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Our Ref: BS/WQStatsTR2020

Date: 22/10/20

To whom it concerns,

Contract Ref:	WQStatsTR2020
Contract Title:	WATER QUALITY STATISTICS TRAINING PROGRAMME

You are invited to quote for the above in accordance with the enclosed documents.
Instructions on what information we require you to provide is in Section 1 of the following Request for Quotation document. Your response should be returned to the following email addresses by 16.00 on 16/11/20.
Belinda.steward@environment-agency.gov.uk
Please confirm, by email, to both Belinda.steward@environment-agency.gov.uk   and  Thomas.rolls@environment-agency.gov.uk receipt of these documents and whether you intend to submit a quote. 

If you have any queries, please do not hesitate to contact both Belinda Steward and Tom Rolls by email. Depending on response and evaluation outcomes a further assessment may be required. If required an assessment will take place week commencing 23/11/20 by teleconference.
We aim to award week commencing 30/11/20

Yours sincerely



The Environment Agency
ENVIRONMENT AGENCY (EA) – BASIC WATER QUALITY STATISTICS TRAINING COURSE

Who are the Environment Agency? 
We are an Executive Non-departmental Public Body responsible to the Secretary of State for Environment, Food and Rural Affairs. Our principal aims are to protect and improve the environment, and to promote sustainable development.
Further information on our responsibilities, Corporate Plan and how we are structured can be found on our Website.  
https://www.gov.uk/government/organisations/environment-agency/about 
What do we spend our money on?
We are a major procurer of goods and services within the UK, spending circa £600M per annum, our major spend areas are:
· Flood and Coastal Risk Management (design, construction and maintenance)
· ICT and Telecommunications
· Vehicles and Plant
· Environmental Consultancy and Monitoring
· Temporary Staff and Contractors
· Facilities Management, Energy and Utilities
· Flood Management and Water Related Services
What do we need from our suppliers?
Suppliers are vital in supporting the delivery of our corporate plan.  We aim to support the economy and society whilst delivering more environmental outcomes for every pound we spend. In many areas we are leading the way on environmental and technical developments. It is our role to ensure that suppliers clearly understand our corporate aims and objectives and know that we are committed to delivering the best value most sustainable solutions, taking into account the whole life cost of our procurement decisions.  We promote diversity and equality and treat all of our suppliers fairly.
Our procurement strategy may be of interest to you as a potential supplier. It sets out our priorities and key commitments in a range of areas such as delivering our corporate plan, Government policy, supplier management and sustainable procurement:
https://www.gov.uk/government/organisations/environment-agency/about/procurement#procurement-strategy 
Government changes and collaboration
Since 1 April 2013, the Environment Agency is no longer responsible for delivering the environmental priorities of Wales. This is now the remit of Natural Resources Wales (NRW).Further information can be found here:
http://naturalresources.wales/splash?orig=/ 
By bidding for this requirement, you may also be approached by other members of the Defra network, NRW or other government departments that are specifically named in the tender document.
Further information
For further information and to see our commitments to Diversity and Equality, please visit our website.

https://www.gov.uk/government/organisations/environment-agency/about/procurement 
https://www.gov.uk/government/organisations/environment-agency/about/equality-and-diversity
Also, are you up to date on environmental legislation? See links below for further information.
Waste and Environmental Impact - https://www.gov.uk/browse/business/waste-environment 
Environmental Regulations - https://www.gov.uk/browse/business/waste-environment/environmental-regulations’

Specification:
1. Background

This tender is for the provision of a 2-part Water Quality Statistics Training Course for the Environment Agency.

Our aim is to develop a suite of national training which will promote more consistent use of water quality data across all areas of the Environment Agency and improve consistency of approach to all of our customers.

Contract Length

It is anticipated that this contract will be awarded to one supplier for a period of 24 months with a further option of three 12 month additions. Prices will remain fixed for the duration of the contract. We may at our sole discretion extend this contract to include related or further work. Any extension shall be agreed in advance of any work commencing and may be subject to further competition. Any amendment to contract prices for the extensions are to be by negotiation.
The Environment Agency Conditions of Contract for Services (Appendix C) shall apply to this contract. 
This contract shall be managed on behalf of the Agency by Belinda Steward. Belinda.steward@environment-agency.gov.uk.
2. Specific Objectives/Deliverables

The courses will provide a structured approach to the theoretical background and the practical application of water quality statistics. The topic areas and objectives of the course are described below (Detailed Course Content), and will be delivered in two parts:

· Part 1 – Water Quality Descriptive Statistics Foundation self-contained e-learning style module (ideally a SCORM package, but other formats will be considered) for a more general audience providing a foundation level of knowledge on Water Quality. 

· Part 2 – Water Quality Practitioner virtual classroom.
· Those attending part 2 must complete part 1 as a pre-requisite.
· Initially, we plan to run 1 virtual course, with the intention of delivering a further 6 courses over a subsequent period of 24 months. Each course will be attended by a maximum of 12 delegates
· This will be based on demand, and a certain number of confirmed attendees will be required before the virtual courses can run.
This tender document requires development of content, design and delivery for both these elements. This includes hosting and facilitation of the virtual teaching modules.
The majority of delegates will be Environment Planning or Permitting Officers with occasional attendees from other related disciplines or partner organisations. 
Learning Objectives and outline content:
The courses will provide theoretical and practical experience of Water Quality Statistics. The methods explained and demonstrated must be available through freely available software currently available for use within the EA and provide examples using EA data and systems. 
The successful provider will be supported with the design & development of the training programme by an assigned water quality technical lead and one of our Learning and Development (L&D) specialists. 
The Detailed Course Content embedded below details what we would expect all delegates to understand and be able to apply in day to day roles once they have completed the training.
Detailed Course Outline Part 1 - e-Learning style module – Descriptive Statistics Foundation (mandatory course completion prior to enrolment on Part 2)
Aim: The aim of Part 1 is to introduce the concept of Water Quality Statistics and enabling all delegates reach a basic level of understanding that enables them to progress onto the second part of the training
The course should be self-contained and take no longer than an hour to complete. It should allow a general audience to understand key statistical concepts. 
Learning Objectives - at the end of the course learners will be able to: 
· Differentiate between descriptive statistics and inferential statistics
· Recognise the difference between discrete data and measured data
· Calculate and recognise the different merits of using Means, Medians, and Modes
· Calculate and recognise variability in data (including Range, Variance, Standard Deviation and Coefficient of Variance (CoV)) and its impact on the use of statistics
· Calculate percentile values using a range of different methods
· Please note – there should also be a knowledge recap (e.g. multiple choice questions) against 5 groupings above

Part 2 – Water Quality Practitioner - Virtual classroom. 
Aim: To build on the basic knowledge of summary statistics obtained in the e-Learning module (part 1). Develop confidence in data, distributions and the application of statistics in everyday work-related tasks.
This virtual course could be delivered across 1 day or 2 half days. 
The course must combine both theoretical knowledge and practical tuition. It should be delivered through experiential delivery sessions incorporating the use of practical demonstrations with the upfront provision of aide memoirs/continuing professional development resources to guide learners post course. 
The course should use freely available, unrestricted software packages.
Learning Objectives: on completion of the virtual classroom course, we would expect all delegates to be able to:
· Describe the risk and source of error in the data and calculation of summary statistics. This should include:
· Appreciating the role of dataset size.
· Understanding the significance of outliers, seasonal trends, step changes and less than values.
· The concept of sensitivity analysis.
· How to eradicate or reduce error where possible and increase confidence in the data.
· Explain the different types of data distribution. This section should:
· Discuss the importance of decisions made based upon recognising different distributions.
· Deliver an understanding of normal distributions, data transformations and non-parametric distributions. 
· Describe how the shape of a distribution can be described.
· Demonstrate how the characteristics of a distribution can be displayed and how distribution types can be tested.
· Classify data for application in relevant Water Quality related directives. This should include:
· Classification of data in terms of directive requirements.
· Determination of data compliance with directive targets. 
· Interpretation of permit compliance and use of the Look-up table.
· Use available data to carry out Water Quality analysis tasks. This should include:
· Use of data to determine reasons for failure.
· Hypothesis testing.
· Interpretation of correlations between datasets to help indicate possible cause and effect.
· Increase confidence in the analysis of data. This should include:
· Appreciation of the concept of confidence intervals and how to calculate them.
· Learning how to apply confidence intervals to data to determine whether classifications may have changed.

3. Subject Material 
The Environment Agency will assist with course content development and also reviewing the course prior to its release. Draft versions of the content will be shared with the EA lead for agreement and changes made accordingly. 
The preference is that delegates will complete the programme content as set out in the course scope above. The layout of content delivery should be dynamic and structured in a way to be most engaging for course delegates. 

4. Deliverables
The Provider will supply the following:
·  Details of the software required by each delegate to enable training to be completed.
· Course material e.g. presentations, aide memoirs/notes necessary for the successful delivery of this course
· Delegates will be expected to use their own laptops.
· For Part 2, hosting a secure audio/web conference platform. MS Teams or WebEx are the preferred and align with the EA’s corporate tools
· Customer focused tutors that have previous experience in the use of the required statistical packages and are experienced in data handling and interpretation. This should include an in-depth knowledge of EA policy with specific reference to the current data handling guidance to ensure that data is analysed using sound statistical methods and there is a consistency of approach between Agency regions. A Code of Practice (CoPs) related to this policy is embedded below
· All material to agreed time and cost
· Periodic reviews and updates of course material in conjunction with the EA


Learning is to be experiential through a mix of presentations and practical exercises undertaken by delegates. The training will be delivered in a lively, interactive, interesting and engaging style. Experiential learning will be evident. Practical exercises in virtual classroom learning will be encouraged to reiterate and test learning on subject matter delivered  
Examples using EA data and systems should be used. Practical work should use EA systems and software to help the delegate transition seamlessly into their role where applicable.
The content of the course should be reviewed periodically and amended accordingly should new tools, systems, and technologies come into EA use. Any costs associated with minor updates will be borne by the provider as part of continuing improvement processes.
All course deliverables shall remain the property of the Environment Agency.
5. Management

The courses are managed by a water quality technical lead and course administration will be undertaken by the learning and development team at SSCL. The contract manager will meet with the contract provider periodically to review progress and performance relating to the delivery of the training courses. 
Belinda Steward Belinda.steward@environment-agency.gov.uk  and Tom Rolls thomas.rolls@environment-agency.gov.uk  will be your contacts for any questions linked to the content of the quote pack or the process. Please submit any questions by email to both contacts above and note that both the question and the response will be circulated to all tenderers.
This course will be delivered virtually by default. 
Course administration (including dates and joining instructions) will be co-ordinated by our administration team at Shared Services Connected Limited (SSCL). The successful provider will work closely with appropriate staff in a flexible way to agree dates and provision of course materials, including the provision of audio/web conferencing details.

SSCL will raise purchase orders to cover the cost of delivery of each of the courses. All invoices must quote the purchase order number in order to be processed. A file copy invoice must be provided to the contract manager, on request. The timescale for payment of invoices will be up to 30 days after we have received a valid invoice. 
Costs will remain fixed for the duration of the initial framework period.  There will be an opportunity at the framework extension period to remain competitive by holding or reducing your costs. Any rate amendments will be made as a request for Procurement approval, and any increases will be by negotiation and will not be greater than RPI prevailing at the time.  
A Purchase Order number will be issued to you in due course. We will require you to quote this on all invoices to ensure timely payment. Invoices should be sent to:
SSCL
Environment Agency
PO BOX 797
Newport
Gwent
NP10 8FZ
We require electronic register of attendance to be returned back to SSCL and they must be advised within one working day of the training session of any failures to attend.
5.1 Cancellation 
We may have to postpone courses at short notice because of our delegate’s emergency response role, and we expect our training provider to be flexible about rescheduling.
We will always work with a provider to reschedule a course for as soon as is possible.
Should we need to cancel a course the following policy will apply:

	Notice of cancellation
	Percentage of course fee paid

	Greater than 4 weeks
	0%

	3-4 weeks
	25%

	2-3 weeks
	50%

	1-2 weeks
	75%

	Less than one week
	100%



The successful provider must provide four weeks’ notice for any cancellations and agree a revised schedule as soon as possible. The successful provider will be expected to work in partnership with the EA and be flexible with regards to the postponement or cancellation of courses. 

Please also note that demand for delivery of Part 2 is estimated and volume of delivery cannot be guaranteed.   

6. Timescales/Deadlines

Indicative timescales for this contract are as follows. The EA is open to mutual discussion around alternative delivery and part payment schedule

	Task No.
	Deliverable
	Responsible party
	Date of completion, end:
	Schedule of payment

	1
	Proposals submitted
	Supplier
	16th November
	n/a

	2
	Contract awarded
	Environment Agency
	
w/c 30th November
	n/a

	3
	Virtual kick off meeting
	Environment Agency / Supplier
	w/c 30th November
	n/a

	4
	Product content review and sign off design outline / approach for part 1 e-learning package. We would expect to see an sample and demonstration of the content 
	Environment Agency / Supplier
	
w/c 14th December
	20%

	5
	Product content review and sign off for design and development of virtual training. We would except to see a session plan
	Environment Agency / Supplier
	
w/c 18th January 2021
	20%

	6
	Provision of E-learning product for EA review
	Environment Agency / Supplier
	w/c 25th  January
	n/a

	7
	Sign off - E-learning product delivery
	Environment Agency / Supplier
	w/c 1st February
	20%

	8
	Provision part 2 virtual product for EA review
	Environment Agency / Supplier
	w/c 15th February
	n/a

	9
	Sign off - part 2 virtual training product delivery
	Environment Agency / Supplier
	w/c 1st March
	20%

	10
	1 day virtual course pilot delivery
	Supplier
	By 19th  March 2021
	20%




7. Tutors

Tutors will be engaging and have a detailed knowledge of WQ Statistics theory and practice. They will cover in detail the content required, whilst using examples and demonstrations to enhance delegate learning. 

Tutors will require excellent communication skills with an ability to motivate, coach and mentor delegates throughout the training.

8. Evaluation

We will award this contract in line with the most economically advantageous tender (MEAT) as set out in the following award criteria:

· Cost– 60%
· Non- Cost – 40%

Cost
The provider with the lowest total weighted price will be awarded a score of 60. The remaining provider’s scores will be calculated using the following formula:

Lowest submitted total weighted rate                / 100 X 60   = Score (out of 60)
Your total weighted rate

Non-cost

Criteria Score (0-10 as in table below) X Criteria Weighting = Weighted Score
Your weighted criteria scores will be added together. The provider with the highest total weighted score will receive a score of 40. The provider with the highest non-cost score will be given a score of 40 and other providers scores calculated as below:
Highest Non-Cost score     X 40
Your Non-Cost Score

The following quality criteria are weighted in accordance with the importance and relevance attached to each one. 

· Non-cost broken down into:
· Capacity (20%)
· Previous experience (10%)
· Expertise of trainers (20%)
· Effectiveness of training approach (40%)
· Continuous improvement (10%)

You are requested to complete the cost model in section 9 and the non-cost questions in section 10. Responses will be evaluated separately by members of the Environment Agency. The scores will be reviewed and a final moderated score will be given as a group for each criteria.  

The Environment Agency will award business based on its assessment of the most economically advantageous tender. The Environment Agency reserves the right to discontinue the procurement process at any time, which shall include the right not to award a contract, and does not bind itself to accept the lowest tender, or any tender received, and reserves the right to award the contract in part. 

Submissions will be scored out of 10 using the guidelines below;

	Rating of Response
	Score

	The tenderer provides a response which in the opinion of the evaluators is: 
	

	Excellent: Addresses all of the requirements and provides a response with relevant supporting information which does not contain any weaknesses, giving the Agency complete confidence that the requirements will be met.
	10

	Very Good: Addresses all of the requirements and provides a response with relevant supporting information, which contains very minor weaknesses, giving the Agency high confidence that the requirements will be met.
	8

	Good: Addresses all of the requirements and provides a response with relevant supporting information, which contains minor weaknesses, giving the Agency reasonable confidence that the requirements will be met. 
	6

	Satisfactory: Substantially addresses the requirements and provides a response with relevant supporting information which may contain moderate weaknesses, but gives the Agency some confidence that the requirements will be met. 
	4

	Weak: Partially addresses the requirements, or provides supporting information that is of limited relevance or contains significant weaknesses, and therefore gives the Agency low confidence that the requirements will be met.
	2

	Nil: No response or provides a response that gives the Agency no confidence that the requirements will be met.  
	0



9. Pricing Schedule

Please ensure the prices you quote are inclusive of ALL costs payable to design or deliver a course. 

For the avoidance of doubt this should include:

· Development and design costs for part 1 and development, design and delivery costs for part 2 as described in the ‘Course Content’ section above.
· Tutor costs, based on 12 delegates;
· Costs for significant future changes on a day rate basis (this should not include the cost of minor updates and maintenance of course material)  
· Associated contract admin / management costs. 

You will be evaluated using the figure in the overall cost cell.
All costs must be quoted on this schedule. Any costs not detailed will not be paid. 

Please detail your costs in the table below. 

	Cost Proposal (To be completed by supplier)

	Course
	Cost per course

	Part 1: e-Learning course development
	

	[bookmark: _GoBack]Part 2: Virtual course development, including delivery of pilot course.
	

	Part 2: Virtual Classroom delivery – for 12 delegates
	

	Overall Cost
	

	Standard development day rate in the event of significant future changes 
	



Please note that the standard day rate above is for info only and won’t form part of the evaluation Please also give an indication of cost of any major redevelopment that we might require during the life of the contract.  This is for our information only and will not form part of the evaluation.

	
Staff
	
Cost £ per Day, Excluding VAT

	

	

	

	

	

	

	

	



Note to bidders:

1. All costs / rates are to be exclusive of Value Added Tax
2. Sums quoted are fully inclusive of all requirements as detailed in the specification, see Section 2 of this quotation document
3. No work shall be carried out at day work rates without the prior agreement of the Environment Agency’s nominated representative
4. The sums shown shall be fixed for the duration of the contract
5. Payment will be made in accordance with the Conditions of Contract.
6.          Payment will be made for the course content parts 1 & 2 (including pilot delivery)  as outlined in section 6. Invoices should be raised for delivery of the further course as and when courses take place.
Signed:		___________________________________________

Name:			___________________________________________

Date:			___________________________________________

Position:		___________________________________________

Company:		___________________________________________

Telephone number:	___________________________________________


10. Non Cost Questions




APPENDIX A - PRIOR RIGHTS SCHEDULE 

Completion of Background and Foreground Rights Schedules:

· At the start of the contract you will be required to submit a prior rights (background) schedule in which you list what your organisation is bringing to the requirement which you will retain rights on. The Environment Agency will complete a prior rights schedule listing what it will bring to the requirement and therefore retain ownership of. The schedules require regular updates to ensure the position on IPR / Rights to use is clear for both parties.
· During development we will complete with you a foreground rights schedule which will list what is developed for the purposes of delivery of the intervention. This is what the Environment Agency is paying for in terms of development. The foreground rights schedule is the responsibility of both parties and must be updated as development, variations or changes take place. We may wish to use the content of this schedule to publish on our LMS – Learning Zone to make learning widely available in the Environment Agency.

Held by the Environment Agency

	Name and description of Prior Rights
	Extent of proposed use in the Project
	Proprietary owner of the Prior Rights

	
	
	Environment Agency

	
	
	

	
	
	



Held by the Contractor

	Name and description of Prior Rights
	Extent of proposed use in the Project
	Proprietary owner of the Prior Rights

	
	
	


	
	
	


	
	
	




Explanation of Contractor's Prior Rights

All Intellectual Property Rights owned by or lawfully used by the Contractor, whether under licence or otherwise before the date of this Contract. It can also mean any invention and know how or other intellectual property (whether or not patentable) owned by one of the parties prior to the commencement of the Project, or devised or discovered by one of them only in the course of other projects during the Project period and not arising directly from the Project.



APPENDIX B – ACCEPTANCE OF TERMS AND CONDITIONS

I/We accept in full the terms and conditions named within this document and appended to this Request for Quote document. 


Company 	____________________________________________________
Name


Signature	____________________________________________________


Print Name	____________________________________________________


Position	____________________________________________________


Date		____________________________________________________

APPENDIX C – ADDITIONAL INFORMATION

Copyright and confidentiality

Unless otherwise indicated, the copyright in all of the documentation belongs to the Environment Agency, and the documentation is to be returned to us with your tender. The contents of the documentation must be held in confidence by you and not disclosed to any third party other than is strictly necessary for the purposes of submitting your quote. You must also ensure that a similar obligation of confidentiality is placed upon any third party to whom you may need to disclose any of the documentation for the purposes of the tender.

Accuracy of documentation

You should check all documentation; should any part be found to be missing or unclear you should immediately contact us at the address given in the covering letter. No liability will be accepted by the Environment Agency for any omission or errors in the documentation which could have been identified by you.

Amendments to documentation

Prior to the date for return of tenders, we may clarify, amend or add to the documentation. A copy of each instruction will be issued to every Tenderer and shall form part of the documentation. No amendment shall be made to the documentation unless it is the subject of an instruction. The Tenderer shall promptly acknowledge receipt of such instructions.

Alternative Offers

Alternative offers may be considered if they constitute a fully priced alternative and are submitted in addition to a quotation complying with the requirements of the Invitation to Quote Documents. If, for any reason you wish to submit an alternative offer without a fully compliant tender please contact us in accordance with the details in the covering letter.

Continuity of personnel

The Contractor shall employ sufficient staff to ensure that the Services are provided at all times and in all respects to the Project Standard. It shall be the duty of the Contractor to ensure that a sufficient reserve of staff is available to ensure project delivery in the event of staff holidays, sickness or voluntary absence

The Environment Agency will be notified immediately of any changes to personnel associated with the project. The Contractor will ensure that every effort is made to replace outgoing staff with personnel of equal calibre and expertise. All new members of staff undertaking work for the Project will need to be agreed by the Environment Agency prior to commencement.

At all times, the Contractor shall only employ in the execution and superintendence of the Contract persons who are suitable and appropriately skilled and experienced.
Intellectual property rights

All results, including material and tools produced, developed or paid for under this contract shall be the property of the Environment Agency.

References

The Environment Agency may request recent and relevant references prior to the award of the project.


Contract award


This Request for Quote is issued in good faith but we reserve the right not to award any or all of this work. 


Sustainability Considerations

We are committed to continually improving our sustainability performance. The Environment Agency has set itself tough objectives as a clear commitment and contribution to sustainable development throughout England. The Agency recognises that this can only be achieved through commitment from all sectors of society and it is intent on raising awareness amongst industry and commerce. 

Contractors must adopt a sound proactive environmental approach, designed to minimise harm to the environment. 

Environmental criteria should be considered as part of your tender. Factors to be considered could include areas such as: 
0. Paper use: All documents and reports prepared by consultants and contractors are produced wherever possible minimises size of document, ensure format is conductive to double sided printing
0. Packaging: should be kept to a minimum. Re-use and disposal issues must be considered. 
0. Efficient Energy and Water Use. 

Diversity and Equal Opportunities

We are committed to promoting equality and diversity in all we do and valuing the diversity of our workforce, customers and communities.  As a public body, we publish regular information about what our equality objectives are and how we’re meeting them.
https://www.gov.uk/government/organisations/environment-agency/about/equality-and-diversity

DATA PROTECTION ACT ADDENDUM TO SPECIFICATION

Protection of personal data

In order to comply with the Data Protection Act 1998 the Contractor must agree to the following:

· You must only process the personal data in strict accordance with instructions from the Environment Agency.

· You must ensure that all the personal data that we disclose to you or you collect on our behalf under this agreement are kept confidential.

· You must take reasonable steps to ensure the reliability of employees who have access to personal data.

· Only employees who may be required to assist in meeting the obligations under this agreement may have access to the personal data.

· Any disclosure of personal data must be made in confidence and extend only so far as that which is specifically necessary for the purposes of this agreement.

· You must ensure that there are appropriate security measures in place to safeguard against any unauthorised access or unlawful processing or accidental loss, destruction or damage or disclosure of the personal data.

