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Special edition based on the articles by serial legal tech entrepreneur and thought leader Arnoud Engelfriet < /L
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The Artificial Intelligence revolution

The focus on accuracy
How can robots read?
Are robots taking over our jobs?

How do robots handle legal practice?

How will Al transform the nature of legal work?

This special in brought to you by Legal Operators, the #1 Community for LegalOps Professionals
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Legal tech is coming. With Artificial Intelli- various myths and misconceptions around

gence on board. Ah, yes. We have seen and Al in the legal sector. What can we expect,
heard so many promises: it will transform and what is still a fairytale?

our work. It will replace lawyers, reduce te-

dious work. And so on. Still, here we are, still Swimming submarines

typing away in Word while the shiny AI- Let’s get the biggest myth all out of the way:
powered workflow optimization tool gathers computers aren’t intelligent and never will
dust in the corner. Often the reason is the be. That is not to disparage their capacities,
same: the tool was overpromised and un- which are formidable and which can deliver
derdelivers. This series will take a look at the results that far outclass the best work of
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humans. It’s just that this is not intelligence,
at least not in the foreseeable future. As com-

puter scientist Edsger Dijkstra famously put
it, “the question of whether machines can
think is about as relevant as the question of

whether submarines can swim.”

This is important because when considering
the capabilities and results of AI, we tend to
compare it to human capabilities and re-

sults. We expect human reasoning and the
type of results (and mistakes) that humans
make as well. And AT just isn’t delivering on
that front. Fundamentally, an AI does not
think as we know it. In its most common
form, Al is driven by statistics: pattern
recognition, similarity clustering, outlier
spotting, and so on.

Jokingly it has been proposed that any
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mention of AI should be replaced by “giant
Excel charts.” There is a kernel of truth to it.
Starting with the assumption that AI, for ex-
ample, does not understand language but can
spot patterns in language, and look up differ-
ent patterns that fit better you will have a
much easier time accepting the analysis of a
legal text.

Accuracy and trust

This misconception causes us to mistrust Al
results and misjudges the usefulness of Al le-
gal analysis and reviews. We are used to cer-
tain types of mistakes from a junior lawyer, for
example. He or she will miss complicated or
rare exceptions or focus too much on the letter
of the law and forget the business aspects. A
senior partner would never do that but could
go too fast or be focused on her hobby horse
regarding IP protection and consider liability a
trivial issue taken care of by insurance.

AT never makes that kind of mistake. However,
there is an entirely new class of mistakes to be
made by Al that dives into case law (legal re-
search) or extracts information from con-
tracts. Based on statistics, a particular Superi-
or Court verdict may best fit the current legal
question. If so, the AI will happily suggest it as
the winning argument. However, often a legal
analysis is expected to cite certain cases, so
this suggestion will be seen as “off”, not what a
human lawyer would do. Similarly, suppose a
human lawyer reviews a contract and sees a
clause she’s never seen before. In that case, the
lawyer will flag this as a question mark and
seek a colleague’s input, or maybe consult a
legal library or expert system to learn more.
But when an Al encounters such a clause in a
legal review, the Al will simply assign the label

8- eZine Special - www.legaloperators.com

that best matches the clause according to its
underlying data and algorithms. There’s no
such thing as “I don’t know” for a computer.
However, the AI will likely give this label a low
probability or provide several (almost) equally
likely alternatives.

In a firm where an Al system is newly de-
ployed, this type of mistake will quickly cause
human lawyers to throw up their hands and
dismiss the Al system as useless. And they are
right — if this were a new associate hyped-up
to ease everyone’s workload, this would be a
very disappointing outcome. But this is a com-
puter, which does things differently. And this
takes some getting used to.

Text recognition

A related subject — which we’ll discuss in a
future article — is how computers analyze
text. In the legal profession, the text is the
raw material from which all legal output is
built. From legal briefs to contracts to advise
or pushback in negotiations, it all comes
down to what is said and how it is said. In
terms of speed, no human will ever beat a
computer system in the task of looking for a
specific phrase in a large number of docu-
ments or in performing any technical opera-
tion on a text. However, once we start consid-
ering the analysis of the meaning of text, it
becomes a very different game.

Most Al systems — even those that promise
natural language processing (NLP) — do not
understand texts at all. They operate, again,
on statistical analysis. This is a proper noun
in the plural form, so the plural form must be
appended from this list of associated verbs.
Any intelligence is brought into the system by
manual human design and thus is restricted



to the list of intelligent steps that the human
operator has thought of.

A few simple rules already provide a surpris-
ing appearance of intelligence. For example,
in my NDA reviewing tool, I originally in-
cluded a date checker: if someone used the
tool on Friday after 3 pm local time, the
“Waiting for results” page would add one of a
set of random phrases, including “Don’t wor-
ry, I'll get this done before the pubs open”.
Also, we wrote the output to include some
random exasperations such as “This NDA is
for ten years, don’t sign that, are you crazy”.
Such simple touches go a long way to create
the impression that this is more than a com-
puter doing calculations.

In the end, however, AI does not understand
text. It will go by statistics and patterns. This
can be surprisingly effective, especially in the
legal profession: there are only so many ways
to declare the laws of California applicable to
the agreement, after all. But it can also create
very strange errors: if the system recognizes a
price clause as a limitation of liability and
amends it as instructed, you end up with a
price of 2 million plus whatever the insurance
pays out. No human would ever make such a
mistake, and so this type of mistake is memo-
rable and will underline that Al is far from
production-ready.

Of course, this type of mistake is embarrass-
ing, but is it really a fundamental error? Re-
member, this is how Al works: the clause
matches the patterns for “limitation of liabili-
ty” best, and such a clause should be amend-
ed to “two million plus insurance”. This is
what I meant above with “computers don’t

think”. Does that mean Al is useless? Far
from it. The system should first of all be ex-
plicit about its confidence in the prediction
and offer explanations such as “Clause recog-
nized as a liability with 35% confidence,
amended to match minimally acceptable limi-
tation”. With such small steps, the output is a
lot more understandable.

The true cost of Al

Another touchy subject always is the cost of
an Al solution. This applies equally to law
firms and in-house counsel that seek to de-
ploy an Al-based solution, although for dif-
ferent reasons. Law firms tend to worry about
the effect on billable hours: if it takes two
minutes for a tool to do the same as a senior
associate now does in an entire workday,
what can be charged to the client? Even with
the time for reviewing the tool’s output in-
cluded, the cost per time spent will be signifi-
cantly lower. But this fear is easily assuaged:
surely a senior associate can find better
things to do than the type of review that a
tool can do as well?

The concerns of in-house counsel regarding
costs are more complicated. There is a direct
effect on the department when the tool is de-
ployed: installation costs, consultancy and
training all are billed by the vendor. And after
that, a monthly bill will appear for the ser-
vice. However, there is no direct benefit on
the other end: the employees don’t suddenly
become cheaper, as they are salaried and
don’t reduce their hours now that a tool is
taking over the drudgery of reviews or analy-
sis. As with the law firms, in-house counsel
will find new (and more challenging) work to
do, but unlike with the law firms, there is no
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measure on the hours spent or time saved in
the legal services provided to the company

hours spent or time saved in the legal services
provided to the company.

