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ABSTRACT 

Predictive coding is the latest and most advanced technology to be accepted by the legal 

community for use in e-discovery. It is an iterative process involving relevance feedback and 

supervised machine learning methods to rank documents’ potential responsiveness, allowing 

review to proceed much more quickly, yet with quality equal to or better than traditional e-

discovery methods. There are several hurdles predictive coding must overcome to be fully 

accepted as the new “gold standard” of electronic discovery, but recent events indicate this will 

happen soon due to the reduction in costs and improvement in accuracy predictive coding offers. 

STATEMENT OF THE PROBLEM 

E-discovery, or electronic discovery, is the process of discovering and analyzing in 

electronic form documents and other items (videos, recorded phone calls, etc.) responsive to a 

request for information during the discovery phase of litigation. The electronic files for these 

items are referred to as Electronically Stored Information (“ESI”) [Baron and Thompson 2007] 

or generically as “documents.” Initial collections of potentially responsive ESI can contain 

multiple millions of files, each of which needs to be evaluated. Courts know that evaluating 

millions of files will never lead to production of 100% accurate results, so the standard for 

production is a “reasonable inquiry” rather than a “perfect” outcome [Roitblat et al. 2010; The 

Sedona Conference 2013b]. 



With e-discovery, unlike some information retrieval tasks (e.g., a web search), the task is 

usually to find ALL responsive ESI, not just the most responsive ESI. Also, litigation requests 

are designed to be very broad, such as “all documents reflecting or referencing the development 

of the drug [drug name]” [Roitblat et al. 2010]. Thus, search and analysis methods tailored to the 

e-discovery industry are desirable. It is not surprising, then, that e-discovery software is a 

booming business. Estimates put 2013 revenues of e-discovery vendors at $1.5 billion [Katz 

2013]. Costs for e-discovery for just one case can be in the millions of dollars and are often the 

largest part of litigation costs. The bulk of e-discovery costs is made up of the cost of the time it 

takes attorneys to review and analyze the ESI [Roitblat et al. 2010].  

Consequently, lawyers and their clients are keen on finding ways to reduce the cost of 

attorney review. Technology-assisted review (“TAR,” also known as computer-assisted review) 

is a process in which computers are used to assist humans with the review of ESI to reduce 

review time yet ensure quality results [Grossman and Cormack 2011].  

The effectiveness of TAR is measured by looking at precision and recall [The Sedona 

Conference 2013a]. Precision is a measure of the number of responsive documents retrieved 

compared to the total number of documents retrieved (how well does the system retrieve relevant 

documents without retrieving irrelevant documents?), and recall is a measure of the number of 

responsive documents retrieved compared to the total number of known responsive documents 

(how many of the documents known to be responsive were retrieved?) [Blair and Maron 1985; 

The Sedona Conference 2013a]. There is usually a trade-off between precision and recall, with 

precision decreasing as recall increases [Blair and Maron 1985; The Sedona Conference 2013a]. 

In e-discovery, recall is more important than precision, as sanctions can be imposed if a review 

misses too many responsive documents [Baron and Thompson 2007; Roitblat et al. 2010]. 



Traditionally, TAR has been based on keyword searching. Courts are accepting of this 

practice because it is easy to show exactly what searches were run to identify responsive or 

privileged ESI [Smith 2010; The Sedona Conference 2013a]. Unfortunately, keyword searches 

have not produced very good results, often identifying only 20% to 60% of the relevant ESI 

[Blair and Maron 1985; Krause 2009; The Sedona Conference 2013a; Smith 2010]. Also, 

keyword searches can be very over- or under-inclusive, due to intricacies of language [The 

Sedona Conference 2013a]. 

Recently a change to using predictive coding, based on multiple artificial intelligence 

aspects, is pointing to a real potential for significant reductions in the costs of review, with 

results superior to keyword-search-based methods. 