· On termination of this agreement, for whatever reason, the personal data must be returned to us promptly and safely, together with all copies in your possession or control.
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Water quality planning: Codes of practice for data 
handling 


 
What’s this 
document 
about?  


This document contains rules and a code of best practice in data handling 
and will be useful to staff who evaluate and interpret the agency water 
quality data.   


 
Who does this 
apply to? 


This supporting document may be of help to water quality planning staff in 
region and areas and also operational staff who evaluate or report data.  
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1.0 Executive Summary 


 
Huge amounts of data are generated by the Agency's routine quality monitoring activities.  For 
this to be used most effectively, it is important that:  
 
i) the data is analysed using sound statistical methods; and 
ii) there is a consistency of approach between Agency regions.   
 
In addressing these overall aims a set of Codes of Practice (CoPs) have been produced, 
summarised below: 
 
2) Dealing with less-than and greater-than values.  One of the main recommendations of this 


CoP is to carry out all calculations twice - replacing each less-than value first by zero, and 
then by the relevant limit value - thereby bracketing the value that would have been obtained 
had uncensored data been available. 


 
3) Handling outliers.  A single very large (or small) data value can severely distort almost any 


summary statistic; it can also make the difference between passing and failing a quality 
standard.  This CoP provides objective methods for judging when a data value is suspiciously 
extreme and so warrants investigation. 


    
4) Estimating percentiles.  The guidance issued by the 1990 River Quality Survey Group 


constituted the first concerted attempt to estimate 95-percentiles on a consistent national 
basis.  This CoP builds on the advice of that important first initiative. 


 
5) Presenting summary statistics.  Of the variety of summary output formats currently in use, 


few give a good indication of the inherent imprecision of the quoted results.  Thus, a key 
recommendation in this CoP is that all the main summary statistics are accompanied by 
confidence limits. 


 
6) Estimating mean load.  Extra complications arise in load estimation, when the problems of 


sampling variability apply not only to concentrations but to flow data also.  Authoritative 
guidance is particularly needed, therefore, in this important area. 


 
7) Mid class statistics. When no upstream surface water quality data is available for modelling 


setting an upstream quality in the middle of the class can be used. The tables here provide 
statistics for the 90%ile, mean and standard deviation in the middle of each Water Framework 
Directive status class. 


 
 
KEYWORDS 
Summary statistics, parametric methods, non-parametric methods, confidence limits, percentiles, 
loads, outliers, less-than values 
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2.0 Methods for handling less-than values and greater-than 
values 


 
This Code of Practice gives a set of rules designed to ensure that less-than and greater-than 
values are handled consistently throughout the Agency.  The rules themselves are given here in 
Part A without further clarification.  More detailed explanation is given in Part B. 
 
We first define two terms for use in this Code of Practice: 
 
a) The true result is the result that would have been obtained if the less-thans or greater- 
     thans could have been measured; 
b) The face value of a less-than or greater-than is the value after the '<' or '>' sign. 


 
 
2.1 PART A - RULES 
 
RULE 1: Substitutions for less-than values 
 


Either Rule 1a or Rule 1b should be applied to less-thans. If it is logically impossible 
for the determinand to take negative values then zero acts as a lower bound for the 
less-thans and Rule 1a should be applied.  (It is possible, but rare in practice, for 
some value other than zero to act as a lower bound.) If there is no clear lower bound, 
then Rule 1b should be applied. 


 
RULE 1a: Double substitution for less-than values with a lower bound 
 


Substitute zero (the lower bound) for each less-than value and perform the desired 
calculation. Then substitute the face value for each less-than, and perform the 
calculation again. Both results should be quoted. The true result will lie somewhere 
between them.  Only if their difference is of no practical importance may a single value 
(halfway between the two calculated results) be used in subsequent work. 


 
RULE 1b: Single substitution for less-than values with no lower bound 
 


Find a one-sided limit to the true result by replacing each less-than by its face value 
and performing the desired calculation on the modified data set.  Where an arithmetic 
mean is calculated by this method, the output should state that this is an over-
estimate. 


 
RULE 2: Substitutions for greater-than values 
 


Either Rule 2a or Rule 2b should be applied to greater-thans.  Rule 2b should be used 
in those rare cases where there is an upper bound for the greater-thans.  This upper 
bound is an absolute maximum which it is logically impossible for values of the 
determinand to exceed.  In general, there will be no clear upper bound and Rule 2a 
should be applied. 


 
RULE 2a:   Single substitution for greater-than values with no upper bound 
 


Find a one-sided limit to the true result by replacing each greater-than value by its 
face value and performing the desired calculations on the modified data set.  Where 
an arithmetic mean is calculated by this method, the output should state that this is 
an under-estimate.  


 
RULE 2b:  Double substitution for greater-than values with an upper bound 
 


Substitute the face value for each greater-than value and perform the desired 
calculation.  Then substitute the upper bound for each greater-than value, and 
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perform the calculation again.  Both results should be quoted.  The true result will lie 
somewhere between them. 


 
RULE 3: Other methods 
 


Always seek advice from a qualified statistician before using any other method for 
handling less-thans and greater-thans.  


 
RULE 4: Graph plotting 
 


Plot less-than and greater-than values at their face value, using special symbols or 
colours or both.  The recommended symbols are downward-pointing triangles or 
downward-pointing arrows for less-thans and upward-pointing ones for greater-thans.  
A key explaining the symbols should be included on the graph. 


 
RULE 5: Notification 
 


In data summaries, always indicate clearly the existence of less-than or greater-than 
values in the data, and the method and value of any substitution used. 


 
2.2 PART B - BACKGROUND 
 
Water quality archives often include less-than values (e.g. <0.1) or greater-than values (e.g. 
>43.0).  Less-thans commonly arise through the existence of a Limit of Detection for the analytical 
method, whereas greater-thans are generally the consequence of an insufficiently wide range of 
dilutions in the chemical analysis.  Unless some substitution is made for the less-than or greater-
than values, this 'censoring' of the data causes problems when performing numerical calculations 
such as deriving the annual mean.  
 
Part A gives a set of rules designed to ensure that less-thans and greater-thans are handled 
consistently throughout the Agency.  Part B now describes these rules in more detail.   
 
Throughout this Code of Practice, we use two terms defined below. 
 
a. The true result is the result that would have been obtained if  the less-thans or greater-thans 


could have been measured. 
b. The face value of a less-than or greater-than is the value after the '<' or '>' sign. Note that the 


face value need not be the same throughout a set of data.   
 
Less-than values in water quality data generally arise where, because of experimental 
uncertainty, it is impossible to distinguish between very low concentrations and complete 
absence. To handle this uncertainty, Analytical Quality Control (AQC) methods are required.  Two 
important concepts are involved: the criterion of detection and the limit of detection.  
 
The criterion of detection (C) is the lowest observed value that is statistically significantly greater 
than zero.  Thus, if an observation is less than C, it is impossible to claim with adequate 
confidence that the substance in question has been detected.  If a value greater than C is 
observed, then the analyst is confident that the substance is present. 
 
The limit of detection (L) defines the lowest true concentration that will be detected with a given 
degree of confidence.  In other words, if the true concentration is equal to L, there is an 
adequately high probability that the observed concentration will be greater than C.  The 
magnitudes of C and L are determined by AQC methods, taking into account the repeatability of 
analytical results and the required levels of confidence.  A full description is given in WRc's AQC 
Manual (NS31).  
 
Under the AQC procedure, any observation greater than the criterion of detection will be 
recorded as it stands.  On the other hand, any observation smaller than the criterion of 
detection will be recorded as being less than the limit of detection, i.e. any observation between 


0 and C is quoted as <L.  For example, suppose that C = 10 and L = 20 g/l.  Then an observed 
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value of 12 g/l will be recorded as 12 g/l, but an observation of 8 g/l will be recorded as <20 


g/l.  Therefore, any values recorded as <20 are, in truth, bounded below by zero and above by 


10 g/l. In practice, the distinction between C and L is often blurred, and it is not always clear 
whether the quoted face value for less-thans is the criterion or the limit of detection.  This Code 
of Practice, therefore, takes a pragmatic view rather than a strictly theoretical one, and, to err on 
the safe side, requires that the face value itself be used in all substitutions.  Thus, to continue 
with the above example, the bounds on values recorded as <20 will be taken to be 0 and 20.    
 
RULE 1: Substitution for less-than values 
 


Either Rule 1a or Rule 1b should be applied to less-thans.   If it is logically 
impossible for the determinand to take negative values then zero acts as a 
lower bound for the less-thans and Rule 1a should be applied.  (It is possible, 
but rare in practice, for some value other than zero to act as a lower bound.)  If 
there is no clear lower bound, then Rule 1b should be applied. 


 
RULE 1a: Double substitution for less-than values with a lower bound 
 


Substitute zero (the lower bound) for each less-than value and perform the 
desired calculation.  Then substitute the face value for each less-than, and 
perform the calculation again.  Both results should be quoted.  The true result 
will lie somewhere between them.  Only if their difference is of no practical 
importance may a single value (halfway between the two calculated results) be 
used in subsequent work. 


 
The reason for this two-pronged approach is easy to see.  The two substitutions 
produce boundary values that enclose the result that would have been obtained had 
the actual analytical observations been known.  If the difference between the two 
boundary values is large, then the outcome of the calculation is clearly sensitive to 
less-than values.  This indicates that there may be something seriously wrong with 
either the choice of the analytical method or the monitoring objective.  


 
Table 1 gives an example showing nine recorded values which include three less-
thans, and illustrates the effects of making the double substitution for less-than values 
when calculating a variety of statistics, namely the mean, standard deviation, 
standard error of the mean, confidence intervals for the mean and the median.  The 
data has been sorted into ascending order to make it easier to calculate the median.  
The limit of detection is 0.20 mg/l. 


 
Table 1 shows that the lower estimate for the mean is associated with the higher 
estimate for standard deviation and vice versa.  This will always be the case with any 
data set involving less-than values.  
The table also illustrates the general rule that, if a minority of observations are less-
thans, both substitutions give identical results for the median.  This useful principle 
extends to the non- parametric estimation of other percentiles (see 'Methods for 
estimating percentiles'); thus the 95-percentile, for example, will be unaffected unless 
the vast majority of observations are less-thans. 


 
Where the desired calculation involves taking logarithms of the data, the double 
substitution method will not work if zero is the lower bound for less-thans.  This is 
because the logarithm of zero is minus infinity, making further calculations impossible.  
A possible way round this problem is to use a value very close to zero, rather than 
zero itself, as the lower bound.  However, defining the size of the lower bound for 
substitution is beyond the scope of this Code of Practice, since it depends upon the 
conditions of each individual case.  Indeed, careful consideration should be given as 
to whether log-transformation is appropriate at all in these circumstances.  However, 
note that the double substitution rule may not be necessary if log-Probit methods can 
be used (see Rule 3). 
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RULE 1b: Single substitution for less-than values with no lower bound 
 


Find a one-sided limit to the true result by replacing each less-than value by its 
face value and performing the desired calculations on the modified data set. 
Where an arithmetic mean is calculated by this method, the output should state 
that this is an over-estimate 


 
Rule 1a cannot be applied to cases where the determinand does not possess a clear 
lower bound or where the absolute minimum for the determinand could not be 
considered a realistic lower bound for less-thans.  It would be wrong, for example, to 
use zero as the lower bound for either conductivity or pH in river water.   
 
It is then impossible to find a pair of limits that bracket the true result.  Only a single 
limit can be calculated.  Thus, the single substitution rule, Rule 1b, acts as a fall-back 
position.  Note that this method will give an over-estimate for the mean but an under-
estimate for the standard deviation.  However, if a minority of observations are less-
thans, the true result will generally be obtained for the median.  These conclusions 
are illustrated in the rightmost column of Table 1 where substitution by the face value 
is shown. 
 


If the face value is the same throughout the data, it should be quoted.  
 
Table 1 Example illustrating the double substitution rule for less-than values 


                                                                                                                                 
 


      Substitution values       0.00                0.20 
 


Values recorded   Values after substitution for <0.2 
 
 


<0.20     0.00  0.20 
<0.20     0.00  0.20 
<0.20     0.00  0.20 
  0.22     0.22  0.22 
  0.25     0.25  0.25 
  0.29     0.29  0.29 
  0.31     0.31  0.31 
  0.42     0.42  0.42 
  0.54     0.54  0.54 


Total  2.03  2.63 


Mean  0.226  0.292 


   Standard deviation  0.194  0.118 


       Standard error of mean  0.065  0.039 


90% confidence limits on the mean (lower)  0.106  0.219 


         (upper)  0.346  0.365 


         Median  0.25  0.25 


                                                                                                                            
Note: the confidence intervals are calculated assuming a Normal distribution.  From tables of the t-distribution, the 
95% point for 8 degrees of freedom is 1.860 
 


 
RULE 2: Substitutions for greater-than values 


 
Either Rule 2a or Rule 2b should be applied to greater-thans.  Rule 2b should 
be used in those rare cases where there is an upper bound for the greater-
thans. This upper bound is an absolute maximum which it is logically 
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impossible for values of the determinand to exceed.  In general, there will be no 
clear upper bound and Rule 2a should be applied. 


 
There are two cases to consider.  In general, Rule 2a is the one to use.  However, 
circumstances do arise, though rare in practice, in which there may be a maximum value 
which cannot logically be exceeded by the determinand.  Rule 2b should then be applied.  


 
RULE 2a: Single substitution for greater-than values with no upper bound 
 


Find a one-sided limit to the true result by replacing each greater-than value by its 
face value and performing the desired calculations on the modified data set.  Where 
an arithmetic mean is calculated by this method, the output should state that this 
is an under-estimate. 


 
It is generally impractical to define an upper bound for greater-than values.  If so, it is 
impossible to find a pair of limits that bracket the true result.  At best, only a single limit 
can be calculated. Note that this method will give a under-estimate for the mean and also 
an under-estimate for the standard deviation.  The face value should be quoted if it is 
constant throughout the data. 
 
BOD is a common example of a determinand where greater-than values can occur and 
where the face value may vary from sample to sample.    


 
RULE 2b: Double substitution for greater-than values with an upper bound 


 
Substitute the face value for each greater-than value and perform the desired 
calculation. Then substitute the upper bound for each greater-than value, and 
perform the calculation again. Both results should be quoted. The true result will 
lie somewhere between them. 


 
This case is introduced mainly for completeness, as in practice it is rarely needed.  Just 
occasionally, there may be some logical upper limit to the values of a determinand.  For 
example, the values of some determinands measured in percentages cannot exceed 
100%. This upper limit can then be used as the upper bound for greater-thans in the 
double substitution rule.  
 


RULE 3: Other methods 
 
Always seek advice from a qualified statistician before using any other method for 
handling less-thans and greater-thans. 


 
For example, the so-called log-Probit method is sometimes used to estimate population 
parameters for environmental quality data. However, there must be a statistical 
assessment as to whether there is sufficiently strong evidence that the underlying 
distribution is, in fact, log-Normal before the method may be used. 
 


RULE 4: Graph plotting 
 
Plot less-than and greater-than values at their face value, using special symbols or 
colours or both. The recommended symbols are downward-pointing triangles or 
downward-pointing arrows for less-thans and upward-pointing ones for greater-
thans.  A key explaining the symbols should be included on the graph. 
 
Rule 4 applies only when plotting the observed data values in, say, a time series or a 
scatter graph.  No general rules can be given for graphs involving derived statistics (such 
as a series of annual means), but the method of substitution used in calculating the 
statistics should be indicated in a footnote, if possible.   
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RULE 5: Notification 
 
In data summaries, always indicate clearly the existence of less-than or greater-
than values in the data, and the method and value of any substitution used 


 
Samples are collected and analysed and summary statistics are calculated in order to 
provide information that is useful in some way, otherwise the effort is wasted.  Potential 
users of the information may reach invalid conclusions if they are unaware that the data 
contained less-thans or greater-thans or if they are uncertain how the summary statistics 
were derived.  By implementing Rule 5, the risk of misinterpretation is greatly reduced.  
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3.0 Methods for handling outliers 


 
This Code of Practice is in four parts.  First, Part A lists the rules for dealing with the problem of 
outliers in data.  These are then discussed in detail in the main narrative presented in Part B.  
Two technical sections then follow.  Part C covers methods for determining whether or not a 
suspected extreme value really is an outlier (so-called 'discordancy' tests).  Part D then describes 
statistical methods for 'accommodating' outliers - that is, for reducing the distorting influence that 
outliers (whether suspected or confirmed) can have on various types of summary statistics. 
 
3.1 PART A - RULES 
 


Definitions 
 


Outlier:  a data value which has arisen from some statistical population that is more 
extreme than the population from which the bulk of the values have arisen. 
 
Suspected outlier:  a data value which is so far above or below the bulk of the data 
values that it causes surprise to the user of the data.   


 
RULE 1: Taking suspected outliers seriously 
 


A suspected outlier may be a pointer to something important, so always try to explain 
it rather than just discard it as a nuisance. 


 
RULE 2: Checking distributional assumptions  
 


Verify that any assumptions about the probability distribution (e.g. Normal, log-
Normal) are justified. 


 
RULE 3: Detecting outliers 
 


Suspected outliers should be investigated using Rules 3a, 3b and 3c. 
 
RULE 3a: Clarity of purpose  
 


Be clear about the purpose of the data analysis, and remove any data values which 
are not appropriate for that purpose. 


 
RULE 3b: Statistical influence 
 


Assess the 'influence' of the suspected outlier by performing the data analysis twice 
-  once with it included, and again with it excluded.  If this makes little difference, then 
nothing further need be done. 


 
RULE 3c:  'Discordant' data 
 


If the suspected outlier does have a severe effect on the result of an analysis, first 
see what is revealed by plotting the data.  Then, if necessary, use one of the 
Normality-based or non-parametric 'discordancy' tests described in Part C in order to 
decide whether or not the point is a genuine outlier. 


 
RULE 4: Excluding outliers 
 


When performing a detailed analysis of a data set containing values that are known 
to be outliers or have failed a discordancy test, proceed as follows: 


 
i) exclude the outliers from the analysis and proceed with the remainder of the 


data as if they hadn't occurred; but also 
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ii) add to the report a separate section which: 


 lists the outlier dates, times and values; 


 explains why they were excluded; and 


 indicates any operational changes required to prevent them 
occurring again. 


 
RULE 5: 'Accommodating' outliers  
 


When routinely obtaining summary statistics for a data source that is known to be 
subject to an intermittent cause of outliers, 'accommodate' the outliers - either by 
redefining the model of the process, or by using the so-called 'robust' methods of Part 
D. 


 
3.2 PART B - BACKGROUND AND EXAMPLES 
 
 
B.1 DEFINITION - WHAT IS AN OUTLIER? 
 


Definitions 
 


Outlier:  a data value which has arisen from some statistical population that is 
more extreme than the population from which the bulk of the values have 
arisen. 
 
There are several ways in which the outlier population might be more extreme than 
the 'usual' population.  For example, it might have a much higher or lower mean.  
Thus, dissolved oxygen in a river might usually follow a well-behaved distribution, 
representing stable, routine conditions, but be contaminated by values from a second 
distribution of much lower mean that applies when storm sewage overflows have 
been active.  Another possibility is where the outlier distribution is characterised by a 
much higher standard deviation than usual - perhaps due to a less precise analytical 
method, or the taking of a sample outside the customary restricted time-window.  
 
Suspected outlier:  a data value which is so far above or below the bulk of the 
data values that it causes surprise to the user of the data.   
            
Although the definition of suspected outlier appears rather subjective, it carries with it 
the implication that the observer must have had some 'correct' probability distribution 
model in mind (however vague), and believes that the suspected outliers are not 
consistent with that model.  In other words, he or she suspects that the sample has 
been contaminated by observations from some statistical distribution other than the 
one expected. 
 
Outliers are also known as 'flyers', 'sports', 'mavericks', 'wild values', 'discordant 
values', 'anomalous values', and 'rogue points'. In the following discussion we will 
generally for convenience refer to outliers as being exceptionally high values, but the 
various methods described apply equally, and can easily be adapted, to the case 
where the outlier is an exceptionally low value. 
 


 
B.2 EFFECTS - WHY OUTLIERS MATTER 
 
RULE 1: Taking suspected outliers seriously 
 


A suspected outlier may be a pointer to something important, so always try to 
explain it rather than just discard it as a nuisance. 
At the very least, the presence of an outlier may be indicating vital information about 
problems with data gathering procedures.  At best it may be the one piece of 
information about some new discovery, as was the case with the single petri dish that 
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led to the discovery of penicillin.  This is why an attempt should always be made to 
explain outliers.  
 
Outliers have a wide variety of unwelcome effects.  For example, high outliers can 
cause: 


 mean, standard deviation and parametric percentile estimates to be inflated; 


 non-parametric estimates of high percentiles and their upper confidence limits 
to be inflated; 


 parametric confidence intervals to be shifted and inflated;  


 hypothesis tests to give the wrong conclusion; 


 erroneous failures of standards; 


 misleading indications of trend. 
 
For all these reasons, therefore, it is important to have effective methods for first 
detecting and then coping with outliers. 
 
 


B.3 CAUSES - HOW AN OUTLIER ARISES 
 
In the Water Industry it is commonplace for data to be stored in a database or 
'Archive', and retrieved for analysis at some later date. Inconsistent data values - and 
hence suspected outliers - can be caused by the database being structured 
inappropriately or being used incorrectly.  Genuine outliers, on the other hand, arise 
as a result of clerical error, software problems, or poor practice in sample collection, 
transport, treatment and analysis.   
 
The best way to minimise the chance of outliers reaching the archive is to ensure that 
Data Quality Control (DQC) procedures are written and implemented.  These should 
lay down standard operational requirements for the whole chain of events from 
sample collection right through to archiving.  Such procedures must clearly state 
exactly who must do exactly what, where and when.  They must be easily accessible, 
widely communicated, regularly updated and faithfully followed.  In addition, DQC 
should provide for the screening of data values as they are submitted to the archive, 
in order to maximise the chance of detecting errors (including outliers) which slip 
through the procedural net. 
 
The issue of DQC procedures in general and data screening in particular are covered 
fully in the supporting note on Data Quality Control. 
 


 
RULE 2: Checking distributional assumptions  
 


Verify that any assumptions about the probability distribution (e.g. Normal, 
 log- Normal) are justified. 
 
As stated in the definition, a data value is a suspected outlier when there is a clash 
between (i) the value observed, and (ii) the data user's model of the process which 
gives rise to the data.   
 
The user's first thought is that the data value must be at fault.  However, it may be 
that the data is perfectly correct but that his model of the process is wrong, or only 
approximate. For example, he may have been mistakenly assumed that the 
determinand in question follows a Normal distribution, whereas the suspected outlier 
is actually the first evidence that a more appropriate model for the data would be the 
log-Normal distribution. 
 
It is therefore of great importance to check periodically that any assumption about the 
distribution of a determinand is justified.  
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B.4 DIAGNOSIS - DETECTING AND ASSESSING OUTLIERS 
 


RULE 3: Detecting outliers 
 


Suspected outliers should be investigated using Rules 3a, 3b and 3c. 
 
 


RULE 3a: Clarity of purpose  
 


Be clear about the purpose of the data analysis, and remove any data values 
which are not appropriate for that purpose. 
 
If insufficient thought has gone into the exact purpose of the data analysis and, as a 
result, some of the data obtained is not appropriate to that purpose, it is quite possible 
that some values will appear to be outliers.  For example, a data set intended to 
characterise routine conditions should not include pollution incident data.  Always 
ensure, therefore, that full use is made of the right retrieval mechanisms, such as 
purpose codes, method codes and lab codes, to fine down the selection. 
           
 


RULE 3b: Statistical influence 
 


Assess the 'influence' of the suspected outlier by performing the data analysis 
twice - once with it included, and again with it excluded. If this makes little 
difference, then nothing further need be done. 
         
