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1 Introduction
In recent years, the global technology industry has seen unprecedented growth as dig-
itization and the Internet has fuelled demand for technology products and services by
consumers and corporations alike. The industry further flourished through the COVID-19
pandemic as organizations across every industry were forced to accelerate their digital
transformation initiatives, leading to record-breaking profits at many of the largest tech-
nology companies such as Microsoft, Google, and Amazon. Subsequently, headcount
at major tech companies expanded substantially from 2019 to 2022; both Amazon and
Meta doubled their corporate staff during this time period, while other companies such
as Microsoft, Salesforce, and Snap also hired thousands of additional workers in order to
meet this surging demand.

However, the current global economy is seeing higher interest rates, rising inflation,
and the looming threat of a recession. These factors have caused the sector to decline
considerably since the latter half of 2022 as softening consumer spending, diminishing
demand for tech products and services, and the uncertain macroeconomic environment
has dampened profit growth of tech companies. As these companies seek ways to remain
competitive in a highly uncertain environment, mass layoffs have become an unfortunate
reality for many employees as technology firms of all sizes seek to trim costs and increase
efficiency in response to slowing industry growth. According to layoffs.fyi, more than
170,000 employees from nearly 600 tech companies have been laid off since the beginning
of 2023.

The impacts layoffs can have can extend beyond immediate job loss for individuals.
Mass layoffs can negatively impact the job market, as future workers may avoid seeking
employment at companies that have laid off employees in the past. Companies that have
previously gone through mass layoffs may also find it increasingly challenging to attract
and retain talent. In today’s economic environment, it is becoming increasingly critical to
be able to predict when layoffs may occur, as being able to identify the signs that contribute
to making a company more layoff-prone can provide them with the opportunity to take
proactive measures to avoid or minimize mass layoffs, such as implementing alternative
cost-cutting measures or diversifying revenue streams. Employees that can identify factors
that potentially indicate layoffs in their company can better prepare for potential job losses,
such as seeking other employment opportunities.

In this research report, we aim to analyze trends in layoffs using beta regression on a
comprehensive dataset of layoffs during and after the COVID-19 pandemic. Overall, we
hope to gain insights into the factors that contribute to the occurrence of layoffs so that
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businesses and employees can better understand and prepare for the impact of mass layoffs
in the future.

2 Data Set Description
We used the Layoffs Dataset sourced from Kaggle [Swa23]. The original data was compiled
by Roger Lee from the Layoffs.fyi Tracker, which is a database tracking layoffs in the
technology industry and those closely related to it [Lee23]. The database is a personal
project of his and is based primarily on public news reports from Bloomberg, TechCrunch,
the New York Times, or the San Francisco Business Times. Other tips and employee
self-reporting supplement these primary sources. Although this does not represent a
comprehensive picture of the layoff landscape, it is about the best data that we can get for
this topic, and should be a fairly reliable and representative sample of activity at the largest
technology companies. Despite the unofficial procurement of the data, it is considered an
invaluable source by major news outlets such as Bloomberg and the New York Times, with
accuracy and detail rivalling reports by governmental agencies [Duf23].

The dataset contains 2414 entries, each representing a layoff at a technology company
(like Twitter or AirBnB, companies where technology is the primary focus) or a technology-
adjacent community (like CNET, a technology news reporter). To be included in the dataset,
the layoff must have occurred on or after March 11, 2020, the day that the World Health
Organization (WHO) officially declared COVID-19 a global pandemic. The dataset that we
used is updated as of March 21, 2023. There are 9 attributes for each layoff, which form the
columns of the dataset, and they are described in table 1.

Table 1: Description of the Dataset

Column Data Type Description Example

company String Company name Wealthsimple
date Date Layoff date 2023-03-17
country String Country of incorporation Canada
location String Headquarters location SF Bay Area
industry String Target industry Aerospace
total_laid_off Integer Number of employees laid off 451
percentage_laid_off Float Percentage of employees laid off 0.06
stage String Stage of funding Post-IPO
funds_raised Integer Funds raised (in millions of US$) 2200

