients

	79 (22.0%)


	Non-transferred patients
	278 (78.0%)

	Mean age
	49.79 years (SD 22.45)

	Male
	190 (53.3%)

	Female 
	167 (46.7%)

	Consciousness 
	198 (55.3%)

	Semi-consciousness
	71 (20.0%)

	Unconsciousness
	88 (24.7%)

	Diabetes 
	130 (36.3%) 

	Cardiac disease 
	108 (30.3%)

	Respiratory disease
	117 (32.7%)

	Kidney disease 
	111 (31.0%)

	Specialist availability 
	154 (43.0%)

	CT/ MRI availability 
	131 (36.7%)

	Public holiday admissions 
	115 (32.3%) 





3.2 Bivariable associations with transfer

Among continuous variables, pulse rate was the only factor significantly associated with transfer status (F = 5.224, P = .023). Age (P = .111), oxygen saturation (P = .141), respiratory rate (P = .970), and temperature (P = .674) were not significant.
Among categorical variables, level of consciousness was significantly associated with transfer status (chi-square = 14.079, df = 2, P = .003). Specialist-related service availability was strongly associated with transfer (chi-square = 94.989, df = 1, P < .001), as was CT/MRI availability (chi-square = 13.705, df = 1, P < .001). Day of admission also showed a significant association (chi-square = 16.579, df = 2, P < .001), with a higher proportion of transfers on public holidays. Sex, diabetes, cardiac disease, respiratory disease, kidney disease, subspecialty availability, ICU availability, and time of admission were not significant. The main bivariable findings are presented in Table 2.

Table 2. Main bivariable associations with transfer status

	Variable 
	Statistic 
	P value 
	Interpretation 

	
Pulse rate 
	F = 5.224 
	0.023
	Significant 

	Level of consciousness 

	χ² = 14.079, df = 2

	0.003 
	Significant 

	Specialist-related service availability 
	χ² = 94.989, df = 1
	< 0.001
	Significant 

	CT/ MRI availability 
	χ² = 13.705, df = 1
	< 0.001
	Significant 

	Day of admission 
	χ² = 16.579, df = 2
	< 0.001
	Significant 





3.3 Multivariable model and predictive performance

The logistic regression model showed a significant improvement over the constant-only model (omnibus chi-square = 192.742, df = 21, P < .001). The Cox and Snell R-squared was 0.474, while the Nagelkerke R-squared was 0.728, indicating that the model explained a substantial proportion of the variation in transfer outcome. In the adjusted analysis, institutional factors remained the strongest predictors of transfer. A specialist-related service constraint was associated with markedly increased odds of transfer (aOR 1032.45, approximate 95% CI 126.08–8459.79; P < .001). However, the wide confidence interval suggests imprecision in the estimated effect size. Similarly, CT/MRI-related constraint (OR 10.69, P < .001) and admission on a public holiday (OR 50.98, P < .001) were also significant predictors. Among clinical variables, semi-conscious state, compared with unconscious state, remained statistically significant (OR 0.26, P = .044), whereas other physiological measures and comorbidities were not significant after adjustment. These adjusted predictors are presented in Table 3. 

Table 3. Adjusted predictors of inter-hospital transfer

	Predictor 
	Adjusted odds ratio 
	P value 

	Semi-conscious vs unconsciousSemi-conscious vs unconscious
	0.26
	0.044

	Specialist-related service constraint 
	1032.45; 95% CI 126.08 – 8459.79

	< 0.001

	CT/MRI-related constraint
	10.69
	< 0.001

	Admission during public holidays
	50.98
	< 0.001




The classification performance of the final model is presented in Table 4. The model correctly identified 94.4% of non-transferred patients and 80.3% of transferred patients. The overall accuracy of the model was 91.3%, while precision, recall, and F1 score were each 80.3%, indicating good overall predictive performance.