Even if the value or values which are arousing suspicion really are outliers, they may 
make no difference to the conclusion of the analysis. In statistical jargon, their 
'influence' may be small. The recommended procedure is therefore to perform the 
analysis twice - once with the suspected outliers included, and once with them 
excluded.  If the two analyses lead to the same conclusion, or cause the analyst to 
take the same course of action, then there is little point in considering the matter any 
further. If, however, the suspected outliers do affect the outcome, Rule 3c should be 
applied. 
 


RULE 3c:  'Discordant' data 
 


If the suspected outlier does have a severe effect on the result of an analysis, 
first see what is revealed by plotting the data. Then, if necessary, use one of 
the Normality-based or non-parametric 'discordancy' tests described in Part C 
in order to decide whether or not the point is a genuine outlier. 
 
The simple graphical exploration of data - by (for example) time series, scatter plots, 
histograms, and Normal probability plots - is always a very worthwhile first step.  This 
in itself may be sufficient to demonstrate the genuineness of the outlier, and perhaps 
even to suggest how it arose (drought year; unusual sampling time; obvious mis-
punching).  Where more formal evidence is needed, Part C.1 gives details of the 
recommended discordancy test for the situation where the data (or some 
transformation, such as the logarithm of the data) is known or can be assumed to be 
Normally distributed. Where the form of distribution cannot reasonably be assumed, 
Part C.2 gives a selection of non-parametric and graphical methods which may be 
tried. 
 
Note that the methods of Part C may be used either in producing an exception report 
before archiving the data, or as a precursor to the analysis of data after retrieval from 
the archive.  It is also worth remembering, before delving into sophisticated 
techniques, that simple checks based on the physics and/or chemistry of the 
determinand in question can often show up errors. For example, pH values greater 
than 11.0 or temperatures below zero are suspect. 
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B.5 TREATMENT - WHAT TO DO ON DETECTING AN OUTLIER 


 
RULE 4: Excluding outliers 
 


When performing a detailed analysis of a data set containing values that are 
known to be outliers or have failed a discordancy test, proceed as follows: 


 
i) exclude the outliers from the analysis and proceed with the remainder of 


the data as if they hadn't occurred; but also 
 
ii) add to the report a separate section which: 


 lists the outlier dates, times and values; 


 explains why they were excluded; and 


 indicates any operational changes required to prevent them 
occurring again. 


 
We stated in Rule 1 that outliers should not just be discarded without investigation, 
because they may be conveying valuable information. For this reason it is important, 
if suspected outliers have been excluded from a particular analysis, that the results 
of that analysis are accompanied by a statement of what values were excluded and 
why. 
 
Valid reasons for exclusion (and separate reporting) of suspected outliers would be 
that they arose through an intermittent instrument fault, or that they have failed a 
discordancy test. 


 
 
RULE 5: 'Accommodating' outliers  
 


When routinely obtaining summary statistics for a data source that is known to 
be subject to an intermittent cause of outliers, 'accommodate' the outliers - 
either by redefining the model of the process, or by using the so-called
'robust' methods of Part D. 
         
It sometimes happens that summary statistics are still needed even when the source 
of the data is well known to be prone to outliers. If investigation has shown that the 
outlier has arisen because the current model is only approximate, and needs to be 
made more sophisticated, then it may be worthwhile to update the model, and to 
revise the calculation methods and reports accordingly. An example of this would be 
when a Normal distribution model was updated to a log-Normal.  If the regular report 
included an estimate of, for example, the 95%ile, then the procedure for calculating it 
would also need to be updated accordingly. 
 
If frequent contamination by outliers is anticipated but revision of the distribution 
model is impractical, use the robust methods of Part D in order to accommodate them.  
Robust methods are procedures which can be easily applied to every data set 
obtained from the source, and which reduce the harmful effects of outliers when they 
are present without causing undue bias in the summary statistics when they are not 
present.   


 
PART C - 'DISCORDANCY' TESTS 
 
C.1 TESTING FOR DISCORDANCY WHEN THE STATISTICAL DISTRIBUTION MODEL 


CAN REASONABLY BE ASSUMED 
 


The general testing procedure 
 
When the probability distribution of the data can be assumed, the general procedure 
for testing whether a particular data value is an outlier is as follows: 
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Suppose that n random samples have been taken from the assumed distribution, and 
the maximum of those n data values is suspiciously large. That value should be 
declared to be an outlier only if its probability of occurrence is small when referred to 
the distribution of the quantity:  
 


The maximum out of n values drawn at  
random from the assumed distribution.  


 
 
The recommended test assuming Normality 


 
The following test may be used either: 
 
i) when the assumed underlying distribution is Normal; or 
ii) when the data can be transformed (e.g. by taking logarithms) so as to make it 


Normal. 
 
The test statistic is: 
                    
      tmax = (x(n) - m)/s,    
 
where  x(n) is the maximum of the n data values, 


m   is the mean of the data values, and 
s    is the standard deviation of the data values. 


 
Critical values of the test statistic are given in Table C.1. 
 
Further details on this and other tests of this type may be found in the key work 
'Outliers in Statistical Data', by Barnett and Lewis.  


 
    Table C.1 - Critical values of the statistic tmax 


 
 


No. of  
values 


 
P = 5% 


 
P = 1% 


 
P = 0.1% 


  4 1.46 1.49 1.50 


  5 1.67 1.75 1.78 


  6 1.82 1.94 2.01 


  7 1.94 2.10 2.21 


  8 2.03 2.22 2.36 


  9 2.11 2.32 2.47 


10 2.18 2.41 2.63 


12 2.29 2.55 2.84 


14 2.37 2.66 2.93 


16 2.44 2.75 3.10 


18 2.50 2.82 3.16 


20 2.56 2.88 3.26 


30 2.74 3.10 3.49 


40 2.87 3.24 3.72 


50 2.96 3.34 3.80 


60 3.03 3.41 3.89 


80 3.13 3.53 3.97 


100 3.21 3.60 4.06 


120 3.27 3.66 4.14 


150 3.35 3.72 4.17 


200 3.44 3.81 4.25 


300 3.55 3.91 4.35 
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No. of  
values 


 
P = 5% 


 
P = 1% 


 
P = 0.1% 


400 3.64 3.97 4.37 


500 3.69 4.03 4.46 


 
 
Worked Example 
 
The following example illustrates the use of the procedure. 
 
Suppose we wish to estimate the mean BOD concentration for a particular effluent 
over the last three years, and have retrieved the relevant data from the archive.  The 
resulting 60 values, ranked into increasing order, are listed below: 
 


   1.3   1.4   1.5   1.6   1.6   1.7   1.8   1.8   1.8   1.9 


   2.1   2.1   2.3   2.4   2.5   2.5   2.7   2.9   3.3   3.3 


   3.5   3.5   3.6   3.6   3.7   3.7   3.8   3.8   3.9   3.9 


   3.9   4.0   4.0   4.1   4.4   4.4   4.8   4.9   5.1   5.3 


   5.4   5.4   5.6   5.7   5.8   5.8   5.8   6.2   6.9   7.4 


   7.4   7.5   7.5   7.9   8.0   8.3   8.4   9.1  21.6  28.2 


 


 


 
Suppose we are suspicious of the maximum of these 60 values, namely 28.2 mg/l.  
As effluent BOD is commonly found to be approximately log-Normally distributed, it 
is appropriate to carry out the test on the logarithms of the data.  So the first step is 
to log each of the 60 values.  Using logs to base 10, this gives: 


 
   0.114  0.146  0.176  etc ...  0.959  1.334  1.450 


 


These 60 logged values have a mean of 0.603 and a standard deviation 0.271, whilst 
the suspected outlier is 1.45.  The test statistic is therefore: 
 
    tmax = (1.450 - 0.603)/0.271 = 3.13. 
 
Consulting Table C.1 we find that the 5% and 1% critical values for 60 values are 3.03 
and 3.41.  The observed value, 3.13, is therefore significant at the 5% level but not 
the 1%.  In other words, the 28.2 mg/l BOD value does appear to be unusually high, 
but not overwhelmingly so. 
 
 


Applying the test to multiple suspected outliers 
           
If multiple outliers are present, the effectiveness of a single-outlier test will be 
weakened: there is a 'masking' effect when two large outliers are close together which 
hides one of them.  If, on the other hand, a 'block' test is used to test specifically for, 
say, two outliers, this is liable to reach a significant conclusion even when only a 
single large outlier is present - a phenomenon called 'swamping'. 
 
The best approach, therefore, when the data contains an unknown number of 
suspected outliers, is the 'outward consecutive' method. With this, an upper limit k on 
the number of possible outliers is specified, and the suspects are then tested one at 
a time, working from the least to the most extreme.  The details of the procedure are 
as follows: 
 
Starting with the (n-k) 'reliable' data values, augment these by just the least extreme 
of the k suspected outliers.  Calculate the mean and standard deviation of those (n-
k+1) values, and perform the single-outlier test as usual.  If the suspect fails to be 
confirmed as an outlier, pool it with the (n-k) reliable values, recalculate the mean and 
standard deviation, and then test the next least extreme suspect.  Continue in this 
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way until a suspected outlier is declared to be a genuine outlier. All the remaining 
(and hence more extreme) values are then declared to be outliers also.  
 
It is recommended that an upper ceiling of n/10 be placed on the maximum number 
of possible outliers, k. 
 
It might be thought that, as the multiple-outlier test provides several opportunities for 
false positives, the actual significance levels would be somewhat higher than the 
nominal values quoted in Table C.1 for the single-outlier case (viz 5% and 1%).  That 
is not the case, however.  When the data values really do come from a Normal 
population, the multiple-outlier test very rarely produces false positives unless the 
single-outlier test does so also - a characteristic that we have confirmed by computer 
simulation. 
 
The procedure described above has been produced as a computer routine, MOT. 


 
C.2 TESTING FOR DISCORDANCY WHEN THE STATISTICAL DISTRIBUTION MODEL 
 CANNOT REASONABLY BE ASSUMED  


 
General principles  


 
If our model of the process is too vague, we cannot use the methods of Part C.1.  
Indeed, some writers insist that if there is no model, there can be no such thing as an 
outlier.  
 
What we can do, however, is to make use of more empirical methods such as range 
checks, and graphical methods which check in some way that current data is at least 
reasonably consistent with past data. 
 
 


Range checks 
 
A range check is established by choosing upper and lower values, and arranging for 
a warning or 'exception report' to be issued whenever a new data value falls above 
the upper or below the lower limit. As specified in the Data Quality Control procedures, 
the exception report should then be passed to the appropriate officer.  It is his or her 
responsibility to find any error and correct it, and then sign off the result if it is valid, 
or reject it if it is invalid. 
 
There are a variety of ways of choosing the parameter values for the range checks.  
Four possible approaches are described below. 
 
Range checks set by experience 
 
The upper and lower values may be initially set on the basis of experience, or on the 
basis of what appears to make physico/chemical sense.  When the range check is 
set in this way, values are likely to arise, sooner or later, that are outside the range 
but are nevertheless subsequently verified as being valid.  When that happens, it is 
vital that the upper/lower range check parameters are updated accordingly.  It is the 
failure to do this in the past which has so often led to range checks becoming 
distrusted and eventually ignored or overridden. 
 
Conversely, if it becomes apparent that the upper and/or lower limits are insufficiently 
stringent, they should likewise be revised accordingly. 


 
 
Range checks using minimum and maximum of past data 
 
If we happen to have a past data set that we believe to be representative of the 
population of interest and to contain no outliers, we can use this to derive the range 
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check.  One approach is simply to take the minimum and maximum values from this 
data set, and use these as our range check parameters.  The disadvantage of this 
method (and the preceding method), however, is the lack of information about the 
likelihood of false alarms. 


 
Range checks based on estimated percentiles 
 
A better way of deriving an upper range check, which does give a known probability 
of a false alarm, is as follows.   
 


 Select a suitably high percentage point, P (e.g. 99.5) 


 Calculate n such that the maximum of n random samples is a non-parametric 
estimate of the P-percentile.  


 Then use the maximum of n values randomly selected from valid past data to 
define the upper warning limit. 


 
For example, using the Weibull convention (see the Code of Practice CoP/PLE on 
Methods for estimating percentiles') the largest of 199 randomly selected values is an 
estimate of the 199/(199+1) = 99.5%ile of the distribution.  Thus, from 199 randomly 
selected values of valid past data, the largest value could be used as the upper 
warning limit.  This would ensure that, in the long run over many data sets, there was 
a probability of only 0.5% of issuing an exception report when a data value was 
actually valid. 
 
Lower range checks may be derived in a similar way. 
 
Range checks based on confidence limits for percentiles 
 
This is a slightly more complex variant of the previous method which builds in a 
greater safety margin.  The scheme is to arrange that the maximum of n values, rather 
than estimating the P-percentile, is some suitable upper confidence limit on the P-
percentile.  For example, the largest of 460 randomly selected values from a 
distribution is a non-parametric upper 90% confidence limit for the 99.5%ile of that 
distribution.  By this method, therefore, 460 observations are selected at random from 
validated past data and the largest value is used as the upper warning limit.   
 
Now our guarantee is this.  Even if our initial choice of 460 values were to contain 
unluckily few high values, we would still be 90% confident that the percentile 
estimated by the maximum was at least as extreme as the 99.5%ile.  Thus we would 
be 90% confident that the chance of wrongly issuing an exception report when a high 
data value really was valid was no more than 0.5%. 
 
Again, lower range checks may be derived in a similar way. 


 
Graphical methods 


 
A variety of graphical summary methods can be used to pick out those values which 
in some respect stand apart from the bulk of the data. 
 
The Box and Whisker plot  
 
The 'boxplot' is a specialised diagram for displaying the main features of a set of data.  
It is capable of being produced by most statistical software packages.  The technique 
is presented here for its particular use in highlighting suspected outliers.  
  
        |-----------|                


--------|   +       |-----------------   *  *          O 


        |-----------| 


                    


+---------+---------+---------+---------+---------+---------+--      


5.0       7.5      10.0      12.5      15.0      17.5      20.0 
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The 'box' represents the middle 50% of the data - that is, the interval from the 25%ile 
to the 75%ile; within this, the median is marked with the symbol '+'.  The 'whiskers' 
then indicate the spread of the data beyond either edge of the box.  With a well-
behaved data set, the left-hand whisker would run from the left edge of the box to the 
minimum data value, whilst the right-hand whisker would run from the right edge of 
the box to the maximum value. 
 
If, however, the data should contain suspiciously extreme values - as defined by the 
various criteria built into the boxplot calculation procedure - the whiskers stop short 
of the minimum and/or maximum.  The suspect values are then plotted separately 
beyond the whiskers using special symbols to indicate the location of 'possible' 
outliers ('*') or 'probable' outliers ('O'). 
 
It should be noted that the boxplot definitions of possible and probable outliers are 
based on empirical rules of thumb rather than specific distributional assumptions.  The 
flagging of such data values in a boxplot should therefore be regarded as supporting 
rather than definitive evidence. 


 
PART D - 'ACCOMMODATION' 
 
D.1 ACCOMMODATION WHEN ESTIMATING THE MEAN AND STANDARD DEVIATION 


 
Estimating the mean 


 
With the discordancy tests described in Part C, an observation which the test decrees 
to be an outlier is excluded from the routine analysis and is reported separately. 
 
The situation in which accommodation is called for is different, and is something of a 
last resort.  Here, we are in the position of knowing that data sets are quite likely as 
a general rule to contain outliers, but we do not wish - or perhaps are not able - to 
inspect each data set in detail.  What we wish to do is to estimate the mean of the 
underlying distribution in a way that will minimise the ill effects of any outliers that may 
have arisen from some contaminating distribution. 
 
The recommended procedure in this case is the technique known as 'trimming'.  In its 
simplest form this consists simply of omitting the minimum and maximum values from 
the data set, and then using the arithmetic mean of the remaining values to provide a 
'trimmed' estimate of the mean. 
 
Depending on the expected degree of contamination, it may be advisable to trim to a 
greater extent - that is, to remove not just one but several values from either end.  In 
this case, however, the advice of a statistician should be sought. 
 
A frequently used alternative to trimming is 'Winsorising', whereby extreme values are 
replaced by their nearest neighbours (rather than simply being omitted).  We mention 
the technique because some readers might encounter it in statistical packages.  
Again, this is a somewhat specialised procedure that should not be used without 
statistical guidance. 
 
 
 
 
Worked example 
 
Suppose we have the following 20 sample values: 
 
23.2, 23.4, 23.4, 23.5, 24.1, 25.5, 25.5, 27.0, 27.5, 28.1,  


28.8, 29.1, 29.9, 31.5, 33.1, 33.4, 33.8, 44.2, 44.2, 75.5 
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Using trimming, the data set would be modified to become:   
 
  -   23.4, 23.4, 23.5, 24.1, 25.5, 25.5, 27.0, 27.5, 28.1,  


28.8, 29.1, 29.9, 31.5, 33.1, 33.4, 33.8, 44.2, 44.2    - 


 
Thus the trimmed estimate of the mean is: 
 
(23.4 + 23.4 + ... + 44.2)/18  =  29.8. 


 
If the value 75.5 was not an outlier, then by discarding values at both ends of the 
sample the net effect on the mean should be more or less neutral.  If, however, 75.5 
was an outlier, then we have successfully eliminated it, at the minor cost of also losing 
the smallest data value.  In the long run, the effect of this will be to introduce a slight 
upwards bias in the estimate of the mean. 
 
Estimating the standard deviation           
 
We can similarly use the trimmed data set to estimate the standard deviation.  
However, this will tend to under-estimate the true standard deviation whenever the 
data in fact contains no outliers.  The bias is more pronounced than in the case of the 
mean, and so it is advisable to apply a correction factor.  As Table D.1 shows, the 
factor depends on the number of values in the (untrimmed) data set: with only 10 
values, the trimmed standard deviation estimate must be increased by the substantial 
figure of 1.37; whilst with 50 samples, the estimate needs to be inflated by less than 
10%. 
 
Table D.1 - Bias-correction factors for trimmed standard deviation estimates 


 
 
 


 
No. of 
values 


 
Factor 


 
No. of  
values 


 
Factor 


 
No. of  
values 


 
Factor 


 
 


 
 10 


 
 1.37 


 
 18 


 
 1.21 


 
 36 


 
 1.12 


 
 


 
 11 


 
 1.34 


 
 20 


 
 1.20 


 
 40 


 
 1.11 


 
 


 
 12 


 
 1.31 


 
 22 


 
 1.18 


 
 45 


 
 1.10 


 
 


 
 13 


 
 1.29 


 
 24 


 
 1.17 


 
 50 


 
 1.09 


 
 


 
 14 


 
 1.27 


 
 26 


 
 1.16 


 
 60 


 
 1.08 


 
 


 
 15 


 
 1.25 


 
 28 


 
 1.15 


 
 70 


 
 1.07 


 
 


 
 16 


 
 1.24 


 
 30 


 
 1.14 


 
 80 


 
 1.06 


 
 


 
 17 


 
 1.23 


 
 33 


 
 1.13 


 
 100 


 
 1.05 


 
 
 
Worked example 
 
For the trimmed data used in previous example, the standard deviation is 6.26.  As 
the number of values is 20, a factor of 1.20 should be used.  Thus the corrected 
estimate of the standard deviation is 7.51. 


 
 
D.2 ACCOMMODATION WHEN ESTIMATING A PERCENTILE  


 
Parametric estimates 
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When trimmed estimates of the mean and standard deviation of the underlying 
distribution have been obtained, these may be inserted into the relevant expression 
(see 'Methods for estimating percentiles') to calculate the estimate of any required 
percentile.   
 
 


Non-parametric estimates 
 
Because non-parametric methods are based on ranking the data, they are relatively 
immune to outliers in all but the smallest samples (or the most extreme percentiles).  
This is one of the main reasons for preferring non-parametric estimates of percentiles. 
 
For example, in a sample of 19 values containing a single outlier, the estimate of any 
percentile equal to or lower than the 90th will be unaffected.  This is because, using 
the Weibull convention, the estimate of the 90%ile is given by the 0.90*(19+1)th value 
- that is, the 18th. 
 
Non-parametric methods are sometimes criticised for the fact that when estimating a 
high percentile with a small sample size, a single outlier can itself become the 
estimate.  For example, in estimating the 95 percentile from just 19 sample values, 
the estimate is the 0.95*(19+1)th = the 19th largest value.  If the largest of the 19 
values is an outlier, therefore, the non-parametric estimate of the 95%ile will be that 
outlier. 
 
In answer to this criticism, the following points are relevant: 
 
i) A parametric estimate would also be wrong. 
 
ii) If genuine outliers are so common that they have a significant impact on, for 


example, estimated river class across a whole region, then the most important  
  message is not that the method of estimating percentiles should be changed,  
  but that the implementation of DQC procedures should be a high priority. 


 
iii) Reiterating an earlier point, it may actually be that the data values which the 


analyst thinks may be outliers are in fact valid, and that his perception of the  
  process giving rise to the data is at fault. 
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4.0 Methods for estimating percentiles 


 
This Code of Practice gives a set of rules for estimating percentiles.  The rules are stated and 
illustrated here in Part A without elaboration.  Part B then discusses the rules in more detail.  
Finally, Part C provides the statistical background needed in applying certain of the rules. 
 
4.1 PART A - RULES 
 


The P-percentile... the value below which P% of all possible values from a particular 
statistical population fall.  A convenient and common shorthand for the 'P-percentile' 
is the 'P%ile'. 


 
For example, the 95%ile ammonia concentration at a particular river sampling point 
for 1990 is the value that was met or bettered for 95% of the time by ammonia 
concentrations at that point of the river during 1990.  Equivalently, it is the 
concentration value that was exceeded for 5% of the time. 


 
Note that the true 95-percentile can never be known except by continuous, error-free 
monitoring; it can only be estimated from a set of sample values. 


 
RULE 1: Need for consistency 
 


Whenever percentile estimates are likely to be used to provide a national assessment, 
or for inter-regional comparisons, consistency between Agency regions in the 
derivation and interpretation of those percentiles is of paramount importance.  


 
RULE 2: Check that a percentile is actually needed 
 


If the reason for calculating a percentile is solely to test for compliance with a 
percentile standard, it is usually preferable to carry out such assessments in terms of 
the number (or percentage) of excedences.  Thus in some situations it may not 
actually be necessary to calculate a percentile at all.  


 
RULE 3: Estimation method used 
 


The statistical method used for estimating percentiles should always be stated 
explicitly.  Provided sufficiently many samples are available (see Rule 6), a non-
parametric method is preferable - especially for general-purpose reporting (see Rule 
4a).  In more specialised applications, or as a fall-back position in cases where the 
data is limited, a parametric method may be used (see Rule 4b). 


 
RULE 4a: Non-parametric methods 
 


The recommended non-parametric method for estimating percentiles is the 'Weibull' 
method.  Using this, the P-percentile is estimated by the 'r-th' value out of n random 
sample values sorted into increasing order, where r = (P/100)(n+1). 


 
If (as will generally be the case) r is not an exact whole number, the estimate should 
be obtained by linear interpolation between the relevant pair of neighbouring values. 


 
 
RULE 4b: Parametric methods 
 


Where a parametric method is used, any evidence for the assumed distributional 
model should be indicated in a footnote.  In the absence of specific evidence, the log-
Normal assumption will usually provide an adequate approximation for most common 
determinands.  For DO, pH and temperature, however, the assumption of Normality 
is more appropriate.   
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The most appropriate formulas to use in various circumstances are presented and 
illustrated in Part B. 


 
RULE 5: Confidence limits 
 


The Agency's monitoring objectives often call for the estimation of extreme 
percentiles such as the 95%ile and beyond from limited numbers of samples.  
Percentile estimates in such circumstances can be subject to considerable statistical 
uncertainty, and so it is especially important to accompany them with confidence 
limits. For routine applications, a confidence level of 90% is recommended (see 
'Presenting summary statistics').   


 
Where only approximate confidence limits can be calculated, these are wholly 
acceptable as a substitute provided that the captions are amended accordingly. 