The conjunction of the two variables date and company serves as a unique identifier (note
the latter alone is not enough, as in principle a company may have many layoffs at different
points in time). We have four factor variables (country, location, industry, stage)
and three continuous variables (total_laid_off, percentage_laid_off, funds_raised).
Note that date could serve as a continuous variable too, though for reasons we will discuss
in the methodology section we believe this to be unwise. The most recent entry in the data
is provided as an example in table 2.
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As the example shows, there are missing values in the dataset. This could be due to a
variety of reasons, but most likely due to a lack of publicly-available information. For many
companies, layoffs and funding are sensitive topics that may be kept internal. The only
method then would be through self-reporting, which is much more difficult to obtain and
certainly less reliable. There are 221 entries missing in funds_raised, 761 entries missing
in total_laid_off, and 809 entries missing in percentage_laid_off. Though we may
drop these entries and still have a large dataset, we should be mindful of introducing a
form of non-response bias (for instance, companies may not want to disclose their financials
if they are weak – and these are the companies most sensitive to layoffs).

Table 2: Latest Entry in the Dataset

company date country location industry

Just Eat 2023-03-21 United Kingdom London Food

total_laid_off percentage_laid_off stage funds

1700 – Acquired –

We aim to predict the percentage of employees laid off (i.e. percentage_laid_off)
using a combination of the other columns in the dataset. This will be the response variable,
and it is distributed as seen in figure 1. An important observation is that the distribution is
bimodal – with many values near 0 and 1. This is the reason we will use beta regression,
which we will expand upon in the following section.

Figure 1: Histogram of percentage_laid_off (missing values dropped)

3 Methodology
Beta regression, originally introduced in [FC04], is designed for regression on a response
lying in the unit interval (0, 1). The underlying assumption is that the response 𝑌 is
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distributed according to a beta distribution 𝐵(𝛼, 𝛽), having density

𝑓 (𝑦; 𝛼, 𝛽) = Γ(𝛼 + 𝛽)
Γ(𝛼)Γ(𝛽) 𝑦

𝛼−1(1 − 𝑦)𝛽−1

supported on 𝑦 ∈ (0, 1) and taking parameters 𝛼, 𝛽 > 0. Examples of some densities are
given in figure 2, in which we note the blue curve. This suggests a beta distribution is
good at modelling proportions which are 0 and 1 skewed, which we recall is the case for
percentage_laid_off from the histogram in figure 1.

Figure 2: Example beta distribution densities

In the context of regression, the beta distribution is often reparametrized with 𝜇 =

𝛼/(𝛼 + 𝛽) and 𝜑 = 𝛼 + 𝛽 so that

𝑓 (𝑦; 𝛼, 𝛽) = 𝑓 (𝑦;𝜇, 𝜑) = Γ(𝜑)
Γ(𝜇𝜑)Γ((1 − 𝜇)𝜑) 𝑦

𝜇𝜑−1(1 − 𝑦)(1−𝜇)𝜑−1.

Then, 𝔼(𝑌) = 𝜇 and var(𝑌) = 𝜇(1 − 𝜇)/(1 + 𝜑). In this sense, 𝜇 controls the mean of the
response and 𝜑 controls the variance. Specifically, as 𝜑 grows the variance vanishes, and
thus it is called the precision parameter. It is similar to a dispersion parameter in Poisson
or Binomial regression. Also note 𝜇 ∈ (0, 1).

Under this parametrization, say we have samples 𝑦𝑖 where 𝑦𝑖 ∼ 𝐵(𝜇𝑖 , 𝜑𝑖). Let us
define beta regression on 𝑘 covariates 𝑥𝑖 = (𝑥1𝑖 , . . . , 𝑥𝑘𝑖) for the mean and ℓ covariates
𝑧 = (𝑧1𝑖 , . . . , 𝑧ℓ 𝑖) for precision. Here, we aim to estimate 𝑘 parameters 𝛽 = (𝛽1, . . . , 𝛽𝑘) and
ℓ parameters 𝜂 = (𝜂1, . . . , 𝜂ℓ ) such that 𝑔(𝜇𝑖) = 𝑥⊤