Table 4. Predictive model performance

	Performance measure 
	Percentage (%)

	Accuracy Semi-conscious vs unconscious
	91.3

	Precision 
	80.3


	Recall 
	80.3

	F1 score 
	80.3




3.4 Qualitative insights

Interview respondents repeatedly described advanced imaging, specialist access, and holiday coverage as the most important operational drivers of transfer. They emphasized that definitive diagnosis was often difficult without CT or MRI and that limited consultant availability during holidays reduced the hospital’s capacity to continue care safely. These accounts were consistent with the quantitative findings and suggest that transfer decisions were strongly shaped by service limitations rather than by demographic characteristics alone.



4. Discussion


This study showed that inter-hospital transfer from a secondary-level public hospital in Sri Lanka was influenced mainly by institutional service constraints. Limited specialist cover, restricted CT/MRI access, and admission on public holidays were the strongest predictors, whereas most demographic variables and comorbidities were not independently associated with transfer. The model showed high overall accuracy with a reasonable balance between precision and recall.
The demographic findings were broadly consistent with previous literature, in which transferred patients tended to be slightly older, although age did not remain significant after adjustment. Sex also showed no independent effect. In this setting, the hospital’s ability to provide the required service at the required time appeared to matter more than demographic characteristics alone.
Clinical condition still had some relevance. Level of consciousness was associated with transfer, and semi-conscious state remained significant in the adjusted model. This is clinically plausible because altered consciousness often increases the need for closer monitoring, advanced imaging, and specialist input. However, most physiological variables lost significance after adjustment, suggesting that bedside clinical instability alone did not fully explain transfer decisions.
The strongest finding was the effect of specialist-related service limitation. This supports previous evidence showing that lack of specialist access is a common reason for referrals from lower-level hospitals (Wright et al., 2024). In the present setting, interview respondents also described difficulty in maintaining uninterrupted specialist cover, especially during holidays. However, the very large odds ratio and wide confidence interval suggest that the magnitude of this effect should be interpreted cautiously. This may reflect sparse-data bias, instability related to low cell counts or separation in some categories, and possible overfitting due to the number of predictors relative to the number of transfer events (Devika et al., 2016; Mansournia et al., 2018). Therefore, this result should be interpreted as evidence of a strong association rather than a precise estimate of effect size.
Restricted access to CT/MRI was another major determinant of transfer. This finding is important because advanced imaging is often essential for definitive diagnosis and further management. Similarly, the strong association with public holiday admission suggests that transfer activity was shaped by fluctuations in service readiness across the week. This is a practical systems issue for hospital managers. Strengthening duty rosters, formalizing on-call arrangements, or using telehealth-guided provider-to-provider communication during holidays may reduce avoidable transfer while maintaining patient safety, particularly in lower-resource or geographically constrained settings (Totten et al., 2024). Communication is also central to safe transfer processes, and recent systematic review evidence has highlighted continuing interfacility communication challenges that may affect transfer quality (Galatzan et al., 2024).
From a policy perspective, the findings suggest that efforts to reduce unnecessary transfer should focus first on service readiness in secondary hospitals. Even modest improvements in specialist availability, diagnostic access, referral coordination, and holiday cover may reduce avoidable transfer if they address the same operational barriers identified in this study.
This study has limitations. It relied on retrospective routine records and is therefore subject to incomplete documentation and possible coding inconsistencies. It was conducted in a single hospital, which limits generalizability, and external validation of the predictive model has not yet been performed, although such validation is important before wider use of prediction models (Collins et al., 2024). Some predictor categories were sparse, which may have produced unstable regression coefficients and inflated odds ratios. In addition, the number of predictors in the multivariable model may have been high relative to the number of transfer events, increasing the possibility of overfitting and reducing the stability of out-of-sample performance (Austin and Steyerberg, 2017). Transfer appropriateness was also inferred from recorded factors and operational context rather than judged against an external gold standard.

5. Conclusion 

Inter-hospital transfer from this secondary-level hospital was driven mainly by institutional service constraints. Specialist-related limitations, restricted CT/MRI access, and admission on public holidays were the most important predictors, while most demographic and comorbidity variables were not independently predictive. The final model showed strong performance and may help administrators anticipate transfer demand, target scarce resources more effectively, and identify modifiable system barriers. Strengthening specialist coverage, diagnostic capacity, and holiday service arrangements may reduce avoidable transfers and improve continuity of care.
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