REVIEW OF EXISTING APPROACHES TO PREDICTIVE CODING 

Courts have begun to notice predictive coding as a possible far better alternative to 

traditional keyword searching. Predictive coding (also known as adaptive coding, and intelligent 

review, among other things) goes far beyond keyword searching and incorporates techniques 

such as clustering, classification, and machine learning to produce more accurate results [Barry 

2013; Pace and Zakaras 2012; The Sedona Conference 2013a]. Most importantly, and 

distinctively, predictive coding is an iterative process that involves relevance feedback and 

supervised machine learning to assign a relevance score to documents based on the likelihood 

that the item is relevant [Pace and Zakaras 2012; The Sedona Conference 2013a; Yablon and 

Landsman-Roos 2013; Zhao et al. 2009].  

There is no single method of predictive coding, however. Predictive coding is not one 

technological process but is instead a function that can incorporate many different technologies 

in a variety of ways [Katz 2013]. The machine learning techniques can include latent semantic 



analysis, naïve Bayesian classifiers, support vector machines, logistic regression, genetic 

algorithms, and neural networks, among others [Katz 2013; The Sedona Conference 2013a].  

 Among predictive coding systems currently in commercial use, latent semantic analysis 

and support vector machines, both with integration of Bayesian probability, seem to be the most 

heavily used methods. If anyone is using genetic algorithms or neural networks, they are not 

disclosing their methods, so it is difficult to know if those methods are indeed being used (this is 

not surprising, as many vendors are reluctant to divulge serious technical information about their 

processes [Baron and Thompson 2007]). In predictive coding, latent semantic analysis, Bayesian 

classification, and support vector machines all involve assigning weights to terms, then using 

those weights to help determine likelihood of a document’s responsiveness. Latent semantic 

analysis looks at frequency or user-identified relevance of terms [Sigler 2009]. The idea is that 

latent significance of various terms (such as code words not previously identified), and of 

relationships among terms, can be discovered in this manner, and that the weights can help show 

whether an ESI item is likely to be responsive, or related to a particular concept [Barnett et al. 

2009; Sigler 2009; The Sedona Conference 2013a]. This method is particularly helpful when 

attorneys are not certain what they are looking for [The Sedona Conference 2013a]. Bayesian 

classification considers such things as frequency and proximity of terms, or where they appear in 

an ESI item, and assigns probabilities to documents based on how likely they are to be similar to 

other items with the same terms in the same areas [Sigler 2009; Tingen 2012]. Support vector 

machines appear to be what is being used instead of neural networks, and involve classification 

of items such that a line distinguishing one group of similar examples is as far as possible from 

that group as it is from another group of similar examples [Aurangabadkar and Potey 2014]. 



Regardless of analytical method, most systems currently in use involve supervised, rather than 

unsupervised, machine learning [Katz 2013].  

Generally, predictive coding involves the following steps:  

1. Creation of a set of “seed” documents, usually through a keyword search, but possibly 

also through clustering, and sometimes randomly generated.  

2. Review of the seed set, often by a lead attorney for the case, who codes the documents in 

the set for responsiveness, privilege, issues, etc. (whatever the focus of the review is). 

3. Training of the software using the coded seed set.  

4. Automatic coding of some documents by the software based on their similarity to 

documents used in training.  

5. Review of that coding, or samples of it, by the attorney, who makes changes to the 

coding if necessary.  

6. Iterations of the software learning from relevance feedback provided by manually-coded 

or manually-reviewed samples.  

7. Once the attorney or an algorithm decides the software is sufficiently trained (no 

additional samples are likely to improve effectiveness), automatic coding of the 

remaining documents based on their similarity to documents used in training. 

8. Final output of a ranked list of documents, with the ranking based on the documents’ 

likelihood of being responsive, being privileged, or pertaining to particular issues. 

9. Most systems also include a validation process at the end that samples documents marked 

non-responsive, or with a low percentage of  likely responsiveness, at certain intervals to 

see if they that determination is accurate. 