The net result may well be that the depart-
ment’s cost is increased, but the people are
just as busy, and no one knows whether the
average quality or response time has im-
proved. Of course, the answer is obvious: start
measuring the quality of work and response
time from the internal client’s perspective.
This, however, hasn’t been done much, and in
any case, it takes time before enough historical
data is available to make quantifiable state-
ments. In the meantime, the perception that
the AT tool costs money without making things
better lingers around. We will talk later about
legal operations and implementation strate-
gies to reduce these fears.

Going forward

Al is coming; there is no doubt about that. But
with AI, misunderstandings and missed expec-
tations will come, which may harm the suc-
cessful deployment of Al in the legal work-
place. The key challenge, therefore, is manag-
ing the intended users' expectations, which
given the hype surrounding much of the Al
“revolution” is going to be quite a challenge. In
the upcoming episodes of this article series,
we’ll discuss these and further myths in more
detail and seek for practical solutions to get
them out of the way.

KR KXXKK*
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Legaktech: Beyond the myths.

What'’s the difference between a lawyer and
a lawyerbot? In the twenty years I've
worked as a lawyer, no one has ever asked

me how accurate I worked. But every time
we introduce our lawyerbot to a new audi-
ence, the first question we get is always
“How accurate is it”. Which is fine, as we
have a good answer: 95.1%. But what does
that even mean in a legal context?
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Rote language: food for robots

As I wrote last time, computers aren’t intelli-
gent, and never will be. They are good at
computation, and therefore also at routine
tasks like comparing texts, looking for statis-
tical patterns and so on. This is great for legal
tools: lawyers produce huge numbers of
comparable texts with clear patterns — the
rote language and standard expressions that



are needed to trigger certain regulations or
avoid problematic jurisprudence.

The difference however also means that the
way a robot analyzes texts and makes legal
predictions or recommendations is funda-
mentally different. This in turn has grave
consequences for the perceived quality of AI

for legal work. It bears repeating: we consider

(artwork by Yash Wadke)

lawyerbots to be simulated human lawyers,
and their work the automated performance of
human work. This is wrong, but very hard to
root out.

Of course we are used to human lawyers
making mistakes. A rookie lawyer can miss
important case law. A senior partner may fo-
cus too much on his own hobby horse, or be

eZine Special - www.legaloperators.com - 13



out of touch with the latest developments. In a
rush, certain clauses may be glossed over and
implications missed. We understand and can
work with such mistakes, as we can relate to
them.

Machine learning: a deep dive

Robots make an entirely different class of mis-
takes. These have to do with the way that
robots screen text. Let’s have a little dive into
the technology for that.

Most robot lawyers work with so-called ma-
chine learning, a process where the computer
learns to recognize patterns in data, usually
based on statistical similarities derived from a
given set of examples (the training dataset).
Usually the process is focused on classifica-
tion: assigning a label to a piece of text, e.g.
“this is a liability clause” or “this is a verdict
for the plaintiff”. Most contract review tools
work this way. The labels help classify and
value the contract, especially when a value
judgment (“this liability clause is 2.5 million
Euros”) can be used in the classification.

Another popular application is information
extraction: “the first contract party is Royal
Shell”, “this verdict cites the ECHR Sunday
Times case” or “the defendant was not served
with a notice of default”. This is the domain of
so-called natural language processing, where
human-programmed or statistics-derived
rules of grammar are applied to identify in-
formation: “this clause has the supplier as the
subject and uses a verb indicating obligations
without an ancillary verb indicating trying,
therefore this is a supplier warranty”.

In both cases however note that the computer

14- eZine Special - www.legaloperators.com

has no actual grasp of the legal consequences,
it is applying formulas and numbers to derive
conclusions. “Must”, “shall” and “will” are all
verbs indicating obligations, therefore “Sup-
plier must” is a supplier warranty. And in par-
ticular with classification, the computer will
classify the sentence as belonging to one of its
categories. There is no “ignore if you're not
certain” or “unclear” category. (In fact, if there
were the computer would probably classify all
of the clauses as “unclear” since there is no
downside to it for doing so.)

Confidence in robot review

The usual way of handling this limitation is to
examine the prediction’s confidence. Most
machine learning systems provide predictions
with indications of their confidence or certain-
ty. This outcome looks very much like the
training set, therefore the system is highly
confident. But this outcome is rather unusual,
therefore the confidence is only 28%. During
training, an engineer would search for a min-
imum confidence that gives the lowest num-
bers of false classifications or mistaken extrac-
tions. A prediction with only 28% confidence
is likely to be ignored.

It is, however, a mistake to think that a predic-
tion with a high confidence is likely to be
accurate. This has to do with the fact that
robots are not trained to look for the right an-
swer. Instead, they are trained to provide an
answer that best matches its training data.

Training, training, training

we were first developing our NDA-reading ro-
bot NDA Lynn, we noticed that confidentiality
agreements with a California choice of law
were always getting rejected as being very



onerous for the recipient. This despite the fact
that the clauses dealing with security, notif-
ication and so on were as standard as they
could be. Further digging revealed however
that the training dataset contained only very
strict, one-sided NDAs with California law.
From this, Lynn had concluded that California
law is a good predictor of a very strict NDA. It
thus made perfect sense to first look at the
choice of law, and if that is California then to
give a quick answer.

It is thus imperative to have a training dataset
that is as complete and diverse as possible.
This is however enormously hard, even when
the system is restricted to only one jurisdic-
tion. First of all, there are no public datasets
with contracts, so assembling a large corpus of
data is very labor intensive. Companies work-
ing in this field may be able to get
(anonymized) documents from their first cus-
tomers, but that introduces a bias: a law firm
with an IP focus for high-tech enterprises will
create different contracts than a law firm fo-
cused on SME businesses.

This is essentially the same problem as the al-
legations of bias that pop up whenever a ma-
chine learning system makes predictions or
analyses of human behavior, such as with
spotting potential fraudsters or even simple
face recognition. In legal it is a bit harder to
spot, as it may require deep human review of
the clause to see that something fishy is going
on. And to add to that, two lawyers may rea-
sonably disagree on interpretation of a legal
clause or implications of a court verdict.

That said, of course there are measures to ob-
jectively evaluate quality. A simple approach is

to set aside 20% of the dataset for an evalua-
tion when the machine learning system has
been trained. As this 20% was labeled prior,
the system output can easily be compared
against the human-chosen labels. In more ad-
vanced approaches, this split is done multiple
times along different lines, generating multi-
ple models with different test sets. If all com-
parisons reveal a good quality of the predic-
tions, then the dataset (and the models) are
suitable for practical use.

Still, this presumes that the dataset is repre-
sentative. A very high accuracy only means
that the test dataset was well recognized — in
other words, that the predicted labels match
the human-assigned labels.

Handling computer mistakes

All this goes into the central question of trust.
Trust is derived from accuracy in past perfor-
mance, but how do we measure accuracy if it is
so different from how humans work?