 
RULE 6: Amount of data required for the Weibull method 
 


The more extreme is the required percentile in relation to the median (50-percentile), 
the greater is the amount of data needed before the Weibull method can be used.  If 
Q is the numerical difference (ignoring sign) between P and 50, then the minimum 
number of samples needed to estimate the P-percentile is given by (50+Q)/(50-Q).  
For the 95%ile (or the 5%ile), for example, Q is 45 and so the minimum number of 
samples is 95/5 = 19. 


 
A Weibull percentile estimate will be more reliable - particularly  where the data may 
contain occasional suspected outliers - if its calculation makes no direct use of the 
maximum (or minimum) data value.  To achieve this, the number of samples must be 
at least (150+Q)/(50-Q).  For the 95%ile, this gives a target sample number of 195/5 
= 39. 


 
 
4.2 PART B - BACKGROUND 
 
RULE 1: Need for consistency 
 


Whenever percentile estimates are likely to be used to provide a national 
assessment, or for inter-regional comparisons, consistency between Agency 
regions in the derivation and interpretation of those percentiles is of paramount 
importance.  


 
Whilst this rule applies to any type of summary statistic, it is particularly important 
where percentiles are concerned - for two main reasons: 
 
i) several different percentile estimation methods are in common use, each 


relying on a particular set of statistical assumptions, and the answer will 
depend on which  is chosen; 


 
ii) whatever method is used, the uncertainty in the estimate will in many cases 


be considerable, given the amount of data typically available. 
 
RULE 2: Check that a percentile is actually needed 
 


If the reason for calculating a percentile is solely to test for compliance with a 
percentile standard, it is usually preferable to carry out such assessments in 
terms of the number (or percentage) of excedences.  Thus in some situations it 
may not actually be necessary to calculate a percentile at all.  


 
Suppose, for example, that a 90%ile limit has a numerical value of 6 mg/l.  One way 
of judging compliance with this limit, given a set of sampling data, would be to 
estimate the 90%ile and see whether or not the estimate was greater than 6 mg/l.  As 
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we note above, however, percentile estimation is complicated by the variety of 
methods available and the differing assumptions they make.  Further technical issues 
are raised if, additionally, the question of whether the estimate is significantly 
greater than 6 mg/l is to be addressed.  Such complications are unwelcome in a legal 
setting.   


 
If, in contrast, the assessment is based on the number of excedences of the standard 
in relation to the total number of samples taken, matters are much simpler.  Suppose, 
for example, that the five largest values in 24 samples are 5.4, 5.5, 6.8, 7.2 and 47.1.  
We see from these that there are three excedences of the 6.0 mg/l limit out of the 24 
samples; and those two numbers - 3 and 24 - are all that is needed for the 
assessment.  This is true whether compliance is to be judged: 


 
a) by a 'P% of samples' rule - as it is with the majority of EC Directives; or 
b) with an appropriate allowance made for sampling variability - as in the case of  
 the DoE effluent compliance Look-up Table, and, more recently, the Urban 


Waste Water Treatment Directive.   
 
In the latter case, the statistical details are unambiguous and universally applicable; 
there is also the advantage that the approach can be applied however few samples 
are available. 


 
 
RULE 3: Estimation method used 
 


The statistical method used for estimating percentiles should always explicitly 
be stated.  Provided sufficiently many samples are available (see Rule 6), a non-
parametric method is preferable - especially for general-purpose reporting (see 
Rule 4a).  In more specialised applications, or as a fall-back position in cases 
where the data is limited, a parametric method may be used (see Rule 4b). 


 
The various recommended estimation methods are illustrated below with the help of 
a worked example based on data presented in Part C. The river quality data set 
summarised contains 67 values of DO(%) and BOD covering a three-year period. 


 
RULE 4a: Non-parametric methods 
 


The recommended non-parametric method for estimating percentiles is the 
'Weibull' method.  Using this, the P-percentile is estimated by the 'r-th' value 
out of n random sample values sorted into increasing order, where 
r = (P/100)(n+1). 


 
If (as will generally be the case) r is not an exact whole number, the estimate 
should be obtained by linear interpolation between the relevant pair of 
neighbouring values. 


 
Suppose we wish to estimate the 95%ile from the 67 BOD values listed in Part C.  
The Weibull formula gives r = 0.95(68) = 64.6.  This is interpreted as 0.6 of the way 
between the 64th and 65th ordered data values (6.1 and 6.4 respectively). Thus the 
estimated 95%ile is 6.1 + 0.6(6.4-6.1) = 6.28 mg/l. 


 
It is worth mentioning in passing that the Weibull is not the only possible non-
parametric approach.  As we discuss briefly in Part C, there are many other options, 
each with their various statistical strengths and weaknesses.  We recommend the 
Weibull, nevertheless, for a combination of reasons: 


 


 through wide use in the water industry, it has become well established over 
many years of water quality applications; 


 its main statistical strength  - biasedness in probability terms (see Part C) - is 
particularly relevant to compliance applications; and  
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 it is easy to understand and use. 
 
RULE 4b: Parametric methods 
 


Where a parametric method is used, any evidence for the assumed 
distributional model should be indicated in a footnote.  In the absence of 
specific evidence, the log-Normal assumption will usually provide an adequate 
approximation for most common determinands.  For DO, pH and temperature, 
however, the assumption of Normality is more appropriate.   


 
The most appropriate formulas to use in various circumstances are presented 
and illustrated in Part B. 
 
Normality  


 
Where Normality can be assumed, the formula to use is: 


 
P%ile  =  mean + u(st.dev.) (1) 


 
where u is the standard Normal deviate cutting off a cumulative probability of P%.  For 
the 95%ile, for example, u is 1.645; for the 5%ile, u is -1.645. 


 
We can illustrate the approach using the 67 DO values listed in Part C.  For this data 
the mean is 66.8 and the standard deviation is 19.0.  The 5%ile estimate is therefore: 


 
5%ile = 66.8 - 1.645(19.0) = 35.5 % sat. 


 
 


log-Normality 
 


Where log-Normality can be assumed, there are two options.  These are known as 
'Maximum Likelihood'  (MaxL) and 'Method of Moments'  (MofM).  According to 
standard statistical theory (see for example Aitchison and Brown), the MaxL method 
is the better choice.  This involves taking logs of each raw data value, then applying 
formula (1) above, and finally anti-logging the result to return to the unlogged world.   


 
MaxL 


 
We can illustrate the approach using the BOD data again.  (In practice it is more 
common to use logs to base 10, but here we will use logs to base e so that this 
example can be compared directly with the MofM example that follows.) 


 
Summary statistics for the logged data (using base e) are: 


 
mean = 1.153 
and st.dev. = 0.376 


 
and so 95%ile = 1.153 + 1.645(0.376) = 1.772, 
which, when anti-logged, gives a 95%ile estimate of 5.88 mg/l. 


 
One practical problem arises with the MaxL approach when there happen to be values 
very close to zero: these, when logged, can produce large negative values which 
inflate the estimate of the standard deviation, thereby overstating the percentile 
estimate. The MofM approach avoids this problem by starting with the summary 
statistics for the raw data, and estimating the mean and standard deviation of the 
logged data indirectly via certain mathematical relationships that apply for the log-
Normal distribution.   


 
 
MofM 
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To repeat the BOD example, therefore, we find that for the raw data: 


 
mean = 3.40 mg/l 
and st.dev. = 1.38 mg/l. 


 
Next we obtain estimates of the logged-data summary statistics using the equations 
given in Part C.  These give: 


 
mean = 1.148 
and st.dev. = 0.391. 


 
Now we proceed as before with formula (1).  Thus: 


 
  95%ile = 1.148 + 1.645(0.391) = 1.790, 


which, when anti-logged, gives a 95%ile estimate of 5.99 mg/l. 
 


The problem caused by near-to-zero data values is particularly likely to arise with 
ammonia concentrations in good-quality rivers.  It is for this reason that the Agency 
guidelines for the analysis of the 1990 River Quality Survey data stipulated that 
percentiles for chemical quality data were to be estimated using Method of Moments. 


 
Readers with access to suitable distribution-fitting software may find it instructive to 
examine a few river quality data sets and see how much or little difference there is, in 
cases where the log-Normal model gives a reasonable representation of the data, 
between the MaxL and MofM estimation methods.  


 
RULE 5: Confidence limits 
 


The Agency's monitoring objectives often call for the estimation of extreme 
percentiles such as the 95%ile and beyond from limited numbers of samples.  
Percentile estimates in such circumstances can be subject to considerable 
statistical uncertainty, and so it is especially important to accompany them with 
confidence limits. For routine applications, a confidence level of 90% is 
recommended (see 'Presenting summary statistics'). 


 
Where only approximate confidence limits can be calculated, these are wholly 
acceptable as a substitute provided that the captions are amended accordingly. 


 
Formulas for calculating confidence limits for percentiles are detailed in Part C.  Those 
for non-parametric limits are exact; those given for parametric cases are approximate. 


 
Whichever formula is used, the limits can be tedious to calculate manually.  
Appropriate software is needed, therefore (whether as stand-alone routines or via 
summary options in the quality archive), to enable Agency river quality assessment 
staff to develop a practical appreciation of the uncertainty associated with percentile 
estimation.  One example of such a program is ARCTIC_SEAL; this is available as 
the Test Data Facility procedure ARC. 


 
 
 
 
RULE 6:    Amount of data required for the Weibull method 
 


The more extreme is the required percentile in relation to the median (50-
percentile), the greater is the amount of data needed before the Weibull method 
can be used.  If Q is the numerical difference (ignoring sign) between P and 50, 
then the minimum number of samples needed to estimate the P-percentile is 
given by (50+Q)/(50-Q).  For the 95%ile (or the 5%ile), for example, Q is 45 and 
so the minimum number of samples is 95/5 = 19. 
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A Weibull percentile estimate will be more reliable - particularly where the data 
may contain occasional suspected outliers - if its calculation makes no direct 
use of the maximum (or minimum) data value.  To achieve this, the number of 
samples must be at least (150+Q)/(50-Q).  For the 95%ile, this gives a target 
sample number of 195/5 = 39. 


 
Although the Weibull method does technically work for the bare minimum number of 
samples, viz. (50+Q)/(50-Q), it is strongly influenced with this few samples by any 
occasional 'flyer' that turns up in the data.  Instances of this were seen, for example, 
in the data analysis for the 1990 River Quality Survey when the Weibull method was 
applied to data sets containing between 20 and 38 samples. 


 
Of course, it can be argued that if uncomfortably extreme values become a regular 
occurrence, they are a valid part of the population being sampled and so it is right 
that they should influence the percentile estimate.  (See the discussion in Code of 
Practice CoP/OLR on 'Methods for handling outliers'.)  Nevertheless, it is sensible to 
try to lessen the influence that dubious extreme data values exert on the estimate.  
One practical way of achieving this is to ensure that the number of samples is 
sufficiently large for the Weibull estimate to involve no value greater than the second-
biggest.  This leads to the result given in Rule 6.   


 
The ratio of 'robust minimum' to 'bare minimum' number of samples is 
(150+Q)/(50+Q).  For estimating extreme percentiles such as the 90%ile and beyond, 
therefore, the target number of samples is roughly double the bare minimum number.  


 
REFERENCES 
 


Aitchison J and Brown J A C (1969)  The logNormal distribution. Cambridge University 
Press. 


 
4.3 PART C - TECHNICAL DETAILS 
 


The following two sections give details of methods for: 
 
i) estimating the P-percentile (P%ile) from n random samples; and 
ii) calculating an approximate 90% confidence interval around that P%ile estimate.   
 
First, Section C.1 describes the non-parametric Weibull method. Section C.2 then 
describes various parametric methods assuming Normality or log-Normality.  Listings of 
the data used for the worked examples given here and in Part B are provided in Section 
C.3.  Finally, Section C.4 provides a wider discussion of non-parametric methods in 
general, and the merit of the Weibull method in particular. 


 


C.1 FORMULAS FOR ESTIMATION AND CONFIDENCE LIMITS:  
NON-PARAMETRIC APPROACH 


 
First, the n sample values should be sorted into increasing order. Let the sorted 
values be denoted by x(1), x(2), ..., x(n). 


 
 
Next, calculate: 


 
p = P/100 
q = p(n+1) 
r  = integer part of q, and 
d = q - r 


The P%ile can then be estimated by:  
 


Estimate    P%ile   1),x(r+.d + x(r)d].-[1 = or, equivalently, 
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x(r)]. - 1).[x(r+d + x(r)  


 
(Note: for certain combinations of P and n, no solution is possible.) 


 
Now to calculate non-parametric confidence limits, we first need the binomial 
probabilities for the binomial distribution B(n,p).  Suppose these are denoted by  
Pr(0), Pr(1), ...Pr(n).  Each term can be calculated from: 


 


.n... 0,=r  ,)p-(1 p
r!r)!(n-


n!
 = Pr(r)


r)(n-r
 


 
Next, the two integers vmax and wmin are required: 


 
i) vmax is defined as the maximum value of v such that 
 


[Pr(i)]
v


0=i


   is 0.05.   


 
(For low percentiles, even a value of v as little as 0 may not satisfy this                


inequality.) 
 
 
ii) wmin is defined as the minimum value of w such that  
 
 


               [Pr(i)]
w


0=i


   is 0.95,  and w < n 


 
 


(For high percentiles, it is not always possible to find a value of w less than n.) 
 


The confidence limits can then be estimated (assuming both vmax and wmin can be 
obtained) by the following order statistics: 


 


Lower 90% conf. limit  1)+vx( = max  and 


 


Upper 90% conf. limit  1)+wx( = min  


 
Example 


 
In the Part B example, the Weibull 95%ile estimate for BOD was based on 67 
values.  With n = 67, the above inequalities lead to v and w values of 60 and 
66.  The confidence limits for 95%ile BOD are therefore the 61st and 67th 
ordered values - that is, 5.0 and 8.5. 


 
 
C.2 FORMULAS FOR ESTIMATION AND CONFIDENCE LIMITS: 


PARAMETRIC APPROACH 
 


Assuming Normality 
 


For a Normal distribution with mean  and standard deviation , the P%ile is given 
by: 


 


P%ile   u +  =  
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where u is the standard Normal deviate at cumulative probability p = P/100.  Values 
of u corresponding to common P values are: 


 
P: 5 50 90 95 99 
u: -1.645 0.000 1.282 1.645 2.326 


 
Suppose the n sample values have mean m and standard deviation s. The P%ile is 
then estimated by: 


 


P%ile us + m =   (1) 


 
The calculation of exact confidence limits goes beyond the scope of this Code of 
Practice.  The approximate limits given below, however, will be adequate for most 
purposes.   


 
First, calculate the approximate standard error of P%ile by: 


 
 


/n]1[.h.s = E , where h is the appropriate factor from Table C.1. 


 
An approximate confidence interval for P%ile is then given by: 


 


P%ile tE , 


 
where t is the value of Student's t corresponding to the desired confidence level and 
degrees of freedom.  For example, with 21 data values, there are 20 degrees of 
freedom, and so the t values for 90%, 95% and 99% confidence (obtained from any 
book of statistical tables) are 1.72, 2.09 and 2.85. 


 
Note that the question of Maximum Likelihood versus Method of Moments does not 
arise when Normality is assumed, as the two statistical approaches both arrive at the 
same values of m and s. 


 
 


Table C.1 - Approximate factors for calculating the standard error of percentiles 
estimated assuming Normality 


 
 
 
Percentile to be estimated: 


 
50 


 
40 


 
30 


 
20 


 
10 


 
5 


 
1 


 
 


 
 


 
60 


 
70 


 
80 


 
90 


 
95 


 
99 


        
Factor: 1.00 1.02 1.07 1.19 1.42 1.64 2.10 


Note: The derivation of the factors in this table is discussed in WRc's Sampling Handbook. 
 
 


Example 
 


In the Part B example, the 5%ile estimate for DO was 35.5, based on 67 values 
with mean and standard deviation 66.8 and 19.0. The quantity E is therefore: 


 


19.0(1.64) [ 1/67]  =  3.81. 


 
Also, Student's t for 90% confidence and 66 degrees of freedom is 1.67.  An 
approximate 90% confidence interval is therefore: 


 
         35.5     6.36 
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  viz.  29.1  to  41.9. 
 


Assuming log-Normality 
 


Suppose a determinand x follows a log-Normal distribution with parameters  and .  
This is equivalent to saying that the quantity ln(x) follows a Normal distribution with 


mean  and standard deviation .  ('ln' denotes 'log to base e'.)  This forms the basis 
of the Maximum Likelihood approach described below. 


 
 


The population mean (M) and standard deviation (S) of x itself can be expressed in 


terms of  and  as follows: 
 


   M  =  exp( +  0.52) (2) 
 


and  S/M  =  [ exp(2) - 1] (3) 


 
These relationships form the basis of the Method of Moments approach also 
described below. 


  
Maximum likelihood 


 
First, transform the original data values by taking logs.  (Either base 10 or base e can 
be used.)  Then for the logged data calculate the mean m and standard deviation s. 


  
Next, simply follow the Normal-based procedure described in the previous section 
and calculate the P%ile estimate and its associated confidence limits in the 'log world'. 


  
Finally, antilog the P%ile estimate and its confidence limits to translate them back to 
the 'unlogged world' of the original data. 


 
Example 


 
Continuing with the Part B example, there are 67 BOD data values, and ln(BOD) 
has mean 1.153 and standard deviation 0.376.  This gives a 95%ile estimate in 
the log-e world of 1.154 + 1.645(0.376) = 1.772.  Moreover, the quantity E is: 


 


     0.376(1.64) [ 1/67]  =  0.0753. 


 
Also, Student's t for 90% confidence and 66 degrees of freedom is 1.67.  Thus 
an approximate 90% confidence interval in the log-e world is: 


 
        1.772     0.126 


 
 viz.  1.646  to  1.898; and these, when anti-logged, give: 


 
          5.19  to  6.67. 


 
 
Method of Moments 


   


The MofM approach avoids the need to log the raw data.  Instead, estimates of  and 


 are obtained by inverting relationships (2) and (3) above as follows: 
 


Suppose that X  and C are the observed mean and coefficient of variation  


(= standard deviation/mean) of the raw data.  Then, using logs to the base e, 
calculate: 
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]C + ln[1 = s 2 , and 


 


s0.5 - )Xln( = m 2 . 


 
(Note that here, in contrast to the MaxL case, logs to base e rather than 10 must be 
used for the above expressions to hold.) 


 
Now follow the same procedure as in the MaxL case.  That is, use the Normal-based 
method for calculating the P%ile estimate and its associated confidence limits in the 
'log world'.  Then antilog those quantities to translate them back to the 'unlogged 
world'. 


 
Example 


 


For the unlogged BOD data, the mean, X , is 3.40 and the coefficient of 


variation, C, is 1.38/3.40 = 0.406.  Thus: 
 


0.391 =  0.152)( =  0.165)] + ln(1[ = s  and 


1.148 =  )0.50(0.165 - ln(3.40) = m . 


 
This gives a 95%ile estimate in the log-e world of 1.148 + 1.645(0.391) = 1.772.  
Moreover, the quantity E is: 


 


0.391(1.64) [ 1/67]  =  0.0783. 


 
As before, Student's t for 90% confidence and 66 degrees of freedom is 1.67.  
Thus an approximate 90% confidence interval in the log-e world is: 


 
1.772     0.131 


 
viz.  1.641  to  1.903; and these, when anti-logged, give: 


 
5.16  to  6.71. 


 
 
C.3   DATA USED IN THE WORKED EXAMPLES 
 


DO (% sat):  ranked data...                                          


 


17.2  28.0  28.4  32.1  38.0  48.0  48.6  49.0  49.0  49.7   


50.0  51.0  53.3  53.5  54.0  54.0  54.0  56.4  57.0  57.0   


58.0  60.0  60.0  61.0  61.0  62.0  62.0  62.0  64.0  64.0   


66.0  66.0  67.0  67.0  68.0  68.0  68.0  70.0  70.0  70.0   


71.0  71.0  72.0  73.0  73.0  73.0  74.0  74.0  76.7  77.0   


77.0  78.0  78.0  80.0  80.0  80.2  82.0  82.0  84.0  86.0   


87.0  89.0  92.0  96.0 104.0 120.0 126.0                        


 


 


BOD (mg/l):  ranked data...                                           


 


1.5   1.5   1.7   1.7   1.7   1.8   1.9   2.0   2.0   2.0    


2.1   2.1   2.3   2.4   2.4   2.5   2.5   2.5   2.6   2.7    


2.7   2.7   2.8   2.8   2.8   2.8   2.9   2.9   2.9   3.0    


3.0   3.2   3.2   3.2   3.2   3.3   3.3   3.3   3.4   3.4    


3.4   3.4   3.5   3.5   3.6   3.7   3.7   3.7   3.8   3.8    


3.9   3.9   4.3   4.4   4.4   4.6   4.7   4.7   4.8   4.9    


5.0   5.2   5.5   6.1   6.4   7.8   8.5                         
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C.4   SOME CHARACTERISTICS OF NON-PARAMETRIC METHODS 
 


Any percentile estimation method will be subject to two sorts of uncertainty: 
 


a) bias - that is, a persistent tendency for estimates to err on  one side or the other of 
the true value; and  


b) random error - that is, the haphazard scatter of estimates above and below their 
long-run average. 


 
In general, all non-parametric methods have a poorer precision than the most 
appropriate parametric method: that is the price paid for the freedom from statistical 
assumptions about the underlying distribution.  Where they mainly score over 
parametric methods is that their bias, though not necessarily small, is at least 
understood.  When, in contrast, a parametric method is applied to data not in fact 
arising from the assumed distribution type, the bias will be unknown.             


 
In the following discussion, we will assume for the sake of simplicity that the aim is to 
estimate high percentiles.   


 
 
The Weibull method 


 
The Weibull method is not unbiased; in fact, it suffers from two compounding 
elements of bias.  The first is that the Weibull method is likely to produce rather more 
over-estimates than under-estimates.  As Table C.2 indicates, the effect depends on 
the number of samples and the extremeness of the percentile being estimated.  The 
most punishing combination is when the 95%ile is estimated from just 19 samples: in 
those circumstances, there is a 62% chance that the estimate will over-estimate the 
true 95%ile.   


 
The second type of bias cannot be quantified without making some assumption about 
the shape of the underlying distribution - for example, that it is log-Normal.  Depending 
on the degree of skewness, however, what commonly happens is that over-estimates 
tend to overstate the true concentration by more than the under-estimates understate 
it.  This has the effect of introducing a positive bias.  


 
Table C.2 - Probability that the Weibull method gives an over-estimate 


 
 


No. 


of samples 


 


 


 


50%ile 


 


80%ile 


 


95%ile 


 


  9 


 


0.50 


 


0.56 


 


-  
19 


 
0.50 


 
0.55 


 
0.62  


39 
 


0.50 
 


0.53 
 


0.59  
59 


 
0.50 


 
0.53 


 
0.57 


Note: the values in the table have been derived by binomial distribution theory.  
 


There is, however, one important sense in which the Weibull method is actually 
unbiased.  Corresponding to any given estimate of the P%ile will be some percentage 
figure measuring how much of the true underlying probability distribution falls below 
that estimate. This percentage figure will never be exactly equal to P: on some 
occasions it will be below P, on others above P.  But what the Weibull method ensures 
is that, in the long run, these percentages will average out at P.   


 
We can summarise this by saying that Weibull estimates are always unbiased in 
probability terms.  Thus, for example, the true % compliance figures associated with 
a set of Weibull-estimated 95%ile limits will in the long run average out at 95%.  With 
so much percentile estimation being prompted by compliance issues, this statistical 
property of the Weibull method provides a reassuring guarantee.  







Doc No 111_07_SD02 Version 3 Last printed 15/01/20 Page 32 of 67 


 


 
Other methods 


 
Many other non-parametric methods can be used, each with its own particular 
statistical pros and cons.  One alternative that has a certain general appeal is the 
'median' method.  This offers the guarantee that, over repeated uses on different data 
sets (from whatever distribution), the method will tend to under-estimate the true 
percentile value exactly as often as it over-estimates it.  The median method is 
discussed further in Appendix 5D of WRc's Sampling Handbook. 
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5.0 Presenting summary statistics 


 
This Code of Practice gives a set of rules relating to the layout and content of routine statistical 
summaries of data.  The overall aim is to help the Agency to ensure that its data summaries are 
adequately informative whilst being as easy as possible to assimilate. 
 
