
September 2022 196

Patent Value

I. Introduction 

Not all patents are created equal. Finding patent 
assets likely to drive substantial value in licens-
ing efforts is difficult. Getting the answer right 

can unlock substantial value and allow innovators to 
optimize expected return on investment. But making a 
mistake can lead to a costly waste of valuable resources.

In the highly dynamic environment of patent licens-
ing and monetization, patent holders, capital inves-
tors, and potential licensees alike increasingly look 
for data-driven quantitative guidance in evaluating 
the value of a patent portfolio. A complete analysis 
of patent value necessarily requires detailed quali-
tative review of specific patent assets. This detailed 
qualitative review, which generally involves a detailed 
review of patent claims, specification, and file histo-
ry may not be economically practical when assessing 
large portfolios. In such instances, quantitative meas-
ures of patent value can provide important tools for 
screening portfolios to identify those patents worthy 
of detailed qualitative analysis. 

Meaningful quantitative analysis of patent value 
must assess the diversity of objective factors that de-
termine patent value. Unfortunately, many commer-
cially available software programs employ black-box 
algorithms that do not disclose the extent to which 
various objective factors are measured. Even those 
software programs that disclose the details of their pat-
ent scoring algorithms generally do not allow users to 
adjust patent scoring approaches to meet the demands 
of specific patented technologies, markets, or moneti-
zation efforts. 

We designed a patent evaluation method based on 
statistical methods to create a single-dimensioned 
measure of a single patent’s value. We measured “val-
ue” through the output of district court litigation of 
similar patents. As discussed below, we developed a 
model predicting the likelihood that a patent would be 
selected for litigation. The inputs to this model were 
factors output from a commercial patent database. We 
chose to define patents selected for litigation as having 
high value, because a party that puts a patent into lit-
igation has likely made a complex determination that 
the potential gain from asserting the patent offsets the 
litigation cost and the risk that the patent will be invali-
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dated. Further, and separate from our regression model, 
we compared the effect of the claimed technology on 
the likelihood that a patent would be asserted in liti-
gation. This analysis is dis-
cussed in section IV.A.

We then looked for the 
differences of these factors 
between sets comprising all 
patents, litigated patents, 
and patents proven to have 
high economic value in dis-
trict court litigation. These 
sets included groups of 
patents that were asserted 
in trials and won high dam-
ages at the district court 
level. This analysis required 
us to consider pools of pat-
ents as the unit of analysis 
because our damages data 
did not permit us to ascribe 
particular damages to a giv-
en patent. However, this 
analysis, being explicitly 
tied to damages, is perhaps 
more closely tied to individ-
ual patents’ economic value 
than the analysis presented 
in section IV.A. In section 
IV.B we looked for statisti-
cally different values of the 
factors that were the input 
to the model, comparing 
awarded high damages with 
the patents that were not litigated. Similarly, in section 
IV.C we compared the values of the factors between the 
high-damages patents and the litigated patents. We also 
compared the technology claimed by the high-value pat-
ents with the technology of litigated and non-litigated pat-
ents in the regression models. 

Our analysis of patents relies on data available from 
a commercial database (Questel’s Orbit Intelligence 
platform) to evaluate the relative value as determined 
in litigation of patents. (As discussed below, the basic 
unit of analysis is the patent family, not the isolated 
patent.) For our work on evaluating patent value with 
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respect to surviving inter partes review, see our previ-
ously published work in les Nouvelles.1 
II. Literature Review

Researchers in this field have studied ways to val-
ue or rank patents in a portfolio. Compared with the 
publications discussed below, our analysis is unique in 
that it attempts to measure patents’ economic value as 
that value is determined through litigation. Further, it 
relies on recent litigation data. In Table 1, we compare 
the approaches of prior studies with our work. 