𝑖
𝛽 and ℎ(𝜑𝑖) = 𝑧⊤

𝑖
𝜂, where 𝑔 : (0, 1) → ℝ

and ℎ : ℝ+ → ℝ are appropriate link functions.
There are possible choices for 𝑔. A common choice is the logit link, just as in binomial

regression. However, some non-standard links such as the log-log 𝑔(𝜇) = log(− log(1 − 𝜇))
or the Cauchit 𝑔(𝜇) = tan(𝜋(𝜇−1/2))may also be used, and in fact may be more appropriate
depending on the exact distribution of the response. For instance, the Cauchit often gives
better results in the presence of extreme observations if less exotic link functions fail to
give good predictions [KY09]. Exploring these link functions is important in our case as
although our data is bimodel, there are far more observations near 0 than there are near 1
which could lead to asymmetric predictions. For ℎ, the standard choice is the logarithm
ℎ(𝜑) = log 𝜑, though in principle other choices could also be considered.
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We will use a combination of the approaches presented in [CZ10] to train and evaluate
beta regression models, as well as borrow ideas from statistical learning theory. Nested
models may be evaluated using likelihood ratio tests. Non-nested models may be evaluated
using a combination of minimizing AIC and maximizing pseudo-𝑅2. We will also partition
our data into training, validation, and testing sets using a 64 − 16 − 20 split. This allows
us to compare the sum of squared residual errors on the validation set as another way to
compare non-nested models. The testing set will then be used to report the final conclusion.

There are several types of residuals which may be defined for beta regression models,
however we will use the Pearson residuals

𝑟 =
𝑦 − 𝑦̂√
𝜎̂(𝑦)

where 𝑦 is the true response, 𝑦̂ is the predicted response, and

𝜎̂(𝑦) =
𝜇̂(1 − 𝜇̂)

1 + 𝜑̂

is the estimated variance. Specifically, 𝜇̂ = 𝑔−1(𝑥⊤𝛽̂) and 𝜑̂ = ℎ−1(𝑧⊤𝜂̂). We opt for this
residual as deviance residuals are often numerically unstable and even negative, as noted in
[EFC08]. This work defines an alternative residual as well, the weighted residual, however
we find it also lacks numerical stability in our specific case.

To summarize, our statistical analysis will be performed as follows:

1. Conduct an exploratory data analysis to find an appropriate subset of the data.

2. Perform a training-validation-testing 64 − 16 − 20 split, and treat the data in the
process (e.g. drop missing values).

3. Fit a simple beta regression model using linear predictors, and use likelihood ratio
tests to determine if adding any predictors for the precision parameter improves fit.

4. Take the best model from the previous step, and use a combination of AIC, pseudo-𝑅2,
and validation set performance to find the best choice of link function.

5. Perform likelihood ratio tests once more when adding interaction terms to the best
model from the previous step.

6. Evaluate model on test set and report results.

Let us also note that it is not appropriate for us to use date as a covariate. This is as layoffs
are correlated to overall economic stability, which is cyclic. To properly handle it as a
predictor, we would need to discuss autoregressive models. This is possible in the context
of beta regression (e.g. see [GV14]) though is outside the scope of this course.

It remains to discuss how we will perform the first step – the exploratory analysis. For
this, we will start by examining the counts of the various factors. For instance, although our
data is sourced internationally there may be some countries with very few responses. It is
important we strike a balance between including enough countries to have a sufficiently
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large data set, while excluding countries with so few observations that we would introduce
outliers in our data.

We should also look at histograms or violin plots of funds_raised, our one numerical
factor, against the various factors. If we find drastic difference, this may suggest possible
interaction terms to consider. For factor-factor interactions, we will look at mosaic plots.

4 Results

4.1 Exploratory Analysis

We will first examine the counts of the two factors country and location given in figure
3. For both of these, it seems that taking those with log-counts greater than roughly 2
leaves sufficient data for training. However, location entirely determines country, so
to avoid collinear features we should train models on both and see which performs the
best. For industrywe examine figure 4. The only non-null factors with noticeably small
representation are the bottom two – aerospace and manufacturing – which we opt to
exclude.

Figure 3: Counts of factors country and location

Figure 4: Counts of factor industry

Next we will look for interactions between industry with country and location. For
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clarity, we only use the top eight of each factor in the mosaic plots in figure5. There is clear
qualitative evidence of interaction, with few horizontal lines present. For instance, Boston
has essentially a non-existent financial industry, while it makes up roughly a quarter of
the industries in Toronto. However, we note the interaction appears less extreme with
country. These are effects we should certainly follow-up on statistically.

Figure 5: Mosaic plots between industry and country or location

We visualize funds_raised in figure 6, where we truncate it at 2000. Note though
that the maximum value is 121,900, but as the box plot indicates this is an extreme outlier.
Dealing with a distribution this skewed can pose problems for regression.