The rules are stated and illustrated here in Part A without elaboration.  Part B then discusses the 
rules in more detail. Finally, Part C provides the statistical background needed in applying certain 
of the rules. 
 
5.1 PART A - RULES 
 


RULE 1: Need for consistency 
 


Whenever statistical summaries are likely to be used to provide a national 
assessment, or for inter-regional comparisons, consistency between Agency regions 
in the derivation and layout of those summaries is of paramount importance.  


 


RULE 2:  Clarity of captions and headings  
 


Captions on summary tables should not be compressed to such an extent as to 
obscure their meaning.  If the available space is too small, remember that clarity can 
be achieved with the help of footnotes.  


 


RULE 3: Confidence limits 
 


Estimates of means, standard deviations and percentiles should wherever possible 
be accompanied by 90% confidence limits. Where only approximate confidence limits 
can be calculated, these are wholly acceptable as a substitute provided that the 
captions are amended accordingly. 


 


RULE 4: The 'Standard' summary   
 


As a minimum requirement, all summaries should state: 
 


 the title of the data set; 


 the date range spanned by the data;  


 the selection criteria used for assembling the data (see the DQC Guidance 
Note); 


 
and then, for each determinand covered by the summary: 
 


 determinand title and measurement units;  


 total no. of data values; 


 nos of less-than and greater-than values, and how these are dealt with;  


 mean, with 90% confidence limits;          


 standard deviation, with 90% confidence limits; 


 the 95%ile (or 5%ile in the case of DO) with 90% confidence limits; and 


 the minimum and maximum. 
 


Table A.1 illustrates a possible layout for the Standard summary: the river quality data 
set used for the example is listed in Table C.1. 


 


 


 


 


 


Table A.1 - Example of the 'Standard' summary  
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 |----------------------------------------------------------------------------| 


 |  Site name: Avon at Cawling Farm, Willowdale                               | 


 |  Date span of summary: 1/1/1988 to 31/12/1989                              | 


 |  Selection criteria  : Site Code: R02BF                                    | 


 |                      : Purpose Codes: R (Routine); S (Supplementary)       | 


 |                      : NGR: SD 547309                                      | 


 |----------------------------------------------------------------------------| 
 |Determinand |  BOD(ATU)     |  Amm.Nit.     |  DO (%)       |  Temperature  | 


 |----------------------------------------------------------------------------| 


 |Units       |    mg/l       |    mg/l       |  % satn       |   deg C       | 


 |            |               |               |               |               | 


 |No.of values|      37       |      37       |      37       |      33       | 


 |No.of <s    |       0       |       0       |       0       |       0       | 


 |No.of >s    |       0       |       0       |       0       |       0       | 


 |            |               |               |               |               | 


 |Mean        |       3.02    |       4.57    |      48.9     |      16.3     | 


 |     90% CI |   2.74 -  3.29|   3.80 - 5.34 |   41.3 - 56.5 |   14.7 - 17.9 | 


 |            |               |               |               |               | 


 |St.dev.     |       1.00    |       2.76    |      27.45    |       5.42    | 


 |     90% CI |    .84 - 1.24 |   2.32 - 3.44 |  23.07 -34.15 |   4.51 - 6.85 | 


 |            |               |               |               |               | 


 |Minimum     |       1.50    |       1.02    |       8.0     |       2.0     | 


 |            |               |               |               |               | 


 |95%ile      |       4.82    |       9.39    |       8.0     |      23.0     | 


 |     90% CI |   4.4  -  ??? |   7.7  -  ??? |   ???  - 10.0 |  22.0  -  ??? | 


 |            |               |               |               |               | 


 |Maximum     |       5.00    |      14.50    |     120.00    |      23.0     | 


 |----------------------------------------------------------------------------| 


 


   Note: 1.  5%ile rather than 95%ile is given for DO(%).                       
2. Percentiles are estimated by the Weibull non-parametric method. 
3. '90% CI' denotes '90% confidence interval'.   
4. The CIs for standard deviations assume Normality and so are only approximate. 


 


 


RULE 5: The 'Full' summary  
 


Where a more comprehensive summary is required, the following statistics can be 
provided for each determinand in addition to those given in the Standard summary: 


 


 the coefficient of variation, with 90% confidence limits; 


 the ratio of 'successive differences deviation' (SDD) to conventional standard    
deviation, with 90% confidence limits;  


 the percentage points estimated by the sample minimum and maximum; and 


 the percentiles for the 1, 5, 10, 20, 50, 80, 90, 95 and 99 percentage points 
(or other percentiles as required by the application), each with 90% confidence 
limits where possible. 


 
 


Table A.2 illustrates a possible layout for the Full summary.  The same data set is 
used as that summarised more briefly in Table A.1. 


 


RULE 6:  Orientation of multi-determinand tables 
 


In the (common) case in which the statistical summary covers more than one 
determinand, the information for any one determinand should preferably be arranged 
in a column rather than a row. 


 
This rule is illustrated in Table A.1 and also (slightly adapted) in Table A.2.  


 


 


 


 


RULE 7:  Estimating percentiles 
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The statistical method used for estimating percentiles should always explicitly be 
stated.  A non-parametric method is to be preferred - especially for general-purpose 
summaries - provided sufficiently many samples are available.  Where a parametric 
method is used, the summary should indicate in a footnote the evidence for the 
assumed distributional model.  More detailed guidance is available in Code of 
Practice CoP/PLE on 'Methods for estimating percentiles'. 


 


RULE 8:  Handling less-than and greater-than values 
 


If the data set contains any 'censored' values, the methods given in Code of Practice 
CoP/LTV on 'Methods for handling less-than values and greater-than values' should 
be applied as appropriate.  


 


Table A.2 - Example of the 'Full' summary  


 
 |----------------------------------------------------------------------------|             
 |  Site name: Avon at Cawling Farm, Willowdale                               | 


 |  Date span of summary: 1/1/1988 to 31/12/1989                              | 


 |  Selection criteria  : Site Code: R02BF                                    | 


 |                      : Purpose Codes: R (Routine); S (Supplementary)       | 


 |                      : NGR: SD 547309                                      | 


 |----------------------------------------------------------------------------| 


 | Determinand: Amm.Nit.        Units: mg/l        No. of values:  37         | 


 |              ============                       No. of <'s   :   0         | 


 |                                                 No. of >'s   :   0         | 


 | Parameter   : Estimate : 90% conf.int. |  %ile   : Estimate: 90% conf.int. | 


 | Mean        :   4.568  : 3.802 - 5.335 |    1    :     ??? :   ??? -  1.17 | 


 |             :          :               |    5    :    1.09 :   ??? -  1.43 | 


 | St.dev.     :   2.763  : 2.321 - 3.437 |   50    :    4.05 :  3.52 -  4.76 | 


 | Coeff.of Var:     .60  :   .49 -   .72 |   80    :    7.26 :  4.83 -  7.82 | 


 | SDD/SD ratio:     .92  :   .76 -  1.06 |   90    :    7.83 :  7.04 - 14.50 | 


 |----------------------------------------|   95    :    9.39 :  7.73 -   ??? | 


 | Minimum     :    1.02  : (  2.6 %ile)  |   99    :     ??? :  7.86 -   ??? | 


 | Maximum     :   14.50  : ( 97.4 %ile)  |                                   | 


 |----------------------------------------------------------------------------| 


 |                                                                            | 


 | Determinand: DO (% sat)      Units: % satn      No. of values:  37         | 


 |              ============                       No. of <'s   :   0         | 


 |                                                 No. of >'s   :   0         | 


 | Parameter   : Estimate : 90% conf.int. |  %ile   : Estimate: 90% conf.int. | 


 | Mean        :   48.89  : 41.27 - 56.51 |    1    :     ??? :   ??? -   8.0 | 


 |             :          :               |    5    :     8.0 :   ??? -  10.0 | 


 | St.dev.     :   27.45  : 23.07 - 34.15 |   10    :     8.8 :   8.0 -  17.2 | 


 | Coeff.of Var:     .56  :   .45 -   .67 |   20    :    16.7 :   9.0 -  38.0 | 


 | SDD/SD ratio:     .55  :   .17 -   .76 |   50    :    53.5 :  48.0 -  60.0 | 


 |----------------------------------------|   95    :    98.4 :  76.7 -   ??? | 


 | Minimum     :     8.0  : (  2.6 %ile)  |   99    :     ??? :  84.0 -   ??? | 


 | Maximum     :   120.0  : ( 97.4 %ile)  |                                   | 


 |----------------------------------------------------------------------------| 


 |                                                                            | 


 | Determinand: Temperature     Units: deg C       No. of values:  33         | 


 |              ============                       No. of <'s   :   0         | 


 |                                                 No. of >'s   :   0         | 


 | Parameter   : Estimate : 90% conf.int. |  %ile   : Estimate: 90% conf.int. | 


 | Mean        :   16.26  : 14.66 - 17.86 |    1    :     ??? :   ??? -   5.0 | 


 |             :          :               |    5    :     4.1 :   ??? -   9.2 | 


 | St.dev.     :    5.42  :  4.51 -  6.85 |   50    :    18.0 :  16.0 -  19.0 | 


 | Coeff.of Var:     .33  :   .26 -   .40 |   80    :    21.0 :  19.0 -  22.0 | 


 | SDD/SD ratio:     .54  :   .04 -   .76 |   90    :    22.0 :  21.0 -  23.0 | 


 |----------------------------------------|   95    :    23.0 :  22.0 -   ??? | 


 | Minimum     :     2.0  : (  2.9 %ile)  |   99    :     ??? :  23.0 -   ??? | 


 | Maximum     :    23.0  : ( 97.1 %ile)  |                                   | 


 |----------------------------------------------------------------------------| 


 


                 
 
 
   Note:  
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   1. 'SDD/SD ratio' denotes the ratio of the 'Successive Difference Deviation' to the 
conventional standard deviation.  Ratios sig. less than 1.0 are a pointer to 
systematic time trends.                      


 2. Percentiles are estimated by the Weibull non-parametric method. 
 3. Sample min. and max. values estimate the %iles shown in brackets. 
 4. '90% CI' denotes '90% confidence interval'.   
 5. The CIs for standard deviations, coeffs of variation and SDD/SD assume 


Normality and so are only approximate.     
 


5.2 PART B - BACKGROUND 
 


This Code of Practice aims to provide general guidance on the content of routine 
statistical summaries of data.  It does not set out to cover all types of application.  In 
particular, it is not intended to apply to one-off cases in which the user of the data is 
addressing a specific objective, and so will probably require a tailored, customized 
analysis of the data. 


 


RULE 1: Need for consistency 


 


Whenever statistical summaries are likely to be used to provide a national 


assessment, or for inter-regional comparisons, consistency between Agency 


regions in the derivation and layout of those summaries is of paramount 


importance.  
 
Though the need for consistency is most evident where summaries are used at a 
national level, a consistent approach is also very desirable for summaries receiving 
only a local circulation.  In any routine form of presentation, familiarity is a valuable 
aid.  Thus, if a monthly summary report (say) always follows the same well-planned 
layout, this frees a part of the brain from needing to  interpret the summary 'from cold' 
and so allows its content to be assimilated that much more readily.  


 


RULE 2:  Clarity of captions and headings  


 


Captions on summary tables should not be compressed to such an extent as 


to obscure their meaning. If the available space is too small, remember that 


clarity can be achieved with the help of footnotes.  
 
It is always a false economy to skimp on the words used in captions or column heads.  
Countless tables have been rendered unintelligible by the use of terse phrases such 
as " 95PC (+/-90%)". Thus extra time spent at the design stage on debating the 
precise wording of captions - and trying them out on colleagues - is very well worth 
while. 


  


RULE 3: Confidence limits 


 


Estimates of means, standard deviations and percentiles should wherever 


possible be accompanied by 90% confidence limits. Where only approximate 


confidence limits can be calculated, these are wholly acceptable as a substitute 


provided that the captions are amended accordingly. 
 
Almost invariably, data sumaries are used to make statements about the quality of 
the entire body of water or effluent from which the samples were taken.  For this 
reason it is important for the user to realise that summary statistics are not themselves 
the true values, but merely estimates of the underlying truth.  The aim of Rule 3, 
accordingly, is to encourage an appreciation of the uncertainty inherent (to a greater 
or lesser degree) in all summary statistics. 
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Confidence limits give a useful quantitative measure of how far from the observed 
sample statistic the true value might lie.  Consider, for example, the 90% confidence 
interval for mean DO % satn given in Table A.1, namely (41.3 to 56.5).  This tells us 
that, although the observed mean DO was 48.9, the true mean could quite 
conceivably have been as low as 41.3 or as high as 56.5. Furthermore, even that 
fairly wide interval is not guaranteed to bracket the truth: we can be only '90% 
confident' that it does. A good way to appreciate what this means is to imagine a 
whole collection of 90% confidence intervals for mean DO, one for each of 100 
different river sampling points.  The guarantee then is that about 90 of those 100 
confidence intervals (i.e. 90% in the long run) will successfully bracket the correct 
mean value. 
 
What if a higher level of confidence is desired?  This can readily be arranged - but 
only at the cost of widening the interval.  In the example discussed above, the 90% 
confidence interval for DO was 'mean  7.6'.  For 99% confidence, the interval must 
widen to 'mean  12.3'.  For 99.9% confidence, it must widen further to 'mean  16.2'.  


In the last case, there is only a very slender risk - one in 1000 - that the true mean 
DO is not contained within the stated interval; but the interval is almost certainly too 
wide to provide much practical assurance. 
 
There is nothing in principle to prevent the choice of confidence level from being 
varied according to the application.  In practice, however, it is sensible to settle on a 
single fixed level wherever possible.  This helps users to develop their appreciation 
of confidence intervals, and also enables the most to be made from between-
summary comparisons.   
 
For routine applications, a confidence coefficient of 90% - as proposed by Rule 3 - 
generally strikes a reasonable compromise between the conflicting goals of high 
confidence and narrow interval-width.  Incidentally, a confidence coefficient of 95% - 
though widely used in statistics textbooks and elsewhere - is deliberately and strongly 
discouraged because of the confusion it would inevitably invite with 95%iles and 95% 
compliance. 
 
Part C outlines the technical details of how confidence intervals are calculated, and 
provides references to sources giving a fuller discussion. 
 


RULE 4: The 'Standard' summary   


 


As a minimum requirement, all summaries should state: 


 the title of the data set; 


 the date range spanned by the data;  


 the selection criteria used for assembling the data (see the DQC 


Guidance Note); 


 


and then, for each determinand covered by the summary: 


 


 determinand title and measurement units;  


 total no. of data values; 


 nos of less-than and greater-than values, and how these are dealt with;  


 mean, with 90% confidence limits;          


 standard deviation, with 90% confidence limits; 


 the 95%ile (or 5%ile in the case of DO) with 90% confidence limits; and 


 the minimum and maximum. 
 


Table A.1 illustrates a possible layout for the Standard summary: the river 


quality data set used for the example is listed in Table C.1. 
 
It is important that all summaries include explicit details of the criteria used in selecting 
the data from the quality archive, so that the user can check that the summary is 
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appropriate for the required purpose.  For example, 'special investigation' data should 
be excluded when producing information used for investigating long-term trends.   
 
It will often be appropriate to screen data for outliers prior to - or as an integral part of 
- producing the summary statistics. This is another substantial topic in its own right, 
and is the subject of a separate chapter on 'Methods for handling outliers'. 
 
Because of the variety of legislative instruments requiring 95%ile values to be quoted, 
this is one of the statistics recommended for inclusion in all Standard summaries.  On 
purely statistical grounds, however, the 95%ile is not an especially useful or reliable 
summary measure - particularly with sample numbers of 40 or fewer.  This, therefore, 
makes the supporting evidence provided by 90% confidence intervals all the more 
important. 
    


RULE 5: The 'Full' summary  


 


Where a more comprehensive summary is required, the following statistics can 


be provided for each determinand in addition to those given in the Standard 


summary: 


 


 the coefficient of variation, with 90% confidence limits; 


 the ratio of 'successive differences deviation' (SDD) to conventional 


standard deviation, with 90% confidence limits;  


 the percentage points estimated by the sample minimum and maximum; 


and 


 the percentiles for the 1, 5, 10, 20, 50, 80, 90, 95 and 99 percentage points 


(or other percentiles as required by the application), each with 90% 


confidence limits where possible. 


 


Table A.2 illustrates a possible layout for the Full summary.  The same data set 


is used as that summarised more briefly in Table A.1. 


 


Layout 
 
Apart from the greater variety of statistics that it contains, Table A.2 differs from Table 
A.1 most obviously in its 'blocked' layout, whereby all the information is presented 
one determinand at a time in a series of compact blocks or panels.  After a great deal 
of experimentation, the Steering Group concluded that this was, on balance, the most 
satisfactory type of layout.  There are two main points in its favour: 
 
i) It retains the spirit of the 'vertical' orientation recommended in Rule 6, and in 


doing so enables between-statistics comparisons to be made particularly  
   easily.   


 
ii) The approach entirely bypasses the complications that arise with a 


conventional tabular layout whenever the captions need to be modified  
   according to the determinand.  For example, it is easy to: 


 indicate that, for DO, 5%ile rather than 95%ile is quoted (see Table 
A.1); 


 


 implement the advice of the chapter on Methods for handling less than 
value in cases when less-thans are present in some determinands but 
not in others (see Table B.2). 


 


 


 


 


Additional statistics 
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The coefficient of variation (CoV) is a useful summary measure because it reflects 
the 'multiplicative' nature of variability often found in river and effluent quality, whereby 
the standard deviation tends to increase in proportion to the mean.  This allows 
convenient rules of thumb such as: 'For effluent BOD and SS, the CoV is commonly 
around 0.4 - 0.5'. 
 


The successive differences deviation (SDD) is a measure of the short-term 
variability in the data.  If SDD is roughly the same size as the conventional standard 
deviation (SD), then the data consists largely of random scatter; but a value of SDD 
that is small in relation to SD is a good indication that the data contains some longer-


term component of variation.  Thus the SDD/SD ratio is a useful device - as the Table 
A.2 footnote indicates - for flagging up the presence of trends in the data.  For some 
types of summary, indeed, it would be useful to go a stage further and alert the user 
to the presence of trend by highlighting all cases where the SDD/SD ratio is 
statistically significantly less than 1.0 - or, equivalently, the SDD/SD confidence 
interval lies entirely below 1.0.  (This is the case with the approximate confidence 
intervals in Table A.2 for DO [0.17 - 0.76] and for temperature [0.04 - 0.76].) Such 
cases could then be investigated further, where appropriate, by time-series analysis.   
 


The reason for recommending the inclusion of minimum and maximum percentage 


points is to encourage the user to appreciate that the sample minimum and maximum 
give little or no information about the position of the true, underlying minimum and 
maximum values (which are virtually certain to be much more extreme than the 
sample limits).  The distinction is therefore an important one - and particularly so when 
considering, on the basis of past effluent quality data, what might constitute a realistic 
absolute limit. 


 


The suggested selection of percentiles would primarily be of interest to more 
technical users of summaries.  One of their functions, for example, would be to 
provide a comprehensive quantitative description of a histogram or probability plot of 
the data. 
  


RULE 6:  Orientation of multi-determinand tables 


 


In the (common) case in which the statistical summary covers more than one 


determinand, the information for any one determinand should preferably be 


arranged in a column rather than a row. 


 


This rule is illustrated in Table A.1 and also (slightly adapted) in Table A.2.  
 
This rule represents a departure from the practice currently followed by some (though 
not all) Agency regions, and is a practical consequence of Rule 3 - that summary 
statistics should be accompanied by confidence limits.  The main problem with a 
'horizontal' layout is space.  Even the Standard summary (see Table A.1) contains as 
many as 14 entries per determinand, and it would be very difficult to cram all these 
into a single row - even in 132-column, or landscape, mode.  A columnar layout, on 
the other hand, offers ample 'vertical' scope for expansion. 
 
Having each determinand's statistics arranged by column actually brings two further 
benefits.  The first is that, as all the statistics for a particular determinand tend to be 
of the same order of magnitude and to require the same number of decimal places, 
they will 'line up' neatly down the page. In contrast, an arrangement by row would 
produce a more jagged appearance because of changes in the scale of measurement 
(often very pronounced) from one determinand to another. 
 
The second point is that between-determinand comparisons are required much less 
often than between-statistics comparisons for the same determinand (e.g. 95%ile v. 
mean; maximum v. minimum; SDD v. st.dev.).  As it is far easier to scan down a 
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column of figures than along a row, this is another reason for arranging tables so that 
the columns provide the principal dimension of comparison. 
 
On their more detailed aspects, however, the Standard and Full summary layouts 
should be taken as guides rather than hard-and-fast rules.  Indeed, it is actually an 
advantage to modify the content or style of the layout according to the particular 
application, as this provides further visual clues that speed the reader's recognition 
and hence appreciation of the summary.   


 


RULE 7:  Estimating percentiles 


 


The statistical method used for estimating percentiles should always explicitly 


be stated.  A non-parametric method is to be preferred - especially for general-


purpose summaries - provided sufficiently many samples are available.  Where 


a parametric method is used, the summary should indicate in a footnote the 


evidence for the assumed distributional model.  More detailed guidance is 


available in the chapter 'Methods for estimating percentiles'. 
                                                                             
Past experience has shown that percentile estimation has great potential for 
confusion and misunderstanding. This can introduce serious errors - especially when 
the number of data values is small.  Rule 7 thus serves two purposes: first, to steer 
users towards the safer fall-back position of non-parametric methods; and secondly, 
to ensure that enough statistical information is given in the summary (whatever 
method is used) for users to gauge the soundness of any percentile values that are 
presented. 
 
Percentile estimation is an extensive topic that is the subject of a separate chapter.  
For convenience, however, the most commonly required expressions for estimating 
percentiles are reproduced in Part C of the present Code of Practice. 
 
The performances of both parametric and non-parametric percentile methods are of 
particular importance in the context of river quality.  To provide a ready means of 
evaluating the effect of sampling error on river Class, the PC program ARCTIC_SEAL 
(Assessing River Class Taking Into Consideration Sampling Error Against Limits) has 
been developed.  This is available as the Test Data Facility procedure ARC.                                            
 


RULE 8:  Handling less-than and greater-than values 


 


If the data set contains any 'censored' values, the methods given in the chapter 


on 'Methods for handling less-than values and greater-than values' should be 


applied as appropriate.  


 
Less-than or greater-than values in the data will introduce an additional degree of 
uncertainty in the summary.  That is why it is important (a) for their presence to be 
flagged, and (b) for the relevant approach given in the chapter on 'Methods for 
handling less than values and greater than values' to be applied.   
 
Where less-thans are the problem, the recommended approach will usually involve 
calculating each required statistic twice - with less-thans being replaced first by their 
face value(s), and then by zero.  This will produce two values bracketing the result 
that would have been obtained had actual measurements been available instead of 
less-thans.   
 
Examples of how the Standard and Full summaries could be modified to cope with 
censored data are shown in Tables B.1 and B.2. 
 