Three references considered the likelihood that 
a patent would be litigated. Campbell et al. (2016) 
presented a machine learning application to predict 
whether a patent will likely be involved in litigation.2 
They based their model on patent metadata (e.g., as-
signee, assignee country, number of claims), a textual 
analysis of the claims, and citation graphs. Marco et 
al. (2015) studied patent- and patent examination-re-
lated characteristics on the likelihood of later patent 
infringement litigation.3 Factors that had a significant 
relationship to the likelihood of litigation included en-
tity size, foreign origin, the number of domestic patent 
applications, and the claim length. Examination-relat-
ed characteristics, like the GS-level of the patent’s ex-
aminer and the number of IDSs filed, had less explan-
atory power than did patent characteristics. Marco did 
not consider the number of forward citations except to 
match patents in a case-controlled comparison to bet-
ter identify the importance of other factors. Like the 

present work, the 2004 work of Allison and Lemley, 
et al., studied the characteristics of patents in litiga-
tion and employed a logistic regression method.4 The 
authors associated the patent value with the presence 
or absence of litigation, but they did not study patents 
that won high damages, or even if their sample patents 
won any damages. In fact, none of these three papers 
evaluated the award of damages. 

Some authors have considered economic value. For 
example, Hall, Jaffe, and Trajtenberg (2005) explored 
the usefulness of a firm’s patent portfolio’s citations 
as a correlate to a firm’s stock market valuation.5 
However, unlike our present work, theirs reflects 
economic value of a portfolio, not the economic val-
ue of a given patent or patent family. Factors studied 
included forward citations, the number of patents a 
firm owned, and the firm’s R&D spending. Other pa-
pers that estimated the economic value of patents in-
clude Lanjouw and Schankerman 2001,6 and Abrams, 
Akcigit, and Popadak 2013.7 Our study contributes 
to this literature by using more recent data and pro-
posing another scoring method that uses data from a 
commercial database.
III. Methods and Data

We studied the differences between the following 
groups of U.S. utility patents:

A. Litigated vs. Non-litigated Recent Patents 
B. Patents Associated with High Damages Awards 

vs. Non-litigated Patents

Table 1. A Comparison of Factors Included in the Scoring System in Other Studies

This 
Study

Campbell 
et al.2

Marco et 
al.3

Allison & 
Lemley 
et al.4

Hall, Jaffe, 
and 

Trajtenberg5

Year 2022 2016 2015 2004 2005

Measures the likelihood that a patent be-
comes litigated 3 3 3 3

Measures economic value of patents 3 3

Measures value through litigation outcomes 3

1. Larus, C. K., et al. (2018), “Assessing Patent Strength Us-
ing Data-Driven Inputs: Characteristics of Patents and Patent 
Owners That Drive Success in Inter Partes Review.”

2. Campbell, W., et al. (2016), “Predicting and analyzing fac-
tors in patent litigation,” ML and the Law Workshop.

3. Marco, A.C., et al. (2015), “Patent Litigation and USPTO 
Trials: Implications for Patent Examination Quality.” https://
www.uspto.gov/sites/default/files/documents/Patent per-
cent20litigation percent20and percent20USPTO percent20tri-
als percent2020150130.pdf .

4. Allison & Lemley, et al. (2004), “Valuable Patents,” 
Georgetown Law Journal, Vol. 92, p. 435. https://papers.ssrn.
com/sol3/papers.cfm?abstract_id=426020.

5. B. H. Hall, A. Jaffe, and M. Trajtenberg (2005), “Market 
Value and Patent Citations,” The RAND Journal of Econom-
ics, Vol. 36, No. 1 Spring, pp. 16-38. https://www.jstor.org/
stable/1593752.

6. J. Lanjouw and M. Schankerman (2001), “Characteris-
tics of patent litigation: a window on competition,” The RAND 
Journal of Economics, Vol. 32, No. 1, spring 2001, pp. 129-151. 
https://www.jstor.org/stable/2696401.

7. D. Abrams, U. Akcigit, and J. Popadak (2013), “Patent 
Value and Citations: Creative Destruction or Strategic Disrup-
tion?” PIER Working Paper No. 13-065, U of Penn, Inst for 
Law & Econ Research Paper No. 13-23. https://papers.ssrn.
com/sol3/papers.cfm?abstract_id=2351809.
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C. Patents Associated with High Damages Awards 
vs. Litigated Patents

We collected our patent data from Questel Consult-
ing’s Orbit database.8 Orbit generates many factors as-
sociated with patent families. We used nine factors in 
our logit model: technology impact,9 recent non-self-ci-
tations,10 generality,11 originality,12 shark present,13 fam-
ily size,14 claim length,15 year of the first application 
date,16 and technology centers.17 

We used multiple statistical techniques to examine 
the differences in observed patent factors between 
two groups of patents, and to ultimately evaluate the 
value of patents. These techniques include logistic re-
gression, t-tests, and binomial tests. 