[Acosta 2012; Auttonberry 2014; Byram 2012; Gallo and Kim 2013; Losey 2013; Morgan 2013; 

Smith 2010; Wiener 2012; Yablon and Landsman-Roos 2013]. Some programs include, in 

addition to relevance feedback, the system selecting new training examples based on knowledge 

it has already gained in training, usually selecting documents most likely to be incorrectly 

classified based on current knowledge [Losey 2013; The Sedona Conference 2013a]. Because no 

system is perfect, there are inevitably going to be some responsive documents coded as non-

responsive by the program. Thus, effectiveness is often judged by the “error rate” found during 

the validation process, which is used as a confidence level that shows that a certain percentage of 

the non-responsive documents are likely actually responsive [Yablon and Landsman-Roos 2013]. 

For example, a confidence level of 90% means that 10% of the non-responsive documents are 

likely actually responsive. Figure 1 shows the general predictive coding process.  
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Fig. 1. The predictive coding process. 

 

 

Researchers and vendors have shown the accuracy rate of predictive coding based on 

supervised machine learning, measured by a combination of recall and precision, is as good as or 

better than manual or keyword-based processes, and often the time savings of predictive coding 



is a vast improvement [Byram 2012; eDiscovery Institute 2010; Gallo and Kim 2013; Grossman 

and Cormack 2011; Lee et al. 2011; Roitblat et al. 2010; The Sedona Conference 2013a]. 

Furthermore, results can be duplicated on multiple runs of the process using the same training 

material (assuming experts make the same coding calls for training), which is not at all the case 

with manual or keyword-based processes [eDiscovery Institute 2010; Lewis and Hagen 2012].  

Naturally, as with most programs, the concept of garbage in, garbage out applies. If 

supervised learning is used, the results will not be of high quality if the people doing the training 

are not as well versed in the intricacies of the case as possible [The Sedona Conference 2013a]. It 

is unlikely that anyone would be able to make flawless or 100% consistent responsiveness calls 

at the beginning of a case, but a well-informed expert with a vested interest in the case, such as 

the lead attorney, or experts from the client company, would certainly make higher quality calls 

than junior or contract attorneys or the vendor’s technical staff. Indeed, an investigation by 

Webber and Pickens [2013] confirmed a 14% decline in effectiveness of predictive coding when 

training was based on decisions made by people other than the “authoritative assessor, whose 

conception of relevance is to be used to evaluate the classifier’s effectiveness.” 

Webber and Pickens [2013] also found that the type of training material is significant to 

the program’s success. They found that using a greater volume of noisier documents rather than 

fewer cleaner examples produced higher effectiveness, particularly if there was more than one 

expert making responsiveness decisions for the training set. 

Predictive coding, despite its effectiveness, does not wholly eliminate the need for 

manual review of documents by attorneys. Attorneys still need to examine the relevant 

documents to learn their actual content to develop their arguments for the case, and the predictive 

coding programs do not really provide that information [The Sedona Conference 2013b]. Rather, 



predictive coding significantly reduces the number of documents that must be manually 

reviewed, as documents below a certain likelihood threshold are not manually reviewed at all 

[Auttonberry 2014]. There is much debate currently, however, about how much manual review 

must be done before production to opposing counsel, with some arguing that no manual review is 

necessary for documents meeting an agreed-upon threshold of responsiveness, and others 

arguing that documents falling within a particular range of responsiveness (say, 30% to 50%) 

should be manually reviewed to determine actual responsiveness [Auttonberry 2014; Gallo and 

Kim 2013; Yablon and Landsman-Roos 2013].  

Current Commercial Use Of Predictive Coding 

 There are currently dozens of vendors offering predictive coding programs 

[ComplexDiscovery 2013; eDiscovery Institute 2010; Murphy 2013]. With the significant 

savings in time and costs predictive coding can provide over manual or more traditional TAR 

methods, with equal or superior results, it is not surprising that vendors are moving into this area 

in the hopes that those savings will attract clients. Indeed, predictive coding is said to be the 

future of e-discovery, much to the detriment of hordes of contract attorneys who are being 

replaced by the technology [Yablon and Landsman-Roos 2013].  