The usual answer involves the difference be-
tween true positives, false positives, true nega-
tives and false negatives. Very quickly: a true
positive and a true negative mean correct
identification or rejection, and false positives
and negatives are both mistakes. However,
these terms assume a yes/no, true/false or
guilty/not guilty dichotomy. In a legal robot,
we usually deal with multiple classes: a con-
tract clause can be any of 30 to 50 types, ver-
dicts contain a lot more information than
“guilty / not guilty” and let’s not even go into
the amount of options in a legal demand letter.

Merely looking at a classification being wrong
is not enough. You can have small or big
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mistakes. Human lawyers easily can make
small mistakes: overlooking a dependent
clause, forgetting to change a minimum term
after a statute has changed, and so on. Big
mistakes — say, taking a liability clause as a
contract term — rarely if ever happen, and then
only to the most junior of rookies. However,
for a computer these are all more or less the
same: it’s not part of the model, it was labeled
differently, this is what the dataset looked like.
So getting your liability clause misinterpreted
or a carve-out to a payment penalty scheme
overlooked can happen just as easily.

This is a key reason why lawyerbots are harder
to trust: they make strange mistakes, which
just as often may be rookie mistakes. And
rookie mistakes have huge consequences. This
means that a human lawyer feels like having to
double-check the lawyerbot’s work all the
time, which in turn destroys any added value
(e.g. time saving) the lawyerbot may claim to
have had.

Going forward

Understanding the function of Al tools is
tremendously important. Anyone who consid-
ers them mere automated versions of human
lawyers is setting themselves up for a huge
disappointment.

The key issue when it comes to accuracy is not
to strive for 100% perfection. This is impossi-
ble, just like with human lawyers. Even when a
dataset is comprised of thousands of docu-
ments — as with NDA Lynn: 14.000 NDA’s —
there is still a chance a new contract has vastly
different language, and thus the system will
perform lower. Continuous re-training based
on mistakes thus is key. This requires input

16- eZine Special - www.legaloperators.com

from the human lawyers: which label did you
expect here?

Similarly important is the realization that a
lawyerbot does not distinguish between big
and small mistakes. The only way to address
this issue is to ensure there are multiple steps
in the robot’s process. For example: when a
liability clause is detected, double-check for
certain expected wording and reject the de-
tection if that’s missing (such as a number or
reference to contract value). Check if another
clause has been detected as the same, but
with higher confidence. And so on. This is an
iterative process that again requires human
lawyers to get to know their robot counter-
part.

Finally, it comes down to positioning. How
can a lawyerbot be deployed to save time or
money, whilst minimizing the impact of inac-
curate analysis. But not only that: also posi-
tion the human lawyer (who reviews the bot’s
work) to easily provide feedback on the bot’s
output. Nothing frustrates acceptance of a
tool as much as being unable to change its
workings. Back in the box it will go. Every
lawyerbot tool therefore should come with a
feedback button, and of course its designers
should listen to the feedback. Let’s get that
right!

Arnoud Engelfriet is co-founder of the legal
tech company JuriBlox, and creator of its Al
contract review tool Lynn Legal. Arnoud has
been working as an IT lawyer since 1993. After
a career at Royal Philips as IP counsel, he be-
came partner at ICTRecht Legal Services,
which has grown from a two-man firm in
2008 to a 80+ person legal consultancy firm.
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Legal tech: Beyond the
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“The question of whether machines can think
is about as relevant as the question of whether
submarines can swim”. This quote by com-
puter scientist and visionary Edsger Dijkstra is
still as relevant today as it was in 1984 when it
was written. Computers do not think, they cal-
culate and process information. This may re-
sult in outputs that look like the outcome of a
thought process, but that is a mere coinci-

dence. What does that mean for a language-
oriented field like law? And how do robots

then extract information from language?
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Natural language processing

Already in the 1950s during the advent of Al
the concept of robots reading and interpret-
ing textual information came to the fore-
front. The so-called Turing Test, a test of a
machine's ability to exhibit intelligent be-
haviour indistinguishable from that of a hu-
man, was created with the ability to interpret
text in mind. In short, the test proposes that
if a human asks questions and gets respons-
es from various counterparts, the human
must from the responses determine if he is




communicating with a robot or not. If the
human cannot, then the robot is considered
“intelligent”.

The earliest work on natural language pro-
cessing focused on rules. Given a collection of
rules the computer emulates natural lan-
guage understanding (or other NLP tasks) by
applying those rules to the data it confronts.
The classic example is the “Chinese room”
designed by philosopher John Searle in 1980.
Suppose we put in a room many, many books

that instruct the reader which Chinese sym-
bols to write down given certain Chinese
symbols received on paper. (Yes, we write out
each and every possible question-answer pair
that is possible in Chinese.) Then, we get a
Chinese-speaking person to write questions
and put them under the door. In the Chinese
room, a person (or a robot) applies the books
to produce an answer, which is shoved back
under the door to the person asking the ques-
tions. Can this person now tell if a Chinese
speaker is in the room?

eZine Special - www.legaloperators.com - 19




If not, the robot must be considered intelli-
gent.

Of course, this approach requires the creation
of a gargantuan amount of rules, many of
which even native speakers wouldn’t be able to
formulate. Still, progress was significant and
early experiments showed surprising results.
For example, Joseph Weisenbaum’s ELIZA
program simulated a psychologist able to en-
gage in open discussion with “patients”, em-
ploying strategies such as “how do you feel
about that” or “do you think this reveals some-
thing about your relationship you’re your par-
ents” whenever the patient presented a topic
that the system had no specific rule for.

The rise of machine learning

In the late 1980s the introduction of machine
learning algorithms for language processing
presented something of a revolution. In ma-
chine learning, algorithms build a model based
on human-provided training data applying
statistical techniques to identify correlations
and patterns. Using this model, predictions or
decisions can be arrived at without any explicit
rules having to be configured. This made it
possible to use statistics-based approaches to
analyze and respond to textual input. The first
breakthrough was in automatic translation,
and some successes were achieved in specific
domains.

The hardware and memory limitations of
then-current computers did put an upper limit
on what could be achieved. This changed in
the early 2000’s with the advent of big data
and cloud computing on the one hand and the
exponential increase in publicly-available text
data: the World-Wide Web. Now it was possi-
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ble to take huge corpora of text and apply
tremendously complex statistical calculations
and pattern-recognition algorithms to distill
rules and schemes to transform text into other
text. Whether question and answer or writing
from prompts or interpretation, machines
could now do it.

A key setback remained that humans were
needed to annotate the input from which the
machine learning algorithms trained their
models. This changed in the 2010s, where the
rise of feature learning and deep neural net-
works allowed for so-called unsupervised
learning of text features for recognition and
interpretation. One of the keys to this break-
through is the use of word embeddings. “A
word is characterized by the company it
keeps”, as English linguist John Rupert Firth
put it. Meaning can thus be derived from con-
text: if these and these words occur together,
this other word must be involved and could for
instance be used in the output.

Still, limitations remain. One common exam-
ple is how to handle homonyms, as in the ex-
ample “The club I tried yesterday was great!”.
In this sentence, it is not clear if the term ‘club’
means a dance club, a social club, a golf club, a
club sandwich or any other type of club.
Humans can understand this from context,
even when not given in the document itself: a
senior lawyer in her sixties is more likely to
mean the golf or social club than the twenty-
year-old student known for his partying ten-
dencies.