Logistic regression, or logit modeling, is a statistical 
method used to predict the probability of discrete out-
comes.18 We used it to evaluate the extent to which 
these factors can change the odds of litigation. We 
used the t-test to determine statistical significance of 
the difference in each factor between the litigated pat-
ent families and non-litigated, the high damages and 
the litigated, and the high damages and the non-litigat-

ed. We used the binomial test to evaluate the statistical 
significance of the technology area effect. 

To identify litigated patents, we collected all U.S. 
utility patents with an application date later than Jan-
uary 1, 2016 that were litigated before September 1, 
2021. This set constituted 791 patent families. The 
patent set of litigated patents were, on average, issued 
2.7 ± 1.7 years before our September 1, 2021, cut-
off date. Ninety percent of these patents issued less 
than 4.2 years before that cutoff date. To build a paired 
comparative set, we used Questel’s “similar patents” 
query and sampled 6,577 U.S. utility patent families 
that had not been litigated. Analysis of these two sets 
is found in part IV.A. 

Turning to our data set for high-damages patents, 
we identified 112 patent families from the set of lit-
igated patents that included patents associated with 
cases in which damages of more than $100 million 
were awarded.19 These patents included patents old-
er than our cutoff date. The “high damages” patents 
were issued between 1984 and 2018, with the me-
dian-aged patent issued in 2002. Section IV.B of this 
paper compares the factors for these 112 high-dam-
ages patents to the factors for the 6,577 not litigated 
patent families. Similarly, section IV.C compares the 
factors of the high-damages patents with the factors of 
the 791 litigated patent families. The litigated set and 
the non-litigated set are the data used in section IV.A. 

Technology area has a fixed effect on identifying the 
factors. For example, the litigation rate varies in tech-
nology (Larus, C. K. et al. 2018, Allison & Lemley et al. 
2004, Lanjouw and Schankerman 2001.) Our previous 
study on patents petitioned in IPR (Larus, C. K., et al. 
2018) finds that the IPR survival rates differ significant-
ly in technology areas. Also, results in Allison & Lemley 
et al. 2004 also show striking variation by industry. We 
controlled for this fixed effect of each technology area 
in the regression by using dummy variables, which is 
a way to compare the factors and identify the signif-
icance given patents in the same technology center.

We used the USPTO’s “Technology Center” clas-
sification to place each patent studied in a group of 
claimed technology.20 Using this classification, for ex-
ample, Technology Center 1600 includes the Biotech-
nology and Organic fields, and 1700 includes Chemical 
and Materials Engineering fields. We divided Technol-
ogy Center 3600 patents (which include transporta-
tion, electronic commerce, construction, agriculture, 
and licensing and review patents) into two portions: 
electronic commerce (“3600 EC”) and the remaining 
fields (“3600Trad”).21 

8. Chevalier B., “How to Determine the Market for Your IP,” 
Questel Consulting https://www.questel.com/category/intellec-
tual-property/?searchRess=valuation.

9. Questel’s “technology impact” reflects a forward refer-
ence score that controls for age of patent family and technol-
ogy area.

10. Questel’s “recent non-self-citations” factor provides raw 
counts of forward citations to a patent family in the last five 
years but excludes citations made by same assignee.

11. Questel’s “generality” factor indicates the extent of for-
ward citations to a wide spread of technology groups. Values 
close to 1 indicate broad applicability to multiple technologies, 
and values close to 0 indicate more specific applicability. The 
factor was defined by Hall, Bronwyn H., Adam B. Jaffe, and 
Manuel Trajtenberg. “The NBER patent citation data file: Les-
sons, insights and methodological tools.” (2001).

12. Questel’s “originality” factor indicates backward cita-
tions to a wide spread of technology groups. Values close to 
1 indicate innovative technologies, and values close to 0 in-
dicate more incremental technologies. The factor was defined 
by Hall, Bronwyn H., Adam B. Jaffe, and Manuel Trajtenberg. 
(2001), n. 12.

13. Questel’s “shark present” factor indicates those patent 
families in which over 30 percent of the forward citations 
(minimum of three) originate from a single assignee, one oth-
er than the original assignee.