 


Table B.1 - Illustration of the Standard summary when the data contains  


less-than and greater-than values 
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 |-------------------------------------------------------------| 


 |  Site name: COKETOWN STW                                    | 


 |  Date span of summary: 1/1/1983 to 31/12/1987               | 


 |  Selection criteria  : Site Code: LDE012                    | 


 |                      : Purpose Codes: Q23/Q24/R01/R19       | 


 |-------------------------------------------------------------|             


 |Determinand  |  S.Solids     |  BOD (5day)   |  Amm.Nit.     | 


 |-------------------------------------------------------------| 


 |Units        |     mg/l      |     mg/l      |     mg/l      |   


 |No.of values |     258       |     257       |     258       | 


 |No.of <'s    |       0       |       2       |      21       | 


 |No.of >'s    |       0       |       6       |       0       | 


 |             |               |               |               |   


 |Mean (<'s=0) |      17.28    |      11.84    |       2.23    | 


 |     90% CI  |  16.16 - 18.40|  11.24 - 12.44|   2.03 -  2.43|  


 |Mean (<'s=L) |               |      11.89    |       2.30    | 


 |     90% CI  |               |  11.29 - 12.49|   2.10 -  2.49|  


 |             |               |               |               |   


 |St.dev(<'s=0)|      10.90    |       5.84    |       1.93    | 


 |     90% CI  |  10.16 - 11.75|   5.45 -  6.30|   1.80 -  2.08|  


 |St.dev(<'s=L)|               |       5.84    |       1.87    | 


 |     90% CI  |               |   5.45 -  6.30|   1.74 -  2.01|  


 |             |               |               |               |   


 |Minimum      |       3.0     |      <1.5     |       <.10    | 


 |             |  (   .4%ile)  |  (   .4%ile)  |  (   .4%ile)  |   


 |             |               |               |               |   


 |95%ile       |      35.34    |      23.04    |       6.00    | 


 |     90% CI  |   31.0 - 51.4 |   20.8 - 25.8 |    5.4 -  7.6 |   


 |             |               |               |               |   


 |Maximum      |      93.3     |     >26.3     |      11.00    | 


 |             |  ( 99.6%ile)  |  ( 99.6%ile)  |  ( 99.6%ile)  |   


 |-------------------------------------------------------------|                                                                          


 


  Note: 1.  5%ile rather than 95%ile is given for DO(%).                       
2. Percentiles are estimated by the Weibull non-parametric method. 
3. '90% CI' denotes '90% confidence interval'.   
4. The CIs for standard deviations assume Normality and so are only 


approximate. 
 


Table B.2 - Illustration of the Full summary when the data contains less-than 


       and greater-than values 
 


 |----------------------------------------------------------------------------| 


 |  Site name: COKETOWN STW                                                   | 


 |  Date span of summary: 1/1/1983 to 31/12/1987                              | 


 |  Selection criteria  : Site Code: LDE012                                   | 


 |                      : Purpose Codes: Q23/Q24/R01/R19                      | 


 |                      : NGR: SD 547309                                      | 


 |                                                                            | 


 | Determinand: BOD (5day)      Units: mg/l            No. of values: 257     | 


 |              ============                       No. of <'s   :   2         | 


 |                                                 No. of >'s   :   6         | 


 | Parameter   : Estimate : 90% conf.int. |  %ile    :Estimate: 90% conf.int. | 


 | Mean (<'s=0):   11.84  : 11.24 - 12.44 | 5 (<'s=0):    4.3 :   3.6 -   5.4 | 


 | Mean (<'s=L):   11.89  : 11.29 - 12.49 | 5 (<'s=L):    4.2 :   3.2 -   5.3 | 


 |             :          :               |   50     :   10.6 :  10.1 -  11.2 | 


 | St.d.(<'s=0):    5.84  :  5.45 -  6.30 |   80     :   16.7 :  15.2 -  19.1 | 


 | St.d.(<'s=L):    5.84  :  5.45 -  6.30 |   90     :   20.5 :  20.0 -  23.0 | 


 | CoV  (<'s=0):     .49  :   .46 -   .53 |   95     :   25.1 :  22.6 -  36.8 | 


 | CoV  (<'s=L):     .49  :   .46 -   .53 |   99     :  >18.2 : >10.4 -   ??? | 


 | SDD/SD ratio:     .85  :   .79 -   .91 |                                   | 


 |----------------------------------------|                                   | 


 | Minimum     :    <1.5  : (   .4 %ile)  |                                   | 


 | Maximum     :   >26.3  : ( 99.6 %ile)  |                                   | 


 |----------------------------------------------------------------------------|   


 |                                                                            | 


 | Determinand: Amm.Nit.        Units: mg/l        No. of values: 258         | 


 |              ============                       No. of <'s   :  21         | 


 |                                                 No. of >'s   :   0         | 


 | Parameter   : Estimate : 90% conf.int. |  %ile   : Estimate: 90% conf.int. | 


 | Mean (<'s=0):   2.229  : 2.037 - 2.421 |  5 (<=0):     .00 :   .00 -   .00 | 
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 | Mean (<'s=L):   2.296  : 2.104 - 2.488 |  5 (<=L):    1.00 :  1.00 -   .10 | 


 |             :          :               |   50    :    1.70 :  1.50 -  1.90 | 


 | St.d.(<'s=0):   1.867  : 1.741 - 2.013 |   80    :    3.40 :  3.20 -  3.81 | 


 | St.d.(<'s=L):   1.865  : 1.740 - 2.012 |   90    :    4.70 :  4.20 -  5.90 | 


 | CoV  (<'s=0):     .84  :   .78 -   .90 |   95    :    6.00 :  5.40 -  7.60 | 


 | CoV  (<'s=L):     .81  :   .75 -   .87 |   99    :    9.85 :  7.90 -   ??? | 


 | SDD/SD ratio:     .81  :   .75 -   .87 |                                   | 


 |----------------------------------------|                                   | 


 | Minimum     :    <.10  : (   .4 %ile)  |                                   | 


 | Maximum     :   11.00  : ( 99.6 %ile)  |                                   | 


 |----------------------------------------------------------------------------| 


  


  Note: 1.  'SDD/SD ratio' denotes the ratio of the 'Successive Difference Deviation' to the 
conventional standard deviation.  Ratios sig. less than 1.0 are a pointer to systematic 
time trends.                      


2. Percentiles are estimated by the Weibull non-parametric method. 
3. Sample min. and max. values estimate the %iles shown in brackets. 
4. '90% CI' denotes '90% confidence interval'.   
5. The CIs for standard deviations, coeffs of variation and SDD/SD assume Normality 


and so are only approximate.     
 
5.3 PART C - TECHNICAL DETAILS 


 
Table C.1 lists the data from which the summaries previously shown in Tables A.1 and A.2 were 
derived.  To make it easier to follow through the derivation of the non-parametric percentile 
estimates and confidence limits, the data values are listed in increasing order.  
 
Readers wishing to check their understanding of the statistical details in this Code of Practice - 
or to confirm that their existing summary routines produce the correct answer - may find it useful 
to rework some of the statistics using these test data sets. 
 


Table C.1 - Listings of the data used for Tables A.1 and A.2 
------------------------------------------------------------------------------------------------------------ 
Determinand  data values (ranked in increasing order) 
------------------------------------------------------------------------------------------------------------ 
 
BOD(ATU)    1.50   1.50   1.70   1.70   1.70   1.90   1.90   2.00    


            2.10   2.30   2.50   2.50   2.60   2.70   2.70   2.70    


            2.80   2.80   2.80   2.90   2.90   3.20   3.40   3.40    


            3.40   3.50   3.50   3.50   3.70   3.90   3.90   4.40    


            4.40   4.70   4.70   4.80   5.00 


 


Amm.Nit.    1.02   1.10   1.17   1.41   1.43   1.90   2.03   2.23    


            2.52   2.64   2.67   2.99   3.40   3.52   3.74   3.75    


            3.90   4.05   4.05   4.21   4.41   4.53   4.63   4.76    


            4.83   4.93   5.36   6.10   6.72   7.04   7.59   7.67    


            7.73   7.82   7.86   8.82  14.50 


 


DO (%)       8.0    8.0    8.0    9.0   10.0   12.3   16.0   17.2   


            18.0   28.0   28.4   32.1   38.0   48.0   48.6   49.7   


            50.0   51.0   53.5   54.0   54.0   56.4   57.0   60.0   


            62.0   62.0   64.0   66.0   67.0   70.0   73.0   73.0   


            76.7   80.0   84.0   96.0  120.0 


 


Temperature  2.0    5.0    7.0    9.0    9.2    9.5    9.8   14.0    


            14.0   15.0   16.0   16.0   16.0   16.0   17.0   17.0    


            18.0   18.0   18.0   18.0   19.0   19.0   19.0   19.0    


            21.0   21.0   21.0   21.0   22.0   22.0   22.0   23.0    


            23.0   


------------------------------------------------------------------------------------------------------------ 
 
 
For each of the parameters recommended in this Code of Practice, the following pages give 
expressions for calculating: 
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i) the summary statistic that provides the best estimate of that parameter; and 
 


ii) a confidence interval (in some cases approximate) for the true value of the parameter 
estimated by that summary statistic. 


 


Notation 
 
The following terminology will be helpful: 
 
 
n no. of determinand values 
 
x1, x2, ...xn    determinand values (in chronological order)  
 
x(1), x(2), ...  
        x(n) determinand values (sorted into increasing order) 
 
[...] denotes summation of the quantity inside [...], from i = 1 to n except 


where otherwise state 
 


x  mean of the n values (defined below) 
 
s standard deviation of the n values (defined below) 
 


...][  denotes the square root of the quantity inside [...] 


 
                                     t                 0.95 quantile of t-statistic with indicated degrees of freedom 


 
Chi(05) 0.05 quantile of chi-squared statistic with the indicated degrees of 


freedom 
 
Chi(95) 0.95 quantile of chi-squared statistic with the indicated degrees of 


freedom 
  


*   symbol denoting multiply. (Used occasionally to avoid ambiguity). 
  


Mean 
 


             Estimator:           /nx = x i    


 


Lower 90% conf. limit     n)( ts/- x = , and        


                            


Upper 90% conf. limit     n)( ts/+ x = , where                                       


 
                           s is calculated as below, and degrees 


    of freedom are n-1.  
 
Standard deviation 


 


Estimator:      ]. 1)/(n-])x- [(x(i) [ = s
2


                              


                            


Lower 90% conf. limit     /1)(n- [s _ Chi(95) ], and        }  


           }see Note 2 


Upper 90% conf. limit /1)(n- [s _ Chi(05) ]   } 
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where degrees of freedom are n-1.  


 
 


Coefficient of variation 
                               


Estimator: CoV ).xs/( =          


 


Lower 90% conf. limit    ~ CoV n)]2( t/- [1  and       } 


          } see Note 2 


Upper 90% conf. limit ~ CoV n)]2( t/+ [1                    }  


 
where degrees of freedom are n-1. 


 
 


SDD/SD ratio 
 
Estimator: Rat = SDD/s, where 
                             


SDD = ] 1))/(2(n-] )1)x(i- - (x(i) [[
2


n


2=i


                                     


      


                            Lower 90% conf. limit      [ _ Rat2 - Del ] and  } 


                                 } see Note 2 


                                                             Upper 90% conf. Limit     [ _ Rat2 + Del ],            } 


 


where Del  ] 2n- + t [ t/= 2 , and degrees of freedom are n-2     


 
Percentiles 


 
Suppose we wish to estimate the P-Percentile (or 'P%ile' for short). First, the x   


values should be sorted into increasing order. Thus  denotes the minimum, and x(n) 
the maximum.  Next, calculate: 
 


                  p = P/100 
 
        q = p(n+1) 
 


r = integer part of q, and 
 


 d = q - r 
 


The P%ile can then be estimated by:  
 


                            P%ile 1).x(r+.d + x(r)d].-[1 =  


 
(Note: for certain combinations of P and n, no solution is possible.)  
 
Now to calculate non-parametric confidence limits, we first need the binomial 
probabilities for the binomial distribution B(n,p).  Suppose these are denoted by Pr(0), 
Pr(1), ..., Pr(n). Each term can be calculated from: 
 


.n0,.... =r   ,)p-(1 p
r!r)!(n-


n!
 = Pr(r)


rn-r
 


                              
                                     







Doc No 111_07_SD02 Version 3 Last printed 15/01/20 Page 45 of 67 


 


Next, the two integers vmax and wmin are required: 
 
i) vmax  is defined as the maximum value of v such that    
 
          


         ]  Pr(i)[
v


0=i


 is 0.05   


          
 
(For low percentiles, even a value of v as little as 0 may not satisfy this 
inequality.) 


              
ii) wmin is defined as the minimum value of w such that  
 


 


    ]  Pr(i)[
w


0=i


  is 0.95,  and .n <w  


 
 


(For high percentiles, it is not always possible to find a value of w less than n.) 
 


The confidence limits can then be estimated (assuming both vmax and wmin can be 
obtained) by the following order statistics: 
 


Lower 90% conf. limit 1)+vx( = max and 


                    


Upper 90% conf. limit  1)+wx( max . 


 
General comments 


 
1)  The percentile estimates and associated confidence intervals are calculated by 


non-parametric methods - that is, they make no assumptions about the shape of 
the underlying statistical distribution.  Details of parametric methods can be found 
in CoP/PLE - 'Methods for estimating percentiles'. 


 
2)  For the remaining parameters, the calculation of confidence intervals does make 


the assumption of underlying Normality. For the sample mean, this is usually a 
fairly safe assumption because of the Normalising effect of the Central Limit 
Theorem (but see the cautionary comments in CoP/EML on Estimating mean 
load).  For the other three parameters, however - the standard deviation, the 
coefficient of variation, and the SDD/SD ratio - the calculations are more 
sensitive to departures from Normality.  Moreover, the statistical theory becomes 
more complicated when the underlying population is non-Normal, and it is not 
possible to give useful general guidance.  Instead, therefore, the proposal is to 
continue to use the Normal-based formulas but to ensure that the resulting 
confidence limits are labelled 'approximate'.  This then ensures that the users 
are made aware of the uncertainty in the parameter in question; the fact that the 
correct confidence coefficient is not exactly 90% is of secondary concern. 


 
3)  A full account of the statistical methodology used here in Part C can be found in 


WRc's Sampling Handbook.  Further practical guidance on non-parametric 
percentile issues can be obtained by using the ZEBRA package. 


 
 


6.0 Methods for estimating mean load 
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This Code of Practice aims to ensure that the problems associated with load estimation are fully 
appreciated, and that estimation of the mean load of any substance transported by a river or 
effluent is handled in an appropriate manner by the Agency.  
 
First, Part A sets out all the necessary algebraic definitions, and then presents the rules. These 
are then discussed in Part B. Finally, Part C gives the statistical details and also presents four 
illustrative examples.  
 
 
6.1 PART A - DEFINITIONS AND RULES 
 
Some algebraic notation is needed to define and discuss the various options for load estimation. 
To help make this as readable as possible, we have adopted the following convention. Lower-
case symbols are used to denote all statistics calculated from a (limited) number of grab samples, 
whilst upper-case symbols are used for quantities calculated from a complete continuous record 
over the period of interest (and so regarded as being free from sampling error).   
 
 
Definitions: grab-sample statistics 
  
Instantaneous concentration ci 
The concentration of the substance of interest at any instant i. 
 


Observed mean concentration c  


The arithmetic mean of the observed instantaneous concentrations. 
 
Instantaneous flow qi 
The volume passing per unit time at any instant i. 
 


Observed mean flow q  


The arithmetic mean of the observed instantaneous flows.  
 
Instantaneous load li 
The instantaneous rate of mass transfer of the substance of interest at any instant i - obtained by 
multiplying ci  and qi. 


Observed mean load l  


The arithmetic mean of the observed instantaneous loads. 
 
Definitions: continuous-record statistics 
 
Total duration of period T 
 
T is measured in whatever time units are most appropriate for the scale of the particular 
application. For an overall period of one day, for example, T might have the value 24 (hours), 
1440 (minutes) or 86400 (seconds). 


True mean flow over a period  


The quantity V/T, where V is the total volume passing during the period.  
 


True mean load over a period  


The true average rate of mass transfer of the substance of interest - defined by the quantity M/T, 
where M is the total mass transferred over the period.  
 
 
RULE 1: Using continuous monitoring data 


 
Where it is important to have a reliable estimate of load, continuous monitoring data 
is essential. Rule 1a or 1b should be used according to whether the continuous 
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monitoring is flow- or time-proportional. In either case, the resulting estimate can 
usually be assumed to have negligible statistical sampling error (although it will still 
be subject, of course, to instrument and analytical error).  


 
 
RULE 1a: Flow-proportional continuous monitoring data 


 
Where monitoring frequency is proportional to flow, and there is also a reliable record 
of mean flow over the whole period, mean load should be estimated by: 


 


Method 2*:   Mean load  Q.c =    


 
 


RULE 1b: Time-proportional continuous monitoring data 
 


Where both concentration and flow data values are monitored at regular time 
intervals, mean load should be estimated by: 


 


Method 3*:   Mean load  l =   


 
(* N.B. The methods need to be numbered 2 and 3 (rather than 1 and 2) so that they match up with the relevant                   


pair in the sequence of four methods in Rules 2a  and 2b). 
 
RULE 2: Using grab sampling data 
 


Generally it will be necessary to estimate mean load from a limited number of grab 
samples. It is possible (though very unusual) for samples to be collected according to 
a flow-based regime - for example, a grab sample might be taken every 50Ml on 
average. In those circumstances Rule 2a should then be used. More usually, 
however, the grab sampling regime will be time-based - in which case Rule 2b should 
be used. 


 
In either case it is important to appreciate that, because of the skewness so often 
characteristic of both flows and concentrations, the statistical sampling error can be 
very great. This issue is addressed by Rules 3, 4 and 5. 


 
 
RULE 2a: Flow-based grab sampling data 
 


Where flow-based grab sampling data provides the sole source of information, mean 
load should be estimated by: 


 


Method 1:   Mean load  q.c =  


 
Where, in addition, continuous flow records are available, an improved estimate is 
generally provided by: 


 


Method 2:   Mean load  Q.c =  


 
 
RULE 2b: Time-based grab sampling data 
 


Where time-based grab sampling data provides the sole source of information, mean 
load should be estimated by: 


 


Method 3:   Mean load  l =  
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Where, in addition, continuous flow records are available, an improved estimate is 
generally provided by: 


 


Method 4:   Mean load  )q/Q.(l =  


 
 
RULE 3: Confidence limits 
 


Because of the special difficulties arising in load estimation, it is particularly important 
always to give confidence limits showing the uncertainty surrounding any load 
estimate (see 'Presenting summary statistics'). In the absence of a clear-cut model 
for the shape of the instantaneous load probability distribution, confidence limits 
should be based on the log-Normal distribution using one of the methods described 
in Part C. 


 
RULE 4: Representing high-flow events 
 


Where high-flow events (whether in rivers or in effluents) are not adequately 
represented in the data, there is a risk of the mean load estimate being very severely 
biased. The bias may be either positive or negative depending on the shape and 
strength of the relationship between concentration and flow. Where this risk seriously 
jeopardises the objective of the exercise, it could be worth supplementing the routine 
sampling programme with a small number of special surveys. 
 


RULE 5: Using additional information  
 


Where a large proportion of the total load is transported in a relatively small proportion 
of the time, p, and the number of samples available is only of the order of 1/p, cases 
will commonly arise in which the data contains no extreme values. Not only will the 
resulting estimates be biased: the data will also produce misleadingly narrow 
confidence limits. Depending on the context, therefore, it can be prudent to use more 
realistic information from elsewhere on the likely underlying variability (e.g. from more 
comprehensive data on other similar rivers or discharges). Part C provides a table 
that would help in applying such an approach. 


 
RULE 6: Exploiting relationships between concentration and flow  
 


Any known or expected relationship between concentration and flow should be 
exploited wherever possible. For important applications, statistical modelling could be 
used to quantify the specific relationship for that site, leading to a more accurate 
estimate of load: this would be particularly useful where an extended flow record was 
available. More simply, even a rough understanding of the shape of the concentration-
flow relationship will give a clear pointer as to which of Methods 1 to 4 is the most 
appropriate.  


 
RULE 7: Alternative method for riverine load estimation 
 


Mean load can almost always be estimated more easily and precisely for a discharge 
than for a river, as: 


1) polluting substances will generally be present at much higher concentrations 
and so present a less demanding analytical task; and 


2) the discharge will pass through a confined channel and so its flow is likely to 
be easier to measure. 


In cases, therefore, where the substance of interest transported by a river derives 
only or mainly from a small number of point sources, it will often be better to derive 
an estimate of mean load indirectly from discharge data rather than directly by 
sampling the river.  
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6.2 PART B:  BACKGROUND 
 
Historically, the water industry has found load estimation a particularly troublesome task. The 
main difficulty has been that, unlike most other monitoring objectives, load estimation calls for 
both concentration and flow data. For rivers, other problems have been the considerable 
skewness exhibited by flow, and, for some determinands, inadequate limits of detection. 
Uncertainty over the most appropriate estimation formula to use has been a further complication. 
 
It is particularly important, therefore, given the growing concern in recent years about the amounts 
of toxic substances and other materials discharged to coastal waters, that the Agency establishes 
sound methods of load estimation and ensures that these are applied consistently across the 
regions. With the increasing emphasis on load-based consents, moreover, there is also a 
particular need within the Agency for a better understanding of loads from effluent discharges. 
 
RULE 1: Using continuous monitoring data 
 


Where it is important to have a reliable estimate of load, continuous monitoring 
data is essential. Rule 1a or 1b should be used according to whether the 
continuous monitoring is flow or time-proportional. In either case, the resulting 
estimate can usually be assumed to have negligible statistical sampling error 
(although it will still be subject, of course, to instrument and analytical error).  


 
 
RULE 1a: Flow-proportional continuous monitoring data 
 


Where monitoring frequency is proportional to flow, and there is also a reliable 
record of mean flow over the whole period, mean load should be estimated by: 


 


Method 2*:   Mean load  Q.c =  


 
 
RULE 1b: Time-proportional continuous monitoring data 
 


Where both concentration and flow data values are monitored at regular time 
intervals, mean load should be estimated by: 


 


Method 3*:   Mean load  l =  
 
 


Note that the grab-sample symbols c  and l are used in Rules 1a and 1b (rather than 


C  and L ) because the concentrations produced by continuous monitoring are still, 


technically, grab samples (albeit in very great quantity). In practice, however, they will 
usually be so close to the true values that sampling error can be ignored. 


 
Some readers may find it surprising that there is not just one single formula for the 
continuous monitoring case. The reason why two formulas are needed is that the 
characteristics of the data do remain intrinsically different according to whether the 
values were obtained at equal volume increments (Rule 1a) or at equal time 
increments (Rule 1b). The essence of the difference is that with Rule 1a, the flow-
weighting of concentration is performed automatically by the physical mechanism 
generating the samples, whilst in Rule 1b it has to be built in explicitly at the 
calculation stage. 


 
 
RULE 2: Using grab sampling data 
 


Commonly it will be necessary to estimate mean load from a limited number of 
grab samples. It is possible (though very unusual) for samples to be collected 
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according to a flow-based regime - for example, a grab sample might be taken 
every 50Ml on average. In those circumstances Rule 2a should then be used. 
More usually, however, the grab sampling regime will be time-based - in which 
case Rule 2b should be used. 


 
In either case it is important to appreciate that, because of the skewness so 
often characteristic of both flows and concentrations, the statistical sampling 
error can be very great. This issue is addressed by Rules 3, 4 and 5. 


 
 
RULE 2a: Flow-based grab sampling data 
 


Where flow-based grab sampling data provides the sole source of information, 
mean load should be estimated by: 


 


Method 1:   Mean load  q.c =  


 
Where, in addition, continuous flow records are available, an improved estimate 
is generally provided by: 


 


Method 2:   Mean load  Q.c =  


 
 
RULE 2b: Time-based grab sampling data 
 


Where time-based grab sampling data provides the sole source of information, 
mean load should be estimated by: 


 


Method 3:   Mean load  l =  
 
 


Where, in addition, continuous flow records are available, an improved estimate 
is generally provided by: 


 


Method 4:   Mean load  )q/Q.(l =  


 
Method 3 is the estimation formula used under ParCom for estimating loads of Red 
List substances. 


 
Method 4 refers to the situation where the concentration data has been obtained from 
grab sampling but a continuous and complete record of flow happens to be available. 


The factor )q/Q(  in the Method 4 formula thus provides a correction to the Method 


3 formula which will, in most circumstances, improve its precision. 
 


 
Illustrative examples 


 
Given the extreme skewness typically found in the distributions of flow and 
concentration, it is not obvious what the effects of sampling error on load estimation 
might be. For this reason we have produced the four illustrative examples described 
in detail in Part C. In each example we define a particular hypothetical pattern of flow 
and concentration variations in a river. We then show how each of the four estimation 
methods defined in Rules 2a and 2b would perform when applied to the sample 
values that would be generated by a programme of random time-based grab sampling 
from such a river. 