While there is a basic pattern to the predictive coding programs currently commercially 

available, the actual mechanics vary significantly among vendors [Barry 2013]. Most 

importantly, there are differences in classification methodology. Another one of the differences 

among vendors is how the training set is created: some vendors create it from information 

provided by an expert on the case, using this information to run keyword searches, or implement 

other methods, to find a sample of documents to use; other vendors think that method results in 

bias and prefer to use a purely randomly generated training set [Pickens 2013; Yablon and 



Landsman-Roos 2013]. Both methods appear to produce ultimately similar results once the entire 

predictive coding process is through, so it is not necessarily a handicap to not have thorough 

knowledge of the case or the materials before doing predictive coding [Pickens 2013]. Another 

significant difference among vendors relates to validation of results [Pickens 2013]. Validation is 

necessary for court acceptance of an e-discovery method [Pickens 2013]. Some vendors validate 

using a random sample of documents the program coded as nonresponsive, while others use a 

modified random sample of such documents [Pickens 2013]. 

Following is an examination of the more technical aspects of several currently popular 

predictive coding programs for which information is publicly available. 

 Catalyst 

 Catalyst uses a list of search terms counsel thinks are likely to produce responsive 

documents, and collects a sample of documents with hits for those words and without 

[eDiscovery Institute 2010]. Those documents are then coded by counsel, and the program then 

looks for additional terms in those documents [eDiscovery Institute 2010]. Terms are then given 

weights based on their likelihood of producing responsive documents [eDiscovery Institute 

2010]. The program produces a predictive weight for each document, based on the search terms 

present in that document and the weights of those terms, which counsel can use to decide 

whether the document should be manually reviewed and to prioritize documents for manual 

review (e.g., review the highest-scoring documents first) [eDiscovery Institute 2010]. 

 Catalyst uses a “statistically valid sample with 95% confidence level” of non-selected 

documents for validation [eDiscovery Institute 2010]. The sample is taken from documents at 

equal intervals along the spectrum of documents scoring below a certain level of likely 

responsiveness [Pickens 2013]. For example, if the cutoff for responsiveness is a 30% likelihood, 



samples might be taken from documents at 25%, 20%, 15%, etc. likely responsiveness. Catalyst 

believes this allows for the responsiveness cutoff to be easily adjusted if the validation results 

show it might be necessary [Pickens 2013]. Catalyst’s audit trail includes “virtually everything 

that is done,” including all searches, changes to all records, and notes about SQL procedures 

[eDiscovery Institute 2010]. Catalyst claims to offer savings over linear review of 25% to 60% 

with an average savings of 40% [eDiscovery Institute 2010]. 

 CategoriX (Xerox Litigation Services) 

 CategoriX initially develops its model from manually coded documents [Barnett et al. 

2009; LaRosa 2012]. The software is trained using the model as follows: each document is 

represented by a word-frequency vector, which is compared to the list of words (the vector space 

model) generated from the documents used to create the model and the conditional probability 

vector assigned to each of those words based on its likelihood to be in a relevant document 

(probabilistic latent semantic analysis) [Barnett et al. 2009; eDiscovery Institute 2010; LaRosa 

2012; Privault et al. 2010]. Results are evaluated by attorneys who give feedback [LaRosa 2012]. 

This process is repeated multiple times to improve accuracy [eDiscovery Institute 2010].  

 Barnett et al. [2009] evaluated CategoriX and found that the models generally performed 

best when a threshold for the probability of being responsive was set at 0.75. For 4 of the 5 

models tested, the higher the threshold, the better the recall, but precision was lower. At a 

threshold of 0.75, average responsiveness recall of the 4 models was 90.5% and average 

responsiveness precision was 75.25%. The authors used a formula for overall performance of 

(2*P*R)/(P+R), where P represents precision and R represents recall. Performance was 

consistently in the low 80% range at the 0.75 threshold for the 4 models, with an average range 

slightly below that at a threshold of 0.5 and an even lower average when the threshold was 0.95. 