14. Questel’s “family size” factor reflects the number of pat-
ents and applications in the patent family.

15.Questel’s “claim length” factor is the average number of 
non-duplicate words in the first independent claim, averaged 
for the entire patent family.

16. The year of first application date of a patent family.
17. The technology center in the USPTO to which the patent 

family belongs.
18. Kenneth Train, Discrete Choice Methods with Simula-

tion, Cambridge University Press, 2003, Second edition, 2009. 
https://eml.berkeley.edu/books/choice2nd/Ch03_p34-75.pdf

19. lexmachina.com
20. https://www.uspto.gov/patents/contact-patents/patent-

technology-centers-management.
21. See Larus et al., page 32.
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constant. The mathematical expression for a factor’s 
overall impact on the odds follows: 

Impact =e^abs[(mean(litigat-
ed)-mean(non-litigated))×coefficient] -1

Consistent with that definition, the bars in Figure 
1 measure the magnitude of changes in the odds of 
litigation vs. non-litigation if the factor value changes 
from the mean of the non-litigated to the mean of the 
litigated patent families.
Family Size

First, the most impacting factor is family size, which 
is the average number of granted or pending patents 
in each patent family worldwide. Larger families are 
more likely to be litigated. 

Holding all other factors constant, the impact of fam-
ily size on the odds of litigation is 17 percent. In other 
words, if the family size increases from the mean value 

of the non-litigated group (8) to the 
mean value of the litigated group 
(14.8), the odds of litigation increase 
by 17 percent. If the patent family 
has one more patent, the odds of liti-
gation increase by 2 percent.

 Practitioners have noticed that 
patents in litigation are, on average, 
in a bigger family than non-litigated 
patents. We found that the litigated 
patents are in a patent family with 
seven more patents or publications, 
on average, compared with the size 
of the non-litigated patent family, and 
this difference is statistically signifi-
cant. Allison and Lemley et al. (2004) 
found the same, even though that 

study didn’t evaluate 
how family size chang-
es the litigation odds.
Technology Impact

Technology impact 
is the second most 
impacting factor that 
increases the litigation 
odds. This factor is 
based on forward ref-
erences and adjusted 
for age and technology. 
The overall impact is 6 
percent. As the tech-
nology impact score in-
creases from the mean 
of the non-litigated 
group to the mean of 
the litigated group, the 
odds of litigation in-

The mean of each factor in each group is an essential 
statistic we repeatedly cited and discussed in the re-
sults section. We summarized them in Table 2.
Results
A. Litigated vs. Non-litigated

Eight of the nine factors in our logit model proved to 
have statistical significance. Some were relatively im-
portant, and others relatively less important. Ranking 
them in order of decreasing impact, the significant fac-
tors are family size, technology impact, claim length, 
recent non-self-citations, shark present, originality, 
and year of the first application date (the inverse of 
age). Figure 1 illustrates the impact of these factors on 
the odds of litigation. We defined “impact” to be the 
percentage change of odds of litigation resulting from 
an increase in a factor from the mean of the non-liti-
gated patent families to the mean of the litigated pat-
ent families, holding all other factors in the regression 

Table 2. Mean of Factors in Each Group

 High Damages Litigated Non-Litigated

Technology impact 7.2 5.0 4.2

Family size 5.9 14.8 8.0

Originality 0.79 0.82 0.81

Generality 0.8 0.7 0.6

Recent non-self-citations 39.4 22.2 16.9

Shark present 0.15 0.15 0.18

Claim length 51.5 56.3 51.3

Year of first app date 1999 2013 2013

Sample size 112 791 6577

Figure 1. Factors’ Overall Impact On 
The Odds Of Litigation vs. Non-Litigation

Family Size

Technology Impact

Claim Length

Recent Non-Self Citations

Shark Present

Originality

Year of First app Date 0.033%

1%

1%

3%

3%

6%

17%

20%15%10%5%0%
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crease by 6 percent. If the technology impact increases 
by 1 the odds of litigation increase by 7 percent. 