Figure 6: Truncated Violin Plot of funds_raised

4.2 Statistical Analysis

Our analysis starts by identifying which subset of data we should use. Through the
exploratory analysis we concluded that we should keep factors with log-counts larger
than 2. However, we must still decide between location or country as a predictor. For
this reason, we will train two models – one for each – and compare the end models on
their respective validation sets. We believe this is best as we introduce interaction terms
at the end of the model construction, and our exploratory analysis showed us the degree
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of interaction that location and country have with other factors differs. Also note their
validation sets are indeed different, as are the training and testing sets. For example,
although the United States is included as a country, not all locations within the United
States may have enough observations to meet the cutoff of a log-count greater than 2. The
code we use to produce these sets is given in listing 1. For brevity, the numerical figures
we will report in the process of model construction will only be for the country model.

We fit a model using a standard logit link function, a constant precision parameter, and
only linear predictors. We then drop outliers from the training data by finding those with
a Cook’s distance larger than 4/𝑛, where 𝑛 = 789 is the size of training set, and refit the
model. This model has a pseudo-𝑅2 of 0.2894, a validation error of 236.249, and an AIC
of -442.60, as per listing 2. To incorporate precision, we attempt to use individual linear
predictors. Unfortunately, numerical instability causes training to fail for all factors except
funds_raised. However, in this case the likelihood ratio between this model and the
constant precision model shows an improvement in fit with strong statistical significance
(that is, with the null being no improvement, we reject the null with 𝑝 = 9.57 · 10−5). This
test is conducted in listing 3.

The next step is to refine the link function. With the code in listing 4, we summarize
the various evaluation metrics in table 3. Balancing the three metrics, we believe it is best
to keep the logit. Though other links outperform it in some aspects, they all fail in some
other way. For instance, the complementary-loglog has a better AIC and pseudo-𝑅2, but
much worse validation error. The logit is a solid middle ground.

Table 3: Evaluation of Various Link Functions

Link AIC Pseudo-𝑅2 Validation Error

Logit -456.31 0.285 238.33
Loglog -451.07 0.255 235.07
Complementary-loglog -459.73 0.293 245.40
Probit -454.99 0.289 237.64
Cauchit -461.93 0.169 248.30

In the final stage we search for interactions in listing 5. Again, numerical issues
occur when searching for interactions between factors. However, the two-way interactions
between funds_raised and the three factors all train successfully. Likelihood tests when
interacting with location or industry exhibit very high 𝑝-values (respectively 0.56 and
0.86), however with stagewe have 𝑝 = 0.08. This is mild evidence of statistical significance,
and so we opt to examine the other evaluation metrics. We find an increase in pseudo-𝑅2

to 0.309 with a similar validation error of 242.80, and so we opt to keep the interaction term
in the model.

Our final location model uses a logit link with funds_raised to estimate precision, and
each predictor along with an interaction between funds_raised and stage. We perform
a similar analysis for the country model, and end up with an identical model except for
a complementary-loglog link. We compare the two models in table 4, and note that we
use averaged validation error as the two models have validation sets of different sizes.
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Although the country model has a higher validation error, its pseudo-𝑅2 is so much higher
and AIC so much lower that we choose it to be the final model. On the testing set for the
country model, we plot the true versus predicted values for both the link and response in
figure 7 and residuals in figure 8.

Table 4: Comparison of Country and Location Models

Model AIC Pseudo-𝑅2 Average Validation Error

Country -590.76 0.354 65.96
Location -448.78 0.309 48.60

Figure 7: Response and link predictions with country model and a regression line

Figure 8: Residual plot for country model

5 Conclusion
Overall, the conclusions are less than satisfactory. Training was numerically challenging
and model evaluation was not straightforward. The end model was not excellent, with a
fairly weak linear relationship between the true and predicted values (for both the response
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and link). We believe the two main reasons this analysis was not as fruitful as desired are
the choice of model and dataset.

Our end dataset only contains a single continuous predictor. The other three are
not only categorical, but with a large number of categories as well. The factor with the
smallest number of dummy variables in the model is country at 11. This means our model
quickly suffers from the curse of dimensionality, leading to overall poor fits. Moreover, it
explains why we were unable to train models containing substantive interaction terms – any
interaction between factors introduces hundreds of new variables to the model, resulting
in singular matrices or diverging values in training.

