A new spirometry-based algorithm to predict occupational pulmonary restrictive impairment

Abstract 

Background: Spirometry is often included in workplace-based respiratory surveillance programmes but its performance in the identification of restrictive lung disease is poor, especially when the prevalence of this condition is low in the tested population.

Aims: To improve the specificity and positive predictive value of current spirometry-based algorithms in the diagnosis of restrictive pulmonary impairment in the workplace, to reduce the proportion of false positives findings, and as a result, unnecessary referrals for lung volume measurements.

Methods: We re-analysed two studies of hospital patients, respectively used to derive and validate a recommended spirometry-based algorithm (FVC<85%predicted and FEV1/FVC>55%) for the recognition of restrictive pulmonary impairment. We used true lung restrictive cases as a reference standard in 2x2 contingency tables to estimate sensitivity, specificity, positive and negative predictive values for each diagnostic cut-off. We simulated a working population aged less than 65 years old and with a disease prevalence ranging 1-10% and compared our best algorithm with those previously reported using receiver operating characteristic curves.

Results: There were 376 patients available from the two studies for inclusion. Our best algorithm (FVC<70%predicted and FEV1/FVC≥70%) achieved the highest specificity (96%) and positive predictive value (67% and 15% for a disease prevalence of 10% and 1%, respectively) with the lowest proportion of false positives (4%); its high sensitivity (71%) predicted the highest proportion of correctly classified restrictive cases (91%)

Conclusions: Our new spirometry-based algorithm may be adopted to accurately exclude pulmonary restriction and to possibly reduce unnecessary lung volume testing in an occupational health setting.
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Introduction

Spirometry is frequently used in occupational health surveillance to detect both ‘obstructive’ and ‘restrictive’ pulmonary impairment but its performance in diagnosing restrictive lung diseases is generally poor. Current guidance on the interpretation of spirometric measurements [1] in relation to pulmonary restriction makes reference to an algorithm [2] designed to have a very high sensitivity so that it can be applied safely in primary care to minimise the risk of a false negative test; the cost is a relatively high proportion of false positive tests. This may be inappropriate in an occupational health setting where the expected prevalence of restrictive lung disease is a priori low (at most 1% -10%) and access to confirmatory measurements of lung volume in hospital-based departments of respiratory physiology is generally difficult.

We set out to explore the specificity (Sp) and the positive predictive value (PPV) of current spirometry-based algorithms and compare their efficiency in the detection of restrictive pulmonary impairment in low-prevalence settings.

Methods

We re-analysed two previous studies of 259 and 265 patients, respectively used to derive and validate a current, standard spirometry-based algorithm (FVC<85%predicted and FEV1/FVC>55%) used to identify restrictive pulmonary impairment. Details of the study have been previously described [2]; the patients were white adults consecutively referred by their physician for both spirometry and lung volumes tests at the Ottawa Hospital in Ontario, Canada between 2000 and 2001. Each patient underwent standardised spirometry and, subsequently, a measurement of total lung capacity (TLC) by plethysmography. Written informed consent for all the study subjects and ethical approval was previously reported [2]. We considered a TLC below the predicted lower limit of normal (LLN) as a reference standard for true lung restriction and used 2x2 contingency tables to estimate the sensitivity (Sn), specificity (Sp), positive and negative predictive values (PPV and NPV) with corresponding 95% confidence intervals (CIs) for a series of spirometric algorithms.

Because our population of interest is active workers we tested the performance of each diagnostic algorithm in subjects under the age of 65 years and with simulated low prevalences of restrictive disease (10% and 1%). We evaluated multiple diagnostic cut-points of FVC and FEV1/FVC ratio to maximise Sp (target ≥94%) and so PPV in order to minimize the false positive rate, and compared the performance of our best diagnostic algorithm with those previously reported [2-5] by using receiver operating characteristic (ROC) curves. We did not test algorithms whose performance was comparable to the standard one [2] and/or computationally more intense and/or more difficult to interpret in routine clinical practice [6]. In addition we compared predicted values for spirometry parameters using both Crapo [7] and Hankinson [8] reference equations. Finally, the best algorithm generated in the derivation dataset was applied to the validation dataset, and its performance was re-assessed.

Statistical analyses were undertaken using Stata 13 (Stata-Corp. 2013. College Station, TX: StataCorp LP).

Results

We restricted our analyses to a working-age population (<65 years old) reducing the derivation dataset to 186 subjects and the validation dataset to 190 subjects, a total of 376 subjects.

In the derivation dataset, the median age was 46 years (interquartile range 18 years); 93 (50%) were male.