This finding is consistent with other studies on patent 
characters and the likelihood of litigation. Lanjouw and 
Schankerman (2001) concluded that litigated patents 
are much more frequently cited than randomly cho-
sen patents. Allison & Lemley et al. (2004) found that 
citations received is by far the strongest predictor of 
litigation except for individual and small-entity status; 
though, as discussed in the family size content above, 
the study did not include family size in its model.
Claim Length

Claim length is the third most impacting factor on 
the odds ratio. Claim length is the number of non-du-
plicate words in the first independent claim. We calcu-
lated claim length for each patent and then averaged 
the totals for the family. Patents with longer claims are 
more likely to be litigated. The results indicate that the 
odds of the litigated group, on average, is 3 percent 
higher than the non-litigated group because of the lit-
igated group’s longer first independent claim. Holding 
all other factors in the regression constant, one more 
unique word in the first independent claim is likely to 
increase the odds of litigation by 1 percent. In the lit-
erature we reviewed, only ours studied claim length.
Recent Non-Self-Citations

“Recent non-self-citations” is the fourth most im-
pacting factor. An increase in the number of recent 
non-self-citations by one causes the odds of litigation 
to decrease by 0.5 percent. The overall impact on the 
odds of litigation is three percent. Because the mag-
nitude of the impact of one-unit change is low, it may 
vary in different data samples.
Shark Present

The fifth most impacting factor is “shark present.” 
An increase in “shark present” decreases the likelihood 
of litigation. It is a yes-or-no variable. It is “yes” if more 
than 30 percent of the forward references of a patent 
family are from one entity other than the assignee. It 
is “no” otherwise. Fifteen percent of the litigated pat-
ent families and 18 percent of the non-litigated patent 
families have shark-present status. The absolute value 
of the difference of the two values is about 3 percent. 
Increasing the factor by this difference, the odds will 
decrease by 1 percent. 
Originality and Generality

Originality is the sixth most impacting factor. Its im-
pact on the odds of litigation is one percent.22 If the 
originality score increases by 0.1, the likelihood of liti-
gation decreases by 6 percent.23 

Initially defined in Trajtenberg, Henderson, and Jaffe 
(1996) to study innovation, originality is a metric based 
on the breadth of technology groups of the cited pat-

ents.24 The broader the spread of cited IPC/CPC sub-
classes, the higher the originality score. In Trajtenberg, 
Henderson, and Jaffe 1996, the authors concluded that 
originality does not seem to be able to discriminate 
between more and less basic research.25 Allison and 
Lemley et al. (2004) also studied the relationship be-
tween originality and the likelihood of litigation. They 
found that originality is not a statistically significant 
factor in predicting litigation. Our finding is, originali-
ty is statistically significant in predicting litigation, but 
the impact is low, and the higher the score, the lower 
the odds of litigation. Combining these findings, we 
conclude that a high originality score is not a strong 
indicator of litigation. 

Generality is usually discussed together with origi-
nality. In our study, generality is not statistically signifi-
cant, consistent with the finding in Allison and Lemley 
et al. (2004.) Generality relates to the diversity of tech-
nology groups to which citing patents belong. In oth-
er words, a patent cited by patents in many different 
technology areas is more general than a patent that is 
cited by only one or a few technology areas. 
Year of the First Application Date

The year of the first application date factor is the nu-
merical value of the year the first application was filed. 
Accordingly, it is a patent’s “age” in reverse—patents 
with a higher year are younger patents. Our result is 
that patents with higher years (younger patents) have 
a decreased likelihood of litigation. The year factor is 
the least impacting of all the statistically significant fac-
tors. Its impact on the odds of litigation is less than 1 
percent. One additional year of patent age, all other 
things constant, increased the likelihood of litigation 
by 0.2 percent.
B. High Damages Patents vs. 
Non-litigated Patents

 We further compared the same factors discussed in 
the previous section (IV.A.) between the 112 patent 
families that contain patents awarded damages over 
$100 million and the non-litigated group defined in 
IV.A. Our purpose was to determine whether the fac-

22.The impact refers to the changes of odds by changing 
the factor from the mean of the non-litigated to the mean of 
the litigated. See the explanation on page 199.

23. For all other factors in the analysis, we defined the one-
unit change as increasing or decreasing by one. Because it is 
rare for the originality score to increase by one, we defined 
the one-unit change for originality as 0.1. The 25th percentile 
and the 75th percentile of originality are 0.78 and 0.89.

24. Trajtenberg, Manuel, and Rebecca Henderson. “Univer-
sity versus Corporate Patents: A Window On The Basicness Of 
Invention.” (1997). 