Beta regression is also quite young, being about 15 years old, and as such lacks many
standard practices. This makes things such as variable selection and model evaluation
tricky. Data transformation is also an open question, which directly affected us since we
had several observation with percentage_laid_off = 1. This is invalid in beta regression,
and our naïve solution was to shrink them to 0.98. However, there are other techniques
such as inflated beta regression models [OF12] or more nuanced transformations which
take into account the sample size [Smi06]. These could have possibly yielded better results,
as we saw in figure 8 our model performs poorly for these high values.
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6 Appendix

Listing Number Purpose

1 Constructing the two pairs of train-valid-test sets
2 Fitting basic linear models with no interactions
3 Nested likelihood testing for inclusion of a precision parameter
4 Numerical metric comparisons to pick a link function
5 Testing for significant interaction terms

Listing 1: Generating training-validation-testing sets
1 library(dplyr)
2 library(tidyr)
3
4 layoffs <- read.csv("layoffs.csv")
5 # shrink responses equal to 1
6 idx <- layoffs$percentage_laid_off > 0.98
7 idx <- idx * 0.01
8 layoffs$percentage_laid_off <- layoffs$percentage_laid_off - idx
9 layoffs<- layoffs[which(layoffs$percentage_laid_off > 0.001),]

10
11 # top counts
12
13 country.counts <- layoffs %>%
14 group_by(country) %>%
15 summarise(count = n()) %>%
16 top_n(n = 30, wt = count)
17 country.counts <- country.counts[which(country.counts$count > exp(2)),]
18
19 industry.counts <- layoffs %>%
20 group_by(industry) %>%
21 summarise(count = n()) %>%
22 top_n(n = 100, wt = count)
23 industry.counts <- industry.counts[which(industry.counts$count > exp(2)),]
24
25 location.counts <- layoffs %>%
26 group_by(location) %>%
27 summarise(count = n()) %>%
28 top_n(n = 45, wt = count)
29 location.counts <- location.counts[which(location.counts$count > exp(2)),]
30
31 # country subselection
32
33 layoffs.reduced.ct <- layoffs[layoffs$industry %in% industry.counts$industry &
34 layoffs$country %in% country.counts$country ,]
35 layoffs.reduced.ct <- subset(layoffs.reduced.ct, select=-c(company,
36 date,
37 total_laid_off,
38 location))
39 layoffs.reduced.ct <- layoffs.reduced.ct %>% drop_na()
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40
41
42
43 # location subselection
44
45 layoffs.reduced.loc <- layoffs[layoffs$industry %in% industry.counts$industry &
46 layoffs$location %in% location.counts$location ,]
47 layoffs.reduced.loc <- subset(layoffs.reduced.loc, select=-c(company,
48 date,
49 total_laid_off,
50 country))
51 layoffs.reduced.loc <- layoffs.reduced.loc %>% drop_na()
52
53 # train-test split
54
55 layoffs.reduced.ct$id <- 1:nrow(layoffs.reduced.ct)
56 train.ct <- layoffs.reduced.ct %>% sample_frac(.8)
57 test.ct <- anti_join(layoffs.reduced.ct, train.ct, by = ’id’)
58 train.ct <- subset(train.ct, select=-c(id))
59 test.ct <- subset(test.ct, select=-c(id))
60
61 layoffs.reduced.loc$id <- 1:nrow(layoffs.reduced.loc)
62 train.loc <- layoffs.reduced.loc %>% sample_frac(.8)
63 test.loc <- anti_join(layoffs.reduced.loc, train.loc, by = ’id’)
64 train.loc <- subset(train.loc, select=-c(id))
65 test.loc <- subset(test.loc, select=-c(id))
66
67 # train-validation split
68
69 train.ct$id <- 1:nrow(train.ct)
70 valid.ct <- train.ct %>% sample_frac(.2)
71 train.ct <- anti_join(train.ct, valid.ct, by = ’id’)
72 valid.ct <- subset(valid.ct, select=-c(id))
73 train.ct <- subset(train.ct, select=-c(id))
74
75 train.loc$id <- 1:nrow(train.loc)
76 valid.loc <- train.loc %>% sample_frac(.2)
77 train.loc <- anti_join(train.loc, valid.loc, by = ’id’)
78 valid.loc <- subset(valid.loc, select=-c(id))
79 train.loc <- subset(train.loc, select=-c(id))
80
81 # get rid of unseen factors during training
82
83 valid.ct <- valid.ct[valid.ct$stage %in% train.ct$stage,]
84 test.ct <- test.ct[test.ct$stage %in% train.ct$stage,]
85
86 valid.loc <- valid.ct[valid.loc$stage %in% train.loc$stage,]
87 test.loc <- test.ct[test.loc$stage %in% train.loc$stage,]