The performance of our best diagnostic algorithm (FVC<70%predicted and FEV1/FVC≥70%) and four previously reported alternatives is shown in the Table. It achieves a Sp of 96% and a PPV of 67% and 15% for a disease prevalence of 10% and 1% respectively; false positives (n=6) were fewer than those derived from other algorithms (n ranging from 56 to 74). In addition its high Sn (71%) produced the highest proportion of correctly classified restrictive cases (91%), corresponding to an overall accuracy, expressed as the area under the ROC curve of 0.87 (Figure).

We repeated these analyses using an alternative prediction equation (Crapo) to compare our results with the current standard one [2]. This increased the specificity of our algorithm: Sp (98%) and PPV (80% and 27% for a disease prevalence of 10% and 1%, respectively), with fewer false positives (n=3) compared to previous algorithms (n ranging from 28 to 54). Again, the high Sn (71%) produced the highest proportion of correctly classified restrictive cases (93%), compared to previous algorithms (range 70% to 84%).

Finally, we tested the performance of the new algorithm in the validation dataset of 190 subjects under the age of 65. The results were very similar; again it achieved the highest Sp (89% - 92% using Hankinson and Crapo predictive equations, respectively), corresponding to 15 and 11 false positives.

Discussion

We derived and validated a new spirometry-based diagnostic algorithm designed to be efficiently applied in respiratory surveillance in an occupational health setting. Our best diagnostic algorithm (FVC<70%predicted and FEV1/FVC≥70%) produced a far lower number of false positives (n=6; 4%) than previously published algorithms; in addition, its high Sn (71%) ensured a high percentage of correctly classified lung restrictive cases (91%). Our algorithm showed the best performance in a simulated population of working-age and with a low prevalence of restricted lung impairment. However, we still recommend the use of the current standard diagnostic algorithm [2] in settings where very high sensitivity may be favoured.

Strengths of our analyses include our ability to validate the findings both ‘internally’, by applying two alternative predictive equations, and ‘externally’, by testing our algorithm in a comparable independent validation dataset. In addition, the definition of true restrictive cases, used as a reference standard in our analyses, was based on state-of-the-art lung volume measurements. In fact, body plethysmography is generally considered the ‘gold standard’ for TLC measurement, except in subjects with very severe lung obstruction [9]. Limitations include that, apart from age and sex, we could not evaluate other potential confounding factors, such as smoking or occupational exposures. In addition, all the subjects included in the analyses were ethnically ‘white’, so we cannot accurately predict results for other groups although we doubt they would differ importantly. 

Our spirometry-based algorithm may be routinely adopted for respiratory surveillance in the workplace to reduce the proportion of false positives and thus unnecessary and expensive referrals for lung volume measurements.

Key points:

1) We derived and validated a new spirometry-based diagnostic algorithm designed to be efficiently applied in respiratory surveillance in an occupational health setting. 
2) Our best diagnostic algorithm (FVC<70%predicted and FEV1/FVC≥70%) produced a far lower number of false positives (4%) than previously published algorithms; in addition, its high Sn (71%) ensured a high percentage of correctly classified lung restrictive cases (91%).
3) Our spirometry-based algorithm may be routinely adopted for respiratory surveillance in the workplace to reduce the proportion of false positives and thus unnecessary and expensive referrals for lung volume measurements.
Conflicts of interest:  None.

References

1. Levy ML, Quanjer PH, Booker R, et al. Diagnostic spirometry in primary care: Proposed standards for general practice compliant with American Thoracic Society and European Respiratory Society recommendations: a General Practice Airways Group (GPIAG)1 document, in association with the Association for Respiratory Technology & Physiology (ARTP)2 and Education for Health3 1 www.gpiag.org 2 www.artp.org 3 www.educationforhealth.org.uk Primary care respiratory journal : journal of the General Practice Airways Group 2009;18:130-147.

2. Glady C.A. ASD, Lunau M., Clinch J., Dales R.E. A Spirometry-Based Algorithm To Direct Lung Function Testing in the Pulmonary Function Laboratory Chest 2003;123(6):1939-1946.

3. Khalid I. MZQ, Khalid T.J., Nisar A., DiGiovine B. Using Spirometry to Rule Out Restriction in Patients with Concomitant Low Forced Vital Capacity and Obstructive Pattern Open Respir Med J 2011;5:44-50.

4. Mehrparvar AH, Sakhvidi MJ, Mostaghaci M, Davari MH, Hashemi SH, Zare Z. Spirometry values for detecting a restrictive pattern in occupational health settings Tanaffos 2014;13:27-34.

5. Venkateshiah SB, Ioachimescu OC, McCarthy K, Stoller JK. The utility of spirometry in diagnosing pulmonary restriction Lung 2008;186:19-25.