Machine learning on legal documents
As noted above, initial focus on natural lan-
guage processing was on translation. This had



one important reason: especially in govern-
ment documents, multiple-language versions
of the same document were often available.
For instance, the European Union publishes
official documents in all its 29 languages, al-
lowing good comparison between the language
structure and vocabulary of each. Further,
there was a clear need for quick and “good
enough” translation.

A second field where NLP made great strides
was in transcribing dictation, especially in the
medical sector. Doctors produce a large
amount of dictated reports (e.g. autopsies or
surgery reports) that needs to be transcribed,
typically quickly. At the same time, absolute
perfection is not necessary. And what’s more,
the wording and phrases used will be limited
and somewhat predictable: when trying to dis-
tinguish between, say, ‘patient’ and ‘patent’, it
is safe to assume the doctor meant the former.
For similar reasons, machine translation of
legal dictation has seen success, albeit in more
limited form as the time and money factor
present in government and medical fields is
less pressing in the practice of law. The main
focus of NLP in the legal field has been in au-
tomating legal processes, e.g. a case assess-
ment to predict the outcome if it were to go to
court. Here, NLP is a first step in the legal
process: extracting the facts of a case, or iden-
tifying key factors that judges use when apply-
ing the law. But next steps require more ad-
vanced machine logic, e.g. figuring out which
legal requirements apply. So far, success here
has been limited.

Machine learning in contract review
A domain in the legal field where machine
learning is quickly gaining attention is the re-

view of contracts, mostly business-to-business
agreements. Long this type of work has re-
mained the realm of human experts, as such
agreements represent significant business val-
ue (and risk), each agreement is different and
the time factor for review was not considered
crucial. Today, this has changed. More and
more agreements (or at least, provisions there-
in) are considered standard, the cost for hu-
man review is becoming more and more pro-
hibitive and speed is of the essence.

This change could first be seen in standard
documents such as the confidentiality agree-
ment (NDA), thousands of which are signed
across the globe every day. While lawyers (cor-
rectly) stress the importance of reviewing each
NDA provisions carefully, most businesspeo-
ple (also correctly) consider an NDA very
much a standard text and just want to know
“can I sign or not”. This has led to a value gap:
businesspeople do not want to wait for, let
alone pay for, a review of an NDA. Several le-
gal tech providers have jumped in this niche to
offer automated NDA review tools.

All of these use some variation on the same
basic process: use statistical methods to rec-
ognize typical clauses found in such agree-
ments, extract problematic aspects of such
clauses (e.g. a too-long term or a liability cap)
and report to the human user what was found.
This works very well, mainly because the
amount of variation in such clauses is very
limited. There are only so many ways to de-
clare the courts of Santa Clara, CA competent
for any disputes. What’s more, NDA’s tend to
contain a high level of ‘borrowed’ language.
Our own tool NDA Lynn for instance has re-
viewed over 14.000 NDA’s and has found that
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for most clauses, there are only a handful of
truly different structures. This type of limited
variation makes analysis surprisingly effective.

Other document types may have similar at-
tributes. For example, under the European
Union’s General Data Protection Regulation
(GDPR) a so-called data controller must have
a specific type of agreement in place with its
suppliers and other processing partners (“data
processors”). This data processing agreement
(DPA) must meet specific statutory obliga-
tions. While each organization has developed
its own DPA, the language is very much shared
as most lawyers tend to closely copy the letter
of the law. Tools such as DPA Lynn thus can
provide effective review of this document.
However, automated review for contracts in
general still seems far away due to the variabil-
ity of the type of clause that may be present.

The Contract Understanding Atticus
Dataset

A promising development in the field of con-
tract review is the creation of the Contract Un-
derstanding Atticus Dataset (CUAD) by the
Atticus Project, a US-based nonprofit organi-
zation of legal experts. This dataset was creat-
ed with a year-long effort pushed forward by
dozens of law student annotators, lawyers, and
machine learning researchers. The dataset
includes more than 500 contracts and more
than 13,000 expert annotations that span 41
label categories (from applicable law to
covenants not to sue, limitations of liability,
payment obligations and warranties). Inter-
estingly, the dataset contains human-made
annotations of what a reviewer would like to
know, such as the monetary cap on liability or
the end date of a certain obligation. This al-
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lows a machine learning system to be accu-
rately trained (or verified) on the CUAD
dataset.

Employing the CUAD would provide a well-
deserved boost to machine learning contract
review. The dataset can be enhanced with
company (or law firm)-specific contracts for
additional focus. For instance, an IT focused
firm would add IT insourcing agreements and
categories relevant for technology services,
while an international supplier of goods
would focus on adding shipping costs, risk
allocation and insurance clauses.

Going forward

Machine learning for contract review has
come a long way. While it is true that no con-
tract reviewing robot can claim to have an
“understanding” of what it has read, a
lawyerbot can certainly produce highly accu-
rate reviews of typical legal agreements. This
is especially true for standard agreements
such as NDAs, but with the advent of large
datasets such as CUAD more general contract
review is right around the corner. The chal-
lenge for any business therefore is: how do
we create value with automated contract re-
view, while reducing any new risks that may
appear? This is something for the next arti-
cle.
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Did you notice? Whenever you read an ar-

ticle on robotization or artificial intelli-
gence in law, there’s always a stock pic-

ture of a robot wearing a gown or wig, or

tapping a judge’s gavel. An easy way to
illustrate “robots doing legal work” of
course. But it shows an underlying as-

sumption, namely that robotization or AI

in law means that a robot takes over the
work we human lawyers do. That’s not
what’s going to happen, but the idea is
stubborn. Until we manage to take it

24- eZine Special - www.legaloperators.com

re robots
taklng over
~our jobs?

away, however, robots aren’t going to be
much of help.

Mere automation

The main promise of legal tech is that
technology will help lawyers improve their
work. This of course isn’t a new promise.
For decades legal providers have put ef-
forts in automating aspects of their work.
Timekeeping, file management and for-
matting documents, to name a few. This
provided a huge efficiency gain, which



allowed lawyers to focus more on substantive

work.

Automation did not, however, fundamentally
change the way of working of the legal profes-
sional. It merely meant the same work could be
done faster, with fewer distractions caused by
limitations of the tools. Writing with a word pro-
cessor is faster than a typewriter because you can
eliminate mistakes more easily. But it does not
make the actual thought process faster: the con-
tract won’t be written any easier, and a legal ar-

gument won’t sound more convincing because of
a better word processor.

Work transformation

A second stage in legal automation is to
automate parts of the substantive work itself.
This goes a step beyond automating the way of
working. Let’s take an example from legal
practice: writing legal opinions. Automating
the tools would mean using a word processor,
and searching a case law database with key-
words and filters, then typing in (or maybe
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copy-pasting) the relevant passages and the
case citation. One could imagine a tool inside
the word processor, inserting citations with
passages with one click.

But still, choosing which cases (and which
passages) is truly the choice of the human
lawyer. A tool like IBM’s ROSS is a good ex-
ample that takes this one step further. Given a
legal case, the tool retrieves relevant citations
and provides the skeleton of a legal argument.
This does more than just saving time: it takes
drudge work out of the lawyers’ hands.