For all models, performance was better than manual review, with higher recall at similar 

precision rates. CategoriX’s audit trail includes “every aspect” of its process [eDiscovery 

Institute 2010]. CategoriX claims to offer savings over linear review of 30% to 77% with an 

average savings of 55% [eDiscovery Institute 2010]. 

 Equivio>Relevance 

 This program is an active learning expert-guided system using support vectors that works 

as follows [Groom 2012]. A sample of documents is generated by the program (not via expert-

led searches), then tagged for responsiveness by the expert [eDiscovery Institute 2010; Groom 

2012]. The tagged sample is used for training, and multiple iterations of samples and training are 

used [eDiscovery Institute 2010]. Using a support vector machine, weights are assigned to terms 

in the documents and are used to predict responsiveness [Groom 2012]. When training is 

optimized, the program calculates a relevance score for each document [eDiscovery Institute 

2010].  Equivio’s audit trail includes “all actions, including the entire training process” 

[eDiscovery Institute 2010]. This includes the set of weighted terms [Groom 2012]. Equivio 

claims to offer savings over linear review of 50% to 80% with an average savings of 65% 

[eDiscovery Institute 2010]. 

 Recommind 

 Recommind is based on probabilistic machine learning, involving support vector 

machines for responsiveness coding and “probabilistic topic extraction” based on probabilistic 

latent semantic analysis for classification into subcategories of relevance based on issues in the 

case [Puzicha 2009]. Recommind has experts generate a sample set through keyword searches, 

“category grouping, and more than 40 other automatically populated filters” to produce a high-

quality sample less likely than ones generated by only one method to produce false hits or false 



negatives [Recommind 2013]. The system is trained by having the system use the coded sample 

to suggest documents that might be relevant; the reviewers then accept or reject the 

determination, and further iterations of suggestions and review are done [Recommind 2013]. 

Recommind uses a random sample of 10,000 non-selected documents for validation and claims 

this results in a “95 to 99 percent confidence that relevant documents have been identified” 

[eDiscovery Institute 2010, Recommind 2013]. Recommind claims to offer savings over linear 

review of 20% to 95%, with an average savings of 40% [eDiscovery Institute 2010]. 

Relativity 

Relativity is a supervised learning system that uses latent semantic techniques [Groom 

2012]. Like Equivio, it does not use an expert-cultivated seed set and instead generates its own 

training set automatically. It uses latent semantic indexing to find documents with similar 

conceptual content [Groom 2012]. The program indexes documents, but only those above a 

certain conceptual threshold, then asks the trainer to give a confidence level and confidence 

interval [Groom 2012]. Documents are then given to reviewers to code for relevance [Groom 

2012]. The system does not generate a set of weighted terms that can be exported [Groom 2012]. 

This could be problematic because courts prefer transparency of process, but so far this does not 

seem, in my experience, to have stopped firms from using Relativity (it seems to be a very 

popular choice in the Chicago e-discovery field). 

Issues with adoption of predictive coding 

 Despite research and practical application showing predictive coding provides superior 

results to the standard keyword-based review, attorneys have not been quick to embrace this 

technology. There are several major reasons for this, including not understanding the technology; 

not believing computers can produce better results than manual review, despite significant 



evidence to the contrary; being too comfortable with manual and keyword-based reviews, their 

results, their long-standing acceptance by the courts; and worrying that the process involves too 

much of a “black box” that can’t be adequately explained to the courts or opposing counsel to 

convince them of accuracy and validity. [Barnett et al. 2009; Byram 2012; eDiscovery Institute 

2010; Krause 2009; Losey 2013; Murphy 2013; The Sedona Conference 2013a; Tingen 2012]. 