6. Swanney M.P. BLE, Frampton C.M., Wallace L.A., Jensen R.L., Crapo R.O. Validity of the American Thoracic Society and Other Spirometric Algorithms Using FVC and Forced Expiratory Volume at 6 s for Predicting a Reduced Total Lung Capacity Chest 2004;126 (6):1861-1866.

7. Crapo RO, Morris AH, Gardner RM. Reference spirometric values using techniques and equipment that meet ATS recommendations The American review of respiratory disease 1981;123:659-664.

8. Hankinson JL OJ, Fedan KB. Spirometric reference values from a sample of the general U.S. population Am J Respir Crit Care Med 1999;159:179–187.

9. Andersson LG, Ringqvist I, Walker A. Total lung capacity measured by body plethysmography and by the helium dilution method. A comparative study in different patient groups Clinical physiology 1988;8:113-119.
Table. Comparison of selected previous diagnostic algorithms vs. ours using Hankinson prediction equations among adults aged under 65 years (n=186).

	
	Restricted lung disease
	
	
	
	
	
	
	

	Diagnostic algorithm
	Yes (n)
	No (n)
	
	Prev (%)
	PPV (%)
	95%CI
	NPV (%)
	95%CI
	

	Ours; 2015
	
	
	
	
	
	
	
	
	

	(FVC<70%p+FEV1/FVC≥70%)
	
	
	
	
	
	
	
	
	

	  Yes (n)
	24
	6
	
	
	
	
	
	
	

	  No (n)
	10
	146
	
	
	
	
	
	
	

	  Sn (95% CI)
	71
	(53-85)
	
	10
	67
	(47-82)
	97
	(95-98)
	

	  Sp (95% CI)
	96
	(92-99)
	
	1
	15
	(7-29)
	100
	(99-100)
	

	Glady et al.,2003
	
	
	
	
	
	
	
	
	

	 (FVC<85%p+FEV1/FVC≥55%)
	
	
	
	
	
	
	
	
	

	  Yes (n)
	33
	64
	
	
	
	
	
	
	

	  No (n)
	1
	88
	
	
	
	
	
	
	

	  Sn (95% CI)
	97
	(85-100)
	
	10
	20
	(17-24)
	99
	(96-100)
	

	  Sp (95% CI)
	58
	(50-66)
	
	1
	2
	(2-3)
	100
	(99-100)
	

	Khalid et al.,2011
	
	
	
	
	
	
	
	
	

	[(FEV1/FVC)%p/FVC%p]≥1.11
	
	
	
	
	
	
	
	
	

	  Yes (n)
	33
	74
	
	
	
	
	
	
	

	  No (n)
	78
	1
	
	
	
	
	
	
	

	  Sn (95% CI)
	97
	(85-100)
	
	10
	18
	(16-21)
	99
	(96-100)
	

	  Sp (95% CI)
	51
	(43-60)
	
	1
	2
	(1-2)
	100
	(99-100)
	

	Mehrparvar et al.,2014
	
	
	
	
	
	
	
	
	

	 (FVC<LLN+FEV1/FVC≥LLN)
	
	
	
	
	
	
	
	
	

	  Yes (n)
	27
	34
	
	
	
	
	
	
	

	  No (n)
	7
	118
	
	
	
	
	
	
	

	  Sn (95% CI)
	79
	(62-91)
	
	10
	28
	(22-36)
	97
	(95-99)
	

	  Sp (95% CI)
	78
	(70-84)
	
	1
	3
	(2-5)
	100
	(99-100)
	

	Venkateshiah et al.,2008
	
	
	
	
	
	
	
	
	

	(FVC<LLN)
	
	
	
	
	
	
	
	
	

	  Yes (n)
	33
	56
	
	
	
	
	
	
	

	  No (n)
	1
	96
	
	
	
	
	
	
	

	  Sn (95% CI)
	97
	(85-100)
	
	10
	23
	(19-27)
	99
	(97-100)
	

	  Sp (95% CI)
	63
	(55-71)
	
	1
	3
	(2-3)
	100
	(99-100)
	


Abbreviations: n= number; Prev= prevalence of restrictive disease. PPV= positive predictive value; NPV= negative predictive value; 95%CI= confidence interval; p= predicted; Sn= sensitivity; Sp= specificity; LLN= lower limit of normal. 

Note: percentages are rounded up.

Figure. Receiver operating curves comparing the overall accuracy, expressed as area under the ROC curve (AUROC), of selected previous diagnostic algorithms vs. ours using Hankinson prediction equations among adults aged under 65 years (n=186).
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