In contract drafting practice, a common ex-
ample is the document assembly tool that
prompts the user with questions: who are the
parties, what is the price, should confidentiali-
ty be one-sided or mutual, how long should
the term be, and so on. Based on the answer,
the tool selects relevant clauses and builds a
contract. Clever and useful as this may be, in
the end this is still a mere automation of the
old model agreement that said “insert contract
term here (in years)”.

Substantive transformation

The third stage in legal automation, which is
what’s usually referred to as legal tech today,
is the transformation of how substantive work
is performed. True transformation means do-
ing things differently because technology al-
lows you to.

For instance, in the contract assembly exam-
ple, a true transformation would be to come
up with a different template based on the
client or the type of deal, or more generally to
go beyond the standard clauses from the mod-
el for answers A through D. Or choosing to
omit certain articles in their entirety because
the client’s history reveals they are not useful.
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Or re-drafting a limitation of liability after re-
viewing the other party’s professional liability
insurance. This is different from merely an-
swering questions and always getting clause
23.A or 23.B for a force majeure statement.

In contract review, an example of automation
would be a tool that recognizes legal clauses
and flags them for the lawyer to review. This
helps the lawyer do his or her work better, but
does not change it. A transformation would be
a tool that not only recognizes clauses, but also
determines their impact and makes a decision
whether the lawyer should even see them. If
the contract is low-value and the clause is only
a small deviation from the company’s policy,
why bother?

(If you want an example of such transforma-
tion that’s closer to home, consider a legal lia-
bility insurer. Often, when a small claim is re-
ceived, the insurer may make the decision to
pay the insured out of its own pockets and
forego the traditional route to court to recover
damages from the party that caused it. This is
of course based on financial considerations,
but still it is very different from the traditional
approach where you recover damages from the
party that caused them.)

The challenge, of course, is getting such a
transformation actually adopted. And this is
hard. Change is always hard, but for some rea-
sons especially in the legal sector. This despite
the fact that this sector deals with new stuff all
the time.

Four hundred years of experience
The legal sector has an image of little change.
For a large part, this is only logical: the work



is fundamentally the same as, say, 400 years
ago. Back then as now there were conflicts that
needed legal arguments to be settled and
agreements to be put on paper. While the sub-
jects and the law may have been different, the
principle remained the same.

At the same time, this is strange. Most lawyers
are very much open to new developments, from
the latest gadgets to large-scale developments
in society. And again this is only logical, as
keeping up with the world is needed to do legal
work. If a lawyer can’t operate a fax machine,
how can he provide legal advice on the status of
fax messages, to name just one example. Novel-
ties are part of the work. So why did the legal
work remain the same for so long?

Many explanations have been proposed. The
hourly billing system in particular supposedly
blocked innovation: those who work more effi-
ciently, could not claim as many billable hours.
Add to this a system where the partners at the
top of a law firm receive a percentage for each
billable hour, and the result is a very strong
stimulus against reducing the number of hours
worked. But surely this is not the entire expla-
nation: those who work more efficiently may
make fewer hours on one job, but would have
time available

to work for other clients.

In my opinion the fundamental reason is the
well-known expression “Don’t change a win-
ning team”. Firms that do well, are very busy.
Introducing fundamental change in a busy en-
vironment is not going to go over well. This
takes time and concentration, and both are in
strong demand. So the change will have to wait
until next year.

But then why now? Customers are asking
more vocally for change, for speed and cost
savings. And there’s nothing left in terms of
small savings, lowering the hourly rate or dis-
tributing costs. In addition, more and more
firms see options to introduce legal services
in innovative ways, threatening the tradition-
al monopoly position law firms have enjoyed.
This forces thinking about transformation.

The role of Al in transformation

The rise of artificial intelligence may provide
the key to this transformation. Most types of
transformation that are currently under con-
sideration, rely heavily on automatically re-
viewing texts and spotting anomalies. This is
is something computers are very good at, and
this happens to be an activity often requested
from lawyers. But we can do more than just
put an Al as a first check to save lawyers a lit-
tle time.

Artificial intelligence is in particular good in
recognizing patterns in huge amounts of data,
turning it into actionable intelligence: this is
a force majeure clause, this line of reasoning
reflects the three prongs from the Sunday
Times case, and so on. Such intelligence is use-
ful as direct input to the professional taking
the next step — but can also be leveraged to
change the next step, change the workflow or
process in which the analysis occurs.

As a simple example, consider a company
that often receives confidentiality agreements
from prospective customers and partners.
The traditional process would be to send this
to Legal for review, the lawyer would enter
into discussions with the other side, and after
discussions had led to a mutually acceptable
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agreement both parties would sign. Applying
legal tech would speed up this process: instead
of the lawyer reviewing the document, an Al
would do the same. The lawyer would review
the output, including a marked-up document
and open the negotiations.

When transforming this process, one needs to
do a step back: what is the intent of this
process? Who are the actors that need to oper-
ate the process? Even though this is a legal doc-
ument, the process is by itself not legal: it
serves to enable the business to talk with
prospects in confidence. There are more ways
to address this purpose without having a man-
ual review of each incoming NDA. One simple
example: insist on the company’s own NDA, or
a well-accepted standard NDA (such as the
oneNDA initiative).

More advanced process changes involve putting
the Al earlier in the process. For instance, the
businessperson sends the NDA to the AI, who
reviews and either approves or rejects it, where
rejection means “not salvageable, use our own
NDA instead”. This would cover two-thirds of
the situations, according to statistics of our own
product NDA Lynn. In the other one third, ne-
gotiations can be started based on a redline
prepared by the Al tool. And even here, the
lawyer is not (yet) necessary: the redline can be
sent back for initial comment, once those are
reviewed by the other party, the lawyer can re-
solve the feedback and negotiate towards mu-
tual agreement.

Managing workflow

Enabling such changes first of all requires a
clear workflow. Businesspeople should know to
involve the AI, and when to approach the other
side with a redline. Technology can help: the
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review tool can take care of most of the admin-
istrative burden, and keep track of the latest
actions taken and the next steps to be per-
formed by humans. However, this only works if
the humans involved are in agreement on what
the next steps are supposed to be. Establishing
assent on such matters is very hard, as it may
involve changing a company’s culture or even
overcoming corporate infighting.

A related matter is to know what the Al tool is
to approve or reject. In general terms, most
companies have an understanding of what is
acceptable in their line of business. For in-
stance, software companies typically want to
retain their IP and are concerned with em-
ployee poaching, while food suppliers worry
more about quality provisions, returns and the
confidentiality of price discounts, to name two
examples. But zooming in a little more often
reveals blind spots: what do we mean with “we
typically want to retain IP”? What amount of
returns do we accept, exactly? And are there
combinations: is a small price discount with a
high return right for the customer acceptable
just like a high discount with no right of re-
turn?

First steps

Successfully deploying legal tech thus, as a first
step, forces a company to reflect on its work-
flows involving the legal department and the
underlying assumptions about the business.
Getting this on the table in an actionable format
is a huge challenge, but at the same time repre-
sents 80% of what is needed for a true trans-
formation of such workflows. The tool can then
quickly be deployed to fit the new process. As
always with technology, it’s not about the tool
but about the humans using it.
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practice?