 
The four hypothetical rivers have the following essential characteristics:  
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Example 1 - constant flow all year;  
high concentration for 10% of year. 


 
Example 2 - constant concentration all year; 


high flow for 10% of year.  
 


Example 3 - constant load all year; 
high flow for 10% of the year.  


 
Example 4 - high flow and high concentration for 10% of year.  


 
The discussion in Part C of the performance of Methods 1 to 4 reaches five main 
conclusions: 


 
1. None of the four methods gives consistently good results. 
2. Where flow is constant, all four methods give identical results for any given 


year's samples, but all are sensitive to the number of samples that happen to 
be taken at times of high concentration.  


3. Where concentration is expected to remain roughly constant as flow varies, 
it is best to use Method 2 or Method 4. 


4. Where load is expected to remain roughly constant as flow varies, it is best 
to use Method 3. 


5. If the purpose is to estimate total load averaged over a number of years or 
across a number of rivers, Method 3 is the best as it is the only one of the 
four which consistently gives an unbiased result. 


 
Practical studies 


 
The examples in Part C, though very simple, are instructive in the way they echo 
conclusions reached from a number of extensive practical studies. Walling and Webb 
(1985) describe a very interesting simulation investigation of the magnitude of the 
errors involved when estimating mean load from a small number of samples. Their 
study was based on a two-year sequence of flow and suspended solids data obtained 
from a continuous monitoring station on the River Exe. They considered three 
common sampling frequencies - weekly, fortnightly and monthly - and four commonly-
quoted load estimation methods (Methods 1 to 4 as defined in Rules 2a and 2b). For 
each sampling frequency in turn, they selected fifty different regular subsets of the full 
data set. They then evaluated the performance of each estimation method by applying 
it to the fifty subsets and calculating the variability and the mean bias of the resulting 
fifty estimates. 


 
The Walling and Webb study found that Methods 1and 2 gave fairly precise estimates 
- that is, the variation between estimates from replicate subsets was small. 
Unfortunately they were also badly biased, with load estimates showing a marked 
tendency to under-estimate the true mean load: for example, the results were on 
average only 38% of the true mean for weekly sampling and 25% for monthly. In 
contrast, Methods 3 and 4 showed little bias (as would be expected on theoretical 
grounds), but produced much greater dispersion. For example, some individual 
estimates were less than 10% or more than 300% of the true load.  


 
The failure of methods based on grab sampling through time to account fully for the 
variations in concentrations and flow was confirmed in two more recent studies. WRc, 
in collaboration with Essex University, investigated heavy metals (Harrison et al. 1989) 
and pesticides (van Dijk et al, 1991) in the River Thames. Using the two methods of 
calculation based on instantaneous load values (Methods 3 and 4), estimates of total 
load were obtained and compared with the actual total load obtained by continuous 
monitoring. Many of the confidence intervals were so wide as to render the load 
estimates themselves of little practical use. 
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In conclusion, therefore, each of the available options for calculating load from a 
limited number of samples has potentially serious drawbacks. Methods 1 and 2 give 
repeatable results but suffer from an unknown and possibly large bias, whilst Methods 
3 and 4 give unbiased results on average but can produce a large error in individual 
cases. Thus there is no single best method: the choice should take account of the 
objectives of the exercise, together with any available prior knowledge about the 
nature of flow and concentration variations in the sampled river or effluent. 


 
On balance, however, we believe that relative freedom from bias is a more essential 
property than good repeatability, particularly for objectives concerned with 
aggregating results over years or across regions. As a general guide, therefore, 
Methods 3 and 4 are to be preferred - provided that due attention is 


 
paid to the various aspects of sampling error now addressed in Rules 3 to 5 following. 


 
RULE 3: Confidence limits 
 


Because of the special difficulties arising in load estimation, it is particularly 
important always to give confidence limits showing the uncertainty 
surrounding any load estimate (see 'Presenting summary statistics'). In the 
absence of a clear-cut model for the shape of the instantaneous load probability 
distribution, confidence limits should be based on the log-Normal distribution 
using one of the methods described in Part C. 


 
For calculating confidence limits around means, the advice given in 'Presenting 
summary statistics' is that Normality can generally be assumed because of the 
Central Limit Theorem. (This states, roughly, that the uncertainty in the mean of a set 
of sample values will be approximately Normal even when the individual values are 
far from being Normally distributed.) 


 
For the special case of load estimation, however, this is an unreliable assumption as 
the distribution of instantaneous load can be so highly skewed. Thus, whilst mean 
load will certainly have a distribution nearer to Normal than that of the individual 
instantaneous loads, the approximation to Normality may not be very close - 
particularly if the number of samples is small.  


 
For this reason we recommend as the default the approximate procedure described 
in Part C based on the log-Normal model. 


 
 
RULE 4: Representing high-flow events 
 


Where high-flow events (whether in rivers or in effluents) are not adequately 
represented in the data, there is a risk of the mean load estimate being very 
severely biased. The bias may be either positive or negative depending on the 
shape and strength of the relationship between concentration and flow. Where 
this risk seriously jeopardises the objective of the exercise, it could be worth 
supplementing the routine sampling programme with a small number of special 
surveys. 


 
The problem of high-flow events is especially critical in rivers where the substance of 
interest is associated with particulates, since the transport of particulates is by nature 
episodic and dominated by flood events. In these circumstances, a large proportion 
of the total load may be discharged during relatively short periods - with the statistical 
consequences illustrated by Example 4 in Part C.   


 
In the previously-mentioned study of the River Thames (van Dijk et al), for example, 
about 80% of the total observed annual load for a number of pesticides was 
discharged during a period of eight weeks of high flow in the winter. Moreover, no 
observations could be made during four weeks at the height of the Thames floods of 
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1990, and so it is likely that a still higher proportion of the total loads passed during 
this period. 


 
The episodic nature of suspended sediment transport and the dominance of flood 
events in such transport was also clearly demonstrated by Walling and Webb (1985), 
who observed that 60% of the overall suspended sediment load was transported 
during only 2% of the time. 


 
 
RULE 5: Using additional information  
 


Where a large proportion of the total load is transported in a relatively small 
proportion of the time, p, and the number of samples available is only of the 
order of 1/p, cases will commonly arise in which the data contains no extreme 
values. Not only will the resulting estimates be biased: the data will also 
produce misleadingly narrow confidence limits. Depending on the context, 
therefore, it can be prudent to use more realistic information from elsewhere 
on the likely underlying variability (e.g. from more comprehensive data on other 
similar rivers or discharges). Part C provides a table that would help in applying 
such an approach. 


 
Suppose, for example, that the major part of the load is transported by the high flows 
occurring during 8% of the year (so p = 0.08.). If the number of samples is around 1/p 
= 12 - i.e. monthly - it can be calculated that such high-flow events would be missed 
entirely more than one year in three. 


 
In these circumstances, it is likely - particularly when the sampling dates are fixed in 
advance - that virtually all samples will be collected during periods of comparatively 
low flow. Very occasionally, samples will be collected during episodes of high flow 
and associated high sediment transport. Thus, for the many substances readily 
adsorbed by sediments, infrequent sampling is likely to lead to a gross under-
estimation of total load, but the inclusion by chance of one or two samples with high 
concentrations will produce very different load estimates to those obtained without 
such values. Comparisons between different years or between rivers will thus be very 
dependent on the inclusion or exclusion by chance of one or two peak concentrations.  
 
One practical way of lessening the risks of erroneous comparisons in such situations, 
therefore, is to 'borrow' more realistic confidence limits from other similar but more 
extensive data sets. Such an approach is likely to become more feasible as 
experience of load estimation develops, and a better understanding is obtained of the 
variability of estimates for different substances in given circumstances.  


 
RULE 6: Exploiting relationships between concentration and flow  
 


Any known or expected relationship between concentration and flow should be 
exploited wherever possible. For important applications, statistical modelling 
could be used to quantify the specific relationship for that site, leading to a 
more accurate estimate of load: this would be particularly useful where an 
extended flow record was available. More simply, even a rough understanding 
of the shape of the concentration-flow relationship will give a clear pointer as 
to which of Methods 1 to 4 is the most appropriate. 


 
As with Rule 5, the aim here is to use whatever knowledge may be available to 
squeeze the most out of the data. A good example of a determinand showing a well-
established relationship with flow is chloride; phosphate and sulphate are other likely 
candidates. 


 
 
RULE 7: Alternative method for riverine load estimation 
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Mean load can almost always be estimated more easily and precisely for a 
discharge than for a river, as: 


 polluting substances will generally be present at much higher 
concentrations and so present a less demanding analytical task; and 


 the discharge will pass through a confined channel and so its flow is 
likely to be easier to measure. 


In cases, therefore, where the substance of interest transported by a river 
derives only or mainly from a small number of point sources, it will often be 
better to derive an estimate of mean load indirectly from discharge data rather 
than directly by sampling the river.  


 
This approach is in fact already used in some regions: for example, inputs to the North 
Sea are based on data from Harmonised Monitoring points and major discharges 
below them. It will become an increasingly feasible option as more dischargers install 
flow-measurement devices in response to the need to demonstrate compliance with 
load-based consents. It is likely to be useful, moreover, even when matters are 
complicated by the existence of other unmonitored or diffuse-source inputs. Given the 
wide confidence limits typically arising with river-based estimates of load, even a 
partial estimate of the contribution from discharges might well provide a tighter lower 
bound on the total load than that implied by riverine data alone. 
 
One drawback with the indirect method of load estimation is that the calculation of 
confidence limits becomes too complicated for useful general guidance to be given in 
this Code of Practice. Anyone wishing to use this approach, therefore, is advised to 
seek the advice of a statistician. 
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6.3 PART C - TECHNICAL DETAILS 
 
C.1 CONFIDENCE LIMITS 
 
We start with the statistical details for Method 3 as this is the recommended approach likely to be 
used most often in practice.  
 
                  Method 3 
 


Suppose that M is the mean and S the standard deviation of the observed 
instantaneous loads data.  The coefficient of variation, C, can hence be calculated by 
C = S/M.  On the assumption that load is log-Normally distributed, the estimated 
standard deviation of log(load), s, can be determined from: 


 


]c + ln[l = s
22          (Note: 'ln' denotes 'log to base e'.) 


 


Moreover, observed mean load l  is related to m and s, the estimated mean and 


standard deviation of ln(load), by: 







Doc No 111_07_SD02 Version 3 Last printed 15/01/20 Page 55 of 67 


 


 


 = l EXP ]s0.5 + [m 2  


 


Now the standard error of ]s0.5 + [m 2  is approximately equal to: 


 


/n]s(0.25)2 + /ns[ = E 42  


 


An approximate 90% confidence interval for ln )l(  is therefore given by: 


 


 tE ]lln[   


 
where t is the Student's t statistic for the appropriate degrees of freedom (namely n-
1) and desired confidence level.  


 


Approximate multiplicative limits around the estimate l , therefore, are: 


exp[  tE]. 


 
Example 


Suppose the estimated coefficient of variation, C, is 1.2, and the estimate of mean 
load has been obtained from n = 24 samples. 


 


Then s
2  =  ln(1 + 1.44) = 0.892 


 


so  E      =  [ .892/24 + 0.5(.892)(.892)/24] 


              =  [ 0.05374] 


              =  0.232. 
 


With 24-1 = 23 degrees of freedom, the t value for 90% confidence is 1.71.  
Multiplicative 90% limits are therefore: 
 
exp[ 1.71(0.232)]   =  exp[ 0.397],    viz.  0.67 and 1.49. 


 
These calculations have been repeated for a variety of typical coefficients of variation 
and numbers of samples; the results are presented in Table C.1. 


 
 
 
 
 
 
 
 
 
Table C.1 - Multipliers giving approximate 90% confidence intervals for the mean of 
        a log-Normally distributed determinand 
 


 


No. of samples 


 


 


Observed coefficient of variation 


 
 


 
 


 
 


 
0.4 


 
0.6 


 
0.8 


 
1.0 


 
1.2 


 
1.4 


 
1.6 


 
1.8 


 
2.0 


 
   4 


 
lower 


 
0.63 


 
0.50 


 
0.40 


 
0.32 


 
0.26 


 
0.22
0 


 
0.18 


 
0.16 


 
0.13 


 
 


 
upper: 


 
1.60 


 
2.01 


 
2.52 


 
3.11 


 
3.80 


 
4.57 


 
5.44 


 
6.38 


 
7.41  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 6 
 
lower: 


 
0.72 


 
0.61 


 
0.52 


 
0.45 


 
0.39 


 
0.34 


 
0.30 


 
0.27 


 
0.25            







Doc No 111_07_SD02 Version 3 Last printed 15/01/20 Page 56 of 67 


 


 upper: 1.39 1.63 1.91 2.22 2.55 2.91 3.28 3.67 4.08  
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 12 
 
lower: 


 
0.81 


 
0.73 


 
0.66 


 
0.61 


 
0.55 


 
0.51 


 
0.47 


 
0.44 


 
0.41  


 
 
upper: 


 
1.23 


 
1.36 


 
1.50 


 
1.65 


 
1.80 


 
1.96 


 
2.11 


 
2.27 


 
2.42  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 24 
 
lower: 


 
0.87 


 
0.81 


 
0.76 


 
0.71 


 
0.67 


 
0.64 


 
0.60 


 
0.58 


 
0.55  


 
 
upper: 


 
1.15 


 
1.23 


 
1.32 


 
1.40 


 
1.49 


 
1.57 


 
1.66 


 
1.74 


 
1.82  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 30 
 
lower: 


 
0.88 


 
0.83 


 
0.78 


 
0.74 


 
0.70 


 
0.67 


 
0.64 


 
0.61 


 
0.59  


 
 
upper: 


 
1.13 


 
1.20 


 
1.28 


 
1.35 


 
1.42 


 
1.49 


 
1.56 


 
1.63 


 
1.70  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 40 
 
lower: 


 
0.90 


 
0.85 


 
0.81 


 
0.77 


 
0.74 


 
0.71 


 
0.68 


 
0.66 


 
0.63  


 
 
upper: 


 
1.11 


 
1.17 


 
1.23 


 
1.29 


 
1.35 


 
1.41 


 
1.47 


 
1.52 


 
1.58  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 50 
 
lower: 


 
0.91 


 
0.87 


 
0.83 


 
0.79 


 
0.76 


 
0.74 


 
0.71 


 
0.69 


 
0.67  


 
 
upper: 


 
1.10 


 
1.15 


 
1.21 


 
1.26 


 
1.31 


 
1.36 


 
1.41 


 
1.45 


 
1.50  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 60 
 
lower: 


 
0.92 


 
0.88 


 
0.86 


 
0.83 


 
0.81 


 
0.79 


 
0.76 


 
0.74 


 
0.73  


 
 
upper: 


 
1.09 


 
1.14 


 
1.18 


 
1.23 


 
1.28 


 
1.32 


 
1.36 


 
1.41 


 
1.44  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 80 
 
lower: 


 
0.93 


 
0.89 


 
0.86 


 
0.83 


 
0.81 


 
0.79 


 
0.76 


 
0.74 


 
0.73  


 
 
upper: 


 
1.08 


 
1.12 


 
1.16 


 
1.20 


 
1.24 


 
1.27 


 
1.31 


 
1.34 


 
1.37  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 100 
 
lower: 


 
0.94 


 
0.91 


 
0.88 


 
0.85 


 
0.83 


 
0.81 


 
0.79 


 
0.77 


 
0.75  


 
 
upper: 


 
1.07 


 
1.10 


 
1.14 


 
1.17 


 
1.21 


 
1.24 


 
1.27 


 
1.30 


 
1.33  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 150 
 
lower: 


 
0.95 


 
0.92 


 
0.90 


 
0.88 


 
0.86 


 
0.84 


 
0.82 


 
0.81 


 
0.79  


 
 
upper: 


 
1.06 


 
1.08 


 
1.11 


 
1.14 


 
1.17 


 
1.19 


 
1.21 


 
1.24 


 
1.26  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 200 
 
lower: 


 
0.95 


 
0.93 


 
0.91 


 
0.89 


 
0.88 


 
0.86 


 
0.85 


 
0.83 


 
0.82  


 
 
upper: 


 
1.05 


 
1.07 


 
1.10 


 
1.12 


 
1.14 


 
1.16 


 
1.18 


 
1.20 


 
1.22  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 
Variant of Method 3 when C is known 
 


The method described above can be modified for the case where the coefficient of 
variation is known (or can be assumed) rather than estimated from the data. 


 


First, on the assumption that load is log-Normally distributed, calculate , the standard 
deviation of ln(load) implied by the given value of C.  This is: 


 


]C + ln[1 = 22
                     (Note: 'ln' denotes 'log to base e'.) 


 


The standard error of [m + 0.52 ] is simply: 
 


/n][ = E 2
  


. 


An approximate 90% confidence interval for ln )l( is therefore given by: 


 


E1.65  ]lln[   


 
(As C is assumed to be known, we use the standard Normal variate  for 90% 
confidence, 1.65, rather than Student's t.) 


 


Approximate multiplicative limits around the estimate l , therefore, are: 


 
exp[  1.65E]. 
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Example 


Suppose the coefficient of variation, C, is reliably believed to be 1.2, and the estimate 
of mean load has been obtained from n = 24 samples. 


 


Then 2  = ln(1 + 1.44) = 0.892 
 


so    E    = [ 0.892/24]  = 0.193. 


 


Thus approximate multiplicative limits around the estimate l  are: 


 
exp[  1.65(0.193)]  =  exp[   0.318],   viz.  0.73 and 1.37. 


 
These calculations have been repeated for a variety of typical coefficients of variation 
and numbers of samples; the results are presented in Table C.2. 


 
 
Table C.2 - Multipliers giving approximate 90% confidence intervals for the mean of                            
a log-Normally distributed determinand when the variability is assumed                            known 
  


 


No. of samples 


 


 


Observed coefficient of variation 


 
 


 
 


 
 


 
0.4 


 
0.6 


 
0.8 


 
1.0 


 
1.2 


 
1.4 


 
1.6 


 
1.8 


 
2.0 


 
   4 


 
lower 


 
0.73 


 
0.63 


 
0.56 


 
0.50 


 
0.46 


 
0.42 


 
0.40 


 
0.37 


 
0.35 


 
 


 
upper: 


 
1.37 


 
1.58 


 
1.78 


 
1.98 


 
2.17 


 
2.36 


 
2.53 


 
2.69 


 
2.84  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 6 
 
lower: 


 
0.77 


 
0.69 


 
0.62 


 
0.57 


 
0.53 


 
0.50 


 
0.47 


 
0.45 


 
0.43  


 
 
upper: 


 
1.30 


 
1.45 


 
1.60 


 
1.75 


 
1.89 


 
2.01 


 
2.13 


 
2.24 


 
2.34  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 12 
 
lower: 


 
0.83 


 
0.77 


 
0.72 


 
0.67 


 
0.64 


 
0.61 


 
0.59 


 
0.57 


 
0.55  


 
 
upper: 


 
1.20 


 
1.30 


 
1.40 


 
1.48 


 
1.57 


 
1.64 


 
1.71 


 
1.77 


 
1.83  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 24 
 
lower: 


 
0.88 


 
0.83 


 
0.79 


 
0.76 


 
0.73 


 
0.70 


 
0.68 


 
0.67 


 
0.65  


 
 
upper: 


 
1.14 


 
1.20 


 
1.27 


 
1.32 


 
1.37 


 
1.42 


 
1.46 


 
1.50 


 
1.53  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 30 
 
lower: 


 
0.89 


 
0.85 


 
0.81 


 
0.78 


 
0.75 


 
0.73 


 
0.71 


 
0.70 


 
0.68  


 
 
upper: 


 
1.12 


 
1.18 


 
1.24 


 
1.28 


 
1.33 


 
1.37 


 
1.40 


 
1.43 


 
1.46  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 40 
 
lower: 


 
0.90 


 
0.87 


 
0.83 


 
0.81 


 
0.78 


 
0.76 


 
0.75 


 
0.73 


 
0.72  


 
 
upper: 


 
1.11 


 
1.16 


 
1.20 


 
1.24 


 
1.28 


 
1.31 


 
1.34 


 
1.37 


 
1.39  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 50 
 
lower: 


 
0.91 


 
0.88 


 
0.85 


 
0.82 


 
0.80 


 
0.78 


 
0.77 


 
0.76 


 
0.74  


 
 
upper: 


 
1.09 


 
1.14 


 
1.18 


 
1.21 


 
1.25 


 
1.27 


 
1.30 


 
1.32 


 
1.34  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 60 
 
lower: 


 
0.92 


 
0.89 


 
0.86 


 
0.84 


 
0.82 


 
0.80 


 
0.79 


 
0.77 


 
0.76  


 
 
upper: 


 
1.09 


 
1.12 


 
1.16 


 
1.19 


 
1.22 


 
1.25 


 
1.27 


 
1.29 


 
1.31  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 80 
 
lower: 


 
0.93 


 
0.90 


 
0.88 


 
0.86 


 
0.84 


 
0.83 


 
0.81 


 
0.80 


 
0.79  


 
 
upper: 


 
1.07 


 
1.11 


 
1.14 


 
1.17 


 
1.19 


 
1.21 


 
1.23 


 
1.25 


 
1.26  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 100 
 
lower: 


 
0.94 


 
0.91 


 
0.89 


 
0.87 


 
0.86 


 
0.84 


 
0.83 


 
0.82 


 
0.81  


 
 
upper: 


 
1.07 


 
1.10 


 
1.12 


 
1.15 


 
1.17 


 
1.19 


 
1.20 


 
1.22 


 
1.23  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 150 
 
lower: 


 
0.95 


 
0.93 


 
0.91 


 
0.89 


 
0.88 


 
0.87 


 
0.86 


 
0.85 


 
0.84  


 
 
upper: 


 
1.05 


 
1.08 


 
1.10 


 
1.12 


 
1.14 


 
1.15 


 
1.16 


 
1.18 


 
1.19  


 
 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
  


 200 
 
lower: 


 
0.96 


 
0.94 


 
0.92 


 
0.91 


 
0.90 


 
0.89 


 
0.88 


 
0.87 


 
0.86            
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 upper: 1.05 1.07 1.09 1.10 1.12 1.13 1.14 1.15 1.16  
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 


 
 Note: the approximate multipliers in this table are calculated on the assumption that C, the coefficient of variation, is known (or can            


be assumed). If instead C is estimated from the data, Table C.1 should be used. 
 
 
Method 4 


 
The statistical behaviour of mean load estimates obtained by Method 4 is much more 
complicated than for Method 3, as the estimate now involves the ratio of two 


correlated quantities l , and q .  A detailed treatment therefore goes beyond the scope 


of this Code of Practice.  For further discussion of the calculation of confidence limits 
for Method 4, the reader is referred to van Dijk et al (1991).  For detailed advice on 
how to proceed in a particular case, the advice of a statistician should be sought. 


 
Methods 1 and 2 


 
Similar remarks apply to estimates obtained by Method 1 - the statistical details for 
which are again complicated by involving a combination of correlated quantities.  For 
Method 2, however, the procedure described in detail for Method 3 can be used, as 
it applies quite generally to any log-Normally distributed determinand.  The only other 


point to note when applying the method to Q.c  rather than l is that Q  should be 


regarded as a multiplicative constant. 
 
 
C.2  WORKED EXAMPLES 
 
This section presents the details of four worked examples. These have four main aims: 
 


 to illuminate the arithmetic 'nuts and bolts' of each estimation formula, and so 
give the reader the opportunity to work through and check his or her 
understanding of the practical details (important if that person is subsequently 
responsible for specifying the details of a load estimation calculation routine);  


 to demonstrate how, even for one given set of sample values, different 
methods can produce very different load estimates; 


 to demonstrate, for any one estimation method, the extent to which the answer 
can vary from year to year; and  


 to demonstrate how the findings in (ii) and (iii) can themselves be very 
dependent on the nature of variations in flow and concentration in the river or 
effluent being sampled. 