 Very recently, however, courts have begun to accept and even embrace predictive coding, 

which is leading to more use of predictive coding [Auttonberry 2014; Gallo and Kim 2013; 

Murphy 2013; Smith 2010; Yablon and Landsman-Roos 2013]. It is likely that courts will 

require disclosure of the training sets and training and validation processes, and perhaps 

information about the program’s methodology, just as they now often require disclosure of the 

specific keyword searches used [Gallo and Kim 2013; The Sedona Conference 2013a; The 

Sedona Conference 2013b; Yablon and Landsman-Roos 2013,]. It appears that vendors are 

learning to become forthcoming with disclosure of their processes, and they are even proud of 

reporting their accuracy rates [Yablon and Landsman-Roos 2013]. This data is actually more 

prevalent and reliable than such data for keyword-based searches [Yablon and Landsman-Roos 

2013]. Vendors will need to accept that they might have to sacrifice some secrecy about 

proprietary methods in order to gain court approval (and thus more clients) [Byram 2012]. 

 Bagdouri et al. [2013] suggest that it is not problematic that certain parts of the process, 

particularly creation of the classifier, are in a “black box.” They propose a model for court 

certification of predictive coding processes that involves focusing on the validity results of using 

the classifier on a predetermined, agreed-upon certification test set. Focusing on the validity of 

results of the classifier rather than the creation process allows any process(es) the vendor or 

attorneys desire to be used to create the classifier [Bagdouri et al. 2013]. 



Clients may drive the change as they are demand more cost-effective discovery. With 

recent approval from courts, and ever-increasing pressure to contain ever-increasing discovery 

costs, attorneys are beginning to be more accepting predictive coding [Barnett et al. 2009]. 

CONCLUSIONS 

 Thanks to recent court acceptance, and the proven cost savings and accuracy of predictive 

coding, both of which are superior to manual and keyword-based review, predictive coding is 

likely to be the immediate future of the e-discovery industry. Given the pace of technology 

adoption by the legal industry and the courts, it is likely to be the main technology for quite some 

time to come. As costs and reliability drive attorneys to make e-discovery vendor decisions, it is 

likely that serious research into making predictive coding even more accurate, efficient, and cost-

effective will occur. Katz [2013] suggests that the most important aspect of this research will be 

finding the best methods for defining similarity among documents. 

 The machine learning aspect of predictive coding is based on the quality of information 

received by the program. Thus, better information will produce better results. As attorneys 

become more familiar with and more trusting of the predictive coding process, they are likely to 

understand how to give better information that will improve training.  

 I think predictive coding has a long way to go before it can virtually guarantee discovery 

of all “smoking gun” documents. Such a document might be very brief and bear more of a 

resemblance to documents with lower responsiveness rankings than those with higher 

responsiveness rankings due to the nature of the training documents. Sometimes a small phrase 

or one sentence makes a document the most important one in a case. Nonetheless, predictive 

coding seems to have much better odds of producing such a document than manual review or 

keyword-based searches and their proven limitations. 



 Also, it will be interesting to see if predictive coding can be used to make distinctions 

between responsiveness, relevance, and importance, thus further reducing the time attorneys 

must spend on reviewing documents. Responsiveness is based on whether or not a document 

falls under the category of documents requested, relevance is based on the probative value of the 

document (whether it helps or hurts the case, or doesn’t make much difference either way), and 

importance is based on whether or not the document will be of actual use (similar to relevance, 

but to a higher degree) [Yablon and Landsman-Roos 2013]. Perhaps predictive coding can be 

applied to the results of an initial production produced with predictive coding to generate such 

results. Out of a collection of documents deemed responsive, a different training set could be 

devised to allow prediction of relevance, for example. 

 I am confident that the usefulness and profitability of predictive coding will lead to 

continuous improvements to the processes, leading to widespread adoption of this new high-

quality and cost-effective means of handling e-discovery the legal system has been in need of. 
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