Last time, we ended on a positive note: it’s
not about the tool but about the humans us-
ing it. Which prompted several readers to
write in and ask, how will the humans be
using it? We know how to work with a new
colleague, but what can you expect on a ro-
bot’s first day in the law department? More

to the point, what can you do to get a robot

to work as you expect? This gets to the issue
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of what legal tech aficionados call the
playbook.

Numbers, numbers, numbers
Whenever we talk about artificial intelligence,
the word algorithm makes an appearance. To
programmers this is a bit strange, because the
one thing that AI does not apply is algorithms.
Al is essentially statistics-driven: does this
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phrase resemble this set of phrases or more
that one, which of these twenty word groups
is most similar to this word, and so on.

This is in stark contrast to what an algorithm
is to programmers, namely a series of precise-
ly-defined steps to take, one after the other.
In an algorithmic approach, all possible
choices would be enumerated in advance and
the robot would simply check off the lists one

by one. Of course, this is impossible, which is
precisely why the statistics-driven approach
of AT has proven so successful. With enough
data, patterns can be discerned that allow for
the derivation of bright lines (although quite
complex lines) to help identify patterns.

However, this process of classification or
recognition is merely one small part of the
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system that makes up a lawyerbot. Several
other key pieces are needed to arrive at a fully
functional system, one that can produce legal
advice given a contract, case description, le-
gal brief or other input document. And it is in
these pieces that traditional algorithms play a
large role.

Building the system

Let’s take the use case of contract review as
an example. In other words: how can we turn
a contract we received from a prospective
partner into a redline that will further the ne-
gotiations? It’s good to keep perspective here.
As noted earlier in the series, robots are good
at standard work. So this review will be a
check for standard issues. No one would use
such a review for a high-stakes merger
agreement or a complex bespoke services
purchase. But such documents are rare: over
80% of legal documents reviewed by in-house
lawyers or by attorneys-at-law are routine
agreements.

Reviewing a standard agreement means
checking for standard issues and making
standard amendments to better reflect the
client’s interests. A term should be a bit
longer, a contractual fine should be gone for a
service provider, liability should be capped at
the level of the liability insurance, and so on.
All perfectly suitable for a robot: spot the is-
sue, grab the best alternative clause and make
the amendmend.

Thanks to the above mentioned statistical
approach, spotting the issue is not a problem
for a well-trained machine learning system.
But we have some steps to take before we get
there. To start with: how do you turn a Word
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document into a set of clauses, from which
issues can be spotted?

Reading like a robot

This may seem like a silly question: just open
the document and read the text. But for a ro-
bot, this is a lot harder than it sounds. We
humans see text, well-formatted, some bold,
some italics, a list of definitions at the end,
indented lists, and so on. For a computer, this
is all a mass of letter groups held together
with XML tags that may or may not provide a
fixed structure to guide identification of
what’s what.

A first approach could be to simply extract
the paragraphs as Word provides them.
Headings, normal text, tables and other ele-
ments have their own markup — technical
codes that provide boundaries to separate
text and to attach styles to. This markup can
be recognized automatically, allowing e.g. a
list of clauses to be built with the last-used
heading preceding it. Then, each clause can
be fed to the machine learning system to
identify it and to determine what’s wrong
with it.

There’s a little problem with that: we humans
tend to be sloppy with our styles. In the tens
of thousands of documents I have reviewed
for our lawyerbots, I have yet to find the per-
fect document marked up as Microsoft had in
mind when it created Word. People don’t ap-
ply styles but merely colour some text bold or
enlargen it to indicate “heading”. Old-fash-
ioned authors press enter when they think a
line is done, as they did in the typewriter era.
This looks the same, but for Word this means
there are two paragraphs, two clauses — and



to a robot, that means two incomplete clauses
to review.

Fortunately, there are advanced text extrac-
tion libraries available, so part of the problem
is solved. But once you add PDF support — a
popular request — you get an entirely new set
of problems, because PDF is designed to look
good, not necessarily to automatically re-
trieve text from. For instance, if you extract
text from a two-column PDF document you
get garbage: every line from the right column
is appended to the one appearing on that line
in the left column, and you try making sense
from that.

But even if you get the text out exactly as the
writer intended it, you still have the issue of
what goes together. Not every contract is of
the one-clause-per-paragraph type. Consider
for instance the numbered list, e.g. a list of
representations and warranties that a seller
provides. Or a list of undertakings by the re-
cipient of confidential information. Or the
security measures a data processor commits
to in a GDPR data processing agreement. Is
that one clause? Should it be split and evalu-
ated separately, or considered one mega-
clause? Both have advantages and disadvan-
tages, but the quality of text extraction is key
to a good identification.

Playing by the book

Having fed each clause to the machine learn-
ing system, we now know what each clause is
about, as well as what’s going on within that
topic. Here’s a liability clause, its cap is 2.5
million dollars. This venue clause picks Paris,
France. The term is one year with silent re-
newal. This list of security measures is very

long and its text does not conform to article
32 GDPR. Good to know, but is this bad?

Now we get to the heart of any robot lawyer:
the playbook. The playbook is a set of bound-
aries if you were, a list of all possible outcomes
that the machine learning can provide tied to a
judgment. Typically each outcome is tied to a
response message that can be included in the
report generated by the lawyerbot, or coupled
to an amendment or counterproposal that
would overcome the issue that was found.

A simple example is a liability cap. The play-
book can be configured to reject any caps
higher than one million, or in the converse to
insist on at least two point five million. Or
whichever amount you want — this of course
depends on the user’s perspective. Should the
machine learning system then detect that a
particular agreement has a cap that is three
million, then the playbook will indicate this is
a problem: it should be one million, no more.
Often, a legal position is not expressed in a
number, but rather in some sort of criterion or
position. A client may not be prepared to ac-
cept contractual fines, or doesn’t want a dis-
pute venue outside the European Union.
GDPR security obligations should always in-
clude two-factor authentication, compliance
audits should be undertaken by independent
auditors bound by professional secrecy and
their bill paid by the other guy. Playbooks can
configure this type of counter: if venue is not
in this list, reject. If auditor is not 3rd party,
reject. If auditor is 1stparty or auditrights is
not found, accept. And so on.

Configuring the playbook takes a surprisingly
long time, even when experienced negotiators
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or lawyers are brought to the table. This is
because many of them operate from intuition
and rules of thumb. Perhaps that cap of one
million is because of the insurance payout,
but where did the two-factor authentication
demand come from? Do we always object to
fines or just if they are large, and if so what is
“large” if we have to put a number on it?

Would we take a late delivery fine if payment
is within 14 days? Getting these positions out
of the human heads and into the computer
table is more time-consuming than training
the machine learning system.

(One startup in this field uses the clever ap-
proach of analyzing a customer’s own con-
tracts to determine what should be accept-
able. This works, although it is not uncom-
mon for large companies to have purchasing
terms that conflict utterly with their sales
terms.)