       
The four hypothetical rivers 


 
The hypothetical rivers represented by the four examples have been designed to 
explore the consequences of four markedly different combinations of flow and/or 
concentration variability.  To aid comparisons, the true mean load is arranged to have 
the same value (9.0 units) in each case. 


 
Example 1:  flow stays constant throughout the year; concentration is high 
 for 10% of the year.   
 
Example 2:  concentration stays constant throughout the year; flow is high 
 for 10% of the year.   


 
Example 3:  load stays constant throughout the year; flow is high for 10%  of the 


year.   
 


Example 4:  flow and concentration are correlated, both being high for the 
 same 10% of the year. 
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The load estimation methods 
 


Four methods for estimating mean loads are examined.  These are the four methods 
defined during the course of Rules 1 and 2. (They are also the principal four options 
studied by Walling and Webb.) 


 


Method 1:  Mean load = q.c  


 


Method 2:  Mean load = Q.c   


 


Method 3:  Mean load = l   


 


Method 4:  Mean load = )q/Q.(l   


 
Results 


 
The four examples are presented on pages 18 to 23.  We recommend that the reader 
works through Example 1 first; then reads the conclusions drawn about that example 
below; and then works similarly through Examples 2, 3 and 4. 


 
 


Conclusions 
 


Example 1:  flow stays constant throughout the year; concentration is high for 
 10% of the year. 


 
For this river the four methods perform identically to one another, and all four produce 
results that average out, in the long run, at the true mean load.  Individual results, 
however, are very sensitive to the data outcome happening to arise in any one year.  
For each method, the estimated mean load can range from 3.0 (in years when no 
high concentrations are selected) to 33.0 (in the rare cases when as many as three 
of the six samples are taken during the high concentration period). 


 
 


Example 2: concentration stays constant throughout the year; flow is high for 
 10% of the year 


 
 


Methods 2 and 4 give the true result for all data outcomes, whereas Methods 1 and 
3 are highly susceptible to the number of samples happening to be taken during high 
flow periods. But in the long term, all four methods again average out at the true value.    


 
 


Example 3: load stays constant throughout the year; flow is high for 10% of the 
 year 


 
Method 3 gives the true result whatever combination of data happens to arise - and 
so of course is unbiased. The other three methods, however, are sensitive to the 
number of samples taken at high flow, and also have a positive bias - that is, they 
tend to over-estimate the true mean load. 


 
 


Example 4:  flow and concentration are correlated, both being high for the same 
 10% of the year. 
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For this river, Method 3 performs worst in one respect and best in another.  It produces 
the estimates that vary the most wildly according to the number of high-load events 
that happen to be sampled; and yet it is the one method which in the long run 
generates estimates that average out to the correct mean load. In contrast, Method 2 
produces the least variable results over the four data outcomes, but is badly biased, 
with an expected value of 5.76 rather than 9.0 - 36% too low. 


 
 
 


 
                  Example 1: Constant flow 


 
Suppose a river has constant flow but two levels of concentration: 
  Flow = 3 Conc =   1 (so Load =   3) for 90% of the year  
  Flow = 3 Conc = 21 (so Load = 63) for 10% of the year 
Then  


  True mean flow Q  =  0.90(3.00) + 0.10(3.00)   =  2.7 + 0.3  =  3.00 


and 


 True mean load L    =  0.90(3.00) + 0.10(63.00) =  2.7 + 6.3  =  9.00   
 
Now suppose six samples are taken at random through the year.  As high concentrations occur 
for only 10% of the time, it is quite likely that none of the six samples happens to catch a high 
concentration. In fact, the chance of this happening is just over 50% (the exact probability is 0.96 
= 53.1%); so we have called this 'Outcome 1'. The next most likely situation (with prob = 35.4%) 
is that just one sample produces a high concentration; this is called Outcome 2. 
 
 
Outcomes 3 and 4 then describe the decreasingly likely cases in which two, then three of the six 
samples pick up high concentrations. Thus Outcome 3 would occur about one year in ten, whilst 
Outcome 4 would occur only about one year in 70. 
 
The probabilities of Outcomes 1 to 4 add up to 99.8%. Thus, whilst in principle there might be 
four, five or even six high concentrations in the six samples, the chance of any of these still more 
extreme outcomes actually occurring is so slight (0.2%) that it can be ignored for the purposes of 
the example.  
 


 
Outcome 1 


(Prob: 53.1%) 


 
Outcome 2 


(Prob: 35.4%) 


 
Outcome 3 


(Prob: 9.85%) 


 
Outcome 4 


(Prob: 1.45%) 
 
flow 


 
conc 


 
load 


 
flow 


 
conc 


 
load 


 
flow 


 
conc 


 
load 


 
flow 


 
conc 


 
load 


 
q 


 
c 


 
l 


 
q 


 
c 


 
l 


 
q 


 
c 


 
l 


 
q 


 
c 


 
l 


 
3 


 
1 


 
3 


 
3 


 
21 


 
63 


 
3 


 
21 


 
63 


 
3 


 
21 


 
63 


 
3 


 
1 


 
3 


 
3 


 
  1 


 
  3 


 
3 


 
21 


 
63 


 
3 


 
21 


 
63 


 
3 


 
1 


 
3 


 
3 


 
  1 


 
  3 


 
3 


 
  1 


 
  3 


 
3 


 
21 


 
63 


 
3 


 
1 


 
3 


 
3 


 
  1 


 
  3 


 
3 


 
  1 


 
  3 


 
3 


 
  1 


 
  3 


 
3 


 
1 


 
3 


 
3 


 
  1 


 
  3 


 
3 


 
  1 


 
  3 


 
3 


 
  1 


 
  3 


 
3 


 
1 


 
3 


 
3 


 
  1 


 
  3 


 
3 


 
  1 


 
  3 


 
3 


 
  1 


 
  3 


 


Now we can calculate the annual mean for each detd for each Outcome... 
 


  q  


 


   c  


 


   l  


 


   q  


 


   c  


 


    l  


 


  q  


 


   c  


 


    l  


 


  q  


 


   c  


 


    l  


 
3.00 


 
1.00 


 
3.00 


 
3.00 


 
4.33 


 
13.0 


 
3.00 


 
7.67 


 
23.0 


 
3.00 


 
11.0 


 
33.0 
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....and so produce the estimates of mean load by Methods 1 to 4: 
 


 


1:  q.c  


 
3.00 


 
13.00 


 
23.00 


 
33.00 


 


2:  Q.c  


 
3.00 


 
13.00 


 
23.00 


 
33.00 


 


3:  l  


 
3.00 


 
13.00 


 
23.00 


 
33.00 


 


4:  )q/Q(l  


 
3.00 


 
13.00 


 
23.00 


 
33.00 


 
Finally, we can average ‘horizontally’ across the four Outcomes, weighting each Outcome 
according to its occurrence probablility. This shows us, for each load estimation method, what the 
long-run average would be if the method were used repeatedly on this hypothetical river. 
 
 
 
 
Method Weighted sum      Expected value 


  of mean load 


1:  q.c  0.531(3) + 0.354(13)       +  0.0985(23)      +  0.0145(33) 


= 1.59  + 4.61 +  2.27    +  0.48  9.00 


2:  Q.c  0.531(3) + 0.354(13) +  0.0985(23)   +  0.0145(33)  


= 1.59   + 4.61 +  2.27    +  0.48  9.00 


3:  l  0.531(3) + 0.354(13)  +  0.0985(23)   +  0.0145(33)  
= 1.59   + 4.61  +  2.27   +  0.48  9.00 


4:  )q/Q(l  0.531(3)  + 0.354(13)  +  0.0985(23)   +  0.0145(33)  


= 1.59   + 4.61  +  2.27   +  0.48  9.00 
 
 
 
 


 
                 Example 2: Constant concentration 


 
Suppose a river has constant concentration but two levels of flow: 
  Flow = 1 Conc = 3 (so Load =  3)  for 90% of the year  
  Flow = 21 Conc = 3 (so Load = 63) for 10% of the year 
Then  


  True mean flow Q  =  0.90(1.00)  +  0.10(21.00)  =  0.9 +  2.1  =  3.00 


and 


 True mean load L  =  0.90(3.00)  +  0.10(63.00)  =  2.7 +  6.3  =  9.00 
 
Now suppose six samples are taken at random through the year.  By the same argument as in 
Example 1, there is a chance of just over 50% that all six samples fall in the 'normal' period of 
the year: this constitutes Outcome 1.  Outcomes 2, 3 and 4 then refer to the cases in which one, 
two and three of the six samples pick up high flows 
 


 
Outcome 1 
(Prob: 53.1)  


 
Outcome 2 


(Prob: 35.4%) 


 
Outcome 3 
(Prob: 9.85) 


 
Outcome 4 


(Prob: 1.45%) 
 
flow 


 
conc 


 
load 


 
flow 


 
conc 


 
load 


 
flow 


 
conc 


 
load 


 
flow 


 
conc 


 
load 


 
q 


 
c 


 
l 


 
q 


 
c 


 
l 


 
q 


 
c 


 
l 


 
q 


 
c 


 
l 


 
1 


 
3 


 
3 


 
21 


 
3 


 
63 


 
21 


 
3 


 
63 


 
21 


 
3 


 
63 
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Outcome 1 
(Prob: 53.1)  


 
Outcome 2 


(Prob: 35.4%) 


 
Outcome 3 
(Prob: 9.85) 


 
Outcome 4 


(Prob: 1.45%) 


1 3 3   1 3   3 21 3 63 21 3 63 
 


1 
 


3 
 


3 
 


  1 
 


3 
 


  3 
 


  1 
 


3 
 


  3 
 


21 
 


3 
 


63 
 


1 
 


3 
 


3 
 


  1 
 


3 
 


  3 
 


  1 
 


3 
 


  3 
 


  1 
 


3 
 


  3 
 


1 
 


3 
 


3 
 


  1 
 


3 
 


  3 
 


  1 
 


3 
 


  3 
 


  1 
 


3 
 


  3 
 


1 
 


3 
 


3 
 


  1 
 


3 
 


  3 
 


  1 
 


3 
 


  3 
 


  1 
 


3 
 


  3 


 
 


Now we can calculate the annual mean for each detd for each Outcome ... 
 


   q  


 


   c  


 


   l  


 


   q   


 


   c  


 


   l  


 


   q  


 


   c  


 


    l  


 


   q  


 


   c  


 


   l  


 
1.00 


 
3.00 


 
3.00 


 
4.33 


 
3.00 


 
13.0 


 
7.67 


 
3.00 


 
23.0 


 
11.0 


 
3.00 


 
33.0 


.....and so produce the estimates of mean load by Methods 1 to 4: 
 


1:  q.c  


 
3 


 
13 


 
23 


 
33 


 


2:  Q.c  


 
9.00 


 
9.00 


 
9.00 


 
9.00 


 


3:  l  


 
3.00 


 
13.00 


 
23.00 


 
33.00 


 


4:  )q/Q(l  


 
9.00 


 
9.00 


 
9.00 


 
9.00 


 
Finally, we can calculate a weighted average across the four Outcomes, 
 
  Method   Weighted sum          Expected value 


             of mean load 


1: q.c  0.531(3) + 0.354(13)  + 0.0985(23)  + 0.0145(33) 


1.59 + 4.61 + 2.27 + 0.48 =  9.00 
 


2: Q.c  0.531(9) + 0.354(9)  + 0.0985(9)  + 0.0145(9) 


4.78 + 3.19 + 0.89 + 0.13 =  9.00 
 


3: l  0.531(3) + 0.354(13)  + 0.0985(23)  + 0.0145(33) 
1.59 + 4.61 + 2.27 + 0.48 =  9.00 


 


4: )q/Q(l  0.531(9) + 0.354(9)  + 0.0985(9)  + 0.0145(9) 


4.78 + 3.19 + 0.89 + 0.13 =  9.00 
 
Example 3: Constant load 


 
Suppose a river has constant load but two levels of flow: 
  Flow = 3 Conc = 3 (so Load =  9)  for 90% of the year  
  Flow = 9 Conc = 1 (so Load =  9)  for 10% of the year 
Then  


  True mean flow Q  =  0.90(3.00)  +  0.10(9.00)  = 2.7 + 0.9  =  3.60 


and 


 True mean load L  =  0.90(9.00)  +  0.10(9.00)  = 8.1 + 0.9  =  9.00 
 
Now suppose six samples are taken at random through the year.  By the same argument as in 
Examples 1 and 2, the respective chances of the six samples picking up zero, one, two or three 
high flows are as given below under Outcomes 1, 2, 3 and 4. 
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Now we can calculate the annual mean for each det'd for each Outcome... 
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3.00 


 
3.00 


 
9.00 


 
4.00 


 
2.67 


 
9.00 


 
5.00 


 
2.33 


 
9.00 


 
6.00 


 
2.00 


 
9.00 


... and so produce the estimates of mean load by Methods 1 to 4: 
 
1: 


 


q.c  


 
  9.00 


 
10.67 


 
11.67 


 
12.00 


 
2: 


 


Q.c  


 
10.80 


 
  9.60 


 
  8.40 


 
  7.20 


 
3: 


 


l  


 
  9.00 


 
  9.00 


 
  9.00 


 
  9.00 


 
4: 


 


)q/Q(l


 


 
10.80 


 
  8.10 


 
  6.48 


 
  5.40 


Finally, we can calculate a weighted average across the four Outcomes, 
 
  Method   Weighted sum          Expected value 


      of mean load 


1: q.c  0.531(9) + 0.354(10.67)+ 0.0985(11.67)  + 0.0145(12) 


4.78 + 3.78 + 1.15  + 0.17 =    9.90 
 


2: Q.c  0.531(10.8)+ 0.354(9.6)  + 0.0985(8.4)  + 0.0145(7.2) 


5.74 + 3.40 + 0.83 + 0.10 =  10.08 
 


3: l  0.531(9) + 0.354(9)  + 0.0985(9)  + 0.0145(9) 
4.78 + 3.19 + 0.89 + 0.13 =    9.00 


 


4: )q/Q(l  0.531(10.8)+ 0.354(8.1)  + 0.0985(6.48)  + 0.0145(5.4) 


5.74 + 2.87 + 0.64 + 0.08 =    9.3 
 


 
Example 4: High flow associated with high concentration 


 
Suppose a river has high concentrations associated with high flows: 
  Flow = 3 Conc = 1 (so Load =  3)  for 90% of the year  
  Flow = 21 Conc = 3 (so Load = 63) for 10% of the year 
Then  


  True mean flow Q  =  0.90(3.00)  +  0.10(21.00)  = 2.7 +  2.1  =  4.80 
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and 


 True mean load L  =  0.90(3.00)  +  0.10(63.00)  =  2.7 +  6.3  =  9.00 
 
Now suppose ten samples are taken at random through the year. Here there are more possible 
outcomes than in Examples 1, 2 and 3, and so the probabilities are spread more diffusely between 
them. In particular, Outcomes 1 and 2 (picking up zero and one high flows respectively) can be 
expected to arise about one year in three. 
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Now we can calculate the annual mean for each det'd for each Outcome... 
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... and so produce the estimates of mean load by Methods 1 to 4: 
 


  
1: 


 


q.c  


 
3.00 


 
  5.76 


 
   9.24 


 
 13.44 


 
2: 


 


Q.c  


 
4.80 


 
  5.76 


 
   6.72 


 
   7.68 


 
3: 


 


l  


 
3.00 


 
  9.00 


 
 15.00 


 
 21.00 


 
4: 


 


)q/Q(l


 


 
4.80 


 
  9.00 


 
 10.91 


 
 12.00 


Finally, we can calculate a weighted average across the four Outcomes, 
 
  Method   Weighted sum          Expected value 


      of mean load 


1: q.c  0.349(3) + 0.387(5.76) + 0.194(9.24)  + 0.0574(13.44) 


1.05 + 2.23 + 1.79 + 0.77 =  6.08 
 


2: Q.c  0.349(3) + 0.387(5.76) + 0.194(6.72)  + 0.0574(7.68) 
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1.67 + 2.23 + 1.30 + 0.44 =  5.76 
 


3: l  0.349(3) + 0.387(9)  + 0.194(15)  + 0.0574(21) 
1.05 + 3.49 + 2.91 + 1.21 =  9.00 


 


4: )q/Q(l  0.349(4.8) + 0.387(9)  + 0.194(10.91) + 0.0574(12) 


1.67 + 3.49 + 2.11 + 0.69 =  8.13 
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7.0 Mid class statistics 


 
The Water Framework Directive (WFD) uses ammonia, phosphorus and dissolved oxygen and 
BOD and these are governed by surface water typologies using altitude and alkalinity measures. 
 
There are times when no suitable surface water data are available for the calculation of the impact 
of a discharge into a minor watercourse. In such situations an estimation needs to be made of 
the upstream quality of the receiving water. An approach to this is to use the mid class statistics 
for the main physico-chemical parameters used for surface water classification. 
 
90%ile, mean and standard deviation figures are given for the middle of each of the class bands 
High to Poor. You should not use locally derived distributions to describe the mid class based on 
other coefficients of variation (CoV).  
 
Typologies 


WFD types for Ammonia, DO (& BOD) standards 


 Alkalinity (as mg/l of CaCO3) 


Altitude <10  10-50  50-100  100-200 >200 


<80m 
Type 1 Type 2 


Type 3 Type 5 
Type 7 


>80m Type 4 Type 6 


But similarity of standards for different types resulted in simplified typology for 
NH4, DO (& BOD) 


1 = Upland & Low Alkalinity (UpLA) Types: (1 & 2), 4, 6  


2 = Lowland & High Alkalinity (LowHA)* Types: 3, 5, 7  


* Note: Where a Lowland & High Alkalinity wb is a salmonid river standards 
for Upland & Low Alkalinity will apply to DO and BOD. 


 
Types for nutrients Phosphorus 


Altitude 


Alkalinity (as mg/l 
CaCO3) 


< 50 > 50 


<80m Type 1n Type 3n 


>80m Type 2n Type 4n 


 
Status class limits 
 


Summary of all WFD Class Boundaries for Physico Chemical elements 
  
  


Typology 
Category 


Description HIGH GOOD MODERATE POOR 


    BOD mg/l (90 %ile) 


1 = UpLA DO2type (Basic types: 1, 2, 4, 6) 3 4 6 7.5 


2 = LowHA DO2type (Basic types: 3, 5, 7) 4 5 6.5 9 


    Ammonia mg/l (90 %ile) 


1 = UpLA DO2type (Basic types: 1, 2, 4, 6) 0.2 0.3 0.75 1.1 


2 = LowHA DO2type (Basic types: 3, 5, 7) 0.3 0.6 1.1 2.5 


    Dissolved Oxygen % satn (10 %ile) 


1 = UpLA DO2type (Basic types: 1, 2, 4, 6) 80 75 64 50 


2 = LowHA DO2type (Basic types: 3, 5, 7) 70 60 54 45 


    Reactive Phosphorus mg/l (AA) 


2n Nutrient Typology 0.02 0.04 0.15 0.5 


1n Nutrient Typology 0.03 0.05 0.15 0.5 


3n & 4n Nutrient Typology 0.05 0.12 0.25 1.0 


    pH (5 & 95%ile for High-Good; 10%ile for Moderate-Poor) 


none applies to all surface fresh waters > 6 & < 9 > 6 & < 9 > 4.7 > 4.2 


 
Mid status class limits 
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Type 1      


Determinand Status 90%ile Midclass 
90%ile 


Mean St.Dev 


BOD (CoV = 0.6) High 3.00 1.50 0.86 0.52 


Good 4.00 3.50 2.01 1.20 


Moderate 6.00 5.00 2.86 1.72 


Poor 7.50 6.75 3.87 2.32 


Ammonia (CoV = 0.6) High 0.20 0.10 0.06 0.03 


Good 0.30 0.25 0.14 0.09 


Moderate 0.75 0.53 0.30 0.18 


Poor 1.10 0.93 0.53 0.32 


Type 2      


Determinand Status 90%ile Midclass 
90%ile 


Mean St.Dev 


BOD (CoV = 0.6) High 4.00 2.00 1.15 0.69 


Good 5.00 4.50 2.58 1.55 


Moderate 6.50 5.75 3.29 1.98 


Poor 9.00 7.75 4.44 2.66 


Ammonia (CoV = 0.6) High 0.30 0.15 0.09 0.05 


Good 0.60 0.45 0.26 0.15 


Moderate 1.10 0.85 0.49 0.29 


Poor 2.50 1.80 1.03 0.62 


Phosphate (CoV = 1)      


 WFD 
Typology 


Mean Midclass 
Mean 


90%ile SD 


High 1 0.03 0.015 0.031 0.015 


Good 0.05 0.040 0.082 0.040 


Moderate 0.15 0.100 0.206 0.100 


Poor 0.50 0.325 0.668 0.325 


High 2 0.02 0.010 0.021 0.010 


Good 0.04 0.030 0.062 0.030 


Moderate 0.15 0.095 0.195 0.095 


Poor 0.50 0.325 0.668 0.325 


High 3 or 4 0.05 0.025 0.051 0.025 


Good 0.12 0.085 0.174 0.085 


Moderate 0.25 0.185 0.380 0.185 


Poor 1.00 0.625 1.285 0.625 
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		Section

		10

		Supplier Selection Criteria – Technical and Professional Ability

		Further Guidance



		Question

		10.1

		Capacity (Including weighting)



20%

		Are you able to meet our delivery timetable as outlined in section 6 of the specification? If not please indicate feasible delivery dates.

		Sub weighting for each question



100%





		If yes please provide a structured/time bound plan which demonstrates how you intend to meet this timeframe. This should include the number of staff/amount of resource that you will put towards this. It should also include a project plan for the development of the products including delivery milestones (packages of work / completion dates / cost and payment associated with the delivery of these milestones), and identify dates that require content or action from us in order for you to successfully deliver against this plan.



		Question

		10.2

		Previous experience



10%



		Tell us about similar training contracts you have undertaken, how you showed success, and what you have learnt and then applied to subsequent delivery.





We would like to understand experience on delivery e-learning and virtual classroom courses. Previous examples would be helpful.

		100%

		Please limit your response to 2 sides of A4 in total for all answers included in section 10.2.



		Question

		10.3

		Expertise of trainers



20%

		We work to the 70:20:10 model of learning & development and see experiential learning as the key to sustainable skills development.



We are keen to understand how your delivery teams skill set will facilitate our training model.



Please provide details of the staff who will be involved in delivering this contract including their role, skills, previous experience and competence for delivering experiential learning as set out in the specification.

		100%

		Please limit your response to 5 sides of A4 in total for all answers included in section 10.3.







		Question

		10.4.1

		Effectiveness of training approach



40%

		Tutors will be engaging and have a detailed knowledge of Water Quality Statistics, theory and practice. They will require excellent communication skills with an ability to motivate, coach and mentor delegates throughout the training. They will cover in detail the content required, whilst using examples and demonstrations to enhance delegate learning.



Please demonstrate the following:



· How the learner needs will be met

· How you would approach the objective and bring it to life

· A lesson plan for this topic

· How you will work with technical leads to ensure appropriate technologies, equipment and methodologies are utilised.



We would be keen to see how you use technology (including web conferencing tools) to support and enhance learning.



		70%

		

We would be keen to see actual working examples of how this section will be delivered and brought to life.



		

		10.4.2

		

		Courses will be delivered by experienced tutors with an in-depth knowledge of the subject matter and an understanding of EA policy and technical standards. Examples using EA data and tools should be used. Practical work should use systems and software currently available to the EA.



How would you ensure appropriate EA examples would be used to provide context and enhance learning?

		30%

		



		Question

		10.5

		Continuous improvement



10%

		The content of the course should be reviewed periodically in accordance with delegate feedback and their on-going application of the skills obtained.



It should be amended accordingly as new tools, methods, and technologies become emerging practice, as part of and included in the cost of the contract.



Please confirm how these course objectives will be met?



Please describe how any necessary changes to the course would be communicated to us and the timescales required to make any changes?



		100%
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