Listing 2: Training basic linear models
1 library(betareg)
2 mod.loc <- betareg(percentage_laid_off ~
3 location + industry + stage + funds_raised,
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4 train.loc)
5 mod.ct <- betareg(percentage_laid_off ~
6 country + industry + stage + funds_raised,
7 train.ct)
8
9 # remove outliers and refit

10
11 train.loc <- train.loc[-which(cooks.distance(mod.loc) > 4 / length(train.loc)),]
12 train.ct <- train.ct[-which(cooks.distance(mod.ct) > 4 / length(train.ct)),]
13
14 mod.loc <- betareg(percentage_laid_off ~
15 location + industry + stage + funds_raised,
16 train.loc)
17 mod.ct <- betareg(percentage_laid_off ~
18 country + industry + stage + funds_raised,
19 train.ct)
20
21 summary(mod.loc, type="pearson")
22 summary(mod.ct, type="pearson")
23
24 # compute Pearson residuals on a passed dataset
25
26 pearson <- function(mod, valid) {
27 phi <- predict(mod, valid, type="precision")
28 pred <- predict(mod, valid, type="response")
29 var <- pred*(1-pred)/(1+phi)
30 (valid$percentage_laid_off - pred) / sqrt(var)
31 }
32
33 sum(pearson(mod.loc, valid.loc)^2)
34 sum(pearson(mod.ct, valid.ct)^2)
35 AIC(mod.loc, mod.ct)

Listing 3: Inclusion of a precision term
1 library(lmtest)
2
3 # fit single predictors for precision
4 mod.loc.f <- betareg(percentage_laid_off ~
5 location + industry + stage + funds_raised |
6 funds_raised,
7 train.loc)
8 mod.loc.l <- betareg(percentage_laid_off ~
9 location + industry + stage + funds_raised |

10 location ,
11 train.loc)
12 mod.loc.i <- betareg(percentage_laid_off ~
13 location + industry + stage + funds_raised |
14 industry ,
15 train.loc)
16 mod.loc.s <- betareg(percentage_laid_off ~
17 location + industry + stage + funds_raised |
18 stage,
19 train.loc)
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20
21 # all fail to fit except for funds_raised
22 # conduct likelihood test
23 lrtest(mod.loc, mod.loc.f)
24
25 # same for country
26 mod.ct.f <- betareg(percentage_laid_off ~
27 country + industry + stage + funds_raised |
28 funds_raised,
29 train.ct)
30 mod.ct.c <- betareg(percentage_laid_off ~
31 country + industry + stage + funds_raised |
32 country,
33 train.ct)
34 mod.ct.i <- betareg(percentage_laid_off ~
35 country + industry + stage + funds_raised |
36 industry ,
37 train.ct)
38 mod.ct.s <- betareg(percentage_laid_off ~
39 country + industry + stage + funds_raised |
40 stage,
41 train.ct)
42
43 lrtest(mod.ct, mod.ct.f)

Listing 4: Evaluating the choice of link function
1 # fit same model but vary the link
2 mod.loc.ll <- betareg(percentage_laid_off ~
3 location + industry + stage + funds_raised |
4 funds_raised,
5 train.loc,
6 link="loglog")
7 mod.loc.cll <- betareg(percentage_laid_off ~
8 location + industry + stage + funds_raised |
9 funds_raised,