Getting a response

The next, and ideally final step in the process
is to produce a response. A simplistic ap-
proach is to just accompany each boundary in
the playbook with a fixed sentence, such as
“We cannot accept this high a liability cap, it
must be lowered to one million.” Whenever a
clause triggers this playbook boundary, this
text is included in the output. The end result
is a nice summary of issues with counterposi-
tions, presumably drafted by a human lawyer.
Today, legal professionals expect more and
lawyerbot systems should give them that.
Some variation is nice: instead of the same
text for the same issue, allow for multiple
outputs given that issue and select one. One
approach suggested in the literature uses a
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simple counter: the more objectionable issues
were encountered, the more terse and block-
ing each subsequent response became. Just
like a human lawyer or negotiator would get
if a contract draft keeps asking and asking.
Very helpful is adding the outputs as com-
ments in the Word or PDF document. This is
part and parcel of human reviews, and
lawyerbots should seek to emulate that.
Comments can then immediately be tied to
the relevant text, reviewed for correctness
and responded to with a counter.

But what really takes the cake is an amend-
ment in the text, of course as a redline
(tracked changes) using Word’s facility for
registering who changed what. This makes
the counterproposal immediately clear, and
allows the other party to respond focused on
the content (or accept the proposal, since we
are still talking about standard documents
with standard counters).

This may seem hard. It’s true that Al can
generate texts — the OpenAl generator called
GPT-3 can produce near-perfect quality es-
says of any length in seconds, for instance.
But coming up with a counter in a specific
clause seems like a bit much. Fortunately
there’s no need to introduce yet more artifi-
cial intelligence. A preconfigured set of coun-
terproposals is more than enough. If you have
twenty acceptable security clauses, one is
likely to match the language of the original
text closely and so can be used as a basis to
draft an amendment. We are still talking
about standard documents after all; in my
experience there are rarely more than twenty
variations of any clause in NDA’s or DPA’s,
for instance.



Y
v NDA Lynn has checked the entire document from mutual
perspective. Advice: do not sign.

THIS AGREEMENT is made as of the __ day of , 20__[“Effective Date”], between XXXLVa Delaware
limited liability kompany with its principal place of business at XXX; (hereinafter "Company") and
a company having an office at (hereinafter “ ).

- Critical issue: Parties defi and Security obli

- Minor issue: Notice for breach.

- Detail issue: Applicable law, audit, Personal data, Duration
of confidentiality, Term, Public domain scope and Scope of
sharing ("Need to know").

WHEREAS, the parties hereto desire to exchange information regarding their systems for XXX,
hereinafter "Project";

NDALynn
Can we add an audit clause, just to be sure?

WHEREAS, each party and their Affiliates possess Confidential Information, and in conducting the
Project anticipates needing to disclose to the other party, certain Confidential Information, including but not \
limited to prototypes, specifications, designs, drawings, manufacturing information, pricing data, sales data, cost NDALynn
data, business strategy, financial information, supplier and customer information, and certain confidential Should we have an explicit GDPR/personal data

assets, including, without limitation, inventions, trade secrets, processes, and intellectual properties related to .
the Project or such information customarily regarded as proprietary or confidential, but only to the extent the
information is marked as such (collectively "Confidential Information"); and

NDALynn

WHEREAS, the parties desire to formalize the duties for maintaining the confidentiality and ownership of

the Confidential Information

Critical The definition of confidential information is too
broad. Needs to be limited to marked information only.

A non-disclosure agreement reviewed by a robot. The future of legal practice

In and out in minutes

Now let’s put things together. We can take
Word documents and convert them to ma-
chine-readable clauses, with the right head-
ings attached. We can take those clauses and
assign meaning to them — strict security, 7-
year term and so on. We can look up whether
we like that — term no more than 2 years,
strike that fine, no cap on liability. We can
insert our objections into the document and
even amend the clause proper.

One final issue remains: how do we get doc-
uments in and out? A web interface seems
intuitive, but there’s an even more exciting
option — just e-mail your document and get a
reply back, just like you would work with a
human lawyer. Except this one mails you
back in five minutes. Does that sound like a
myth to you?

KXKXXRXXKX*

Try it yourself NDA

Try it yourself DPA
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Beyene

Legal tech is coming, with Artificial Intelli-
gence on board. The promise I quoted in the
first article, and it is still very much relevant
today. Computers aren'’t intelligent, rolling
in a big shiny tool will not change the way
lawyers work but you'll get far with a clear
playbook and handy rules. In the final arti-
cle in this series we’ll wrap the mythbusting

up.

Robots as lawyers

Let’s get one thing straight: if you're a lawyer
robots will not take your job — unless your
job was so tedious that a robot could do it.
Robots calculate & automate, they cannot do
(not now, and not in the future) the real stuff
that lawyers do. Robots can help though: they
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r ’o ' :

can scan for patterns, identify clauses or
phrases of interest and take programmed ac-
tion based on what they encounter.

This is as true for classical programmed sys-
tems (if you see X, take action Y) as it is for
artificial intelligence. Even though Al is
promised to think creatively, in actual fact Al
is just very, very good at pattern recognition,
text analysis and conversational text genera-
tion. That’s not to say it’s bad or useless. On
the contrary, an Al analysis can very much
speed up legal work and identify issues or
help with problems that humans may miss or
need hours of hard work for.

The actual issue however is not so much how
good an Al can work, but how systems using

18
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AT (or more generally: legal tech) can improve
and transform the working of law firms and
legal departments. This is much harder than
programming Al — this is business transfor-
mation. As business consultant Peter Drucker
famously said, “Culture eats strategy for
breakfast”. Expecting a shiny Al tool to trans-
form the company is a pipe dream merely be-
cause it works very well. The challenge is to
understand the workflow that the company
uses.

Digital signatures

An early adoption example in the legal tech
world is the digital signature tool. Putting an
electronic signature where a 'wet' one was
previously required is a good example of the

benefits of legal tech. But it is also one of the
few really good ones: simple, clear and with a
very precise advantage. You can almost calcu-
late the business benefit of this. There is no
downside, apart from the costs of the tooling.
But training is nil, you can see what happens
and that it is legal is also obvious.

For further steps, from contract generators to
the use of chatbots for intakes or wizards who
write advice letters, it is often not that simple.
And the reason behind that is actually simple:
it is not clear how you earn money by working
with such tools. And that is again mainly be-
cause organizations are set up to deliver their
services in a certain way, and new technology
entails a different way of working.
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The partner structure has often been men-
tioned at law firms as the reason why legal
tech would not be there: the partners would
earn less from billable hours, because those
tools are faster and therefore fewer hours are
worked. I don't think it's that simple. The ar-
gument is an exponent of the underlying rea-
son: fearing less customer returns is an eco-
nomic objection. Whether that literally means
that your timesheets are getting shorter or that
the customer wants to pay less at all or some-
thing else, it matters less.

The general problem is of course a very tough
one to tackle. Especially because it is rarely
explicitly put on the table: sorry, we are not
going to do this tool because it costs us a lot
and we see few returns. Especially with legal
tech, because “we have to do something with
it” and then the tool is rolled out with a lot of
fanfare (or rather: a special team or a champi-
on) after which we are allowed to see some in-
terest and after that the use dies a slow death.
Just because it doesn't feel useful enough.