25. https://www.aidafey.unibocconi.eu/wps/allegat-
iCTP/Trajtenberg_Henderson_ Jaffe_Basicness_of _
Inv.20080626.174809_2.pdf
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tors that significantly affect the litigation outcome are 
also significant in the outcome of the high damages.

As shown in Figure 2, technology impact continues 
to distinguish high damages and non-litigation. Moreo-
ver, it is more influential in predicting high damages vs. 
non-litigation than predicting litigation vs. non-litiga-
tion. Holding all other factors constant, if the technol-
ogy impact score of a patent family increased from the 

average of non-litigated to the average of the high dam-
ages, the odds of obtaining high damages increased by 
over six-fold.26 With a one-unit increase in technology 
impact, the odds of high damages increased by more 
than 95 percent. 

The findings on recent non-self-citations, originality, 
and year of the first application date factors are sim-
ilar to the analysis of litigated vs. non-litigated. Fam-

ily size, claim length, 
and shark present are 
insignificant factors in 
predicting high damag-
es vs. non-litigation. 
C. High Damages 
Awards Patents vs. 
Litigated Patents

Finally, we analyzed 
whether a difference 
existed between pat-
ents in patent families 
awarded high damages 
and other litigated pat-
ents. The results are 
presented in Figure 
3. Table 3 summarizes 
the significance and 
impact of the factors 
of all three analyses.

The high-damages 
analyses (i.e., IV.B and 
IV.C.) have the same 
finding as in the litigated 
vs. non-litigated analysis 
(i.e., IV.A) for technol-
ogy impact, originality, 
and year of the first ap-
plication date. 

Consistently, tech-
nology impact signif-
icantly predicts the 
outcome in all three 
analyses. It is the sec-
ond most impacting 
factor in the litigated 
vs. non-litigated anal-
ysis and the most im-
pacting factor in the 
other two analyses. In 
the litigated vs. non-lit-

igated analysis, its impact is 6 percent. Its impact is 
635 percent in the high-damages vs. non-litigated anal-
ysis and 274 percent in the high-damages vs. litigated 
analysis. The odds increase with one unit increase by 
7 percent, 95 percent, and 82 percent, respectively.

26. The average technology impact score of the high-dam-
ages group is 7.2, while the mean of the non-litigated group 
is 4.2. The difference is 3 or 3 units, but the odds changed to 
635 percent from 95 percent, not three times. This is not an 
error, and it is due to the exponential function in calculating 
the odds, which is part of the nature of logistic regression.

Figure 2. Factors’ Overall Impact On 
The Odds Of High Damages vs. Non-Litigation*

Figure 3. Factors’ Overall Impact On 
The Odds Of High Damages vs. Litigation*

0% 50% 100% 150% 200% 250%300% 350% 400% 450% 500% 550% 600% 650%

Year of First app Date

Technology Impact

Originality

Recent Non-Self Citations

* The bars measure the magnitude of changes in the odds of high damages vs. non-litigation if the factor 
value changes from the mean of the non-litigated to the mean of the high-damages patent families.
* Statistically significant factors.

0% 50% 100% 150% 200% 250%

Year of First app Date

Technology Impact

Originality

Generality

* The bars measure the magnitude of changes in the odds of high damages vs. litigation if the factor 
value changes from the mean of the litigated to the mean of the high-damages patent families.
* Statistically significant factors.

Claim Length

Family Size

300%
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Originality is another factor that consistently pre-
dicts the outcome. It significantly affects the successful 
outcomes (i.e., litigation or high damages) in all three 
comparisons. A higher originality score decreases the 
odds. The overall impact increases from 1 percent in 
the first analysis to seven percent and 14 percent in 
the two high-damages analyses.

Year of the first application date (age) has a small, 
consistent impact on all analyses’ outcomes. A high-
er value in the year of the first application date or a 
younger patent family decreases the odds by 0.03 per-
cent to 4 percent.

The high-damages analyses have different results 
from the litigated vs. non-litigated study for family size, 
claim length, recent non-self-citations, shark present, 
and generality. 