10 train.loc,
11 link="cloglog")
12 mod.loc.pr <- betareg(percentage_laid_off ~
13 location + industry + stage + funds_raised |
14 funds_raised,
15 train.loc,
16 link="probit")
17 mod.loc.ca <- betareg(percentage_laid_off ~
18 location + industry + stage + funds_raised |
19 funds_raised,
20 train.loc,
21 link="cauchit")
22
23 # validation errors
24 sum(pearson(mod.loc.f, valid.loc)^2)
25 sum(pearson(mod.loc.ll, valid.loc)^2)
26 sum(pearson(mod.loc.cll, valid.loc)^2)
27 sum(pearson(mod.loc.pr, valid.loc)^2)
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28 sum(pearson(mod.loc.ca, valid.loc)^2)
29
30 AIC(mod.loc.f, mod.loc.ll, mod.loc.cll, mod.loc.pr, mod.loc.ca)
31
32 mod.loc.f$pseudo.r.squared
33 mod.loc.ll$pseudo.r.squared
34 mod.loc.cll$pseudo.r.squared
35 mod.loc.pr$pseudo.r.squared
36 mod.loc.ca$pseudo.r.squared
37
38 # same for country
39 mod.ct.ll <- betareg(percentage_laid_off ~
40 country + industry + stage + funds_raised |
41 funds_raised,
42 train.ct,
43 link="loglog")
44 mod.ct.cll <- betareg(percentage_laid_off ~
45 country + industry + stage + funds_raised |
46 funds_raised,
47 train.ct,
48 link="cloglog")
49 mod.ct.pr <- betareg(percentage_laid_off ~
50 country + industry + stage + funds_raised |
51 funds_raised,
52 train.ct,
53 link="probit")
54 mod.ct.ca <- betareg(percentage_laid_off ~
55 country + industry + stage + funds_raised |
56 funds_raised,
57 train.ct,
58 link="cauchit")
59
60 sum(pearson(mod.ct.f, valid.ct)^2)
61 sum(pearson(mod.ct.ll, valid.ct)^2)
62 sum(pearson(mod.ct.cll, valid.ct)^2)
63 sum(pearson(mod.ct.pr, valid.ct)^2)
64 sum(pearson(mod.ct.ca, valid.ct)^2)
65
66 AIC(mod.ct.f, mod.ct.ll, mod.ct.cll, mod.ct.pr, mod.ct.ca)
67
68 mod.ct.f$pseudo.r.squared
69 mod.ct.ll$pseudo.r.squared
70 mod.ct.cll$pseudo.r.squared
71 mod.ct.pr$pseudo.r.squared
72 mod.ct.ca$pseudo.r.squared

Listing 5: Testing for significant interaction terms
1 # try basic interactions , note that factor-factor interactions
2 # will fail to fit each time
3 mod.loc.lf <- betareg(percentage_laid_off ~
4 location*funds_raised + industry + stage |
5 funds_raised,
6 train.loc)
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7 mod.loc.if <- betareg(percentage_laid_off ~
8 location + industry*funds_raised + stage |
9 funds_raised,

10 train.loc)
11 mod.loc.sf <- betareg(percentage_laid_off ~
12 location + industry + stage*funds_raised |
13 funds_raised,
14 train.loc)
15
16 # likelihood tests
17 lrtest(mod.loc.f, mod.loc.lf)
18 lrtest(mod.loc.f, mod.loc.if)
19 lrtest(mod.loc.f, mod.loc.sf)
20
21 # stage interaction is weakly significant , conduct
22 # further tests
23 sum(pearson(mod.loc.sf, valid.loc)^2)
24 mod.loc.sf$pseudo.r.squared
25
26 # same for country
27 mod.ct.lf <- betareg(percentage_laid_off ~
28 country*funds_raised + industry + stage |
29 funds_raised,
30 train.ct,
31 link="cloglog")
32 mod.ct.if <- betareg(percentage_laid_off ~
33 country + industry*funds_raised + stage |
34 funds_raised,
35 train.ct,
36 link="cloglog")
37 mod.ct.sf <- betareg(percentage_laid_off ~
38 country + industry + stage*funds_raised |
39 funds_raised,
40 train.ct,
41 link="cloglog")
42
43 lrtest(mod.ct.cll, mod.ct.lf)
44 lrtest(mod.ct.cll, mod.ct.if)
45 lrtest(mod.ct.cll, mod.ct.sf)
46
47 # both stage-funds and industry-funds are significant , so
48 # test their sum and see if it’s any better
49 mod.ct.isf <- betareg(percentage_laid_off ~
50 country + industry*funds_raised + stage*funds_raised |
51 funds_raised,
52 train.ct,
53 link="cloglog")
54 lrtest(mod.ct.sf, mod.ct.isf)
55 # no significance , check validation error just in case
56 sum(pearson(mod.ct.sf, valid.ct)^2)
57 sum(pearson(mod.ct.isf, valid.ct)^2)
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