So there must be an external incentive to
bring about that change. In the legal sector,
these are often the customers: large compa-
nies that do not accept an hour/invoice but
want a fixed fee per job or per year, or even
simply require that tooling is used. The only
problem is that if the majority of the offices
are not yet at that level, it is difficult for such
a customer to get her way. There is, of course,
a tipping point at some point, but when that
will be reached remains to be seen.

Only: you are left with the point that a legal
service provider is quite good at his job, and
has also set up the workflow to work as well
as possible in that way. Whichever way you
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look at it, introducing legal tech comes down
to changing business operations, and there
must be a clear economic reason for this.
Why would you start working in a new way
now, especially now?

Start small and end big

Change does not have to be strategic, does
not have to be huge and does not have to be
all at once. Change comes when the culture is
open to it. This is often the case with small
things. A slightly more convenient tool to
check references. A service that not only
looks up case law but immediately puts it as a
reference in your Word document (and
checks whether there was an appeal against
the case found). A button in Word that com-
pletes and signs a draft letter. An Outlook
plugin that says “Look out, the attached NDA
is unacceptable.”

If you want more, you really have to work
with the culture in the office. Why do people
not want to extract documents from a tool, but
continue to work with their own templates?
That could be because they don't trust the
tool, or because they find the learning curve
too steep. Or — very silly, but it happens regu-
larly — because they can't log in (anymore)
and then noticed that no one spoke to them
about it. Or worse — but this happens regular-
ly too — because their direct managers do not
enforce using the tool, or even disparage its
quality or importance to the business. And
addressing that is ultimately also a cultural
thing. Because if you want to change as the
leadership of such an organization, you must
have a culture of leadership. Bringing people
along and motivating them. And if there's no
other option, make it mandatory. But then



you have to fully support the choice yourself
and take for granted that things will (tem-
porarily) be less.

The trend towards commodification
Earlier I wrote about what is called commodi-
fication. Traditionally, legal advisors provid-
ed complete customization, just like the tailor
of the past who delivered perfect customiza-
tion for each customer with a roll of fabric.
Smart offices standardize the process and
provide customization based on standard
clauses or quickly adaptable model contracts.
They have semi-finished trousers and jackets
in the closet and they trim the fabric for the
customer. Standardization can be pushed fur-
ther and further, and the inevitable end point
is the product: a completely standard piece of
service, at a fixed price and available in al-
most identical form from multiple providers.
For a legal service provider, productization
can feel threatening, and for good reason. A
standard product will yield less money per
item than the custom-made service of the
past, and moreover entail risks such as an in-
complete or inadequate service with all the
associated complaints. However, there are
several ways to deal with this threat. The first
way is to use the product as lead generation.
The product is then actually the first half, the
intake of the actual service. A slightly more
far-reaching approach is to clearly separate
product sales from customized services.

And yes, there will of course always be a need
for pure customization in the market. But
make no mistake: that market is getting
smaller and smaller, because more and more
customers are discovering that a standard
product is actually good too. Just like many
people prefer to buy their suit as ready-to-

wear, with at most limited adjustments, such
as taking in trouser legs, than going to a tai-
lor. The tailor will certainly continue to exist,
but increasingly become a niche. The large
market share — and therefore the large
turnover — will move to those ready-to-wear
sellers.

It’s about the standard work

Of course, the legal profession started out as
a specialty, and the legal knowledge today is
specialized and quite unique. So it is not sur-
prising that when you read about changes in
the profession, you think about how your
specialism can be safeguarded in the event of
such changes. But I keep saying it: it's not
about the specialized work, it's about the
standard work. Although lawyers and lawyers
often see themselves as suppliers of unique
customization, a whole mountain of work is
standard.

The only problem is that we lawyers can indi-
cate much better than others why that standard
work should also be delivered fully customized.
After all, our services are looking for risks
and problems, underlining their seriousness
and proposing a solution that must be fol-
lowed on pain of high fines and other legal
calamities. (Few people can say that a mis-
take in their work can lead to criminal pro-
ceedings against management.) And that is
often followed, partly because the specialism
is shrouded in a certain mystique and the
consequences sound very serious.

The above is not necessarily untrue. It is true
that incorrect advice about an agreement

with a competitor can have that consequence.
Or that a mistake in an NDA can lead to years

eZine Special - www.legaloperators.com - 39



of litigation with millions of claims. But those
are the exceptions, not everyday practice. It is
about “can I sign this because I want to drink
coffee with that supplier”. The advice must be
proportionate to this. A standard case re-
quires a standard answer. The particular risks
should be capped or captured if their proba-
bility becomes high enough.

More important to me is the realization that
if you as a lawyer don't do this, others will.
Take the drafting of general terms and condi-
tions. Protecting an entrepreneur with clear
rules for his trade is typically something you
use a lawyer for. What risks does the en-
trepreneur run and how do we cover them?
Yet the product "general conditions" is some-
thing that can be obtained from so many
sources, from handy bookkeepers to many
online services where you can obtain them
with or without a questionnaire for free,
cheap or expensive. There are indeed still
lawyers who can ask 12,000 euros for a set of
terms & conditions, but that is not the bulk of
the work.

As a lawyer, I think you can go two ways. Ei-
ther you say, I am really a specialist and you
should have me if your situation is not that
standard, or, on the contrary, I can provide
that standard work just fine and I pass on the
difficult cases. I think the natural tendency is
to immediately choose the first, but realize
that this only attracts a limited target group
(and therefore the amount of work).

On the other hand, whoever enters the stan-
dard work immediately encounters the Cham-
ber of Commerce, handy bookkeeper and on-
line services. Because they can do the standard
trick too, and are smarter in bringing in stan-
dard customers at a lower price. And yes, he
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comes again with his Susskind: commodifica-
tion in the legal world has already come a long
way. For many products even to free.

Yet that also offers opportunities, especially
for lawyers who can do more than that accoun-
tant but do not want to be the super specialist
right away. Making yourself distinctive on top
of commodity products is the best way to grow
in such a market. So: what is your added value
on top of such a generator? What does the cus-
tomer want an accountant not to be able to
do?

And no, the answer is of course not "perfect
customization with all risks fully negotiated
and put away". For me, this is exactly the
sweet spot to use legal tech: it provides the
standard work that is the start of your cus-
tomization. To stay close to myself, thanks to
NDA Lynn, my clients review their NDAs in
five minutes, then pay me to get substantive
answers to the crazy questions. As a result, I
spend all day doing crazy stuff in NDAs and I
like that.

That is how the lawyer of the future must re-
define himself: where is my added value on
top of the technology, on top of the commodi-
ty. I wish you good luck with that!

KXFXXKXX

More about Arnoud Engelfriet



https://www.linkedin.com/in/arnoudengelfriet
https://www.linkedin.com/in/arnoudengelfriet

How many NDAs
do you read each year?

Our robot reviews
about 4.000 of them.

It also fixed every issue.

(That's some 50.000 redlined clauses, with comments.)

And a lot faster than human lawyers.
(Who now have time for the serious stuff.)

l*l Lynn. Consistent. Sharp.

TRY NOW
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