Family size is the most impacting factor in predict-
ing litigation vs. non-litigation, with a 17 percent im-
pact score (2 percent for a unit change). The larger 
the patent family is, the higher the odds of litigation. 
However, the factor is insignificant in predicting the 
high damages vs. non-litigation (IV.B). It is, though, 
the second most impacting factor in predicting high 
damages vs. litigation (IV.C), and the impact was 
negative. The overall impact is 61 percent, and the 
unit-change impact is—5 percent. In other words, a 
bigger family decreases the odds of high damages vs. 
litigation. The high-damages patent families, on aver-
age, have a smaller family size than the litigated pat-
ent families. The mean family size is 6, 15, and 8 in 
the high damages, the litigated, and the non-litigated 
groups, respectively. This suggests that patent value 
and family size are related in a nonlinear fashion. Pat-
ents awarded high damages may not be among the 
patents that have the largest family. Still, the family 
size is a significant indicator in predicting the odds of 

litigation among the non-lit-
igated.

Similarly, claim length 
is impacting in predicting 
litigation vs. non-litigation 
(IV.A) and high damages vs. 
litigation (IV.C), but it’s in-
significant in predicting high 
damages vs. non-litigation. It 
has a 3 percent impact on 
litigation vs. non-litigation 
and 1 percent with a unit 
change, while it has a 6 per-
cent impact on high damag-
es vs. litigation and -1.3 per-
cent in unit change.

Recent non-self-citations 
have a 3 percent impact on 

litigation vs. non-litigation and a 29 percent impact in 
predicting high damages vs. non-litigation. With one unit 
higher in the originality score, the odds of high damages 
and the odds of litigation decrease by 0.5 percent and 
1.1 percent, respectively.

Shark present is significant only in predicting litiga-
tion vs. non-litigation. Patent families with shark pres-
ent status are less likely to be litigated than the others. 
The overall impact is 1 percent or -28 percent with 
one-unit change.

Generality is an insignificant factor in predicting liti-
gation. However, it is a strong factor in predicting high 
damages among the litigated patent families.
Conclusion

Our analysis shows that it is possible to use factors 
that a commercial patent database provides to success-
fully build a model that predicts patent value. This 
approach should be useful to patent portfolio owners 
and potential patent investors who need to compare 
two portfolios of patents. The approach should also be 
useful to those who want to prune a portfolio through 
paying, or not paying, maintenance fees. Although 
we used factors from only one commercial database 
(Questel), we believe other databases can be used. 
Publicly available data from IPR proceedings may also 
be useful. 

We found several factors in the Questel database 
that affect patent value. 

First, Questel’s “technology impact” factor, which is 
an age-controlled forward reference measure, turned 
out to be the strongest and most consistent among the 
factors we analyzed. The higher the technology impact 
score, the higher the likelihood of litigation, holding all 
other factors constant. This finding is consistent with 
other authors’ work. Also, we found that the factor 

Table 3. Factors Shown Significant Difference Among Patent 
Families of High Damages, Litigated, and Non-litigated

Factors Litigated vs. 
Non-litigated

High-Damages 
Awards vs. 

Non-litigated

High-Damages 
Awards vs. 
Litigated

Family Size * *

Technology Impact * * *

Claim Length * *

Recent Non-Self-Citations * *

Shark Present *

Originality * * *

Year of First Application Date * * *

Generality *

* Indicates statistically significant at the 95 percent significance level.
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has more impact on the odds of high damages than on 
the odds of litigation: on average, the patents awarded 
high damages have significantly higher technology im-
pact scores than the litigated patents. 

Second, we found that patent value and family size 
have a complicated relationship. In summary, family 
size is an important factor determining patent value 
(larger families are more likely to be litigated than 
small families). But patents with high damages are 
different: they tend to come from smaller families. To 
our understanding, prior authors have not identified 
this relationship.

Third, originality consistently impacts the odds of 
litigation and high damages, though its relationship is 
inverse. A lower originality score relates to a higher 
likelihood of litigation or being awarded high damages, 

holding all other factors constant. Generality, howev-
er, is impacting in distinguishing patents awarded high 
damages from the litigated patents: increased general-
ity correlates with higher damages. But generality did 
not distinguish litigated from non-litigated patents.

In sum, we conclude that factors obtainable from 
a commercial database can be used to build a mod-
el that distinguishes valuable from non-valuable pat-
ents. Investors building such a model should expect 
that the factors that proved important in older studies 
may not be suitable for more recent patent portfolios, 
and they should not be surprised when factors that 
older papers identified as important are not signifi-
cant in their new model. ■

Available at Social Science Research Network (SSRN): 
https://ssrn.com/abstract=4179626.


